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Abstract: Autism spectrum disorder (ASD) has been defined as a pervasive neurodevelopmental
disorder, involving communication, social interaction and repetitive behaviors. Currently, it is still
challenging to understand the differences of brain activity between ASD and healthy children. In this
study, we propose calculating the Rényi entropy of the eigenvalues derived from the signal correlation
matrix to measure the global synchronization in multichannel electroencephalograph (EEG) from
16 children with ASD (aged 8–12 years) and 16 age- and sex-matched healthy controls at the resting
state. The results indicate that there is a significantly diminished global synchronization from ASD to
healthy control. The proposed method can help to reveal the intrinsic characteristics of multichannel
EEG signals in children with ASD and aspects that distinguish them from healthy children.
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1. Introduction

Autistic spectrum disorders (ASD) have been defined as heterogeneous neurodevelopmental
disorders with some core characteristics that highlight social and communication impairments as well
as repetitive and restricted interests and behaviors [1,2]. The associated deficits include executive
function, language, emotional, and social function [3–5]. Moreover, individuals with ASD usually have
difficulties in perception and attention [6]. The above findings indicate widespread brain anomalies
in ASD.

EEG primarily measures postsynaptic brain activity directly in the neocortex [7], which can resolve
neurophysiological oscillations and dynamics on the millisecond scale. Many studies investigated EEG
patterns to understand the presumed mechanisms underlying neurodevelopmental disorders, such as
disruption of the excitatory/inhibitory balance of neural activity [8]. Some studies employing spectral
analysis of the EEG signals of ASD reveals that a U-shaped profile of EEG power alterations abnormally
increase the power in the low-frequencies, in range of delta and theta, and high-frequencies, in range
of beta and gamma, and the power in the alpha band is abnormally reduced [9,10]. ASD subjects
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have significantly greater relative power in the theta and beta frequency range in frontal region while
they have reduced alpha power in frontal and posterior region [11]. In the sleep analysis of ASD,
the ASD group has lower absolute beta amplitude during REM sleep and higher absolute theta spectral
amplitude during evening wakefulness [12]. These studies have demonstrated that neural oscillations
are abnormal in ASD.

Additionally, in many neurological studies, synchronization refers to a greatly important
mechanism which can help to describe information processing for a typical or atypical brain [13–16].
Usually, the neural signals in different brain areas were recorded by employing multiple electrodes
simultaneously. Functional connectivity between different brain regions was also assessed.
Some neuronal network studies showed short-range hyper-connectivity between intra-hemispheres
and long-range hypo-connectivity between two hemispheres and cortex in children with ASD [17–19].
Ghanbari et al. [10] employed the synchronization likelihood to access functional connectivity, and they
found there is increased short-range connectivity in ASD in the frontal lobe in the range of delta and
long-range connectivity in the alpha band. There is much evidence that has suggested abnormalities
in the synchronized oscillatory activity of neurons.

Currently, an increasing amount of evidence, from physiological and electrophysiological studies,
has proven that abnormalities in the synchronous oscillatory activity of neurons may dominate in the
pathophysiology of brain disorder [15,16,20,21], and these will be reflected in EEG signals. Therefore,
to evaluate the cooperation strength between neurons or cortical networks, a common approach
is to measure them from EEG signals. To this end, bivariate measures have been widely used in
many studies. These measures involve cross-correlation, coherence, mutual information, and phase
synchronization in neural signals that demonstrate abnormalities of synchronization in different brain
region [22,23]. Notably, these mentioned bivariate approaches fail to imply the global synchronization
of multivariate neural signals [24]. Considering multivariate property of multichannel signals in
the time domain, an issue to infer cooperation among them has gained considerable attention and
correspondingly. Novel indices have been proposed to address this [25,26].

In the study of coupled systems, cross-correlation is a classical way to explore the interdependencies
between two signals. For the multichannel EEG signals, cross-correlation has been used, and the
corresponding index is generally calculated using the Shannon entropy of the eigenvalues of the
signal correlation matrix [27]. Recently, Righero proposed a new cross-correlation index employing the
Rènyi entropy of the eigenvalues of the correlation matrix and an optimization were performed [25].
This extension from Shannon entropy to Rényi entropy and the optimization processing provide a
better way to use the information conveyed in the correlation matrix, especially for a small number of
signals. In view of this point, it can be also used to estimate the synchronization among multichannel
EEG signals and characterize the changes in global synchronization in different brain disorders.
Following the Rènyi entropy methodology [25], this paper focuses on revealing the differences of
global synchronization between children with ASD and healthy subjects through resting-state EEG.

2. Materials and Methods

2.1. Participants

Sixteen participants with ASD (age range 8–12 years) and 16 age- , sex- and IQ-matched typical
controls were recruited for this study. Diagnosis was done according to the Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition DSM-V. The IQ of all children were required to meet the
full scale IQ ≥ 75, which is assessed by the Wechsler Abbreviated Scale of Intelligence (WASI) [28].
This study was approved by the School of Psychology Research Ethics Committee at the University of
Beijing Normal University and all participants were given informed written consent.
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2.2. EEG Data Collection

Multichannel resting-state EEG signals were acquired with 128 Ag/AgCl electrodes (Electrical
Geodesics Inc., Eugene, OR, USA). Continuous EEG signals were amplified, digitized with a sampling
rate of 1000 Hz, and collected employing Net Amps 300 amplifier and Net Station 4.5.2 software
(Electrical Geodesics Inc., Eugene, OR, USA) on a Mac PC. Prior to recording, channel gains and zeros
were measured to provide an accurate scaling factor for the display of waveform data. The children’s
head size and Cz was measured and marked with a wax pencil to ensure the right size and accurate
placement of the net. Scalp impedances were checked online using Net Station (EGI, Inc.) to ensure the
scalp impedances below 50 KΩ. Data were referenced online to Cz. Ten minutes of “resting-state” open-eye
EEG were recorded while children were comfortably seated in on an armchair or on a caregiver’s lap in a
dimly lit room. According to the standard international 10–20 electrode placement, we selected 19 electrodes
(i.e., Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, T6, Fz, Cz, and Pz) for a more accurate result.

2.3. EEG Preprocessing

The recorded resting-state EEG signals were first filtered with a bandpass frequency band from
0.5 to 45 Hz [29]. Sensors were marked as bad channels when the sensors were above 50 KΩ or
recording segments exceeded a 200 µV threshold, and their corresponding data were interpolated from
the neighboring channels. Then, EEG data were cut into non-overlapping epochs of 4 s. An artifact
detection algorithm was used to select the segments without artifact including eye movements,
eye-blinks, power supply (50 Hz), breathing, muscle, abrupt slopes, and outlier values [30]. The epoch
was marked as an artifact and then was rejected if any of parameters calculated for each type of artifact
exceeded a threshold. Preprocessed signals were then visually inspected to reject those segments
containing ocular or muscle. The data were down-sampled to 250 Hz. Afterwards, the EEG signals from
ASD and control subjects were selected in this study. For each dataset, a total of 160 four-second 19-channel
EEG epochs from 16 children were extracted. There were altogether 320 artifact-free EEG epochs.

2.4. EEG Data Analysis

2.4.1. The Correlation Matrix Analysis and S-Estimator

Consider N sampled neuronal data (time-series), [s1(l), . . . ,sN(l)], with lε{1, 2, . . . , L}, where N and
l denote the channel number and the number of data points contained in time-window L, respectively.
Let P ∈ RN × N be the calculated correlation matrix whose elements Pij are represented as follows

Pij =
Cov

(
si, sj

)√
Cov(si, si)·Cov

(
sj, sj

) (1)

where Cov(·) denotes the covariance calculation function. Assuming {λ1, . . . , λN} are the eigenvalues
of P, the Shannon entropy measure of the eigenvalues distribution can be calculated as [31]

I = −∑N
n=1

λn

N
log
(

λn

N

)
(2)

Note that the above measure I is inversely related to the cooperation strength in multivariate
time-series and lies in the range of [0, log(N)]. In this study, we use the S estimator to evaluate
synchronization in multichannel EEG signals by using the distributions of the eigenvalues of the
covariance matrix P. We normalize and take the complement to 1, the normalized index S based on
S-estimator can be summarized as follows [25]:

S = 1− I/ log(N) (3)

This index S reflects the cooperation among the N sampled neuronal signals, i.e., [s1(l), . . . ,sN(l)].
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2.4.2. Rènyi Entropy and the Index Sα

The S index in Equation (3) is calculated by using the classic Shannon entropy of the eigenvalues
distribution of the correlation matrix P. In this study, instead of Shannon entropy, we use its
generalization version [32–35]. A new parameter α is introduced to provide a better way to obtain
an optimal index Sα. The Rényi entropy Iα to measure the distribution of the given eigenvalues of P,
which is defined as follows:

Iα =
1

1− α
log
(

∑N
n=1

(
λn

N

)α)
(4)

Obviously, when the order α goes to 1, the Rényi entropy Iα converges to the Shannon entropy I
defined in Equation (2). Similarly, the quantity Iα is also inversely related to the amount of cooperation
among the multivariate EEG time-series and ranges in [0, log(N)]. Accordingly, its normalized index
Sα can be calculated as follows [25]:

Sα = 1− Iα/ log(N) (5)

The order α provides the choices for different degree of freedom, thus allowing us to optimally
tune the index Sα.

2.4.3. Optimal Order α

As has been reported in [25], an optimized index S
−
α(N)(ρ, N) was calculated, where α(N) is

as follows:

α(N) =
argmin

α ∈ [0, 100](max
ρ∈[0,1]|S

α(ρ, N)− ρ|) (6)

where ρ ∈ [−1, 1] indicates the cross-correlation between two time series of s1(l) and s2(l). In general,
our goal is to obtain an optimal index that discerns among different cooperation strengths as much
as possible.

3. Results

We consider the value of maxρ∈[0,1]|Sα(ρ)− ρ| as a function of the order α and find the optimized
index. As shown in Figure 1, the circle indicates the minimum when α changes from 0 to 100 with
0.01 as the increment. When taking the optimized order α as 1.79 (α = 1.79), the optimized index can
achieve good performance.
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Figure 2A shows an example of 19-channel selected EEG data of a child with ASD with a 4-s period
after preprocessing. Figure 2D shows an example of 19-channel selected EEG data of a healthy child
with a four-second period after preprocessing. To measure and compare the global synchronization of
multichannel EEG, we perform the correlation matrix analysis on 19-channel EEG data from subjects
with ASD and healthy control subjects, respectively. The correlation matrix results for ASD subjects and
healthy control subjects are shown in Figure 2B,E, respectively. Then, their corresponding eigenvalues
are computed to show different correlation structures of EEG signals between ASD and healthy
controls, and the results are given in Figure 2C,F respectively.
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Figure 2. Examples of multichannel electroencephalograph (EEG) analysis. (A) The multichannel
EEG epochs; (B) its corresponding correlation matrix based on S estimator and (C) its eigenvalues
distribution for autism spectrum disorder (ASD) subject; (D) The multichannel EEG epochs; (E) its
correlation matrix based on S estimator and (F) its eigenvalues distribution for controls subject.
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From Figure 2B,E, the correlation matrix reveals increasing synchronization activities in ASD than
healthy control. The results shown in Figure 2C,F reveal that the maximal eigenvalues in ASD are
higher than those in healthy controls. The maximal eigenvalue of correlation matrix of EEG of ASD
group is 9.0376, while the maximal eigenvalue of healthy controls is 6.0938.

The Rényi entropy and Shannon entropy results for all the 160 EEG epochs between ASD and
control groups are shown in Figure 3A,B, respectively. In both figures, each box shows the interquartile
range containing 50% of values with a line denoting the median. The whiskers presents the overall
data range. The averaged Rényi entropy values for the EEG epochs were averaged by 0.5460 ± 0.0571
and 0.4994 ± 0.0580 (mean ± SD) in ASD and Control subjects, respectively. The averaged Shannon
entropy values for the EEG epochs were averaged by 0.4135± 0.0554 and 0.3710± 0.0542 (mean ± SD)
in ASD and Control subjects, respectively. According to the statistical analysis, the t-test of Rényi
entropy shows that synchronization activities of ASD significantly increases than in healthy control
(p = 3.2894 × 10−12). The t-test of Shannon entropy shows that synchronization activities of ASD
significantly increases than in healthy control (p = 2.2836 × 10−11). Both of the Rényi entropy and
Shannon results reveal increasing synchronization activities in ASD than in healthy control. Moreover,
the Rényi entropy possesses high distinguishing degree.
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Figure 3. Boxplots for all the 160 EEG epochs with ASD and control subjects using (A) Rényi entropy
and (B) Shannon entropy. Each box gives the interquartile range containing 50% of values with a red
line denoting the median. The whiskers present the overall range of the considered data.

4. Discussion

Atypical functional connectivity features have been considerably investigated as a primary deficit
in individuals with ASD. EEG is an appropriate tool because of its high temporal resolution for
exploring the deficient dynamics and functional connectivity of neuronal networks in brain disorders.
To our best knowledge, this study is the first attempt to employ the S estimator to process multichannel
EEG signals for better understanding the changes of global synchronization in ASD.

Results in this study showed that a significant increase of global synchronization in EEG with ASD
can be observed. Teipel et al. showed that there was a correlation between alpha EEG coherence and
the structural integrity of white matter in the studies for adult [36]. The increases in white matter in
individuals with ASD tend to reduce in toddlerhood [37] or later childhood [38], thus finally resulting
in predominantly hypo-connectivity between cortical areas in adults with ASD [38].

Results in this study were consistent with Chan et al. [39]. Chan et al. showed that the EEG
coherence was statistically elevated during the memory tasks. Moreover, the increased theta coherence
was correlated with the lower performance of the memories in ASD.
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The study results in [40] suggested that, for adults with ASD, local hyper-connectivity in the
frontal area appeared with long-range hypo-connectivity. The abnormal connectivity appeared in in
ASD may be due to a primary imbalance between excitation/inhibition (E/I) ratio [41]. Therefore, the
hyper-connectivity observed in ASD possibly results from their elevated E/I ratio.

More and more evidence suggests that there are abnormalities in the synchronized oscillatory
activity of neurons in ASD. Bagherzadeh et al. employed the cross-approximate entropy to investigate
EEG signals synchronization of autism children [42]. They have demonstrated that there is more
synchrony in pairs of sensors at alpha band in children with ASD. Some studies have attributed
excessive short-range connectivity to increased density of cortical mini-columns [43] and increasing
white matter in many regions of the cortex, including frontal, temporal and parietal [44].

In summary, the S estimator approach is employed to describe the changes in global
synchronization of multichannel EEG signals of children with ASD in this study. We used an improved
version of a cooperation index as S estimator, which is based on Rényi entropy, a generalization
version of classic Shannon entropy, and an optimization step to quantitatively measure the global
synchronization of multi-channel EEG both in children with ASD and healthy children. According to
t-test results on Rényi entropy and Shannon entropy as described above, both Rényi entropy and
Shannon entropy in children with ASD are higher than normal development children, and the index
Sα could indeed handle multivariate EEG signals for overall integration function of the brain.

In conclusion, our findings in this study described more global synchrony in children with ASD,
which confirms that there are abnormalities in brain synchronization. In addition, the proposed method
may offer insight into a more mechanistic understanding of autism, and may serve as a potential
biomarker for diagnosis and treatment response of ASD.
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