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ABSTRACT Physics-Informed Neural Networks (PINNs) incorporate prior knowledge into learning by
embedding differential equation constraints into the training objective. Motivated by the limited adoption of
such approaches in computational psychiatry, we propose Physio-Psychiatry Informed Neural Networks
(P’INNs) for depression-related prediction tasks. P?INNs integrate clinically motivated differential
constraints derived from empirical physiological literature, capturing established relationships between
sleep, physical activity, and affective risk. These constraints act as structured inductive biases during training,
guiding the network toward physiologically plausible solutions while preserving flexibility to model inter-
individual variability. We evaluate the proposed framework across two independent case studies using the
StudentLife and Depresjon datasets, spanning regression and classification settings with heterogeneous
affective targets. Experimental results demonstrate that P2INNs consistently improve predictive performance
in low-data regimes and exhibit increased robustness to hyperparameter variation compared to standard
neural networks and conventional regularization techniques. We further compare against monotonic neural
networks and sign-only gradient penalties, demonstrating that the full ODE-form constraint provides
measurable advantages beyond enforcing monotonicity alone. While classical machine learning baselines
remain competitive on this low-dimensional feature set, P2INNs offer a principled mechanism for embedding
physiological priors into neural architectures, with potential to scale to richer and temporally structured
inputs.

INDEX TERMS Physics-informed neural networks, depression risk prediction, computational psychiatry,

physiological modeling, monotonic networks, calibration.

I. INTRODUCTION

Depression is increasingly understood as a disorder involving
complex interactions between psychological processes and
physiological regulation [1]. A growing body of evidence
links depression risk to objectively measurable physiological
signals, including sleep patterns, physical activity, and
autonomic nervous system dynamics [2]. Leveraging such
signals has enabled machine learning models to achieve
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strong predictive performance across a range of depression-
related tasks [3].

Despite these successes, neural networks are known to
exploit spurious correlations and shortcut features when
trained purely in a data-driven manner, particularly in
low-data medical settings [4]. This motivates incorporat-
ing domain knowledge to bias learning toward clinically
meaningful relationships.

PINNs provide one such mechanism by embedding
known differential constraints into the training objective [5].
Originally developed for physical systems governed by
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partial differential equations, this paradigm has since been
extended to other scientific domains, including biology,
where differential constraints serve as soft inductive biases
rather than exact mechanistic laws [6].

In this work, we adapt this philosophy to computational
psychiatry by introducing P?INNs. Rather than treating
psychiatric phenomena as deterministic dynamical systems,
we encode empirically observed population-level physiolog-
ical relationships as differentiable constraints that regularize
learning. These constraints are formulated using ordinary
differential equations, applied not as temporal dynamical
models but as structural regularizers on aggregated phys-
iological features. Through two independent case studies,
we demonstrate that incorporating these constraints improves
learning stability and predictive performance in low-data
regimes without restricting model expressiveness.

We use the term Physio-Psychiatry to emphasize the nature
of the inductive bias introduced in this work. The proposed
framework incorporates well-established population-level
relationships between physiological processes and affective
risk, such as monotonic or asymmetric associations between
sleep, physical activity, and depression, directly into the
training objective as soft differential constraints. The term
physio-psychiatry informed is therefore intended to denote
the integration of physiological knowledge into psychiatric
prediction models at the level of functional behavior.

A critical distinction from prior shape-constrained meth-
ods is that P2INNs encode not only the direction of the rela-
tionship but also its curvature and magnitude, as implied by
the governing differential equation. To make this contribution
precise, we include ablation comparisons against sign-only
gradient penalties and monotonic neural networks, separating
the benefits of ODE-form constraints from simpler forms of
monotonic inductive bias.

A. KEY CONTRIBUTIONS

« We propose P2INNs, which integrate ODE-form dif-
ferential constraints linking sleep and physical activity
directly into neural network training as structured
inductive biases.

o We provide a principled justification for the hybrid
strategy of fixing sleep parameters from epidemiological
meta-analyses while learning activity parameters from
data, grounded in the availability and granularity of prior
quantitative evidence.

« We distinguish PZINNs from simpler constraint strate-
gies by ablating against sign-only gradient penalties
and monotonic neural networks, showing that the ODE
residual formulation provides additional benefit beyond
direction enforcement alone.

o We evaluate the framework on the StudentLife and
Depresjon datasets, demonstrating superior general-
ization in data-scarce regimes compared to baseline
and simply-regularized neural networks, with consistent
calibration improvements on the classification task;

132468

we additionally benchmark against classical machine
learning baselines to contextualize these gains.

B. PAPER ORGANIZATION

We begin by formulating the problem and deriving the
specific differential constraints linking physiological markers
to depression risk. With this foundation in place, we detail
the experimental design and present empirical results. The
analysis focuses on predictive performance, calibration, and
robustness to regularization pressure across varying data
regimes. We conclude by discussing implications for the use
of inductive biases in psychiatric computing.

Il. RELATED WORK

Prior work in computational psychiatry has extensively
explored the use of machine learning for depression predic-
tion using behavioral and physiological signals, including
sleep, physical activity, and heart rate variability [2], [3].
These approaches are motivated by well-established links
between depression and physiological dysregulation [1], [7],
with empirical evidence demonstrating associations between
depression risk and sleep duration [8], [9], and physical
activity [10], [11], [12], [13]. However, the majority of
existing models remain purely data-driven, treating physi-
ological signals as input features rather than constraining
model behavior in accordance with known physiological
relationships.

In parallel, physics-informed and biologically informed
neural networks have demonstrated that embedding differ-
ential constraints can substantially improve learning from
sparse data by encoding domain knowledge directly into
the training objective [5], [6]. While these frameworks
have been successfully applied to physical and biological
systems with explicit governing equations, they have not
been systematically extended to psychiatric modeling, where
mechanistic laws are unavailable and datasets are typically
small.

A related family of approaches enforces shape constraints
through architecture rather than loss. Monotone neural
networks [14] guarantee monotone input-output mappings
by constraining weight signs. These methods enforce the
direction of a relationship but do not capture curvature or
magnitude information encoded by a governing differential
equation. PZINNs complement this family by operating on
the loss rather than the architecture, preserving expressive
capacity while encoding richer quantitative structure.

Calibration in medical machine learning has received
growing attention [15], with evidence that poorly calibrated
probabilities can mislead clinical decision-making even
when discrimination is adequate. The present work includes
calibration analysis as a first-class evaluation criterion, which
is particularly relevant for psychiatric risk assessment.

Despite the potential of wearable-based prediction, practi-
cal translation remains impeded by significant technical and
methodological hurdles. Wearable data are often collected in
uncontrolled daily environments where sensor performance is

VOLUME 14, 2026



N. Bharot et al.: P2INNs: Physio-Psychiatry Informed Neural Networks for Depression Risk Prediction

IEEE Access

compromised by motion artifacts, inconsistent skin contact,
and environmental variability, leading to signal dropouts and
unreliable measurements that laboratory-based validations
often fail to capture [16]. Furthermore, integrating these
signals into psychiatric models is prone to the ecological
fallacy, where population-level epidemiological associations,
such as the link between sleep duration and depression risk,
are incorrectly assumed to reflect individual-level mecha-
nisms [17]. Such aggregate priors may bias models toward
population means, potentially obscuring heterogeneous or
unique disease presentations in minority subgroups [18].
Moreover, while neural architectures have shown high
discriminative power, such as high AUC, they are frequently
plagued by poor probabilistic calibration, which acts as a
critical failure point in clinical decision-support systems [19].
A model that accurately ranks patients but provides uncali-
brated risk probabilities can be dangerous in triage settings.
This lack of reliability, combined with a general failure
to adhere to clinical prediction-model reporting standards,
such as the TRIPOD+AI statement [20] which mandates the
explicit definition of intended use, target populations, and
prediction timing, hampers the transition of these models
from research artifacts to clinically validated tools.

This work bridges the gap between physiological modeling
and psychiatric prediction by introducing ODE-form differ-
ential constraints as population-level inductive biases across
two real-world mental health datasets [21], [22], mitigating
shortcut learning [4] and improving robustness under data
scarcity.

Ill. PZINNs
A. PROBLEM FORMULATION
Depression risk is influenced by multiple physiologi-
cal subsystems that can be objectively measured using
consumer-grade wearable sensors. In this work, we focus
on two physiological variables: sleep duration and physical
activity, each of which has been independently associated
with depression in prior clinical and behavioral studies [7].
Sleep reflects circadian regulation, while physical activity
represents behavioral activation and energy expenditure.
Although these factors jointly contribute to depression risk,
no publicly available dataset provides reliable measurements
of both modalities alongside depression-related labels within
asingle cohort. Rather than constructing a unified multimodal
model with incomplete inputs, we adopt a modular experi-
mental design in which each physiological factor is studied
independently using a dedicated dataset. Specifically, we use
the StudentLife dataset [21] to model sleep-related dynamics
and the Depresjon dataset [22] to study physical activity.
Due to differences in dataset design and annotation
protocols, the prediction targets differ across datasets. Our
objective is not to directly compare absolute predictive per-
formance across datasets, but to assess whether incorporating
physiologically informed differential equation constraints
consistently improves learning within each task.
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TABLE 1. Relationship between sleep duration and depression risk for
the overall population as reported by [9].

Sleep Duration  Risk Ratio (RR) 95% CI
5h 1.09 1.07-1.12
6h 1.03 1.02-1.04
7h Reference -

8h 1.10 1.05-1.15
9h 1.31 1.17-1.47
10h 1.59 1.31-1.92

1) STUDENTLIFE DATASET

In the StudentLife dataset [21], depression risk is modeled as
a continuous variable using the Patient Health Questionnaire
(PHQ-9) score, a widely used self-report instrument for
assessing depressive symptom severity. We formulate this
task as a regression problem, with the network predicting
PHQ-9 scores from aggregated sleep statistics.

2) DEPRESJON DATASET

The Depresjon dataset provides binary group labels dis-
tinguishing clinically depressed individuals from healthy
controls. Accordingly, this task is formulated as a binary
classification problem, where the model predicts depression
status based on aggregated physical activity features.

We intentionally treat each dataset as an independent
case study. The goal is to evaluate whether physiologi-
cally informed differential constraints consistently improve
learning across heterogeneous affective endpoints. More
information about the datasets can be found in the Appendix.

B. P2INN FRAMEWORK

The proposed P2INN framework combines neural network
function approximation with physiologically motivated dif-
ferential equation constraints. Given aggregated physiolog-
ical statistics, the network learns to predict depression risk
while being guided by population-level differential relation-
ships derived from established clinical and physiological
literature.

1) SLEEP AND DEPRESSION RISK

Sleep duration and depression are strongly correlated, with
sleep acting as both a risk factor and a symptom of depressive
disorders [8]. Large-scale epidemiological evidence suggests
a non-linear, J-shaped relationship between nightly sleep
duration and depression risk in the general population [9].

Table 1 summarizes the reported risk ratios (RR) for
depression across different sleep durations, using 7 hours as
the reference category. Both short sleep and prolonged sleep
are associated with elevated depression risk, motivating a
quadratic deviation-based formulation.

We model the population-level relationship between sleep
duration and depression risk using a quadratic deviation
from an optimal sleep duration of 7 hours. To account for
unobserved individual-specific baseline effects, we introduce
an additive bias term € that shifts overall risk without altering
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FIGURE 1. Overview of the PZ2INN methodology pipeline.

the governing dynamic:

ah—T1>+e, h<T
D(h) = | e, h=1 (1)
Bh—TY2 +¢e, h>7

where A is the number of hours of sleep. Differentiating with
respect to sleep duration yields:

D -1 @)
dh ’
where the sensitivity function k(h) is:
2, h <7
k(h) = 3)
28, h>1

The additive term € does not appear in the differential
equation and therefore does not influence the physiologically
informed constraint, allowing individual baseline risk to be
implicitly learned by the neural network.

Justification for Fixed Parameters:

The coefficients « and § are treated as fixed population-
level constants. This choice is justified by the availability
of quantitative risk ratio data across discrete sleep durations
from large-scale meta-analytic studies [9]. Specifically,
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we fitted a piecewise quadratic function to the reported
risk ratios, obtaining @ = 0.023 for the sleep deprivation
regime (h < 7) and B = 0.066 for the oversleeping
regime (h > 7). These values encode the asymmetric
curvature directly supported by the epidemiological data.
Fixing these parameters stabilizes training and imposes
clinically grounded structure without requiring additional
validation data. We emphasize that these fixed values do
not imply a mechanistic law at the individual level; they
anchor the inductive bias to a well-characterized population
trend. A comparison between fully fixed and fully learnable
parameterizations is an important direction for future ablation
studies.

2) PHYSICAL ACTIVITY AND DEPRESSION RISK

Prior literature establishes a robust association between
physical activity and depression, with higher levels of activity
generally corresponding to reduced depression risk [10].
Meta-analytic evidence suggests an inverse, curvilinear
relationship between activity and depression [11], while
large-scale observational studies further indicate diminishing
marginal benefits beyond a moderate activity threshold [13].
For instance, increasing daily steps from 2,000 to 10,000
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TABLE 2. Summary of parameter treatment across experiments, with
justification.

Modality Parameters Treatment  Justification

Sleep a = 0.023, Fixed Quantitative RR estimates
B = 0.066 from meta-analysis [9]

Activity k,c Learnable Qualitative trend only;

scale varies across datasets

yields substantially larger mental health benefits than increas-
ing from 10,000 to 50,000 [12].

Motivated by this threshold and saturation behavior,
we model the relationship between aggregated daily activity
s and depression risk R using an inverse rational formulation:

R(s) = + €, “)

s+ c

where k is a proportionality constant, ¢ is a stabilizing
constant that prevents singularity at zero activity, and €
captures unobserved individual-specific baseline risk.

We adopt an inverse rational form due to its ability
to capture diminishing marginal returns while maintaining
smooth, bounded gradients. Alternative formulations such as
logarithmic and exponential decay are plausible; however,
we found the rational form to be numerically stable and
well-suited for derivative-based regularization. We treat this
choice as a modeling assumption rather than a physiological
law.

Differentiating with respect to activity yields:

fi—R S )
s (s+0¢)

Justification for Learnable Parameters:

In contrast to sleep, existing literature on physical activity
consistently establishes only the qualitative nature of the
relationship, namely monotonic decrease and diminishing
marginal effects, without providing stable numerical esti-
mates of curvature or scale across populations [11], [13].
Furthermore, measurement units and aggregation procedures
vary substantially across datasets. Enforcing fixed numerical
parameters would risk imposing dataset-incompatible con-
straints. Accordingly, we treat the sensitivity parameters k
and c in this formulation as learnable, allowing the network to
adapt the strength of the physiological bias to dataset-specific
scales while preserving the qualitative shape of the constraint.

This hybrid strategy reflects a deliberate modeling trade-
off: parameters supported by strong quantitative evidence are
fixed to stabilize learning, while parameters corresponding to
weaker or scale-dependent prior knowledge are learned from
data.

3) FIXED VERSUS LEARNABLE PHYSIOLOGICAL
PARAMETERS: SUMMARY
Table 2 summarizes the parameter treatment across the two
models.

In all cases, the imposed constraints regulate only the
direction and curvature of the learned mapping, not its
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absolute magnitude, ensuring that the neural network retains
sufficient flexibility to capture inter-individual variability.

Initialization, Positivity, and Numerical Stability:

The parameters k£ and c are initialized to ko = 1.0 and
co = 0.5 for every training run. Positivity is not enforced
via reparameterization, instead, the physiological constraint
loss is computed using |k| and |c| throughout (Eq. 5), so the
sign of the underlying learnable parameter does not affect the
constraint’s direction or magnitude. Singularities are avoided
because model inputs are scaled to the range [1, 5] prior to
training, ensuring s + |c| > O for all observed activity values.
Across 50 random seeds, the learned values were |k| =
0.457£0.279 and |c| = 0.856 % 0.143, with both parameters
remaining strictly positive in every run despite the absence
of an explicit positivity constraint. We note that k exhibits
considerably larger relative variance across seeds than c,
suggesting the activity-decay rate is less tightly identified by
the data than the stabilizing offset; this is consistent with
k scaling the overall constraint strength while ¢ primarily
governs curvature near small activity values.

C. PHYSIOLOGICALLY INFORMED TRAINING OBJECTIVE
Let x; € R? denote the aggregated physiological features
for subject i, and let y; denote the corresponding target
variable, which may represent a continuous depression score
or a binary depression label depending on the dataset.
We approximate the depression risk function using a neural
network fy(x) parameterized by weights 6.

1) DATA FIDELITY LOSS
For regression (StudentLife), we use the mean squared error
(MSE) loss:

L X
Ldata = N ; (fa(xi) — yi)* . (6)

For classification (Depresjon), we use the binary cross-
entropy loss:

1
~ 2 Dilogfa(xi) + (1 — i) log(1 — fy(xi))]

i=1
(N

Edata = -

2) PHYSIOLOGICAL DIFFERENTIAL CONSTRAINT AND
AUTOGRAD IMPLEMENTATION

Let z denote the primary physiological variable of interest
(sleep duration #/ or activity s). The constraint is applied by
differentiating the network output with respect to z using
automatic differentiation. In practice, all models operate on
the two-dimensional input X = [u,, 0], where u, is the mean
and o, is the standard deviation of the physiological variable.
The constraint is applied exclusively to the partial derivative
with respect to u;, which approximates the expected slope
of the risk function with respect to the latent variable (see
Section III-C4 for a formal treatment).
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The following pseudocode illustrates the autograd compu-
tation for a single batch:

Algorithm 1 Physiological Constraint Loss Computation

Require: batch inputs X € RV *2 (columns: i, 0,)
1: X.requires_grad <— True

y < foX)

G «~ ng’

> forward pass
> autograd, shape N x 2
of /o, < GI:, 0] > gradient w.r.t. mean only
gi < gz, 020) > target from ODE (Egs. 2, 5, 23)
Lonys < 3 20 /01 — 8i)?
return Lphys

NN RN

For classification, the constraint is applied to the pre-sigmoid
logit to preserve gradient interpretability and avoid saturation
effects. Metrics (AUC, Brier score, ECE) are computed on the
sigmoid probability output.

The physiological constraint loss is thus:

1O afy(x; 2
= (M — gz oz,,-)) .®

Lohvs =
R ANEJTEY

where g(u;, 0;) denotes the analytically specified target
derivative.

3) TOTAL TRAINING OBJECTIVE
The final training objective combines empirical data fitting
with physiological consistency:

L= Edata + /\EphySa 9)

where A > O controls the strength of the physiological
constraint. All model parameters are optimized jointly using
gradient-based methods.

4) ON AGGREGATED-FEATURE GRADIENTS AND EXPECTED
PHYSIOLOGICAL SLOPES

The physiological constraints are defined on latent raw vari-
ables z, whereas the predictive models operate on aggregated
summary statistics (i, 0;). The imposed constraint takes the
form:

otz o) E[d_R]
L, dz |’
where the expectation is taken with respect to the latent
distribution z ~ D(u, 0 2).
Under standard regularity conditions (differentiability of R,
finite variance, and dominated convergence), differentiation
and expectation commute:

d E[R(z)] = E[@} .
du, dz

In the present setting, fp is a nonlinear neural approx-
imation trained on aggregated features. The equality
above should therefore be interpreted as an approximate
moment-level inductive bias rather than a mechanistic
identity. The Taylor-based expectations derived below

132472

provide principled targets for the average slope of fy
with respect to u,, encouraging consistency with known
population-level physiological trends. This approximation is
expected to hold most strongly when the latent distribution is
unimodal with moderate variance.

D. EXTENSION TO AGGREGATED STATISTICS

1) SLEEP (STUDENTLIFE)

The StudentLife dataset does not provide a single determinis-
tic sleep duration per subject but rather a sequence of nightly
sleep observations. We assume nightly sleep duration for a
given subject follows:

h~ N(wn, o), (10)

where wj; denotes mean sleep duration and o denotes
sleep variability. This normality assumption is a reasonable
approximation for typical sleep ranges (4—10 hours) observed
in the StudentLife cohort.

Under this assumption, the physiological constraint is
applied to the expected derivative:

dD ! 2
E [%] = / 2a(h —7)f (h) dh +/7 2B(h — 1)f (h) dh,
(11)

where f(h) is the density of N (up, a,%). Standardizing with
Z = (7 — up)/oyp, yields the closed-form expression:

g(up, op) = opd(Z)(2B — 2a)
+ (up — 7N [2aP(2) + 280 — d(2Z)], (12)

where ¢(-) and ®(-) denote the standard normal PDF and
CDF, respectively. This formulation enables the physiological
constraint to act directly on mean and variability descriptors
of sleep without requiring time-series supervision.

2) PHYSICAL ACTIVITY (DEPRESJON)
For the Depresjon dataset, the non-linear governing equation
requires accounting for variability. We approximate the
expected derivative using a second-order Taylor expansion
around
2

_k _ 3koag ' (13)

(s + C)2 (s + C)4

This approximation is used solely to define a differentiable
regularization term and holds when oy is small relative
to us + c.

gus, o) ~

IV. MODEL ARCHITECTURES AND EXPERIMENTAL
DESIGN

A. EXPERIMENT 1: STUDENTLIFE (SLEEP REGRESSION)

1) DATA PREPROCESSING

Sleep data are extracted from individual StudentLife JSON
files, each corresponding to a single participant. Each
participant’s sleep history is summarized using two scalar
features: mean sleep duration uj; and standard deviation
oy,. Two participants exhibited zero sleep duration variance
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FIGURE 2. Architecture for Experiment 1 (StudentLife).

[ Input: [p, on) ]
)
[ Transform: [(u, — 7)2, o) ]
v
Non-negative Linear (2 — 8) + SiLU
!
Non-negative Linear (8 — 4) + SiLU
)
[Non-negative Linear (4 — 1)]
!
[ clip(0, 27) ]
)

[ Predicted PHQ-9 § ]

FIGURE 3. Architecture of the Monotonic NN baseline for sleep
(Experiment 1).

(likely due to insufficient measurements) and were excluded
to avoid numerical instability, reducing the sample from N =
49 to N = 46.

The final dataset comprises N = 46 participants, each
represented by a feature vector [uj,op] paired with a
continuous PHQ-9 score. All train-test splits were performed
at the subject level.

2) MODEL ARCHITECTURE

Both the baseline neural network and the P2INN employ
an identical feedforward architecture (Figure 2): two hidden
layers with SiLU (Sigmoid Linear Unit, defined as f (x) = x -
o (x) where o is the logistic sigmoid function) activations and
a single linear output layer. The network output is clamped to
the valid PHQ-9 range:

y = clip(fo(x), 0, 27). (14)
Unlike sigmoid-based output constraints, hard clamping
preserves linear gradients within the admissible region and
avoids gradient saturation that could interfere with the
differential loss. The range constraint is applied identically
to both models.
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FIGURE 4. Architecture of the Monotonic NN baseline for activity
(Experiment 2).
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e
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FIGURE 5. Architecture for Experiment 2 (Depresjon).

B. EXPERIMENT 2: DEPRESJON (ACTIVITY
CLASSIFICATION)

1) DATA PREPROCESSING

For each subject, the full motor activity recording is loaded
without artifact filtering. Ground-truth labels are derived
directly from subject identifiers: subjects in the condition
cohort are labeled as depressed and those in the control
cohort as healthy. The final dataset comprises N =
55 subjects (33 control, 22 depressed), each represented by
[1s, o5] paired with a binary label. All splits were performed
at the subject level.

2) MODEL ARCHITECTURE

Both the baseline and PZINN use the feedforward architecture
shown in Figure 5. The physiological inductive bias is
introduced exclusively during training by augmenting the
binary cross-entropy loss with a differential constraint
applied to the gradient of the pre-sigmoid logit with respect
to Ws.

C. SHAPE-CONSTRAINED BASELINES

To separate the benefits of ODE-form constraints from
simpler monotonic inductive bias, we include two additional
baselines in each experiment.
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TABLE 3. Lambda selection for PZ2INN and shape-constrained baselines.

Dataset Lambda grid Chosen \ Criterion

StudentLife {0.1,1,5,12,50,100} 12.0 Min. median RMSE on
held-out val. splits
Min. Brier score on held-

out val. splits

Depresjon {0.1,0.5,1,2,5,10} 2.0

1) SIGN-ONLY CONSTRAINT
A gradient penalty that penalizes only violations of the
expected sign, without enforcing magnitude:

N

2
Lgign = %Z |:max(0, —s; o ):| ’ (15)

im1 Oz, i

where s; is the expected sign of the gradient at p, ; (positive
for sleep when p, > 7, negative for activity). This variant
enforces monotonic inductive bias without the curvature
information encoded in the ODE residual.

2) MONOTONIC NEURAL NETWORK
An architecturally constrained variant that enforces the
target shape through non-negative weights (i.e., linear layers
where the weight matrices are constrained to be strictly
non-negative, typically via a softplus reparameterization,
to guarantee monotonic input-output mappings) [14]. For
sleep, the input is transformed to (h — 7)? and oy, before
passing through a non-negative-weight network, architec-
turally encoding the U-shaped relationship. For activity, the
activity input sign is flipped (to —pus) before passing through
a non-negative-weight network, encoding the decreasing
relationship. Final outputs use the same activation functions
as the standard architecture. This variant enforces the shape
constraint entirely through architecture, with no modification
to the loss function.

These two baselines, together with standard L1 and L2
regularization, allow us to isolate the specific contribution of
the ODE-form constraint.

D. HYPERPARAMETER AND LAMBDA SELECTION
Table 3 reports the lambda grid, selected values, and selection
criterion for each experiment.

The chosen \ was fixed across all 50 random seeds and all
training fractions to avoid post-hoc tuning. For the robustness
analysis, A was then varied logarithmically from 0.1 to 100 to
assess stability under increasing constraint pressure.

V. RESULTS

To rigorously evaluate the efficacy of the P’INN frame-
work, we conducted comparative experiments across the
StudentLife and Depresjon datasets. Our primary objective
was to assess model robustness under varying degrees of
data scarcity; therefore, we systematically varied the training
data fraction and performed 50 independent trials (random
train-test splits at the subject level) at each operating point.
Statistical significance was assessed using the Wilcoxon
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signed-rank test, a non-parametric test suitable for paired
samples without normality assumptions.

We interpret statistical results through a trend-based lens
rather than as isolated hypotheses. Our primary empirical
claim is that physiological constraints function as inductive
biases: they provide measurable benefits in low-data regimes
and diminish in influence as data availability increases.
Consistent with this structured analysis, we report exact
p-values without formal multiple-comparison corrections; the
non-significant results at higher training fractions further
support the theoretical expectation that the inductive bias
naturally recedes as the data-driven signal becomes sufficient.
As a sensitivity check, we verified that significant findings
at the lowest training fractions remain significant under
Holm-Bonferroni [23] correction applied across the training
fraction sequence within each experiment.

A. PREDICTIVE PERFORMANCE AND ROBUSTNESS
UNDER DATA SCARCITY ON STUDENTLIFE

1) COMPARISON WITH STANDARD BASELINE

Across training fractions ranging from 0.2 to 0.6, P?INNs
consistently achieved lower median RMSE than standard
neural networks. As shown in Table 4, P>INNGs significantly
outperformed standard neural networks for training fractions
up to 0.5, with performance differences becoming statis-
tically insignificant at 0.6, indicating convergence as data
availability increased.

2) FOUR-WAY SHAPE CONSTRAINT ABLATION

Table 5 presents the four-way comparison: Baseline NN,
Sign-Only constraint, Full P2INN, and Monotonic NN.
Results demonstrate that the Monotonic NN consistently
achieves the lowest median RMSE across all training
fractions, outperforming both the Full PZINN and the Sign-
Only constraint. This indicates that for the StudentLife
sleep regression task, the U-shaped relationship between
sleep and depression is more effectively captured by hard
architectural constraints (non-negative weights applied to
a squared deviation input) than by the soft ODE-form
loss used in the P*INN. While the Full PZINN still
significantly improves over the unconstrained Baseline NN,
the architectural inductive bias of the Monotonic NN provides
a stronger and more direct regularization for this specific
low-dimensional feature representation.

3) ROBUSTNESS TO REGULARIZATION PRESSURE

To assess whether performance gains arise from overfitting
or from a structurally stable inductive bias, we evaluated
model robustness under increasing regularization pres-
sure across all training fractions. As shown in Table 6,
L1- and L2-regularized models exhibited substantial perfor-
mance degradation as A increased (26—44% rise in test RMSE
across training fractions), whereas the P2INN’s test RMSE
changed by at most 4.1% over the same range. We emphasize
that this stability alone does not establish that PZINN is a
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TABLE 4. Performance comparison between standard neural networks (NN) and P2INNs on the StudentLife dataset across varying training fractions.
Median RMSE over 50 random seeds. Statistical significance assessed via paired Wilcoxon signed-rank test.

Train NN Median  P?’INN Median Median Gain  p-value  Sig.
Fraction RMSE RMSE ((RMSE)
0.2 7.079 6.348 —0.731 0.0056 +
0.3 6.783 6.137 —0.646 0.0006 +
0.4 6.796 5.702 —1.094 0.0001 +
0.5 6.507 5.740 —0.767 0.0000 +
0.6 6.582 5.735 —0.847 0.0001 +

TABLE 5. Four-way comparison on the StudentLife dataset: Baseline NN, Sign-only constraint, Full P2INN, and Monotonic NN. Median RMSE over

50 seeds. p-values from Wilcoxon signed-rank test against the baseline NN.

Train Baseline Sign-Only P P2INN P Mono NN P

Frac. RMSE RMSE vs Base RMSE vs Base RMSE vs Base
0.2 7.079 6.721 0.0342 6.348 0.0056 6.278 0.3093
0.3 6.783 6.515 0.0108 6.137 0.0006 5.604 0.0000
0.4 6.796 5.888 0.0063 5.702 0.0001 5.362 0.0000
0.5 6.507 6.109 0.0312 5.740 0.0000 5.510 0.0000
0.6 6.582 6.147 0.0104 5.735 0.0001 5.284 0.0000

TABLE 6. Robustness to increasing regularization strength on the
StudentLife dataset.

Train Frac. Model Start RMSE End RMSE  Change (%)
0.2 L1 5.5791 7.3421 +31.6
L2 5.7712 7.2961 +26.4
P2INN 6.1955 5.9391 —4.1
0.3 L1 5.2742 7.2901 +38.2
L2 5.3062 7.2448 +36.5
P2INN 5.6226 5.6580 +0.6
0.4 L1 5.4164 7.3825 +36.3
L2 5.2297 7.3390 +40.3
P2INN 5.9222 5.8083 -1.9
0.5 L1 5.3492 7.4993 +40.2
L2 5.1868 7.4570 +43.8
P2INN 5.9297 5.8621 —1.1
0.6 L1 5.3617 7.3940 +37.9
L2 5.1460 7.3516 +42.9
P?INN 5.6555 5.7276 +1.3

better model in absolute terms: at their respective optimal
(lowest-)\) operating points, L1 and L2 regularization achieve
RMSE comparable to or better than PZINN consistent with
the classical-baseline comparison in Table 7. The practical
value of the physiological constraint is therefore not that it
dominates well-tuned regularization, but that it removes the
need for careful \ selection: L1/L.2 require tuning to reach
their optimum and degrade sharply if )\ is set too high, while
P?INN’s performance is largely insensitive to A across the
entire tested range.

4) COMPARISON WITH CLASSICAL MACHINE LEARNING
BASELINES

To contextualize the gains reported above against simpler,
non-neural approaches, we additionally benchmark against a
comprehensive suite of classical machine learning regressors:
Linear Regression, Ridge, Lasso, Elastic Net, Support
Vector Regression (RBF and linear kernels), Random Forest
(standard and shallow), Extra Trees, Gradient Boosting, and
Gaussian Process Regression. All classical models were
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trained on the same [w;, o] feature representation and
evaluated under the identical 50-seed, subject-level train-test
split protocol used for the neural network comparisons, with
predictions clamped to the valid PHQ-9 range of [0, 27].

Table 7 reports median RMSE across training fractions.
While P2INN consistently and substantially outperforms the
unconstrained baseline neural network and the sign-only
constrained variant, several classical regressors, particularly
Ridge, Lasso, Elastic Net, and linear-kernel SVR, achieve
lower median RMSE than P?INN at every training fraction
tested. This indicates that on this low-dimensional, two-
feature representation, the sleep-depression relationship is
well approximated by simple linear or near-linear models,
which do not require the training-time inductive bias that
PZINN provides. This suggests that the primary benefit of
the PZINN framework is stabilizing and improving neural
network training under data scarcity, rather than surpassing
the best achievable performance on this feature set in absolute
terms. We revisit this distinction in the Discussion.

B. CALIBRATION AND CLASSIFICATION PERFORMANCE
ON DEPRESJON

This experiment evaluates the effect of physiologically
informed inductive bias on binary depression classification
using aggregated physical activity features. Performance
was assessed across training fractions ranging from 0.2 to
0.8 using 50 random train-test splits at the subject level.

1) OVERALL DISCRIMINATIVE PERFORMANCE

Overall discriminative performance on this dataset is modest
for all models, with AUC values only slightly exceeding
chance levels. This is consistent with the limited information
content of long-term aggregated activity statistics as a sole
feature for binary depression classification, and does not
constitute a clinical benchmark. This experiment should
instead be interpreted as a stress test for probabilistic behavior
and calibration under weak predictive signal.
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TABLE 7. Median RMSE (raw PHQ-9 points) on the StudentLife dataset
across training fractions.

Model 0.2 0.3 0.4 0.5 0.6
Baseline NN 7.079 6.783 6.796 6.507 6.582
Sign-Only 6.721 6.515 5.888 6.109 6.147
Full P2INN 6.348 6.137 5702 5.740 5.735
Monotonic NN 6.278 5.604 5362 5510 5284
Classical Machine Learning

Linear Regression 5.235 5.066 4.998 5.134 4.808
Ridge 4.928 4.789 4939 4930 4.696
Lasso 4.898 4.802 4.970 4.980 4.625
Elastic Net 4.884 4.884 4934 4968 4.643
SVR (RBF) 4958 4.829 4.934 4.999 4.700
SVR (Linear) 4.797 4.665 4.709 4.906 4.461
Random Forest 5.496 5277 5385 5.647 5.441
Random Forest (Shallow) 5.486 5240 5.357 5.564 5.344
Extra Trees 5.614 5.695 5546 5801 5.688
Gradient Boosting 6.099 6.133 5908 5957 5.663
Gaussian Process 5.031 4.953 5.036 5.169 5.058
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FIGURE 6. Reliability diagram on the Depresjon dataset.

2) FOUR-WAY COMPARISON: DISCRIMINATION AND
CALIBRATION
Table 8 and the accompanying reliability diagram demon-
strate that the full PZINN significantly outperforms the
unconstrained neural baseline, achieving the highest dis-
criminative power and most reliable probabilistic calibration
among the evaluated neural network variants (Table 8),
though several classical baselines achieve comparable or
higher raw AUC (Table 9). Expected Calibration Error com-
puted utilizing ten equal-width uniform bins on raw outputs
without post-hoc scaling reveals that while the architecturally
constrained Monotonic NN achieves a mathematically low
ECE, its corresponding AUC of 0.520 indicates severe model
collapse. In contrast, the ODE-form loss of the P2INN
preserves the network’s expressive flexibility; it visually
tracks the ideal calibration diagonal to effectively mitigate
pathological overconfidence while maintaining significant
robustness to input noise.

These calibration improvements persist even at higher
training fractions, suggesting that the physiological inductive
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TABLE 8. Four-way comparison on the Depresjon dataset (Train
Fraction = 0.6).

Model AUC (1) Brier Score () ECE (}) AAUC (Noise) ()
Baseline NN 0.628 + 0.091 0.284 4 0.056 0.284 £ 0.096 0.017 £ 0.062
Sign-Only 0.622 + 0.102 0.266 +0.047*  0.240 £ 0.088* -0.001 + 0.031*
P2INN (Full) 0.652 4+ 0.098*  0.250 = 0.046*  0.216 £ 0.085* 0.003 £ 0.036*

Monotonic NN 0.520 £ 0.097 0.274 +0.037  0.196 + 0.094* 0.003 4 0.042*

bias primarily affects the reliability of predicted probabilities
rather than merely compensating for data scarcity. Improved
calibration is observed despite weak discriminative perfor-
mance, indicating that the constraint discourages pathological
overconfidence and promotes more statistically consistent
risk estimates.

Operational Interpretation of Calibration Gains: In mental
health risk assessment, model outputs are often interpreted
as risk scores for triage or clinical decision support rather
than as hard binary classifications. In this context, calibration
matters more than ranking alone: a model that assigns a
70% probability to depression should have roughly 70% of
such cases actually depressed. The Brier score reductions
observed here (approximately 0.08-0.09 points in low-data
regimes) represent a practically meaningful improvement
in probabilistic reliability. We caution, however, that these
results should not be interpreted as clinical readiness;
stronger features and prospective validation are required
before deployment.

3) ROBUSTNESS TO INPUT PERTURBATIONS

To evaluate robustness under input perturbations, we injected
Gaussian noise (0 = 0.1) into normalized test inputs and
measured AUC degradation. The P?INN exhibited smaller
AUC drops under noise compared to the baseline in low-data
regimes, while the Sign-Only and Monotonic NN showed
intermediate robustness. Full results are reported in the
Appendix.

4) COMPARISON WITH CLASSICAL MACHINE LEARNING
BASELINES

To determine whether the calibration and discrimination
gains reported above are specific to neural architectures
or achievable with simpler tabular methods, we benchmark
against a comprehensive suite of classical classifiers: Linear
Regression, Ridge, Lasso, Elastic Net, Logistic Regression
(standard, L1-penalized, and Platt-calibrated), Support Vec-
tor Machines (RBF and linear kernels), Random Forest
(standard, shallow, and class-balanced), Extra Trees, Gradient
Boosting, and Gaussian Process classification. All models
were trained on the same [u;, o] feature representation and
evaluated over 50 random subject-level splits at training
fraction 0.6.

Table 9 reports AUC, Brier score, and ECE for the
four neural network variants (Baseline NN, Sign-Only,
Full P2INN, Monotonic NN) alongside classical baselines.
Several logistic-regression variants (Ridge, LogisticReg,
LogisticReg_L1) achieve higher AUC than Full PZINN, and
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TABLE 9. Comparison of neural network variants against classical
machine learning baselines on the Depresjon dataset.

Model AUC (1) Brier(]) ECE()
Neural Network Variants

Baseline NN 0.628 0.284 0.284
Sign-Only 0.622 0.266 0.240
Full P2INN 0.652 0.250 0.216
Monotonic NN 0.520 0.274 0.196
Classical Machine Learning

Linear Regression 0.662 0.242 0.205
Ridge 0.677 0.246 0.185
Lasso 0.654 0.240 0.192
Elastic Net 0.655 0.241 0.188
Logistic Regression 0.673 0.239 0.189
Logistic Reg. (L1) 0.674 0.246 0.155
Logistic Reg. (Calib.) 0.630 0.244 0.199
SVM (RBF) 0.447 0.277 0.192
SVM (Linear) 0.495 0.264 0.176
Random Forest 0.570 0.296 0.304
Random Forest (Shallow) 0.556 0.277 0.262
Random Forest (Balanced) 0.571 0.296 0.309
Extra Trees 0.579 0.304 0.328
Gradient Boosting 0.557 0.421 0.439
Gaussian Process 0.599 0.257 0.145

simple linear/logistic models (LinearReg, Lasso, Logisti-
cReg) achieve lower Brier scores. This mirrors the pattern
observed on StudentLife: with only two aggregated input
features, linear methods remain highly competitive, and in
several cases outright superior in raw discriminative and
calibration metrics. Notably, tree-based and kernel methods
(Random Forest variants, Extra Trees, Gradient Boosting,
SVM) perform considerably worse than both the neural
network variants and linear baselines on this task, suggesting
the sleep and activity signal here is close to linearly separable,
and gains from tree ensembles or non-linear kernels do not
materialize at this sample size.

The consistent exception is P?2INN’s ECE performance
relative to the raw Baseline NN: Full P?INN reduces
ECE from 0.284 (Baseline NN) to 0.216, a substantial
and statistically significant improvement, though several
classical models (LogisticReg_L.1 at 0.155, GaussianProcess
at 0.145) achieve even lower ECE. We therefore reframe
our central claim: P?INN reliably improves calibration
and discrimination relative to unconstrained and simply-
regularized neural baselines, but classical linear and logistic
models remain competitive with, and in several metrics
superior to, P2INN on this low-dimensional feature set.
We revisit this distinction in the Discussion.

5) CALIBRATION ROBUSTNESS
Given the small sample size (N=55) and modest discrimina-
tion on this task, point estimates of calibration metrics can
be unstable. To assess this directly, we computed bootstrap
95% confidence intervals (n_boot=2000) over pooled test
predictions, along with calibration slope and intercept, for the
headline models. Table 10 reports these results. A calibration
slope of 1 and intercept of O indicate perfect calibration;
slopes below 1 indicate overconfidence.

All models exhibit calibration slopes substantially below 1,
indicating systematic overconfidence, which is expected
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TABLE 10. Bootstrap 95% confidence intervals for calibration metrics on
the Depresjon dataset.

Model AUC [95% CI] Brier [95% CI] Slope [95% CI]
Baseline NN 0.58 [0.54,0.61]  0.28 [0.27, 0.30] 0.14 [0.08, 0.20]
Full PZINN 0.58 [0.55,0.61]  0.25[0.24, 0.26] 0.30[0.19, 0.41]
Monotonic NN 0.46 [0.43,0.49] 0.27[0.26,0.28] —0.20[—0.36, —0.05]
Logistic Reg. 0.61[0.57,0.64] 0.24 [0.23, 0.25] 0.53[0.36, 0.70]

Logistic Reg. (Calib.)  0.57 [0.54,0.61] 0.24 [0.24, 0.25]
Random Forest 0.54[0.51,0.57] 0.30[0.28, 0.31]

0.46 [0.25, 0.67]
0.08 [0.02, 0.15]

TABLE 11. ECE sensitivity to binning scheme on the Depresjon dataset.

Model EW-5 EW-10 EW-20 EF-5 EF-10 EF-20
Baseline NN 0.185 0.185 0.186 0.174 0.184 0.187
Full PZINN 0.102  0.103  0.104 0.101 0.111 0.114
Monotonic NN 0.124  0.124  0.124 0.124 0.130 0.134
LogisticReg.  0.056 0.058  0.066 0.064 0.074 0.085
Random Forest 0.210 0.210  0.210 0.209 0.214 0.215

given the weak underlying discriminative signal (AUC
modestly above chance for all methods). Full PZINN’s slope
(0.300,95% CI1[0.189, 0.410]) is closer to 1 than the Baseline
NN’s (0.140, 95% CI [0.078, 0.200]) and the Monotonic
NN’s negative slope (—0.195, 95% CI [—0.357, —0.045],
indicating inverted calibration behavior), but LogisticReg
achieves the best-calibrated slope among headline models
(0.528,95% CI[0.363, 0.698]). We additionally verified ECE
stability across binning strategy and bin count (5 to 20 bins,
both equal-width and equal-frequency); as shown in Table 11,
point ECE estimates vary by up to 0.03—0.05 across binning
choices for a given model, confirming that single-binning-
scheme ECE values, including those reported in Table 9,
should be interpreted as approximate rather than precise,
consistent with known instability of ECE estimation at small
sample sizes.

V1. DISCUSSION

This work introduced P?INNs, a framework for incorpo-
rating physiologically motivated differential constraints into
neural network training for mental health prediction tasks.
Across two datasets with distinct modalities, supervision
types, and task formulations, we consistently observed that
physiological inductive bias improves learning stability and
calibration relative to unconstrained and simply-regularized
neural networks, while converging toward standard neu-
ral network performance as data availability increases.
We emphasize that this is a methodological proof-of-concept
for domain-informed regularization in psychiatric machine
learning, not a validated clinical prediction system; we return
to this distinction below.

A. PHYSIOLOGICAL CONSTRAINTS AS INDUCTIVE BIASES
A central finding is that the proposed physiological con-
straints function as structural inductive biases rather than
generic regularizers. In Experiment 1 (StudentLife), P2ZINNs
achieved significantly lower prediction error than standard
neural networks in low-data regimes. This indicates that
the constraint does not merely suppress model capacity but
restricts the hypothesis space to function classes that are
physiologically plausible. Performance gains diminished as
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TABLE 12. Nomenclature and variable definitions.

Symbol Description Context
General Learning and Optimization
fo Neural network parameterized by weights 6 Sec. III
Xi, Vi Input feature vector and target label for subject ~ Eq. (7)
i
Lgata Data fidelity loss (MSE or Cross-Entropy) Eqgs. (7.8)
Lphys Physiological differential constraint loss Eq. (10)
A Regularization strength / Constraint weight Eq. (11)
Experiment 1: Sleep (StudentLife)
h Sleep duration (hours) Eq. (1)
D(h) Depression risk as a function of sleep Eq. (1)
a, Fixed population coefficients (» < 7and h >  Eq. (1)
7
k(h) Piecewise sensitivity function Eq. 3)
ks Oh Mean and SD of sleep duration Eq. (14)
y Predicted PHQ-9 score (clamped output) Eq. (13)
Experiment 2: Physical Activity (Depresjon)
K Aggregated physical activity Eq. (4)
R Depression risk / probability Eq. 4)
k Learnable proportionality constant Eq. (4)
c Learnable stabilizing constant Eq. (4)
s, Ts Mean and SD of activity Eq. (17)
)4 Predicted depression probability Fig. 5

TABLE 13. Hyperparameter configurations.

Parameter Exp.1 Exp.2
Optimizer Adam Adam
LR (NN weights) 0.005 0.001
LR (Physics params) - 0.002
Epochs 1000 1200
Batch size Full Full
Random seeds 50 50
Gradient clipping Yes No
Chosen \ (P2INN) 12.0 2.0

training data increased, suggesting that the constraint primar-
ily guides learning when empirical evidence is insufficient.

B. ROBUSTNESS TO REGULARIZATION: INTERPRETATION
We evaluated P?INN stability under increasing regularization
pressure (A = 0.1 to 100) and found that, unlike L1- and
L2-regularized networks, its test RMSE remained within
+4.1% across the full range at every training fraction
tested. We caution against interpreting this stability alone
as evidence of a superior model: a constraint that changes
little under increasing A may simply have limited effective
influence at the tested strengths, or the model may be
insensitive due to scale. To address this, we compared
absolute performance at each method’s respective optimal
(lowest-\) operating point rather than relying on stability
alone. At their optimal settings, L1 and L2 regularization
achieve RMSE comparable to or better than P2INN, consis-
tent with the classical-baseline comparison in Table 7. The
practical value of the physiological constraint is therefore
not that it dominates well-tuned regularization or classical
baselines in absolute terms, but that its performance is largely
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TABLE 14. Performance comparison using raw continuous sleep data vs.
aggregated features.

Test Frac. NN (Raw) P2INN  p-value Sig.
0.8 6.2544 6.2173 0.029 Yes
0.7 6.1657 6.1599 0.020 Yes
0.6 5.9879 5.9842 0.406 No
0.5 5.9673 5.9673 0.515 No

TABLE 15. AUC degradation under input perturbations on the Depresjon
dataset. Mean AUC drop + SD over 50 seeds. Wilcoxon p-value tests
whether each model’s drop is smaller than the baseline.

Model Mean AUC Drop Std p vs. Baseline
Baseline NN 0.0412 0.0183 -
Sign-Only 0.0368 0.0171 0.073
P2INN 0.0291 0.0142 0.031
Monotonic NN 0.0339 0.0158 0.054

insensitive to A misspecification, removing the need for
careful hyperparameter search that L.1/L.2 methods require to
reach their own optimum.

C. ODE-FORM CONSTRAINTS vs. SIMPLER SHAPE
CONSTRAINTS

The four-way ablation results clarify the specific contri-
bution of the ODE-form constraint. Sign-only penalties
and monotonic neural networks both provide some benefit
over the unconstrained baseline, confirming that directional
inductive bias is valuable. The Full PZINN improves over
these alternatives in most data-scarce regimes on Depresjon;
however, on StudentLife, the Monotonic NN outperforms the
Full P2INN across all training variation setups (Table 5).
This indicates that the additional curvature information
encoded by the ODE-form constraint is not uniformly
beneficial across tasks and may depend on how well the
assumed functional form matches the underlying relationship
compared to hard architectural constraints.

D. COMPARISON WITH CLASSICAL MACHINE LEARNING

As explicitly shown in Tables 7 and 9, classical linear and
logistic models trained on the same two aggregated features
frequently match or outperform P2INN in absolute terms.
We emphasize that this does not invalidate the proposed
framework; rather, it highlights that P2INN’s primary benefit
is specifically to improve and stabilize neural network
training in low-data regimes, rather than to establish the best
achievable performance on this simple, low-dimensional fea-
ture set. In low-data regimes where neural networks typically
struggle or overfit, P’INN provides a crucial inductive bias
that standard unconstrained networks lack, even if classical
models remain highly competitive on tabular data. We view
P%INN’s contribution as complementary to, rather than a
replacement for, classical baselines: its value should become
more apparent as the framework is extended to higher-
dimensional, temporally structured, or multi-modal inputs
where neural architectures are better suited and classical
linear methods are less competitive by construction. This
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Sleep Duration and Variability by Depression Severity
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FIGURE 7. Two-dimensional scatter plot of the StudentLife dataset

(N = 46). Each marker corresponds to one subject, positioned by mean
sleep duration (1) and sleep variability (5, hours) and colored by
PHQ-9 depression severity score; the dashed vertical line denotes the
7-hour reference sleep duration used in the physiological constraint.

remains to be empirically demonstrated and is identified as
future work below. In this sense, the current two-dimensional
experiments serve primarily to validate the regularization
mechanism of the ODE constraints in a controlled setting;
the framework’s true predictive superiority is expected to
emerge on richer, temporally structured, or multi-modal
physiological inputs where classical linear models lose their
advantage.

E. ON THE SLEEP CONSTRAINT's CONSTRUCT VALIDITY
The sleep constraint’s coefficients («, 8) were fitted from
population-level risk ratios for depression diagnosis, while
the StudentLife task predicts continuous PHQ-9 severity.
These are related but distinct constructs: a risk ratio reflects
population odds of categorical diagnosis, whereas PHQ-9
is an individual-level continuous severity measure. We do
not claim a calibrated, quantitatively exact mapping between
the two. Rather, the constraint should be understood as
transferring the qualitative shape, direction, and relative
curvature of the sleep-depression relationship (asymmetric,
U-shaped around approximately 7 hours) rather than its
absolute magnitude. Because both risk ratio and PHQ-9
severity are monotonically related to underlying depression
risk, we consider the sign and relative curvature of the
constraint to be a defensible heuristic prior even though
the numerical coefficients were not derived from PHQ-9
data directly. A fully calibrated, dataset-specific derivation
of @ and 8 from PHQ-9-linked epidemiological data, where
available, is a natural direction for future refinement.

F. LIMITATIONS

Several limitations warrant consideration. First, the physio-
logical relationships encoded in the P2INNs are population-
level approximations derived from prior literature and do
not represent mechanistic laws; they may not capture
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Activity State Space of Healthy and Depressed Participants
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FIGURE 8. Two-dimensional scatter plot of the Depresjon dataset

(N = 55). Each marker corresponds to one subject, positioned by mean
motor activity (xs) and activity variability (os) and colored by clinical
group (healthy control vs. depressed), illustrating the overlap between
the two cohorts in the aggregated feature space.

individual-specific dynamics or causal effects. Second, the
datasets considered here are small (StudentLife: N = 46;
Depresjon: N = 55) by modern machine learning standards;
repeated random splits characterize instability under different
partitions but do not constitute external validation, and
results may not generalize to larger or more heterogeneous
populations. Third, both experiments rely on two aggregated
summary features (i, o) per subject, discarding temporal
structure, circadian regularity, missingness patterns, and
within-subject variability that may carry additional predictive
information; our supplementary raw-sequence analysis on
StudentLife suggests further error reduction is possible
with less aggressive aggregation. Fourth, the modular
experimental design precludes joint modeling of multiple
physiological factors; future work should investigate multi-
modal architectures. Fifth, the sleep constraint’s coefficients
are derived from population-level risk-ratio data applied to
an individual-level continuous severity target, a construct
transfer we discuss above and treat as a heuristic rather
than exact quantitative mapping. Sixth, this work relies
exclusively on two public, modestly sized datasets and has
not been evaluated on independent or prospective cohorts.
Seventh, neither dataset’s demographic composition was
assessed for representativeness, and potential demographic
or sampling bias in model performance was not evaluated.
Eighth, the Depresjon classification task exhibits weak
discrimination (AUC modestly above chance for all methods,
including baselines), and the StudentLife regression task’s
RMSE (~5.3-7.1 PHQ-9 points depending on model and
training fraction) is clinically large relative to common
PHQ-9 severity-band widths; neither result should be
read as evidence of clinically useful prediction. Finally,
and most importantly, this study is a methodological
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proof-of-concept and does not constitute a validated clinical
decision-support tool; no claims of clinical readiness, diag-
nostic utility, or deployment suitability are made or intended.

G. INTENDED USE AND REPORTING SCOPE

In line with recommendations for transparent reporting of
clinical prediction models [20], we clarify the intended use
and scope of this work. Intended use: research exploration
of physiologically-informed regularization for depression-
related prediction tasks; not a diagnostic or screening
tool. Target population: StudentLife participants are US
undergraduate and graduate students; Depresjon participants
are adults with a unipolar or bipolar depression diagnosis
and matched controls; neither model has been evaluated
outside these populations. Prediction timing: PHQ-9 is
predicted from sleep statistics aggregated concurrently with
the assessment window; Depresjon activity features are
aggregated over the same recording period as the diagnostic
label, so predictions are concurrent rather than prospective.
Predictors: two aggregated physiological summary statistics
per subject in each experiment (mean and standard deviation
of sleep duration or motor activity). Outcome definition:
continuous PHQ-9 self-report score (StudentLife) and binary
clinical diagnosis group (Depresjon). Validation strategy:
repeated random subject-level train-test splits (50 seeds)
with paired non-parametric significance testing; no external
or prospective validation was performed. We reiterate that
these results support further methodological investigation,
not clinical deployment.

H. BROADER IMPLICATIONS FOR COMPUTATIONAL
PSYCHIATRY

The results of this work contribute to a broader trend
in computational psychiatry toward models that are not
merely accurate but also interpretable and trustworthy [6].
By embedding physiological knowledge as differentiable
constraints, P2INNs provide a principled mechanism for
leveraging domain expertise in small-data settings, where
purely data-driven models are most prone to shortcut
learning, and where classical baselines may eventually
be outpaced as richer, higher-dimensional physiological
data becomes available. As wearable sensing and passive
monitoring become more prevalent in mental health research,
frameworks that can effectively utilize sparse, heterogeneous
physiological data, and that report calibration alongside
discrimination [24], will become increasingly important.
P?INNs represent one concrete approach in this direction,
and we hope this work encourages further exploration of
domain-informed learning in psychiatric computing.

VIi. CONCLUSION

We presented P2INNs, a framework that integrates phys-
iologically motivated differential equation constraints into
neural network training for depression-related prediction.
Across two independent case studies covering regression and
classification tasks, PZINNs consistently improved predictive
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performance and calibration relative to unconstrained and
simply-regularized neural network baselines, and showed
greater stability under regularization pressure than L1/L.2
methods, though this stability reflects reduced sensitivity to
hyperparameter misspecification rather than superiority over
well-tuned regularization or classical baselines. Classical
linear and logistic models, evaluated on the same aggregated
features, frequently matched or outperformed P?INN in
absolute terms, indicating that the framework’s present
benefit lies in improving neural network training under
data scarcity rather than in establishing the best achievable
performance on this low-dimensional feature set. This is
a methodological proof-of-concept for domain-informed
regularization in psychiatric machine learning; it does not
constitute a clinically validated depression-risk system, and
no deployment-readiness claims are made.

Future work may extend this framework in several direc-
tions. Subject-specific or adaptive physiological constraints
could be learned to capture inter-individual variability. Inte-
gration of temporal dynamics through differential constraints
applied to recurrent or continuous-time models, using raw
rather than aggregated physiological sequences, may further
enhance performance and could shift the comparison with
classical baselines discussed above, since higher-dimensional
or temporally structured inputs are expected to favor neural
architectures more than the two-feature setting studied here.
Extending the framework to multi-task or multi-modal set-
tings could enable joint modeling of interacting physiological
and behavioral processes underlying mental health outcomes.
A dataset-specific, PHQ-9-calibrated re-derivation of the
sleep constraint’s coefficients, rather than the population
risk-ratio-derived values used here, would strengthen the
construct validity of the sleep constraint. Finally, rigorous
formal analysis of the aggregated-gradient approximation
under different distributional assumptions, and prospective
external validation, constitute important directions before
any clinical translation could be considered. Radial-basis-
function (RBF) neural networks were not evaluated; given
that RBF-kernel SVM baselines showed no advantage over
linear models on this feature set (Tables 7 and 9), we defer
RBF-network comparisons to future work.

This appendix provides full implementation details for
all experiments, including dataset sizes, optimization proce-
dures, hyperparameter settings, and supplementary analyses.

APPENDIX A
NOMENCLATURE
See Table 12.

APPENDIX B

DATASET INFORMATION

A. STUDENTLIFE

The StudentLife dataset [21] comprises smartphone and
sensor data collected from 49 students over a 10-week
academic term. To derive our features, we processed Eco-
logical Momentary Assessment (EMA) sleep logs. For each
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participant, we computed the mean (i) and standard devia-
tion (oy,) of sleep duration, alongside the mean and standard
deviation of self-reported sleep quality ratings. We mapped
these behavioral features to the participants’ depressive states
by aligning them with their aggregated PHQ-9 survey scores.
During preprocessing, three participants were excluded due
to missing survey overlap, incomplete records, or zero sleep
variance (which induces gradient instability in physics-
informed training), resulting in a final cohort of N =
46 subjects. Data processing utilized a term-level aggregation
across the 10-week observation period, ensuring that the
physiological summary statistics and depression scores were
globally aligned for each individual. The resulting feature
space is visualized in Figure 7 as a two-dimensional scatter
plot of sleep variability against mean sleep duration, with
each marker colored by the participant’s PHQ-9 severity
score and the dashed vertical line indicating the 7-hour
reference of the sleep ODE constraint.

B. DEPRESJION

The Depresjon dataset [22] consists of wrist-worn actigraphy
recordings from 55 participants (33 healthy, 22 clinically
depressed). We processed individual daily CSV activity
logs by calculating the mean (us) and standard deviation
(05) of motor activity counts. The processing pipeline
matched each activity file to the corresponding clinical
group label (condition or control) provided in the dataset’s
scores.csv file. The extracted feature set, consisting of
subject-level [u, og], was compiled into a structured tabular
format for model input. The corresponding two-dimensional
scatter plot of activity variability against mean activity,
colored by clinical group label, is shown in Figure 8.

APPENDIX C

IMPLEMENTATION DETAILS

All models were implemented in PyTorch and trained using
full-batch optimization, appropriate given the small dataset
sizes. The Adam optimizer was used with fixed learning rates
as specified in Table 13. Gradient clipping was applied where
noted. Training was performed for a fixed number of epochs
without early stopping. All models were trained from random
initialization across 50 random seeds.

APPENDIX D

SENSITIVITY ANALYSIS: RAW vs. AGGREGATED
FEATURES (SLEEP)

To evaluate whether reliance on aggregated summary
statistics limits predictive performance, we conducted a
supplementary analysis using raw continuous sequences
of nightly sleep duration for Experiment 1. The same
feedforward architecture was used with an expanded input
layer.

Consistent with the main analysis, P2INNs achieved
statistically significant improvements in low-data regimes.
Raw continuous data yields lower absolute RMSE for both
models compared to the aggregated approach, confirming
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that granular data contains additional predictive signal. The
performance gap between P?INN and baseline narrows with
raw data, which is theoretically consistent: when raw data is
available, the network can learn better feature representations
on its own, reducing (but not eliminating) reliance on the
physiological constraint.

APPENDIX E

ROBUSTNESS UNDER INPUT PERTURBATIONS
(DEPRESJON)

Table 15 reports AUC degradation under Gaussian input
noise (0 = 0.1 on normalized features) for the Depresjon
experiment.

The P?INN exhibits significantly smaller AUC degrada-
tion under input noise, consistent with its role as a structural
inductive bias that promotes smoother, more physiologically
consistent decision surfaces.

APPENDIX F

COMPUTATIONAL RESOURCES

All experiments were conducted using the Kaggle notebook
environment on a single GPU (NVIDIA Tesla-class) where
available, or CPU otherwise. Given the small dataset sizes and
full-batch training regime, individual model runs completed
within seconds to minutes.
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