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Abstract. Deep learning models have shown promis-
ing performance for EEG-based Major Depressive
Disorder (MDD) detection, but their clinical use
requires methods that can provide insight into model
predictions.  This study compares multiple post-
hoc explainability techniques, including gradient-,
perturbation-, and Shapley-based approaches, applied
to an InceptionTime classifier trained on resting-state
clinical EEG recordings. The results reveal partial
agreement between attribution methods, alongside
notable differences arising from their underlying
methodological assumptions. These findings indicate
that post-hoc explanations provide complementary but
method-dependent perspectives on model behavior,
highlighting the importance of assessing cross-method
consistency when interpreting EEG-based depression
classifiers.
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1 Introduction

Major depressive disorder (MDD) is among the most
prevalent psychiatric disorders worldwide (GBD 2017
Disease and Injury Incidence and Prevalence Collabo-
rators, 2018). Despite extensive research, diagnosis re-
mains primarily based on clinical assessment, motivat-
ing the search for objective measures that could support
MDD evaluation. In this context, electroencephalogra-
phy (EEG) has attracted considerable interest as a non-
invasive and accessible modality for assessing MDD.
Numerous studies have reported alterations in spectral,
connectivity, and nonlinear EEG characteristics (Cukic’
et al., 2020; Kaiser et al., 2018; Simmatis et al., 2023);
however, no objective biological marker has yet been
established for routine clinical use (Kendler, 2016).
The increasing availability of EEG data has moti-
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vated the application of machine learning methods ca-
pable of identifying complex patterns that may not be
apparent through conventional analysis alone. Both
classical feature-based approaches and more recent
deep learning models have reported promising results
for MDD detection (Aleem et al., 2022; Avots et al.,
2022; Dutua and Sultana, 2025; Wang et al., 2024).
However, modern deep learning and time-series classi-
fication models learn high-dimensional representations
whose relationship to underlying neurophysiological
processes is often unclear, limiting direct human inter-
pretation of model behavior (Elton, 2020; Jovic et al.,
2025). Such limitations are particularly important in
high-stakes domains such as healthcare (Rudin, 2019).

To improve the interpretability of the model, post-
hoc explainability methods are commonly applied to
black-box models (Linardatos et al., 2021; Marcinke-
vi¢s and Vogt, 2023). Widely used approaches in-
clude Shapley-value-based methods, gradient-based at-
tribution methods, and perturbation-based techniques
(Lundberg and Lee, 2017; Sundararajan et al., 2017;
Zeiler and Fergus, 2014). Beyond improving trans-
parency, such methods may help relate model predic-
tions to physiologically meaningful EEG characteris-
tics and support scientific interpretation of learned rep-
resentations (Hicks et al., 2021; Mulc et al., 2025).
However, these approaches rely on different assump-
tions and approximation strategies, which may lead to
substantially different explanations for the same pre-
diction (Jovic et al., 2025; Krishna et al., 2022). Con-
sequently, explanation stability, robustness, and phys-
iological plausibility remain important concerns. De-
spite these challenges, EEG studies commonly apply a
single explainability technique, while systematic inves-
tigation of agreement and disagreement between multi-
ple post-hoc explainability methods remains relatively
limited.

In this work, we apply multiple post-hoc explainabil-
ity methods to an InceptionTime model (Ismail Fawaz
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et al., 2020) trained for EEG-based MDD detection.
We investigate whether different explainability meth-
ods produce convergent attribution patterns and exam-
ine the extent to which their explanations remain con-
sistent across the same classification task. Through this
analysis, we assess both the potential usefulness and
the limitations of post-hoc explainability for interpret-
ing black-box EEG models in depression detection.

2 Materials and Methods

2.1 Dataset Description

EEG recordings were obtained at the University Psy-
chiatric Hospital Vrapc¢e using a Nihon Kohden EEG-
1200K system from 140 adults: 70 patients with
current moderate-to-severe MDD diagnosed by se-
nior psychiatrists according to ICD-10 and 70 con-
trols screened to exclude psychiatric or neurologi-
cal disorders and psychopharmacotherapy. Groups
were matched for age and sex as closely as possi-
ble (MDD: 37 women, 36.86£10.22 years; 33 men,
45.24+12.10; controls: 32 women, 35.88+9.96; 38
men, 36.16+11.35). Further cohort criteria are reported
in (Mulc et al., 2025). Signals were sampled at 200 Hz
from 19 electrodes positioned according to the inter-
national 10-20 system. Each 30-minute session began
with resting-state recording and continued with activa-
tion protocols. Preprocessing included band-pass filter-
ing (0.1-40 Hz), common-average re-referencing, and
ICA-based artifact removal using ICLabel. The first
300 seconds of resting-state EEG were segmented into
2-second windows with a 0.5-second (25%) overlap,
corresponding to a 1.5-second stride.

2.2 Model Training and Evaluation

The InceptionTime architecture (Ismail Fawaz et al.,
2020) was selected due to its strong performance
in time-series classification tasks (Middlehurst et al.,
2024), including EEG analysis (Kendjel et al., 2026).
Experiments were conducted using the InceptionTime
implementation provided by the tsai library (Oguiza,
2023), which employs parallel convolutions with mul-
tiple kernel sizes to capture temporal patterns at differ-
ent temporal scales and residual connections to facili-
tate optimization.

Channel-wise z-score normalization was performed
using statistics computed exclusively from the train-
ing data within each fold. Model evaluation was
conducted using subject-level stratified 5-fold cross-
validation, with all epochs from each participant re-
tained in the same fold to prevent information leak-
age. Within each training fold, 10% of subjects were
reserved for validation. Epochs inherited the corre-
sponding participant-level diagnosis as weak supervi-
sion, while inference and evaluation remained subject-
level. For each subject, epoch-wise logits were aggre-
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gated using a trimmed-mean operator and converted
into a single probability estimate before assigning the
final class label. All reported metrics were calculated
from these subject-level predictions. Training was
performed using the Adam optimizer, cross-entropy
loss, and One-Cycle learning-rate scheduling, and the
checkpoint with the lowest validation loss was retained
for subsequent explainability analysis.

2.3 Explainability Framework

To analyze model behavior, we evaluated five post-
hoc explainability methods representing three major at-
tribution paradigms: DeepSHAP (Lundberg and Lee,
2017; Shrikumar et al., 2017), Integrated Gradients
(IG) (Sundararajan et al., 2017), Grad-CAM (Selvaraju
et al., 2017), Occlusion (Zeiler and Fergus, 2014), and
Permutation Feature Importance (PFI) (Breiman, 2001;
Fisher et al., 2019). For each EEG segment, channel—
time attributions were aggregated into channel-level
importance values and then averaged across segments,
subjects, and cross-validation folds. Signed attribu-
tions were converted to absolute values before channel-
level aggregation; the resulting profiles therefore repre-
sent attribution magnitude rather than direction.

DeepSHAP was implemented using Captum’s
DeepLiftShap module with a background reference
set of 40 randomly selected training samples per fold.

Integrated Gradients was computed using 100 in-
terpolation steps. To assess baseline sensitivity, both
zero-valued and Gaussian-noise baselines were evalu-
ated.

Grad-CAM was applied to the final Inception block
prior to global average pooling. To obtain channel-
level relevance estimates, Grad-CAM was supple-
mented with InputXGradient attribution.

Occlusion analysis was performed using sliding
temporal masks of size (1,50) and stride (1, 25).

Permutation Feature Importance was computed
by evaluating each EEG channel independently. For a
selected channel, its temporal sequence was randomly
permuted across the evaluation batch while all remain-
ing channels were left unchanged. Channel importance
was then quantified by the resulting decrease in target-
class prediction confidence.

Frequency-band attribution was derived from the
DeepSHAP and IG channel-time maps. A real FFT
(rFFT) was applied along the temporal axis, and the re-
sulting magnitudes were pooled into delta (0.5-4 Hz),
theta (4-8 Hz), alpha (8—13 Hz), and beta (13-30 Hz)
bands. Each score array was min—max normalized to
the range 0—1; arrays with a range below 10~% were
set to zero. Class-specific scores were averaged across
segments, subjects, and folds and then summed across
channels within each region. The heatmaps therefore
represent cumulative regional spectral attribution mag-
nitude, which may depend partly on the number of
channels assigned to each region, rather than EEG band
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power.

Explanation robustness was evaluated using the co-
efficient of variation (CoV) for fold-wise variabil-
ity, the Gini coefficient for attribution concentration,
and Kendall’s 7 for cross-method ranking agreement.
Higher Gini values indicate greater concentration.
Fold-wise rank stability was additionally assessed us-
ing an overlap-based SRA score adapted from the se-
quential ranking principle of Ekstrgm et al. (2019). For
each fold pair, the top-k Jaccard overlap at depth k
was weighted by 1/k, normalized by 22:1 1/k, and
averaged across fold pairs. SRA ranges from O to 1,
with higher values indicating greater agreement. Re-
gional SRA applies the same procedure after aggre-
gating channels into cortical regions. In addition, a
spatial-temporal variation metric (STV) (Mortaheb et
al., 2019) was used to quantify the smoothness of attri-
bution maps across neighboring EEG channels.

3 Results

3.1 Classification Performance

Classification performance was evaluated using
subject-level predictions aggregated across EEG
segments within a stratified 5-fold cross-validation
framework. Mean performance metrics are summa-
rized in Table 1. The model achieved strong and
consistent performance across folds, with an average
ROC AUC of 0.976 and PR AUC of 0.980. High
precision (0.926) and recall (0.914) further indicate
reliable identification of both MDD and control
subjects.  These internally validated subject-level
results provide a suitable basis for analyzing model
behavior but do not establish clinical validity or
external generalizability.

Table 1. Subject-level classification performance
(mean =+ standard deviation).

Metric Mean + STD

Accuracy 0.914 £0.048

Precision 0.926 £ 0.032

Recall 0.914 £ 0.048

F1-score 0.913 £0.051

ROC AUC 0.976 + 0.019

PR AUC 0.980 £ 0.014

3.2 Explainability Results

For each explainability method, attribution maps were
computed for individual EEG segments and aggregated
across subjects and cross-validation folds to obtain
global class-level relevance profiles for the Control and
MDD groups. Preliminary temporal attribution anal-
ysis did not reveal consistent patterns across folds or
subjects. Consequently, the following analysis focuses
on aggregated spatial and spectral attribution trends.
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Figure 1. Topographic attribution maps

Detailed visualizations are presented for DeepSHAP
and Integrated Gradients, while channel-level agree-
ment across all evaluated explainability methods is ex-
amined through the subsequent cross-method compar-
ison and consensus analyses.

3.2.1 Global attribution patterns

DeepSHAP and Integrated Gradients (IG) produced
broadly similar spatial attribution patterns, indicating
partial agreement between the two explainability ap-
proaches (Fig. 1). Both methods highlighted the im-
portance of right-hemisphere regions and revealed a
broader spatial attribution distribution in the MDD
group compared to Controls. For DeepSHAP, attri-
butions in the Control group remained comparatively
localized around the right temporal region, with T4
emerging as the most influential channel. In contrast,
the MDD group exhibited a wider attribution pattern
involving additional right-hemisphere channels, par-
ticularly T6, 02, F4, and the midline frontal channel
Fz. Integrated Gradients showed stronger emphasis on
frontal regions, especially F4 and Fz, in both groups
and more prominently in MDD. While right tempo-
ral relevance remained evident for Controls, IG also
attributed greater importance to parietal and occipital
regions, including T5, T6, and O2.

The regional-frequency attribution maps generated
using DeepSHAP (Fig. 2) indicate substantial contri-
butions of beta-band activity in both groups. In the
MDD group, attribution was more broadly distributed
across delta-, theta-, and alpha-band components, with
the strongest emphasis observed in frontal regions.

The regional-frequency heatmaps generated using
IG (Fig. 3) indicate substantial contributions from
frontal and temporal regions across multiple frequency
bands. Compared to the Control group, the MDD
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Figure 2. DeepSHAP regional and frequency-band attribution heatmap

group exhibited greater relative attribution, particularly
within the delta and beta bands.

3.2.2 Stability and cross-method agreement

Table 2 and Fig. 4 summarize the stability and agree-
ment metrics. Occlusion yielded the highest channel-
level and regional SRA values (0.428 and 0.574), in-
dicating the strongest fold-wise ranking agreement,
while Permutation yielded the lowest (0.303 and
0.397). Occlusion exceeded IG by 0.093 and 0.107 and
Permutation by 0.125 and 0.177 at the channel and re-
gional levels, respectively. These comparisons are de-
scriptive rather than inferential.

CoV values ranged from 0.548 to 0.578, indicating
comparable, but not necessarily low, fold-wise variabil-
ity. Gini ranged from 0.185 for DeepSHAP, indicating
the most diffuse attribution profile, to 0.234 for Oc-
clusion, indicating the most concentrated. STV varied
only from 0.299 to 0.310, indicating comparable spa-
tial smoothness across methods.

Table 2. Quantitative evaluation of explainability-
method stability and agreement

Method  SRAT Reg. SRAT CoV] Ginif STV]
G 0335 0467 0565 0226 0.299
DeepSHAP 0349 0515  0.578 0.185 0.308
Grad-CAM 0355 0423  0.560 0218 0.310
Occlusion 0428  0.574  0.548 0234 0.303
PFI 0303 0397 0561 0216 0.308

Agreement between explainability methods was fur-
ther assessed using pairwise Kendall’s Tau correlations
(Fig. 5). The strongest agreement was observed be-
tween IG and Grad-CAM (v = 0.93), while IG and
Permutation (7 = 0.89) and Grad-CAM and Permuta-
tion (7 = 0.87) also demonstrated substantial ranking
similarity. In contrast, DeepSHAP showed noticeably
lower agreement with the remaining approaches, with
correlation values ranging from 0.36 to 0.44.

These results indicate that gradient-based and
perturbation-based methods produced partially conver-
gent attribution rankings, whereas DeepSHAP yielded
comparatively distinct feature attribution profiles.
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3.2.3 Consensus attribution profile

To summarize attribution patterns across methods,
channel-level attributions were averaged across sam-
ples and min-max normalized within each method
to the range 0—1. The consensus score was the un-
weighted mean of the normalized values across meth-
ods. Equal weighting was used because no ground-
truth attribution or validated basis for method-specific
weights was available; methodological differences
were examined separately through the cross-method
analyses. Cross-method agreement was calculated as
1/(1 + o.), where o, is the standard deviation of the
normalized method scores for channel c. Higher values
indicate closer agreement, not statistical confidence.
Because methods may agree on either high or low im-
portance, agreement was interpreted jointly with con-
sensus. Fig. 6 presents the channels with the highest
consensus scores and their agreement values.

The aggregated rankings consistently prioritized the
right temporoparietal channel T6 and the right occipital
channel O2, followed by the right frontal channel F4,
the midline frontal channel Fz, and the right temporal
channel T4. These channels also exhibited relatively
high cross-method agreement scores across the evalu-
ated explainability methods.

4 Discussion

The explainability methods converged partially on
a common spatial interpretation. Integrated Gradi-
ents and Grad-CAM estimate local output sensitiv-
ity, whereas Occlusion and PFI measure prediction
changes following finite input perturbations. Their
broadly comparable channel rankings suggest that
these distinct probes recovered a common coarse spa-
tial pattern of model reliance. DeepSHAP yielded a
more distinct and evenly distributed profile, consis-
tent with its allocation of contributions relative to a
background set and its sensitivity to reference selection
and correlations among EEG channel-time features.
Across methods, right frontal (F4, Fz), right tempo-
ral/parietal (T6), and posterior (O2) channels were re-
peatedly emphasized and prioritized by the consensus
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Figure 3. IG regional and frequency-band attribution heatmap
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Figure 4. Descriptive comparison of explanation sta-
bility and agreement metrics. CoV and STV were
transformed to align their visual direction with the
agreement metrics.

analysis. Frequency-band rankings varied more sub-
stantially, indicating that spectral interpretations were
less robust to method choice than coarse spatial pat-
terns.

These spatial patterns are broadly consistent with
previous EEG findings in MDD. Frontal asymmetry
and altered right frontal activity have been associated
with disrupted emotional regulation and cognitive con-
trol (Allen et al., 2018; Davidson, 1998; Torre-Luque
and Bornas, 2017), while altered hemispheric orga-
nization and frontal network activity have also been
reported in depressive populations (Du et al., 2023;
Teng et al., 2022). Similarly, the emphasis on T6 and
02 is compatible with reported alterations in posterior
alpha- and beta-band activity (Cukié et al., 2020; Fin-
gelkurts et al., 2006; Simmatis et al., 2023). These cor-
respondences support the physiological plausibility of
the learned patterns but do not establish causal relation-
ships or clinical biomarkers.

The practical value of multi-method explainabil-
ity lies in model auditing and hypothesis generation.
Agreement across methods with different assumptions
provides stronger evidence of a stable model depen-
dency than an individual explanation, whereas dis-
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Figure 6. Consensus and cross-method agreement

agreement identifies interpretations requiring further
validation. The distinct DeepSHAP profile and vari-
able frequency-band rankings demonstrate that expla-
nations remain method-dependent and may not faith-
fully represent the model’s internal reasoning.

Several limitations affect these findings. Although
the cohort of 140 participants is comparatively large
for EEG-based MDD classification (Kendjel et al.,
2026), its single-site origin and lack of external val-
idation limit generalizability. Residual demographic

Varazdin, Croatia




238 Proceedings of the Central European Conference on Information and Intelligent Systems

differences, medication effects, and other unmeasured
participant characteristics may also influence classi-
fication and attribution patterns. The high subject-
level AUC may partly reflect epoch aggregation and
the distinction between moderate-to-severe MDD and
screened healthy controls; performance in milder, co-
morbid, or external populations remains unknown.
EEG results are also sensitive to acquisition conditions,
preprocessing, and inter-subject variability. Finally, the
analysis focused on global profiles and did not exam-
ine subject-specific explanations or transient temporal
relevance.

Future work should evaluate classification and ex-
planation stability across independent, multi-site co-
horts, preprocessing pipelines, and attribution configu-
rations. Inherently interpretable models, connectivity-
aware architectures, and neurophysiological priors may
further help distinguish reproducible signal structure
from explainer-specific effects.

5 Conclusion

This study compared five post-hoc explainability meth-
ods applied to an InceptionTime model for EEG-
based MDD classification. Integrated Gradients, Grad-
CAM, Occlusion, and PFI produced broadly compa-
rable channel rankings despite their different assump-
tions, whereas DeepSHAP yielded the most distinct
and evenly distributed attribution profile. Neverthe-
less, several frontal, temporal, and posterior channels
were consistently emphasized across methods, while
frequency-band rankings showed greater variability.

The practical value of post-hoc explainability in this
setting is not the direct identification of neurological
biomarkers, but the auditing of black-box model be-
havior. Cross-method convergence identifies candidate
model dependencies that are comparatively robust to
explainer choice, whereas disagreement reveals inter-
pretations that are method-dependent and should be
treated cautiously. Multi-method analysis can there-
fore guide robustness checks, investigation of possible
confounding or predictive shortcuts, and selection of
hypotheses for independent validation, but cannot by
itself establish causal neurophysiological relevance or
clinical validity.
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