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Abstract

Objectives: Autism Spectrum Disorder (ASD) encompasses a range
of neurodevelopmental disorders, and early detection is crucial. This
study aims to identify the Regions of Interest (ROIs) with significant
differences between healthy controls and individuals with autism,
as well as evaluate the agreement between FreeSurfer 6 (FS6) and
Computational Anatomy Toolbox (CAT12) methods.

Materials & Methods

[Surface-based and volume-based features were extracted from FS
software and CAT12 toolbox for Statistical Parametric Mapping
(SPM) software to estimate ROI-wise biomarkers. These biomarkers
were compared between 18 males Typically Developing Controls
(TDCs) and 40 male subjects with ASD to assess group differences
for each method. Finally, agreement and regression analyses were

performed between the two methods for TDCs and ASD groups.

Results

Both methods revealed ROIs with significant differences for each
parameter. The Analysis of Covariance (ANCOVA) showed that both
TDCs and ASD groups indicated a significant relationship between
the two methods (p<0.001). The R2 values for TDCs and ASD
groups were 0.692 and 0.680, respectively, demonstrating a moderate
correlation between CAT12 and FS6. Bland-Altman graphs showed a

moderate level of agreement between the two methods.
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Introduction

Autism Spectrum Disorder (ASD) is a group
of neurodevelopmental disorders affecting an
individual’s perception and interaction, resulting in
difficulties in social interaction and communication
(1). This disorder encompasses various etiologies
and clinical manifestations characterized by
repetitive behavior patterns, limited language
development, and restricted interests (2). The
World Health Organization (WHO) reports a
global prevalence of 6.25 cases of ASD per 1,000
individuals (3). Given the increasing prevalence
of this disorder, effective treatment strategies are
paramount. The term “spectrum disorders” refers
to the significant variation in clinical and genetic
heterogeneity among people with autism that has
hampered the diagnosis and treatment process
(4). Typically, ASD is diagnosed when symptoms
become severe, and patients experience enduring
complications. Consequently, early and accurate
diagnosis of ASD is critical (5). Biomarkers are
necessary to improve diagnostic accuracy in cases
involving unexplained behavioral symptoms (6,
7). Additionally, identifying infants and young
children at risk for ASD prior to the onset of

behavioral symptoms is essential (8).
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Structural Magnetic Resonance Imaging (sMRI), a
well-established imaging technique, provides high-
resolution anatomical measurements of the brain in
the early detection of neurological disorders (9, 10).
Besides, numerous studies have employed sMRI
to examine anatomical changes in ASD. In recent
decades, several studies have examined structural
changes in the brains of autistic people and have
shown that these changes are associated with ASD
(11). According to prevailing theories, total brain
volume in individuals with ASD increases rapidly
during the first few years of life (12, 13). Moreover,
this volume increase tends to be more pronounced
in younger patients (14, 15). Morphological
research conducted by Riddle et al. suggested that
the increase in total brain volume may stem from
regional increases in Gray Matter Volume (GMV)
rather than white matter (13). Some studies using
a Region of Interest (ROI) approach have reported
conflicting results of GMV change. Their analysis
has shown specific regions with a more significant
increment, such as the temporal lobe (16-18), and
some regions with a combination of reduction and
increases of GMV (19, 20). Conversely, Haar et al.
failed to observe volumetric differences in regional

gray matter (21).
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For nearly three decades, researchers have explored
the relationship between the autistic phenotype and
changes in Cortical Thickness (CT) (22). There
have been notable disputes over advancing CT
trajectories in ASD (23). Jiao et al. reported both
decreased (in the frontal pole and Parahippocampal
gyrus) and increased (in the precuneus and anterior
cingulate cortex) cortical thickening in children
with ASD aged between 6 and 15 years (24).
Khundrakpamet et al.’s
Autism Brain Imaging Data Exchange I (ABIDE I)
database showed higher CT in frontoparietal areas

in individuals with ASD until adolescence (25).

research utilizing the

Recently, in one study, Nunes et al. considered
age-related cortical changes across the entire age
range and found no overall group variations in
cortical thickness. The group of ASD and Typically
Developing (TD) differed in age-related changes,
particularly within the frontal and tempo-parietal
regions (23).

Evaluation of features such as total brain
volume, gray matter volume, and CT can provide
valuable insights into the brain’s neural structure
in healthy individuals and those with autism
(26, 27). Methods for evaluating these features
can be broadly categorized as surface-based or
volume-based. FreeSurfer (FS) is the preferred
software for surface-based measurements, while
the Computational Anatomy Toolbox (CAT12) is
employed for volume-based measurements (28,
29). Volume-based methods reduced processing
times, while surface-based approaches outshine
accuracy by modeling the entire surface(30).
Overall, FS is considered the “gold standard” based
on various post-mortem data. This study attempts

to find an alternative method that allows images
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to be processed in less time with comparable
accuracy because most neural imaging studies
do not require extensive surface reconstruction
(24, 31). CAT12 leads to a drastic reduction in
processing time due to not using extensive surface
reconstruction. Therefore, notably, although FS
is more accurate than catl2, the latter provides
comparable accuracy in a shorter time and might
be considered an alternative to FS (30).

Since the leading cause of many symptoms of
ASD is due to changes in the structure of different
brain regions, the importance of examining brain
structural abnormalities in these children becomes
apparent. Therefore, this research aims to initially
investigate the differences in CT, GMV, Total Gray
Matter (TGM), and Total Intracranial Volume (TIV)
features between two groups of ASD and Typically
Developing Controls (TDCs) separately for each
brain region. Furthermore, it compares surface-
based and volume-based CT measurements in FS
and CAT12 for both healthy and autism groups.
Lastly, the study aims to assess the concordance

between these two methods.

Materials & Methods

Participants

The structural sMRI used in this study are taken
from the ABIDE II database selected from a data
source called NYU Langone Medical Center:
Samples Site 1,2 (NYU). More details about the
dataset are available at: http://fcon_1000.projects.
nitrc.org/indi/abide/. Accurately diagnosing ASD
during early childhood is crucial. In this context,
this study focused on participants aged five to ten
years. Participants were 58 males: 41 with ASD
and 18 withTDCs.
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Full-scale Intelligence Quotient (FIQ) is a test
measuring overall visuospatial intellectual and
verbal abilities in human beings, divided into two
categories: Performance Intelligence Quotient
(PIQ) and Verbal Intelligence Quotient (VIQ).
PIQ measures non-verbal capabilities, while VIQ
measures the ability to use language for acquiring
knowledge and reasoning (32). The Social
Responsiveness Scale (SRS) is one of the clinical
assessments of autism spectrum disorder, a specific
quantitative measure for autistic patients between

the ages of 4 and 18 years (33).

MRI Data Acquisition

Brain structural imaging data were prepared using
a Siemens MRI 3.0T scanner. Anatomical images
were taken using a T1-weighted 3D Turbo Field
Echo (TFE) sequence: repetition time and echo
time=3.25 ms, acquisition time=8:07 min, flip
angle= 7°, slice thickness = 1.3 mm with 0.665 mm
gap, plane resolution=1.3 mmx1 mm, 128 slices,
the field of view= 256 mm x 256 mm.

Data processing

FreeSurfer processing

The structural MRI data of all participants to
estimate cortical thickness and gray matter volume
were preprocessed by FS (http://surfer.nmr.mgh.
harvard.edu/, version 6.0). FS is an open-source
software that processes brain MR images and
cortical reconstruction by the recon-all pipeline
commonly used in pediatric neuroimaging using
default parameters. In the preprocessing stage, the
image quality isimproved for subsequent processing
to improve its execution, increasing processing

speed and making it a more convenient procedure.
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Several steps, including removing the skull, noise,
and bias field correction, are performed during this
stage, depending on the processing type (Figure 1).
The following steps are reconstruction sequences:
(1) transferring raw image data voxels to isotropic
space, (2) image normalization to estimate and
eliminate the bias field, (3) skull stripping, (4) the
stages of automatic subcortical segmentation, (5)
white matter segmentation, and (6) tessellation of
the gray matter—white matter interface (34, 35).
(Figure 1)

CAT12 processing

In addition, images were processed using default
settings CAT12 toolbox (http://www.neuro.uni-
jena.de/cat/, version r1450) and SPMI12 (http://
www.fil.ion.ucl.ac.uk/spm/software/spm12/,
version 7219) in matrix laboratory (MATLAB).
This study performed the preprocessing and
segmentation steps using CAT12 toolboxes with
the default setting. Briefly, all 3D T1-weighted
MRI scans were normalized using an affine
followed by non-linear registration, corrected for
bias field inhomogeneities, and then segmented
into GM, WM, and CSF components (36). For this
procedure, we used the Diffeomorphic Anatomic
Registration Through Exponentiated Lie algebra
algorithm (DARTEL) to normalize the segmented
scans into a standard MNI space (Figure 2) (37).
Volumes were segmented using volume and
thickness estimation for ROI analysis. CT and the
central surface were measured in one step using
a fully automated Projection-Based Thickness
(PBT) method. The volume-based algorithm has
an acceptable quality compared to surface-based
methods and may be superior to existing surface-

based approaches in certain respects, such as
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reduced processing time (30, 38).

The following steps for surface reconstruction
were performed in one step using CAT12 toolbox
estimation of cerebral cortex thickness and central
surface using a fully automated method that allows
for the measurement of cortical thickness and
reconstruction of the central surface. It uses tissue
segmentation to estimate the White Matter (WM)
distance, then projects the local maxima (equal
to the cortical thickness) to other gray matter
voxels using a neighbor relationship described
by the WM distance. The topological correction
was performed to repair topological defects using
spherical harmonics that allow direct correction of
defects on the brain surface mesh (39, 40).

(Figure 2)

ROI extraction

The mean CT, and GMYV values for the 68 defined
ROIs were calculated using standard methods
for ROI extraction provided with software from
both the Desikan-Killiany (DK) Atlas (41) and
hammers atlas, respectively. These mean values
were measured for each ROI in the right and left
hemispheres of the brain. Then, the data were
entered into SPSS for analysis and statistical
models (IBM SPSS Statistics 26).

Hammers Atlas

CAT12 features several volume-based atlases,
including the Hammers atlas, which divides
the brain into 68 regions—34 per hemisphere.
The mean CT value for each ROI was measured

separately for the right and left hemispheres (42).

DesikanKilliany Atlas
The Desikan-Killiany atlas (Desikan et al. 2006),

well-known in morphometric brain studies, is
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available in FS6 and CAT12 and thus employed
in this study. The cerebral cortex was divided into
68 gyral-based neuroanatomical cortical parcels
(34 in each hemisphere). The standard procedures
were employed in both methods for extracting the
parcel, and the mean CT value for the right and
left hemispheres was separately obtained (for each
parcel) (43).

Statistical Analysis

Comparison of TDCs and ASDs
FreeSurfer and CAT12

The normality of these data was assessed using the

Using

Kolmogorov-Smirnov test. SPSS 26.0 software
was used for statistical analysis. The control and
patient group data were separately analyzed with
ANCOVA for FS and CAT12 software. First,
significant values were extracted from each area.
Then, it was examined whether the values obtained
from the CATI12 were consistent with the FS
method and whether it could be considered a good
alternative to FS. The ANCOVA analysis treated
age, FIQ, and VIQ as covariates, while the ASD
and control groups were the fixed factors. CT and
GMYV were the dependent variables. Comparison
of FS6 and CAT12 Using a TDCs and an ASD

A linear regression model was performed on the
TDCs and ASD groups to evaluate the agreement
between the ROI estimates of thickness between
FS6 and CATI12 software, according to the
atlas’s definition of the brain structure of healthy
individuals. For the analysis, the R2 coefficient
of the mean CT values was obtained for all 68
regions between both methods. ANCOVA was
used to compare differences in CT estimations
between the two methods in TDCs and ASD. Fixed
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factors were considered software (FS, CAT12)
and constant thickness variable in this model.
Bland-Altman diagrams were calculated to further
investigate the agreement between CT measured
by the two methods. This graphical method shows
the difference in estimation between the two
approaches. Intra-Class Correlation Coefficients
(ICC) were calculated to obtain a simultaneous
estimate of compatibility and agreement between
CT obtained from the two methods. A value of
ICC 1 indicates complete agreement between
two (or more) methods, and a value of 0 indicates

disagreement.

Results

Demographic and clinical characteristics

In this study, an experimental independents-
samples t-test was used to compare groups for
age, PIQ, VIQ, Full-Scale Intelligence Quotient
(FIQ), and Social Responsiveness Scale (SRS). No
significant differences in sex (as all participants
were male) or Performance 1Q (PIQ) (P = 0.351)
were found between the Typically Developing
Controls (TDCs) and the Autism Spectrum
Disorder (ASD) groups. However, significant
differences were noted in age, VIQ, FIQ, and SRS
scores, with P-values of 0.002, 0.032, 0.044, and
<0.001, respectively. Refer to Table 1 for more
information. (Table 1)

Comparison ROIs between TDCs and ASD
groups in CAT12 and FS

The mean, standard deviation, and p-value of
TIV and total gray matter volume (TGMYV) using
CAT12 and FS approaches are shown in Tables
2 and 3. According to the p-value between ASD

and TDCs groups, no significant difference was
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observed. (Table 2)

Gray matter volume based on Hammers Atlas
at CAT12 in R inferior Middle temporal gyrus,
L fusiform gyrus, and R superior frontal gyrus
is significantly different (Table 4). Besides, a
significant difference between L pars operqularis,
R pars operqularis, R pars triangularis, L posterior
cingulate, L rostral middle frontal, and R rostral
middle frontal according to the DK Atlas in FS
was found (Table 5). CT differs significantly in
L caudal anterior cingulate, R cuneus, R inferior
temporal, and L lateral occipital in CAT12, and
L inferior parietal, L lateral occipital, and R pars
orbitalis in FS (Table 6).

Comparison of FS6 and CAT12 in the TDCs
group
TheCTaveragevaluesofcat]2andFS6arecompared
with the t-test, along with their corresponding
p-values in Table 6. The R2 coefficient is shown
in Table 6, measuring the correlation between the
two methods. The minimum and maximum R2
values in the TDCs between CAT12 and FreeSurfer
are 0.000 and 0.770, respectively. According to
total R2= 0.691 and p-value< 0.001, there was a
correlation with moderate regression. The values

are shown in Table 6 and Figures 3 and 4.

Comparison of FS6 and CAT12 in the ASD
group
TheCTaveragevaluesofcat]2andFS6arecompared
with the t-test, along with their corresponding
p-values in Table 7. The R2 coefficient is shown in
Table 7, measuring the correlation between the two
methods. The minimum and maximum R2 values
in the ASD between CAT12 and FS are 0.002 and
0.800, respectively. According to total R2=0.680
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Table 1: Demographics information for the participants

ASD (n=40) TDCs (n=18) p-value (*)
Mean (SD) Mean (SD)
Age 7.28 (1.29) 8.48(1.43) 0.002*
Sex 40 M 18 M
FIQ 105.75(18.80) 116.27(15.87) 0.044*
VIQ 107.37(18.35) 118.44(16.29) 0.032*
PIQ 105.92(21.08) 111.22(15.63) 0.3
SRS Total T 74.62(14.30) 44.82(7.13)

Abbreviations: ASD: Autism Spectrum Disorder; TDCs: typically developing controls; M: Male; FIQ: Full-Scale Intelligence
Quotient. PIQ: Performance Intelligence Quotient. VIQ: Verbal Intelligence Quotient. SRS: Social Responsiveness Scale. P<0.05
was considered statistically significant.

Table 2: Comparison TIV and TGM (mm?3) values of TDCs and an ASD Using CAT12 and FreeSurfer 6 (FS6)

ASD TDCs
Method Variable F-value p-value*
Mean SD Mean SD
CATD TIV 1448056.75 105856.96 1474817.78 118920.47 0.004 0.949
TGM 836.27 55.33 829.35 60.93 0.146 0.704
. TIV 1452336.42 127464.53 1480859.12 121724.99 0.003 0.955
TGM 600.25 45.52 597.12 44.97 0.487 0.488
Abbreviations: ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation; TIV: Total

Intracranial Volume; TGM: Total Gray Matter; P< 0.05 was considered statistically significant. (*ANCOVA)

Table 3: Statistical results of Gray Matter volume(mm3) in Hammers Atlas (CAT12)

ASD TDCs

Brain Region Mean Difference F-value p-value*
Mean | SD Mean | SD

R inferior Middle temporal gyrus 8.71 0.58 |8.19 |0.39 |0.52 8.207 0.006

L fusiform gyrus 2.51 022 235 |0.20 |0.16 6.201 0.016

R superior frontal gyrus 28.46 | 191 |26.69 |1.85 |1.77 4.764 0.030

Abbreviations: R: Right; L: Left; ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation;
P<0.05 was considered statistically significant. (*ANCOVA)

Table 4: Statistical results of Gray Matter volume(mma3) in DK Atlas regions (FS6)

Brain Region ASD IDCs Mean Difference F-value p-value*
Mean | SD Mean | SD
L pars operqularis 4.06 0.57 |3.70 |0.52 |0.36 4.047 0.049
R pars operqularis 3.33 044 |3.21 1039 |0.12 3.827 0.036
R pars triangularis 4.03 0.60 |3.82 |0.62 |0.21 4.196 0.035
L posterior cingulate 2.82 035 |2.54 1028 |0.28 6.926 0.011
L rostral middle frontal 1593 |1.61 |14.76 [1.71 |1.17 6.564 0.013
R rostral middle frontal 16.05 |1.55 |14.80 [0.31 |1.25 4.255 0.044

Abbreviations: R: Right; L: Left; ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation;
P< 0.05 was considered statistically significant. (*¥ANCOVA)
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Table 5: Statistical results of CT (mm) in DK Atlas regions

Method Brain Region ASD IDGs Mean Difference F-value | p-value*
Mean | SD Mean | SD

L caudal anterior cingulate 1.69 0.19 1.54 0.21 0.15 5.557 0.022
CAT12 R cuneus 1.53 0.15 1.54 0.16 -0.01 4.370 0.041

R inferior temporal 1.91 0.14 1.86 0.17 0.05 4.523 0.031

L lateral occipital 1.59 0.12 1.53 0.14 0.06 4.149 0.047

L inferior parietal 1.97 0.22 1.87 0.17 0.10 5.317 0.025
FS6 L lateral occipital 1.69 0.20 1.58 0.16 0.11 5.412 0.024

R pars orbitalis 227 1029 |[2.11 0.29 0.16 4.289 0.043

Abbreviations: R: Right; L: Left; ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation;
P<0.05 was considered statistically significant. (*ANCOVA)

Table 6: Comparison means values of CT (mm) Both Methods Including TDCs Subjects

Brain Region FSe6 CAT12 p-value R2
Mean | SD Mean SD

L banks of superior temporal sulcus 2.71 ]0.14 2.98 0.29 0.009 0.360
R banks of superior temporal sulcus 2.89 ]0.19 3.08 0.20 0.066 0.200
L caudal anterior cingulate 2.75 10.31 2.73 0.37 0.181 0.110
R caudal anterior cingulate 2.53 |0.12 2.82 0.35 0.528 0.030
L caudal middle frontal 290 |0.11 3.32 0.14 <0.001 0.580
R caudal middle frontal 2.88 |0.14 3.33 0.17 0.001 0.520
L cuneus 226 |0.15 2.58 0.19 <0.001 0.550
R cuneus 229 |0.16 2.62 0.23 0.001 0.540
L entorhinal 343 0.25 4.76 0.50 0.122 0.140
R entorhinal 3.62 |0.10 4.86 0.45 0.965 0.000
L fusiform 2.83 |0.11 3.32 0.20 <0.001 0.570
R fusiform 291 10.13 3.38 0.17 0.029 0.270
L inferior parietal 2.75 ]0.10 3.18 0.18 <0.001 0.650
R inferior parietal 2.77 |0.08 315 0.16 0.001 0.540
L inferior temporal 2.94 |0.12 3.51 0.19 0.001 0.510
R inferior temporal 3.01 |0.10 3.54 0.17 <0.001 0.580
L isthmus cingulate 249 |0.14 3.34 0.12 0.658 0.010
R isthmus cingulate 247 10.20 3.24 0.27 0.144 0.130
L lateral occipital 233 |0.12 2.63 0.16 <0.001 0.740
R lateral occipital 243 ]0.12 2.67 0.17 <0.001 0.740
L lateral orbitofrontal 3.14 |[0.19 3.84 0.23 0.017 0.310
R lateral orbitofrontal 3.07 |0.18 3.86 0.24 0.155 0.120
L lingual 245 10.15 2.67 0.14 0.946 0.000
R lingual 241 10.13 2.79 0.27 0.039 0.240
L medial orbitofrontal 2.74 0.10 3.24 0.19 0.070 0.190
R medial orbitofrontal 2.80 |0.13 3.18 0.15 0.019 0.300
L middle temporal 3.10 |0.13 3.82 0.20 0.020 0.300
R middle temporal 3.13 |0.12 3.81 0.20 0.006 0.390
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L parahippocampal 2.75 10.20 3.05 0.24 0.596 0.020
R parahippocampal 2.75 10.20 3.24 0.24 0.838 0.000
L paracentral 2.85 ]0.14 3.06 0.17 <0.001 0.650
R paracentral 292 10.14 3.11 0.16 0.072 0.190
L pars opercularis 291 |0.13 3.36 0.20 0.016 0.310
R pars opercularis 291 |0.13 3.35 0.27 0.002 0.470
L pars orbitalis 3.17 |0.21 3.88 0.28 <0.001 0.570
R pars orbitalis 3.09 [0.24 3.85 0.27 0.019 0.300
L pars triangularis 291 |0.13 3.29 0.28 0.007 0.370
R pars triangularis 291 |0.14 3.34 0.27 0.004 0.420
L pericalcarine 1.99 |0.21 2.39 0.21 0.001 0.520
R pericalcarine 1.99 |0.15 2.43 0.21 0.020 0.300
L postcentral 236 |0.11 2.69 0.13 <0.001 0.740
R postcentral 234 0.12 2.74 0.18 0.001 0.480
L posterior cingulate 2.56 |0.14 2.87 0.20 0.002 0.460
R posterior cingulate 2.57 |0.14 2.94 0.21 0.052 0.220
L precentral 2.80 |0.07 3.03 0.13 0.003 0.440
R precentral 2.77 |0.08 2.99 0.10 0.184 0.110
L precuneus 2.78 | 0.06 3.19 0.16 0.029 0.260
R precuneus 2.80 |0.08 3.25 0.13 0.011 0.340
L rostral anterior cingulate 2.90 |0.20 3.18 0.23 0.019 0.300
R rostral anterior cingulate 2.82 10.20 3.26 0.26 0.013 0.330
L rostral middle frontal 2.85 10.14 3.36 0.20 <0.001 0.720
R rostral middle frontal 2.81 |0.14 3.31 0.19 0.001 0.530
Superior frontal L 3.15 |0.16 3.57 0.20 <0.001 0.770
R superior frontal 3.14 |0.13 3.58 0.18 <0.001 0.650
L superior parietal 2.57 10.08 2.80 0.10 <0.001 0.640
R superior parietal 2.54 |0.09 2.78 0.08 0.011 0.340
L superior temporal 3.04 |[0.09 3.39 0.14 0.222 0.090
R superior temporal 3.14 |0.10 3.54 0.18 <0.001 0.650
L supramarginal 2.89 |0.10 3.23 0.16 0.008 0.360
R supramarginal 2.87 |0.06 3.12 0.14 0.001 0.500
L frontal pole 3.14 ]0.22 3.56 0.32 0.293 0.070
R frontal pole 3.15 |0.31 3.67 0.35 0.004 0.410
L temporal pole 3.64 10.24 4.48 0.43 0.350 0.060
R temporal pole 3.63 |0.36 4.58 0.48 0.371 0.050
L transverse temporal 2.76 |0.22 3.05 0.19 0.729 0.010
R transverse temporal 2.78 |0.25 3.03 0.31 0.348 0.060
L insula 3.11 |0.16 3.97 0.21 0.687 0.010
R insula 3.11 | 0.09 4.13 0.28 0.470 0.030
Total 2.83 10.37 3.29 0.56 <0.001 0.690

Abbreviations: R: Right; L: Left; ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation;
R2: Regression; P< 0.05 was considered statistically significant.
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Table 7: Comparison means values of CT (mm) Both Methods Including ASD Subjects

FSe6 CAT12
Brain Region p-value | R2
Mean SD Mean SD

L banks of superior temporal sulcus 2.78 0.17 3.01 0.26 <0.001 |0.450
R banks of superior temporal sulcus 2.84 0.16 3.11 0.24 0.001 0.260
L caudal anterior cingulate 2.70 0.22 2.93 0.35 0.006 | 0.190
R caudal anterior cingulate 2.55 0.17 2.90 0.29 0.187 | 0.050
L caudal middle frontal 2.93 0.11 3.33 0.14 <0.001 |0.370
R caudal middle frontal 291 0.12 3.35 0.14 <0.001 |0.320
L cuneus 2.31 0.22 2.62 0.23 <0.001 |0.430
R cuneus 2.32 0.20 2.61 0.23 <0.001 | 0.650
L entorhinal 3.47 0.30 5.02 0.45 0.168 [0.050
R entorhinal 3.50 0.34 5.09 0.40 0.768 |0.002
L fusiform 2.86 0.16 3.40 0.24 <0.001 |0.350
R fusiform 2.89 0.11 3.45 0.22 0.001 0.250
L inferior parietal 2.82 0.10 3.25 0.15 <0.001 |0.380
R inferior parietal 2.81 0.09 3.24 0.15 <0.001 |0.380
L inferior temporal 3.01 0.19 3.65 0.21 0.001 0.260
R inferior temporal 3.10 0.15 3.75 0.25 0.002 | 0.240
L isthmus cingulate 2.49 0.14 3.35 0.32 0.173 | 0.050
R isthmus cingulate 2.52 0.20 3.27 0.29 0.030 | 0.120
L lateral occipital 243 0.13 2.74 0.18 <0.001 |0.350
R lateral occipital 2.49 0.13 2.77 0.19 <0.001 |0.580
L lateral orbitofrontal 3.14 0.15 3.88 0.26 <0.001 |0.350
R lateral orbitofrontal 3.05 0.14 3.92 0.27 <0.001 |0.410
L lingual 2.50 0.17 2.79 0.20 0.007 |0.180
R lingual 2.49 0.14 2.82 0.22 0.510 [0.010
L medial orbitofrontal 2.81 0.18 3.35 0.25 <0.001 |0.330
R medial orbitofrontal 2.81 0.19 3.25 0.20 0.001 0.250
L middle temporal 3.10 0.11 3.85 0.24 0.002 | 0.230
R middle temporal 3.17 0.16 3.93 0.22 0.677 | 0.005
L parahippocampal 2.84 0.21 3.11 0.29 0.005 0.200
R parahippocampal 2.69 0.20 3.16 0.25 0.005 0.200
L paracentral 2.89 0.13 3.12 0.19 <0.001 |0.380
R paracentral 2.86 0.14 3.10 0.20 <0.001 |0.350
L pars opercularis 2.90 0.14 3.35 0.22 <0.001 |0.440
R pars opercularis 2.88 0.12 3.34 0.21 0.053 0.100
L pars orbitalis 3.27 0.19 3.99 0.31 0.014 |0.150
R pars orbitalis 3.25 0.17 3.99 0.32 <0.001 |0.360
L pars triangularis 2.92 0.15 3.25 0.24 0.030 | 0.120
R pars triangularis 2.95 0.16 3.40 0.26 <0.001 |0.290
L pericalcarine 2.11 0.25 2.49 0.24 <0.001 |0.520
R pericalcarine 2.05 0.18 2.47 0.23 <0.001 |0.440
L postcentral 2.38 0.14 2.75 0.16 <0.001 |0.630
R postcentral 2.34 0.12 2.77 0.15 <0.001 |0.520
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FSe6 CAT12
Brain Region p-value | R2
Mean SD Mean SD

L posterior cingulate 2.62 0.17 2.99 0.22 0.001 0.270
R posterior cingulate 2.53 0.15 2.95 0.23 <0.001 |0.510
L precentral 2.80 0.09 3.03 0.11 <0.001 |0.450
R precentral 2.77 0.11 3.00 0.13 <0.001 | 0.430
L precuneus 2.80 0.13 3.24 0.18 <0.001 |0.640
R precuneus 2.81 0.10 3.28 0.17 <0.001 |0.630
L rostral anterior cingulate 2.86 0.19 3.31 0.36 0.060 | 0.090
R rostral anterior cingulate 2.90 0.25 3.37 0.31 0.003 0.210
L rostral middle frontal 291 0.11 3.46 0.21 <0.001 |0.570
R rostral middle frontal 2.88 0.11 3.43 0.20 <0.001 | 0.540
L Superior frontal 3.16 0.09 3.59 0.16 <0.001 |0.460
R superior frontal 3.13 0.11 3.63 0.15 <0.001 |0.490
L superior parietal 2.60 0.12 2.85 0.16 <0.001 |0.800
R superior parietal 2.58 0.13 2.83 0.17 <0.001 |0.760
L superior temporal 3.08 0.13 3.43 0.18 <0.001 |0.420
R superior temporal 3.14 0.13 3.63 0.21 <0.001 |0.550
L supramarginal 2.91 0.12 3.27 0.19 <0.001 |0.520
R supramarginal 2.90 0.11 3.23 0.18 <0.001 | 0.400
L frontal pole 3.29 0.27 3.78 0.36 0.037 |0.110
R frontal pole 3.30 0.26 3.74 0.38 <0.001 |0.340
L temporal pole 3.65 0.32 4.54 0.38 0.366 | 0.020
R temporal pole 3.69 0.30 4.75 0.41 0.007 0.180
L transverse temporal 2.79 0.22 3.19 0.37 0.002 0.230
R transverse temporal 2.83 0.23 3.18 0.37 0.335 0.030
L insula 3.13 0.16 4.01 0.34 <0.001 | 0.290
R insula 3.08 0.17 4.17 0.35 <0.001 |0.330
Total 2.86 0.37 3.36 0.59 <0.001 | 0.680

Abbreviations: R: Right; L: Left; ASD: Autism Spectrum Disorder; TDCs: typically developing controls; SD: Standard Deviation;
R2: Regression; P< 0.05 was considered statistically significant.
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Figure 1. Steps 1 to 6 of FreeSurfer MRI reconstruction

Figure 2. Stages of pre-processing of structural images of the brain: A) Initial image, B) Image after intensity normalization, C) Segmented image

with skull removal, and D) Image after spatial normalization in DARTEL modified space based on MNI.
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Typically developing controls
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Figure 3. Mean CT values for 34 Regions of Interest (ROI) of FreeSurtfer (FS6) and CAT12 (TDCs).
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Figure 4. Regression between CT outcomes in the TDCs using CAT12 and FreeSurfer methods.
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Autism Spectrum Disorder
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Figure 5. Mean CT values for 34 regions of interest (ROI) of FreeSurfer (FS6) and CAT12 (ASD).
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Difference vs. average: Bland-Altman (TDCs)
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and p-value < 0.001, there was a correlation with
moderate regression. The values are seen in Table
7 and Figures 5 and 6.

According to the Bland-Altman chart, overall CT
values were higher for CAT12. The differences
between the two methods were greater at higher
thickness values, particularly in the ASD group.
See Figures 7 and 8 for more details. Based on
the results of ICC analysis, Cronbach’s alpha
coefficient for the TDCs and ASD groups was
0.865 and 0.848, respectively, and the F-test value
for both groups was < 0.001.

Discussion

The following evaluations were performed the
present study using the CAT12 volume-based
toolbox for SPM and FS6 surface-based. Firstly,
overall differences in GMV, CT, TGM, and
TIV between the autistic and healthy groups
were separately compared for each method.
Subsequently, the regression analysis was
performed for CT values and volume of TGM and
TIV in both FS and CAT12 methods. Additionally,
the agreement between the two methods was
evaluated through the Bland-Altman and ICC to
determine the potential of CAT12 software as an
alternative to FS. In this statistical analysis, age,
VIQ, and FIQ were considered covariates due to
significant differences between the healthy and
autism groups. The inclusion of these variables,
particularly age, was expected based on previous
studies (44-46), which have highlighted the
influence of these factors on brain structure, such
as total brain GM volume and CT (47, 48).

According to the statistical findings presented in

Tables 2 and 3, there were no significant differences
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in TIV and TGM between individuals with ASD
and TDCs. These findings contradict several past
studies (49-51). However, similar to the obtained
results, Xiao et al. reported a need for significant
differences (52, 53). Summing the total volume
of GM, WM, and CSF gives the total intracranial
volume (TIV) (TIV = TGM + TWM + TCSF) (51,
54). While investigating the potential of TIV as a
biomarker for autism diagnosis is crucial, it should
be considered as an auxiliary factor when there is
a significant difference in TIV between the healthy
and autistic groups. This consideration can lead
to more reliable and accurate results (30, 54). In
this study, TIV showed no significant differences
between the healthy and autistic groups; therefore,
we excluded it from the statistical analysis. Based
on the values presented in Table 4, the GM volume
measured by CAT12 was significantly increased in
the R inferior Middle temporal gyrus, L fusiform
gyrus, and R superior frontal region of the brain
in the autistic group compared to the control
group. The social problems in ASD may be due to
deficiencies in these regions, indicating their role
in cognition and social communication (55-57).

Some studies, including the present study, have
reported an increase in GM volume in the right
inferior middle temporal gyrus region (58, 59),
while others have reported a decrease (44, 60).
Foster et al. demonstrated reduced gray matter
volume in the left fusiform gyrus (18), whereas
previous studies have reported increases in GM
volume in both the left fusiform gyrus and right
superior frontal region in ASD (61, 62). Wallace et
al. found an increase in the left fusiform gyrus and
a reduction in the right superior frontal region (62).

Differences in GM volume between different age
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groups in autism were shown in the Duerden et al.
study, increasing GM volume in the left fusiform
gyrus reported for children/ adolescents. Uniquely
in the fusiform gyrus, there was a significant
likelihood of decreased gray matter volume in the
adults (19).

The results obtained using the FS approach showed
that the GM volume increases in several regions,
including the left pars operqularis, right pars
operqularis, right pars triangularis, left posterior
cingulate, left rostral middle frontal, and right
rostral middle frontal. These regions play essential
roles in social and language processing as executive
tasks. Structural changes in any of these regions
could potentially contribute to the development of
autism. The pars operqularis, primarily due to its
role in the human mirror nervous system (MNS),
maybe a reason for social interaction deficiencies
in ASD (61, 63, 64).

Knaus et al. has found an increase in GM volume
in the pars opercularis and triangularis regions(65).
A significant gray matter volume reduction in both
the pars opercularis and triangularis bilaterally in
the subjects with ASD compared with the typical
control subjects was reported by Yamasaki et al.
(66). These findings align with the study conducted
by McAlonan et al. (67). In this study CT scans
were extensively utilized as a sensitive biomarker
to assess brain disorders. Two methods based on
the Desikan-Killiany atlas were employed for
this purpose. Significant differences in CT were
observed in the left caudal anterior cingulate, right
cuneus, right inferior temporal, and left lateral
occipital regions using CAT12, while differences
were found in the left inferior parietal, left lateral

occipital, and right pars orbitalis regions using
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FS. In individuals with ASD, compared to TDCs,
there was an increase in thickness in all these areas
except the right cuneus. The left caudal anterior
cingulate and left inferior parietal in the brain
are known to play a role in social and cognitive
behaviors (68, 69).

The right cuneus and left lateral occipital regions
are also involved in the comprehension of visual
processing (70, 71). The CT of the right inferior
temporal region is generally associated with
language and emotional understanding (72).
Specifically, the right pars orbitalis, a subdivision
of the inferior frontal gyrus, is functionally linked
to the recognition of facial expressions depicting
basic emotions (73). Research has confirmed an
increase in CT in the left caudal anterior cingulate
and right inferior temporal regions in individuals
with autism compared to controls (24, 74),
respectively. In contradiction with the study, several
prior reports have shown a reduction in CT in the
right inferior temporal (75), left lateral occipital
(76), and right pars orbitalis (24) regions. Zielinski
et al. observed thicker cortical measurements in
the cuneus during childhood in individuals with
ASD, which contradicts the obtained findings (22).
The inconsistency among previous studies may be
attributed to various factors, including differences
in data collection, feature extraction methods and
software used, discrepancies in 1Q, gender, age,
clinical characteristics, racial composition, and
climatic factors of the samples, as well as small
sample sizes. Nevertheless, larger samples are
necessary to obtain reliable results (53, 77, 78).
The causes, risk factors, and clinical manifestations
of ASD are varied, possibly related to changes in

the brain’s anatomical neurological abnormalities
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(2). ASD has a strong genetic basis, and many ASD-
related genes influence the formation of neuronal
circuits (79). ASD is associated with a variety
of gene mutations, each of which affects nerve
growth through various pathways and methods,
including gene transcription, expression and
regulation, synaptic formation, and function. Cell
migration can also vary the clinical manifestations
of ASD symptoms (80, 81). For example, Shank/
ProSAP proteins are critical to synaptic formation,
function, and development. Strongly, mutations in
the SHANK genes and alteration of Shank protein
expression lead to abnormal synaptic development
and are related to learning and social cognition
deficits in ASD (82).

To better understand the relationship between
heterogeneous  neuropathological  phenotypes
and the clinical manifestations of ASD, more
phenotypic, genetic, and neuroimaging data are
required, leading to the discovery of new and
effective biomarkers (83). Future studies should aim
to use larger sample sizes and establish inclusion
criteria based on IQ, gender, age, and diagnosis.
The crucial factors influencing the results are the
different methods used to process and extract the
feature are one of. This study used two approaches
based on volume (CAT12) and surface-based
(FS6) analyses. Since there is no gold standard
for fully automated CT estimation, selecting a
method that produces the most accurate results
can be challenging. However, post-mortem and
histological studies show good agreement between
post-mortem measurements and FS CT estimates.
As no post-mortem and histological studies are
available for CAT12, this study compared CAT12

results with FS results to determine usability (38).
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This research aims to compare ROI-wise CT
estimations obtained using the CAT12 toolbox
and the FS6 software for both the TDCs group
and ASD. The CT values calculated by CAT12
were generally higher than those obtained using
the FS6 software in all regions except the right
cuneus. These findings contrast with the results of
some studies (30, 38). The discrepancies between
the present findings and those of other studies
may stem from various sources. The differences
could be attributed to the narrower age range
of participants or variations in MRI protocols
used for imaging. The software version plays an
essential role in obtaining results since it may
have implemented various methods, giving rise
to different results. Regression, the Bland-Altman
graphs, and ICC were used to assess the agreement
and correlation between the two software. The
results indicated that the regression analysis
comparing the mean ROI of CT estimation in the
TDCs group yielded slightly higher values than in
the ASD group. In both TDCs and ASD groups,
there was some link between the two methods,
according to the p-value, and considering the value
of R2, a moderate correlation was obtained. The
ICC analysis confirmed the study hypothesis by
demonstrating a significant relationship between
the values calculated by the two software, and the
obtained alpha coefficient showed relatively good
reliability. The Bland-Altman chart illustrated the
average agreement between the two applications.

The study by Seiger et al., Which was performed
on the elderly with Alzheimer’s disease, showed
an excellent agreement between the CT estimates
obtained from the two methods despite CAT12
yielding higher CT values than FS (30). Similarly,
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Masouleh et al. performed thickness estimation
using the CAT12 toolbox and FS6 software on
large samples of healthy young and old adults,
and they achieved excellent agreement between
the two methods (84). The CT values obtained
from both methods significantly correlate with
each other across ROIs and demonstrate that both
methods are consistent. Notably, Ay et al. reported
that the results can be extracted from both methods
for group comparison purposes (38). Pulli et al.
reported a relatively weak agreement between the
two approaches in a pediatric population of 5-year-
olds. (85).

The findings from this study indicate a lower
correlation and agreement than the initial two
studies and a higher value than the results reported
by Pulli et al. This discrepancy could be due to the
CAT12 Toolbox potentially overestimating CT
values, the smaller sample size in this study relative
to others, and the consideration of varying age
groups (30, 84, 85). Additionally, there is diversity
at different levels of analysis, and differences in
analysis pipelines should be considered to estimate
thickness. For example, estimates of cerebral
cortex thickness, differences in algorithms used
for skull stripping or brain extraction, voxel-based
initial and final records, and various tissue bias
correction and classification algorithms are all
likely to be affected (85).

On the other hand, the maximum CT value that FS
can calculate is 5 mm. In the present study, about
one percent of the CTs are above 5 mm, providing
the potential for a ceiling effect in the FS CT
values. Nevertheless, considering that, the value of
5 mm for CT was not observed in the data obtained

in this study by FS, this effect can be considered
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insignificant or ignored. Considering the moderate
agreement between CAT12 and FS6 approaches
for the autistic group of children, it appears that
catl2 cannot be universally substituted for FS6 in

all conditions.

Limitations

The limitations of the present study include
insufficient data, which might decrease the power
of the study’s statistics: confounding factors,
failure to consider experimental artifacts, gender,
and intelligence tests. Furthermore, due to the lack
of imaging and clinical data on infants, subjects
in the age range of 5-10 years were used in both
autism and control groups. Those comorbidities
with autism, such as epilepsy, can affect both the
surface and volume of the brain. The present study
has no information about autism-related diseases
in selected patients. Therefore, to achieve more
credible results due to the variety of ASD clinical
phenotypes in future studies, these limitations
should be considered. Information on autism and
control subjects with younger ages and a larger
sample size can be used. In addition, it is better to
consider the effects of each processing step on the
results of estimating the thickness of the cerebral

cortex.

In Conclusion

In this study, sMRI was utilized to identify abnormal
brain areas in individuals with ASD. The analysis
of gray matter volume based on atlases hammers
and DK revealed significant differences between
the ASD group and TDCs in certain regions of
interest (ROIs). Moreover, abnormalities in CT

were observed in the autism group. These findings
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suggest that changes in brain structure are closely
associated with the clinical features of ASD, which
can potentially contribute to early diagnosis. In
addition, a moderate level of agreement between
the two methods indicates some degree of
consistency in the results. In summary, although
CAT12 provides some valuable information in
investigating ASD in children, the differences
are also considerable compared to FS6. To fully
understand the accuracy and limitations of these
software tools, further studies with larger sample
sizes are necessary to account for all influencing

factors.
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