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Abstract

Hypnotic susceptibility classification from electroencephalography (EEG)
remains underexplored compared with other EEG classification tasks.
This paper presents an AutoML-XAI convolutional neural network (CNN)
framework for hypnotic susceptibility classification using the public
nplresearch/hypnotic-state EEG dataset. Each 16-channel EEG recording
is filtered into five frequency-bands (rows), resampled, and split into ten non-
overlapping observed EEG snippets. Each snippet is formatted as a 5 × 1600

matrix, where rows represent frequency bands and columns preserve the ordered
time-series structure. Unlike synthetic augmentation, the proposed sample
expansion uses only observed EEG data and keeps all snippets from the same
subject inside the same grouped fold. Optuna is used to optimize CNN archi-
tecture and hyperparameters, while SHAP and LIME are used to identify
important frequency-band rows. In a single run, the XAI-row-weighted CNN
achieved a best-fold subject-level accuracy, balanced accuracy, F1 score, and
AUC of 1.00. Across folds, the top-two-band XAI model achieved the highest
mean subject-level accuracy and balanced accuracy of 0.667, with alpha and
gamma identified as the two most important bands. These findings suggest
that AutoML and XAI can be combined to produce an interpretable and data-
efficient EEG model for hypnotic susceptibility, while also emphasizing the need
for larger independent validation datasets.

Keywords: hypnotic susceptibility, EEG classification, AutoML, convolutional neural
network, explainable artificial intelligence, frequency bands
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1 Introduction

Hypnotic susceptibility, also referred to as hypnotizability or hypnotic suggestibility, is
commonly treated as an individual trait that influences the degree to which a subject
responds to hypnotic suggestions. Although hypnosis has been studied using behav-
ioral scales, EEG, fMRI, and other neurophysiological tools, EEG-based classification
of hypnotic susceptibility remains a relatively small and heterogeneous research area.
A recent bibliometric review identified EEG-based hypnosis research as a growing
but still limited field and emphasized methodological inconsistency across EEG proto-
cols and hypnotic induction procedures [1]. Reviews of hypnosis neuroimaging further
report that EEG and neuroimaging findings have not fully converged, particularly for
frequency-band and connectivity markers [2].

Existing hypnosis-related EEG machine learning studies provide important start-
ing points but do not yet close this methodological gap. Alimardani et al. used
differential entropy features and support vector machines for hypnotic susceptibility
classification in a Hypnotrack BCI setting [3]. Keshmiri et al. reported that higher hyp-
notic suggestibility was associated with lower EEG signal variability in theta, alpha,
and beta bands [4]. Landry et al. used machine learning to distinguish high and low
hypnotic susceptibility from resting-state EEG and highlighted aperiodic neural activ-
ity as a discriminating feature [5]. Farahzadi et al. developed interpretable machine
learning models for hypnotic depth, finding gamma power and beta power-envelope
correlation to be strong predictors and using SHAP to interpret neural contributions
[6]. These studies support the feasibility of EEG-based hypnosis modeling, but they
do not combine AutoML-driven CNN architecture selection with XAI-guided band
interpretation and model refinement for hypnotic susceptibility classification.

AutoML and XAI have each been used in EEG research outside hypnosis. AutoML
has been applied to optimize EEG deep architectures and to compare tools such as
AutoGluon, Auto-Sklearn, and Amazon SageMaker in EEG seizure detection [7, 8].
XAI methods such as SHAP and LIME have been used to investigate EEG epilepsy
models and EEG-based BCI systems [9, 10]. To the best of the literature reviewed
here, however, no previous EEG-hypnosis study has combined AutoML-based CNN
optimization with SHAP/LIME-based XAI and XAI-guided frequency-band weighting
for hypnotic susceptibility classification.

The present work addresses this gap by proposing a grouped, non-overlapping,
non-synthetic EEG snippet strategy coupled with an AutoML-optimized CNN and
XAI-based frequency-band analysis. The main contributions are: (i) a 5× 1600 EEG
representation preserving band, channel, and time ordering; (ii) a leakage-controlled
segmentation strategy in which each subject contributes ten observed snippets with-
out cross-subject or synthetic recombination; (iii) an Optuna-based CNN search with
grouped K-fold validation; and (iv) SHAP/LIME-guided identification of important
EEG frequency bands and XAI-derived features.
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2 Related work and research gap

2.1 Limited EEG-hypnosis data and findings

A central limitation in EEG-hypnosis modeling is the lack of available data. EEG stud-
ies are often limited by small subject counts, expensive acquisition, and inter-subject
variability. This problem is particularly important in hypnosis because the available
EEG-hypnosis literature remains small compared with EEG epilepsy, sleep staging,
or BCI motor imagery [1]. Reviews also indicate that frequency-band findings remain
inconsistent. Theta, alpha, beta, and gamma have all been implicated in hypnosis sus-
ceptibility, however findings vary by task, induction method, feature definition, and
whether the analysis targets hypnotic state, depth, or trait susceptibility [2, 4, 6].

2.2 AutoML and XAI in EEG

AutoML is relevant for EEG because deep learning architectures have many hyper-
parameters and EEG signals are high-dimensional, noisy, and contain artifacts[7].
AutoML EEG studies have shown that automated model selection can produce strong
results in domains such as epilepsy detection [8]. However, the epilepsy setting differs
from hypnotic susceptibility because labels, signal morphology, and clinical targets are
different. XAI is also increasingly important in EEG because clinicians and neuroscien-
tists need to understand which channels, or frequency bands support a model decision
[9, 10]. Farahzadi et al. demonstrated the value of SHAP for interpreting hypnosis-
depth models [6], but that study did not perform AutoML-based CNN architecture
selection or XAI-guided CNN reweighting for susceptibility classification.

Therefore, the main novelty of the present study is the integration of AutoML and
XAI in a single EEG-hypnosis susceptibility pipeline. AutoML is used to search for a
CNN design, while XAI is used not only after training but also to create interpretable
reduced or reweighted inputs. This is distinct from prior hypnosis work based on
classical features such as entropy, connectivity, or power alone [3–6].

2.3 Non-synthetic segmentation versus synthetic augmentation

Deep EEG models are often limited by small datasets. EEG augmentation studies
have addressed this problem using synthetic or transformed examples, including time-
domain, frequency-domain, and spatial transformations [11]. CutCat, for example,
increases EEG data by cutting and concatenating portions of trials from within or
across subjects [12]. Such approaches can improve performance in low-data regimes,
but they also introduce assumptions about which transformations preserve labels and
neurophysiology.

The present work uses a more conservative strategy: no synthetic EEG is generated,
no artificial noise is injected, and no inter-subject recombination is used. Instead, each
original EEG recording is divided into ten non-overlapping observed snippets. This
increases the number of training samples while preserving the actual input signal. The
method still requires careful validation because the ten snippets from a subject are
not independent people. For that reason, all splitting is performed by subject using
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grouped folds, ensuring that all snippets from the same subject remain together in
either training or testing within a fold.

3 Materials and methods

3.1 Dataset and preprocessing

The EEG dataset was obtained from the public GitHub resource
nplresearch/hypnotic-state [13]. The implementation reads EEGLAB .set/.fdt
files from two class folders corresponding to high and low hypnotic susceptibility.
Each original recording contains 16 EEG channels. The five frequency rows used in
the CNN input correspond to delta (1 − 4 Hz), theta (4 − 8 Hz), alpha (8 − 13 Hz),
beta (13− 30 Hz), and gamma (30− 45 Hz). Each subject recording is resampled to
1000 time points per channel and then divided into ten non-overlapping parts of 100
time points per channel. Therefore, each segment contains 16 × 100 = 1600 ordered
values per frequency band.

Let the original recording-level dataset be

D = {(Ri, yi)}
N
i=1, (1)

where Ri ∈ R
16×Li is the ith multichannel EEG recording and yi ∈ {0, 1} denotes

the susceptibility label. After filtering and segmentation, the CNN input for the jth
snippet of subject i is

Zi,j ∈ R
5×1600, j = 1, . . . , 10. (2)

The 1600 columns preserve the ordered channel-time structure:

1600 = 16 channels× 100 time values per channel. (3)

3.2 Non-overlapping segmentation

For each subject i, the segment length is

Ti =

⌊
Li

10

⌋
. (4)

The jth non-overlapping segment is

Xi,j = R̃i[:, (j − 1)Ti : jTi], j = 1, . . . , 10, (5)

where R̃i is the filtered recording. The label is inherited from the original subject-level
recording:

yi,j = yi. (6)

The segmented dataset is therefore

Dseg = {(Zi,j , yi) : i = 1, . . . , N, j = 1, . . . , 10}. (7)
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To avoid leakage, cross-validation is performed using grouped subject-level splits.
If g(i, j) = i denotes the subject group of snippet (i, j), then a valid fold satisfies

{g(i, j) : (i, j) ∈ D
(k)
train} ∩ {g(i, j) : (i, j) ∈ D

(k)
test} = ∅. (8)

Thus, snippets from the same subject never appear in both training and testing within
the same fold.

3.3 AutoML CNN optimization

A CNN fθ maps the 5× 1600 input to a class-probability vector:

fθ : R5×1600 → [0, 1]2. (9)

The predicted label for a snippet is

ŷi,j = argmax
c

fθ(Zi,j)c. (10)

Optuna was used to search the CNN architecture and training parameters [14].
The search included the number of convolutional layers, filters, kernel dimensions,
batch normalization, pooling, dropout, dense units, learning rate, and batch size. The
objective maximized mean validation balanced accuracy across grouped folds:

J(a) =
1

K

K∑

k=1

S
(
fθa,k

,D
(k)
val

)
, (11)

where a is an AutoML candidate and S(·) is the validation score. The best candidate is

a⋆ = argmax
a∈A

J(a). (12)

3.4 Recording-level prediction

Because each subject is represented by ten snippets, subject-level prediction aggregates
the ten snippet probabilities:

pi =
1

10

10∑

j=1

fθ⋆(Zi,j)1. (13)

The binary subject-level prediction is

ŷi =

{
1, pi ≥ τ,

0, pi < τ.
(14)
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3.5 XAI-guided band analysis

After training the best full-band CNN, SHAP and LIME were applied to estimate
feature relevance [15, 16]. Let Ei,j ∈ R

5×1600 denote the XAI explanation map. Row-
wise band relevance is computed as

αr =
1

|Dseg| × 1600

∑

(i,j)

1600∑

m=1

|Ei,j(r,m)|, (15)

where r ∈ {1, . . . , 5} indexes frequency bands. Channel-block relevance can similarly
be computed over the 100 columns assigned to each channel:

βq =
1

|Dseg| × 5× 100

∑

(i,j)

5∑

r=1

100q∑

m=100(q−1)+1

|Ei,j(r,m)|. (16)

The XAI stage produced three model variants: (i) the full-band CNN, (ii) a CNN using
only the two most important XAI bands, and (iii) a CNN using all bands with XAI-
derived row weights. A fourth stress-test variant multiplied the top two XAI bands by
ten.

4 Results

The implementation used 5 grouped folds. In each fold, 24 subjects were used for
training and 6 subjects for testing. Each subject contributed ten non-overlapping
observed EEG snippets, producing 300 samples in the run. The best Optuna trial
achieved a validation balanced accuracy of 0.7722. The selected architecture contained
four convolutional layers, batch normalization, dropout of 0.1933, a dense layer of 256
units, learning rate of 5.53× 10−5, and batch size of 2.

Table 1 Grouped 5-fold subject-level results from one exploratory run. Mean values summarize all
folds; best-fold values indicate the highest subject-level fold performance observed for that model.

Model Mean Acc. Mean F1 Mean AUC Best-fold Acc./AUC

All bands CNN 0.633 0.518 0.578 0.833/1.000
Top-two XAI bands CNN 0.667 0.527 0.689 0.833/1.000
All bands with XAI row weights 0.600 0.505 0.556 1.000/1.000
Top-two bands multiplied by 10 0.533 0.448 0.511 0.667/0.778
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Fig. 1 Best-fold confusion matrices for the four CNN variants evaluated in the run: (a) baseline
all-band CNN, (b) all-band CNN with XAI-derived row weights, (c) CNN trained using only the
top two XAI-selected frequency bands, and (d) stress-test CNN with the top two XAI-selected rows
multiplied by ten. Rows indicate the true hypnotic susceptibility class and columns indicate the
predicted class. The XAI-row-weighted all-band CNN produced the clearest best-fold result, with
30/30 low-susceptibility snippets and 30/30 high-susceptibility snippets classified correctly.
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Figure 1 presents the best-fold confusion matrices for all CNN variants on a ded-
icated figure page for readability. The all-band CNN and the top-two-row-times-ten
stress-test model both correctly identified all high-susceptibility snippets in their best
folds but retained errors in the low-susceptibility class. The XAI-row-weighted all-
band CNN achieved the clearest best-fold separation, with no false low or false high
predictions, while the top-two-XAI-band CNN preserved perfect low-class detection
but retained errors for high-susceptibility snippets.

The strongest result was obtained by the all-band XAI-row-weighted CNN, which
reached subject-level accuracy, balanced accuracy, F1 score, and AUC equal to 1.000
in the best fold. This result is important because it shows that the XAI-derived row
weighting can produce a perfect fold-level separation in this run. However, because
the mean across folds was lower, the perfect fold should be interpreted as a promising
exploratory result rather than as conclusive evidence of generalization (To avoid over-
fitting).

The most robust mean performance in this run was obtained by the top-two XAI-
band CNN, which achieved the highest mean subject-level accuracy and balanced
accuracy of 0.667 and the highest mean AUC of 0.689. This suggests that the XAI-
selected bands retained discriminative information while reducing the input from five
frequency rows to two.

The combined SHAP and LIME analysis ranked the frequency bands as follows:

α : 221.64, γ : 207.16, β : 180.09, θ : 145.99, δ : 82.32. (17)

Thus, alpha and gamma were selected as the top two XAI frequency bands. The
normalized XAI row weights used for retraining were

wδ = 0.492, wθ = 0.872, wα = 1.324, wβ = 1.076, wγ = 1.237. (18)
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Fig. 2 Feature-level XAI rankings for the CNN: (a) top SHAP feature ranking and (b) top LIME
feature ranking. SHAP concentrates the strongest attributions in gamma-band P3 time features,
whereas LIME assigns relevance to a broader set of band-channel-time features, including delta,
gamma, alpha, theta, and beta components.
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Fig. 3 Combined SHAP and LIME frequency-band row importance for the CNN. Alpha and gamma
are the two highest-ranked rows, supporting their selection for the top-two-band CNN and their
emphasis in the XAI-guided interpretation.

The detailed feature-level explanations are visualized in Figure 2, while the com-
bined frequency-band row importance is summarized in Figure 3. The SHAP ranking
is dominated by gamma-band features around the P3 channel, while LIME distributes
high relevance across delta, gamma, alpha, theta, and beta features. When SHAP
and LIME are combined at the row level, alpha and gamma receive the highest total
importance, followed by beta, theta, and delta. The convergence of alpha and gamma
in the combined ranking supports the use of XAI as an interpretability layer rather
than relying only on validation accuracy.

5 Discussion

5.1 Main finding and novelty

The present results support the feasibility of an AutoML-XAI approach for hypnotic
susceptibility classification. The best-fold perfect result obtained by the XAI-row-
weighted CNN demonstrates that the proposed representation can separate high and
low susceptibility subjects under at least one grouped train-test partition. More impor-
tantly, the model is not a black-box-only pipeline: it identifies alpha and gamma as
the most important frequency rows and uses those XAI results to construct reduced
and reweighted CNN variants.

The proposed workflow differs from previous EEG-hypnosis machine learning
studies. Earlier susceptibility work used differential entropy and classical SVM clas-
sification [3, 4], while more recent hypnosis-depth work used interpretable models
and SHAP but did not perform AutoML CNN search or XAI-guided CNN reweight-
ing [6]. AutoML and XAI have been explored in other EEG domains such as BCI
and epilepsy [7–10], but the reviewed literature does not show a prior combination of
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AutoML-optimized CNNs and XAI-guided band selection for hypnotic susceptibility
classification.

5.2 Reliability of the data expansion strategy

The segmentation strategy is intentionally conservative. EEG augmentation methods
can be useful in low-data regimes, but many generate transformed or synthetic sam-
ples by applying time, frequency, spatial, noise, or cut-and-concatenate operations
[11, 12]. In contrast, the present work uses only original recorded EEG snippets. No
artificial EEG signals are generated, no cross-subject snippets are recombined, and no
overlapping windows are used. Therefore, the enlarged dataset is based on observed
EEG evidence rather than synthetic augmentation.

This choice improves interpretability and reduces classification assumptions, how-
ever it does not remove the dependence among snippets from the same subject. The
ten snippets produced from one EEG recording are not ten independent participants.
The use of grouped K-fold splitting directly addresses this issue by keeping all ten
snippets from a subject in the same fold. This makes the validation design more reli-
able than segment-level random splitting, which would risk leakage and unreliable or
even inflated performance.

5.3 Frequency-band interpretation

The XAI analysis selected alpha and gamma as the two most important bands, with
beta ranked third. This partly aligns with previous hypnosis EEG findings but also
adds a CNN/XAI-specific perspective. Farahzadi et al. found gamma power and beta
PEC to be the top predictors of hypnotic depth and reported SHAP evidence that
reduced gamma power in midline frontal and parietal regions and increased beta DAN
connectivity contributed to deeper hypnosis [6]. Keshmiri et al. found that high hyp-
notic suggestibility was associated with lower EEG signal variability in theta, alpha,
and beta bands [4]. De Pascalis reviewed evidence that theta, alpha, beta, and gamma
oscillations and connectivity patterns can all change with hypnotic susceptibility, but
also emphasized that findings are not fully convergent [2].

The present alpha-gamma result is therefore plausible but should not be interpreted
as replacing prior theta-, beta-, or connectivity-based findings. Instead, it suggests
that when the raw ordered band-channel-time matrix is processed by an AutoML-
optimized CNN, alpha and gamma rows carry the strongest combined SHAP/LIME
relevance in this run. Gamma agrees strongly with the hypnosis-depth literature, while
alpha may reflect the importance of attention, or connectivity-related differences often
discussed in hypnosis EEG studies. The beta band remained important but ranked
below alpha and gamma in this pipeline. These differences may arise from the use of
non-overlapping snippets, CNN filters, row-wise weighting or even the lack of available
training samples.
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6 Conclusion

This work presents an AutoML-XAI CNN framework for hypnotic susceptibility classi-
fication from segmented 16-channel EEG. The method uses a 5×1600 frequency-band
representation, ten non-overlapping observed snippets per subject, grouped K-fold
validation, Optuna-based CNN search, and SHAP/LIME-based band interpretation.
In one exploratory run, the XAI-row-weighted CNN reached a perfect best-fold
subject-level result, while the top-two-band XAI model produced the strongest mean
subject-level performance across folds. The findings support alpha and gamma as
the most important bands in this pipeline and position AutoML-XAI as a promising
direction for interpretable EEG-based hypnosis classification.
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