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Abstract

Reliable interpretability remains essential for deploying deep learning models in EEG-based neurotech-
nology, particularly in brain–computer interfaces and clinical decision-support scenarios. However,
existing post-hoc explainable artificial intelligence methods often provide single-domain attribution
maps, limiting their ability to jointly characterize spatial, temporal, and spectral EEG dynamics.
In addition, perturbation-based strategies may disrupt physiological signal organization, whereas
gradient-based methods depend on internal model information and are therefore constrained by the
classifier architecture. Here, we introduce STF-KernelSHAP, a model-agnostic space–time–frequency
Shapley framework for physiologically coherent EEG explainability. Our approach is threefold: first,
EEG trials are decomposed into structured channel–time–frequency cells using segment-wise spectral
analysis, enabling multidomain attribution over spatial locations, temporal windows, and frequency
bands; second, coalitions are defined over complete channel–time–frequency cells and reconstructed
back into the signal domain, promoting physiologically informed perturbations; and third, class-
conditional relevance is estimated through a KernelSHAP-based weighted surrogate model using only
model outputs, ensuring architecture-independent Shapley estimation. We evaluate STF-KernelSHAP
on motor imagery (MI) decoding and Attention-Deficit/Hyperactivity Disorder (ADHD) detection,
and compare it against KernelSHAP, LIME, Occlusion, Integrated Gradients, and Grad-CAM++.
Fidelity is quantified using Deletion and ROAD, while qualitative analyses examine topographic
and frequency-band relevance patterns. Results indicate that STF-KernelSHAP remains visually and
functionally comparable to classical XAI methods, while additionally providing window-dependent
and frequency-specific explanations. Overall, STF-KernelSHAP offers a physiologically informed and
model-agnostic alternative for multidomain EEG interpretability.

Keywords: EEG; explainable artificial intelligence; SHAP; space–time–frequency analysis; physiologi-
cal coherence; motor imagery; ADHD; attribution methods

1. Introduction
The decoding of oscillatory brain dynamics constitutes a central component of modern neu-

rotechnology, supporting progress in both active neural interfaces and clinical diagnostics [1]. In the
context of Brain–Computer Interfaces (BCIs), Motor Imagery (MI) remains a foundational paradigm:
the mental simulation of movement modulates sensorimotor rhythms that enable applications in
rehabilitation and assistive communication [2]. Beyond BCI, the characterization of intrinsic neu-
ral activity plays a relevant role in computational psychiatry, where resting-state spectral markers
contribute to the identification of neurodevelopmental alterations such as those associated with
Attention-Deficit/Hyperactivity Disorder (ADHD) [3]. To observe these diverse neural processes,
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electroencephalography (EEG) has become the predominant non-invasive modality due to its high
temporal resolution, portability, and comparatively low acquisition cost—properties that make it
suitable for large-scale and real-world deployments [4].

As EEG-based applications expand, the decoding of complex space–time–frequency patterns has
increasingly relied on deep learning (DL), which has demonstrated superior performance compared
to classical machine learning approaches [5]. However, these performance gains introduce a critical
challenge: the interpretability of DL models [6]. Because such models typically operate as opaque
systems, it is difficult to ascertain whether their decisions reflect meaningful neurophysiology or spuri-
ous correlations—an issue that is particularly consequential in clinical and neurotechnology settings,
where transparent and physiologically plausible explanations are essential [7]. These concerns have
motivated growing interest in Explainable Artificial Intelligence (XAI), a field focused on generating
interpretable accounts of model behavior and on ensuring that predictive performance is accompanied
by reliable and human-understandable insights [8].

Despite the increasing adoption of Explainable Artificial Intelligence (XAI) in neurotechnology,
reliable interpretability for EEG remains difficult to achieve due to two persistent limitations. The first
limitation relates to the lack of multidomain resolution, because EEG signals distribute information
jointly across space, time, and frequency, and analyses restricted to a single domain cannot capture the
spectral components that underpin core neurophysiological dynamics [9]. This restriction leads to ex-
planatory outputs that overlook oscillatory patterns essential for decoding [10]. The second limitation
concerns physiological coherence. Many current methods operate through perturbations or manipula-
tions that ignore the functional organization of EEG signals, thereby disrupting dependencies among
neurophysiological features and producing explanations that may be mathematically acceptable but
biologically implausible [11]. Addressing these two limitations simultaneously is further constrained
by the requirement of architectural independence: while architecture-specific solutions can partially
mitigate one of these issues, a general approach should support multidomain explanations through
physiologically informed perturbations, without relying on gradients or internal model parameters,
thereby enabling applicability across pre-trained black-box models and heterogeneous ensembles [12].

In response to these challenges, the literature has explored several interpretability strategies, each
typically targeting one of the aforementioned issues, but rarely both. Among architecture-independent
approaches, methods such as LIME, KernelSHAP, and occlusion-based techniques estimate feature
relevance through local perturbations, surrogate explanations, or partial masking of the input [13].
Although these methods provide flexibility and compatibility with black-box models, the introduced
perturbations may alter the intrinsic temporal, spatial, and spectral dependencies of EEG signals, po-
tentially compromising the physiological coherence of the explanations [14]. To improve multidomain
resolution, hybrid techniques combine temporal attribution scores with mechanisms such as attention,
explicit time-windowing, or concept-based activation vectors [11]. Although these approaches aim
to link temporal activations with spectral modulations, they typically infer frequency information
from temporal proxies rather than manipulating the spectral domain directly, which can introduce
spectral leakage and limit the ability to attribute decisions to well-defined oscillatory bands [15].
Complementarily, gradient-based methods such as Integrated Gradients and Grad-CAM++ leverage
information derived from internal activations and backpropagated gradients to identify salient regions
relevant to the model decision; however, this dependence on the architecture and internal properties of
the neural network limits their applicability to black-box models and heterogeneous architectures [15].

To address physiological coherence, segmentation-based approaches inspired by superpixels
or graph clustering group input features according to structural similarity, aiming to preserve the
integrity of the input by treating coherent regions as units of analysis [16]. However, such grouping
methods were originally designed for visual data, where spatial adjacency determines structure, and
do not naturally extend to EEG, where meaningful dependencies occur across non-adjacent electrodes
and cross-frequency interactions [17]. As a result, existing methods provide partial advances toward
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either multidomain resolution or physiological coherence, but do not jointly satisfy both requirements
under architecture-independent conditions [18].

We propose Space–Time–Frequency KernelSHAPley Attribution (STF-KernelSHAP), a model-
agnostic interpretability framework designed to provide multidomain EEG explanations using physio-
logically informed channel–time–frequency perturbations. The proposed framework addresses three
main requirements in EEG explainability:

- Multidomain EEG attribution: To address the lack of multidomain resolution, STF-KernelSHAP
decomposes each EEG trial into structured channel–time–frequency cells using segment-wise
spectral analysis. This representation allows the attribution process to operate directly over spatial
locations, paradigm-specific temporal windows, and physiologically meaningful frequency bands,
rather than relying on flattened features or single-domain temporal explanations.

- Physiologically informed perturbation: To promote the functional organization of EEG signals,
STF-KernelSHAP defines coalitions over complete channel–time–frequency cells instead of iso-
lated samples. Each coalition is mapped back to the signal domain through spectral reconstruction,
allowing perturbations to be applied over physiologically informed EEG components and miti-
gating the risk of generating biologically implausible signal manipulations.

- Architecture-independent Shapley estimation: To ensure applicability across heterogeneous clas-
sifiers, STF-KernelSHAP operates as a black-box explainer that only requires access to model
outputs. Class-conditional relevance is estimated through a KernelSHAP-based weighted surro-
gate model, without using gradients, internal activations, or architecture-specific parameters.

We evaluate STF-KernelSHAP on two EEG classification scenarios with distinct neurophysiolog-
ical characteristics: motor imagery decoding using the GIGA MI-ME dataset and ADHD detection
using a pediatric EEG dataset. The proposed framework is applied to pre-trained EEG classifiers and
compared against representative gradient-based and model-agnostic XAI methods, including Inte-
grated Gradients, Grad-CAM++, Occlusion, LIME, and KernelSHAP. Quantitative fidelity is assessed
using perturbation-based criteria such as Deletion and ROAD, whereas qualitative analyses examine
the physiological plausibility of the resulting topographic and frequency-band attribution patterns.
Overall, STF-KernelSHAP provides a unified explanation strategy that preserves standard spatial EEG
interpretability while extending it toward structured space–time–frequency analysis.

The remainder of this paper is organized as follows: Section 2 presents the related work. Section 3
introduces the materials and methods. Section 4 describes the experimental set-up. Section 5 presents
and discusses the results. Finally, Section 6 provides the concluding remarks.

2. Related Work
2.1. EEG Classification and Decoding Architectures

The evolution of EEG decoding has progressively transitioned from manual feature engineering
toward end-to-end learning paradigms, largely driven by the increasing availability of large-scale
neurophysiological datasets [19]. Early approaches relied extensively on statistical signal processing
techniques to isolate informative components from noise, thereby establishing a rigorous foundation
for handcrafted feature extraction prior to the emergence of deep learning methods [20].

In this context, comprehensive reviews have highlighted that deep learning (DL) has become
a central technology for EEG decoding across a wide range of applications, including rehabilitation
and clinical diagnosis [21]. These data-driven approaches substantially outperform classical feature
engineering techniques, such as Common Spatial Patterns (CSP), by automatically learning hierarchical
representations directly from raw signals [22]. However, the expressive non-linear nature of these
models renders the classification process increasingly opaque. Several CSP variants, including Filter
Bank CSP (FBCSP) and L1-norm CSP (L1CSP), were proposed to improve robustness by optimizing
frequency selection and reducing artifact sensitivity. Nevertheless, despite these enhancements,
traditional approaches remain highly power-dependent and sensitive to noise, reinforcing the intrinsic
limitations of handcrafted pipelines [23].
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To bridge the gap between classical signal processing and neural representation learning, a class
of specialized, neuro-inspired architectures has emerged, aiming to replicate traditional filtering
operations within neural layers [24]. These models seek to preserve the interpretability of linear filters
while leveraging the expressive power of deep networks, progressively moving away from generic
computer vision architectures toward domain-specific designs optimized for time-series data [25].

Within this paradigm, EEGNet constitutes a seminal example, introducing temporal and depth-
wise convolutional layers to explicitly model spectral and spatial EEG features in a manner analogous
to traditional filter banks [26]. Related architectures, such as ShallowConvNet and DeepConvNet,
emphasize compact designs to efficiently capture band-power modulations [27]. Subsequent develop-
ments include TCFusionNet, which integrates dilated convolutions to enlarge the receptive field, as
well as deep kernel learning approaches such as KREEGNet, which compute functional connectivity
through Gaussian kernels [28]. Although these architectures encode spatial and temporal structure
by design, they struggle to accommodate the pronounced non-stationarity of EEG signals across
subjects and trials without complex adaptive mechanisms, such as deformable convolutions. As a
result, their interpretability remains closely tied to specific architectural assumptions and geometric
transformations [29].

More recently, EEG decoding has shifted toward modeling global dependencies and complex rela-
tional structures [30]. This transition reflects a broader view of the brain not merely as a grid of sensors,
but as an interconnected network exhibiting long-range temporal and spatial interactions [31]. Repre-
sentative examples include CT-Net, which combines convolutional neural networks and Transformers
for refined feature extraction, as well as Spatial Graph Neural Networks (SGNNs), which explicitly
encode electrode connectivity via graph topology [32]. In parallel, unsupervised architectures such as
Deep Belief Networks (DBNs) and Autoencoders have been employed for feature reconstruction and
dimensionality reduction [33]. While these models improve multidomain representation learning, their
interpretability is typically derived from attention weights or graph pooling scores [34]. In practice,
such mechanisms often capture correlation rather than causal relevance, thereby coupling explanations
to internal model components instead of offering physiologically grounded insight [35].

2.2. Interpretability and Explainable AI in EEG Analysis

The increasing architectural complexity of EEG decoding models—and the resulting opacity of
modern classifiers—has amplified the demand for principled interpretability mechanisms, particularly
in high-stakes clinical and BCI scenarios [36]. In this context, and to address the diversity of explana-
tory requirements, the literature has converged on taxonomies that categorize explainable artificial
intelligence (XAI) methods according to their operational principles [37].

A widely adopted taxonomy distinguishes XAI techniques into four categories: example-based,
rule-based, hidden semantics, and attribution-based approaches [38]. Example-based methods, such
as Influence Functions and prototype learning, explain predictions by identifying influential or repre-
sentative training instances [39]. Rule-based approaches approximate complex decision boundaries
through symbolic logic, often using decision trees or if–then rule sets [40]. Hidden semantics methods
analyze internal neuron activations to associate them with abstract concepts, employing techniques
such as activation maximization or network dissection [41].

For high-dimensional neurophysiological signals, however, attribution-based methods have
emerged as the most relevant category [42]. These techniques explicitly map model predictions back
to the input space, assigning quantitative relevance scores to individual features such as time sam-
ples or electrodes. Gradient-based approaches, including Saliency Maps and Layer-wise Relevance
Propagation (LRP), exploit the differentiable structure of neural networks to trace activation flow from
the output to the input [43]. Grad-CAM and its extensions, such as Grad-CAM++ and LayerCAM,
have been adapted to one-dimensional biosignals to highlight discriminative temporal or spatial re-
gions [44]. Despite their effectiveness within convolutional architectures, these methods require access
to internal gradients and are therefore limited to differentiable models, restricting their applicability to
heterogeneous or ensemble-based EEG pipelines [12].
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To overcome these architectural constraints, perturbation-based methods have been proposed
as model-agnostic alternatives [45]. By treating the classifier as an oracle and observing output
variations in response to input perturbations, these approaches estimate feature importance without
accessing internal parameters, often drawing on cooperative game theory [46]. SHAP represents a
prominent example and has been applied to the interpretation of cognitive and emotional states in BCI
systems, alongside LIME [47]. However, these general-purpose explainers typically rely on pointwise
perturbations that assume feature independence, leading to physiologically implausible scenarios and
a loss of signal coherence due to the violation of inherent dependencies [48].

Recent efforts have attempted to mitigate this limitation by grouping features based on correlation
or spatial proximity, thereby preserving structural relationships during the explanation process [49].
CorrSHAP, for instance, groups correlated features to reduce computational cost and improve structural
fidelity, while related segmentation and masking strategies have been explored to identify biomarkers
in motor learning tasks [16]. Nevertheless, these approaches are largely adapted from computer
vision, where dependencies are predominantly local and spatial [50]. As a result, they fail to capture
the non-local functional connectivity and cross-frequency interactions characteristic of EEG signals,
underscoring the need for domain-specific interpretability strategies [11].

Despite the breadth of existing methods, a persistent gap remains in consistently addressing
the multidimensional nature of EEG, where spatial, temporal, and spectral components are intrinsi-
cally coupled [51]. Current approaches often impose a trade-off between physiological fidelity and
architectural flexibility, motivating the search for unified frameworks that reconcile both aspects [52].
Explanation quality varies substantially across models and samples, and hybrid solutions frequently
revert to temporal proxies that introduce spectral leakage or lack unified quantitative measures [53].
Consequently, increasing model complexity may enhance performance while simultaneously de-
grading interpretability [54]. This unresolved tension motivates the development of model-agnostic
approaches that respect the tri-domain organization of EEG, namely space, time, and frequency, with-
out relying on arbitrary segmentation or architectural constraints, thereby justifying the proposed
STF-KernelSHAP framework.

3. Materials and Methods
3.1. Tested Datasets

To assess the robustness and versatility of the proposed STF-KernelSHAP framework, experi-
ments were conducted on two datasets drawn from distinct neurophysiological domains. The first
dataset corresponds to a classical Brain–Computer Interface (BCI) paradigm based on voluntary motor
control and high-density EEG recordings, whereas the second targets the clinical characterization
of a neurodevelopmental disorder using a standard clinical montage. This dual selection enables a
comprehensive evaluation of the interpretability of STF-KernelSHAP across heterogeneous acquisition
systems, sampling rates, and cognitive states.

For the evaluation of motor imagery (MI), we employed the GIGAScience dataset [55]. The
original dataset comprises EEG recordings from 52 healthy subjects; however, participants identified
as 29 and 34 were excluded due to data inconsistencies, yielding a final cohort of 50 subjects. EEG
signals were acquired using a 64-channel Ag/AgCl active electrode system (BioSemi ActiveTwo),
arranged according to the international 10–10 system (Figure 1), with a sampling rate of 512 Hz.
Signal acquisition and experimental control were managed through the BCI2000 platform, which
also delivered visual cues instructing left- or right-hand motor imagery tasks. To ensure adherence
to the MI paradigm and exclude overt motor execution, electromyographic (EMG) signals were
recorded concurrently, allowing verification of the absence of actual physical movement during
imagery intervals.
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Figure 1. Experimental protocol and acquisition configuration of the GIGAScience dataset for MI–EEG clas-
sification. Right: Temporal structure of a single trial, where a visual cue prepares the subject, followed by a
three-second interval dedicated to the imagination of left- or right-hand movement. Left: Spatial arrangement of
EEG electrodes, illustrating the sequential channel layout from left frontal regions toward posterior areas and
back along the central axis, in accordance with the international 10–10 system.

Complementing the analysis of oscillatory motor tasks, we extended the evaluation to a clinical
cognitive context by incorporating a publicly available EEG dataset from IEEE DataPort [56]. This
dataset comprises recordings from children aged 7 to 12 years, divided into a group diagnosed with
Attention Deficit Hyperactivity Disorder (ADHD) and a healthy control group. Diagnoses were
established by an experienced psychiatrist according to DSM-IV criteria; participants in the ADHD
group had received Ritalin treatment for a period not exceeding six months, whereas control subjects
had no history of psychiatric or neurological disorders. To ensure class balance in the classification
tasks, one subject from the ADHD group was randomly excluded, resulting in a final balanced cohort
of 120 participants (60 ADHD and 60 controls).

In this clinical setting, EEG signals were acquired at a sampling frequency of 128 Hz using a
standard 19-electrode montage based on the international 10–20 system, referenced to the earlobes A1
and A2. The spatial configuration of the electrodes is depicted in Figure 2. The experimental protocol
evaluated sustained visual attention, a cognitive function commonly impaired in ADHD, by means
of a perceptual counting task involving sequential visual stimuli. For the subsequent analysis, the
continuous EEG recordings were segmented into 4-second epochs (512 samples) with a 50% overlap.
Each epoch was treated as an independent instance, while strictly preserving subject identity in order
to prevent data leakage across validation folds.

Figure 2. EEG channel configuration of the ADHD dataset, acquired using a standard 19-channel montage based
on the international 10–20 system.
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3.2. Classification Deep Learning Models

Given an EEG trial represented as XXXn = {xxxc̆ ∈ RT : c̆ ∈ C̆}, and its corresponding ground-truth
label yyyn ∈ {0, 1}C, where C̆ denotes the number of electrodes, T the number of temporal samples, and
C the number of classes, a deep learning classifier is employed to map the resulting multichannel
signal into a vector of class probabilities.

Specifically, a classifier F : RC̆×T → [0, 1]C produces a predicted class-probability vector ŷyyn ∈
[0, 1]C, which is defined through a composition of successive nonlinear transformations as follows:

ŷyyn = F (XXXn) =
(

f̆L ◦ f̆L−1 ◦ · · · ◦ f̆1
)
(XXXn), (1)

where f̆l(·) denotes the l-th layer of the classifier for l ∈ {1, . . . , L}, and ◦ represents the composition
operator. The output vector satisfies the probability simplex constraints, namely ∑C

c=1 ŷn,c = 1 with
each component ŷn,c ∈ ŷyyn.

For multi-class classification, the model output ŷyy is interpreted as a categorical probability distri-
bution over the C classes. Accordingly, the training objective is formulated using the cross-entropy
loss function:

LCE = − 1
N

N

∑
n=1

C

∑
c=1

yn,c log
(
ŷn,c
)
, (2)

Within this general learning formulation, the classifier F is not restricted to a particular EEG
decoding architecture. Instead, it provides the predictive function whose decisions are subsequently
explained by post-hoc attribution methods. In this work, different deep learning models are used to
evaluate whether the proposed STF-KernelSHAP framework can generate consistent explanations
across architectures with distinct spatial, temporal, and spectral representation mechanisms. Therefore,
classification performance is considered as the predictive basis for the interpretability analysis, rather
than as the main methodological contribution of the study.

3.3. SHAP Fundamentals

Due to the complex and highly non-linear composition of layers in F , as described in Eq. 1, the
resulting model operates effectively as a black box, which precludes direct inspection of its internal
decision mechanisms. This intrinsic lack of transparency motivates the use of post-hoc interpretability
methods. In this context, additive feature attribution approaches are particularly relevant, as they
seek to locally approximate the behavior of the classifier by means of a linear surrogate defined over a
simplified and interpretable representation of the input [57].

Let M = {M1, . . . ,MM} denote the set of interpretable features, where M = C̆ × T corresponds
to the total number of interpretable components. For a given sample n, the simplified input repre-
sentation is denoted by zzzn ∈ {0, 1}M, whose binary entries indicate the presence or absence of each
interpretable feature. To incorporate the bias term within a unified linear formulation, the extended
representation z̃zzn = [1, zzz⊤n ]⊤ ∈ RM+1 is introduced.

Within this framework, the surrogate output across all C classes is denoted by y̆yyn ∈ RC and is
expressed as

y̆yyn = ΦΦΦnz̃zzn, (3)

where ΦΦΦn ∈ RC×(M+1) denotes the matrix of class-specific attribution coefficients. The c-th row of ΦΦΦn,
given by ϕϕϕ⊤

n,c = [ϕn,c,0, ϕn,c,1, . . . , ϕn,c,M], collects the base value together with the feature attributions
associated with class c. The base value is defined as ϕn,c,0 = F (XXXn,∅)

⊤yyyn, where yyyn acts as a selector
for the class of interest.

To connect the surrogate model with the original input space RC̆×T , the simplified representation
zzzn is mapped back through a reconstruction function HXXX : {0, 1}M → RC̆×T . This mapping satisfies
XXXn = HXXX(111), where 111 denotes the all-ones vector. Under this construction, the surrogate output
satisfies y̆yyn ≈ F(HXXX(zzzn)) for zzzn ≈ 111, thereby ensuring local fidelity in the neighborhood of the
original input.
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Having defined the additive surrogate model, the remaining task is to determine the attribution
coefficients in ΦΦΦn in a principled and theoretically grounded manner. This is achieved by adopting
Shapley values, which provide a canonical mechanism for quantifying the contribution of each
interpretable feature to the model output [58].

For a given feature m ∈ M, let Sm = {Si}2M−1

i=1 , with Si ⊆ M\ {m}, denote the set of all coalitions
that exclude feature m. Each coalition Si defines a reference context against which the marginal
contribution of feature m is evaluated. For any Si ∈ Sm, the reconstructed input XXXSi

n = HXXX(zzz
Si
n )

corresponds to the original input XXXn restricted to the features in Si, while all remaining components
are replaced by the reference values specified by HXXX .

Within this formulation, the Shapley value associated with feature m and class c is defined as

ϕn,c,m = ∑
Si∈Sm

Π(Si, M)
(
F (XXXSi∪{m}

n )−F (XXXSi
n )
)⊤

yyyn, (4)

where the weighting function Π(Si, M) =
|Si |!
(

M−|Si |−1
)

!
M! depends solely on the coalition cardinality

and the total number of interpretable features.
While the exact Shapley formulation provides a rigorous attribution criterion, it becomes com-

putationally intractable when the number of interpretable features M is large, due to the exhaustive
enumeration of 2M−1 possible coalitions. KernelSHAP addresses this limitation by introducing a finite-
sampling approximation based on a set of sampled coalitions [46] Zn = {zzzi

n}Ns
i=1 ⊂ {0, 1}M,where

Ns denotes the number of coalitions independently and identically distributed (i.i.d.) according to
a prescribed distribution over {0, 1}M. This strategy enables the approximation of the expectations
implicit in the theoretical Shapley definition using a finite number of classifier evaluations. Feature
attributions are then obtained by fitting the additive surrogate model through a weighted least-squares
procedure,

ϕϕϕ∗
n,c = arg min

ϕϕϕn,c

Ns

∑
i=1

Π
(

zzzi
n

)(
F
(
HXXX

(
zzzi

n

))⊤
yyyn −ϕϕϕ⊤

n,cz̃zz
i
n

)2

s.t. ϕϕϕ⊤
n,c0̃00 = F(HXXX(000))

⊤yyyn,

ϕϕϕ⊤
n,c1̃11 = F(HXXX(111))

⊤yyyn.

(5)

Here, z̃zzi
n = [1, (zzzi

n)
⊤]⊤ ∈ RM+1 explicitly incorporates the bias term. The constraints are enforced via

the extended representations of the empty coalition 0̃00 = [1,000⊤]⊤ and the full coalition 1̃11 = [1,111⊤]⊤,
thereby ensuring exactness at both boundary cases. The weighting function Π(zzzi

n) =
M−1

(
M
|zzzi

n |
) |zzzi

n | (M−|zzzi
n |)

corresponds to the Shapley kernel and depends exclusively on the coalition cardinality.
From this perspective, KernelSHAP provides a classical additive attribution formulation in which

the Shapley values are estimated through a weighted linear surrogate fitted over sampled coalitions.
When the weighted design matrix is well conditioned, Eq. (5) can be solved using standard weighted
least-squares solvers, whereas regularized variants may be adopted to improve numerical stability
in ill-conditioned settings. In practical implementations, the boundary constraints associated with
the empty and full coalitions are commonly enforced through anchor coalitions with large weights,
ensuring local accuracy at both reference cases. Thus, KernelSHAP offers a general model-agnostic
basis for estimating feature contributions, which is subsequently adapted in this work to structured
EEG channel–time–frequency coalitions.

The relevance of Shapley values in the context of model interpretability stems from their axiomatic
foundation. These properties establish formal requirements for additive feature attributions and justify
the use of Shapley values as a principled mechanism for assigning relevance to individual interpretable
components. In particular, the following properties are central to the SHAP formulation [59].

– Property 1: Missingness. If a feature is absent from the simplified representation, i.e., zn,m = 0,
then it contributes nothing to the explanation, which implies ϕn,c,m = 0.
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– Property 2: Local accuracy. The explanation model must recover the model output for the original
input, such that the sum of the base value and all feature attributions equals the target model
score:

F (XXXn)
⊤yyyn = ϕn,c,0 +

M

∑
m=1

ϕn,c,m.

– Property 3: Consistency. Let F and F ′ denote two predictive models with corresponding
attribution coefficients ϕn,c,m and ϕ′

n,c,m. If, for all coalitions Si ∈ Sm, the marginal contribution of
feature m under F ′ is greater than or equal to that under F , namely,

F ′(XXXSi∪{m}
n )⊤yyyn −F ′(XXXSi

n )⊤yyyn ≥ F (XXXSi∪{m}
n )⊤yyyn −F (XXXSi

n )⊤yyyn, (6)

then the attribution assigned to feature m cannot decrease, i.e., ϕ′
n,c,m ≥ ϕn,c,m.

These axioms are not merely desirable qualitative properties; rather, they uniquely characterize
the Shapley value solution within the class of additive feature attribution methods, as formalized by
the following theorem [60].

Theorem 1. Within the class of additive feature attribution methods, the Shapley value formula-
tion in Eq. 4 is the unique solution satisfying the standard SHAP axioms of local accuracy, missingness,
and consistency.

3.4. EEG-Driven Multidomain Shapley Attribution Framework

We instantiate the general SHAP framework introduced above for structured multichannel EEG
signals by redefining the interpretable feature space over channel-wise time–frequency cells and by
introducing a reconstruction operator that maps each sampled coalition back to the original signal
domain.

Let XXXn ∈ RC̆×T denote the input signal for sample n. We first project XXXn onto the time–frequency
domain through a deterministic transformation T : RC̆×T → CC̆×T̆×K, yielding X̆XXn = T (XXXn), where T̆
denotes the number of temporal windows and K denotes the number of discrete spectral components.

The time–frequency plane {1, . . . , T̆} × {1, . . . , K} is partitioned into Q non-overlapping cells
{Gq}Q

q=1, defined as disjoint window–band regions that jointly cover the plane, with Q =

(# windows) × (# bands). Accordingly, the interpretable feature space is defined as M̆ = C̆ × Q,
so that each interpretable feature corresponds to one time–frequency cell within one channel. Coali-
tions are encoded by binary vectors z̆zzi

n ∈ {0, 1}M̆, collected in the finite set Z̆n = {z̆zzi
n}Ns

i=1.
To evaluate each coalition in the original input space, we define the composite reconstruction

mapping
H̆XXX = T −1 ◦ HTF ◦ HQ. (7)

Here, HQ : {0, 1}M̆ → RC̆×Q maps a binary coalition to a channel–cell representation by activating or
deactivating complete time–frequency cells within each channel. The operator HTF : RC̆×Q → CC̆×T̆×K

expands this representation over the indices defined by Gq, and T −1 : CC̆×T̆×K → RC̆×T maps the
reconstructed representation back to the temporal domain. In this way, each coalition Si induces a
valid realization

XXXSi
n = H̆XXX(z̆zzi

n), (8)

which can be directly evaluated by the classifier.
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Under this structured coalition space, the attribution coefficients are estimated through the
KernelSHAP weighted least-squares formulation adapted to the proposed EEG representation. For
class c, this estimator is given by

ϕϕϕ∗
n,c = arg min

ϕϕϕn,c

Ns

∑
i=1

Π
(

z̆zzi
n

)(
F
(
H̆XXX

(
z̆zzi

n

))⊤
yyyn −ϕϕϕ⊤

n,cẑzz
i
n

)2

s.t. ϕϕϕ⊤
n,c0̂00 = F

(
H̆XXX(0̆00)

)⊤yyyn,

ϕϕϕ⊤
n,c1̂11 = F

(
H̆XXX(1̆11)

)⊤
yyyn.

(9)

where ẑzzi
n = [1, (z̆zzi

n)
⊤]⊤ ∈ RM̆+1, 0̂00 = [1, 0̆00

⊤
]⊤, and 1̂11 = [1, 1̆11

⊤
]⊤. The Shapley kernel is preserved from

the general formulation, with the argument now defined over the proposed channel–cell coalition
space.

Finally, the resulting attributions are organized into the tensor ΦΦΦn ∈ RC×(C̆Q+1), which aggregates,
for each class, the contributions of all time–frequency cells across all channels, together with the bias
term. The complete workflow of the proposed EEG-driven multidomain Shapley attribution strategy
is summarized in Figure 3.

Figure 3. Overview of the proposed EEG-driven multidomain Shapley attribution framework.

4. Experimental Set-Up
4.1. Assessment and Method Comparison

The experimental evaluation was structured to compare, under a common protocol, both the
predictive performance of the EEG classifiers and the fidelity of the explanations generated by the con-
sidered XAI strategies. Accordingly, this subsection first presents the classification models employed
and then describes the performance metrics, explanation methods, and perturbation-based fidelity
criteria.

First, EEGNet was considered, a compact convolutional architecture specifically designed for
EEG signal classification [61]. Likewise, ShallowConvNet was included as a shallow convolutional
network aimed at capturing relevant spatio–temporal patterns in EEG signals [62]. Finally, T-GARNet
was evaluated as an architecture that integrates temporal encoding and kernelized representations for
EEG classification [63].
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Once the classifiers were established, predictive performance was quantified using the following
metrics:

• Accuracy (ACC): measures the proportion of correctly classified trials with respect to the total
number of evaluated samples:

ACC =
TP + TN

TP + TN + FP + FN
, (10)

where TP and TN denote true positives and true negatives, whereas FP and FN correspond to
false positives and false negatives.

• Area under the ROC curve (AUC): quantifies the discriminative capability of the classifier by
integrating the relationship between the true positive rate and the false positive rate across
different thresholds:

AUC =
∫ 1

0
TPR

(
FPR−1(ν)

)
dν, (11)

where TPR represents the true positive rate, FPR the false positive rate, and ν ∈ [0, 1] is an
auxiliary integration variable.

• Cohen’s kappa coefficient (κ): measures the agreement between the predicted labels and the
ground-truth labels, correcting for the agreement expected by chance:

κ =
ϱo − ϱe

1 − ϱe
, (12)

where ϱo is the observed agreement and ϱe is the agreement expected by chance.

Subsequently, from the trained and evaluated models, local explanations were generated to iden-
tify the signal regions contributing to the decision of each classifier. In the following formulations, yyyn is
used as a class-selector vector to extract the scalar model response associated with the class of interest.
Its practical definition depends on the analysis: predicted classes are used for perturbation-based
fidelity assessment, whereas ground-truth labels are used for class-wise topographic interpretation.
To ensure a homogeneous comparison, all XAI strategies were applied to the same EEG trial XXXn, the
same target class selected by yyyn, and the same scalar output F (XXXn)⊤yyyn. Under this configuration,
each method produces an attribution ϕϕϕ

(·)
n,c, which is then used to assess explanation fidelity through

controlled perturbations of the signal.
The considered XAI strategies are described below:

• KernelSHAP [64]: estimates the contribution of each interpretable feature by fitting a weighted
additive surrogate model over perturbed coalitions of the input. In this work, KernelSHAP
follows the constrained weighted least-squares formulation previously defined in Eq. (5).

• LIME [65]: fits an interpretable surrogate model in the neighborhood of the explained trial. To
this end, let zzz ∈ {0, 1}M be the interpretable representation associated with a perturbation of XXXn.
In the linear formulation employed in this work, such a local surrogate is expressed as

ğβββn,c(zzz) = βn,c,0 +
M

∑
m=1

βn,c,mzm. (13)

The surrogate coefficients are estimated as

βββLIME
n,c = arg min

βββn,c
Lloc

(
F , ğβββn,c , πXXXn

)
+ Ω(βββn,c), (14)
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where Lloc measures the local discrepancy between F and the surrogate, πXXXn weights the pertur-
bations according to their proximity to XXXn, and Ω regulates the model complexity. Consequently,
the optimal surrogate is determined by βββLIME

n,c , while the attributions are defined as

ϕϕϕLIME
n,c =

[
βLIME

n,c,1 , . . . , βLIME
n,c,M

]⊤
. (15)

• Integrated Gradients [66]: computes attributions by integrating the gradients of the output
associated with the target class along a continuous path between a reference XXXB and the trial XXXn:

ϕϕϕIG
n,c = (XXXn −XXXB)⊙

∫ 1

0
∇XXX

[
F (XXXB + η(XXXn −XXXB))

⊤yyyn

]
dη, (16)

where η ∈ [0, 1] is the interpolation parameter and ⊙ represents the Hadamard product.
• Occlusion [42]: estimates the relevance of an input region by replacing it with a reference and

quantifying the induced change in the target-class score. Let R = {r̆1, . . . , r̆R} be the set of
occlusion regions. For a region r̆ ∈ R, let XXXr̆

n denote the perturbed version of XXXn, in which only
the region r̆ is replaced by the reference. In this case, the regional attribution is defined as

ϕOcc
n,c (r̆) = F (XXXn)

⊤yyyn −F
(

XXXr̆
n

)⊤
yyyn. (17)

Therefore, the complete occlusion-based explanation is given by

ϕϕϕOcc
n,c =

[
ϕOcc

n,c (r̆1), . . . , ϕOcc
n,c (r̆R)

]⊤
. (18)

• Grad-CAM++ [67]: obtains a relevance map from the activations of an internal convolutional
layer:

ϕϕϕGC++
n,c = ReLU

(
K̄

∑
k̄=1

ωGC++
n,c,k̄ BBBk̄

n

)
, (19)

where BBBk̄
n is the k̄-th activation map of the selected layer, ωGC++

n,c,k̄ represents its weight associated
with the target class, and K̄ is the number of activation maps considered.

Finally, explanation fidelity was evaluated using MoRF Deletion and ROAD. For each trial XXXn, a
retention mask is defined as

zzzρ
n,c =

[
zρ

n,c,1, . . . , zρ
n,c,M

]⊤
∈ {0, 1}M, (20)

obtained by deactivating a fraction ρ ∈ [0, 1] of the features with the highest attribution in ϕϕϕ
(·)
n,c,

following the Most Relevant First criterion. Thus, zρ
n,c,m = 0 indicates the removal of feature m,

whereas zρ
n,c,m = 1 indicates its preservation.

In MoRF Deletion, the perturbed trial and its deletion curve are defined as

XXXρ
n,MoRF = HXXX

(
zzzρ

n,c

)
, DMoRF(ρ) = F

(
XXXρ

n,MoRF

)⊤
yyyn. (21)

A rapid decrease in DMoRF(ρ) indicates that the removed features exert a relevant influence on the
classifier decision.

In turn, in ROAD, the perturbation is performed using an explicit reference X̄XXn, and the post-
removal performance is computed as

XXXρ
n,ROAD = H̄XXX

(
zzzρ

n,c, X̄XXn

)
, ROAD(ρ) = Q

(
F
(

XXXρ
n,ROAD

)
, yyyn

)
. (22)

Here, Q(·, ·) denotes a generic predictive evaluation criterion.
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4.2. Training Details

To ensure a fair and reproducible evaluation, all models were trained using stratified five-fold
cross-validation, adapted to the structure of each database. In MI, EEG signals were filtered using
a fifth-order Butterworth bandpass filter between 4 and 40 Hz, downsampled from 512 Hz to 128
Hz, and subsequently segmented into two temporal partitions: 0–7 s and 2.5–5 s. For this database,
stratification was performed at the sample level independently for each subject. In ADHD, the signals
were sampled at 128 Hz, a single 0–4 s window was used, and a notch filter was applied to suppress the
50 Hz power-line component. Unlike MI, the partitioning was carried out at the subject level to avoid
information leakage between EEG segments from the same participant, assigning a single class label
per subject. In both databases, each fold included an external training–test split with an 80%–20% ratio,
while the training set was further divided into training and validation subsets, reserving 20% through
a stratified random split. The average spectral behavior of both EEG databases after preprocessing is
summarized in Figure 4.
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Figure 4. Average power spectral density of the EEG signals. Left: Mean frequency spectrum for the MI dataset.
Right: Mean frequency spectrum for the ADHD dataset.

Based on these partitions, training was implemented in TensorFlow using the Adam optimizer.
All models were trained for a maximum of 100 epochs, with a batch size of 16 and a fixed seed of 42.
To control overfitting, early stopping was applied to the validation loss, with a patience of 25 epochs,
a minimum change of 10−4, and restoration of the best weights. Additionally, the learning rate was
automatically reduced when the validation loss stopped improving, using a reduction factor of 0.5, a
patience of 10 epochs, and a minimum value of 10−6. The main loss function was normalized binary
cross-entropy, and performance was monitored using binary accuracy and AUC. In T-GARNet, this
function was complemented with a kernel-based Rényi entropy regularization term, incorporated as a
second auxiliary output during training.

Hyperparameter optimization was performed with Optuna, using GPSampler with seed 42,
local JournalStorage, and MedianPruner with five warm-up steps. In each trial, the objective was to
maximize the mean validation accuracy computed across the five folds, retaining only the weights
associated with the best trial. The learning rate was explored as a continuous variable on a logarithmic
scale within the interval (10−5, 10−3). For the three architectures, the dropout rate and norm constraint
were explored as continuous variables in (0.1, 0.75), with a step of 0.05. In EEGNet, the number of
temporal filters was selected as an integer variable in [4, 32], with a step of 4; the depth multiplier in
[1, 4]; the number of separable filters was defined as the product of both; and the temporal kernel length
was selected from {16, 32, 64, 96, 128}. In ShallowConvNet, the number of filters, temporal kernel
length, and pooling size were selected as integer variables in [8, 64], [8, 128], and [16, 64], respectively,
all with a step of 8; whereas the pooling stride was explored in [2, 32], with a step of 2, constrained
not to exceed the pooling size. In T-GARNet, the number of convolutional filters and the number of
attention heads were selected as integer variables in [2, 8] and [1, 5], respectively; the Gaussian kernel
standard deviation was explored as a continuous variable in (1, 20); the intermediate dimension of the
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Transformer block was selected from {16, 32, 64, 128}; and the relative weight of the classification loss
was explored as a continuous variable in (0.1, 0.9), while the weight associated with Rényi entropy
regularization was defined as its complement.

From the trained models, post-hoc explanations were computed on the test-set samples to obtain
relevance maps compatible with the input structure of each EEG signal. KernelSHAP was applied to
the flattened representation of the signal, using a reference set adaptively defined as the minimum
between 100 samples and 5% of the training set, ensuring at least 8 samples; for attribution estimation,
500 coalition samples were used, with regularization limited to 200 features. Similarly, LIME was
applied to the flattened signal, using as reference the minimum between 200 samples and 10% of the
training set, with a minimum of 30 samples; additionally, 1000 local perturbations were generated,
and up to 200 relevant features were retained. In turn, Occlusion was implemented through channel-
wise temporal perturbations, replacing 1 s windows with a 0.25 s stride by an average reference
computed from the training set. Integrated Gradients used the stratified average of the training
set as baseline and approximated the integral using 50 interpolation steps. Finally, Grad-CAM++
was applied to a compatible convolutional layer of each model, and the resulting relevance map
was resized to the input shape to facilitate comparison with the remaining strategies. Specifically,
Conv2D_1 was explicitly selected for ShallowConvNet, whereas the last convolutional layer was used
for the remaining architectures.

For STF-KernelSHAP, each EEG signal was transformed using a segmented FFT with nfft = 512,
and coalitions were defined over the channel–time–frequency cells Gq established in Section 3.4. In
MI, the considered bands were (4, 8), (8, 13), (13, 30), and (30, 40) Hz. For the full 0–7 s window,
the temporal regions were (0, 2), (2, 2.5), (2.5, 5), and (5, 7) s, whereas for the 2.5–5 s window, the
entire available temporal interval was used. Analogously, in ADHD, the full duration of each EEG
segment was employed, and the (0.5, 4) Hz band was additionally included. In all cases, 500 coalition
samples were used, with regularization limited to 200 features. Moreover, the baseline was fixed as
null in the time–frequency domain, such that H̆XXX(0̆00) represents the signal reconstruction when the
spectro-temporal content of the cells is suppressed. This choice enables quantifying the contribution of
each cell Gq with respect to a reference state without active content in the corresponding region.

To ensure methodological consistency and avoid information leakage, all methods requiring a
reference used only information from the training set. Likewise, the reference-set sizes, number of
perturbations, coalition samples, and regularization parameters were fixed by considering a balance
between explanation stability and computational cost. Finally, the target-class source was defined
according to the subsequent analysis. For perturbation-based fidelity analyses, including Deletion and
ROAD, model predictions were used as the target class to evaluate whether the regions identified as
relevant supported the decision made by the classifier; under this configuration, KernelSHAP, STF-
KernelSHAP, LIME, and Occlusion were computed on probabilities, whereas Integrated Gradients and
Grad-CAM++ were computed on logits to reduce saturation. In contrast, for scalp topographic maps,
attributions were computed with respect to the ground-truth label, enabling the analysis of the spatial
distribution of relevance associated with each real class; in this case, KernelSHAP, STF-KernelSHAP,
Occlusion, Integrated Gradients, and Grad-CAM++ were computed on logits, whereas LIME was kept
on probabilities, since its local formulation corresponds to a classification problem and the use of logits
would shift its interpretation toward local regression.

All experiments were executed in Python v3.12.12 for model training and Python v3.12.13 for
post-hoc interpretability analysis. Model training was performed in a cloud-based Kaggle environment
under a 64-bit Ubuntu 22.04.5 LTS system, using GPU acceleration when available. The computational
setup included an Intel Xeon CPU @ 2.00 GHz with 4 logical cores, 31 GB of RAM, and two NVIDIA
Tesla T4 GPUs with 15 GB of VRAM each, together with CUDA v13.0, CUDA compilation tools v12.8,
and NVIDIA driver v580.105.08. Subsequently, the post-hoc interpretability analyses were conducted
in Google Colaboratory, also under a 64-bit Ubuntu 22.04.5 LTS system and using GPU acceleration
when available; in this case, the setup included an Intel Xeon CPU @ 2.00 GHz with 2 logical cores, an
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NVIDIA Tesla T4 GPU with 15 GB of VRAM, approximately 12.7 GB of system RAM, CUDA v13.0,
CUDA compilation tools v12.8, and NVIDIA driver v580.82.07. The main libraries used throughout
the complete workflow were NumPy v2.0.2, SciPy v1.16.3, scikit-learn v1.6.1, TensorFlow/Keras
v2.19.0/v3.10.0 for model training and v2.20.0/v3.13.2 for interpretability analysis, KerasNLP v0.21.1
for model training and v0.26.0 for interpretability analysis, SHAP v0.50.0 for model training and
v0.51.0 for interpretability analysis, LIME v0.2.0.1, Optuna v4.8.0, and tf-keras-vis v0.8.7. To ensure
reproducibility, all source code, scripts, and configuration files will be publicly available at: https:
//github.com/Daprosero/STF-KernelSHAP.The complete experimental workflow, is summarized in
Figure 5.

Figure 5. Experimental workflow for model training, selection, performance evaluation, and post-hoc inter-
pretability analysis in the MI and ADHD datasets.

5. Results and Discussion
5.1. Space–Time–Frequency Attribution Analysis in Motor Imagery

The classification results for the 0–7 s window reveal a marked inter-subject variability, as shown
in Figure 6. Overall, EEGNet and ShallowConvNet achieve the highest accuracy and AUC values,
whereas T-GARNet exhibits a lower performance under this configuration. In particular, ShallowCon-
vNet was selected as the baseline model for the interpretability analysis due to its superior overall
performance and relative stability across the evaluated metrics. However, the subject-wise analysis
indicates that the classification problem is not determined solely by the model architecture, but also
by the individual heterogeneity of EEG responses. In this context, subject 14 belongs to the group of
subjects with favorable performance, whereas subject 12 is located in a lower-accuracy region. This
contrast defines two complementary analysis scenarios: one in which the classifier learns a sufficiently
stable discriminative representation, and another in which the model decision is less reliable.
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Figure 6. Classification performance obtained on the MI dataset using the 0–7 s temporal window. Left: Global
summary of the evaluated metrics across the considered deep learning models. Right: Subject-wise accuracy
distribution, highlighting inter-subject variability in classification performance.

Figure 7 allows us to assess whether STF-KernelSHAP remains comparable to conventional XAI
methods when its attributions are projected onto the spatial domain. For subject 14, the evaluated
strategies show contributions concentrated over central and centro-lateral regions, which are consistent
with the expected sensorimotor activity in hand motor imagery tasks. This behavior is relevant because
motor imagery activity is commonly reflected in modulations of mu/alpha and beta rhythms over
sensorimotor areas, particularly around central electrodes such as C3, Cz, and C4. In this scenario,
STF-KernelSHAP produces an aggregated spatial map that preserves a topographic organization
comparable to KernelSHAP, Occlusion, and Integrated Gradients, indicating that the proposed strategy
does not lose the ability to provide a standard spatial interpretation. In contrast, for subject 12, the maps
are less focalized and exhibit lower anatomical coherence across methods. This loss of sensorimotor
reference is consistent with the reduced performance observed for this subject and suggests that, when
the classifier decision boundary is weak, the spatial attributions produced by all methods tend to
become less informative.
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Figure 7. Spatial distribution of the normalized attribution differences obtained on the MI dataset using the 0–7 s
temporal window. Top: Subject 14 evaluated in fold 4. Bottom: Subject 12 evaluated in fold 5.

Figure 8 highlights the distinctive contribution of STF-KernelSHAP. Unlike conventional methods,
which provide an aggregated spatial attribution, the proposed strategy preserves the space–time–
frequency structure of relevance. For subject 14, the most informative contribution is concentrated
within the 2.5–5 s window and the alpha band. This finding is consistent with the experimental protocol
described in Figure 1, where the 2.5–5 s interval corresponds to the effective motor imagery period.
Moreover, the alpha band matches the mu/alpha range associated with sensorimotor modulation
during imagined movement. Therefore, the explanation not only identifies a brain region compatible
with the task, but also localizes the contribution within the expected temporal interval and spectral
band. This point is central to the proposed approach: STF-KernelSHAP is not limited to competing
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with XAI methods through a global topographic map, but also enables verification of whether the
model decision relies on physiologically plausible components of the EEG signal.

0–
2 

s

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Theta
Fp1 Fpz Fp2

AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Alpha
Fp1 Fpz Fp2

AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Beta
Fp1 Fpz Fp2

AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Gamma

2–
2.

5 
s

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

2.
5–

5 
s

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

5–
7 

s

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

Fp1 Fpz Fp2
AF7 AF3 AFz AF4 AF8

F7F5 F3 F1 Fz F2 F4 F6F8

FT7FC5FC3FC1 FCz FC2 FC4FC6FT8

T7C5C3 C1 Cz C2 C4 C6T8

TP7CP5CP3CP1 CPz CP2CP4CP6TP8

P9
P7P5P3 P1 Pz P2 P4P6P8

P10PO7PO3 POz PO4PO8
O1 Oz O2

Iz

−1.0

−0.5

0.0

0.5

1.0

No
rm

al
ize

d 
di

ffe
re

nc
e

Figure 8. Time–frequency spatial attribution maps obtained with the proposed STF-KernelSHAP strategy on
the MI dataset using the 0–7 s temporal window for subject 14 in fold 4. Rows: Temporal segments used to
localize the contribution of the EEG signal over time. Columns: Frequency bands used to characterize the spectral
contribution of EEG activity.

Figure 9 presents a more critical case. For subject 12, the space–time–frequency representation
does not clearly reproduce a focalized sensorimotor activation pattern, which is consistent with the
previously observed low classifier performance. The reduced spatial focalization is therefore coherent
with the weaker predictive behavior of the model for this subject. The absence of a well-defined
sensorimotor topography indicates that the model did not learn a robust spatial representation for this
case. Nevertheless, STF-KernelSHAP still identifies contributions within the 2.5–5 s window and the
alpha band, both associated with the effective motor imagery period and the expected sensorimotor
modulation. Thus, although the spatial evidence is degraded, the proposed decomposition preserves a
temporal–spectral interpretation of the decision process that is not accessible from aggregated XAI
maps.

Figure 10 complements the visual analysis through a perturbation-based fidelity assessment. For
subject 14, the Deletion MoRF and ROAD curves show that removing relevant regions modifies the
classifier response, indicating that the attributions capture components functionally related to the
model decision. In this case, STF-KernelSHAP exhibits competitive behavior compared with con-
ventional strategies, confirming that the space–time–frequency decomposition does not compromise
functional fidelity. For subject 12, the curves are less stable and less conclusive, which is expected
given the lower model performance. In this scenario, perturbing supposedly relevant regions does not
produce an ordered degradation pattern, because the initial classifier decision is already less reliable.
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Figure 9. Space–time–frequency attribution maps obtained with the proposed STF-KernelSHAP strategy on
the MI dataset using the 0–7 s temporal window for subject 12 in fold 5. Rows: Temporal segments used to
localize the contribution of the EEG signal over time. Columns: Frequency bands used to characterize the spectral
contribution of the EEG activity.
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Figure 10. Perturbation-based fidelity analysis obtained on the MI dataset using the 0–7 s temporal window. Top:
Subject 14 evaluated in fold 4. Bottom: Subject 12 evaluated in fold 5. Left: Deletion MoRF. Right: ROAD.

By restricting the analysis to the 2.5–5 s window, the results in Figure 11 directly assess the
temporal interval most closely associated with the execution of the motor imagery paradigm. Under
this condition, subject 43 represents the best-performing scenario, whereas subject 12 maintains low
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performance, thereby enabling a renewed contrast between a case with reliable decisions and another
with lower predictive stability. The relative improvement observed in the best-performing subjects
suggests that focusing the analysis on the effective MI window reduces the influence of less informative
trial segments, although it does not eliminate the inter-subject variability that characterizes EEG signals.
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Figure 11. Classification performance obtained on the MI dataset using the 2.5–5 s temporal window. Left: Global
summary of the evaluated metrics across the considered deep learning models. Right: Subject-wise accuracy
distribution, highlighting inter-subject variability in classification performance.

Figure 12 compares the spatial distribution of attribution differences obtained by the XAI methods
within the 2.5–5 s window. For subject 43, the maps exhibit more defined and localized patterns than
those observed for subject 12, in agreement with the higher classification performance. In particular,
several methods concentrate relevance over central and centro-lateral regions, which is consistent
with the involvement of sensorimotor areas during motor imagery tasks, where mu/alpha and beta
rhythms are commonly modulated over the sensorimotor cortex. In this scenario, STF-KernelSHAP
preserves a topographic representation comparable to conventional XAI strategies, since it allows
spatial contribution regions to be inspected within the same analysis domain. Conversely, for subject
12, the attributions are more scattered and less consistent across methods, which is coherent with a less
stable classifier decision.
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Figure 12. Spatial distribution of the normalized attribution differences obtained on the MI dataset using the 2.5–5
s temporal window. Top: Subject 43 evaluated in fold 1. Bottom: Subject 12 evaluated in fold 3.

Figure 13 confirms the central contribution of the proposed strategy. For subject 43, STF-
KernelSHAP concentrates relevant contributions in the alpha and beta bands, consistently with
the expected sensorimotor modulation during motor imagery tasks. This interpretation is more infor-
mative than the aggregated spatial map, as it verifies that the model decision is not only localized in
plausible regions but is also supported by spectral components consistent with the task. For subject 12,
the spatial organization is less clear, in agreement with the low classification performance; nevertheless,
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the attribution still enables band-wise inspection of the contribution, preserving a spectral reading that
conventional XAI methods do not directly provide.
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Figure 13. Frequency-band spatial attribution maps obtained with the proposed STF-KernelSHAP strategy on the
MI dataset using the 2.5–5 s temporal window. Top: Subject 43 evaluated in fold 1. Bottom: Subject 12 evaluated
in fold 3. Columns: Frequency bands used to characterize the spectral contribution of the EEG activity.

The fidelity assessment in Figure 14 reinforces this interpretation. For subject 43, the Deletion
MoRF and ROAD curves show a more sensitive response to the perturbation of relevant regions,
supporting the functional relationship between the attributions and the classifier decision. For subject
12, the curves are less stable and less conclusive, which is consistent with the lower predictive quality
of the model. Thus, the comparison between both subjects indicates that the fidelity of the explanations
depends on the classifier performance, whereas the STF decomposition preserves a temporal–spectral
interpretation even when the spatial evidence becomes weaker.
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Figure 14. Perturbation-based fidelity analysis obtained on the MI dataset using the 2.5–5 s temporal window.
Top: Subject 43 evaluated in fold 1. Bottom: Subject 12 evaluated in fold 3. Left: Deletion MoRF. Right: ROAD.
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Overall, the comparison between the 0–7 s and 2.5–5 s windows shows that STF-KernelSHAP can
be evaluated under the same spatial conditions as conventional XAI methods, while also verifying
whether the explanation is coherent with the experimental structure of the paradigm. In the full
window, the strategy identifies the contribution within the motor imagery interval; when the analysis
is restricted to 2.5–5 s, the explanation concentrates on the alpha and beta bands, which are the expected
spectral components for MI. This behavior is consistent with the quantitative fidelity results reported
in Table 1, where STF-KernelSHAP remains competitive with conventional post-hoc strategies and
achieves the highest ROAD-AUC in the 0–7 s window, suggesting that the most relevant components
identified by the method preserve the model decision when physiologically meaningful information
is retained. Although Integrated Gradients and Occlusion obtain lower Deletion-AUC values in
some settings, their explanations remain defined over the original input space and do not explicitly
disentangle the temporal and spectral structure of the MI paradigm. Therefore, the main advantage
of STF-KernelSHAP is not merely its ability to produce maps comparable to KernelSHAP, LIME,
Occlusion, Integrated Gradients, or Grad-CAM++, but rather its capacity to balance quantitative
fidelity with structured neurophysiological interpretability across three complementary levels: spatial
localization, temporal window, and spectral band.

Table 1. Quantitative XAI fidelity results for the MI dataset. Methods are ordered according to their global mean
rank across Deletion-AUC and ROAD-AUC. Lower Deletion-AUC and higher ROAD-AUC indicate better fidelity.

Method Deletion-AUC ↓ ROAD-AUC ↑

0–7 2.5–5 0–7 2.5–5

Integrated Gradients 0.291 ± 0.400 0.207 ± 0.231 0.431 ± 0.466 0.597 ± 0.285
Occlusion 0.470 ± 0.389 0.310 ± 0.212 0.443 ± 0.427 0.639 ± 0.202
STF-KernelSHAP 0.420 ± 0.378 0.624 ± 0.339 0.460 ± 0.369 0.262 ± 0.273
KernelSHAP 0.543 ± 0.499 0.602 ± 0.490 0.000 ± 0.000 −0.000 ± 0.002
LIME 0.548 ± 0.495 0.610 ± 0.478 0.009 ± 0.059 0.007 ± 0.059
Grad-CAM++ 0.752 ± 0.270 0.789 ± 0.265 0.090 ± 0.166 0.063 ± 0.108

5.2. Space–Frequency Attribution Analysis in ADHD

The classification results obtained for the ADHD database are presented in Figure 15. Unlike the
motor imagery analysis, this database is not associated with an event-segmented experimental protocol,
but rather with 4 s EEG windows extracted under a more general recording condition. Therefore, the
interpretation does not aim to localize a specific phase of a paradigm, but instead to identify spatial
and spectral patterns that are relevant for class discrimination. In this scenario, T-GARNet achieves
competitive performance compared with the evaluated architectures, which justifies its use as the base
model to analyze whether STF-KernelSHAP can be coupled with an architecture different from those
employed in MI.

Figure 16 shows the spatial distribution of attribution differences obtained by the XAI methods in
ADHD. In contrast to MI, a focalized activation over a specific sensorimotor region is not expected,
since the task is not linked to a motor event or to a cognitively bounded window defined by the
protocol. Instead, the maps exhibit distributed contributions over frontal, central, and posterior
regions, which is consistent with the more global nature of EEG alterations reported in ADHD. In this
context, STF-KernelSHAP preserves topographic comparability with KernelSHAP, LIME, Occlusion,
Integrated Gradients, and Grad-CAM++, by producing an aggregated spatial map within the same
domain of analysis.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 June 2026 doi:10.20944/preprints202606.0375.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.0375.v1
http://creativecommons.org/licenses/by/4.0/


22 of 28

0 20 40 60 80 100
Metric [%]

EEGNet

ShallowConvNet

T-GARNet

Accuracy AUC Kappa

Figure 15. Classification performance obtained on the ADHD dataset.
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Figure 16. Spatial distribution of the normalized attribution differences obtained on the ADHD dataset.

Figure 17 shows that, because a single 4 s EEG window is available, the STF-KernelSHAP
interpretation is mainly concentrated in the spectral domain. This reading is consistent with Figure 4,
where the power spectral density is concentrated at low frequencies and progressively decreases
toward higher frequencies. Accordingly, the attributions exhibit more defined patterns in delta, theta,
alpha, and beta, whereas in gamma the contribution is attenuated and the spatial structure becomes less
evident. This correspondence indicates that STF-KernelSHAP captures dominant spectral components
of the signal, rather than producing arbitrarily distributed relevance. Moreover, the involvement of
low and intermediate frequency bands is compatible with ADHD studies reporting EEG alterations in
theta, alpha, and beta, although with sufficient heterogeneity to avoid interpreting a single band or
spectral ratio as a universal diagnostic marker.
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Figure 17. Frequency-band spatial attribution maps obtained with the proposed STF-KernelSHAP strategy on the
ADHD dataset. Columns: Frequency bands used to characterize the spectral contribution of EEG activity.

Figure 18 complements the analysis through perturbation-based fidelity metrics. In Deletion
MoRF, Integrated Gradients exhibits a marked performance drop when the most relevant regions are
removed, indicating a strong functional relationship between its attributions and the model decision.
STF-KernelSHAP also shows a progressive degradation in accuracy, although less abruptly, which is
consistent with an explanation constructed from more structured space–frequency blocks. In ROAD,
Integrated Gradients and Occlusion produce larger accuracy gaps, whereas STF-KernelSHAP maintains
an intermediate response. This suggests that the proposed strategy preserves functional fidelity,
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although its main objective is not to maximize the pointwise performance drop under perturbation,
but to provide an explanation organized by regions and frequency bands.
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Figure 18. Perturbation-based fidelity analysis obtained on the ADHD dataset using fold 5. Left: Deletion MoRF.
Right: ROAD.

Overall, the ADHD results extend the scope of the analysis conducted in MI. Whereas in motor
imagery STF-KernelSHAP enabled verification of the correspondence between the attribution, the
effective window of the paradigm, and the expected sensorimotor bands, in ADHD the strategy
operates under a different condition: a single 4 s temporal window and a task without an explicit
experimental event. Even so, the method preserves the ability to generate spatial maps comparable
with conventional XAI approaches and further decomposes the explanation into EEG bands that are
relevant for neurophysiological analysis. This behavior is consistent with the quantitative fidelity
results reported in Table 2, where Integrated Gradients achieves the strongest overall fidelity, while
STF-KernelSHAP remains competitive with perturbation- and Shapley-based methods, outperform-
ing KernelSHAP, LIME, and Grad-CAM++ in both Deletion-AUC and ROAD-AUC. Therefore, the
ADHD results indicate that STF-KernelSHAP should not be interpreted solely as the best-performing
fidelity method, but as a model-agnostic and structured XAI strategy that can be coupled with dif-
ferent deep architectures and EEG scenarios, balancing quantitative fidelity with spatial and spectral
interpretability.

Table 2. Quantitative XAI fidelity results for the TDAH dataset. Methods are ordered according to their global
mean rank across Deletion-AUC and ROAD-AUC. Lower Deletion-AUC and higher ROAD-AUC indicate better
fidelity.

Method Deletion-AUC ↓ ROAD-AUC ↑
Integrated Gradients 0.107 ± 0.084 0.881 ± 0.083
Occlusion 0.496 ± 0.285 0.326 ± 0.361
STF-KernelSHAP 0.646 ± 0.317 0.331 ± 0.295
KernelSHAP 0.690 ± 0.337 −0.025 ± 0.277
LIME 0.721 ± 0.310 −0.039 ± 0.293
Grad-CAM++ 0.729 ± 0.224 −0.286 ± 0.428

5.3. Limitations

Although STF-KernelSHAP provides a structured and model-agnostic strategy for EEG inter-
pretability, some limitations should be acknowledged. The reliability of the explanations depends
on the predictive quality of the underlying classifier. When the model exhibits poor or unstable
performance, the resulting attribution maps may also become inconsistent, since the learned decision
function may not encode robust neurophysiological patterns. This aspect is particularly relevant in
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EEG analysis, where inter-subject variability, non-stationarity, and low signal-to-noise ratios affect
both classification and interpretation.

The proposed framework also depends on a predefined partition of the signal into temporal
windows and frequency bands. While this design enables physiologically coherent perturbations over
complete channel–time–frequency cells, it may overlook subject-specific rhythms, transient spectral
events, or non-stationary responses that do not match the selected segmentation. Therefore, the
resolution of the explanation is partly constrained by the prior definition of the time–frequency grid.

Another relevant aspect concerns the use of a reference baseline in the time–frequency domain to
replace absent components during coalition reconstruction. Although this strategy is more structured
than direct pointwise masking, the estimated marginal contributions may still depend on the selected
baseline. In particular, zero-valued spectral references may not always represent physiologically
plausible counterfactual states.

Finally, although the proposed channel–time–frequency grouping reduces the limitations of
conventional KernelSHAP, the coalition sampling process still follows the standard approximation
based on independently sampled binary masks. This formulation does not explicitly model statistical
dependencies among electrodes, temporal windows, and frequency bands. Consequently, some
sampled coalitions may remain only partially consistent with the dependency structure of EEG signals.

6. Conclusions
This work introduced STF-KernelSHAP, an architecture-independent explainability framework for

deep EEG classifiers. The proposed method represents each EEG trial through structured channel–time–
frequency cells and estimates class-conditional relevance using a Shapley value-based perturbation
strategy. Unlike conventional post-hoc XAI methods, which commonly rely on flattened inputs,
sample-wise perturbations, or architecture-dependent activations, STF-KernelSHAP preserves the
multidomain organization of EEG signals while remaining applicable to black-box classifiers.

The experimental results showed that STF-KernelSHAP provides competitive explanatory fidelity
with respect to representative XAI methods, including KernelSHAP, LIME, Occlusion, Integrated
Gradients, and Grad-CAM++. In the motor imagery scenario, the proposed framework enabled the
identification of spatial, temporal, and spectral patterns associated with discriminative sensorimotor
activity. In the ADHD detection scenario, it extended the analysis to a different EEG montage, temporal
configuration, and neurophysiological condition, supporting its applicability across heterogeneous
EEG classification settings.

A central contribution of the proposed framework is that it extends standard EEG topographic
interpretation toward structured multidomain analysis. Thus, relevance can be examined not only at
the electrode level, but also across task-related temporal windows and frequency bands. This property
is particularly relevant in EEG decoding, where discriminative information commonly emerges from
the interaction between spatial distributions, oscillatory activity, and temporal dynamics.

The analysis also showed that post-hoc interpretability should be examined together with predic-
tive performance. In high-performing cases, attribution maps were more stable and more consistent
with expected neurophysiological patterns, whereas low-performing cases produced less coherent
explanations across XAI methods. This finding suggests that unreliable attribution patterns may reflect
weak predictive representations rather than limitations of the explanation method alone.

Overall, STF-KernelSHAP offers a unified and architecture-independent alternative for interpret-
ing EEG classifiers. By combining structured time–frequency perturbation, signal-domain reconstruc-
tion, and Shapley-based attribution, the framework provides physiologically informed explanations
without requiring gradients, internal activations, or model-specific modifications.

Future work will focus on adaptive time–frequency partitions, physiologically informed baselines,
and more efficient coalition sampling strategies [68]. A promising direction consists of developing
a variational extension of STF-KernelSHAP, in which the coalition distribution is learned from data
rather than imposed through independent binary sampling [69]. This extension could better capture
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dependencies among electrodes, temporal windows, and frequency bands. In addition, relevance-
guided interpolation could be explored to restrict perturbation trajectories to the most informative
channel–time–frequency components, with the aim of improving attribution stability [70]. Further
validation under subject-independent protocols, cross-dataset transfer, larger EEG cohorts, and expert-
based neurophysiological assessment will also be necessary [71].
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