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ABSTRACT

Aim: The Stroop task, specifically related to semantic conflict processing, is one of the most common
cognitive tests examining executive functions. This study aimed to investigate neural correlates of the Stroop
interference effect by means of simultaneous electroencephalography (EEG) and functional near infrared
spectroscopy (fNIRS) measurements using a machine learning approach.

Methods: A total of forty-five healthy male university students were included in the study. We measured brain
activation with EEG/fNIRS systems during the color-word matching Stroop task. Linear and non-linear
dynamics of EEG were computed over five frequency sub-bands. fNIRS analysis was conducted with a general
linear model. We combined features from both modalities and employed the Multilayer Perceptron (MLP)
algorithm to classify incongruent and neutral trials. The Stroop effect in the subregions of the prefrontal cortex
was also investigated using statistical analyses.

Results: The results indicated that brain activation due to Stroop interference increased with incongruent
stimuli, particularly in the right dorsolateral prefrontal cortex. The Stroop effect was associated with the fractal
dimension and power spectral density of EEG. There was a significantly longer reaction time and more task
error with incongruent stimuli than neutral trials. MLP classified incongruent and neutral trials with an
accuracy rate of 73.3%.

Conclusions: This study is the first to examine the Stroop effect using a multimodal EEG/fNIRS system and
machine learning approach. Our study revealed that a hybrid EEG/fNIRS system is an effective neuroimaging
tool to study neural correlates of Stroop interference. These findings could be used in future neurological and
psychiatric research.
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1. Introduction

The executive functions of the brain include
high-order cognitive processes such as planning,
decision-making, and attentional control, which
regulates thoughts and behaviors [1, 2]. The
regulation of executive functions within the
context of cognitive processes is called cognitive
control. Therefore, observing different cognitive
processes enhances our comprehension and
insight into brain functions. Cognitive control
can be observed more clearly in situations where
the brain needs to respond more prominently to
one stimulus over others [3, 4].

There have been various cognitive tests to
evaluate executive functions. Stroop task has
been referred to as a gold standard for identifying
selective attention and inhibition, and it is
commonly used for experimental and clinical
purposes. The classic Stroop task, developed by
J. R. Stroop in 1935, is based on the color-word
conflict [5]. The Stroop effect arises from this
conflict and reflects the extra effort exerted by
the brain when the color of a word does not match
the color it represents [6, 7]. The classic Stroop
test includes three main types of stimuli:
congruent, incongruent, and neutral stimuli. In
congruent stimuli, the words are written in the
color they represent, while in incongruent
stimuli, the word is written in a color different
from its meaning (e.g., the word "RED" written
in yellow). Neutral stimuli do not semantically
convey either conflicting or matching conditions.
The distinction between the brain's response to
incongruent stimuli and neutral stimuli is
referred to the Stroop interference effect [8, 9].
The Stroop effect is prominently observed
through differences in reaction time (RT) across
diverse types of stimuli. RT refers to the duration
between the presentation of a stimulus and the
subject’s response. One of the more consistent
findings in Stroop effect research is that reaction

times to incongruent stimuli are typically longer
compared to those for congruent or neutral
stimuli, attributed to the interference effect [10].
In this study we examined reaction times for each
stimulus and computed task errors to analyze
behavioral data.

effect has been

investigated in various neuroimaging studies,

Stroop  interference
including magnetoencephalography (MEG) [11],
functional magnetic resonance imaging (fMRI)
[12], positron emission tomography (PET) [13],
it has been associated with various
[10, 14-17].
Electroencephalography (EEG), known for its

and
measurements

high temporal resolution, has been widely used
to investigate brain dynamics during the Stroop
test [18, 19]. The Stroop effect was associated
with increased theta activity [15] and decreased
P3 and N4 amplitude. Recently Sobhani et al.
[20] highlighted the importance of nonlinear
EEG features alongside linear features when
investigating the Stroop effect. They reported
increased fractal dimension (FD) and entropy
values, especially in the occipital region, during
the Stroop task compared to the resting state.

In addition to electrophysiological methods,
hemodynamic changes of the brain are also
widely investigated to identify neural correlates
of the Stroop effect. Recently, Smith et al. [12]
demonstrated the association between brain
activity and behavioral performance during the
Stroop task with fMRI. A meta-analysis of fMRI
studies conducted with the Stoop task revealed
increased brain activation due to Stroop effect
especially in frontal areas [21]. Similar to fMRI,
functional near-infrared spectroscopy (fNIRS) is
a non-invasive optical technique that detects
neural activity through changes in blood flow.
The key difference is that fNIRS is more cost-
effective and portable, allowing it to be used as a
wearable device. fNIRS has been utilized widely
to assess cognitive function over the last two
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decades [22]. This method measures the level of
oxygenation in the brain based on hemodynamic
changes [23]. Several fNIRS studies conducted
on healthy adults have demonstrated increased
activation, particularly in the prefrontal region,
when presented with incongruent stimuli
compared to neutral stimuli [8, 24].

the

neuroimaging techniques has been commonly

In recent years, integration  of
employed to provide comprehensive information
[25]. Li et al. [26] measured brain activation
using a wearable system that integrates EEG and
fNIRS techniques. Chen et al. [27] collected EEG
and fNIRS data while participants performed the
Stroop task to investigate the neural correlates of
attention and decision-making processes. Their
findings revealed a significant decrease in neural
activation in response to incongruent stimuli,
offering valuable insights into the neural
mechanisms underlying cognitive conflict. This
current study combined EEG and fNIRS
modalities to investigate the Stroop effect. Linear
and nonlinear brain dynamics of EEG and
hemodynamic features derived from fNIRS were
combined, and selected features were applied to
the MLP algorithm to provide an objective,
comprehensive approach to investigating the
Stroop effect. MLP is a supervised learning
that

enabling it to

algorithm uses nonlinear activation

functions, learn complex
relationships within the data. This is the first
study to examine the Stroop effect using a
multimodal EEG/fNIRS system and machine

learning approach.

2. Materials and metods

2.1. Participants
students
between 18-23 years, with a mean age of 20.98

Forty-five healthy male aged
(+1.59) were included in the study. Participants

underwent a clinical evaluation by a specialized

psychiatrist. All participants were native Turkish
speakers, had normal hearing and normal or
corrected-to-normal visual functions, had no
history of neurological or psychiatric disorders,
and were right-handed. The ethical protocols
were per the Helsinki Declaration and were
approved by Erciyes University Clinical
Research Ethics Committee with the number
2023/65. Informed consent was obtained from all
subjects before enrollment.

2.2. Procedure

The data was collected in a Faraday-cage
designed for recording physiological signals at
the

Application Center

Clinical Engineering Research and

of Erciyes University.
Participants were seated in comfortably chairs,
positioned 130 cm away from the computer
screen. Participants were instructed to keep their
eyes open, not move, and press response buttons
when they encounter specified event. Data
collection was begun after participants became
familiar with the task. EEG and fNIRS data were
recorded simultaneously. Behavioral data were
automatically recorded via a setup designed
using Arduino.

In this study, the classic Stroop task was
employed and measurements were conducted
during congruent, incongruent, and neutral trials
[5, 28]. Since all participants were native Turkish
speakers, the Turkish version of the Stroop task
was utilized. In Turkish, "KIRMIZI" means red,
"SARI" means yellow, "MAVI" means blue, and
"YESIL" means green, and the Stroop task was
administered based on these four colors [29].
During the Stroop task, as seen in Figure 1, two
rows of letters appeared on a black screen and
participants were asked to respond to the trials by
pressing buttons in their right and left hands. In
congruent stimuli the color matched with the
word's, meaning while in incongruent stimuli, the
color name contradicted the word's color. In
neutral stimuli consisted of “XXXX"” printed in
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Neutral Incongruent

KIRMIZI
MAVi

Figure 1. Examples of trials for the neutral and incongruent stimuli of the Stroop color-word task.
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Figure 2. The flowchart of the study.
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assorted colors in the top row, with color words
presented in the bottom row. If the color of the
top statement matched the color name in the
bottom statement, it was labeled as "Yes-
response" and the participants were asked to
press right button in that case; otherwise, it was
labeled as "No-response", and the participants
were instructed to press the left button. A total of
150
incongruent,

stimuli comprising 50 congruent, 50

and 50 neutral stimuli were
presented in a random order with an inter-
stimulus interval of 1650 ms. the study was
proceeded on incongruent and neutral stimuli
response to investigate Stroop interference
effect. The flowchart of the study is presented in
Figure 2. Details of each step are presented in the
following sections.

2.3. Data Acquisition

2.3.1. EEG data acquisition:
The EEG signals were recorded using the
EBNeuro BE-Light 36 EEG device. Signals from
17 channels (F7, F3, Fz, F4, F8, T3, C3, Cz, C4,
T4, TS5, P3, Pz, P4, T6, Ol, and O2) were
obtained using a cap fitted with Ag/AgCl
electrodes arranged according to the international
10-20 system. Additionally, three electrodes
were used to record Electrooculogram (EOGQG)
signals to eliminate eye movements [29,30]. For
both the EEG and EOG channels, the reference
electrode was positioned on the left mastoid,
while the ground electrode was placed on the
right mastoid. The impedance of the electrodes
was maintained below 10 kQ, and the data was
recorded at a sampling rate of 512 Hz.

2.3.2. fNIRS data acquisition:

fNIRS signals were recorded with the
BIOPAC fNIRS Model 203c (fNIR Devices,
LLC, Potomac, MD, USA) device. The system
measures changes in oxygenated hemoglobin
(HbO) and deoxygenated hemoglobin (HbR)
using two different wavelengths: 850 nm and 730

nm, respectively. The fNIRS band has 4 NIR

light sources, 10 long-channel detectors and 2
short-channel detectors. This set-up comprised
16 long-distance optodes at 2.5 cm away from the
light source and 2 short distance optodes at 1 cm
away from the detectors, providing a total of 18
channels for recording. The sampling rate was 10
Hz. Figure 3 shows experimental design of the
study. EEG, fNIRS and EOG signals were
recorded simultaneously.

® EEG Electrodes
FNIRS Light Sources

© FNIRS Long Separation
Dedector

* FNIRS Short Separation
Dedector

EOG Electrodes

Figure 3. Experimental design of the study.

2.4. Signal Processing

2.4.1. EEG Signal Processing:
EEG processing was performed using EEGLab
v2023.1 within the MATLAB environment
(Matlab 2022a) [31]. Initially, bandpass filtering
(0.5-60 Hz) and a 50 Hz Notch filter were
applied, then independent component analysis
(ICA) was employed to remove artifacts arising
from eye movements [32]. After pre-processing,
EEG responses were grouped according to
congruent, incongruent, and neutral conditions.
Then, EEG signals were decomposed into five
dB5
(Daubechies 5) wavelet function: gamma (30-40
Hz), beta (12.5-30 Hz), alpha (7.5-12.5 Hz), theta
(4-7.5 Hz), and delta (<4 Hz). Each channel's
sub-bands were then evaluated for further

frequency bands using a four-level

analysis. Various linear and non-linear features
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were calculated to investigate the Stroop effect
for each EEG sub-band (see Table 1). The brief
description of features are presented below:

Table 1. Features calculated from EEG sub-bands.
EEG Sub-bant features
1. Mean

Hurst Exponent
Harmonic Distortion

2. Standart Deviation
3. Fractal Dimension
4. Shannon Entropy
5. Hlbert Entropy

6. Skewness

7.

8.

9.

Lyapunov Exponent

10. Power Spectral Density Features

2.4.1.1. Fractal Dimension: Fractal dimension is
a measure of EEG complexity and it is associated
with brain activation [33]. One of the most
commonly used methods for this calculation is
Katz's approach, which is directly applied to two-
dimensional time series. The algorithm for
calculating Katz's fractal dimension is shown in
Eq. 1:

FD ln% (1

lng
a

where d represents the longest distance to the
origin, L is the total length of the time series and
a is the average distance between successive
samples in the time series.
2.4.1.2. Shannon Entropy: Shannon entropy
indicates the uncertainty of the signal and has a
probability-based mathematical framework. This
framework relies on the logarithmic average of
the probabilities of events occurring as seen in
Eq. 2 [34]:

N-1
E() == > P [nllog(P2fnl) ()
i=0

In the equation, the value of P?[n] represents the
probability, while the value of N denotes the
sample size.

2.4.1.3. Hilbert Entropy: Hilbert entropy
measures the randomness or unpredictability of
the phase variations over time [35]. The Hilbert
entropy is defined by the Eq. 3:

f x(®) dt

1
y(t) = EP (3)

t—1

where P denotes principal values of Cauchy and
T is the integral variable.
2.4.1.4. Skewness:

deviation of the data from a normal distribution

Skewness indicates the
[36]. It is calculated as shown in Eq. 4, where S
represents the skewness value, x is the time
series, W is the mean of the time series, E denotes
the expected value of the random variable, and
is the standard deviation of the time series.

(4)

2.4.1.5. Harmonic

distortion quantifies the level of deviation from a

Harmonic Distortion:
pure sinusoidal waveform in a signal [37]. It is
calculated as shown in Eq. 5, where V1 represents
the root mean square of the lowest frequency
component of the signal, and V, represents the
root mean square of all other components.

VEZn=2 Vi

7 (5)

2.4.1.6. Hurst Exponent: Hurst exponent is a

HD = %100

measure of interdependence among samples in a
time series [38]. It is calculated as in Eq. 6:

6

" Tog(N) (€)

where N is the window length, S is the standard
deviation and R is the cumulative standard

deviation.
2.4.1.7. Lyapunov Exponents: Lyapunov exponents

indicates the system’s sensitivity to initial
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conditions and those are crucial for
understanding chaotic behavior of the signal
[39]. As shown in Eq. 7, the distances of the
nearest points in the direction I at times 0 and t in
phase space are denoted by [16xi (0)ll and [I6x;
(V)ll, respectively. The Lyapunov exponent (1) is
a measure of how the distance between two
points changes logarithmically with time.
1 [REAGA

ARATFAON @
The Power Spectral Density (PSD) represents the
distribution of the signal frequency components.
In this study, PSD of each channel was estimated

using Welch’s method. Then we calculated the

Ai = lim
t—>oo

integral of the spectra from the beginning up to
the peak and defined this as Al; we calculated
the integral of the right spectra and defined this
as A2 (Figure 4) [40]. Several ratios of PSD
curve were included as features including: 1) the
maximum power (pmax) of the signal, ii) the
frequency value at maximum power (Fmax), iii)
the ratio of Al to A2 (A1/A2), iv) A1/(A1+A2),
and v) A2/(A1+A2).

P Maximum

PSD Amplitude

Al A2

10 20 30 40 50 60 90 80

Frequency (Hz)

Figure 4. Power Spectral Density (PSD) graph.

2.4.2. fNIRS Signal Processing:

fNIRS signal processing was performed using
the SPM-fNIRS toolbox [42]. Raw fNIRS light
intensity data were converted into HbO and HbR
concentration changes using the modified Beer-
Lambert law [43]. Saturated channels were

identified and excluded from the study. Long-
distance  channels measure  hemoglobin
concentration changes in the cortex, whereas
short-distance channels measure activation in the
extracerebral regions that are considered as noise
[44]. In this study, measurements from the short-
distance channels were eliminated from the
observed fNIRS using a regression method [45].
Motion artifacts were removed from the HbO and
HbR signals using the MARA algorithm [46]. A
band-stop filter with cut-off frequencies of 0.1
and 2 Hz was applied to remove physiological
noise. The HbO and HbR signals were then
analyzed using the general linear model (GLM).
The GLM model is presented in Eq. 8 [47]:
Y=XB+e (8)

Where Y is the fNIRS signal obtained as a
result of signal processing, X is the design
matrix, € is the error and B is the weight values.
In this study, p weights for HbO, HbR and total
hemoglobin (HbT) for 16 fNIRS optodes were
obtained after GLM analysis and these values
were utilized for group comparisons.

2.5. Statistical analysis:

All statistical analyses were conducted using
SPSS 22.0 for Windows software (SPSS Inc.,
Chicago, IL). The features derived from EEG and
fNIRS system were compared between the
incongruent and neutral stimuli using a two-
tailed paired t- test with a statistical threshold of
0.05. Statistical analyses were conducted for
each EEG sub-band, resulting in 133 features (97
were from EEG and 36 were from fNIRS) that
were found to be significantly different for
incongurent and neutral stimuli.

fNIRS related features were evaluated to
investigate differences in Stroop interference
effect in three subregions of the PFC (DLPFC:

Dorsolateral ~ Prefrontal  Cortex, dmPFC:
Dorsomedial ~ Prefrontal Cortex, FPPFC:
Frontopolar ~ Prefrontal  Cortex). Besides
neuroimaging biomarkers of the Stroop
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interference effect, behavioral parameters were
also evaluated. Reaction time and task errors
were calculated automatically and averaged
across all trials for each stimuli type.

2.6. Multilayer perceptron

MLP is a widely used classification technique
that utilizes one or more hidden layers consisting
of artificial neurons which are structures that
aggregate inputs within a specific layer and
generate an output via an activation function.
With one or more neurons artificial neural
networks can be characterized. MLP is a feed
forward network, which has only forward
connection, information flows forwardly
manner. In neural network is finding optimal
solution for diverse types of problems based on
weights. For tuning weights MLP uses generally
backpropagation algorithm uses derivate from
output layer to input layer [48, 49].
For each neuron in an MLP, the input is defined
as follows: y[* represents the output of a neuron
in the previous layer, wﬁ denotes the connection
weight between the relevant neuron and the
neuron under consideration. 6}‘“ , signifies the

threshold value of the relevant neuron:

xjh+1
= yhwp
l
_ gjh+1 (9
Activation functions: The sigmoid function
was utilized for the neurons. This choice ensures
that incoming data exhibits proximal effects
within defined intervals. No activation process is
applied to the input layer. Normalization was
performed for all features due to their diversity
before classification was conducted.

y9 = xf
! ! (10)
3
T ote™

The error term corresponding to the weight
vector provided is calculated based on the

expected outcomes when progressing from input
to output and obtaining results. Generally, this is
quantified as the error’s Least Mean Squares
(LMYS), and its formula is shown below. yﬁc (w)
is output obtained for given weights and d; . is

the desired output:

E(w)
1
= EZ(;V ]!:Ic (W)
j.c
2
—djc) an
Backpropagation-based algorithms  were

employed to determine weights. As weights
propagate in a chain to influence the output, their
changes can also be regarded as a chain of
derivatives (as depicted in the initial formula).
Optimization of parameters are calculated in a
backward manner, from output to input layers. At
Eq. 13, hdec denotes the learning rate, typically
ranging between 0.01 and 0. € represents a
positive coefficient defining decay, and «
signifies momentum, typically ranging between
Oand 1.

0E
aWji
OE dy; 0x;
_ OB &Y 9% (12)
Awy; ()
0F
=——+ aAwﬁ(t —1) — hdec
aW]’i
) Wj}}(t
-1 (13)

In this study, MLP was implemented using the
Waikato Environment to Knowledge Analysis
(WEKA) software [50]. The learning rate and
momentum were tested within the range of 0.1 to
1 to achieve the highest classification accuracy.
Through these trials, the learning rate was set to
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0.3 (Figure 5), and the momentum value was
determined to be 0.2 (Figure 6). The hidden layer
contained 68 neurons, with the sigmoid function
applied to these neurons (Figure 7). A 10-fold
cross-validation was used for evaluation.

Accuracy

0 0.1 0.2 0.3 0.4 0.5 0.6 0,7 0.8 0.9 1
Learning Rate

Figure 5. Accuracy rate depending on the
learning rate.

Accuracy

0 0,1 02 03 0.4 0.5 06 07 0.8 0.9 1
Momentum

Figure 6. Accuracy rate depending on the
momentum values.

™ | Featurel
Feature2 {<—~
Feature3 = Neutral
—
Incongruent
/’/
4 e
| Feature133 /—

Figure 7. MLP model topology in this study.

3. Results

3.1. Behavioral Performance:
Reaction time, the number of correct
responses, and omission errors were compared
between incongruent and neutral stimuli using
paired samples t-tests. The mean reaction time
for incongruent stimuli was 950£115 ms,
whereas for neutral stimuli, it was 880+108 ms
(Table 2). Incongruent reaction times were
significantly longer than neutral ones (p<0.01).
Number of correct responses was significantly

higher for neutral stimuli (p<0.01). The number

of omission errors was also higher for
incongruent stimuli than neutral stimuli
(p<0.01).
Table 2. Behavioral performance.
Parameters Mean | StdD. |t p
RT (ms) neutral 879.99 | 107.98 | -10.7 | 0.000
incongruent | 949.99 | 115.30
Correct neutral 47.40 2.10 3.82 0.000
Response
incongruent | 45.49 | 3.46
Omissions neutral 0.91 1.12 -4.01 | 0.000
Error
incongruent | 1.67 1.46

RT: Reaction Time, Std D.: Standard Deviation

3.2. EEG Findings:

In this study, EEG signals obtained from 17
channels were decomposed into five frequency
sub-bands (gamma, beta, alpha, theta, delta)
using wavelet transform, and linear-nonlinear
features of each sub-band were investigated to
explore differences between Stroop stimulus
types.
incongruent and neutral stimuli are presented in
Table 3 for each EEG channel (p<0,05). In
particular, the fractal dimension emerged as a

Statistically noteworthy features for

discriminative feature across several sub-bands,
as seen in Table 3.
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Table 3. EEG features.

EEG Gamma Beta Alpha Theta Delta
Locations
F7 FD, std FD, std - FD, std FD
F3 FD - - FD FD
Fz FD - - FD FD
F4 Mean - - FD FD, HE
F8 FD, std - - FD FD
C3 - - PSD RI1, FD FD
PSD R2,
PSD R3
Cz - HD. - LYP FD
C4 - - PSD RI1, FD HE
PSD R2,
PSD R3
T3 FD, std - - FD FD, std
LYP
T4 - Fmax, FD, | FD, std
maxP,
FD, std FD, PSD_R1 PSD _RI1,
PSD _R2,
PSD R3,LYP,
std
T5 FD, std FD - FD FD, Skewness
T6 FD, std Entropy, FD, | PSD R1 FD, std LYP
Hilber, std
P3 FD - - FD FD
Pz Fmax, FD, maxP, | - FD
PSD RI1,
FD PSD R2, FD
PSD R3
P4 - HD. PSD RI1, - HE
PSD R2,
PSD _R3
(o) FD - LYP - -
02 FD FD PSD_R1 - -

FD: Fractal Dimensions, std: Standard Deviation, HE: Hurst Exponent, PSD RIl: Al/A2, PSD R2:
Al/(A1+A2), PSD _R3: A2/(A1+A2), HD: Harmonic Distortion, Entropy: Shannon Entropy, Hlber: Hibert
Entropy, maxP: Maximum Power, Fmax. Frequency at maximum power, LYP: Lyapunov Exponent.
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3.4. fNIRS Findings:

In fNIRS, signals obtained from 16 long-
distance channels were analyzed to investigate
the brain’s hemodynamic response during neutral
and incongruent stimuli. To investigate the
region where the Stroop effect was most
pronounced, a total of six ROI regions were
determined [43]:

ROI 1: (CH 1 to CH 4) left DLPFC

ROI 2: (CHs 5,6) left dorsomedial PFC,

ROI 3: (CHs 7,8) left fronto-polar cortex,

ROI 4: (CHs 9,10) right fronto-polar cortex,
ROI 5: (CHs 11, 12) right dorsomedial PFC
ROI 6: (CH 13 to CH 16) right DLPFC

Beta weights, calculated from HbO signals
during incongruent and neutral stimuli were
averaged in six ROI regions and compared
between groups. Table 4 shows that the Stroop
effect was higher in the right PFC than in the left
region in the whole PFC, but statistical
significance was observed only in the right and
left DLPFC. As seen in Fig. 8, the right DLPFC
(CHs 13-16) revealed a statistically significant
higher Stroop effect than the left DLPFC (CHs 1-
4).

3.5. Classification Result

Linear and nonlinear EEG features were
combined with fNIRS-based features and applied
to MLP to classify the brain’s response to
incongurent and congruent stimuli. Sensitivity,
specificity, and accuracy values were 76%, 71%
and 73.3%, respectively. The response operator
characteristic (ROC) area was 0.701.

M L_DLPFC M R_DLPFC

0,006
0,005
0,004
0,003
0,002

0,001

0

0,001

-0,002

-0,003

1

Figure 8. Boxplot graphs of the Stroop effect based
on HbO beta values in the left DLPFC (L DLPFC)
and right DLPFC (R_ DLPFC) regions.

Table 4. Analysis of the Stroop Effect in subregions of the PFC for right and left hemisphere.

Stroop Interference Index

(Incongruent-Neutral) Region Mean Std. Dev. t p

HBO

DLPFC Right 0.0018 0.0016 2.028 0.049
Left 0.0012 0.0015

amPFC Right 0.0025 0.0017 0.552 0.584
Left 0.0023 0.0029

FFPPFC Right 0.0035 0.0022 0.873 0.388
Left 0.0031 0.0029

DLPFC: Dorsolateral Prefrontal Cortex, dmPFC:
Prefrontal Cortex

Dorsomedial Prefrontal Cortex, FPPFC: Frontopolar
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4. Discussion

The present study aimed to comprehensively
investigate the Stroop effect through concurrent
EEG and fNIRS signals analysis using machine
purpose,
frequency features from different sub-bands of

learning. For this various time-
EEG signals and hemodynamic characteristics
obtained from fNIRS signals were combined, and
different Stroop stimuli were classified using
machine learning algorithm. The study revealed
that fractal dimension is associated with the
Stroop interference effect across multiple EEG
regions (Table 3). fNIRS results showed a
pronounced manifestation of the Stroop effect,
particularly in the right DLPFC. To our
knowledge, this is the first study investigating the
impact of Stroop interference via concurrent
EEG/fNIRS system using a machine learning-
based approach.

Reaction time and task errors to different
stimuli in the Stroop task were evaluated in the
study. Relative to neutral trials, significantly
longer reaction times and increased task errors
Our

behavioral data findings are consistent with

were observed in incongruent trials.
previous studies demonstrating an interference
effect of incongruent stimuli on individuals'
cognitive performance [12, 51]. Similar to our
results, Vamvakoussi et al. [52] observed longer
reaction times and increased task errors in
incongruent stimuli compared to neutral stimuli.
These findings demonstrate an adverse effect of
conflicting stimuli on cognitive processes.
Numerous EEG studies have investigated the
Stroop effect, and most of these studies focused
on ERP components. Stroop effect has been
associated with decreased P3 amplitudes [53].
The present study aimed to investigate the Stroop
effect via numerous linear and nonlinear EEG
features. As shown in Table 3, the Stroop effect
is mainly observed in the beta and theta bands.

Similarly, Hanslmayer et al. [15] associated
increased Stroop interference with increased
theta activity. Table 3 demonstrates that FD
the Stroop effect,
particularly in the gamma, beta, and theta bands.

prominently  reveals
FD is a highly discriminative parameter in Stroop
studies [54]. When examining regional activity,
FD analysis revealed that the Stroop effect was
most prominent in the frontal lobe. Regarding the
specific features of PSD, the Stroop effect was
predominantly observed in the alpha band,
particularly in the central brain region. The study
employed the GLM method, which has been
in fNIRS signal
analysis, to investigate the brain's hemodynamic
activation during the Stroop test. All fNIRS
optodes showed significantly greater HbO

commonly used recently

activation for incongruent stimuli than neutral
stimuli (p < 0.05). This result is consistent with
studies associating the Stroop effect with
increased PFC activation [9, 55, 56]. The study
also investigated hemispheric differences in the
Stroop effect by analyzing channels in the left
and right PFC subregions. While the Stroop
effect was observed in all PFC subregions (p <
0.05), a significantly higher Stroop effect was
observed in the right DLPFC region (p < 0.05)
(Table 5). This finding is in line with a study
conducted by Frichs et al. [57] using repetitive
transcranial magnetic stimulation (rTMS).
Combining different neuroimaging methods
has recently become widespread in neuroscience
studies, facilitating a comprehensive exploration
of brain functions. This approach provides a
comprehensive perspective on assessing brain
functions through the complementarity of
various methodologies, leading to enhanced
success in classification studies. The study
employed the multimodal EEG/fNIRS method,
which has been demonstrated in numerous
studies as complementary [58, 59]. With this
method, the

electroencephalographic  and
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hemodynamic responses of the brain to Stroop
stimuli were evaluated simultaneously. Recently,
Chen et al. [51] investigated the Stroop effect via
ERP components and fNIRS using statistical
methods, and they observed higher activation in
the left DLPFC compared to the right in fNIRS.
Furthermore, in a more recent study, Chen et al.
[27] have employed EEG/fNIRS integration to
of the
incongruent

elucidate the neural underpinnings
perceptual conflict elicited by
stimuli during the Stroop task, revealing a
significant attenuation in neural activation.

In this current study, a machine learning
approach was employed to evaluate the Stroop
effect using multi-modal measurements for the
first time in the literature. Features extracted
from EEG and fNIRS signals were classified
using MLP which is a widely used classifier for
the physiological signals [60, 61]. The success
rate of this classifier reached 73.3%, objectively
demonstrating differential brain responses to
incongruent and neutral stimuli.

4.1. Conclusions

The Stroop task, a milestone in cognitive
neuroscience, has been widely used to explore
the neural underpinnings of various cognitive
functions, particularly those related to attention
and cognitive control. The classic color-word
interference paradigm is one of the most
frequently used variant of Stroop test and
involves different types of stimuli, challenging
participants to manage conflicting information
and thus providing valuable insights into
In this study, which
represents the first investigation of the Stroop

cognitive processing.

interference effect using different modalities and
machine learning, it was observed that the
electrophysiological and hemodynamic
responses of the brain vary with different Stroop
stimuli. Analyses demonstrated that increased
activation in the PFC, particularly in the right

DLPFC, was associated with the Stroop effect

compared to neutral stimuli. In this study, both
linear and nonlinear features of EEG signals were
extensively analyzed, with each EEG region
being investigated in detail across different
frequency ranges associated with the Stroop
effect, thereby contributing new insights and
features to the literature. In this study, the Stroop
effect was evaluated using machine learning
algorithms, providing a more objective approach
processing.
Additionally, using a homogeneous group has

to  understanding  cognitive
been particularly advantageous in minimizing the
impact of individual differences on the
significance of results obtained through these
methods. Previous research has predominantly
concentrated on the prefrontal cortex, a neural
substrate crucial for cognitive functions. In
contrast, our study employed an EEG system to
capture brain activity from multiple regions,
providing a more comprehensive view of the
Stroop effect. The results demonstrate that the
Stroop effect elicits significant activations across
various brain areas. The Stroop task is commonly
employed in studies comparing brain function
between patients and controls. In this study, only
healthy individuals were examined to investigate
the functional operation of the Stroop effect
objectively and comprehensively. The findings
from this study, conducted with a healthy control
group, provide valuable insights that could guide
future research in neurological diseases and
psychiatric disorders where the Stroop effect is
frequently evaluated. Future studies could apply
this
phenomenon in patient populations, further

similar methodologies to examine
expanding our understanding of cognitive

processing across different groups.
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