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Abstract—  Diagnosis  of  autism  spectrum  disorder  is  still

challenging disorder due to unsolved issues arising  from many

severity levels and range of signs and symptoms. The Structural

Magnetic Resonance Imaging (sMRI) scan is used in this study

were obtained from the Autism Brain Imaging Data Exchange

(ABIDE)  dataset.  The  preprocessing  step  is  carried  out  using

Statistical Parametric Mapping (SPM) where the realignment and

normalization process are done to ignore all  the voxels  that lie

outside the brain. After normalization, the extracted part of the

brain is used as input for the principal component analysis (PCA)

algorithms.   It  decreases the computation to the solution for a

positive  semi  definite  symmetric  matrix  of  an  eigenvalue-

eigenvector problem. The PCA coefficients are used by Support

Vector Machine to classify the autistic and normal brains.  The

predicted  results  of  the  implemented  algorithm  are  assessed

using 10 fold  method for cross  validations.    PCA for ASD is

suitable to analyze its performance in the diagnosis of ASD. The

experimental results show that the correct rate of classification for

autistic and control sMRI scans is 70.90%.
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I. INTRODUCTION

Autism was  first  defined  by,  Leo  Kanner,  a  psychiatrist  at

Johns  Hopkins  University,  in  1943.  Autism  spectrum

disorders (ASDs) impact one out of every 100 children new

born  today.  Autism  is  an  extremely  variable

neurodevelopment disorder that first develops during infancy

or childhood, with strong genetic underpinnings and generally

follows a constant course without exemption [1]. The field of

medical  image  analysis  has  developed gradually due to  the

collective  contributions  from  many  areas  of  medicine,

computer science, biomedical, computer vision, virtual reality,

robotics , mathematics,  electrical  engineering,  physics,  and

data science.  Standard user-interface,  researchers  at remote

sites,  computer  assisted  intelligent  medical  image  analysis

methods  can  provide  effective  analysis  tools  to  help  the

quantitative and qualitative clarification of medical images for

differential diagnosis, intervention, monitoring and treatment

of  medical  disorders.  Neuroimaging  is  the  use  of  various

techniques to either directly or indirectly image the structure,

function/pharmacology  of  the  nervous  system.  There  are

various categories of neuroimages such as structural magnetic

resonance  imaging  (sMRI),  functional  connectivity  MRI

(fcMRI),  resting  state  functional  MRI  (rs-fMRI),  magnetic

resonance spectroscopy (MRS) and diffusion tensor imaging

(DTI), positron emission tomography (PET) and single photon

emission  tomography  (SPECT).  The  rest  of  this  paper  is

organized  as  follows:  Section  II  describes  the  recent  work

carried  out  in  the  area  of  diagnosis  of  autism.   Section  III

describes  the  experimental  results  obtained  using  PCA  for

diagnosis of autism.  Section IV gives the conclusion.

II.  RELATED WORKS

Ecker  et  al  [4]  suggested  that  gray  matter  volume was

highly correlated with ASD using Partial least-squares (PLS)

analysis.  This  pattern  also  identified  an  additional  set  of

network components such, as the cerebellum; and dorsolateral,

orbital,  and  ventral  medial  prefrontal  cortex,  and  limbic

regions,  such  as  the  cingulated  cortex  and  amygdale  are

associated  with  autism.  They  also  found  that  ASD  is

compatible  with  the  concept  of  autism  as  a  brain

disconnectivity/underconnectivity  syndrome  and  associated

with distributed abnormalities of both gray matter and white

matter volume in cortical and subcortical systems.

Mcalonan  et  al  [13]  found  that  the  anatomy  of  brain

systems  within,  core  prefrontal–striato-parietal  grey  matter

abnormalities in autism may be replicable in age-matched and

intellectually able groups, using automated voxel-based whole

brain  analysis  methods.  They  also  considered  correlation

analysis  revealed  significantly  more  numerous  and  more

positive  grey  matter  volumetric  correlations  in  controls

compared with children with autism.

Rojas  et  al  [7]  observed  that  there  is  gray  matter

enlargement  in  areas  that  have  been  functionally  identified

such  as  the  medial  frontal  gyri,  sensorimotor  cortex  and

middle temporal gyrus. Voxel-wise analyses of regional gray

matter  volume  were  conducted  using  voxel-based

morphometry  (VBM)  for  the  whole  brain.  An  ANCOVA

model  was  employed  with  two  covariates,  to  examine

differences in regional GM volume between groups, total GM

volume and age.

Itahashi  et  al  [8]  suggested  the  possibility  that  such

morphological  alterations  might  arise  in  specific  brain

networks connected with cognitive and affective functions and

employed the multimodal study that highlighted people with

ASD showed co-occurred  alterations  in  different  aspects  of

brain morphology. 
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Cheng  et  al  [6]  applied  a  2D  version  of  voxel-based

morphometry  (VBM)  in  differentiating  the  white  matter

concentration of the corpus callosum for the group of 16 high

functioning autistic and 12 normal subjects. It is revealed that

in  the corpus callosum region  in autism there  is  less white

matter concentration that is mainly due to hypoplasia rather

than atrophy. 

Waiter et al [23] found that local white matter deficits in

corpus  callosum which are  mainly in  the anterior  splenium

and isthmus, and right hemisphere. The whole brain analysis,

were  carried  using  a  voxel  -  based  morphometric  with  a

group-specific template, in male adolescents with ASD.

Hazlett  et  al  [24]  examined  gray  and  white  matter

volumes, to employ an automated method by cortical lobe, in

a sample of adolescent and adult autistic individuals to show

total brain volume enlargement  on MRI.  They found out to

give  evidence for  left-lateralized gray tissue enlargement  in

adolescents  and  adults  with  autism,  and  demonstrate  a

regional  pattern  of  cortical  lobe  volumes  underlying  this

effect.  Table I summarizes various research work carried out

on diagnosis of ASD using sMRI.

III. EXPERIMENTAL RESULTS

A. Datasets

     The sMRI scans used in this study are from the ABIDE

dataset. ABIDE is a openly obtainable datasets that involved

16 international  sites,  from 532 individuals were  with ASD

and  573  were  typical  controls,  containing  1112  datasets

collection of MRI(functional  and structural)  and phenotypic

information  for  each  subject.  The  ABIDE  website

(http://fcon_1000.projects.nitrc.org/indi/abide/)  describes  the

scan procedures  and parameters  [11][12].  In  this work, 200

datasets  are  used.  Out  of  200  datasets  100  are  of  autistic

subjects and the remaining 100 are of healthy subjects. Each

data  samples  contain,  a  high-resolution  T1-weighted

anatomical image (MPRAGE) of Structural MRI are obtained.

B. Preprocessing 

     Preprocessing of the anatomical images is done using SPM

12  (a  data  analysis  software  package  called  ‘Statistical

Parametric  Mapping’  that  is  used  in  combination  with

Matlab).  SPM  is  used  for  testing  the  hypotheses  about

functional imaging data.  It is a free and open source package

which  can  run  in  the  matlab  environment. During

preprocessing of the anatomical data, the following sequences

of steps are executed [20]. First, all T1-weighted images are

realigned.  The  realignment  lines  up  each  image  with  the

previous  one  so  that  each  voxel  always  samples  the  same

region  without  blurring.  The  normalization  is  the  next

important step in the preprocessing of brain. The images are

spatially  normalized  through  the  statistical  parametric

mapping  (SPM)  software.   There  are  some  standard  steps

involved  in  the  normalization  methods. The  intensity

normalization is important process which helps in performing

a voxel-by-voxel comparison between different images.

 

C. Feature extraction based on PCA

    The main purpose of principal component analysis (PCA) is

to decrease  the dimensionality of a data set  consisting of  a

large  number  of  consistent  variables,  while  retaining  the

variation  present  in  the  data  set  [2].  In  this  work,  PCA

algorithm is implemented to the preprocessed images which

can help to extract the features.   An orthonormal basis vector

that  maximizes  the  scatter  of  all  the  projected  samples  is

generated by PCA.  The remaining voxels for each subject are

rearranged into a vector form, after the preprocessing steps.  It

is used abundantly in all forms of analysis from neuroscience

to computer graphics.  It is a simple, non-parametric method

of extracting relevant  information from confusing data sets.

PCA provides a roadmap for how to reduce a complex dataset

to  a  lower  dimension  to  reveal  the  sometimes  hidden,

simplified  dynamics  with  minimal  additional  effort.  PCA

based  methods  have been  successfully  applied  for  different

image classification purposes and specifically for neuroimage

classification problems.

D. Classification using SVM

    Support Vector Machines (SVM) is one of the supervised

learning methods for classification which defines the decision

boundaries based on the concept of decision planes.  A set of

objects  having  different  class  memberships  which  are

separated  is  decision  plane.  It  is  the  effective  supervised

software  tool  widely  used  to  obtain  feasible  solution  with

good generalization capability.  Several  studies  [3] [14] [21]

have  demonstrated  the  high  performance  accuracy  of  using

SVM to detect  autism’s disease (ASD).  The distinct subject

predictive information provided by the SVM classifiers allows

the possibility to focus the most discriminate areas of the brain

in  a  case-control  study  to  be  complemented  with  an

anatomical  description  of  the  brain  involvement  in  that

particular pathology.

E. Cross Validation

    The validation of classifier performance is done by 10 fold

validation [21]. The measure of quality for each fold used for

yielding,  that  process  is  known  as  10  fold  method.  It  is

appropriate to implement a cross to validation scheme and to

ensure  an  unbiased  estimate  of  the  classifier  performance,

both in the model selection phase and in the final evaluation of

the classification accuracy. Figure 1 show the steps involved

in classifying autistic and healthy brain images using PCA

F. Results

    Figure  2(a)  and (b)  displays  the sMRI scans of  autistic

individual and healthy individual.  The preprocessed scans are

given as the input for principal component analysis (PCA) to

reduce  the  dimension  of  image.  Then  the  Support  Vector

Machine is used to classify between the autistic and healthy

brain. The correct rate obtained is 70.90%

. 

TABLE I. REVIEW OF RESEARCH CARRIED OUT ON ASD USING sMRI

Study Datasets Preprocessing

tool

Statistical

Analysis tool or

method

Features

extracted

Findings

Eilam stock et 

al 2016 [11]

ABIDE datasets of

1000  participants

VBM, SPM8 SVM-multi 

variate 

classification

Whole brain Increased GM volume in frontal brain 

regions, including the medial prefrontal

cortex, superior and inferior frontal 

gyri, and middle temporal gyrus in 

individuals with

ASD

Edoardo 

Pappaianni et al

2016 [12]

From ABIDE 

datasets 43 male 

with ASD and 46 

male with healthy 

control are selected

SBM, SPM12 ICA Cerebellam 

region

Abnormalities in temporal, frontal, and

parietal networks of several cerebellar 

regions and the Fusiform Gyrus.

Vigneshwaran 

Subbaraju et al 

2015 [5]

ABIDE datasets VBM SVM- Extended 

Metacognitive 

Radial Basis 

Function Neural 

Classifier

(EMcRBFN)

Whole brain Premotor cortex, supplementary motor 

cortex area omatosensory and cortex 

subregion affected for females. The 

precentralgyrus, motorcortex, medial 

frontal gyrus the paracentrallobule, the 

superior frontal gyrus and the frontal 

areas are affected for adolescent males

Rajesh K.Kana 

et al 2015 [19]

1055 participant, 

506 ASD, 549 

typically 

developing 

individual

VBM ALE- meta 

analysis

GM, WM, CSF

& cortical 

matter

Abnormalities in GM & WM

Julia Richter et 

al 2015 [15]

18 right handed 

children

FreeSurfer ANCOVA Frontal, 

Temporal and 

Parital gyrus,

Reduced  cortical thickness

Alessandra 

Retico et al  

2014 [9]

52 male ASD 

subject and 15  

matched control

VBM, SPM, 

FSL

Machine 

Learning based 

on SVM

Whole Brain Identification of a peculiar pattern of 

brain alternation

Lauren. E 

Libero et al 

2014 [16]

60 individuals with

ASD and 61 

healthy individuals

Freesurfer SBM Cortical 

structural 

region

Increase in difference in (SA), volume 

(CV) and gyrification

C. Ecker et al 

2014 [21]

Totally 168 men, 

among them 84 

with ASD and 84 

are healthy control

Freesurfer SurfStat toolbox Cortical 

structural 

features CV, 

CT, SA

Signifance different in CV

Lena Lim et al  

2013 [17]

29 age-matched 

healthy and 19 

boys with ASD

VBM SVM- Gaussian 

process 

classification 

(GPC)

GM, WM and 

CSF

The pattern recognition analysis is 

based on distributed GM patterns

Hazlett et al 

2012 [10]

134 infants, 98 of 

high risk and 36 of

low risk

AutoSeg, 

HeadCirc

ANOVA Whole brain 

volume

Decreased Cerebrum, cerebellam and 

lateral ventricles

C.Ecker et al 

2009 [21]

22 control adults &

22 with ASD

SPM5 SVM, LibSVM, 

SVMRef

GM, WM and 

CSF

Abnormalities in GM, and WM

Sarah Brieber 

et al 2007 [22]

15 children of 

ASD and 15 

healthy control

SPM, VBM Analysis of 

covariance 

(ANCOVA)

GM, WM and 

CSF

Abnormalities in GM near the right 

temporo-parietal

Additional abbreviation: VBM , voxel based morphmetry;  SPM, statistical parametric mapping; SVM , support vector machine; LibSVM, ; SVMRef, SVM

recursive feature elimination; SBM , source based morphmetry; ANOCA, analysis of covariance; ANOVA, analysis of variances; ICA, independent component

analysis; ALE, anatomical likelihood estimation; GM, grey matter; WM, white matter; CSF, cerebrospinal fluid; CV, cortical volume; SA, surface area; CT,

cortical thickness;
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TABLE I. REVIEW OF RESEARCH CARRIED OUT ON ASD USING

SMRI

Start

Preprocessing using SPM

Read SMRI scan

Calculate the 

correctrate

corre

         Implementation of PCA

Classification using SVM

Display the output SMRI
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Fig 1 Steps in classifying autistic and healthy brain images using PCA

Fig 2(a) sMRI images of autistic brain

Fig 2(b) sMRI images of healthy brain

IV. CONCLUSIONS

This paper presented a review of recent work carried out

for  diagnosis  of  autism  using  sMRI.  The  examination  of

anatomical image using whole brain classification approach is

done  by  employing  SVM  for  ASD.  PCA,  which  is

implemented  in  this  work  is  well  suitable,  to  analyze  its

performance in the diagnosis of ASD. 
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