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Autism spectrum disorder (ASD)

@ First identified in 1943 by Leo
Kanner.

@ The May 2013 publication of
the DSM-5 diagnostic manual
merged all autism disorders
into one umbrella diagnosis of
ASD.

@ Autismis a
neurodevelopmental disorder

with 3 defining areas of deficit:

@ Social reciprocity
© Communication

© Restricted, repetitive
patterns of behaviors,
interests, or activities.

@ Symptoms are developed by
36 months of age.

+ Rett's Syndrome
+ Chidhood Disintegration Disorder

Disorders

¢ Autistic Disorder
o Asperger's
« Pervasive Developjpental Disorder

- Not Otherwise $pecified (PCD-NOS)
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Placenta as a proxy for diagnosing ASD

@ There is not yet a proven cure for ASD.
@ The brain is most responsive to treatment in the first year of life.

@ Early intervention is associated with normalized brain activities in young
children with ASD (e.g., improved social and communication skills.) [1].

@ A diagnose of ASD is usually not made until the child is 3 or 4 years old,
the best opportunities for intervention have already been lost.

@ Altered patterns of angiogenesis < variation in mature vascular
network structures < functional alterations of many viscera (e.g., lung,
kidney, and pancreas).

@ The gene families that control branching morphogenesis are shared
between those permanent viscera and the temporary fetal organ —
placenta.

@ Placenta, hence, provides unique insights into the effects of genes and
environment on key mechanisms required for conceptus development,
including fetal origins of disease from hypertension to autism.
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Research questions [2]

RQ: Which placenta is associated with an increased ASD risk?

RQ: Are there PCSVN features that distinguish placentas of
increased risk for ASD from those in the general population? If
so, what are they?

We are interested in discovering a reliable biomarker in
assessing prenatal/neonatal ASD risk by considering the
gestational origin of life — placenta.



Digital images of EARLI & NCS

@ 89 EARLI placentas (increased risk for ASD)

Early Autism Risk Longitudinal Investigation (EARLI) [3] is
an autism enriched-risk pregnancy cohort that focuses on
the prenatal and early life periods of children who have
biological siblings already diagnosed with ASD.

@ 201 NCS placentas (normal risk for ASD)

National Children’s Study (NCS) is a population-based
cohort with pregnancies at unknown risk for ASD. NCS
was designed to study environmental influences on child
health and development and it enlisted participants without
a bias towards risks and diagnoses in autism.

Digital photographs of the fetal surface were obtained on NCS & EARLI
placentas following the same imaging protocol. The photos were taken either
at delivery or upon pathology evaluation.



Arterial Network

Venous Network




Skeletonized

¥ skeltrace
for 1 - Lilength(file List)/2 % Till all files §
Filenane - char(streat (dirname, "\', file_list(i))); % Create Filename
14, netric_area, metric_perineter, perin, cing) = skeltrace_testa(ilenane); % obtaining <
St [ Running | ,num2str(1),” Of ',num2str(length(file List)/2)," files...'l;
disp(str

)
= 2eros(1, length(headers) - 1);

& arteries

[arteries_adjacency, arteries_skel_ing, arteries_gpts, arteries branchpts, arteries_endpts

B, chains, tortuosity, v area, perineter] - new skel vesselprops(Filename,d,perin); % cc
ame = char(File_list(i));

teries’;

Skeleton(1) graph_points = g.graphpoints;

skeleton(1) angle = skelNearanglecanpute(skeleton(1));

skeleton(1) tortuosity - tortuosity;

skeleton(1) vessel Tobi scrercent = (single(v_area)/netric_area) *100;

[~ fnane] = Fileparts(Filename);

Frime - Frane (a:end);

) = skeleton(1).VesselToDiscrercent;

branches - length(skelaton(1) .chains);

gen(11) = skeleton(1). chains(i1). generation;
1a(11) - skeleton(1). chains(i1).dianeter;

len(i1) = skeleton(1) . chains(i1).arc_lengrh;
VoL(11) = pi*(dia(i1)/2)%2 * len(i1); % compute
max (gen); % rind max anteric
nnz(gen == 1); % Ho. of arterial
coll((branches + 0(4))/2); % Compute no. of ¢
Length(skeleton(1).graph_points) - o(6): % Compute no. of
sun(len); % Arterdal arclen
sun(vol); % Arterial voulne

0(9) = mean(dia); % vean arterial di



PCSVN features

64 PCSVN features: 8 on shape, 56 on vessels ( 1/2 arterial & 1/2 venous)
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mean of all braching angles
of venous network




Each placenta has a geometric signature

*Results are presented on the arterial network only since the arterial vessels
were traced with a higher level of precision and accuracy [4].
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METHODS & RESULTS
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Decision trees, random forest, and Boruta strategy
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e In Boruta, each attribute has a shadow attribute (SA), created by shuffling
the values of the original attribute. e An attribute’s importance is determined
by comparing to the maximum z-score among all SA (MZSA).

! https://helloacm.com/a-short-introduction-bagging-and-random-forest/
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15 vessel-based features were selected after running random

forest classification 500 times.

Relevant feature select
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Principal component analysis (PCA) for best basis

. |
Q LetF= [ﬂ fo .-+ fy| bethe 15 x N data matrix, where N =

number of samples (290 in this case).

@ The 15 x 15 covariance matrix C = ﬁf—'l:'r gives the feature
variance (diagonal) and co-variance (off-diagonal), where F=F-m
and m is the data mean.

© Factor C through the singular value decomposition (SVD) to extract the
basis of F in U (i.e., eigen-decomposition of C):
C=USV' (CU=SU= C=SUU" = C=USU").

@ Project the 15-d data onto a 5-d (~ 88% variance) space using the first
5 vectors in U: )
D=U(1:5)"F

This is the space where classification takes place.
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Dimensionality reduction with PCA

The first five principal components (PCs) of the correlation matrix retain

approximately 88% of the data variance. The absolute value of the attributes
within each PC gives a measure of contribution. The higher the value, the
bigger the contribution.

Boruta Vascular features PC1 PC2 PC5
ranking  (variance captured) (35.27%) (22.57%) (17.20%) (7.79%) (5.80%)
1 MeanThickness —0.1582 —0.4747 0.1035 0.0651 —0.0089
2 0.0002 0.0575 —0.0979 0.0013
3 MurrayL1FitError —0.256 —0.3903 0.0438 0.0139 0.0397
4 StdThickness —0.1566 —0.4762 0.0701 —0.0046 0.0196
5 0.0029 0.0812 —0.0641 0.1449
6 0.0948 0.0724 —0.0264 0.1709
7 MeanAngle —0.0611 0.0704 0.2028 0.2135 —0.936
8 NumEndPoints 0.4251 —0.0298 —0.0132 0.0153 —0.005
9 ArcLength 0.3773 —0.1259 —0.0035 —0.0163 0.0116
10 NumBranchPoints 0.4254 —0.0301 —0.0125 0.0146 —0.0038
11 MurrayBranchesUsed 0.4254 —0.0301 —0.0125 0.0146 —0.0038
12 Volume 0.1444 —0.4823 0.065 0.0502 —0.0368
13 NumGenerations 0.3182 —0.0237 0.014 0.2178 —0.0619
14 0.0055 —0.0323 0.0545 0.2124
15 VesselToDiscPercent 0.255 —0.3502 0.0031 —0.2561 —0.1457
Branching Thickness Branch Angle
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Visualization of discriminating features

A\ : Umbilical cord insertion (UCI)

Thickness

Tortuosity Branching angle
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Visualization of PCSVN between 2 risk groups

high ASD risk low ASD risk high ASD risk low ASD risk
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Create classification statistics with LDA

@ Linear discriminant analysis amounts to
finding a projection direction wq: that
maximizes the between-class scatter and
minimizes the within-class scatter:

Wor — argmax_, 2= M)
opt = argmaxi =1 S2+S2

where 57 = > (w'y — ).

yeD;

;
@ In matrix form: wopr = argmax J(w), where J(w) = w_Sgw = N(w)

wi'Syw  D(w)’
@ wypt is the largest eigenvector associated with the largest generalized
eigenvalue to the problem N(w)w = AD(w)w

@ Set threshold o« = % (min {WOTF-)th} + max {onptD1 }) then
C :{y€D1UD2\Wo7;)ty<(X} and Cg:{y€D1UD2\WOTpty>oc}.

@ Perform a 10-fold cross validation to generate classification statistics.
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Visualization of classification statistics with LDA

True Negative (NCS idenfied as NCS)

False Positive (NCS idenfied as EARLI)
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0.8 9;#‘/ b Z”X /
Typical NCS ;.""""'.‘ y )\,\Z/
0.6 7% ;‘;/
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CONCLUSIONS
Observations

@ The difference in high and low ASD risk is better explained
by the vascular features alone.

@ PCSVNs associated with placentas of high-risk ASD
pregnancies generally had fewer branch points, thicker and
less tortuous vessels, better extension to the surface
boundary, and smaller branch angles than their
population-based counterparts.




CONCLUSIONS

Questions for which | have no answers ...

@ What environmental or genetic factors cause this group of
5 parameters to vary together and whether these variables
stabilize in their permanent state early in gestation?

@ What types of geometric signatures that are measurable
and capable of providing accurate readings in
3-dimensional imaging environment? (Answers to this
question will play a vital role in early risk assessment and
intervention for ASD.)

@ The study presented here should motivate a pursuit of
additional PCSVN features. What other shape signatures
should be considered?

@ What PCSVN features are correlated with ASD? We need

reliable and automated vessel extraction methods to allow
analysis of PCSVNs in large cohorts.



REFERENCES

References

[1] G. Dawson, E. Jones, K. Merkle, K. Venema, R. Lowy, S. Faja, D. Kamara,
M. Murias, J. Greenson, J. Winter, M.Smith, S. Rogers, S. Webb, “Early
behavioral intervention is associated with normalized brain activity in young
children with autism,” Journal of the American Academy of Child &
Adolescent Psychiatry, 51(11), 1150-1159, 2012.

[2] J.-M. Chang, H. Zeng, R. Han, Y.-M. Chang, R. Shah, C. Salafia, C.
Newschaffer, R. K. Miller, P. J. Katzman, J. Moye, M. Fallin, C. K. Walker, L.
Croen, “Discriminating placentas of increased risk for autism with chorionic
surface vascular network features,” under review.

[3] C.J. Newschaffer, L.A. Croen, M.D. Fallin, I. Hertz-Picciotto, D.V. Nguyen,
N.L. Lee, C.A. Berry, H. Farzadegan, H.N. Hess, R.J. Landa, S.E. Levy, M.L.
Massolo, S.C. Meyerer, S.M. Mohammed, M.C. QOliver, S. Ozonoff, J. Pandey,
A. Schroeder, K.M. Shedd-Wise, “Infant siblings and the investigation of
autism risk factors,” J Neurodev Disord., 4(1), 1-16, 2012.

[4] R. Shah , C. Salafia, T. Girardi, L. Conrad, K. Keaty, A. Bartleotc, “Shape
matching algorithm to validate the tracing protocol of placental chorionic
surface vessel networks,” Placenta, 36(8), 944—946, 2015.

[5] This talk is available via http://web.csulb.edu/~jchang9/files/PCSVN_forASDRik_JMC.pdf


http://web.csulb.edu/~jchang9/files/PCSVN_forASDRik_JMC.pdf

	Vocabularies
	PCSVN
	ASD

	Research Motivations
	Placenta for ASD

	Data
	Digital Images
	Traced
	Skeletonized
	PCSVNs

	Methods & Results
	Boruta
	PCA
	Classification

	Conclusions

