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A B S T R A C T

Intelligence differences of individuals are attributed to the structural and functional differences of the brain.
Neural processing operations of the human brain vary according to the difficulty level of the problem and the
intelligence level of individuals. In this study, we used a bimodal system consisting of functional Near-Infrared
Spectroscopy (fNIRS) and Electroencephalogram (EEG) to investigate these inter-individual differences. A
continuous wave 32-channel fNIRS from OxyMonfNIRS device (Artinis) and 19-channel EEG from (g.tec's
company) were utilized to study the oxygenation procedure as well as the electrical activity of the brain when
doing the problems of Raven's Progressive Matrix (RPM) intelligence test. We used this information to estimate
the Intelligence Quotient (IQ) of the individual without performing a complete logical-mathematical intelligence
test in a long-time period and examining the answers of people to the questions. After EEG preprocessing,
different features including Higuchi's fractal dimension, Shannon entropy values from wavelet transform coef-
ficients, and average power of frequency sub-bands were extracted. Clean fNIRS signals were also used to
compute features such as slope, mean, variance, kurtosis, skewness, and peak. Then dimension reduction al-
gorithms such as Linear Discriminant Analysis (LDA) and Principal Component Analysis (PCA) were applied to
select an effective feature set from fNIRS and EEG in order to improve the IQ estimation process. We utilized two
regression methods, i.e., Linear Regression (LR) and Support Vector Regression (SVR), to extract optimum
models for the IQ determination. The best regression models based on fNIRS-EEG and fNIRS presented 3.093%
and 3.690% relative error for 11 subjects, respectively.

1. Introduction

Intelligence means the ability to learn and understand concepts [1].
In this regard, there are 8 kinds of intelligence, including linguistic,
logical-mathematical, spatial, musical, corporal-kinesthetic, intra-per-
sonal, interpersonal, and naturalistic [2,3]. One of the most interesting
aspects of the psychophysiology is the investigation of the function of
the human brain when performing logical-mathematical intelligence
tests. Over the last two decades, non-conscious cognitive procedures
have shown a significant effect on problem-solving when dealing with
intelligence tests [4]. These processes vary according to the individual's
neuro-cognitive identity, which are modulated based on the internal
mechanisms achieved or improved throughout life [1,2].

In recent years, many studies have been conducted on brain activ-
ities when implementing intelligence tests. However, there are still
many procedures remaining unknown in this area such as the estima-
tion of the accurate value of the Intelligence Quotient (IQ), which re-
quires further discovery and investigation. Having sufficient

information about the brain cognitive processes while performing the
logical-mathematical problems allows using this information to im-
prove the learning and teaching methods. In addition, it provides an
accurate description of the cognitive identity of individuals [2]. The
functional differences of the brain of individuals in various mental ac-
tivities could also be utilized for the IQ estimation to choose suitable
persons for specific jobs.

To discover the nature of the cognitive procedures of the brain
during problem-solving, one can use various brain mapping systems
such as electroencephalogram (EEG), functional Magnetic Resonance
Imaging (fMRI), and functional Near-Infrared Spectroscopy (fNIRS).
Several authors have used EEG to study the effects of various factors
such as aging, having different skills, and different levels of intelligence
on solving different arithmetic problems [5–11]. These studies usually
employ Raven's Progressive Matrix (RPM) intelligence test to discover
the hidden events happening inside the brains of different people. They
used a reduced 15-item version of the original Raven test [12] and
recorded EEG from the scalp of the subjects. Predictability, self-
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similarity, and the stable behavior of the EEG signal grew when the
brain concentrated on one cognitive problem [13]. Patterns of in-
formation processing in an individual with high and low intelligence
vary depending on the type of mental activity and its degree of diffi-
culty. Positron Emission Tomography (PET) and EEG studies have
suggested that there is a negative correlation between the intelligence
and brain activities [14,15], while new studies from fMRI report posi-
tive correlation in most cases [16,17].

EEG is very powerful to detect transient processes in the range of
100ms and helps understand the functional pattern of the brain;
however, there are several limitations in this regard. There is no one-to-
one correspondence between any specific frequency band activities
(i.e., delta, theta, alpha, beta, and gamma) or Event-Related Potentials
(ERP) and cognitive activity or a mental process. Further, eye artifacts
affect the signals recorded in the frontal area and thus should be re-
moved from EEG signals. Therefore, some studies have employed fNIRS
to study various events of the brain during cognitive activities because
of its higher temporal and spatial resolution compared to fMRI and
EEG, respectively.

Studies have suggested that fNIRS is a valuable tool for illustrating
the relationship between the function of the cortical regions of the brain
during cognitive activities [18]. fNIRS extracts hemodynamic response
function (HRF) of the brain via measuring local changes of the con-
centration of oxygenated (HbO2) and deoxygenated hemoglobin (Hb)
[19,20]. fNIRS is integrated over a longer timeframe and provides a
better localization compared to EEG [20]; it represents only the local
activity of the brain directly below the probes, while, this feature is
difficult for EEG because of the volume conduction effect [21]. This
modality is cost-effective, portable, silent, low noise, easy to handle,
and provides a better temporal resolution in comparison to fMRI [22].

Some studies have reported the use of a hybrid EEG-fNIRS method
in Brain-Computer Interfaces (BCI) systems to classify the cognitive and
motor tasks [23]. Hong et al. [24] combined common fNIRS features
(e.g., the mean of the signal) with the power spectrum density (PSD)
from EEG to improve the accuracy of classification of the mental ar-
ithmetic and word formation tasks for locked-in syndrome (LSI) pa-
tients. The EEG-fNIRS combination could also be useful to investigate
the brain patterns and relationships between the hemodynamic re-
sponse and electrical activity [25] during various tasks such as emo-
tional [26] and stress processing [27].

Despite the works in the context of synchronous processing of EEG
and fNIRS imaging modalities in different fields, most studies have used
EEG to investigate the brain procedures when solving logical-mathe-
matical problems. To the best of our knowledge, no research has si-
multaneously benefited from EEG and fNIRS for analyzing the in-
formation processing of the brain while solving the problems with
different difficulty levels. These modalities are supplementary tools that
can reveal uncovered phenomena of the brain. The temporal resolution
provided by EEG complements the spatial resolution obtained by fNIRS.
In this regard, there is no interaction between the electrical and optical
activation of the brain [25,26]. Further, it is also possible to compare
the efficiency of the two methods and select the optimal method.

One of the major contributions of this paper is the examination of
the neuronal activation (obtained by EEG) and the local hemodynamic
response of the brain (acquired by fNIRS) while performing a mathe-
matical-logical intelligence test. A secondary contribution of the pre-
sent study is the use of a combination of neuronal and hemodynamical
features to estimate the IQ of subjects regardless of their answers to the
intelligence test.

The purpose of this paper is to modify the paradigm of the experi-
ment such that the weaknesses of previous researches are addressed.
Previous studies have often identified low- and high-intelligence sub-
jects based on their responses during the experiment, but they may be
stressed, and thereby the function of their brain might be affected.
Therefore, we do not use the answers of subjects during the experiment
to categorize them as low- and high-intelligence groups. Instead, we

utilize another mathematical-logical intelligence test (similar to Raven's
Progressive Matrices test) to cluster low-and high–intelligence in-
dividuals before the experiment. Typically, intelligence scales use dif-
ferent classification labels for different IQ score ranges [28,29]. Here,
we consider IQ < 120 and IQ≥ 120 to cluster the subjects into low-
and high-intelligence groups, respectively.

We also eliminate the time limitations of each question to decrease
the stress of subjects and each subject is free to answer as many ques-
tions as possible in each task block. Before initiating the experiment,
the subjects are told that their focus on questions is important and it
does not matter how many questions they answer. Furthermore, all
questions are presented in an ascending order in terms of difficulty and
thus the fatigue effect on the subjects could be observed in difficult
questions. To resolve this problem, we randomly assign the blocks of
questions with varying difficulties to the subjects.

The paper is organized as follows. Section 2 describes our experi-
ment paradigm and dataset. This section also explains our methodology
including feature extraction, feature selection and regression methods.
The experimental results are explained in section 3. In section 4, we
discuss some experimental results. Finally, we conclude the paper in
section 5.

2. Materials and methods

2.1. Data acquisition

In this study, to collect our dataset, we used 11 healthy Persian-
speaking graduate students (5 females and 6 males) between the ages of
24 and 30 years (27.48 ± 3 years). All subjects were right-handed, had
normal or corrected vision, and had no history of neurological illness.
They were asked to be comfortable and limit their head movements as
much as possible while performing the experiment. Our dataset was
balanced and consisted of 6 low- and 5 high-intelligence subjects. In
this way, we did not need a class balancing technique in the case of
unbalanced dataset [30].

Prior to the experiment, the subjects participated in the process of
the standard Cattle IQ test, Scale 3 (similar to Raven's Progressive
Matrices test) to calculate the reference IQ score [31–33]. We also
utilized the RPM test when recording EEG and fNIRS signals, consisting
of 60 questions of intelligence based on the logical-mathematical do-
main. These problems were divided into five sets of 12 problems each
(sets A, B, C, D and E), thereby increasing the difficulty both within and
across sets [34]. The RPM test [35] is a non-verbal test where each
question includes a matrix of geometric figures with one entry missing.
The subject should select the correct missing entry of each question
from a set of choices to complete the logical series [13].

Considering the use of fNIRS and the need for a block-based design
of the experiment, we utilized 60 questions of the RPM test. We put
these questions into four blocks (A, B, C, and D) according to their
difficulty levels. This experiment consisted of four sets randomly dis-
played on a computer screen. Each set was composed of 30 s of rest (R)
and 60 s of task (T). The questions of each task block were randomly
selected and displayed. Depending on the speed of responsiveness, each
subject could answer a different number of questions in each task block.
The total recording time for each subject was 390 s (considering 30 s
after the four sets at the end of the experiment).

EEG was recorded through 19 scalp electrodes (g.tec's 80-channel
biosignal amplifier named g.HIamp)1 placed in accordance with the
international 10/20 systems [36]. The signals were recorded from the
following channels: Fp1, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7,
P3, Pz, P4, P8, O1, and O2. Prior to the test, EEG signals were recorded
with open and closed eyes. A further EEG recording was captured
during the Raven's intelligence test. EEG signals were digitized at a

1 www.gtec.at/Products/Hardware-and-Accessories/g.HIamp-Specs-Features.
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sampling rate of 512 Hz. Fig. 1 (a) displays the placement of EEG
electrodes on the head of the subjects.

In this study, fNIRS signals were recorded via a 48-channel MR
compatible OxyMonfNIRS from Artinis2. This device is capable to
measure oxy-, deoxy, and total hemoglobin concentration variations.
MRI, EEG and ECG does not interfere with the optical signal. The
sampling rate was 10 Hz. Optodes and templates were positioned over
the prefrontal, frontal, and parietal lobes to record 32-channel fNIRS
data at two wavelengths of 760 and 845 nm. We applied a 3 cm emitter-
detector distance, as shown in Fig. 1 (b, c). We performed the feature
extraction and dimensionality reduction steps on EEG and fNIRS sig-
nals, separately, and then employed the combination of efficient EEG
and fNIRS features as well as various regression methods to estimate the
IQ value of the subjects (Fig. 2).

2.2. Pre-processing

EEG was filtered between 0.5 and 45 Hz using a band-pass FIR filter
[37,38]. After subtracting the baseline based on the mean of each data
channel, common artifacts were eliminated with the help of EEGLAB
and ADJUST via independent component analysis (ICA) based on

runica algorithm [39] under Matlab. One example of the raw and pre-
processed EEG signals is displayed in Fig. 3.

The fNIRS data from each subject were processed channel-by-
channel [40]. To remove the baseline drift, we fitted one line to each
rest block using linear regression analysis [41] and then subtracted the
subsequent task block from this linear model along with the mean of its
corresponding rest block. In fact, we considered each rest block as a
baseline for its subsequent task block. A fourth-order band-pass But-
terworth filter between 0.01 and 0.2 Hz was applied to remove the low
frequency (< 0.01 Hz) and high-frequency (> 0.2 Hz; heartbeat, re-
spiratory rate, instrument noise) information from the fNIRS signal
[24,42,43]. We utilized the clean fNIRS data to identify significant
channels. Fig. 4 demonstrates an example of an fNIRS signal in one of
the channels placed in the frontal lobe, in both raw and pre-processed
conditions.

The average of temporal profiles of oxyhemoglobin was computed
across all subjects (N= 11). Thereafter, t-test [44] was applied to ex-
amine the difference of distinct task blocks (high-low, medium-low, and
high-medium) of these profiles and to identify the effective fNIRS
channels discriminating tasks including the problems with different
difficulty levels. Afterward, the channels with p-values smaller than
0.05 were marked as the significant channels for each condition.
Having reviewed overlapping significant channels in three conditions,

Fig. 1. The Optodes and electrodes placement; (a) the location of EEG electrodes and (b), (c) fNIRS Optodes placement and channel configuration for problem solving
task.

2 https://www.artinis.com/oxymon.
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17 channels were identified as the significant channels among 32 ex-
isting channels. Table 1 presents the p-values of 32 channels based on
the pre-defined conditions. The location of the significant channels
placed on the subjects head is marked in Fig. 5. We applied these sig-
nificant channels to extract useful features for estimating the IQ of the
subjects.

2.3. Feature extraction

In this section, the methods for EEG and fNIRS analysis are ex-
amined to obtain further information on the human brain while per-
forming the Raven's intelligence test. Note that the features described
below have been separately extracted from each block including rest
(30 s) and task (60 s) blocks. The length of the segments of EEG and
fNIRS was fixed for feature extraction. Finally, we had two kinds of
feature resulted from rest and task blocks for the IQ estimation.

Fig. 2. The overall scheme of the IQ estimation procedure.

Fig. 3. One example of EEG signals before and after pre-processing.
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For EEG frequency analysis, clean EEG signals were obtained for
five standard EEG bands: delta, theta, alpha, beta, and gamma [45].
Next, we extracted various features from each sub-band to estimate the
intelligence level of each subject. The average power of each frequency
sub-band was computed according to (1); Where S (ω)xx and −Pfreq band
represent the power spectral density (PSD) and power of the signal in a
given frequency [ω , ω ]1 2 , respectively. +∗E x n x n m[ [ ] [ ]] is the auto-
correlation function of the discrete-time signal x[n].

∫

= ∑ +

=

=
− ∗ −

−
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Many studies have utilized the wavelet transform as a powerful
approach for feature extraction. The wavelet transform is appropriate
for non-stationary signals such as EEG, so we also applied discrete
wavelet transform (DWT) to the EEG signals to present a multi-re-
solution time-frequency description of the signal [46–48]. The original
signal could be decomposed into different decomposition levels; how-
ever, high decomposition levels significantly increase the computa-
tional cost and the time required for the entire process. Therefore, in
this work, we performed Daubechies 8 (db8) mother wavelet with five
decomposition levels (corresponding to the number of frequency sub-
bands) to calculate the Shannon entropy [49] of the detailed coeffi-
cients of each sub-band.

The application of linear approaches to study non-linear systems
such as the brain does not seem to reveal the nature of dynamical events
occurring in the brain. If we consider the brain as a chaotic or quasi-
chaotic system, it gives us the opportunity to model the brain in a more
realistic, albeit though not simpler, way [13]. Chaotic properties such
as fractal dimensions (FD) are employed to describe non-linear time
series such as EEG signal. FD is a non-local characteristic which mea-
sures the complexity of fundamental patterns or self-similarity features
in the signal. Self-similarity means that the properties of a very small
portion are the same as the larger portion of the signal. For more than

Fig. 4. One channel (Rx4b-Tx7) of fNIRS signals before (a) and after pre-processing (b).

Table 1
The p-values of 32 fNIRS channels based on three pre-defined conditions to
identify the significant channels; the significant channels are denoted by red
color.

Channel
number

High-Low
(condition 1)

Medium-Low
(Condition 2)

High-Medium
(Condition 3)

1 1.0720 e-16 0.0085 7.5632 e-22
2 1.0145 e-05 0.0830 1.7940 e-04
3 0.6853 1.631 e-04 2.0698 e-04
4 0.0031 3.9197 e-16 0.0924
5 0.6819 6.9305 e-29 4.4035 e-23
6 0.0032 0.0652 0.0507
7 1.1947 e-11 0.0077 1.0079 e-07
8 8.7211 e-04 0.0104 5.1177 e-10
9 0.0043 0.6009 0.0012
10 2.1264 e-07 0.5584 2.7686 e-11
11 0.8180 1.1220 e-92 3.8986 e-24
12 0.0175 0.0037 7.0086 e-12
13 0.0012 1.0014 e-20 4.6113 e-10
14 3.9050 e-13 8.7959 e-08 2.3950 e-08
15 1.3974 e-12 4.4213 e-04 5.3398 e-10
16 2.6862 e-11 2.1345 e-07 3.9902 e-47
17 0.0143 1.2871 e-60 3.8435 e-43
18 0.7849 3.4001 e-73 9.6283 e-27
19 2.7093 e-08 2.7827 e-09 0.7539
20 8.0563 e-04 1.0353 e-07 1.6164 e-16
21 0.3424 1.1844 e-07 7.3345 e-08
22 8.3425 e-12 0.8282 3.7448 e-16
23 2.1010 e-16 1.1568 e-09 9.5778 e-47
24 0.6448 5.7897 e-71 1.8186 e-32
25 0.2228 3.0972 e-13 1.6511 e-10
26 1.1064 e-27 7.0378 e-87 1.4679 e-10
27 0.0029 1.7625 e-48 5.7413 e-10
28 2.4230 e-10 7.2133 e-95 1.0540 e-118
29 1.1570 e-22 2.3812 e-24 7.8542 e-72
30 0.0271 2.1580 e-162 2.6361 e-136
31 6.3027 e-10 1.3086 e-138 1.7040 e-142
32 0.1486 6.6437 e-94 1.9495 e-33

Fig. 5. The schematic of fNIRS transmitters (yellow), receivers (blue), channels (white) and the significant channels (red) configuration on the (a) prefrontal, frontal,
and (b) parietal lobes.
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two decades, Higuchi's fractal dimension (HFD), as a nonlinear method,
has claimed a special position in the analysis of biological signals in-
cluding EEG [50]. HFD contains more information about the dynamics
of the time series compared to other methods estimating the fractal
dimension such as Hurst (H) exponent. This algorithm also uncovers the
crossover behavior of the time series like EEG [51]. Accordingly, in this
study, the HFD and H exponent features were computed from the rest
and task blocks to investigate the predictability and chaotic status of the
EEG signal.

All of the EEG feature values were scaled between 0 and 1 as shown
in (2); ′Feat represents the rescaled feature values between 0 and 1.

′ = −
−

Feat Feat Feat
Feat Feat

min( )
max( ) min( ) (2)

In the next step, the average value of fNIRS data of each subject on
the significant channels was extracted to compute the key fNIRS fea-
tures. Six kinds of features (mean (eqn. (3)), variance (eqn. (4)),
skewness (eqn. (5)), kurtosis (eqn. (6)), slope, and peak) were calcu-
lated for different task and rest blocks [52].
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where, N is the number of observations and Si represents the oxy-he-
moglobin data. The ‘peak’ feature corresponds to the first maximum of
the signal and its location. The ‘slope’ is calculated via fitting a line to
the data points between the start of the block and its first peak point.
Since oxy-hemoglobin is more sensitive to the cerebral activities com-
pared to the deoxy-hemoglobin signal [18], in this study, only the
concentration variations of the oxy-hemoglobin signals were con-
sidered.

2.4. Feature selection

If the above features are extracted from each subject, the feature

vector dimension is high, which may result in over-fitting problem
(especially in the case of small-sample size) or undermining the accu-
racy of regression stage. Therefore, we utilized Linear Discriminant
Analysis (LDA), and Principal Component Analysis (PCA) to generate a
set of EEG and fNIRS latent features according to their importance in
the logical-mathematical intelligence domain [53]. LDA is a supervised
algorithm, and so it uses the information of classes to find a linear
transformation of features for dimensionality reduction in various BCI
applications [54]. In contrast, PCA does not take information of classes
into account (as an unsupervised algorithm) and uses the variance of
each feature to find new features [55].

In this research, we employed the LDA as a transformation algo-
rithm (not classification algorithm) to reduce the dimension of the
input space. For dimensionality reduction, the maximum dimension of
the new feature vector is the number of classes in the data minus 1 [55].
The LDA transformation is defined as

= ××× ×F F WLDA s n LDA
T

( )s m n m( ) ( ) (7)

where, F denotes the original feature space, WLDA represents the Ei-
genvector resulted from the Eigen decomposition method, and FLDA
shows the transformed features; (× )denotes matrix product; s and n
indicate the number of observations and the original feature, respec-
tively; and m refers to the new dimension of transformed features.Here,
we have a two-class data. Note that due to the small sample size, we
clustered each observation as a low-(0) or high-(1) intelligence class
according to the IQ computed from the Cattle test and threshold 120.
Hence, the new dimension of the feature vector is equal to 1, for both
EEG and fNIRS data.

The nonlinear methods proposed for the dimensionality reduction
are often not capable of outperforming traditional linear techniques
such as PCA [55]. Thus, we utilized PCA method to generate the effi-
cient artificial features for enhancing our IQ estimation model. It was
also possible to compare the results of these two dimensionality re-
duction algorithms, LDA and PCA, and choose the best method for our
study.

The idea behind PCA is that features presenting high variance are
more likely to have a good split between classes. This method performs
a linear transformation to generate a new set of features (artificial
variables) based on a combination of the old features [56]. These new
features are not of any value for us as they are simply algebraic. Fig. 6
presents the percentage of variance of the first 10 EEG and fNIRS
principal components (PCs). The first five and four PCs from EEG and
fNIRS accounted for approximately 96.80% and 97.51 of the entire
variance, respectively. Therefore, the information loss was less than

Fig. 6. The percentage of variance of first 10 EEG (blue) and fNIRS (red) principal components.
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4%. We utilized these new EEG and fNIRS features resulted from LDA
and PCA algorithms to train the regression models for IQ determination.

2.5. Regression analysis for IQ estimation

We used the EEG and fNIRS features resulted from LDA and PCA
algorithms to calculate the regression models for estimating the IQ of
individuals. Regression analysis models the relationship between a re-
sponse variable (here, the value of IQ) and a set of quantitative ex-
planatory variables (here, a subset of fNIRS and EEG features) to de-
termine which explanatory variables influence the response variable
[57]. To find a robust model, we utilized two regression methods in-
cluding linear regression (LR) and support vector regression (SVR) to
predict the subjects’ IQ.

Linear regression model, called general linear model, has the fol-
lowing form

= + + + +y β β x β x β x... k k0 1 1 2 2 (8)

where, xk and βk represent the quantitative explanatory variables and
coefficients assigned to each explanatory variable, respectively. Also, y
shows the optimal output, which is the value of IQ in this study. β0 is a
constant term as intercept, and intercept predicts the value of y when

=x 0.
Conventional regression methods such as artificial neural networks

(ANNs) require a large-sample size to guarantee the prediction preci-
sion. In comparison, in real prediction cases (such as our dataset to
estimate the IQ), the sample sizes are limited due to the difficulty and
cost involved in the data recording. In this regard, Support Vector
Machines (SVMs) do not suffer from the problems of ANNs like under-
learning, over-learning, and determination of the network structure.
This method determines the decision function using a few samples
called support vectors. Therefore, SVM is an optimal method for small-
sample regression [58]. In this study, we exploited epsilon-SVR (or ε-
SVR) [59] with three different kernel functions (i.e., Linear, Poly-
nomial, and Radial Basis Function (RBF)) with C=1.0 and ep-
silon=0.1 [60] to perform the regression analysis. We compared the
efficiency of three kernel functions and chose the best kernel type for
the IQ estimation task.

3. Experimental results

In this section, the results of the experiments performed in this study
are presented. The IQ value of the subjects was determined in two
modes; using a combination of selected EEG and fNIRS features and
only selected fNIRS attributes. To find the best IQ estimation model, we
employed various combinations of the artificial features generated by
LDA and PCA algorithms and two regression methods (i.e., LR and ε-
SVR). Due to the small-sample size, we utilized a leave-one-out test; one
subject was considered as a test data, whose IQ was estimated based on
the model of the remaining subjects. Next, we trained our final models
on all data (N= 11) to present an accurate model to estimate the IQ of
new observations.

In linear regression models, we identified significant explanatory
variables based on their p-value (the variables having p-values smaller
than 0.05 are significant) and R-squared (as R-squared grows, the re-
sponse variable becomes more explained by the explanatory variables)
in comparison to the full model. In ε-SVR models, we evaluated the
error of the models with different kernel functions and chose the best
model. Based on our dataset, the optimum model was constructed via
the polynomial kernel. Therefore, we used this kind of kernel function
to compare the relative error of the two regression methods.

Fig. 7 shows the percentage of the relative error for the eleven
subjects using different IQ estimation models and the leave-one-out
evaluation.

Considering the results displayed in Fig. 7, the IQ estimation of all
models was performed with an acceptable error. The PCA-based

dimension reduction method presented a better performance compared
to the LDA for our study. The best linear regression model based on the
information of fNIRS signal and PCA algorithm is according to (9),
which was trained on 11 subjects.

× + × +PC PC0.39 0.55 113.282 3 (9)

where, PC2, and PC3 represent the second and third principal compo-
nents resulted from performing PCA algorithm on the original fNIRS
features.

The results of the IQ estimation procedure for PCA-LR and PCA-ε-
SVR models (with leave-one-out approach) are shown in Table 2 and
Table 3, respectively.

The simultaneous use of EEG and fNIRS features resulted in 3.093%
and 3.119% relative error for the LR and ε-SVR methods, respectively;
however, the error of the IQ estimation of 11 subjects was increased to
3.749% and 3.690% in the LR- and ε-SVR-based regression models,
when we used the fNIRS features for the IQ prediction. Therefore, the
use of a combination of selected EEG and fNIRS features yields a better
performance for the IQ estimation compared to only fNIRS features.

4. Discussion

The current study indicated that the information extracted from the
fNIRS and EEG data was valuable for predicting the IQ of individuals.
Due to the small-sample-size and high-dimension features, we applied
two dimensionality reduction methods including LDA and PCA to the
original feature space. Based on the results in Fig. 7, PCA algorithm had
a better performance compared to LDA for feature selection of this task.
According to Fig. 7, the performances of LR and ε-SVR methods were
similar. Here, the best models based on EEG-fNIRS and only fNIRS at-
tributes were obtained for ε-SVR and LR, respectively.

The simultaneous implementation of EEG and fNIRS imaging
modalities provided a 3.093% relative error in the IQ estimation of 11
subjects based on the leave-one-out approach. On the other hand, uti-
lization of the selected fNIRS features for the IQ estimation resulted in
3.690% relative error. Therefore, the EEG based features proved their
benefit as complementary attributes for the fNIRS data in the IQ esti-
mation task. Note that the noise and artifact reduction of EEG signal
and its processing are more complex and time-consuming than those of
fNIRS signal. Also, the simultaneous recording of two modalities (like
EEG and fNIRS) is more challenging and time-consuming, leading to a
limited dataset. Therefore, considering the small difference of errors
(Tables 2 and 3), the use of the fNIRS imaging modality alone in IQ
estimation facilitates the process of recording and reducing computa-
tional costs.

Previous works [2,13,61] have used 14-channel EEG and abbre-
viated 15-item version of Raven's test to study the brain dynamics and
identify the inter- and intra-individual variability in the way the brain
worked [13]. However, they did not use EEG information to estimate
the IQ value of the subjects. To the best of our knowledge, our study is
the first step in utilizing the EEG and fNIRS information to predict the
IQ value of individuals participating in the experiment.

5. Conclusion

To the best of our knowledge, prior studies have simply focused only
on clustering subjects into low- and high-intelligence groups with tests
lasting more than 10min. They also estimated the intelligence level of
subjects based on their answers to the intelligence test while recording
signals. However, their algorithms were unable to determine the IQ
value of subjects. In the present study, we filled these gaps through
simultaneous recording and processing of two modalities, i.e., EEG and
fNIRS, and revising the experimental paradigm. As we do not consider
any time limitation for answering each question, the stress of subjects
decreased significantly compared to that reported in the previous
works. Further, the real IQ of subjects was computed before the
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experiment; so, these values for IQ were more reliable than the IQ
calculation procedure during the experiment since the neural behavior
of the subjects was not affected by the signal recording and stressful
conditions.

Several models were extracted according to two subsets of features
including EEG-fNIRS and fNIRS information using various dimension-
ality reduction methods (i.e., PCA and LDA) and regression analysis
(i.e., LR and ε-SVR).

The best IQ determination models were obtained using the PCA

method. The performances of the best LR and ε-SVR-based models were
slightly different. The minimum relative error of EEG-fNIRS- and fNIRS-
based systems was achieved by 3.093% and 3.690% for ε-SVR and LR
regression models, respectively. Therefore, we preferred to use the
fNIRS-based model because of the lower cost and complexity of its
processing. Furthermore, 17 significant fNIRS channels were identified
using t-test. These channels were placed on the prefrontal, frontal, and
parietal lobes. Neuropsychological research also suggests that the pre-
frontal, frontal, and parietal lobes are very important in the cognitive
problem-solving process [1] and do not need conscious learning. The
findings of the present study also verified this theory.

In the future, we can improve this IQ estimation algorithm based on
fNIRS via increasing the number and variety of subjects, because re-
cording fNIRS signal is much simpler in the areas limited to the sig-
nificant channels compared to the EEG-fNIRS or EEG recording and
processing across the entire head.
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