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ABSTRACT (max: 300 words)

Objective. P300 can be analyzed in autism spectrum disorder (ASD) to derive biomarkers and
can be decoded in BCIs to reinforce ASD impaired skills. Convolutional neural networks
(CNNs) have been proposed for P300 decoding, outperforming traditional algorithms but they
1) do not investigate optimal designs in different training conditions; ii) lack in interpretability.
To overcome these limitations, an interpretable CNN (ICNN), that we recently proposed for
motor decoding, has been modified and adopted here, with its optimal design searched via
Bayesian optimization.

Approach. The ICNN provides a straightforward interpretation of spectral and spatial features
learned to decode P300. The Bayesian-optimized (BO) ICNN design was investigated
separately for different training strategies (within-subject, within-session, and cross-subject)
and BO models were used for the subsequent analyses. Specifically, transfer learning (TL)
potentialities were investigated by assessing how pretrained cross-subject BO models
performed on a new subject vs. random-initialized models. Furthermore, within-subject BO-
derived models were combined with an Explanation Technique (ICNN+ET) to analyze P300
spectral and spatial features.

Main results. The ICNN resulted comparable or even outperformed existing CNNs, at the same
time being lighter. Bayesian-optimized ICNN designs differed depending on the training
strategy, needing more capacity as the training set variability increased. Furthermore, TL
provided higher performance than networks trained from scratch. The ICNN+ET analysis
suggested the frequency range [2, 5.8] Hz as the most relevant, and spatial features showed a
right-hemispheric parietal asymmetry. The ICNN+ET-derived features, but not ERP-derived
features, resulted significantly and highly correlated to ADOS clinical scores.

Significance. This study substantiates the idea that a CNN can be designed both accurate and

interpretable for P300 decoding, with an optimized design depending on the training condition.



1 The novel ICNN-based analysis tool was able to better capture ASD neural signatures than
2 traditional ERP analysis, possibly paving the way for identifying novel biomarkers.

3
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1. INTRODUCTION

Autism spectrum disorder (ASD) is a set of neurodevelopmental conditions with persistent
deficits in social communication and social interaction across multiple contexts, together with
restricted, repetitive patterns of behavior, interests, or activities [1]. ASD people show
difficulties in social-emotional reciprocity, in developing, maintaining, and understanding
relationships, and in non-verbal communicative behaviors used for social interactions, such as
joint attention [2—6]. Joint attention emerges during the first year of life and involves the non-
verbal coordination of attention of two individuals towards an object or event [7], playing an
important role in the development of social and language capabilities [8,9].

Approaches based on neuroimaging, e.g., diffusion tensor imaging and functional magnetic
resonance imaging, are used to characterize and identify potential neural biomarkers of
information-processing deficits in children with autism [10,11]. In addition, Event-Related
Potentials (ERPs) computed from the electroencephalogram (EEG) provide a less expensive
and portable way to study sensory information processing and are applied to study the neural
response in autism following an incoming stimulus [12]. Investigations concern alterations in
both early ERP components reflecting pre-attentive sensory processing and/or initial
orientation and capture of attention, such as P100 [13] and N100 [14], and later components,
such as P300 [15,16]. The P300 response is characterized by a positive deflection that occurs
while attending a target stimulus; it peaks between 250-500 ms after the stimulus onset and it
is mostly distributed on the scalp around midline electrode sites (Fz, Cz, Pz), increasing its
amplitude from frontal to parietal sites [17]. This response can be elicited in two-stimuli
oddball paradigms, where an infrequent (target) stimulus is immersed into a sequence of more
frequent (standard) stimulus. The amplitude of the P300 response was found to be positively
correlated with allocation of attention resources, stimulus recognition and updating of working

memory [18,19]. Abnormalities in the sensory information processing following an incoming
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stimulus were found in ASD, as quantified by a reduced P300 amplitude in auditory and visuo-
spatial tasks compared to healthy subjects, reflecting deficiencies in cognitive, attentional, and
working memory processes [12,20-27].

Besides being potentially useful as an EEG-based ASD biomarker, the P300 response can
be used for ASD intervention. Indeed, Brain-Computer Interfaces (BCls) proved to be useful
personalized therapeutic approaches in ASD [30-34]; these interfaces can be designed to train
ASD people via an EEG-based neurofeedback aimed to reinforce social interactions and
communication skills (e.g., joint attention [28,29]). In this scenario, the P300 response elicited
in visuo-spatial tasks represents an important control signal for the BCI system [28,29]. A
crucial stage of a BCI is represented by the decoding algorithm, that detects the P300 response
from the EEG and translates it into a command. Challenges to perform this step arise from the
noise sensitivity, non-linearity and non-stationarity of the EEG, as these characteristics depend
on the subject and on the environment [33]. In particular, the non-stationarity causes shifts in
the EEG across trials and recording sessions. In addition, inter-subject variability across
subjects, due to anatomical and physiopathological differences, hinders the design of a
‘participant-agnostic’ BCI. Therefore, due to intra- and inter-subject variabilities, most BCIs
require long calibration times on each recording session to achieve satisfactory decoding
performance [31]. Furthermore, due to reduced P300 amplitude in ASD, the decoding of the
P300 response is even more challenging and, thus, the decoding performance may be
negatively affected.

Machine learning algorithms have been widely adopted to learn discriminative patterns from
the EEG to perform P300 decoding [32]. Among these algorithms, traditional decoders for
P300-based BCIs perform a pre-processing step that includes band-pass filtering within fixed
EEG bands (e.g., 0.5-4 Hz and 4-8 Hz [33]; 2-20 Hz and 2-8 Hz [34]; 2-12 Hz [35]), followed

by extraction of features in the temporal, frequency and spatial domains; the latter are then
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evaluated by a classifier such as linear discriminant analysis, support vector machine or multi-
layer perceptron [33,35-40]. In addition to these traditional decoders, significant
improvements in performance were found using convolutional neural networks (CNNs) [41—
43]. CNNs are feed-forward neural networks including the convolutional operator at least in
one layer. Inspired by the hierarchical structure of the ventral stream of the visual system,
CNNs are composed by stacked layers of neurons, each neuron characterized by a local
receptive field. Neurons in deeper layers have larger receptive field and respond to more
complex features [44], enabling the learning of hierarchically structured features from the input
signal. At variance with traditional machine learning algorithms, in which a separation between
feature extraction, selection, and classification occurs, CNNs solve the decoding task in an end-
to-end fashion, by automatically learning the more meaningful features for the addressed
problem, i.e., discrimination of P300 events from single EEG trials. Therefore, CNNs do not
rely on some characteristics extracted a priori from the signals (e.g., spectral contents within
fixed bands), but automatically learn the relevant discriminative features to distinguish the
P300 response from the input EEG trial. From their first application in P300 decoding with the
simple design proposed by Cecotti et al. [45], CNNs were improved by including progressively
more convolutional and regularization layers (e.g., dropout [46] and batch normalization [47])
[48]. Among these CNNs, EEGNet [49] and its variants [43,50] were found to be particularly
suitable for P300 decoding, outperforming traditional machine learning solutions as well as
other CNN-based approaches, also in case of P300-based BCIs aimed at ASD intervention
[41,43]. In addition, by adopting specific training strategies (such as within-subject and cross-
session strategy or cross-subject strategy), CNNs were found to be capable of learning robust
features across sessions and subjects, incapsulating intra-subject and inter-subject variability,

thus providing the potentiality of significantly reducing BCI calibration times [43].
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However, despite the previous advantages, these algorithms have some limitations. First,
they introduce a large number of trainable parameters, i.e., parameters to fit during the training
process, and require setting many hyper-parameters, i.e., parameters that define the functional
form of the decoder (e.g., convolutional filter size, number of convolutional filters, type of
activation function, etc.) that must be set before the training.

Generally, hyper-parameters are selected by testing only a few configurations via empirical
evaluations [43,48-50], and, thus, CNNs are built with a sub-optimal design in terms of
performance. Furthermore, hyper-parameters are kept the same across different training
strategies [43,50]. In this way, the network capacity (i.e., its ability of approximating a wide
variety of functions) is kept the same even though the network faces problems with increasing
difficulty across the different strategies, e.g., when moving from within-subject and within-
session to cross-session and cross-subject decoders, the architecture must learn the relevant
features from training distributions with increased variability. Searching for an optimal CNN
hyper-parameter configuration, which is also specific for a particular training strategy, is even
more necessary when designing a P300 decoder for a BCI-based ASD therapeutic approach,
where the P300 response is attenuated and more difficult to distinguish than in case of healthy
users.

Moreover, CNNs are scarcely interpretable in their learned features and are often treated as
black boxes. As pointed out in a recent survey [51], there is a growing interest to interpret the
feature representations provided by deep neural networks and their relation to clinical outcomes
quantifying neuropathology. Thus, research is moving from the sole decoding of brain states
towards the analysis of EEG features derived from the learning system, for example studying
EEG signatures related to movement [52—-56], P300 [43,57,58], or depression [59]. Recently,
interpretable CNNs (ICNNs), i.e., CNNs that include layers whose learned parameters are

directly interpretable, were proposed to decode motor imagery and execution. Zhao et al. [53]
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increased feature interpretability in the frequency domain by reparametrizing a convolutional
layer to learn Morlet wavelets. Recently, we proposed a lightweight (i.e., with a limited number
of trainable parameters) ICNN [52,55] able to increase the interpretability of both spectral and
spatial features, by reparametrizing a convolutional layer to learn band-pass filters and by
learning spatial filters tied to each band-pass filter. In addition to interpretable layers,
explanation techniques (ET) can be used to explain the CNN decision by highlighting which
EEG features learned in interpretable domains (e.g., spatial, temporal, spectral) are the most
discriminative (i.e., most salient) for the decoding of a specific cognitive state, such as the P300
[43,57,58]. Thus, by leveraging on the increased interpretability embedded into an ICNN,
combined with an ET (denoted as ICNN+ET in the following), a data-driven non-linear
analysis tool could be realized able to gain insights into the physiopathological neural
signatures contained in the EEG associated to P300.

In this study, we aim to contribute to the decoding and, at the same time, to the analysis of
the P300 in ASD using an ICNN, to further increase the feasibility of BCI intervention in
autism and to potentially characterize novel data-driven biomarkers related to ASD visuo-
spatial sensory processing. To this aim, here we adopted an architecture obtained by combining
two existing CNN architectures, i.e., Sinc-ShallowNet and EEGNet. Sinc-ShallowNet [52] is
an interpretable and lightweight CNN that we recently designed and proposed for decoding
purposes other than P300 (specifically, decoding of motor imagery and execution), and that
allows a straightforward interpretation of the learned spectral and spatial features. EEGNet
represents the state-of-the-art (SOA) CNN for P300 decoding [41,50]. The proposed
combination was conceived to obtain a CNN for P300 decoding (named Sinc-ShallowNet-v2
in the following), being both interpretable and with high decoding capabilities, as it inherits

the interpretable characteristic from Sinc-ShallowNet and, at the same time, it includes some
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design aspects of EEGNet. Then, using this architecture, we address the following two issues

as main points of novelty of this study:

1.

ii.

Investigate the optimal ICNN design (in terms of performance) and the role of the
main ICNN hyper-parameters under different training conditions, by performing
automatic hyper-parameter search (AHPS) based on Bayesian optimization (BO),
separately for each training condition. The investigated training strategies were
within-subject and within-session, within-subject and cross-session, and leave-one-
subject-out. Furthermore, we also tested the capability to transfer the knowledge
from other participants to a new one, adopting a transfer learning strategy to reduce
calibration time. Each of these training strategies may represent a different practical
scenario of BCI intervention to improve joint attention in ASD.

Design of a novel algorithm based on the combination of the ICNN with saliency
representations (ICNN-+ET) to highlight the most relevant spectral and spatial
features that correspond to the visuo-spatial P300 correlate in autism. These features
were then used to define clusters of subjects characterized by shared neural
signatures. Then, we investigated whether these features were related to clinical
scores measuring the severity of ASD symptoms as derived by developmental and
behavioral ASD assessment tools, and whether the ICNN+ET analysis better

enhanced useful ASD neural signatures compared to a canonical ERP analysis.

Both the transfer learning and the explanation technique were applied to models derived

from Bayesian optimization, as the latter, optimizing the decoding capabilities of the models,

contributes to increase the performance and reliability of the obtained results.

10
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2. MATERIALS AND METHODS
2.1. Dataset description

In this study we used the BCIAUT-P300 dataset, an EEG dataset of a feasibility clinical trial
[28,29] publicly released for the IFMBE 2019  scientific  challenge

(https://www.kaggle.com/disbeat/bciaut-p300). EEG signals were recorded from 15 high-

functioning ASD participants (22 years old, on average) while testing a P300-based BCI (based
on statistical classifiers) aimed to improve their joint attention. During a baseline visit, the
following clinical scores, useful also to diagnose ASD, were collected: Autism Diagnostic
Observation Schedule (ADOS) [60], Autism Diagnostic Interview-Revised (ADI-R) [61], and
Intelligence Quotients (IQs, measured by WAIS-III [62]). These scores are reported in Table
1.

For each participant, the BCI paradigm was carried out during 7 recording sessions (over 4
months) and in each session it was based on an immersive virtual environment presented to the
user, consisting of a bedroom with an avatar, common furniture (e.g., shelves, a bed, etc.) and
eight objects of interest. These objects were: 1) books on a shelf, 2) a radio on top of a dresser,
3) a printer on a shelf, 4) a laptop on a table, 5) a ball on the ground, 6) a corkboard on the
wall, 7) a wooden plane hanging from the ceiling, and 8) a picture on the wall (see Figure 1).
Participants were instructed to read non-verbal social agent cues from the avatar, i.e., avatar
head turning to a particular object, and to pay attention to that target object. The 8 objects
randomly flashed in the virtual scene and, thus, a visuo-spatial P300 response was elicited
when the attended object flashed.

Each recording session was composed by a calibration phase, consisting of N, = 20 blocks,
and an online phase, consisting of N;, = 50 blocks. Each block was related to a particular object
selected as target by the avatar that the user tried to identify (see Figure 1 for a scheme about

the organization of blocks, runs, and trials). For each block, K runs were repeated (K = 10 in

11
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the calibration phase, while K varied in the online phase with K = 7.095 on average across
online blocks); each run consisted of each of the 8 objects flashing once in a random sequence.
This resulted in 1600 trials (20 blocks x 10 runs x 8 EEG trials) per each participant and session
during the calibration phase, and in 2838 trials on average during the online phase. During the
calibration phase, the BCI statistical classifiers were trained to predict the object the participant
was paying attention to; during the online phase, the trained classifiers were applied to identify
whether the subject attended the target object correctly and, in that case, to provide positive
feedback to the user.

The IFMBE 2019 scientific challenge was organized to stimulate researchers to develop
decoders maximizing the object detection accuracy based on the P300 response. In the
challenge, for each subject and each session, trials recorded during the calibration phase were
released to tune decoders (i.e., to set their parameters), while trials recorded during the online
phase were used to test decoders. In the present study, we adopted this same split as defined
by the challenge, as this choice may also allow a fair and direct comparison with the results of
decoders that participated to the challenge [41]. More specifically, for each subject and each
session, we further split the 1600 calibration trials into two sets: 80% of trials (1280 trials),
were randomly sampled and used as training set to optimize the trainable parameters of the
decoders, while the remaining 20% of trials (320 trials) were used as validation set to optimize
the hyper-parameters of the decoders. This further splitting was based on our winning solution
of the challenge [41,50] to select the number of training epochs (i.e., to perform early stopping).
Therefore, each subject-specific and session-specific dataset was separated into 3 different sets,
as commonly performed in the literature [41,43,45,49,50,52,55,57,63]: training set (1280
trials), validation set (320 trials), and test set (2838 trials on average). However, since different
training strategies were adopted here, by differently aggregating the training set and validation

set across sessions and subjects, the overall number of training and validation trials were

12
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different depending on the strategy (see Section 2.5.1). Finally, test trials were used to test the

tuned decoders on a held-out set.

EEG signals were recorded at 250 Hz from C3, Cz, C4, CPz, P3, Pz, P4, and POz locations
(C = 8 electrode sites), with the reference placed at the right ear and the ground at AFz. These
signals were acquired notch filtered at 50 Hz and filtered between 2 and 30 Hz [61]. In this
study, as in the winning solution [50] that we proposed for the challenge, each trial contained
signals from -0.1 s to 1 s relative to the stimulus onset and signals were downsampled to 128

Hz, so that each trial contained T = 140 time steps.

2.2 Problem definition
Based on the previous description, the collection of trials associated to the s-th subject

acquired during the r-th recording session can be formalized as the collection D) =

{(X és'r), yés,r)), . (X l-(s’r), y-(s’r)), e (X (s7) (s7) )} M1 denotes the total number of

i MG 1’ G _q
trials for that subject and that session, X i(s'r) € R*T represents the pre-processed EEG signals

of the i-th trial (0 < i < M®™ — 1), and yi(s'r) represents the label of the i-th trial, i.e., yi(s’r) €
L = {l,,1;} = {non-P300, P300}, where the label P300 was assigned to those trials where the
flashing object coincided with the object the avatar was looking at.

In this study, each decoder consisted in a parametrized classifier f (representing the ICNN

and having a different functional form depending on the hyper-parameters), which solves a
: : : : (s1). g). RCXT :
binary classification task: f (X P 9). R**" — L, where 6 represents the array of trainable

parameters. Thus, the ICNN input was represented by X l.(s'r) that can be viewed as a 2D matrix

of shape (C,T) = (8,140) with electrodes along the height and time steps along the width, and
the output consisted of two neurons corresponding to either one or the other class. The

validation set was used to perform the automatic search of ICNN hyper-parameters via

13
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Bayesian optimization, and the ICNN learned automatically from the training set the relevant
features to assign the correct label to unseen input trials belonging to the test set. The
knowledge learned by the ICNN during the training process was stored in its trainable
parameters 8. These parameters, thanks to their increase interpretability, can be exploited to
gain insights into the neural signatures related to a specific class (e.g., P300 class) in a data-

driven way, without relying on handcrafted features based on expected EEG responses.

2.3. An update of Sinc-ShallowNet: Sinc-ShallowNet-v2

Sinc-ShallowNet [52] is an ICNN that we developed to decode motor imagery and execution
from single EEG trials. This ICNN is composed of two blocks, each consisting of several
stacked layers: an interpretable spectral and spatial (ISS) feature extractor followed by a fully-
connected (FC) block that performs classification. The ISS block was designed to increase the
interpretability of the learned parameters, at the same time keeping limited the model size, i.e.,
the number of trainable parameters, and included a temporal convolutional layer (with a
reparameterization of the kernels), a depthwise spatial convolution and an averaging pooling
layer (see also below for a more detailed description of the ISS block). Crucially, in Sinc-
ShallowNet the output of the ISS block was provided directly as input to the FC block. Here,
we proposed an updated version for P300 decoding, named Sinc-ShallowNet-v2, by integrating
in the design also structure elements of EEGNet, a CNN proved to be particularly suitable to
decode the P300 response from EEG [41,49,50] but not designed to be interpretable.
Specifically, the updated Sinc-ShallowNet-v2 embraces three main blocks by including an
additional block, the fixed-scale temporal (FST) feature extractor (inspired by EEGNet),
between the ISS block and the FC classification block. This is an important modification, since
Sinc-ShallowNet-v2 further processes the output of the ISS block by learning features in the

temporal domain, and this may help to better capture intra- and inter-subject variability of P300

14
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in time. A schematization of Sinc-ShallowNet-v2 is reported in Figure 2a; a more detailed
description reporting the hyper-parameters, output shape and number of trainable parameters
per layer, is reported in Table 2. In the following, the blocks are described in detail.

i.  Block 1: Interpretable spectral and spatial (ISS) feature extractor

The first block was inspired by the ISS block of Sinc-ShallowNet [52] and was devoted to
separately learn spectral and spatial features from the input EEG trials in an easy interpretable
way. The very first layer of the ISS block was a temporal sinc-convolutional layer [52,55,64],

learning K,'*S filters with filter size Fy'>® = (1,65), unitary stride and zero-padding P,

ISS _
(0,32) to preserve the number of input temporal samples. This temporal convolutional layer
was devoted to filter each electrode signal in time. By using the sinc-convolutional layer to
perform such processing step instead of a conventional convolutional layer, each convolutional
filter is forced to describe a band-pass filter in the temporal domain. Denoting with k; the j-th
convolutional kernel, in a conventional convolutional layer each value of the filter (i.e.,
k;[0,n],n € [0,64]) has to be learned during the optimization process; conversely, in a sinc-
convolutional layer, each value of the filter is defined by a parametrized function, forcing the
filters to belong to a specific subset of temporal filters (here band-pass filters). Therefore, in a
sinc-convolutional layer a re-parametrization of each convolutional kernel occurs:
ki'[0,m; {fo, fu;3] = 2fysinc(2nfy jn) — 2f, jsinc(2mfy m). (1)
In Equation 1, {fg j, f1,j} are the trainable parameters related to the j-th kernel, including

only the inferior (fp ;) and superior (f; ;) cutoff frequencies of the band-pass filter. In this way,

the number of trainable parameters reduces from 65 (= F,"*°[0] - F,'**[1]) to 2, for each
temporal filter. Lastly, to alleviate the effects of the inevitable truncation of kj' on the

characteristics of each filter, kj' is multiplied by a Humming window:

kw,j,[o'n; {fo,j'ij}] = kj,[OJ n; {fo,jrfl,j}] ‘wn]
_ 21tn . (2)
wn] = 0.54 — 0.46 cos( )

FOISS[l] -1

15
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Accordingly, the temporal sinc-convolution computes the convolution between the input

and k,, j' [0, n; {fo,j fi, j}], learning only the following 2 parameters for each kernel:

Ospect,j = Uo,jr f1,;1 €0,0 <) < K" —1. 3)

Thus, the output of this first layer consists of stacked feature maps containing band-pass
filtered versions of the input EEG trial within specific frequency ranges that were explicitly
learned during training.

The use of a temporal sinc-convolutional layer, besides substantially reducing the
parameters to fit, promotes the learning of more meaningful and well-defined temporal filters,
and provides a straightforward interpretation of the learned spectral features [64], being the
cutoff frequencies of the learned band-pass filters. Conversely, in case of a conventional
temporal convolutional layer, the learned spectral features are not immediately accessible and
interpretable.

Downstream the temporal sinc-convolutional layer, a batch normalization layer [47] was
included. Then, a spatial depthwise convolutional layer was introduced: for each band-pass
filtered map, D,">* spatial filters were learned having size (C, 1), unitary stride and no zero-
padding, i.e., D;'*° spatial combinations of electrodes were learned for each band-pass filtered
map. Therefore, a total number of K,>° = K,'*° - D,"*5 spatial filters were learned and
constrained to have a norm upper bounded by ¢, 55 (kernel max-norm constraint). This type of
convolution does not exploit dense connections across feature maps as in traditional
convolutional layers, reducing the number of trainable parameters. In addition, the combination
of temporal sinc-convolution with spatial depthwise convolution leads to an interpretable

ISS

spectral-spatial feature learning, as each group of D, °° spatial filters is strictly tied (via

depthwise convolution) to a specific band-pass filter, i.e., to a specific frequency range:

Ospat,j = {0jor - Ojtes - O 155_1} € 6,0 < j S K% — 1, 4)

indicating with 8, the k-th spatial filter (0 < k < D;"** — 1) tied to the j-th band-pass filter.

16
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The whole parameters learned in these two first convolutional layers can be denoted as the

set:

6155 = {015510, ey 8155‘]', vy BISS,KOISS—l} =

{(HSPECt.O’ espat,o): S (gspect,j' Hspat,j): ] (gspect,KOISS—l’ espat,KOISS—l)}’ (5)

where each pair (Hspect, j» Ospat, j), 0 <j < K,"** — 1 contains the cutoff frequencies of the j-

th band-pass filter and the associated D,

spatial filters exploited to decode the input EEG
trial.

Output activations of the interpretable spectral-spatial feature extractor were then
normalized via batch normalization [47] and activated via an Exponential Linear Unit (ELU)
non-linearity [65], i.e., f(x) = x,x > 0 and f(x) = exp(x) — 1,x < 0. Average pooling was
introduced to reduce the temporal dimension of the activations by a factor of 4 (F, 158 = Sp 158 =
(1,4)) from T = 140 to T//4 = 35 (indicating with // the floor division operator). Lastly, a
dropout layer [46] was added with dropout rate p’SS.

ii.  Block 2: Fixed-scale temporal (FST) feature extractor

This block was inspired by EEGNet, and in Sinc-ShallowNet-v2 was used to learn how to
summarize the feature maps provided by the ISS block in the time domain; it contained a
separable convolutional layer [66], defined by a temporal depthwise convolution with DT =
1, filter size ™57, unitary stride and zero padding P,"" = (0, F,"*"[1]//2), followed by a
pointwise convolution with K, filters. In the first layer of this composition, depending on
F,"5T temporal features were learned on the input ISS feature maps within a temporal window
of specific size, i.e., at a fixed temporal scale, and without using dense connections across
feature maps. The temporal window in which features are learned corresponds to

Fy™T[1]/ (sf//4) s, indicating with sf the sampling frequency of the input EEG signals. In

the second layer of the separable convolutional, feature maps at the output of the previous layer
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are recombined, and, this is performed learning compressed, equal or overcomplete

ISS ISS

representations, depending on whether K,™7 < K,"5°, K,”*T = K, or KT > K,
respectively. Then, activations were normalized via batch normalization [47] and activated via
an ELU non-linearity [65]. An average pooling layer was introduced to further reduce the
temporal dimension of the activations by a factor of 8 (FpF ST = SPF ST = (1,8)), i.e., from
T//4 = 35to T//32 = 4. Lastly, a dropout layer [46] was added with dropout rate pf5T.
iii.  Block 3: Fully-connected (FC) block

This block traduces the activations provided by the FST block into conditional probabilities,
finalizing the decoding task. At first, the input feature maps of the FC block were unrolled
along one single dimension using a flatten layer, producing a single feature array. Then, this
array was provided as input to a single fully-connected layer with N¥¢ = 2 neurons associated

to the non-P300 and P300 classes. Here, trainable parameters were constrained to have a norm

upper bounded by ¢,F¢. Lastly, these 2 neurons were activated using a softmax activation

function to obtain the output conditional probabilities p(l k |X i(s’r)), k=0,1.

2.4. Performance metric and comparison of Sinc-ShallowNet-v2 with EEGNet and Sinc-
ShallowNet

In this study, we adopted the object-level accuracy as performance metric, i.e., accuracy in
decoding the flashing object the participant was paying attention to (among the 8 possible
objects, see Section 2.1 for additional details). This performance metric was the same as
adopted in the IFBME 2019 competition to evaluate decoders [41]. To this aim, the trial-level
EEG decoding provided by the CNN (binary classification, i.e., non-P300 vs. P300) was used
to produce an object-level decoding (8-class classification, i.e., discrimination of the attended
object among 8 objects). Considering a specific recording block, associated to a specific object

the participant was paying attention to, the following processing was performed. Indicating
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with [; the P300 condition, we considered the probabilities p(l1 |X l.(s’r)) predicted for the EEG

trials X l.(s'r) within that block when each of the 8 objects flashed (including the attended one).
These probabilities where averaged across runs separately for each object, obtaining the
average probability p,, 0 < o < 7 that the participant was paying attention to the o-th object
Then, the object with the highest probability was predicted as the one attended in that block.
We compared the performance of Sinc-ShallowNet-v2 against our approach derived from
EEGNet [50] that won the IFMBE 2019 challenge. In the competition, that approach
significantly outperformed traditional machine learning solutions as well as other deep neural
networks, including both CNNs [48] and recurrent neural networks [41], thus, it can be
considered the current SOA algorithm for the addressed decoding problem. Furthermore, Sinc-
ShallowNet-v2 performance was compared against Sinc-ShallowNet [52], to assess whether
the inclusion of the FST block in the updated version led to potential benefit in P300 decoding

compared to the previous architecture (lacking this block).

2.5. Trainable parameter optimization
2.5.1. Training strategies

The structure of the adopted dataset BCIAUT-P300 (including several sessions per subject
and a large number of trials per session), allows to train and evaluate P300 decoders in a large
spectrum of training conditions, each reflecting a different scenario in which a P300-based BCI
intervention might be applied. In this study, we assessed the optimal design of the proposed
ICNN for P300 decoding, separately for each of different training strategies, characterized by
increasing variability in the dataset, i.e., simulating BCI paradigms applied progressively to
more sessions and subjects.

As introduced in Section 2.1, the trials of each session and subject were divided into training

validation sets (80% and 20% of trials of the calibration phase, randomly sampled) and test set
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(trials of the online phase). Then, depending on whether training and validation sets were
considered separately for each subject or session, or were differently aggregated across
sessions and subjects, four different training strategies were designed and investigated. It is
worth mentioning that, despite different training strategies were employed, the definition of the
test set was the same across training strategies to perform a fair comparison across them, that
is, the test set always included trials belonging to the 50 online blocks. These strategies are
described in the following. Furthermore, Figure 2b provides a schematization of the adopted
strategies, and Table 3 a summary of the number of trials belonging to the training, validation
and test sets in each strategy.
i.  Within-subject and within-session (WS-WS) strategy.

In this strategy, subject- and session-specific training and validation sets were used to tune
subject- and session-specific CNNs. The test set was defined as the subject- and session-
specific test set, i.e., trials of the online phase belonging to the subject and session the CNN
was trained for (see Table 3A). Furthermore, to simulate a practical scenario where limited
trials are available in a single recording session, we trained and validated CNNs using a
progressively increasing number of calibration blocks (see Section 2.1), and thus, using
variable-sized training and validation sets. This condition was implemented by sampling
training and validation examples from the first n calibration blocks, where n was progressively
increased from 2 to 20 with a step of 2 blocks (see Table 3B), where 20 is the overall number
of calibration blocks in each session.

ii.  Within-subject and cross-session (WS-CS) strategy.

In this strategy, subject-specific training and validation sets were used to tune subject-
specific CNNs. For the s-th subject, training and validation sets were merged across all
recording sessions of that specific subject (see Table 3A). incorporating within-subject

variability. The architecture was then tested separately on each subject- and session-specific

20



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

test set, i.e., on trials of the online phase of each session belonging to the subject the CNN was
trained for.
iii.  Leave-one-subject-out (LOSO) strategy.

In this strategy, cross-subject training and validation sets were used to tune cross-subject,
cross-session and subject-agnostic CNNs, i.e., the training and validation sets included only
examples sampled from other subject distributions. In particular, for each subject s, named
“held-back subject”, training and validation sets were merged across all sessions from all the
other subjects (different from the s-th subject, see Table 3A), incorporating between-subject
and within-subject variability. The architecture was then tested separately on each subject- and
session-specific test set, i.e., on trials of the online phase of each session belonging to the held-
back subject (s-th subject).

iv.  Transfer learning on single sessions (TL-WS).

Transfer learning focuses on transferring the knowledge across domains/tasks. It is inspired
by the human capability to use the knowledge learned in a source domain/task to improve the
performance and/or reduce the training time in a related domain/task [67]. In this strategy, as
for the WS-WS strategy (2.5.1-1), training and validation trials were subject- and session-
specific. In particular, the definition of training and validation sets was the same as the one
adopted in the WS-WS strategy when analyzing variable-sized training and validation sets
(depending on the number of included calibration blocks), while keeping unchanged the
subject- and session-specific test set, i.e., the trials of the online phase of that subject and
session (see Table 3B). However, differently from the WS-WS strategy where the trainable
parameters were initialized randomly, in the TL-WS strategy, for the s-th subject and r-th
recording session the CNN was initialized using the CNN trained with LOSO strategy when
the s-th subject was held-back. That is, the knowledge learned during the LOSO strategy from

many subjects except the held-back one was transferred on the held back subject. The use of
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TL-WS strategy could be useful when a new user approaches the BCI system in a new
recording session and a calibration stage, as short as possible, is needed to tune an accurate
decoder. In this view, the knowledge embedded in LOSO models, i.e., incorporating between-
subject and within-subject variabilities, could represent a better initialization point in the space
of parameter 6 than the random one, potentially leading to an improvement in performance
and/or to a reduction of training and validation examples needed to achieve high performance.
The potentialities of transfer learning were tested by comparing the performance of the TL-WS
models with the performance of the WS-WS models, while increasing the size of the training
and validation sets, thus, assessing the benefits of the use of models pre-trained on other

subjects compared to models trained from scratch.

2.5.2. Training settings

CNN optimization consisted of the minimization of the cross-entropy between the empirical
probability distribution defined by the training labels, and the probability distribution defined
by the model. This corresponds to minimize the Kullback-Leibler divergence between the two
probability distributions at trial-level, and thus also at block-level, i.e., object-level. Adaptive
moment estimation (Adam) [68] was used as optimizer with learning rate Ir, mini-batch size
bs = 64, f; = 0.9 and S, = 0.999 for computing the running averages of the gradient and its
square, and € = 1078 to improve numerical stability. To address class imbalance, parameter
updates were weighted depending on the class occurrence of the training examples: indicating
with M, and M;, the number of trials for non-P300 and P300 conditions in the training set and
given that M, > M,, class weights were defined as 1 and My/M; = 7, respectively for non-
P300 and P300 classes. The maximum number of epochs was set to 1000 and early stopping
was performed by interrupting the training loop when the validation loss did not decrease for

50 consecutive epochs. Besides early stopping, which acts as regularizer, Sinc-ShallowNet-v2
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implicitly included in its structure also many layers devoted to increase the generalization, such
as batch normalization [47] (with a momentum term m = 0.99 and € = le-3 for numerical

stability), dropout [46] and kernel max norm constraint.

2.6. Hyper-parameter optimization

Hyper-parameter optimization is devoted to find the optimal hyper-parameter configuration
of a learning system associated with the best performance measured on a separate validation
set. In the following, an overview of hyper-parameter tuning via Bayesian optimization (BO)
[69] is provided; then, the procedure adopted to perform BO hyper-parameter search and to
report the obtained results is described.
2.6.1. Hyper-parameter search via Bayesian optimization

Denoting with h the array containing the hyper-parameters of interest (h € H, where H is
the hyper-parameter search space), the aim of hyper-parameter optimization is to find h* =

arg I}{lellgl k(h), that minimizes the objective function k(h) (the cross-entropy loss, in this study)

evaluated on the validation set. However, the evaluation of the objective function k(h) requires
anew training stage and a new evaluation stage (on the validation set) for each hyper-parameter
configuration h. Thus, depending on the number of hyper-parameters to optimize and on the
complexity of the model, which are generally both high in deep learning-based approaches,
this process can be expensive. Common hyper-parameter search algorithms, such as grid search
and random search, do not take advantage of the results of the previous iterations to select the
next hyper-parameters to evaluate (the latter are, thus, uninformed by past evaluations), often
wasting computational time on hyper-parameters with poor performance. Conversely, BO
methods keep track of results related to past evaluations to update a probabilistic model,
mapping hyper-parameters to the probability to obtain a specific score from the objective

function. That is, BO can be formalized as a sequential model-based optimization, performing
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several iterations each one considering a specific hyper-parameter configuration and updating
the probability model. This model is a surrogate of the objective function to be minimized and
is easier to optimize than the original objective function. BO methods suggest the hyper-
parameters in an informed way after each iteration step, based on a “selection function”. By
investigating hyper-parameters that seem promising based on past results, BO methods can
find better configurations than other approaches within fewer iterations compared to
uninformed algorithms (e.g., grid or random search) [69].
2.6.2. Hyper-parameter search settings and analysis

Optimal hyper-parameters were searched via BO (using the Python library Optuna [70],
version 2.3.0), using tree-structured Parzen estimator as surrogate function and expected
improvement as selection function, and sequential model-based optimization was performed

for 100 iterations (which is the default value [70]). The hyper-parameters of Sinc-ShallowNet-

ISS SS ISS _ ,,FST _
- p - pa

v2 subjected to BO, defining the array h € H, were K,'*°, D;"5%, ¢,’55, p

Ko, FyF5T, ¢, F€ and Ir. Within each BO iteration, the hyper-parameters were sampled from
the distributions specified in Table 4. Note that, based on the adopted distributions, since KOF ST

can be equal to or less than (but not greater than) K, - D,;'5°

, only compressed or equal (but
not overcomplete) representations in FST layer were examined. BO was applied to models
trained with WS-WS, WS-CS and LOSO strategies to investigate the optimal design of Sinc-
ShallowNet-v2 depending on the training strategy (see Figure 2b). BO was not applied to TL-
WS, as models trained in this strategy strictly depended on LOSO models. Indeed, in TL-WS
the ICNN was initialized with LOSO parameters and then trained on the held-back subject.
Therefore, the hyper-parameter configuration adopted in TL-WS models needed to be the same
as in the LOSO strategy, i.e., hyper-parameters needed to be kept fixed as the ones of Bayesian-

optimized LOSO models. Therefore, also the WS-WS models used for comparison with TL-

WS models, while training and evaluating decoders with a progressively increasing size of
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training and validation sets, were assigned to the Bayesian-optimized hyper-parameters of the
LOSO models, for a fair comparison. It is worth remarking that while analyzing the
potentialities of transfer learning with TL-WS and WS-WS models, where hyper-parameters
were inherited from LOSO models, the validation set was used only to perform early stopping.
For each training condition (WS-WS, WS-CS and LOSO), and for a given g-th hyper-
parameter € h (0 < g < 7) the optimal values obtained across the Bayesian-optimized ICNNs
were extracted (we had 15-7 ICNNs in WS-WS and 15 ICNNs in WS-CS and LOSO). Then,
the probability (P) to obtain a specific hyper-parameter value via BO across ICNNs was
computed. This allowed a visualization and a comparison of the optimal model design across
training conditions. Moreover, for each training condition the importance score z, was derived
by using the fANOVA hyper-parameter importance evaluation algorithm proposed in [71] that
fits a random forest regression model predicting the objective value given a parameter
configuration. Importance scores sum up to 1 over the investigated hyper-parameters (i.e.,
Y.qZq = 1) and the higher the score of a specific hyper-parameter, the higher its importance.
To provide a fair performance comparison with the other two CNN-based approaches, the
EEGNet adaptation used in [50] and Sinc-ShallowNet [52] (see Section 2.4), the optimal hyper-
parameters of EEGNet and Sinc-ShallowNet were searched using BO for each training
condition too. In particular, the hyper-parameters of EEGNet and Sinc-ShallowNet were
sampled using the same distributions defined as for Sinc-ShallowNet-v2 (see Table 4); of
course, Sinc-ShallowNet lacked the hyper-parameters of the FST block (KT and FEST) as

this block was absent in this architecture.

2.7. Explanation technique: spectral and spatial features analysis
The interpretation of the features learned by Sinc-ShallowNet-v2 incorporating subject-

specific knowledge (8 = ), in WS-CS) could provide insights about neural signatures
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related to each specific ASD subject in a data-driven way, enabling between-subject variability
investigation in ASD. For this analysis, we retrained the ICNN in WS-CS using the most
frequent Bayesian-optimized configuration obtained in WS-WS across all subjects and
sessions. By doing so, only one fixed hyper-parameter configuration was used to retrain WS-
CS models across all subjects, so that the same number of temporal and spatial filters in the
ISS block — whose learned features are the objects of the following analysis — was used across
subjects. In this way, we were able to evidence differences/similarities among ASD subjects in
terms of the learned features, excluding that these differences may arose from differences in
ICNN configurations. The fixed configuration was based on the most frequent WS-WS optimal
configuration, as the Bayesian-optimized WS-WS models resulted the lightest and fastest to
train (see Figure 4 and Table 5). It is worth noticing that the WS-CS retrained models achieved
comparable performance with the Bayesian-optimized WS-CS models (see Section 1 of
Supplementary Materials).

As described in Section 2.3-i, the adopted architecture was designed to provide interpretable
parameters in the array 6, ) The ICNN processes input trials by filtering out P300-unrelated
spectral and spatial information while preserving only the most significant ones for P300
decoding. However, features may have a different importance on the discrimination, i.e., a
band-pass filtering in a peculiar frequency range and a subset of electrodes may be more
relevant to distinguish the P300 response. Therefore, the processing of ;55 should also include
an explanation technique, devoted to highlight contributions of the more important features in
ASD related to P300, realizing the combination ICNN+ET.

In the following, the proposed algorithm based on ICNN+ET for the investigation of
subject-specific spectral and spatial P300 features is described and a schematic representation
is reported in Figure 3.

2.7.1. Computation of the relevance of spectral features (spectral relevance)
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At first, given a single input EEG trial of the s-th subject containing the P300 response
(X i(s’r)), we computed the saliency [72] for the P300 class of each spatio-temporal sample (C -
T samples) within each feature map provided by the temporal sinc-convolutional layer. This
ET consists in computing the gradient of the output of the neuron associated to the P300
condition (immediately before the softmax function) with respect to the feature maps provided
by the first convolutional layer. The output of the ET is one relevance map for each feature
map of the first layer (i.e., Vj, with 0 <j < K,"*° — 1), and can be interpreted as a

. SS . .
transformation e(Xi(S’r)): REXT — RKo™*XCXT \whose output quantifies how much the spatio-

temporal samples in each filtered version of the input affect the P300 prediction. Relevance

maps were averaged across P300 trials, and the absolute value of these maps was computed.
Therefore, an average relevance map G_j(s) € RE7,0 < j < K,** — 1 was obtained, and
finally, the relevance score of each feature map was computed as:

g](.s) = ma}xG_j(s)/m?xG_j(s),O <J<K*-1,0<c<C-1,0<t<T-1, (6)
C, GL,j

where g](.s) € [0,1] is a scalar quantity that summarizes the importance of each band-pass filter

for discriminating the P300 response from input EEG trials.

The spectral relevance scores obtained in Equation 6 were used to weight the associated
passbands of the temporal filters, defined by Og¢c¢ (s (see Equation 3), computing 73.(5) (f) as

follows:

e () (s)
0, elsewhere . (7)
720 =g 27 () 0<j<K' -1
In Equation 7, pj(.s) (f) indicates the probability that a specific frequency f was included in the

passband of the j-th band-pass filter, i.e., marking with a probability of 0 and 1 frequencies

outside and inside the passband, respectively.
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Then, the spectral relevance ) (f), quantifying the relevance of each frequency bin, was

obtained as:
r(f) = maxr (). )
]

2.7.2. Computation of the relevance of spatial features related to the most relevant
spectral features (spatial relevance)

By averaging r®)(f) across subjects, the frequency ranges retaining a relevance greater
than or equal to 0.75 across subjects (Vs) were identified. As described in Section 3.3, only
one frequency range was identified, and it is indicated in the following with [f, fi]. This
interval is characterized by a high relevance with high agreement (=75%) across subjects, as
the spectral relevance was normalized for each subject. For each subject the following analysis
was performed. First, we considered the subset of the band-pass filters, denoted as S, that

contained in their passband the frequency bins belonging to [fy, f;'] and we selected the spatial

8(5)

filters (i.e., the learned features i » see Equation 4) associated to this subset of band-pass

filters (j € S,0 < k < DI — 1). As we were interested in the investigation of the relevance
at the level of single electrode, spatial filters were considered in their absolute value, as done
in [45,52]. Subsequently, the absolute spatial features were averaged together electrode per
electrode (Vc) and normalized to the maximum across electrodes, obtaining the spatial

relevance:

~ 1 1
Ope =~ L jest®,c abs(6) / max—— ¥ jes abs(@), 0 < c < C =1, (9)

spat spat

where N, (5

spat Tepresents the overall number of spatial filters associated to the subset S ) of the

band-pass filters (DI55 spatial filters for each band-pass filter in the subset).
Based on Equation 9, each value of 6% e RC quantifies the relevance (normalized

spat

between [0,1]) of a specific electrode signal filtered in the frequency range most important for
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decoding the P300 response. Abnormalities in P300 (e.g., ASD abnormalities) may modulate

g(S)

spat*
2.7.3. Clustering

7(s)

The spatial relevance 6;,,, was clustered, automatically finding clusters of subjects

9—(5)

spat*

characterized by different patterns of This was made possible by adopting the WS-CS

strategy, as it allows the learning of robust subject-specific neural signatures across recording
sessions. Here, Hierarchical Density-Based Spatial Clustering of Applications with Noise
(HDBSCAN) [73] was used as clustering algorithm (using the Python library hdbscan [74],
version 0.8.27), using the Euclidean distance between observations as distance metric. With
HDBSCAN, clustering is performed without specifying the number of clusters as input
parameter, including also an outlier detection algorithm [73]. Therefore, the adopted clustering
algorithm provides the optimal number of clusters N, populated by the more reliable
observations and marks as outliers a subset O of observations. As observations belonging to
the same cluster share a common structure, these were averaged together, obtaining B_C,Spat for
the c-th cluster. Therefore, cluster-level representations were obtained by averaging across a
small subset of subjects sharing a peculiar spatial pattern as learned by the model, reflecting
neural signatures belonging to different clusters of ASD subjects.
2.8. Statistical analysis
2.8.1. Performance

As described in Section 2.4, object-level accuracy was used as performance metric, and it
was computed separately for each session-specific test set. In addition, as performed in [41],
as the performance resulted robust across recording sessions, the performance metric was
averaged across all sessions for each subject. Then, the following tests were performed.

1. A Friedmann test was performed to compare the performance obtained by Sinc-

ShallowNet-v2 trained with the three training strategies (WS-WS, WS-CS, LOSO
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strategies). Then, as significant differences were found (see Section 3.2), post-hoc
pairwise comparisons were performed testing all combinations; a total of 3 tests were
performed to check for differences between different strategies.

ii.  For each training strategy, pairwise comparisons were performed between Sinc-
ShallowNet-v2 and the other two CNNs that inspired Sinc-ShallowNet-v2 design: the
winning solution of the IFMBE 2019 challenge based on EEGNet [50], representing
the SOA for P300 decoding, and Sinc-ShallowNet [52]. A total of 6 tests were
performed to check for differences between the proposed ICNN and the other two
CNN-based solutions.

iii.  Pairwise comparisons were performed between Sinc-ShallowNet-v2 trained with TL-
WS strategy and trained with WS-WS strategy for each number of calibration blocks
used for tuning the models. This was done to test the benefits of pre-training the models
on other subjects compared to training models from scratch. A total of 10 tests were
performed to check for differences.

All previous pairwise comparisons were performed using Wilcoxon signed-rank tests and
false discovery rate correction at @ = 0.05 using the Benjamini—Hochberg procedure [75] to
correct for multiple tests.

2.8.2. ASD clinical scores

Finally, we investigated whether the relevance of spatial features related to the most relevant
spectral features of the P300 response, as learned by the ICNN, was related to ASD clinical
scores (ADOS, ADI-R, and IQs, see Section 2.1). As the cluster analysis highlighted a strong

7(s)

contribution of parietal sites across clusters (see Section 3.3), 8, was averaged across P3,

Pz and P4 sites (thus, resulting in a scalar value for each subject s). Then, the Pearson
correlation coefficient between this ICNN+ET-derived measure and each ASD clinical score

was computed. Lastly, we performed a similar correlation analysis by using a measure derived

30



from subject-specific evoked potentials, to investigate whether useful ASD neural signatures
were enhanced by the proposed ICNN+ET analysis or they emerged already from evoked
potentials. To this aim, for each subject, EEG trials of the test set containing the P300 response
were band-pass filtered in the range [fy, f;"] and were averaged together. Then, the resulting
evoked potential was averaged across P3, Pz and P4 sites and across the time samples where
the P300 response was stronger, i.e., between 400-600 ms, see Borra et al. [43]. Thus, after this
averaging procedure, a scalar value was obtained for each subject s. Then, the Pearson
correlation coefficient between this ERP-derived measure and each ASD clinical score was

computed.
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3. RESULTS
First, this section describes the results of AHPS via BO and the obtained decoding
performance; then, it shows the results obtained via the proposed ICNN+ET algorithm to

analyze the neural signatures corresponding to attentional P300 in ASD.

3.1. Hyper-parameter search via Bayesian optimization

The hyper-parameter configurations and their importance scores were separately obtained
for each tested training strategy (WS-WS, WS-CS, LOSO). Figure 4 shows the probability to
obtain a specific hyper-parameter value (P) among the admitted ones (Figure 4a) and the hyper-
parameter importance scores z (Figure 4b) for each training condition.

The more frequent design of the ISS block included a lower number of band-pass filters in
WS-WS than WS-CS and LOSO (i.e., K,"*° = 8 vs. K,'** = 16) and the same number of
spatial filters for each band-pass filter across training conditions (i.e., D;"** = 4). Among the
regularization techniques employed, spatial kernel max-norm constraint was applied more
frequently in the LOSO strategy, while was progressively applied less frequently (i.e., ¢;/55 =
None) moving to WS-CS and WS-WS strategies. The FST block was mostly designed learning
an equal representation over the input ISS feature maps (i.e., K,© ST = K,'55 - D,"55) for WS-
WS and LOSO strategy, while equal representation and compressed representation (with
K,"*T = 2) were almost evenly frequent in WS-CS strategy. Interestingly, the most frequent
temporal window in which features were learned in the FST block was approx. of 600 ms for
all training strategies (= F,"*"[1]/ (sf//4), where F,"*" = (1,21) and sf = 128 Hz), and
this could be related to the temporal dynamics of the P300 response. Regarding the FC block,
weights were always constrained in case of LOSO strategy mainly with low upper bound (c5¢
= 0.25 or 0.5), while the probability distribution of this hyper-parameter appeared almost

uniform for the other strategies.
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Dropout (both in the ISS and in the FST blocks) was mostly absent in LOSO strategy while
it was included in the other strategies with a more frequent dropout probability of p = 0.25.
Lastly, higher learning rates were adopted in WS-WS strategy, i.e., Ir € [5-1e — 3,1e — 2),
compared to the other strategies where Ir € [5- 1le — 4,1e — 3).

As shown in Figure 4b, the learning rate resulted the most important hyper-parameter to
optimize in case of WS-WS strategy, while the other hyper-parameters resulted almost equally
important. Regarding the WS-CS strategy, the number of band-pass filters (K,'**) and of

ISS

spatial filters for each band-pass filter (D, °°) were the most important hyper-parameters, while

IS5} ‘and the dropout

regarding the LOSO strategy, the number of band-pass filters (K,
probability (p) were the most important ones.

Table 5 lists the model size (expressed as the number of trainable parameters) and training
time (expressed in s/epoch) of the models. As expected, WS-WS models were the lightest
(overall and within each block) and fastest to train, while LOSO models were the heaviest
(overall and within each block) and slowest to train. Interestingly, the proportion of trainable
parameters across blocks between WS-WS and WS-CS models did not change substantially
(ISS: 28%, 28%; FST: 62%, 63%; FC: 10%, 9%, respectively for WS-WS and WS-CS);
compared to WS-WS and WS-CS strategies, LOSO models presented a higher concentration

of the trainable parameters (i.e., higher capacity) in the FST block (i.e., ISS: 12%; FST: 80%;

FC: 8%).

3.2. Decoding performance

3.2.1. Comparison with EEGNet and Sinc-ShallowNet in different training strategies
The performance metrics averaged across subject-specific and session-specific test sets (see

Section 2.8.1) are reported here. Figure 5 displays the performance metrics of the Bayesian-

optimized EEGNet, the Bayesian-optimized Sinc-ShallowNet, and the Bayesian-optimized
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Sinc-ShallowNet-v2. Sinc-ShallowNet-v2 scored significant different performance across the
three training strategies (p < 0.001, Friedmann test). As expected, post-hoc comparisons
highlighted that the network performed significantly worse in LOSO strategy than both WS-
WS and WS-CS (p < 0.001 for both comparisons) strategies. Lastly, the network in WS-CS
performed significantly better than WS-WS strategy (p = 2.3 - 1e — 3). Sinc-ShallowNet-v2
scored object-level accuracies of 88.5+2.3%, 91.5+1.8%, 76.0+£3.2%, compared to 85.5+2.5%,
91.7£1.6%, 76.3+3.2%, of EEGNet, and 76.1+3.9%, 84.0+2.9%, 67.6+£3.6%, of Sinc-
ShallowNet, respectively in WS-WS, WS-CS and LOSO strategies. Remarkably, despite the
reduction in model capacity by re-parametrizing part of the architecture to design an
interpretable spectral and spatial feature extractor, Sinc-ShallowNet-v2 achieved comparable
performance compared to EEGNet for P300 decoding in WS-CS and LOSO strategies (p =
0.84), while significantly outperformed it in the WS-WS strategy (p = 0.01). Lastly, it is
worth noticing that the updated version of Sinc-ShallowNet-v2 significantly outperformed

Sinc-ShallowNet in all training strategies.

3.2.2. Transfer learning

Transfer learning was adopted to test the capability of models to transfer the knowledge
from other subjects to a new one, for a more practical usage of the decoder in a BCI for ASD
treatment (i.e., reduction of BCI calibration times). To this aim, Figure 6 shows the accuracy
obtained while transferring the knowledge from the other participants to the held-out
participant (TL-WS strategy, see Section 2.5.1-1v), using a progressively increasing number of
calibration blocks of the held-out participant (from 2 to 20, where 20 corresponds to the entire
subject-specific calibration set, see Section 2.5.1-1, iv). The WS-WS performance are reported
together with TL-WS performance, to highlight the potential benefit of transfer learning

compared to a random initialization (proper of the WS-WS strategy). Remarkably, transfer
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learning was found to be beneficial with significant improvements (p < 0.01) for all the tested
number of calibration blocks; using just 2 calibration blocks per subject, TL-WS reached an
object-level performance as high as 80.3+3.0% with an average improvement as high as 37.1%

compared to WS-WS.

3.3. Subject-specific ASD neural signatures related to P300

Figure 7 (top panel) shows the spectral relevance (average + standard error of the mean
across subjects). The frequency range retaining most of the relevance (= 0.75) resulted
[fo, fi'] = [2,5.8] Hz. Then, by clustering the relevance of spatial features related to this
frequency range, two clusters were obtained and their éc,spat are reported in the bottom panel
of Figure 7 (left). Each of these cluster-level representations evidenced a peculiar strategy at
the level of scalp that the system automatically learned for P300 decoding. Cluster 0 showed a
strong and wide contribution of parietal sites (peaking at Pz) symmetrical across hemispheres,
while cluster 1 — that resulted the most populated cluster (with 10 observations) — showed a
strong right-lateralized contribution at parietal sites (P4). Lastly, in addition to these clusters,
two outliers were detected, with a different spatial relevance.

The results of the statistical analysis conducted on the relevance of spatial features (B_S(Z)at)
at parietal sites is reported in Figure 8. Among all clinical scores, ADOS scores (both A-
Communication, B-Social Interaction and A+B-Communication-Social Interaction scores)
were the ones that mostly correlated to the ICNN+ET-derived measures, with high (r=0.770,
=0.657 and r=0.801, respectively) and significant (p < 0.01) positive correlations.
Conversely, by using ERP-derived measures no significant correlations with clinical scores

were found.
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4. DISCUSSION
4.1. Hyper-parameter search

Depending on the training strategy adopted, AHPS selected different hyper-parameter
configurations for Sinc-ShallowNet-v2. A peculiar trend of the probability distributions related
to Ko'*%, D,"5%, K757, F,F*T (see Figure 4a) was observed while moving from the WS-WS to
WS-CS and LOSO strategies. In particular, the probability distributions of these hyper-
parameters progressively moved from distributions more focused on small values (WS-WS) to
distributions more focused on higher values (LOSO) among the admitted ones (see Table 4 for
the admitted values), with the WS-CS strategy exhibiting an intermediate behavior in between

IS5 moved

the previous strategies. As an example, the probability distributions related to K|
from a distribution more focused on lower values including also the lowest admitted value
(K,"° = 4), in the WS-WS strategy, to a distribution entirely focused on the highest admitted
value (P(K,'** = 16) = 1), in the LOSO strategy. That is, Sinc-ShallowNet-v2, moving from
WS-WS to WS-CS and LOSO strategies, required progressively more filtered versions of the
input EEG trial (K,'*%), more electrode combinations tied to each band-pass filtered

FST

representation (D, **), more temporal representations to learn (K,"") and a wider window size

in which learn these representations (F™ STy,

Among regularization techniques, the needing of dropout was stronger in WS-WS strategy,
using mostly p = 0.5 and p = 0.25, with a progressively reduction in WS-CS and LOSO
strategies, up to p = 0 corresponding to no dropout applied (denoted by p = None). That is,
the smaller and less variable (in terms of intra-subject and inter-subject variabilities) the
dataset, the higher the needing of dropout to provide a better generalization. Similar to other
regularization techniques, dropout acts reducing the algorithm capacity. Thus, from the

ISS ISS FST FST
’ Dl s KO s FO

previous considerations about K|, and from the consideration on p, as

the training strategy involves a more challenging decoding task, the architecture needs more
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capacity to solve the task with high performance. This is particularly relevant in strategies such
as WS-CS and LOSO, where single-trial EEG decoding is performed using signals collected
across several recording sessions (training set with high intra-subject variability) and across
several subjects and sessions (training set with high intra-subject and inter-subject variability),
respectively. Interestingly, this result was confirmed by looking to the hyper-parameter
importance scores (see red and light blue bars in Figure 4b), where K, and D;"*%, and K,'**
and p were the more important hyper-parameters to optimize for the WS-CS and LOSO
strategies, respectively. Furthermore, the need of an increased capacity as observed in the
structural hyper-parameters of Sinc-ShallowNet-v2 is reflected onto its model size (see Table
5), resulting in 1207, 1655, and 4638 (on average) trainable parameters for WS-WS, WS-CS,
and LOSO, respectively. In addition, while progressively increasing the variability in the
training examples, the capacity of the model increased differently across the network. While
increasing the intra-subject variability (WS-CS) the number of trainable parameters increased
by the same proportion across ISS, FST, FC blocks compared to WS-WS, suggesting that
increasing the capacity equally across the network could help addressing an increased intra-
subject variability in the training examples. Conversely, while also increasing the inter-subject
variability (LOSO), the network needed more abstract temporal features to learn in deeper
layers compared to the models trained in the other strategies, i.e., 80% (vs. ~60%) of the
parameters were in the FST block (see Table 5). This suggests that increasing the capacity at
the deeper layers of the architecture could help addressing an increased inter-subject
variability.

Lastly, the probability distribution of the learning rate was characterized by being more
biased towards higher learning rates in the WS-WS strategy and towards lower learning rates
in the LOSO strategy, with the WS-CS representing an intermediate condition. That is, as the

decoding task became less challenging, i.e., moving from the LOSO to WS-WS strategies, a
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higher learning rate resulted beneficial. As for the previous hyper-parameters, this result was
confirmed by looking to the importance scores for the WS-WS strategy (Figure 4b), where the

learning rate was the most important hyper-parameter to search.

4.2. Decoding performance

In a preliminary analysis, we investigated the utility of AHPS, by comparing the
performance of architectures optimized via BO for each session or each subject instead of using
a fixed configuration. Results showed that the use of a fixed configuration provided
significantly lower accuracies (see Section 2 of Supplementary Materials). This suggests that
when a new subject or a subject in a new session approaches the BCI, BO should be performed
again to achieve higher performance.

Object-level accuracy varied using different training strategies. Despite the larger within-
subject variability in the input distributions (due to the involvement of many recording
sessions), CNNs trained with WS-CS were able to significantly outperform CNNs trained with
WS-WS, although the improvement is modest. A possible explanation for this result may be
that some subjects exhibited high variability even intra-session, leading to smaller performance
in WS-WS than in WS-CS (subjects 1,13,14 in Supplementary Figure 1), on average. Indeed,
in these cases WS-CS took great advantage of the larger training set across all sessions,
allowing object-level accuracy to be increased up to 8.6% compared to WS-WS. However,
WS-WS strategy reached high performance (i.e., >90%) with small variance in most of the
subjects (subjects 2, 4, 6, 7, 8, 10, 11, 15 in Supplementary Figure 1), suggesting consistency
in within-subject responses both intra- and inter-session. In these cases, WS-CS can still benefit
from the 7-time increased training set, slightly improving accuracy compared to WS-WS.

Lastly, further increasing the decoding difficulty, by including the cross-subject variability into
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the training distributions, the challenge represented by the LOSO strategy was reflected into

the lowest performance across all the training strategies.

4.2.1. Comparison with EEGNet and Sinc-ShallowNet in different training strategies
Sinc-ShallowNet-v2 significantly outperformed the solution based on EEGNet [50] in the
WS-WS strategy, while it was comparable in the other strategies (WS-CS and LOSO). Due the
introduction of the temporal sinc-convolution in Sinc-ShallowNet-v2, the number of trainable
parameters to perform band-pass filtering were only 1.5% of the ones used in EEGNet that
exploits conventional temporal convolution. This reduction of trainable parameters provided a
beneficial effect when using the training strategy involving the most compact training set (WS-
WS), in which a limited algorithm capacity resulted optimal, while no effect was observed in
the conditions with larger and more variable training sets (WS-CS and LOSO), requiring a
higher algorithm capacity). Therefore, the introduction of the interpretable spectral and spatial
feature extractor, not only resulted beneficial for feature interpretability, but also did not
negatively affect the performance. Indeed, surprisingly the performance of Sinc-ShallowNet-
v2 was comparable or even significantly higher, while providing at the same time a
straightforward access to the spectral and spatial features. Furthermore Sinc-ShallowNet-v2
significantly outperformed the previous version Sinc-ShallowNet [52] in all training
conditions. These results suggest that the inclusion of the FST block in Sinc-ShallowNet-v2,
by learning temporal features on the output of ISS block, enables the extraction of more
relevant P300-related features than the ISS block only, easing the discrimination of the P300
response. In particular, the FST block may better cope with the large variability in time of
P300; the lower performance of Sinc-ShallowNet is then ascribable to the lack of this block

and to a reduced ability to catch intra-session, inter-session and inter-subject variability.
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4.2.2. Transfer learning

Transfer learning could be used (TL-WS strategy) to reduce the calibration time on a new
subject recorded in a new recording session (i.e., requiring WS-WS decoding). Indeed, results
reported in Figure 6 highlight a significant benefit in transferring the knowledge from other
participants to a new one recorded in a new session, for each calibration set adopted.
Remarkably, the performance improvement was particularly relevant (on average 37.1%) in
the lowest data regime (i.e., 2 calibration blocks corresponding to 160 trials), suggesting that
the proposed interpretable approach was also capable of transferring the knowledge from other
participants enabling its usage with extremely compact-sized calibration sets. Lastly, transfer
learning not only improved the performance obtained in a WS-WS strategy using a small
portion of calibration blocks, which could be useful in practice to reduce calibration time, but

also improved the performance when using all 20 the calibration blocks (i.e., 1600 trials).

4.3. Subject-specific ASD neural signatures related to P300

The results obtained by analyzing the neural signatures related to P300 response via the
proposed ICNN+ET algorithm suggest that the more relevant (and shared across subjects)
features to distinguish P300 were obtained by filtering EEG signals including the frequency
range [2, 5.8] Hz in the passband. This is in line with other studies performing P300
classification both on healthy and ASD people, where features from EEG signals were
computed mainly in [2,4] Hz, [4,8] Hz, [2,8] Hz and [2,12] Hz frequency ranges [33-35]. In
these previous studies, EEG signals recorded from ASD people were pre-processed based on
other P300 decoding approaches validated on healthy subjects, adopting fixed cutoff
frequencies. Conversely, here the learning system was left free to explore all frequency
contents, adapting them to EEG signals of ASD people in an unbiased way. Indeed, some

learned filters included also higher cutoff frequencies too, but only the filters containing lower
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frequency content resulted more important to provide the correct discrimination of the P300
response. Furthermore, the spectral relevance peaked approximatively in [2,4] Hz, matching
the findings of the wavelet analysis conducted by Demiralp et al. [36] where single EEG trials
were successfully decoded from features designed in delta ([2,4] Hz) frequency range. These
results suggest that future studies on traditional machine learning applications for P300
decoding in ASD, could design filter banks focusing especially on the interval [2, 5.8] Hz, i.e.,
in the delta and theta ranges.

The spatial relevance showed a strong right-lateralization for most of the observations (see
cluster 1 in Figure 7). This indicates that the visuo-spatial sensory processing during the BCI
task involved mainly the right hemisphere, differing from the classic P300 scalp distribution.
In the literature, there is evidence of hemispheric asymmetries underlying social perception
[76], e.g., right-lateralization while processing facial expressions related to emotions [77-79].
Furthermore, a right-lateralization was found also in the P300 response in Amaral et al. [80]
and was associated to the high-level characteristics in the realism of the animated paradigms
provided via the virtual environment (e.g., reflexive attention generated by social gaze
orientation). The BCI intervention investigated in this study was based on a visuo-spatial
oddball task which exploits a complex animated paradigm (see Section 2.1) and here this right-
lateralization emerged in the electrode discriminatory power related to P300, as learned by the
ICNN. Thus, our results further substantiate the idea that neural signatures related to social
perception (e.g., perception of gaze, faces and related gestures) are characterized by a peculiar
right-hemispheric asymmetry. Two clusters of spatial relevance for the P300 discrimination
were obtained (see Section 3.3), potentially highlighting a modulation of the right-hemispheric
asymmetry: from an asymmetric involvement of mainly P4 (cluster 1, the most populated — 10

subjects) to the symmetric involvement of mainly Pz, P3 and P4 (cluster 0 — 3 subjects).
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9—(5)

spat

From the correlation analysis between the ASD clinical scores and spatial relevance ( ) of

parietal electrodes (P3, Pz, P4), a strong positive and significant correlation with ADOS scores
was observed (see Figure 8). This result is particularly interesting, as ADOS together with
ADI-R are two important assessment tools used to characterize and diagnose ASD [81]. In
addition, recent results [82] suggested that ADOS-related scores are more useful than the
combination of ADOS and ADI-R scores to diagnose ASD, which is in line with our finding.
Notably, at variance with the results obtained with the ICNN+ET-derived measure, no
significant correlations were found between ASD clinical scores and the P300 ERP-derived
measure.

Overall, we believe that the proposed method presents some points of novelty and strength,
compared to previous CNN-based approaches [41,43,45,48-50,57,58], with perspective not
only for practical engineering applications but also for theoretical neuroscience knowledge.

First, from a decoding perspective, we optimized our CNN-based decoders in their structure,
by tuning their hyper-parameters to achieve higher decoding performance, and this was done
separately for different training strategies. To the best of our knowledge, this is the first time
that such analysis is performed on P300 CNN-based decoders, using an automatic strategy
(Bayesian optimization) and in a training-specific way. Indeed, previous studies mainly
proposed CNN structures with hyper-parameters manually selected, without discussing the
specific choice [41,45,48-50,57], or performing sensitivity analysis only on few hyper-
parameters and for a single training strategy [43,58]. A significant result of our analysis is that
for each investigated training strategy (WS-WS, WS-CS, LOSO), different optimal hyper-
parameters were found, depending on the variability incorporated into the training examples,
and that a different architecture with a proper capacity should be adopted depending on the
specific real-life scenario in which the P300-BCI is used. Thus, the results obtained in this

study may help researchers in the design of CNN decoders for P300-based BCI applications,
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by driving them in the choice of the more appropriate structure that takes into account the
adopted training strategy and the level of variability inside the training examples.

Second, we introduced an interpretable layer in our CNN decoders, using convolutional
kernels defined as function of only two and directly interpretable parameters per kernel. The
performance evaluation of our decoders compared to EEGNet (which is the state-of-the-art for
P300 decoding), indicates that this modification, while decreasing the number of trainable
parameters, did not reduce the decoding accuracy. Thus, a CNN can be made intrinsically more
interpretable without losing decoding capabilities. ICNNs are receiving growing interest in
EEG applications, moving beyond the use of CNNs as black-box decoders only, towards a
neurophysiological interpretation of the learned features. In this regard, it is highly important
to fist verify the decoding performance of ICNNS, to ensure reliability of the learned features
as discriminative of the process under investigation, otherwise the neurophysiological
interpretation of these features would be unreliable. So far, ICNNs have been adopted in
literature to decode and analyze motor states [52,53] and not the P300 response and not even
in neurological disorder conditions such as ASD. Thus, the present study serves also for
validating ICNNs for P300 decoding in ASD subjects.

Third and related to previous point, by taking advantage of the interpretability embedded
into the proposed ICNN, we have formalized an analysis workflow that combines our ICNN
with an explanation technique (ET) to derive novel ASD biomarkers related to P300 by
exploiting the knowledge learned by the ICNN. The ICNN+ET combination was able to
capture and enhance, better than a canonical ERP analysis, meaningful spectral and spatial
characteristics underlying visuo-spatial sensory and attentional processing that are related to
autism. The enhancement of P300-related features is in line with the results of our recent study
[57] on healthy subjects, where representations derived from a CNN+ET framework better

highlighted P300 subcomponents (i.e., P3a and P3b) from single trial level, compared to ERP
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canonical analysis. The remarkable aspect is that not only the ICNN-derived ASD markers
obtained here have a straightforward neurophysiological interpretation, but they also appeared
more sensitive than markers derived from traditional ERP-analysis.

Of course, the present study has also some limitations that can be the subject of future
improvements, and can foster further investigations along this line of research.

First, the optimal models obtained via Bayesian optimization may be task-related i.e., may
result optimal only for EEG decoding of P300 response elicited through the specific kind of
stimuli applied during the adopted oddball paradigm (visual stimuli presented inside a virtual
environment). It would be of great value to test these same models on other BCI-based P300
paradigms, i.e., using a different type of visual stimuli or a different sensory modality (acoustic
stimuli), or even on BCI paradigms based on event-related potentials other than P300. This
would test the ability of the proposed models to generalize across different BCI paradigms.
This kind of analysis is very important to promote a more efficient use of decoders, limiting
the proliferation of novel decoders for every new paradigm and task, but it is only rarely
performed (see [52] as a useful example of this analysis).

Another limitation concerns the limited number of subjects (15 subjects) included in the
examined dataset. Thus, the biomarkers derived from the ICNN+ET analysis that were found
to be correlated with ASD social impairment scores, although promising, require a more
extensive validation on a larger set of participants. Furthermore, in future research, the
workflow ICNN+ET, applied here to study P300 in autism, could be focused on analyzing
other ERP components in autism, and/or in other neurological and neurodevelopmental

disorders that involve ERP abnormalities (e.g., schizophrenia, depression, etc.) [83].
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5. CONCLUSION

In conclusion, in this study we investigated the Bayesian-optimized design of an ICNN in
different training strategies when decoding the P300 response for BCI intervention in ASD.
While performing AHPS, models were found needing more capacity and lower learning rates
to decode EEG signals when more variability was included in the training distribution (i.e.,
including progressively intra-subject and inter-subject variabilities), i.e., depending on the
practical scenario in which the decoder is used in the BCI system. Despite its interpretable and
lightweight nature, the proposed ICNN performed as well as EEGNet, even significantly
outperforming it in the strategy with the lowest variability in the training examples (within-
subject and within-session). Furthermore, Sinc-ShallowNet-v2 significantly outperformed the
previous Sinc-ShallowNet design. Lastly, transferring the knowledge from other users to a new
one proved to lead to a substantial reduction of calibration times. All these results contribute
to the development of optimal decoders for P300-based BCI for ASD interventions, by
specifically improving CNN designs, performance, and calibration times. Furthermore, in this
study we leveraged the interpretable nature embedded into the ICNN to design an ICNN+ET
algorithm for the analysis of the visuo-spatial P300 in ASD in the frequency and spatial
domains. The analysis on spectral features matched known P300-related correlates, and while
analyzing spatial features, a right-hemispheric asymmetry was found, in line with the literature
of social perception. The modulation of this asymmetry, as provided by the ICNN-+ET analysis,
was found to be correlated to ADOS scores, while no significant correlations with any clinical
score were found by using a simpler ERP analysis. This suggests that the ICNN+ET algorithm
was capable of better characterize and enhance useful ASD-related features than a canonical
analysis. In the future, the analysis on optimal ICNN designs for P300 decoding may be
extended to other oddball recording paradigms involving different stimuli properties.

Furthermore, the proposed ICNN+ET combination could be applied on more subjects for
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1 further validation, generalized to other ERP components and neurological disorders to study
2 alterations in ERP components in a data-driven way, and also possibly extended on other

3 recording modalities of neural activity, e.g., magnetoencephalography.
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(target object: (target object: et (target object: "ball
"books on a shelf") "laptop on a table") on the ground")
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Trial 1 (flashing of "wooden plane  Trial 8 (flashing of "laptop on the
hanging from the ceiling") table")

Standard Target stimulus
stimulus (P300 response)

Figure 1 — Structure of the BCI paradigm in its division into blocks, runs, and trials. Each
recording block was used to identify one of the eight target objects visualized in the virtual
environment, with a total of N, = 20 (calibration phase) and of N;, = 50 (online phase) blocks.
Within each block, K runs were recorded, where K = 10 (calibration phase) and K = 7.095
(online phase) on average across subjects and sessions. In each run, the 8 objects randomly
flashed (schematized by the green ellipses in the figure) and 8 EEG trials per run where
recorded. Therefore, overall, within each recording session N}, - K - 8 EEG trials were recorded,
corresponding 1600 trials in the calibration phase and 2838 trials on average in the online
phase, respectively.
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Figure 2 — Sinc-ShallowNet-v2 (a) and training strategies investigated while performing
Bayesian optimization (b). In Figure 2a, blocks and main layers are listed on the left side. To
keep the figure as clear and simple as possible, only the main trainable layers (i.e.,
convolutional and fully-connected layers) in addition to pooling layers (to highlight the
temporal dimension reduction) were displayed. Boxes represent the output feature maps of
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each layer, and colored rectangles represent convolutional (blue) and pooling (red) kernels.
Tuples reported on the right side represent the shape of the feature maps. For all outputs except
the last, tuples are composed by three numbers representing the number of the feature maps,
the number of spatial samples and the number of temporal samples within each map,
respectively. The input layer provides an output of shape (1,C,T) = (1,8,140), as it just
replicates the original input EEG trial with shape (8,140), providing a single feature map as
output. The temporal dimension changed fromT = 140toT//4 = 35andtoT//32 = 4 along
the entire CNN due to the average pooling operations (where // indicates the floor division
operator). See Section 2.2, 2.3 and Table 2 for further details. Figure 2b shows a schematic
representation of how training, validation, and test examples (by means of black and red
arrows) were sampled from calibration (blue boxes) and online (purple boxes) blocks recorded
in the BCI paradigm when training decoders in Bayesian optimization in within-subject and
within-session (WS-WS), within-subject and cross-session (WS-CS), and leave-one-subject-
out (LOSO) training conditions. For brevity, in the LOSO strategy the aggregation across
blocks is reported only for the s-th subject. See Section 2.1 and Section 2.5.1 for further details
about the definition of recording blocks and the training strategies, respectively.
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Figure 3 — Schematic representation of the algorithm based on ICNN+ET adopted to gain
insights about the neural signatures of the visuo-spatial P300 correlate in autism in its three

main steps: spectral relevance computation, spatial relevance computation, and clustering.
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Figure 4 — Hyper-parameter distributions (a) and importance scores (b) when training Sinc-
ShallowNet-v2 with within-subject and within-session (WS-WS), within-subject and cross-
session (WS-CS) and leave-one-subject-out (LOSO) strategies. Hyper-parameter distributions
were reported representing the probability (P) that a specific hyper-parameter value resulted as
optimal via BO, and it is reported separately for the different training strategies. Hyper-
parameter importance scores were reported in their mean values across decoders trained with
each training strategy, separately. Bar heights represent the mean value, while the error bars
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Figure 5 — Accuracies of the Bayesian-optimized EEGNet (black), Bayesian-optimized Sinc-
ShallowNet (green) and Bayesian-optimized Sinc-ShallowNet-v2 (blue) scored in the WS-WS,
WS-CS and LOSO strategies. Bigger dots represent the mean value across subjects, while the
error bars represent the standard error of the mean. Smaller dots represent the accuracy scored
for each subject (i.e., 15 data points). See part A of Table 3 for details about the number of
examples defining the training, validation and test sets. Wilcoxon signed-rank tests were
performed to compare the performance of the Bayesian-optimized Sinc-ShallowNet-v2 with
the Bayesian-optimized EEGNet and with the Bayesian-optimized Sinc-ShallowNet, within
each training strategy. P-values were corrected for multiple comparisons (6 in total) via the
Benjamini—Hochberg procedure and significant comparisons are marked once applied the
correction (*p<0.05, **p<0.01, ***p<0.001). See Section 2.8.1 for further details about the
statistical tests.
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distributions show the accuracies obtained by randomly initializing the CNN (i.e., WS-WS
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TL-WS and WS models. Bigger dots represent the mean value across subjects, while the error
bars represent the standard error of the mean. Smaller dots represent the accuracy scored for
each subject (i.e., 15 data points). See part B of Table 3 for details about the number of
examples defining the training, validation, and test sets. Wilcoxon signed-rank tests were
performed to compare the performance of TL-WS models and WS-WS models. P-values were
corrected for multiple comparisons via the Benjamini—-Hochberg procedure and significant
comparisons are marked once applied the correction (*p<0.05, **p<0.01, ***p<0.001). See
Section 2.8.1 for further details about the statistical tests.
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Figure 7 — Spectral relevance (top) and spatial relevance (bottom). The spectral relevance is
reported in its mean value (black line) and standard error of the mean (grey shaded area) across
subjects. The more relevant frequency range (associated to a relevance >0.75) is delimited by
the two dashed vertical lines. The spatial relevance is displayed for the two clusters (averaged
within each cluster) and to the outliers detected. The number of subjects in each cluster is
reported within brackets.
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Figure 8 — Correlation analysis between each ASD clinical score and the ICNN+ET-derived
(black) or ERP-derived measures (red). Subject-specific observations are reported with dots
together with regression lines. Pearson’s correlation coefficients together with p-values are
reported inside each plot.
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2 Table 1 — Mecasured ASD clinical scores, i.c., ADOS, ADI-R, and 1Qs (mean + standard
3 deviation across subjects).

Measure Value

ADOS A: Communication 3.20+0.86
ADOS B: Social Interaction 6.27+1.29
ADOS A+B: Communication-Social Interaction 9.47+1.86
ADI-R 1: Social Interaction 16.14+4.39
ADI-R 2: Communication and Language 12.14+5.19
ADI-R 3: Restricted and Repetitive Behavior 6.144+2.33
FSIQ: Full Scale IQ 102.53+11.24
VIQ: Verbal IQ 102.33+£16.06
PIQ: Performance 1Q 102.46+10.59

4
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Table 2 — Sinc-ShallowNet-v2. Each layer is provided with its name, main hyper-parameters
and number of trainable parameters. See Sections 2.2 and 2.3 for the meaning of the symbols.
In all layers, where not specified, stride (S) and padding (P) were set to (1,1) and (0,0),
respectively. The structural hyper-parameters (i.e., hyper-parameters of the architecture
structure) reported in bold were searched via Bayesian optimization.
Block Layer name Hyper-parameters Number of trainable parameters
Input Ky=1 0
ISS Sinc-Conv2D K,'5S, F,)'SS = (1,65), 2-K,'5S - K,
P = (0,F,"[11//2)
BatchNorm2D 2. KOISS
Depthwise- D1lss’ K11ss _ KOISS . DIISS’ FIISS[O] _F11ss[1] .KIISS
Conv2D S5 =(C,1), ¢,’55
BatchNorm2D 2. K11ss
ELU 0
AvgPool2D ESS =5, = (1,4) 0
Dropout p'sS = pFST = p 0
FST Separable-Conv2D KOFST’ FOFST’ FOFST [0] - FOFST[l] . K11ss + K11ss . KOFST
DOFST =1, POFST = (0, FOFST[l]//Z)
BatchNorm2D 2. KOFST
ELU 0
AvgPool2D EFT =5, = (1,8) 0
Dropout pPT=pSS=p 0
FC Flatten 0
Fully-Connected NFC =2 ¢,F¢ NFC - (T//32 - K,F5T + 1)
Softmax 0
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Table 3 —Part A: The number of trials in the training set and validation set used to tune the
models (under Bayesian optimization) and number of trials in the test set used to test the
models’ performance, for the different training strategies. Part B: The number of trials in the
training set, validation set and test sed used to tune and to test the WS-WS models and the TL-
WS models, to evaluate the beneficial effect of transfer learning. Note that in the computational
experiments of part B, the validation set was used only for early stopping, as the other hyper-
parameters were inherited from the LOSO models tuned in experiments of part A. The trials in
the test set were 2838 (on average) in each training strategy, as each model was tested
separately on each session-specific test set, and then the performance was averaged across all
sessions for each specific subject.

Training strategy No. of trials in No. of trials in No. of trials in the
the training set __the validation set test set

A Within-subject and within-

session (WS-WS) 1280 320 2838

Within-subject and cross-session

(WS-CS) 8960 2240 2838

Leave-one-subject-out (LOSO) 125440 31360 2838
B Within-subject and within- From 128 to 1280 From 32 to 320 2838

session (WS-WS) (step of 128) (step of 32)

Transfer learning on single From 128 to 1280 From 32 to 320 2838

session (TL-WS) (step of 128) (step of 32)
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1  Table 4 — Searched hyper-parameters of Sinc-ShallowNet-v2: distributions and admitted
2 values sampled during Bayesian optimization. Curly brackets denote discrete admitted values,
3 while square brackets denote interval of admitted values.

Hyper-parameter Distribution Values
K,"5S uniform {4, 8,16}
D,™sS uniform {1,2,4}
c, 'S uniform {None, 0.25,0.5,0.75, 1, 1.25, 1.5}
p!SS = pfsT =p uniform {None, 0.25, 0.5}
K,FST uniform (K,'SS - D,1SS 1,2}
F,FsT uniform {(1,5), (1,9), (1,13), (1,17), (1,21)}
coF¢ uniform {None, 0.25,0.5,0.75, 1, 1.25, 1.5}
Ir log-uniform [le-4, le-1]
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Table 5 — Model size (expressed as the number of trainable parameters) and training time
(expressed in s/epoch) of Sinc-ShallowNet-v2 for each training condition. The total number of
trainable parameters (mean + standard error of the mean) is reported together with the number
of parameters specific for each block, indicating within brackets the percentage of parameters
exploited in each block.

Block Within-subject and  Within-subject Leave-one-
within-session and cross-session subject-out
(WS-WS) (WS-CS) (LOSO)
Model size 12074141 1655+412 4638+559
(# tr. parameters)
ISS 336221 (28%) 466+47 (28%) 555+43 (12%)
EST 749+121 (62%) 10424368 (63%) 3689+483 (80%)
FC 12213 (10%) 14740 (9%) 394434 (8%)
Training time - 0.980:0.014 6.380£0.319 23.1+1.1

(s/epoch)
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