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 A B S T R A C T

Background and Objective: Neural oscillations are widely investigated to characterize brain functions. How-
ever, their analysis in the frequency, spatial, and temporal domains from electroencephalographic (EEG) signals 
(e.g., via event-related spectral perturbations) is affected by choices that limit the quality, reproducibility, and 
reliability of results. For example, different pre-processing and processing steps strongly affect the results, 
and the steps are often implemented with manual/semi-automatic algorithms. Moreover, due to the high 
dimensionality of the involved measures, generally a few frequency intervals/brain regions/time intervals of 
interest are selected exploiting a priori knowledge, and then analyzed. Therefore, it is desired an end-to-end 
approach that automatically learns the optimal strategy to process minimally pre-processed EEG to highlight 
the most relevant signatures of brain oscillations in the frequency, spatial, and temporal domains with minimal 
a priori assumptions.
Methods: In this study, we design a novel framework for characterizing EEG oscillations in the frequency, 
spatial, and temporal domains, based on the features learned by a fully-interpretable convolutional neural 
network. The network learns a bank of bandpass filters to be applied to minimally pre-processed EEG. Then, 
frequency-specific spatial and temporal filtering allow the learning of the most salient spatial and time samples, 
separately for each frequency component. Finally, the framework processes the learned interpretable features 
to reveal meaningful EEG signatures.
Results: We test our approach by applying it to real data recorded during motor imagery tasks. Our neural 
network-empowered approach reveals the modulations of brain oscillations known to occur during motor 
imagery, and match results obtained with classic analyses. Specifically, the alpha band (8–13 Hz) was the 
most important, together with the electrodes covering motor areas and the time samples closer to the cue 
indicating the action to imagine.
Conclusions: The proposed framework enables the characterization of brain oscillations in an automatic, 
optimal and end-to-end way, and could be conveniently exploited for boosting our comprehension of brain 
functions in healthy participants and in patients, tracking their neuropathological alterations.
1. Introduction

Neural oscillations, reflecting the synchronized rhythmic fluctu-
ations of local neuronal ensembles, have long been investigated to 
help characterize cognitive functions in both healthy individuals and 
neurological disorders [1–4]. In particular, electroencephalographic 
(EEG) signals are widely analyzed to quantify neural oscillations in 
a non-invasive and cost-effective way, by exploiting time–frequency 
representations (e.g., power representations based on Wavelet analysis) 
separately for each spatial location (i.e., EEG channel), thus providing 
their characterization in the frequency, spatial, and temporal domains. 
Due to the complex, noisy and high-dimensional nature of EEG signals, 
the quantification of EEG oscillations is affected by many factors. 
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First, the EEG needs to be heavily pre-processed to attenuate noise 
components before utilizing it, for example by filtering data in a specific 
frequency range of interest (i.e., retaining only a specific EEG band), 
removing noisy EEG channels, removing artifacts (e.g., eye blinks) 
via independent component analysis [5,6]. The specific pre-processing 
pipeline strongly affects the quality of the results [7]. Indeed, task-
relevant neural activity may be masked out, for example by selecting a 
priori a specific EEG band for the processing, or by removing indepen-
dent components containing mixed activity (related to both brain and 
noise components). Moreover, EEG studies often rely on manual/semi-
automatic and non-standardized pre-processing pipelines [8]; these 
aspects limit the reproducibility and reliability of the results. Besides 
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the pre-processing steps, also the processing methods adopted for ex-
tracting and characterizing the EEG oscillations affect the results. For 
example, time–frequency power computation can be performed using 
either fast Fourier or Wavelet transforms. In turn, Wavelet transform 
can also have different variants, depending on the mother wavelet 
used (e.g., Morlet, Daubechies, Meyer) [9,10]. In addition to variants 
related to different spectral methods, other variants may affect the 
computation of power of EEG oscillations related to a specific task. 
Indeed, as task-related power changes are often subtle and difficult 
to observe, they are computed relative to a baseline (baseline correc-
tion) [10]. However, there is no consensus on how to perform baseline 
correction, and different approaches have been proposed and are used 
(e.g., subtractive or divisive approach, at the level of single-trial or after 
trial averaging [10]). Of course, also the choice of the baseline (e.g., its 
length) influences the results. In addition to these aspects limiting 
the analysis of neural oscillations, an important challenge regards the 
large number of measures involved, that is, multiple spatial locations, 
time samples, and frequencies characterizing the time–frequency rep-
resentation. Typically, one way to solve this is to exploit the existing 
literature to define a priori different regions (i.e., scalp sites)/time 
intervals/frequency intervals of interest, and restrict the analysis only 
on them [9]. Of course, all the previous aspects require strong a priori 
choices that impact on the final results. This poses the challenge of 
fairly comparing the results across different studies, and, critically, 
might result in discarding potentially relevant information (e.g., neural 
modifications unknown so far). Furthermore, adopting a priori choices 
may not be feasible when analyzing patients’ signals, as their neural 
activity may be characterized by unpredictable features and unknown 
modifications, also depending on the severity of neuropathology.

Even though part of these aspects has been addressed in the past 
years, for example by proposing automatic and standardized parts of 
the pre-processing pipeline [11,12] or by defining guidelines [13,14], 
the previous limitations still affect the analysis of neural oscillations, 
which results in a time-consuming trial-and-error procedure, often 
guided by the expectation of results about the investigated cognitive 
functions. Thus, it is desired an end-to-end approach that automatically 
learns the optimal strategy to process raw/minimally pre-processed 
EEG to highlight, for a target cognitive task, the most relevant neu-
ral signatures in the frequency, spatial, and temporal domains with 
no/minimal a priori selections.

Convolutional neural networks (CNNs) [15] are widely used for 
processing single-trial EEG, by mapping it to the corresponding brain 
state (e.g., right-hand motor imagery) characterizing the cognitive task 
(e.g., motor imagery) [16,17]. These algorithms have been mainly ap-
plied to the EEG with the aim of decoding, for example to realize accu-
rate decoders to be used, in prospective, in brain–computer interfaces. 
At variance with traditional machine learning, in which a separation 
between feature extraction, selection, and classification occurs, CNNs 
address neural decoding in an end-to-end fashion, linking raw/lightly 
pre-processed EEG time series to the relevant variables to be decoded 
(e.g., brain states of interest). CNNs outperformed traditional machine 
learning, widely across diverse decoding problems [18], e.g., decod-
ing of motor imagery [19,20], P300 [20–22], and steady-state visual 
evoked potential [23–25]. From their first application to P300 decod-
ing with a compact architecture in Cecotti and Graser [26], CNNs 
improved over the past years. For example, Schirrmeister et al. [19] 
realized an architecture that mimics the processing operated by a 
traditional machine learning approach (filter bank common spatial 
pattern), facilitating the learning of spectrum power-related EEG fea-
tures. This specialized architecture resulted beneficial for decoding 
problems exploiting sensorimotor oscillations (e.g., motor imagery). 
Then, general-purpose architectures have been proposed and applied. 
These typically involve convolutions operating individually in specific 
domains, generally processing time series separately in the temporal 
domain (filtering the time series), and in the spatial domain (learning 
the optimal combinations of channels). Optionally, they might further 
2 
process signals in time with deeper temporal convolutions. Among 
the proposed architectures, EEGNet [20] and its variants [21,22,24,
27–29] represent the most used ones [18], providing a good trade-
off between model size (i.e., number of trainable parameters), training 
time, and decoding performance, also reaching state-of-the-art perfor-
mance in various international EEG decoding competitions [21,27]. 
Finally, improvements regarded the adoption of multi-resolution tem-
poral feature learning [22,28,30–32], by means of parallel convolutions 
operating at different time scales. In addition to these advancements, 
attention-based transformer models were introduced in CNNs to design 
convolutional transformers [33]. These networks have the advantage 
of focusing not only on local features (learned by convolutional filters 
within local receptive fields), but also on long-term relationships.

Importantly, CNNs could also have a key role in EEG analysis and 
not only for EEG decoding. Indeed, even from raw/minimally pre-
processed EEG, these networks are able to automatically learn the most 
important neural features to link the input EEG to output brain states, 
separately in different domains (e.g., temporal domain). By leveraging 
this automatic feature learning, it might be possible to analyze the EEG 
in a data-driven way. However, these models are scarcely interpretable 
out-of-the-box. Solutions were proposed in the literature for increasing 
the interpretability of the features learned by the network, by coupling 
models with explanation techniques (post-hoc model explanation) [34–
36], and by incorporating interpretability in a given domain directly 
into the network structure (ad-hoc interpretable modeling), realizing 
interpretable CNNs [37–39]. Post-hoc model explanations, by relying 
on external algorithms to increase interpretability, pose the challenge of 
not only defining the network structure but also of defining the expla-
nation technique and its settings for properly analyzing EEG [34–36]. 
Moreover, post-hoc model explanations are generally applied to non-
interpretable networks (i.e., networks with layers not designed to learn 
directly interpretable features). Hence, they typically reveal the most 
salient samples of the network input, since the network input actually 
represents the sole interpretable element of the network; thus, they an-
alyze the most relevant characteristics only in the domains represented 
in the input (e.g., spatial and temporal domains, in case the network 
processes multi-channel EEG time series as input). For these reasons, 
adopting a inherently interpretable model would help more in reducing 
the settings influencing the EEG analysis, and by properly defining the 
interpretable components of the network, would help analyzing EEG 
oscillations in all domains characterizing it (i.e., frequency, spatial, 
and temporal domains). Regarding this point, Borra et al. [37,40] 
designed a network component (temporal convolutional layer) that 
forces the learning of a bank of ideal bandpass filters (i.e., based on 
the composition of sinc functions), by training the cutoff frequencies 
of filters (parameters directly interpretable) instead of all the filter 
coefficients. Zhao et al. [38] proposed a similar approach, in which 
a bank of bandpass filters based on real Morlet wavelets was used, 
learning the central frequency and bandwidth of the wavelets. More 
recently, Ludwig et al. [39] generalized these two approaches, by 
considering a generalized Gaussian function for modeling the frequency 
response of the bank of bandpass filters; the frequency response can be 
tuned to describe a response closer to a sinc-based bandpass filter or 
to a Morlet-based one, in addition to be tuned in the central frequency 
and bandwidth. Remarkably, all these approaches provide an increased 
interpretability of the frequency-domain features that are used by the 
network to predict the output brain state when processing the input 
EEG. Additionally, Borra et al. [37] also promoted the increase of 
interpretability in the spatial-domain features, by designing network 
components such that frequency-specific spatial features are learned, 
enabling the understanding of the EEG electrode sites most contributing 
to the discrimination, frequency by frequency.

Despite these remarkable steps, the state-of-the-art interpretable 
networks [37–40] enable the interpretation only of a single domain 
relevant for EEG processing – the frequency domain – with exception 
of a network architecture (Sinc-EEGNet [37]) that enables also the 
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interpretability of the frequency-related spatial features, thus charac-
terizing the frequency and spatial domains. Importantly, increasing the 
interpretability also in the temporal domain would enable the identifi-
cation of the most salient time samples of EEG signals during cognitive 
tasks. This would provide valuable insights about the dynamics of the 
neural processing from neural signals time-locked with respect to an 
event of interest (e.g., a stimulus onset). Moreover, the interpretability 
of the network features only covers a small portion (less than 50%) 
of the total features learned by the network; thus, the state-of-the-art 
interpretable networks still remain predominantly non-interpretable, 
overall. Finally, the previous studies [37–40] attempted to interpret 
the EEG features from the interpretable networks only for validation 
purposes and not for analysis purposes, aiming at validating the net-
work feature learning, i.e., for checking that the network decision was 
based on neurophysiologically meaningful correlates of the predicted 
variables (e.g., motor imagery). On the contrary, the prior studies 
did not address the definition of an EEG analysis tool based on the 
interpretable feature learning operated by the CNN, which could be 
useful to analyze neural oscillations in an automatic, data-driven, and 
end-to-end way.

In this study, our goal is to move a step forward, towards the 
definition and use of CNN-based pipelines not merely aimed at decoding
EEG signals but mainly aimed at analyzing EEG signals. Importantly, 
such approaches can be relevant to overcome the limitations of tra-
ditional EEG analysis, that often rely on highly pre-processed signals 
and are often biased by a priori methodological choices, driven by 
the expectation of results about the investigated cognitive functions. 
To this aim, here we propose the design of an innovative frame-
work for automatically analyzing the EEG in a multiple domains – 
i.e., frequency, spatial, and temporal domains – by leveraging on the 
knowledge automatically learned by a fully-interpretable CNN, from 
raw/minimally pre-processed signals. Therefore, the primary contri-
bution of our study regards bridging CNNs – traditionally exploited 
for EEG decoding – to EEG analysis, promoting an automatic, optimal
(i.e., a data-driven procedure that is optimally tailored to the specific 
cognitive task under investigation), and end-to-end analysis of EEG 
signals (i.e., highlighting neural correlates of brain states directly from 
minimally pre-processed neural time series). Specifically, we design 
a compact and fully-interpretable CNN that learns to link the input 
EEG to the output brain states. Thanks to its architecture, the net-
work enables a straightforward interpretation of the learned features 
in the frequency, spatial and temporal domains, thus revealing the 
most salient EEG features characterizing the decoded cognitive task, 
in multiple domains. In particular, the network first processes mini-
mally pre-processed single-trial EEG by learning the optimal bank of 
bandpass filters to filter it. Then, frequency-specific spatial filtering 
and frequency-specific temporal filtering are performed, by learning 
the most salient EEG channels and time samples, separately for each 
bandpass-filtered EEG signal. Finally, based on these high-level fea-
tures, the network predicts the output brain states. To test the proposed 
framework as an EEG analysis tool, we conducted experiments on real 
data collected during a motor imagery task. We used this representative 
task since the EEG signatures of motor imagery are well-established and 
documented. We showcase how the proposed network, realized fully-
interpretable in its architecture, can be exploited to analyze the EEG in 
multiple domains, revealing the neural signatures of a cognitive task 
under investigation (motor imagery). Finally, as a secondary contri-
bution, we provide a comparative analysis of interpretable CNNs for 
neural decoding, which is lacking in the literature, by comparing the 
main interpretable CNNs both in terms of decoding performance and 
interpretability.

2. Methods

In the following, the proposed EEG analysis framework is presented. 
First, we describe our fully-interpretable neural network for automat-
ically learning the most salient frequency-, spatial-, and temporal-
domain EEG features of the investigated cognitive task (e.g., motor im-
agery). Then, we illustrate how to process these EEG features to provide 
3 
useful insights about the multi-domain signatures of EEG oscillations. 
Finally, the experiments conducted while applying our framework to 
real data are described.

2.1. Proposed EEG analysis framework

2.1.1. Learning multi-domain EEG features using a fully-interpretable neu-
ral network

Let us denote with 𝑋 ∈ R𝐶×𝑇  a minimally pre-processed single-
trial EEG recorded from a specific participant (𝐶: number of EEG 
channels, 𝑇 : number of time samples) and with 𝑙 the corresponding 
brain state, i.e., 𝑙 ∈ 𝐿 =

{

𝑙0,… , 𝑙𝑁𝑐−1

}

 in case of 𝑁𝑐 possible 
brain states (i.e., classes). A neural network can be used to find the 
optimal relationship that maps the input neural activity to the output 
brain state, solving a neural decoding problem. Here we use a fully-
interpretable and fully-convolutional neural network, to enable the 
interpretation of multi-domain EEG features related to the decoded 
brain states, and promote the design of an analysis framework based 
on the network feature learning (addressed in Section 2.1.2).

Our neural network design is composed of three interpretable 
and trainable layers. Through these layers, the network progressively 
learns, from the input EEG (𝑋), the most useful frequency-domain 
features, spatial-domain features and finally time-domain features for 
discriminating between the output brain states. Remarkably, thanks to 
the adoption of the proposed architecture, the EEG features learned 
by the network are forced to live within these domains and to be 
easily interpretable once the network training has ended. The neural 
network is presented in the following, separately for each type of 
feature learning, and it is illustrated in Fig.  1 and Table  1.

i. Frequency-domain feature learning. A temporal convolutional 
layer is applied to the input EEG (𝑋), learning a bank of band-
pass filters. To do so, each temporal convolutional kernel – 
𝑘 [𝑛] , 0 ≤ 𝑛 ≤ 𝑀−1 – is modeled by forcing its values to describe 
a bandpass filter in the frequency domain. To this aim, the 
analytical expression for defining the frequency response of the 
bandpass filter has to be known (e.g., the expression of an ideal 
bandpass filter) and used to set the kernel values. Consequently, 
instead of exposing all the values of the kernel (𝑘 [𝑛] ,∀𝑛) to 
the training process, only a small set of parameters 𝜃𝑓  are 
trained, containing the parameters that uniquely define the fre-
quency response of the filter (e.g., the cutoff frequencies). By 
denoting with 𝐾 (

𝑓 ; 𝜃𝑓
) the frequency response of the designed 

bandpass filter (parametrized in 𝜃𝑓 ), its impulse response is 
obtained by computing the inverse Fourier transform 𝑘 (𝑡; 𝜃𝑓

)

=
−1 {𝐾

(

𝑓 ; 𝜃𝑓
)}

. Finally, the kernel values 𝑘 [𝑛; 𝜃𝑓
]

, representing 
the coefficients of a finite-impulse–response filter, are obtained 
by windowing the impulse response using a Hamming window 
with 𝑀 = 63 points.
Three different options were considered in this study to model 
the analytical expression of the bandpass filter frequency re-
sponse, which are briefly introduced in the following and also 
illustrated in Fig.  2. Hence, three different versions of our net-
work (and thus, of our analysis framework) were designed, each 
one differing as to the functional form used to express the 
frequency response of the bandpass filters.

– Sinc-based functional form. This option forces the learning 
of ideal band-pass filters [37,40] (i.e., with an impulse 
response defined as the composition of sinc functions). The 
frequency response of such kernels is given by the compo-
sition of two heavy-side step functions (see also Fig.  2a):

𝐾
(

𝑓 ; 𝑓1, 𝑓2
)

= 𝑟𝑒𝑐𝑡
(

𝑓
2𝑓2

)

− 𝑟𝑒𝑐𝑡
(

𝑓
2𝑓1

)

, (1)

where 𝑓1 and 𝑓2 denote the low and high cutoff frequencies 
of an ideal band-pass filter, respectively, representing the 
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Fig. 1. Fully-interpretable convolutional neural network for decoding the EEG: high-level scheme. The network processes the input EEG progressively in the frequency, spatial, 
and temporal domains, enabling an easy understanding of the most salient EEG features for separating the brain states under analysis. A representative visualization of the EEG 
features learned by the network in each domain is provided on the bottom. See Section 2.1.1 for further details and the used symbology.
Table 1
Network architecture: layers, main hyperparameters, intermediate output shapes, and number of trainable parameters. If not specified differently, 
unitary stride (𝑆) and no padding (𝑃 ) are applied. The intermediate output shapes and number of parameters are expressed in terms of the 
network hyperparameters and of the input dimension (𝐶: number of EEG channels, 𝑇 : number of time samples). See also Section 2.1.1 for 
further details about the symbols. In the last column, we also provide within brackets the number of trainable parameters as resulting on average 
from our experiments, see Section 2.2. Here, a range of values is reported, depending on the functional form used to design the frequency 
response of bandpass filters. 
 Domain Layer Main 

hyperparameters
Output shape No. of trainable 

parameters
 

 Input – (1, 𝐶, 𝑇 ) 0  
 Frequency Frequency-Conv2D 𝐾 = 32, 𝐹 = (1, 63) (𝐾,𝐶, 𝑇 ) 2𝐾 − 3𝐾 (64-96)  
 BatchNorm2D – (𝐾,𝐶, 𝑇 ) 2𝐾 (64)  
 Spatial Space-Conv2D 𝐷 = 2, 𝐹 = (𝐶, 1) (𝐾𝐷, 1, 𝑇 ) 𝐾𝐷𝐶 (1744)  
 BatchNorm2D – (𝐾𝐷, 1, 𝑇 ) 2𝐾𝐷 (128)  
 ELU – (𝐾𝐷, 1, 𝑇 ) 0  
 Temporal AvgPool2D 𝐹 = (1, 63), 𝑆 = (1, 13)

(

𝐾𝐷, 1, 𝑇 ′) 0  
 Dropout 𝑝 = 0.5

(

𝐾𝐷, 1, 𝑇 ′) 0  
 Time-Conv2D 𝑁𝑐 ∈ {2, 4}, 

𝐹 =
(

1, 𝑇 ′)

(

𝑁𝑐 ,
)

𝐾𝐷𝑇 ′𝑁𝑐 (6531)  

 Softmax –
(

𝑁𝑐 ,
)

0  
 8531–8563  
frequency response parameters. Note that, similarly to 
the following approaches, the frequency response can be 
characterized in terms of the central frequency 𝑓𝑐 and full-
width half-maximum bandwidth ℎ instead of the cutoff 
frequencies, where 𝑓𝑐 =

(

𝑓1 + 𝑓2
)

∕2 and ℎ = 𝑓2 − 𝑓1. 
The set of parameters 𝜃𝑓 =

{

𝑓1, 𝑓2
} (or equivalently 𝜃𝑓 =

{

𝑓𝑐 , ℎ
}

) constitutes the interpretable spectral parameters 
of the sinc-based frequency response.
4 
– Morlet wavelet (MW)-based functional form. This option 
forces the learning of real Morlet wavelets [38]. The fre-
quency response of such kernels is given by the composi-
tion of two Gaussian functions (see also Fig.  2b): 

𝐾
(

𝑓 ; 𝑓 , 𝜉
)

= 1 [

𝑒−𝜉𝜋
2(𝑓−𝑓𝑐

)2
+ 𝑒−𝜉𝜋

2(𝑓+𝑓𝑐
)2]

, (2)
𝑐 2
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Fig. 2. Functional forms used for modeling the analytical expression of the frequency response of the bandpass filters. Here, a bandpass filter centered at 𝑓𝑐 = 10 Hz with a 
full-width half-maximum bandwidth ℎ = 5 Hz is designed, separately by exploiting sinc-based, Morlet wavelet (MW)-based, and generalized Gaussian (GG)-based functions (panels 
a–c). Both impulse responses and frequency responses of the filters are normalized with respect to their maximum value.
where 𝑓𝑐 is the central frequency and 𝜉 is the time decay 
of the wavelet (affecting the variance), representing the 
frequency response parameters. Similar to the previous 
case, the frequency response could be characterized in 
terms of the full-width half-maximum bandwidth ℎ instead 
of the time decay parameter 𝜉 [41], together with 𝑓𝑐 . The 
set of parameters 𝜃𝑓 =

{

𝑓𝑐 , 𝜉
} (or equivalently, 𝜃𝑓 =

{

𝑓𝑐 , ℎ
}

) constitutes the interpretable spectral parameters 
of the MW-based frequency response.

– Generalized Gaussian (GG)-based functional form. Here, 
kernels are forced to describe a generalized Gaussian func-
tion [39]. The frequency response of the kernels is given 
by (see also Fig.  2c): 

⎧

⎪

⎨

⎪

⎩

𝐾
(

𝑓 ; 𝑓𝑐 , ℎ, 𝛽
)

= 𝑒−
(

|𝑓−𝑓𝑐 |∕𝛼
)𝛽

𝛼 = ℎ
2𝑙𝑛(2)1∕𝛽

,
(3)

where 𝑓𝑐 is the central frequency, ℎ is the full-width 
half-maximum bandwidth and 𝛽 is a shape parameter, 
representing the frequency response parameters. The set 
of parameters 𝜃𝑓 =

{

𝑓𝑐 , ℎ, 𝛽
} constitutes the interpretable 

spectral parameters of the GG-based frequency response.
For 𝛽 = 2, 𝐾 (

𝑓 ; 𝑓𝑐 , ℎ, 𝛽
) corresponds to the normal dis-

tribution (i.e., a complex Morlet wavelet in the time do-
main) [41]. For 𝛽 → ∞, 𝐾 (

𝑓 ; 𝑓𝑐 , ℎ, 𝛽
) tends to an ideal 

sinc-based bandpass filter, centered at 𝑓  with bandwidth 
𝑐

5 
ℎ. Indeed: 

lim
𝛽→∞

𝐾
(

𝑓 ; 𝑓𝑐 , ℎ, 𝛽
)

= lim
𝛽→∞

𝑒−𝑙𝑛(2)
(

|𝑓−𝑓𝑐 |∕
ℎ
2

)𝛽

=

⎧

⎪

⎨

⎪

⎩

1, |𝑓 − 𝑓𝑐 | <
ℎ
2

1
2 , |𝑓 − 𝑓𝑐 | =

ℎ
2

0, |𝑓 − 𝑓𝑐 | >
ℎ
2 .

(4)

Therefore, with this functional form, the filter shifts from a 
Morlet-based representation to a sinc-based representation, 
by increasing the parameter 𝛽.

These three different types of filters, due to their characteristics 
in the frequency and time domains, intrinsically have different 
advantages and disadvantages. The sinc-based formulation real-
izes ideal band-pass filters with sharp transition from stopband 
to passband, thus providing high frequency selectivity, but pos-
sibly introducing ringing and oscillations in the time domain 
particular in presence of abrupt edges in the signals. Conversely, 
the MW formulation being characterized by a Gaussian-shape in 
the frequency domain and thus without sharp transitions, mini-
mizes ringing and artifactual oscillations in the time domain, but 
at cost of reduced frequency selectivity which makes the filter 
less ideal. The GG formulation has the clear advantage of higher 
flexibility since the trainable shape parameter 𝛽 allows the filter 
to move from a Gaussian shape to a rectangular shape during the 
course of training. Of course, these differences could traduce in 
different decoding performance across the three network vari-
ants, when applied to a specific EEG decoding problem, since 
one implementation could be more appropriate than the other 
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to extract useful discriminative features, also depending on the 
nature and patterns of the input EEG signals.
The coefficients of the finite-impulse–response filter 𝑘 [𝑛; 𝜃𝑓

]

depend on the parameters contained in 𝜃𝑓 . These parameters are 
learned during network training and represent the interpretable 
frequency-domain EEG features. The coefficients 𝑘 [𝑛; 𝜃𝑓

] are then 
used as values of the convolutional kernel (consisting of 𝑀 =
63 values), and applied to each EEG time series 𝑥 [𝑛], one per 
channel, obtaining the bandpass filtered time series 𝑦 [𝑛]: 

𝑦 [𝑛] = (𝑥 ∗ 𝑘)
[

𝑛; 𝜃𝑓
]

=
𝑀−1
∑

𝑚=0
𝑥 [𝑛 − 𝑚] 𝑘

[

𝑚; 𝜃𝑓
]

. (5)

Here, zero-padding is applied to produce an output time series 
with the same dimension of the input. Finally, by stacking 
each filtered time series, the filtered multi-variate time series 
is obtained: 𝑌 =

[

𝑦0 [𝑛] ,… , 𝑦𝐶−1 [𝑛]
]

∈ R𝐶×𝑇 . For brevity, 
the previous considerations were made considering only one 
bandpass filter; however, the network learns a bank of 𝐾 = 32
bandpass filters. Therefore, the trainable parameters are 𝜃(𝑖)𝑓 , 0 ≤
𝑖 ≤ 𝐾−1. Thus, this layer learns how to optimally filter the input 
time series, and produces as output a collection of 𝐾 versions 
of the input (𝑌 (𝑖) ∈ R𝐶×𝑇 ), each filtered adopting a different 
bandpass filter given by 𝜃(𝑖)𝑓 .

ii. Spatial-domain feature learning. A depthwise spatial convolu-
tional layer is applied to the filtered multi-variate time series 
𝑌 (𝑖), learning a set of 𝐷 = 2 spatial convolutional kernels 
separately for each bandpass filtered version of the input (i.e., ∀𝑖, 
thus, 64 kernels in total) [37]. In other words, this layer learns 
the optimal combination of EEG channels for predicting the 
output brain states, separately for each bandpass-filtered signal. 
Therefore, the trainable parameters are the convolutional ker-
nels 𝑘(𝑖,𝑗)𝑠 , 0 ≤ 𝑖 ≤ 𝐾 − 1, 0 ≤ 𝑗 ≤ 𝐷 − 1, used to weight each 
EEG channel, representing the interpretable spatial-domain EEG 
features 𝜃(𝑖,𝑗)𝑠 = 𝑘(𝑖,𝑗)𝑠 ∈ R𝐶 . Thus, the convolution utilizes kernels 
with 𝐶 values – that is, with a number of values equal to the 
number of EEG channels to combine – and produces as output 
the time series 𝑧(𝑖,𝑗) [𝑛], 0 ≤ 𝑖 ≤ 𝐾−1, 0 ≤ 𝑗 ≤ 𝐷−1 (𝑧(𝑖,𝑗) ∈ R𝑇 ) by 
recombining in space the bandpass filtered version of the input 
EEG: 

𝑧(𝑖,𝑗) [𝑛] =
𝐶−1
∑

𝑚=0
𝑌 (𝑖) [𝑚, 𝑛] 𝑘(𝑖,𝑗)𝑠 [𝑚], (6)

where 𝑖 and 𝑗 represent the indices of the applied bandpass filters 
(0 ≤ 𝑖 ≤ 𝐾 − 1) and spatial filters (0 ≤ 𝑗 ≤ 𝐷 − 1), respectively.

iii. Time-domain feature learning. The time series contained in 
𝑧(𝑖,𝑗) [𝑛] are pooled in time for reducing the computational cost, 
by employing an average pooling layer with a pooling size 
and stride of approximately 500 ms and 100 ms, respectively 
(corresponding to 63 and 13 time samples with the adopted 
sampling rate, see Section 2.2.1). This results in the pooled 
time series 𝑧̂(𝑖,𝑗) [𝑛] (𝑧̂(𝑖,𝑗) ∈ R𝑇 ′ , 𝑇 ′ < 𝑇 ). Then, a temporal 
convolutional layer is applied; it learns a set of 𝑁𝑐 kernels 
(one per output brain state), for optimally recombining the 
temporal information contained in each time series of 𝑧̂(𝑖,𝑗). In 
this study, we applied the network to both binary and multi-class 
classification problems, with 2 or 4 output classes (i.e., 𝑁𝑐 ∈
{2, 4}), see also Section 2.2.1.
Therefore, the convolutional kernels 𝑘(𝑐)𝑡 , 0 ≤ 𝑐 ≤ 𝑁𝑐 − 1, used 
to weight each time sample of the processed time series, are 
trained during network training and represent the interpretable 
time-domain EEG features 𝜃(𝑐)𝑡 = 𝑘(𝑐)𝑡 =

{

𝑘(𝑖,𝑗,𝑐)𝑡

}

𝑖,𝑗
, 𝑘(𝑖,𝑗,𝑐)𝑡 ∈ R𝑇 ′ . 

The convolution utilizes kernels covering all time samples (𝑇 ′) 
and all intermediate features (𝐾𝐷), producing as output a single 
scalar value 𝑜(𝑐) ∈ R for each output brain state (∀𝑐), according 
to: 

𝑜(𝑐) =
𝐾−1
∑

𝐷−1
∑

𝑇 ′−1
∑

𝑧̂(𝑖,𝑗) [𝑚] 𝑘(𝑖,𝑗,𝑐)𝑡 [𝑚] . (7)

𝑖=0 𝑗=0 𝑚=0

6 
Importantly, this layer finalizes the classification problem, map-
ping 𝑧̂(𝑖,𝑗) to the output brain states.

Based on the previous description, the interpretable features are 
directly accessible in the parameter set 𝜃 =

{

𝜃(𝑖)𝑓 , 𝜃(𝑖,𝑗)𝑠 , 𝜃(𝑐)𝑡

}

,∀𝑖, 𝑗, 𝑐. 
In addition to the processing steps presented above, batch normaliza-
tion [42] is included after the first temporal convolution and after 
the spatial depthwise convolution. Dropout [43] (dropout rate 𝑝 =
0.5) is applied immediately before the last convolutional layer. The 
network neurons are activated via an exponential-linear function after 
the spatial depthwise convolution, and via a softmax function after the 
output convolutional layer. Thus, the network provides as output the 
conditional probability 𝑝 (𝑙|𝑋). Finally, the main hyper-parameters of 
the network – such as the number of samples of the windowed impulse 
response (𝑀), number of bandpass filters (𝐾), depthwise multiplier 
(𝐷), pooling size and stride, and the dropout rate – are set as in 
previous studies exploiting deep neural networks (either interpretable 
and non-interpretable) with EEG signals [19,20,37,40].

2.1.2. Processing of the learned features: computation of multi-domain EEG 
signatures characterizing the cognitive task

Neural networks were trained separately for each participant to 
discriminate different brain states characterizing a cognitive task from 
minimally pre-processed single-trial EEG signals (see later Section 2.2 
for further details about the conducted experiments). To highlight the 
signatures of EEG oscillations characterizing the cognitive task, the 
multi-domain EEG features contained in 𝜃 of each trained model were 
processed as follows.

i. Frequency-domain feature processing. Frequency-domain fea-
tures were processed to highlight the frequency components 
that enable a better separation between the output brain states. 
From the frequency-domain features (𝜃(𝑖)𝑓 ,∀𝑖), we derived the 
probability that a specific frequency component was processed 
by the network. To do so, the frequency axis was discretized 
(𝐹 = 500 points) within [𝑓𝑚𝑖𝑛, 𝑓𝑚𝑎𝑥

] – denoting with 𝑓𝑚𝑖𝑛 and 
𝑓𝑚𝑎𝑥 the frequency limits of the pre-processed time series – and 
the probability that each frequency component was included 
in the passband of a filter was computed, by identifying the 
passband from 𝑓1 = 𝑓𝑐 − ℎ∕2 to 𝑓2 = 𝑓𝑐 + ℎ∕2. This re-
sults in a frequency-level probability (∈ R𝐹 ), summarizing the 
frequency-domain processing of the model.

ii. Spatial-domain feature processing. Spatial-domain features were 
processed to highlight the contribution of different EEG channels 
to discriminate between the output brain states, separately for 
each frequency component. The absolute value of spatial fea-
tures (𝜃(𝑖,𝑗)𝑠 ,∀𝑖, 𝑗) was computed, as we aspired at quantifying 
the strength of the contribution of different spatial sites for the 
discrimination. The absolute value of convolutional kernels has 
been used in prior works [26,37,44] to quantify the ‘discrimi-
natory power’ of features, e.g., the higher the kernel sample the 
higher the contribution of that sample to discriminate between 
the output brain states. As explained in Section 2.1.1, each 
bandpass filter is linked to a set of 𝐷 spatial kernels. We derived 
the frequency-level spatial discriminatory power, quantifying the 
discriminatory power in space separately for each frequency 
component. To do so, the frequency axis was discretized as 
in point i., and for each frequency component, we averaged 
together the spatial kernels linked to bandpass filters contain-
ing that frequency component in their passband (i.e., within 
[

𝑓1 = 𝑓𝑐 − ℎ∕2, 𝑓2 = 𝑓𝑐 + ℎ∕2
]

). This way, we obtained a repre-
sentation ∈ R𝐹×𝐶 that quantifies how much each EEG channel, 
for each frequency component, contributes to the discrimina-
tion. Finally, to summarize the information across frequency 
components, we also derived the spatial discriminatory power, 
by averaging the frequency-level spatial discriminatory power 
across all the frequency bins, obtaining a representation ∈ R𝐶 .
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iii. Temporal-domain feature processing. Temporal-domain features 
were processed to highlight the contribution of different time 
samples to discriminate between the output brain states, sep-
arately for each frequency component. It is worth remarking 
that each time-domain feature (𝜃(𝑐)𝑡 ,∀𝑐) weights the time samples 
separately for each frequency-specific spatially filtered time se-
ries (i.e., for each frequency interval processed by the bandpass 
filters). The absolute value of 𝜃(𝑐)𝑡 ,∀𝑐 was computed, as we were 
interested in analyzing the strength of the contribution of differ-
ent time samples for the discrimination, and then was averaged 
across the different temporal-domain features (i.e., temporal 
kernels), summarizing the information across brain states. We 
derived a frequency-level temporal discriminatory power, quan-
tifying the discriminatory power in time separately for each 
frequency component. To do so, the frequency axis was dis-
cretized as in point i., and for each frequency component, we 
averaged together the temporal discriminatory power linked to 
bandpass filters containing that frequency component in their 
passband (i.e., within [𝑓1 = 𝑓𝑐 − ℎ∕2, 𝑓2 = 𝑓𝑐 + ℎ∕2

]

). This way, 
we obtained a representation ∈ R𝐹×𝑇 ′  that quantifies how much 
each time sample, for each frequency component, contributes to 
the discrimination. Finally, similar to point ii., to summarize the 
information across frequency components, we also derived the
temporal discriminatory power, by averaging the frequency-level 
temporal discriminatory power across all the frequency bins, 
obtaining a representation ∈ R𝑇 ′ .

Overall, this procedure enables our framework to highlight the most 
salient frequency-, spatial-, temporal-domain signatures of the EEG sig-
nals that better allow the prediction of the output brain states (e.g., left-
hand vs. right-hand motor imagery) characterizing the cognitive task 
under investigation (e.g., motor imagery), that is, the signatures that 
are modulated during the cognitive task.

2.2. Experiments

2.2.1. EEG data and pre-processing
We conducted our experiments on three public motor imagery 

datasets widely adopted in the literature: BNCI2014-001 [45],
BNCI2014-004 [46], Lee2019-MI [47]. Overall, 72 participants and 
22500 EEG trials were considered. A description of these public datasets
is provided in the following. Please refer to the original publications for 
further details about data recording and acquisition.

i. BNCI2014-001 [45]. This dataset consists of 22-channel EEG 
recorded from 9 healthy participants across 2 recording sessions. 
Signals were recorded from Fz, FC3, FC1, FCz, FC2, FC4, C5, 
C3, C1, Cz, C2, C4, C6, CP3, CP1, CPz, CP2, CP4, P1, Pz, P2, 
POz (𝐶 = 22). The task consisted in the imagination of feet, 
left-hand, right-hand and tongue movements for 4 s. Before 
the task, a 2s-length rest interval was included, in which the 
participant fixated a fixation cross displayed on the screen. For 
each participant and each session, 288 trials were recorded, 
balanced between classes. EEG signals were sampled at 250 Hz.

ii. BNCI2014-004 [46]. Here, 3-channel EEG was collected from 
9 healthy participants in 5 recording sessions. Signals were 
recorded from C3, Cz, C4 (𝐶 = 3). The task consisted in the 
imagination of left-hand and right-hand movements for 4.5 s. 
Before the task, a 3s-length rest interval was included. For 
each participant and each session, approximately 145 trials were 
recorded (on average across participants and sessions), balanced 
between classes. EEG signals were sampled at 250 Hz.

iii. Lee2019-MI [47]. In this dataset, 62-channel EEG was recorded 
from 54 healthy participants across 2 recording sessions. Elec-
trodes were placed according to 10-10 international system (𝐶 =
62). The task consisted in the imagination of left-hand and right-
hand grasping for 4 s. Before the task, a 3s-length rest interval 
7 
was included, in which the participant fixated a fixation cross 
displayed on the screen. For each participant and each session, 
100 trials were recorded, balanced between classes. EEG signals 
were sampled at 1000 Hz.

Signals of all datasets were minimally pre-processed by: (i) down-
sampling to 125 Hz, to reduce the computational cost; (ii) band-pass fil-
tering between 𝑓𝑚𝑖𝑛 = 4 and 𝑓𝑚𝑎𝑥 = 40 Hz (4th order zero-phase infinite-
impulse–response Butterworth filter), to select the frequency range 
covering from theta (4–8 Hz) to low-gamma (30–40 Hz) EEG bands; (iii) 
epoching between 0 and 4 s with respect to the motor imagery onset 
(𝑇 = 500 time samples). After the pre-processing, each EEG trial was 
represented as a 2D matrix with shape (𝐶 ∈ {3, 22, 62} , 𝑇 = 500). The 
single-trial EEG represented the network input, while its corresponding 
motor imagery state represented the network output.

2.2.2. Multi-domain characterization of motor imagery with the proposed 
framework

Neural networks were randomly initialized and trained to classify 
between distinct motor imagery states (𝑁𝑐 = 4 classes for BNCI2014-
001 dataset, while 𝑁𝑐 = 2 classes for the other two datasets). The 
categorical cross-entropy was used as loss function. Trainable param-
eters were optimized via mini-batch stochastic gradient descent using 
adaptive moment estimation [48] (up to 500 epochs, learning rate of 
1e-3, mini-batch size of 32). Early stopping was performed, stopping 
the training once the validation loss did not decrease anymore. During 
training, the central frequency of bandpass filters 𝑓𝑐 was constrained 
to be in the frequency range [𝑓𝑚𝑖𝑛, 𝑓𝑚𝑎𝑥

] (i.e., given by the EEG pre-
processing), the full-width half-maximum bandwidth ℎ was constrained 
to be within the range [2, 20] Hz, and the shape parameter 𝛽 (used in 
the GG-based frequency response only) was constrained to be within 
the interval [2, 10], as suggested by previous studies [37,39].

Participant-specific decoders were trained, utilizing a leave-one-
session-out cross-validation. That is, for each participant, one recording 
session was reserved as the test set, and the remaining sessions repre-
sented the training and validation sets (split with a 80%–20% ratio). 
This is equivalent to a session-level cross-validation scheme, where the 
number of cross-validation folds is equal to the number of total sessions. 
The adopted data split resulted into 232, 464, 80 training trials, 56, 
116, 20 validation trials, and 288, 145, 100 test trials respectively 
for the BNCI2014-001, BNCI2014-004, Lee2019-MI datasets, on aver-
age across participants and cross-validation folds. We have chosen to 
rely on participant-specific decoders as the proposed approach, based 
on the network learned features, is intended to be used as a tool 
for revealing participant-specific neural signatures. This is of extreme 
relevance as this approach, in prospective, may be also extended to 
patients’ signals, highlighting patient-specific neural signatures. More-
over, previous studies [28,44] have shown that participant-specific 
decoders outperform cross-participant decoders; therefore, the features 
learned by participant-specific decoders are more likely to be related 
to neurophysiological/neuropathological EEG characteristics.

For each trained model, i.e., for each participant and each cross-
validation fold, we applied the processing procedure to the learned 
interpretable features as described in Section 2.1.2. Thus, we derived 
the frequency-level probability, the spatial discriminatory power rep-
resentations and the temporal discriminatory power representations 
for each model. Then, these were averaged across cross-validation 
folds, deriving variables that characterize the motor imagery neural 
modulations in multiple domains, in a participant-specific way. The 
results provided by the analysis performed with our framework were 
assessed (see Section 4.1) in light of the modulations known in lit-
erature occurring during motor imagery, and also compared with the 
modulations we obtained on the same datasets using a classic analysis 
approach based on event-related spectral perturbations (see Appendix 
A).
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2.2.3. Decoding performance and comparison with state-of-the-art ap-
proaches

To quantify the quality of the multi-domain EEG feature learning 
operated by our fully-interpretable CNN, we computed the decoding 
performance. First, we computed the accuracy for classifying among 
all the available classes characterizing each dataset (i.e., 4-class classi-
fication for BNCI2014-001 and 2-class classification for BNCI2014-004 
and Lee2019-MI). Additionally, as the left-hand and right-hand motor 
imagery conditions were common across all datasets and as it is com-
mon in the literature to address the binary classification of left-hand 
vs. right-hand motor imagery [18,49], we also estimated the accuracy 
for the 2-class classification of left-hand vs. right-hand motor imagery 
conditions. In this case, for the BNCI2014-001 dataset (originally with 
4 classes) we limited to consider the output neurons’ prediction of left-
hand and right-hand motor imagery only. The accuracy was computed 
on the test set for each trained network. Then, it was averaged across 
cross-validation folds (i.e., across sessions) separately for each partic-
ipant, resulting in an average performance value for each participant. 
The accuracy scored by our network – in all its three variants (sinc-
based, MW-based, and GG-based) – was compared with the chance 
level, separately for each decoding problem (i.e., dataset BNCI2014-
001 4-class decoding, BNCI2014-001 2-class decoding, BNCI2014-004 
2-class decoding, Lee2019-MI 2-class decoding). Here, to compare the 
performance with the chance level (0.25 or 0.5, respectively for 4-class 
decoding and 2-class decoding), non-parametric pairwise Wilcoxon 
signed-rank tests were applied [50], corrected for multiple tests us-
ing the Benjamini–Hochberg procedure [51] (3 in total). Finally, we 
compared the accuracy scored by the three variants of the proposed 
network by using the non-parametric statistical test developed by M. 
Friedman [52] (significance level of 0.05). As no significance was found 
(𝑝 ≥ 0.05) when comparing the three variants of our network, post-hoc 
pairwise comparisons were not performed.

Moreover, to also provide a comparative analysis with state-of-
the-art approaches – even though a benchmark analysis about neural 
decoding is not the main aim of this study – our proposed fully-
interpretable neural network was compared with other 5 state-of-the-
art interpretable networks and other 6 state-of-the-art non-interpretable 
networks. The state-of-the-art interpretable models were: Sinc-EEGNet 
[37] (sinc-based architecture, inspired from the widely used design of 
EEGNet [20]), WaSFCNN [38] (MW-based architecture), and finally 
MagEEGminer, CorrEEGminer, PLVEEGminer [38] (GG-based archi-
tectures). As concerning the interpreted domains, the state-of-the-art 
designs mainly enable the interpretation of frequency-domain EEG 
features, with the exception of the first design (Sinc-EEGNet) that 
enables the interpretation of frequency-specific spatial features too. 
On the other hand, importantly, our network design (in all the three 
variants) enables the analysis of the EEG features in all frequency, 
spatial and temporal domains (see Section 2.1.1). The state-of-the-art 
non-interpretable models were: EEGNet [20], ShallowConvNet [19], 
DeepConvNet [19], EEGITNet [53], EEGInception [30], and EEGCon-
former [33]. These are CNNs commonly adopted for neural decoding, 
that also won international EEG decoding competitions (EEGNet) [21,
27] and that also employ recent methodologies devoted at improving 
neural decoding, e.g., multi-scale temporal feature learning via parallel 
temporal convolutions (EEGInception) and attention-based mechanisms 
to realize convolutional transformers (EEGConformer). For each de-
coding problem, we compared the accuracy of each variant of the 
proposed fully-interpretable CNN with the accuracy of state-of-the-art 
networks, by first detecting differences across multiple networks using 
the non-parametric statistical test developed by M. Friedman [52], 
separately for state-of-the-art interpretable and non-interpretable net-
works (significance level of 0.05). Then, as significance (𝑝 < 0.05) was 
found, for each decoding problem, post-hoc pairwise comparisons were 
performed between the accuracy of each variant of our neural net-
work and each state-of-the-art network, adopting the non-parametric 
Wilcoxon signed-rank test [50] corrected for multiple tests (5 and 6, in 
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total, respectively in case of the state-of-the-art interpretable and non-
interpretable networks) with the Benjamini–Hochberg procedure [51]. 
In addition to the network performance, for each neural network we 
computed the number of trainable parameters (quantifying the model 
size), and the percentage of the interpretable trainable parameters 
(quantifying the level of interpretability of the model). The latter was 
computed as the ratio between the number of interpretable trainable 
parameters and the total number of trainable parameters (expressed 
in percentage). We also computed the training time and inference 
time, quantifying the computational time during training and testing, 
respectively. These are expressed as the time to process a mini-batch 
of examples (32 EEG epochs) on GPU (NVIDIA Titan V), respectively 
during training and inference. Therefore, we performed a comprehen-
sive comparative analysis with the state-of-the-art in terms of network 
performance (accuracy), size (number of parameters), interpretability 
(interpreted domains and percentage of interpretable parameters), and 
computational time (training and inference times).

Finally, we performed channel pruning experiments, to compare 
our interpretable decoders when using the same dataset but selecting 
different small subsets of electrodes among a relative large number 
of available electrodes. This may provide valuable insights for se-
lecting simpler EEG layouts to use in practical applications, and for 
reducing the model size (e.g., for prospective applications that exploit 
devices with limited capabilities). To this aim we considered the dataset 
Lee2019-MI with 62 channels available and we selected 6 subsets of 
electrodes, with different degrees of coverage over the sensorimotor 
cortex. For each subset, we trained our GG-based fully interpretable 
network, and we computed the number of trainable parameters and 
the decoding accuracy, with the same procedure adopted in the pre-
vious experiments. Then, for each subset of electrodes, the obtained 
decoding accuracy was compared with the decoding accuracy ob-
tained when using all 62 available channels (reference condition), using 
a non-parametric pairwise Wilcoxon signed-rank test [50] corrected 
for multiple comparisons (6 in total) with the Benjamini–Hochberg 
procedure [51].

3. Results

3.1. Multi-domain characterization of motor imagery

In all decoding problems, our fully-interpretable CNN (in each of the 
three variants) performed well above the chance level (see Section 3.2), 
indicating the learning of meaningful features for motor imagery classi-
fication. Here, since our main aim is to design a CNN-based framework 
for EEG analysis, we first report the results about the learned features 
and the multi-domain EEG signatures of motor-imagery derived from 
the learned features. In particular, since no significant difference in 
decoding performance (see Section 3.2) was found among the three 
variants of our fully-interpretable CNN (sinc- vs. MW- vs. GG-based 
networks), for brevity, here we report only the EEG analysis results 
obtained using the GG-based network. The results obtained with the 
other two variants of our network can be found in Appendix  B. We 
show here the results obtained with the GG-based network as this can 
be considered a more general case; indeed, the bandpass filtering based 
on generalized Gaussian functions can describe frequency responses 
resembling both the sinc-based and MW-based frequency responses, 
depending on the shape parameter 𝛽 (see Section 2.1.1). To better 
illustrate this aspect, Fig.  3 shows the distribution of 𝛽 (Fig.  3a) and the 
probability density function of 𝛽 (Fig.  3b) across all trained bandpass 
filters (i.e., filters of all the trained models, across all participants, 
cross-validation folds, and decoding problems). Interestingly, the shape 
parameter 𝛽 was automatically selected by the network such that a 
frequency response closer to an ideal bandpass filter was described 
(i.e., higher 𝛽 values), that is, closer to response modeled with a 
sinc-based functional form.
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Fig. 3. Generalized Gaussian-based frequency response: shape parameter (𝛽). Panel a – Distribution of 𝛽 values across all the filters of the trained models (32 filters per model, 
overall 5472 filters). Here, both the impulse response and the frequency response for the upper and lower limits of 𝛽 (i.e., 𝛽 = 2 and 𝛽 = 10) are also displayed (both normalized 
with respect to their maximum value). Panel b – Probability density function (pdf) of the parameter 𝛽.
In Fig.  4 we showcase a representative example of the multi-domain 
interpretable features (i.e., the features contained in 𝜃) extracted from 
one trained network. From the frequency-domain EEG features (Fig. 
4a), it is possible to directly infer how the trained bank of bandpass 
filters processed the input EEG. Here, a prominent involvement of 
alpha band (8–13 Hz) can be observed, with almost half of bandpass 
filters being learned with their central frequency within this range. The 
frequency-specific spatial filters (Fig.  4b), on the other hand, quantify 
the contribution of the EEG channels (specifically linked to each 𝑖th 
bandpass filter). Here, higher weights (either positive or negative) 
were linked to central electrode sites, especially in the alpha band 
(e.g., spatial filters with 𝑖 = 15). In theta (𝑖 = 0, 4–8 Hz) and low-
gamma (𝑖 = 31, 30–40 Hz) bands, higher weights mainly involved more 
frontal electrode sites. Finally, the frequency-specific temporal filters 
(Fig.  4c) quantify the contribution of time samples (specifically linked 
to each 𝑖th bandpass filter), separately for each output brain state. Here, 
a clear modulation of the contribution of different time samples can be 
observed, with time samples within the first half of the EEG trial being 
weighted more (either positively or negatively).

In the following, we present the results obtained by the process-
ing of the learned interpretable features, thus showing the multi-
domain characterization of motor imagery operated by the proposed 
framework.

Fig.  5 shows the probability that the different frequency compo-
nents of the input EEG were exploited by the network to predict the 
motor imagery states (i.e., frequency-level probability). Alpha-band 
frequency components (at around 12 Hz) resulted the most frequently 
used ones, consistently across datasets. Beta-band frequency compo-
nents (13–30 Hz, e.g., at around 25 Hz for BNCI2014-004 dataset) 
and low-gamma-band frequency components were used too but with 
a lower probability.

Moving to the spatial domain, Fig.  6 shows the spatial discrimina-
tory power representations. The frequency-level representation
(Fig.  6a) highlights a strong involvement of central and central-parietal 
sites consistently across datasets, especially in the alpha band, e.g., C3, 
C4, CP3 and CP4 for BNCI2014-001, C3 and C4 for BNCI2014-004, and 
C3, Cz and C4 for Lee2019-MI. This is also confirmed when considering 
the spatial discriminatory power (Fig.  6b) – obtained as the average 
value across frequencies – showing the highest contribution at central 
and central-parietal sites when imagining different actions.

Finally, Fig.  7 reports the temporal discriminatory power represen-
tations. Similarly to the previous results in the spatial domain, the 
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frequency-level representation (Fig.  7a) shows a strong involvement 
of time samples processed within the alpha band, consistently across 
datasets. Moreover, a peculiar dynamic of the discriminatory power 
is observed, especially while analyzing the temporal discriminatory 
power (Fig.  7b), obtained as the average value across frequencies. In 
particular, the network weighted most the time samples within the 
first half of the trial in the first two datasets (BNCI2014-001 and 
BNCI2014-004), with a discriminatory power peaking at approximately 
1.25 s after the motor imagery onset. On the other hand, the network 
weighted equally the time samples along almost the entire EEG trial 
length (i.e., a sustained importance of time samples along the trial) in 
the third dataset (Lee2019-MI).

In the previous 2-D representations (Figs.  6a and 7a), we reported 
the frequency-level discriminatory power separately in the spatial and 
temporal domains. Therefore, we separated the EEG signatures linked 
to the frequency, spatial, and temporal domains into two different 
2-D representations, depicting the frequency-spatial and frequency-
temporal planes. Importantly, these 2-D representations summarize 
the 3-D frequency-spatial–temporal representation derived from our 
approach, and were realized to conveniently visualize the EEG signa-
tures as 2-D heatmaps, separately in different pairs of domains. To 
furnish an even more comprehensive overview of the feature analysis 
provided with our network, we computed a spatio-temporal repre-
sentation quantifying the importance of spatial and temporal samples 
in the alpha band. To do so, we combined the previous frequency-
level spatial and frequency-level temporal discriminatory powers in 
order to show the spatial and temporal discriminatory power averaged 
across the frequency bins of the alpha band (8–13 Hz). The resulting 
representations are reported in Fig.  8. The results reflect the spatial 
modulation and temporal dynamics of the discriminatory power in the 
alpha band, as already emerging separately in Figs.  6 and 7.

3.2. Decoding performance and comparison with state-of-the-art appro-
aches

We accompany the investigation of the most salient multi-domain 
EEG characteristics of motor imagery with a comparative analysis 
between our fully-interpretable CNN (abbreviated as ‘FINet’, i.e., ‘Fully-
InterpretableNet’, in Tables  2 and 3) and state-of-the-art neural net-
works proposed for EEG decoding (either interpretable and non
-interpretable). Table  2 reports the decoding accuracy, as scored for 
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Fig. 4. Interpretable features extracted from a representative model. Here, the features associated to participant no. 9 of the BNCI2014-001 dataset for one cross-validation fold 
(i.e., the features relative to one model) are displayed. Panel a – Trainable bandpass filters. Horizontal bars denote the bandpass filters, with the endpoints representing the cutoff 
frequencies defined by the full-width half-maximum bandwidth ℎ and central frequency 𝑓𝑐 contained in 𝜃(𝑖)𝑓 . EEG bands are color-coded as theta (4–8 Hz): green, alpha (8–13 Hz): 
blue, beta (13–30 Hz): purple, low-gamma (30–40 Hz): gray. Panel b – Frequency-specific spatial filters. For brevity, only three sets of spatial filters are visualized as heatmaps, 
linked to 3 (out of 32) bandpass filters, i.e., 𝜃(𝑖,𝑗)𝑠 , 𝑖 = 0, 𝑖 = 15, 𝑖 = 31, ∀𝑗. Panel c – Frequency-specific temporal filters. Here, the temporal filters are visualized for each bandpass 
filter and each spatial filter as a heatmap, separately for each motor imagery condition (representing the different brain states under analysis), i.e., 𝜃(𝑐)𝑡 =

{

𝑘(𝑖,𝑗,𝑐)𝑡

}

, ∀𝑖, ∀𝑗.
each neural network separately in the BNCI2014-001 (4 classes, feet 
vs. left-hand vs. right-hand vs. tongue imagery), BNCI2014-001 (2 
classes, left-hand vs. right-hand imagery), BNCI2014-004 (left-hand vs. 
right-hand imagery) and Lee2019-MI (left-hand vs. right-hand imagery) 
decoding problems. On the other hand, Table  3 reports the number 
of trainable parameters, the details about the feature interpretability 
(interpreted domains and percentage of interpretable parameters), and 
the training/inference times, for each network. Additionally, Fig.  9 
graphically summarizes the comparative analysis between our network 
and the state-of-the-art interpretable networks, by representing, across 
the four decoding problems, the different neural networks inside the 
model performance-model size plane; here each network is represented 
by a dot and the circle size around each dot is modulated depending 
on the model interpretability.

Our fully-interpretable CNN – in all its three variants – performed 
significantly above the chance level (𝑝 < 0.05) in all decoding problems. 
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Moreover, in each decoding problem, no significant differences (𝑝 ≥
0.05) were found between the three variants of our networks, with p-
values of 𝑝 = 0.12, 𝑝 = 0.09, 𝑝 = 0.24, 𝑝 = 0.54, respectively for 
the four decoding problems. Therefore, despite the differences in the 
filter implementation of the first convolutional layer, the discriminative 
features relevant for motor imagery decoding were effectively captured 
by all the three network variants. As concerning the comparison with 
state-of-the-art interpretable networks, our networks mostly scored the 
highest accuracy scores when compared to the state-of-the-art, signif-
icantly outperforming state-of-the-art interpretable networks (see in 
Table  2 the markers *, †, ‡) for almost all the decoding problems (4) 
and the considered state-of-the-art networks (5), that is, 19 out of 20 
times for our sinc-based and GG-based fully-interpretable CNNs, and 16 
out of 20 times for the MW-based fully-interpretable CNN. Crucially, 
besides being superior in terms of decoding performance, our networks 
introduced the highest percentage of interpretable parameters (97.5%) 
compared to the state-of-the-art, which ranges from 0.4% to 37.4%. 
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Fig. 5. Frequency-level probability. The figure displays the probability that each EEG frequency component was exploited by the network to predict motor imagery (i.e., a frequency 
component falling inside the bandwidth of the filters), separately for each dataset. The thick line represents the mean value across participants, while the shaded area denotes the 
standard error of the mean.
Table 2
Comparison with state-of-the-art neural networks for EEG decoding: decoding accuracy. The three variants of our proposed fully-interpretable CNN are labeled as: ‘sinc-based FINet’, 
‘MW-based FINet’, and ‘GG-based FINet’, for brevity. Five interpretable neural networks are contrasted with our networks: SincEEGNet, WaSFCNN, MagEEGminer, CorrEEGminer, 
PLVEEGminer. Moreover, we also consider six non-interpretable neural networks in this comparative analysis: EEGNet, ShallowConvNet, DeepConvNet, EEGITNet, EEGInception, 
EEGConformer. The decoding accuracy scored by each network is listed (mean value across participants and standard error of the mean), separately for each decoding problem. 
The results from the conducted statistical analysis when comparing each of our networks with the state-of-the-art interpretable networks are reported too. Significant (𝑝 < 0.05) 
comparisons involving sinc-based, MW-based, and GG-based FINets are marked with the symbols *, †, ‡, respectively.
 Neural network Decoding accuracy
 BNCI2014-001 (4) BNCI2014-001 (2) BNCI2014-004 Lee2019-MI  
 Sinc-based FINet (ours) 0.714 ± 0.044 0.841 ± 0.045 0.767 ± 0.046 0.652 ± 0.020  
 MW-based FINet (ours) 0.704 ± 0.046 0.834 ± 0.048 0.760 ± 0.049 0.657 ± 0.020  
 GG-based FINet (ours) 0.712 ± 0.041 0.829 ± 0.047 0.770 ± 0.047 0.657 ± 0.022  
 SincEEGNet [37] 0.621 ± 0.058 (*, †, ‡) 0.735 ± 0.058 (*, †, ‡) 0.743 ± 0.047 (*, ‡) 0.575 ± 0.014 (*, †, ‡) 
 WaSFCNN [38] 0.626 ± 0.065 (*, †, ‡) 0.778 ± 0.056 0.753 ± 0.045 (*, ‡) 0.616 ± 0.020 (*, †, ‡) 
 MagEEGminer [39] 0.467 ± 0.039 (*, †, ‡) 0.651 ± 0.038 (*, †, ‡) 0.716 ± 0.035 (*, ‡) 0.579 ± 0.012 (*, †, ‡) 
 CorrEEGminer [39] 0.495 ± 0.045 (*, †, ‡) 0.675 ± 0.041 (*, †, ‡) 0.665 ± 0.030 (*, †, ‡) 0.587 ± 0.011 (*, †, ‡) 
 PLVEEGminer [39] 0.452 ± 0.039 (*, †, ‡) 0.662 ± 0.040 (*, †, ‡) 0.570 ± 0.016 (*, †, ‡) 0.570 ± 0.012 (*, †, ‡) 
 EEGNet [20] 0.578 ± 0.058 (*, †, ‡) 0.755 ± 0.049 (*, †, ‡) 0.720 ± 0.043 (*, ‡) 0.613 ± 0.019 (*, †, ‡) 
 ShallowConvNet [19] 0.582 ± 0.050 (*, †, ‡) 0.760 ± 0.047 (*, †, ‡) 0.743 ± 0.046 (*, ‡) 0.643 ± 0.017  
 DeepConvNet [19] 0.518 ± 0.062 (*, †, ‡) 0.699 ± 0.067 (*, †, ‡) 0.761 ± 0.045 0.586 ± 0.016 (*, †, ‡) 
 EEGITNet [53] 0.599 ± 0.051 (*, †, ‡) 0.777 ± 0.041 (*) 0.771 ± 0.039 0.618 ± 0.017 (*, †, ‡) 
 EEGInception [30] 0.486 ± 0.047 (*, †, ‡) 0.697 ± 0.054 (*, †, ‡) 0.750 ± 0.038 0.615 ± 0.014 (*, †, ‡) 
 EEGConformer [33] 0.576 ± 0.064 (*, †, ‡) 0.718 ± 0.056 (*, †, ‡) 0.749 ± 0.046 0.664 ± 0.020  
Moreover, our networks provided an increased interpretability in three 
distinct domains – that is, frequency, spatial, and temporal domains 
– while the state-of-the-art interpretable networks mainly limit the 
interpretability to the frequency domain (1-domain interpretability in 4 
out of 5 state-of-the-art networks) and only one network (Sinc-EEGNet) 
focuses on both frequency and spatial domains (2-domain interpretabil-
ity). The increased interpretability of our designs compared to the 
other interpretable networks, however, was associated with an in-
creased number of trainable parameters (on overage across the four 
addressed decoding problems) and a general increase in the training 
and inference times. As concerning the comparison with state-of-the-art 
non-interpretable networks, the most remarkable result concerns the 
decoding accuracy. Indeed, also in this case our networks significantly 
outperformed the state-of-the-art most of the times (>50%), that is, 
18 out of 24, 15 out of 24, and 17 out of 24 comparisons, respec-
tively for the sinc-based, MW-based, and GG-based fully-interpretable 
CNNs. Importantly, in all other comparisons, the statistical differ-
ences resulted non-significant, thus, the decoding performance was 
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statistically comparable. Therefore, our approaches resulted statisti-
cally superior or comparable to non-interpretable designs in terms of 
decoding performance.

Our experiments were conducted on datasets with different channel 
configurations, specifically 3, 22, and 62 EEG channels, in order to test 
the capabilities of our approach across different EEG layouts. However, 
we deemed it valuable to further inspect the effects of the channel lay-
out, by conducting new dedicated experiments aimed at evaluating the 
predictive power of our approach when pruning channels starting from 
a layout with a large number of channels. Specifically, we considered 
the dataset with the highest number of EEG channels (Lee2019-MI, with 
62 channels available) and two classes to be predicted (left vs. right 
hand motor imagery), and then we sampled a subset of EEG channels 
for solving the decoding problem. We considered six different subsets 
of EEG channels, ranging from 3 to 38 out of the 62 total channels 
available (Fig.  10 – middle). Three subsets were obtained using Cz, C3, 
C4 as seed channels, and including a progressively increasing number 
of adjacent channels, adopting a procedure similarly as in our previous 
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Fig. 6. Spatial discriminatory power representations. Panel a – Frequency-level spatial discriminatory power. Here, the contribution of each EEG channel to the discrimination of 
motor imagery states is reported, separately for each frequency component. For each dataset, the mean value across participants (∈ R𝐹×𝐶 , where 𝐹 are the frequency bins and 
𝐶 the EEG channels) is reported as a heatmap. Please note that for brevity, to improve the readability, for the Lee2019-MI dataset (comprising 62 channels), we removed the 
outermost channels from this visualization (while they remain present in panel b), that is, F10, F9, FT9, FT10, TP9, TP10, PO9, PO10. Panel b – Spatial discriminatory power. 
For each dataset, the frequency-level representation reported in panel a is averaged across the frequency components, and the mean value across participants is represented as a 
heatmap mapped onto the scalp.
study [18] (subsets with 3, 18, and 38 channels respectively); the 
other three subsets were obtained similarly but using only channel 
Cz as seed (subsets with 6, 18, and 37 channels respectively). These 
subsets were chosen as they approximately cover the sensorimotor 
cortex with a different coverage, exploiting from 4.8% to 61.3% of the 
total available EEG channels (62 in total). For each subset, our GG-
based fully-interpretable network was trained and tested, as explained 
in Section 2.2.2, and the decoding performance (Fig.  10 – top) and 
number of trainable parameters (Fig.  10 – bottom) were computed for 
each subset. The number of trainable parameters varied from 4.8k to 
7.1k depending on the number of channels in the subset, representing 
respectively 55.9% and 82.8% of the trainable parameters introduced 
when using all the 62 channels available (8.6k), thus, showing a 
12 
considerable decrease. Furthermore, except for one configuration (6 
channels around Cz) among the 6 configurations, the decoders trained 
with subsets of channels were statistically comparable with the decoder 
trained with all 62 channels (reference condition). Interestingly, using 
only 3 channels (4.8% of the 62 available channels) the neural de-
coder not only halved the number of trainable parameters relative to 
the reference configuration, but also provided statistically comparable 
performance.

4. Discussion

In this study, we propose a novel EEG analysis framework that 
exploits the automatic feature learning operated by a fully-interpretable 
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Fig. 7. Temporal discriminatory power representations. Panel a – Frequency-level temporal discriminatory power. Here, the contribution of each time sample to the discrimination 
of motor imagery states is reported, separately for each frequency component. For each dataset, the mean value across participants (∈ R𝐹×𝑇 ′ , where 𝐹 are the frequency bins and 
𝑇 ′ the temporal samples) is reported as a heatmap. Panel b – Temporal discriminatory power. For each dataset, the frequency-level representation reported in panel a is averaged 
across the frequency components. The thick line represents the mean value across participants, while the shaded area denotes the standard error of the mean. Please note that 
in both panels, the time axis is discretized starting from 0.5 s, as the network processed chunks of 500 ms in the last temporal convolutional layer, due to average pooling. For 
example, the first sample of the temporal convolutional kernel 𝑘(𝑖,𝑗,𝑐)𝑡  processes a portion from 0 to 500 ms of the input.
convolutional neural network, for characterizing the EEG oscillations 
during a cognitive task in the frequency, spatial, and temporal domains. 
Remarkably, to the best knowledge of the authors this is the first 
attempt of exploiting the feature learning operated by an interpretable 
network for characterizing neural correlates in multiple domains in 
an automatic, optimal, and end-to-end way. We tested the potential-
ities of our framework by applying it to real data acquired during a 
representative cognitive task (motor imagery). Finally, although the 
main focus of our study is on a CNN-based tool for EEG analysis rather 
than on a CNN-based tool for EEG decoding, for completeness, we also 
compared our fully-interpretable CNNs with the main state-of-the-art 
interpretable networks proposed for EEG decoding.

4.1. Multi-domain characterization of motor imagery

The proposed approach was tested on motor imagery, which was 
exploited as benchmark cognitive task. Indeed, in the literature signif-
icant research efforts have been devoted to EEG-based motor imagery 
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decoding and analysis, due to the important implications of motor 
imagery for neurorehabilitation and assistive technologies. Different 
approaches, ranging from more traditional ones for example based on 
event-related desynchronization/synchronization (ERD/ERS) [54–56], 
to machine learning (e.g., see [45,57]) and deep learning techniques 
(e.g., see [19,40]), have been employed to characterize/decode mo-
tor imagery, and all these methodologies underline the importance 
of considering multi-domain information (temporal, spatial, spectral) 
for an effective characterization/classification. Therefore, we deemed 
motor imagery as an ideal test case for assessing the potential of our 
framework based on an interpretable CNN, specifically designed to 
automatically extract features of EEG oscillations in the frequency, 
spatial, and temporal domains in an end-to-end manner.

The frequency components that the network mainly exploited to 
discriminate the imagined actions were in the alpha band (see Fig.  5). 
Importantly, these were also the most salient frequency components 
(see the frequency-level discriminatory power representations in Figs. 
6a and 7a). It is important to remark that no bias was introduced 
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Fig. 8. Alpha-band spatial and temporal discriminatory power. Here, the contribution of each channel and time sample to the discrimination of motor imagery states, linked 
to alpha-band oscillations, is reported. For each dataset, the mean value across participants (∈ R𝐶×𝑇 ′ , where 𝐶 are the channels and 𝑇 ′ the temporal samples) is reported as a 
heatmap. See also captions of Figs.  6 and 7 for further details.
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Table 3
Comparison with state-of-the-art neural networks for EEG decoding: interpretability, model size and computational time. For each network, the domains in which it learns 
interpretable EEG features are specified. In addition, the number of trainable parameters (quantifying the model size), the percentage of interpretable trainable parameters 
(quantifying the interpretability), and the training and inference times (quantifying the computational time during training and testing) are also listed. Training and inference 
times are expressed as the time to process a mini-batch of examples (32 EEG epochs in this study) on GPU (NVIDIA Titan V), respectively during training and inference. For each 
quantity, the mean value across the addressed decoding problems is reported with the ranges of values displayed within the brackets. 
 Neural network Interpretability No. 

parameters
Interpretable 
param. (%)

Training time 
(ms/batch)

Inference time 
(ms/batch)

 

 frequency spatial temporal  
 Sinc-based FINet (ours) 3 3 3 8531 (4802–10372) 97.5 (96.0–98.1) 8.38 (4.60–18.34) 2.04 (1.40–3.28)  
 MW-based FINet (ours) 3 3 3 8531 (4802–10372) 97.5 (96.0–98.1) 8.33 (4.50–18.26) 1.85 (1.21–3.12)  
 GG-based FINet (ours) 3 3 3 8563 (4834–10404) 97.5 (96.0–98.2) 9.04 (5.53–19.09) 2.39 (1.79–3.65)  
 SincEEGNet [37] 3 3 7 1783 (1154–2098) 22.9 (5.5–48.0) 5.92 (4.74–8.86) 1.69 (1.46–2.30)  
 WaSFCNN [38] 3 7 7 21384 (4802–41677) 0.4 (0.1–1.0) 4.45 (2.48–5.54) 0.87 (0.52–1.62)  
 MagEEGminer [39] 3 7 7 429 (44–870) 37.4 (33.0–42.8) 4.29 (3.91–5.23) 1.30 (1.03–1.81)  
 CorrEEGminer [39] 3 7 7 5341 (44–15502) 13.1 (2.4–40.9) 5.95 (5.41–7.00) 1.69 (1.36–2.50)  
 PLVEEGminer [39] 3 7 7 5183 (32–15136) 4.8 (0.04–18.8) 9.39 (7.79–14.05) 2.69 (1.94–4.33)  
 EEGNet [20] 7 7 7 2271 (1642–2586) 0 (0–0) 4.28 (2.68–7.54) 0.88 (0.60–1.51)  
 ShallowConvNet [19] 7 7 7 47963 (8082–102482) 0 (0–0) 4.70 (3.19–6.98) 1.87 (0.69–2.55)  
 DeepConvNet [19] 7 7 7 281159 (265802–302677) 0 (0–0) 5.66 (5.08–5.87) 1.27 (1.07–1.84)  
 EEGITNet [53] 7 7 7 4864 (3656–5660) 0 (0–0) 11.32 (9.50–16.39) 2.58 (2.33–3.20)  
 EEGInception [30] 7 7 7 16073 (14818–17650) 0 (0–0) 12.47 (8.46–21.91) 2.43 (1.95–3.80)  
 EEGConformer [33] 7 7 7 449779 (410946–505346) 0 (0–0) 24.94 (21.10–26.46) 5.93 (5.60–6.64)  
Fig. 9. Comparison with state-of-the-art interpretable neural networks for EEG decoding: model performance vs. size vs. interpretability. Here, the performance is measured with 
the accuracy, the model size with the number of trainable parameters, and the interpretability with the percentage of interpretable parameters. Each interpretable neural network 
is displayed in the performance-size plane as a black dot, with a surrounding circle. The circle radius is modulated depending on the amount of interpretability of the model. 
Here, for brevity and to improve the readability, only our GG-based fully-interpretable CNN is displayed (labeled as ‘GG-based FINet’ in the figure), as no significant differences 
were observed between the three variants of our network.
in the network towards the alpha band. Indeed, during training the 
bandpass filters in the first convolutional layer were not biased in any 
way towards selecting a specific frequency range in their passband, 
and rather the central frequency of each filter was randomly initialized 
15 
over the entire useful frequency spectrum (4 to 40 Hz, as resulting 
from the pre-processing), see also Section 2.2.2. Therefore, the filters 
were free to learn a bandwidth centered over any possible frequency 
between 4 and 40 Hz, based only on the data without any prior 
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Fig. 10. Channel pruning analysis. The figure displays the configuration of the tested subsets of channels (middle) of the Lee2019-MI dataset (originally including 62 channels), 
the decoding accuracy obtained while applying our GG-based fully interpretable network to the subsets of channels (top), and the corresponding number of trainable parameters 
of the network (bottom). Six subsets are tested, ranging from 3 to 38 EEG channels. These include (from left to right in the figure): a configuration with only the 3 electrodes Cz, 
C3, C4; two configurations with a progressively increasing number of channels adjacent to Cz, C3, C4 (with 18 and 38 channels in total, respectively); three configurations with a 
progressively increasing number of channels adjacent to Cz (with 6, 18, 37 channels in total, respectively). For each channel subset, the decoding accuracy is displayed as a violin 
plot representing the accuracy distribution across participants (light-blue: subsets generated using Cz, C3, C4 as seeds; red: subsets generated using Cz as seed). The horizontal black 
line within each distribution denotes the mean value across participants. The green horizontal line and shaded area denote the mean value and standard error of the mean across 
participants, respectively, as scored by the network trained on all the available channels (62 channels), representing a reference condition. The accuracy distributions significantly 
different than the reference condition are marked (*𝑝 < 0.05, **𝑝 < 0.01).
constraint or initialization that would favor the alpha band. Hence, 
the emergence of the alpha-band frequency components as the most 
informative to predict the motor imagery states was exclusively a result 
of a data-driven learning process, reflecting genuine neural patterns 
rather than any architectural or training predisposition. Spatially, cen-
tral and central/parietal electrode sites – placed approximately above 
the sensorimotor cortex – resulted the most salient (see the spatial 
discriminatory power in Fig.  6). These results are in line with the 
well known time–frequency power modulations observed in the EEG 
during motor imagery [54,55]. Indeed, the imagination of movements 
produces an ERD – i.e., a power reduction during the task vs. a baseline 
period – over the sensorimotor cortex, with a maximum ERD in the 
alpha band. This alpha-band ERD can be viewed as an electrophysi-
ological signature of a network of cortical neurons ready to process 
motor information with an increased excitability (i.e., a neural correlate 
of motor readiness) [58]. Different alpha-band ERD patterns were 
found depending on the imagined action, involving mainly central and 
central/parietal channels contralateral to the imagined movement side 
for right-hand and left-hand motor imagery (overlying the contralat-
eral primary sensorimotor area), midcentral channels for feet motor 
imagery (overlying the supplementary motor area), and midcentral 
and bilateral central channels for tongue motor imagery (overlying the 
supplementary motor area and the right and left primary sensorimotor 
areas) [54,58–60]. It is worth remarking that also other frequency 
ranges were found to be involved during motor imagery, such as beta 
and low-gamma bands [54,58,61–63], and were also found partially 
involved in our analyses (see fore example beta-band contribution 
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for BNCI2014-004 in Figs.  5, 6a, and 7a); however, our framework 
suggests that alpha band is the most involved range in the motor 
imagery tasks analyzed. The weaker contribution of beta and low-
gamma bands, which emerged automatically based on the data, might 
reflect smaller modifications of scalp oscillatory power in these bands 
compared to alpha band during motor imagery, as also reported in 
previous studies [55,64,65]. It should also be noted that the frequency- 
and spatial-domain signatures of motor imagery found with the pro-
posed framework were consistent across datasets in our experiments, 
with small differences due to the different EEG channel setups (22 vs. 
3 vs. 62 channels across the three datasets) and the different contrasted 
motor imagery conditions (e.g., BNCI2014-001 contains also feet and 
tongue imagery conditions in addition to left-hand and right-hand 
imagery).

As concerning the characterization in the time domain, the temporal 
discriminatory power – quantifying how much the different time sam-
ples are affected by motor imagery (see Fig.  7) – ramped up early after 
the motor imagery onset (0.5–1.0 s) and then, depending on the dataset 
processed, a different temporal dynamics was observed. In the first two 
datasets (BNCI2014-001 and BNCI2014-004) the discriminatory power 
peaked within the first half of the trial (1.0–1.5 s) and then slowly 
decreased over time; on the other hand, in the last dataset (Lee2019-MI) 
it maintained high levels for almost the entire trial duration. Therefore, 
in the last dataset, almost all time samples resulted strongly affected 
by motor imagery. These different temporal dynamics could be due to 
differences in the recording paradigm across datasets. All paradigms 
were based on the continuous imagination of actions during a relatively 
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long interval (from 4s-length to 4.5s-length motor imagery interval). 
However, the cue (e.g., a pointing arrow, encoding a specific motor 
imagery condition) lasted for a short interval in the BNCI2014-001 
and BNCI2014-004 datasets, and during the motor imagery interval 
only a fixation cross was showed on the display; therefore, in this 
case the modulation could be more prone to vanish over time, as we 
move far from the cue. Conversely, in the Lee2019-MI dataset the 
cue was displayed also during the motor imagery interval, potentially 
strengthening the modulation during the entire trial duration. To fur-
ther inspect these time-domain results, in Appendix  A we conducted 
an ERD analysis on the same datasets processed with our framework; 
interestingly, besides the well known significant alpha-band ERD ap-
proximately over the sensorimotor cortex, the temporal dynamics in the 
ERD was similar to that found with our CNN-based framework, proving 
that the observed phenomenon is a genuine characteristics of the data 
and is not artificially introduced by our approach.

Overall, the results obtained with our framework match the known 
neurophysiology of motor imagery and the modulations observed in 
the literature with classic analyses based on time–frequency power 
modulations (ERD analysis). The quality of the multi-domain EEG 
features learned by our network – on top of which our analysis frame-
work is built – was also ensured by the significantly higher decoding 
performance compared to the chance level. To further strengthen our 
results, it is important to remark that our framework was designed 
using three different variants of the proposed fully-interpretable archi-
tecture (i.e., sinc-based, MW-based, and GG-based), each exploiting a 
different way for designing the frequency response of the trainable bank 
of bandpass filters. Despite the intrinsic differences among the filter 
formulations, no significant difference was observed in the decoding 
accuracy across the three CNNs (based on the different filter types) 
in any of the four motor imagery decoding problems. This indicates 
that the network’s ability to extract discriminative features for motor 
imagery classification is robust to the specific filter formulation, as 
long as the filter bank spans the relevant frequency bands. Further-
more, across the different variants of our framework (see Section 3.1 
and Appendix  B), similar frequency-, spatial-, and temporal- domain 
signatures of motor imagery were found, thus confirming our findings 
in a more sound way. As no statistical differences were found in the 
decoding performance among the variants of our network, and as 
they all provide the same level of interpretability (97.5%) and almost 
the same model size (from 8531 to 8563 trainable parameters), we 
suggest practitioners to use our framework based on the GG-based fully-
interpretable network, as the functional form used for modeling the 
frequency response of bandpass filters exploits functions ranging from 
Gaussian (MW-based) to rectangular (sinc-based, ideal bandpass filter), 
thus being a generalization of the other variants (see Section 2.1.1).

4.2. Motor imagery decoding and comparison with state-of-the-art networks

We performed a comprehensive comparison of our fully inter-
pretable networks against several interpretable and non-interpretable 
state-of-the-art networks. In terms of decoding accuracy, our inter-
pretable architectures were either statistically superior or comparable 
to non-interpretable designs. This is a particularly remarkable result 
given that our networks were explicitly designed for achieving a high 
level of interpretability rather than to maximize performance, yet they 
still achieved overall superior results compared to state-of-the-art net-
works not constrained to be interpretable at all. Furthermore, in most 
of cases our networks resulted superior in decoding performance to the 
state-of-the art interpretable networks, too. The latter, although inter-
pretable, limit their interpretability mainly to one domain (frequency) 
or at most to two domains (frequency and space), at variance with ours 
that are interpretable in three domains (frequency, space, and time). 
Thus overall, the proposed networks represent promising candidates 
as novel designs that combine maximization of interpretability with 
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high performance. Compared to the other interpretable state-of-the-
art networks, the extension of interpretability to all domains came at 
cost of a general increase in the number of trainable parameters (on 
average across the four motor imagery decoding problems) together 
with an increase in the computational times. As concerning the number 
of trainable parameters, useful cues for their reduction come from 
the pruning channel experiments. These show (see Fig.  10) that the 
trainable parameters can be dramatically reduced by considering a 
small sets of electrodes over the cortical regions more relevant for the 
addressed decoding problem (here the motor cortex) still preserving 
the same high level of decoding accuracy. This proved the feasibility 
to exploit the proposed designs to realize more efficient decoders in 
terms of number of parameters to fit (more convenient for devices with 
limited capabilities), exploiting more parsimonious EEG layouts (more 
convenient in laboratory routine), without worsening significantly the 
decoding accuracy and keeping interpretability in all domains. As 
concerning the computational times (training and inference time), the 
proposed networks settled approximately at halfway among all the 
other tested networks (both interpretable and non-interpretable). While 
computational times depend on several factors – e.g., depth of the 
network, type of convolutions adopted (for example, depthwise or not) 
– a factor that likely contributes to increase the computational times in 
our designs is related to the particular implementation adopted for the 
filters in the first convolutional layer. In this implementation, indeed, 
the filters are not described directly by the coefficients of the kernel; 
rather, they are defined by their frequency response and then the 
coefficients of the kernel are obtained by computing the inverse Fourier 
transform (obtaining the impulse response of the filter), windowed by a 
Hamming window. The additional operations required to compute the 
values of the kernel from the frequency response likely contribute to 
increase the computational times.

4.3. Impact

The main novelty point of our study regards the definition of a 
CNN-empowered analysis tool to investigate EEG oscillations. Clas-
sic analyses – from the pre-processing to processing – are generally 
conducted in a semi-automatic way and without optimally adapting 
the entire processing to the investigated cognitive task. Conversely, 
our proposed analysis framework is fully automatic and optimized on 
the cognitive task under analysis. Indeed, it is designed on top of 
an interpretable neural network that automatically learns the opti-
mal EEG features for predicting the brain states that characterize the 
task, separately for each participant. Thus, since the features are not 
handcrafted but automatically learned from the data, the proposed 
analysis framework is application-agnostic and it can be easily adapted 
to any other cognitive tasks by simply re-training it on new data. 
Moreover, classic analyses process the EEG in the same way across 
participants, for example by computing in the same way the time–
frequency power modulations (e.g., using the same mother wavelet, 
and/or focusing on the same time-intervals or frequency ranges). On 
the other hand, our approach automatically adapts itself to each par-
ticipant’s EEG signals, by revealing the most salient participant-specific 
neural signatures. This makes our approach particularly suitable for 
analyzing EEG signals in patients. Indeed, when examining pathological 
conditions, a patient-specific approach can be especially beneficial, 
due to the high inter-subject variability as the neural activity can be 
differently modulated depending on several factors, such as the size 
and location of the damaged brain area, the time from the onset of the 
lesion, and the severity of the neuropathology. Finally, our approach 
is applied in an end-to-end fashion to minimally pre-processed EEG, 
enabling a more direct link between the neural activity and the brain 
states under analysis with less factors influencing the quality of the 
results, otherwise influenced by specific EEG pre-processing and pro-
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cessing choices in classic analyses. This aspect could have key role for 
potentially highlighting, in a data-driven way, new neural signatures 
related to EEG oscillations with minimal a priori assumptions, in both 
healthy participants and patients. Overall, the prospective implications 
of our framework for analyzing patients’ signals could be useful, for 
example, for defining novel EEG-based biomarkers to quantify and 
track the neuropathology [66], for better targeting the neuronal targets 
for treatments involving non-invasive brain stimulation [67], and for 
developing diagnostic and pharmacotherapeutic strategies [2].

This study, besides proposing a CNN-empowered tool for EEG analy-
sis – representing the primary contribution – it also offers a secondary 
contribution, which arises as a corollary of the primary one. Indeed, 
the fully-interpretable CNN design (integral to the definition of the 
analysis framework) could be exploited, in prospective, for realizing 
more interpretable deep learning-based neural decoders (e.g., for brain–
computer interfacing), with 97.5% of the trainable parameters being 
interpretable, across the entire network. Indeed, even tough it is not the 
main aim of our study (as it is focused on leveraging network features 
for EEG analysis and not for EEG decoding), our networks turned out to 
significantly outperform existing interpretable solutions, with accuracy 
improvements spanning from 0.6% to 26.3%. Importantly, this was 
accompanied with an increased interpretability compared to existing 
approaches, extending the interpretation to all frequency, spatial, and 
temporal domains, and increasing from 1.6 to 243 times the percentage 
of the interpretable parameters learned by the network. This is a rele-
vant aspect, as interpretable models are underexplored in the literature, 
which often considers non-interpretable neural networks and uses them 
as ‘black boxes’, generally focusing only on maximizing the network 
performance and ignoring the validation of the network features [16,
17]. Moreover, the studies that exploit interpretable models [37–39], 
mostly visualize and validate network features in the frequency domain 
or at most in the frequency and spatial domains. By adopting our neural 
network architecture or by proposing new networks based on our key 
architectural elements (see Section 2.1.1), practitioners could easily ex-
tract the network features in frequency, spatial, and temporal domains 
and compare them with the known neurophysiology/neuropathology 
characterizing the addressed EEG decoding problem, enriching the 
validation of deep learning-based neural decoders.

4.4. Limitations and future directions

This study is aimed at illustrating for the first time our novel 
CNN-based EEG analysis framework and at providing a first validation 
on real data recorded in a single cognitive task (motor imagery). 
The obtained results are extremely promising and motivate to further 
enrich the validation of our framework by extending its application 
to other cognitive tasks. Indeed, here we only used a single cogni-
tive task (motor imagery) as reference, as it is characterized by a 
peculiar and well-characterized neurophysiology. The application of 
our framework to other cognitive tasks would enhance the robustness 
of our approach. Moreover, as the main strength of our framework 
relies on the participant-specific EEG processing, our approach will 
also be applied to patients’ signals to enrich the characterization of 
neuropathological alterations and potentially define novel biomarkers 
to track the pathology. Finally, the higher training and inference times 
of the proposed interpretable networks compared to most of state-of-
the-art networks limits the application of our approach in real-time 
implementations. Future studies aiming at using our approach in real-
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time should adopt solutions to improve the computational times of 
the interpretable layers. For example, after training, once learned the 
optimal frequency response parameters in the first interpretable layer 
– i.e., once determined the coefficients of the temporal convolutional 
kernels – to reduce inference times the kernel coefficients could be 
stored and directly used during inference using a traditional tempo-
ral convolution, instead of deriving them again from the frequency 
response.

5. Conclusions

In conclusion, here we propose a data-driven framework based on 
a fully-interpretable CNN, able to characterize EEG oscillations in an
automatic, optimal, and end-to-end way. Our framework unveiled the 
frequency-, spatial-, and temporal-domain EEG signatures that charac-
terize most the cognitive task under analysis, by taking advantage of the 
interpretable features learned by a fully-interpretable CNN. By exploit-
ing an end-to-end and fully-interpretable feature learning, our approach 
can be conveniently applied to analyze minimally pre-processed EEG 
signals, automatically unveiling the signatures related to a cognitive 
task. Compared with traditional analyses, our approach could provide 
valuable insights about the most salient neural correlates especially 
in cognitive tasks that are under-looked, in which the signatures are 
still scarcely characterized. The results obtained on real data recorded 
during motor imagery tasks suggest that our CNN-empowered anal-
ysis approach is capable of revealing neurophysiologically plausible 
characteristics of EEG oscillations in the domains under investigation, 
by matching both the modulations known in the literature occurring 
during motor imagery and the results that can be obtained with classic 
analysis approaches (based on event-related spectral perturbations) on 
the same data. Therefore, neuroscientists could conveniently exploit 
our analysis pipeline in place of or in addition to classic analyses, for 
boosting the description and the characterization of brain oscillations 
during cognitive tasks in healthy participants and prospectively in 
patients, tracking their neuropathological alterations.
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Fig. A.1. Alpha-band event-related spectral perturbations (ERSPs) at central electrode sites: left-hand vs. right-hand motor imagery. Top panels report the ERSP difference between 
the left-hand and right-hand motor imagery at C3 and C4 electrode sites, separately for each dataset. Here, the ERSP is reported as mean value across participants. Bottom panels 
report the modulation of the alpha-band ERSP at central electrode sites (𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4), separately for each dataset. Here, the line denotes the mean value, while the shaded area 
the standard error of the mean across participants. The results of the performed statistical analysis are reported too, by marking with gray dots the time samples with a significant 
modulation of the alpha-band central ERSP.

Appendix A. Event-related spectral perturbations

For each participant, each trial, and each EEG channel, the same signals used as input of our interpretable CNN were processed as follows. The 
event-related spectral perturbations (ERSPs) were computed based on the continuous wavelet transform of the signal utilizing the complex Morlet 
wavelet as basis function. Wavelet transform coefficients were squared to obtain time–frequency power representations. Then, for each participant 
and each EEG channel, the power representations were averaged across trials, separately for each brain state (i.e., each motor imagery condition in 
this study), and were normalized using the power values of the rest interval from −1 s to 0 s as baseline (where 0 s represents the motor imagery 
onset). In particular, the ERSP was computed as the difference between the power at each time–frequency sample and the mean power across the 
time samples of the baseline interval at the same frequency, and divided by the same average baseline power. Therefore, the so computed ERSP 
quantifies the relative increase/decrease of the power during the motor imagery task with respect to the baseline period (here assumed as the rest 
period). Crucially, this quantifies the event-related desynchronization/synchronization (ERD/S, ERS: 𝐸𝑅𝑆𝑃 > 0, ERD: 𝐸𝑅𝑆𝑃 < 0).

ERSPs were considered for the left-hand and right-hand motor imagery conditions, being the common brain states across datasets. Then, we 
extracted the ERSP within the alpha band (8–13 Hz) at C3 and C4 channels, known to be modulated depending on the left-hand and right-hand 
motor imagery conditions, as being approximately over the left and right primary sensorimotor areas. As a stronger ERD (i.e., a negative ERSP) 
at EEG channels contralateral to the imagined action is expected, the modulation of the alpha-band central ERSP (𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4) was quantified 
according to: 
𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4

=
[(

𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶4 − 𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶4
)

+
(

𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶3 − 𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶3
)]

∕2 =

=
[(

𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶4 − 𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶4
)

−
(

𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶3 − 𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶3
)]

∕2.

(A.1)

That is, for each central channel (C4 and C3) we computed separately the difference of the alpha-band ERSP between the imagery condition 
contralateral vs. ipsilateral to each channel, i.e between the left-/right-hand motor imagery for C4 (𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶4 − 𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶4) and the right-/left-
hand motor imagery for C3 (𝛼𝐸𝑅𝑆𝑃𝑟ℎ,𝐶3 − 𝛼𝐸𝑅𝑆𝑃𝑙ℎ,𝐶3). Then these quantities were averaged to obtain 𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4. The more this quantity is 
negative the stronger the modulation of the alpha-band ERSP at the central electrodes C3 and C4. A permutation t test [68] was performed to 
assess if a statistically significant modulation between the contrasted motor imagery conditions occurs, by comparing 𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4 vs. the null 
distribution.

Fig.  A.1 reports the alpha-band ERSP at central electrode sites and the modulation of the central alpha-band ERSP (𝛥𝛼𝐸𝑅𝑆𝑃𝐶3,𝐶4), separately 
for each dataset. A significant modulation was observed (see bottom panels of Fig.  A.1) in all datasets, with significant higher modulations in 
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early time samples for BNCI2014-001 and BNCI2014-004 datasets, and with significant modulations almost constant over time for the Lee2019-MI 
dataset.

Appendix B. Proposed EEG analysis framework: results from sinc-based and MW-based fully-interpretable neural networks

The results obtained with the proposed EEG analysis framework utilizing a sinc-based or Morlet wavelet-based fully-interpretable CNNs are 
reported in this section. Frequency-level probability representations are reported in Figs.  B.1 and B.2, and frequency-level spatial and temporal 
discriminatory power representations are reported in Figs.  B.3 and B.4.

Fig. B.1. Frequency-level probability obtained with the proposed analysis framework utilizing a sinc-based fully-interpretable network. See caption of Fig.  5 for further details.

Fig. B.2. Frequency-level probability obtained with the proposed analysis framework utilizing a Morlet wavelet-based fully-interpretable network. See caption of Fig.  5 for further 
details.
20 
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Fig. B.3. Frequency-level spatial (panel a) and temporal (panel b) discriminatory power representations obtained with the proposed analysis framework utilizing a sinc-based 
fully-interpretable network. See captions of Figs.  6a and 7a for further details.
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Fig. B.4. Frequency-level spatial (panel a) and temporal (panel b) discriminatory power representations obtained with the proposed analysis framework utilizing a Morlet wavelet-
based fully-interpretable network. See captions of Figs.  6a and 7a for further details.
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Data availability

The relevant codes for defining the interpretable neural networks 
presented in this study are publicly available in a Zenodo reposi-
tory [69] at https://doi.org/10.5281/zenodo.16156955. The public 
datasets adopted in this study are available at https://www.bbci.de/
competition/iv/ and at https://gigadb.org/dataset/100542.
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