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Electraencephalogram (EEG) for Delineating Objective Moasure of Autfsm Spectrun Oisorder

{Keshino ot al. 2007; Castelli e al. 2002; Kleinhans et al, 2008 Rudiz ar al,
2011 Welchew et al. 2005). The presence of altered social brain system F(C in
carly neurodevelopment can potentially raveal the onset of social dhflicuities
(Keehneral. 20130, as altered FC disrupts efficient information Jow between
paralie: and Sistributed neural systems involved io the processing ol social aad
communicative mformation (Mundy et al. 20003, Thus, children with ASD
may develop with lanited actmocognitive resources 1o eftficiently deal with
ihe processing demancs of dynamic social exchanges. This social deficit may
emerge as idiosy neratic patreras of ELG during bouts of joint social attention

LITERATURE SURVEY
Social Interaction Tasks

l'c date. the few studies that have examined FC during attznrion have done so
using nem-chinical paradigms thatinvolve fhe observaiion ol altentior-eliciting
videos; however, data from such paradigms may not reflect the true person-
-person interaciive nawre. More importantly, video paradigns may only
tap inte one of two facels of attention: responding 1o joint anention (RIA),
which serves ap imperative function. What Is not represented i Ja-cliciting
video paradigms is initining joint attention (JA), which serves a declarative
function and taps into social reward systems that are integral to the social
sharing of experiences (Carvana et al. 2013; Schilbach et ai, 2010; Gordon e
al. 2013). Moreover, RIA and UA show a developmental dissociation during
the firstund second years of Hife {Yoder etal. 2009; banez et al. 2013, Mundy
ef ul. 2007). Although RIA and TIA both have predictive value in infancy,
1JA is a more stable marker of ASD thar RJA in lawr childhood (Mundy @
al. 1986). Some acuroimaging reszarchers have dealt with the abave issues
by using a live face-ro-avalar paradigm ‘o simuzate A bids (Redeay et al.
2012; Gordon el al. 201 3). However, the move mentconsiraints inside the MR}
scanmier create testing conditions that can by difficult for younger children,
with and without A8

Eye movement belavior i

;o result of complex neurological processes;
therefore, eye gaze metrics can revesl objective wnd quantifiable infonination
aboul the predictability and consisiency of covert socint cognitive processes,
including socialattention (Chita-Tegmark 2010, Gualioneral. 20145, emodion
recegnition {Bal ot al. 2010; Black et ab. 2017, Sawyer ot al. 200 2; Sas
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et al. 2016; Tsang 2018; Wagner et al. 2016; Wisckowski and White 201 7).
perspective taking, (Symeonidou et al. 20161 and joint attention (Bediord ot
al, 200 2; Billeci ef al. 2016; Falck-Yrer ct al. 2012; Falck-Yuer et al. 2015;
Swanson et al. 2013; Therup ¢t al. 2016; Thorup et al. 2018; Vivanti et al.
20t7) for children wiuk and without ASD. Eye gaze measutement includes
several melrics relevent o ceulomotor conleol (Komogortsev el al, 2013)
such as saccadic rajeciories, [ixations, and other relevant measures such
as velocity, duration, amphitude, and pupit dilation (Krejiz et al. 2018s).
We believe that combined analysis of fixations and saccades during natwral
and dynaniie joint auention tasks, currently vsed as a reliable measure of
ASD diggnostic criteria, will repsresent valid hiomarkers for objectifying
and delineatng the dimensionality of ASD diagnosis in the future, Previons
work in this area have successfully demonstrated development of K, the
cosfficient of ambicnt/focel attenuon (Krejtz et al. 2016) and previous work
hus supported the relatonship between eye tracking melrics and severity
of ASD diagnosis {Frazicr et 21, 2018, De! Valle Rubido cf al. 2618} and
communicative conmetence {Norbury etal, 2009}, If visual attention inf'luznces
stability of lixations dependent upon the demands of dynamic joint allention
tasks, a natural next step is 10 look inta how relevance may be reflecied in
similar peurophysiciogic features for atypical social braw systenss, such as
in the context of ASD (Hotier et al. 2017).

EEG Based Machine Learning for ASD

Studies have shown that EE( has the potential 1o be used as biomarker for
various neurological conditions including ASD (Wang et ai. 2015}, EEG
measures the elecrrica’ signals of the brain via elecirodes that ere placed on
various places on the scalp. ‘These clectrical signals are postsynaplic aetivity
iz the neccoriex and can be used 1o study complex ncuropsychiatric issues.
EEG hus various frequency bands and its analysis are performed on these
varying bandwidrhs, Waves betwean 0.5 und 4 HZ are delw, haiween 4 and
8 HZ are thera, belween 8 and 13 HZ are alpha, 13 to 35 HZ ae beta and
over 35 e gamina. Saccadic eye movemenl plays & big role in the altention
ard hehavior of an individual which direetly affects both :anguage and social
skills (Fletcher-Warson et al, 200%), Autistic children seem to have different
eve movemern! behaviors thar non-autistic children. They tend w avoid eye
contact and looking at human face while oousing more eio geometric shapes
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(Klinctal. 2008). While 2 typical chiid doesa’t find any intsrest in geomeric
shapes and terd (0 make more 2ye contact, and human face perceplion.

In Grossi et al. (2017), authors use a complex BLEG processing algorithm
called M3ROM/I-FAST aleng with muliiple roachine learning algorithms 10
classily Autistic patiends. In this siudy 15 ASD irdividuais and 10 non ASD
wete mlcct d. ASD group comprised of 13 males and 2 fomales berween
7 and 14 years of age. Contral group comprised of 4 males and 6 females
between 7 and 12 years ef age. Resting State CEG of both closed and open
eyes were recorded using 19 clectrodes. Palients sat in a guiet rodm without
speaking ar performing any mentally despanding aclivily while the E
wis heing recorded. The proposed TFAST algarithm conststs of cxuactly
three different phases or purts, In the {irst stage also called Squashing phase,
the raw EEG signals arc converted into feature vectors. Authors present a
workflow of the system from raw datz to clussification to make comparison
herween different algorithms sueh as Multi Scale Entropy (MSE) and the
Multi Scale Ranked Ovganizing Maps (MS-ROM). MSROM is 1 novel
algorithm based on Single Organizing Map Neural Network. In this study,
the daiaset is randomly divided nio 17 iruning consisting of 11 ASD, §
contrals and sight test records consisting of 4 ASD, 4 control. 'The noise
elim:zation is performed only on the training set. Also. itcompielely depends
on Use algorithm selected for extracion of feature vectors, For MS-ROM
featires they vtilize an algorithm called TWIST. In the final classification
stage, they use mulliple machine lexrning algorithms along with muliiple
\‘cll‘(l:lll[)n pratocels. The validation protocols are ratamg-testing and leave
vne oul cross validation, For classification purposcs they make usc of Sine
Nel Nenyat Nelwork, Logistic Regression, Sequential Minimal Optimization,
kNN, K-Conrractive Map, Najve Bayes, unc Random forest, With MSE
{eature extraction the best results were given by Logistic and Naive Ba
with exactly 2 errors. Whereas, MS-ROM with training test protocol had O
errars {100% accuracy) with all the classification models.

Bosletal. (201 1), conduct a sludy using mMSE as featre vectors along
with multiclass Support Vecror Machine 1o differentiate developing and
high-risk infant groups. In this study they use 79 difterent infants of which
49 were considered high risk and 33 typicaily developing infants. The 49
nfants were high risk hased on one of their oider siblings having a confirmes
ASD diagnesis. The other 39 infants weie not ligh risk since oo one in their
[amily ever was dingnosed with ASD. Data was coliceted from cach infant
during muliple sessions with some interval, Data extracted from an infant
in five different aessions in various months between 6 to 24-month period
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were considered unique. Resting staie EEG with 64 clectrodes was extricted
by placing the infant in a diraly iit room in their motier’s jap where the
research assisiant blew babbles to catch their attention. The raw signais were
preprocessed using Moditied Multiscale Entropy. Low, high, and mean for
cach curve from mMSE were caleulaled to ereare a [eare set of 192 values.
The best fit for the classilication Tor High risk and normal infauts was al age
9 months with over 90% accuracy.

AbdeThay el ai. (2017), use EEG ntringic [unction pulsation o identify
patterns i Autism, They mahematically compute ERG tealires and conepare
ASD with iypically developing. In ihis study they selected 10 ehildren with
ASD and !0 non-auustic children within the age group of 4 to 13. They
collectad resting state EEG using 64 clacurodes with a 500 HZ sampling
frequency. Initially the signals were bund pass filtered and zll the artifacts
including eve movements were removed by using Independent Componenot
Analysis. Empirical Mode decomposition was applied 1o extiact Intrinsic
Mode Function from each of the channels of the participants, Then poing by
point pulsations of analylic intringic modes ere computed which is then protted
Lo makc comparison with the counierpart intrinsie mode in anofher channci.
Any existing stability loops are snalyzed for abnormal newral connectivity,
liy addition, 1hey perform 3D mapping Lo visualize and spol unustal brain
activities. In the First IMF of channel 3 versus the first {MIY in channel 2 tor
typically developing and autistic chiid, it was found that the stability of local
pulsation patways maintained 2 consistency while it was random in oy pically
developing. Similar paticris were seen in channels | and 2 and 36 and 37
of nen-autistic and autistic children. Qverall this computationat method was
uble 1o differentiale the abnormal EEG aetivities berween ASD and gypically
developing childron,

Alie et al. (201 1) use Markov Modeis with cye tracking w classity
Autism Spectrum Disorder. Unlike most other studies that collected dita
from children who were 3 years or older, in this siudy they collect duta from
G-month-old infants. There were in total 32 subjects ont of which 6 were laer
al ? years ol uge diagnosed witn ASDD and the rest were now. During the data
coliection the subjects were placed in front of thelr moihers and tour differen:
camaras [rom different angles recorded the video for about 3 minuates, The
cye tracking was simply based on either the subject iooked @ the nother’s
[ace or not. Through this they gel a hinary sequence of scbiceis’ eve patiern
which is then canveried into alphabet sequence of a specific Jength, Then
the sequence was filtered using a low pass Filter and down sampled by facior
ol 8. This is done to enhance Markov Models to produce effective resalts,
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