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Abstract— Objective: To develop a person-specific dy-
namic modeling approach to quantify the time course of
multiple peripheral markers of the autonomic nervous sys-
tem (ANS) in response to acute stressors and potential
stress-reducing interventions.

Methods: We curated data (N=50 participants) from a
double-blind, randomized, sham-controlled trial of non-
invasive vagus nerve stimulation (nVNS) for posttraumatic
stress disorder (PTSD). For each participant, a multi-input,
multi-output, linear state space model (SSM) was trained
on ~3500 s of cardiovascular and respiratory marker time
series data and tested for predictive validity on ~2000 s
of held-out data. The inputs to each SSM indicated the
presence or absence of potential stressors (e.g., traumatic
memories) and interventions (e.g., nVNS or sham stimu-
lation). We analyzed the SSMs’ step responses to each
input and compared the responses to real data. We then
simulated the effects of just-in-time nVNS delivered during
a traumatic memory.

Results: The SSMs outperformed baseline forecasting
methods on held-out data (P<.05). Responses to nVNS
were in the opposite direction of responses to traumatic
memories, with neutral conditions (included for compar-
ison) remaining in between. For participants with PTSD,
just-in-time nVNS attenuated-and briefly reversed-the re-
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sponse to traumatic memories along the principal axis
of variance, which explained ~50% or more variance and
mirrored expected ANS changes. Just-in-time sham stimu-
lation produced no attenuation.

Conclusion: Our methods capture latent ANS dynamics
during increasing and decreasing stress levels associated
with traumatic memories and nVNS, respectively.

Significance: Traumatic memories can cause pathologi-
cal stress responses during daily life that just-in-time non-
invasive neuromodulation may potentially help mitigate.

Index Terms—dynamic modeling, multimodal fusion,
personalized, stress, unsupervised learning

[. INTRODUCTION

HE autonomic nervous system (ANS) is the primary
driver of the body’s short-term (i.e., acute) stress re-
sponse. Acute stress involves latent changes in ANS activity
that — within seconds — cause observable physiological changes
throughout the body [1]. These observable changes include
variations in cardiovascular, respiratory, and perspiratory func-
tion, measurable using physiological sensing [2]. Physiological
sensors and other technologies that interface with the ANS
have the potential to improve quality of life for many. For ex-
ample, individuals with posttraumatic stress disorder (PTSD)
face episodes of pathological stress that current healthcare
systems struggle to manage [3]. These stress episodes can
be triggered by traumatic memories and have been shown
to induce changes in several peripheral physiological markers
including heart rate, sweat production, cardiac contractility,
peripheral vasoconstriction, respiratory timings, and certain
markers’ variabilities [4]-[7]. Many of these stress-induced
changes are exacerbated or blunted in PTSD [4], [8], [9]. To
better manage episodes of acute stress, stress-induced changes
in ANS activity could be monitored and, when necessary,
counteracted during daily life for just-in-time support.
Non-invasive neuromodulation technologies are one class of
interventions with the potential to counteract stress-induced
changes in ANS activity during daily life [3]. Transcutaneous
cervical vagus nerve stimulation (tcVNS), non-invasive electri-
cal stimulation of a parasympathetic (“rest and digest”) nerve
to counteract the sympathetic (“fight or flight”) response of
the ANS, has been investigated longitudinally for PTSD in
daily life settings and has been shown to reduce the effects
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Fig. 1.

Mapping between psychophysiological context and a personalized dynamical model. Potential interventions such as non-invasive vagus

nerve stimulation (VNS) can be modeled as inputs, u, to an underlying dynamical system. This system’s latent state, X, represents underlying
changes in autonomic nervous system activity and varies both autonomously and in response to exogenous inputs. Variations in X produce
measurable physiological changes, including cardiovascular and respiratory changes mediated by the autonomic nervous system. Via biosensing
and biosignal processing, these changes can be quantified using physiological markers, modeled as the outputs, y, of the dynamical system.

of stress on peripheral physiological markers of ANS activity

[10]-[12]. Prior work by Gurel et al. demonstrated that
static snapshots (e.g., minute-long averages) of markers such
as heart rate were reduced minutes or hours after tcVNS
was administered. Our recent dynamic modeling efforts built
on the work of Gurel et al. by constructing person-specific,
single-input, single-output state space models to capture the
dynamics of heart rate and, separately, a vascular marker
of the ANS in response to tcVNS [13]. Our person-specific
approach accounted for heterogeneous effects of both VNS
on the ANS and the ANS on peripheral physiology [1], [14].
We thereby addressed the need to characterize the timecourse
of ANS responses to tcVNS. This led to findings such as the
detection of tcVNS effects on peripheral physiology within
15-20 seconds.

Although our recent work was an important step in dynami-
cally modeling ANS responses to tcVNS [13], two limitations
remain. First, our prior work only considered cardiovascular
markers of the ANS and modeled changes in each of the two
markers separately. The ANS dictates multiple physiological
changes throughout the body that all covary during changes
in stress [1]. To better quantify changes in ANS activity,
the dynamics of multiple physiological markers should be
modeled simultaneously. Second, our prior work compared
tcVNS against sham stimulation but did not model the effects
of stressors in comparison to tcVNS, leaving the magnitude of
tcVNS’s effects with respect to stressors unknown. Compar-
isons between stressors and potential interventions are needed
to quantify how much of a counteracting effect that a potential

intervention can have in the context of such stressors.

The objective of the current work is to advance the state
of the art by devising a novel dynamic modeling approach
for multiple physiological markers of the ANS in response
to acute stressors and non-invasive neuromodulation. Specif-
ically, we use latent state space models to characterize the
covarying dynamics of cardiovascular and respiratory markers
in response to traumatic memories and tcVNS (Fig. [I). We
use latent state space models to mirror the psychophysiolog-
ical context of interest. Changes in peripheral physiological
markers are observable manifestations of changes in under-
lying or latent ANS activity [1]. Our approach is related
to work on latent variable and dynamic models of acute
stress physiology [15]-[17]. Prior state space models of ANS
activity have primarily considered cardiovascular markers or
perspiratory markers on their own [18]-[22]. A few nascent
methods better quantify latent ANS dynamics in response to
stressors by considering both cardiovascular and perspiratory
markers [23]-[25]. However, no work to date has modeled
the exogenous impact of both stressors and stress-reducing
interventions (needed to account for intervention effects during
state estimation), nor the covarying dynamics of cardiovascular
and respiratory markers.

In this paper, we detail our person-specific, multiple-input,
multiple-output (MIMO) state-space modeling approach that
we validate on data from 50 traumatized individuals, 24
with PTSD. We show that our modeling approach satisfies
established validation criteria and produces models that are
significantly better at predicting physiological dynamics up to
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20 s into the future compared to baseline forecasting methods.
We then use the MIMO state-space models to quantify the
effects of tcVNS on latent ANS dynamics and compare these
effects against those of traumatic memories and a neutral
condition (for reference). We thereby address the limitations
of prior work and make the following contributions:

1) Validate a personalized dynamical modeling approach for
multiple cardiovascular and respiratory markers of the ANS

2) Elucidate the opposing effects of tcVNS and traumatic
memories on the dynamics of multiple markers of the ANS

3) Demonstrate that multiple markers of the ANS covary in
response to stressors and interventions, and this covariation
can be principally captured in a lower dimensional subspace

[I. METHODS
A. Study Cohort and Protocol

The data we analyzed in this work was curated from a
double-blind, randomized, sham-controlled trial of tcVNS for
individuals with histories of psychological trauma (Clinical-
Trials.gov NCT0299289). Institutional Review Board (IRB)
approval was obtained from the Emory University School of
Medicine (#IRB00091171), Georgia Institute of Technology
(#H17126), SPAWAR Systems Center Pacific, and Department
of Navy Human Research Protection Program. From the N =
50 participants in the analytical sample, 24 had posttraumatic
stress disorder (PTSD) at the time of the trial. Thirteen
participants with PTSD received active tcVNS throughout
the study, and 11 received sham stimulation. From the 26
participants without PTSD, 12 received active stimulation, and
14 received sham stimulation. The sample and portion of the
trial we analyzed match that of our prior work [26].

The electrocardiogram (ECG), photoplethysmogram (PPG),
seismocardiogram (SCG), and respiratory effort (RSP) signals
were recorded throughout the protocol at a 2 kHz sampling
rate. The protocol included trauma recall, neutral conditions,
and active or sham stimulation, as shown in Fig. PJA. During
trauma recall, participants listened to 60-s audio recordings
via headphones that each detailed an aspect of one of their
prior traumatic events, following established methods [27].
For neutral conditions, participants listened to 60-s audio
recordings describing pleasant scenery meant to elicit neutral
or positive affect, following established methods [27]. For each
administration of stimulation, participants received 120 s of
either active tcVNS or sham stimulation. Further details are
provided in the supplement.

B. Extraction of Physiologically Meaningful Markers

A total of nine peripheral markers of the ANS were ex-
tracted from each participant’s ECG, RSP, PPG, and SCG data
using the signal quality assessment and processing pipelines of
prior work [26], [28]. Cardiovascular markers were extracted
on a beat-by-beat basis (i.e., one value per heartbeat if signal
quality was satisfactory). From the ECG, heart rate (HR)
was extracted [26]. HR is an extensively studied marker that
generally increases during acute stress [2]. From the PPG,
PPG amplitude (PPG,pmp) was extracted [28]. PPGamp is

a vascular marker that varies as a function of vasoconstriction
and pulse pressure. PPGamp generally decreases during acute
stress when measured at the periphery due to vasoconstriction
[11]. From the ECG and PPG, pulse arrival time (PAT)
was extracted [28]. PAT is a cardiovascular timing that varies
as a function of vascular stiffness and the heart’s ejection
process, generally decreasing during acute stress [12], [29].
From the ECG and SCG, pre-ejection period (PEP) was
extracted [28]. PEP is a cardiac timing inversely related to
cardiac contractility, generally decreasing during acute stress
[11], [29]. Using the ECG, PPG, and SCG, the reciprocal
of the pulse transit time (1/PTT) was extracted. 1/PTT is
a correlate of blood pressure and generally increases during
acute stress [29].

Respiratory markers were extracted on a breath-by-breath
basis. Using the RSP signal along with two ECG-derived res-
piration signals, respiration rate (RR), inspiration time (T}),
expiration time (T,.), and the T;/T. ratio were extracted
[26]. RR is an extensively studied marker that tends to increase
during acute stress [2]. T; is the time it takes for inhalation,
and Tp is the time it takes for exhalation, which is the phase of
breathing where vagal tone is greater. T, generally decreases
during acute stress [30]. T;/Te is the inspiration to expiration
ratio and generally increases during acute stress [30].

C. Time Series Preparation for Dynamic Modeling

In preparation for dynamic modeling, the physiological
marker (i.e., “physiomarker”) time series were processed to
produce output Vectors,fykgltzc’éa' , for each participant-specific
model shown in Fig. 2B. Before and after each of the following
time series preparation steps, the time series were inspected
to ensure desired results. For each participant’s data, each
physiomarker time series was resampled to 0.2 Hz with an
anti-aliasing filter and time-aligned via linear interpolation.
We selected 0.2 Hz to align with adult respiratory rates
[31], preferring cardiovascular markers be downsampled [32].
This ensures that subsequent dynamic modeling focuses on
the latent ANS dynamics that drive shared changes across
the cardiovascular and respiratory time series, rather than
the millisecond-level or second-to-second changes specific to
cardiovascular time series. Resampling and filtering time series
to focus system dynamics at a particular timescale of interest
are well-established approaches [33]. Resampling and time
alignment produced nine physiomarker time series that could
now be described as a single time series of nine-dimensional
feature vectors for each participant, ffkgltz"éa';fk 2 RM,
where Tiotal + 1 is the number of total timesteps available
for the participant’s data, separated by 5-s intervals. M = 9
is the number of physiomarkers considered in this work.
To prodqu, each Yk, each fx was then centered relative to
o =57 +1 i—o Ti, the mean vector during the baseline period.
8k yx fk fy. As shown in Fig. IA the baseline period
was 60 s (i.e., b =12).

The inputs shown in Fig. , fukgltz"(t)a';uk 2 RY, repre-
sent the presence or absence of the protocol conditions shown
in Fig.[2A. In this work, V = 3 to represent the three types of
protocol conditions. Let 8K Uk [Us:k; Utk; Un:k]"T 2 F0; 193
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Fig. 2. Data collection and person-specific modeling methods. (A) The double-blind, randomized controlled trial consisted of trauma recall, neutral
conditions, and active or sham stimulation. The protocol conditions were ordered as shown. For modeling purposes, each participant’s data were
split for training and testing at the midpoint between the stimulation and neutral conditions shown. (B) For each participant, a multi-input, multi-output
state space model with time delays was trained on data prior to the train-test split and tested on held-out data after the train-test split. The inputs
to the model were on-off signals corresponding to the controlled protocol conditions. The outputs of the model were changes in the physiological

markers (“physiomarkers”) from their baseline averages. These changes

be constructed as one-hot vectors. Us:k; Utk;Un:k 2 T0;1g
represent the input dimensions at timestep k associated with
active or sham stimulation, trauma recall, and neutral condi-
tions, respectively. Let the sets N ; T ; S include all timesteps kK
that fall within neutral conditions, trauma recall conditions, or
stimulation conditions, respectively. 8k 2 N uy, = [0;0;1]".
8k 2 T ux =1[0;1;0]". 8k 2 S ux = [1;0;0]". 8k 2
N [T LS, uc=1[0;0;0]".

D. Train-Test Split for Each Participant’s Data

Each participant’s input and output time series,
fukgT“"a' fykg “’"”", were split into training data,
fukglf"a'” yFykg g™,  and  held-out  testing  data,

ota Ttota 1 1 A
fukg, o8 L TGP 1o As shown in Fig. ,

the data were split chronologically between the fourth
stimulation condition’s end time, , and the third neutral
condition’s start time,  (i.e., T¢rain ( + )=2; rounded
to integer). Splitting the data at Tirajn ensured that both
train and test data included trauma, neutral, and stimulation
conditions, while allocating more data for training.

The training data were used to fit the models and optimize
parameters, as described in[[I-Fland[[I-G] while the testing data
were used to assess predictive capacity of the trained models,
as described in The mean number of training timesteps
across participants was 650 (SD 103), with a range of 455-985.
The mean number of testing timesteps was 422 (SD 77), with
a range of 97-618. The mean proportion of training relative to
total timesteps was 61% (SD 5%), with a range of 50%-82%.

E. Person-Specific, MIMO State-Space Models

As illustrated in Fig. the dynamic model graphically
shown in Fig. models the effects of exogenous stimuli
on changes in physiomarkers, mediated by latent dynamics of
ANS state. MIMO linear state space models were fit to the
inputs, fukgT“a'“ and outputs, fykglggi”, described in
We model the effects of fukgTtlrain on fykgTtrain via a lower
dimensional latent state, Xk, 25™"; Xk 2 RO O is referred
to as the model order or dimensionality of the latent state.

Xk+1 = AXi + Bug

+ Kex (D

Yk = CXk + ek )

were modeled as observable mappings of the system’s latent state.

The state space model structure shown in () and (2)) is defined
in innovations form with input delays and no feedthrough
effects [33]. A 2 R® © represents the system matrix that dic-
tates the state’s autonomous dynamics, B 2 R® V quantifies
the input’s impact on state dynamics, and C 2 RM © rep-
resents the output matrix that maps latent state to observable
output. €x 2 RM represents an innovation term at timestep K
that can be viewed as a residual, and K 2 R® M represents
a Kalman gain matrix used to update next-step predictions of
state based on the current timestep’s residual. encapsulates
delays between changes in input and changes in state. O and
are treated as hyperparameters in this work.

In this work, V 3, and the input can be separated
into condition-specific dimensions, Uk [Us:k; Ut:k; Un:k] T
Hence, we can rewrite Uy and separate B into terms
quantified for each protocol condition, as in (3) and ().

Uk [Us;k siUgk ¢ Unk n]T 3)
B [bs;be;bn] @)
bs;be;bn 2 RO, and ; ¢; n are input delays for stimulation,

trauma recall, and neutral conditions, respectively.

Two constraints were placed on A to ensure physiological
plausibility and reduce the number of parameters to be learned.
First, A was constrained to modal form with no repeated
eigenvalues. Modal form entails a block diagonalized matrix,
with eigenvalues, T ;g2,, placed along the diagonal. The
number of parameters that needed to be learned in A was
thereby reduced from O? to a maximum of 20 mod(O; 2),
where mod(O; 2) denotes O modulo 2 (proof in supplement).
Second, the eigenvalues of A, f ig?zl, were constrained to lie
within the unit circle (i.e., 8ij jj < 1). This enforces asymp-
totic stability. An asymptotically stable system converges back
to the origin if no exogenous inputs are present, which aligns
with physiological homeostasis. Recall that the output, Yy, is
defined as deviations from a baseline mean ([I-C).

F. Model Training

For a given model order and set of input delays,
(O; s; t; n), each participant-specific model was trained
using a two-stage routine to learn the parameters in A; B; C; K
and produce latent states, FXxQk, from the input and output
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data. Models were initialized using subspace identi catiotest”) [35]. The mean predictor predicts that the output will
(N4SID) [33]. We then employed prediction error minimizaremain the mean of the training data (i&y = (1 =(Tgain +
tion (PEM) to mitigate limitations of N4SID [33]. Our com-1)) jT;'g” y;). The naive predictor predicts that the output
bined N4SID and PEM approach guarantees replicability. Faill remain the same as the most recently observed output
the same data and model structure, the same model will (be., for next-step predictior8k §x = yx 1). Naive prediction
produced each time N4SID and PEM are employed. Thisn be viewed as assuming identity dynam&s; |, and the
is unlike approaches such as expectation maximization mean predictor can be viewed as assuming no state dynamics,
stochastic gradient descent that are popular but yield differidgg = 0. The mean and naive predictors thus represent the
results depending on initialization or random seed [34].  two trivial ends of the spectrum fromA = 0 to A = |
for autonomous (i.e.B = 0), stable, discrete-time linear

G. Hyperparameter Optimization dynamical systems. Outperforming these two baselines thus
monstrates that the dynamics learned are nontrivial.
For statistical testing, th&®? values across alN = 50
rH%rticipant-speci ¢ models were compared against the corre-

ondingR? values for the naive and mean predictors via
?eired tests. The Shapiro-Wilk test rejected normality, so
wo-tailed Wilcoxon signed rank tests were used. Statistical
nﬂgni cance was set to = .05 for all tests in this work.

To determine an optimal model order and set of tim%e
delays for each participant-specic mod€lO ; ¢; ; ),
we employed a grid search approach. For each participal
training data, the nal 30% were set aside as “validation” da
(i.e., subset of the training data used to evaluate candid
hyperparameter combinationsu,get® o fygpt® ;-
We de ne the subset of the training data used only for traini
and no hypegparameter tuning as “tting” data for clarity,
fuege i fykge™ . Tie 0.7 Tuan (rounded to integer). |. Forecasting Experiments
Model order,O 2 N, was optimized over the sé8;4;::;;Mg  To further evaluate predictive capacity, we investigated the
to keepO M = 9. The stimulation delay term,s 2 N, models' forecasting capabilities. Multi-step forecasting is a
was optimized over the sét; 2;:::; 5g timesteps (i.e., 5-25 s) generalization of the next-step prediction task, where p-step
based our prior work [13]. The neutral and trauma delay ternfgrecasting requires that the outpytis predicted, having only
n; t 2 N, were optimized over the séD; 1; 2g timesteps.  observed data until p. The state space model equations of

The task used for hyperparameter optimization was the sam¢ and (2) can be recursively solved forward to obtain equa-

used for testing: next-step prediction. Next-step prediction efion (5) for p-step forecasting, as proven in the supplement.
tails predictingy;, having observed all output values umil ;.

All input values,f u; g;, remain known. For a linear state space
model, optimal predictions can be produced via Kalman lIter-
ing. An advantage of the innovations form shown[ih (1) and
@) is that the model is directly tin a manner that facilitated or the rstp+ timesteps of held-out data, the last timesteps
Kalman predictions [33] (details in supplement). The metrief training data are used to compute forecasts via (5). Inputs
used for hyperparameter optimization was the coef cient @nd states are all set to 0 fkr< 0 (i.e., 8k< 0 Uk = Xk =0).
determinationR2. Models were trained on tting data, ariRf We again compared model performance against the two
values were computed for next-step predictions on validati®d@seline forecasting methods, the mean and naive predictors.
data. For each combination ¢®; s; (; n), a scalaiR? was For multi-step forecasting, nothing changes for the mean
computed by taking the average of fhe physiomarker-speciigedictor. For the naive predictoy is predicted to be the

X :
Y = CAPxy pt CAP 'Buy (P i) 1 (5)
i=1

coef cients of determinationR? = 3~ ¥ R2. same as the last observed valye, , (i.e., 8k % = Yk p).
Once an optimal(O ; ; ,; ,) was determined by max- Paired statistical tests were again used to compare the models'
imizing R?, (O ; 4; ; ) Was used to produce the nal forecasting performance against the baseline methods' per-

participant-speci ¢ model by training on the entire trainindormance (i.e.R* values) for eactp investigated. Shapiro-
set, fukgl‘:%‘“ , fykgzt:r?)in . For robustness, we performedWilk tests were used to test for normality. If normality was
additional tests and found that alternative methods to optimitiected, then two-tailed Wilcoxon signed rank tests were used.
(O ; <: ¢ n) such as minimizing the Akaike InformationOtherwise, two-tailed, one-sample t-tests were used.
Criterion with a small sample correction (AlCc) on the training

data [13], also yielded predictively valid models. J. Simulating Condition-Speci ¢ Step Responses
_ After validating our modeling approach, we investigated the
H. Model Testing models' step responses to each of the protocol conditions.

Each trained model was tested on participant-speci ¢, hel@imilar to prior work [13], this produced interpretable visu-
out data,fukgl‘g‘?r'"am + ;fykgl‘g'aT'"ain +1 - Testing was per- alizations of what the models captured from the effects of
formed via next-step prediction, which is an established apach input. As shown in Fig. 3A, three sets of single-input
proach to dynamic model testing [13], [35]. To determinstep functions were constructed and investigated as inputs
whether testing performance was satisfactory, Rfevalues to each participant-speci c model. The stimulation-specic
for next-step prediction were statistically compared against thfep response consisted of constructing the stimulation input
correspondingR? values for two established baselines: thas follows: usp = us1 = 0; 81« T, Usk = 1. The

mean predictor (“mean test”) and the naive predictor (“naiteauma recall and neutral inputs were then set as follows:
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Fig. 3. Step response and dimensionality reduction methods. (A) Each model's condition-speci ¢ step responses for stimulation, trauma, and
neutral were simulated for T timesteps. The models were initialized at the origin and simulated without noise to isolate the condition-speci c effects
learned by the models. The simulated responses were then averaged across participants in each of the four groups (active vs. sham x PTSD vs.
non-PTSD) for all M physiomarkers. (B) The mean responses were analyzed in lower dimensional principal subspaces of dimension D. The mean
responses were vertically stacked to align the M physiomarkers across groups, followed by dimensionality reduction and subsequent analyses.

8kof 0:1:Tqm g Utk = Unk = 0. In a similar way, the same protocol condition were rst averaged to produce three
trauma-speci ¢ step input and neutral-speci ¢ step input wermondition-speci ¢ response arrays [36], analogous to the three
constructed by setting all input values to 0 except for thetep response arrays shown for each participant in Fig. 3A. The
corresponding input signal for timestefps< k  Tgm . FOr participant-speci ¢, condition-speci c responses were then
the condition-speci ¢ step responses, we 3gf, = 13 to grouped and averaged in the same way as the step responses
investigate the rst minute of the responses, matching tihown in Fig. 3A, producingr;j (and corresponding SEMs).
approximate length of the trauma and neutral conditions. Comparisons between real and simulated responses were made
Step responses were simulated by applying (5), sefting for each physiomarker (i.e., each column &§ andR;; ).
k fork 2f0;1;::; Tsm 9. We setxo = 0 for all simulations to Note that these comparisons are not made for the purposes
initialize the models at the origin (i.e., the equilibrium). Stepf model validation but instead to gain intuition as to which
response simulations produced output arrays of dimensi@gpects of the transient-focused, real responses were captured
Tsim M, as illustrated in Fig. 3A. As detailed in theby the models in their simulated step responses.
supplement, the use of (5) implies that simulation is conduct

: . . X _ 32 Lower Dimensional Responses
without noise. For these simulations, we are interested i To investioate how the phvsiomarker responses covaried
visualizing what the models learned about the condition- 9 bny P '

. ) ) . . we applied principal component analysis (PCA)So ; R;;
speci c responses, in contrast to simulation settings whe{g c;&ure r;:ovarri)ation irF: a linear );ubsfoace.) 'I?he grocess

the inclusion of stochasticity is important (€.g., evaluatingsed for dimensionality reduction is illustrated in Fig. 3B.

the robustness of a control law) [33]. Replicability is als(E)imensionality reduction was performed separately for the

uaranteed by removing stochasticity from these simulations, .
g y g y simulated and real responses. I@t represent eithe6;;

1) Physiomarker-Speci c Responses or Rjj . The Q;; arrays were rst stacked vertically for
For the purposes of comparison, the step responses waltei;j to form Y 2 R?Tsm M _Each column ofY was
grouped according to active or sham stimulation and no#ecaled to unit variance but not mean-centered to preserve the
PTSD or PTSD diagnosis. The responses were averaged ac@sigin, (0, 0). We then applied PCA 1 to learn a principal
participants within each group, as shown in Fig. 3A. Fatomponent (PC) coef cients matri® 2 RM M. To compute
each protocol condition indexed by 2 f 1;2;3g, a three the lower dimensional representation (i.e., PC score¥),afe
dimensional array of step responses was formed for each of @nputedZ = Y P, whereZ 2 R*2T M represents the PC
four groups,S;; 2 RTsm M Ni wherei = f1;2;3;4g. N; scores. The rsD columns ofZ were then isolated to analyze
is the number of participants in groipA mean responsé;;  the reduced D-dimensional responses. Thecolumns ofZ
is then computed by taking the mean along the third axis afe then unstacked and regrouped according to the 12 group-
Sij . Performing this grouping and averaging process for evegpndition combinations. Throughout, we keep chronological
j 2f1;2;3gandi 2 f1;2;3;4g produced a total of 12 group- ordering intact for temporal analyses, as in prior work [37].
averaged, condition-speci ¢ step responses. Standard errors ofo understand the relationships between physiomarkers as
the mean (SEMs) were also calculated across participantsthiBy covary, we investigated the coef cients (i.e., the “recipe”)
each group to understand the variability of the responses. of the principal axis of variance (i.e., PC1) for the real and
To compare the simulated step responses with real deg#nulated responses. We also quanti ed how fast the responses
we employed “transient focusing” methods to the origindb each protocol condition manifested along PC1. Velocities
physiomarker time series [36]. Transient focusing is detaileere computed by dividing the differences between successive
in the supplement and ensures that analyses of physiomariesponse values by the difference in time (5 s in this work).
data are focused on the timescale of interest. For each parAdditional post hoc analyses were performed after observ-
ticipant, the segmented and transient focused responses ofitige differences between the trauma recall and stimulation
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response directions along PC1, as well as agreement between
the real and simulated response directions. Each participant's
condition-speci ¢ simulated responses were projected along
the PC1 vector computed for the mean simulated responses.
The same was done for the real responses with the respective
PC1. To statistically test whether trauma recall responses
existed primarily on one half of the PC1 axis while stimulation
responses existed on the opposite half, we computed the
proportion of PC1 projections with a positive mean value for
the trauma recall and stimulation responses and tested whether
these proportions were different from 50% using two-tailed
binomial tests. We next evaluated the agreement between the
real and simulated responses in their ordering of the trauma
recall, neutral, and stimulation conditions along the PC1 axis.
The mean PCL1 projections for the three conditions were rank
ordered for each participant's simulated data and real data.
A two-tailed repeated measures correlation was performed on
these ranks to test whether the ordering of the conditions along 4. vodel prediction performance. (A) Example held-out heart rate

PC1 agreed between real and simulated data [38]. (HR) and respiration rate (RR) data, shown as changes from baseline
(), for a patient with PTSD in the active group. The data shown
include periods of trauma recall (traum.) and non-invasive vagus nerve
stimulation (nVNS). The next-step predictions of this patient's model are
overlaid for comparison. (B) Comparisons of the models' forecasting
We conducted a nal set of simulations to investigate theerformance against two established baselines. The differences in co-
. . L . . f cient of determination are plotted against forecast horizon (i.e., the
pOtelm'all for tcVNS as a just-in-time stresg;-reducmg INtefine into the future that data are forecasted). The models signi cantly (p
vention in response to trauma recall. Focusing on the PTSD0.05) outperform both baseline methods for horizons up to 20 s.

group for clinical relevance, three sets of simulation inputs

were constructed for each model in the active and sham gjacities between the just-in-time stimulation response
PTSD groups. As before (1l-J), a neutral step function Wagq the response to trauma recall alone for each participant.
constructed for reference, and a trauma recall step fungs account for delayed stimulation effects, we considered
tion was constructed for comparison. The third set of iNpybjocities 15 s after stimulation started and computed a mean
signals was formed by setting the neutral input to 0, (i-&elocity difference for each participant. These mean velocity
8o k Tyr Unk =0, the trauma recall input to the traumayifferences were compared between active and sham groups
recall step functionuyo = Ur1 =05 81 1y Utk =1, and 650G 4 two-tailed, two-sample t-test (normality and equality of

the stimulation input to a delayed step function. Speci call,ariance were tested using Shapiro-Wilk and Levene's tests).
we Set80 K< start us;k = 0 and8 start k Tt us;k = 1

— effectively turning stimulation on afterg,t timesteps. In
this work, st = 6. We set the length of time for thesas-
in-time simulations to 90 s (i.eT; = 18) to investigate the A. Model Testing and Forecasting Performance
responses for 60 s following the start of stimulation. On held-out test data, our modeling approach signi cantly
This nal set of simulations produced three response arragsitperformed the baseline naive (P = .02; test statistic z = 2.28;
for each participant in the active or sham PTSD groupsffect size r = .32) and mean prediction methods(F001; z
neutral alone, trauma recall alone, and trauma recall combined.84; r = .83). Differences between our moddks values
with stimulation (i.e., “just-in-time stimulation”). The threeand the two baseline predictor®? values are shown in Fig.
response arrays were then grouped according to active @l Next-step prediction corresponds to a forecast horizon of
sham stimulation groups (i.ei, 2 f1;2g in this case). 5 s in this work. Example next-step predictions for HR and
All aggregation, physiomarker-by-physiomarker analyses, aRR are shown in Fig. 4A, overlaid on ground truth datain
lower dimensional analyses described in II-J were repeatédg. 4A denotes changes in the physiomarkers from a baseline
The only difference is that no real responses were availallean. The data shown in Fig. 4A are from a participant with
for comparison since tcVNS (or sham) delivered during traun®I'SD who received active tcVNS.
recall has not been investigated experimentally to date. Multi-step forecasting results on held-out data are shown in
An additional post hoc analysis was performed after olirig. 4B. The models signi cantly outperformed the naive pre-
serving differences between the active and sham groupisttor for all forecasting horizons investigated €P.05). The
responses. Similar to the post hoc analyses described in Ihdels signi cantly outperformed the mean predictor up to 20
each participant's simulated responses were projected alengto the future (R< .05). Although the median difference
the PC1 computed for the mean simulated responses. Between the models' and mean predictor's performances were
investigate whether just-in-time stimulation was simulated twonzero for horizons of 25 to 40 s, these differences were not
have a greater attenuating effect on trauma recall for thkaatistically signi cant. The mean predictor outperformed the
active group compared to sham, we computed the differenmedels for forecast horizons of 45 s and greatek (F05).

K. Simulating Just-in-Time Neuromodulation

I1l. RESULTS
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Fig. 5. Select mean physiological marker (“physiomarker”) responses to neutral, trauma, and active or sham stimulation. = denotes changes
from baseline. Shaded regions represent  standard error of the mean (SEM). The remaining ve sets of physiomarker responses are included
in the supplement. The sets of arrows included in the middle of the gure highlight the directionality differences captured between trauma recall
and stimulation. Physiomarker acronyms are detailed in the main text. (A) Real data for the group of participants with posttraumatic stress disorder
(PTSD). (B) Simulated step responses of the models for participants with PTSD. (C) Real data for participants without posttraumatic stress disorder
(PTSD). (D) Simulated step responses of the models for participants without PTSD.
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