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FOUNDATION

What is a Brain-Computer Interface?

O TheCoreConcept EEG FrequencyBands

A Brain-Computer Interface (BCI) is a direct communication pathway between the

brain and an external device. BCls measure, process, and transform brain activity
Delta(1-4 Hz)

patterns into messages or commands for interactive applications. 6 Deep sleep, healing
0 Theta (5-8 Hz)
Meditation, creativity
EEG Signals B ~lpha(8-12Hz)

Relaxed awareness

Electroencephalography (EEG) records electrical brain activity through electrodes
P g"ap y( ) I ! It ug Beta (13-30 Hz)

placed on the scalp. It captures neural oscillations across different frequency bands, g Active thinking, focus
each associated with specific brain states and cognitive functions. Gamma (31-45 Hz)
v : i
Higher cognition
@ Why It Matters
BCls enable neurorehabilitation, communication with neurological patients, control of
external devices like exoskeletons, and deeper understanding of cognitive processes 250 HZ

and brain disorders. Sampling Rate



RESEARCH OBJECTIVE

The Research Challenge

Core Research Question

Can we teach Al to classify brain states during visual perception with both highaccuracy and interpretability ?

The Accuracy Challenge Q. Thelnterpretability Challenge
Traditional machine learning models struggle to achieve consistent high Deep learning models are often "black boxes." For medical and
performance across different subjects and experimental conditions biological applications, we must understand which features influence
when classifying complex EEG patterns. classification decisions.

Overfitting Risk Subject Variability Clinical Trust Scientific Insight

L) N1 |~

Feature Importance Model Comparison Performance Metrics

Understanding what drives decisions Finding optimal architectures Evaluating classification quality



METHODOLOGY

Experimental Design & Dataset

A Experimental Setup = Dataset Characteristics
ias Participants 5
Total Data Points Frequency Bands
flr  EEG Channels 31 15,000 5
per trial 5,6,0,B, v
@ Sampling Rate 250 Hz
© Brightness Levels L [0)
Spatial Domains Datasets
© Presentation Time 60s 4
All, Left, Right Necker & Mona
Visual Stimuli
e B Brightness Intensity Scale

Necker Cube Mona Lisa D D . .
0.3 0.5 (04 1.0

Ambiguous 3D shape Da Vinci portrait
0.1



TECHNICAL APPROACH

Deep Learning Architecture

Neural Network Structure

H1

H2

H3

H4

Out

Input Layer
15,000 features

Hidden Layer1

2,500 neurons

Hidden Layer2

1,000 neurons

Hidden Layer 3

500 neurons

Hidden Layer 4

200 neurons

Output Layer

10 classes (intensities)

8 Optimization Methods Tested

RMSprop Adam

Nadam

37.5M

2.5M

10]0] ¢

100K

20K

160

AdaMax Adagrad

Activation Functions

tanh
Hyperbolic tangent (-1, 1)

RelLU
Rectified Linear Unit

Softmax

Output normalization

Total Parameters

6.8M

Adadelta SGD

FTRL



RESULTS - CASESTUDY |

Initial Results: The Overfitting Problem

: : ROC Curve Analysis
A TheWarningSign ¥
Our initial model achieved 100%accuracy on almost every dataset—a clear indicator 0.8
of overfitting. o
0.4
© Perfect Training Accuracy 0.2
Model memorized training data instead of learning patterns 0 FF
0 0.2 0.4 0.6 0.8 1

Perfect AUC = 1.0 for all intensities confirms overfitting

© No Validation Step

Missing verification on unseen data

Accuracy & Loss
©singleOptimizer

Limited exploration of optimization landscape

The Solution: Case Study | 0.2

V) S

Validation 4 Models 8 Optimizers
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Accuracy reaches 1.0 by epoch 2



RESULTS - CASESTUDY Il

Optimized Approach: Better Generalization

Model Performance by Optimizer
@ B1 (Excellent) [ B3 (Good) () B4 (Fair) ([ B2 (Poor) [ BS (Failed)

Freguency Bands
10
8
6
4
2
0
= Wiy e hh"""w N-mp& T ad Bl et e e

Key Performance Metrics

Best f1-Score Avg f1-Score

0.99 (ORCK

Adagrad, 6 freq All optimizers

Behavior Classification

. Excellent
Both train & validation normal
Validation normal, train irregular
B
Train normal, validation irregular
Both irregular

Failed

Zero accuracy

B5

Computation

38m

Avg per model

AUC Score

20.99

All models



SURPRISING DISCOVERY #1

Adagrad: The Clear Winner

® Why This Surprised Us

While Adam and RMSprop are widely popular in deep learning, Adagrad emerged as the top

performer for our EEC classification task.

Universal Compatibility

Only optimizer that worked well for both linear (ReLU) and tangent (tanh) models

No Failures

Zero B5 (failed) behavior across all models and frequency bands

Consistent Performance

Achieved B1 (excellent) behavior for most configurations

Optimizer Ranking

Performance Comparison
f1-Seore ~@- Adagrad -~ SGD - Adam -~ FTRL
L e ——
0.8
0.5
0.4
0.2
0 - - » - .
& a a B ¥

Computational Time

adam [ 660s
Adamax [ 520s
Adagrad - 4505

sco [ 28
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SURPRISING DISCOVERY #2

Brain Hemisphere Specialization

{} TheUnexpected Pattern

Different brain hemispheres showed distinctspecialization patterns in how they process visual

information.

© AllChannels & Right Hemisphere

Same intensity (0.1 for 8, 0.7 for 6, 0.6 for a) gave maximum influence for both datasets and all
frequencies

© LeftHemisphere

Intensity patterns varied significantly between datasets and frequency bands

Connectionto Known Brain Functions

@ A

Right Brain Left Brain

Intuition, creativity, spatial processing Language, logic, analytical processing

Max InfluenceIntensity by Channel

Delta (6) Band

All
0.1

Theta (8) Band

Al
0.7

Alpha (a) Band

All
0.6

Left

0.7

Left
0.9

Left
0.9

1-4 Hz
Right
0.6
5-8Hz
Right
0.6
8-12 Hz
Right
0.6

@ Insight: The right hemisphere's consistent response suggests

it plays a more dominant role in processing visual contrast

and brightness.



CSU RPRISING DISCOVERY #3>

SHAP Reveals Hidden Patterns

@_WhatSHAP Uncovered SHAP Feature Importance

Using SHAP (SHapley Additive exPlanations), we discovered specific time points

-
. - . . . T S e ——————_—_—___
and intensities have disproportionate influence on classification. e
|
[ e
=
Critical Time Point - e ———————————
]
Feature 11,406 (45.6 seconds from image presentation) had the most influence = e ———
[ e e
o —————————————
5 =
S
. . [ e
Dominant Intensity i [(———
Intensity 0.9 (Class 8) consistently influenced classification across time points i ————
F1E |
—
F20 ——
Feature Importance 0 0.02 0.04 0.06 0.08 0.1 0.12
Top 20 features showed clear temporal clustering, revealing brain's processing Top 20 most influential features
phases
Key Metrics
Why This Matters
Peak Time Top Intensity
SHAP transforms our "black box" model into an interpretable system, revealing
45.6s 0.9

which EEG features drive decisions—critical for clinical applications.



LET'S CONNECT

Open for
Collaboration

I'm excited about the potential of Al to unlock the mysteries of the human brain. This
research opens doors to better brain-computer interfaces, improved neurorehabilitation,

and deeper understanding of human perception.

L Lt iy

Neuroscience Al Research New Opportunities
Brain-computer interfaces, cognitive research, clinical Deep learning, explainable Al, signal processing Research partnerships, industry projects, academic
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Abstract: The aim agood el for brain
states during visual perception with a focus on the interpretability of the results, To achieve it

d find dataset of 31 EEG channels trials. To
process and make

interpretable we use the SHAP libary technique. We find that the best optimization method is

Adagrad and the worst one is FTRL. In addition, we find that only Adagad warks well for both

Jinear and tangent models. The results could be useful for EEG-based brain-computer interfaces

(BCIs)in part for choosing the appropriate machine learnin methods and features for the correct

wraning of the BC intelligent system.

checkfor

Keywords: decp percep

MSC: 65T09; 92820, 37M10

1. Introduction

t present, biological
AcodemicEdior Tk Yamauchi and medical data is an important and actively rescarched scientific task [1-3]. Among the

workstht ar atvel conducted n thisdirection are the anlysis of medicl images (CT
Receivc: 9 202

2 and X system 5], genomic
:;:‘P;j:‘ E«A\Vft‘:; medicine [7], dl"erent bram acnvlty neurovisualization methods [3-10], etc. Within the

e latter, of particular interest is the diagnosis of various brain conditions and pathologies
Fublishers Note MDP syt based on neuroimaging data such as a AMRI, fNIRS, MEG, and EEG [11-13]. In partic-

il and o sl ioinsin ular, machine learning methods including decp learning have found their application
Fublshd maps ol 4o process the brain signals in broad ranges, such as mental workload, disease predic-

Jatins, tion stroke pxedlclmn [14,15), classification of EEG/MEG signals [16-15], prediction of
9,20], and fnding EEG biomark 121,22, In the

e e v

Copyright: © 2022 by the authors. for brain states

and bmlog\cal \asks i the interpretability of such approaches [24-27]. Thisis important

e e ™ for the creation of various assistive medical decision support systems [25,29], when a
Aution (€ dical professional interpret

In thi o, d
o ches fo -

Mathematics 2022, 10,2819 heps/ /dokorg/ 103990 /math10152819 itps/ s mdpicom ol /mathematics
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Especially important is the interpretation of those features on the basis of which we create
a particular machine Iwmmg st o appication n biology and medicine. I the ks

patients, or the control of some i device, such as manipulators or exbskelekms,
by ity

d r
Explainable artficial intelligence (XAI) algumhms e ctrdered ool the princi-
[30]. A concep yet,

So, there is a number [31], One of them machine
learning can “the collction o fetures of , that have
p regression)” 1321, So,

asificat

he cxplaable machine leaning methods.
For an EEG-based brain-computer interface (BCT), deep mastering interpretability
can display how different factors contained in EEG affect the machine learning model
selection. For instance, Bang at al. [33] conducted analysis in comparison sample-sensible
RP) h bet e two

subjects and revelead the potential
‘one among all of them. The LRP approach is widely uilized by Sturn et al. [34] to analyze
the deep learning model designed for a motor imagery mission. They assign the elements
leading to an incorrct classfcation ofariacts of vsible interest and eye movernents,
which remain in the EEG ch: pi frontal regions. Oz 1. [35]
proposed to apply a hesite merenc approach to rescarch strong entnes o 820
hzoughout uniu subject. Thiough ntrpreting hersuls with the LRP approch, they
confirmed

options in electroencephalogram, il e affed by artifacts from bone electrodes
Cui et al. [36] used magnificence’s class activation map (CAM) method [37] to examine
character classifications of single-channel EEG alerts accumulated from a sustainably
using enterprise. They identified that the model had been discovered to reveal brain
activity pattems, such as alpha spindles and theta bursts, in addition to features that

roof to dist
and st EEG alrt. In ‘another work, Cui et al. [35] proposed a completely unique
ing gain of the
memory (1STV) NN-LSTM

for driving force drowsiness recognlton from single-chanel EEG. The same authors

currently mentioned a novel interpretation method [39] based on a combination of the

CAM approach [37] and the CNN~fixation techniques [40] for a multchannel EEG sign
f

class and discovered driver
I thod, they also analyzed the reasons
e Regardless of . itis unclear

towhat extent the results of the interpretation may depend and how they may reflect the
model’s selections. It is also not well defined in existing works why a specific interpretive
techmique ischosen above the ofher. These studies molivate us o conduct quantitative
knowledge of
models dhlgnzd or casaieation perceptunl e stted of he roup of volumarcs wang
EEG signal
Tt shouid be noed hat thecomvolutionl neursl networks NS beimg one ofthe
ost popular M in image
Gassifcation i l:mgu:ngc processing, compum iion et L1112) However, i
applicatio tobrinsgrls o chievinggood ey e  vey decp CNN, i
leads to d high ts [43,44]. At the same
time, the multilayer per(eplmna e widely v o clacsfng EEG signals and domon-
strate usually high efficiency [45,16].
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Earlier in our works,
gt forEEG/MEG-basd dassfcatonof b stats durinthe perceptionof aferont
visual s ' the subject, including ambiguous images—Necker cubes [7—49]. In par-
ticular, hewne on b h .

£by the perception
the

of
of visual images [5O3 In
example of the famous painting by Leonardo da Vine “Mona Lisa™ on nformation pro-
cessing in the brain was investigated and the coherent resonance effect and reorganization
of functional the brain 3
the lcrocncepalography dta. I the present work, e el his upeinentl daet o
classi Wealso used a similar
xperimental dotacet with FEG da on aub]e(h' perception of an nmblgunua Necker cube
with erception of an

T ths paper, we apply diffrent machine-learning methods for the cassifcation
of brain states during visual perception and focus on the interpretability of the results
rocess and make the
metiod mere nesprtable r use the SHAP' sy tech, A daa, we e 3
channel EEG \gs with a 250 Hz sampling quency bands. We

S0, f two,

activation functions and
method is adagrad and the worst one s fril In addition, we find that only adagrad works
well for both linear and tangent models. So, the contribution o the study is the following,
« Weanalyze the complex d find.
\ihich opimization method issuitable for ous datasts

Apply SHAP for estimation of the influence of different features to make the ML
‘model more interpretable;

Find the best optimizer that works well for both linear and tangent models.

e paper is organized s follows. In Sction 2, we describe the EEG datasets used
for the models of p

o
nation) and ose e with he descripronof he meurl ntwor's srcire. Secion 3

InSection 4, we compare deep learni Finally,
in Section 5, we draw the conclusions.

2. Model and Methods
2.1, Datasets Description

Our computatonsl analysis s base on the experimental neurophysilogicn dta

of images with different

contrast levels [52].
rom | = 0.1to |

0.asshown n igure 1. Allthe experimental EEG data of electric
31

brain
BE Plus LTV, by EB Neuro Ttaly. A detailed d o

the xpesiment can b found i e . 2. 06 et o bt for ot
of imags Necker cube
1F|gum \A» and the Mona Lisa painting (F|gure 1B) were considered. The u)mplsm set

formed by of the st
in Flgure TAB. A schematic illsiraion of the used experimental protocos is ehown in
Figure 2. At the start and at

01120 . Each image with intenty 1 was presented p: suh|=d for 60 Beeaen the
presentations, there was 20 s of rest. This study was conducted in accordance with the
Helsinki Declaration and was approved by the Ethics Committee of Kant Baltic Federal
University. All EEG data used for the analysis can be found in the repository [33].
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® ePeFegede;

Figure 1. (A) Necker cube with intensity variant; (B) Mona Lisa portrait Painting by Leonardo da
Vindi with £ (C) Map of 31 FEG P

10 presentations with diffe

G

ent intensities | € 0.1, 1.0]

(@) L1205 s s, e s 1205
10 prescntations withdiffrent inensiies 1 (0.1, 10]
Background
actvity
(0 L1205 @s s, @s | 4 s, 1ws
Figure 2. protocos. (a) Expy Neckercube as
Mona Lisaportrat as

22. EEG Preprocessing
performed EEG move tifacts.

After experimental registration, the EEG signals were filtered with a fourth-order Butter-

worth (1 + 100) Hz bandpass filter and a 50 Hz notch filer. In addition, an independent
(ca) formed d

Tt shiould b moted that i this sty we i o conduct any experimental studies and
only used previously recorded data that had already been cleared of artifact by the above
‘procedures and with which we did not perform any additional manipulations.

23, Research Paradigm
‘The schematic representation of the research paradigm and overall structure of the
research is presented in Figure 3
bogin our consideration with the structure of the data to be analyzed. We consider
trials of the 31-channel EEG with a duration of 1 min with a sampling rate of 250 Hz for
each of 10 brightnesses I, i, at each moment of time 1 for brightness I, a data vector

B C I o)

is registered. Here, index i = 1,2,....31 corresponds to EEG channels {Fp1, Fp2, ...O1,
02} (see Figure 1C), % isthe signal registered in the i-th channel,
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Finration

sanen g
e
e
S 1)

¥

Freparing data Preparingdara Deep learning

o Cave 1 for Cane 1 Toc a1 i

ik can daond i activaton o
e, o,

v

.

-

oval frames correspond to the input/output data for each step.

and ) ey s |

usual practice of EEG analysisis o look

ranges [54-56], Here, we use the standard EEG delta-(6 € (1, 4) H), theta-(0 (5, 8) Hz),
alpha-(a € (8, 12) Ha), beta-(§ € (13, 30) Hz), and gamma-(y € (31, 45) Hz) frequency
ranges [57] for feature extraction and performance evaluation in perceptual brain
states classification.

o obtain the data for each of the above frequency range, we reassigned the EEG,
signals (1) to the total average, subiracted the mean, and filtered with a fourth-order But-
terworth (f°, 1 filter, where f* and " the frequency
domain ofinterest [35]. For examle, for thea-range " = 8 Hz and f1! = 1211z, and we
obtained the alpha-band signal x/*. Similarly, we obtain signals x;*" for all other 5-, §-,

- frequency bands of interest.

Sowe charactrc he b e durig h sl prsption ofhe images of cach
brightness by 6 » res (1) for and.
We apply two deep 1
1 We consider thrce apata domains of eaures: ()4l HCBEG et o

e brain, (i) ; and (i) EEG
channels in the ngh!h:mup}\:k only:

We consider

for learning and g sign features

that substantally affect model learning, In the first case, learing, was based on the

above-described features with separate frequency ranges, for each of which a different

lassfcaton model was created. The input data were thetait vlues ;" and image

brightness I. The second case used a single model that combined all the features x,**"

topredict imagebrghtness L I thiscae,different dcp leinin models with various
and various

leep percept
of |m;3cc of Necker's cube and Mona Lisa p;m!mgs ‘We applied SHAP (Shapley additive
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2.4, Mathematical Model of the Decp Learning Approach
y tani for 1 d sof tmar f
the output. For a compiler, we use rmsprop as the optimizer and categorical_crossentropy
“The fanh function  is described as

$E) = 1 @
re, 2 = x 1+ by, where x; s the input layer value, b i the broadcasting value
hrough the cotumns (i), ;i the weight value for 1 & [1,L), and L isthe number
of layers
“The standard sotmaz function - is defined as

@
K nour
case, K 0 is the number of intensities I (Figure 1)
je also use rectified ) in
Imml 5xmplmlv and representational sparsity:
0 for <0,
={2 o x5 @

where ¥ is the input layer value.
Next, we will describe the optimization methods we use in the paper. Here, we use

the following general notation: 9 € R is the model parameters we need to optimize, J(6)

is the obj V= gis i

parameters , ; = 001 is the learning rale determining the size of the steps,  is the number

of step, and ¢ = 10-* is a smoothing that avoids division by zero.

241 Stochastic Gradient Descent (SGD) as Optimizer

SGD is used for parameter updates for each training set. For example, if the dataset

has " features and y" target or label values, then for each step , we have the following
update rule (59

©11 = 0 —yg(@;xyt), ©)

where

242, Root Mean Square Propagation (RMSprop) as an Optimizer

of the der one, pl pas ¢ update
Eo= pE (1= P)g, .
S ©
where Eis past squared gradients, and = 09 s the momen-
um term,

243, Adaptive Gradient Algorithm (Adagrad) as Optimizer

The adaptive gradient algorithm (Adagrad) [61] is a gradient-based optimization
technique that achieves just that: it adjusts the learning rate to the parameters, producing
more substantial updates for uncommon parameters and modest changes for frequent
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ones. As a result, it is ideal for dealing with sparse data. Dean et al. [62] discovered
that Adagrad increased the robustness of SGD and used it o train large-scale neural net-
works at Google [63], which learned to detect cats in Youtube videos [64], among other
things. In addition, Pennington et al. [65] employed Adagrad to train GloVe word embed-
d 25 than

as mentioned in Equation (7). ’

T=Teitgh
y ®
0=+ _og
! VT te &
here Iy is the sum of the s of all past d @ s the el se vector

multiplication between E; and g.

244, Extension of Adagrad (Adadelta) as Optimizer

Adadelta [66] Adagrad with “The update
rule ofthis methods i as follows [67]:

a0y = YR <
VER e ®
=000

where E[g?]; = BE[g%];1 + (1~ f)gf and E[A62], 1

8672 + (1 - p)ghy

245, Adaptive Moment Estimation (Adam) as Optimizer
laptive Moment Estimation (Adam) [65] is a method that can update parameters
such as Adadelta and RMSprop. Here, the updated rule is s follows:

O =6 i ©

-~
Viite
‘where bias-corrected moments estimate;

Pumy 1+[| ’;‘f\)x.

1
P .+<1—ﬁ~m o

where f, = 0.9.and f; = 0.999 are decay rates.

2.46. Extension to the Adaptive Movement Estimation (AdaMax) as Optimi
The o, influence in the Adam
to the £ norm of the past gradients (via the v,  term) and current gru\dnml I8l

r

o1 + (1= Pl ay

Then, we update to the £, norm with parameterization f; as 8 [65]:
= o+ (1 B2) i) )
Normsfor e p vales el become une. Howeser, s gencrlly

d behavior. That is why ‘AdaMax [68] and show that o,
th (.. converges to the more. bl value
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= BT + (1= BTl

a3
= max(Bz - o1, |g])-
Then, we obtain the AdaMax update rule:
Oy =0, Lii, a9

247 Nesterov-Accelerated Adaptive Moment Estimation (Nadam) as Optimizer

(adam (Nesterov-accelerated Adaptive Moment Estimation) [69] combines Adam
and Nesterov accelerated gradient. Combining Equations (9) and (10) and noting that
Bt 1y which can be replaced by, we obtain the Nadam update rle:

Bt
T
248, Follow the Regalrized Lesder (FTRL) a Optmizes

[70] strikes a trade-off between the advantages and disadvantages of forward-—
backward splitting (FBS) [71] and regularized dual averaging (RDA) [72]. The update rule

is as follows:
2
A (16)

1)

o) :argmm;{G‘”‘ o+ alelh + 2103+ 3 ¥ oo
=1

where GI14 is th In FIRL, the learning
for different dimensions. I the trining data deem that the dimension i needs to take a
wider step i learning rate updates:

Fot o ‘,a,(h £ ,‘,)z) .

Here, a and § are a non-negative and non-decreasing sequence, and A is the learn-
ing rate.

2.5 SHAP (SHapley Additice exPlanations) for Feature Importance Estimation
Current explicable machine leaming such as SHAP [73] supported the stochastic
game [74] for a proof of model predictions. The Shapley value comes from caoperative
theory of games, as an example, Shapley regression values [75] or Shapley sampling
values [76]. Shapley regression values are feature importances for linear models within
el fitting for all attribute

the

P
subsels §

€ F.Every receive a gain that
f

for butea &

the 2 modelsaecompared o thepresent xample 5, whereer U o) denotesthe vales

the set SU {a}. To the influence of all

all:‘n’mhve attributes,the variations are computed for each set S C F ( }. The ultimate.
» via a weighted

W[/w)(mm) ~ fs(xs)] as)

26. Case Study
implement two case studies shown in Table 1. In the first study, we obtained the.
maximum accuracy, which is 100% for almost every dataset that indicates an overfitting
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problem. So, we introduced a second method that has a data verification step and multiple
model optimizers. Here, the equations for estimating the result:
True Positive.
Precon = A Fasitive + Falke Posfioe g
True Positive.

Rectll = e Posioe + False Negatioe

(20)

Precision x Recall
A=2x Precision + Recall @

‘Table 1. Description of case study.

Participant Based _ Validation Focus Point Model Number _ Optimizer
Case Study | Yes No Precision; Equation (19) Single Single
Case Study I No Yes fl-score; Equation (21) Multiple Multiple

26.1. Case Study |
First, we ANN with 242)
a tl

and able 2.

sponds to the number of features (15,000), and the number of output connections is equal
o the number
connections between the layers. For example, for the input and first hidden layer, it is
defined as (15,000 + 1) x 2500 = 37,502,500, where “+1” s the additional channel for the
intensity. The exception is the number of the parameters for the output layer: (15 + 1) x
(10+1) = 176, Using this model, we obtain 100% accuracy for both datasets

in Tabl

Table 2. Decp ase Study | to the number
of connections between the layers.

Layer Shape Parameters ‘Activation Function
Input
Hidden layer 1

tank : Equation (2)

Hidden layer 6 5050
Hidden layer 7 1275
Hidden layer 8 390
Output 176 Softmax - Equation (3)

26.2. Case Study 11

Next, we use the models with verification, different activation functions and optimiz-
ers. As validation, we default to the validation built in the Keras Sequential model: we
choose 10% of he data on which loss and any model
metrics at the end of each epoch. The model is not trained o these data. These data are
only used for tuning hyper-parameters to make the model eligible for working well on
unknown data.

‘We consider four models, which differ from cach other in activation function: tanh,
relu or their combi inTable 3. The layers

Casel.So, Is0 th

but without an exception for the output layer: (15 + 1) 10 = 160,
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Table . U se Study 1L descrbed
by Baaton (1), ta_Equation 2 sofimax._Faquatin ).

‘Activation Function

Layer Shape  Param
Model1_Model2 Model3  Model 4
Input 15,000 - tanh relu relu tanh
Hiddenlayer 1 2500 37502500 tanh relu tanh relu
Hiddenlayer2 1000 2501000 tanh relu relu tanh
Hiddenlayer3 500 500500 tanh relu tanh relu
Hiddenlayerd 200 100200 tanh relu relu tanh
Hiddenlayer5 100 20100 tanh relu tanh relu
Hidden layer 6 50 5050 tanh relu relu tanh
Hidden layer 7 1275 tanh relu tanh relu
Hidden layer 8 15 3% tanh relu relu tanh
Output 10 160 softmax

263, Computing System
‘The configuration of the computing system we used to perform ML follows:
« RAM: 503 GB;
+ CPU: Tntel(R) Xeon(R) CPU E5-2698 v4 @ 220 GHz;
+ 05: Ubuntu 18,045 LTS 64 bit

« GPU: NULL.
3. Results
Inthe paper, P tiv
y (brightness I of the image which
bserved by which

the Necker cube and Mona Lisa portrait were used as mages,respectvely. Each dataset
incude 5 articlpant, 31 EEG channel, 10 nensite, an 15000 data points forcach of

them. s presented in more detail
Weimplement twocasesudie sing iferent neurs netvorks ich e described
goal 10 intensitis. Each of

hem s decrbed belo

31, Case Smdyl
iy, we decided to divide our dataset by frequency bands: 8,0, &, §,and 7 [77].
e divited o s et parts based on EEG channels: i) All channels, (i) Chan-
nels from left hemisphere, (i) Channels from right hemisphere, and we use the model
shown in Table 2 on all of them [77]. The results of classification are shown in Tables ¢

d 5 regarding the Mona Lisa and Necker cube datasets, respectively. The results of
classification for both datasets are presented in Tables 4 and 5. Here and further, the first
value for each “cell” (intersection of channels, participant and frequency band)is accuracy
defined by Equation (19) (* means 100%), and the second one is the inensity which gives
the influence, we use SHAP
(SHapley Additive exPlanations) as described in Section 2.5. In tables, we show only
the intensity with maximum influence, but SHAP allows estimating the influence of all
intensities  for each time point. An example is shown in Figure A1 in Appendix A.

To estimate the quality of the DL model, we plot ROC, accuracy and loss curves.

‘The ROC curves for allintensities are shown in Figure 4a. This plot is typical for every
subset we investigated in Case Study I: AUC = 1.0 for every intensity, frequency range and
dataset. Figure 5a ilustrates the dependencies of accuracy and loss on every epoch. As one
can see, the accuracy reaches 1.0 on the second epoch already, while the loss exponentially
decreases with each increasing epoch.
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fo = Ao ame s 2o = RO v o e 10
 Rok v of o 1 = 100 5 ok a8
@ raeris ® e
Figure 4. ROC plotsfor 3) Case | and (b) Case I, Model 1, Nadam optimizer. The dataset for both
plotsis Mona Lisa,all channels,a frequency: Class [1-10] for () and 0-9] for (b) corresponds to
intensity is equa to [0.1-1.0,respectively
model acuracy
as
]
Fos
HE
a0 —
@ @ % s 7 o @ Eo s
model accuracy model o=
z
Fom
H
0
w6 L
o

Figure . (a) Accuracy and loss plot for Case | and (b) Accuracy and (c) Loss for train and validation
processes for Case Il d frequency, Model 1, Adam optimizer.

Using this model, we obtained the maximum accuracy, which is 100% for almost every
dataset that indicates an overfitting problem. So, we introduce the second method, which
hasa data verification step and multiple model optimizers.

The computation time for Case Iis 155162 s per model (1 dataset, 1 frequency) for
all EEG channels and 74 to 82 5 per model for the EEG channels from only the left or
right hemisphere.
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Table 4. The results of classfication by the decp learning model for Case Study I for Mona Lisa

dataset when we use (first row) all EEG channels, (second row) the channels from only the left

hemisphere of the b

the right one.
“cell” (intersection of channels, participant and frequency band) is accuracy (* means 100%), and the

Channels Participant & [l « B B
1 SO0 1 cl01 9swlol 970l
2 G010 01 (101 98%I01  95%I01
All EEG channels 3 101 98%I101  98%I01  94%I10.1»  90%I01
4 97%I101 97%(01  9%I01  98%I01  89%I01
5 (0100 92%I01 92%I01  92%I01
1 $07 107 *I06  97%105  97%108
2 “07 07 0. *l09  *lo7
Channels from left brain hemisphere 3 107 97%109  97%I04  94%[09  94%I01
1 F07 102 %109 97%I09  94% 108
5 (07 07 9T%I09  *107  *109
1 “106 109 97%I106  *106 %108
2 “06 06 10 106 93%I06
Channels from right brain hemisphere 3 (06 106 *l06  *106 %08
1 “06 106 *106  97%I06  97%I06
5 (106 105 97%I05  97%I0s  90%I06
eans T07% Accoray.
Table 5. by deep odelfor Case Study |
of the brain, ly “eell” s
accuracy (* means 100%), and y which
the classfication.
Channels Participant & 0 « 5 v
1 “lod 01 f01 o1 97%lol
2 G010 (101 tT01 ol 98%iol
Al EEG channels 3 *101 98%101 98%101  90%101
N +01 97%102 97%102 98%I01  *lo1
5 “odvl01 9awl02 o1 97%lod
1 “lo7  *07  *107 107 91%l01
2 “107  *108 103 <09 *108
Channels from left brain hemisphere 3 G0 104 97%I09 97%107  91%105
4 *109 97%I04 109 97%I04  *109
5 +07  *107 109 *l09 *109
1 *106  97%102 97%106 105 90%I106
2 106 *106  *106  97%I06
Channels from right brain hemisphere 3 06 97%I106  *106  97%I08  90%106
4 (01 97%106  *106 ‘106 *106
5 97%106 97%106  86%102  93%106

“Nicans T00% Accuracy:

3.2, Case Study 11

As it was mentioned above, using the first model for cl

sification of the image's

intensity has an overfitting problem. To avoid it, we add data validation to our deep

ddition,

) instead of precision,
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asit was for model 1. distribute
all the classifier’s values, which cannot be done by using precision ‘Suppore orcxample
that only 6 of 10 intensities were classified. Precision will work with only those 6 classified
intensities, while th f-score wil el 10of thm.

se Study II, we use Table 3) with two
activat d relu) heck which model will (linear or
tangent). We also how they perform for

‘The SHAP's library technique [75] gives the proper explanation of the classification result
of any deep learning model [77,75], So, we can easily identify intensity with a maximum
influence on classification (shown in Figure A1)

‘The ROC curves for all intensities are shown in Figure 4b for nadam optimizer.
‘The curves are slightly different from the ones for Case I: not all AUC are equal to 10,
bt all of them rehighe hen 099, Asone can s TPR s ower then 10 for v FPR

the , which
indicats the high quality ot e e o rte that th lstaied ROC pok
plots. So, in every case,

we have AUC 5 0.99.
We esimatethe accuracy and lossof the model durin trsinin and vlidaton pro-

Asone growing
and reaches its aimam value of 10057, respectivly for he 100 tpuch Loss,
in fowever, for

vzhd:mon Hdecrsses up 002 v then slowly increases.
represents the normal dependencies of them for cach epoch, which are

expected o be bisined. However, in some cass thy could dife rom it instead of the
f afterit.

‘A cxampl of such |mgu|ar behavior is shown in Figure b
sed on that, we define five behavior activities for estimation of the applicability
of the model to the dataset. The description is provided in Table 6. We compare the
dependencies of accuracy and loss on the epoch to the normal ones (Figure 6a) during
train during th

or only e of them has iregular behavior (B3, Bi). In adition, we introduce B5 behavior
for the case of zero accuracy. So, Bl is the best behavior while B i the worst.

Figure . (2) Normal and (b)irregular dependencies of accuracy and loss on epoch.

As bove, in Case Study I,
optimizers for image intensity classification by EEG signals filtered in five frequency
bands. For each of them, we estimate behavior (Table 6), fl-score (Equation (21)), and the
intensity with maximal influence. The computation time for Case I1 depends strongly on
the activation function and optimization metho; it varies from 285 to 6359 s per model.
The average computational time for Case I8 is 2274 s. I the next subsections, we describe
the results for each optimizer method.
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Table 6. Behavior activty for estimation of the applicability of the model to the dataset for Case.

Study 11N vs. p NN
), means
Model Accuracy Loss Validation Accuracy Loss Behavior
N N B
NN NN B2
NN N B3
N NN B4
- - B5

32.1. Root Mean Square Propagation (rmsprop)

First, we us

root mean square propagation (msprop) as the optimizer. Table 7 show;
the reult of ;ppllulmn of the models with rmsprop for classification. As one can see,

quuency b:mds

Iy, for both datasets. Other

and five

(f1-score > 0.9) and excellent (B1) and good (B4) behavior. Note that most fltquennes for
both datasets have the same behavior for madels 1 and 4.

Table 7.
Model Dataset _Behavior _Frequency Fi-Score Intensity
Mona Lisa u ¢ o7 02
odel1 § Bi  safy 097,099,095,087  02,04,1,09
odel B 3 02,0
Necker Cube B 099,097,093 02,0601
B 098 05
Mona Lisa B2 027 08
Model 2 L - .
fodel B 02 08
Necker Cube B 025 09
B5 . -
Mona Lisa 3
Model3  Necker Cube B Sbapy - B
Mona Lisa " 0 o
» Bi 58p7 09709509509 08050402
Model 4 :
Necker Cube

3 098
Bi Gy 09909509509

08
07,01,06,07

o graph shn i Figare

322, Adaptive Moment Estimation (Adam)

xt, we use Adaptive Moment Estimation (adam) as an optimizer. Table & shows
the results of application of the models with Adam for classification. As for the previous

ly, for both datasets. Other

optimizer, models 2 and 3 do not perform wel since they cannat classify intensity for
i

accuracy in the [0.83 0.99] range and excellent (B1) and good (B4) behavior. Note that the

maximal fl-score is achieved for § frequency in every dataset.
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‘Table 8. The results of using the models with Adam optimizer for intensity classificatio.

Model Dataset_Behavior _Frequency Fi-Score Tntensity
Nona Lisa Bi 00y 099,095,09,093,08 07,011,021
Model 1 b1 0y 096,086 05,05
Necker Cube s 098,057,09  02,02,06
B 5 02 03

Mona Lisa 2
Model 2 B a0y - !
Necker Cube [ - -

Mona Lisa N
Model3  Mone Hea B 68y - -
Bt e 095,097 06,02
Mona Lisa B ] 091 03
Model 4 B a7 097,09 07,08
. Bl o 036 01
Necker Cube B s 099,097,090 06,1,01,02

323, Nesterov-Accelerated Adaptive Moment Estimation (Nadam)
Nad:

Then, we use
mizer. Table 9 shows the results of application the models with Nadam for classification.
Again, models 2 and 3 do not perform well since they cannot classify intensity for four and
five frequency bands, respectively, for both datasets. Other models demonstrate accuracy
in [0.84 0.99] range as well as excellent (B1) and good (B4) behavior.

Table s, clasification
Model Dataset_Behavior _Frequency i-Score Tntensity
Mona Lisa | :
Modet1 o b BE 507 099,095093,08 0902061
Necker Cube Bi 5.0,0,6,7 099,057,095, 094,081 _04,04,04,07,02
3 ¥ o 05
Mona Lisa B atay - .
Model2 B 0 057 T
Necker Cube B o 095 08
B b - .
Mona Lisa
Model3  Monabia B 6T -
B e 3
Mona Lisa B epy 099,097,086 04,0401
Model 4 B 097,050 02
Necker Cube B 0By 097,091,058 03,02,03

324 Extension to the Adaptive Movement Estimation (AdaMax)

‘The next optimizer we use is AdaMax, which s an extension to the Adaptive Move-

t Estimat e 10 shows of the models with AdaMax for
classification. Comparing to all previous optimizers, AdaMax performs well for almost
every frequency and model (except for model 2, which demonstrates BS behavior for 8 and
@ frequencies). The aceuracy for models 1, 3 and 4 are higher then 0.88. Moreover, model
1 for the Mona Lisa dataset demonstrates B behavior for all frequencies. The fl-score
for model 4, the Mona Lisa dataset, and the 4 frequency is 1.0 So, we need to introduce
chaos [80] and dilution [51] to solve this problem for future work.




Mathenatics 202,10, 2819 Toor2s
Table 10. classfication.
Model Dataset_Behavior _Frequency FScore Intensity
Nona Lisa Bl G,6,0f,7 0%9,097,09,097,090 02,07,03,03,01
Model 1~ Bl 36 098,095 08,06
B wpy 096,093,091 04,0202
B2 0nap 096,038,094 09,06,04
Mona Lisa BY 7 083 08
Model 2 B s
s cube B wp 095,093,09 03,0205
Necker Cub b 4 ’ :
o L Bl fapr 098,096,096 02,0602
Moty et Bi by 099,088 07,02
T ke Cabe Bl 06ap 095099095099 09,08,0401
BY b 088 08
Mo L b1 o 098,097 9,02
B 6By 1,097,089 05,07,06
Model § o 5 "
Necker Cube B apy 096,096,091 07,0802

325 Adaphve Gradient Algorithm (adagrad)

T Table 11 shows,
e esuls of application the el with adagead for lassication. This algnmhm does
not demonstrate B behavior for any model. Moreover, all the models except model
demorstrte 1 behavior One ca se,that sing lover requency band give higher
‘There are also 100% accuracy for § frequency, Necker cube dataset, model 1 and 3.
Soreneed o modce hacs 50 and dilution [$1] to solve this problem for future work.

‘Table 11. The resuls of using the models with adagrad optimizer for intensity clasification.

Model Dataset_Behavior _Frequency 1Score Tntensity
Mona Lisa 055,097,095, 091,08 0.1,09,06,1,06
Model 1 Bl G0 py s B
Necker Cube 1,096,093,085,086_06,05,09,04,04

B 095,095,08 02,0209

gy s o 00
O e cote B 096,094,092 02,0201
fecker Cube [ 075,08 03,02

Mora Lisa 035,097,096, 089,086 _05,07,03,06,09
Model 3 Bl 50wy o DD DO D700 D007
Necker Cube 1,095,095, 085,088 05,01,1,07,1

oas | Moma Ui o se 095,095,096, 086,08 _05,06,06,06,03
I Necker Cube SO0 56, 095,095,09,084_03,08,01,03,09

326. Extension of Adagrad (adadelta)

Next, we use the extension of Adagrad (Adadelta) as an optimizer, Table 12 shows the
results of application of the models with Adagrad for classification. Although most models
demonstate B1 behavior, the fLscoreis very ow for many of them, and i some cases, it is
close to zero. So, using the not perform
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Table 12 dadel
Nodel Dataset Frequency FiScore Tntensity
Mona Lisa 03
Model 1 B eaby 5 -
Necker Cube 051,051,053,03,097_05,04,09,03,05
Mona Lisa 075,059,0.76,066,076_06,04,03,04,07

Model 2 BL g0py 7209 076,066,076 0604040407
Necker Cube 053,065,045,055,072__05,01,1,08,05
Bl a6py  017,02500,015 05060306
Mona Lisa o 4 > !
Model 3 Bl 4,6, 007,019, 0.15,021 07,1,06,1
Necker Cube o f 019,015,021 /1,061
Mona L 5,011,01,00,018__06,05,09,1,01

Model 4 Bl S00py —ao QL OB 0N 069305401
Necker Cube. 032011014003015_07,02,09,02,01

327. Stochastic Gradient Descent (SGD)

Then, we use stochastic gradient descent (SGD) as an optimizer. Table 13 shows the

results of application the models with SGD for classifcation. With this optimizer, models 1

and 4 start and end with tanh) work perectfor both datasets because they demonstrate

L behavirand high sccrcy fo alequencien. Mol 3 has g suls o slmost
B

allf 1 ‘behavior and does not
perform well
Table 13, y
Model Dataset_Behavior _Frequency fScore Intensity
oy Mot o e 057,099,099,097,089_08,08,02,01,02
4! Necker cube 40P 55, 096,096,091,088_02,05,04,02,08
B g 07 07
Mona Lisa B2 7 092 02
Model 2 B oup - .
B2 B 019,058 04,01
Necker cube B !
Bl Gy 096,1,096,091
Mona Lisa o it 025
Model3 Bl WP 1,099,09%
Necker cube B2 § oa1
Bi v 9
oders | Momalie 1 bomgy _DTOPL09.0%,09
041 Necker cube 0P 57,095,096,095,09

328, Follow The Regularized Leader (FTRL)
Finlly e us th ollow the regulriaedlsder (TR algorith o ptimizato

Only using the & ln:quancy vond for e 3 ives good resulis
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Table 14, FTRL opt clasifcation
Model Dataset __ Behavior _ Signal _ fi-5core  Max Influence
Mona Lisa
Model 1,34 (IGRES B soapy - -
Bl B 098 1
Mona Lisa B 6.up7 - -
Model2 Bl 3 098 07
Neckercube b ? "

4. Comparison of the Methods
41, Case Study

As we know, right brain specialization is intuition and creativity while left brain
specialization is language [52]. We found that using channels from different parts of the
brain and filtering EEG signals in q
process. Table 15
process for ll participants in Case Study 1. As one can see, when we use all EEG channels
or the ones from the right brain hemisphere, the same intensity gives the maximal influence
forboth d d while for for datasets
and frequencies.

Table 15. The intensity which gives the maximal influence on the classification process for all
participants in Case Study I

Frequency
o« P

01 01 01 01 01

Channel Dataset

Mona Lisa
Necker cube
MonaLisa 07 07 09 09
Neckercube 07 0.4 09 09107 09
Mona Lisa
Necker cube

Al EEG channels.

Channels from left brain hemisphere

Channels from right brain hemisphere 06 06 06 06 06

42, Case Study Il

In Case Study I, we focus on difference keras [§3] optimizers. As we mention in
Table 6, we assign five behaviors. In this table, we omitted BS behavior because it does
Rot produce any output. The best behavior s BI, because both models have performed
as.a proper one. The next best one is the B3, because here, the validation performs good.
‘The next best one will be B4, because its validation fails to perform well. So, the behavior
activity from good to bad s Bl > B3 > B4 > B2,

‘Table 16 shows that the most frequent behavior of the RMSprop, Adam, Nadam,
and AdaMax optimizers is B4, while for AdaMay, Adagrad, and SGD, itis B1. In our
model, Bl is much better than B4. So, we can say that Adagrad is the best optimizer to use.
Table 16 also gives information about which optimizer s suitable for which model. This
table gives us a simple overview about linear and tangent models.

Another criterion we use for comparison of the model i the computational time (CT).
Figure 7 illustrates the CT for all the models and optimizers which we have used in our
research within Case Study Il for 4 frequency and the case of using all EEG channels.
The lower the computational time of the machine learning method, the easier to use it

erent
models. The greatest difference was demonstrated by the Nadam optimization method
(marked by brown color): more then 60005 for models 1 and 3, 3500 for model 2 and
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25005 for model 4; and RMSprop (pink): almost 40005 for model 1 and around 20005 for
models 1, 3and 4. The CT for Adadelta (blue), Adagrad (orange), AdaMax (red), and FTRL
(violet) optimizers does not differ from one model t

optimizer is the highest for each model, so it is the most ineffective method among the
others. In the opposite, the SGD optimization method (gray) requires the lowest CT for
models 1-3, but for model 4, the most effective method is Adam (green).

nother. The CT for the Nadam

‘Table 16. Comparabiliy within two datasets based on behavior and optimizer. Here, the cell value s

equency
tothe behavior in brackets. B1 /B2/B3/B4 are defined in Table 6.

Behavior
Optimizer  Dataset - = T
MonaLisa  6(1),a(2) - - 02),B(2)7(2),x(1),001)
RMSProp Necker cube  6(2);a(1) - - 8(2),(1),BR) v(1)
Ad: MonaLisa  0(1),a(1) B(1) - 8(2),001),a(1), B(1),7(2)
am Necker cube  (2),7(1) - - 1)), 62) (1)
MonaLisa  a(2),8(1) - 4(1),6(2), B(2), 7(2)
Nadam — Necker cube _5(2),a(1) (1; 0(3),a(1),f(2), 7(2)
aMax  Monalisa  5(1),6(3), (x),mz; (1 m 1.B) /ﬂi (3)
AdaM, Necker cube  5(2),6(3),(2), (1 2260014
Adagrad  MonalLisa  5(4),0(4),a(3),6(3),7(4) - - u(l ,ﬂﬂ)
® Necker cube 6(4), 8(4),x(4), B(3), m - - WA
MonaLisa  (2),7(2) - -
Adadelta Necker cube 5(1),7(1) - -
saD MonaLisa  8(3),0(3),a(3),(3),7(3) (1)
Necker cube 6(2),8(3),a(3), 8(3),7(2) - ()
MonaLisa (1) - -
FIRL Necker cube  5(1) - - -
Computations!time
Figure 7. C . orange, green,

red, violet, brown, pink, gray) for Case Il & frequency, all EEG channls.

. recall, fl-score, and

the models, we

specificity. Figure 5 llustrates the measures for all the models and optimizers. A good
model should demonstrate precision, recall and f1-score values close to 1 and specifiity
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value close to 0 1 FIRL P very high
precision for model 1 and 3, and also all except FTRL and Adadelta have high recall and
score 50, based Tand

3 with Adagrad, Adam, AdaMax, Nadam, RM: d SGD optimization functions are
better than the others.
e
e sty

T e T e
Figuress. d @ sp asell,§
frequency; all EEG channels

Tl 17 demonsn i d m

kand i EEG studics aimed at brain
S 01 the lsicnl SYM clasifer s wed t sty EEG involing bioogial
it reached of 52

Infes) the RNNA i o clasiication of EEG data evoled by vm\.\l
was achieved. In;

ore, used not on\y EE I

Bt aso the oriinal images. Inour sty we use only EEG signals, and 31 channls o

enough to achieve el 1 over all fre the
el ted in Ref. [57]

ly whichisa
our result. Overall, our model demonstrates a good ability to classify the EEG signals.

Table 17, Comparison with the existing studies.

Sy Yo _Aim Signals Algorithm Accuny %

Bl Rl D5 it s and 250 BEG channls SN 7
ammals by

Spampinato C ol (5] 2017 Clfeston E5G o cvoked by vl e timll 129G chaels RN b ol 54

Parckh,Vetal [9] 2017 Image annotaton system TAEEG channels EEG-Net

eng, X, ol [56] Image clssifcation by analyzng 128 FEG hannels LSTMS 694
imagesand EEG sgrls +images

Ku, A etal 51] 21 Ambiguons sl dasitcaion 31EEG channes NN n

Current sy 022 Chocintonofthe g LG channels MLP adagrad 929

optimizer

5. Conclusions

We have applied different machine-Jarning methods for thecasiication of brain
ata, we us dy
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Mona Lisaand ges. In
CaseStudy p learning model  tanh activation function,
and the m;pmp optimizer. Using this model, we obtained e o accuracy which
100% for almost every dataset that indicates an overfitting problem. To estimate the
influence of different features on the classification process and make the method more
interpretable, we use the SHAP's library technique.
q

To avoi P o second method
(Case Study I, Hem, weused

h orks

beter (linear or tangent). We also used dliieren!opumuen m eheck b hey pestorm for

We found that performs well

In contrast, the FTRL atall. The list

of optimizers from best o worstis: Adagrad > SGD > AdaMax > Adadelta > Nadam >
RMSprop > Adam > FIRL. In addition, we found that only Adagrad works well for both
linear and tangent modiels.
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Abbreviations
The following abbreviations are used in this manuscript:

EEG Electroencephalography

BCI Brain-Computer Interface

Tanh  Hyperbolic Tangent

ReLU  Rectifid Lincar

NAG  Nesterov-accelerated gradient
Class Activation Mappiny

RMSprop  Root Mean Square Propagation
Adaptive Moment Esti

Nadam  Nesterov-accelerated Adaptive Moment Fstimation
Extension to the Adaptive Movement Estimation
Adagrad  Adaptive gradient algorithm.

®
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Adadelta  extension of Adagrad
SGD  Stochastic gradient descent
FIRL  Follow The Regularized Leader

CNN Convolutional Neural Netwrk
LRP Layer-wise Relevance Propagation
FBS Forward-Backward Splitting

LSTM  Long Short-Term Memory
RD; Regularized Dual Averaging
SHAP  SHapley Additive exPlanations

Appendix A. Application of SHAP for Feature Importance Estimation

To estimate the features, we (SHapley -
h Figure AL Here, class N T=01x (N+1). Asone
feature 11, 11 from

influence on In additi intensity (Class §)
influences the most for each time point.

monSHAD vatun) (weraa mpact o madel sutput magnde)

bySHAP.

Figure AL P
Hre, Class N corresponds to the intensity I = 0.1 x (N +1). Feature F corresponds to the time
F/250' from the beginning of image presentation
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