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Background: Early diagnosis of autism spectrum disorder (ASD) is essential because the 
challenges that ASD children and their parents face will be managed better by developmental and 
behavioral intervention at earlier ages.

Objectives: This study aims to diagnose ASD based on electroencephalography (EEG) with the 
help of an artificial neural network (ANN).

Materials & Methods: The statistical population includes all girls and boys aged 3 to 7 years 
referred to child psychiatry and neurodevelopmental centers in Mashhad City, Iran. A total of 34 
children with ASD (5 girls and 29 boys) and 11 children without any neurodevelopmental disorders 
(8 girls and 3 boys) participated in this study. EEG signals were recorded through C3 and C4 channels 
based on the standard 10-20 system. With the help of programming codes, the absolute power of 
the frequency bands (delta, theta, alpha, mu rhythm, beta, and gamma) was extracted from the brain 
signals of the samples.

Results: This study showed a significant difference in mu rhythm between the two groups. The 
classification result based on discriminant function analysis in two groups gave a sensitivity of 
67.6% in the third stage of EEG recording. Seven band frequencies were used as features for 
ANN inputs. The results indicated that the radial basis function network with 402 neurons in the 
hidden layer accurately diagnosed and classified the EEG signals of ASD children from non-
neurodevelopmental children (mean square error=1.22325e-5).

Conclusion: It can be concluded that band frequencies are notable features in diagnosing ASD. 
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Introduction

ince 2013, autism spectrum disorder 
(ASD) has been classified as a neurode-
velopmental disorder in the diagnostic 
and statistical manual of mental disorders, 
5th Edition [1]. Even though ASD is as-

sociated with nervous system dysfunction, it is solely 
diagnosed based on clinical interviews and observation. 
For many years, specialists have benefited from electro-
encephalography (EEG) to study the brain structure of 
individuals. EEG is a noninvasive measure used to ex-
amine the macroscopic neuronal circuit’s functionality 
and maturation, prompting an assessment of brain activi-
ties such as rhythms and dynamics [2]. Displaying brain 
waves in every lobe, EEG provides valuable information 
to gain proper knowledge of brain function, adequately 
recognize disorders, diagnose deficiencies, and develop 
therapeutic protocols. In recent years, EEG and artificial 
neural networks (ANN) have been among the most em-
ployed frameworks in artificial intelligence and have as-
sisted specialists in reaching more accurate diagnoses. 
Various disorders, especially neurodevelopmental ones, 
can be investigated, identified, and diagnosed by EEG 
and ANN. The complementary properties of these two 
approaches assist us in recognizing and diagnosing ASD 
thoroughly and promptly. 

Today, computer-aided diagnosis is extensively em-
ployed by specialists and physicians. Typically, these 
systems cannot be applied alone, but their assistance 
makes specialists reach diagnoses more accurately and 
faster [3]. EEG and Machine learning (ML) are the most 
applied tools for diagnosing and categorizing neurode-
velopmental disorders [4-6].

EEG is a widespread, low-cost, and noninvasive 
method used for diagnosing mental disorders [2, 7, 8]. 
Numerous studies have recently revealed that the brain 
signals of individuals with ASD are significantly differ-
ent from those without this disorder [9, 10]. It has been 
reported that the brain signals of individuals with ASD 
are 81% different from their normal peers; these differ-
ences can be used for classification and diagnosis [11]. 
Differences related to brain signals have been observed 
in the prefrontal (Fp1 & Fp2), left temporal (T7), and oc-
cipital regions (O1 & O2) [12]. Generally, the sources of 
generating brain signals in people without autism inter-
act in groups in different areas. However, in people with 
autism, this coherence of resources in generating brain 
signals is less. Also, these differences are primarily ob-
served in the left hemisphere of people with ASD [13].

ANNs are modeled after the brain network. These net-
works employ nonlinear and complex inputs to solve 
problems and reach output responses [14]. Today, ANNs 
are applied for medical purposes due to their diverse 
uses and capacities to categorize voluminous data quick-
ly [15]. ANN can assist with differentiating the signals 
of individuals with and without ASD [12, 16]. The ac-
curacy and validity of these networks in ASD diagnosis 
have been well confirmed despite some limitations (age, 
gender, and so on) [17-19]. 

Recent studies indicate that with the help of EEG and 
ANN, it is possible to predict ASD with high accuracy 
even at three months old [5]. High precision and speed, 
ease of use, and non-invasiveness are among the features 
of these methods. In addition, the originality of these 
tools has provided researchers with many research fields 
[3, 20, 21]. In many types of research areas, the use of 
these tools in determining the difference between the 
brain signals of people with autism and those without au-

S

Highlights 

• This study aims to diagnose spectrum disorder (ASD) based on quantitative electroencephalography and with the 
help of the artificial neural network.

• There is a considerable difference between children with autism and their normal peers regarding their mean 
absolute powers of the mu rhythm.

• The designed algorithm in this research can distinguish children with autism from their normal peers despite some 
limitations concerning the number of samples.

• Considering the neuro-developmental problems that ASD causes for children, it is crucial to diagnose ASD as soon 
as possible to implement the subsequent interventions.
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tism in the early ages of birth has been confirmed [3, 5, 
21]. Still, there is no accurate and targeted study in diag-
nosing this disorder using the combination of ANN and 
EEG. In the latest studies, the presence of biomarkers in 
the brain signal of people with ASD has been confirmed 
[5]. However, a distinctive marker that helps us in the 
early diagnosis of this disorder has not yet been verified.

Since the diagnosis of a disorder at an appropriate 
time provides the utmost chance for treating or control-
ling a specific condition or disorder, an early diagnosis 
of ASD will improve the performance and adjustment 
of individuals with ASD in the future. The growing 
number of individuals with ASD has drawn the atten-
tion of researchers to study and examine it as one of the 
most prevalent disorders in children and adolescents 
in recent decades. Thanks to the advancement of di-
agnostic tools, it is now possible to diagnose ASD in 
the initial years of life and thus considerably impact 
the controlling process. Also, with the limited scope of 
research about using artificial neural networks in diag-
nosing ASD based on EEG in Iran, the novelty of this 
diagnostic approach in neuroscience is essential. The 
present study aimed to diagnose ASD using ANN and 
brain signals recorded by an EEG.

Materials and Methods 

Study participants 

In this study, the brain signals of 45 children were re-
corded: 34 children with ASD and 11 children without 
neurodevelopmental disorders aged 3-7 years old. They 
were all referring to the neurodevelopmental centers 
in Mashhad City, Iran. The disorder was clinically di-
agnosed according to the DSM-5 by child psychology 
specialists and child neurologists. Considering the age 
symptoms onset of ASD (2.5-3 years) and the lack of 
diagnosis of ASD until the age of preschool (6-7 years) 
in Iran, the age range of 3 to 7 years has been determined 
as the entry criteria for participants in this study. This 
study used subjects who met all these conditions. In the 
autism group, the children had ASD diagnoses based on 
DSM-5 criteria and experts’ approval, aged 3-7 years, 
with parents’ consent to participate in the research. In 
the control group, children had no neurodevelopmental 
disorder (NDD), aged 3-7 years, with the permission of 
the children’s parents to participate in this research. The 
exclusion criterion for the ASD group was the diagnosis 
of comorbid disorder with autism. For the control group, 
the exclusion criterion was a lack of parental consent 
regarding the child’s participation in this research.

Electroencephalogram (EEG)

EEG records the electrical activity of brain neurons. 
EEG is typically utilized to assess the performance of 
different brain parts. The C3 and C4 electrodes, posi-
tioned in the brain’s central region, were employed for 
this study. These electrodes were chosen because numer-
ous studies have reported that children with ASD have 
issues in their amygdala. Dysfunction of the amygdala 
causes turmoil in the child’s visual and auditory system, 
culminating in the failure to interact socially through eye 
contact, analyze facial expressions, grasp the person’s 
condition psychologically, and develop empathy in re-
lationships [22]. Positioning electrodes in the central 
region is close to the amygdala. Also, placing electrodes 
in the central region reduces their noise and prevents 
them from falling unexpectedly. Some children with 
ASD have tribulation to deal with sensory processing 
information. Repetitive movements, resistance to touch, 
and hyperacusis are the most common symptoms. Such 
behaviors are additionally named sensory integration 
disorder. As a result, we utilized electrodes in the central 
regions rather than a cap [23-25]. This study recorded 
brain signals operating two electrodes with a sampling 
frequency of 256 Hz positioned in the central region 
based on the standard 10-20 system.

Artificial neural network (ANN)

ANN is a network of simple neurons that receive in-
puts and deliver outputs based on their predefined ac-
tivation functions. ANN is formed by connecting the 
output of some neurons directly to the input of some 
other neurons. The weights and functions that compute 
activation are modified through learning and handled 
by a learning algorithm [26]. The radial basis function 
network (RBFN) was employed in this study. RBFN 
can discriminate and categorize the two groups under 
concern in the case of the lack of data and when the data 
of the two groups do not match. RBFN is a type of feed-
forward neural network. In RBFN, activator functions 
are Gaussian [27]. In this study, all coding was done in 
MATLAB.

Study procedures

Signals were recorded in a small acoustic room with a 
voice and image control capacity without environmen-
tal noises. The children were sitting on a chair facing a 
monitor. After placing the electrodes on their heads, the 
brain signals were recorded for 1 minute (the baseline 
stage). One day before their reference, the children’s 
parents were asked about their children’s favorite ani-
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mations. After the baseline stage, signals were recorded 
for 5 minutes while the children watched the animations 
(the with-voice stage). Then, the animation voice was 
muted when the children’s attention was engrossed in the 
animations. The children’s brain signals were recorded 
for 5 minutes while watching voiceless animations (the 
without-voice stage). The sampling frequency equaled 
256 Hz in the three recording conditions. It is worth 
mentioning that the parents of all children had completed 
the informed consent forms. 

The second step aimed to diagnose ASD based on the 
EEG indices and compare the brain signals of children 
with and without ASD, and constituted the main study 
of this research. In this study, all data were investigated 
by the EEGLAB plugin in MATLAB software after be-
ing sorted. Moreover, as much as possible, the software 
removed apparent noises and muscle artifacts from this 
experiment. Then, the brain signals were reanalyzed and 
reinvestigated. With the help of programming codes, the 
absolute power of the frequency bands (delta [<4 Hz], 
theta [4-7 Hz], alpha [8-12.5 Hz], mu rhythm [7-10 Hz], 
beta [13-30 Hz], and gamma [30-48 Hz (low) & 60-100 
Hz (high)]) was extracted from the brain signals of the 
samples. This stage aimed to compare the brain signals 
of children with ASD and children without any NDD re-
garding the absolute power of the frequency bands and 
run a pairwise comparison between the absolute pow-
ers of the frequency bands in these two groups. These 
comparisons were attained through multivariate analysis 
of covariance (MANCOVA) and discriminant function 
analysis (DFA). 

Next, the absolute power of the frequency bands was 
applied as the input of the ANN, which produced ap-
propriate output accordingly. In this stage, a radial ba-
sis function network was employed as the neural net-
work for classification. This network was used due to 
the small number of children without any NDD and the 
disproportionateness of samples between the two groups 
(11 children in the control group vs 34 children in the 
ASD group). In the training phase of the ANN, all 45 
samples were used to train the ANN with the radial basis 
function (RBF) algorithm. The network test phase was 
also run on the same 45 samples. The designed neural 
network algorithm possessed seven inputs (the absolute 
power of the frequency bands), and there was an output 
per input. The neural network output should diagnose if 
the child has ASD based on the absolute power of the 
frequency bands. All algorithms were implemented in 
MATLAB (Figure 1).

 

Results

The statistical sample includes 34 children with ASD 
and 11 children without NDD as a control group. In 
terms of gender distribution, there were 13 girls (5 girls 
with ASD and 8 girls without NDD) and 32 boys (29 
children with ASD and 3 children without NDD). Data 
analysis was conducted using descriptive statistics such 
as percentage, frequency, and Mean±SD. The Shapiro-
Wilk test was used to assess the data normality, and Lev-
ene’s test for homogeneity of variance. The absence of 
auto-correlation and multicollinearity was evaluated and 
confirmed. We run the analyses using IBM SPSS soft-
ware, version 24, at a significance level of P<0.05. In 
this section, the findings of the MANCOVA are first re-
ported for each channel and at each stage of brain signal 
recording. Then, graphs are drawn to report each chan-
nel’s findings by the frequency bands’ absolute power. 
To eliminate the effect of the gender variable, it was con-
sidered a covariate in MANCOVA. 

The results of the MANCOVA test concerning the two 
brain signal recording stages revealed a significant dif-
ference between the children with ASD and those with-
out any NDD in their mu rhythm frequency bands of 
the left (C3) and right (C4) hemispheres (P<0.05) (Table 
1). The MANCOVA results vividly showed a signifi-
cant difference between the mean absolute power of the 
mu rhythm frequency bands of the children with ASD 
(Mean±SD 4.494±2.680 Hz) and children without NDD 
(Mean±SD 6.754±2.226 Hz) in the without-voice EEG 
stage of the left hemisphere (Table 1). There was also a 
difference in the mean absolute power of the mu rhythm 
frequency bands of the children with ASD (Mean±SD 
4.464±2.290 Hz) and their normal peers (Mean±SD 
6.515±3.412 Hz) in the without-voice EEG stage of the 
right hemisphere (Table 2). However, the children with 
ASD (Mean±SD 4.499±2.280 Hz) and those without 
ASD (Mean±SD 6.759±2.226 Hz) were only different 
in the with-voice EEG stage of their right hemispheres 
(Table 3). The MANCOVA results showed no statisti-
cal significance in other band frequencies (delta, theta, 
alpha, beta, gamma; P>0.05).

Table 4 presents the results of DFA classification in 
different stages (baseline, with and without voice). In 
the baseline EEG stage, DFA results, based on the fre-
quency bands extracted from the brain signals of these 
children, revealed sensitivities of 44.1% for children 
without NDD, 55.9% for children with ASD, and 55.6% 
for separating both groups of children. In the with-voice 
signal recording stage, the results show sensitivities of 
54.4% for children without NDD, 70.6% for children 
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with ASD, and 66.7% for separating the children in both 
groups. During the without-voice EEG stage, the find-
ings display sensitivities of 63.6% for children without 
NDD, 70.6% for children with ASD, and 67.6% for sep-
arating both groups of children from each other. 

In the diagnosis stage, the designed neural network al-
gorithm possesses seven inputs (the absolute powers of 
the frequency bands), and an output exists per input. If 
the post-training output of the neural network was <0.5 
during the testing of the samples, the considered child 
is classified into the children without NDD group. Oth-
erwise, the subject was classified into the ASD group 

Table 1. Multivariate analysis of covariance for the brain signal recorded through the C3 channel in the without-voice stage

Source Dependent Variables Type III Sum 
of Squares df Mean 

Square F Sig. Partial η2 Observed 
Power

Group

C4_Delta_WO 305.159 1 305.159 2.844 0.099 0.065 0.377

C4_Tetha_WO 5.309 1 5.309 0.171 0.682 0.004 0.069

C4_Alpha_WO 7.682 1 7.682 2.132 0.152 0.049 0.297

C4_MU_WO 13.792 1 13.792 3.444 0.071 0.077 0.441

C4_Beta_WO 0.523 1 0.523 5.779 0.021 0.124 0.651

C4_L_Gamma_WO 0.025 1 0.025 0.279 0.600 0.007 0.081

C4_H_Gamma_WO 0.002 1 0.002 0.548 0.463 0.013 0.112

Sex

C4_Delta_WO 57.838 1 57.838 0.539 0.467 0.013 0.111

C4_Tetha_WO 0.082 1 0.082 0.003 0.959 0.000 0.050

C4_Alpha_WO 0.132 1 0.132 0.037 0.849 0.001 0.054

C4_MU_WO 2.708 1 2.708 0.676 0.416 0.016 0.127

C4_Beta_WO 0.014 1 0.014 0.150 0.700 0.004 0.067

C4_L_Gamma_WO 0.032 1 0.032 0.361 0.551 0.009 0.090

C4_H_Gamma_WO 0.000 1 0.000 0.066 0.798 0.002 0.057

Figure 1. The signal recording procedure, administration design, and analysis of the qualitative EEG data

Abbreviations: EEG: Electroencephalography; DFA: Discriminant function analysis; ANN: Artificial neural network; RBF: Ra-
dial basis function; ASD: Autism spectrum disorder. 
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Table 3. Multivariate analysis of covariance for the brain signal recorded through the C4 channel in the with-voice stage

Source Dependent Variable Type III Sum of 
Squares df Mean 

Square F Sig. Partial η2 Observed 
Power

Group

C4_Delta_W 13.003 1 13.003 0.160 0.691 0.004 0.068

C4_Tetha_W 0.236 1 0.236 0.011 0.918 0.000 0.051

C4_Alpha_W 6.426 1 6.426 2.546 0.118 0.058 0.344

C4_MU_W 33.590 1 33.590 3.807 0.058 0.085 0.478

C4_Beta_W 0.603 1 0.603 0.510 0.479 0.012 0.107

C4_L_Gamma_W 0.038 1 0.038 0.140 0.711 0.003 0.065

C4_H_Gamma_W 0.002 1 0.002 0.229 0.635 0.006 0.075

Sex

C4_Delta_W 15.122 1 15.122 0.186 0.668 0.005 0.071

C4_Tetha_W 0.530 1 0.530 0.024 0.877 0.001 0.053

C4_Alpha_W 0.310 1 0.310 0.123 0.728 0.003 0.064

C4_MU_W 1.029 1 1.029 0.117 0.734 0.003 0.063

C4_Beta_W 0.255 1 0.255 0.215 0.645 0.005 0.074

C4_L_Gamma_W 0.160 1 0.160 0.591 0.447 0.014 0.117

C4_H_Gamma_W 0.002 1 0.002 0.284 0.597 0.007 0.082

Table 2. Multivariate analysis of covariance for the brain signal recorded through the C4 channel in the without-voice stage

Source Dependent Variables Type III Sum 
of Squares df Mean 

Square F Sig. Partial η2 Observed 
Power

Group

C3_Delta_WO 137.425 1 137.425 1.081 0.304 0.026 0.174

C3_Tetha_WO 9.193 1 9.193 0.268 0.608 0.006 0.080

C3_Alpha_WO 12.816 1 12.816 2.818 0.101 0.064 0.374

C3_MU_WO 42.072 1 42.072 8.299 0.006 0.168 0.803

C3_Beta_WO 0.529 1 0.529 0.413 0.524 0.010 0.096

C3_L_Gamma_WO 0.049 1 0.049 0.368 0.547 0.009 0.091

C3_H_Gamma_WO 0.003 1 0.003 0.699 0.408 0.017 0.129

Sex

C3_Delta_WO 108.809 1 108.809 0.856 0.360 0.020 0.148

C3_Tetha_WO 13.233 1 13.233 0.386 0.538 0.009 0.093

C3_Alpha_WO 0.102 1 0.102 0.022 0.882 0.001 0.052

C3_MU_WO 12.008 1 12.008 2.369 0.131 0.055 0.324

C3_Beta_WO 0.053 1 0.053 0.041 0.840 0.001 0.054

C3_L_Gamma_WO 0.013 1 0.013 0.096 0.758 0.002 0.061

C3_H_Gamma_WO 0.001 1 0.001 0.189 0.666 0.005 0.071
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(Figure 2). The algorithm of the radial basis function 
network, designed and trained for 45 samples (34 brain 
signals of children with ASD and 11 brain signals of 
children without NDD), with 40±2 neurons in the hid-
den layer and a mean square error (MSE) of 1.22325e-5 
can classify and differentiate the brain signals of children 
with ASD from children without NDD (Figure 3). 

Blue circles are ASD samples, red circles are non-
ASD samples, and stars show the RBF output. The de-
signed RBF accurately recognized the targets as the yel-
low stars, the ASD signal, which precisely fit into blue 
circles, and green stars, which are the non-ASD signal, 
which fit into red circles.

Table 4. Discriminant function analysis classification results in baseline stage, with and without voice stage

Stage Frequency of Observed Cases Group
Predicted Group Membership

Total
Normal ASD

Ba
se

lin
e 

st
ag

e

Original

Count
Normal 10 1 11

ASD 8 26 34

%
Normal 90.9 9.1 100.0

ASD 23.5 76.5 100.0

Cross-validated

Count
Normal 6 5 11

ASD 15 19 34

%
Normal 54.5 45.5 100.0

ASD 44.1 55.9 100.0

W
ith

-v
oi

ce
 st

ag
e

Original

Count
Normal 8 3 11

ASD 6 28 34

%
Normal 72.7 27.3 100.0

ASD 17.6 82.4 100.0

Cross-validated

Count
Normal 6 5 11

ASD 10 24 34

%
Normal 54.5 45.5 100.0

ASD 29.4 70.6 100.0

W
ith

ou
t-v

oi
ce

 st
ag

e

Original

Count
Normal 8 3 11

ASD 4 30 34

%
Normal 72.7 27.3 100.0

ASD 11.8 88.2 100.0

Cross-validated

Count
Normal 7 4 11

ASD 11 23 34

%
Normal 63.6 36.4 100.0

ASD 32.4 67.6 100.0
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Figure 2. RBF classification output (only for delta, theta, alpha, and mu rhythm in C3 channel)

Figure 3. The relationship between the mean square error value and the number of neurons in the hidden layer in both channels
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Discussion

The present study aimed to diagnose ASD using brain 
signals and ANN. The MANCOVA and DFA results re-
vealed that the mean absolute power of the brain signal 
frequency bands was useful in determining the brain sig-
nal differences of these children and diagnosing ASD. 
The pairwise comparison of the differences between the 
frequency bands of the two groups revealed the signifi-
cance of the frequency bands in diagnosis. On the other 
hand, since qualitative EEG is the most applied and non-
invasive tool for diagnosis, the difference in the absolute 
power of these children’s brain signals can be an index 
for early diagnosis [1]

The concept of mirror neurons and their impact on 
imitating common actions justify the deficiency in social 
relations in children with ASD. So, the effects of the mu 
rhythm frequency band on this phenomenon have also 
been reported in Oberman’s [28] and Bernier’s [29] stud-
ies. Oberman conducted a study on 66 individuals with 
ASD and 51 normal persons without neurodevelopmen-
tal disorders in the age range of 6-17 years. They showed 
that the mu rhythm frequency bands were weakened and 
suppressed in individuals with ASD and significantly 
different from normal individuals without NDD. Bernier 
studied 14 children with ASD and 15 children without 
NDD. Their results revealed that the EEG mu rhythm 
of the children with ASD was reduced when observing 
an imitative task. This research also disclosed a consid-
erable difference between children with ASD and their 
normal peers in their mean absolute powers of the mu 
rhythm in both channels but only in with- and without-
voice stages. 

As one of the notable features of ANN, the algorithm 
designed in this research can distinguish children with 
ASD from their normal peers despite some limitations 
concerning the number of samples. The present research 
results and other corresponding studies yield well-docu-
mented reasons for applying computer-assisted tools for 
children’s early diagnosis and classification of ASD. 

Conclusion

The sample limitations and the inequality of the par-
ticipants in the two groups were the limitations of this 
research, considerably impacting the outputs of the sta-
tistical and DFA analyses. Although there are some rea-
sons for employing the C3 and C4 channels in recording 
brain signals, they do not seem to be the most optimal 
channels for recording the brain signals of children with 
ASD. Furthermore, this research finding and other stud-

ies show that signal recording at rest time or, according 
to the data of this research, at the baseline stage is suf-
ficient for diagnosing ASD based on frequency bands. 
It is better to record brain signals in a single stage. So, 
the output is a clean signal with minimum artifacts and 
noises with precision. It is suggested that future studies 
attend to the limitations of this research and take steps 
for their removal to raise generalizability and approval 
in clinical environments. Therefore, the results can pave 
the way for the early diagnosis of ASD and the applica-
tion of computer-assisted tools in clinical environments. 
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