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Abstract

Multisensory integration (MSI) is the brain's ability to combine inputs from
multiple sensory modalities, such as auditory and visual stimuli, to form a
cohesive perceptual experience. Rapid and accurate interactions with the
environment depend on effective MSI, but people with neurodevelopmental
disorders such as schizophrenia (SCZ) and autism spectrum disorder (ASD)
frequently  struggle with this process. This thesis performs a
electroencephalography (EEG) data analysis to examine the neural
mechanisms of MSI in these populations relative to healthy controls (CN).
Through the use of a reaction-time task, the study examines how various
groups process multisensory and unisensory information. Participants are
exposed to auditory (A), visual (V), and audiovisual (AV) stimuli and are asked
to push a button as quickly as possible. Utilizing sophisticated decomposition
techniques like Slice Tensor Component Analysis (SliceTCA) and Tucker
decomposition, important neural components that differentiate people who
perform better with multisensory stimuli ("integrators™) from people who do not
("non-integrators”) were extracted from the EEG data. These methods maintain
the crucial brain dynamics associated with MSI while simplifying the high-
dimensional EEG data. In addition to classifying integrators and non-
integrators, a continuous analysis was performed using SliceTCA to examine
the relationship between brain activity and response gain times—a measure of
the speed advantage gained from multisensory stimuli compared to the faster
unisensory condition. Beyond simple binary classification, this continuous
analysis made it possible to understand MSI performance in more detail. The
study found neural-behavior relationships by correlating neural components
with response time gains. This finer-grained analysis highlighted how MSI
impairments in these clinical populations manifest at both behavioral and neural
levels. A key result of this study was the identification of P-300 playing a role in
correlating neural activity with behavior. Moreover, EEGNet, a compact deep
convolutional neural network, was utilized to distinguish between the ASD,
SCZ, and CN groups since it is well-suited for extracting spatiotemporal
features from EEG signals. Through utilization of the complete trial-by-trial EEG
dataset, the model yielded further insights into the neural variations that
underlie MSI. The general knowledge of how MSI is disrupted in people with
ASD and SCZ has been aided by EEGNet's capacity to identify spatial and
temporal variations in EEG data. All things considered, this work provides an
extensive investigation of MSI through the integration of deep learning models
and conventional decomposition methods. By highlighting notable variations in
brain activity and behavior among ASD, SCZ, and CN groups, the study sheds
light on the neural underpinnings of deficits in multisensory integration. Future
diagnostic techniques and treatments targeted at enhancing sensory
processing in neurodevelopmental disorders may benefit from these findings.

Keywords: Multisensory integration (MSI), Electroencephalography (EEG),
Schizophrenia  (SCZ), Autism Spectrum Disorder (ASD), Tucker

decomposition, Slice Tensor Component Analysis (SliceTCA), EEGNet,
Convolutional Neural Networks (CNN), P-300 Event Related Potential (P-300)
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MepiAnyn

O1 ypriyopeg Kai akpiBeic aMnAemdpdoeig pe 10 TEPIBANOV €¢apTwvtal atrd
MV  OTTOTEAEOUATIKI)  TAUTOXPOVN  ETTECEPYACIO  NXNTIKWV KOl  OTITIKWV
aloOnmpiakwyv onudtwyv (MSI), aAd dtopa Pe veupoavaTtrTugIoKES dIaTaPAXES
OTTwG N oxiICoppéveia (SCZ) kain diatapaxr Tou AacuaTtog Tou auTiopou (ASD)
Exel TTapatpenBei on duockoAsvovTtal pe auty T dladikaaoia. Aut n dlaTpIRN
xpnoigotroiei  avaAuon &edouévwyv nAekTtpocyke@aloypagiac (EEG) yia va
€EETAOEI TOUG VEUPIKOUG PNYXAVIOPOUG TNG TAUTOXPOVNG ETTEEEPYATIAG NXNTIKWV
Kal oTIMKWV aiodnmpiakwyv onudtwyv (MSI) og autoug Toug TTANBucuoUg o€
ouykpion MeE uyigeic ouppetéxovieg (CN). Méow evdg TeIpduaTog  XpoOvou
avtidpaong, n  MEAET  €CeTdlel TTWG OIAPOPEG OpAdeg  eTeepyddovTal
TToAUQICONTNPIOKES KAl povoaloBnTnpiakeéS TTANpo@opiec. Ol CUUUETEXOVTEG
ekTiBevTal o€ akouoTiKd (A), ommkda (V) Kal oTTTKoakouoTKa (AV) epeBiouarta
KQI TTPETTEI VA TTATHOOUV TO YPNYOPOTEPO dUVATO £va KOUWTTI. XPNOIUOTTOIWVTAG
TTIPONYMEVEG TEXVIKEG aTTooUuvOeonG OTTwG N Slice Tensor Component Analysis
(SliceTCA) kai n amoouvBeon Tucker, Tou atrAotroiouv Ta dedouéva EEG
UYnAWYV dI00TACEWY. CNPAVTIKA VEUPIKA CUCTATIKA TTOU dIAQOPOTTOIOUV ATOHO
TToU aTrodidouv KaAUTepa MeE TToAualoBnTpiakd epebiopata ("evowuaTwTES")
atro dTtopa TTou Ogv To KAVouV ("un evowuaTwTES") £€fxOnoav atrd Ta dedouéva
EEG. EkTt6¢ atmrd mv 10givéunon Twv "evowPaTwTwy" Kal "un eVoOwPaTwTwVv",
TTPAYUATOTTOINBNKE MIa cuveXnS avaAuon xpnoiuotrolwvTtag 1o SliceTCA yia va
€CETOOTEI N OXéon MPETOLU TNG EYKEPANKNAG OpaCTPIOTNTAG KOl TWV XPOVWV
KEPOOUG ATTOKPIONG—EVA PETPO TOU TTAEOVEKTHHATOG TAXUTNTAG TTOU OTTOKTATAI
amd ToAuaiodnmpiakd  epebiocpata o€ oUyYKpIOn ME TNV TAXUTEPEN
MovoaioOnTnpiakr katdoTaon. Mépa atmmd v atrAr duadikr Tagivéunon, aut
N ouvexAG avaAuon €TTETPEYE TV KaTavonon TG atrédoong oTnv TauTtdXpovn
eTEEEPYATIa NXNTIKWYV KAl OTITIKWY aI0ONTNPIOKWY ONPATWY UE TTEPIOCCOTEPEG
Aetrropépeieg.  H  ueAéTn  avokAAuwe OXEoeElC PETAEU  VEUPIKWY KOl
OUMTTEPIPOPIKWYV OEQOUEVWYV, OUOXETICOVIOG VEUPIKA CUCTATIKA HE TO KEPDN
Xpovou atrékpiong o€ atopa Olayvwopéva pe ASD kai SCZ. ‘Eva Baocikd
ATTOTEAEOPO QUTAG TNG MEAETNG ATav n Tautotroinon Ttou P-300, 1O OTT0iO
dladpapatiCel pONO 0T OUOXETION TNG VEUPIKAG OpaocTnpidTNTaG HE TN
ouptrepipopd. lMapaAnAa, o EEGNet, éva poviédo BaBeidg pdbnong TTou
aglotroiei OUVENKTIKG €TTiTTEdA, XPNOIMOTTOINONKE Vyia va SlIaKPivEl PHETALU TwV
opddwv ASD, SCZ kai CN, kaBwg eival kKatdAMnAo yia v egaywyn
XWPOXPOVIKWYV XAPAKTNEIOTIKWY atmé oAuata EEG. 2ZuvoAikd, auty n epyacia
TTAPEXEl MIO EKTEVA DIEPEUVNON TNG TAUTOXPOVNG ETTECEPYACIAG NXNTIKWYV KAl
OTITKWYV aIoONMPIOKWY ONUATWY PECW TNG EVOWMPATWONG HOVIEAWV Babidg
pMédBnong kair Tapadooiakwy  PEBOdwvV atroouvBeong.  EmonuaivovTtag
agloonueiwTeG dIOPOPES 0NV EYKEQAAIKA dpaoTNPIGTNTA KAl TN CUUTTEPIPOPA
METAEU TwV opdadwyv ASD, SCZ kai CN, n ueAET pixvel Qwg oTa VEUPIKA BepéNia
TWV  EMEIPPATWY  OTNV  TAUTOXPOVN  ETTECEPYATIA NXNTIKWVY KAl OTITIKWV
aIoOnNTPIaKWY onudTwy. AuTd Ta EUPAUATA UTTOPET VO WPEAOOUV EANOVTIKEC
OIOYVWOTIKEG TEXVIKEG Kal Oepatreieg TTou oToxeUouv ot BeAtiwon G
aIoONTNPIaKNG €TTEEEPYATIAg O€ VEUPOAVATITUEIAKES dlaTaPAXEG.
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1. Introduction

1.1 Motivation - Multisensory Integrationin individuals with
Neurodevelopmental Differences

The brain's capacity to integrate data from several sensory modalities, such as
auditory (A) and visual (V) inputs, to create a cohesive perceptual experience
is known as multisensory integration, or MSI. Effective engagement with the
environment depends on this process, which enables people to react to stimuli
more rapidly and precisely. When people are exposed to multisensory stimuli
(such as audio-visual or AV) as opposed to the same stimuli when they are
presented individually as unisensory inputs (such as visual alone or auditory
alone), they usually "gain" in performance. The brain processes sensory inputs
optimally when they are congruent in time, which is why this advantage is
particularly noticeable in activities where the brain must integrate simultaneous
visual and auditory stimuli (Giard & Peronnet, 1999, Molholm et al., 2002).

However, not everyone responds to MSI equally, especially those with
neurodevelopmental conditions like schizophrenia (SCZ) and autism spectrum
disorder (ASD). ASD and SCZ are similar in that they both have abnormalities
in social-emotional processing (e.g., difficulties with theory of mind and
alexithymia) and cognitive functioning (e.g., executive function impairments).
These conditions also frequently co-occur at higher-than-normal rates
(Chandrasekhar et al., 2019). The connection between ASD and SCZ, which
has been recognized for a long time (Rapoport et al., 2009), has been recently
revisited through the neurodevelopmental continuum model proposed by Owen
and O'Donovan (2017). This approach, which is based on genetic evidence,
implies that overlapping pathogenic processes may be involved, and that ASD
and SCZ may result from distinct consequences of disturbed brain
development. Studies have repeatedly demonstrated that people with ASD
frequently display notable impairments in MSI, which results in a persistently
reduced MSI gain. When compared to neurotypical people, this is manifested
in delayed and less accurate reactions to multisensory stimuli (Brandwein et
al., 2015; Collignon et al., 2013). In contrast, the findings in SCZ are more
variable. Some studies have reported similar MSI deficits in SCZ, with reduced
MSI gain during AV tasks (Williams et al., 2010), while others have found no
significant differences in MSI between SCZ patients and healthy controls (CN)
(Wynn et al., 2014). These inconsistencies suggest that MSI in SCZ may be
influenced by other factors, such as the specific tasks used or the heterogeneity
within the SCZ population. Notably, the simultaneous comparison of MSI across
CN, ASD, and SCZ individuals using the same task is a novel approach, as
detailed in (Toumaian et al., 2024) making this investigation the first of its kind
to provide direct comparative insights across these groups.

The importance of studying MSI in individuals with ASD and SCZ stems from
its fundamental role in perception and cognitive function. MSI allows the brain
to combine information from different sensory systems, such as sight and
sound, to improve accuracy and response speed to stimuli. This process is
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crucial for tasks ranging from simple perception to complex cognitive decisions
(Talsma et al., 2010). However, research has revealed that MSI is commonly
compromised in persons with neurodevelopmental disorders, leading to
impairments in sensory processing and behavior. Examining these deficits may
yield important information about the brain differences between neurotypical
people and those with ASD and SCZ. It also draws attention to potential sharing
processes between the two diseases. The objective of this research is to
improve diagnosis techniques and therapeutic alternatives by investigating the
behavioral impacts and brain activity linked to disruptions in MSI. Technological
developments such as machine learning and neuroimaging offer novel
approaches to quantify and simulate MSI, which in turn improves our
comprehension of sensory processing problems.

Research on the neurological and behavioral components of MSI frequently
employs the AV synchronous target detection paradigm (Brandwein et al.,
2011, 2013, 2015; Ostrolenk et al., 2019. In this paradigm, participants press a
button to reply as fast as they can to A, V and AV stimuli. In order to prevent
anticipated responses, catch trials—in which no stimulus is presented—are
also included. The AV condition, which has been shown to improve response
times (RT) via MSI, is an important measure of sensory integration efficiency
for evaluating individuals in a variety of categories, such as neurotypical
individuals, people with ASD, and people with SCZ (Stefanou et al., 2020,
Collignon et al., 2013). Research using the AV synchronous target detection
paradigm has consistently reported reduced MSI gain in reaction times among
individuals with ASD, indicating that these individuals benefit less from the
concurrent presentation of multiple sensory stimuli. Studies by Brandwein and
colleagues (2011, 2013, 2015) have shown these reductions in MSI gain across
both children and adolescents with ASD, suggesting a pervasive impairment in
multisensory processing. Results in schizophrenia, on the other hand, vary
significantly. While some studies, like Wynn et al. (2014), revealed no
significant changes, others, like Williams et al. (2011), observed significantly
lower MSI gain in SCZ patients compared to healthy controls, suggesting that
MSI deficits in SCZ may vary depending on the particular tasks or stimuli
employed. Despite these contradictory results, until recently there had not been
a thorough simultaneous assessment of the behavioral and
electrophysiological MSI effects in patients with ASD and SCZ, along with
healthy controls (Toumaian et al., 2024). In order to close this gap, the last
study evaluates the early sensory and later cognitive components of MSI using
the AV synchronous target detection paradigm. This approach offers new
information about the particulars of MSI deficiencies in these groups.

1.2 Previous studies

Previous studies have utilized electrophysiological data, accumulated through
EEG recordings, to analyse various ERPs, offering insights into the temporal
dynamics of sensory processing (Russo N., 2010, Brandwein et al., 2013).
Research has focused on early perceptual components, such as the N1
(auditory) and P1 (visual), and mid-latency components like P2 (auditory) and
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N2 (visual) (Wynn et al., 2014). Additionally, the cognitive P3 component has
been investigated to understand its role in modulating attention and response
variability during MSI (Osaka, 2012, Marucci et al., 2021, Saville et al., 2011,
Valakos et al., 2020). Although MSI deficits have been consistently observed in
the behavioral data for ASD and SCZ groups, these deficits are not always
reflected in the ERP data.

Regarding the results of event-related potentials (ERPS) related to multisensory
MSI, the findings from (Toumaian et al., 2024) indicate that MSI effects were
observed across several ERP components, including increased peak
amplitudes under multisensory conditions compared to unisensory conditions.
Specifically, the N1 amplitude was significantly larger in the AV condition
compared to the A condition, with a group-by-condition interaction showing a
smaller N1 in SCZ patients compared to CN individuals. There were no
significant differences in the P2 amplitude between SCZ and CN groups.
Interestingly, no significant group differences were found in the P3 amplitude
across conditions, although MSI deficits were still evident at the behavioral level
in reaction times. However, no correlation could be established even between
the ERPs different across groups and the reaction times. The study concludes
that this discrepancy suggests that the behavioral deficits observed in MSI may
arise at later stages of processing, potentially during response selection, rather
than during early sensory processing stages (Toumaian et al.,, 2024). In a
systematic review on MSI and SCZ (Grohn, C., 2022), it was further highlighted
that while MSI-related behavioral deficits were robust in SCZ, differences in
early ERP components such as P1 and N2 were less consistent. SCZ patients
showed some delayed or reduced ERP components, but these were not
consistently different across all studies, indicating that while SCZ patients may
have impaired MSI at a behavioral level, this was not always reflected in early
electrophysiological responses.

EEG research on schizophrenia has shown characteristic oscillatory activity
abnormalities in a variety of frequency bands, providing information about the
neurophysiological basis of the disorder. The shift from studying ERPs to
oscillatory frequencies has brought to light several facets of brain dysfunction
in schizophrenia. Analyzing in the frequency domain provides an alternative
viewpoint. Patients with schizophrenia have aberrant oscillatory behavior in a
number of frequency bands, such as the alpha/gamma (White et al., 2010) and
theta/delta (Boutros et al., 2008) bands. An inability to maintain neuronal
synchrony during sensory processing has been connected to deficits in these
bands. For example, research has shown that when individuals with
schizophrenia are exposed to various stimuli, their gamma and beta power
decreases (Uhlhaas & Singer, 2013). Several studies examining neural
oscillations in individuals with schizophrenia exposed to auditory stimuli have
identified deficits in steady-state evoked potentials, particularly in the gamma
frequency range, with some impairments also observed in lower frequency
bands (e.g., Krishnan et al., 2009; Kwon et al., 1999).

Another hypothesis regarding MSI is the concept of simple additive effects, as
proposed by Miller (1982) in his “race model,” which suggests that the brain
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selects the fastest response from the available sensory inputs. To assess
whether true MSI occurs, statistical methods have been developed that
compare the observed reaction time distributions during multisensory
stimulation to those expected from additive effects of unisensory stimulation.
This approach, pioneered by Diederich and Colonius (1987) and further refined
by Ulrich et al. (2007), has been widely used to evaluate MSI gain at the group
level. More recently, innovative approaches like the bootstrap method have
been developed to test MSI gain at the individual level (Toumaian et al., 2024).
This method involves creating bootstrapped RT distributions by randomly
pairing RTs from auditory and visual conditions, then comparing the mean RT
of the audio-visual condition to these distributions to determine if it significantly
exceeds expectations, thus confirming true MSI gain. Using our identical
dataset, the previous study's racial model inequality analysis identified
variations in the incidence of MSI gain among the three data groups (Control
(CN), ASD, and SCZ). The CN group exhibited considerable departures from
the race model, indicating that MSI gain was present. On the other hand, SCZ
patients showed significant deviations for a narrower range of bootstrapped
distribution quantiles, indicating a less prominent MSI growth in comparison to
the control group. Finally, there were no notable departures from the race model
among the ASD patients, suggesting that MSI increase did not occur in this

group.

a. Race Model b. Model Predictions
9 .
RT slower
than model
An'a RT faster
RGS,OOHSG - than model /
-
E o4
o AV observed
AV race
0.2 A
—V
For each latency: %0 200 300 400 500 600 700
P(M,orM,) = P(M,) + P(M,) - P(M.) x P(M,) T (ms)

Figure 1: The race model of multisensory reaction times. (A) Diagram displaying the framew ork of the
race model. Each sensory modality's independent processing channels (M1 and M2) feed into an OR
operator, w hich triggers areaction. The reaction time for a particular trial in this arrangement is determined
by w hich of the tw o channels is faster. Based on the statistical function of the OR operator (as indicated
by the equation), the race model forecasts the chance of a response happening at or before a given time
T, assuming no correlation exists betw eenthe channels. (B) A comparison of the actual reaction time (RT)
distribution (blue) for AV trials in the current dataset with the predictions of the race model (red). The race
model prediction for each time bin is calculated using the cumulative RT distributions for the unisensory
(A, yellow) and (V, purple) trials. The model underestimates the probability of faster trials, show ing that
the quickest responses (left tail) are faster than predicted by the race model. Conversely, it overestimates
the likelihood of slow er trials, indicating that the slow est responses (right tail) are slow er than the race
model anticipates (Plass, J., & Brang, D., 2021).
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1.3 Current study

This research attempts to investigate the brain mechanisms behind MSI in three
different groups: 32 CN individuals, 35 SCZ persons, and 23 ASD individuals'
data were used. Every subject finished a straightforward RT task with four
different trial types: AV, V, A stimuli and catch trials. Participants in the visual
condition saw a red disc, while those in the auditory condition heard a tone at
1000 Hz. The tone and the disc were shown simultaneously during the AV
condition, which allowed us to compare the way individuals processed
multisensory and unisensory signals. Using this data provided by Nikolaos
Smyrnis and the Neurosciences and Precision Medicine Research Institute
"COSTAS STEFANIS," we look at how these groups differ in MSI performance,
particularly in relation to brain activity and behavioral outcomes, such as
response time gains.

Tucker decomposition, a potent method for lowering the complexity of high-
dimensional data, is what we start with. Tucker decomposition breaks the EEG
data into a core structure and factor matrices that represent participants, time
points, and EEG channels. We are able to record significant interactions
between different dimensions through this technique, providing a
comprehensive image of the brain activity that takes place during MSI tasks.
We use methods such as AdaBoost and K-Nearest Neighbors (KNN) to develop
a classification pipeline after the data has been deconstructed. This pipeline
uses the most pertinent components found by Tucker decomposition to classify
participants as "integrators” or "non-integrators" depending on their MSI
performance. The aim is to identify the brain components that differentiate
people who gain from multisensory signals from those who do not.

Tucker decomposition reduces dimensionality well, but it's not always easy to
figure out how many components is the right amount and how to break down
the intricate relationships between them. To address this, we also applied Slice
Tensor Component Analysis (SliceTCA), a more specialized method that
enabled us to maintain shared topographic maps across participants while
allowing individual differences in the timing of neural responses. SliceTCA is
particularly well-suited for EEG data analysis because it is able to preserve a
common spatial structure, which is essential when comparing brain activity
between groups. This method enables us to analyze how temporal dynamics
vary between participants while keeping the spatial organization intact, making
it easier to identify group-specific and stimulus-specific neural responses
related to MSI.

Following SliceTCA decomposition, we investigated the connection between
the neuronal constituents and behavioral results using a correlation analysis.
Our correlation analysis operates on a continuous scale, in contrast to the
conventional binary classification method, which only classifies participants as
integrators or non-integrators. This method has multiple benefits: by looking at
the degree of MSI gain as a continuous variable, it enables a more accurate
assessment of the relationship between brain activity and MSI performance.
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This allows us to examine how different degrees of MSI gain correspond to
brain activity, providing us with a much more thorough picture of these
processes than simply classifying someone as an integrator or not.

To identify particular time periods where brain activity differed significantly
between audiovisual and unisensory stimuli, we performed a sliding window
bootstrap analysis. During these periods, we computed important EEG metrics
(mean, maximum, and minimum differences) and compared them to the
response gains of the participants, or the speed at which they responded to
multisensory stimuli as opposed to unisensory ones. This continuous-level
approach enables us to find finer and more complicated correlations between
brain activity and behavioral performance that may be missed with binary
classification. By combining SliceTCA for neural decomposition with a
continuous correlation analysis, this study provides a detailed look at MSI in
SCZ and ASD populations. This approach, which balances spatial consistency
with the flexibility to analyze temporal variations, allows us to better understand
the neural mechanisms driving MSI and how these processes differ across
various groups.

In addition to the previously mentioned methods, we also employ EEGNet, a
compact convolutional neural network architecture specifically designed for
EEG data, to classify the different groups in our dataset: ASD versus CN, CN
versus SCZ and SCZ versus CN. Across a range of BCI scenarios, EEGNet's
depthwise and separable convolutions enable effective and understandable
feature extraction from EEG data (Lawhern et al., 2018). Even with a small
amount of training data, this network has demonstrated resilience in identifying
EEG signals from many paradigms, including movement-related cortical
potentials, P300 visual-evoked potentials, error-related negative responses,
and sensory motor rhythms. It has also achieved good performance in this
regard.

We employ EEGNet to classify the different groups by analyzing their EEG
responses during the MSI task. The architecture of EEGNet is highly suitable
for this purpose, as it effectively captures the spatiotemporal characteristics of
EEG signals. We evaluate the characteristics that contribute to the
categorization between groups using feature visualization approaches after the
model has been trained. With this method, we may identify the precise brain
structures and patterns that set apart people with ASD and SCZ from those in
the CN group. We want to improve upon the results of SliceTCA and Tucker
decomposition by integrating EEGNet into our analytical framework, providing
a more comprehensive understanding of the brain mechanisms producing MSI
and their differences among distinct clinical groups.
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2. Dataset

The pre-processed dataset was kindly provided to us by Nikolaos Smyrnis and
the Neurosciences and Precision Medicine Research Institute “COSTAS
STEFANIS”.

2.1 Participants

This study involved a total of 90 participants, categorized into three groups: 32
healthy controls (CN) (14 males, 18 females; mean age = 26.62 years; age
range = 17-38 years), 35 individuals with schizophrenia (SZ) (26 males, 9
females; mean age = 28.29 years; age range = 17-44 years), and 23 individuals
diagnosed with autism spectrum disorder (ASD) (20 males, 3 females; mean
age = 25.70 years; age range = 18-41 years). All SZand ASD participants were
diagnosed by a psychiatrist according to the DSM-IV-TR criteria and were in a
stable phase of their disorder. Healthy controls reported no significant medical
history or systemic illnesses. Participants in the ASD group were recruited
through day-care centers in Athens, and SZ participants were recruited through
the Psychiatry Department of Eginition Hospital. Participants with SZ had to be
currently receiving benzodiazepine medication in order to be excluded, while
participants with ASD had to be excluded if they were also diagnosed with
attention deficit/hyperactivity disorder (ADHD). The Eginition University
Hospital's ethical committee approved the study protocol. All participant data
were anonymized using special codes, and data confidentiality was
scrupulously upheld. Authorized workers only had access to safe storage and
restricted storage. The examination of multisensory integration differences
between the ASD and SZ groups was made possible by using the CN group as
a baseline for comparing the responses and neurophysiological parameters of
these groups.

2.2 Stimuliand Experimental Procedure

Three stimulus conditions—auditory (A), visual (V), and audiovisual (AV)—
were randomly given with equal probability to participants in a basic reaction
time (RT) detection test. A 1000 Hz tone (duration: 60 ms; 75 dB SPL; rise/fall
time: 5 ms) was provided in the auditory condition. In the visual condition, an
LCD panel showed a red disc with a diameter of 3.2 cm against a black
background for 60 milliseconds. The auditory and visual stimuli were presented
simultaneously in the AV condition. The participants’ task methods and
response delaying capacity were evaluated through the use of randomly
inserted blank catch trials, which lacked any stimuli. Participants were
instructed to press a button with their right index finger on a specially designed
response keyboard (Empirisoft) upon detecting any stimulus (A, V, or AV) within
a 1400 ms window. The inter-trial interval varied between 2000 and 3000 ms,
and the stimuli were presented in blocks of 100 trials each, with 25 repetitions
per stimulus condition, for a total of 6 blocks.
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2.3 EEG Acquisition and Pre-processing

EEG data were recorded from 61 scalp electrodes using the ISO-1064CE and
CONTROL-1164 Braintronics AC system (Almere, The Netherlands) following
the 10-20 system. Impedance was maintained below 10 kQ using an electrolyte
gel (Neurgel, Spes Medica s.r.l, Genova, ltaly). The reference electrode was
placed between CPz and Pz, while the ground electrode was located between
Fz and AFz. EEG signals were recorded with a time constant of 10 seconds
and a low-pass filter of 100 Hz, with an additional notch filter at 50 Hz to
eliminate power line interference. Data were sampled at 1024 Hz and stored
for offline processing.

Matlab 2015a (MathWorks, USA)'s Fieldtrip toolbox (version 11.11.15) was
used for EEG pre-processing. 200 ms of pre-stimulus and 1000 ms of post-
stimulus data were included in each trial. Pre-processing was done in four
steps: (1) visually inspecting trials and channels to remove noisy ones; (2)
removing trials and channels using inter-correlated variance with a variance
threshold of two; (3) using independent component analysis (ICA) to remove
artifacts (electrooculographic, electrocardiographic, and electromyographic
signals); and (4) re-referencing to the average of all electrodes. A 12 Hz low-
pass filter was used to filter the EEG data, and event-related potentials (ERPS)
were computed for every electrode, participant, and stimulus condition (A, V,
AV, and catch).

2.4 Grouping participants into “Integrators” vs “Non
Integrators”

The multisensory integration (MSI) study's participants were categorized as
either "integrators" or "non-integrators" according to how well they performed
in an audiovisual (AV) target detection test. A bootstrap approach in conjunction
with a race model test was used to classify the data. When processing auditory
and visual information separately, the race model predicts an individual's
reaction time to AV stimuli. In the event that the individual's actual reaction time
(RT) to auditory stimuli was noticeably quicker than the predicted RT,
multisensory integration (MSI) was being advantageous, and the participant
was labeled as a "integrator."

To create a distribution of reaction times from the unisensory (visual and
auditory) conditions, the bootstrap approach was utilized. A person was
considered to have MSI gain if their AV reaction time was substantially faster
than this bootstrapped distribution. However, the subject was labeled as a "non-
integrator” if there was no discernible increase in RT for AV stimuli when
compared to the unisensory circumstances. The results of the study showed a
progressive drop in MSI capacity from healthy individuals to those with
schizophrenia and autism, with 78% of healthy controls (CN), 49% of people
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with schizophrenia, and 26% of those with autism demonstrating MSI gain. The

following table provides a summary of the dataset.

Table 1: Summary table of dataset

Number of
Group Participants Male
Healthy 32 14
Controls (CN)
Schizophrenia =~ 35 26
(5Z)
Autism 23 20
Spectrum
Disorder
(ASD)

Female

13

Mean
Age
(years)

26.62

28.29

25.70

20

Age
Range

[years)

18-41

MSI
Integrators
(%)

73

43

26

Recruitment

Source

General

population

Psychiatry
Department
of Eginition
Hospital
Day-care

centers in
Athens

Exclusion Criteria

Mo significant
medical history or

systemic illnesses

Mo current
benzodiazepine

treatment

No concurrent
diagnosis of
attention
deficit/hyperactivity
disorder (ADHD)



3. Methods

3.1 Tucker Decomposition and Classification Analysis

In this methodology, we utilize Tucker decomposition to reduce the
dimensionality of EEG data collected from autistic, schizophrenic, and control
participants. This decomposition allows us to identify the core underlying factors
that capture essential neural dynamics across participants, time, channels and
stimuli. Subsequently, we apply classification algorithms using the most
informative components from the decomposition to distinguish between
integrators and non-integrators based on the participants' behavioral response
times.

The Tucker decomposition is a form of higher-order principal component
analysis (PCA) that breaks down a multi-dimensional tensor into a core tensor
and factor matrices. Specifically, in a three-way case where the tensor has
dimensions IxJxK it is approximated by a core tensor that is transformed by
factor matrices along each mode.

X=GX1AX2BX%x3C
where:
o X s the original tensor,
e G s the core tensor that captures the interactions between the different
components,
e A B and C are factor matrices associated with each mode of the tensor,
e Xn denotes the mode-n product.

These factor matrices, typically orthogonal, represent the principal components
in each dimension. The core tensor reveals the interactions between the
components across modes, allowing for a compressed version of the original
data when the factor matrices have fewer components than the original
dimensions (Tucker L.R.,1966). This approach is flexible and can be tailored to
specific applications, depending on the dimensions and structure of the data. It
serves as a foundational tool in tensor decomposition, offering insights into the
multi-dimensional structure of datasets. (Kolda, T. G., 2009)

In this study we implemented both Tucker and non-negative Tucker
decomposition, while also using the algorithm FISTA in Numpy for faster
convergence. NN-Tucker decomposition is a constrained form of Tucker
decomposition where the core tensor G and the factor matrices A, B, and C are
constrained to have non-negative elements. This non-negativity constraint is
particularly useful in applications where the data or its underlying components
are non-negative. This is not the case for our data, but we tried it out and
obtained some meaningful and interpretable results. FISTA is an optimization
algorithm that accelerates the convergence of the basic lterative Shrinkage -
Thresholding Algorithm (ISTA) for solving large-scale convex optimization
problems, especially those involving sparsity-inducing penalties (e.g., Lasso).
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The Basic ISTA
The ISTA is designed to solve problems of the form:

minx {f(x)+g(x)}

where f(x) is a smooth, differentiable convex function and g(x) is a non-smooth
convex function. In the context of NN-Tucker, f(x) could represent the
reconstruction error and g(x) the non-negativity constraint.

The update rule for ISTA is:

x(K+D) = prox, , (x® — yV(x®)
where proxyg is the proximal operator of g with step sizey.

FISTA improves upon ISTA by introducing an additional momentum term, which
significantly speeds up convergence. The update rules are:

x4 = prox ¢ (y 1 — yVi(y ™))

Lkt 1+ 1+ 4(t™)2

2

Here, t¥ is a sequence that controls the momentum term, and the update uses
both the current and previous iterates to accelerate convergence. (Beck, A., &
Teboulle, M., 2009)

Tucker decomposition offers a distinct advantage over CP decomposition due
to its flexibility. Unlike CP, which uses the same rank across all modes, Tucker
allows for different ranks in each mode, enabling it to capture more complex
and diverse interactions within the data. This flexibility makes Tucker
decomposition particularly effective when the relationships between
dimensions are not uniform, providing aricher and more detailed representation
of the data through its core tensor, which highlights these varying interactions.
In our case, this flexibility enables us to explore a range of interactions between
participants, time points and channels, allowing us to identify those interactions
that yield the most effective discrimination in the subsequent classification
analysis. However, this added flexibility also introduces a key drawback—the
need to select different ranks for each mode can make the implementation and
interpretation of Tucker decomposition more challenging. To address the issue
of interpretability, we visualized heatmaps of the core tensors, as shown in the
results section, to illustrate the interaction strengths between the factor
matrices. Additionally, the computational complexity of Tucker decomposition
requires more sophisticated and time-consuming algorithms to process,
particularly as the number of modes and ranks increases. This higher
complexity makes it more resource-intensive and less efficient than CP
decomposition, especially when working with large or high-dimensional
datasets
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Tensor formation

Our original EEG dataset is structured as a four-way tensor of shape (90, 1025,
61, 600), where 90 represents the participants across all groups (32 control, 23
ASD, and 35 CN), 1025 denotes the time points, 61 refers to the EEG channels,
and 600 corresponds to the number of trials. The trials consist of four types:
150 audio trials, 150 visual trials, 150 audiovisual trials, and 150 catch trials.
The catch trials were excluded from further analysis, reducing the number of
trials in the tensor, but we still work with a four-way tensor at this stage. To
capture more variance and simplify the data, we averaged the EEG signals over
trials within each condition. Specifically, we calculated the average EEG signals
for A, V and AV conditions separately for each participant. The resulting tensor
has a shape of (90, 1025, 61, 3), where the first dimension represents
participants, the second and third dimensions correspond to time points and
electrode channels, respectively, and the fourth dimension includes the three
conditions (A, V, and AV). The fact that we stack the participants of all groups
in the first axis leads to a group-agnostic approach, which is desirable for
capturing the neural correlates for integration across these groups. The Tucker
decomposition is then applied to these reduced tensors, breaking them down
into a core tensor and factor matrices. The core tensor provides a lower-
dimensional representation of the original data, capturing interactions between
the participants, time points, and channels. The factor matrices, corresponding
to participants, time points, channels and stimuli, reveal latent patterns within
each dimension, helping to uncover the structure of the EEG signals and the
underlying neural mechanisms involved in multisensory integration.

Classification Using Best Components

The classification process aims to differentiate integrators from non-integrators
by leveraging the most meaningful components identified through Tucker
decomposition. This dataset is well-balanced, with integrators representing
53% and non-integrators 47%. The classification model uses participant-
specific factors, which capture individual variations in neural activity, as key
features in distinguishing between the two groups. By employing cross-
validation techniques, the model assesses different components to identify
those that most effectively separate integrators from non-integrators. Since this
analysis spans across all groups, identifying a component with high predictive
accuracy could reveal a common neural mechanism that is prominent in
integrators but less pronounced in non-integrators. Various algorithms were
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explored for the classification task, with the best results achieved using
AdaBoost and KNN, highlighting their effectiveness in this context. This
approach not only helps link neural activity patterns to behavioral outcomes,
such as response times, but also enhances our understanding of the underlying
neural processes associated with multisensory integration. The final
classification accuracy is averaged over the five folds used in cross-validation,
ensuring the robustness and generalizability of the model’s predictions.

AdaBoost, short for Adaptive Boosting, is an ensemble learning algorithm
designed to improve the performance of weak classifiers by combining them
into a strong classifier. The core idea behind AdaBoost is to iteratively train
weak classifiers, typically decision trees, and adjust their weights based on the
classification errors. During each iteration, AdaBoost assigns higher weights to
the misclassified instances, forcing the next classifier to focus more on the
difficult cases. By combining the outputs of these weak learners through a
weighted majority vote, AdaBoost creates a strong classifier capable of
handling more complex classification tasks (Freund & Schapire, 1997). One of
the key advantages of AdaBoost is its ability to adaptively modify the weights
of weak classifiers, allowing it to improve accuracy without overfitting. It is
particularly effective in scenarios where the data contains noise or complex
patterns. AdaBoost has been successfully applied in a variety of fields,
including image recognition, text classification, and, as in our case, neural data
classification.

K-Nearest Neighbors (KNN) is a simple yet effective classification algorithm
widely used for pattern recognition and classification tasks. KNN operates on
the principle of similarity by classifying a data point based on the majority label
of its closest neighbors in the feature space. The "k" in KNN refers to the
number of neighbors considered during classification, which is typically an odd
number to avoid ties. The algorithm calculates the distance between data points
using metrics such as Euclidean distance, and assigns the new data point to
the class mostcommon among its nearest neighbors (Cover & Hart, 1967). One
of the strengths of KNN is its simplicity and ease of implementation, as it does
not require an explicit training phase like other algorithms. However, its
performance heavily depends on the choice of k, which in our case was 3 after
tuning, and the distance metric, which in our case is the Euclidean distance.
The Euclidean distance between two points p=(p1,p2,...,pn) and g=(q1,92,...,qn)
an n-dimensional space is given by the following equation:

d(p,q) =Vl —q1)%+ (p2 — q2)% + -+ (pn — qn)?

KNN is particularly well-suited for multi-class problems and is effective in
classification tasks where the boundaries between classes are not linear.
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3.2 SliceTCA decomposition

Next, we tested another decomposition method called Slice Tensor Component
Analysis or SliceTCA. The key difference between SliceTCA and Tucker
decomposition lies in their approach to factorization. While Tucker
decomposition yields a core tensor and factor matrices for each dimension
(participants, time, channels and stimulus conditions), SliceTCA decomposes
such a tensor by preserving one dimension, such as channels, consistently
across all data entries, while simultaneously identifying distinct patterns in the
remaining dimensions, such as participants and time. This method enables the
separation of complex co-variability by maintaining a fixed dimension (channel)
and disentangling the contributions of other dimensions, thereby capturing how
different temporal patterns or participant-specific dynamics interact with shared
neural activity across the preserved dimension. This makes SliceTCA
particularly effective for identifying shared spatial patterns (common
topographic maps) across participants, while still allowing for variability in
temporal profiles or participant-specific responses (Pellegrino A., 2024).
Conversely, without this explicit focus on maintaining spatial consistency
across groups, Tucker decomposition applies a more generic factorization,
which makes it less intuitive for directly comparing spatial activity across all
participants and time points at the same time.

Figure 3: SliceTCA decomposition(Pellegrino A., 2024)

The most commonly known Tensor Component Analysis (TCA) decomposes a
data tensor into components represented as the outer product of vectors from
each dimension, enforcing that each component captures shared variability
across all dimensions simultaneously. On the other hand, by enabling
components to be defined along distinct dimensions or "slices" of the tensor,
such as participants, time, or channel dimensions, SliceTCA provides more
flexibility. This implies that structured variability can be captured by SliceTCA
along particular dimensions without requiring a uniform structure along all of
them. SliceTCA is more flexible when dealing with complicated data structures
since it isolates components within certain dimensions, unlike TCA, which is
limited to lie at the intersection of all variable classes.
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Union: sliceTCA

Figure 4: Variability captured by SliceTCA compared to TCA

In terms of comparing it to Principal Component Analysis (PCA), single slicing
SliceTCA and PCA are viewed as equivalent in the sense that both methods
reduce data dimensionality by capturing the most important components that
explain the variance. In single slicing SliceTCA, the data tensor is unfolded
along a chosen dimension, such as electrode channels, resulting in a lower-
dimensional representation akin to the principal components identified by PCA
in a matrix. The main advantage of single slicing SliceTCA lies in its ability to
confine the principal components to a specific dimension, such as channels or
time in EEG studies. This feature is particularly valuable for EEG data analysis,
where it is crucial to focus on neural activity across trials or time while
maintaining the interpretability of the results. By isolating significant
components within a designated dimension, SliceTCA facilitates targeted
analysis of neural signals, something traditional PCA cannot achieve as it
considers all dimensions of the data. This approach makes SliceTCA more
effective for extracting meaningful patterns from complex EEG data, where
emphasis on particular dimensions is necessary.

SliceTCA has been used to separate complex forms of variability in a number
of neural data studies. Compared to conventional methods, it has revealed
task-relevant structures with fewer components when used to analyze motor
cortical dynamics during reaching tasks. SliceTCA revealed different
covariability classes in the midbrain, thalamus, hippocampus, and visual cortex
among other brain regions in multi-region recordings. By taking trial-based
variability into account, it has also been used to identify task-specific manifolds
in cortical and cerebellar data collected during cued motor tasks. These uses
demonstrate how well SliceTCA captures complex neural patterns in various
experimental settings (Pellegrino A., 2024). To our knowledge, it is the first time
that SliceTCA has been tested on EEG data.
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SliceTCA and non-negative SliceTCA

For our dataset, we utlized both SliceTCA and non-negative SliceTCA
methods, specifically focusing on channel slicing. To get a thorough
representation of the data structure, we first used these methods on the
complete dataset. We then separately applied non-negative SliceTCA to the
original data's positive and negative subsets. For the negative data, we
extracted the inherently negative values from the dataset and then inverted their
sign before applying non-negative SliceTCA. This method allowed us to ensure
that the non-negativity constraint was preserved while avoiding the cancellation
of values that typically occurs when positive and negative components are
combined. The purpose of this approach was to determine whether separating
and analyzing the positive and negative components independently would
facilitate the extraction of more meaningful and interpretable components. Non-
negative SliceTCA seeks to improve interpretability by encouraging the
extracted components to be represented as distinct, non-overlapping features
of the data by placing a non-negativity constraint on the tensor factors.
Therefore, we tested whether this could lead to a clearer and more intuitive
understanding of the underlying structure.

Regarding SliceTCA, we employed an invariance methodology also from the
original SliceTCA paper (Pellegrino A., 2024) to address the inherent
ambiguities and ensure a more reliable decomposition of the neural data.
Channel slicing involves capturing patterns of covariability across multiple
channels over time and participants. However, because of the possible
transformations within and between slice types, this can result in several
equivalent solutions. If these invariances are not addressed, it becomes difficult
to assign distinct and significant interpretations to the extracted components,
since they might be a combination of overlapping contributions from various
trials, time points, or channels.

A hierarchical optimization process is used in the methodology to reduce these
uncertainties and produce a decomposition that is comprehensible and
consistent. There are multiple stages to this process. The process starts by
minimizing a global reconstruction loss to make sure that the overall tensor
decomposition accurately matches the data that was observed. Next, in order
to guarantee that the contributions of every slice type are independently
optimized without compromising the global fit, the partial reconstruction losses
unique to each slice type—such as channel, time, and trial slices—are
minimized. In the final stage, additional constraints are introduced to promote
component orthogonality and distinctiveness within and between slice types.
This step ensures that the extracted components are unique and do not
redundantly capture the same sources of variability. Through a hierarchical
process of systematic minimization of these sub-loss functions, the
methodology reaches a solution in which each element uniquely reflects a
particular dimension of the variability in the data. By avoiding overlaps and
guaranteeing a stable and comprehensible decomposition, this methodical
approach facilitates a more useful comprehension of the temporal and spatial
patterns of neural activity throughout various channels.
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Data Preparation and Stacking

Initially divided into three participant groups (ASD, SCZ and CN), the data are
first averaged over trials in order to eliminate noise specific to individual trials
and concentrate on group-level patterns. The EEG responses to the three
stimulus situations from each participant group are "stacked" into a single
tensor. The stacking process transforms the data into a consistent format
across the three groups, ensuring the tensor captures the overall neural
dynamics while retaining distinctions between the participant groups and the
stimulus types.

The stacking process ensures that the tensor accurately captures complex
neural dynamics across participants, while retaining distinctions between the
different groups (ASD, SCZ and CN) and stimulus types (A, V and AV). In this
multi-dimensional format, the tensor has three primary axes: participants, time,
and EEG channels. This structure allows SliceTCA to perform a decomposition
that not only reveals patterns of brain activity across these dimensions but also
disentangles the contributions of the different groups and stimuli. One of the
strengths of SliceTCA is that it enables us to leverage the participant axis to
disentangle the group-level and stimulus-specific neural responses. The
recordings of all 90 participants from all three groups, exposed to the three
stimuli, are stacked along the participant axis. Each component of the tensor
decomposition produces a slice, and by focusing on the participant axis of each
slice, we can separate and analyze the neural responses corresponding to
different groups and stimuli.
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Figure 5: An example of a stacked participant x time slice. The blue dotted lines separate the 3 stimuli (A,
V, AV from top to bottom) and the green dotted lines separate the 3 groups (CN, ASD, SCZ from top to
bottom)

This disentanglement makes it possible to perform in-depth statistical
comparisons and analysis at the stimulus and group levels. Slices that isolate
participant reactions to a certain stimulus type (A, for instance) or concentrate
on slices that reflect particular groups (ASD individuals, for instance) can be
extracted. We may examine group-specific patterns or stimulus-specific effects
by examining these slices, which enables a thorough comparison of the ways
in which various groups react to each stimulus. The capacity to concentrate on
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particular tensor slices augments the analysis's accuracy and fineness,
enabling the discovery of minute variations in brain activity among subjects and
stimuli.

Grid Search for Optimal Number of Components

One of the key steps before running the SliceTCA algorithm is determining the
optimal number of components to specify for the decomposition. This is done
via a grid search process, which systematically tests different configurations of
component numbers. The objective here is to minimize the loss function
(typically reconstruction error) on the validation set. The methodology for
splitting the tensor into training and validation sets using masks follows the
approach outlined in the original SliceTCA paper (Pellegrino A., 2024). This
method makes sure that distinct portions of the data are systematically
distributed between training and testing, allowing for a more thorough
assessmentof the model's effectiveness. We guarantee that the decomposition
process discovers significant patterns from the training set while the validation
set is hidden by employing this mask-based partitioning, which enables an
objective evaluation of the model's generalization skills. The goal of the grid
search is to determine the optimal number of components to ensure that the
model captures meaningful structure in the EEG data without overfitting, while
also offering the ideal balance between model accuracy and complexity.

SliceTCA relies heavily on the grid search process because the number of
components directly affects how easily the findings can be interpreted. A
component count that is too low could oversimplify the data and miss important
differences between groups, while a component count that is too high could
introduce noise and obscure the findings. We can improve the model's
robustness and generalizability by choosing the ideal number of components
that result in a low loss function through the use of the grid search. In this study,
we chose to rely on channel slicing and therefore we tested the optimal number
of channel-dimension components while keeping zero components across the
two remaining dimensions (time and participants). The usefulness of channel
slicing will be made clear in the following section, however we also tested
decompositions with more than one slice types. Although the validation loss
kept decreasing, especially across the time axis which attributes to most
variance of the data, the channel slicing components we want for our
subsequent analysis were less interpretable in this mixed slicing scenario. This
should be due to the fact that, when using only channel slices, the
decomposition treats these channel slices as principal components and
therefore captures more variance through them.

Channel Slicing Approach

Once the optimal number of components is determined, we proceed with the
channel slicing approach. This approach makes effective use of the spatial
structure of EEG channels to simplify interpretation and facilitate meaningful
comparisons between individuals and groups, making it especially intuitive and
potent for analyzing EEG data. With channel slicing, the algorithm breaks down
the data so that each participant's unique temporal profile is preserved while
we obtain a shared topographic map, or spatial pattern, across all participants
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and groups. This is a crucial feature because it maintains the spatial
consistency offered by the EEG channels while enabling direct comparison of
brain activity across various groups and stimuli conditions.

First, having a shared topographic map means that the spatial pattern of EEG
data is the same across all groups and participants. This uniform spatial
structure makes the analysis simpler by allowing us to focus on changes in the
timing of the activity without altering the spatial patterns. It also helps in easily
visualizing and understanding how brain regions process information
differently, as represented by the EEG channels. Second, while the spatial map
is fixed, the timing of neural activity can change from person to person. This
approach provides the flexibility to examine how each individual's brain activity
changes over time, which is useful for exploring differences in how individuals
and groups respond to various stimuli. This temporal profile shows how EEG
signals progress over time and allows for a more detailed look into cognitive
processes related to specific tasks or stimuli. Lastly, after breaking down the
data in this way, we can compare the temporal components for each participant
to identify differences among ASD, SCZ and CN groups. These timing signals
are important for detecting unique neural responses that may be linked to
specific groups or stimuli, capturing details such as brainwave patterns,
responses to events, or synchronization with stimuli.

3.3Link to Behavioral Results: Correlation with Response
Times

In this methodology, the main goal is to decompose EEG data from ASD, SCZ
and CN participants to identify latent neural patterns that are common or differ
across these groups. One of the key advantages of using the channel slicing
approach is the ability to relate the temporal profiles extracted from the EEG
data to behavioral outcomes—in this case, response times. Since each
participant's temporal profile is distinct, we can perform correlation analyses
between these profiles and the participants' behavioral data, such as response
times during the experimental tasks. We can examine possible group
differences and learn more about how neural dynamics affect task performance
by analyzing each participant's temporal components and comparing them with
response times. For example, in ASD versus CN participants, we may find that
particular temporal patterns predict faster or slower response times. These
correlations provide us important new insights into how various groups process
sensory data and make decisions by connecting the neural data to cognitive or
behavioral outcomes.

Bootstrap Analysis with Sliding Window: Temporal Signal Significance
Testing

After the temporal signals are decomposed using SliceTCA, a crucial step is
identifying the time windows where significant differences exist between brain
activity in response to multisensory (AV) and unisensory (A or V) stimuli. This
analysis helps reveal when and where the brain processes multisensory
integration differently compared to the stronger unisensory stimuli (either A or
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V). Our function compares the neural responses to AV stimuli against the
stronger unisensory stimulus across time using a non-parametric bootstrap
analysis. This is done on the averaged multisensory and unisensory temporal
profiles. The goal is to detect statistically significant differences between these
two conditions in localized temporal windows.

1. Sliding Window Comparison: The EEG data from both conditions (AV

vs. stronger unisensory) is analyzed over a series of overlapping time
windows. Each window captures a small segment of the time series
(e.g., 50 time points), which is then shifted by a set number of points
(e.g., 15). This approach enables continuous comparison across the
entire time range of the signals while focusing on smaller, interpretable
segments of neural activity.

2. Bootstrap Sampling: The function resamples the data with
replacement across participants and time points within each time
window. A distribution of potential differences within that window is
produced for each bootstrap sample by computing a difference (such as
the median or trimmed mean difference) between the multisensory and
unisensory conditions.

3. Estimating Differences: A summary statistic (timmed mean or median)
is calculated for each time window to show the central tendency of the
neural signals within that window. The computation of the difference
between the two stimulus conditions yields a localized measure of the
differences in brain activity between processing AV and the stronger
unisensory stimuli.

4. Confidence Intervals and P-Values: The bootstrap-generated
distribution of differences allows for the calculation of confidence
intervals. These intervals estimate the likely range of the true difference
between the two conditions. Additionally, p-values are computed to
determine the significance of the observed differences, based on how
much of the bootstrap distribution supports the null hypothesis (i.e., no
difference between conditions).

5. Significance Testing: The function determines whether there is a
statistically significant difference between the multisensory and
unisensory stimuli for each time window. When the p-value falls below a
predetermined threshold (e.g., 0.05), significant windows are identified,
signifying the intervals of time during which there are discernible
differences in brain activity between the two conditions.

Application to EEG Data

This method is particularly valuable for studying multisensory integration. By
applying the sliding window approach, we can detect the specific temporal
windows where brain activity in response to multisensory stimuli differs from
that of the stronger unisensory stimulus. By shedding light on the specific
circumstances under which the brain interprets these stimuli differently, this
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localized analysis advances our knowledge of the mechanisms underlying
sensory processing.

Correlating these EEG differences with response gains for each participant
comes next, after the significant temporal windows of EEG differences between
AV and unisensory stimuli are identified. In this scenario, response gain is
defined as the difference between the response time for the stronger
unisensory stimulus (either audio or visual, depending on which one was faster)
and the response time for the audio-visual stimulus. The calculation of response
gain provides a measure of how much faster or slower a participant responded
to multisensory stimuli compared to the unisensory condition. A higher
response gain indicates that the participant responded more quickly to the AV
stimulus, suggesting more efficient multisensory integration.

After identifying the significant windows in which the neural responses to AV
and unisensory stimuli diverge, the focus shifts to quantifying the EEG
differences within these windows for each participant. In each significant time
window, the analysis looks at how the EEG signal differs between the two
conditions, isolating the 50 consecutive time points where the average
difference in neural activity is the highest. For each participant, a rolling average
of EEG differences is computed within the significant windows, and the section
of time that shows the highest average difference is selected. This ensures that
the analysis is centered on the periods where the brain exhibits the most
pronounced neural contrast between the two stimulus conditions.

Response Gain Calculation and Correlation Analysis

The trial-averaged minimum response time from the unisensory conditions is
subtracted from the trial-averaged response time for the multisensory condition
to determine the response gain for each participant. In comparison to the
unisensory condition, this value indicates the speed advantage (or
disadvantage) of responding to the multisensory condition. Next, these
response gains are correlated to the differences in neural activity found in the
EEG data during significant windows.

Correlating the EEG metrics with each participant's response gain is the next
step. The Pearson correlation coefficient, a statistical indicator of the linear
relationship between two variables, is used to calculate the correlation. In this
instance, the degree to which response gain is correlated with neural
differences between AV and unisensory conditions is ascertained using the
Pearson correlation. This function computes the correlation matrix between two
or more sets of variables, and in this analysis, it is used to compute the
correlation between the EEG metrics (e.g., mean or max or min difference) and
the response gain across all participants. The output is a matrix in which the
off-diagonal elements represent the correlation coefficients between pairs of
variables. A correlation coefficient closer to 1 or -1 indicates a strong
relationship, while a value near O indicates little to no linear relationship.

A t-statistic is used to assess the statistical significance of the correlation in
addition to the correlation coefficient. To ascertain whether the observed
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correlation deviates significantly from zero, the t-statistic is calculated. The

formula for the t-statistic is:
- n—2
=T 1—1r2

where r is the Pearson correlation coefficient and n is the number of
participants. The t-statistic helps assess whether the correlation is significant
given the sample size. A high absolute value of the t-statistic indicates that the
correlation is unlikely to be due to chance. Once the t-statistic is calculated, the
corresponding p-value is derived, which determines the statistical significance
of the correlation. A small p-value (typically less than 0.05) indicates that the
correlation is statistically significant.

Each individual as well as specific subgroups, such as integrators versus non-
integrators or clinical groups, such as participants with ASD, CN and SCZ, are
subjected to the correlation analysis. This makes it easier to look into any
differences that might exist between different groups' relationships between
brain activity and behavioral performance. For each group, an independent
correlation between the response gain and the EEG parameters is calculated.
This allows for a more accurate determination of whether specific brain regions
represent response patterns among the participant groups. Using the Pearson
correlation and the t-statistic and p-value, the analysis ascertains which neural
features from the significant time windows are most strongly associated with
response gain. This sheds light on the ways in which brain activity during
multisensory processing affects behavior.

3.4 EEGNetimplementation

With this analysis, which is an ongoing work, we are currently not trying to link
the neural dynamics to the behavioral results, but to capture distinct neural
signatures, if any, for each group (CN, AS and SCZ) based on the AV trials of
our task. To do that we implemented EEGNet is a compact convolutional neural
network (CNN) architecture designed primary for EEG-based brain-computer
interfaces (BCI). It is designed to work efficiently in a range of BCI paradigms,
manage sparse data availability, and generate features that can be understood
neurophysiologically (Lawhern et al., 2018). EEGNet is well-suited for use in
clinical research and neuroscience because of its structure, which allows it to
capture both the temporal and spatial aspects of EEG signals.

The architecture of EEGNet consists of a series of convolutional layers that are
optimized for extracting relevant features from EEG data. Initially, the model
applies temporal convolutions to the EEG signals to capture frequency
information above a certain threshold. The network is able to isolate specific
frequency bands from the EEG data thanks to this temporal filtering step, which
is essential for comprehending the underlying neural dynamics. EEGNet uses
depthwise convolution to learn spatial filters associate with the temporal ones.
Because it allows the network to recognize spatial patterns linked to each
temporal feature, this operation is especially helpful in EEG applications as it
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helps the network learn the relationships between the channels in the EEG data
and temporal profiles. In comparison to conventional convolutional layers,
depthwise convolution has fewer trainable parameters, which helps avoid
overfitting, particularly when working with small datasets. After the depthwise
convolution, separable convolution is used to further process the data.
Separable convolution consists of a depthwise convolution followed by a
pointwise convolution, which allows the network to first learn how to summarize
each feature map individually and then optimally merge the outputs. This
separation of feature extraction into two distinct operations helps EEGNet
handle the complex, multi-dimensional nature of EEG signals more efficiently
by decoupling the spatial and temporal relationships in the data.

Depthwise Convolution

Pointwise Convolution

D 141 conv

Figure 6: Depthw ise separable convolutions (Sultonov, F., 2024)

To regularize the model and improve generalization, techniques such as Batch
Normalization and Dropout are employed. While Dropout randomly omits a
portion of the connections during training to lower the risk of overfitting, Batch
Normalization standardizes the outputs of the convolutional layers to stabilize
the learning process. A softmax classification layer, which outputs the
probabilities of the various classes in the data, is the last stage in the EEGNet
architecture. This classification layer is directly connected to the feature maps
generated by the previous layers, which reduces the number of free parameters
and helps the model remain lightweight and computationally efficient.

All things considered, EEGNet's architecture, which combines regularization
methods, depthwise and separable convolutions, and temporal and spatial
filtering, makes it an effective all-in-one tool for analyzing EEG data. Its high
accuracy and interpretability in identifying pertinent patterns in brain signals
makes it appropriate for a variety of BCI applications as well as exploratory
EEG neural activity analysis (Lawhern et al., 2018). The figure below shows
how the model is designed.
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Figure 7: The EEGNet architecture. The convolutional kernel connection betw een inputs and outputs,
sometimes referredto as feature maps, is show nby lines. The netw ork firstlearns frequency filters
using a temporal convolution (second column), and it then learns frequency-specific spatial filters using
a depthw ise convolution (middle column), w hichis connected to each feature map separately. The
combination of a depthw ise convolution, w hichlearns a temporal summary for each feature map
separately, and a pointw ise convolution, w hich learns how to mix the feature maps together best, results
in the separable convolution (fourth column) (Law hernet al.. 2018)

To delve deeper into explaining the function of the model we will discuss each
layer’s input and output separately. Each input is reshaped to a size of (1, C,
T), which corresponds to one sample, C channels, and T time points. The model
processes inputs in batches. The model's first layer is a 2D convolutional layer
that uses filters of size F1x1xFs/2, where Fs is the sampling rate, to extract
temporal features. According to the Nyquist theorem, which states that the
sampling frequency must be at least twice the highest frequency component in
the signal to prevent information loss, the filter size is halved (or further reduced
If necessary) to ensure anti-aliasing.

The output of this first layer has dimensions (F1, C, T), where F1 is the number
of temporal filters, chosen as a hyperparameter. The second layer is a
depthwise separable convolutional layer that learns D spatial filters with size
Cx1, producing an output size of (DxF1, 1, T). This depthwise convolution layer
offers several benefits. Firstly, because its neurons are not fully connected, it
significantly reduces the number of learned parameters, thereby decreasing the
risk of overfitting—particularly advantageous when dealing with relatively small
EEG datasets. Additionally, the layer’s ability to learn specific spatial filters tied
to corresponding temporal filters from the previous layer enhances
interpretability of the model. Each spatial filter is tailored to a particular temporal
pattern, making the visualization of learned features more intuitive. The final
layer is a separable convolutional layer that aggregates the information from
the previous layers, combining spatial and temporal filters. In this layer,
F2=DxF1 pointwise filters of size (1,1) are used to merge the learned spatial
and temporal features. This results in an output of size (F2, 1, T//4), where
average pooling is applied to reduce the number of time points. Further down
the network, additional pooling is applied to average over time, leading to a
flattened output size of (F2, T//32) which is then passed into a softmax layer
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with N neurons, where N is the number of classes in the classification task. This
final layer generates the model’s predictions.

Block | Layer size # params Output Activation Options

1 Input (c, )
Reshape (1,C,T)
Conv2D (1,64) 64=F; (h C,T Linear mode = same
BatchNorm 2% Fy (F,C,T)
DepthwiseConv2D (C, 1) CxDxF (D*FK,1,T) Linear mode = valid, depth = D, max norm = 1
BatchNorm 2 D= Py (D*F,1,T)
Activation (D*F,1,T) ELU
AveragePool2D) (1,4) D*FR,1,T/ 4
Dropout™ (D*F, 1, T/ 4) p=0250rp=05

2 SeparableConv2D  F; (1,16) 16+Dx«Fi+Fox(D=F) (5,1, T//4) Linear mode = same
BatchNorm 2% Fy (F,1,T//4)
Activation (Fo, 1, T//4) ELU
AveragePool2D (1,8) (F5,1,T /) 32)
Dropout™® (F3,1,T // 32) p=0250rp=05
Flatten (Fy *(T /] 32))

Classifier | Dense N*(Fp*T [/ 32) N Softmax max norm = 0.25

Figure 8: Detailed overview of each layer of the EEGNet architecture (Law hernet al., 2018).

The table below illustrates the different ways that EEGNet has been applied to
different datasets, showing that it can achieve strong performance that
frequently equals or exceeds that of larger and more complex models (Lawhern

et al.,

managing a range of EEG data types

Table 2: Summary of EEGNet applications (Law hernet al., 2018)

2018). This demonstrates how adaptable and effective EEGNet is at

Dataset

Description

EEGNet Handling

P300 Event-Related

Potential (ERP)

Stereotyped neural response
to novel visual stimuli,
commonly elicited using the
visual oddball paradigm.
Participants respond to
infrequent target stimuli,
producing a positive deflection
300ms post-stimulus.

EEGNet applies depthwise
and separable convolutions
to capture spatial and
temporal features from the
EEG signals, allowing for
detection and classification
of P300 responses across
multiple participants with
high accuracy in BCI tasks.

Feedback Error-

Related Negativity

(ERN)

Characterized by negative
and positive EEG components
following incorrect feedback,
usually 350-500ms post-
stimulus. Used in tasks like
forced-choice paradigms and
BClI spellers.

EEGNet processes time-
series EEG data to extract
class-specific discriminant
features and evaluates
performance on a trial-by-
trial basis. The architecture
is optimized for detecting
ERN patterns across trials
for two-class classification of
feedback outcomes.

Neural responses related to
voluntary movements of
hands and feet, observable
along central and midline

EEGNet generalizes across
different BCI paradigms
such as MRCP, using
convolutional layers to
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Movement-Related
Cortical Potential
(MRCP)

electrodes. The components
include readiness potential
before movement and motor

potential at movement onset.

detect spatial and temporal
EEG features related to
motor movements,
facilitating the classification
of movement intentions from
EEG data.

Sensory Motor

Involves mu (8-12Hz) and
beta (18-26Hz) band

desynchronization over the
sensorimotor cortex during

EEGNet captures oscillatory
features (such as SMR) by
applying spatial filters and
convolutional operations to

Rhythm (SMR) actual or imagined
movements. Used in motor

imagery BCls.

extract frequency-specific
information. This allows
robust classification of
imagined movements in
tasks like motor imagery.

Implementation on our Dataset

Our implementation of the EEGNet was to differentiate between AV EEG trials
of participants between two groups each time: ASD versus SCZ, ASD versus
CN and CN versus SCZ. This approach allows us to utilize all individual trials
rather than averaging them, as was done in the decomposition analyses. Deep
convolutional neural networks, such as EEGNet, are well-suited to processing
large datasets, and their performance improves with an increase in the volume
of data. By leveraging every trial, the model can capture the nuanced temporal
and spatial variations in the EEG signals that might be lost through averaging,
ultimately enhancing the network's ability to classify the data more effectively.
This was a key motivation for incorporating a deep learning architecture
alongside decomposition methods. By doing so, we aimed to complement the
decomposition approach, allowing the deep learning model to fully exploit the
richness of the data by utilizing all individual trials and capturing more complex
patterns that may not be accessible through traditional averaging techniques.
With this approach, our aim was to capture differences between groups by
focusing on the AV trials, as these are the key trials for assessing multisensory
integration across participants. Unlike the hypothesis in the SliceTCA analysis,
where we compared multisensory and unisensory conditions to correlate neural
differences with behavioral data, here we sought to identify significant spatial
and temporal components that distinguish the groups during the multisensory
task. Our goal was to uncover potential neural differences between groups
specifically within the context of multisensory processing.

The input data to the neural network is structured as (time points, channels) for
each individual trial, where each trial consists of EEG signals recorded across
multiple electrode channels over time. For each trial, the number of time points
corresponds to 1025 samples, representing the duration of the AV stimulus,
while the number of channels is 61, corresponding to the electrodes used
during recording. The model processes batches of 32 trials at a time, meaning
that during training, the network ingests a batch of data with the shape (32, time
points, channels). This batch-based input structure allows the network to
efficiently handle multiple trials simultaneously, optimizing learning by
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processing groups of trials in parallel, while still preserving the detailed temporal
and spatial information crucial for distinguishing between participant groups. In
terms of hyperparameters, we selected 8 temporal filters with a kernel length of
64, to be extracted from the first convolutional layer, along with 2 spatial filters
for each temporal filter from the depthwise layer, allowing the model to capture
both temporal and spatial features in the EEG data.

The data was first divided into training and test sets in an 80-20 ratio to assess
the performance of the model. This ensured that 80% of the data was used for
training and 20% for testing. The training data was further split into training and
validation sets in the same 80-20 ratio for each fold in order to conduct cross-
validation within the training set using a 10-fold split. By ensuring that the model
was trained and validated on various subsets of the training data, this technique
reduced the possibility of overfitting, allowed for robust evaluation, and
guaranteed generalization to previously unseen data.

During the 1000 epochs of training, the model's performance was monitored,
and early stopping was applied to prevent overtraining. This means the training
process was halted once the model's performance on a validation set stopped
improving, reducing the risk of overfitting. The model's parameters, such as the
learning rate and the dropout rate, were fine-tuned to optimize the classification
accuracy. Finally, the trained model was used to classify EEG trials for both the
ASD and SCZ groups, as well as ASD versus CN and SCZ versus CN. The
performance of the classification was evaluated using several metrics, including
the cross-entropy loss, accuracy, F1 scores and Area Under the Curve (AUC).
After achieving satisfying performance our goal was to determine the important
features that discriminate between the groups by applying the following feature
visualization pipeline.

Accuracy history - ASD and CN (Fold 7) Loss history - ASD and CN (Fold 7)
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\ Validation Loss
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Figure 9: Example of training on a fold in the classification task ASD vs CN. Utilizing early stopping, the
model stopped training after epoch 800 preventing overfitting.

Feature Visualization Using Grad-CAM

Gradient-weighted Class Activation Mapping, or Grad-CAM, is a popular
visualization method for convolutional neural network predictions. It provides
insights into which regions of the input contribute the most to the model's
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decision, thus offering interpretability to otherwise black-box deep learning
models (Selvaraju et al., 2017). This is accomplished by generating heatmaps
that indicate the most pertinent input regions for a given prediction by
calculating the gradients of the output class score with respect to the
convolutional feature maps of a certain layer. Grad-CAM is very useful for EEG
analysis applications since it can aid in comprehending the spatio-temporal
patterns that are essential for making classification decisions. Applying this to
EEGNet, both the temporal features retrieved from the first layers and the
spatial features detected by the depthwise convolutional layers that follow can
be interpreted using Grad-CAM. In our case, we apply Grad-CAM to the two-
group classification problem in order to interpret the temporal and spatial filters
from the first two convolutional layers of EEGNet. The primary goal is to
comprehend how various EEG data components affect the model's predictions.

The Temporal Convolutional Layer (First Convolutional Layer) in EEGNet is
designed to extract both temporal and spatial features by learning temporal
filters for each EEG channel independently. This approach provides a low-level
representation that captures frequency-specific patterns, essential for obtaining
interpretable features directly from the EEG signals. To enhance
interpretability, we apply Grad-CAM to this layer, using the correctly predicted
trials and their associated labels from the test set as input. This process allows
us to focus on the patterns that contributed most significantly to correct
classifications. By generating Grad-CAM heatmaps for these correctly
classified trials, we identify the temporal segments that have the highest
relevance across channels, distinguishing between classes. These heatmaps
are visualized as time series across channels, highlighting the time points and
regions of increased importance for the classification task. This method not only
reveals the spatial and temporal features critical for model predictions but also
supports interpretability by showcasing the segments where the model
detected meaningful activity associated with specific class labels.
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4. Results

4.1 Significant Tucker components for integrator
classification

The results of the Tucker decomposition analysis, which was carried out to find
components that can tell integrators from non-integrators independent of the
groups they belong to, making it a group-agnostic analysis, are described in
detail in this section. Our goal was to identify recurring themes in the data that
are strongly associated with these two categories by utilizing participant factor
matrices and predefined integrator labels. This approach was intended to
extract components that capture variations connected to integrator status,
thereby shedding light on the neural and behavioral traits that set integrators
apart from non-integrators.

By methodically evaluating every possible combination of rankings up to a
maximum of 5 for participants, 5 for time, 5 for channels, and 2 for stimuli, we
were able to do the Tucker and non-negative Tucker decomposition analysis.
We were able to determine which components were most pertinent for
identifying patterns in the data after conducting a thorough investigation. We
utilized the participant factor matrices from the components as inputs for
additional classification analysis for each decomposition. Since greater values
would result in more intricate interactions within the core tensor and make it
more difficult to understand the distinct contributions of each dimension, we
decided against going over these rank restrictions. By limiting our analysis to
these ranks, we ensured a good balance between extracting meaningful
components and maintaining the interpretability of the results, thereby
facilitating the differentiation between participant groups. The variance
explained by some lower and higher rank decompositions for both Tucker and
non-negative Tucker are presented in the table below.
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Table 3: The variance explained by the reconstructed tensor for lower and higher rank Tucker
decompositions

Rank Configuration Variance Explained
2111 0.084
(21,2, 1) 0.108
(2,1,3 1 0.122
(553 2) 0.169
(554, 2) 0.178
(555 2) 0.188

Table 4: The variance explained by the reconstructed tensor for low er and higher rank Tucker
decompositions

Rank Configuration Variance Explained
(2, 1.1, 1) 0.0175
(211,23 D.0156
(2. 1.2 1) 0.0195
(5,55 1) 0.0718
(5.5.4,2) 0.0699
(5,55 2) 0.0757

The process of finding decompositions and components within participant
factor matrices that effectively classify integrators involved a detailed
classification analysis. A number of machine learning models were employed,
each with customized settings to improve performance, including LDA, Nearest
Neighbors, Random Forest, and AdaBoost. Using the integrator and non-
integrator labels as the goal classification variable, techniques such as leave-
one-out cross-validation and K-Fold cross-validation with five splits were used
to validate the efficacy of the models. For the final analysis, 5-fold cross-
validation was ultimately selected. The analysis systematically explored all
available decompositions, extracting the participant factor matrices from each
one. For each component of the decomposition each participant vector was
then used as inputs to the classification models. For each combination of
component and classifier, the average classification accuracy was determined
using cross-validation.

After calculating the accuracy scores for all classifiers and decompositions, the
results were analyzed to find the decompositions that yielded the highest
performance for each model. The most effective decompositions—those
achieving the best classification accuracy—were identified for each classifier.
This step made it possible to choose the decompositions that were most
successful in distinguishing integrators from non-integrators. This thorough
process allowed the analysis to uncover specific decompositions and
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participant factor components that demonstrated the highest classification
accuracy, enabling us to visualize the remaining time and channel components
associated with these participant ones, as demonstrated in the subsequent
sections. The decompositions with the highest accuracy scores across the two
best performing models (KNN and AdaBoost) are presented in the next tables.

Table 5: Accuracy score for integrators vs non-integrators of the best decompositions using the KNN
model

Table: KNN Model (K=3)

Decomposition Type Rank Configuration Variance Explained Accuracy Score
Tucker (3,2 2 2) 0.148 0.689
Tucker (52,4, 1) 0174 0.689
Tucker (5. 4,4, 2) 0.189 0.667
Mon-negative Tucker (31,51 0.047 0.656
Mon-negative Tucker (545 2 0.075 0.656

Table 6: Accuracy score for integrators vs non-integrators of the best decompositions using the
AdaBoost model

Table: AdaBoost Model

Decomposition Type Rank Configuration Variance Explained Accuracy Score
Tucker (3. 4.4, 2) 0.163 0.689
Tucker (3.2.5 2 0.158 0.667
Tucker 4.1,5 2 0.138 0.667
Tucker (5.3.2 2 0187 0.667
Tucker (5.2.4,1) 0,174 0.667

Interaction Between Components

Understanding the relationships between the participants, time, and channels—
the different factors of the decomposition—is one of the main objectives of this
analysis. This interaction is complex and necessitates a thorough analysis of
the core tensor, which represents the combination of these elements. To see
how certain components interact across the time and channel dimensions, we
extract slices from the core tensor after averaging over the stimulus dimension.
These interactions are visually represented through the usage of heatmaps. For
instance, we can see the relationship between temporal dynamics and the
activity in particular EEG channels by looking at particular core slices. With the
use of these heatmaps, one can gain a better understanding of the intricate
correlations that exist between spatial and temporal patterns and the activation
throughout time of different brain areas, as indicated by EEG channels.

We identify the two optimal combinations of participant, time, and channel
components that exhibit the strongest interactions, as shown in the heatmaps.
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These interacting components play the crucial role in driving the highest
classification performance.
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Figure 10: Heatmaps of coretensors, w hich depict the intensity of interactions betw een a given participant
and the time and channel components.

Visualization and Interpretation of Components

The method ends with a visual representation of the important components
found during classification. The mostimportant factors in separating integrators
from non-integrators were these elements. We can learn more about the brain
dynamics that separate the two groups by looking at the temporal and spatial
patterns of these components.
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Figure 11: Significant Tucker and NN-Tucker components using KNN withK = 3 for classification
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Figure 12: Significant Tucker components using AdaBoost classification

A comprehensive understanding of the neural mechanisms that may underlie
the "integrator" status can be obtained by analyzing the temporal and spatial
filters of the components above. The temporal profiles show a general peak
around 300 ms after stimulus onset (here the stimulus is shown on time point
200) that is suggestive of stimulus evaluation and decision-making. These traits
align with the neural mechanisms connected to the P300 component, which are
frequently connected to activities involving sustained attention and the cognitive
processing of multisensory data. These temporal patterns imply that integrators
are capable of efficiently processing and assessing sensory inputs, which
allows them to react to stimuli that call for integration of various sensory
modalities.

The activations display both more dispersed lateralized patterns and
concentrated central-parietal patterns in terms of location. The parietal cortex,
which is essential for working memory, attentional control, and sensory
integration, may be involved in the central-parietal activity, as it is consistent
with sources of the P300 that are known to be involved. Multisensory stimuli
most likely cause this region to become active, and effective integration
improves cognitive performance. In addition, the lateralized and diffuse
activations indicate broader recruitment of neural networks, potentially involved
in sensory filtering and flexible attentional allocation.
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4.2 SliceTCA Components and Correlations

SliceTCA is utilized with channel slicing to effectively disentangle the neural
data into latent components that reflect distinct classes of covariability—across
participants, time, and channels. This decomposition approach is particularly
advantageous for analyzing neural datasets such as EEG, where capturing the
structure of task-relevant neural dynamics is essential. By employing SliceTCA
with a focus on channel slicing, we can reveal the shared variances specific to
individual EEG channels, which in turn enhances the interpretation of neural
responses and allows for a more detailed understanding of which brain regions
interact during specific tasks.

The link between channel slicing components and response time gains (RT
gains) is critical, as it refers to the phenomenon where responses to
multisensory stimuli, like AV inputs, are faster compared to unimodal inputs, a
concept central to multisensory integration studies. RT gains are observed as
a decrease in reaction time when stimuli from multiple modalities are processed
concurrently. By correlating SliceTCA components with RT gains, it becomes
possible to discern how specific EEG channel activities relate to enhanced
response speeds. This correlation not only reflects the neural synchrony but
also indicates the efficiency of the brain's processing mechanisms when
dealing with integrated multisensory inputs, which can provide insights into
neural efficiency and adaptability.

Grid search results for channel slicing

For grid search, we followed the methodology used in the original SliceTCA
paper. Using the 3D EEG tensor data, the grid search involved methodically
evaluating various configurations while making sure the training to validation
data ratio was maintained at or around 80%. This was accomplished by
controlling the tensor's selection of blocks for the training and validation sets by
adding the proper masks. The objective was to maximize the model's
performance while guaranteeing that the training and validation data were
proportionately represented. We performed grid search on the channel slicing
decomposition for both SliceTCA and NN-SliceTCA. For both types, the optimal
number of channel slices turned out to be 4. More components led to overfitting
the data and therefore higher validation set loss. The loss function used is the
MSE loss between the original tensor and the reconstructed one from the
channel components.
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Validation Set Loss Distribution for Channel Slicing
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Figure 13: MSE loss for SliceTCA decomposition using 1-11 channel ranks
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Figure 14: MSE loss for NN- SliceTCA decomposition using 1-11 channel ranks
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Component comparison of different decomposition types

Here, we examine the differences between SliceTCA and NN-SliceTCA using
our EEG data, with an emphasis on channel slicing for intuitive results.
SliceTCA breaks down neural data into discrete patterns that span participants,
channels and time. A non-negativity constraint is added by NN-SliceTCA, which
is helpful for interpreting purely additive neural activations by emphasizing only
positive contributions. To evaluate how well each method handles various data
characteristics, we applied these methods to the entire dataset and NN-
SliceTCA subsets that only included positive or negative data points.

Several important insights are revealed when the components of various
decompositions are compared. First, the components look very similar when
using NN-SliceTCA with all data as opposed to just positive data points. The
difference is mostly in the intensity of the signal. When using all data points the
intensity is slightly higher, which can be explained by the inverted negative
values adding to it. This suggests that there is no discernible cancellation effect
between positive and negative values, and that NN-SliceTCA accurately
captures real variance within the data. On the other hand, when negative data
points are inverted and then subjected to NN-SliceTCA, new, interpretable
components emerge that are not seen when the full dataset is used.
Furthermore, when using SliceTCA without non-negativity constraints but within
the invariance pipeline discussed, distinct components emerge, capturing
additional structures. Certain components, for example, appear to represent
auditory processing, which is not present in other decompositions. These
results highlight how crucial it is to use various SliceTCA variations in order to
guarantee the robustness of the outcomes and to fully capture the diversity of
data structures.
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SliceTCA components

Figure 15: The 4 components for SliceTCA. The spatial topographies reveal varied activations across
frontal, central, and parietal regions, with distinct lateralized patterns. Frontal and central areas show
strong engagement, suggesting involvement in attentional control and cognitive processing. In images 2,
3, and 4, there is prominent parietal lobe activation, which aligns with auditory sensory processing,

indicating that these components may reflect integration of auditory stimuli.
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NN-SliceTCA components for positive data points
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Figure 16: The 4 components for NN-SliceTCA using only the positive EEG data. The spatial topographies
across the images show varying activation patterns primarily in frontal, central, and parietal regions, w ith
each component displaying unique distributions. The firstimage exhibits strong central-parietal activation,
suggesting involvement in attention and sensory processing. Subsequent images display more lateralized
or diffuse patterns, indicating engagement of diverse brain areas across different tasks or conditions.
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NN-SliceTCA components for inverted negative data points
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Figure 17: The 4 components for NN-SliceTCA using only the negative EEG data after inverting their sign.
The spatial topographies show varying activation patterns across central-parietal, frontal, and lateralized
regions, indicating diverse neural processes. Central-parietal activations suggest sensory integration and
attention, w hile frontal engagement reflects executive functions like decision-making. Lateralized and
diffuse parietal patterns indicate specialized sensory processing (A and V).
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NN-SliceTCA components

N ]
'.‘” 1A '&‘. | '\
W/ . thﬁ;"ﬂ AN \ { &."u

o o' | b}: “..‘: -v!:& -

Figure 18: The 4 components for NN-SliceTCA. The components are almost the same as those from
Figure 16.

The four components of NN-SliceTCA and SliceTCA show different but
meaningful spatial topographies, demonstrating the structured neural
processes and diversity that each method captures. Different frontal, central,
and parietal regions show different levels of activation across SliceTCA
components. Notable lateralized patterns indicate roles in attentional control,

52



cognitive processing, and auditory sensory integration. Similar to this, although
with different distributions, the NN-SliceTCA components for both positive and
negative EEG data highlight distinct activation patterns across related brain
regions. The NN-SliceTCA positive components highlight central-parietal
regions for attention and sensory processing, while more diffuse and lateralized
patterns point to broader engagement across tasks. Conversely, the negative
EEG data in NN-SliceTCA exhibits central-parietal and frontal activations that
align with sensory integration, attention, and executive functions. Together,
these findings underscore the diversity in neural components identified by
SliceTCA and NN-SliceTCA, while also revealing consistent spatial structures
that reflect underlying cognitive processes, sensory integration, and attention
mechanisms.

Bootstrap methodology for identifying significant windows

This section describes a bootstrap-based methodology that we use to find time
windows where there are notable differences in brain activity between stimuli
that are unisensory (A or V) and multisensory (AV). We extract time-specific
neural responses by using SliceTCA to decompose the temporal EEG signals,
and we compare these responses across conditions using a sliding window
method. To create a distribution of possible differences for each window, we
use non-parametric bootstrap sampling, which makes it possible to estimate p-
values and confidence intervals. We can identify critical periods of enhanced or
diminished multisensory integration using this method, which allows us to
pinpoint precise time intervals where neural processing of multisensory
integration differs significantly from the stronger unisensory responses. The
selection of significant time intervals becomes clear in the following figures.
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Figure 19: Sliding window method for identifying time window s with significant differences betw een the
multisensory and the stronger unisensory (in this case V) stimulus. (a) Insignificant time interval based on
the bootstrapped difference distribution. (b) Significant time interval

The following plots showcase all the components from SliceTCA and NN-
SliceTCA where significant windows were found. We find significant windows
in the following components that correspond to early ERPs like the N100 and
P100, which are important for first stimulus detection in response to visual and
auditory inputs. Compared to the auditory or visual stimuli alone, the audio-
visual condition exhibits a notably stronger P300 component. The P300's
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importance in the AV case draws attention to its possible use in combining
multiple senses at once. Additionally, some significant windows appear later in
the signal, potentially indicating more complex cognitive processes such as
response selection or decision-making that extend beyond primary sensory
processing. These subsequent elements might be the result of ongoing brain
activity connected to the processing and interpretation of multisensory
information.
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SliceTCA components
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Figure 20: Significant window s for SliceTCA components. In the second image, w e can observe a N100
auditory component, which is typically seen around 100ms post-stimulus. This component is often
associated with early auditory sensory processing and is visible here, aligning withthe timing of auditory
stimuli. In the third image, the green window s seemto capture both audio and visual PL00 components —
an early component in response to sensory stimuli, particularly visual and auditory, w hich occurs around
100ms. Additionally, a P300 component is present, typically appearing later (around 300ms or more) and
linked to cognitive processes like attention and stimulus evaluation. This suggests a more complex
processing stage, w here both sensory and cognitive processing are active.
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NN-SliceTCA components

Figure 21: Significant windows for NN-SliceTCA components. We are able to discern windows that
correspond with stimulus detection ERPs once more using this decomposition, in addition to the P300
ERP. Processing at a later stage is also captured.

The significant windows in Figures 20 and 21, identified between the AV and
stronger unisensory conditions, suggest enhanced neural engagement for the
AV stimuli. The presence of early components, such as the N100 and P100,
alongside the later P300 component, indicates a combination of rapid sensory
and later cognitive processing. This enhanced processing during AV stimuli
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potentially supports quicker responses, a hypothesis we aim to test further in
our subsequent correlation analysis.

Correlation between EEG differences and response gain

This section examines the relationship between behavioral response gain and
EEG differences in the three participant groups separately and collectively. The
hypothesis is that the EEG intensity difference between responses to
multisensory and unisensory stimuli in certain time ranges could explain the
speed gain in button pressing. We assess the relationship between these
neural differences and participants' responses to multisensory stimuli using the
EEG temporal profiles obtained from SliceTCA decomposition. Response gain
is computed by comparing participants' trial-averaged reaction times to
multisensory stimuli (AV) with their reaction times to the stronger unisensory
condition (either A or V alone). The response gain quantifies the improvement
in reaction speed when both sensory modalities are presented together,
indicating the efficiency of multisensory integration.
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Figure 22: Response gain after averaging over trials for all 90 participants. (a) Labels based on
“integrator status”. We can see that the general trend show s that the integrators have bigger response
gains, meaning they get faster during the AV stimulus. (b) Labels based on groups. The ASD group
show s smaller or negative response gains w hich agrees w iththe small rates of integrators in the group.
CN groups show s the smallest variability and 79% is classified as an integrator. SCZ group lies in
betw een with 49% being classified as integrators

We apply a t-statistic method to evaluate the statistical significance of the
correlation between EEG differences and response gain. The correlation
coefficient and the number of participants are used to calculate the t-statistic
for each correlation, which gives an indication of the likelihood that the observed
correlation deviates from zero. The significance of these correlations is then
ascertained by computing p-values, which allows us to identify the critical brain
regions that are substantially linked to improved multisensory processing. We
can find significant patterns in neural dynamics across various groups and
conditions thanks to this thorough approach.
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Figure 23: Significant window that correlates across all participant groups in the non-negative SliceTCA
decomposition . Taking groups separately it correlates withthe ASD group. The significant temporal

window corresponds to the P300 cognitive ERP.
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Mean of EEG Difference vs. Response Gain for Component 1
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Figure 24: The same component fromthe SliceTCA decomposition. This time the SCZ group is also
more correlated

We identified the windows that displayed significance for all three population
groups, allowing us to suggest that this time interval could represent a neural
mechanism related to response gain. For the window in Figure 23 and 24, which
corresponds to the P300 cognitive ERP, we observe that the ASD participants
influence the correlation the most followed by the SCZ group. Our positive
correlation finding suggests that this ERP component may be associated with
response gain in our multisensory task The P300 may indicate improved
processing efficiency in multisensory environments, such as those with visual
and auditory stimuli, as the brain may combine data from various sensory
channels to create a cohesive perceptual experience.

On the other hand, as the correlation was prominent mostly in the ASD group,
which exhibited the highest degree of variability in response gains, it may also
suggest that the increased P300 response could be attributed to compensatory
mechanisms for this specific group that facilitate faster response times when
visual and auditory stimuli are presented simultaneously.
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4.3 EEGNet Results

In the context of distinguishing CN, ASD, and SCZ groups, EEGNet will be
applied to AV stimulus trial data to capture neural dynamics specific to each
group. These patterns could be neural processing strategies during
multisensory integration. By leveraging EEGNet’s capacity for classification and
feature extraction, this method seeks to provide a nuanced understanding of
the neural correlates associated with these disorders, contributing to a more
comprehensive model of multisensory processing across neurodivergent
populations.

Model performance

To begin with, we present accuracy across each fold for each of the three
models (ASD vs CN, ASD vs SCZ and ASD vs SCZ) the. We also made use of
the average ROC curve over folds plotted for the test set, which is particularly
useful for interpreting imbalanced dataset results. By focusing on the true
positive rate versus the false positive rate across different thresholds, the ROC
curve provides a more comprehensive evaluation of the model's performance,
ensuring that the classification accuracy is not skewed by the class imbalance
present in the data.

ASD vs CN
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Figure 25: Accuracy and training loss across the 10 folds for ASD vs CN
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Figure 26: Average ROC for the test set of ASD vs CN
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Figure 27: Accuracy and training loss across the 10 folds for ASD vs SCZ
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Average ROC (Test Set) - ASD and SCZ
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Figure 28: Average ROC for the test set of ASD vs SCZ
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Figure 29: Accuracy and training loss across the 10 folds for CN vs SCZ
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Average ROC (Test Set) - SCZ and CN
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Figure 30: Average ROC for the test set of CN vs SCZ

Model Average Accuracy Average AUC
ASD vs CN 0.75 0.81
ASD vs SCZ 0.77 0.84
CNvs SCZ 0.72 0.81

The model demonstrates strong classification capabilities in distinguishing
between ASD, CN, and SCZ groups, particularly in differentiating ASD from
both CN and SCZ in AV trials. Though the CN and SCZ groups have the most
data available, the model performs worse when attempting to distinguish
between the two in terms of accuracy. This could suggest that during AV trials,
CN and SCZ share more similar neural features, or that the neural signatures
linked to SCZ are more nuanced and difficult to distinguish from those of
neurotypical controls. This decreased classification accuracy may also be
attributed to the variability within the SCZ population or possible shared
cognitive processing patterns with CN individuals during AV tasks. For the
subsequent feature visualization pipeline, the weights of the best performing
fold of each models are used to extract significant discriminating features.

Feature Visualization

The GradCAM heatmaps, generated from the first convolutional layer of the
model on correctly predicted trials from the test set across all three
classifications (ASD vs. CN, ASD vs. SCZ, and CN vs. SCZ), reveal key
differences in the model’s learning patterns and highlight interpretable ERP-like
features. This analysis shows that the model captures meaningful neural
dynamics in these correctly classified cases, with distinct spatial and temporal
activation patterns that align with known electrophysiological markers.
Conversely, in incorrectly predicted trials, GradCAM heatmaps do not exhibit
these structured, ERP-like patterns. Instead, the activation is more diffuse and
lacks clear spatial or temporal focus, suggesting that the model fails to capture
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coherent neural features in these cases. An example is shown in the heatmaps
below extracted from the ASD vs SCZ model and depict the activation of the
outputs of the first convolutional layer in the case of correctly and incorrectly
predicted ASD trials.

Grad-CAM Temporal Heatmap of first Conv Layer for correct ASD predictions Grad-CAM Temporal Heatmap of first Conv Layer for incorrect ASD predictions
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Figure 31: Heatmaps of first convolutional layer in the case of correctly and incorrectly predicted ASD
trials

0.05

0.04

0.00

For each classification model (ASD vs. CN, ASD vs. SCZ, and CN vs. SC2),
we present the GradCAM heatmaps, as well as detailed spatial plots from the
moment of stimulus occurrence up to 500 ms post-stimulus. This temporal
window is chosen because it captures the period with the highest activation
intensity in the heatmaps, aligning with the occurrence of key ERP components
and encompassing the significant windows identified by the SliceTCA
components.

ASD vs CN

Grad-CAM Temporal Heatmap of first Conv Layer for correct ASD predictions
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Figure 32: Heatmap and averaged topoplot for 0-0.5s for correctly predicted ASD trials (ASD vs CN)

64



Grad-CAM Temporal Heatmap of first Conv Layer for correct CN predictions
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Figure 33: Heatmap and averaged topoplot for 0-0.5s for correctly predicted CN trials (ASD vs CN)

The GradCAM-based heatmaps for correctly predicted ASD and CN trials
reveal notable differences in activation intensity and spatial distribution. Higher
overall intensity activations are seen in the ASD trials (first figure), with a
concentration of activations in the brain's posterior regions. This strong
activation may be a sign of the higher cognitive load or increased neural effort
that people with ASD need to process multisensory stimuli. This is corroborated
by research indicating that people with ASD frequently exhibit abnormal and
enhanced neural responses when performing tasks involving sensory
integration.

On the other hand, the CN trials (second figure) show a more uniform activation
throughout the scalp, especially in the frontal areas and the parietal lobes. This
spatial distribution is consistent with normal EEG responses, in which
processing and responding to AV stimuli is occurring in the frontal cortex of the
brain. Comparing the concentrated, high-intensity activations observed in the
ASD trials with the wider distribution of activations observed in the CN trials
suggests a more distributed and potentially more efficient neural processing
mechanism. Additionally, the concentrated posterior activation in ASD suggests
reliance on different neural circuits or strategies compared to the CN group,
which might relate to differences in sensory processing pathways in ASD.

ASD vs SCZ
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08
Time (s} .

Figure 34: Heatmap and averaged topoplot for 0-0.5s for correctly predicted ASD trials (ASD vs SCZ)
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Grad-CAM Temporal Heatmap of first Conv Layer for correct SCZ predictions
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Figure 35: Heatmap and averaged topoplot for 0-0.5s for correctly predicted SCZ trials (ASD vs SCZ)

In this comparison, we observe more distinct ERP-like activations across the
groups. The first peak in the ASD heatmaps appears approximately 100 ms
after the stimulus, and it most likely corresponds to the P100 component, which
is linked to early visual processing and usually originates in the occipital
regions. After that, there is a second prominent peak at approximately 300 ms.
This corresponds to the P300 component, which is associated with cognitive
processing and attentional allocation and is frequently observed in parietal-
occipital regions.

The spatial activation pattern in the SCZ trials, on the other hand, is more
varied, with a notable peak appearing approximately 200 ms after the stimulus
onset. This broader activation pattern could indicate a more distributed and
potentially more efficient strategy for multisensory integration, similar to the
patterns observed in the CN group. In contrast, the ASD trials exhibit more
concentrated activation, which may reflect a less flexible or more narrowly
focused neural response strategy. As in the previous comparison, the
intensities are higher for the ASD trials.

CN vs SCZ

Grad-CAM Temporal Heatmap of first Conv Layer for correct CN predictions
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Figure 36: Heatmap and averaged topoplot for 0-0.5s for correctly predicted CN trials (CN vs SCZ)
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Grad-CAM Temporal Heatmap of first Conv Layer for correct SCZ predictions

Figure 37: Heatmap and averaged topoplot for 0-0.5s for correctly predicted SCZ trials (CN vs SCZ)

We note that the activation intensity in the CN trials stays relatively high, similar
to the SCZ group, in contrast to the ASD vs. CN comparison. Strong early visual
processing is indicated by a prominent peak in the occipital region around 200
ms in the CN trials. However, the CN group exhibits a more uniform and evenly
distributed activation pattern across all channels in contrast to the more
focalized areas of activation shown by the SCZ group.

Probably, the key takeaway from these observations is that the channel
activation distribution becomes progressively more uniform across groups, with
CN displaying the most even distribution, followed by SCZ, and then ASD. his
implies that CN interacts with a wider range of brain areas, potentially indicating
a consistent and effective approach to multimodal integration. On the other
hand, ASD trials exhibit more intense and localized activations, suggesting a
reliance on particular regions, perhaps as a result of higher processing effort in
the brain. Interestingly, the SliceTCA analysis also identifies the P300
component as significant, and the ASD trials show a greater prominence for
this component. Notably, the P300 component is more prominent in the ASD
trials, aligning with findings from the SliceTCA analysis, which also highlights
this component as significant. This pronounced P300 in ASD suggests
heightened attentional processing and may reflect compensatory mechanisms
as the brain allocates additional resources to interpret and integrate sensory
information. Distinct neural processing strategies for multisensory integration
are highlighted by the variations in both spatial distribution and intensity among
the groups.
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5. Discussion

This study examined the neural mechanisms underlying multisensory
integration by leveraging Tucker decomposition, SliceTCA and EEGNet. This
allowed for a thorough investigation of the temporal and structural patterns
found in EEG data of neurotypical individuals and individuals diagnosed with
ASD and SCZ recorded during an AV synchronous target detection paradigm.
This study aimed to provide light on potential underlying neural mechanisms
linked to multisensory processing deficits by identifying the temporal and spatial
characteristics of neural responses to AV stimuli as well as how these
responses may differ or align amongst the three groups.

Tucker decomposition was initially employed for this study but yielded limited
interpretability regarding the behaviorally relevant components. By contrast,
through SliceTCA's unique channel slicing approach, distinct spatial patterns
emerged, capturing localized covariability across time and participant groups,
which provided insights into neural correlates of behavioral responses during
AV tasks. The decomposition revealed significant ERP components, including
early sensory components like N100 and P100, as well as the P300, associated
with cognitive processing and attention. Using a bootstrap method, we identified
significant time windows that differentiated neural responses between the
stronger unisensory and multisensory stimuli, allowing us to isolate intervals
where multisensory integration was most prominent. Within these windows, the
P300 component was particularly notable for its positive correlation with
response gain, especially among the ASD group and secondly in the SCZ
group. The ASD group displayed the greatest variability in response gains,
indicating that the heightened P300 response may also reflect compensatory
mechanisms that contribute to faster response times when both auditory and
visual stimuli are presented together.

In comparison, EEGNet provided an alternative yet complementary
perspective. As a convolutional neural network specifically designed for EEG
analysis, EEGNet identified interpretable spatial-temporal patterns in the data,
particularly in response to AV stimuli. The model achieved high classification
accuracy in distinguishing between the groups, underscoring its utility for
detecting neural patterns associated with multisensory integration in ASD, SCZ,
and control groups. Consistent with SliceTCA findings, EEGNet identified
heightened activity in parietal and occipital regions, further supporting the role
of these areas in multisensory integration. The GradCAM visualizations
revealed that both ASD and SCZ groups exhibited altered activation patterns
relative to controls, with the ASD group showing intensified activation indicative
of heightened cognitive effort. Notably, both SliceTCA and EEGNet captured
consistent neural signatures, particularly in the P100-N100 and P300 range,
associated with stimulus recognition and enhanced cognitive processing of the
sensory inputs, respectively.
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Next Steps

The next steps for this research involve improving the analysis and looking into
neural and behavioral correlations more thoroughly, building on the current
findings. First, within the AV condition, we want to find significant EEG
differences in the SliceTCA components that distinguish integrators from non-
integrators and perform a similar correlation analysis with behavioral response
data by isolating these windows. This will allow us to ascertain whether
response gains are correlated with the same ERP components, like the P300,
or if other components emerge as significant indicators.

In relation to the EEGNet model, our ongoing work includes testing all
participant groups together within a three-class classification framework (ASD,
SCZ, and neurotypical). Furthermore, we are investigating stimulus-specific
classification by differentiating between stimuli that are AV, A, and V within each
group as well as between groups. This method will assistin identifying distinct
neural responses to various sensory situations. Both the SliceTCA and EEGNet
methodology pipeline could also be applied to response-locked EEG data
instead of the stimulus-locked in this study. This analysis may shed light to
different structure, as response-locked analysis accounts for variability in
individual reaction times, allowing for a more precise examination of neural
activity related to response generation.

Lastly, to enhance the interpretability of our results, we intend to utilize
GradCAM visualizations on an individual level Our goal is to reduce the
influence of inter-subject variability and provide a more individualised
perspective on multisensory performance by visualising temporal and spatial
features for every participant. Through repeated trials, adaptive neural changes
may be revealed by this individual-level analysis, which could provide insight
into how each patrticipant's multisensory processing changes over the course
of the experiment.
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