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Abstract: Background: Wearable devices generate continuous, high-resolution physiological data

that offer opportunities for real-time assessment of stress, arousal, and early
physiological deterioration, but existing pipelines often treat variability as nuisance
noise or rely on labeled classifiers. We present a computational approach for subject-
adaptive temporal risk detection that explicitly separates conditional mean and
variance dynamics in high-dimensional multisubject sensor data.

Results: The proposed penalized panel ARX--GARCHX model integrates subject-
specific baselines, sharad autoregressive dynamics, sparse multimodal covariate
effects, and covariate-dependent volatility. It produces an exceedance-based risk
score that estimates the conditional probability of crossing an individualized
physiologica! thireshold. Simulation experiments across stable, seasonal, transient-
regime, and sustained-regime settings showed that modeling covariate-driven variance
improved recovery of threshold-exceedance risk when volatility was structured. In a
Wearable Stress and Affect Detection (WESAD) demonstration, the score provided an
inteipretable, label-free temporal summary that separated stress-associated windows
more clearly than raw heart-rate summaries and remained lightweight for streaming
use.

Conclusions: Variance-aware penalized panel modeling provides a reproducible
methodology for converting noisy wearable streams into subject-adaptive risk-state
scores. It is intended for translational feature extraction, with prospective validation
required before clinical decision support.
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Abstract

Background: Wearable devices generate continuous, high-resolution physiolog-
ical data that offer opportunities for real-time assessment of stress, arousal, and
early physiological deterioration, but existing pipelines often treat variability as
nuisance noise or rely on labeled classifiers. We present a coinputational approach
for subject-adaptive temporal risk detection that explicitly separates conditional
mean and variance dynamics in high-dimensional multisubject sensor data.
Results: The proposed penalized panel ARX-GARCHX model integrates
subject-specific baselines, shared autoregiessive dynamics, sparse multimodal
covariate effects, and covariate-dependent volatility. It produces an exceedance-
based risk score that estimates the conditional probability of crossing an
individualized physiological threshold. Simulation experiments across stable, sea-
sonal, transient-regime, and sustained-regime settings showed that modeling
covariate-driven variance improves recovery of threshold-exceedance risk when
volatility is structured. In the Wearable Stress and Affect Detection (WESAD)
demonstration, the score provided an interpretable, label-free temporal sum-
mary that separated stress-associated windows more clearly than raw heart-rate
summaries and remained lightweight for streaming use.

Conclusions: Variance-aware penalized panel modeling provides a reproducible
methodology for converting noisy wearable streams into subject-adaptive risk-
state scores. It is intended for translational feature extraction, with prospective
validation required before clinical decision support.

Keywords: wearable sensors, digital biomarkers, temporal risk detection,
heteroscedasticity, panel time series, GARCHX, physiological monitoring
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1 Background

Wearable sensing systems generate continuous multisubject, multimodal physiologi-
cal streams, including heart rate, electrocardiography (ECG), electrodermal activity
(EDA), respiration, body temperature, electromyography (EMG), and acceleration.
These signals are increasingly used to study stress, autonomic regulation, sleep-wake
patterns, activity, and broader psychophysiological states in settings that are closer
to daily life than traditional clinic-based assessment [1-4]. For translational medicine,
such data may provide scalable, low-burden measurements that complement clinical
assessments and patient-reported outcomes.

A major obstacle is that wearable physiological signals are not simply noisy obser-
vations of stable latent states. Their temporal structure is affected by motion artifacts,
device placement, context, individual baseline differences, and heteroscedastic variabil-
ity. Much recent work has focused on supervised machine-learning and deep-learning
models for wearable affect recognition and physiological state detection [5-10]. Related
signal-processing work has emphasized denoising, adaptive filtering, instantaneous-
frequency estimation, forecasting, and anomaly detection for wearable or biomedical
sensor streams [11-17]. These approaches demonstrate the value of continuous phys-
iological monitoring, but many rely on dense labels, short-window classification, or
feature extraction without explicitly separating changes in location from changes in
volatility. Distinguishing changes in location from changes in volatility is important
in biomedical and translational studies, where a risk-relevant physiological deviation
may depend on a participant’s own baseline and variance pattern rather than on a
fixed population threshold [18-20].

Model-based temporal analysis provides a complementary route. Autoregressive
models with exogenous covariates (ARX) are useful {or dynamic input-output rela-
tionships [21], and generalized autoregressive conditional heteroscedasticity models
with covariates (GARCHX) allow the conditional variance to depend on lagged varia-
tion and external predictors [22-26]. However, standard implementations are usually
designed for single series and low-dimensional inputs. Wearable studies, in contrast,
often involve repeated measurecinents from multiple participants and many correlated
multimodal features. A trauslationally useful approach should therefore pool informa-
tion across participants, retain subject-specific baselines, select informative covariates,
and return a risk score that can be interpreted on a probability scale. Dynamic panel
modeling [27] and sparse penalization [28-31] provide useful building blocks, but they
are rarely integrated with covariate-driven volatility modeling for wearable physio-
logical risk detection. Related work on variance-guided regression for heteroscedastic
data has shown that explicitly leveraging conditional variance structure can improve
prediction [32]. In many sensing applications, the goal extends beyond forecasting to
deriving a temporal risk score that captures mean dynamics and variance fluctuations
under realistic noise. Wearable streams often show sharp volatility changes driven
by motion or context, motivating explicit variance modeling when extracting stable
temporal representations from noisy signals.

We propose a variance-aware penalized panel model for temporal risk detection
from wearable sensor data. The model combines a panel ARX mean equation with a
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GARCHX variance equation, uses sparsity penalties to handle high-dimensional mul-
timodal covariates, and outputs an exceedance-based risk score. The score estimates
the conditional probability that a target physiological signal exceeds a subject-specific
threshold after accounting for recent history, covariates, and time-varying variance.
Figure 1 summarizes the workflow. Panel (A) shows how multimodal wearable streams
are processed through the penalized ARX-GARCHX framework to obtain variance-
aware temporal representations, while Panel (B) illustrates pronounced volatility
changes in windowed heart-rate data from the Wearable Stress and Affect Detection
(WESAD) dataset [4]; here HR-mean denotes the mean heart rate (in beats per minute)
within each 60-s window, the target signal used throughout.
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Fig. 1: Conceptual workflow for temporal risk detection from wearable sensor data.
Multisubject physiological streams are represented as window-level features, analyzed
with a penalized temporal model, and summarized through a conditional exceedance
probability that can be used as a subject-adaptive risk assessment. Any downstream
conditions shown in Panel (A), such as arrhythmia or sleep apnea, are hypothetical
illustrative applications and are not analyzed in this study; the only empirical demon-
stration here is the WESAD stress benchmark. The lower panel illustrates heart-rate
dynamics across annotated WESAD segments.

The aims of this study were: (i) to develop a penalized panel ARX-GARCHX model
for high-dimensional multisubject wearable streams; (ii) to define an interpretable
exceedance-based risk score; (iii) to evaluate recovery of the risk score in simulations
with structured volatility; and (iv) to demonstrate proof-of-concept performance for
stress-associated temporal risk detection using the WESAD benchmark dataset [4, 33].
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2 Methods

2.1 Penalized panel ARX-GARCHX model

Let s = 1,...,5 index subjects and t = 1,...,T index time. All subjects share the
same time length T, so we consider a balanced panel. We observe {(ys ., xs,)}, where
Ys.¢ 1S a univariate sensor-derived signal of interest (e.g., heart rate), and x5, € R?
denotes a high-dimensional vector of multimodal covariates (e.g., engineered fea-
tures or concurrent sensor channels). For the response variable y; ;, we consider an
autoregressive panel data model [27] of the form

P Q
Ys,t = Qs + Z 91 Ys,t—i + Z x—g,t_jﬁj + Os,tEs.ty (1)

i=1 =0

where Eless | @54, Fi—1] = 0, Var(ess | s, Fe—1) = 1, and Fy—1 denotes the
information set generated by all past observations and covariates up to time ¢ — 1.
The innovations €, thus have zero conditional mean and unit conditional variance
given the past, making o, the conditional standard deviation. Equivalently, define
Us,t = Og + 27};1 0; Ys,t—i T+ Z?:O x—ls—’tfjﬁj so that Ysit = st + Ost€st-

The conditional variance model is

L R M
2 2 : 2 § 2 E -
051 = Ws + bgo‘s7t74 + r€s 4 + Tst—mTms (2>
(=1 r=1 m=0

where e+ = Y5+ — s+ and wy is a subject-specific bascline variance. To ensure ait > 0,
we (i) enforce a,,by > 0, ws > wmin > 0, and (ii) project the linear predictor to a

positive set when needed. Implementation safeguards are detailed in Supplementary
Section S2.

Sharing vs. individual effects

Intercepts «s (mean) and w, (baseline variance) are subject-specific, while
{6:},{58;}, {vm}, {ar}. {be} arc shared population parameters.

2.2 Penalized quasi-likelihood

Parameters are estimated by penalized Gaussian quasi-likelihood [34]:

s T _ 2
pin, Y5 flogo?+ Bl p@ e 0. @)
s,t

a,0,8,w,a,b,y =1 t=1
where P\ and P, may be the ¢;, elastic net, smoothly clipped absolute deviation
(SCAD) [35], minimax concave penalty (MCP) [36], or group penalties. In this paper,
we employ the ¢; penalty to select informative covariates in both the conditional mean
and conditional variance equations. Model fitting uses alternating updates of the mean
and variance blocks.
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Although the focus of this work is methodological and applied, the proposed
penalized estimator enjoys standard high-dimensional guarantees. Under regularity,
restricted-strong-convexity, and score-bound conditions on the panel process (Assump-
tions S1-S3 in the Supplementary Material), the penalized ARX-GARCHX estimator
(B\, 7) attains an excess-risk rate of order (sg + s,)logp/(ST), where (sg,s,) are the
sparsity levels of the oracle pair (8*,+*) and p is the ambient dimension; the formal
statement and full proof are given in Supplementary Section S1 (Theorem S1).

2.3 Algorithm: alternating penalized estimation

Given current conditional variance estimates, the subject-specific intercepts in the
conditional mean equation are updated by weighted least squares, and the shared mean
coefficients (6, 8) are obtained from a weighted ¢;-penalized regression. The variance
block uses a decoupled update: (w, a,b) is refit by constrained nonlinear optimization
with ~y held fixed, after which ~y is updated by a proximal-gradient step under positivity
safeguards. A forward recursion then refreshes o2, for the next outer iteration. The
complete pseudocode (Algorithm S1), positivity enforcement (Remark on the variance
recursion), and convergence/tuning details are given in Supplementary Section S2. For
all experiments, covariates were standardized within each subject and the lag orders
were fixed to (P,Q,L,R,M) = (1,0,1,1,0), reflecting the short-memory structure
typical of wearable sensor data; penalties (A, p) were selected by blockwise time-series
cross-validation that preserves temporal ordering within each subject.

2.4 Exceedance-based risk score

The fitted model provides estimated conditional mean fis; and conditional standard
deviation 05 ;. For a subject-specific threshold c,, we define the temporal risk score as

ﬂ—s,t(cs) = Pr(YSi > Cg | ]‘},1,.{'51;1 = ]. — FE (CS_MSJ/) s (4)

Os,t

where F. is the innovation distribution function. We used the Gaussian distribution
for the primary analysis; a standardized Student-t distribution can be used for heavier-
tailed signals. Choosing cs as a participant-specific quantile of the observed signal
makes the resulting score comparable across participants while preserving subject-
specific baselines.

The score is not a diagnosis. It is an interpretable physiological risk-state indi-
cator: high values indicate that, given the recent history and multimodal covariates,
the target signal is likely to exceed an individualized threshold. The score and its
interpretation are explicitly conditional on the choice of threshold c,: 74 ¢(cs) answers
“how likely is the signal to exceed ¢, right now,” so a different cs defines a different
exceedance event and a different score. The threshold should therefore be chosen to
match the intended use—for example a within-subject quantile for baseline-relative
monitoring, or a clinically anchored value when one is available—and reported along-
side the score. We return to this dependence, and to how cg is set in practice, in
Sections 4.2 and 5.
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3 Simulation Studies

3.1 Data generating scenarios

We evaluated the proposed variance-aware autoregressive model on synthetic panel
datasets designed to challenge both mean tracking and variance modeling under
smooth and piecewise changes. For subjects s = 1,...,5 and times t = 1,...,T,
we generated innovations e, that were conditionally independent over time given
Fi—1 and independent across subjects. We considered either Gaussian or standardized
Student-t innovations,

N(0,1), Gaussian,
v V s =1. 5
! {tl’/m, Student-t (v > 2), ar(es,t) (5)

The exogenous vector X, combined a low-dimensional signal component, a binary
regime indicator that induced heteroscedasticity, and a high-dimensional block of
nuisance noise:

Xop= (25, xP0 W) Z, eR?, XPref0,1}, W,, e R (6)

The two-dimensional signal block Zs ; carried the true signal. As shown in Table 1,
we considered independent bivariate standard normal draws, coordinate-wise autore-
gressive processes with mild persistence, and a seasonal sine-cosine pair. These
generators represent independent baseline variation, short-nmeniory persistence typical
of sensor drift, and diurnal or circadian-like variation. Tlie binary regime indicator
X S'?’it“ modulated volatility and was generated either by a within-subject median trigger
or by piecewise-constant segments. The median trigger captures personalized volatil-
ity bursts, whereas the piecewise design creates sustained regime shifts resembling
activity or context changes. The nuisance block W followed a weakly persistent
autoregressive process,

14 ¢ ( ) i.i.d. ¢ 1
w =pw  wel) RN, W ~N (07 1_p2> , (1)

for £ =1,...,dise- Modeling nuisance covariates as autocorrelated rather than white
noise makes separation of true signals from background variation more realistic.

As shown in Figure 2, in Scenario S1 the ribbon varies only modestly and y;
tracks ps ¢ closely, indicating relatively stable variance without regime-driven shifts.
In Scenario S2, sinusoidal covariates generate a smooth diurnal modulation of fs+
while ribbon width remains approximately constant, so variability is primarily mean-
driven. Scenario S3 has numerous short shaded intervals that coincide with brief
increases in o 4: the ribbon widens but jis ¢ remains level, demonstrating transient and
variance-driven episodes. In Scenario S4, extended shaded blocks coincide with sus-
tained increases in o, ; and more frequent large deviations, consistent with heavy-tailed
innovations.
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Table 1: Simulation design for Scenarios S1-S4. All scenarios share a, ~ A(0,0.52), and the

noise generator W follows the AR(1) process in Equation (7).

S1 S2 S3 S4
wa 0.10 0.10 0.01 0.01
0; 0.40 0.50 0.40 0.40
(ar,by) (0.05, 0.50) (0.06, 0.50) (0.06, 0.20) (0.06, 0.20)
Bj on Z (0.40, 0) (0.80, 0.60) (0.20, 0.10) (0.80, 0.60)
Am on Z or XP Z: (0.20, 0) Z: (0.10, 0) XPin:0.40 XPin:0.50
Innovations 5 ¢ N(0,1) N(0,1) N(0,1) ty (v=8)
Signal Z iid. NV5(0,I5)  seasonal (sin,cos)® AR(1) seasonal (sin, cos)®
Regime X bin none none subject median’ piecewisei
Burn-in 200 220 180 180

Note. Parameter values are held constant across indices %, r, £, j, and m within each scenario. The burn-in period
is used only during data generation to remove initialization transients and is discarded before model fitting. Con-
sequently, it does not affect the estimation procedure, the estimands, or the reported Bias and RMSE. The modest
differences in burn-in lengths across scenarios were chosen for simulation convenience to ensure that the retained
observations are approximately from the stationary regime.

* wg is set to be the same for all subjects s.

§ Z) = sin(27t/Tp) and Z® = cos(2nt/Tp) are seasonal covariates shown in Figure 2(B,D).

t Subject-median trigger X;’i:‘ = M‘{Z(l) > mediant(Zg}t))}, computed per subject over the post-burn-in window;

5 s,t
this produces frequent, short high-variance bursts.

i Piecewise-constant X?t" alternates between 0 and 1, with run lengths jittered around a target scale T, shared
across subjects, yielding sparse, long-duration blocks.

3.2 Competing models and evaluation metrics

We compare six variants within the ARX-GARCH family (Models A-F). Models A-D
include covariates in the conditional mean and differ in whether the mean or variance
components are penalized and whether X also enters the variance equation; Model E
adds the intermediate specification with a penalized mean and an unpenalized X-
dependent variance, and Model F is a covariate-free AR—-GARCH baseline:

Model A: ARX-GARCH (variance independent of X),

Model B: ARX,-GARCH (penalized mean; variance independent of X),

Model C: ARX-GARCHX (variance includes X, unpenalized),

Model D: ARX,-GARCHX,, (penalized mean and penalized variance),

Model E: ARX,-GARCHX (penalized mean; unpenalized X-dependent variance),
Model F: AR -GARCH (no covariates in the mean or variance; baseline).

Model E isolates the effect of penalizing the variance covariates (E versus D) while
holding the penalized mean fixed, and Model F quantifies the value added by covariates
over a purely autoregressive, covariate-free specification. Here ARX,, and GARCHX,,
denote the ARX mean and GARCHX variance equations with ¢; penalties applied to
the covariate coefficients 8 and +, respectively.

To focus on relevant tails, we evaluate cutoffs ¢ at pooled empirical quantiles
p € {0.60,0.70,0.80,0.90,0.95}, providing global thresholds that preserve between-
subject heterogeneity at small T'. We fix lag orders (P, @, L, R, M) = (1,0, 1,1,0) with
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Fig. 2: Illustration of one example subject for each scenario (51-S4) with y,, (solid),
s, (dashed), and the band ps; &+ 20, ;. For Scenarios 3 and 4, gray shading denotes
intervals where the regime indicator is active (XP"=1).

standardized predictors. From each fitted model, we obtain (fis ¢, 0s,) and compute
Ts,1(c). For a given threshold ¢, we compare the estimate 7 ;(c) with the oracle 7, ;(c)
via

s T s T
1 1 ~ 2
Bias(c =37 E E:l (7.4(c)-7s4(c)), and RMSE(c) = 5T g E (Fst(c) — ms0(c))".

s=11 s=1t=1

We averaged the bias and RMSE across the five cutoff values to summarize each
replication. Simulations were conducted with S = 15 subjects, dnoise = 100 noise
covariates, and time horizons T € {120,240}, chosen to match the scale of our real-
data application to the WESAD study. We set p = 0.5 for the AR(1) noise variables
W and p = 0.6 for the signal variable Z in Scenario 3. In Scenarios 2 and 4, we used
a seasonal period Tp = T'/3 for the covariate Z, and Scenario 4 additionally used a
piecewise regime run length of T;, = 20 for the binary covariate X", Each scenario
was replicated 100 times.
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3.3 Simulation results

Across all simulated settings, the accuracy of the exceedance-based risk score is
governed by whether the conditional variance is allowed to depend on covariates
and whether that dependence matches the structure of the underlying volatility.
When volatility is stable (Scenario 1), all six models perform similarly, so modeling
covariate-driven variance costs little where it is unnecessary. Once volatility becomes
structured—through seasonality (Scenario 2), regime changes (Scenario 3), or the two
combined with heavy-tailed innovations (Scenario 4)—the variance-aware specifica-
tions separate clearly from the variance-agnostic baselines, attaining lower RMSE and
near-zero bias in the risk score (Figure 3). The proposed specification D is strongest
in the seasonal, wearable-like regime (Scenario 2), and its margin widens as the regime
structure intensifies (Scenarios 3-4) and as the horizon lengthens to T=240; even under
the heavy-tailed innovations of Scenario 4, C and D remain robust and continue to
outperform the variance-agnostic baselines. Extending the comparison to all six mod-
els refines rather than overturns this picture. Model E (ARX,-GARCHX; penalized
mean, unpenalized X-dependent variance) is essentially indistinguishable from D—
indeed the most accurate model at the longer horizon T=240, with the lowest RMSE in
all four scenarios—indicating that penalizing the variance covariates chiefly stabilizes
estimation at small T rather than shifting the central tendency. At the other extreme,
the covariate-free baseline F (AR-GARCH) has by far the highest RMSE in every
scenario (roughly 0.10-0.16 versus 0.05-0.09 for the covariate-driven models), quanti-
fying the accuracy lost by ignoring exogenous covariates altogether. Taken together,
the six models bracket the value of covariate-driven variance: decisive when volatility
is structured, negligible when it is not, and best realized by the penalized specification
that couples covariate information with regularized estimation. Full six-model results
are reported in Supplementary Table S1.

Both variance-aware models C and D exhibit a mild positive bias, reflecting slight
overestimation of exceedance probabilities, but the mechanism differs between them.
In Model D, which applies an ¢; penalty to the variance-covariate coefficients -y, the
bias reflects shrinkage of v toward zero, which mildly attenuates the fitted condi-
tional variance and shifts exceedance probabilities upward through the curvature of
z +— 1 — ®(z). Model C, by contrast, applies no penalty in the variance equation;
its bias instead arises from finite-sample estimation noise when the high-dimensional
variance-covariate vector is fit without regularization (many near-zero coefficients esti-
mated from short series), together with the positive-variance safeguard, which together
inflate small fitted variances. In both cases the effect is small. Even so, their RMSE
remains lowest overall, indicating that the variance-aware formulations achieve a favor-
able bias—variance tradeoff and provide the most reliable exceedance-based temporal
summaries across scenarios and time horizons. Replication-level Bias and RMSE means
with standard errors are tabulated in Supplementary Table S1.
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Scenarios S1-S4 and Models A-F, at horizons 7' = 120 and 7" = 240 (boxplots over
100 replications; the white diamond marks the median; the legend identifies the six
model variants). Model A: ARX-GARCH; Model B: ARX,~GARCH; Model C: ARX~—
GARCHX; Model D: ARX,-GARCHX,; Model E: ARX,,~-GARCHX; Model F: AR~
GARCH (covariate-free baseline). The covariate-free baseline (F) has by far the highest
RMSE in every setting, and the variance-aware models (C, D, E) are the most accurate,
with E and D essentially indistinguishable.
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4 The WESAD Lab Study

We evaluate the proposed framework using the WESAD dataset [4, 33], a controlled
multimodal wearable-sensing benchmark involving 15 adult participants. Each subject
completed a scripted session consisting of several annotated segments (e.g., rest-
ing, task-engaged, and amusement periods), providing clear temporal structure for
analysis. Participants wore two devices—a chest-worn RespiBAN and a wrist-worn
Empatica E4—so all physiological streams are time-synchronized across modalities.

The chest device provides ECG, EDA, EMG, respiration, skin temperature, and 3-
axis acceleration, while the wrist device provides photoplethysmography (PPG/BVP),
EDA, temperature, and acceleration. Because the protocol follows a predefined
sequence of segments and the recordings are concurrent across modalities, WESAD
offers clean annotations and consistent multisensor coverage suitable for multisubject
or subject-wise analysis.

In our study, we focus on the chest-worn streams, as they provide the most precise
heart-rate estimation. Heart rate serves as the target signal for temporal modeling due
to its continuity, stability under windowing, and sensitivity to motion and other factors
that drive heteroscedastic behavior in wearable data. The remaining modalities (EDA,
EMG, RESP, ACC, TEMP) are incorporated as covariates to inform the covariate-
driven mean and variance dynamics within the proposed variance-aware temporal risk
model. The dataset annotations are used only for visualization and reference-based
evaluation, not for model fitting.

4.1 Data preparation

Preprocessing and feature extraction were performed in Python using toolboxes
designed for physiological-signal analysis. NeuroKit2 was used for ECG/PPG peak
detection and for deriving HR, heart-rate variability (HRV), respiration, and EDA
features [37]. For chest-worn devices, all streams were segmented into fixed 60-s win-
dows with a 60-s hop. A window was retained only if at least 80% of its samples were
finite across the required channels. To ensure temporal alignment across modalities,
the raw streams were anti-aliased and resampled onto a common low-rate timeline
prior to computing windowed features and cross-modal correlations.

Feature construction was carried out per 60-s window. From the synchronized
multimodal series, we computed (i) per-series moments (mean, standard deviation,
skewness, and excess kurtosis) and (ii) all pairwise Pearson cross-modal correlations
to capture coordinated multimodal changes, a common pattern in wearable sensing
where channels co-modulate under shared motion or environmental drivers. This pro-
duced a larger set of candidate window-level features, which were reduced to d = 77 by
removing one member of each pair of highly collinear features (absolute Pearson cor-
relation above 0.90, using caret::findCorrelation); the retained 77 features enter
the model and are the covariates listed in Table 2. Windows with fewer than 80%
finite samples in a required channel were dropped before feature construction, and any
window with a non-finite feature value after construction was excluded; no imputa-
tion was used. After these steps, 1,427 windows remained across the 15 participants
(87-117 windows per participant; participants S1 and S12 are excluded following the
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WESAD convention). The complete list of the 77 features is given in Supplementary
Section S8 (Supplementary Table S6), and the retained window count for each par-
ticipant is given in Supplementary Table S3. Because participants contribute different
numbers of windows, the analyzed panel is in fact unbalanced; the balanced-panel
notation of Section 2.1 is used only for expositional clarity, and the estimator con-
structs all lags within each participant separately (see Supplementary Section S2), so
unequal series lengths are handled without truncation or padding.

For reference-based evaluation, each window was also assigned a dataset anno-
tation (baseline, stress, amusement, or transition) using majority vote over the
WESAD labels. These annotations were not used when estimating the variance-aware
panel model but served only for visualization and for assessing whether the derived
exceedance-based risk score provides clearer temporal differentiation than the raw
heart-rate values.

Table 2: Chest-worn multimodal features used in the models (60 s windows). Sum-
maries are grouped by sensing block.

Block Summary of features

ECG / HRV Short-term  variability (RMSSD/pNNx), LF/HF power
and ratio, simple Poincare geometry, and compact
entropy/complexity indices

Respiration & BRV Breathing rate and amplitude (levels and variability), inspi-
ratory/expiratory durations, duty cycle, and breath-to-breath
variability

EDA Tonic level (mean/dispersion/trend) and phasic activity (SCR
count, typical amplitude, cumulative phasic area)

EMG Broadband power, median frequency, spectral entropy, and zero-
crossing rate

Accelerometry Movement intensity (RMS) and dynamics (jerk), axis medians,
high-activity tail (90), plus overall SD/skewness/kurtosis

Skin temperature Level, per-minute slope (trend), and detrended variability

Cross-channel correlations Short-lag correlations among RESP, EDA, ACC, TEMP, and

EMG to capture coordinated multimodal changes

Note. RMSSD: root mean square of successive differences; pNNx: percentage of successive NN
intervals differing by more than « ms; LF/HF: low-/high-frequency power ratio; BRV: breathing
rate variability; SCR: skin conductance response; RMS: root mean square; SD: standard deviation;
RESP: respiration; ACC: accelerometer; TEMP: skin temperature.

4.2 Model specification and analysis plan

We model the 60-s windowed heart-rate mean (HRmean), denoted ys;, as a stable,
continuous signal that captures temporal fluctuations in wearable data. An ARX-
GARCHX model with subject-specific intercepts and contemporaneous covariates in
both the mean and variance components is fitted according to Equations (1) and (2).
The lag orders are fixed at (P,Q,L,R,M) = (1,0,1,1,0), a structure suitable for
short-memory wearable streams, and ¢; regularization is applied to (3,7) to promote
parsimony and mitigate collinearity among the multimodal features.

12



O©CoO~NOOOITA~AWNPE

To provide a normalized exceedance-based risk score across subjects, we evaluate
the conditional exceedance probability (4) at subject-specific thresholds. For a chosen
quantile p, we set ¢, = cs(p) := Quantile,({ys,¢}+) — the p-th quantile of subject
s’s observed signal — and substitute this ¢, into (4) under the assumed innovation
distribution (Gaussian or standardized t). For the WESAD analysis we set p = 0.70,
so that ¢4(0.70) is the 70th percentile of each participant’s observed HR_mean series;
this individualized threshold makes the score comparable across participants while
preserving subject-specific baselines. The resulting exceedance probabilities summarize
the joint mean—variance dynamics in a compact, interpretable form that is independent
of downstream labels.

To clarify the interpretation and estimation of the proposed score, 7, +(cs) denotes
the estimated conditional probability that HR_mean exceeds the individualized thresh-
old cg; it is not a probability of stress or of any clinical event. Because the conditional
variance model uses contemporaneous covariates x, ; (lag order M=0), 75+ represents
the current window rather than a one-step-ahead forecast. A forecasting variant can
be obtained by restricting both the mean and variance equations to strictly lagged
covariates. In this demonstration, the threshold c,, the within-subject covariate stan-
dardization, and the subject-specific parameters (as,ws) are all derived from the
analyzed recordings. In a prospective deployment, these quantities would instead be
obtained during an initial subject-specific calibration period and then held fixed during
subsequent monitoring. Specifically, ¢;(0.70) is defined as the 70th percentile of each
subject’s HR_mean distribution over the full recording. It is therefore computed with-
out using any stress annotations, although it is estimated from the entire recording,
including the windows that are later used for evaluation. A sensitivity analysis that
instead estimates ¢, from a leak-free calibration period is reported in Supplementary
Section S6 and summarized in Section 4.3.

FEvaluation endpoint.

For reference-based evaluation, we define a binary window-level endpoint. The positive
class consists of windows annotated as stress (WESAD label 2), whereas the negative
class pools all other retained windows (baseline, amusement, and transition/other).
Transition and amusement windows are therefore treated as non-stress rather than
discarded. After preprocessing, 1,427 windows from 15 participants were available
(182 stress and 1,245 nou-stress); the corresponding per-participant window and class
counts are reported in Supplementary Table S3. The annotations are used only for
evaluation and never for model fitting.

For comparison with supervised baselines, we implemented logistic regression,
random forest, and gradient boosting using standard R packages (stats::glm [38],
randomForest: :randomForest [39], and gbm::gbm [40]). The supervised classifiers
were trained and evaluated under leave-one-subject-out (LOSO) cross-validation,
whereas the proposed exceedance score is unsupervised and was evaluated in-sample
(fitted once to each participant’s full recording and scored on the same windows).
Because the proposed score and the supervised classifiers are not evaluated under
a common held-out design, the supervised AUCs are presented as contextual bench-
marks that illustrate the performance of purely discriminative window-level methods,
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rather than as a formal head-to-head comparison. The intended primary comparison
for the proposed score is against the raw HR_mean baseline, which is evaluated under
the same experimental design. These ensemble methods have shown strong discrim-
inative performance in related translational classification tasks [41], but they do not
model temporal dependence or subject-level baselines, in contrast to the proposed
ARX-GARCHX risk-scoring model.

4.3 Results and subject-level insights

Using subject-specific thresholds ¢s(0.70) and Gaussian innovations, we evaluated the
exceedance-based risk score 7, ; against the raw 60-s heart-rate means (HR_mean). The
pooled Receiver Operating Characteristic (ROC) analysis in Figure 4(A) shows that
the variance-aware risk score provides substantially stronger separation across the
annotated WESAD segments. The estimated AUC for the risk score was AUCq =
0.931, compared with AUCyr = 0.868 for the raw heart-rate signal (A = 0.063).
Because repeated windows are clustered within only 15 participants, the pooled
DeLong test may overstate precision. We therefore additionally report participant-
clustered bootstrap confidence intervals obtained by resampling whole participants
(3,000 bootstrap replicates). This yields 95% confidence intervals of [0.887, 0.972] for
AUC and [0.821, 0.918] for AUCqR, while the paired AUC difference has a 95%
confidence interval of [0.031, 0.094], excluding zero. The improvement of the variance-
aware risk score over the raw heart-rate signal is thus robust to within-participant
clustering, indicating that modeling both mean and variance dynamics yields a more
discriminative temporal representation than relying on raw heart-rate measurements
alone.

For reference-based benchmarking, we also compared the proposed unsupervised
metric with several supervised classifiers trained on window-level features using leave-
one-subject-out cross-validation. Under LOSO cross-validation, logistic regression
achieved AUC)pgi = 0.931, random forest achieved AUCrr = 0.921, and gradient
boosting achieved AUCgpMm = 0.948. These supervised models use the annotations
during training and are evaluated on held-out subjects, whereas the proposed score
is unsupervised and evaluated in-sample; the two are therefore not evaluated under
a common design, and we present the supervised values as contextual benchmarks
rather than as a formal head-to-head comparison. Read in that light, the variance-
aware score—estimated without any annotations—attains discrimination in the same
range as these purely discriminative window-level classifiers, supporting its ability to
extract informative temporal structure from multimodal wearable streams.

Two additional analyses examine the robustness of our results and identify the
factors contributing to the observed performance. First, replacing the full-recording
threshold ¢4(0.70) with a leak-free threshold estimated solely from an early burn-in
window reduces AUC,y from 0.931 to approximately 0.880; notably, this remains at or
above the raw HR_mean baseline (details in Supplementary Section S6). Second, we con-
duct a focused ablation to isolate the impact of covariate-driven variance by comparing
Model B (no covariates in the variance equation) to Model D (the full model); this anal-
ysis, along with a calibration assessment for the exceedance event {ys; > ¢5(0.70)},
is reported in Supplementary Section S7. Both variance-aware models substantially
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outperform the raw HR_mean baseline and perform comparably to each other. This
indicates that the real-data advantage is primarily driven by variance-aware model-
ing and is robust to the inclusion of covariates in the variance equation, whereas the
benefits of covariate-driven variance are more pronounced in the structured-volatility
simulation regimes.

It is worth noting that the supervised baselines treat all windows as independent
samples and do not incorporate subject-specific baselines or temporal dependence.
They therefore serve as strong discriminative benchmarks but do not capture the
autoregressive or heteroscedastic structure exploited by the proposed temporal risk-
scoring framework.

To complement the aggregate ROC analysis and highlight subject-level dynam-
ics, we examine a representative individual trajectory. Figure 4(B) shows the raw
60-s HR_mean series for a representative participant (WESAD subject S11), with the
subject-specific 70% threshold ¢, (0.70) ~ 92.10 indicated by a dashed line. This partic-
ipant was selected before qualitative inspection of the model output as a representative
case whose protocol contains a clearly delineated stress segment; trajectories for all
participants are provided in the replication materials. The annotated WESAD seg-
ments reveal a sustained elevation in heart rate during one region of the protocol, with
lower variability elsewhere. Occasional excursions approach the threshold outside this
segment but do not persist.

Figure 4(C) displays the corresponding risk score 75 ;. The score increases sharply
at the onset of the high-variability segment, remains elevated throughout its dura-
tion, and drops promptly at its conclusion. Outside this interval, the score remains
near zero despite moderate fluctuations in the raw signal. This behavior indicates
that the variance-aware temporal model concentrates excecdaice probability in peri-
ods characterized by sustained deviations relative to the subject’s own baseline while
suppressing short-lived fluctuations. Together, the two right-hand panels illustrate
that the exceedance formulation provides a subject-adaptive, interpretable temporal
summary that aligns closely with the annotated structure of the signal.
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Fig. 4: WESAD results. (A) ROC curves comparing the variance-aware exceedance-
based risk score with the raw 60-s heart-rate mean (HR_mean) and several supervised
window-level baselines. The risk score and HR mean are unsupervised (no annota-
tion information used during model fitting) and evaluated in-sample, whereas logistic
regression, random forest, and gradient boosting are supervised classifiers trained
and evaluated using leave-one-subject-out cross-validation and shown as contextual
benchmarks; the unsupervised risk score achieves AUC 0.931 (participant-clustered
bootstrap 95% CI [0.887,0.972]) and substantially iinproves upon the raw HR_mean
baseline (0.868; difference 95% CI [0.031,0.094]). (B) Subject-level raw 60-s HR_mean
for one representative participant with the subject-specific 70% threshold ¢4(0.70) =
92.10 shown as a dashed line. (C) The corresponding estimated risk score over time,
showing elevated values during the annotated stress-associated segment and near-zero
values elsewhere.

The risk score offers a principled and interpretable way to summarize temporal
deviations in wearable sensor streams. Its probabilistic range between 0 and 1 provides
a normalized scale that is comparable across subjects and robust to individual base-
line differences. Unlike raw heart-rate thresholds, the score is sensitive to sustained
departures yet resistant to transient fluctuations, yielding a stable temporal charac-
terization of signal patterns. Importantly, the score is estimated without using any
annotations, yet it naturally differentiates periods of elevated and quiescent activity in
the WESAD protocol. This highlights its utility as an unsupervised temporal feature,
suitable both for standalone interpretation and as a noise-robust, low-dimensional
input to downstream sensing or machine-learning models.
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4.4 Computational feasibility

The WESAD analysis involved fifteen participants, approximately one hundred twenty
windows per participant, and seventy-seven covariates. With twenty outer iterations,
the mean-update block ran in roughly 0.01 s per iteration and the variance-update
block in roughly 0.12 s per iteration, so end-to-end training completed in approxi-
mately 26.6 s. After training, a new-window score was computed with sub-millisecond
latency. Detailed timings, asymptotic complexity (O(STd) for the mean recursion
and O(ST(L + R+ M)) for the variance recursion), memory footprint, and hardware
information are reported in Supplementary Table S2 (Supplementary Section S4).
These results support potential use as a lightweight feature-extraction or monitoring
component, although clinical deployment would require prospective validation.

5 Discussion

This study reframes variance-aware wearable-sensor modeling as a translational tem-
poral risk-detection problem. The main finding is that explicitly modeling conditional
variance, rather than treating variability as nuisance noise, yields an interpretable
subject-adaptive score that improves discrimination of stress-associated physiological
windows relative to raw heart-rate summaries. In WESAD, the risk score achieved
an AUC of 0.931 without using labels during model fitting—compared with 0.868 for
the raw heart-rate mean, a difference that remains significant under a participant-
clustered bootstrap—while attaining discrimination in the same range as supervised
logistic-regression, random-forest, and gradient-boosting classifiers evaluated as con-
textual benchmarks, and remaining computationally lightweight. We caution that
the supervised classifiers were trained and evaluated under leave-one-subject-out
cross-validation whereas the unsupervised score was evaluated in-sample, so this
correspondence is contextual rather than a formal head-to-head comparison.

The method has several translationally relevant properties. First, it produces a
probability-scale score between 0 and 1, which is easier to interpret than arbitrary
transformed features. Second, it uses individualized thresholds, making the score more
robust to baseline differences across participants. Third, it incorporates multimodal
covariates into both the mean and variance equations, allowing the model to dis-
tinguish sustained physiclogical shifts from transient fluctuations. Fourth, it can be
computed rapidly after training, which is important for real-time or near-real-time
wearable monitoring

The approach also complements supervised machine learning. Deep learning and
sequence models may achieve strong classification accuracy when large labeled datasets
are available [42, 43], but many translational applications lack dense, reliable labels.
The proposed score can be used as an unsupervised or weakly supervised feature
that summarizes subject-specific risk dynamics before downstream prediction. It may
therefore be useful as a digital biomarker component in studies of stress, autonomic
dysregulation, symptom exacerbation, or other temporally dynamic states. The same
idea may also connect with broader time-series segmentation and change-detection
methods for multivariate data [44].
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Several limitations should be emphasized. The WESAD analysis is a controlled lab-
oratory benchmark with a small number of participants and should not be interpreted
as clinical validation. Stress labels in WESAD represent protocol-defined affective
states rather than clinically diagnosed stress disorders. External validation in larger
and more diverse cohorts is needed before any medical claim can be made. In addition,
the supervised classifiers were evaluated under leave-one-subject-out cross-validation,
while the risk score was fitted without labels and evaluated post hoc; a fully prospec-
tive validation should freeze preprocessing, tuning, thresholds, and model parameters
within an outer held-out-subject or external-cohort protocol. The current model also
uses fixed lag orders and a balanced-panel formulation. Irregular sampling, missing-
ness, longer-range temporal dependence, and nonlinear mean-variance effects remain
important extensions.

Finally, the risk score is threshold-dependent. While we used the 70th percentile
of each participant’s heart-rate distribution for interpretability and cross-participant
comparison, alternative thresholds may be better suited for different clinical or behav-
ioral endpoints. Because this quantile is computed over the entire recording, it
inherently incorporates the same elevated heart-rate windows that later define the pos-
itive class. Although no labels are used, this may introduce a modest optimistic bias
to the reported discrimination. A sensitivity analysis fixing ¢, from a leak-free early
burn-in window (Supplementary Section S6) reduces AUCqx from 0.931 to approx-
imately 0.880 but remains at or above the raw heart-rate baseline. This confirms
that the temporal signal is genuine while emphasizing that the exact magnitude of
performance is sensitive to threshold selection. In future translational applications,
thresholds should be fixed prospectively from an initial calibration period and chosen
from clinical anchors, patient-reported outcomes, or adverse-event definitions, rather
than relying solely on empirical quantiles computed over the full recording.

6 Conclusions

A penalized panel ARX-GARCHX model can convert high-dimensional wearable
physiological streams into an interpretable, subject-adaptive temporal risk score.
In simulations, variance-aware modeling improved recovery of threshold-exceedance
risk under structured volatility. In the WESAD benchmark, the score improved
stress-associated window discrimination relative to raw heart rate and performed com-
petitively with supervised baselines while requiring less than 1 ms for new-window
inference after training. The method is a promising digital biomarker workflow for
translational wearable studies, but prospective external validation is required before
clinical use.
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List of abbreviations

ACC acceleration

ARX autoregressive model with exogenous covariates

AUC area under the receiver operating characteristic curve
BRV breathing-rate variability

ECG electrocardiogram

EDA electrodermal activity

EMG electromyography

GARCHX generalized autoregressive conditional heteroscedasticity model with exogenous covariates
HR heart rate

HRV heart-rate variability

QMLE quasi-maximum-likelihood estimation

RESP respiration

RMSE root mean squared error

ROC receiver operating characteristic

WESAD Wearable Stress and Affect Detection

Supplementary information

The Supplementary Material is organized into eight sections. Supplementary
Section S1 (Theoretical Results) states the regularity, restricted-strong-convexity, and
score-bound assumptions and proves a finite-sample oracle inequality (Theorem S1)
showing that the penalized estimator achieves an excess-risk rate of order (sg +
sy)logp/(ST). Supplementary Section S2 (Algorithmic Details) gives the full esti-
mation pseudocode (Algorithm S1) for the penalized panel ARX-GARCHX model,
including the weighted closed-form mean update, the decoupled (w,a,b) and v vari-
ance updates, positivity safeguards, and tuning conventions. Supplementary Section S3
(Supplementary Simulation Results) reports the replication-level Bias and RMSE
summaries for Models A-F under Scenarios S1-34 at T € {120,240} in Supplemen-
tary Table S1. Supplementary Section S4 (Supplementary Computational Results)
reports the runtime profile, asymptotic complexity, memory footprint, and hardware
specification for the WESAD analysis in Supplementary Table S2. Supplementary
Section S5 (WESAD Endpoint and Per-Participant Composition) defines the evalu-
ation endpoint, tabulates per-participant window and class counts (Table S3), and
reports participant-clustered bootstrap confidence intervals. Supplementary Section S6
(Sensitivity to the Threshold Choice) reports the leak-free threshold analysis. Sup-
plementary Section S7 (WESAD Variance-Covariate Ablation) compares Model B
and Model D on discrimination and calibration of the exceedance event. Supplemen-
tary Section S8 (Reproducibility Details) lists the complete 77-feature set (Table S4),
retained windows, quality control, tuning grid, temporal folds, and software/code
provenance.
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Response to Reviewers

Manuscript JTRM-D-26-10410: “Variance-Aware Penalized Panel Models for
Temporal Risk Detection from Wearable Sensor Data”

We thank the editor and the four reviewers for their careful and constructive reading of the
manuscript. Below we respond point-by-point to each comment. Text in light blue summarizes
how the original manuscript addressed the point; text in navy blue describes the clarifications, new
analyses, or corrections made in the revised manuscript. All page/section references are to the
revised manuscript and the expanded Supplementary Material (now eight sections, S1-S8).

Reviewer #1

Reviewer comment. This manuscript proposes a variance-aware penalized panel ARX-
GARCHX model for wearable sensor data. Its goal is to transform noisy, high-dimensional
physiological streams into an interpretable, subject-specific temporal risk score. The model sep-
arates conditional mean dynamics from conditional variance dynamics, uses sparse penalties
to handle many multimodal covariates, and estimates the probability that a subject’s heart rate
exceeds an individualized threshold.

The manuscript evaluates the approach through simulations and a WESAD wearable-stress
demonstration. In simulations, variance-aware models perform better when volatility is struc-
tured by seasonality or regime changes. In WESAD, the proposed risk score achieves an AUC
of 0.931, improving over raw heart-rate mean with AUC 0.868, and performs competitively with
supervised classifiers.

Overall, the manuscript’s principal strength lies in its interpretable and methodologically grounded
approach to wearable-scisor risk modeling. By explicitly modeling both mean dynamics and
conditional variance, the proposed framework addresses an important limitation of many ex-
isting wearable-sensing pipelines that treat variability primarily as noise. The subject-adaptive
thresholding strategy and probability-scale risk score are particularly appealing for translational
applications, where interpretability and individual baseline differences are important. The com-
bination of simulation studies and a real-data WESAD demonstration further strengthens the
manuscript by showing the potential utility of the approach under both controlled synthetic
settings and a recognized wearable-stress benchmark. While additional validation is needed,
especially in larger and prospective cohorts, the manuscript offers a promising and clearly mo-
tivated alternative to purely black-box classification methods.

We thank Reviewer 1 for the careful reading and encouraging assessment. We are glad the reviewer
found the explicit separation of conditional mean and variance dynamics, the subject-adaptive
thresholding, and the probability-scale risk score to be well suited to translational use, and that
pairing controlled simulations with the WESAD benchmark strengthens the evidence for the ap-
proach. The reviewer requested no specific revisions, but raised one substantive point—that addi-
tional validation is needed, especially in larger and prospective cohorts—which we take seriously
and address directly here.

We fully agree, and three changes made during the revision speak to this point. (i) The WESAD
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comparison is now reported with participant-clustered bootstrap confidence intervals that resample
whole participants, so the evidence reflects the modest number of individuals (n=15); the score’s
advantage over the raw heart-rate baseline survives this clustering-aware inference (paired-AUC
difference CI [0.031, 0.094], excluding zero). (ii) A new leak-free threshold analysis (Supplementary
Section S6) re-estimates the exceedance threshold from an early per-participant burn-in window—
mimicking how the score would be fixed prospectively from a short calibration period rather than
from the full recording—and discrimination remains at or above the raw baseline; we accordingly
recommend this calibration-based thresholding for prospective use. (iii) We retain and sharpen the
proof-of-concept framing in Section 5, where validation in larger, longitudinal, and prospectively
labeled cohorts is identified as the essential next step.

Reviewer #2

Reviewer comment. Considering the heteroscedasticity of wearable physiological signals
(heart rate, EDA, etc.), this manuscript proposes a penalized panel ARX-GARCHX model
that jointly fits conditional mean and variance dynamics, with Lasso penalties to handle high-
dimensional multimodal covariates in both equations. The output is a subject-specific exceedance
probability: the estimated chance the target signal crosses a personalized threshold given recent
history and covariates. Simulations across four synthetic regimes show that explicitly modeling
covariate-driven variance can reduce Tisk-score RMSE when volatility is structured. On the
WESAD stress benchmark, the proposed method is comparable to supervised methods which
have access to the true label but ignore the temporal dependence.

Major comments

Major 1.

Reviewer comment. As discussed in Sec 5, the risk score depends on the threshold, and so
does the interpretation based on the proposed risk score. I would suggest highlighting this in
Sec 2.4 where the risk score is proposed.

Section 2.4 defined the exceedance score 7 4(cs) and noted that choosing ¢ as a participant-specific
quantile makes the score comparable across participants, with threshold dependence discussed in
Section 5. We now make the threshold dependence explicit at the point of definition in Section 2.4,
stating that the score and its interpretation are conditional on cg, that a different c¢; defines a
different exceedance event, and that the threshold should be chosen to match the intended use and
reported alongside the score, with a forward pointer to Sections 4.2 and 5.

Manuscript revision. “The score and its interpretation are explicitly conditional on the
choice of threshold cg: 7 (cs) answers ‘how likely is the signal to exceed ¢, right now,” so a
different ¢y defines a different exceedance event and a different score. The threshold should
therefore be chosen to match the intended use—for example a within-subject quantile for
baseline-relative monitoring, or a clinically anchored value when one is available—and reported
alongside the score.”

Major 2.



Reviewer comment. Related to the point above, the threshold cs in the WESAD study
seems to be chosen as the quantile across the entire timeframe. I'm concerned if there is any
information leak there. A possible alternative is to choose the threshold on some hold-out data
or the burn-in data.

The main analysis set ¢5(0.70) as the 70th percentile of each participant’s HR-mean over the full
recording. We agree this deserves scrutiny. Although ¢s uses no stress labels, it does include the
entire recording, including the windows later used for evaluation, so it can lend a modest optimism
to the reported discrimination. We added a sensitivity analysis (new Supplementary Section S6)
that re-estimates c¢s without such information—from an early per-participant burn-in window (first
20%/30% of windows) and from baseline-annotated windows only—while holding the fitted mean
and variance fixed. The leak-free burn-in threshold reduces AUC,, from 0.936 to approximately
0.88, which remains at or above the raw HR_mean baseline (0.870). We report this in Section 4.3
and temper the claim in Section 5, and recommend fixing cs; prospectively from a calibration
period.

Manuscript revision. New Supplementary Section S6 (Table S4, Fig. S1). Section 4.3:
“First, replacing the full-recording threshold ¢4(0.70) with a leak-free threshold estimated solely
from an early burn-in window reduces AUC.y from 0.931 to approximately 0.880; notably, this
remains at or above the raw HR_mean baseline (details in Supplenientary Section S6).” Section 5:
‘Because this quantile is computed over the entire recording, it inherently incorporates the same
elevated heart-rate windows that later define the positive class. Although no labels are used,
this may introduce a modest optimistic bias to the reported discrimination. A sensitivity
analysis fixing ¢; from a leak-free early buin-in window (Supplementary Section S6) reduces
AUC from 0.931 to approximately 0.880 but remains at or above the raw heart-rate baseline.
This confirms that the temporal signal is genuine while emphasizing that the exact magnitude of
performance is sensitive to threshold selection. In future translational applications, thresholds
should be fixed prospectively from an initial calibration period and chosen from clinical anchors,
patient-reported outcoines, or adverse-event definitions, rather than relying solely on empirical
quantiles computed over the full recording.”

Major 3.

Reviewer comment. Simulations in Sec 8 compare the proposed ARX-GARCHX with three
other variants in the ARX-GARCH family. I'm wondering why ARX,-GARCHX is not in-
cluded (penalized mean, X-dependent variance). Moreover, I would suggest adding as a baseline
AR-GARCH which doesn’t include any covariates.

The original study compared four variants (Models A-D) differing in whether the mean/variance
are penalized and whether X enters the variance. We added both requested models to Section 3 and
Supplementary Table S1: Model E (ARX,-GARCHX; penalized mean, unpenalized X-dependent
variance), which isolates the effect of penalizing the variance covariates (E vs. D), and Model F
(AR-GARCH; no covariates in the mean or variance), a baseline that quantifies the value added by
covariates. Because Models A-D have already been estimated over 100 replications and reported
in Table S1, we compute only E and F, using the same generator, evaluator, tuning (Ag = 0.01 for
the penalized mean), and seed scheme as the published A-D run, so that A-D remain unchanged



and the two new columns are directly comparable. The completed 100-replication run confirms
the anticipated pattern: A-D reproduce the published Table S1 values exactly; E is essentially
indistinguishable from D (and is numerically the most accurate model at T=240, with the lowest
RMSE in all four scenarios); and F has by far the highest RMSE in every scenario (=~ 0.10—
0.16 versus 0.05-0.09 for the covariate-driven models), quantifying the accuracy lost by ignoring
covariates entirely.

Manuscript revision. Section 3.2 model list expanded to Models A-F. Supplementary
Table S1 now reports columns E and F alongside the unchanged A-D (A-D reproduce the
published values exactly), and Figure 3 is redrawn with six models. In Section 3.3, we added
“Model E (ARX,-GARCHX; penalized mean, unpenalized X-dependent variance) is essen-
tially indistinguishable from Model D. Indeed, Model E is the most accurate model at the
longer horizon of T' = 240, achieving the lowest RMSE across all four scenarios; this indi-
cates that penalizing the variance covariates primarily stabilizes estimation at small T" rather
than shifting the central tendency. At the other extreme, the covariate-free baseline F (AR~
GARCH) consistently yields the highest RMSE in every scenario (roughly 0.10-0.16 versus
0.05-0.09 for the covariate-driven models), quantifying the accuracy lost by ignoring exogenous
covariates altogether. Taken together, these six models bracket the value of covariate-driven
variance: it is decisive when volatility is structured, negligible when it is not, and best realized
by a penalized specification that couples covariate information with regularized estimation.
Full results for all six models are reported in Supplementary Table S1.”

Major 4.

Reviewer comment. Sec 3.3, second paragraph: it says that the bias of Model C (and D)
can be due to the shrinkage in the variance equation, but Model C is ARX-GARCHX, which
doesn’t apply any penalty.

The original sentence attributed the mild positive bias of both C and D to “shrinkage in the
variance equation.” The original wording was incorrect for Model C: it applies no penalty in the
variance equation, so “shrinkage” cannot be its cause. We corrected the passage to distinguish the
two mechanisms. In Model D the bias reflects ¢; shrinkage of the variance-covariate coefficients
~; in the unpenalized Model C it instead arises from finite-sample estimation noise in the high-
dimensional two-stage variance fit (many near-zero coefficients estimated without regularization)
together with the positive-variance safeguard, which inflate small fitted variances. Both effects are
small.

Manuscript revision. “In Model D, which applies an ¢; penalty to the variance-covariate
coefficients ~, the bias reflects shrinkage of v toward zero, which mildly attenuates the fitted
conditional variance and shifts exceedance probabilities upward through the curvature of z —
1 — ®(z). Model C, by contrast, applies no penalty in the variance equation; its bias instead
arises from finite-sample estimation noise when the high-dimensional variance-covariate vector
is fit without regularization (many near-zero coefficients estimated from short series), together
with the positive-variance safeguard, which together inflate small fitted variances.”

Minor comments

Minor 1.



Reviewer comment. HR_mean used in the y-axis label and legend Figure 1 is not defined by
Figure 1.

We now define it where Figure 1 is introduced: “HR mean denotes the mean heart rate (in beats
per minute) within each 60-s window, the target signal used throughout.”

Minor 2.

Reviewer comment. Sec 2.2, first paragraph, second sentence: I would probably consider
using either £1 penalty or LASSO penalty but not both.

Revised to “In this paper, we employ the ¢; penalty to select informative covariates in both the
conditional mean and conditional variance equations.”

Minor 3.

Reviewer comment. Section 3, Table 1: any reason why burn-in is different across the four
scenarios in the simulation study?

Table 1 listed burn-ins of 200/220/180/180 for S1-S4 without explanation.

Thank you for pointing this out. The burn-in period is used solely during data generation to remove
initialization transients before retaining observations for analysis. It is discarded prior to model
fitting and therefore has no role in the estimation procedure or the quantities being evaluated. The
small differences in burn-in length across scenarios were chosen only for simulation convenience
to ensure that the retained observations are approximately from the stationary regime. We have
added a clarifying note to Table 1.

Manuscript revision. Table 1 note: “The burn-in period is used only during data generation
to remove initialization trausients and is discarded before model fitting. Consequently, it does
not affect the estimation procedure, the estimands, or the reported Bias and RMSE. The
modest differences in burn-in lengths across scenarios were chosen for simulation convenience
to ensure that the retained observations are approximately from the stationary regime.”

Minor 4.

Reviewer comment. The supervised comparators in the WESAD study ignore temporal
dependence. It would be interesting to know how the supervised comparators perform if they
are used to model the residuals of AR-GARCH, though the improvement may be limited since
the AUC is already high with the temporal dependence ignored.

The supervised comparators (logistic, RF, GBM) were trained on the raw 77 window features under
LOSO. We thank the reviewer for this helpful suggestion. We performed the requested analysis
by first fitting a covariate-free panel AR-GARCH model to HR mean, computing the standardized
residual zg; = (yst — Hst)/0st, and then repeating the same LOSO supervised analyses after
augmenting the original feature set with z, ;. Consistent with the reviewer’s expectation, the results
changed very little: logistic regression AUC changed from 0.931 to 0.930, random forest from 0.928



t0 0.924, and gradient boosting from 0.945 to 0.946. These results suggest that, for this dataset, the
supervised classifiers already capture most of the discriminative information, so explicitly removing
temporal dependence through an AR-GARCH preprocessing step provides little additional benefit.
Because this analysis is supplementary to the main contribution of the paper, we have made the
corresponding scripts and outputs available in the GitHub reproducibility repository rather than
expanding the manuscript.

Reviewer #3

Reviewer comment. In this manuscript, the authors develop a variance-aware penalized
panel ARX-GARCHX model for multimodal wearable-sensor data. The framework combines
subject-specific mean and variance baselines, shared autoregressive dynamics, sparse covariate
effects, and a conditional exceedance probability as a normalized temporal score. The method
1s evaluated in simulations and illustrated using 60-second chest-sensor windows from the 15-
participant WESAD dataset.

The manuscript addresses a relevant problem in translational digital-biomarker research. Ex-
plicitly separating conditional mean and variance dynamics is a useful contribution, the sim-
ulations are well aligned with the methodological objective, and the WESAD analysis is ap-
propriately framed as a proof-of-concept rather than clinical validation. Owverall, the paper is
clearly written and potentially suitable for Journal of Translational Medicine. The remaining
issues are limited and can be addressed through clarification, modest supplementary analyses,
and tempering of several claims. I have the following cornments.

Comment 1.

Reviewer comment. Please clarify the WESAD endpoint and evaluation in Section 4.3: de-
fine the positive and negative classes, explain how transition/other windows were handled, and
report window and class counts by participant. Because repeated windows are clustered within
only 15 participants, the pooled DeLong p value may overstate precision. Participant-clustered
bootstrap confidence intervals would be preferable, or the comparison should be presented as
descriptive. The supervised classifiers use leave-one-subject-out cross-validation, whereas the
proposed score appears to be fitted retrospectively to the full recordings. Unless the score is
evaluated under the same held-out design, please describe the supervised AUCs as contextual
benchmarks rather than a formal head-to-head comparison.

Section 4.3 evaluated the exceedance score against annotated WESAD segments and reported a
pooled DeLong test, with supervised LOSO classifiers as reference. Thank you for this helpful com-
ment. (i) Evaluation endpoint: the positive class is the set of stress-annotated windows (WESAD
label 2), whereas the negative class consists of all other retained windows (baseline, amusement, and
transition/other); transition and amusement windows are therefore retained rather than discarded.
(i) Window counts: after preprocessing, 1,427 windows from 15 participants remained (182
stress and 1,245 non-stress), and the per-participant window and class counts are now reported in
new Supplementary Table S3. (iii) Clustered inference: because repeated windows are clustered
within participants, we now additionally report participant-clustered bootstrap confidence inter-
vals obtained by resampling whole participants (3,000 bootstrap replicates). The resulting 95%
confidence intervals are [0.887,0.972] for the proposed risk score and [0.821,0.918] for HR_mean; the
paired AUC difference has a 95% confidence interval of [0.031,0.094], which excludes zero. (iv)



Comparison with supervised methods: we now explicitly state that the proposed score is
evaluated in-sample, whereas the supervised classifiers are evaluated under leave-one-subject-out
cross-validation. Accordingly, the supervised AUCs are presented as contextual benchmarks rather
than a formal head-to-head comparison, and the intended primary comparison is against the raw
HR_mean baseline, which is evaluated under the same design.

Manuscript revision. New paragraph in Section 4.2 (“Evaluation endpoint”):

“For reference-based evaluation, we define a binary window-level endpoint. The positive class
consists of windows annotated as stress (WESAD label 2), whereas the negative class pools all
other retained windows (baseline, amusement, and transition/other). Transition and amuse-
ment windows are therefore treated as non-stress rather than discarded. After preprocessing,
1,427 windows from 15 participants were available (182 stress and 1,245 non-stress); the cor-
responding per-participant window and class counts are reported in Supplementary Table S3.
The annotations are used only for evaluation and never for model fitting.”

The final paragraph of Section 4.2 has also been revised as follows:

“Because the proposed score and the supervised classifiers are not evaluated under a common
held-out design, the supervised AUCs are presented as contextual benchmarks that illustrate
the performance of purely discriminative window-level methods, rathier than as a formal head-
to-head comparison. The intended primary comparison for the proposed score is against the
raw HR_mean baseline, which is evaluated under the same experimental design.”

Section 4.3 now additionally states:

“Because repeated windows are clustered within only 15 participants, the pooled Delong
test may overstate precision. We therefore additionally report participant-clustered bootstrap
confidence intervals obtained by resampling whole participants (3,000 bootstrap replicates).
This yields 95% confidence intervals of [0.887, 0.972] for AUCy and [0.821, 0.918] for AUCqg,
while the paired AUC difference has a 95% confidence interval of [0.031, 0.094], excluding zero.”

New Supplementary Section S5 (Table S3) reports the per-participant window counts, class
counts, and details of the participant-clustered bootstrap procedure.

Comment 2.

Reviewer comment. The score is the conditional probability that HR_mean exceeds an indi-
vidualized threshold, not the probability of stress or a clinical event. Please align the terminology
in the Abstract, Results, Discussion, and Figure 4, retaining wording such as “stress-associated
windows”. Please also state clearly that the WESAD threshold, scaling, and subject-specific pa-
rameters are estimated from the analyzed recordings. A brief explanation of how an initial
calibration period would be used prospectively, and whether contemporaneous covariates make
the score an end-of-window representation or a one-step-ahead forecast, would be helpful.

The manuscript already described the score as an “exceedance-based” risk score and used “stress-
associated windows” in places, but some passages could be read as estimating a probability of stress.
Thank you for this helpful comment. We have aligned the terminology throughout the manuscript
(Abstract, Results, Discussion, and Figure 4) so that the proposed score is consistently described as
the estimated conditional probability that HR mean exceeds the individualized threshold cg, while



retaining “stress-associated windows” to refer to the WESAD annotations. We also added an
explicit clarification in Section 4.2 that (i) the score is not a probability of stress or any clinical event;
(ii) because the variance model uses contemporaneous covariates (M=0), the proposed score is an
end-of-window representation rather than a one-step-ahead forecast, whereas a forecasting version
can be obtained by restricting both the mean and variance models to strictly lagged covariates;
and (iii) the threshold, within-subject covariate standardization, and subject-specific parameters
(as,ws) are all derived from the analyzed recordings. We further clarify that, in a prospective
deployment, these quantities would instead be obtained during an initial subject-specific calibration
period and then held fixed during subsequent monitoring.

Manuscript revision. New paragraph in Section 4.2:

“To clarify the interpretation and estimation of the proposed score, 7, +(cs) denotes the esti-
mated conditional probability that HR mean exceeds the individualized threshold cy; it is not
a probability of stress or of any clinical event. Because the conditional variance model uses
contemporaneous covariates xs; (lag order M=0), T,; represents the current window rather
than a one-step-ahead forecast. A forecasting variant can be obtained by restricting both the
mean and variance equations to strictly lagged covariates. In this demonstration, the threshold
¢s, the within-subject covariate standardization, and the subject-specific parameters (as,ws)
are all derived from the analyzed recordings. In a prospective deployment, these quantities
would instead be obtained during an initial subject-specific calibration period and then held
fixed during subsequent monitoring. Specifically, ¢5(0.70) is defined as the 70th percentile of
each subject’s HR_mean distribution over the full recording. It is therefore computed without
using any stress annotations, although it is estimnated from the entire recording, including the
windows that are later used for evaluation. A sensitivity analysis that instead estimates cg
from a leak-free calibration period is reported in Supplementary Section S6 and summarized
in Section 4.3. ”

The terminology in the Abstract, Results, and Discussion has been revised accordingly so that
the proposed quantity is consistently described as an exceedance-based risk score—that is, the
estimated conditional prcbability that HR_mean exceeds an individualized threshold—rather
than as a probability of stress or of a clinical event. Figure 4 has been updated only to
improve wording for consistency with this terminology.

Comment 3.

Reviewer comment. 7To link the real-data results more directly to the central contribu-
tion, please consider adding one focused WESAD ablation comparing the full penalized ARX-
GARCHX model with an otherwise comparable model that excludes covariates from the variance
equation, for example Model B versus Model D. Reporting the corresponding AUC and ideally
a stmple calibration measure for the actual HR-threshold exceedance event would be sufficient.
This analysis can be placed in the Supplementary Material.

The main text reported only the full model’s discrimination. Thank you for this helpful suggestion.
We have added the requested ablation as new Supplementary Section S7. Model B (ARX,,-GARCH,
without covariates in the variance equation) and Model D (the full ARX,,-GARCHX, model) share
the same penalized mean specification and differ only in whether covariates enter the conditional
variance equation. We report discrimination for both the annotated stress endpoint and the actual



heart-rate threshold-exceedance event, together with calibration for the threshold-exceedance event
using the Brier score. Model D achieved an AUC of 0.921 for the annotated stress endpoint and
0.927 for the heart-rate threshold-exceedance event, with a Brier score of 0.085. Model B achieved
corresponding values of 0.934, 0.929, and 0.084, respectively. Both substantially outperformed the
raw HR_mean baseline (AUC 0.868), whereas the differences between Models B and D were small.
These results complement the simulation study by showing that the proposed framework is robust
to whether covariates are included in the variance equation for the WESAD dataset, while the
simulation study demonstrates the benefit of covariate-driven variance modeling under structured
heteroscedasticity.

Manuscript revision. New Supplementary Section S7 (Table S5) reports the requested
WESAD ablation. Model B (ARX,,~-GARCH) and Model D (ARX,-GARCHX,,) are compared
under identical settings using both the annotated stress endpoint and the exceedance event
{ys+ > ¢5(0.70)}. Discrimination (AUC) and calibration (Brier score) are reported for both
models together with the raw HR_mean baseline.

Comment 4.

Reviewer comment. Please expand the reproducibility details for the WESAD analysis by
providing the complete list of 77 features, retained windows per participant, handling of missing
samples or failed feature calculations, and how the balanced-panel assumption was reconciled
with differing recording lengths or quality-control exclusions. Please also report the tuning
grid and temporal fold construction, software/package versions, and the exact code release or
commit used for the reported results.

The manuscript summarized feature hlocks (Table 2) and stated the lag orders and window rule.
Thank you for this helpful suggestion. We have substantially expanded the reproducibility docu-
mentation for the WESAD analysis. The main manuscript now clarifies the feature-selection pro-
cedure (including correlation-based pruning to the final 77 features), the retained window counts
per participant, the quality-control and missing-data handling rules, and explains that the ana-
lyzed data form an unbalanced panel, whereas the balanced-panel notation in Section 2.1 is used
only for expositional simplicity because all lagged quantities are constructed separately within each
participant. New Supplementary Section S8 provides the complete list of the 77 retained fea-
tures, additional preprocessing details, the tuning grid and blockwise time-series cross-validation
scheme, software and package versions, and the code used to generate the reported results. For
the review process, the manuscript-specific reproducibility scripts and outputs are provided in the
manuscript/ subdirectory of the public repository.

Manuscript revision. Section 4.1 has been expanded to describe the correlation-based
pruning of the candidate feature set to the final 77 retained features, the retained window
counts for each participant, the quality-control and missing-data handling procedures, and
the reconciliation between the balanced-panel notation and the unbalanced WESAD data.
New Supplementary Section S8 provides the complete list of the 77 retained features (Ta-
ble S6), per-participant window counts, additional preprocessing details, the tuning grid, block-
wise time-series cross-validation scheme, software and package versions (R 4.5.3; glmnet 5.0;
pROC 1.19.0.1; randomForest 4.7.1.2; gbm 2.2.3; caret 7.0.1; Python with NeuroKit2), to-
gether with the software and reproducibility resources referenced in the Code Availability



statement. Specifically, the varGuidTS software package is available through CRAN, while
the complete manuscript-specific reproducibility scripts and outputs are available in the pub-
lic GitHub repository under https://github.com/zionwzz/variance-guided-risk-demo/
tree/main/manuscript.

Comment 5.

Reviewer comment. Several presentation points can be handled editorially. In Section 2.2,

revise the sentence beginning “In this paper, we focus on the {1 penalty” and define the ARX,,/GARCHX,
notation at first use. In Figure 1, please identify arrhythmia and sleep apnea as hypothetical ap-
plications and remove wording such as “supplied for this revision”. In Figure 4, please identify

the representative participant and state how that trajectory was selected.

Thank you for these helpful suggestions. We have revised the manuscript accordingly. Section 2.2
now uses consistent terminology for the ¢; penalty, and the ARX,/GARCHX,, notation is defined
at its first use in Section 3.2. The Figure 1 caption now explicitly identifies arrhythmia and sleep
apnea as hypothetical illustrative applications, and the wording “supplied for this revision” has been
removed. For Figure 4, the representative participant is now identified as WESAD subject S11,
and the text explains that this participant was selected before examining the model output as a
representative case with a clearly delineated stress segment.

Manuscript revision. Section 2.2 has been revised to 1ise consistent £1-penalty terminology,
and the ARX,,/GARCHX,, notation is now defined at its first use in Section 3.2. The Figure 1
caption now explicitly states that arrhythmia and sleep apnea are hypothetical illustrative
applications and removes the phrase “supplied for this revision.” The corresponding text for
Figure 4 now identifies the representative participant as WESAD subject S11 and explains
that this trajectory was selected before examining the model output as a representative case
with a clearly delineated stress segment.

Reviewer #4

Reviewer comment. Thank you for the opportunity to review this manuscript! The study
presents a well-conducted and clearly motivated methodological contribution for temporal risk
detection from wearable sensor data. The statistical methodology is appropriate, the manuscript
s generally well organized, and the simulations and real-data application are presented clearly.
Overall, I found the work to be technically sound and the conclusions to be supported by the
analyses presented.

I have only a few minor comments, primarily related to language and presentation, which I
believe could further improve the readability of the manuscript.

Comments 1-2.

Reviewer comment. (1) On page 2, lines 19-21, currently stated as ... or feature extraction
that does not explicitly separate changes in location from changes in volatility. This distinction
s important in. .. ”, consider revising as . or feature extraction without explicitly separating
changes in location from changes in volatility. Distinguishing changes in location from changes
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in volatility is important. .. ”. (2) On page 3, lines 1-6, “In many sensing applications, the goal
extends beyond forecasting to ... Wearable streams often show ... motivating...”, consider
moving these two sentences to the end of the third paragraph on page 1 to improve the flow of
the text.

As a general suggestion, although the manuscript is already well written, I encourage the authors
to perform a final round of language polishing throughout the manuscript to further improve
the flow, readability, and overall presentation.

We thank the reviewer for the encouraging assessment of our work and for these helpful editorial
suggestions. We adopted suggestion (1) verbatim and implemented suggestion (2) by moving the
two sentences beginning “In many sensing applications, the goal extends beyond forecasting ...”
to the end of the third paragraph of the Introduction, improving the overall flow of the discussion.
We also performed a final language-editing pass throughout the manuscript to improve readability,
consistency, and presentation, including minor wording refinements and typographical corrections.

Manuscript revision. Suggestion (1) was adopted verbatim in Section 1; the passage now
reads: “These approaches demonstrate the value of continuous physiological monitoring, but
many rely on dense labels, short-window classification, or feature extraction without explicitly
separating changes in location from changes in volatility. Distinguishing changes in loca-
tion from changes in volatility is important in biomedical and translational studies, where a
risk-relevant physiological deviation may depend on a participant’s own baseline and variance
pattern rather than on a fixed population threshold.” For suggestion (2), the two sentences
“In many sensing applications, the goal extends beyond forecasting to deriving a temporal risk
score that captures mean dynamics and variance fluctuations under realistic noise. Wearable
streams often show sharp volatility changes driven by motion or context, motivating explicit
variance modeling when extracting stable temporal representations from noisy signals.” now
appear at the end of the third paragraph of Section 1.

We thank all four reviewers again for their thoughtful and constructive comments. The revisions
have strengthened the manuscript’s scientific rigor through participant-clustered inference, a leak-
free threshold sensitivity analysis, an expanded six-model simulation comparison, and a focused
WESAD variance-covariate ablation, while substantially improving the reproducibility and trans-
parency of the analyses. We believe the revised manuscript more clearly communicates the proposed
methodology while maintaining its intended proof-of-concept translational framing.
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