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Discovery and diagnostic interpretation of germline and mosaic variation in

developmental conditions

Abstract

Genome sequencing has provided paradigm shifting access to variability across humans.
Sequencing technologies have discovered variants that can influence specific phenotypes and
risk for disease. Despite this transformative technology, clinically interpretable diagnostic
variants remain unknown for most rare and common disease patients as a result of the
challenges associated with systematically analyzing and interpreting all variation in each human
genome. The work presented here studies two early developmental disorders that are routinely
referred for clinical genetic testing, autism spectrum disorder and fetal structural anomalies. In
this thesis, we demonstrate that short-read genome sequencing can capture all variant classes
identified by current clinical approaches and quantify the novel diagnoses contributing to these
disorders. While germline variants account for most genetic diagnoses, postzygotic mutations,
variants with low allele fraction present in only a subset of cells in the body, can contribute to
disease yet are not systematically analyzed. We present a dataset of postzygotic mutations

from the largest number of ASD samples and the first from standard genome sequencing.

We first describe an approach to leverage genome sequencing for the diagnosis of autism
spectrum disorder and fetal structural anomalies to replace the current clinical standard-of-care
tests: microarray, karyotype, and exome sequencing. This work demonstrates that genome
sequencing identifies more diagnostic variants than any single test or combination of tests. It
captures all currently ascertainable variants as well as new variants unique to this technology, a

category expected to increase as interpretation of genome sequencing variants matures. Then,



we identify postzygotic mutations in an expanded cohort of 28,349 autism spectrum disorder
cases and family members, providing a resource to analyze the impact of this class of variation
on individuals with autism spectrum disorder compared to their unaffected siblings. Together,
this work further delineates how genome sequencing can be implemented immediately as a
first-line diagnostic test for autism spectrum disorder and prenatal anomalies while providing
rationale to further explore the contribution of postzygotic mutations to the genetic etiology of

these early developmental disorders.



Table of Contents

Title Page i
Copyright i
Abstract iii
Table of Contents v
Acknowledgements vii
Contributions X
Glossary of acronyms and abbreviations Xi
Chapter 1 | Introduction 1
Overview 2
Early developmental disorders 4
Diagnostic sequencing and disease-causing variants 5
Postzygotic mutations 8
Dissertation overview and significance 10
Chapter 2 | Systematic evaluation of genome sequencing (GS) for the diagnostic
assessment of autism spectrum disorder and fetal structural anomalies 12
Abstract 13
Introduction 13
Subjects and Methods 15
Results 25
Discussion 34
Acknowledgements 38
Author Contributions 38
Web resources 39
Data and code availability 39
Declaration of Interests 39

Chapter 3 | Identification and interpretation of post-zygotic mutations in autism spectrum

disorder from genome sequencing 41
Abstract 42
Introduction 42
Subjects and Methods 44
Results 51



Discussion
Author Contributions
Chapter 4 | Discussion
Overview
Significance
Limitations and opportunities in the field
Future Directions
Barriers to incorporating GS in the clinic
Final Thoughts

55
58
59
60
61
63
64
67
67

Appendix A | Supplementary materials for Systematic evaluation of genome sequencing

(GS) for the diagnostic assessment of autism spectrum disorder and fetal structural
anomalies

Participant ascertainment

Genome sequencing and sample-level QC

Genome sequencing analysis framework

Benchmarking the performance of GS against conventional tests

Filtering CMA data

Filtering exome sequencing data

Figure A.1 | Fetal structural anomaly study design

Figure A.2 | Confirmation of sample relatedness using kinship values

Figure A.3 | Sample sex QC

Figure A.4 | Modified exome sequencing depth and allele balance thresholds
Figure A.5 | Two pathogenic sequence variants unique to GS in ASD probands

Appendix B | Supplementary materials for Identification and interpretation of post-
zygotic mutations in autism spectrum disorder from genome sequencing

Mutect2 parameters
Training details for Random Forest
Supplementary Tables

Bibliography

Vi

69
70
70
71
80
80
80
82
83
84
85
86

87
88
89
91
93



Acknowledgements

Graduate school comes with both intellectual and personal challenges. Completing this thesis
wouldn’t have been possible without the help, mentorship, and friendship of many people. You all

have my deepest thanks.

Firstly, | must thank my advisor, Mike Talkowski, for providing mentorship, resources, and a robust
training environment. The people he has assembled have wide expertise and are incredibly
generous with their time. | cannot begin to thank everyone who has touched this work and made

it (and me) better. A huge thank you to all of them.

The BBS team, especially Anne O’Shea and Danny Gonzalez, consistently make time to remove
obstacles for all their students and treat us so kindly. Thank you for chasing down signatures and

meeting with me whenever | need it.

Elise Robinson, Po-Ru Loh, and Vijay Sankaran, my dissertation advisory committee, helped
shape this work with their counsel and expertise. Thank you for continually reminding me | could

do this and for being incredibly flexible when life got in the way of scheduled meetings.

Harrison Brand has guided me starting from the first day of my rotation, constantly reminding me

that a PhD is hard, but | can definitely do it.

Chelsea Lowther gets my immense thanks for being a fantastic teammate for the work in Chapter
2 and an incredible mentor for everything else. Thanks for pushing me to be better while reminding

me of what | already am.

Jack Fu changed my life via carpool, his incredible willingness to help with any scientific task, and
introducing me to Ruth Geller who also deserves a thanks in these pages for being a staunch

friend and demonstrating how to juggle being a mom + PhD student.

Cal Liao thank you for keeping the group chat lively, suggesting ways to trick myself into

productivity and happiness, and always having a restaurant recommendation ready.

vii



Emma Pierce-Hoffman fields every one of my computational questions no matter how small and
is just a great friend. Thanks for letting me send you incessant Slack messages about utter

nonsense.

I must recognize Tanvi Saxena and Elayne Fivenson for being essential friends and PhD buddies.
From psets over brunch to celebrating all of life’s stages | cannot imagine going through it without

you two!

| owe Katrina Horwitz both thanks and an apology. Sorry | put hundreds of miles between us but

thank you for talking to me on the phone and visiting when you can.

Rachel Sholtes convinced me to move to Boston and never fails to get me out of my science

bubble while also cheering me on in every endeavor. You are a friend for the ages.

Dad and Tira. The process for getting this degree started decades ago. Thank you for feeding my
curiosity, supporting me, and always providing a soft place to land. Your love has been key in

seeing me through these years apart and words cannot convey my gratitude.

This PhD would not have been possible without Patrick Montague. Thank you for uprooting your
life, taking on the lion’s share of house and parenting responsibilities, helping me debug code,
and listening to every practice presentation. Most importantly, thank you for making fun a priority
in our lives no matter how busy they become. You are an incredible partner, and | am thrilled you

are mine.

viii



Dedicated to Annoula Danielle Valkanas



Contributions

The work presented here was made possible through collaboration with the individuals listed
below. More information about specific author contributions can be found at the end of each

chapter.

Chapter 2: Systematic evaluation of genome sequencing (GS) for the diagnostic assessment of

autism spectrum disorder and fetal structural anomalies

Chelsea Lowther*, Elise Valkanas*, Jessica L. Giordano, Harold Z. Wang, Benjamin B. Currall, Kathryn
O’Keefe, Emma Pierce-Hoffman, Nehir E. Kurtas, Christopher W. Whelan, Stephanie P. Hao, Ben
Weisburd, Vahid Jalili, Jack Fu, Isaac Wong, Ryan L. Collins, Xuefang Zhao, Christina A. Austin-Tse, Emily
Evangelista, Gabrielle Lemire, Vimla S. Aggarwal, Diane Lucente, Laura D. Gauthier, Charlotte Tolonen,
Nareh Sahakian, Christine Stevens, Joon-Yong An, Shan Dong, Mary E. Norton, Tippi C. MacKenzie,
Bernie Devlin, Kelly Gilmore, Bradford C. Powell, Alicia Brandt, Francesco Vetrini,Michelle DiVito, Stephan
J. Sanders, Daniel G. MacArthur, Jennelle C. Hodge, Anne O’'Donnell-Luria, Heidi L. Rehm, Neeta L. Vora,
Brynn Levy, Harrison Brand, Ronald J. Wapner, and Michael E. Talkowski

* Equal contribution

Chapter 3: Identification and interpretation of post-zygotic mutations in autism spectrum disorder

from genome sequencing at base pair resolution

Elise Valkanas, Vahid Jalili, Chelsea Lowther, Jack Fu, Emma Pierce-Hoffman, Alexander Hsieh, Harrison

Brand, Michael E. Talkowski



Glossary of acronyms and abbreviations

AB: Allele balance

ACE lI: Autism Center for Excellence |l

aCGH: Array-based comparative genomic hybridization
ACMG: American College of Medical Genetics and Genomics
AD: Allele depth

ADI-R: Autism Diagnostic Interview-Revised

ADOS: Autism Diagnostic Observation Schedule

AF: Allele frequency

AMA: Advanced maternal age

AMP: Association for Molecular Pathology

ASD: Autism spectrum disorder

BCR: Balanced chromosomal rearrangement

bp: Base pair

CADD: Combined Annotation Dependent Depletion
CAG: Center for Applied Genomics

ClinGen: Clinical Genome Resource

CMA: Chromosomal microcarray

CNV: Copy number variant

CPX: Complex rearrangement

DDG2P: Development Disorder Genotype-Phenotype
DEL: Deletion

DUP: Duplication

ES: Exome sequencing

FSA: Fetal structural anomaly

GATK: Genome analysis toolkit

Xi



GD: Genomic disorder

GS: Genome sequencing

HI: Haploinsufficient

HMCA: Homozygosity Mapping Collaborative for Autism
IGV: Integrative genomics viewer

INS: Insertion

INV: Inversion

LoF: Loss of function

LRPE: Long range positional effect

NDD: Neurodevelopmental disorder

NGS: Next generation sequencing

OMIM: Online Mendelian Inheritance in Man
P/LP: Pathogenic or likely pathogenic

PON: Panel of normals

PPV: Positive predictive value

PZM: Postzygotic mutation

ROC: Reciever operating characteristic

SAGE: Study of Austism Genetics Exploration
SFARI: Simons Foundation for Autism Research
SNP: Single nucleotide polymorphism

SNV: Single nucleotide variant

SPARK: Simons Powering Autism Research for Knowledge
SSC: Simons simplex collection

STR: Short tandem repeat

SV: Structural variant

SVA: SINE-VNTR-AIlu retrotransposon

Xii



SVI: Sequence Variant Interpretation

TAD: Topologically-associated domain
TASC: The Austism Simplex Collection
TLOC: Translocation

TS: Triplosensitive

UCSF: University of California San Francisco
UDP: Uniparental disomy

UNC: University of North Carolina

VAF: Variant allele fraction

VCF: Variant call format

VUS: Variant of uncertain significance

Xiii



Dissertation Advisor: Michael Talkowski Elise
Valkanas

Chapter 1 | Introduction



Overview

Understanding the genetic basis of human disease has been catalyzed by technologies
developed over the last decade that enable sequencing of a human genome at rapidly reducing
costs and have facilitated the generation of large population and disease cohorts for
comparison.® These large repositories of genetic variation have enabled research into
population structure, genetic ancestry, and causes of human disease. Genetic variants can cause
disease through myriad mechanisms®. In the case of Mendelian disorders, the cause of the
phenotype has historically been attributed to a single gene with a highly penetrant variant.”
However, variants previously implicated in Mendelian disease can also demonstrate variable
expressivity, and are now routinely identified in individuals with common, complex disorders which
are often not attributed to a single gene or genetic variant.® Aggregating genetic variants across
many human populations provides accurate allele frequency estimates, a powerful metric to
identify novel causes of rare and Mendelian diseases as they provide a baseline for variant
frequency in the population which can be used in conjunction with disease prevalence to discern

disease association.®

The ability to accurately capture genetic variation is vital to interpreting its impact on risk for
disease. Methods to identify individual genetic variants have existed for decades, but the advent
of massively parallel sequencing has made uncovering these variants genome-wide much more
rapid and cost effective.® The ability for individual laboratories to sequence genomes has enabled
wider use of this testing for the purpose of researching or diagnosing conditions with a suspected
genetic etiology. Karyotype, chromosomal microarray (CMA), and exome sequencing (ES) are
examples of commonly used diagnostic tests for the assessment of autism spectrum disorder
(ASD) and fetal structural anomalies (FSAs).'™"* Importantly, all three tests are required to
capture a spectrum of genetic variation contributing to these disorders, which is time consuming

and expensive. The aim of this thesis is to evaluate whether GS could replace all three



conventional diagnostic tests for the assessment of ASD and FSAs specifically and has more
widespread utility in developmental disorders and prenatal diagnostics more broadly. When
evaluating whether a standard-of-care test should be replaced, it is critical to understand the
capabilities of each technology being evaluated, including what fraction of the diagnostic yield
they capture and miss. Unfortunately, previous studies attempting to assess clinical GS fall short
as they often evaluate individuals that are not pre-screened with the same standard-of-care tests.
Additionally, existing studies have not routinely identified all classes of contributory variation (i.e.,

SVs), or have only analyzed a small cohort with distinct phenotypes.'5-'8

Although not yet routinely applied in the clinic, GS is frequently used in research contexts to
assess the impact of germline variants, variants that are present in all cells of the body. GS also
has the ability to detect postzygotic mutations (PZMs) associated with disease, though most
existing work has focused on cancer and not germline diseases. PZMs occur as a result of a
mutation in early development that are only present in cells descended from the one with the initial
mutation. To date, most assessment of PZMs in ASD has been from ES or very high coverage
GS."™ There is value in systematically benchmarking the performance of GS at standard
sequencing coverage (30x) since most large-scale research studies have already generated this
type of data and it is the most likely sequencing coverage to get incorporated into clinical care.
Additionally, we know GS captures classes of variation that are intractable to ES (e.g., non-coding
variants, SVs). Thus, characterizing the PZMs that can be captured from GS will expand our
existing knowledge about PZMs by leveraging existing GS data. This thesis will evaluate standard
short-read GS to identify and characterize PZM in individuals with ASD and their family members.
Benchmarking methods for the detection of PZMs or low allele fraction variation has implications
for other applications of GS, especially the detection of fetal DNA from maternal plasma in the

context of non-invasive prenatal testing.



Early developmental disorders

ASD and FSAs are developmental disorders that, although phenotypically different, share similar
genetic architectures and rely on similar genetic diagnostic testing as part of routine clinical care.°
ASD is a neurodevelopmental disorder (NDD) characterized by impairments in social interaction
and communication as well as patterns of repetitive or restrictive behaviors, interests or
activities.®2° The symptoms are broad and can encompass a wide range (e.g., individuals with
above average 1Q to those with comorbid intellectual disability).® Present in over 2% of children
in the US, ASD is four times as prevalent in boys than in girls.?' Additionally, individuals with a

family history of ASD are more likely to also have ASD or autism-like features.?2-2°

Non-genetic factors can influence risk for ASD, but it is highly heritable and results from the
additive genetic risk of multiple common variants with small individual effect sizes across several
genes in the genome.?2426-30 Research has demonstrated that rare and de novo variants also
explain a minority of individuals with ASD.%3"32 |n comparison to common variants, these rare
protein-altering variants have larger effect sizes and contribute significant risk towards the
development of ASD.#32 Genes associated with ASD have been shown to have a role in neuron
maturation and communication as well as gene expression regulation.?”3*3 Clinical presentation
of ASD is often insufficient to indicate a specific causal gene and genome-wide testing is more
effective for ascertaining a genetic diagnosis.''*37 Individuals with ASD can receive clinical CMA,
karyotyping, or single gene or panel testing (e.g., FMR1 for fragile X syndrome), but clinical
guidelines suggest ES should be used as the first-tier diagnostic test since it has demonstrated a
higher diagnostic yield than either karyotype, CMA, or panel testing individually, although it is not
clear how much added diagnostic yield ES provides against the combination of all three tests. %"
While there has been significant interest in identifying CNVs from ES given their significant

contribution to ASD and other NDDs, this type of analysis is not routinely performed clinically



given the high rate of false-positives, particularly for small intragenic copy number variants

(CNVS).1O’38’39

Structural anomalies are major congenital malformations that can impact any organ system. The
most severe structural anomalies can be detected through ultrasound screening, which occurs
twice during routine prenatal care at 12-14 and 18-20 week visits.*® Approximately 3% of all
pregnancies are found to have a structural anomaly, yet some anomalies are missed due to the
limited resolution provided by ultrasound imaging.*'*? Fetuses with multiple congenital anomalies
have a higher rate of genetic diagnoses than those with single system phenotypes.'* Isolated
FSAs can encompass a range of phenotypic subtypes including cardiac, urogenital, skeletal,
orofacial, brain, and more.'®'#42 These congenital anomalies are the leading cause of infant death
in the United States and are frequently referred for diagnostic genetic testing based on fetal
ultrasound.?>** Comprehensive genetic sequencing and analysis is essential as FSAs have been
attributed to many classes of genetic variation including full chromosome aneuploidies, SNVs,

indels, uniparental disomy, and SVs. 12144445

Diagnostic sequencing and disease-causing variants

Diagnostic testing aims to identify potential pathogenic (i.e., disease causing) genetic variants.
Understanding what aspects of the genome contribute to disease can result in early medical
intervention, improved genetic counseling, and informed family planning.'?4¢ Not all variants in
the genome that appear damaging are pathogenic, even if they fall in a gene that has statistical
evidence of disease association.®?’ Clinical guidelines exist to quantitatively gather evidence for
the role of a specific gene and variant in disease.*’ Several groups have contributed to these
guidelines with the goal of creating a standardized process for classifying sequence and structural
variants found in the human genome: the American College of Medical Genetics and Genomics

(ACMG), the Association for Molecular Pathology (AMP), and the Clinical Genome Resource



(ClinGen).*“8 Additionally, ClinGen assembled a Sequence Variant Interpretation (SVI) Working
Group that continually provides additional guidance on adjusting individual ACMG evidence
categories.**-* These evidence-based scoring guidelines provide a systematic and reproducible
approach to identify genetic variants with a 90% or greater certainty being disease-causing.® In
this dissertation, all variants identified as diagnostic have been classified as pathogenic or likely
pathogenic following the aforementioned guidelines and overlap a gene associated with the

individual’s indication for testing (e.g., ASD or FSA).

Molecular cytogenetic technologies each identify specific classes of genetic variants, capture
different portions of the genome, and have distinct uses in research and the clinic. Karyotype
enables visualization of each chromosome to identify microscopically visible rearrangements,
gains, and losses of genomic content.'® However this technology is limited to large SVs and must
be performed on whole cells that often require time to culture before sequencing.*' CMA identifies
submicroscopic CNVs, deletions and duplications, via two major platforms: array-based
comparative genomic hybridization (aCGH) or single nucleotide polymorphism (SNP) array.™ In
aCGH, DNA from the testing sample is mixed with a reference DNA sample before hybridization
which means the tested individual is compared to another genome rather than directly
quantified.>® Although this will identify changes in copy number, if the reference has a CNV aCGH
can miss variants. Only DNA from the test sample is hybridized in SNP array and allows for
identification of CNVs as well as SNPs, thus this sequencing approach detects more classes of
variants than aCGH, including uniparental disomy and mosaicism.%% Both CMA technologies
rely on hybridization with a set of DNA probes that can be customized. If these probes are not
evenly distributed across the genome, they can fail to discover pathogenic variants.'® Additionally,
this hybridization strategy can only detect changes in DNA copy number and fails to identify

balanced chromosomal rearrangements that are detectable by karyotype.'25°



The maijor shift in genetic diagnostics was brought about through the inclusion of sequencing
technologies, including gene panels and later ES, which detect sequence variants, single
nucleotide variants (SNVs) and small insertions and deletions (indels), in specific genes or the 1-
2% of the genome that encodes proteins, respectively. Subsequent to the implementation of ES,
it was discovered that CNVs can also be identified by ES by examining changes in read-depth,
however this analysis is not done routinely in the clinic.3%4:5"%8 GS used in research studies can
identify SNVs and indels across the whole genome, not just protein-coding regions, as well as

balanced and unbalanced structural variants (SVs) of a wide size range.%°

ASD and FSAs share overlap in diagnostic variants and clinical genetic testing as both disorders
are genetically heterogeneous and thus require broad testing strategies to identify a diagnostic
variant.®%-¢3 Historically, diagnostic testing began with karyotype until studies comparing it to CMA
demonstrated that even though CMA fails to capture balanced chromosomal rearrangements, like
translocations and inversions, it identifies more diagnostic variants than karyotype overall.’®'2
Thus, CMA became recommended as a first-tier diagnostic test.'124264 The standard-of-care for
ASD and other NDDs has moved to ES as a first-tier test since it has demonstrated a higher

diagnostic yield than CMA."!

In FSA cases where standard-of-care CMA does not identify a pathogenic or likely pathogenic
variant, the ACMG recommends targeted gene panels or ES.%® However, both ES and GS
outperform gene panels which are typically best suited for specific phenotype or diseases and are
not accommodating for reinterpretation as new disease-causing genes are discovered.5®
Sequential testing after a negative first-tier test is time consuming, expensive, and still misses
certain classes of pathogenic variation (e.g., compound heterozygous variants spanning variant
classes).®® GS holds great promise as a first-tier diagnostic test because (1) it could replace all

other tests thus eliminating any need for sequential testing, (2) GS captures the full genome and



allows for reinterpretation when new disease genes are discovered, and (3) it identifies novel

diagnostic variants inaccessible to other tests (e.g., complex SVs).

Previous changes in first-tier genetic testing were made only after an increase in diagnostic yield
was demonstrated.''? Decreasing sequencing costs and diagnostic success in pediatric
populations has sparked interest in applying GS in clinical care, but thus far, studies assessing
the diagnostic capabilities of GS have not been systematically performed on individuals with the
same standard-of-care tests to allow for direct comparisons.>%¢-"2 Without careful benchmarking
of similarly ascertained samples, no statements can be made about the added diagnostic yield of

GS, which is required before recommending it as a first-tier diagnostic test.

Postzygotic mutations

Current diagnostic methodology focuses on germline variants and neglects routine analysis of
other classes of variation that can be captured with genetic sequencing such as mitochondrial
DNA, methylation, and PZMs.® PZMs can occur during embryonic development or throughout life
and are present in only a portion of an organism’s cells, the daughter cells of the initially mutated
cell”. As such, PZM are typically thought of in two distinct categories: somatic and mosaic
mutations. Somatic variation occurs throughout the lifespan from errors in mitosis, DNA damage,
and exogenous mutations.” Somatic PZMs have been associated with cancer, accumulate with
age, and, in men, somatic loss of chromosome Y has been linked to increased disease risk and
decreased lifespan.”*®" Mosaic variation is acquired early in life and is present in a significant
fraction of cells, or can exist in parental germ cells and be transmitted as a full copy to offspring.?
Mosaic PZMs are the focus of this dissertation and all uses of the term PZM will refer to this
category. PZMs have been implicated in an array of disorders including ASD, Alzheimer’s
disease, hematological malignancies, neurological disease, and pediatric disorders.”’-798-%0 Ag

with germline variants, severity of a disorder attributed to a PZM is dependent on the pathogenic



variant, but factors unique to PZMs also impact disease presentation, including the proportion of
cells carrying PZMs (i.e., the variant allele fraction) and that the mutation occurs in a disease-

relevant tissue.'%7388

PZMs can be predicted by their variant allele fraction (VAF), the proportion of variant to total
alleles at a locus. In germline variants this fraction is 1 (homozygous alternate) or 0.5
(heterozygous), but in PZMs we expect a significant deviation from those metrics, indicating the
variant is present, but not in all cells.” Very low VAF is difficult to distinguish from technical
artifacts, and methods to get around this include high coverage sequencing or identifying
extremely large SVs (typically CNVs) that have more evidence across many consecutive genomic
regions to support the presence of variation at lower VAFs, but this is not tractable for SNVs,
indels, or smaller SVs.207891-93 gpecific variant calling methods exist to differentiate true PZM
from germline variation and sequencing artifacts. Some have been developed with mosaic
variation in mind, others were adapted from calling germline or cancer variants.88893-% Mutect2,
the method applied in this dissertation, was initially developed for somatic variant detection in
cancer, but can both detect PZM in tumor vs normal samples or leverage a panel of normal (PON)

to run on a single type of sample.%

PZM chromosomal alterations have been identified from CMA at VAFs as low as 1%, but detection
of these low VAF PZMs is limited to chromosome length events.”®%! Prior ES research has
implicated PZM SNVs and indels in ASD, concluding that PZMs contribute to disease risk.8386
These studies indicate that a fraction of putative de novo variants are actually PZMs in the
individual or were inherited from a parent as a parental germline mosaic, variant mosaic in the
parental germline and transmitted as a full copy to their offspring.82-86.9597.98 However, these
studies disagree about the frequency with which misclassification of PZM SNVS and indels as de
novo germline variants occurs (range 5.4%-22% across studies).®3% These results have

significant implications for ASD, where de novo variation is the predominant driver of statistical



association analyses and misclassifying these variants can alter disease recurrence risk within a
family and thus should inform family counseling.®'-339%-102 Although these studies all conclude
PZMs contribute to ASD risk, they have limited scope and resolution, resulting in differing
implications about the impact of PZMs.83-% To improve our understanding of the contribution of
PZMs to risk for ASD, we identify PZMs from a cohort of 28,349 ASD cases and family members,
larger than any of the exome studies by over 8,000 individuals. This increase in sample size

should further delineate the role of PZM SNVs and indels in ASD.

Dissertation overview and significance

The development of novel sequencing technologies has enabled increased identification of
genetic variants, but each introduction of a new technology necessitates careful benchmarking to
establish what each technology does and does not capture. This thesis focuses on evaluating the
performance of GS for the assessment of ASD and FSAs, two developmental disorders that are

routinely referred for clinical genetic testing.

In Chapter 2 we establish an analytic framework to identify P/LP variants from GS, comparing
this technology to others currently used in clinical practice. We demonstrate that GS can capture
all diagnostic variants identified by existing technologies and also detect new pathogenic variants.
This work demonstrates that genome sequencing could effectively replace the current standard-
of-care test for individuals with ASD or FSAs. Additionally we assert that improvements to GS
could further increase this larger yield: including non-coding variation, improving functional
prediction, and including novel GS variants in variant pathogenicity interpretation guidelines. In
Chapter 3 we present an SNV and indel callset of PZMs in 28,349 GS samples from individuals
with ASD (n=8,187) and their family members. This class of variation is known to contribute to
ASD, but has not been well characterized from the standard coverage GS that most of these

samples undergo for research purposes. Indeed, prior studies have only identified PZMs using

10



ES, in small ASD cohorts, or high coverage GS.83-869295.103 Thys, this work represents the largest
study of PZMs in individuals with ASD and recapitulates previous findings that the number of
PZMs per person is significantly increased in ASD probands compared to their unaffected
siblings. Additionally, this work has developed a resource for future analyses including, but not
limited to, identifying diagnostic PZMs, exploring PZMs in genes associated with developmental

disorders, and interrogating the percentage of PZM that are misclassified as de novo germline.

In summary, this work provides evidence for implementing GS as a first-line diagnostic test for
ASD and FSAs and also describes the identification of PZM from ASD genomes which have a
known contribution to developmental disorders and could have implications for incorporation of

this class of variation into future developmental disorder and prenatal diagnostic genetic testing.

11



Chapter 2 | Systematic evaluation of genome sequencing (GS) for the diagnostic
assessment of autism spectrum disorder and fetal structural anomalies

The material in this chapter was originally posted to bioRxiv as an openly distributed preprint on
August 13, 2020 and has since been published in the September 2023 issue of the American
Journal of Human Genetics.'® https://doi.org/10.1016/j.ajhg.2023.07.010

All references to supplemental material can be found in Appendix A of this dissertation.
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Abstract

Short-read genome sequencing (GS) holds the promise of becoming the primary diagnostic
approach for the assessment of autism spectrum disorder (ASD) and fetal structural anomalies
(FSAs). However, few studies have comprehensively evaluated its performance against current
standard-of-care diagnostic tests: karyotype, chromosomal microarray (CMA), and exome
sequencing (ES). To assess the clinical utility of GS, we compared its diagnostic yield against
these three tests in 1,612 quartet families with ASD and in 295 prenatal families. Our GS analytic
framework identified a diagnostic variant in 7.8% of ASD probands, almost two-fold more than
CMA (4.3%) and three-fold more than ES (2.7%). However, when we systematically captured
CNVs from the exome data, the diagnostic yield of ES approached (7.4%), but did not surpass
GS. Similarly, we estimate that GS can achieve an overall diagnostic yield of 46.1% in unselected
FSAs, representing a 17.2% increased yield over karyotype, 14.1% over CMA, and 4.1% over ES
with CNV calling, or 36.1% without. Overall, GS provided an added diagnostic yield of 0.4% and
0.8% beyond the combination of all three standard-of-care tests in ASD and FSAs, respectively.
This corresponded to nine GS unique diagnostic variants, including sequence variants in exons
not captured by ES, structural variants (SVs) inaccessible to existing standard-of-care tests, and
SVs where the resolution of GS changed variant classification. Overall, we demonstrate that GS
significantly outperforms each individual standard-of-care test while also increasing diagnostic
yield beyond all three tests, warranting consideration as the first-tier diagnostic approach for the

assessment of ASD and FSAs.

Introduction

Fetal structural anomalies (FSAs) and autism spectrum disorder (ASD) represent developmental
defects that share significant overlap in genetic architecture '2-14:2734105-107 gnd clinical diagnostic

recommendations.01165108-112 Both gre genetically heterogeneous and are associated with many
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of the same pathogenic variants (e.g., 22q11.2 deletions/duplications, point mutations in
CHD8)%253 that have a wide range of potential clinical outcomes.®’¢! Broad and comprehensive
testing strategies are required to maximize diagnostic sensitivity for FSAs and ASD as it’s difficult
to predict the genetic basis of these conditions a priori due to the myriad of contributory pathogenic
variants?-1427.34105-107 gnd widespread existence of variable expression.'®''* The current
standard-of-care testing for genome-wide genetic surveys involves three orthogonal and largely
complementary diagnostic tests: karyotype to discover microscopically-visible balanced and
unbalanced chromosomal abnormalities, chromosomal microarray (CMA) to capture sub-
microscopic copy number variants (CNVs), and exome sequencing (ES) to identify single
nucleotide variants (SNVs) and small insertions and deletions (indels) within the ~2% of the
genome that codes for proteins.01165108-112 A|| three tests are required to capture the full range
of genetic variation currently known to be associated with FSAs and ASD. This sequential
diagnostic testing strategy is inefficient in the prenatal setting where rapid diagnosis is critical,
and cumbersome in the pediatric setting where families can be easily lost to follow-up due to an

unnecessarily long diagnostic odyssey.'"®

Short-read genome sequencing (GS) has the potential to identify almost all pathogenic variation
captured by existing technologies in a single test, as well as potentially discovering novel
diagnostic variants that are cryptic to current approaches.®'"¢"7 To date, studies performing GS
for the diagnostic assessment of FSAs and neurodevelopmental disorders (NDDs), of which ASD
is a subtype, have only included small cohorts of highly selected cases with disparate diagnostic
pre-screening, resulting in variable GS diagnostic yields ranging from 19.8-57.7% for FSAg58:69.11&-
123 and 30-50% for ASD/NDDs.”%124125 These GS studies typically do not provide the opportunity
for direct technology comparisons as multiple standard-of-care tests are rarely available on the

same individuals. Given that no single study has quantified the performance of GS against
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karyotype, CMA, and ES, the added value of GS remains unknown for most phenotypes, including

for FSAs and ASD.

The goal of this study was to systematically evaluate the performance of GS against the current
standard-of-care diagnostic tests for the assessment of FSAs and ASD. We developed a
comprehensive GS analytic framework that characterized nine different classes of genetic
variation while maintaining a manageable burden of manual variant review, which currently
presents a significant barrier to the widespread implementation of clinical GS."%%'27 We tested our
GS analytic framework on 1,612 systematically collected ASD quartet families (n=6,448
individuals total), which represented an ideal technical benchmarking cohort because each
individual in the family had GS and matched CMA and ES data available for re-analysis. To
assess the diagnostic yield of GS in FSAs we applied our analytic framework to 295 FSA trios
that had clinical results from karyotype, CMA, and/or ES available for comparison. The diagnostic
yields from these large-scale studies suggest that a shift towards recommending GS as a first-

tier diagnostic test for the assessment of ASD and FSAs is warranted.

Subjects and Methods

Study subjects

We applied our short-read GS analytic framework to 1,612 ASD quartet families from the Simons
Foundation for Autism Research Initiative (SFARI) Simons Simplex Collection (SSC; n=6,448
individuals total; Table A.1).2° Each quartet family comprised one proband diagnosed with ASD,
one unaffected sibling, and two unaffected parents (Figure 2.1). The ASD cohort was chosen as
the primary technical comparison for our GS pipeline because every individual had CMA, ES, and
GS data available for re-processing. This facilitated direct technology comparisons that were not
impacted by differences in bioinformatic analyses, variant interpretation methods, and/or

assessment timepoints. Additionally, given the significant overlap in the types of variants that
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contribute to ASD and FSAs, particularly SVs,'21% the larger size of the ASD cohort enabled the
discovery and interpretation of a broader spectrum of diagnostic variants. All participants or their
legal guardians provided written informed consent for participation and their data were de-

identified by SFARI before sharing with qualified researchers.?®

Analysis framework Benchmarking GS diagnostic yield
1,612 ASD quartets Proband-sibling Technology Incremental
comparisons ~ comparisons = v
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variants from: o3 i
oo ES
(0]
@ Affected Karyotype CMA Es @ocs

Figure 2.1 | Overall study design. We performed genome sequencing (GS) on 7,241 individuals from two
phenotypically ascertained cohorts: autism spectrum disorder (ASD) and fetal structural anomalies (FSAs).
The ASD quartet families (n=6,448 individuals) included one affected proband with ASD, one unaffected
sibling, and two unaffected parents. The prenatal cohort included 249 trios (n=747 individuals) comprising
a fetus with an FSA detected by ultrasound and two unaffected parents, as well as 46 singleton fetuses
ascertained for a diagnostic procedure performed in pregnancy. The 249 trios were pre-screened with one
or more standard-of-care diagnostic tests (karyotype, chromosomal microarray [CMA], and/or exome
sequencing [ES]) and the 46 singleton fetuses were pre-selected based on having a clinically reportable
variant identified by one of the same three standard-of-care tests. For the 1,612 ASD quartet families we
had access to unfiltered data from CMA, ES, and GS available for analysis (see methods for more details).
We performed multiple benchmarking analyses, including comparing the yield of diagnostic variants
between ASD probands and their unaffected siblings, direct technology comparisons in the ASD probands,
and comparisons against results from clinical diagnostic tests in the prenatal cases. We assessed the
performance of GS by considering the overall, incremental, and sequential diagnostic yields provided by
this technology. Plots are demonstrative only and are not drawn to scale nor reflective of real data.

We next applied the same analytic framework to 295 fetuses that met criteria for diagnostic testing
due to the presence of a structural anomaly (n=281) or advanced maternal age (AMA) (n=14;
Figure 2.1). The 295 fetuses included 249 trios (n=747 individuals) comprising a fetus with a
structural anomaly detected by ultrasound and two unaffected parents. Of the 249 FSAs, 85.5%
(n=213) were prescreened (e.g., no diagnostic variant identified) with CMA, the current

recommended first-tier diagnostic test for fetuses with structural anomalies,? 67.0% (n=167) with
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karyotype, and 35.3% (n=88) with ES. With respect to overlapping tests, 58.6% of the cohort had
negative results from both CMA and karyotype, and 6.4% had negative results from all three tests
(Table A.2). We also included 46 singleton fetuses (n=32 FSAs and n=14 AMA) that were pre-
selected for carrying a clinically reportable variant (n=53) detected by karyotype, CMA, or ES. We
used these samples to benchmark the performance of GS against tests performed in clinical
diagnostic laboratories (Table A.3). We also wanted to explore the potential for GS to discover
variants originally identified by karyotyping. The prenatal cohort includes fetuses recruited from
the Carmen and John Thain Center for Prenatal Pediatrics at Columbia University (n=160), the
University of California San Francisco (UCSF; n=59), and the Prenatal Diagnosis Program at the
University of North Carolina Chapel Hill (UNC; n=30), a subset of whom have had their karyotype,
CMA, and ES data previously published.?'4128-130 This study was approved by the Institutional
Review Boards at Mass General Brigham, Columbia University, UNC, and UCSF. All participants

or their legal guardians provided written informed consent prior to participation.

GS and sample level QC

All 7,241 samples analyzed in this study underwent short-read lllumina GS following standard
library protocols to a mean genome coverage of >30X (Tables A.1-A.3; additional details in
Appendix A). Whole-blood derived DNA was sequenced for every individual in the ASD cohort
and all the unaffected parents from the fetal structural anomaly trios. Fetal DNA was obtained
from chorionic villi, amniocytes, umbilical cord blood, or products of conception. Sample
relatedness was confirmed for all individuals using KING?®? and all pregnancies were genetically
confirmed to have arisen from non-consanguineous unions (Figure A.1). GS data was also used
to infer genetic sex using PLINK'™®' and depth-based chromosomal analyses (Figure A.2; details

in Appendix).

GS analytic framework
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We developed a framework to identify pathogenic and likely pathogenic (P/LP) variants from GS
data with high sensitivity while limiting the number of variants requiring manual review (Figure 2.2
and Table A.4). The framework is organized into four components: variant discovery, annotation,
filtering, and manual classification. Additional details on the framework can be found in the

Supplemental methods.

Variant discovery

Variant discovery identified nine different classes of genetic variation, including SNVs, indels,
deletions and duplications that ranged from 50 base pairs to full chromosomal aneuploidies,
inversions, insertions, translocations, complex rearrangements (16 different sub-classes),* and
short tandem repeats (STRs), using a suite of algorithms.'32-13% All samples were jointly processed
in batches following GATK Best Practices Workflows for SNV and indel discovery using Terra.'4°
The SV discovery and genotyping was performed across all samples with GATK-SV, a publicly
available cloud-enabled ensemble method that leverages data from multiple SV algorithms to
boost sensitivity and filters to improve specificity.5®° Here, we ran six individual SV detection
algorithms™®2-"37 on all samples and then ran GATK-SV in cohort mode (a single sample version
of GATK-SV is also available as a workflow on Terra). GATK-SV was used for filtering,
genotyping, breakpoint refinement, and complex variant resolution to produce a VCF for each
cohort. Finally, we ran ExpansionHunter to identify potentially diagnostic STR expansion

candidates.38

Variant annotation

All variants (SNVs, indels, SVs, and STRs) were annotated for genic overlap and functional
consequences against GENCODE v.26 gene boundaries based on the canonical transcript. !
Sequence variants (SNVs and indels) were annotated using ANNOVAR'2 and any variants

predicted to be stop-gain, stop-loss, frameshift insertion, frameshift deletion, or splicing (within 2
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bp of a splice junction) according to RefSeq or GENCODE annotations were considered loss-of-
function (LoF). SVs were annotated with GATK-SV and functional consequence was determined
for each SV type. LoF SVs were defined as any deletion overlapping coding sequence, an
inversion, mobile element insertion, complex SV, or translocation with one or more breakpoints
disrupting coding sequence, or an intragenic exonic duplication (a duplication that overlaps coding
sequence with both breakpoints contained within the same gene boundary). Full gene copy gains
are defined as duplications that fully overlap a gene boundary. Partial gene duplications were
defined as duplications with one breakpoint located within the gene boundary and one outside.*?

Additionally, we annotated allele frequency for all SNVs and indels using the maximum AF across

144

gnomAD genomes,™® gnomAD exomes/ExAC," 1000 genomes,'** and parental samples from

each cohort. SV and STR allele frequency was calculated based on the prevalence of each event

in gnomad.5%145

Figure 2.2 | Genome sequencing analytic framework. The comprehensive framework we developed to
identify diagnostic variants from GS data, which consists of four components: variant discovery, variant
annotation, variant filtering, and manual variant classification. We considered nine different variant classes,
including single nucleotide variants (SNV), small insertions and deletions (indels; below 50 base pairs),
deletions (DEL) and duplications (DUP) that ranged from over 50 base pairs to full chromosomal
aneuploidies, insertions (INS), translocations (TLOC), inversions (INV), complex rearrangements (CPX),
and short tandem repeats (STRs). The filtering strategy was designed to retain P/LP variants while limiting
the number of variants requiring manual variant classification. The specific filtering criteria are described in
the Supplemental methods. All variants output by the filtering pipeline were manually curated by an expert
variant review panel following existing clinical guidelines.®*8% All variants classified as P/LP in genes
associated with the indication for testing were considered to represent the diagnostic yield of GS. ASD:
autism spectrum disorder, GATK: Genome Analysis Toolkit, SV: structural variant, VUS: variant of uncertain
significance, ACMG: American College of Medical Genetics and Genomics, AMP: Association for Molecular
Pathology, SVI: Sequence Variant Interpretation Working Group, ClinGen: Clinical Genome Resource.
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Variant filtering

We first restricted variants based on predicted functional impact. For SNVs and indels we retained
all variants annotated as LoF or a missense variant that had a CADD score >15"® and was not
annotated as benign, likely benign, risk factor, association, drug response, or protective in
ClinVar."” All SNVs and indels that passed our quality control and allele frequency thresholds
were retained if they were predicted to functionally alter a gene on our disease gene list (see
Table A.4 and Appendix A for specific thresholds). The only aspect of our GS analytic framework
that differed between the ASD and FSA cohorts were the content of the gene lists, which were
phenotype-specific and computationally derived to limit the burden of up-front gene curation.'?”:148
Briefly, the ASD gene list included 901 genes classified as having a ‘confirmed’ or ‘probable’
association with NDDs in the Developmental Disorders Genotype-Phenotype Database (Table
A.5)."°To account for the phenotypic heterogeneity of the structural anomalies observed in our
FSA cohort (Tables A.2-A.3), we compiled a separate list of 2,535 genes from eight sources that
are broadly associated with developmental disorders and congenital anomalies (Table A.6 and
Appendix A). All variants were then filtered under four genotype categories (de novo, rare
inherited, homozygous, and hemizygous) depending on the specific mode(s) of inheritance of the
gene-disease association (dominant, recessive, or X-linked). Finally, we applied more stringent
filters (described in Appendix A) to inherited, homozygous, compound heterozygous, and
hemizygous missense variants given that they contributed significantly to the number of variants
requiring manual review, but have not been shown to substantially contribute to the etiology of

ASD or FSAs. 13:14.34,150

A hierarchical filtering process was applied to all SVs. First, SV predicted to be LoF or full gene

copy gains were retained for further filtering and partial gene duplications were excluded given

their unknown functional impact.*® Then, deletions and duplications overlapping = 35 and = 50
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protein-coding genes,*® respectively (regardless of whether any of the genes have been

previously associated with disease), were prioritized for manual classification following existing
recommendations for gene-number cut-offs.*® Next, any rare SV overlapping one of the 64 known
genomic disorder loci (Table A.7) or the 17 non-coding loci associated with pathogenic positional
effects (Table A.8) were retained. The SVs that did not meet any of the preceding criteria were
then filtered based on their overlap with the phenotype-specific disease gene lists following the
same inheritance patterns and allele frequency thresholds described above. All STRs that
exceeded a pathogenic repeat length based on literature review were retained if they overlapped
an STR-mediated locus associated with an early-onset developmental disorder (18 loci described
in Table A.9). Finally, the identification of candidate compound heterozygous variants comprised
three filtering steps: 1) compiling heterozygous SNVs, indels, and LoF SVs located in the same
recessive disease gene, 2) annotating each variant with inheritance status, and 3) retaining only
the instances where individuals had more than one variant in a recessive disease gene with
disparate inheritance patterns (e.g., one maternally inherited, one de novo). To retain variants in
tfrans, we used inheritance as a proxy for phasing and required that at least one variant per

compound heterozygous grouping be inherited from a parent (e.g., not all could occur de novo).

Manual variant classification

To ensure all variants were high quality, we visually inspected the read evidence for each
candidate diagnostic variant output by our filtering pipeline using the Integrated Genomics Viewer
for SNVs, indels, and SVs,'®' CNView for CNVs,'%?2 and REViewer for STRs."%® All variants that
passed manual visual inspection were assessed by a variant review panel consisting of board-
certified clinical geneticists, cytogeneticists, molecular geneticists, obstetricians, maternal-fetal
specialists, pediatricians, genetic counselors, as well as population geneticists and

bioinformaticians with expertise in SV identification and interpretation. All variants were first
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evaluated for a gene-phenotype association on a case-specific basis.*’ If a reliable match was
determined for the case in question, all variants in that gene were reviewed following guidelines
for sequence variant and CNV interpretation from the American College of Medical Genetics and
Genomics (ACMG), the Association for Molecular Pathology (AMP), the Clinical Genome
(ClinGen),®* and recommendations for adjusting the standard clinical guidelines from the
ClinGen Sequence Variant Interpretation (SVI) Working Group.4®-54 Overall, these guidelines
provide a systematic and robust method to identify variants with a 90% or greater certainty of
being disease-causing.® This method is reliably reproduced across laboratories™* and rarely
results in downgrading P/LP variants over time.'®® All variants classified as P/LP in a gene robustly
associated with the case’s phenotype (e.g., the indication for testing) were considered a molecular

diagnosis and were counted towards the diagnostic yield of GS.

Benchmarking the performance of the GS analytic framework

ASD proband vs. unaffected sibling comparisons

The quartet family structure of the ASD cohort provided us with a unique opportunity to evaluate
our bioinformatic filtering and variant classification methods by comparing the number of variants
output at each step between the affected probands with ASD and their unaffected siblings. To
confirm that our filtering pipeline was enriching for potentially pathogenic variants as intended and
assess the potential false positive rate of the variant interpretation guidelines, we treated each
ASD proband and their unaffected sibling as separate trios with both parents. After filtering, we
compared the number of variants requiring manual review in the ASD probands to their unaffected
siblings and manually reviewed all variants blind to affected status (e.g., all variants were
reviewed as if the child was diagnosed with ASD). We then compared the fraction of P/LP variants

identified between these two groups.

Cross-technology comparisons
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To quantify the sensitivity of GS against CMA and ES, we first leveraged the ASD cohort, which
had unfiltered data for each technology available for re-analysis. For the CMA analysis, we
obtained CNVs identified from lllumina single nucleotide polymorphism (SNP) microarrays that
were processed as previously described.'® Briefly, SNP genotyping data was generated using
three lllumina CMA platforms and CNVs were identified from these data using PennCNV, %
QuantiSNPv2.3,'” and GNOSIS/CNVision. ' All CNVs identified from CMA were lifted over from
GRCh37 to GRCh38 for comparisons against ES and GS. For the ES analysis, we used the SNV,
indel, and CNV calls that were generated as part of a larger ASD sequencing initiative.?”3 To
summarize, raw reads from all 6,448 samples were aligned to GRCh38 and SNV and indel
discovery was performed using GATK v4.1.2.0."*° All samples were jointly genotyped following
GATK Best Practices for Variant Calling.'® We also employed GATK-gCNV for exome CNV
detection,’® a new algorithm that is specifically designed to adjust for known bias factors of exome
capture and sequencing (e.g., GC content), while automatically controlling for other technical and
systematic differences. The GATK-gCNV workflow is publicly available in a Terra workspace. We
applied the same version of our GS analytic pipeline to the CMA and ES data from all 6,448
individuals in the ASD quartet families. The only modification made was to the allele balance and

depth filters to accommodate for the higher coverage of ES compared to GS (Figure A.3).

We also analyzed GS of 46 fetuses that were pre-selected for receiving a clinically reportable
finding from karyotype, CMA, or ES. Inclusion of these benchmarking fetal samples allowed us to
investigate the impact of DNA source (whole blood vs. chorionic villi or amniocytes) on the
performance of GS as well as evaluate the ability of GS to identify a range of cytogenetically
visible BCRs. Each recruitment site provided us with the list of clinically reported variants found
in each fetus using their in-house methods and pipelines (e.g., raw data was not available for re-
analysis).'>14128-130 We identified STRs across 18 loci (Table 9) in the ASD and FSA cohorts,

despite there being no clinical STR test results available for direct comparison. Previous studies
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using the same approach have demonstrated 97.3% and 99.6% sensitivity and specificity against
existing PCR tests,'®? respectively. The sensitivity of GS was calculated as the proportion of P/LP
variants identified by each diagnostic test (karyotype, CMA and ES) that were also identified by

GS.

Application of GS to a prescreened fetal structural anomaly cohort

After systematically benchmarking the GS analytic framework, we applied it to 249 retrospectively
obtained fetal structural anomaly trios (n=747 individuals) that had been pre-screened with
karyotype, CMA and/or ES (Table A.2). The analysis performed on the FSA trios was identical to
that applied to the benchmarking samples described above. The added diagnostic yield of GS in

this cohort was calculated based on the number of P/LP variants identified by GS.

Results

Assessment of the GS analytic framework

We analyzed short-read GS data from 1,612 ASD quartet families (n=6,448 individuals) that also
had matched CMA and ES data available to directly compare the relative value of each
technology. Overall, our GS variant calling methods identified an average of 3.7M short variants
(3.4M SNVs, 0.3M indels) and 8,814 SVs per genome that passed filtering criteria as well as
115,821 STR genotypes at 18 targeted disease loci across the cohort. Filtering reduced the
number of variants requiring manual curation to an average of 0.49 variants per child (range=0-
9), totaling 1,743 variants across 901 NDD-associated genes and loci (Table A.5) in the ASD
probands and unaffected siblings. We observed an enrichment of variants requiring manual
review per person in the ASD probands compared to their unaffected siblings (0.58 mean variants
per ASD proband and 0.39 per unaffected sibling; P=4.12x10""4; two-sided Wilcoxon test),

suggesting that our filtering pipeline was accurately enriching for potentially pathogenic variants.
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Demonstrating the power of the interpretation guidelines, this proband enrichment further
increased following manual variant curation, which identified 128 P/LP variants in 126 ASD
probands (7.8% yield; 95% CI 6.5-9.1) compared to 17 P/LP variants in unaffected siblings (1.1%
yield; 95% CI 0.6-1.6; odds ratio [OR]=7.9; 95% CI=4.7-14.1; P=2.2x10"'%; Fisher's exact test;
Figure 2.3 and Table A.10). Importantly, 71% of the P/LP variants identified in siblings included
CNVs associated with reduced penetrance, which are known to be a challenge for genetic

counseling and are already encountered by clinicians during routine CMA testing.
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Figure 2.3 | Benchmarking the performance of GS in ASD probands and unaffected siblings. (A) The
fraction of ASD probands and unaffected siblings identified to carry a P/LP variant by GS subset by
inheritance category. The denominator used for all categories was 1,612 except for hemizygous variants
where only males were considered (n=1,440 male probands and 755 male siblings). (B) The total number
of P/LP variants (n=128) detected by each technology (GS, CMA, and ES) in n=126 ASD probands.

Evaluating the diagnostic performance of GS

We benchmarked the diagnostic performance of GS against standard-of-care tests by applying

the equivalent GS framework to the CMA and ES data from the ASD cohort, with minor
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modifications to accommodate each data type (Figure A.3; Appendix). Overall, GS identified a
diagnostic variant in almost two-fold more probands than CMA (n=126 vs. n=71; OR=1.8; 95% ClI
1.3-2.5; P=6.5x10"°) and almost three-fold more than ES (n=126 vs. n=49; OR=2.7; 95% CI 1.9-
3.9; P=1.98x10"°) (Figure 2.3). When we used a new method to capture CNVs from ES data
(GATK-gCNV),'®® the overall diagnostic yield of ES approached that of GS (7.4% vs. 7.8%,
respectively), though it still did not capture all known P/LP variants. For example, a single exon
deletion overlapping the first exon of NRXN1 identified by GS was missed by ES because it did
not pass our stringent filtering criteria that required CNVs to overlap > 2 exons.?”'*® Manual
inspection revealed the deletion was present in the raw ES CNV calls, suggesting strategies for
clinical exome CNV calling could consider relaxing filtering for pre-defined disease genes,

particularly for genes where CNVs are a known mechanism of disease.'®’

Overall, GS captured 100% of the P/LP variants identified by CMA (n=71) and ES (n=118), while
also uniquely identifying an additional diagnostic variant in seven (0.4%) ASD probands (Figure
2.3). We reviewed the properties of the variants uniquely identified by GS, which included one
SNV and one indel, a de novo stopgain in ANKRD11 and a 44bp de novo frameshift insertion in
SMARCA4, and five SVs: two single exon deletions in RERE and RORA,'621%3 g reciprocal
translocation disrupting GRIN2B, a SVA retrotransposon insertion in DMD, and a 47.2Mb complex
SV involving chromosome 1 comprised of four deletions, an inversion, and an inverted insertional
translocation (Table A.11). The ANKRD11 stopgain was in an exon with no ES coverage and the
SMARCA4 insertion was within 30 base pairs of an intron-exon boundary and was not present in
the ES read evidence (Figure A.4). In contrast to the single exon NRXN1 deletion described
above, the smaller RERE (5.6kb) and RORA (0.5kb) deletions identified by GS were not
detectable in the raw ES data, suggesting that ES will not be able to capture all single-exon
deletions of clinical relevance. As expected, CMA and ES were unable to detect the balanced

translocation. Similarly, while CMA and ES both detected the four de novo deletions involved in
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the complex SV, they were unable to identify the inversions that link the deletions into a single
event. Finally, we did not apply a mobile element insertion algorithm to the ES data as it is not
currently implemented in routine clinical diagnostics,'®* but this type of analysis could potentially
capture variants labeled as GS unique in this study, such as SVA insertions. Taken together,
these data demonstrate that GS outperforms both CMA and ES, capturing all P/LP variants from
these two technologies and providing a modest increase in diagnostic yield beyond the

combination of both diagnostic tests.

Using DNA obtained from diagnostic procedures performed in pregnancy, we next confirmed the
benchmarking results in prenatal samples as well as assessed the performance of GS to detect
BCRs routinely identified by karyotype. We chose 46 fetuses that carried 53 reportable variants
identified from standard clinical testing due to AMA (n=14) or ultrasound detection of an FSA
(n=32) (Table A.3). These variants included seven aneuploidies, 20 CNVs, and 18 SNVs or indels
(including four compound heterozygous variant pairs), all of which are commonly observed in
prenatal testing. This benchmarking cohort was also highly enriched for BCRs (n = 8/46 fetuses;
17.4% here versus 3.0% estimated prevalence across all FSAs)."? Overall, GS captured 100% of
the clinically reportable CNVs and SNVs/indels originally identified by CMA (n=20) and ES (n=12),
and 62.5% of the BCRs identified by karyotype (n=5/8). Based on the reported karyotype, the
three BCRs not captured by GS are localized to highly-repetitive telomeric and centromeric
regions, which are known to be inaccessible to short-read GS.""” This class of missed BCRs

account for <1% of the total diagnostic yield provided by karyotype in FSAs."

Determining the added diagnostic yield of GS for the assessment of fetal structural anomalies

After systematically benchmarking the performance of our GS analytic framework, we applied it
to 249 fetus-parent trios that were pre-screened with karyotype, CMA, and/or ES. The structural

anomalies impacted a wide range of organ systems, with 36.1% (n=90/249) of the cohort having
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multisystem involvement (Figure 2.4 and Table A.2). GS identified 816 candidate variants
requiring manual review, resulting in an average of 3.1 variants per fetus (median=3.0, range=0-
21). The increased number of variants output by our GS filtering in fetuses compared to the ASD
probands reflects a greater number of SNVs and indels in the genes considered, with an average
of 2.65 sequence variants across n=2,535 genes for the fetal cohort versus an average of 0.31
sequence variants across n=901 genes for the ASD cohort. Manual variant curation identified
twenty-one P/LP variants in nineteen (7.6%) fetuses with a structural anomaly (Table A.12).
Based on our benchmarking analyses in ASD, the majority (n=17/19; 89.5%) of these molecular
diagnoses would have also been identified by a combination of contemporary CMA and ES. For
example, 78.9% (n=15/19) of the diagnoses included SNVs and indels identified in fetuses that
had not previously undergone ES. Similarly, GS identified a 67kb deletion in MED13L and a
maternal uniparental disomy (UPD) event involving chromosome 20 in two fetuses who had
previously undergone array comparative genomic hybridization (aCGH). The MED13L deletion
was missed because the custom aCGH platform did not have probe coverage over the region
and the UPD was missed because regions of homozygosity are not identifiable without the
analysis of SNP probes, which are absent from aCGH."? These data demonstrate the importance
of taking previous diagnostic testing, technology platforms, and analysis pipelines into

consideration when reporting comparative diagnostic yields.

The most conservative estimate therefore suggests that GS uniquely provided a molecular
diagnosis in two FSA cases: a single exon deletion in MED13L (1.3kb in size) and a compound
heterozygous variant pair comprising a missense variant in trans with a 143kb intragenic exonic
duplication in DYNC2H1. While the identification of the compound heterozygous variants is
technically feasible using the combination of CMA and ES, most clinical analysis pipelines do not
systematically integrate variants across technologies. Instead, diagnostic laboratories often

manually follow-up on individual genes when there is a strong a-priori suspicion of a gene-
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phenotype match, as was true for this case in clinic. A pathogenic missense variantin DYNC2H1
was identified by ES in a fetus with short-rib thoracic dysplasia. Given the specificity of the gene-
phenotype association,'® the diagnostic laboratory manually reviewed the ES read depth profile
across this gene, identified the duplication, and confirmed the event with fluorescence in situ
hybridization.?® While this ultimately represented a successful approach for this case, it is not
systematic and the increased burden of these additional steps is unlikely to scale, particularly for
phenotypes associated with multiple recessive genes. Overall, these data suggest that GS
provided a 0.8% increase in diagnostic yield beyond the combination of karyotype, CMA, and ES

in these FSA trios (Figure 2.4).
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Figure 2.4 | Overview of fetuses with structural anomalies and diagnostic yields across
technologies. (A) The phenotypic breakdown of 249 trio fetuses identified to have a structural anomaly
detected by ultrasound included in this study. The fetuses were pre-screened with a combination of
standard-of-care diagnostic tests (see Methods for details). Fetuses with anomalies impacting more than
one body system were counted as having multisystem abnormalities. The remaining categories represent
fetuses with isolated structural anomalies. (B) The added diagnostic yield for each sequencing technology
when applied serially to pre-screened cases. Each technology is assessed in a cohort that was depleted
for diagnostic variants detected by the preceding technology. Yields for karyotype and CMA were taken
from Wapner et al.'? and for ES from Petrovski et al.'* (C) The anticipated overall diagnostic yield provided
by each diagnostic test if they were applied to a cohort of unselected fetuses with structural anomalies.
*The yields for ES and GS were predicted based on data from this study as well as previously published
work.™ The dashed grey box surrounding the ES bar indicates the diagnostic yield that could be captured
if ES-based CNV methods are applied.?”-'%° Each bar is colored based on the fraction of diagnoses provided
by each variant class. CMA: chromosomal microarray, ES: exome sequencing, GS: genome sequencing,
SNV: single nucleotide variant, indel: small insertion and deletion, CNV: copy number variant, DEL:
deletion, DUP: duplication, TLOC: translocation, INV: inversion.
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Classification of SVs unique to GS

Over 75% (n=7/9) of the diagnostic variants uniquely identified by GS in the ASD and FSA cohorts
were SVs (Figure 2.5), including SVs below the resolution of and/or inaccessible to existing
standard-of-care tests (n=5) and SVs for which the base pair resolution provided by GS resulted
in a medically relevant change in classification from variant of uncertain significance (VUS) to
LP/P (n=2)."%5 Notably, while STRs represent a variant class uniquely identifiable from GS, we did
not identify any STRs that met P/LP criteria in the ASD or FSA cohorts. As studies examining the
contribution of STRs to disease risk increase,'®*'66.167 we expect the interpretation of these
variants to improve. Indeed, predicting the functional consequences of many GS-unique SVs was
challenging, particularly for in-frame single exon deletions like the 5,618bp de novo deletion in
RERE in an ASD proband. For small rare in-frame CNVs (e.g., that disrupt <10% of the protein),>?
evidence that the altered exon codes for a functional unit of the protein is one way to increase
classification of the variant. However, this type of exon-level annotation is unavailable for most
genes, suggesting that gene-level metrics quantifying the impact of in-frame CNVs would be of

value.

GS also identified SVs that could only be classified as diagnostic using the resolution uniquely
provided by this technology, such as the pathogenic balanced translocation disrupting GRIN2B in
an ASD proband.® Reciprocal translocations identified by karyotype are routinely reported back
to families, but very little can be said about their contribution to the phenotype because the precise
location of the breakpoints, and thus the predicted functional impact, remains unknown.'68-170
Indeed, our previous work has demonstrated that GS revises the location of cytogenetically visible
BCRs by one or more cytogenetic bands in over 93% of cases,*%8 suggesting that conclusions
about pathogenicity for the indication for testing should not be drawn based on karyotype results

alone.
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Figure 2.5 | Diagnostic structural variants unique to genome sequencing. (A) A 5,618 bp single exon
in-frame deletion in RERE in an ASD proband. (B) A compound heterozygous missense variant in trans
with an intragenic exonic duplication in DYNC2H1 in a fetus with short-rib thoracic dysplasia. (C) A SVA
retrotransposon insertion disrupting DMD in an ASD proband. (D) A balanced reciprocal translocation
between chromosomes 12 and 13 in an ASD proband that directly disrupts GRIN2B. (E) Linear
representation of a de novo complex SV impacting chromosome 1 in an ASD proband. Each rearranged
segment of DNA in the derivative chromosome is depicted by a unique roman numeral (i-v), while the four
deleted segments of DNA are outlined in purple and sequentially numbered DEL 1-4 (6.3 Mb total deleted).
Arrows and chromosomes are not drawn to scale. Inverted segments are denoted by a reverse orientation
of arrows. Genomic coordinates for this variant are provided in Table A.11.

Similarly, we identified a pathogenic de novo 47.2Mb complex SV in an ASD proband that was
only resolved by GS. Current guidelines recommend the individual assessment of CNVs involved
in a complex SV. However, now that technologies such as GS can consolidate SVs into a single
complex event, there is a strong rationale for evaluating the overall rearrangement to arrive at a
final diagnostic classification. For example, in this study we applied the gene-number thresholds
to the total number of genes overlapped by all four deletions to classify this complex SV as likely
pathogenic. We note however that these thresholds were derived from very large canonical CNVs

obtained from diagnostic laboratories and did not include the analysis of complex SV.*® To
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improve gene-number thresholds, future studies could consider including complex SVs as well as
CNVs below the resolution of CMA, which are now robustly detectable with next-generation
sequencing (NGS) technologies. Taken together, these data provide specific examples of the
types of variants, particularly SVs, that will be encountered as comprehensive variant

identification from clinical GS becomes more widespread.

Discussion

Since the advent of massively parallel sequencing technologies, the application of clinical short-
read GS has represented an enticing approach to ascertain almost all pathogenic variation in a
single diagnostic test. Despite this enthusiasm,'”"'"2 there remains a dearth of unbiased and
large-scale studies to systematically assess this technology against conventional tests for any
phenotype, and in particular for FSAs. As such, it has been asserted that GS can provide
anywhere from no improved diagnostic yield®” to over 50%.58¢° Unfortunately, existing studies
examining the clinical utility of GS frequently have disparate standard-of-care tests available on
individuals for comparison, precluding systematic benchmarking of GS against any individual test
as well as the combination of multiple tests. Further, SVs are often not considered'®’%"" or only
identified using a small number of algorithms'”.1866.72 despite evidence demonstrating the need
for multiple approaches to maximize sensitivity.""® This places an unnecessary technical
constraint on the diagnostic value of GS and represents a critical limitation for surveying
conditions where the contribution of SVs is significant, such as for FSAs and ASD.'>1% We
demonstrate here that these limitations can be circumvented using a comprehensive GS
framework to capture, filter, and interpret a broad spectrum of variant classes without significantly

increasing the burden of manual variant curation.'?’
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The scale of the benchmarking conducted here, namely the 1,612 ASD quartet families that had
three technologies (GS, ES, and CMA) available for re-analysis on all individuals, demonstrated
that GS captures all diagnostic variants identified by CMA and ES and provides a molecular
diagnosis for almost two-fold more ASD probands than either technology alone. We also illustrate
that the diagnostic yield of ES can approach that of GS if sensitive CNV discovery is performed
on the exome data.'”>'"® While phenotype, ascertainment, and clinical context are expected to
impact comparative diagnostic yields, our study demonstrates the importance of comprehensive
variant discovery across technologies to avoid overestimating the added diagnostic yield of a
single technology. As exemplified by our FSA cohort, inflated yields of GS (e.g., 7.6% vs. 0.8%)
can easily occur when previous testing, technology platforms, assessment timepoints,

bioinformatic analyses, and interpretation guidelines are not taken into consideration.

To confirm these results in fetal DNA samples, the GS analytic framework was applied to 46
fetuses pre-selected to harbor a reportable variant identified by karyotype, CMA, or ES. As
expected, GS identified 100% of the CNVs and SNVs/indels identified by CMA and ES,
respectively. In contrast, only 62.5% of the BCRs identified by karyotype were recapitulated by
GS, largely due to the localization of BCRs to highly repetitive acrocentric chromosomes.'®
Previous studies have found that short-read GS may identify upwards of 90.8% of BCR
breakpoints when rearrangements involving the acrocentric chromosomes are excluded,'®
suggesting the true performance of GS for detecting all BCRs will likely fall within the 62.5-90.8%
range. However, the impact of these missed BCRs on the total yield of GS will be small (e.g., 0.3-
1.1%) as the fraction of BCRs identified in FSAs is only estimated to be 3%.' Indeed, we can
extrapolate our benchmarking results to diagnostic yields obtained from unselected FSAs that
were ascertained from the same catchment area as the vast majority (64.2%) of our FSA cohort.
Using these historical data,'' we estimate that GS can provide an overall diagnostic yield of

46.1% in unselected FSAs, significantly outperforming each individual standard-of-care test by a
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wide margin: 17.2% increase over karyotype, 14.1% over CMA, and 38.3% over ES when only
SNVs and indels are considered, and 4.1% when CNVs are also robustly identified from ES data
(Figure 2.3). Based on diagnostic performance alone, these data strongly argue for GS to displace
the serial application of karyotype, CMA, and ES for the assessment of FSAs and ASD, provided
analysis and interpretation are sufficiently optimized to identify and interpret all classes of

variation.

These studies found that GS uniquely identified nine P/LP variants across ASD probands and
fetuses with structural anomalies, representing an added diagnostic yield of 0.4% and 0.8% in
each cohort, respectively. Our study revealed that most diagnostic GS-unique variants included
SVs that were inaccessible to existing standard-of-care diagnostic tests or were only determined
to be pathogenic based on information that was uniquely provided by GS. These included BCRs,
complex SVs, single exon in-frame deletions, and mobile element insertions. It may be possible
to further increase the yield of ES by improving filtering to recapture single exon CNVs. However,
we previously demonstrated that the false positive rate of deletions and duplications detected by
GATK-gCNV from ES data increases to 20% and 42%, respectively, when filtering is relaxed to
one exon.?’'®® Taken together, These data should nonetheless temper enthusiasm regarding
immediate significant increases in interpretable pathogenic variation from either ES or GS.
Advances in genomics technologies and algorithms will continue to only provide incremental
increases in diagnostic yield without improvements in variant annotation (e.g., predicting the

functional impact of a variant).

Beyond diagnostic yield, there are additional technical, logistical, and economic considerations
when deciding to implement a new diagnostic test such as GS. Among these, technical capacity
and timely return-of-results is paramount in the prenatal setting. While assessing turn-around-
time and the impact of GS on downstream health care costs was beyond the scope of this study,

previous studies have demonstrated that GS results can be delivered within 18-21 days for the
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assessment of fetal structural anomalies.'?>'2 Additionally, rapid GS (ranging from 26 hours to
3.2 days for analysis completion)'®'”” has been demonstrated in the pediatric setting for the
assessment of critically ill infants, where, similar to the prenatal diagnostics, time to diagnosis can
have a significant impact on medical management and clinical outcomes. Further, the cost of
clinical GS has been shown to be less than existing standard standard-of-care diagnostic tests
for individuals with a developmental disorder and/or congenital anomaly'”® and rapid GS has
reduced the cost of hospitalization for children admitted to neonatal or pediatric intensive care
units.’”%18 Taken together, these data suggest that the benefits of GS are likely to extend to
reductions in healthcare costs and rapid return-of-results in addition to improved diagnostic yield.
Yet, efforts to ensure that GS does not exacerbate health inequities will be critical as access to
testing will be initially isolated to metropolitan areas with major medical centers. Additionally,
initiatives to expand diverse population representation in reference databases will be integral to
ensuring that individuals from non-European genetic ancestries have an equal opportunity to

receive a diagnosis as this is essential for variant interpretation.

In conclusion, these studies demonstrate the potential for GS to displace a series of standard-of-
care diagnostic tests that individually identify only a small portion of the genomic variant spectrum
associated with FSAs and ASD. The large-scale benchmarking performed in this study was
critical, as these analyses focus on rare variants that span an array of mutational mechanisms
but are not frequently observed in the general population or in small cohorts. We demonstrate
that GS is unlikely to significantly increase the diagnostic yield in FSAs or ASD without
improvements in variant annotation and interpretation, particularly for non-coding variation as we
were only able to consider a small number of non-coding disease-associated loci. Some discrete
phenotypes will also continue to require specialized assays (e.g., methylation tests, microsatellite
analysis) for variants not accessible to any short-read GS technology. Overall, these data suggest

that GS can effectively displace karyotype, CMA, and ES as a single diagnostic test for the
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assessment of FSAs and ASD and will provide a marginal, but important, increase in diagnostic

yield beyond the combination of all three current standard-of-care diagnostic tests.
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Chapter 3 | Identification and interpretation of post-zygotic mutations in autism
spectrum disorder from genome sequencing

All Supplementary materials can be found in Appendix B.
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Abstract

Post-zygotic mutations (PZMs) include genetic variants that are only found in a subset of cells in
the body and therefore present at low allele fractions. PZMs are known to contribute to disease
and diagnostic PZMs have been identified in autism spectrum disorder (ASD) as well as other
neurodevelopmental disorders. Large exome sequencing (ES) studies have identified an
enrichment of PZMs in individuals with ASD compared to their unaffected siblings, but as genetic
diagnostics moves towards using genome sequencing (GS) as the first-tier diagnostic test for the
assessment of ASD, it requires benchmarking for PZM detection. This work seeks to begin to
address that goal. These analyses establish a set of PZM SNVs and indels from GS of 28,349
individuals with ASD and their family members, the largest to date. The methods and approach
we have taken for cloud-based processing to generate this dataset will catalyze future analysis of
pathogenic variants, identification of deleterious mutations not observed in the germline state due
to lethality, and analysis in conjunction with germline variant discovery for these samples to further

characterize PZMs and demonstrate the full diagnostic potential of GS.

Introduction

Identification and interpretation of diagnostic variation focuses mainly on germline variants, but
other classes of variation detectable from genome sequencing can also contribute to disease,
including mitochondrial DNA and postzygotic mutations (PZMs).® PZMs can arise during
embryonic development or throughout the lifespan as a result of DNA damage as well as errors
in replication or mitosis.” All cells that descend from the original cell with the mutation will carry
it, and the timing of the original mutation during development determines the number of cells or
tissues impacted. For example, PZMs acquired early in development can be present in a
significant proportion of cells and tissues throughout the body because their common precursor

cell also carried the mutation.”'®! Similar to germline variants, the phenotypic severity of a PZM
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is dependent on the functional consequences of the variant. However, for PZM the proportion of
cells carrying that variant (i.e., the variant allele fraction; VAF), and whether the mutation occurs
in a disease-relevant tissue also impact disease phenotype.'®"388 Diagnostic PZMs have been
identified to contribute to a number of different disorders, including Alzheimer’'s disease,

hematological malignancies, congenital heart disease, and autism spectrum disorder (ASD).877:83-

86,88,89,182

ASD is a highly heritable neurodevelopmental disorder (NDD) characterized by impairments in
social interaction and communication.®2° Most genetic risk for ASD results from the additive effect
of multiple common variants with small individual effect sizes across several genes in the
genome .82426-30 A minority of ASD cases harbor rare or de novo causal variants of large effect
size: protein-altering single nucleotide variants (SNVs), indels, or structural variants (SVs).8%
Given the dramatic effect size in ASD and NDDs more broadly, and their potential to alter genes
that are highly intolerant to functional variation, the systematic characterization of these variants
represents one of the most significant areas of exploration in neurodevelopmental research.
Previous studies have shown that PZMs can be misclassified as de novo germline variants.82-
86.959798 Thjs can happen when the affected individual has a PZM that is getting improperly
classified as a germline or if the variant of interest is indeed germline, but was inherited from a
parent with an undetected PZM in their germ cells.82-89597.98 Correctly classifying variants as
PZMs or de novo is critical in this population as it can alter the likelihood of phenotype recurrence

risk and accurate family counseling.3-33.99-102

As with germline variation, the types of PZMs that are discoverable depend on the sequencing
technology and coverage.' PZM chromosomal alterations (e.g., copy number variants; CNVs)
have been identified from chromosomal microarrays at VAFs as low as 1%, but are limited to
chromosome length events.”®®" The largest studies of PZMs in individuals with ASD and their

family members utilize blood-derived ES.#3-8¢ These studies suggest that PZMs contribute to ASD
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risk in 3-5% of families, but provide different conclusions regarding the rate at which PZM are
incorrectly identified as de novo variants (ranging 5.4%-22% across studies).®*-% Standard ES
has the benefit of providing fairly deep sequencing (60X mean coverage) but it can result in
amplification bias and is limited to discovering variants (SNVs, indels, and select CNVs) in only
the protein-coding regions of the genome. In comparison, GS can identify a wider spectrum of
variant types, including non-coding variants and balanced SVs, across the entire genome. 83184
Most existing studies of PZMs using short-read GS have used high coverage (2100X)
sequencing,'® which can characterize PZMs across a broad range of VAFs (0.02-0.39), but is
costly.®? Standard coverage GS (30X) is more routinely generated as part of germline variant
studies making it a potentially powerful tool for PZM detection.®*'%* While PZM detection from
brain samples obtained from individuals with ASD is important, there are seven-fold more genome
sequences generated from clinically accessible tissues (e.g., blood, saliva) where identified PZM
have also been shown to contribute to disease.'®?"'8 Most large-scale research studies have
already generated 30X GS and it is the most likely sequencing coverage to get incorporated into
clinical care. This work establishes a dataset of PZM SNVs and indels from 28,349 ASD cases

and family members for continued analysis of the diagnostic capabilities of GS.

Subjects and Methods
Study subjects

The 28,349 individuals included in this study were collected as part of several large-scale ASD
sequencing initiatives, which are described in detail in Table 3.1.2%31.107.18-191 The cohort is
composed of 7,807 families that each include at least one individual with ASD (8,187 ASD
probands and 20,162 family members in total). All 28,349 samples underwent short-read paired-
end GS to at least 30X mean genome coverage and were aligned to GRCh38. Each individual

cohort is composed of different family structures (i.e., trios, quads, single individuals with ASD,
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etc; Table 3.1). Written informed consent for broad use of personal genomic data was obtained

from probands or their legal guardians. 2931.107.186-191

Table 3.1 | Composition of previously published ASD cohorts combined for

PZM analysis
Number of Unaffected

Cohort families All samples ASD cases siblings

SPARK 3,386 12,503 3,575 2,216

SSC 2,418 9,192 2,418 1,946

SAGE 455 1,479 518 62

ACE Il 274 985 312 119

KORSTAR 289 976 289 110

TASC 305 905 307 22

CAG 240 731 250 0

HMCA 174 716 204 163

HFA 141 498 171 67

HISP 125 364 143 6

Total 7,807 28,349 8,187 4,711
PZM identification

At the outset of this thesis, common tools used for SNV and indel PZM detection from GS included

Mutect2, Strelka2, MosaicHunter, and MosaicForecast.3486.93.94.9.192 \We immediately decided not

to use MosaicHunter and Strelka since they are not actively maintained. Recent research has

demonstrated that MosaicForecast is a sensitive and specific PZM method, however performance

was only assessed on GS with 250X coverage from brain samples.%29193 Additionally,

MosaicForecast is a machine learning filtering method that requires variant calls generated by

another method as input (Mutect2 is recommended), which significantly increases the overall

computational cost. With these considerations in mind, we decided to use Mutect2 as our PZM

caller with the knowledge that we would need to develop our own downstream filtering approach

and perform extensive benchmarking.
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Mutect2 is a variant calling method developed by GATK that applies a Bayesian genotyping
model, local reassembly of haplotypes, and a unique filtering strategy to identify PZMs.% Although
this tool was originally developed to detect somatic mutations in cancer genomes with paired
tumor and normal samples,'* it can also identify mitochondrial variants or, as applied here,
somatic mutations (i.e., PZMs). Running Mutect2 in tumor-only mode to identify PZMs in a single
sample (i.e., without a paired tumor sample) is a two-step process: 1) creating a panel of normals
(PON), and 2) running Mutect2 on each sample against that PON. A PON is created with a set of
samples that is intended to improve variant calling by identifying technical artifacts.®'% Thus, the
ideal samples to include in a PON will share the same characteristics as the sample in which the

PZM discovery will be performed.
Molecularly validated benchmarking cohort

A subset of the ASD samples studied here have been previously assessed for PZM using ES.83-
8 We used the molecularly validated sites from these publications as a benchmarking set of 1,634
variant sites from 1,951 individuals across 506 families. These sites include true positive PZMs
(n=379) and true negatives, variant sites identified as PZM but validated to be either germline
(n=454) or false calls (n=801). We leveraged these molecularly validated sites to fine tune the
parameters for Mutect2, develop a random forest model to filter for high quality PZMs, and
compare the abilities of ES and GS to identify PZMs. To accomplish these goals, we ran Mutect2
on samples from the Simon’s Simplex Collection (SSC) cohort with validated PZM calls and

characterized sites that Mutect2 identified as PZM or not PZM.

PON optimization
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Mutect2 recommends that a minimum of 40 samples should be used to construct a PON.
However, studies have reported using PONs constructed from all samples except the one of
interest.%2195.1% To determine the ideal number of samples to include in PON creation that would
provide the best performance for our data, we tested several different sizes (50, 100, and 250) on
the molecularly validated benchmarking dataset. The three different panels were constructed from
unaffected siblings with GS from the same sequencing study as the target sample to ensure that
none were related to the samples included in the molecularly validated benchmarking cohort. We
then ran Mutect2 on the 1,952 samples three separate times, once with the 50 sample PON, the
100 sample PON, and again with the 250 sample PON. To assess PON performance, we
calculated and compared the resulting sensitivity, specificity, and positive predictive value (PPV)

to determine the optimal number of samples to use in PON creation.
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Figure 3.1 | PON size optimization.

We generated three different sized PONs, each created with a different
number of unaffected sibling samples: 50, 100, and 250. We evaluated
performance by running the molecularly validated benchmarking set
through Mutect2 three separate times on the 1,951 samples in this cohort
(5,853 runs total) and then compared the performance by calculating the
positive predictive value (PPV), sensitivity, and specificity across the 1,634
molecularly validated sites. The cost of generating each panel increased
with the number of samples: from $54.91 for 50, $108.25 for 100, and
$309.14 for 250.

PZM filtering

To reduce the number of PZMs directly output by Mutect2 run on 30X GS data (6-fold more than
literature-based estimates) and remove false positives, we developed a series of filters. "% First,
we limited our analyses to PZM below a fixed VAF threshold since there is a continuum of VAFs
approaching 0.5 (i.e., heterozygous germline variants). With deeper sequencing, it is possible to
further differentiate germline heterozygous variants from PZMs, but the coverage of GS used here
is restrictive. To determine the appropriate VAF threshold, we fit a logistic regression to the
Mutect2 PZM calls where molecularly validated PZMs were considered true positives. To identify

the VAF threshold that optimized sensitivity and specificity, we plotted an ROC curve using the
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pROC package in R and selected the VAF threshold (0.373) that optimized sensitivity and

specificity (Figure 3.2)."%
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Figure 3.2 | VAF threshold for GS PZMs identified with Mutect2.

We used the molecularly validated PZMs to identify a VAF threshold optimizing
sensitivity and specificity. This ROC curve was generated with the pROC
package in R and identified a VAF threshold of 0.373 to have the highest
combined values for sensitivity and specificity, represented by the intersection of
the dashed lines. AUC: Area under curve.

Additionally, we trained a random forest model with 100 estimators using 10-fold cross validation.
To train the model, we split the molecularly validated sites into a training set consisting of 211
PZM and 357 ‘not PZM’ (germline and false positive variants) and a testing set consisting of 48
PZM and 95 ‘not PZM." Each variant was represented by a feature vector consisting of 34
features, including VAF, quality control metrics, and genome features, among others (Resources;
Appendix B). We computed the true-positive, true-negative, false-positive, false-negative,
precision, and false-discovery rate for the model. Additionally, we used the scikit learn package

to find the mean accuracy, recall, and F1 score. The model achieved an F1 score of 1.0 and 0.85
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on training and test batches (mean accuracy: 0.9, precision: 0.85, FDR: 0.15, and a recall of 0.85

on the test data).

Application of Mutect2 in a cloud environment

All 28,349 GS cram files were located in Google Cloud Storage buckets. Mutect2 PZM calling,
downstream filtering, and analysis were performed using Terra, a web-based application that
enables scalable computation and improved organization of data in cloud storage.' Additionally,
Terra is a secure application that allows for the easy sharing of methods, which supports

reproducible analysis.

Briefly, we ran Mutect2 v4.4.0.0 in tumor-only mode, which included creating a PON and then
running Mutect2 on each sample against that PON. The results of PON analysis indicated size
did not have a large impact on performance but did increase cost (see Results). Therefore, to
minimize cost, PONs were constructed with 50 unrelated and unaffected samples from the same
cohort. Each ASD cohort was divided into batches of ~2,000 samples to run Mutect2, which meant
that each cohort had 2-7 PONs constructed (Table B.1). Within each cohort, samples were

randomly assigned to run against a PON with unrelated samples.

We began running Mutect2 on Terra following the publicly available GATK tutorial,'® but were
required to make several modifications: 1) update the version of Mutect2 (v4.4.0.0 at the time of
analysis), 2) increase memory arguments for CreateSomaticPanelOfNormals, which was hard-
coded and developed for use with ES files which are smaller and require less memory, 3) update
the reference files to use ChGR38, and 4) add extra arguments (e.g., multi-nucleotide variants,

memory, and others listed in Appendix B)."%

We identified PZMs in individuals with ASD (n=8,187) and their unaffected family members
(n=20,162) using Mutect2. Resulting single sample Mutect2 VCF files were annotated with cohort

allele frequency, GC content, low complexity regions, segmental duplications, simple repeats,
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and overlap with exome calling regions. Sites were then filtered to only those with PASS filter
status from Mutect2, sites classified as PZM by the random forest model, and indels were further
required to be smaller than 50bp. To remove PZMs with little read support, we filtered out any

PZM sites with a DP below 5 or VAF above 0.373.

Results

Assessments of Mutect2 against molecularly validated PZM

We leveraged a set of published molecularly validated PZMs identified from ES to develop a
random forest model for PZM filtration and to determine an appropriately sized PON for optimized
PZM identification and cost.8>% We tested PONs created with 50, 100, and 250 samples and
found that as panel size increased PPV decreased (Figure 3.1). Given the increased cost and
decreased performance, there was no benefit to using larger panel sizes so we created all 28
PONSs used in this study with 50 samples. We created multiple PONs for each cohort to ensure
none of the samples in the analysis were related to samples in the PON (so family specific variants
do not influence calling in that family) while also ensuring that the panel consists of samples of
similar age and sequencing type (Table B.1). Where possible, we used unrelated, unaffected
siblings from the same cohort. For cohorts without siblings, the PONs were constructed using

unaffected parents.

Table 3.2 | Mutect2 GS variant calls across molecularly validated
sites derived from four ES publications®3-86

Published Mutect2 PZM Not Mutect2 PZM
Validated germline or FP 360 895

Validated PZM 177 202

Total 537 1,097
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We used the molecularly validated benchmarking sites to compare PZMs identified in GS to those
from ES publications (Table 3.2).83%6 The 379 molecularly validated PZMs from ES fell into three
categories when assessed in GS data: Mutect2 successfully identified 46.7% as a PASS PZM
(n=177), Mutect2 detected the variant site but filtered out based on quality (22.4%; n=85), or
Mutect2 missed the call entirely (30.9%; n=116). We compared PZM VAFs between GS and ES
for the sites Mutect2 detected, both PASS PZMs and filtered variants. We found that published
ES VAF and Mutect2-generated GS VAF were highly correlated in both PZM sites identified by
Mutect2 and those Mutect2 filtered out due to quality (Figure 3.3). However not all molecularly
validated PZM were identified by Mutect2. Of the 116 validated PZM sites not detected by Mutect2
from GS, 37 variants (32%) were absent from GS read data when the cram was inspected
manually in IGV and an additional 78 variants (67%) had only one read supporting the alternate
allele, indicating these missed variants might have a lower VAF."®" We analyzed the ES VAF for
all validated PZM sites and found that the PZMs Mutect2 was able to identify from GS data has
significantly higher average ES VAF (0.20) than those that were filtered by Mutect2 (average
VAF=0.16; p=0.006; student’s t-test; Figure 3.3) and those Mutect2 failed to detect (average
VAF=0.11; p=3.068x102%; student’s t-test). Thus, from these data we can conclude that there is
a portion of low allele fraction PZMs that we will not be able to confidently identify with GS due to

lower sequencing coverage.

Additionally, Mutect2 misclassified 78.6% of sites that were molecularly validated as germline,
calling them PZMs. This further supported our analysis identifying an upper bound for VAF (0.373;
Methods) since Mutect2 is a highly sensitive algorithm, it also pulls in germline heterozygous
variants that deviate slightly from the 0.5 heterozygous VAF but are not PZMs. This, in
combination with the high number of PZM per individual (average 29,893.4 per individual),
indicated a need for additional filtration measures to reduce the overall number of PZM calls from

Mutect2 since most are false positives.
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Figure 3.3 | Comparison of published ES VAF from molecularly validated PZMs to VAF
generated by Mutect2 from GS.

(A) VAF from ES and GS in the same molecularly PZM are significantly correlated. R values from
Pearson’s correlation. (B) Mutect2 outcome for 379 molecularly validated PZMs compared to
published ES VAF. Sites missed by GS (n=117) had a significantly lower average VAF of 0.11
than those Mutect2 identified but filtered (n=85; average VAF=0.16; p=8.487x10"") and those that
Mutect successfully identified as PASS PZMs (n=177; average VAF=0.20; p=3.068x10%°). All p-
values generated using student's t-tests.

Filtering

We ran a random forest model trained using the Mutect2 calling results from 1,952 samples and
family members for which we have molecularly validated sites. Applying this model to the output
of Mutect2 reduces the average number of PZM per person by 94% (from 29,893.04 to 1,548.91).
Although this is a marked decrease, it is still higher than expected based on recent publications
that indicate the number of PZMs per individual from GS should be a few hundred for pediatric

cases.'’

Identification of PZMs in ASD samples and family members

After benchmarking Mutect2 PZM detection and filtration, we applied these methods to GS for all

28,349 ASD samples. PZM identification with Mutect2 and all analysis was performed in Terra.
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The average cost of creating a 50 sample PON was $56.00 (28 total PON were generated across
all cohorts) and Mutect2 cost, on average, $1.01 per sample (Tables B.1 and B.2). After applying
the random forest model as well as DP and VAF thresholds (5 and 0.373, respectively) we

identified an average of 295 variants per person in this benchmarking set (Figure 3.4).
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Figure 3.4 | PZM calls per person from GS in the benchmarking cohort.

The number of PZMs per person for 1,951 samples from 488 quartet ASD families. Horizontal bars
represent group means. (A) PZMs identified as PASS from Mutect?2 for each individual. (B) The number
of PZMs per person after filtering with random forest classifier, VAF < 0.373, and DP > 5.

When we applied these filters to the full ASD cohort, we identified a median of 439 PZMs per
person (Figure 3.5). Overall, we have optimized Mutect2 to run on large GS cohorts for PZM
identification and developed a model to filter the output and arrive at a dataset of PZMs per

person.
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Figure 3.5 | PZM SNVs and indels per person from GS of 28,393 individuals

The number of PZMs per person for 28,393 individuals from 7,807 families where at least
one individual (proband) has ASD. Horizontal bars represent group means and the y-axis
is on a logarithmic scale. PZMs included here were identified as PASS from Mutect2,
were classified as PZM after application of the random forest classifier, had a VAF lower
than 0.373, and DP greater than 5.

Discussion

This study has optimized methods and approaches to identify high-quality PZMs from 30X GS in
28,393 individuals with ASD and their family members, representing the largest such effort in the
field to date.®3% To date, most work on ASD SNV and indel PZMs has come from studies of ES
and high coverage (i.e., >100X) GS and there are few studies systematically identifying these
variants from standard, 30X GS.'% Recent studies demonstrate that the diagnostic yield of GS is
higher than other diagnostic sequencing approaches (i.e., gene panels, ES) due to its ability to
capture classes of variation that are intractable to other technologies (e.g., non-coding variants,
SVs). Since most large-scale research studies have already generated standard coverage GS
data and it is the most likely sequencing coverage to get incorporated into clinical care, we want
to fully utilize this technology and identify all potential diagnostic variants, including PZMs which

are not systematically identified as part of diagnostic testing, but are known to contribute to
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disease.””7987-% Thys, we can leverage existing GS data to characterize PZMs and determine
how they add to the diagnostic yield of the technology. Here we present a dataset of PZM SNVs

and indels to enable such analyses.

Using molecularly validated PZM calls assembled from the previous ES publications,?3-% we
established an upper bound for VAF that removed false positive PZMs that were incorrectly
identified by Mutect2 as passing quality and we were able to keep this consistent across all
cohorts since every sample had 30X sequencing coverage. Additionally, we confirm that
molecularly validated PZMs undetected by Mutect2 from GS had a significantly lower VAF in ES
than those PZMs Mutect2 was able to detect from GS, indicating GS will not detect the lowest
fraction PZMs. These published, molecularly validated sites allowed us to conduct benchmarking
of Mutect2 for detecting PZMs and develop a filtering scheme to remove spurious calls identified

by this very sensitive variant caller.

Using these methods, we established a callset of SNV and indel PZMs from existing GS
sequences for 28,393 individuals across 7,807 families where at least one individual was
diagnosed with ASD (n=8,187). Our analyses suggest that individuals in this cohort harbor a
median of 439 PZMs detectable by short-read GS at VAF up to 37.3%. With these data, a future
analytic goal for the field will be to identify pathogenic and likely pathogenic PZMs in genes
associated with ASD and other developmental disorders.®'*° This will help us understand the
frequency of putatively diagnostic PZMs in individuals with ASD and allow us to fully utilize GS, a
common and increasing sequencing tech, to further its diagnostic capabilities. Additionally, we
have an opportunity to identify deleterious mutations that wouldn’t be seen as germline variants
(i.e., they are not compatible with life) and can arise as PZMs, but have a narrow developmental
window to arise and confer a phenotypic effect without lethality.”>'8' This PZM dataset can also
be analyzed in conjunction with germline SNVs and indels that have been previously generated

for these samples. This will allow us to identify PZMs misclassified as de novo germline variants

56



and determine if germline de novo variants shared between siblings could be the result of parental

germ cell mosaicism.

A major benefit of GS is the ability to capture a spectrum of variation inaccessible to any other
single technology (e.g., single exon CNVs, balanced chromosomal rearrangements, non-coding
sequence variants). The next step in PZM analysis of these ASD genomes is to identify PZM SVs.
GATK-SV, an ensemble tool for identifying germline SVs from GS, has a preliminary mosaic
module that has previously identified mosaic PZM SVs from ASD GS, but has not yet been applied
to genomes at this scale.®*% Analyzing PZM SVs would identify potential novel or diagnostic
variation and could be combined with SNV and indel PZMs to learn more about genome biology

by observing mutational trends across regions in the genome.

VAF, tissue, sequencing technology, and depth of coverage influence the detection of different
classes of PZMs 83-86:8991-93 pP7Msg acquired during embryogenesis or early in development are
thought to have the largest phenotypic impact and are most likely to be found in multiple
tissues.’®'2% This study utilizes GS from clinically accessible tissues to identify PZMs in
individuals with ASD and their family members. While PZM identification from the brain is
desirable since it is the clinically relevant tissue for neurodevelopmental disorders, ASD brain
samples are limited. The collection of samples to study ASD in the brain has grown, but it is still
only on the order of a couple thousand and dwarfed by the tens of thousands of available
sequences from clinically accessible tissues (e.g., blood, saliva) of individuals with ASD and their
family members.'%2:8%.18% From prior chromosomal microarray, exome sequencing (ES), and GS
studies, we know PZMs identified from non-brain tissues also contribute to ASD."9:83-86.91.103.185
Although PZMs shared by other tissues are also discoverable in blood, some PZMs can be
confined to the brain.’®2%" These brain-specific PZMs could contribute to ASD phenotypes, but

would not be identifiable in this dataset or in a clinical diagnostic setting.
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Furthermore, standard ES is twice the depth of coverage of 30X GS and, although the ES cohorts
have been much smaller than the one presented in this study, we know that sequencing depth
has a significant impact on the VAF of PZMs that can be captured.'® The higher coverage of these
studies allowed them to detect PZMs at a lower VAF than possible with the standard coverage
GS used here. Although there are limitations to the PZMs discoverable from this dataset, it will

enable biologically informative analyses of variation contributing to ASD.

In summary, PZMs contribute to ASD, but have not been well characterized from standard
coverage GS. This work represents the largest study of PZM SNVs and indels from 30X GS in
individuals with ASD and their family members. We present this dataset as a resource for future
analyses to advance the identification, analysis, and interpretation of diagnostic PZM in ASD from
short-read GS, thus furthering the understanding of the utility of standard GS in diagnostic

sequencing.

Resources

GATK Mutect2 Tutorial: https://app.terra.bio/#workspaces/help-gatk/Somatic-SNVs-Indels-

GATK4

Random Forest: https://github.com/talkowski-lab/pzm/blob/main/src/pzm tools/README.md

Genome references: https://gatk.broadinstitute.org/hc/en-us/articles/36003589081 1-Resource-

bundle

Author Contributions

Study design: M.E.T., H.B., E.V., and C.L.
Computational code and analysis: E.V., V.J., A.H., E.P-H., and J.F.
Figure and table generation: E.V.

Manuscript writing: E.V.

58


https://app.terra.bio/#workspaces/help-gatk/Somatic-SNVs-Indels-GATK4
https://app.terra.bio/#workspaces/help-gatk/Somatic-SNVs-Indels-GATK4
https://github.com/talkowski-lab/pzm/blob/main/src/pzm_tools/README.md
https://gatk.broadinstitute.org/hc/en-us/articles/360035890811-Resource-bundle
https://gatk.broadinstitute.org/hc/en-us/articles/360035890811-Resource-bundle

Chapter 4 | Discussion

59



Overview

The goal of this thesis was to evaluate the diagnostic power of GS in individuals with early
developmental disorders, specifically ASD and FSAs. While GS has been used frequently in
research studies of pediatric disease, it is not commonly used as a clinical test due to a lack of
uniform benchmarking against standard-of-care tests. This work is the first step in generating the
evidence needed to consider offering GS as a diagnostic sequencing test. We evaluated the
application of GS as a diagnostic test in ASD and FSAs by comparing its overall diagnostic yield
against that of current standard-of-care tests (karyotype, CMA, and ES). We developed a
framework to detect SNVs, indels, CNVs (including aneuploidies), inversions, insertions,
translocations, complex rearrangements, and STRs from short-read GS using a suite of variant
detection tools. Then, we applied standardized variant interpretation guidelines to identify
diagnostic (pathogenic or likely pathogenic) variants in affected individuals. This analytic process
identified a diagnostic variant in 7.8% of individuals with ASD, a greater overall yield than any
single test as CMA and ES identified diagnostic variants in just 4.3% and 2.7% of individuals,
respectively. Although not common in clinical practice, when CNVs were also identified from ES,
the diagnostic yield of ES increased to 7.4%, suggesting that ES with CNV calling could be the
most cost-effective approach for diagnosis today. No single technology surpassed the overall
yield of GS in individuals with ASD and GS provided a 0.4% increased diagnostic yield above
their combination, corresponding to seven unique P/LP variants. In FSAs, we determined GS
provided a 0.8% added diagnostic yield beyond the combination of karyotype, CMA, and ES. This
increased yield was attributed to two fetuses with GS unique variants. Overall, we demonstrate
that GS is a superior diagnostic test for the assessment of ASD and FSAs, outperforming both
individual standard-of-care tests as well as their combination. Additionally, GS holds potential to
further increase diagnostic yield as interpretation of variants unique to this technology improves

with advances in functional annotation. This work was initially made available as a preprint in
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2020 and was the largest assessment of GS for clinical diagnostics when published in the

September 2023 issue of The American Journal of Human Genetics."%42%2

Beyond the germline variants assessed in our previous study, recent work has also shown that
PZMs contribute to ASD, but PZM detection is not well benchmarked in standard 30x short-read
GS data, which we have previously shown has higher diagnostic power than any current standard-
of-care test and is likely to become a first-tier diagnostic approach for many diseases over the
coming years. We thus optimized methods to generate PZM callsets and perform routine filtering
of these variants for interpretation in genetic research and diagnostic studies. As a proof-of-
principle, we generated a callset of SNV and indel PZMs from existing GS sequences for 28,393
individuals across 7,807 families where at least one individual was diagnosed with ASD (n=8,187
individuals with ASD). From this dataset, we identified a median of 439 PZM SNVs and indels per
person across all samples. Despite the power of this dataset and its implication for PZM studies,
this call set still represents only a fraction of the PZMs harbored in each individual as VAF, tissue,
sequencing technology, and depth of coverage all impact PZM discovery.83-86.8991-83  Degpite
these limitations, we can leverage existing GS data to characterize PZMs and determine how they
add to the diagnostic yield of the technology. We present this resource to enable future

identification, analysis, and interpretation of diagnostic PZMs from GS.

Significance

Our results support previous studies demonstrating that GS provides better sequencing coverage
than ES in coding regions and indicates that GS can identify more pathogenic SNVs and indels
than other technologies before even considering the non-coding genome.?*® Across both ASD
and FSA phenotypes, we identified nine GS unique diagnostic variants: two sequence variants in
exons not captured by ES and seven SVs that were either inaccessible to existing standard-of-

care tests or had increased resolution in GS with changed variant classification. The GS unique
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diagnosis we captured in DYNC2H1 in an FSA case illustrates another benefit of GS: the ability
to identify compound heterozygous pairs across variant classes. Without GS, this analysis would
require combining heterozygous variants identified by different technologies, which is not
systematically conducted in diagnostic laboratories. Since GS identifies a broad spectrum of
variant classes, we can conduct a more robust analysis of this inheritance mode which has been
recently shown to impact common disease in addition to Mendelian.?* The unique SVs we
identified included balanced chromosomal rearrangements, complex SVs, single exon in-frame
deletions, and mobile element insertions. No other technology we evaluated captured these
classes of variation, either missing them entirely or not providing the resolution possible with GS.
ES can detect CNVs when appropriate algorithms are applied and this brings the diagnostic yield
close to GS, but there is still room for improvement in detecting single exon CNVs since they have
a very high false positive rate. An important outcome of this work was identifying several ways

that the diagnostic yield of GS could be increased.

In the interest of utilizing GS to its full diagnostic potential, we also explored the detection of PZMs
from 30X coverage GS. This sequencing is standard in ASD research and, in our assessment,
should get incorporated into clinical practice. Although PZMs contribute to ASD, they have not
been identified or benchmarked at scale from standard GS. Previous ES studies estimate that
PZMs contribute to the genetic risk of ASD in 3-5% of families. However, these studies only
identify SNV and indel PZMs in the coding regions of the genome and they disagree about how
often PZMs are misclassified as germline de novo variants (ranging from 5.4%-22% across
studies).®-% The PZM SNV and indel dataset derived from GS that we present in this thesis is a
resource that can be used to conduct similar analyses (detailed in Future Directions) that will

contribute to both the diagnostic utility of GS and the understanding of ASD genetic architecture.
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Limitations and opportunities in the field

Although research studies have generated interest in moving to GS for clinical diagnostics, there
are still gaps in the understanding of germline variation and its implications for disease.® Despite
robust examples of GS-unique variants that are pathogenic (e.g., non-coding SNVs),® predicting
their functional and clinical impact genome-wide remains challenging. Recent clinical
interpretation guidelines have included CNVs, but many other classes of SV are missing the same
detailed interpretation protocols, especially considering recent population studies are now
routinely detecting these variants.*®°° For example, we identified a unique diagnosis in a proband
with ASD that was attributed to a large, complex SV that required GS resolution to assemble the
individual events into a single rearrangement. The current guidance on interpreting complex SVs
recommends assessing each CNV segment individually, but with GS we are able to interpret
those segments as part of a larger event, thus we argue that the whole rearrangement should be
evaluated when considering the number of genes impacted. Thus, these and other variant
interpretation recommendations could benefit from including complex SVs and other variants
captured by GS that are below the resolution of other sequencing technologies. As GS-unique
variants are increasingly identified during routine diagnostic testing, strategies to predict their

functional impact will be needed.

Current clinical interpretation guidelines for sequence variants recognize that recommendations
need to be developed to interpret PZMs but offer very little practical advice on how to approach
this task. To date, the only guidelines for PZMs are for variants in a set of four genes in the mTOR
pathway or somatic variants related to cancer predisposition which state that de novo mutations
should be properly validated in affected and related individuals.®2°5-27 As with germline variants,
the severity of a disorder attributed to a PZM is dependent on the predicted functional
consequence (which is well covered by current interpretation guidelines), but factors that are

unique to PZMs interpretation, such as VAF and that tissue source, have not been given
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weight.'9738 Providing a standardized, quantitative methodology for these factors will significantly

improve PZM interpretation, as it has for germline variant classification.

Future Directions

The PZM dataset that we have generated will facilitate future analyses aimed at identifying
pathogenic and likely pathogenic PZMs in genes associated with ASD and developmental
disorders. This will help further understand the frequency of putatively diagnostic PZMs in ASD
cases and allow us to fully harness the power of GS for diagnostics. In addition to identifying
pathogenic and likely pathogenic PZMs in genes associated with developmental disorders,® 49
we also have an opportunity to identify novel mutations that are not compatible with life, but can
arise as PZMs without lethality.”>'8! By analyzing this PZM dataset in conjunction with germline
SNVs and indels that have previously been generated for these samples, we can identify PZMs
that were misclassified as de novo germline variants and also examine shared germline de novo
variants between siblings that would indicate parental germ cell mosaicism. Although most
genetic risk for ASD results from common variants, de novo variants typically have a large effect
size and can contribute significant disease risk on an individual level. Thus, correctly classifying

variants as PZMs or de novo is critical as it can alter family counseling about disease recurrence
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While this work represents a significant step forward for the field, our PZM study did not include
other classes of genetic variants that are uniquely identified by GS. %° A major benefit of GS is the
ability to capture a wide spectrum of variation inaccessible to other technologies, including SVs
(e.g., single exon CNVs, balanced chromosomal rearrangements). A next step for this work would
be to identify PZM SVs in the ASD genomes. To date, the largest study that has characterized
PZM SVs in ASD cases (n=12,077 probands and n=5,500 unaffected siblings) was generated

from CMA data.®! Although limited to CNVs, this analysis identified an enrichment of PZMs in
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probands compared to unaffected siblings, as well as demonstrated that CNV size correlated with
phenotypic severity. This work provides strong rationale for the analysis of further classes of PZM
SVs. In terms of PZM SV identification from GS, an ensemble SV detection tool called GATK-SV
has a preliminary mosaic module that has previously identified mosaic SV PZMs from ASD
probands from 519 quartet families (n=2,076), but has not yet been scaled to the sample sizes
examined in this thesis.?*% This tool was previously applied to a subset of the ASD cases in our
large cohort and identified 13 SVs in ASD probands and siblings that met allele copy number
thresholds for PZMs. Moreover, 23 germline SVs that were initially identified as de novo were
eventually reclassified because this tool identified the variant as mosaic in the parental germline. %
This indicates that PZM SVs can be discovered from standard GS and that we should identify
over ten-fold more than this initial study if it were to be applied to our larger set of ASD genomes.
Further, analyzing PZM SVs could potentially identify novel or diagnostic variation to complement

our study of germline diagnostic variants from GS.

Our diagnostic analyses use short-read GS, but recent studies have increasingly focused on
evaluating long-read GS as a diagnostic tool for undiagnosed individuals with rare genetic
disorders or in critically ill patients.?%-2%° This emerging technology demonstrates similar detection
of SNVs and indels when compared to short-read GS, but provides improvements in SV calling,
particularly the identification of novel variants in repetitive regions of the genome. Furthermore,
long-read GS has the ability to resolve haplotypes across diverse populations, which is important
when assessing disease across population ancestries'”21%2"" These improvements in variant
calling are encouraging, but it remains difficult to interpret the functional impact of variants unique
to this technology due to limited population information that has been generated to date.?'
Additionally, depending on the type of sequencing, long-read GS is 5- to 12-fold more costly than
short-read GS, which is still prohibitively expensive for clinical implementation.” Although long-

read GS provides promise in terms of variant detection, more benchmarking and functional
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interpretation is required before recommendations for it becoming a routine diagnostic test are

warranted.

Current prenatal diagnostic testing, including for FSAs, requires obtaining a fetal DNA sample
through invasive procedures, such as chorionic villus sampling or amniocentesis,?'2'* which
each carry a 0.35%-1.4% risk of fetal loss.?'>2'% |t is possible to distinguish the fetal and maternal
genomes from cell free fetal DNA (cffDNA) circulating in maternal plasma and robustly identify
the full spectrum of fetal genetic variation.?'® However, the fetal sequence can be difficult to
distinguish as it represents only a small fraction of total DNA during early pregnancy, a ratio that
increases with gestational age.?'”?'8 Thus, fetal germline DNA can appear similarly to PZMs in
this regard. Current cffDNA methods have effectively identified fetal sex,?'%2"® chromosomal
aberrations,?'7229-227 and monogenic disease variants.??® CffDNA-based aneuploidy screening is

commonly available and has higher sensitivity and specificity than CMA.%29230

There is promise that non-invasive prenatal testing from early in pregnancy may become
routine,?®' yet existing methods are not yet considered diagnostic, and any genetic abnormalities
detected require confirmation via the invasive sampling procedures described above.??® Non-
invasive prenatal screening using cffDNA is a natural extension of the two projects discussed
here. Detection of fetal variation from maternal blood is similar to low allele fraction in PZM
detection, suggesting that the benchmarking performed in this thesis may give insight into the
feasibility of using non-invasive prenatal GS as a comprehensive replacement for invasive
procedures that carry risk of fetal loss. Recent research presents evidence ES could provide both
fetal screening and maternal carrier information from a single test using Mutect2, the same variant
caller used in the PZM work we present in this thesis.?*" These similarities, alongside our results
demonstrating that GS is the best performing diagnostic test, indicate there could be value to also

exploring GS as a noninvasive prenatal test.
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Barriers to incorporating GS in the clinic

Although outside the scope of this study, it is important to consider factors that might prevent
equitable access to GS. Storing GS data long-term is required to make variant reassessment
possible. GS produces large files that can each cost over $300 to store over a ten year period on
non-archival cloud storage, a twenty-fold cost increase compared to storing ES.?%? Although
storage cost is more expensive, clinical GS in individuals with undiagnosed rare diseases has
indicated sequencing cost is comparable, but using GS resulted in lower costs for overall care
(e.g., hospital stay) when compared to standard-of-care diagnostic tests.'®® An additional barrier
to the equitable adoption of GS in clinical diagnostics is that genetic ancestry impacts diagnostic
yield, identifying fewer diagnoses and more VUSs in individuals from Black/African American
population groups compared to those that self-report as White/European American or
Hispanic/Latino which is likely due to an underrepresentation of Black/African American genomes
in population and variant curation databases.?*® Thus, benefits from GS are not yet equitable
across ancestry groups and more diverse research studies are required to bridge this diagnostic
gap. These ethical concerns are important to prevent clinical implementation of GS from

increasing health disparities.

Final Thoughts

GS has transformed our understanding of human genetic variation and has impacted the
discovery of variants that influence specific phenotypes and disease risk. The work presented in
this thesis sought to evaluate the clinical diagnostic potential of short-read GS. We examined its
effectiveness as a diagnostic tool for individuals with ASD and FSAs, identifying the pathogenic
variants it detects and comparing its diagnostic yield against current clinical standard-of-care
tests. Our findings demonstrate that GS surpasses both individual conventional tests and their

combined yield. Moreover, GS holds promise for further improving diagnostic yield as we refine
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the interpretation of variants that are uniquely identified by this technology through
advancements in annotation. Furthermore, leveraging existing GS data, we identified PZMs in a
large cohort of 28,349 ASD cases and their family members. This dataset serves as a
foundational dataset for future analyses to identify and interpret diagnostic PZMs from GS.
Collectively, our results highlight the immediate potential of GS as a first-tier diagnostic test for
ASD and FSAs. They also justify continued exploration into the role of postzygotic mutations in

the genetic underpinnings of these early developmental disorders.
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Appendix A | Supplementary materials for Systematic evaluation of genome
sequencing (GS) for the diagnostic assessment of autism spectrum disorder and

fetal structural anomalies

The material presented here was published in the September 2023 issue of the American Journal

of Human Genetics. All supplemental tables are available in the online publication. %
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Participant ascertainment

We ascertained 295 fetuses with a structural anomaly detected by ultrasound for inclusion in this
study. Recruitment and phenotyping protocols for the fetuses have been previously
published.'>14128 We also included 1,612 deeply phenotyped quartet families ascertained from
the Simons Simplex Collection in this study.?*9519” As previously described,?® each family included
two unaffected parents, one unaffected sibling, and an affected proband with autism spectrum
disorder (ASD). All affected probands underwent a battery of diagnostic tests, including the
Autism Diagnostic Observation Schedule (ADOS) and the Autism Diagnostic Interview-Revised
(ADI-R) to confirm the ASD diagnosis, as well as detailed evaluations of intellectual/cognitive
functioning, adaptive behavior, physical/dysmorphic features, developmental milestones, medical
comorbidities, and family history. Multiple assessment measures were performed in the parents
and siblings to exclude the presence of ASD symptoms (https://www.sfari.org/resources/ssc-
instruments/).* All 7,195 individuals underwent paired-end genome sequencing (GS) to a mean

target coverage of 30X (see Tables A.1, A.2, and A.7 for specific sequencing metrics).
Genome sequencing and sample-level QC

To confirm sample relatedness we performed a kinship inference analysis with KING?*
(http://people.virginia.edu/~wc9c/KING) using the GS data after restricting to single nucleotide
polymorphisms (SNPs) with an alternate allele frequency (AF) >5% in gnomAD (Figure A.2)."*3 In
parallel, we also predicted genetic sex using two independent approaches: first, we used PLINK
to infer sex based on sex chromosome genotypes.”' Second, we used GATK-SV to calculate
copy number estimates for each chromosome per sample, which permitted inference of genetic
sex as well as the identification of chromosomal aneuploidies. We compared the predicted sex
for each individual between both methods and observed high concordance (Figure A.3). Using

the relatedness and sex results we resolved discrepancies in family structures deviating from the
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expected relatedness metrics for parent-child (IBSO < 0.005 and kinship coefficient > 0.2) and

sibling relationships (IBS0 > 0.005 and kinship coefficient > 0.2; Figure A.2).

We also confirmed cross-technology sample relatedness to assure comparisons were performed
on the same 6,448 individuals from the 1,612 ASD quartet families. This was accomplished by
restricting the exome sequencing (ES) and GS VCFs to high-quality common SNPs from Purcell
et al. 201423 that were lifted over to GRCh38/hg38 and limited to 5,862 SNPs common to both
ES and GS. Samples were renamed based on their technology of origin and were merged into a
single cross-technology ASD VCF for relatedness analysis with KING.?3* ES and GS samples
with a kinship coefficient > 0.45 were considered to be identical samples. Finally, we used the

confirmed sample metadata from the GS and ES comparisons to identify matching CMA data.'®
Genome sequencing analysis framework

We developed a GS analytic framework to discover, filter, and interpret nine different classes of
variation that are described in detail below and summarized in Figure 2.1. The aim of this pipeline
was to retain as many pathogenic or likely pathogenic (P/LP) variants as possible while reducing
the total number of variants requiring manual review. The same GS analysis pipeline was applied
to both the ASD and fetal anomaly cohorts with only modifications to the phenotype-specific gene

list used.
1.0. Variant discovery
1.1. Sequence variants (GATK)

As previously described,®®'%” the ASD GS data was generated from PCR-free libraries and
processed using the Center for Common Disease Genomics functional equivalence pipelines
(https://github.com/CCDG/Pipeline-Standardization) and following the Genome Analysis Toolkit
(GATK) Best Practices Workflows for sequence variant, single nucleotide variant (SNV) and small

insertion/deletion (indel), discovery (https://gatk.broadinstitute.org/hc/en-
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us/sections/360007226651-Best-Practices-Workflows).'3%23¢ Briefly, this included aligning the
raw FASTQ reads to the hg38/GRCh38 human reference genome using BWA-mem 0.7.15,2%
sorting and removing duplicate reads with Picard 2.4.1. (http://broadinstitute.github.io/picard/),
performing base quality score recalibration, indel realignment, generating single sample gVCFs
with GATK HaplotypeCaller 3.5-0,'*° merging single sample gVCFs into batch specific VCFs
(ranging in size from 40 to 588 quartets),'"” joint-calling the merged VCFs, and performing Variant
Quality Score Recalibration (VQSR). The aligned CRAM and gVCF files were transferred to the
Amazon Web Services (AWS) S3 storage system and can be accessed with permission from the

Simons Foundation Autism Research Initiative (https://www.sfari.org/resource/sfari-base/).

The GS data from the fetal structural anomaly cohort was generated at the Broad Institute
Genomics Platform. After sequencing, individual FASTQ files were transferred to a Google Cloud
bucket for storage. All GS data pre-processing and sequence variant discovery was performed
using the GATK Best Practices Workflows on the Terra platform (https://terra.bio/).?%® Sequence

variant calling followed the same steps described above for ASD.
1.2. Structural Variants (GATK-SV)

Structural variant (SV) discovery and genotyping was performed with GATK-SV, which was
deployed on the cloud-enabled and freely available Terra platform (https://terra.bio/). The code
for GATK-SV is publicly available at https://github.com/broadinstitute/gatk-sv. All individuals were
grouped into batches based on: 1) their dosage bias score (a metric that quantifies the non-
uniformity of coverage for a given GS sample),® sex, family status, PCR status, and cohort
assignment. The ASD cohort included batches comprising 200-400 samples each, and the fetal
structural anomaly cohort included one batch of PCR plus (n=186) and two batches of PCR free
(n=346 each) samples, respectively. All families were kept intact during batching. All 7,195
individuals were analyzed with six SV discovery algorithms, including three paired-end/split-read

algorithms (Manta v.1.4.0, Smoove v.0.2.3 [https://github.com/brentp/smoove], and WHAM-
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GRAPHENING v.1.7.0),32133136.23% two read-depth algorithms (GATK-gCNV and cnMOPS
v.1.12.0),"35137.1% and one mobile element insertion algorithm, MELT v.2.0.5."3* SV discovery
generated six algorithm-specific VCFs per individual that were used as input for GATK-SV, which
was run in cohort mode. The GATK-SV pipeline is organized into modules that harmonize
predicted SVs across all input algorithms, reduce false positives, resolve overlapping SVs with
disparate copy number, identify complex variants (e.g., inversions flanked by one or more copy
number variants [CNVs]),'®240 and provide cohort-wide SV genotypes and quality metrics
available for post hoc filtering. GATK-SV produced a cohort-wide SV VCF for the ASD and fetal
anomaly cohorts, respectively, that was used as input for all downstream analyses. Further details

on the GATK-SV methods can be found in Collins et al. 2020.%°
1.3. Short tandem repeats (Expansion Hunter)

We identified short tandem repeat (STR) expansions across 18 loci that were selected from the
gnomAD disease-associated STR catalog (https://github.com/broadinstitute/str-
analysis/tree/main/str_analysis/variant_catalogs) based on conferring an early-onset
developmental disorder phenotype (Table A.8). STR expansions were genotyped using
Expansion Hunter v5.0.0 across 6,435/6,448 individuals from the ASD quartet families (n=9 ASD
probands with a sex chromosomal abnormality were removed as well as one quartet family that
revoked consent after all other analyses were completed). We also applied Expansion Hunter to
all 249 pre-screened fetal anomaly trios (n=747 individuals in total). Overall, Expansion Hunter
identified 115,821 and 13,443 STR calls in the ASD and fetal structural anomaly cohort,
respectively. Of these, 206 (0.18%; ASD) and 29 (0.22%; fetal structural anomaly) surpassed the

literature-derived pathogenic repeat unit length and were visually assessed using REViewer.?*!

2.0. Variant filtering

2.1. Variant QC
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After variant discovery, we applied quality control (QC) filters intended to maximize sensitivity for
candidate P/LP variants while removing false variant calls. For SVs, this included removing
variants with a GATK-SV QUAL score < 1 and multiallelic copy number variants (CNVs). For
sequence variants, we removed multiallelic variants, variants with an allele balance (AB) < 0.15
in the case of interest, indels > 50bp, and variants where the sum of the reference and alternate
allele depth (AD) was < 5 in any family member. We also removed SNVs that did not pass GATK
VQSR. We also manually visualized read support for each candidate pathogenic STR expansion
(n=235 across both cohorts) using REViewer,?*' which resulted in seven (five in the ASD cohort
and two in the fetal structural anomaly cohort) candidates requiring manual variant interpretation.
To reduce false positives, we applied additional quality control metrics to samples with outlier
variant counts, defined as any sample with a variant count (based on raw GATK haplotype caller
or individual SV algorithm output) above Q3 + 6*IQR. This definition resulted in relatively few SV
outlier samples (n=12 SV in the fetal structural anomaly cohort and none in the ASD cohort) and
sequence variant outliers (n=5 in the fetal structural anomaly cohort and n=1 in the ASD cohort).
To control the false positive rate in these outlier samples, we removed SVs present in >2 SV

outlier individuals and sequence variants with GQ <75.
2.2. Variant functional consequence

All variants (SNVs, indels, and SVs) were annotated for genic overlap and functional
consequences against GENCODE v.26 gene boundaries.'' SVs were annotated with GATK-SV,
and all SV predicted to be loss-of-function (LoF) or full gene copy gain were retained for further
filtering.%® LoF SVs were defined as a deletion overlapping coding sequence, an inversion, mobile
element insertion, complex SV, or translocation with one or more breakpoints disrupting coding
sequence, or an intragenic exonic duplication (a duplication that overlaps coding sequence with
both breakpoints contained within the same gene boundary). Full gene copy gains are defined as

duplications that fully overlap a gene boundary. In this context, coding sequence refers to the
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longest confirmed protein-coding isoform from GENCODE v26. Partial gene duplications, defined
as duplications with one breakpoint located outside the gene boundary and one within, were
excluded given their unknown functional impact.*® Sequence variants were annotated using
ANNOVAR,™? and any variants predicted to be stop-gain, stop-loss, frameshift insertion,
frameshift deletion, splicing (within 2 bp of a splice junction [SO:0001568]), or missense according
to RefSeq or Gencode annotations were retained for additional filtering. We further classified
missense variants into three tiers (described below) to identify those that are increasingly likely to
be functionally damaging and thus classified as P/LP (Tier 1 = most likely to be P/LP, and Tier 3
= |least likely to be P/LP). We removed missense variants classified as benign, likely benign, risk

factor, association, drug response, or protective in ClinVar from all tiers.
Tier 1 missense:
e Classified as P/LP in ClinVar
Tier 2 missense:
e C(Classified as P/LP in ClinVar or
e Any missense variant with a CADD score > 30
Tier 3 missense:
e C(Classified as P/LP in ClinVar or
e Any missense variant with a CADD score > 30 or

e Missense variants with a CADD score between 15 and 30 that was also located in a

missense constrained region?*?
2.3. Disease genes and genomic regions

To facilitate variant filtration, we computationally built a candidate disease gene list for the ASD

and fetal structural anomaly cohorts, respectively. The ASD gene list comprised 907 genes (Table
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A.4) broadly associated with neurodevelopmental disorders (NDDs), including 902 genes from

the DDG2P database™® classified as having a ‘confirmed’ or ‘probable’ association with

developmental disorders that conferred a brain/cognitive phenotype and 26 genes that were

significantly enriched for rare de novo protein truncating variants in ASD (n=21 genes overlapped

both lists).** To account for the variable phenotypes observed in the fetal anomaly cohort (Table

A.1), we compiled 2,535 developmental disorder genes (Table A.5) based on the union of eight

gene lists, described below:

1)

2)

3)

4)

6)

374 dominant developmental disorder genes from the DDG2P database (accessed July
29, 2019)'*° with a “confirmed” disease association and monoallelic, imprinted, mosaic, x-

linked dominant, and x-linked over-dominance modes of inheritance.

800 recessive developmental disorder genes from the DDG2P database’® with a

“confirmed” disease association and biallelic or hemizygous modes of inheritance.

93 genes that were significantly enriched for rare de novo variants in the Deciphering

Developmental Disorders study.?*

26 dominant genes significantly enriched for rare de novo protein-truncating variants in

ASD.3

358 genes from the Clinical Genome (ClinGen) Resource Dosage Sensitivity Map with
“some evidence for dosage pathogenicity” (haploinsufficiency/triplosensitivity score = 2)
or “sufficient evidence for dosage pathogenicity” (haploinsufficiency/triplosensitivity score
= 3) (downloaded July 29, 2019; hitps://www.clinicalgenome.org/curation-

activities/dosage-sensitivity/).

708 autosomal dominant and 1,182 recessive disease genes curated from the Online

Mendelian Inheritance in Man (OMIM) database.?4424°
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7) 217 recessive and dominant X-linked genes from OMIM (tables were accessed June 12,

2017).

8) 117 genes that have been robustly associated with fetal structural anomalies detectable
by ultrasound that were curated by the Prenatal Assessment of Genomes and Exomes

study.™

Each gene was classified as being associated with a disorder that had a dominant and/or
recessive pattern of inheritance based on existing annotations from DDG2P and OMIM. We
categorized the inheritance labels provided by DDG2P as recessive: biallelic, and hemizygous
and dominant: imprinted, monoallelic, mosaic, x-linked dominant, and x-linked over dominant.
When disease inheritance was not available for a gene (n=4 missing from DDG2P), variants in

that gene were retained under both dominant and recessive modes of inheritance.

We also compiled a list of 64 known genomic disorder (GD) loci to assess overlap with SVs in
both our cohorts. We took all of the known CNV syndromes located on the autosomes and
chromosome X from DECIPHER?*¢ and the haploinsufficient (HI) and triplosensitive (TS) regions
from the Clinical Genome (ClinGen) Resource Dosage Sensitivity Map if they had a HIl or TS
score = 2 (“sufficient evidence for dosage pathogenicity”). We removed any regions that were
only associated with late-onset conditions, resulting in 64 candidate regions (Table A.6). All SVs
that overlapped = 50% of a GD locus were retained for manual review. Following the most recent
guidelines for CNV interpretation,*® we also manually reviewed any rare (<1% frequency in the
genome aggregation database called gnomAD-SV)* deletion or duplication that overlapped = 25
or = 35 protein-coding genes, respectively, even if it did not overlap a disease gene or GD region
from our lists. Finally, we also retained all SVs that overlapped one of 17 non-coding loci known
to confer pathogenic long-range position effects (LRPEs; Table A.7). To define the non-coding

search space, we used topologically-associated domain (TAD) boundaries from the IMR90 fetal
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fibroblast cell line,?*” which have been previously shown to be associated with pathogenic LRPEs

if disrupted, 168170248249 that contained each LRPE target gene.
2.4. Inheritance

We filtered variants under the five inheritance modes described below. For the ASD quartets, the
unaffected sibling and both parents were treated as independent trios during inheritance filtering.
We applied more stringent missense variant filters (tiers described in the variant functional
consequence section of Appendix A) to rare inherited and compound heterozygous variants as
these two categories of variants have not been shown to substantially contribute to the etiology
of ASD or fetal structural anomalies.'®'43+150 The specific functional consequence considered for

each inheritance type are as follows:
Dominant disease genes:
e De novo
o AllLoF
o Missense Tier 3
e Rare inherited
o AllLoF
o Missense Tier 1
Recessive disease genes:
e Homozygous
o AllLoF
o Missense Tier 3

e X-linked recessive
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o AllLoF
o Missense Tier 3
e Compound heterozygous
o Atleast one variant in the pair had to be LoF or Tier 2 missense

The identification of compound heterozygous variants comprised three steps, including: 1)
compiling heterozygous SNVs, indels, and LoF SVs located in the same recessive disease gene,
2) annotating each variant with inheritance status, and 3) retaining only the instances where
individuals had more than one variant in a recessive disease gene with disparate inheritance
patterns (e.g., one maternally inherited, one de novo). We required that at least one variant per
compound heterozygous grouping be inherited from a parent due to the lack of phasing
information from short-read GS and the high probability that at least one of the de novo events

would be a false-positive or both would occur in cis.
2.5. Allele frequency

All variants (SNVs, indels, and SVs) meeting the above thresholds were retained if they had an
alternate allele frequency (AF) <1% for dominant disease genes or regions and <5% for recessive
disease genes. For sequence variants, this threshold was based on the maximum AF across
gnomAD genomes, gnomAD exomes, EXAC, 1000 genomes, and the parental samples for each
cohort.»2'3 SV AF was calculated based on the frequency of the event in gnomad-SV.%° Given
that some GDs can occur at an appreciable frequency in disease cohorts,?>° we did not apply any

AF cut-off when considering SV that overlapped =250% of a known GD locus.
3.0. Variant interpretation

Details describing the methods for manual variant curation are described in the methods of the

main text.
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Benchmarking the performance of GS against conventional tests
Filtering CMA data

As previously described,®>% SNP genotyping data was generated for the ASD cases using three
microarray platforms, the lllumina 1Mv1, 1Mv3, or Omni2.5. CNV calls for each individual were
identified using PennCNV, "% QuantiSNPv2.3,"5” and GNOSIS.'®® CNVs were filtered for rarity
based on overlap with CNVs from the Database of Genomic Variants (in GRCh36/hg18) and
overlap with CNVs from the ASD parents.'®25" All CNV coordinates were lifted over from
GRCh36/hg18 to GRCh38/hg38 and those classified as high-quality (CNV p-value [pCNV] < 1.0
X 10°)'% were filtered following the same steps outlined in the GS SV pipeline (Figure 2.1). There
were 14 variants detected by GS that were also detected by CMA but failed filtering because they
were not lifted over from hg18 to hg38 (n=6), failed the pCNV high-quality filter (n=5), or were
removed due to incorrect CNV coordinates that suggested the variant did not overlap coding
sequence (n=3; GS coordinates were used as truth). These variants were recovered and counted
towards the overall yield of CMA. We also removed one deletion from CMA manual review that
was identified to be rare by CMA but was found in 65 (2.0%) of our 3,224 ASD parents based on

GS, which was above our allele frequency threshold.
Filtering exome sequencing data

The ES data for the ASD cases was generated as part of a larger sequencing initiative and has
been extensively described.?*'% We realigned sequencing data from GRCh37/hg19 to
GRCh38/hg382” and applied the same filtering steps as those outlined in the GS filtering pipeline
(Figure 2.1) with minor modifications to account for differences in depth between ES and GS
(Figure A.5). These included increasing our AB and sum(AD) filters for de novo variants (both in

de novo dominant inheritance and as part of a compound heterozygous pair) to account for the
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higher ES coverage, increased rate of false positives, and potential for somatic variant detection.
The new thresholds (sum[AD] 210 and AB >0.25) were chosen based on retaining >95% of the

variants that were also detected by GS (Figure A.5).

To identify CNVs from ES data, we applied GATK-gCNV,'° a publicly available Bayesian model
for germline detection of CNVs. Briefly, this is a read-depth based tool that uses a negative-
binomial factor analysis to adjust for known and unknown biases of exome sequencing, while
modeling sample and genomic region copy number through a hierarchical hidden Markov model.
In this analysis, we jointly processed the 6,448 individuals from 1,612 ASD quartet families
described in this study with an additional 66,000 samples.? Samples were assigned to batches
based on 3D clustering of the first three principal components of coverage depth after normalizing
for average depth. The 72,448 samples were processed across 126 batches, with a median batch
size of 449 samples (min 136 and maximum 2,259). After raw calling with GATK-gCNV, we
applied our calibrated sample-level quality filters, resulting in 5.49% of the total samples being
removed. The GATK-gCNV quality score statistic (QS>400 for homozygous deletions, QS>100
for heterozygous deletions, and QS>50 for duplications) was applied to individual calls to extract
rare CNVs with predicted sensitivity and positive predictive value of >90%, which resulted in a
resolution of three exons or more. With these filtering metrics, the average ES sample harbored

1-2 rare high-quality CNVs.
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295 fetuses

14 fetuses referred for 281 trios with a fetal
advanced maternal age structural anomaly

|
! !

46 fetuses with positive 249 with negative SOC
SOC test result test result

| !
A ! !

15 from 20 from 12 from 218 negative

Karyotype CMA WES karyotype 31 nggtwe
and/or CMA
7 aneuploidies 13 DELs 14 SNVs 58 negative
8 BCRs 7 DUPs 4 indels WES

Figure A.1 | Fetal structural anomaly study design

Description of the 295 fetuses with GS included in this study, including the previous standard-of-care
diagnostic test results available for each fetus. SOC: Standard of care, CMA: chromosomal microarray, ES:
exome sequencing, BCR: balanced chromosomal rearrangement, SNV: single nucleotide variant, indel:
small insertion or deletion, Negative: no pathogenic or likely pathogenic variant identified, Positive:
pathogenic or likely pathogenic variant identified.
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Figure A.2 | Confirmation of sample relatedness using kinship values

Kinship values for GS were calculated using KING?? after restricting to SNVs with an alternate allele
frequency greater than 5% in gnomAD genomes.? Each point on the plot represents a related pair of
individuals, colored by relationship status. (A) Relatedness metrics for 6,448 individuals from the 1,612
ASD quartet families. (B) Relatedness metrics for 747 individuals from the 249 fetal anomaly trios.
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Figure A.3 | Sample sex QC

Confirmation of sample sex using single nucleotide polymorphism (SNP) and chromosomal read-depth
information from GS data. Sex was inferred two ways from GS data: 1) using the F value generated with
PLINK?* based on sex chromosome SNP genotypes, and 2) using read depth (dosage) scores® derived
from chrX and chrY. Each point represents a sample, colored by final sex used for analysis. (A) Sex metrics
for the 6,448 individuals from the 1,612 ASD quartet families. Cases with sex chromosomal abnormalities
(n=9) have been labeled. (B) Sex metrics for the 249 trios individuals from the fetal anomaly trios (n=747)
that were pre-screened with standard-of-care diagnostic tests and the 46 single benchmarking cases.
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Figure A.4 | Modified exome sequencing depth and allele balance thresholds

The plot displays the allele balance (AB) and sum allele depth (AD) for all 1,453 de novo SNVs and indels
detected from ES using the standard GS filters. Color indicates if the variant is unique to ES (blue; n=1,353)
or was found in both the ES and GS data (red; n=100). Shape indicates variant type (SNV or indel). The

dotted line represents the modified thresholds ultimately used for filtering the ES data before manual review:
AB > 0.25 and sum(AD) = 1.
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Figure A.5 | Two pathogenic sequence variants unique to GS in ASD probands

Alignment visualization for two de novo variants uniquely identified in GS alongside their raw read evidence
from ES. Images were generated using IGV. For each site, the ES and GS screenshots are shown side-
by-side. (A) A stopgain SNV in ANKRD11 in proband 13875.p1 that was absent from the ES VCF and has
low coverage in the ES CRAM files (B) A 44 bp insertion in SMARCA4 in 14482.p1 that was absent from
the ES VCF and shows no supporting evidence in ES CRAM files
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Appendix B | Supplementary materials for Identification and interpretation of

post-zygotic mutations in autism spectrum disorder from genome sequencing
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Mutect2 parameters

Example input json for identifying PZM from GS using Mutect2 v4.4.0.0 on Terra including
public references available through the Broad Institute.

{ "Mutect2.CalculateContamination.intervals":"gs://gcp-public-data--broad-
references/hg38/v0/sv-resources/resources/v1/hg38 primary_contigs.bed",
"Mutect2.M2.mem":"6",
"Mutect2.compress_vcfs":"true",
"Mutect2.emergency_extra_disk":"15",
"Mutect2.gatk_docker":"broadinstitute/gatk:4.4.0.0",
"Mutect2.gcs_project for_requester_pays":"gs://gatk-best-practices/somatic-hg38/af-
only-gnomad.hg38.vcf.gz.tbi",

"Mutect2.gnomad":"gs://gatk-best-practices/somatic-hg38/af-only-gnomad.hg38.vcf.gz",

"Mutect2.gnomad_idx":"${workspace.gnomad_index}",
"Mutect2.intervals":"gs://gcp-public-data--broad-references/hg38/v0/sv-
resources/resources/v1/hg38_primary_contigs.bed",

"Mutect2.m2_extra_args":"--downsampling-stride 20 --max-reads-per-alignment-start 6 --

max-suspicious-reads-per-alignment-start 6 --max-mnp-distance 0 ",
"Mutect2.pon":"${pon_file}",
"Mutect2.pon_idx":"${pon_file_index}",
"Mutect2.ref_dict":"gs://genomics-public-
data/resources/broad/hg38/vO/Homo_sapiens_assembly38.dict",
"Mutect2.ref_fai":"gs://genomics-public-
data/resources/broad/hg38/v0/Homo_sapiens_assembly38.fasta.fai",
"Mutect2.ref_fasta":"gs://genomics-public-
data/resources/broad/hg38/vO/Homo_sapiens_assembly38.fasta",
"Mutect2.scatter_count":"50",
"Mutect2.small_task_mem":"8",
"Mutect2.tumor_reads":"${cram}",
"Mutect2.tumor_reads_index":"${cram_index}",
"Mutect2.variants_for_contamination":"gs://gatk-best-practices/somatic-
hg38/small_exac_common_3.hg38.vcf.gz",
"Mutect2.variants_for_contamination_idx":"gs://gatk-best-practices/somatic-
hg38/small_exac_common_3.hg38.vcf.gz.tbi"

}
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Training details for Random Forest

We trained a Random Forest to further differentiate PZM based on the following features of the
1,634 published molecularly validated sites. Features labeled as ref/alt were trained on both the
ref and alt alleles. More details can be found on the github page (https://github.com/talkowski-

lab/pzm/blob/main/src/pzm_tools/README.md).

Training Features:

1. Variant type (SNV or indel)

2. Phred-scaled quality that alt alleles are not germline variants (GERMQ)

3. Median base quality by allele (MBQ) [ref/alt]

4. Median fragment length by allele (MFRL) [ref/alt]

5. Median mapping quality by allele (MMQ) [ref/alt]

6. Median distance from end of read (MPOS)

7. Normalized, phred-scaled likelihoods for genotypes (PL)

8. Log 10 likelihood ratio score of variant existing or not (TLOD)

9. Cohort allele frequency (all_cohort_af)

10. Number of events in the haplotype (ECNT)

11. GC content

12. Cohort allele frequency for Mutect2 PASS variants (pass_cohort_AF)

13. gnomAD allele frequency (POPAF)

14. Number of times tandem repeat occurs (RPA) [ref/alt]

15. Variant is an STR

16. Phred-scaled quality that alternate alleles in STRs are not due to polymerase slippage
(STRQ)

17. Presence in following genomic regions:

a. RepeatMasker (RMCL)
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e.

Segmental Duplications (SegDUP)
Simple Repeats (SIMPLEREP)
Low complexity (LCR)

Exome calling (WESREG)

18. Allele depth (AD) [ref/alt]

19. Variant allele fraction (Allele fractions of alternate alleles)

20. Read depth (DP)

21. Count of fragments supporting each allele (FAD) [ref/alt]

22. Genotype quality (GQ)

23. Genotype phasing (GT)

24. Strand odds ratio (calculated from SB)
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Supplementary Tables

Table B.1 | Costs for running Mutect2 v4.4.0.0 CreateSomaticPanelOfNormals in Terra on
GRCh38 genome sequences. Each panel of hormals (PON) was constructed from 50
unrelated samples unaffected with ASD (siblings or parents). All costs are in USD. All costs

are in USD

Cohort PON construction # cohort PONs Total PON cost Avg pon
SPARK siblings 7 327.67 46.81
SSC siblings 5 257.22 51.44
SAGE parents or siblings 2 101.41 50.71
ACE2-GRU-DS siblings 2 136.97 68.49
KORSTAR parents or siblings 2 107.95 53.98
TASC parents or siblings 2 95.58 47.79
CAG parents 2 114.04 57.02
HMCA siblings 2 125.59 62.80
HFA parents or siblings 2 125.29 62.65
HISP parents or siblings 2 176.37 88.19
Total 28 1,568.09 56.00
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Table B.2 | Costs for running Mutect2 v4.4.0.0 in Terra on GRCh38 genome sequences from ASD
samples and family members. All costs are in USD.

Cohort Total Mutect2 cost Number of samples Mutect2 cost per sample
SPARK 13,093.18 12,503 1.05
SSC 8,867.77 9,192 0.96
SAGE 1,418.94 1,479 0.96
ACE2-GRU-DS 1,054.24 985 1.07
KORSTAR 998.79 976 1.02
TASC 868.55 905 0.96
CAG 690.72 731 0.94
HMCA 750.85 716 1.05
HFA 534.84 498 1.07
HISP 504.83 364 1.39
Total 28,782.71 28,349 1.02
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