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Abstract. Asymmetry and symmetry coexist in natural and human processes, and the

1. Introduction

a more precise meaning of mathematical balance such
as when one shape becomes exactly like another if it is
ipped (\mirror" symmetry), slid, or turned. Over the
time, symmetry came to be de ned when this internal
identity could be demonstrated according to the rules
of a formal system [1,2]. A mathematical object
is symmetric with respect to a given mathematical
operation if this operation preserves some properties
of the object, when applied to the object. The most
unique aspect in human brain organization is asymmetry based on which brain hemispheres nearly have
separate functions and structures. Brain hemispheric
asymmetry might vary regarding di erent reasons [3].

Autism spectrum
disorder;
Poincare section;
Hemispheric
asymmetry;
Information.

interaction of asymmetric action (recursion) and symmetric opposition (sinusoidal waves)
is instrumental in generating creative features. Autism Spectrum Disorder (ASD) is a
disorder in which asymmetry and functionality of brain hemispheres are a ected. In this
study, di erence in brain asymmetry in ASD and normal children and the e ect of voice on
asymmetry are being investigated. Due to abnormal cortical voice processing in ASD, data
recording is done in two situations: animation with audio (V-A) for 5 minutes and watching
the animation with muted audio band (VwA). Two Indexes Divergence (D) and number of
Poincare section points further from threshold (HD) as new biomarkers are being extracted.
Hemispheric asymmetry in ASD children does not follow norm patterns, and H and HD
indexes con rm a disorder in hemisphere's functionality in all statistical tests which can be
globally unveiled with Poincare section and extracted information. Two remarkable features
of the presented method are: data recording protocol specialized for ASD children and new
practical time-series analysis for detecting episodic patterns (complexes) as hallmark of
ASD dynamic and arrangement as an empirical measure of nonrandom complexity. The
presented method could detect these complexes.
© 2017 Sharif University of Technology. All rights reserved.

The term symmetry originally means a sense of harmonious, aesthetically pleasing proportionality that
embodies beauty. Soon, the term symmetry acquired
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Autism is a disorder which might a ect brain functions.
Autism is a neurodevelopmental disorder recognizable
with aws in social communications and interactions
and repetitive behavioral patterns, interests, and activities. The essential clinical features of autism spectrum disorder in Diagnostic and Statistical Manual of
Mental Disorders (DSM-5) are: persistent impairment
speci c to reciprocal social communication and social
interaction (Criterion A); restricted, repetitive patterns
of behavior, interests, or activities (Criterion B). These
symptoms are present as of early childhood and limit
or impair our everyday functioning (Criteria C and
D) [4]. These clinical presentations are mostly detected
in childhood; other behaviors are frequently found in
Autism Spectrum Disorders (ASDs) such as neophobia,
enhanced anxiety, abnormal pain sensitivity and eye
blink conditioning, disturbed sleep patterns, seizures,
and de cits in sensorimotor gating [5,6]. Recent epidemiologic studies have estimated the ASD prevalence
of 1 out of 68 children [7].
Numerous studies have shown that brain hemispheric asymmetry in ASD with regard to normal
people is entirely di erent. In this eld, widespread
studies have been carried out using EEG in which
di erent tools are applied to investigate asymmetry [814], and di erent indexes are introduced as biological
indexes, some of which are mentioned in Table 1.
Although it is precisely mentioned in some articles
that there has not been detected a biological index for
ASD disorder yet [15], it seems that non-globalism in
the results is abridged in non-globalism in tools. In
this research, another tool, named \Poincare section",
is implemented to extract biomarkers with the aim of
unveiling disorder in brain asymmetry of ASD cases, in
which globalism, holism, and cybernetic approach are
the main features. In the forthcoming sections, the results and conclusions are analyzed and preceded by introduction of the essence of Poincare section and its implementation in addition to signal recording protocol.

2. De nitions
Newton and Leibniz are the origin of dynamical system

theory and Poincare is the rst person who discover
a chaotic deterministic system. Newton and Leibniz
developed calculus to study celestial mechanics{the
motion of the stars and planets and Poincare solved,
three-body problem. At the heart of these theory
are di erential equations that express the temporal
dynamics of a system's state variables according to the
physical laws governing the system. Some de nitions
are as below


An nth-order autonomous continuous-time dynamical system is de ned by the state equation:
x_ = f (x);



x(t0 ) = x0 ;

n
where x_ := dx
dt , x(t) 2 R is the state at time t,
n
n
and f : R ! R is called the vector eld. Since
the vector eld does not depend on time, the initial
time may always be taken as t0 = 0;
An nth-order non-autonomous continuous-time dynamical system is de ned by the state equation:

x_ = f (x; t);



(1)

x(t0 ) = x0 :

(2)

For non-autonomous systems, the vector eld depends on time and, unlike the autonomous case, the
initial time cannot, in general, be set to 0. The
solution to Eq. (2) passing through x0 at time to
is denoted by 't (x0 ; y0 ). Dynamical system (2) is
linear if vector eld, f (x; t), is linear with respect to
x [16];
An nth-order time-periodic non-autonomous system
with period T can always be converted into an
(n + l)th-order autonomous system by appending
an extra state  := 2t=T . The autonomous system
is given by:
x_ = f (x; T=2)

x(t0 ) = x0 ;

_ = 2=T

(t0 ) = 2t0 =T:

(3)

Since f is time periodic with period T , System (3)
is periodic in  with period 2. Hence, the planes,

Table 1. Important indexes used as biomarker in ASD.
Biomarker

EEG complexity as a biomarker (multiscale entropy).
Higuchi's fractal dimension and Katz's fractal dimension.
Time and frequency domain and principal component analysis.
Spectral features.
EEG coherence for six frequency bands (delta, theta, alpha, sigma, beta, and total spectrum).
Power spectral.
EEG power and coherence.
Wavelet decomposition.
Mu rhythm investigation.
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i.e.  = 0 and = 2, may be identi ed and the state
space is transformed from Euclidean space Rn+1 to
cylindrical space Rn S 1 where S 1 := [0; 2) denotes
the circle.
The solution to Eq. (3) in the cylindrical state
space is:








x(t) = t (x0 ; t0 ) ;
(t)
2t=T mod2



(4)

where the modulo function restricts 0   <
2. Using this transformation, the theory of autonomous systems can be applied to time-periodic
non-autonomous systems [16];
A classical technique for analyzing dynamical systems is due to the issue of Poincare. It replaces the
ow of an nth-order continuous-time system with
an (n l)th-order discrete-time system called the
Poincare map. The de nition of the Poincare map
ensures that its limit sets correspond to those of
the underlying ow. The Poincare map's usefulness
lies in the reduction of order and the fact that it
bridges the gap between continuous- and discretetime systems.
The Poincare map of non-autonomous systems: Recall that a time-periodic nth-order nonautonomous system with minimum period T can
be transformed into an (n + l)th-order autonomous
system in cylindrical state space Rn  S 1 via eq.P(3).
Consider that n-dimensional hyper plane 2
Rn  S 1 is de ned by:
X

:= f(x; ) 2 Rn  S 1 :  = 0 g:

(5)

In every T second, Trajectory (4)Pintersects
S (FigP
ure 1). The resulting map PN : ! (Rn ???Rn )
is de ned by PN (x) := ;t0 +T (x; t0 ).

Figure 2. The Poincare map of a third-order autonomous
system [16].

PN is called the Poincare map of the nonautonomous system. Subscript N stands for nonautonomous and is used to distinguish this map from
the Poincare maps that are used with autonomous
systems.
The Poincare map of autonomous systems:
Consider an nth-order autonomous system with
limit cycle shown in Figure
2. Let x be a point on
P
the limit cycle and let be an (n 1)-dimensional
hyper plane transversal to TPat x . The trajectory
emanated from x will hit
at x in T seconds,
where T is the minimum period of the limit cycle.
Due to the continuity of 't with respect
to the initial
P
condition, trajectories starting on in a suciently

small neighborhood
T
P of x will, in approximately
 . Hence, 't
seconds,
intersect
in
the
vicinity
of
x
P
and Pde ne a mapping PA of some neighborhood
P
U 
of x onto another neighborhood V 
of x . PA is a Poincare map of the autonomous
system [16,17].

3. Materials and methods
3.1. Data

Figure 1. The Poincare map of a rst-order
non-autonomous system [16].

One of the main casualties in ASD children is the
fact that they do not cooperate in recording, and
that is why opened or even closed eye EEG recording
is rarely talked about. In this research, with the
close cooperation of Hedayate-noor autism center of
Mashhad and Ibne-Sina Hospital and Aren center, not
only are these casualties overcome, but also a new
protocol based on common shapes of children's brain
dynamics is presented.
In the present study, 60 ASD children (45 boys
and 5 girls from 3 to 11 years old) and 60 normal
children (50 boys and 10 girls from 3 to 11 years old)
are chosen; having lled the EEG recording protocol
form, they were diagnosed by an specialist based on
DSM5 criteria.
Data, in this research, are recorded by ProComp5
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In niti and EEG double channel recording on C3 and
C4 electrodes with sampling frequency of 256 Hz. Data
recording process consists of lling the questionnaire
by parents and recording in a sound room with two
channels (in C3 and C4 channels in 10-20 system). The
child is rst put in the sound room and EEG is recorded
for 2 minutes. Then, his/her favorite animation is
played for 5 minutes. Then, the same animation is
played without sound, and the kid pays full attention
to the screen in both cases.
Hence, in this process, there are three conditions in each case: base form (2 minutes), watching
the animation with audio (V-A) for 5 minutes, and
watching the animation with muted audio band (VwA)
for 5 minutes. It is worth mentioning that sound
room is an acoustic room without any environmental
noises with precise sound and voice control for children
empowerment in the center. C3 and C4 channels are
used for two reasons: clinical and technical (Figure 3).
The primary reason is the fact that installation of
the children from the middle of spectrum to the rest
with recording cap using plate-like electrodes (made
with gold and special jelly with temporary conductivity
and adhesion) is easy and quick; moreover, C3 and C4
in 10-20 systems have the most stability even in case
of head movement. The second reason is the former

studies based on the importance of mirror and MU
rhythm in ASD studies [10,18-24].
The core question of data recording is that CT
and MRI are both advanced neuroimaging tools. Why
do we still choose EEG in this research? Two main
reasons are:
1. It is important to note that in the living system,
global order or coherence must be sustained and
maintained over time, so CT and MRI are not good
choices for date recording for dynamical studies;
2. CT cannot represent adequate information even for
statistical analysis, but fMRI is better. However,
using fMRI is expensive and limited centers could
follow up on it, so using EEG is a sine qua non for
screening and investigating the studies.

3.2. Procedure

To extract information, instead of using methods based
on signal amplitude, an independent method from
amplitude and energy can be applied. In normal
quanti cations of QEEG, amplitude and signal energy
in di erent bands are solely considered, but to obtain
signal information, we have to look for transformations which take signal to information phase. In
this research, Poincare section is used for extracting
information from signal and new indexes are also
introduced for its quanti cation. In this section, rst,
we focus on how to implement Poincare section on EEG
signal, and then move on to the extracted features. In
terms of optimum feature investigation, to compare the
two groups of independent t-test, two channels in a
group of paired t-test and two channels in two groups
of Repeated Measures Analysis of Covariance are used;
Pearson test is also used to investigate the relation
between situations of with and without voice.

3.3. Poincare section

Figure 3. Location of electrodes in international 10-20

system; the used channels are shown with gray color and
red line and sound room.

Three general methods are used for Poincare section:
time sampling, sampling with regard to special events,
and geometrical methods. Time sampling, known as
stroboscopic, is mostly used in the study of autonomous
systems with a single alternating input [25]. Stroboscopic is known as the origin of Poincare section
in which the vantage point is the geometrical intersection with trajectories regardless of the sampling
time. Sampling with regard to special events mostly
reveals the peaks, such as the interval between two
heart beats. Geometrical section is a general method
and does not have a special application. Based on
Takens' theory, if time series of one of the outputs of
a set of di erential equations is available, by using it,
phase plane with a dimension twice as much as the
main phase state with the same basic features can be
reconstructed [26]. These basic characteristics include
dimension, Lyapunov exponents, and entropy [27]. The
min idea in phase space reconstruction and study of

Gh. Sadeghi Bajestani et al./Scientia Iranica, Transactions D: Computer Science & ... 24 (2017) 3257{3267

system's dynamics is to determine the present sample
from the former, and time series follows a di erential
equation or a recursive transformation [28,29]. To
reconstruct phase plane, knowing space dimension (m)
and delay ( ) is essential; hence, these values have to
be estimated [29]. Considerable point is the fact that
there exists more than one method for this purpose; for
instance, delay can be estimated with correlation dimension and mutual information [30]. To estimate the
correlation dimension, Higuchi [31] and False Nearest
Neighbor (FNN) can be used [32]. Auto-correlation or
mutual information are de ned with random signals,
and they are used to estimate the state of dynamical
signals that variables in each moment are generated
from the previous moment, which is notable [33,34].
In addition, reconstructed phase plane is sensitive
to delay and reconstruction dimension, while estimated
values, using di erent methods, are considerably different. Moreover, most of the times, the estimated
dimension is more than 3, and it is shown in 2 or 3
dimensions due to practical reasons [35,36]; in fact, the
estimated reconstructed dimension is left useless [36].
Another considerable point is the fact that in
the reconstructed space [37], the limits of all variables
are the same as those of the used variable. In [38],
EEG is presented in two dimensions with di erent reconstructing delays. Despite some initial assumptions
in some papers, it is said that many chaotic systems
(e.g., Lorenz, Russler), signals (i.e., EEG), and their
phase plane reconstruction are not sensitive to (m) [39].
According to what was mentioned above, although
most of the studies on phase plane reconstruction are
considered as the foundation of theoretical problem
solving, they do not implement it in practice. One
of the approaches to phase space reconstruction is relativism, and this method is accompanied by a relative
approach to the system. In this method, depending on
the sampling frequency, each sample can be presented
with regard to the previous one. What happens in
Takens' theory phase plane reconstruction leads to such
a presentation. However, two major di erences of this
method are:
1. The non-requirement of any delay and system
dimension estimation;
2. Not claiming at all that this method is capable of
achieving new variables and their representations.
In most of the resources, these diagrams are called
Lorenz or Poincare. But, the main di erence of this
method from Poincare diagram is that the reconstructed diagram is not determined using this approach
by Poincare section [37,40]. After representation in
the proper space, a proper section is to be determined.
This step is of high importance, and numerous methods
can be implemented for choosing a proper section which
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indeed is dependent on the application of cybernetic
signal. If the goal is to determine system's dynamics,
periodic or chaotic, Poincare section is chosen correctly
when it intersects all the trajectory rings [41]. In fact,
in this series of problems, each intersection point is a
representation of an orbit of the trajectory. If there is
one point with the mentioned features, it is that the
behavior is periodic one. In this approach, the working
point of the system can be the intersecting point on the
section (special state), or this trajectory will pass the
same point. With an increase in the section points,
system's period will be 2, 3, etc. Only the time
sequence of the points can be determined using phase
space and Poincare section results, and no conclusion
can be made with regard to the time distance between
them [42]. In the relative representation of the twodimensional space, line section (straight line or curve)
is appropriate.
In our point of view, choosing the section determines the question which is asked of the system's
dynamics, and the more technical the question is, the
more perspectives of the dynamics it reveals. But,
what is an appropriate section? The answer consists
of two contradictory parts; a proper section has more
intersection points and is placed where we have the
most stretching of the signal. In fact, there should be
a balance between the numbers of intersection point
and stretching, which are like stability and exibility of
the system, or to make it more simple, like acceleration
and brake. In the following, to choose the indexes, both
above-mentioned points are considered simultaneously:
one is known as number of point (HD) and one as
divergence (D). In Figure 4, two-dimensional relative
representation and rst-order intersection with y =
x + are used, and = 1, = 0 [43]. In other
words, the relation of the points on the section is in
the form of xn+1 = xn .

4. Feature extraction
The most important aspect in Poincare section is the
arrangement of the points on the section; in other
words, the extracted information from Poincare section
is from the points. The important question here is
the informative essence of Poincare section, which is
shown in Figure 5. As it can be clearly seen, using
Poincare section, point #1 which has a great di erence
in amplitude compared to point #3 is chosen as a
section point, but point #2 that has a little di erence
compared to point #3 is not chosen; therefore, this is
the informative approach that depletes energy.
In this research, divergence index is used to
investigate the arrangement of the Poincare section
points. In this criterion, in this index, Euclidean
distance of all points from the average point is used
as an index. As shown in Figure 6, suppose n
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Figure 4. Poincare section of EEG signal in relativistic reconstructed phase plane ((a) and (b)) and time domain ((c) and
(d)) with Y = X section and the same length. (a) and (c) is Autism in V-A and (b) and (d) are normal.

Figure 5. Informative essence of Poincare.
points of Poincare section in two-dimensional space.
These points are arranged as n columns of matrix
P (P 2 <2N ) and P = [p1 ; p2 ;    ; pN ]. Average
of all points in vertical and horizontal
angles is pm
P
(pm 2 <2 ) and yields pm = n1 N
i=1 pi ; then, the
sum of Euclidean distances between pi and pm is
computed from Eq. (6) [44], meaning Euclidean norm
and Heaviside function presented in Eq. (7):
di = kpi

pm k;

(6)

Figure 6. Index for ordering of point in Poincare section.
Div =
HD =

N
X
i=1
N
X
i=1

(Hthr

(

%endgather(x) =

0 x<0
1 x0

(7)

C (R) =

(8)

dm ;

N

1

di );

N X
N
X

1 i=1 j =1;j 6=i

(9)
(xi

xj ):

(10)
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The extracted features in this state investigate the
arrangement of the Poincare points with regard to
the dispersion. Di erent features were extracted from
the Poincare section from which two are labeled as
\important":
1. Number of Poincare points whose distance from
the center of gravity is higher than the threshold
(dm > Hthr) as in Eq. (9). This concept resembles
correlation sum, yet with considerable di erence;
having a de nite direction on trajectory that can
also be named \Poincare Section". The parameter
\HD", introduced in Eq. (9), focuses on de nite
direction while C(R), in Eq. (10), is about de nite
distance;
2. The overall dispersion calculated from Eq. (8) that
is synonymous with stretching-folding concept. In
the following, we work on statistical analysis of the
results and their features.

5. Results
Based on the two features already mentioned, we are
going to analyze each index in the following. HD Index:
As already mentioned, this feature shows the number of
points from Poincare section (in each 4 seconds) whose
distance from intersection points' weight point (Pm in
the above gure) is more than the threshold (dm >
Hthr). In other words, this feature investigates the
divergence of the Poincare section points. HD index in
two channels C3 and C4 in VwA and V-A situations is
investigated. Figure 7 shows four recent features.

Figure 7. Comparison of HD index in normal and ASD

cases. Dxx de nition: xx is 13 with VwA situation and C3
electrode; is 14 with VwA situation and C4 electrode; is
23 with V-A situation and C3 electrode; and is 24 with
V-A situation and C4 electrode.

Figure 8. Comparison of D index in normal and ASD

cases. HDxx de nition: xx is 13 with VwA situation and
C3 electrode; is 14 with VwA situation and C4 electrode;
is 23 with V-A situation and C3 electrode; and is 24 with
V-A situation and C4 electrode.

As shown in Figure 7, a distinctive di erence
is observable between the normal and ASD cases in
HD criteria under both VwA and V-A situations;
the intensi ed di erence in VwA situation is also an
interesting fact.
D Index shows the value of Div outcome of Eq. (8)
and demonstrates the general divergence; smaller number means more folding and larger number means more
stretching.
As can be seen (in Figure 8), divergence in ASD
case is much more than normal cases. The second point
is that asymmetry in hemispheres, the region in which
95% of the data lie, is much smaller in normal cases
compared to ASD, and this di erence maximizes C4
electrode. To investigate the optimum index and to
compare two groups of independent t-test, two channels
in a group paired t-test and two channels in two groups
of Repeated Measure analysis of covariance are used.
Pearson test is also used to investigate the relation
between VwA and V-A with and without situations; all
statistical analyses are done with PASWStatistics18@.
In Table 2, the Null hypothesis is: Holistic features
D14 (VwA state on channel C4) and HD24 (V-A
state on channel C4) cannot discriminate normal cases
from ASD ones. Alternative hypothesis states that
D14 and HD24 can discriminate normal cases from
ASD ones. Then, the null hypothesis is rejected
in favor of the alternative hypothesis (P < 0:05).
The comparison between normal and ASD groups is
done using independent t-test; considerable di erence
is observable in D index on C4 in VwA situation,
t(120) = 6:582, P = 0:01, and in HD on C4 in VwA
situation, t(120) = 1:546, P = 0:04, (Table 2).
In Table 3, null hypothesis is that in normal
children case, there is no hemispheric e ect on the
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Table 2. Results of independent t-test between ASD and normal children.
Normal
ASD
Statistical analysis
Feature
Mean (std)
Mean (std)
P
T -ratio
D14
HD24

592.155 (116.26)
250.68 (141.34)

863.39 (543.16)
462.9 (628.17)

0.01
0.04

{2.29
{1.54

Dxx or HDxx de nition: xx is 13 with VwA situation and C3 electrode; is 14 with
VwA situation and C4 electrode; is 23 with V-A situation and C3 electrode; and is
24 with V-A situation and C4 electrode.
 : P < 0:05

holistic features D and HD (in both VwA and VA states). Alternative hypothesis is that in normal
children case, there is signi cant hemispheric e ect on
the holistic feature D (in both VwA and V-A states).
Then, the null hypothesis is rejected in favor of the
alternative hypothesis (P < 0:05).
Table 3 shows the results of the comparison
concerning hemispheric e ect on a group using paired
t-test with the aim of investigating the features on C3
and C4 channels.
Correlation test between D and HD indexes resulted from di erent recording channels; audio measure
is shown in Table 4:

2.

3.
4.

1. D and HD indexes in normal and ASD cases are

Table 3. Paired t-test for ASD and normal for
hemispheric e ect.

Feature
D2
D1
HD1
HD2

ASD

T -ratio
P
{0.928 0.363
{1.262
0.22
{0.819
0.42
{0.47
0.642

5.

Normal

T -ratio
P
2.5
0.02
3.797
0.001
4.45
2.16E-4
2.65
0.014

greatly dependent on audio (Table 3), while this
dependence in normal case is more considerable in
comparison with ASD cases;
In the situation of muted audio band (VwA), HD
index is related to the channel in normal cases,
while it is not in ASD cases; hence, HD1 index is
able to show the e ect of ASD on asymmetry and
brain functionality;
In the situation of watching animation with audio
(V-A), HD index is dependent on the channel in
both cases;
In the situation of `without sound', D index is
dependent on channel, but it is not in ASD cases;
hence, D1 index is able to show the e ect of ASD
on asymmetry and brain functionality;
In the situation of watching animation with audio
(V-A), D index is dependent on the channel in both
cases.

6. Conclusion
Early identi cation of Autism Spectrum Disorder
(ASD) is essential to ensure that children can access specialized evidence-based interventions that can
help to optimize long-term outcomes [45]. Poincare
section is a holistic approach based on information
and cybernetics concepts that could help us for early

Dxx or HDxx de nition: xx is 13 with VwA situation and C3
electrode; is 14 with VwA situation and C4 electrode; is 23
with V-A situation and C3 electrode; and is 24 with V-A
situation and C4 electrode.
 : P < 0:05,  : P < 0:005,  : P < 0:0005

Table 4. E ect of situation and electrode position on features in ASD and normal children.
Normal
ASD
Feature  situation
P (N )
P (ASD) Pearson coecient
Pearson coecient

HD voice
D voice
HD1 electrode
HD2 electrode
D1 electrode
D2 electrode

2E-7
3.5E-8
7.85E-16
1.82E-8
7.18E-13
3.22E-7

0.865
0.88
0.98
0.895
0.963
0.85

0.01
0.01
0.318
3.84E-9
0.20
2.43E-7

0.49
0.528
0.22
0.911
0.282
0.862

Dxx or HDxx de nition: xx is 13 with VwA situation and C3 electrode; is 14 with VwA situation and
C4 electrode; is 23 with V-A situation and C3 electrode; and is 24 with V-A situation and C4 electrode.
 : P (ASD) < 0:0005 and P (N ) > 0:25
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identi cation of ASD. In this research, two criteria,
including divergence size (D) with inspiration from
signal stretching-folding and number of intersection
points with more distance from the threshold (HD)
with inspiration from correlation dimension, are extracted from the analyses.
Distinctive di erence is observable in counts and
variations of HD and D criteria between the normal
and ASD cases in VwA, because ASD children have
abnormal cortical voice processing [46], and we have
signi cant di erence in D index on C4 in VwA situation
(t(120) = 6:582, P = 0:01) and in HD on C4 in VwA
situation (t(120) = 1:546, P = 0:04). Paired ttests of HD13 and HD14 of ASD and normal cases
show highly signi cant di erence in HD1 index (DH
in VwA situation) in C3 and C4 electrodes, indicating
that the number of intersection points with more
distance from threshold (HD) in left (C3) and right
(C4) hemispheres in normal cases (as opposed to ASD
cases) has signi cant di erence (P < 0:0005). In
other words, hemispheric asymmetry in ASD children
does not follow normal patterns, so in terms of the
hemispheric asymmetry, D and HD are very e ective
biomarkers that make a distinction between ASD and
normal cases. Our approach is based on this fact that
the dynamic balance among interactions of di erent
basin of attractions is synonymous to self-organization
in basin of healthy.

7. Future directions
Development on ASD biomarkers could lead to early
detection or even screening and investigation in the
studies. Two essential features are: data recording
protocol of ASD children and detection of episodic
patterns (complexes) as hallmark of ASD dynamic.
Arrangement as an empirical measure of nonrandom
complexity could detect these complexes. Together,
these enabling technologies and new models will likely
push the eld forward signi cantly in the next few
years.
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