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Abstract

Autism Spectrum Disorder (ASD) pathology involves multiple distributed neural
networks. Abnormal white matter (WM) connectivity has been implicated as
being responsible for perturbed neural functioning across distributed networks.
Much of the existing research surrounding WM connectivity in ASD has primarily
focused on children, while little is known about the anatomical and behavioral
profile across the lifespan into adulthood. The present study used diffusion tensor
imaging (DTI) to explore the degree to which WM connectivity is abnormal in
ASD in a large sample of children and adults. Diffusion MRI data was acquired
from the ABIDE Il repository, Carnegie Mellon University, and the University of
Pittsburgh. In total, we analyzed 336 subjects (199 ASD, 137 IQ-matched
neurotypical (NT) controls). All data were collected on a 3-Tesla scanner. Tract
Based Spatial Statistics (TBSS) was performed using FMRIB’s FSL software.
Due to the nested nature of the data, linear mixed-effects modeling was used to
examine if there were group differences in diffusion measures between
individuals with ASD and NT controls while controlling for several covariates
(age, 1Q, motion, brain volume). Individuals with ASD exhibited poorer overall
diffusion, even after controlling for age, motion and 1Q. Compared to NT controls,
individuals with ASD showed decreased fractional anisotropy (FA), increased
mean diffusivity (MD) and increased radial diffusivity (RD). Together, these

results suggest that WM compromise begins early in ASD and persists



throughout adulthood. Due to the nonlinear and dynamic nature of brain
development in ASD, it is difficult to isolate aberrant changes in WM connectivity
that might be a direct result of ASD. Focusing more efforts on adults with ASD
may give researchers a better understanding of which of these changes in
diffusion are sustained beyond development and maturation. Our findings
highlight the need for longitudinal studies to better understand how age-related
changes in WM diffusion properties may relate to the behavioral profile often

seen in ASD across the lifespan.
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Tables

Table 1. Participant demographics. Table reflects the mean and standard
deviation per site for each group. N, total number of subjects in group; ASD,

autism group; Con, control group; 1Q, intelligence quotient; M, male; F, female.

Site ID Nasp/Ncon AGEnasp/ IQasp/1Qcon Sex (M/F)asp
AGECon SeX (M/F)Con
BNI 29/29 37.45 +16.09 107.76 + 13.72 29/0
3959+15.08 112.41 £12.07 29/0
CMU 24/19 28.92 £ 7.03 115.17 + 14.67 21/3
25.89 £ 5.1 116.4 £ 10.46 15/4
NYU 1 32/24 10.27 £ 6.76 102.84 + 14.67 27/5
9.81+3.52 116.17 + 14.67 23/1
NYU 2 20/0 6.78+1.12 106.89 + 0.01 18/2
PITT 45/20 23.53 £6.29 107.25+ 14 .43 36/9
25.7 +£5.25 104.95 + 6.85 17/3
SDSU 31/24 13.45 +4.69 102.17 £ 15.29 26/5
13.13 £ 3.04 103.29 + 11.86 22/2
TCD 19/21 14.59 + 3.34 110.63 + 14.20 19/0
15.61+3.12 118.48 + 13.19 21/0




Table 2. MRI parameters for data acquisition shown separately for each
recording site. BNI, Barrow Neurological Institute; CMU, Carnegie Mellon
University; NYU, New York University; PITT, University of Pittsburgh; SDSU, San
Diego State University; TCD, Trinity Centre for Health Sciences.

Site ID Manufacturer Model Tesla
BNI Philips Ingenia 3
CMU Siemens Magnetom Verio 3
NYU_1 Siemens Allegra 3
NYU_2 Siemens Allegra 3
PITT Siemens Magentom Verio 3
SDSU GE MR750 3
TCD Philips Achieva 3




Vi

Table 3. MRI scan parameters for acquisition of diffusion data shown separately
for each recording site., Barrow Neurological Institute; CMU, Carnegie Mellon
University; NYU, New York University; PITT, University of Pittsburgh; SDSU, San
Diego State University; TCD, Trinity Centre for Health Sciences

Head Coill
Site ID # of # of # of Bvals # of b0
Channels Directions
BNI 15 32 2,500 1
CMU 8 68 2,000 1
NYU_1 8 64 1,000 1
NYU_2 8 64 1,000 1
PITT 32 128 2,000 1
SDSU 8 61 1,000 1
TCD 8 61 1,500 1




Vii

Table 4. Sequence parameters for diffusion imaging acquisition. BW, bandwidth per pixel; PE, phase encoding; SO,
Slice orientation; TA, Acquisition Time; TE, echo time; Tl, inversion time; TR, repetition time; P, phase encoding. For

slice orientation; S, sagittal; T, transverse (axial); C, coronal. For phase encoding direction; RL, right-to-left; AP,
Anterior to posterior. Reconstructed resolution and image dimensions refer to the images after they have been

reconstructed from the k-space data, the matrix size and resolution used for the acquisition may differ. For these
categories, RO, read out direction; PE, phase encoding direction, and SL, slice direction.

Reconstructed Reconstructed Image
Resolution (mm) Dimensions
TI TE ES BW TR
Site ID (ms) (ms) (ms) (Hz/Px) (ms) SOPE RO PE3 SL RO2 PE2 SL2 | TA
BNI 900 3.1 6.7 2405 2,500 S AP 1.06 1.06 1.06 256 256 256 | 5:34
CMU 1,100 5 746 300 5,300 T PA 24 24 2.4 230 230 120 |13:23
NYU_1 1,100 3.25 7.4 200 2,530 S AP 1.30 1.00 1.33 256 256 128 | 8:07
NYU_2 1,100 3.25 7.2 200 2,530 S AP 1.30 1.00 1.33 256 256 128 | 8:07
Pitt 1,100 5 746 300 5,300 T PA 24 24 24 230 230 120 |13:23
SDSU 600 3.17 8.136 2441 2,683 S AP 1.00 1.00 1.00 256 256 172 | 4:54
TCD 1,150 39 79 188.3 3,000 T RL 0.9 0.9 0.9 256 256 180 | 5:43
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Figures

Figure 1. Voxels in white matter tracts where ASD individuals showed weaker
FA compared to NT (shown in red) in the sagittal (A), coronal (B) and axial (C)
planes (TFCE-corrected; p<.05) on the MNI 152 brain.
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Figure 2. Adjusted means for ASD and NTs for each diffusion measure. Mixed
model multilevel linear regression showed that ASD exhibited decreased
fractional anisotropy (A), greater mean diffusivity (B), and greater radial diffusivity
(D) compared to NT (* = p<.05; ** = p<.01). There were no significant differences
observed in axial diffusivity (C). Error bars indicate the standard error estimate

for each model.



Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental condition
characterized by a constellation of behavioral deficits. These often manifest as
persistent impairments in communication, social interaction, and repetitive or
restricted behaviors (DSM 5; American Psychiatric Association, 2013). The
underlying neuropathology of ASD is still not fully understood, and so there are
great efforts underway in finding a unifying mechanism to explain these disparate
behaviors. There is considerable evidence that shows that ASD pathology
involves multiple distributed neural networks (Dean Il et al., 2017; Aimes &
Catani, 2015; Pua et al., 2017). These disrupted neural networks result in
abnormal functional connectivity (Delbruck et al., 2019) and slower information
processing (Minshew, Goldstein & Seigel, 1997; Minshew & Williams, 2007;
Howard, Liversage & Benson, 2017), which may explain the range in ASD
symptomology (Haigh et al., 2018). One of underlying causes of the disrupted
neural networks may be impairments to crucial white matter (WM) structures.
WM impairments have been linked to greater severity in core ASD symptoms
(Agam et al., 2014; Billeci et al., 2011; Conti et al., 2004; Geschwind and Leuvitt,
2007; Just et al, 2007; Travers et al., 2014; Kleinhans et al., 2008; Vissers et al.,

2012).

Diffusion MRI (dMRI) has developed into a promising technique to investigate
complex brain network connectivity, in vivo, by measuring how water moves

within and around myelinated and unmyelinated axons (Karahanoglu et al.,



2018). Neuronal axons are structurally organized into large bundles that traverse
the brain in distinct directions and allow for efficient transfer of information
between distant brain regions. dMRI measures the speed and directionality of
water diffusion along these tracts. The ratio of the speed and direction of the
diffusion is referred to as fractional anisotropy (FA; Alexander et al., 2007,
Travers et al., 2012): the higher the FA value, the faster the water diffused in a
unifying direction. The mechanisms underlying higher FA cannot be determined
using dMRI alone; however, higher FA has been associated with increased
myelination and more cohesive microstructure organization in the brain (Yendiki
et al., 2015; Tournier D., 2019). The application of dMRI in clinical populations is
rapidly gaining popularity because of its sensitivity to changes in WM structure
that are becoming more widely understood in disease versus non-diseased
states, making it a prime candidate for the development of a non-invasive

biomarker (Alexander et al., 2007).

It has been well established that children with ASD demonstrate abnormal
diffusion when compared to neurotypical (NT) children. Most studies indicate an
overall reduction in FA (lkuta et al., 2014; Jou et al., 2011; Keller et al., 2007; Lee
et al., 2007; Shukla et al., 2011b; Walker et al., 2012; Travers et al., 2014;
Weinstein et al., 2011), suggesting impaired diffusion. Some studies, however,
have found the opposite effects — increased FA in ASD children compared to
age-matched, typically-developing children (Bashat et al., 2007; Billeci et al.,

2012; Bode et al., 2011; Roine et al., 2015;). Whereas other studies have found



no differences in diffusion measures between ASD and NT children (Hong et al.,
2011; Joseph et al., 2014). Even across development and adulthood, there is
some discrepancy as to whether all tracts throughout the brain are affected in
ASD (Smith et al., 2006; Shukla et al., 2011b; Weinstein et al., 2011; Billeci et al.,
2012) or if the impairment is restricted to specific tracts such as the corpus
callosum, temporal lobe, the interior longitudinal fasciculus, or the anterior
thalamic radiation (Kana et al., 2012; Naigles et al., 2017; for a review see
Travers et al., 2012; Aimes and Catani, 2015). It is important to note, that even
the tracts that have been singled out as being impaired in ASD are large tracts
that connect disparate parts of the brain and so can still reflect the impaired

functional connectivity.

In adults with ASD, the findings are more inconsistent. Several studies reported
no group differences in diffusion measures between adults with ASD and NT
controls (Shukla et al., 2015; Kirkovski, 2015; Lazar et al., 2014), whereas some
identify specific tracts (Libero et al., 2016; Catani et al., 2016; Haigh et al., 2020),
and others identify widespread abnormalities (Gibbard et al., 2013; Roine et al.,

2015).

To date, few studies have investigated WM diffusion properties across the
lifespan in ASD, despite there being no evidence that ASD symptomatology
resolves itself by adulthood. A recent review by Pua and colleagues (2017),
emphasized that our understanding of the age-related changes to brain structure

and function in ASD is obscured by the often-inconsistent findings, most of which



they attribute to the discrepancies in methodology between independent studies.
Taken altogether, these discrepancies make it even more challenging to identify
the extent to which abnormalities in white matter diffusion are related to core

ASD symptomatology.

There are several factors that could be contributing to the lack of agreement
surrounding WM impairment in ASD. First, some studies that report abnormal
WM diffusion across ASD and NT also report differences in intellectual ability
(Billeci et al., 2012; Mills et al., 2013; Pryweller et al., 2014; Travers et al., 2014;
Noriuchi et al., 2010). FA is known to be higher in those with higher measures of
intelligence (Penke et al., 2012; Navas-Sanchez et al., 2014), and ASD is often
co-morbid with intellectual disability (Aspromonte et al., 2019). Therefore, not
accounting for intellectual ability in ASD and NT groups makes it difficult to
isolate the effects of autism on WM tract diffusion. Second, many studies suffer
from small sample sizes merely due to the inherent challenges in recruiting large
numbers of clinical populations, and thus lack the statistical power to be able to
detect meaningful differences after accounting for other important confounds,

such as age and head motion.

One method of assessing WM abnormalities across the lifespan with a large
sample size is the use of open access data sharing initiatives. Data repositories
have been established to provide researchers open access to a substantial
amount of neuroimaging and phenotypic data, which can help researchers

identify any (even subtle) neurological contributions to the underlying ASD



pathology. One of the concerns in using repository data is that the differences in
site and scanner type may introduce additional noise in the dMRI measures.
However, if abnormal WM diffusion directly contributes to autism pathology, then
the effect of autism diagnosis should be greater than any differences related to

scanning parameters.

In the current study, we aggregated data from the ABIDE |l data repository, a
sample from Carnegie Mellon University (data published by Haigh et al., 2019)
and a separate sample from the University of Pittsburgh (data published by
Haigh et al., 2020) totaling dMRI data from 336 individuals ranging in age from 5-
64 years. This large sample size maximizes the statistical power needed to
detect differences in WM diffusion over a wide age range. Due to the large
sample, we were also able to account for intellectual ability, measures of white
and grey matter volume, motion, and recording site to ensure that any effects of
ASD persisted. We hypothesized that individuals with ASD will demonstrate
poorer diffusion properties than NT, and these differences will be evident across

the life span.

Methods

ABIDE Il dataset
The Autism Brain Imaging Data Exchange is accommodated by the 1000
Functional Connectome Project and the International Neuroimaging Data-sharing

Initiative (INDI; see http://fcon_1000.projects.nitrc.org for more information). Data



included in this study were obtained from the ABIDE Il (DiMartino et al., 2017),
which is a neuroimaging data repository that has been made publicly available
online and includes 284 structural and diffusion imaging datasets, 228 of which
were acquired for this study. Contributing sites were required to provide
confirmation of local Institutional Review Board (IRB) or ethics committee
approval for both the original data collection and the shared, fully anonymized
data sets in accordance with HIPAA (Health Information Portability and
Accountability Act) guidelines. Each dataset contributed was quality inspected by
the ABIDE project team prior to public release using the Preprocessed

Connectome Project quality assurance protocol (http://preprocessed-

connectomes-project.qgithub.io).

Diffusion-weighted images were acquired from the following sites in the ABIDE I
repository: (i) Barrow Neurological Institute (n = 58); (ii)) New York University
Langone Medical Center (n = 105); (iii) Trinity Centre for Health Sciences (n =

42); and (iv) San Diego State University (n = 57).

These datasets also provided a wide array of demographic and phenotypic
information. For this study, we collected demographic information to include age,
IQ, and sex. For the ASD group, we also collected the following diagnostic
information: ADOS category scores (Social, Communication, Restricted or
Repetitive Behaviors, and Total Score; and Social Responsiveness Scale
category scores (Awareness, Cognition, Communication, Motivation,

Mannerisms, and Total Score).



Additional Datasets

Two additional datasets were acquired from: 1) Carnegie Mellon University (n =
43; Haigh et al., 2019), and the University of Pittsburgh (n = 65; Haigh et al.,
2020). The same demographic and phenotypic data were collected to ensure

consistency with the ABIDE |l datasets.

Participant selection

The inclusion criteria for sample selection were: (a) scans were collected on a 3T
scanner; (b) all scans were visually inspected for any obvious scanning artifacts;
(c) diffusion MRI data was collected at a minimum of 30 directions; (d) the
diffusion data were successfully preprocessed (described below); (e) the
participant’s full scale IQ was within 2 standard deviations (SD) from the sample
mean, and (f) the ASD participants were required to have a clinical diagnosis of
autism using the Autism Diagnostic Observation Schedule (ADOS) (Lord et al.,
2000) as provided by each contributing research group. A total of 31 participants
were excluded due to either no diffusion scans being provided (n = 28) or for
poor image quality due to excess motion (n = 3). This provided a final sample
size of 336 participants (ASD = 199; NT = 137). A summary of the participant
demographics for each research group is provided in Table 1. A summary of the
MRI manufacturer hardware (Table 2) and scan parameters (Table 3 and 4) are

provided.



Data processing

Diffusion data were preprocessed and analyzed using FSL version 6.0.0
(Jenkinson et al., 2012) and the following relevant toolboxes: Motion and eddy
current distortions were corrected for using FMRIB'’s Diffusion Toolbox (FDT;
Behrens 2007). Following this, brain extraction was performed using the brain
extraction tool (BET; Smith, 2002) with the standard threshold set at 0.2.
Voxelwise statistical analysis of the fractional anisotropy (FA) data was carried
out using TBSS (Tract-Based Spatial Statistics, (Smith 2006)), part of FSL (Smith
2004). First, FA images were created by fitting a tensor model to the raw
diffusion data using FDT. All subjects' FA data were then aligned into a common
space using the nonlinear registration tool FNIRT (Andersson 2007a, 2007b),
which uses a b-spline representation of the registration warp field (Rueckert
1999). Next, the mean FA image (threshold = FA > 0.2) was created and thinned
to create a mean FA skeleton. This provided a representation of the center
proportion of the WM tracts common to all participants (Figure 1). Each subject's
aligned FA data was then projected onto this skeleton and the resulting data fed
into voxel-wise cross-subject statistics. Data for Mean Diffusivity (MD), Axial
Diffusivity (AD), and Radial Diffusivity (RD) were similarly registered into a

nonlinear common space and projected onto the mean FA skeleton.

To visualize if, and where, the group differences in diffusion lay on the skeleton,
FSL’s randomise tool was used, which is a permutation-based non-parametric

statistical analysis technique (Nichols and Holmes, 2002). A total of 5000 random



permutations were applied for each diffusion measure (FA, MD, AD, RD)
between the ASD and neurotypical groups. Familywise corrected Threshold-Free
Cluster Enhancement p-values (TFCE; corrected by using the null distribution of
the max voxel-wise test statistic across the image; Smith & Nichols, 2009) were
used to identify clusters of voxels where there was a significant difference in
diffusion parameters between ASD and NT groups. The mean values for each
diffusion measure were extracted for each subject using fsistats, part of the

FSLUTILS package in FSL.

Calculating motion and brain volume

Motion parameters, including Euclidean distance, absolute displacement, and
relative displacement, for each participant were extracted using the FSL UTILS
command fsimeants. Brain tissue volume, normalized for participant’s head size,
was estimated with SIENAX (Smith, 2002) from each participant’s T1-weighted
anatomical scans. This included estimates of total brain volume, white matter
(WM) volume, and gray matter (GM) volume. This data was collected for use as
regressors in the multi-level statistical model to account for differences in brain
size across the wide age range of participants. The PITT data set did not have

these scans available and those participants were excluded from this analysis.

Statistical Analysis
Due to the nested nature of the data, we used linear mixed-effects modeling to
examine if there were group differences in diffusion measures between

individuals with ASD and NT controls, when age, |IQ and motion were controlled
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for. The following variables were included as fixed effects: group assignment
(ASD or control), age, 1Q, Euclidean distance, and relative displacement. The site
of data collection was included as a random effect to ensure that any noise

introduced by differences in scan parameters was accounted for.

For each model, we removed any non-significant covariates from the final
analysis, and therefore, the PITT dataset was added back into the analysis.
These were whole brain volume, grey matter volume, white matter volume, and
absolute displacement. While 1Q was also not a significant covariate, due to its
well-documented effect on WM diffusion and the fact that intellectual disability is
a common comorbidity with ASD (Aspromonte et al., 2019), we included IQ in all
of the models. We performed assumption checks and examined outliers on age,
motion, and brain volume estimates. The outlier analysis identified 10
participants that were +/- 3 standard deviations from the mean on age, 1Q,
Euclidean distance, absolute/relative displacement, whole brain volume, grey
matter volume, and white matter volume measures. These participants were
removed prior to performing the linear mixed-effects modelling. Including these

participants did not substantially change the results.

To assess the effects of autism on the diffusion measures, we conducted four
separate linear mixed-effects models with FA, MD, AD, or RD as the outcome
variable. In each multilevel model, the fixed effects included Group and a series
of covariates that were previously determined to have significantly contributed to

the overall model (age, 1Q, Euclidean distance, and relative displacement). The
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random effects included the effects of Site ID. We fit the multilevel models using
the Imer function in the R package Ime4 (Bates, Machler, Bolker, & Walker,
2015). We used the Kenward-Roger adjusted dfs when reporting the ANOVA
results (Kenward & Roger, 1997) and calculated the Cohen’s d effect sizes using

the method described in Brysbaurt and Stevens (2018).

Results

The purpose of this study was to investigate whether individuals with ASD exhibit
poorer, brain-wide diffusion along white matter tracts when compared to 1Q-
matched NT controls using a large, multi-site dataset. We used linear mixed-
effects modeling to account for the nested nature of the data and to control for
the effects of several scan-specific and phenotypic covariates. We assessed
whether having a diagnosis of autism was a significant predictor of the four
diffusion measures: fractional anisotropy (FA), mean diffusion (MD), axial
diffusivity (AD), and radial diffusivity (RD), while accounting for age, 1Q, and
motion parameters. While there were no significant differences in IQ between
each experimental group, we decided not to remove it from the final analysis as
IQ has been previously demonstrated to contribute variability in the ASD
population (Howlin et al., 2004) and it should, therefore, be accounted for in the

statistical modeling.

Autism as a Predictor of Diffusion Measures
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Fractional Anisotropy (FA)

As can be seen in Figure 1, there was widespread FA reduction in ASD. The
linear mixed-effects model of FA showed that individuals with ASD (M=0.446,
SD=0.048; Maqj=0.449) showed significantly weaker FA compared to NT controls
(M=0.466, SD=0.044; M4¢=0.454; F(1, 303.3)=4.07, p=.044, d=0.11, 95% ClI [-
0.219, -0.004]). This was the case while controlling for the fixed effects of age
(F(1,307.7)=20.33, p<.001); 1Q (F(1,303.4)=1.34, p=.25); head motion distance
(F(1,304)=17.17, p<.001); and relative head displacement (F(1,306.4)=26.71,

p<.001). Adjusted group means for FA are shown in Figure 2A.

Mean Diffusivity (MD)

Consistent with the effects of autism on FA, there was a significant increase in
MD for the ASD group (M=7.0614e-4, SD=1.08e-4; Maqj=7.225e-4) compared to
NT controls (M=6.875e-4, SD=1.04e-4; Mag; =7.128e-4), 95% CI [0.0047, 0.1422;
F(1, 303.1)=4.33, p=0.038; d=0.07), when accounting for age F(1, 305.1)=17.26,
p <0.001; 1Q F(1, 303.1)=0.03, p=0.86; head motion distance F(1, 303.4)=2.23,
p=0.13; and relative head displacement F(1, 304.4)=55.12, p < 0.001. Adjusted

group means for MD are shown in Figure 2B.

Axial Diffusivity (AD) and Radial Diffusivity (RD)

To identify the cause of the reduced FA and reduced MD in autism, we analyzed
differences in axial and radial diffusivity. There was no difference between autism
and NT in AD F(1, 302.2)=1.24, p=0.27; ASD: M=1.0775e-3, SD=1.4799%e-4;

Magi=1.1401e-3; NT controls: M=1.0729e-3, SD=1.4559e-4; adj=1.088e-03; 95%



13

CI -0.036, 0.133; d=0.05); despite significant main effects of age, F(1,
306)=10.36, p=0.001 and relative head displacement, F(1, 305.1)=78.2, p=2.2e-

16) were observed. Adjusted group means for AD are shown in Figure 2C.

However, autism did exhibit greater RD in the ASD group (M=5.18e-4,
SD=9.46e-05; Magi=1.24e-4) when compared to the NT group (M=4.95e-4,
SD=8.85e-05; Magj=5.16e-04); F(1, 303.1)=7.29, p=0.007, d=0.09, 95% CI
[0.0243, 0.1507], while accounting for age F(1, 304.7)=20.62, p=8.07e-06, head
motion distance F(1, 303.3)=7.64, p=0.006, and relative head displacement F(1,
304.1)=25.46, p=7.78e-07. There was no significant effect of IQ in this model.
These group differences are observed in more concentrated areas compared to

FA and MD (Figure S3). Adjusted group means for RD are shown in Figure 2D.

Discussion

The present study analyzed aggregated whole-brain diffusion data among a large
sample of children, adolescents and adults with autism spectrum disorder
compared with IQ-matched neurotypical controls. We used Tract Based Spatial
Statistics and robust, multi-level statistical modeling to evaluate group differences
in the white matter diffusion profile throughout the brain. Our results indicated an
overall reduction in fractional anisotropy, likely due to the increase in radial
diffusivity across the entire brain in the ASD group. These results were significant

even after controlling for several important covariates.
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The use of repository data for studying white matter structural changes in ASD
allows us to recruit a rather large sample of subjects, which many studies are
limited by due to the expensive financial costs of running neuroimaging
experiments, the recruitment of special populations and data quality issues
arising from the inherent difficulties in working with special populations. However,
there is an initial drawback of using repository data, which is that there is a large
degree of flexibility when it comes to MRI study design. This brings to light the
need for homogenized data collection practices and widely standardized

protocols (Karahanoglu et al., 2018).

In the context of the current study, repository data offered the opportunity to
acquire a substantially large sample size. This allowed for a meaningful
comparison of individuals with ASD and controls across a large age range while
controlling for covariates known to introduce noise such as head motion, brain
volume, age, 1Q, and collection site. Our findings of reduced FA in ASD
independent of age has been documented in autism previously in both adults
(Gibbard et al., 2013; Kleinhans et al., 2012; Roine et al., 2015) and children
(Travers et al., 2012; Aimes and Catani, 2015; Jou et al., 2011), although this is

one of the few studies to encapsulate such a wide age range.

In the current study, the reduced FA in autism is likely due to the effects of
greater RD, which were significantly greater in autism. Reduced FA and greater

RD could be a result of a number of physiological reasons. For example, a
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finding of reduced FA and increased RD (by means of increased MD) could
represent either a loss of myelination or a reduction to the number of axons
present in the fascicle (i.e. cell death; Song et al., 2005; Winklewski et al., 2018,
Beaulieu, 2002, Wheeler-Kingshott & Cercignani, 2009). Previous studies have
found that tracts with myelin damage can cause water to diffuse perpendicular to

the tract resulting in higher measures of RD (Alexander et al., 2012).

However, caution must be taken when interpreting these diffusion findings. It has
been previously demonstrated that changes in FA, MD, RD, and AD can have
different structural representations and does not necessarily mean that the
underlying tract microstructure is disrupted in a negative manner, or suggestive
of disease (Wheeler-Kingshott and Cercignani, 2009; Soares et al., 2013). For
example, having higher FA and lower MD could mean either 1) axons are highly
condensed, well myelinated, and cohesive, as what is seen in healthy tissue, or
2) there is swelling in the brain indicative of a disease process (Winklewski et al,
2018). This variability in findings suggests that researchers need to be cautious
in their interpretations of diffusion findings and the process of understanding

these relationships is currently ongoing.

The interpretation of diffusion metrices has been a topic of much debate in the
neuroimaging literature and there has certainly been some speculation
surrounding the subject. What makes this discussion most challenging is

understanding how the measurement of the diffusivity of water in neural tissue
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can differ across various diseased states (Basser, 1995). It has been
demonstrated that axial diffusivity is most likely representative of axonal damage
(Song et al., 2003), whereas radial diffusivity is associated with disruptions in
myelination (Kronlage et al., 2017). A recent review by Winklewski et al., (2018)
highlights that there are many other factors that can influence the overall
diffusion profile, many of which are not accounted for in our interpretation of the
diffusion metrices. For example, neuroinflammation, which is known to occur in
autism (Dario Siniscalco et al., 2018), can impact the short-term and long-term
trajectories of diffusion measurements. This may lead to difficulties in
understanding these complex changes across wide age ranges as the extent of
the consequences of inflammation across the lifespan in autism are not yet

understood.

The fact that there are multiple factors that can impact diffusion measures
highlights the need for a better understanding of the unique microscopic
organization of white matter bundles in this population. To accomplish this, post-
mortem analysis of fiber organization is needed, and studies are emerging to try
and answer these questions. Wegiel et al. (2018) evaluated the microscopic
architecture of axons across five anatomically and functionally independent
sections of the corpus callosum in a sample of 18 post-mortem brains (9 ASD, 9
NT). Researchers divided the CC into 5 functionally specific sections based on
fiber tractography findings in DTl and examined morphometric features of the

white matter organization using electron microscopy. Results showed that the
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effects of ASD were not consistent across the five divisions of the CC, and quite
surprisingly, there were no significant difference in myelin content. What they did
find, however, was a significant reduction of large diameter axons and an
increase in small diameter axons in the ASD group, suggesting a deficit in axonal

migration and perturbed structural organization of axons.

Wide spread abnormal diffusion along white matter tracts suggests a structural
deficit in ASD could explain the slower processing speeds reported in ASD
(Haigh et al., 2020; Lazar et al., 2014) by reducing the efficiency of signal
transmission across long-range connections in the brain, potentially disrupting
communication between distant brain regions. These types of insufficiencies in
neural communication could certainly explain the higher order cognitive deficits
often seen in the behavioral phenotype in ASD (Eack et al., 2013). The axonal
disruption, in conjunction with the emerging literature surrounding abnormal axial
and radial diffusivity in ASD, may be explained by a lack of large diameter axons
and more diffuse small diameter axons, and could explain the increases in RD

found in our sample.

Findings such as those by Wegiel et al. (2018) and Winklewski et al., (2018)
highlight the need to better understand which tracts are most impacted in ASD
and to what extent. In an attempt to accomplish this, we will apply an automated
tractography pipeline using Freesurfer that is sensitive to individual differences in

anatomical organization to isolate individual tracts for group comparison. This will



18

give us a more refined understanding of precisely what tracts, or even what

segments of tracts, differentiate those with ASD and healthy controls.

Despite the difficulty in identifying the specific physiology underlying abnormal
diffusion, diffusion MRI is the only method for investigating complex white matter
tissue architecture in vivo, which offers researchers and clinicians unique insights
into the development, maturation, and plasticity of neural white matter both in
healthy and diseased states (Andrews et al., 2019; Belmonte et al., 2004).
Understanding the complex relationship between tissue architecture, diffusion
measurements and behavioral profiles in ASD could lead to profound

advancements in diagnostic sensitivity and measurements of treatment outcome.

Limitations

While these findings are important for understanding the extent of abnormal
diffusion in WM tracts in ASD, there are several limitations to consider. First, as
mentioned previously, we cannot currently know what is driving the abnormal
diffusion in ASD based on these results alone. Second, the use of aggregated
data from varying collection sites means that there were subtle differences in
scanner and data acquisition parameters, which has been demonstrated as a
potential confound in other studies using repository data (Nguyen et al., 2018).
While we accounted for these in our statistics, this may have added noise to our
data, under-estimating the effect of ASD on diffusion measures. Third, we were

unable to correlate any behavioral effects to the diffusion data as each study site
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had their own design. Indeed, it is even difficult to generalize across symptoms,
owing to the different ADOS sections reported, and whether the ADI was used or

not.

Fourth, the current results show that even when age is considered, FA is still
reduced in autism, however, this did not allow for us to address any distinctions
in the developmental trajectory of white matter diffusion between autism and
typically developing controls. As a result, group differences in the white matter
diffusion profiles are potentially being underestimated. Brain development and
maturation in ASD is thought to be nonlinear and dynamic (Girault et al., 2020)
for much of the early developmental stages. White matter continues to mature
well into early adulthood, so focusing research efforts on adult populations of
individuals with ASD will provide a better understanding of the long-term
physiological and behavioral effects of sustained WM abnormalities. To answer
this question, longitudinal studies are needed where children are rescanned at
different timepoints across developmental stages in conjunction with cognitive
testing. This would help to identify the relationship between behavioral symptoms

and white matter maturation, and how these may evolve across the lifespan.

To summarize, we found abnormal diffusion in a large sample of ASD individuals
that persisted across the age range, and even when other factors such as brain
volume, 1Q, and motion were accounted for. The consistent finding of reduced FA

and increased RD in ASD highlights the need for longitudinal investigations into



the relationship abnormal white matter profiles in ASD and the potential
consequences on behavioral functioning. ldentifying biological markers of ASD

can assist with diagnostic sensitivity and symptom monitoring.

20
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