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Abstract

Psychological stress after injury is frequent in trauma patients and is associated with
poorer recovery. EEG-based biofeedback could help monitor and reduce it during
rehabilitation, but only if the stress detector works for new patients and new hardware.
Published EEG classifiers of acute stress are usually trained and tested on a single dataset,
and accuracies above 90% are common. We asked how much of this performance holds
for participants the model has never seen, and for a dataset recorded with other hardware
and another stress protocol.

Methods. Two open datasets of acute cognitive stress in healthy volunteers were
processed with one pipeline: SAM40 (40 participants; Stroop, arithmetic and mirror-
image tasks versus relaxation; 32-channel Emotiv, 128 Hz) and EEGMAT (36 participants;
serial subtraction versus rest; 19-channel clinical system, 500 Hz). Four compact
classifiers (logistic regression, random forest and RBF-SVM on band power, and a
Riemannian tangent-space classifier) were evaluated with leave-one-subject-out (LOSO)
validation, with cross-corpus transfer in both directions on ten shared electrodes, and
with two unsupervised alignment methods, Riemannian re-centring and CORAL.
Results. Within SAM40, the best LOSO macro-F1 for one stressor against relaxation was
70.3% (best AUROC 0.804). Cross-corpus transfer lowered macro-F1 significantly in 22
of 24 model-direction—stressor settings (paired Wilcoxon test, p < 0.01), by up to 37.6
percentage points. Transfer was asymmetric: classifiers trained on EEGMAT reached an
AUROC below 0.5 on SAM40 in 9 of 12 settings, so the learned decision direction was
reversed.

Conclusions. Stress labels defined by the task carry protocol-specific information that
does not survive a change of dataset. Cross-corpus testing should come before any claim
that an EEG stress detector is ready for post-trauma rehabilitation or biofeedback use;
clinical application will require per-user calibration and validation in patient populations.
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1. Introduction

Prolonged psychological stress contributes to
cardiovascular, metabolic and mental disorders [1].
After physical injury the problem is especially visible: a
meta-analysis of 27 studies found post-traumatic stress
disorder (PTSD) in about one in four patients after acute
injury of the limbs or pelvis [2], and in a cohort of 580
injured patients half met screening criteria for PTSD
about a year after injury [3]. EEG neurofeedback, a form
of biofeedback, reduced PTSD symptoms in a
randomised controlled trial [4], which makes EEG-
based stress monitoring a candidate tool for post-
trauma care. Interventions that respond to stress as it
happens, for example biofeedback-guided relaxation,
need a measurement of the user’s state that is objective
and continuous. EEG is a natural candidate: it records
cortical activity directly, with millisecond resolution,
and wearable headsets have made it inexpensive [5].

Published EEG stress classifiers look impressive.
Many report accuracies above 90% [5], and on the
SAM40 dataset a feature-selection pipeline with an
LSTM classifier reached 99.67% [6]. Nearly all such
figures come from one dataset, and protocols in which
epochs of the same participant or recording fall into
both the training and the test set are still common.
Protocols of this kind reward models that memorise
participant- and session-specific properties of the
signal, a problem documented across EEG decoding [7,
8] and rooted in the large variability of EEG between
individuals [9]. In our earlier study of EEG-based
fatigue, strict leave-one-subject-out (LOSO) validation
held the best compact network to 74.0 + 11.3% accuracy
[10].

A detector meant for practical use faces a harder
test than a new participant: a new headset, a different
montage and a different way of inducing stress. In
emotion recognition this cross-corpus setting is well
studied. Models trained on SEED [11] and tested on
DEAP [12], or the reverse, lose much of their accuracy,
and domain adaptation has been compared
systematically on this pair [13]. For acute psychological

2. Materials and methods

Datasets

SAM40 [20] contains recordings from 40
participants made with a 32-channel Emotiv Epoc Flex
headset at 128 Hz. Each participant performed a Stroop
colour-word test, a mental arithmetic task and a mirror-
image recognition task, and also sat through a

stress the picture is thinner. Agnelli et al. [14] compared
stress detection across tasks and subjects on two
datasets, and Vos et al. [15] applied a stress model
trained on EEGMAT to SAM40 as part of a study on
synthetic EEG. We are not aware of a benchmark that
combines subject-independent validation, transfer in
both directions between stress corpora, and domain
adaptation.

Domain adaptation methods for EEG fall into a few
families. Statistical alignment includes Riemannian re-
centring of covariance matrices [16], which builds on
Riemannian classifiers for brain—computer interfaces
[17], and correlation alignment (CORAL) [18].
Adversarial methods learn features that a domain
discriminator cannot separate [19]. Alignment methods
are attractive for a first benchmark because they need
no labels from the target dataset and add almost no
computational cost.

The aim of this study was to determine whether
EEG classifiers of acute stress keep their performance
on new participants and on a new dataset, as a
prerequisite for their use in stress monitoring and
biofeedback during post-trauma rehabilitation. To this
end, we report a benchmark for two open stress
datasets, SAM40 and EEGMAT. We apply one
preprocessing pipeline to both, evaluate four compact
classifiers at three levels (within-corpus LOSO, cross-
corpus transfer, and transfer with unsupervised
alignment) and examine what the classifiers rely on. We
test four hypotheses:

H1 Cross-corpus performance is significantly
lower than within-corpus LOSO performance.

H2 Transfer is better when source and target use
the same type of stressor.

H3 Unsupervised alignment recovers part of the
cross-corpus loss.

H4 Feature importance shows whether a
classifier depends on cortical activity or on artefacts
such as eye movements.

relaxation condition; each condition lasted 25 s and was
repeated three times. We used the raw recordings rather
than the authors’ cleaned versions so that both corpora
passed through exactly the same processing. Relaxation
was labelled 0 and every stressor 1.

https://doi.org/10.52889/1684-9280-2026-77-5-jto066
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EEGMAT [21], distributed through PhysioNet [22],
contains recordings from 36 participants made with a
clinical 19-channel system (10-20 montage, ear
reference) at 500 Hz. Each participant has a 182-s
segment of rest recorded before the task and a 62-s
segment recorded during serial subtraction. Rest was
labelled 0 and arithmetic 1. Table 1 summarises both
corpora. Both corpora were recorded in healthy

volunteers exposed to laboratory cognitive stressors,
and no trauma patients were included. We are not
aware of open EEG stress datasets recorded in trauma
patients; a detector that does not transfer between two
healthy cohorts is unlikely to work in a clinical one, so
this comparison is a necessary first step.

Table 1 - The two corpora after harmonisation. Epochs are non-overlapping 3-s windows

SAM40

EEGMAT

Participants 40

36

Device, channels

Emotiv Epoc Flex, 32

Clinical system, 19

Sampling rate

128 Hz

500 Hz (resampled to 128 Hz)

Stressor

Stroop, arithmetic, mirror image

Serial subtraction

Control condition

Relaxation, 3 x 25 s

Rest, 182 s

Epochs (control / stress)

960 / 2880 (960 per stressor)

2124 /720

Preprocessing

The pipeline follows our earlier study [10] and was
implemented with MNE-Python [23]. For each
recording we (i) selected channels, (ii) applied a
common average reference, (iii) band-pass filtered
between 1 and 50 Hz with a zero-phase fourth-order
Butterworth filter, (iv) removed 50-Hz line noise with a
second-order Butterworth notch, (v) cut the signal into
non-overlapping 3-s epochs (384 samples at 128 Hz) and
(vi) z-scored each channel with the mean and standard
deviation of that participant’s epochs. Filtering was
applied to the continuous recording, before epoching,
to avoid edge effects. Step (vi) uses no labels and is
applied in the same way to training and test
participants. EEGMAT was resampled to 128 Hz with
an anti-aliasing filter before step (iii).

For cross-corpus experiments both datasets were
reduced to ten electrodes present in both montages and
on 14-channel Emotiv EPOC headsets: F3, F4, F7, E8, T7,
T8, P7, P8, O1 and O2 (EEGMAT labels T3, T4, T5 and
T6 were mapped to T7, T8, P7 and P8). Channels were
selected before re-referencing, so the average reference
was computed over the same ten sites in both corpora.
Within-corpus SAMA40 analyses used all 32 channels.

Features and classifiers

Band power was computed from the Welch
spectrum (256-sample Hann windows, 50% overlap),
log-transformed and averaged within the delta (1-4
Hz), theta (4-8 Hz), alpha (8-13 Hz) and beta (13-30 Hz)
bands, giving four features per channel. Three
classifiers used these features: logistic regression, a
random forest with 300 trees and an RBF support vector
machine (C = 3). All three used balanced class weights
and a standard scaler fitted on the training data only.
The fourth classifier worked on the signal itself: an

OAS-shrinkage covariance matrix was estimated for
each epoch, projected to the log-Euclidean tangent
space and passed to logistic regression [17]. Shrinkage
is needed because the average reference makes the
sample covariance rank-deficient.

Unsupervised domain alignment

Riemannian re-centring (RA). For participant s with
Riemannian mean covariance Ms, every epoch
covariance C is replaced by

C'=M:12C Ms_l"lz, (1)

which moves each participant, and therefore each
corpus, to the identity matrix [16]. The re-centred
matrices were projected to the tangent space at their
Riemannian mean, which is close to the identity, and
classified with logistic regression. No labels are
involved.

CORAL. Band-power features were first
standardised within each corpus. Source features Xs
were then whitened with their own covariance and re-
coloured with the covariance of the unlabelled target
features [18],

Xe=Xs (Cs+ D)2 (Ce +T)12, ()

after which the classifier was trained on Xs and
applied to the target.

Evaluation

Figure 1 shows the three evaluation levels. At level
1 (within-corpus LOSO) a model was trained on all but
one participant and tested on the remaining one. At
level 2 (cross-corpus) a model was trained on every
participant of corpus A and tested on each participant
of corpus B, which played no part in training. Level 3

https:/ldoi.org/10.52889/1684-9280-2026-77-5-jt0066
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repeated level 2 with an alignment step that could see
unlabelled data from corpus B.

We report macro-F1 as the primary metric because
it is insensitive to the 1:3 and 3:1 class ratios, together
with Matthews correlation coefficient (MCC), the area
under the ROC curve (AUROC) and accuracy. All
metrics were computed per test participant and
summarised as mean + standard deviation.

SAM40

The generalisation gap is the level-1 macro-F1 on
corpus B minus the level-2 macro-F1 on B. Because both
values are available for each participant of B, the gap
was tested with a paired Wilcoxon signed-rank test. The
same test compared aligned and unaligned models. The
random seed was fixed at 42.

Level 1: within-corpus LOSO

40 participants, 32 ch
Stroop, arithmetic, —>
mirror image
vs relaxation

Unified preprocessing
10 shared electrodes
average reference

3-s epochs, 128 Hz

EEGMAT subject-wise z-score

36 participants, 19 ch
serial subtraction

Vs rest

1-50 Hz band-pass, 50 Hz notch

Features: band power (4 bands)
or tangent-space covariance

= train on N — | participants,
test on the held-out one

Level 2: cross-corpus
—> train on all of A, test on each
participant of B (B unseen)

Level 3: cross-corpus + alignment
> as level 2, with RA or CORAL

using unlabelled data from B

Figure 1 - Study design. Both corpora pass through the same pipeline. Generalisation is measured at three levels, and the
generalisation gap is the difference between levels 1 and 2 on the same target participants

Feature importance and ocular control

To see which features the classifiers used, a
random forest with 500 trees was fitted to all SAM40
epochs of one contrast, and impurity-based
importances were summed over bands (channel
importance) and over channels (band importance). As a

3. Results

Within-corpus performance on SAM40

Table 2 gives the LOSO results on SAM40 with all
32 channels. When each stressor was contrasted with
relaxation, so that the classes were balanced, the best
macro-F1 ranged from 68.1% (arithmetic) to 70.3%
(Stroop), and the best AUROC reached 0.804. The three
stressors were therefore separated from relaxation

control for eye movements, the all-stressor LOSO
analysis was repeated after independent component
analysis: for each participant, FastlICA with 15
components was fitted to the filtered recordings, and
components correlated with the frontopolar channels
Fp1 and Fp2 were removed before epoching.

about equally well. Pooling all stressors created a 1:3
class ratio, and accuracy became misleading: the
random forest reached 75.7% accuracy, the proportion
of the majority class, with a macro-F1 of only 51.3%
because it labelled almost every epoch as stress.
Performance varied strongly between participants,
with per-participant macro-F1 between 0.29 and 0.94.

Table 2 - Within-corpus LOSO on SAM40 (32 channels, 40 folds). Macro-F1 in % (mean + SD over participants), AUROC in

parentheses. Bold: best macro-F1 per row

Contrast LogReg Random forest RBF-SVM Riemannian
Relax vs all 59.9+10.9 (0.734)  51.3+83(0.740)  61.2+9.9(0.724)  58.9+12.3 (0.732)
stressors (1:3)
68.1%10.6 (0.754) 64.5+9.9(0.743) 62.2+12.1 (0.748)

Relax vs Stroop 67.5+10.5 (0.783

70.3 +9.3 (0.785)

67.6+11.7 (0.781)  69.3 + 11.9 (0.804)

)
Relax vs arithmetic  64.2 + 12.0 (0.756)
)
)

Relax vs mirror o5 3 | 15 4 (0.748
image

69.4 8.9 (0.764)

66.3+11.7 (0.760) 63.5+12.6 (0.750)

Abbreviations: AUROC, area under the receiver operating characteristic curve; LogReg, logistic regression; LOSO, leave-one-subject-out;

RBF-SVM, support vector machine with radial basis function kernel; SD, standard deviation

https:/ldoi.org/10.52889/1684-9280-2026-77-5-jt0066
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Cross-corpus generalisation gap (H1)

Table 3 and Figure 2 compare levels 1 and 2 on the
ten shared electrodes. Transfer lowered macro-F1
significantly in 22 of the 24 model-direction—stressor
settings (p<0.01). The largest drop, 37.6 points, occurred
for logistic regression trained on SAM40 arithmetic and

tested on EEGMAT, where macro-F1 fell from 0.664 to
0.288. Both non-significant cases involved the random
forest in the SAM40 — EEGMAT direction, where its
within-EEGMAT baseline was already weak (0.565). H1
is supported.

Table 3 - Macro-F1 on the target corpus (10 shared electrodes). SAM40 ~EEGMAT: cross-corpus values, with the within-
EEGMAT LOSO baseline in the first row. EEGMAT —SAMA40: cross-corpus [ within-SAM40 LOSO for the same contrast

Direction SAMA40 LogReg Random RBF-SVM Riemannian
contrast forest
within
EEGMAT 0.664 0.565 0.674 0.690
SAM40— Arithmetic 0.288 0.573 0.477 0.586
EEGMAT Stroop 0.511 0.463 0.452 0.553
Mirror image 0.364 0.552 0.479 0.390
All (1:3) 0.445 0.282 0.439 0.498
Arithmetic 0.507 / 0.634 0.333 / 0.662 0.380/0.642 0.381 /0.655
EEGMAT— Stroop 0.383 /0.671 0.333 / 0.696 0.339/0.673 0.400/0.711
SAM40 Mirror image | 0.454 /0.656 0.333 /0.686 0.365 / 0.660 0.378 / 0.654
All (1:3) 0.387 /- 0.200/ - 0.253 / - 0.319/-

Abbreviations: LogReg, logistic regression; LOSO, leave-one-subject-out; RBF-SVM, support vector machine with radial basis
function kernel

0.8

Macro-F1 on target

SAM40—EEGMAT

Lo%v‘

Figure 2 - Generalisation gap for the shared stressor (SAM40 arithmetic vs relaxation, EEGMAT serial subtraction vs
rest). Blue: LOSO within the target corpus; orange: model trained on the other corpus. Paired Wilcoxon test over target

andot®

fore™

t\“""’

e

B Within-corpus LOSO

EEGMAT—SAM40

NI

jest
aon

“D

mm Cross-corpus

participants: ** p<0.01, *** p<0.001, n.s. not significant

Asymmetric and inverted transfer

The two directions behaved differently (Figure 3). Models trained on SAM40 kept part of their ability to rank
EEGMAT epochs, with AUROC between 0.64 and 0.69 for the random forest and the Riemannian classifier. Models
trained on EEGMAT did not. On SAM40 their AUROC was below 0.5 in 9 of the 12 single-stressor settings and between
0.50 and 0.57 in the other three, and with all stressors pooled it was below 0.5 for every model (0.39-0.49). A classifier
trained on EEGMAT therefore ranks SAM40 relaxation epochs as more stress-like than SAM40 task epochs. The
EEGMAT-trained random forest, which saw three rest epochs for every task epoch, predicted rest for almost every
SAM40 epoch (macro-F1 0.333 in all three contrasts). An AUROC consistently below chance cannot be explained by
noise: the feature pattern that separates task from rest in one protocol is partly reversed in the other.
https://doi.org/10.52889/1684-9280-2026-77-5-jto066
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SAM40—-EEGMAT EEGMAT—SAM40 AUROC
0.7
Arithmetic 0.57 0.50 0.42 0.41 I
% 0.6
% Stroop 0.38 0.44 0.40 0.42
g 05
S| Mirror image 0.52 0.47 0.38 0.41
53 0.4
All (1:3) 0.49 046  0.39 0.42 I
0.3

LogReg RF SVM Riem.

LogReg RF SVM Riem.

Figure 3 — Cross-corpus AUROC for every SAM40 contrast and classifier. Red cells are above chance (0.5); blue cells are
below chance, i.e. the decision direction learned on the source corpus is reversed on the target

Stressor type (H2)

In the SAM40—EEGMAT direction the SAM40
arithmetic contrast, which uses the same kind of
stressor as EEGMAT, gave the highest target AUROC
for all four classifiers (Figure 3, first row of the left
panel). The margin over the next-best stressor was
small, between 0.01 and 0.04, and macro-F1 did not
follow the same order because the decision threshold
shifts between corpora. We therefore regard the result
as consistent with H2 rather than as proof of it.

Unsupervised alignment (H3)

Table 4 and Figure 4 compare transfer with and
without alignment. Two patterns are clear. First, re-
centring helped within a corpus but not across corpora.
It raised within-EEGMAT LOSO macro-F1 from 0.690 to

0.728 (AUROC 0.800) and within-SAM40 arithmetic
macro-F1 from 0.655 to 0.668, yet it lowered cross-
corpus AUROC in all four settings and left the
EEGMAT—SAM40 AUROC below chance (0.375 and
0.377). Second, CORAL helped in the harder direction.
For EEGMAT—SAM40 it improved the AUROC of
every band-power model by 0.04-0.19, lifting all of
them above 0.5 (0.57-0.62), with significant macro-F1
gains for the SVM and the random forest (p<0.001). In
the SAM40—-EEGMAT direction its effect was mixed:
logistic regression gained 0.22 in macro-F1, largely
through a better-placed threshold, while the random
forest lost ground. H3 is only partly supported:
alignment narrows the gap in some settings but closes
it In none.

Table 4 — Cross-corpus macro-F1 / AUROC with and without unsupervised alignment. AF1: aligned minus unaligned

macro-F1, with the paired Wilcoxon p-value in parentheses

SAM40-EEGMAT EEGMAT-SAMA40
Method F1/ AUROC AF1 (p) F1/ AUROC AF1 (p)
SAMA40 contrast: arithmetic
Riemannian 0.586 / 0.686 0.381/0.414
+RA 0.551/0.633 -0.034 (0.12) 0.396 / 0.375 +0.015 (0.67)
LogReg 0.288 / 0.637 0.507 / 0.569
+ CORAL 0.509 / 0.631 +0.221 (<0.001) 0.501/0.612 -0.006 (0.77)
RBF-SVM 0.477 / 0.538 0.380/0.422
+ CORAL 0.511/0.569 +0.034 (0.31) 0.482 / 0.602 +0.102 (<0.001)
Random forest 0.573 / 0.685 0.333/0.503
+ CORAL 0.521/0.591 -0.051 (0.12) 0.389 /0.622 +0.056 (<0.001)
SAMA40 contrast: all stressors (1:3)
Riemannian 0.498 / 0.648 0.319/0.415
+RA 0.476 / 0.582 -0.022 (0.38) 0.366 / 0.377 +0.047 (0.006)
LogReg 0.445 / 0.606 0.387 / 0.488

https://doi.org/10.52889/1684-9280-2026-77-5-jto066
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Table 4 (Continuation) — Cross-corpus macro-F1 / AUROC with and without unsupervised alignment. AF1: aligned minus
unaligned macro-F1, with the paired Wilcoxon p-value in parentheses

SAM40—EEGMA EEGMAT-SA

T M40
Method F1/ AUROC AF1 (p) F1/ AUROC AF1 (p)
RBF-SVM 0.439 / 0.453 0.253 /0.386
+ CORAL 0.422 /0.517 -0.017 (0.64) 0.367 / 0.571 +0.114 (<0.001)
Random forest 0.282 / 0.665 0.200/ 0.462
+ CORAL 0.213/0.551 -0.069 (0.003) 0.265 / 0.583 +0.064 (<0.001)

Abbreviations: AUROC, area under the receiver operating characteristic curve; CORAL, correlation alignment; F1, macro-
averaged F1 score; LogReg, logistic regression; RA, Riemannian re-centring; RBF-SVM, support vector machine with radial basis

function kernel

SAM40—EEGMAT EEGMAT—SAM40
Riemannian + RA — =
LogReg + CORAL | _
SVM + CORAL | -
RF + CORAL | _
—(‘J.l 0 ()‘.l 0.‘2 —(;.l 0 0.‘1 O‘.Z

AAUROC vs no alignment

Il SAMA40 arithmetic

AAUROC vs no alignment

SAMA40 all stressors

Figure 4 - Change in cross-corpus AUROC after unsupervised alignment, relative to the same classifier without alignment.
Positive values mean better transfer

What the classifiers rely on (H4)

Figure 5 shows random-forest importances for the
relaxation versus mirror-image contrast. The delta band
carried the largest share of importance, followed by
alpha, and the two frontopolar electrodes, Fp2 and Fp1,
ranked highest among channels. Slow activity at
frontopolar sites is the usual signature of blinks and eye
movements, so part of the within-corpus performance
could come from task-related eye behaviour rather than
from a cortical response to stress. The prominence of

alpha agrees with the well-known suppression of alpha
activity under cognitive load [24].

The ICA control (Table 5) shows that ocular
activity is not the main source of discriminative
information. After removing eye-related components,
macro-F1 of the band-power classifiers fell by only 1.1-
3.0 points and AUROC by 0.03-0.05. The Riemannian
classifier lost more (8.9 points). This is probably in part
a methodological effect: removing components lowers
the rank of the epoch covariance matrices, and the
tangent-space mapping is sensitive to that.

Table 5 - Effect of removing ocular components with ICA (SAM40, relaxation vs all stressors, 32 channels, LOSO)

Macro-F1 (%) AUROC
Classifier without ICA with ICA without ICA with ICA
LogReg 59.9 58.7 0.734 0.708
Random forest 51.3 48.3 0.740 0.707
RBF-SVM 61.2 59.3 0.724 0.674
Riemannian 58.9 50.0 0.732 0.690

Abbreviations: AUROC, area under the receiver operating characteristic curve; ICA, independent component analysis;
LogReg, logistic regression; LOSO, leave-one-subject-out; RBF-SVM, support vector machine with radial basis function kernel.

https:/ldoi.org/10.52889/1684-9280-2026-77-5-jt0066
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Channel importance (RF)
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0 0.01 0.02 0.03 0.04
Importance

(a) Channel importance

delta
alpha
theta

beta

Band importance (RF)

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Importance

(b) Band importance

Figure 5 - Random-forest feature importance for relaxation vs mirror image on SAM40 (32 channels, all epochs).
Importances are summed over bands for each channel (a) and over channels for each band (b)

4. Discussion

Subject-independent performance is modest. With
LOSO validation, stress versus relaxation on SAM40
reached a macro-F1 of about 0.70 at best. This is far
below the accuracies reported for the same dataset,
including 99.67% [6]. Those figures were not obtained
with LOSO and cannot be compared directly, but the
size of the difference fits the inflation known to arise
when data from the same participant or recording enter
both training and test sets [7, 8]. We saw the same effect
for fatigue in our earlier work [10].

Task labels are not state labels. Cross-corpus
transfer is the more relevant test for a practical detector,
and here performance fell significantly despite shared
electrodes, identical preprocessing and per-participant
normalisation. The reversed transfer from EEGMAT to
SAM40 is the most informative result. In both datasets
a label of 1 means that the participant was doing a task,
not that the participant felt stressed. The task periods
differ between protocols in visual demand, eye
movements, possible speech-related muscle activity
and duration, and the control periods differ too (a short
relaxation block in SAMA40, a long resting recording in
EEGMAT). A classifier can therefore learn a signature
of “task versus this particular control condition” whose
sign changes from one dataset to the other. Self-

reported stress, which SAM40 provides as rating scales,
would be a natural way to check labels in future work.

Why label-free alignment falls short. Re-centring
removes differences in the marginal distribution of the
signals, that is, each participant’s and each corpus’s
offset in covariance space, and it did improve within-
corpus results. It did not repair the reversed transfer.
This suggests that the dominant cross-corpus shift is
conditional: the relation between EEG features and the
label itself differs between protocols, and no method
that ignores target labels can correct such a shift. The
partial success of CORAL on band power indicates that
some of the reversal came from differences in feature
scale and covariance, for instance device-dependent
spectral tilt, which can be aligned. The rest calls for a
small amount of labelled target data or for labels that
describe the participant’s state.

Implications  for post-trauma  rehabilitation and
biofeedback. A relaxation trainer driven by EEG has to
work for new users and, often, new hardware. Our
results suggest that such systems will need per-user
calibration or adaptation, and that candidate models
should be checked for dependence on ocular and other
artefact-dominated features before deployment.

https:/ldoi.org/10.52889/1684-9280-2026-77-5-jt0066
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Limitations. Only two corpora were available, and
both use cognitive stressors; an emotional stressor
dataset such as DASPS [25] and a multitasking dataset
such as STEW [26] are needed to test H2 fully. We
evaluated compact classical models; deep networks and
adversarial adaptation [19] may behave differently.

5. Conclusion

Under a unified, subject-independent protocol,
EEG classifiers of acute stress reach moderate
performance within a dataset and lose much of it on a
new dataset, in one direction to the point of reversing
their decisions. Label-free alignment narrows the gap in
some settings but does not close it. Cross-corpus
evaluation exposes protocol-specific shortcuts that
within-dataset benchmarks hide, and it should
accompany any claim that EEG can detect stress in
practice. For  post-trauma rehabilitation and
biofeedback, this means that EEG stress detectors will
need per-patient calibration and validation in trauma
patients before clinical use.

Data availability. SAMA40 is available on Figshare
(article 14562090) and EEGMAT on PhysioNet (eegmat,
version 1.0.0). The analysis code is available from the
corresponding author upon reasonable request.
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Tyiingeme

JKapaxarTaH KeJiHTIi IICMXOAOTUAABIK, CTpeCC KapakaT aAfaH ITalleHTTepAe XX1i Ke3aeceAl JKoHe CaybIFyabIH
HalllapAaybIMeH OaliaaHbICThl. DI HerisiHaeri OM0A0TUAABIK Kepi OallaaHBIC OHAATYy Ke3iHAe OHBI OaKblaayFa >KoHe
aszaliTyFa KeMeKTecyi MYMKiH, Oipak Tek cTpecc 4eTeKTOPHI JKaHa ITalleHTTep MeH >KaHa >KaOAbIKTa >KYMBIC icTereH
JKarjdaiiga >KyMbIC >Kacaiapl. XKegea crpeccriy >xapusaanran DO kaaccudpukatopaapsl ogerre Oip Aepekrep
SKUBIHTBIFBIHAAQ OKBITBIABIN, COA SKUBIHTHIKTA TecTizeHei, >koHe 90%-4aH >KOFaphl A9A4iK Xni kesdecedi. biz Gya
HOTIKEHIH KaHIIaABIKTH 604iri Mogeas OyphIH KopMereH KaTHICyIIbLAap YIIiH, COHAAN-aK 0acKa >KabAbIKITeH JKoHe
CTpeccTi TyABIPYABIH Oacka XxaTTaMachIMeH >Ka3blAFaH AepeKTep SKUBIHTHIFBI YIIiH CaKTaAaThIHBIH 3ePTTeAiK.

Ogaicrepi. Cay epikriaepaeri >keaea KOTHUTUBTIK cTpecc OOMBIHINIA €Ki alllbIK AepeKTep >KMBIHTBIFbI OipbIHFail
eHJey TizOerimen enAeaai: SAM40 (40 xatsicymsr; CTpyn Tecti, apudMeTKaAbIK TallCBIpMa >KoHe aifHaAbl OeliHeHi
TaHy TaIlChIpMachl peaakcalysira Kapcsl; 32 apHaasl Emotiv, 128 I'r) skene EEGMAT (36 xaTbIcy1bl; Ti3OeKTi azaiTy
TBIHBIFY KyJHiHe Kapce; 19 apnHaapr kamHmkaawlK >kyie, 500 Im). Tepr mixmam kaaccudukarop (Kmiaik
Aualla3OHJAaPBIHBIH KyaThl OOMBIHINA AOTVICTUKAABIK perpeccus, Ke3Aeiicok opMmaH >xoHe RBF-sapoast SVM, congaii-
aK pMMaH IeOMeTPIICHIHBIH >KaHaMa KeHicTiringeri kaaccudukarop) Oip KaTBICYIIBIHEI IIBIFAPBII TacTay apKblABI
BaaugaunsaMen (LOSO), oH opTak 51eKTpoaTa eKi OaFbITTarbl KOpIycapaAblK TachIMaljayMeH >KoHe OaKblaaychl3
TeHecTipyAiH eKi agiciMeH (prMaH OOMbIHIIA KaliTa OpTaablKTaHABIPY KoHe CORAL) GaraaaHABI.

Hoatixeaepi. SAMA40 iminge 6ip cTpeccopabl peaakcaljusiFa Kapcsl axkeipaTyda LOSO GoribiHIIIa eH >KOFapbl
macro-F1 70,3% 6oaasr (er >xorapsr AUROC 0,804). Koprycapaaslk TackIMaajay MOZJeAb, OaFBIT JKoHe CTpeccop
KOMOVHaIMsAAapbIHbIH 24-iHiH 22-ciHge macro-F1 MoHIH CTaTMCTUKAABIK MaHBI3ABI TYpAe TOMEHAETTi (SKYITHIK
YuaxoxcoH kpurepuiii, p < 0,01), ex ko6i 37,6 maibI3ABIK TapMakKa. TacsiMaagay acmmmeTpusaasr 60aas: EEGMAT
AepeKrepiHAe OKBITBLAFaH KAaccuduxaropaap SAM40 aepekrepinge 12 xaraanasig 9-piHga 0,5-ren tomen AUROC
KOPCETTI, SIFHN YIipeHiAreH IIelIiM OarbiThl KepiciHile e3repai.

KopsorteiHAbL. TamncsipMa apKblabl aHBIKTaAFaH CcTpecc Oearidepi xaTTaMara ToH aKIlapaTThl KAMTHUABI JKoHe 04
AepeKTep >KMBIHTBIFBI aybICKaHAa caKTaaMariabl. DO HeridiHgeri cTpecc AeTEeKTOPBIHBIH >KapakaTTaH KeMiHri
OHaATyZa HeMece OMOJAOTMAABIK Kepi OaiiaaHBICTa KOAAAaHyFa AaiibIH €KeHAiri Typaabl Ke3 KeATeH TY>KBIPBIMHBIH
aAAbIHAA KOpITycapaablK TecTidey XXyprisiayi Tnic. Kannnkaga Koa4aHy yIIiH op najigadaHyIIbFa KaanoOpAaey >koHe
HayKacTap TOOBIHAA BaAudauys KaXkeT 00AaAbl.

TyiiiH ce3aep: >KapaKaTTaH KelliHTi cTpecc, >XapakaTTaH KelliHIi OHaATy, OMOAOTUAABIK Kepi Oaitaansic, DT,
>KeJeA ICUXOAOTUAABIK CTpecc, KOpIlycapaAablK >KaAIlblaay.

AeTtexkums ocTporo crpecca mo DI 4451 HOCTTpaBMaTU4IeCKOM peadnanTanuy u
Omoaorm4deckon oopaTtHoi cesa3i: OrpaHmyeHHast HepeHOCMMOCTb MOJeAell Ha HOBbIe
HaOOpbI AAHHBIX
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Pesome

Ilcuxoaormyeckuii cTpecc Iocae TpaBMbI 9acTO BCTpedYaeTcs y MaIjMeHTOB C TpaBMaMM M CBA3aH C XyALINM
BOCCTaHOBAeHMeM. brioaornyeckas obpartHas cBs3b Ha ocHOBe DI Moraa Obl TOMOYb OTCAEKMBATh U CHIKATh €T0 B
Xoge peaOuMAUTALINM, HO TOABKO €CcAM AeTeKTOp CTpecca paboTaeT Ha HOBBIX MHallMeHTaX ¥ HOBOM ODOpyAOBaHUM.
Ony6aukosanabIe DO -KaaccuprUKaTOPEI OCTPOTO CTpecca OOBIYHO 00YYalOT 1 TECTUPYIOT Ha O4HOM HaOope JaHHBIX,
U 4JacTo coolrraercst o TouHoctu Boirte 90%. MbI oneHnAn, Kakas 4acTb 9ToM 3PPeKTUBHOCTY COXpaHAETCs AAS
Y4aCTHMKOB, KOTOPBIX MOJeAb He BUJeJa, U AAs1 HaOOpa JaHHBIX, 3allICAaHHOIO Ha APYIOM OOOpPYJAOBaHMM M IIO
APYroMy IIPOTOKOAY MHAYKIIUM CTpecca.

Metoapl. JBa OTKPBITBIX HaOOpa AaHHBIX C OCTPLIM KOTHUTUBHBIM CTPECCOM Y 340pPOBBIX J00pPOBOABIIEB
oOpaboTaHbl eauHBIM KOoHBeitepoMm: SAM40 (40 yuactHukos; Tect Crpyma, apudmernueckas 3ajada M 3ajada
pacrio3HaBaHIs 3epKaAbHbBIX M300paskeHNi! IIPOTUB peaakcanuy; 32-KaHaabHast cuctemMa Emotiv, 128 I'm) u EEGMAT
(36 yuacTHUKOB; IOCAeA0BaTeAbHOE BEIYMTaHe ITPOTUB ITOKOs; 19-kaHaabHas KauHnyeckas cucrema, 500 I'm). Yertsipe
KOMITaKTHBIX KaAaccudukaTtopa (AOrMcTuYecKast perpeccrs, caydaiHoii aec m SVM ¢ RBF-aapom Ha MomuocTu
9aCTOTHBIX AMarla3OHOB, a TakKKe KaaccuPuKaTOp B KacaTeAbHOM IIPOCTPaHCTBE PMMAaHOBOM IeOMeTpPI)
OIIeHMBAAVICh METOAOM BaAUAALINU C MCKAIOUeHreM oAHoro ucibiTyeMoro (LOSO), mpu Me>XKOpIycCHOM IlepeHoce B
00OMX HaIlpaBAeHMIX Ha AeCATM OOILIUX DAeKTpodax U C ABYMs MeTOJaMU HEeKOHTPOAMPYeMOTO BhIpaBHMBaHIL:
puMaHOBBIM IepenieHTpuposanueM u CORAL.

PesyapraTer. Buyrpm SAM40 ayummit macro-F1 mpu LOSO aaa ogHOro crpeccopa ImpOTHUB pelakcaliyi
cocrasua 70,3% (ayammii AUROC 0,804). MeXKOpIIyCHBINI IepeHOC 3HauuMMO cHimKaa macro-F1 B 22 us 24
KOMOMHAIIMII MOJeAM, HallpaBAeHM: UM cTpeccopa (IapHBI Kpurepmii YmakokcoHa, p<0,01), makcumym Ha 37,6
IIPOLIEHTHOrO IyHKTa. [lepeHoc Obla acMMMeTpUYHBIM: KAaccudukaTopsl, ooydyennsle Ha EEGMAT, aocturaam Ha
SAM40 AUROC umxe 0,5 8 9 3 12 cay4daes, TO eCTh BlydeHHOe HallpaBAeHle pellleHs] MHBepTUPOBaAOCh.

BriBoabl. MeTkn crpecca, olpejeleHHBIe 3ajadell, HecyT CHeIU(UUHYIO AAs IIPOTOKOAa MHQOPMAINIo,
KOTOpas He COXpaHsAeTCsA Hpu cMeHe Habopa AaHHBIX. MeXXKOpIIycHOe TecTMpOBaHME JOAKHO IIpeAllecTBOBAaTbh
A100BIM 3asBAEHMAM O rOoTOBHOCTH DDI-geTekTopa cTpecca K MPUMEHEHMIO B IIOCTTpaBMaTIIecKol peabuanTanun
nan B OMOAOTMYECKOV OOpaTHOW CBA3U. /A KAMHMYECKOTO NCIOAb30BaHUA IIOTPeOyIOTCA KaAnOpOBKa II0J
I10Ab30BaTeAs U BaAMAaIMsl Ha allieHTax.

KaioueBble caoBa: MoOCTTpaBMaTU4YeCKMil CTpecc, IMOCTTpaBMaTudecKas peaOuamuTanms, OMoaormyeckas
oOpatHast cBsA3b, DI, OCTPBIiL IICUXOAOTMIECKIII CTPecc, MeXKKOPIIyCHas TeHepaAn3aliys.

https://doi.org/10.52889/1684-9280-2026-77-5-jto066
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