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Computational approaches identify novel risk loci and interactions in heart defects

Maureen Pittman

ABSTRACT

Congenital heart defects (CHD) occur in nearly one percent of live births each year and
are the leading cause of defect-associated infant mortality. In spite of the growing size of
disease cohorts, the molecular underpinnings of most cases remain unexplained. Given its high
recurrence rate in families, we expect much of this contribution to be found within patient
genomes, but extensive genetic heterogeneity limits our ability to statistically confirm risk loci.
Previously-validated causal mutations occur in a wide range of genes that encode for proteins in
signaling and migration, chromatin remodelers that induce lineage specification, and
transcription factors regulating the expression of these genes. In order to identify cryptic risk
loci, my thesis has focused on creating novel computational approaches to overcome statistical
challenges and broaden our understanding of the mechanisms that can lead to CHD. By
integrating protein-protein interaction networks of cardiac transcription factors with whole exome
sequencing, | showed that interactors are enriched for rare and de novo mutations in CHD
patients. | developed a variant prioritization scheme for de novo variants, which identified a
GLYR1 mutation that destabilizes its interaction with cardiac transcription factor GATA4. |
describe GCOD, a novel algorithm that uses probabilistic modeling to identify sets of genes
predicted to interact in the etiology of CHD, including a novel genetic interaction between
GATA6 and POR. Finally, in addition to coding mutations, | aimed to assess whether disruption
to chromatin organization contributes to disease by characterizing three CHD patient variants
that | predicted would alter the regulatory landscape of heart-relevant genes. My work has
increased our repertoire of known and suspected disease loci in CHD and related
developmental co-morbidities, and provided evidence of oligogenic combinations and disrupted

genome folding as a mechanism in CHD.
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CHAPTER 1: INTRODUCTION
As DNA sequencing technology becomes more accessible and affordable, and the number of
sequenced genomes grows, so too has our power to draw conclusions about the relationship
between genetic variation and phenotypic outcome. One of the clearest and most urgent
applications therein is to advance our understanding of the molecular underpinnings of disease,
empowering medical researchers to develop therapeutics and offer personalized treatment
informed by patient genetic variation. This thesis encompasses my research towards this goal,
with a focus on the role of DNA folding and gene-gene interactions in the context of congenital
heart defects. The following introductory chapter provides a basic summary of the relevant

background concepts.

1.1 The role of chromatin conformation and transcription factors in gene expression

In the human body, each cell contains a copy of the 3.2 billion base pairs of DNA that
make up our individual genome. While often represented as a linear string of nucleotides
(written as the letters A, C, T, and G), in reality our DNA is wrapped around proteins and other
molecules into complex three-dimensional shapes, in a structure collectively called chromatin.
Chromatin’s ability to be transiently organized into higher-order shapes is key to our multicellular
nature - after all, if all cells have the same DNA instruction manual, how can we account for
morphological differences across cell types, or our body’s ability to respond to changes in its
environment? Chromatin organization allows for the differential expression of genes in different
spatio-temporal contexts, partly based on which DNA is accessible to be transcribed and
ultimately translated into functional proteins.

The three-dimensional organization of the genome is therefore critical for transcriptional
control, and this is accomplished through mechanisms at multiple scales. At the nuclear level,
chromosomes localize according to gene density, such that gene-dense chromosomes occupy a

central nuclear region, whereas gene-poor chromosomes localize to the nuclear periphery



(Cremer and Cremer 2001). At the chromosome level, active/accessible regions cluster together
in physical space separately from the inactive/inaccessible regions where transcription is not
occurring (Lieberman-Aiden et al. 2009). In a given cellular context, DNA regions co-associate
in either the A (active) or B (inactive) compartment, in a pattern that alternates along the linear
genome (Imakaev et al. 2012; Smith et al. 2016). DNA scaffolding proteins called histones are
marked with different chemical modifications depending on compartment and transcriptional
activity, and these active or repressive histone marks represent an important avenue of gene
regulation (Allfrey, Faulkner, and Mirsky 1964; Bannister and Kouzarides 2011); that is,
modifications to histone acetylation and methylation induced by changes in cellular context can
convert a gene from being repressed to actively transcribed and vice versa (Kimura 2013). To
broadly summarize, actively transcribed genes tend to cluster together in three-dimensional
space within the nucleus, marked by chemical modifications that expose gene promoters to
transcriptional machinery.

Another key mechanism of gene regulatory control is transcription factor (TF) binding.
TFs are proteins that initiate, increase, or otherwise regulate the transcription of associated
genes, usually by binding to the gene promoter and/or associated enhancer sequences (Banerji,
Olson, and Schaffner 1983; Palstra and Grosveld 2012). TFs typically function in trans, that is,
they are expressed and translated in order to localize to their target genes elsewhere in the
genome (Reuveni et al. 2018). Enhancers can regulate multiple genes, can be selectively
accessible depending on histone marks and other factors regarding cellular context, and are
distal from the gene(s) they regulate (Moorthy et al. 2017; Calo and Wysocka 2013; Palstra and
Grosveld 2012; Levine 2010; Riethoven 2010). It is thought that enhancers function partially
through physical proximity (Bulger and Groudine 2011; Schoenfelder et al. 2015), and so they
typically occur with their associated gene(s) in a topologically-associating domain (TAD), or a
region characterized by higher DNA interaction frequency within the domain relative to loci

outside of that domain (Nora et al. 2012; Dixon et al. 2012). TAD boundaries also function as
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insulators between genes and enhancer sequences with incompatible regulatory profiles
(Furlong and Levine 2018).

Thus, enhancers extend regulatory control in a complex interplay between multiple
factors in cis and trans. In cis, enhancers regulate gene expression via physical contact with the
promoter and the transcription factors that bind both sites. Enhancers are limited in the contacts
they can make by local (cis) DNA accessibility and 3D organization, for example to promoters
within the same TAD. In trans, enhancer-promoter contact is itself regulated by the expression
of transcription factors elsewhere in the genome, often in combinatorial fashion, leading to
intricate regulatory networks of DNA accessibility, TF expression, and downstream transcription

effects therein.

1.2 Transcriptional programs control cell and tissue fate during human development
During embryonic development, a single fertilized cell must replicate and differentiate
into the set of complex tissues and organs that make up a human body. This is predictably an
extremely complex process, requiring spatio-temporal control of cellular migration, internal and
external cellular signaling, apoptosis and proliferation, and chromatin remodeling (Scarpa and
Mayor 2016; Cooper 2000; Meier, Finch, and Evan 2000; Ho and Crabtree 2010; Gilbert 2000;
Casamassimi and Ciccodicola 2019). Section 1.1 summarizes how trans-acting transcription
factors (TFs) work together with cis-acting enhancers, insulators, and histone modification to
accomplish regulatory control. These principles guide embryogenesis and cell fate specification.
From chromatin accessibility to gene expression to morphology, differentiated cells
display phenotypic differences reflective of their eventual role in the body (Marstrand and Storey
2014; Mohammed et al. 2017). Cell identity is regulated in large part by TF expression, as
demonstrated in systems where over-expression of specific TFs induces trans-differentiation
across distinct cell types (Takahashi and Yamanaka 2006; Takahashi et al. 2007; Takeuchi and

Bruneau 2009). One example that illustrates the interplay between chromatin accessibility, TF
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expression, and cell identity is the BAF chromatin remodeling complex (also called SWI/SNF),
which is crucial in the regulation of early embryonic development (Wang et al. 1996; Euskirchen,
Auerbach, and Snyder 2012; Heyao Zhang et al. 2021). The BAF complex repositions
DNA-wrapped histones to render genomic regions accessible or inaccessible to transcription
(Kwon et al. 1994; Wang et al. 1996; He et al. 2020), a process which has been especially
studied in multipotency and proliferation during embryonic development (Lazar et al. 2020; van
der Vaart et al. 2020; Laubscher et al. 2021). An essential aspect of BAF activity is its capability
to bind various combinations of transcription factors, allowing for targeted genome localization
dependent on TF availability (Toto, Puri, and Albini 2016; Tseng, Cabot, and Cabot 2017; Sun et
al. 2018; Barisic et al. 2019).

In summary, the integrity of chromatin conformation and transcription factor (TF)
regulatory networks are crucial to a zygote’s successful development into a viable human
embryo. During differentiation and specification, chromatin remodelers achieve context-specific
action and genome localization by particular combinations of TF binding (Buchler, Gerland, and
Hwa 2003; Kato et al. 2004; Vandel et al. 2019; Charest et al. 2020). The concept of
combinatorial regulatory logic will be particularly relevant in the third chapter of this thesis, in

which | describe oligogenic variant combinations that lead to disease.

1.3 Key pathways and genes involved in heart morphogenesis and congenital defects

In the developing embryo, cells that eventually give rise to the heart begin as
mesodermal germ cells that express the transcription factor MESP1, which is required for
migration of heart precursor cells and cardiac specification (Kitajima et al. 2000; Chan et al.
2013; Ajima et al. 2021). The greater part of these cardiac progenitor cells migrate to form the
cardiac crescent, where they begin to express core cardiac transcription factors like GATA4
(Rossi et al. 2001; Oka et al. 2006) and TBX5 (Chapman et al. 1996; Bruneau et al. 1999).

These TFs are highly expressed in cardiomyocytes, and moreover are capable of inducing
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cardiomyocyte identity in cardiac fibroblasts along with MEF2 (leda et al. 2010; Inagawa et al.
2012; Qian et al. 2012).

Unsurprisingly, damaging mutations in these and other cardiac TF genes cause
congenital malformations in the heart (Werner et al. 2016; Tomita-Mitchell et al. 2007; Mori and
Bruneau 2004; Qiao et al. 2017; McElhinney et al. 2003; Pierpont et al. 2018), presumably due
to the disruption of transcriptional pathways regulated by those genes. Similarly, pathologies of
chromatin remodeling and histone modification have been implicated in heart defects, like the
BAF complex described above, the p300/CREB-binding protein histone acetyltransferase (H. M.
Chan and La Thangue 2001; Ghosh 2020), and others reviewed in Lim, Foo, and Chen 2021.
Clearly gene regulatory networks are necessary for cardiogenesis, and identifying the particular
cellular processes and components that defect-associated TFs regulate will provide valuable
insight into mechanisms of heart development and disease.

Previously-identified targets include several cilia genes (Li et al. 2015; Klena, Gibbs, and
Lo 2017), which are additionally implicated in renal and brain congenital phenotypes (Marley
and von Zastrow 2012; Guo et al. 2015; Gabriel, Pazour, and Lo 2018). Proper cilia formation is
necessary for cellular motility and directional migration, as are TF-regulated cell signaling
pathways like WNT and NOTCH (Foulquier et al. 2018; Bray 2006; Ji et al. 2020). Cardiac TFs
also regulate cell-cell adhesion genes (Soini et al. 2018) and structural proteins like actin
filaments in the sarcomere (Potthoff et al. 2007). Finally, mitochondrial activity and oxidative
metabolism genes are necessary to heart formation (Hom et al. 2011; Cheong et al. 2020), and
are partially regulated by chromatin remodeler SRCAP in the developing heart (Xu et al. 2021).
In summary, cardiac TFs regulate a broad range of molecular processes that are necessary for
the migration and adhesion of cells into tissues that will express the proteins necessary for heart

function.


https://paperpile.com/c/tMy41k/vAf6+CSRE+P4WW
https://paperpile.com/c/tMy41k/vAf6+CSRE+P4WW
https://paperpile.com/c/tMy41k/BzsJ+1fiV+Gjbq+19rU+Wfgx+65Mf
https://paperpile.com/c/tMy41k/BzsJ+1fiV+Gjbq+19rU+Wfgx+65Mf
https://paperpile.com/c/tMy41k/VRCS+ggot
https://paperpile.com/c/tMy41k/VRCS+ggot
https://paperpile.com/c/tMy41k/uo0H
https://paperpile.com/c/tMy41k/c2P9+VMp1
https://paperpile.com/c/tMy41k/c2P9+VMp1
https://paperpile.com/c/tMy41k/9dap+Xd7s+VRPm
https://paperpile.com/c/tMy41k/9dap+Xd7s+VRPm
https://paperpile.com/c/tMy41k/Cjqr+jGiF+Vumh
https://paperpile.com/c/tMy41k/RYak
https://paperpile.com/c/tMy41k/JU6U
https://paperpile.com/c/tMy41k/Mcbz+fwT4
https://paperpile.com/c/tMy41k/FKVH

1.4 The contribution of genetic variation to congenital heart defects (CHD)

Given the breadth of fine-tuned regulatory and molecular processes that are essential in
cardiogenesis, the opportunities to get it wrong are varied and numerous. This is reflected in the
extreme genetic heterogeneity of defects associated with heart development (Zaidi and
Brueckner 2017).

Congenital heart defects (CHD) are the most common birth defect, affecting 1% of live
births every year (Marelli et al. 2007). Heritability estimates ranging between 70-90% (Cripe et
al. 2004; McBride et al. 2005; Hinton et al. 2007; Pierpont et al. 2018) and a high family
recurrence rate (Gill et al. 2003; Qyen et al. 2009) suggest that most defects can be explained
in large part by patient genetics. However, despite increasingly large cohorts with exome
sequencing like the Pediatric Cardiac Genomics Consortium (PCGC), the complex genetic
architecture of CHD limits our ability to identify causal variants and genes (Homsy et al. 2015;
Jin et al. 2017). It is estimated that cohorts of approximately 10,000 parent-proband trios would
be needed for whole-exome sequencing to detect 80% of genes contributing to
haplo-insufficient syndromic CHD alone (Sifrim et al. 2016), highlighting the need for new
strategies to identify potentially causative genomic loci.

From the perspective of patients and family, fewer than 30% of CHD cases have a
known underlying cause (Pierpont et al. 2018), and so most families are denied the
opportunities that genetic explanation can afford with respect to symptoms management,
prognosis, early intervention for later-onset comorbidities, and family planning. Some
unexplained cases presumably involve damaging variants in cryptic risk genes, thus far
undiscovered due to too few observations of patient mutations in each gene (given the plethora
of possible disease loci). In the second chapter of this thesis, | will describe an approach that
uses cell-type specific protein-protein interaction data to identify novel genes participating in

heart development. | will also describe the computational framework | developed to prioritize
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potentially causal variants in those genes, leading to the discovery of a variant in the novel CHD
gene, GLYR1 (Gonzalez-Teran et al. 2022).

Even in cases with a suspected monogenic explanation, some of those “causal” CHD
variants were inherited from parents without a heart defect, suggesting they are insufficient on
their own to cause disease (Pierpont et al. 2018; Pediatric Cardiac Genomics Consortium et al.
2013). Such variants are said to display incomplete penetrance, i.e. only some carriers have the
phenotype; or variable expressivity, i.e. the same mutation causes different symptoms or
severity in different patients (Coll et al. 2017; Kingdom and Wright 2022). In addition to
environmental factors, a potential explanation for these phenomena is oligogenic inheritance, or
a type of inheritance in which a few variants are required in combination to cause a particular
phenotype (Kousi and Katsanis 2015).

Previous work has validated an instance of oligogenic inheritance in CHD (Gifford et al.
2019), as well as speculated a role for oligogenic inheritance in other developmental disorders
like autism spectrum disorder (ASD) (Schaaf et al. 2011; Wenger et al. 2016). While these
studies yielded mechanistic insights into specific gene and variant combinations, they relied on
known risk genes and existing functional information to propose testable hypotheses.
Alternatively, one could enumerate and prioritize all damaging variant combinations in an
automated and statistically rigorous manner, but this strategy is infeasible due to combinatorial
explosion of the number of tests (Edwards and Glass 2000). Recent advances in the field
include the Digenic method, which reduces the combinatorial search space by aggregating rare
variants at the gene level (Kerner et al. 2020), as does RareComb (Pounraja and Girirajan
2022), an algorithm that tests for greater frequency of gene combinations in cases compared to
controls. However, neither of these computational methods incorporate parental sequencing
data, which are especially useful in reducing false positives for simplex families in which an
affected proband is born to unaffected parents (Ewens 1999). To address this unexplored

approach | developed GCOD, a trio-based probabilistic model of variant transmission that
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identifies groups of genes in which rare variants are transmitted together more often than
expected by chance (Pittman et al. 2022), described in the third chapter of this thesis.

The mechanisms and methods investigated in chapters two and three involve coding
variants, i.e. variants inside genes that affect the amino acid sequence of translated proteins.
Another important consideration is that some genetic risk is carried in the non-coding genome,
which whole-exome sequencing cannot successfully capture. For example, regulatory
enhancers are often found in intronic and intergenic regions, and given the developing heart’s
sensitivity to timing and gene dosage (Zaidi and Brueckner 2017; Kasah, Oddy, and Basson
2018; Hui Zhang, Liu, and Tian 2019), gene regulatory disruption seems a plausible
mechanism. In fact, none of the ~20 identified GWAS SNPs occur in exonic coding regions
(Klemm et al. 2013; Lahm et al. 2021). Instead they are likely to alter the activity of
cis-regulatory elements like enhancers and insulators. Large structural variants (SVs) and copy
are promising candidates for studying cis-regulatory elements, as well as their relationship to
the 3D structure of the genome, because they have the potential to drastically rearrange local
chromatin structure (Spielmann, Lupiafiez, and Mundlos 2018; Shanta et al. 2020).

Our group previously found that while unaffected controls show a clear depletion of
CNVs at insulator regions across the genome, individuals diagnosed with developmental delay
(DD) showed no bias in the genomic location of deletions (Fudenberg and Pollard 2019). Based
on these findings and high rates of co-morbidity between DD and CHD (Rollins and Newburger
2014), we hypothesized that the disruption of enhancer-promoter contacts as a result of
chromatin rearrangement can contribute to the etiology of CHD. However, non-coding variants
yield less straightforward interpretation than their exonic counterparts, requiring new methods to
prioritize and interpret variant effects. Our group previously developed the deep neural net
model Akita, which was trained to predict chromatin contact frequency along a 1Mb region in
five cell types by minimizing the loss on experimental Hi-C data (Fudenberg, Kelley, and Pollard

2020). In chapter four of this thesis, | use Akita to predict the effects of CHD patient SVs on local
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chromatin contact frequency, discovering three deletions that are predicted to alter regulatory
interactions near heart-related genes. | include as-yet unpublished data in a cell line engineered
with a CHD patient deletion, demonstrating the utility of predictive models in non-coding variant

interpretation and suggesting a role for 3D chromatin rearrangement in CHD.

1.5 Summary and scope of this thesis

To summarize, the etiology of congenital heart defects is known to be primarily genetic;
however, many risk genes remain cryptic, the specific underpinnings of most cases are
unknown, and potential disease mechanisms like oligogenic interaction and high-effect
non-coding variation remain underexplored. Novel datasets, like high-resolution micro-C
chromatin contact data and affinity-purification of endogenous tagging of TFs, have enabled
computational researchers to develop new models and statistical approaches to light up the
dark corners of this disease.

My doctoral dissertation comprises the following chapters: 1) this introduction, to
summarize the context of the work; 2) the integration of de novo exonic variants with
transcription factor protein interactomes to discover novel risk genes and variants in CHD; 3)
GCOD, the statistical model and software that predicts gene interactions from trio data; 4) the
use of chromatin interaction frequency predictions to prioritize structural variants in CHD; and 5)

a summary and discussion of the major findings and limitations of the work described here.
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CHAPTER 2: Transcription factor protein interactomes reveal

genetic determinants in heart disease

This chapter is adapted from my contributions to Gonzalez-Teran et al., 2022*. Other

contributions to the work enclosed here are below:

e D.R.-B, B.E.J.M., and B.G.-T. generated the knockout hiPSC lines. D.R.-B. and B.G.-T.
performed WT, GATA4, and TBX5 knockout CP and CM differentiations.

e B.R.C, R.H., and B.G.-T. defined the appropriate affinity purification strategy for cTFs.
M.M. and B.G.-T. performed GATA4 and TBX5 affinity purification and sample

preparation for mass spectrometry and GT-PPI classification.

e F.F. and B.G.-T. performed GATA4 and GLYR1 silencing in CPs and luciferase reporter
assays. A.P. designed and generated the Glyr1 P495L mouse line. C.Y.L., Y.H., M\W.C.
and B.G.-T performed Glyr1 P495L mouse studies.

e Thanks to B.G.-T., D.S. and K.S.P. who drafted text featured in this chapter.

*Gonzalez-Teran, Barbara, Maureen Pittman, Franco Felix, Reuben Thomas, Desmond
Richmond-Buccola, Ruth Hittenhain, Krishna Choudhary, Elisabetta Moroni, Mauro W
Costa, Yu Huang, Arun Padmanabhan, Michael Alexanian, Clara Youngna Lee, Bonnie
E J Maven, Kaitlen Samse-Knapp, Sarah U Morton, Michael McGregor, Casey A Gifford,
J G Seidman, Christine E Seidman, Bruce D Gelb, Giorgio Colombo, Bruce R Conklin,
Brian L Black, Benoit G Bruneau , Nevan J Krogan, Katherine S Pollard, Deepak
Srivastava. 2022. “Transcription Factor Protein Interactomes Reveal Genetic

Determinants in Heart Disease.” Cell 185 (5): 794—814.e30.

23



2.1 ABSTRACT

Congenital heart disease (CHD) is present in 1% of live births, yet identification of causal
mutations remains challenging. We hypothesized that genetic determinants for CHDs may lie in
the protein interactomes of transcription factors whose mutations cause CHDs. Defining the
interactomes of two transcription factors haploinsufficient in CHD, GATA4 and TBX5, within
human cardiac progenitors, and integrating the results with nearly 9,000 exomes from
proband-parent trios revealed an enrichment of de novo missense variants associated with CHD
within the interactomes. Scoring variants of interactome members based on residue, gene, and
proband features identified likely CHD-causing genes, including the epigenetic reader GLYRT.
GLYR1 and GATA4 widely co-occupied and co-activated cardiac developmental genes, and the
identified GLYR171 missense variant disrupted interaction with GATA4, impairing in vitro and in
vivo function in mice. This integrative proteomic and genetic approach provides a framework for

prioritizing and interrogating genetic variants in heart disease.

2.2 BACKGROUND

Birth defects are complex developmental phenotypes affecting 6% of births worldwide,
yet their genetic roots are multifactorial and difficult to ascertain (Christianson, Howson, and
Modell 2005; Deciphering Developmental Disorders Study 2015). Particularly challenging are
rare disorders and more common complex defects with high allelic and locus heterogeneity. In
recent years, whole-exome sequencing has accelerated our understanding of such disorders,
including the most common birth defect, congenital heart disease (CHD) (Zaidi et al. 2013;
Homsy et al. 2015; Jin et al. 2017; Richter et al. 2020). De novo monogenic aberrations were
found to collectively contribute to 10% of CHD cases, whereas rare inherited and copy number
variants have been identified in 1% and 25% of cases, respectively (Zaidi and Brueckner 2017).
Additionally, polygenic and oligogenic inheritance models, where multiple genetic variants with

epistatic relationships are implicated, have been proposed as mechanistic explanations for
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certain complex phenotypes. A recent study highlighted the involvement of genetic modifiers in
human cardiac disease (Gifford et al. 2019), but the net contribution of oligogenic inheritance
remains to be determined. Despite the growing catalog of human genome variants, the cause of
over 50% of CHD cases remains unknown (Zaidi and Brueckner 2017).

A barrier to a complete understanding of CHD’s etiology is its immense genetic
heterogeneity. Estimates based on de novo mutations alone indicate that more than 390 genes
may contribute to CHD pathogenesis (Homsy et al. 2015). This heterogeneity reduces the
statistical power of CHD risk gene analysis with the cohorts currently available. It is estimated
that cohorts of approximately 10,000 parent-proband trios would be needed for whole-exome
sequencing to detect 80% of genes contributing to haplo-insufficient syndromic CHD (Sifrim et
al. 2016), highlighting the need for alternative strategies to identify CHD risk genes and to
prioritize for potentially causative variants.

Many diseases demonstrate tissue-restricted phenotypes but are rarely explained by
mutations in genes with tissue-specific expression (Hekselman and Yeger-Lotem 2020). For
example, cardiac malformations have been linked to variants in tissue-enriched cardiac
transcription factors (cTFs) that are expressed more widely. Such cTFs typically form complexes
with other tissue-enriched and ubiquitous proteins to orchestrate specific developmental gene
programs (Lambert et al. 2018). cTF missense variants may disrupt specific interactions with
other proteins, affecting their transcriptional cooperativity and causing disease (Ang et al. 2016;
Moskowitz et al. 2011; Waldron et al. 2016). This observation suggests a functional relevance
for cTF interactors in genetic disorders, including CHD. In agreement, Barshir et al. (Barshir et
al. 2014) observed that disease causal genes are often widely expressed across tissues but
with a tendency to exhibit more tissue-specific protein-protein interactions in diseased versus
unaffected tissues. In CHD specifically, an excess of protein-altering de novo variants from the
Pediatric Cardiac Genomics Consortium’s (PCGC) cohort were found in ubiquitously expressed

chromatin regulators that partner with cTFs to regulate the expression of key developmental
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genes (Zaidi et al. 2013). This led us to hypothesize that protein-protein interactors of cTFs
associated with CHD may be enriched in disease-associated proteins, even if these proteins are
not tissue specific.

GATA4 and TBX5 are two essential cTFs (Kuo et al. 1997; Bruneau et al. 1999, 2001;
Oka et al. 2006) and among the first identified monogenic etiologies of familial CHD.
Heterozygous pathogenic variations in TBX5 are a cause of septation defects and other forms
of CHD in the setting of Holt-Oram syndrome (Basson et al. 1997; Yi Li et al. 1997).
Heterozygous variations in GATA4 also cause atrial and ventricular septal defects, as well as
pulmonary stenosis and outflow tract abnormalities (Garg et al. 2003; Rajagopal et al. 2007;
Tomita-Mitchell et al. 2007). Subsequent studies have demonstrated that TBX5 and GATA4
cooperatively interact on DNA throughout the genome to regulate heart development (Ang et al.
2016; Luna-Zurita et al. 2016). Disruption of the physical interaction between these cTFs or with
other specific co-factors by missense variants can impair transcriptional cooperativity and
lineage specification, and ultimately cause cardiac malformations (Ang et al. 2016; Garg et al.
2003; Maitra et al. 2010; Waldron et al. 2016). Therefore, the identification of human GATA4 and
TBX5 (GT) protein interactors during cardiogenesis could highlight disease mechanisms and aid
in predicting the impact of protein-coding variants in CHD.

Here, | and co-authors designed an integrated proteomics and human genetics
approach that dissects the protein-protein interactors of endogenous GATA4 and TBX5 in
human cardiac progenitor cells, in order to identify and prioritize potential disease genes
harboring CHD-associated variants. We used this approach to reveal aspects of cardiac gene

regulation, which can be extended to the genetic underpinnings of many human diseases.
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2.3 RESULTS
2.3.1 Identification of the GATA4 and TBX5 protein interactomes in cardiac progenitors

To identify the GATA4 and TBX5 protein interactome (GT-PPI) in human induced
pluripotent stem-cell-derived cardiac progenitors (CPs), antibodies against each endogenous
cTF were used for affinity purification and mass spectrometry (AP-MS) (Figure 2.1). Using
CRISPR-Cas9-gRNA ribonucleoproteins, co-authors generated clonal TBX5 or GATA4
homozygous knockout (KO) hiPSC lines as negative controls. These control lines were
differentiated to CP and cardiomyocyte (CM) stages, and the absence of the respective cTF
expression was confirmed. Consistent with previous reports (Kathiriya et al. 2021; Luna-Zurita et
al. 2016; Narita, Bielinska, and Wilson 1997), GATA4 and TBX5 KO cells were able to
differentiate into CMs, albeit with delayed beating and reduced differentiation efficiency.

GATA4 or TBX5 mass spectrometry data were generated by co-authors from three
replicates of nuclei-enriched day 6 hiPSC-derived CPs from wild-type (WT) or KO samples

treated with RNase and DNase (Figure 2.1).
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Figure 2.1: GATA4 and TBX5 AP-MS strategy from hiPSC-derived cardiac progenitors with
gene knockout lines as negative controls.

Using the SAINTq software and algorithm (Teo et al. 2016), | obtained an initial list of GT
interactors in WT CPs by scoring the proteins identified in WT AP-MS experiments to their

corresponding KO control line. For further stringency, | additionally filtered based on nuclear
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localization and co-expression in the same cell types as the bait protein. Proteins whose mRNA
was downregulated in the KO cells compared to WT were excluded (see Methods 2.5.1:
Selection of interactome proteins). This approach yielded 272 proteins in total, which
comprised several of the previously reported GATA4 and TBX5 interactors as well as novel
interactors (Waldron et al. 2016; Enane et al. 2017; Padmanabhan et al. 2020). Mutations in
several of these interactors have been previously associated with cardiac malformations,

highlighting the potential of our approach for disease-gene discovery (Figure 2.2, A-B).
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Figure 2.2: GATA4 (A) and TBX5 (B) interacting protein categories with boxed areas
proportional to the number of interactors in each. Proteins interacting with both GATA4 and
TBXS5 (blue) or previously reported interactors (red) are highlighted.

Consistent with the interdependence of GATA4 and TBX5 during cardiac development,
their networks showed some overlap, but the bulk of the detected interactors were unique to
each cTF. Both networks were enriched in proteins involved in similar biological processes
(Figure 2.2, A-B). The top two most represented processes were transcription regulation and
chromatin modification (Figure 2.3, A), as expected from the cTFs’ well-established functions in
gene regulation. Both known and previously unreported low-abundance TFs were found to
interact with GATA4 and/or TBX5 (e.g., ZFPM1, ZNF787, SALL3, ZNF219, and MAB21L2)

demonstrating the sensitivity of the AP-MS approach. Chromatin modifiers (~25% or 15% of
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GATA4 or TBX5 interactors, respectively) predominantly belonged to ATP-dependent
complexes, and | found several histone-modifying enzymes in the GATA4-PPI (Figure 2.2, A-B)
(Enane et al. 2017). A number of RNA processing and splicing proteins, as well as members of
the nuclear pore complex, were also identified (Figures 2.2, A-B). The GT-PPIs mostly included
proteins expressed ubiquitously, with a small number of tissue-enriched and cell-type enriched

interactors (Figure 2.3, B).
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Figure 2.3: (A) Distribution of GATA4 and TBX5 PPlIs in biological processes, as annotated in
Figure 2.2. (B) Tissue expression distribution of GATA4 and TBXS5 interactors across the six
Human Protein Atlas categories based on transcript detection (tpom = 1) in all 37 analyzed
tissues.
2.3.2 GATA4:TBX5 interactome is enriched in proteins harboring de novo variants in CHD
To determine whether the GT interactors identified in human CPs might help predict
genetic risk factors for CHD, | assessed their intersection with de novo variants (DNVs) and very
rare (minor allele frequency < 107°) inherited loss-of-function (LoF) variants found in CHD
probands from the PCGC. In addition to a previously published cohort of parent-offspring CHD

trios and control trios (Jin et al. 2017), | processed and included variant data from an additional

419 CHD probands and their parents for a total of over 3,000 trios. A permutation-based
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statistical test was used to analyze the frequency of variants in GT-interacting proteins among
the CHD probands compared to the control group (see Methods 2.5.4: Permutation-based
tests). Briefly, the observed odds ratio (OR) of finding a DNV in an interactome gene was
adjusted by a factor correcting for synonymous mutation frequency (adjusted OR), then
compared to a distribution of odds ratios in which the case/control status of the dataset was
permuted (permuted ORs) (Figure 2.4, A). The analysis indicated that protein-altering DNVs
were significantly more likely to be found within GT interactors in the CHD cohort relative to the
control cohort (adjusted OR GATA4-PPI: 5.59 and Bonferroni-adjusted p value 0.001; adjusted
OR TBX5-PPI: 4.34 and Bonferroni-adjusted p value 0.0096). By contrast, very rare inherited
LoF variants occurred in GT-PPI proteins with the same frequency in control and CHD groups

(Figure 2.4, B).
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Figure 2.4: (A) Permutation-based statistical test design to analyze enrichment in genetic
variants from a CHD cohort relative to a control cohort in GATA4 or TBX5 PPIs (odds ratio, OR).
(B) Results of permutation-based test in (A) for genomic variation indicated from PCGC CHD
and control cohorts within the GATA4 or TBX5 inter- actomes in cardiac progenitors (CP
interactome), or after removing proteins involved in human or mouse cardiac malformations (CP
interactome heart dev. unknown). The same analysis is shown for HEK293s (HEK293
interactome).

To determine whether the enrichment was predominantly driven by genes previously
known to be involved in cardiac development, | removed a published curated list of genes

involved in human or mouse cardiac malformations from the dataset (Jin et al. 2017) and
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repeated the permutation-based analysis (Table 2.1). Still an enrichment was found in proteins
harboring protein-altering DNVs from CHD probands in both GATA4 and TBXS interactomes
(Figure 2.4, B). Similar trends were observed holding out a smaller list of 144 published human

CHD genes (lzarzugaza et al. 2020).

Table 2.1: Odds ratios (OR) and p-values for permutation-based tests of protein-protein
interactome (PPI) genes, restricted by novel to CHD (n-CHD) and Heart Development (n-HD).

Known Case Case Control [Control Svn- P-value
TF PPI non-PPl |PPI non-PPI y_ .
. Gene . - - . adjusted | (Bonferroni-
interactome Status variant |[variant variant variant OR corrected)

count count count count

GATA4 n-HD |34 2341 15 1302 2.95 0.0024
GATA4 n-CHD |49 2362 14 1317 3.16 0.0008
TBX5 n-HD | 44 2366 3 1314 2.60 0.592
TBX5 n-CHD | 11 2391 3 1328 2.63 0.216

Although our AP-MS analysis was conducted in human CP cells for endogenous TBX5
and GATA4, most PPIs have been identified in less biologically relevant cells and upon
overexpression. To assess the importance of biological context, co-authors generated GT-PPIs
in kidney cells (HEK293) overexpressing human GATA4 or TBX5, again filtering based on
nuclear localization, and subjected them to the same permutation analysis with the CHD and
control cohorts. There was no significant enrichment in proteins harboring CHD-associated
protein-altering DNVs for HEK cell interactomes (Figure 2.4, B). The GT-PPI overlap between
cell types was small, with only 20 GATA4 and 13 TBX5-interactors shared, highlighting the
importance of endogenous tissue-specific protein-protein interactions in elucidating the genetic

underpinnings of diseases.
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In a complementary analysis to test whether genes in the GT-PPI were enriched for
protein-altering DNVs in CHD probands, | permuted the list of interactors and tallied the number
of variants found in each gene set. This allowed us to compare the null distribution of the
number of variants found in otherwise-comparable non-GT-PPI genes to what was observed in
interactome genes. For each gene in the GT-PPI, | selected other genes that had comparable
de novo mutability scores (Samocha et al. 2014), then further narrowed the list of matches
based on similarity of expression levels in cardiac progenitor cells (de Soysa et al. 2019). The
observed number of protein-altering DNVs was significantly higher in GT-PPI genes compared
to permuted selections of non-interactome genes with similar mutability and expression
(Bonferroni-adjusted p = 0.009).

Having demonstrated that the GT-PPI was enriched in protein-altering variants found in
CHD patients, we aimed to assess the likelihood that the GT-PPI variants contribute to disease.
Using combined annotation-dependent depletion (CADD) scores, | found that GT-PPI
protein-altering variants found in the CHD cases were more likely predicted to be deleterious

than the rest of protein-altering DNVs in CHD cases outside the GT interactome (Figure 2.5).

2.3.3 GATA4:TBX5 interactors with protein-altering DNVs unveil CHD candidate genes
with characteristic features of disease genes

I next determined whether the candidate CHD genes identified in the GT-PPI exhibited
features that could increase their likelihood of causing disease compared to the remaining
non-interactome genes mutated in CHD probands. Extreme intolerance to LoF variation and
haploinsufficiency are common features of genes associated with developmental disorders
(Fuller et al. 2019). Remarkably, most candidate CHD genes in the PPl were extremely
intolerant to LoF variation (probability of being intolerant to LoF [pLI] > 0.9) and exhibited
significantly higher pLI and haplo-insufficiency scores than genes outside the interactome with

protein-altering DNVs (Figure 2.6, A). Another feature of disease genes is an increased
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tendency for their products to interact with one another when their mutations result in similar
phenotypes (Goh et al. 2007). Based on iRefIndex database information (Razick, Magklaras,
and Donaldson 2008), | found that the proteins encoded by our candidate genes had a higher
connectivity degree with other proteins found to be mutated in the CHD cohort, as well as with a
curated list of proteins involved in mouse/human cardiac malformations (Jin et al. 2017) than

proteins outside the interactome with protein-altering DNVs (Figure 2.6, B-C).
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Figure 2.5: Violin plot for the Combined Annotation-Dependent Depletion (CADD) scores of
protein-altering or synonymous (Syn) variants found in the CHD cohort affecting proteins within
the GT-PPI or proteins outside the interactome. White dot = median; black lines = interquartile
range (thick) or 1.53 the inter- quartile range (thin). Two-sided Mann-Whitney-Wilcoxon test with
Bonferroni correction for p values; ***p value < 0.001.

GT interactors with protein-altering proband DNVs exhibited higher expression in the
developing heart than genes with protein-altering DNVs outside the GT-PPIs (Figure 2.6, D),
but they generally displayed a broad expression pattern across most cell types (Figure 2.7, A)
and largely involved proteins relevant to chromatin biology (Figure 2.7, B). Other biological

processes with unexplored roles in CHD were affected, such as RNA splicing and protein folding

(Figure 2.7, B).
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Figure 2.6: De novo variants in GATA4 and TBXS interactomes exhibit features typical of
disease genes. (A-D) Violin plots for the distribution of (A) intolerance to LoF (pLI Score), (B)
degree of connectivity with all protein-altering DNVs found in the CHD cohort, (C) degree of
connectivity with proteins encoded by genes involved in mouse/human cardiac malformations,
and (D) expression percentile rank in the developing heart (E14.5) for genes harboring
synonymous (Syn) or protein-altering DNVs found in the CHD cohort and affecting proteins
inside the GT interactome (GT-PPI) or outside the interactome (non-interactome). White dot =
median; black lines = interquartile range (thick) and 1.53 the interquartile range (thin). Two-
sided Mann-Whitney-Wilcoxon test with Bonferroni correction for p values; ***p value < 0.001,
**p value < 0.01, *p value < 0.05, and ns: non-significant.

We next investigated the specific types of protein-altering de novo CHD variants
corresponding to proteins in the GT-PPls. Among the 272 proteins in the GT-PPI, | identified 20
LoF DNVs and 53 missense DNVs present in CHD cases. The odds of a DNV occurring in a
GT-PPI gene was substantially greater in CHD probands compared to controls for both LoF (ad;.

OR 4.96) and missense DNVs (adj. OR: 3.76). LoF DNVs preferentially affected genes involved

in human and mouse cardiac malformations, whereas the bulk of GT-PPl genes with
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CHD-missense DNVs had not previously been linked to cardiac development or CHD. The
contribution of de novo splice variants could not be determined due to their low counts in

interactome genes from cases and controls.
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Figure 2.7: (A) Pie chart of tissue expression distribution of GT-PPI or non-interactome genes
harboring protein-altering DNVs across the six Human Protein Atlas categories. (B) Interactome
CHD candidate genes represented as a network after integration with PPl information from
iReflIndex database. Nodes colored based on manually annotated biological processes and
protein families/complexes grouped in boxed areas. Node size reflects probability of
loss-of-function intolerance (pLlI) scores. Node shape reflects belonging to TBX5 (triangle),
GATA4 (circle), or GATA4&TBX5 (square) networks. Red highlights proteins encoded by genes
involved in human CHD. Edges represent protein-protein interactions from iRefIndex database
(Razick et al., 2008).
2.3.4 An integrative method for scoring variants identifies specific GT interactors as
candidate genes for CHD

The GT-PPI framework combined with trio sequencing allowed me to significantly reduce
the number of candidate variants in individual genomes to 20 LoF and 53 missense DNVs in
genes encoding protein partners of cTFs that may contribute to CHD. However, even after this

significant filtering step, the interpretation of missense variants remains a challenge and

requires methods to prioritize those that could substantially impact human phenotypes.
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Many variant prioritization methods have been described to date, and most integrate
widely accepted variant and gene features to rank potential candidate variants based on the
combined evidence of the variant's predicted deleterious effect on protein function, the
harboring gene’s accumulated mutational damage, and its biological relatedness to known
CHD-causing genes (Eilbeck, Quinlan, and Yandell 2017; Kdhler et al. 2008; Rentzsch et al.
2019; Sevim Bayrak et al. 2020). However, the development of a score that would work
universally is theoretically difficult, and a common finding of many genetic studies is that
gene-set specific rules for pathogenicity are required for proper evaluation (Eilbeck, Quinlan,
and Yandell 2017). In addition, most of these methods were designed for singleton sequencing
studies and fail to incorporate proband pedigree information that can aid prioritizing variants with
potential greater effect within an individual (Farwell et al. 2015). Thus, we developed an
integrative pipeline customized for the CHD trio whole-exome-sequencing dataset to calculate a
variant prioritization score for the 53 missense DNVs mapped to our GT-PPI. This scoring
method has two steps: (1) variant prioritization based on the consolidation of annotations from a
combination of widely used gene and variant metrics to assess variant deleteriousness, together
with the gene’s frequency of mutation within our dataset, and (2) re-weighting based on
occurrence at a known functional residue/domain and on the presence of other potentially
causal variants in the same proband (Figure 2.8).

Specifically, at the gene level, a higher score indicates (1) a gene’s low tolerance to LoF
variation, (2) connectivity to a high number of proteins involved in cardiac malformations (Jin et
al., 2017) and to PCGC CHD proband variant-harboring proteins based on publicly available
PPI information, (3) high cardiac expression compared to other tissues, and (4) high number of
PCGC variants within the gene relative to coding sequence (CDS) length. At the residue level, a
higher score indicates (5) a variant’s increased likelihood of being deleterious (CADD score) and
(6) occurrence at a functional residue or protein domain. At the proband level, a higher score

indicates that (7) the background genetic variation of this individual does not include DNVs or
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rare inherited LoF variants in genes known to be involved in cardiac malformations and includes
none or fewer variants in other GT-PPI genes. The individual features are combined by rank
sum and weighted where applicable (see Methods 2.5.6: Variant scoring) (Figure 2.8). The
resulting score is represented with respect to the gene’s percentile of expression in the
developing heart (E14.5), a feature previously shown to be effective for variant filtering in CHD

by the PCGC (Zaidi et al. 2013; Homsy et al. 2015; Jin et al. 2017; Sevim Bayrak et al. 2020).
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Figure 2.8: Variant prioritization score strategy (see Methods: 2.5.6 Variant Scoring).

| applied this scoring method to previously identified variants implicated in CHD (Basson
et al. 1997; Garg et al. 2003; Furtado et al. 2017) and found that the method ranked these
reference monogenic variants more highly than the few mutations demonstrated to partially
contribute to CHD and cause oligogenic disease (Figure 2.9) (Gifford et al. 2019), even when
the mutations affected the same gene. Furthermore, among the top-scoring interactome
variants, there were several in proteins known to cause cardiac malformations, consistent with
the relevance of this score for identifying gene variants with potential for contributing to disease

(Figure 2.9).
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Figure 2.9: Variant prioritization scores for interactome missense DNVs in described CHD
genes (red) or in CHD candidate genes (green) plotted against the corresponding genes’
expression percentile rank in the developing heart (E14.5). Published mutations with strong
contribution (gray) or partial contribution (yellow) to CHD are included as references.

In order to test whether higher variant prioritization scores indeed translated to greater
functional impact of variants, we evaluated the effect of multiple variants on cofactor activity in a
luciferase reporter assay using a luciferase reporter containing the PPARGC1a promoter, which
is strongly activated by GATA4 (Padmanabhan et al. 2020). We selected NKX2-5, a reference
gene with one high and one low scored variant; CHD7, a CHD gene encoding a GATA4
interactor with four identified missense DNVs; and BRD4 and SMARCC1, CHD candidate genes
and GATA4 interactors, each with two identified missense DNVs in CHD patients. For the
GATA4 interactors—CHD7, SMARCC1, and BRD4—each variant’s impact on transcriptional
activity was tested in the presence of GATA4 with a luciferase assay. We found that variants
with a higher prioritization score exerted a greater effect on the encoded protein’s transcriptional

activity (Figure 2.10).
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Figure 2.10: Biochemical evaluation by luciferase assays of the functional impact for variant
alleles with different prioritization scores within NKX2-5, CHD7, BRD4, or SMARCC1. The
CHD7 ATPase mutant is used as positive control for CHD7 loss of function (Liu et al. 2014).
One-way ANOVA coupled with Tukey post hoc test: ***p value < 0.001; **p value < 0.01.

Next, | evaluated the benefit of the GATA4 and TBX5 PPI incorporation as a filtering
strategy for the identification of CHD candidate genes by applying the variant prioritization
method to all de novo missense variants from probands found in both interactome and
non-interactome genes. The variant prioritization score’s 75th percentile was 23 or 22 points
higher (score range 0-99) for GT-PPI missense DNVs than for variants in genes outside the
GT-PPI network or all unfiltered missense DNVs, respectively (Figure 2.11, A). Moreover,
41.5% of interactome missense DNVs ranked within the top quartile of all DNV prioritization
scores, and within the top quartile of Developing Heart Expression percentile (Zaidi et al. 2013),

compared to just 12.4% of unfiltered missense DNVs (Figure 2.11, B).
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Figure 2.11: (A) Percentage of (All) versus interactome (GT-PPI) missense DNVs (misDNVs) in
genes within the top quartile of Developing Heart Expression (High Heart Expressed genes,
HHE) and the top quartile of Variant Prioritization Score (VPS) (green), the top quartile of
Developing Heart Expression and the top half of VPS (gray), or below the 75th percentile of
Developing Heart Expression or in the bottom half of VPS (orange). (B) Average VPS for all
misDNVs and GT-PPI misDNVs within the top quartile of Developing Heart Expression and
Variant Perioritization Score. The white line represents the median, the black lines the
interquartile range. Unpaired Student’s t test: **p value < 0.01. (C) Variant prioritization scores
for all de novo missense variants from probands found in both interactome (green) and
non-interactome (gray) genes plotted against the corresponding genes’ expression percentile
rank in the developing heart (E14.5), (Zaidi et al., 2013). Published mutations with monogenic
contribution (blue) or partial contribution (orange) to CHD are included as references. Variant
prioritization score’s 75th percentile is higher for GT-PPI missense DNVs than for
non-interactome variants (NON-GT-PPI) and all unfiltered missense DNVs. Genes within the top
quartile of expression in the developing heart are indicated as High Heart expressed (HHE).

Among the CHD candidate missense DNVs, the majority affected interactome proteins
highly expressed in the developing heart, with only 25% occurring in GT interactors outside the
top quartile of expression (Figure 2.11, C). The genes with lower heart expression generally

also exhibited low variant prioritization scores, except for the tuberous sclerosis gene, TSC1,

which is associated with cardiac rhabdomyomas (Hinton et al. 2014). On the other hand,
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missense DNVs in GT interactors highly expressed in the developing heart exhibited a broad
range of prioritization scores, with a potentially highly pathogenic cluster of variants ranking
close to the published reference variants with known strong contribution to CHD, and a more
dispersed group of variants scoring similarly to the few reference variants with known partial
contribution to CHD. Among the missense DNVs with the highest scores, which we
hypothesized to be more significant contributors, there were four variants in GT interactors with
previously described monogenic contribution to human cardiac defects (TBX5, GATA6, CHDA4,
and CHD7), and six variants within proteins with yet undescribed functions in human congenital
heart malformations (BRD4 x2, SMARCC1, GLYR1, CSNK2A1, and SAP18) (Figure 2.9).

BRD4, GLYR1, and SMARCC1 are chromatin modifiers, in concordance with the
observed enrichment of CHD-associated DNVs in genes involved in this process (Zaidi et al.
2013), and were detected as GATA4 interactors, which was validated by co-immunoprecipitation
(Gonzalez-Teran et al. 2022). While GLYR1 and SMARCC1 were previously unknown to interact
with GATA4, the Srivastava group has reported a role for a BRD4-GATA4 protein module in the
regulation of cardiac mitochondrial homeostasis and showed that deletion of BRD4 during
embryonic development resulted in embryonic lethality with signs of cardiac dysfunction
(Padmanabhan et al. 2020). Although the specific contribution of SMARCC1 to CHD is yet
uncertain, its encoded protein, BAF155, is a component of the BAF complex, which orchestrates
many aspects of heart development (Hota and Bruneau 2016). The GLYR1 DNV occurred in a
patient with atrioventricular septal defects, left ventricle outflow tract obstruction, and pulmonary
stenosis, a spectrum of cardiac malformations observed in humans with GATA4 mutations.
However, the role of GLYR1 in most tissues (including the heart) remains unexplored.

| therefore investigated the genetic landscape of the GLYR1 variant carrier and identified
three rare LoF and 62 rare missense variants inherited from their asymptomatic parents, while
no other DNVs were found in this proband. Interestingly, one of these inherited missense

variants occurred in GATAB, encoding a GATA factor that genetically interacts and is partially
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redundant, with GATA4 in cardiac development (Xin et al. 2006). Although these inherited LoF
and missense variants are present in the asymptomatic parents and are therefore unlikely to be
sufficient to cause cardiac malformations, future studies may assess if any could contribute

together with GLYR1 to the cardiac malformations observed in this patient.

2.3.5. The CHD variant in GLYR1 destabilizes its physical interaction with GATA4

GLYR1, also known as NDF, NPAC, or NP60, is a chromatin reader involved in
chromatin modification and regulation of gene expression through nucleosome demethylation
(Fang et al. 2013; Fei et al. 2018; Marabelli et al. 2019). The GLYR1 missense CHD DNV |
identified leads to the substitution of a highly conserved proline with a leucine at amino acid (aa)
496 within the B-hydroxyacid dehydrogenase domain, described to mediate the interaction
between GLYR1 monomers (Marabelli et al. 2019; Montefiori et al. 2019).
Co-immunoprecipitation assays demonstrated that the GLYR1 P496L DNV destabilized its
physical interaction with GATA4 (Figure 2.12, A). Since previous studies indicated a role for
GLYR1 in transcriptional regulation, we probed whether GLYR1 co-regulates gene expression
together with GATA4 and found that co-transfection of GATA4 and GLYR1 increased
Nppa-luciferase reporter activity by approximately 15-fold, compared with an 8-fold activation
with GATA4 alone. Synergistic transactivation of the Ccnd2-luciferase reporter by GLYR1 and
GATA4 was similarly observed and in both cases was attenuated by the GLYR1 P496L mutation
(Figures 2.12, B).

Additional analyses performed by co-authors found that GATA4 and GLYR1 co-bind a
defined set of heart development genes and co-regulate their expression (Gonzalez-Teran et al.
2022). In order to further assess the biological importance of the GLYR1 P496L variant in vivo,
they generated a mouse line harboring a P495L single nucleotide variant in GLYR1
(Glyr1P495L/+), homologous to human P496L, using CRISPR-Cas9 mediated genome editing.

Although all genotypes were born at the expected mendelian ratios, 54% of the
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Glyr1P495L/P495L and 15.5% of the heterozygous (Glyr1P495L/+) mice displayed postnatal
lethality between days 0 and 1, compared to only 4.4% of the WT littermates (p = 0.02 at P1).
Thus, our findings provide evidence for the biological importance of GLYR1 in cardiac

development and demonstrate a deleterious effect of the P495L variant in vivo.
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Figure 2.12: (A) The ability of GLYR1 WT or P496L mutant to interact with GATA4 by
immunoprecipitation (IP) of GLYR1-MYC and immunoblotting with indicated antibodies. (B)
Luciferase reporter assay in HelLa cells showing activation of the luciferase reporter upon
addition of plasmids encoding indicated proteins. Equal amount of total transfected DNA per
condition was adjusted with empty vector. (n = 3 independent experiments). One-way ANOVA
coupled with Tukey post hoc test: **p value < 0.01, ***p value < 0.001.

2.4 DISCUSSION

| integrated an analysis of the protein-protein interaction network of CHD-associated TFs
with human whole-exome-sequencing data to inform the genetic underpinnings of CHD. A
hypothesis-free PPI reconstruction for two essential cTFs, GATA4 and TBX5, identified known
and previously unreported functional relationships. DNVs in GT-PPIls occurred with significantly
greater frequency in CHD patients than healthy controls. Additionally, a consolidative
computational framework devised to prioritize variants in GT-interacting proteins identified
numerous candidate disease genes, including GLYR1, a ubiquitously expressed epigenetic

reader. My co-authors demonstrated that the GLYR1 CHD proband variant P496L disrupted the
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interaction with GATA4 and co-activation of cardiac developmental genes. The importance of
the GLYR1 variant and the GATA4-GLRY1 interaction in cardiac development was further
confirmed in a mouse model. These findings indicate that the use of tissue- and disease-specific
PPls may partially overcome the genetic heterogeneity of CHDs and help prioritize the potential
impact of de novo missense variants present in disease.

The integration of PPI information from publicly available databases with human genetic
data has been previously used to prioritize disease candidate variants based on network
topological measures (Kohler et al. 2008; Greene et al. 2015; Priest et al. 2016; Bryois et al.
2020; lzarzugaza et al. 2020). Since most of the available PPl datasets have been
reconstructed in non-physiological settings and cell types not relevant to the disease of interest,
some of these methods incorporated RNA expression information to generate predicted
“tissue-specific’ networks to reduce the number of candidate variants (Magger et al. 2012;
Barshir et al. 2014). However, whether a protein-protein interaction indeed occurs in the tissue
depends on additional factors, and co-expression of both partners is only a necessary initial
requirement but not a guarantee for the interaction to occur. Even after the application of these
prioritization strategies, the large number of highly ranked candidate variants makes it
challenging to identify likely contributing mutations in the absence of additional biologically
meaningful information. In contrast, the approach described here allowed us to capture
ubiquitously expressed CHD candidate genes that might have tissue-specific effects due to their
interaction with tissue-enriched factors. This is of importance, as the majority of known disease
genes are broadly expressed across multiple human tissues.

In contrast to single-gene enrichment approaches, the network-enrichment analysis
allows the detection of rare CHD candidate genes, but it does so without resolving the relative
contributions of specific variants. Hence, downstream prioritization of candidate disease variants
is needed to rank the likelihood that specific variants contribute to CHD. For this purpose, the

integrative scoring method | developed combines commonly used disease-variant prioritization
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metrics, including diverse and complementary biological information at the gene and variant
levels, together with proband pedigree information. The integration of proband genomic
information regarding the co-occurrence of variants in known CHD genes with metrics that
predict variant deleteriousness and gene-level parameters allowed prioritization of variants with
potentially higher contribution to CHD. Functional investigation will be needed to test whether
the identified CHD candidate genes are essential in heart development and to determine the
causal nature of the associated variants, as we have done here with GLYR7. In the future,
high-throughput screening methods similar to our integrative PPI-genetic variant scoring
pipeline will aid in assessing the vast genomic variation catalog provided by the increasing
number of large-scale sequencing studies.

Our integrative proteomics and human genetics approach revealed GLYR1 as a GATA4
interactor in CPs that constitutes a strong candidate gene for CHD. During CM differentiation,
physical interaction between GATA4 and GLYR1 may be one of the mechanisms explaining how
GLYR1 can bind a specific subset of heart development genes. Disruption of this co-regulation
in the context of the P496L variant has detrimental effects in CM differentiation that may
contribute to cardiac malformations. Indeed, the genetic interaction observed in mice compound
heterozygous for GATA4 and GLYR1 P496L, with a high incidence of atrioventricular septal
defects, is in agreement with the GLYR1 variant playing a role in CHD.

Overall, this work has identified interactors of TFs essential for cardiac development,
provided a ranked list of candidate disease variants potentially contributing to CHD, and
revealed biology of gene regulation related to cardiac disease. Notably, this tissue- and
disease-specific TF network-based approach could be applied with slight modifications of the
variant prioritization scoring to other genetic disorders for which large-scale sequencing data are
available to highlight disease mechanisms and provide a powerful filter for interrogating the

genetic basis of disease.
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The variant prioritization scoring developed in this study is limited in that it has been
customized specifically for the CHD variant dataset from trio whole-exome sequencing and
designed as a complementary method to our interactome filtering approach. Although the
principles could be widely applicable to other genetic diseases, disease- and dataset-specific
modifications would be necessary for its application in different disease contexts. Further, this
study focuses on very rare variants, which are normally depleted from the population, as is the
case for the P496L variant in GLYR1. Indeed, as a de novo variant, the likelihood of observing
P496L in another sequenced individual is small. Future studies will be needed to determine
whether additional variants in GLYR1 contribute to other cases of CHD or to other diseases in

humans.

2.5 MATERIALS AND METHODS
2.5.1: Selection of interactome proteins

Cell culture and mass spectrometry analysis were performed by [contributions] as
described in publication (Gonzalez-Teran et al. 2022), yielding peptide, protein, and site-level
spectral counts. | analyzed count data using the artMS package (Jimenez-Morales et al. 2020)
in R followed by protein-protein interaction scoring by the SAINTq software (Teo et al. 2016) to
identify significantly-interacting proteins for GATA4 and TBX5 baits. Default parameters for both
softwares were used except where indicated here: To create the GATA4 interactome, | analyzed
at the protein level and select proteins that interact at a BFDR cutoff of <0.001; to create the
TBX5 interactome, | analyzed at the peptide level and selected those that interact at a BFDR
cutoff of <0.05. Intensity data from the control (knockout) cell lines was normalized per SAINTq
configuration options such that the average total intensity in each bait purification was equal to
the average total intensity across the control experiments.

To focus on transcriptionally-relevant interactions, | additionally filtered proteins by those

that appear in the nuclear compartment, those that are expressed at detectable levels in at least
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one of the same cell types as the bait, and proteins whose gene expression was significantly
lower in the control line but did not have a greater than 0.5 log-fold change drop in intensity.
Nuclear compartment: nuclear compartment genes were identified using the Cytoscape
package BIiNGO (Shannon et al. 2003; Maere, Heymans, and Kuiper 2005) with additional
manual curation from literature. Cell type co-expression: single-cell RNA-seq data from deSoysa
et al. (2019) was used to determine if an interaction was likely to occur, given co-expression in
the same cell type. Briefly, seven cell type populations were selected from mesoderm and
neural crest cells in the developing heart (multipotent Isl1+ progenitors, endothelial or
endocardial cells, epicardium, myocardium, neural crest-derived mesenchyme, paraxial
mesoderm and lateral plate mesoderm) (de Soysa et al. 2019). A bait protein was considered to
be expressed in one of these cell types if the transcripts per million (tpm) for the bait gene were
greater than 0.05 tpm. Prey proteins were considered to be potentially physiologically relevant
interactors if they were detected at any level in one of the same cell types as the bait.
Controlling for differential gene expression: protein hits that were considered likely
false positives based on lower expression in the control cell lines, without concomitant reduction
in protein intensity, were removed from the interactome list. This is intended to control for genes
that are expressed less in the controls due to bait knockout, but whose APMS protein intensities
do not change (suggesting the protein pulled down was background rather than an interactor).
Significant differential gene expression was determined in R using the edgeR package
(Robinson et al., 2010); normalized protein intensities were averaged in all control experiments
and bait experiments. Proteins with significantly reduced expression in control (FDR < 0.05) with

less than a 0.5 log-fold change drop in intensity were not considered to be interactors.

2.5.2: Gene expression tissue distribution and specificity
| used the categories for gene expression tissue distribution and tissue specificity

defined by the Tissue Atlas within the Human Protein Atlas to classify interactome gene groups
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(https://www.proteinatlas.org/humanproteome/tissue/tissue+specific). These classifications are
based on transcriptomics analysis across all major organs and tissue types in the human body,
where all putative 19670 protein coding genes have been classified with regard to abundance
and distribution of transcribed mMRNA molecules (Uhlén et al. 2015).
Specificity illustrates the number of genes with elevated or non-elevated expression.
Elevated expression includes three sub-category types:
e Tissue enriched: At least four-fold higher mRNA level in a particular tissue compared to
any other tissues.
e Group enriched: At least four-fold higher average mRNA level in a group of 2-5 tissues
compared to any other tissue.
e Tissue enhanced: At least four-fold higher mRNA level in a particular tissue compared to
the average level in all other tissues.
Distribution, on the other hand, visualizes how many genes that do or do not have detectable
levels (tpm = 1) of transcribed MRNA molecules. Elevated genes are categorized as:
e Detected in single: Detected in a single tissue
e Detected in some: Detected in more than one but less than one third of tissues
e Detected in many: Detected in at least a third but not all tissues

e Detected in all: Detected in all tissues

2.5.3: Variant calling

Whole Exome Sequencing data from 2645 CHD trios and 1789 control trios was
processed as described and published in (Jin et al. 2017). We include Whole Exome
Sequencing data from 419 additional CHD trios recruited to the Pediatric Cardiac Genomics
Consortium (PCGC), processed by the HMS pipeline as described in Jin et al., 2017. | filtered
protein-coding mutations based on a Mapping Quality score > 59 and Genotype Quality > 90,

then annotated qualifying variants using ANNOVAR. De novo variants were called using the
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TrioDeNovo program (Wei et al. 2015), and accepted if the minor allele frequency (MAF) and
read-depth criteria described in Homsy et al., 2015 are met. Namely, the in-cohort MAF of the
variant must be below 4x10-4, with a minimum of 5 alternative reads and 10 total reads in the
proband, and a minimum of 10 reference reads in the parents (with a maximum alternate allele

ratio of 3.5%).

2.5.4: Permutation-based tests

Case-control permutation: | tested the adjusted odds ratio of observing a de novo
mutation in an interactome gene in CHD probands relative to controls. | ran 10,000
permutations in which case/control status was randomly shuffled to generate a null distribution
of permuted odds ratios (ORs). This was performed for protein-altering (non-synonymous) de
novo mutations, synonymous de novo mutations, and rare inherited loss-of-function mutations
(at minor allele frequency 107°) (Jin et al., 2017) on the GATA4 and TBX5 interactomes
generated from both cardiac progenitor and HEK293 APMS experiments. The raw p value for
each test is equal to the proportion of random shuffles with a permuted OR greater than or equal
to the observed OR. Raw p-values were adjusted for multiple testing using the Bonferroni
correction.

We observed that some genes appeared to have been more deeply sequenced in
control individuals, while other genes showed the opposite trend. This is not unexpected, as
control individuals in the Jin et al. dataset were sequenced for a different study and at different
institutions from PCGC individuals. Therefore, to control for regional biases in sequencing
between the case and control studies, | created an adjusted odds ratio metric that multiplies
synonymous and protein-altering variant ORs by a factor restricting the synonymous odds ratio
to 1 (null expectation). This correction was performed for the observed odds ratio and the odds
ratios calculated in each permutation of de novo variants. To determine whether this signal was

driven by already-identified CHD risk genes, | repeated the analysis after removing de novo
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variants occurring in known known Human/Mouse CHD genes (sourced from Jin et al., 2017,
Supplemental Dataset 2: 253 Curated Genes) (Jin et al.,, 2017) as well as after removing a
curated list of 144 human CHD-genes (lzarzugaza et al., 2020).

Gene set permutation: For each gene in the GT-PPI, | identified non-interactome genes
that are expressed at similar levels in WT CP cells, and have comparable mutability scores as
calculated by (Samocha et al. 2014). A gene is considered a match if its mutability score
(expected number of de novo mutations in this gene per chromosome per generation) is
equivalent when rounded to the order of one hundred-thousandth. | further filtered the list of
matches based on similarity of expression levels in WTC-11 cardiac progenitor cells, such that
the measured transcripts per million (tpm) is equivalent to the order of one one-hundredth (de
Soysa et al. 2019). For genes with fewer than 100 possible matches, we relax these
requirements by + 0.5 x 10N (where N yields the relevant order of magnitude), and remove any
genes from the analysis in the case of < 10 matches. For 1000 permutations, we permute each
interactome gene into one from its list of comparable non-interactome genes to compare the
total count of variants found in CHD cases from the GT-PPI interactome versus those across all

permuted gene-sets.

2.5.5: Characterization of CHD candidate variants and genes

All de novo variants and harboring genes observed in CHD probands and matched
controls were assessed for the following properties: CADD score, pLI score, variant degree,
CHD-gene degree, heart expression percentile rank, haploinsufficiency, and number of
mutations per kilobase. The residue-level CADD score (Rentzsch et al. 2019) estimates the
likely deleteriousness of a variant based on conservation data. pLI score indicates the predicted
loss-of-function intolerance of the gene, scaled between 0 and 1, and was sourced from
gnomAD version 2.1.1 (Karczewski et al. 2019). Similarly, haploinsufficiency predicts the

deleteriousness of having only a single functional copy of a gene. | used the predicted
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haploinsufficiency values from Huang 2010 (Huang et al. 2010). The CHD-gene degree counts
the number of protein-protein interactions that the gene shares with previously-identified CHD
risk genes, while the variant degree counts the number of protein-protein interactions shared
with other genes that had de novo variants (DNVs) in a CHD proband. These node degree
counts were normalized by the total number of connections observed in the gene, and are
based on known mammalian protein-protein interactions in iReflndex version 15.0 (Razick,
Magklaras, and Donaldson 2008). Finally, the number of mutations per kilobase measures the
number of times a de novo or rare loss of function variant was observed in a CHD proband,
normalized by the coding length of that gene. | used a Mann-Whitney U test with Bonferroni
correction to assess whether protein-altering DNVs in interactome genes differ significantly from
those in non-interactome genes with respect to these properties, as well as whether

protein-altering DNVs in cases differ from those found in controls.

2.5.6: Variant Scoring

All protein-altering de novo missense variants occurring in GT-interacting genes and
observed in CHD probands were ranked based on a series of gene-level, residue-level, and
patient-level properties. A mutations per kilobase value was determined for each gene, based
on the number of protein-altering de novo and rare loss-of-function mutations found in CHD
probands in the PCGC, normalized by the CDS length of that gene in the gnomAD database
(Karczewski et al. 2020). pLI score indicates the predicted loss-of-function intolerance of the
gene, scaled between 0 and 1 where 1 is more intolerant. pLI data was sourced from gnomAD
version 2.1.1 (Karczewski et al. 2020). CHD-gene degree, variant degree, and mutations per
kilobase values were calculated as described above based on known mammalian
protein-protein interactions in iReflndex version 15.0 (Razick, Magklaras, and Donaldson 2008)
(see 2.5.5: Characterization of CHD candidate variants and genes). Expression specificity

was calculated using data from median transcripts-per-million (tpm) as published in GTEXx
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version 8.1.1.9 (GTEx Consortium et al. 2017). Average median tpm was calculated for heart
tissues (adult atrium, adult left ventricle) and all other available tissues with the exception of
testis. The specificity score is then defined as the average tpm in heart tissues normalized by
average tpm across all tissues.

For each of these properties, the variants were ranked based on their relative scores.
Ties were resolved by taking the average value of the would-be ranks. Missing data was
imputed to the median value of the given property. Gene-level rankings (mutations per kilobase,
pLI score, CHD-gene degree, variant degree, and expression specificity) and residue-level
rankings (CADD score) were separately averaged and then summed. This average rank sum
was then additionally weighted by two factors to capture aspects of their proband-level and
protein contexts.

First, if the proband had additional mutations in other interactome genes or other
previously-identified CHD genes, we reduced the variant’s weight. Specifically, we multiply the
rank-sum score by the lowest-applicable factor if they meet any of the conditions in Table 2.2.

Table 2.2: Factors for weighting variants based on proband background genetics.

Factor | Conditions

0.75 Proband has another rare (MAF 10-5) inherited loss-of-function OR missense de
novo variant in an interactome gene OR proband has an inherited missense
damaging variant in a known CHD gene.

0.50 Proband has a predicted-damaging de novo mutation in an interactome gene or
rare inherited loss-of-function mutation in a previously-identified CHD gene

0.25 Proband has a de novo missense mutation in a previously-identified CHD gene

0.10 Proband had a de novo missense mutation in a previously-identified CHD gene,
and that variant was predicted-damaging or led to protein loss-of-function.

To summarize, the variant is down-weighted in cases where it is likely that another mutation in

the proband is causing or contributing to the CHD phenotype.
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Second, if the de novo variant leads to protein loss-of-function, or if it occurred in a
known protein domain (and therefore is suspected to interfere with protein activity), the variant

rank-sum was transmitted as-is. Otherwise, the variant’s rank-sum was multiplied by 0.5.

2.6 DATA AND SOFTWARE ACCESS

PCGC variants are available under dbGaP Study Accession: phs000571.v6.p2 for

qualifying researchers. Code is available at https://github.com/mepittman/ctf-apms.
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CHAPTER 3: A trio-based probabilistic model of variant transmission finds risk genes

and their interactions in developmental disease

Adapted from Pittman & Lee et al. 2022*, a preprint posted to biorxiv and currently under
revision. | carried out all work in this chapter save for the following contributions:
e KL. FF, and AL. generated the GATA6 and POR knock-down mouse lines and
crosses.

e M.C. performed histology analysis.
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3.1 ABSTRACT

Exome sequencing of thousands of families has revealed many risk genes for congenital
heart defects (CHD), yet most cases cannot be explained by a single causal mutation. Even
within the same family, individuals carrying a particular mutation in a known risk gene often
demonstrate variable phenotypes, indicating the presence of genetic modifiers. To explore
oligogenic causes of CHD without assessing billions of variant combinations, we developed an
efficient, simulation-based method to detect gene sets that carry co-occurring damaging variants
in probands at a higher rate than expected given parental genotypes. We implemented this
approach in software called Gene Combinations in Oligogenic Disease (GCOD) and applied it to
a cohort of 3377 CHD trios with exome sequencing. This analysis detected 353 high-confidence
risk genes in 202 pairs that have co-occurring variants in multiple probands but rarely or never
appear in combination in their unaffected parents. Stratifying analyses by specific heart
phenotypes and considering gene combinations of higher orders yielded an additional 2613
potentially-contributing genes. Genes found in oligogenic sets cluster in pathways related to
heart development and suggest new molecular disease mechanisms, such as de novo
nucleotide biosynthesis. Mouse models of the newly-identified digenic pair GATA6-POR confirm
that these genes interact to regulate heart development, and provide support for the hypothesis
that oligogenic combinations drive disease in some cases of CHD. As genome sequencing is
applied to more families and other disorders, GCOD will enable detection of increasingly large,

novel gene combinations, shedding light on combinatorial causes of genetic diseases.

3.2 BACKGROUND

Many diseases are genetically heterogeneous such that damaging variants at different
genetic loci can lead to a common phenotype (Veenstra-Vanderweele, Christian, and Cook
2004; Akhirome et al. 2017). Complex genetic architecture limits our ability to identify causal

variants and genes, despite increasingly large cohorts with exome or whole genome
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sequencing. For instance, congenital heart defects (CHD) have heritability estimates of 70-90%
(Cripe et al. 2004; McBride et al. 2005; Hinton et al. 2007; Pierpont et al. 2018), but just 8% of
probands have a damaging variant in a known CHD gene that is not shared by an unaffected
family member (Jin et al. 2017). This indicates that although most defects can be explained in
large part by patient genetics, our current knowledge is insufficient to pinpoint the full genetic
origin and mechanism of most individual cases. Some unexplained cases presumably involve
damaging variants in non-coding regions, where consequences are less straightforward than
amino acid substitution in a protein (Ellingford et al. 2022). Others are likely caused by
damaging variants in cryptic risk genes. Some of these genes remain undiscovered due to the
incomplete penetrance of damaging variants found within them, which reduces our statistical
power to detect them; at the same time, previously-identified risk genes and variants may
themselves exhibit variable expressivity such that carriers differ in the presence and severity of
disease symptoms (Parker and Landstrom 2021; Kingdom and Wright 2022).

A potential explanation for these phenomena is oligogenic inheritance, or a type of
inheritance in which a few variants are required in combination to cause a particular phenotype
(Kousi and Katsanis 2015). For example, an unaffected father may carry a variant that is
tolerated in most genetic backgrounds, and is therefore unlikely to be considered a candidate
for causing disease; however, if that variant is transmitted to a child along with a de novo or
maternally-derived damaging allele in the same or a related gene, this could destabilize key
pathways and cause disease where the single variant would not.

Previous work has validated an instance of oligogenic inheritance in CHD (Priest et al.
2016; Gifford et al. 2019), as well as speculated a role for oligogenic inheritance in other
developmental disorders like autism spectrum disorder (ASD) (Schaaf et al. 2011; Wenger et al.
2016). While these studies yielded mechanistic insights into specific gene and variant
combinations, they relied on known risk genes and existing functional information to propose

testable hypotheses. Alternatively, one could enumerate and prioritize all damaging variant
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combinations in an automated and statistically rigorous manner. But this strategy is complicated
by combinatorial explosion: given that each human genome typically contains 40,000 to 200,000
variants at <0.5% minor allele frequency (MAF) (1000 Genomes Project Consortium et al.
2015), an analysis of all possible rare variant pairs yields between 8 billion to nearly 20 trillion
combinations per individual.

Nevertheless, there are existing methods that scan the genome for possible oligogenic
disease combinations. ORVAL accepts a list of variants as input, and uses gene annotations to
assess their potential for oligogenic combinations (Renaux et al. 2019). However, this tool only
offers qualitative hypotheses for a single individual, which limits applicability across probands. In
contrast, the Digenic method reduces the combinatorial search space by aggregating rare
variants at the gene level and assesses the statistical significance of each gene pair based on
its prevalence in a disease cohort (Kerner et al. 2020), but this method is limited to oligogenic
combinations of only two genes (“digenic”). Another recent advance in the field is RareComb
(Pounraja and Girirajan 2022), an algorithm that tests for greater frequency of gene
combinations in cases compared to controls. However, neither of these computational methods
incorporate parental sequencing data, which are especially useful in reducing false positives for
simplex families in which an affected proband is born to unaffected parents (Ewens 1999). It
logically follows that the highest-effect causal variants are likely transmitted separately from
each parent or include at least one de novo mutation; thus, incorporating parental transmission
data is potentially a powerful tool to reduce false positives, increase confidence in the
phenotypic relevance of variants, and correct for population structure.

To address this gap, we developed the tool Gene Combinations in Oligogenic Disease
(GCOD), an algorithmic framework that uses simulation experiments to identify disease gene
sets that carry rare damaging variants significantly more often than expected given parental
genotypes. GCOD automatically assesses every digenic pair observed in multiple probands, as

well as sets of three, four, or more genes where applied. Filtering based on information from
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unaffected parents limits the number of gene sets tested, which increases statistical power and
accelerates computation. Applying GCOD to exome sequencing from families with CHD, we
identified potential novel risk genes, variant combinations, and pathways in disease. These
results expand candidate causal mechanisms in developmental phenotypes and provide

evidence that oligogenic combinations of high-effect variants are potentially causal in CHD.

3.3 RESULTS
3.3.1 Computational identification of pathogenic gene sets

We developed an algorithm to predict pathogenic gene sets using exome or whole
genome sequencing data and implemented it in software we called GCOD. The method
involves four steps (Figure 3.1): select variants of interest based on constraint or other criteria,
enumerate sets of genes with co-occurring variants, count their observed frequency across
probands, and evaluate the statistical significance of these counts given the parental genotypes.
An optional fifth step repeats the process for healthy siblings or pseudo-siblings (Yu and Deng
2011) as a control. GCOD can be viewed as an extension of the Transmission Disequilibrium
Test (TDT) in which the unit being tested is an observed co-occurrence of variants in a group of
genes, rather than observed transmissions at a single locus (Spielman, McGinnis, and Ewens
1993) or within a single gene (He et al. 2017). GCOD also differs from the TDT in its use of a
nonparametric simulation to assess significance rather than a chi-squared statistic, allowing us
to detect rare gene combinations with very few expected observations and without making
assumptions about the underlying data. Details and options for each step of GCOD follow.

First, users provide a list of damaging variants meeting some criteria of interest from
each individual in the dataset (Figure 3.1, A). GCOD then enumerates all combinations of
genes that contain co-occurring damaging variants in each proband (Figure 3.1, B), retaining

only those combinations observed in multiple families (referred to as “candidate sets”). By
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Figure 3.1: The GCOD approach to identify sets of genes that interact in oligogenic
disease. (A) Users submit a list of variants of interest, or define criteria for some level of “rare”
or “predicted damaging.” These variants are summarized in two binary gene-by-trio matrices
that denote whether at least one damaging allele was present in each of the maternal and
paternal genomes, as well as an offspring matrix (B, right) that encodes damaging variant
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presence and inheritance. The variant(s) in each gene can be only maternally-derived, only
paternally-derived, compound heterozygous, or de novo. GCOD enumerates the candidate sets
of genes for which variants occur in multiple probands (B, left), by default only including
combinations not transmitted from a single parent (i.e. the provenance of the variant
combination in the offspring includes either paternal+maternal, de novo+[*], or compound
heterozygous+[*]). (C) A user-defined number of simulations are performed for each pair of
parents; each variant has a 50% chance of being passed to the simulated offspring, and each
gene has a pre-defined per-chromosome probability of de novo mutation (Samocha et al. 2014).
This yields a distribution of simulated carriers for each candidate set. (D) For a given candidate
set, the simulated distribution is compared to the observed number of oligogenic transmissions
in probands to compute a p-value.

changing the definition of damaging, different scenarios can be explored, from small gene sets
with very rare co-occurring variants of high impact to larger gene sets that include small-effect,
possibly-damaging variants that could modify the effects of other primary disease-causing
variant(s) or otherwise contribute to a polygenic signal.

We designed GCOD to automatically consider three tiers of variant severity (Table 3.1),
defined by residue-level characteristics such as minor allele frequency (MAF) and CADD score
(Rentzsch et al. 2019), gene-level cutoffs for gnomAD observed-expected z-score (Karczewski
et al. 2020), as well as gene shet score (Cassa et al. 2017) and minimum expression level in
relevant cell types (J. Cao et al. 2020). The variant severity tiers are nested such that more

severe variants are included in each of the decreasingly strict tiers.

Table 3.1: Thresholds for the default three tiers of variant severity.

Strict Base-damaging Base
MAF upper bound 0.01 0.05 0.05
Variant types included |-de novo -de novo -de novo
-loss-of-function -loss-of-function -loss-of-function
-missense -missense damaging [-missense damaging
damaging -missense
Constraint (variants CADD Phred > 15 |CADD Phred > 10 or |CADD Phred > 10 or
meet at least one or S-het > 0.25 or S-het > 0.25 or
condition) S-het> 0.4 or Mis-z or lof-z score > |Mis-z or lof-z score >
Mis-z or lof-z score (1.5 1.5
>2.5
Gene expression TPM > 0.5 TPM > 0.5 NA
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By default, a candidate gene set is only considered in a particular proband if the
qualifying variants were derived from at least two sources (that is, “oligogenic transmission”
where a healthy parent did not also carry that same combination of variants), though users can
remove this requirement. The count of observed oligogenic transmissions comprise the test
statistic, which is compared against the null distribution of counts over thousands of simulations
for an empirically-derived p-value.

To reduce the number of tested hypotheses and the multiple testing correction burden
where possible, we implemented an algorithm that begins with digenic pairs and merges these
up to the “highest-order” set, defined as the largest unique candidate set observed in two or
more probands. Lower-order combinations are added to the analysis if an additional proband
harbors this candidate set and not of any larger sets. For example, two probands carrying
damaging variants in seven genes share 21 unique gene pairs, 35 unique gene trios and
quartets, 21 unique gene pentads, and so on (Figure 3.2, Methods: Highest-order gene set
enumeration). If no other probands carry co-occurring variants in the set, GCOD tests only the
seven-gene set and none of the 119 lower-order combinations. If a third proband were to carry
one of the gene pairs but none of the higher-order candidate sets, the pair (with a count of
three) is tested along with the seven-gene set (with a count of two). This algorithm produces a
co-occurrence count for each highest-order candidate set, recursively checking for additional

transmissions at each level descending to pairs.
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Figure 3.2: Unique combinations of a seven-gene group. If a proband pair shares seven

genes with candidate variant hits, there are 21 unique gene pairs, 35 unique gene trios, and so
on. The highest-order groups in this hypothetical scenario only include the one seven-gene
group to test. Additional lower-order combinations are only considered if a third proband also
harbors candidate variants within those genes.

In the third step, GCOD performs simulations based on parental genotypes to assess the
statistical significance of the candidate set co-occurrence counts (Figure 3.1, C). The goal of
the simulations is to estimate the distribution of oligogenic co-occurrences expected by chance
assuming no transmission disequilibrium between the gene group and disease.

In each iteration, one hypothetical offspring is simulated for each parental pair as follows.
Damaging parental variants have a 50% chance of being passed to the simulated offspring. We
treat variants independently and do not model linkage disequilibrium because GCOD records
the presence/absence of a damaging variant in a gene (rather than the number of variants per
gene), and given that linkage disequilibrium decays by 70 kilobases in most regions of the
human genome, genes are very rarely in the same LD block (Bosch et al. 2009). Additionally,
variants must be derived from at least two sources such that a candidate set is unlikely to be
entirely inherited as a single LD block (i.e., a variant from the other parent or mutated de novo
must have been observed). After simulating inherited variants, GCOD simulates de novo

variants using previous estimates of per-gene de novo mutation probabilities (Samocha et al.

2014). Here we use the term “oligogenic transmission” to describe an event in which a variant

71


https://paperpile.com/c/x3BLEj/hmsK
https://paperpile.com/c/x3BLEj/7M3i
https://paperpile.com/c/x3BLEj/7M3i

combination occurs in the offspring that was not seen in either parent, i.e. comprises at least
one variant from each parent and/or a de novo mutation.

For each simulated cohort, we tally the number of times a given gene set was
transmitted with oligogenic inheritance across simulated offspring. Repeating over many
iterations generates a null distribution of oligogenic transmissions against which we compare
the observed number in actual probands in the fourth step. We calculate the probability of no
over-transmission for each candidate gene set as the proportion of iterations with a simulated
count equal to or greater than the number of probands (Figure 3.1, D). GCOD returns the full
list of candidate sets along with the p-values associated with their transmission to probands
(unadjusted, Benjamini-Hochberg corrected, and Bonferroni corrected).

In an optional fifth step, GCOD repeats this entire procedure for sibling controls. If
healthy siblings have been sequenced, these may be used. Otherwise, GCOD generates a
genotype for a pseudo-sibling of each proband, a hypothetical sibling who has inherited the
parental alleles that were not transmitted to the affected individual (Yu and Deng 2011) (Figure
3.3). Siblings, unlike pseudo-siblings, carry some variants inherited by the proband. They also
can be assessed for the phenotype, whereas pseudo-siblings cannot. Siblings without a
diagnosis and pseudo-siblings are typically presumed to be unaffected, though this is not always
true; siblings must be deeply phenotyped past the typical age of onset to rule out disease, and
pseudo-siblings have unknown phenotypes. Hence, it can be helpful to use both when sibling
data is available and to interpret results with this caveat in mind. Collectively, the sibling controls
serve several purposes. Significant candidate sets from probands can be filtered to exclude any
that also appear in (pseudo-)siblings. A comparison of the number of significant sets for
probands versus (pseudo-)siblings can also be used to assess overall evidence that a
phenotype is likely oligogenic, where probands would be expected to carry more
over-transmitted gene sets than (pseudo-)siblings. Finally, the types of genes in significant sets

can be compared between probands and (pseudo-)siblings, for example, using gene set

72


https://paperpile.com/c/x3BLEj/3BIs

enrichment, pathway analysis, or literature review. These analyses help to refine and prioritize
significant sets from step three. We refer to the resulting statistically significant gene sets as

“oligogenic sets”.

A
R
. e

v
Proband Paired
genotype pseudosibling
Figure 3.3: Pseudo-sibling creation. For each input variant locus, the pseudo-sibling inherits
the alleles that were not transmitted to the observed proband.
3.3.2 CHD probands carry more oligogenic gene sets than familial controls
To discover oligogenic disease genes for CHD, we applied GCOD to whole exome
sequencing data from 3377 trios in the Pediatric Cardiac Genomics Consortium (PCGC)
(Pediatric Cardiac Genomics Consortium et al. 2013; Hoang et al. 2018; Morton et al. 2021). In
each family, the PCGC generated exome variants for two asymptomatic parents and an affected
child. We used parental data to compute pseudo-sibling genotypes for each trio (Yu and Deng
2011) (Figure 3.3). We ran GCOD at three tiers of variant severity (Table 3.1): the Strict tier
which includes only very rare mutations with a high probability of impairing protein function, plus
two more lenient tiers of variant severity (Base-damaging and Base). Only oligogenic

transmissions of a variant set were considered. To reduce false positives caused by a single

driver gene with spurious co-transmitted partners, we additionally filtered oligogenic sets to
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those with a logistic regression interaction coefficient greater than 1.0 (Methods: Logistic
regression). In short, this step aims to restrict our analysis to sets in which a higher proportion
of individuals with damaging mutations in the full oligogenic set have CHD compared to
individuals with damaging mutations in each gene separately.

The GCOD approach revealed 202 oligogenic gene pairs comprising 353 CHD risk
genes at the Strict and Base-damaging tiers. At each variant tier, we identified more oligogenic
gene pairs in CHD probands compared to their pseudo-siblings (Figure 3.4, A). These
differences were all statistically significant (Binomial p < 1.4x10-23). At the Strict tier, for
example, we found 179 gene pairs significantly over-transmitted to probands, compared to just
38 gene pairs over-transmitted to their pseudo-siblings (Bonferroni-adjusted p < 0.05) (Table
3.2). A similar nearly 5-fold enrichment was seen at the Base-damaging tier. Oligogenic pairs
are present in a substantial number of probands, with 9.2% of PCGC probands carrying at least
one pair even at the Strict tier. Together these results provide new evidence that oligogenic
inheritance plays a role in the etiology of some CHD cases.

As expected, the number of oligogenic pairs increased with more lenient definitions of
damaging variants for both probands and pseudo-siblings (Table 3.2), with the Base tier yielding
22515 oligogenic pairs in probands (versus 2783 in pseudo-siblings). This many significant
gene pairs means that 96.6% of probands carry at least one oligogenic pair at the Base tier.
These gene pairs likely comprise a more diffuse polygenic risk compared to the 179 pairs at the
Strict tier, which may play a more central role in the disease of the 312 probands who carry
them. We therefore focus the subsequent analyses on the oligogenic sets from the Strict and
Base-damaging tiers, which are expected to have larger pathogenic effects per occurrence.

We next computed the highest-order gene sets shared among PCGC probands using

Strict and Base-damaging variants (Methods: Highest-order gene sets). Highest-order sets
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Table 3.2: GCOD counts of significantly over-transmitted oligogenic pairs and genes,

categorized by membership to the list of curated human/mouse CHD genes in Jin et al. 2017.

N unknown
genes in Number
N Oligogenic N (% of Number of CHD
Oligo- Pairs cohort) that of known
Disease genic (N Total carry at least Single Single
Tier Status Pairs Genes) one pair Genes Genes
295 312
Proband 179 (317) (9.2%) 133 8
Pseudo- 70 79
Strict sibling 38 (70) (2.3%) 0 0
312 328
Proband 189 (334) (9.7%) 136 12
Base-
dama Pseudo- 70 76
ging sibling 38 (71) (2.2%) 0 0
3279
Proband 22515 7627 (7782) (96.9%) 363 10
Pseudo- 1693
Base sibling 1893 2498 (2541) (50.1%) 51 0

ranged from groups of two genes to groups of twelve genes for both probands and
pseudo-siblings. As with gene pairs, we find a significantly greater count of over-transmitted
sets in probands compared to pseudo-siblings (both binomial p <1 x 10", Figure 3.4, B). The
highest-order oligogenic sets at the Base-damaging and Strict level yield an additional 1662
potential contributing risk genes.

We next investigated whether the oligogenic pairs identified in PCGC probands include
any CHD genes that were not found in smaller datasets and single-gene tests. First, we
annotated which oligogenic sets contained one or more of the 253 curated human or mouse
CHD genes reported by Jin et al. 2017. While 18% of Base-damaging and Strict proband
oligogenic pairs contain at least one of these CHD genes, the vast majority of risk genes

captured by GCOD were not previously known (312 of 353 genes, Table 3.2).
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Figure 3.4: Counts of significant oligogenic groups among CHD probands (pink) and
pseudo-siblings (blue) at each tier of variant severity. (A) Counts of digenic pairs. (B) Counts of
highest-order gene sets. Note that computing highest-order interactions at the Base tier was
infeasible.

Next, we directly assessed the additional genes discovered by testing pairs versus single
genes within the GCOD simulation framework (Methods: Single-gene transmission
simulation test). This analysis is distinct from using known CHD genes, because prior studies
used a variety of statistical tests, cohorts, and sample sizes. GCOD detects about a third as
many genes in single-gene mode compared to testing oligogenic pairs at the Strict and
Base-damaging tiers, and this difference is even more pronounced at the Base tier. In all tiers,
fewer known CHD genes are detected in single-gene mode compared to when oligogenic sets
are run. These findings underscore the additional signal GCOD is able to capture by considering

oligogenic transmissions.

3.3.3 Genes in proband oligogenic sets are found together in canonical cardiac gene sets
We have so far shown that proband cohorts have a greater number of oligogenic gene
sets, and that these sets are enriched for known CHD risk genes. To test whether the CHD

oligogenic pairs identified by GCOD comprise phenotype-relevant genes, we performed a Gene
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Ontology (GO) analysis. Strict tier oligogenic genes were enriched for many GO terms related to
heart development, such as “atrioventricular canal development” and “cardiac atrium
morphogenesis” (Figure 3.5). In contrast, no GO terms were enriched in pseudo-sibling genes
at the Strict or Base-damaging tiers. We therefore conclude that genes comprising proband
oligogenic pairs are relevant to CHD, and genes over-transmitted to pseudo-siblings are largely
false positives unrelated to any particular phenotype, confirming their utility as controls.

The aforementioned analysis combines oligogenic sets to find common functions among
all putative risk genes. We further hypothesized that genes within the same disease-associated
oligogenic set would share functional annotations and also co-occur in pathways and protein
complexes. To test this, we calculated the odds of an oligogenic combination being found in a
proband and co-occurring in a Molecular Signatures Database (MSigDB) ontology gene set
(Liberzon et al. 2015), and found a significant association for the combined GO collections
(odds ratio = 1.6, Fisher exact p = 2.2e-33) and for the Human Phenotype Ontology (Kéhler et
al. 2021) collections related to the heart (odds ratio = 3.8, Fisher exact p = 3.5e-12). A similar
enrichment was observed for the PCNet composite database of gene-gene interaction
networks (S.-Y. Cao et al. 2021) (odds ratio = 1.8, Fisher exact p = 4.8e-05). These results
indicate that the genes comprising CHD oligogenic pairs in the PCGC cohort are functionally
associated, perhaps indicating that the interaction of their gene products is necessary for shared
functions in the context of disease pathogenesis.

In summary, we have enumerated gene sets for which multiple CHD probands inherited
an oligogenic combination of variants, and tested whether each gene set was transmitted
together more often than expected. We showed that the genes in the resulting oligogenic sets
are enriched for heart development functions and tend to occur together in canonical gene
networks. By leveraging rare variation from separate sources (two parents or inherited plus de
novo), GCOD captures additional known and putative disease genes that other rare variant

aggregation methods do not.
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Figure 3.5: Top 15 GO terms with highest fold enrichment and 15 GO terms with lowest FDR for
genes in Strict oligogenic pairs (total 27 terms: “Potassium:chloride symporter activity”, “Sensory
perception of light stimulus”, and “Atrioventricular canal development” are among the top
categories for both fold enrichment and FDR significance.)

3.3.4 Novel risk genes and interactions in CHD

While up to this point we have analyzed oligogenic transmission frequency across the
entirety of the exomes of the 3382 trios in the PCGC, these probands have been diagnosed with
myriad distinct diagnoses. To explore the possibility that similar phenotypes are caused by more
similar genetic etiology, we selected five diagnoses with relatively consistent phenotypic criteria
(Table 3.3): Ebstein’s anomaly, pulmonary atresia with intact ventricular septum (PA-IVS),

truncus arteriosus, tetralogy of Fallot, and hypoplastic left heart syndrome (HLHS). HLHS with
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mitral atresia and aortic atresia (HLHS-MA-AA) or mitral stenosis and aortic atresia

(HLHS-MS-AA) were also analyzed separately. We hypothesized that these smaller analyses

might have improved power to detect oligogenic sets that are specific to one or a few diagnoses

but do not replicate in the entire cohort.

Table 3.3. Description of CHD sub-diagnoses and sample counts of patients analyzed.

Proband Count

CHD diagnosis

(989)
Hypoplastic Left Heart
Syndrome (HLHS) - all 427
subtypes
HLHS - mitral atresia
and aortic atresia 104
(HLHS-MA-AA)
HLHS - mitral stenosis
and aortic atresia 41
(HLHS-MS-AA)
Truncus Arteriosus
(TA) 240
Tetralogy of Fallot 202

Pulmonary Atresia,
intact ventricular 66
septum (PA-IVS)

Ebstein’s anomaly 54

Description

The left ventricle is underdeveloped and too
small, often with mitral and aortic valve atresia
(absence of opening) or stenosis (narrowing).

A severe form of HLHS accompanied by atresia
of both mitral and aortic valves.

A rare version of HLHS characterized by atresia
of the aortic valve, while the mitral valve opens
but is narrowed.

The aorta and pulmonary artery fail to separate
completely during development and the
corresponding conotruncal ventricular septum
does not form (ventricular septal defect).

Tetralogy of Fallot comprises four co-occurring
defects: ventricular septal defect, pulmonary
valve stenosis, an aorta displaced over the
ventricular septum, and increased muscle mass
(hypertrophy) of the right ventricle.

Atresia of the pulmonary valve, with an intact
ventricular septum (no ventricular septal defect).

A displacement of the tricuspid valve into the
right ventricle that often leads to valve
regurgitation and right ventricular dysfunction.
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Counts of oligogenic sets including digenic pairs and highest-order sets in phenotypically
similar sub-groups corroborated our finding from the full PCGC cohort that probands harbor
significantly more oligogenic sets compared to pseudo-siblings. Many of these sets were found
in the broader PCGC as a whole, but we find 160, 181, and 7960 additional diagnosis-specific
oligogenic sets at the Strict, Base-damaging, and Base tiers respectively. Many of these were
found in the largest diagnostic categories, like HLHS (all subtypes) and Tetralogy of Fallot.
However, even at the Strict level we detect the oligogenic pair CAPN9-MGA, a rare combination
which was transmitted to two of just 66 individuals with PA-IVS. MGA's role as a transcription
factor in cell differentiation, and CAPN9’s known association with Noonan syndrome

We cross-referenced canonical protein complexes sourced from the CORUM database
(Giurgiu et al. 2019) with our oligogenic sets from all of PCGC and from separate diagnoses,
finding 34 proband oligogenic sets in which two or more genes physically interact. For example,
the products of the CREBBP and EP300 genes participate in the p300-CBP-p270-SWI/SNF
complex, which regulates histone acetyltransferase activity during development (Chan and La
Thangue 2001). Variants in these genes were transmitted oligogenically to two individuals in
combination with the COL6A3 gene (COL6A3-CREBBP-EP300, 2 probands, p = 0.016). These
three genes were also over-transmitted independently with other genes, which led to the
discovery of a network of interconnected oligogenic sets that collectively harbor multiple hits to
three complexes: p300-CBP-p270-SWI/SNF, AML1-HIPK2-p300, and the pRb2/p130-

multimolecular complex (Figure 3.6, A).
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Figure 3.6: Interconnected oligogenic network of protein complex genes. (A) Network
visualization of genes in oligogenic sets containing one or more of the genes coding for
members of AML1-HIPK2-p300 complex, p300-CBP-p270-SWI/SNF complex, or
pRb2/p130-multimolecular complex. Node colors represent functional annotations and edge
width indicates the number of probands with co-occurring mutations in each gene pair. Note that
the edges can include observations that were inherited from a single parent (non-oligogenic
transmission) if the gene pair is part of a higher-order oligogenic set. Non-annotated edges
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represent a co-occurrence count of two probands. (B) Variant inheritance matrix for genes in
(A). Columns indicate genes, and rows indicate probands that harbor damaging mutations in
each gene. Cell color represents a proband’s inheritance of variant(s) in the specified gene
column: blue if the proband does not carry a damaging mutation in that gene; green, orange,
and pink for mother, father, and both parents respectively; and gold for de novo mutations.
Multiple probands sharing a diagnostic category are indicated by black boxes.

EP300 co-occurs with RUNX1 in the AML1-HIPK2-p300 complex, and although the
digenic pair is observed in one unaffected parent, the highest-order oligogenic set including
MYQO9A from an alternate source is only observed in CHD probands, both diagnosed with
pulmonary stenosis (Figure 3.6, B; EP300-MYO9A-RAD54L2-RUNX1, 2 probands, p<0.0001).
RUNX1 phosphorylates EP300 and CREBBP to activate acetyltransferase activity (Aikawa et al.
2006). The co-occurrence of multiple combinations of transcriptional regulators and chromatin
modifiers suggests that they interact in gene regulatory networks that are necessary for normal
heart development. Genes not annotated with these functions, such as COL6A3 and MYQ9A,
could be target genes or have upstream or downstream regulatory functions. For example, the
fibrillar collagen gene COL6A3 has a role in TGFB signaling as previously characterized in
cancers (Huang et al. 2018; Dankel et al. 2020). Given the involvement of TGFf signaling in
epithelial-mesenchymal transformations in cardiovascular development (Azhar et al. 2003) and
its coactivation by CBP/p300 (Janknecht, Wells, and Hunter 1998), co-occurring mutations in
COL6A3, CREBBP, and EP300 are likely pathogenic due to perturbation of this pathway.

Notably, twelve probands carried predicted-damaging variants in both the MYO18B gene
and the SACS gene, which encode for the myosin-18B and sacsin proteins respectively (Figure
3.7, A). Ten of these observations were oligogenic transmissions in which the variants did not
co-occur in an unaffected parent. The other two probands inherited MYO18B-SACS from their
respective mothers, but additionally inherited mutations in KCNH6 from the fathers (Figure 3.7,
B). We conclude that there is an underappreciated role for the SACS gene in heart
development, likely related to the organization and activity of the cytoskeleton. This is consistent

with previous research indicating that sacsin regulates filament assembly, though this was
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determined in neurofilaments (Gentil et al. 2019). The SACS protein also acts as a chaperone in

the binding of LRP1B (Marschang et al. 2004).
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Figure 3.7: Interconnected oligogenic sets centered on the MYO18B-SACS digenic pair. (A)
Network visualization of interconnected oligogenic sets, centered on the MYO18B-SACS
digenic pair. Genes annotated with ontology terms related to cytoskeleton activity and cellular
component organization are indicated in green and pink respectively. (B) Variant inheritance
matrix for genes in (A). Columns indicate genes, and rows indicate probands that harbor

83


https://paperpile.com/c/x3BLEj/epqp
https://paperpile.com/c/x3BLEj/HwGV

damaging mutations in each gene. Cell color represents a proband’s inheritance of variant(s) in
the specified gene column: blue if the proband does not carry a damaging mutation in that gene;
green, orange, and pink for mother, father, and both parents respectively; and gold for de novo
mutations. Multiple probands sharing a diagnostic category are indicated by black boxes.

LRP1B was found to be significantly over-transmitted with SACS at the Base tier of
variant severity (4 probands, p < 0.0001). Furthermore, oligogenic transmission of LRP1B
variants with both MYH6 and SRCAP variants at the Strict tier was observed in three families.
SRCAP is the Snf2-related CREBBP activator protein, and is known to be involved in histone
modification and oxidative metabolism during prenatal heart development (Xu et al. 2021), and
MYHG6 is a major component in the thick filaments of the sarcomere (Mahdavi, Periasamy, and
Nadal-Ginard 1982; Warkman et al. 2012). Oligogenic transmission of Base-damaging/Strict
variants in the MYHB6-SRCAP pair itself occurred in nine CHD probands (p < 0.0001). Other
potential genetic modifiers of this interaction include the oxidase DUOX1 (transmitted with
MYHG6-SRCAP in 4 of 9 probands) and the membrane-repair gene DYSF (2 of 9 probands). This
result suggests a genetic interaction of cell membrane proteins like LRP1B and its chaperone

SACS with genes involved in cell motility and oxidative metabolism.

3.3.5 Compound heterozygous knockdown of GATA6 and POR increase incidence of
cardiac defects and early death in mice

A digenic pair of particular interest was that of GATA6 and POR, which was improbably
found in three probands (Figure 3.8, A) all with truncus arteriosus (TA), a defect of the outflow
tract in which the pulmonary artery and the aorta fail to separate (Hutson and Kirby 2007; Keyte
and Hutson 2012). TA pathology is consistent with malfunction of normal neural crest cell
migration during formation of the outflow tract (Neeb et al. 2013). The transcription factor GATA6
has been shown to play a role in regulating the formation of the cardiac outflow tract
(Koutsourakis et al. 1999); specifically, the conditional deletion of GATA6 in neural crest-derived

smooth muscle recapitulates several heart malformations, including persistent truncus
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arteriosus and double-outlet right ventricle (Lepore et al. 2006). While a few human
polymorphisms associated with heart defects have been found in the GATA6 gene (Maitra et al.
2010), we found instances of predicted-damaging GATA6 mutations in unaffected parents in the
PCGC dataset, and such mutations are not rare among public datasets (Karczewski et al.
2020). Therefore a single mutated copy of GATAG6 is not a fully penetrant cause of CHD.

Its digenic counterpart, P450 oxidoreductase (POR), transports electrons from NADPH
to the cytochrome P450 enzymes. POR null mice die during fetal development (Shen, O’Leary,
and Kasper 2002; Otto et al. 2003), and severe POR mutations A287P (in European ancestry)
and R457H (in Japanese ancestry) cause the Antley-Bixler skeletal malformation syndrome
(ABS) (Miller et al. 2011). Heart defects occur in 21% of ABS cases (Oh et al. 2017), suggesting
an as-yet-unrecognized role for POR in heart development. Given its role in retinoic acid
metabolism (Zlotnik et al. 2022), and the importance of RA signaling in outflow tract and neural
crest formation (Li, Pashmforoush, and Sucov 2010; Keyte and Hutson 2012), we hypothesize
that POR’s interaction with GATA6 is necessary for normal heart development, and the

compound damaging mutations found in these patients’ genomes caused or contributed to their

TA symptoms.

O Female 1-2568 1-4280 1-9834 ( De novo GATA6 )

I:I Male »% J Inhented POR

1 -02568 1-04280 1 -09834 1 -2980
¥ ¥
|Truncus Arterlosus| |Atr|a| Septal Defects

GATA6  Gly441X Arg456Gly Tyr235Ser

POR » Glu300Lys Arg636Gin Pro284Thr

rs11540674 rs782011186 rs72557937

Figure 3.8: GATAG de novo variants in CHD patients. (A): Trio pedigrees for TA probands with a
GATA6 de novo mutation. All three TA patients also carry a predicted-damaging inherited
mutation in POR. (B) Four CHD patients carry a de novo GATA6 mutation (green box), but the
more severe TA phenotype is limited to individuals also carrying a POR mutation (orange).
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Interestingly, another proband in the PCGC carries a GATA6 de novo mutation without a
damaging POR variant, but this individual presented with atrial septal defects instead of the
more severe TA phenotype (Figure 3.8, B). We therefore investigated whether compound
heterozygosity of GATA6 and POR knockdown leads to heart defects more often or more
severely than just GATAG6 or just POR knockdown, indicating a genetic interaction between the
two genes during heart development. To evaluate the in vivo functional consequence of the
individual and combined heterozygotic loss of these genes, we created transgenic heterozygous
knockdown mouse lines (C57BL/6J background), then crossed them to examine the effects of
GATAG6 and POR knockdown individually and in combination.

Gata6-/+ Por-/+ compound heterozygous mice were born below Mendelian ratios (5
observed, 8 expected) though this is not a statistically significant finding. Notably, compound
knockdown mice experienced atrial- and ventricular-septal defects at a rate of approximately
50% (n = 17, Figure 3.9, Table 3.4), compared with the WT, single-hit Gata6-/+, and single-hit
Por-/+ mice that experienced no clear defects in histological analyses (n = 6, 11, and 9,

respectively).

GATAG6 -/+ Por -/+

Figure 3.9: Representative histology samples from Gata6-/+ Por-/+ compound heterozygous
mice showing VSD or ASD.
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Table 3.4: Incidence of atrial-septal defects (ASD) and ventricular-septal defects (VSD) in
GATAG6 and POR knockdown mice.

WT | Gata6 -+ | Por-+ |G2M0 7
samples # 2 4 2 5
£18.5 VSD 0 0 0 1 (20%)
ASD 0 0 0 2 (40%)
Normal | 2 (100%) | 4 (100%) | 2 (100%) | 3 (60%)
samples # 4 7 7 12
PO VSD 0 0 0 0
ASD 0 0 0 7 (58%)
Normal | 4 (100%) | 7 (100%) | 7 (100%) | 5 (41.7%)

3.4 DISCUSSION

Developmental phenotypes affecting the heart and brain have profound impacts on the
lives of patients and their families, and understanding the underlying cause in each case can
reveal additional disease risks to monitor as the patient ages to adulthood. Evidence of
oligogenic transmission of developmental disease has increased in recent years (Priest et al.
2016; Alsemari et al. 2018; Gifford et al. 2019; Mkaouar et al. 2021), necessitating a fast and
accurate method to determine gene combinations of interest from patient data. We provide a
computational framework called GCOD to test for the significance of oligogenic gene set
transmission and report 202, 1023, and 922 significantly over-transmitted oligogenic pairs in
CHD, ASD, and kidney disease respectively. These findings collectively contribute 2966 novel
potential risk genes and modifiers from 7889 unique predicted-damaging higher-order sets
across all three datasets. This software is unique compared to other recent developments in the
field of oligogenic combination detection (Kerner et al. 2020; Pounraja and Girirajan 2022)
because it uses family genotypes to limit statistical inference to gene sets with oligogenic
transmission, thereby reducing computation and increasing our power to detect true phenotype

associations.
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Given that ten percent of CHD probands carry predicted-damaging variants in an
oligogenic set, our method potentially explains the genetic underpinnings of a substantial
minority of cases with previously cryptic causal variants (Table 3.2). Experimental validation is
required to determine how many of these candidate variant sets are indeed sufficient to cause a
heart defect, or whether some level of additional background genetic risk is necessary. This is
especially key as 97% of probands also carry combinations of less damaging variants that
collectively confer some risk of CHD. Integrating a polygenic risk score approach (Wendt et al.
2020; Isgut et al. 2021) could be used to prioritize oligogenic sets that lead to disease even in
otherwise relatively low-risk genomes.

We have established the concept of the “highest-order” gene set, which allows users to
examine gene groups of three, four, and larger sets. This increases power by minimizing the
number of individual tests. Such an analysis could be computationally prohibitive, but the GCOD
algorithm efficiently leverages family sequencing data to filter out combinations seen in healthy
parents. Parental sequencing also mitigates the effects of population stratification, as gene set
significance is conditional only on variant transmission from parents to offspring, and does not
rely on relative frequencies in a population of potentially different ancestry.

Finally, our mouse model incorporating mouse crosses of Gata6 and Por compound
heterozygous knockdown shows that GCOD can identify and prioritize disease-relevant
combinations from trio data. We include the caveat that GATA6 alone might lead to disease in
some cases, given the incidence of ASD in a patient not carrying a POR mutation. Furthermore,
our mouse model did not show the expected penetrant Truncus Arteriosus phenotype, but
instead sporadic incidence of VSD and ASD. More molecular assays and experiments are
needed to understand the context of this genetic interaction, and its relationship to heart
development and TA.

Our method identified several protein complexes and functions associated with heart

development, and further expanded these canonical sets to include potentially-interacting genes
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and risk modifiers. For example, oligogenic combinations including SACS hint at key protein
interactions between the SACS filamental organizing protein with various myosin and
membrane-related gene products. Exploring the function and interactions of such gene products
could further elucidate cytoskeletal activity in the developing heart. Furthermore, genes that
appear in CHD oligogenic sets are enriched for appropriate functions like atrioventricular canal
development, as well as more novel associations like de novo pyrimidine synthesis and
perception of light stimulus. As was recently explored by (Morton et al. 2021), individuals born
with heart defects are at risk for additional complications later in life, including cancers. We
similarly hypothesize a role for known bladder cancer gene COLGA3 in CHD (Huang et al.
2018). We recover several retinitis pigmentosa risk genes, suggesting future studies to
determine if the eye health of CHD patients should be monitored as they age to adulthood.

Our simulation method to assess significance of oligogenic sets relies on having
sequencing data from enough families to observe multiple occurrences of rare gene
combinations. However, we expect that clinicians working with one or just a few family
pedigrees could make use of the first two steps of GCOD alone. Variant and gene combinations
segregating with the disease but not observed in healthy family members can be enumerated to
develop hypotheses for disease etiology where no clear Mendelian inheritance pattern exists.

GCOD as implemented here is not an exhaustive search for oligogenic sets in these
families, as it does not take into account common variants (which are expected to confer less
risk, but undoubtedly play a role in some cases). It is also important to note that kinship controls,
while offering advantages in a conservative analysis, are likely not entirely unaffected by the risk
variants they carry and may exhibit subclinical phenotypes. This is an especially important
caveat in the SFARI autism cohort, as sets were filtered to those never observed in an
unaffected sibling; however, the protein products of sibling gene sets might indeed interact and
collaboratively cause disease contingent on other factors like sex or differences in

environmental exposure between siblings.
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Since GCOD is limited to gene combinations seen in a minimum of two probands, we
recommend that users hoping to characterize individual cases of potentially oligogenic
pathogenesis use a complementary tool such as ORVAL (Renaux et al. 2019) to identify other
contributing risk genes and variants in the particular case(s) of interest. Finally, GCOD is more
sensitive to de novo variation due to the fact that an inherited event has a 50% probability of
occurring, while most de novo events are exceedingly rare; results are therefore biased towards
discovering oligogenic sets where a non-synonymous de novo variant was observed.

Overall, we have created a framework to identify combinations of genes transmitted in
CHD. We have provided researchers with these lists of prioritized, high-confidence gene and
variant combinations for high-throughput screens or more precise mechanistic experiments.
GCOD is freely available for applications to other diseases and species, in hopes of moving the
field toward a more complete understanding of gene interactions during development, and how
genetic variants combine in disease. This work is published with open access to biorxiv (Pittman

et al. 2022) and is currently under revision.

3.5 METHODS
3.5.1: Variant calling and filtering

Whole Exome Sequencing data from the 3382 CHD trios was processed as described in
Jin et al. 2017 and Morton et al. 2021. Briefly, protein-coding mutations were filtered based on a
Mapping Quality score > 59 and Genotype Quality > 90. De novo variants were called using the
TrioDeNovo program (Wei et al. 2015) and accepted if the minor allele frequency (MAF) and
read-depth criteria described in Homsy et al. 2015 are met. Namely, the in-cohort MAF of the
variant must be below 4x10-4, with a minimum of 5 alternative reads and 10 total reads in the
proband, and a minimum of 10 reference reads in the parents (with a maximum alternate allele
ratio of 3.5%). Variants in the SFARI autism cohort were called as described in Krumm et al.

2015. In addition to the criteria above, we filtered this set for inherited variants with a Genotype
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Quality Mean > 85 and plausible inheritance pattern (e.g. if a parent is 1/1 and a child is 0/0
without a de novo variant at this locus, the variant is disqualified). De novo variants for SFARI
probands and unaffected siblings were provided by lossifov et al. 2014. All variants were called
and are reported in GRCh37 coordinates.

For both datasets, we annotated variants using ANNOVAR version date 2021-06-08
(Wang, Li, and Hakonarson 2010). We restricted our analysis to variants annotated as <5%
Minor Allele Frequency (MAF) in either the gnomAD (Karczewski et al. 2020) or ExXAC
non-psychiatric (Lek et al. 2016) databases, and below an in-cohort MAF of 10%. GCOD users
can change these cutoffs where desired. Variants predicted to be damaging by at least one of
MetaSVM, FatHMM, and SIFT models were considered in the Strict and Base-damaging tiers of
variant severity (Liu et al. 2016; Rogers et al. 2017). Filtering criteria of variant severity is
specified in Supplemental Table 1. We used gnomAD observed/expected (Karczewski et al.
2020), Shet (Zhu, Zhang, and Sha 2018), CADD scores (Rentzsch et al. 2019), and a minimum
expression of tpm > 0.5 in any cardiac or brain cell type (for CHD and ASD genes, respectively)
included in the DESCARTES developmental gene expression database (J. Cao et al. 2020).
Cell types considered are listed below.

Cardiac cell types: 'Heart-Cardiomyocytes', 'Heart-CLC_IL5RA positive cells’,
'Heart-ELF3_AGBL2 positive cells', 'Heart-Endocardial cells', 'Heart-Epicardial fat cells',
'Heart-Erythroblasts', 'Heart-Lymphatic ~ endothelial cells',  'Heart-Lymphoid  cells',
'Heart-Megakaryocytes', 'Heart-Myeloid cells', 'Heart-SATB2 LRRC7 positive cells',
'Heart-Schwann cells', 'Heart-Smooth muscle cells', 'Heart-Stromal cells', 'Heart-Vascular
endothelial cells', 'Heart-Visceral neurons.'

Brain cell types: 'Cerebellum-Astrocytes', 'Cerebellum-Granule  neurons',
'‘Cerebellum-Inhibitory interneurons', 'Cerebellum-Microglia', 'Cerebellum-Oligodendrocytes',
'Cerebellum-Purkinje neurons', 'Cerebellum-SLC24A4 PEXS5L positive cells',

'Cerebellum-Unipolar  brush  cells', 'Cerebellum-Vascular endothelial cells',
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'‘Cerebrum-Astrocytes', 'Cerebrum-Excitatory neurons', 'Cerebrum-Inhibitory neurons’,
'‘Cerebrum-Limbic system neurons', 'Cerebrum-Megakaryocytes', 'Cerebrum-Microglia’,
'‘Cerebrum-Oligodendrocytes', 'Cerebrum-SKOR2_NPSR1 positive cells', 'Cerebrum-Vascular

endothelial cells."

3.5.2: Pseudo-sibling genotype generation

Pseudo-sibling genotypes were generated from the two parental alleles not transmitted
to the proband as described in Yu and Deng 2011. In the rare case in which a proband de novo
mutation occurred at a locus where a parent carried a qualifying variant, the pseudo-sibling
inherited the parental rare allele if the proband did not. De novo variants in pseudo-siblings were
randomly assigned to genes based on previously-derived protein-coding non-synonymous
(‘prot’) mutability (Samocha et al. 2014). Since all such variants are automatically included at
the Strict variant tier, GCOD does not predict specific amino acid substitutions to further qualify

the de novo variant’'s CADD, shet, or predicted-damaging status.

3.5.3: Enumeration of candidate digenic pairs

In order to efficiently enumerate gene pairs in which multiple probands harbor
co-occurring mutations meeting user criteria, we create three gene-by-family matrices where a
cell value indicates the presence of such a variant in the mother, father, and offspring. This
information is stored in compressed sparse row format. The values in maternal and paternal
matrices indicate the number of alleles each parent carries (later used to calculate the
probability of transmitting at least one of these variants across k simulations), while the values in
the proband matrix M store information about the inheritance of variants in a given gene. We
use the following key:

1 = proband harbors at least one variant in this gene; all variants were transmitted from

the mother.
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2 = proband harbors at least one variant in this gene; all variants were transmitted from
the father.

3 = proband harbors compound heterozygous variants in this gene, i.e. each parent
transmitted at least one variant in this gene.

4 = proband harbors at least one de novo variant in this gene.

Information about variant provenance is used during group enumeration and offspring
simulations to determine whether a given combination comprises an oligogenically-inherited
variant set: that is, the set of offspring variants in this gene combination are not also collectively
carried by one of the unaffected parents. Explicitly, for a gene-pair GeneA-GeneB and its
occurrence in Trio1, one of the provenance values at MTrio1, GeneA or MTrio1, GeneB must
be >2, or else MTrio1, GeneA = MTrio1, GeneB, for the observation to be counted as an
oligogenic transmission.

Gene columns in M are dropped if fewer than two probands (or siblings) carried a
mutation at or above the relevant variant criteria. For remaining genes, all possible
combinations of digenic pairs are enumerated and checked against the matrix for multiple
co-occurrences. If the provenance matrix M indicates an oligogenic transmission of a given set
of variants in a digenic pair, and this is true of at least two probands (or siblings), the gene pair

is considered a “candidate set.”

3.5.4: Highest-order gene set enumeration

We defined the concept of a “highest-order” gene set, which comprises the largest
unique candidate set observed in two or more probands (Supplemental Figure 1). To efficiently
enumerate these sets, we begin with the previously-calculated digenic pairs and the list of
offspring harboring them. A highest-order candidate set necessarily contains at least one
qualifying digenic pair; therefore we reduce the computational search space by only examining

pairs of offspring already known to carry a common digenic candidate. For every pair of
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probands sharing a digenic candidate, all additional damaging variant-harboring genes in
common between the two probands comprise a highest-order set. In other words, the gene pair
is expanded by adding all other shared genes, for every pairwise combination of probands that
share the digenic pair. We refer to these groups as the “maximum common gene-sets” among
pairs of probands.

The final step is to check whether any lower-order sets for a given pair of probands is
found in one or more additional probands. For example, Proband1 and Proband2 may have a
highest-order set of GeneA-GeneB-GeneC-GeneD, while Proband1 and Proband3 have a
highest-order set of GeneA-GeneB-GeneD-GeneE. The initial algorithmic pass only records the
following from pairwise proband comparisons:

{ [ (Proband1, Proband2 ) : ( GeneA-GeneB-GeneC-GeneD ) ,

( Proband1, Proband3 ) : ( GeneA-GeneB-GeneD-GeneE ),
( Proband2, Proband3 ) : ( GeneA-GeneB-GeneD-GeneX-GeneY )] }.

However, the set GeneA-GeneB-GeneD could have been transmitted oligogenically to all
three probands, comprising a unique candidate set with its own transmission count = 3. GCOD
therefore sorts the maximum pairwise common sets by the number of participating genes,
beginning with the largest gene-set and sequentially checking against smaller gene-sets
common between other proband pairs. If the union of genes is greater than 1, and if the variants
comprising that smaller set were transmitted oligogenically, then the subset becomes an
additional highest-order candidate entry. Thus, since the A-B-D combination is a subset of
A-B-C-D, A-B-D-E, and A-B-D-X-Y in the example above, we append GeneA-GeneB-GeneD as
a candidate oligogenic set in the highest-order analysis (as long as the transmission of those

variants meet criteria for oligogenic transmission in all probands).
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3.5.5: Logistic regression filtering

Before simulation analysis, candidate sets are filtered based on their interaction
coefficient in a logistic regression model. Disease status is predicted by n+1 variables, where n
is the number of genes in an oligogenic candidate set. For all parents and probands (and
sequenced siblings where applicable), the presence/absence of a qualifying variant in each
individual gene, as well as whether all genes in the combination harbor a variant in that
individual, are denoted by 0/1. We use the binomial gim() function in R (version 3.6.1,(R Core
Team 2020)) with 50 maximum iterations to test whether the coefficient of the gene interaction is
greater than 1. This indicates that the combination itself is broadly associated with disease in
this dataset, and it removes spurious combinations that are driven by a single gene within the

set.

3.5.6: Oligogenic transmission simulation test

For each family, parental genotypes at loci participating in candidate sets are aggregated
and used to simulate 10,000 random offspring. One of each allele from father and mother is
randomly selected to comprise the simulated offspring genotype at each locus, and additional
de novo mutations are simulated based on previously-derived mutability constants(Samocha et
al. 2014). A gene-by-family matrix and parental provenance matrices (as described above in
“Digenic pairs enumeration”) is created for each of the 10,000 simulated cohorts. For each
oligogenic candidate set, we index the constituent genes and record which simulated offspring
carry that combination, contingent on oligogenic transmission. For each candidate set, this
generates a distribution of co-occurrence counts based on parental genotypes under the null
hypothesis of no disease association (i.e., random transmission). The raw p-value is determined
by the proportion of iterations with a simulated count as large or larger than the proband test
statistic. GCOD returns the test statistic (number of probands observed with the oligogenic

combination) and raw, Benjamini-Hochberg FDR-corrected, and Bonferroni-corrected p-values
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for each candidate set. In this study, we use a significance threshold of Bonferroni-corrected

p-value less than 0.05.

3.5.7: Single-gene transmission simulation test

From the 10,000 simulated gene-by-family matrices described in the “Oligogenic
transmission simulation test” above, we additionally create marginal null distributions of the
number of probands harboring variants in each gene and use these to compute p-values for
individual genes. Significant p-values indicate the binary presence of any qualifying variant in a
gene is significantly higher in probands than randomly simulated offspring. Note that this is
distinct from a traditional Transmission Disequilibrium Test in that the count of binary
presence/absence across probands is the test statistic here, instead of all variant transmissions

within the given gene.

3.5.8: Gene ontology analysis

We performed Gene Ontology (GO) analyses using the GOATOOLS package in Python3
(version 1.1.6,(Klopfenstein et al. 2018)), using the GOEnrichmentStudyNS() function with
default settings (alpha = 0.05, correction method = fdr_bh for Benjamini-Hochberg
FDR-adjusted p-values). When reporting top enriched terms, we focused on GO categories with

more than five gene members because small categories are prone to false positives.

3.5.9: Oligogenic set network discovery and depiction

We selected specific oligogenic sets in CHD probands based on criteria detailed below.
To visualize gene network nodes represent genes and are colored according to functional
annotations. Edges indicate that genes carry damaging variants in the same proband, with edge
width representing the number of probands with co-occurring mutations in that gene pair. Note
that the edge counts can include probands in which the gene pair was inherited from one parent

(non-oligogenic transmission), under the condition that a higher-order oligogenic set includes
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that transmission (i.e., at least one variant in another gene in the higher-order set was inherited
from the other parent or mutated de novo). Edges are not drawn between nodes unless the two
genes appear together in at least one significant oligogenic set. Oligogenic sets are reported in
the accompanying text, as well as Supplemental Table 2 for the full cohort and Supplemental
Table 4 for groups specific to a particular diagnosis. For brevity, only select significant sets of
interest are included in the provenance matrices in these supplemental tables.

For Figure 3B, we discovered two oligogenic sets in which genes are known to physically
interact in a canonical protein complex. We selected all other significant oligogenic sets
containing at least one gene in these complexes, and visualized them using genes for nodes
and co-occurrences as edges. For Figure 3D, we sought an oligogenic set with several counts
of oligogenic transmissions but rarely any variant combinations seen in unaffected parents,
discovering the MYO18B-SACS combination transmitted oligogenically 10 out of 12 times. We
additionally incorporated genes appearing in significant oligogenic sets in any of these 12
probands. Figure 4A shows all significant sets containing ARSG in the CHD and ASD cohorts (6

pairs), and Figure 4B shows all significant sets containing HERC1 in the ASD cohort (3 pairs).

3.6 DATA AND SOFTWARE ACCESS
PCGC variants are available under dbGaP Study Accession: phs000571.v6.p2 for
qualifying researchers. GCOD software, including Jupyter notebooks with detailed analyses and

use cases, is provided at https://github.com/mepittman/gcod.
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CHAPTER 4: Computational prediction of chromatin interaction frequency

helps prioritize structural variants

This chapter is adapted from my grant proposal entitled “High-throughput computational
modeling to assess the role of 3D genome folding in human congenital anomalies,” which was
awarded the Ruth L. Kirschstein National Research Service Award #F31HL156439. Section
4.3.4 is adapted from my work included in a manuscript* in press at Circulation: Genomic and
Precision Medicine, in addition to the preprint cited here. Contributions to work included in this

chapter not performed by me are specified below.

Section 4.3.3

e Dr. Jianhua Chu at RUCDR infinity-biologix performed CRISPR cell editing.

e Dr. Jinshing Wu (Bruneau group) performed cell culture and differentiation of cells.
Section 4.3.4*

e J.P. and M.A. performed GWAS, SNP mapping, and association analyses.

e J.P. contributed to the interpretation and annotation of Figure 4.8, and wrote text from

which | adapted section 4.3.4.

*Mengyao Yu, Andrew Harper, Matthew Aguirre, Maureen Pittman, Catherine Tcheandjieu, A.
Dulguun, C.Grace, A. Goel, M. Farrall, K. Xiao, J. Engreitz, K.S. Pollard, H. Watkins, and
J. Priest. “Genetic Determinants of Interventricular Septal Anatomy and the Risk of
Ventricular Septal Defects and Hypertrophic Cardiomyopathy.” medRxiv.

https://doi.org/10.1101/2021.04.19.21255650.
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4.1 ABSTRACT

The majority of genetic studies in CHD have focused on variation within the protein-coding
exome; however, most GWAS disease-risk loci fall in non-coding regions, and it is presumed
that some of these represent important regulators of gene expression such as cis-acting
enhancers and insulators. | hypothesized that genetic variants that alter 3D genome folding
contribute to the etiology of CHD by disrupting the contacts of key cis-regulatory elements in
development. | found that structural variation at TAD boundaries and other non-coding
regulatory regions is found more commonly in CHD patients, and interestingly their parents as
well, relative to controls. Case variants are further distinguished from controls’ by the level of
contact disruption specifically near gene loci and in transcriptionally-active regions of relevant
cell types. An annotation-agnostic deep learning approach developed in our group, called Akita
(Fudenberg, Kelley, and Pollard 2020), predicted chromatin contact changes as a result of
genetic variants in CHD patients, which were recapitulated in iPSC-derived cardiac progenitor
cell types. | showed that a common structural variant associated with decreased interventricular
septum size strongly alters 3D contacts near the KANSL1 gene. Collectively, these findings
elucidate 3D genome organization as a previously underappreciated source of regulatory
disruption in CHD, provides interpretation for variants associated with disease, and validates

the use of Akita for high-throughput prediction of chromatin contact frequency.

4.2 BACKGROUND

The three-dimensional organization of the genome is critical for transcriptional control
through mechanisms like cis-acting enhancers and insulators (Riethoven 2010). In the context
of human heart and brain development, the disruption of finely-tuned transcriptional networks is
likely to have acute consequences (Won et al. 2016; Carullo and Day 2019; Richter et al. 2020;
Yuan, Scott, and Wilson 2021). That intuition has led to studies like the one discussed in

Chapter 2 of this thesis, in which transcription factors and their interaction networks were
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investigated for relevance to congenital heart defects (CHD) (Gonzalez-Teran et al. 2022). This
and the majority of other studies in CHD have focused on rare variation within the
protein-coding exome (Homsy et al. 2015; Sifrim et al. 2016; Jin et al. 2017). However, most
common disease-risk loci are mapped to non-coding regions: roughly half of statistically
associated SNPs are non-coding intronic, with an additional one third found in non-coding
intergenic regions (Klemm et al. 2013; F. Zhang and Lupski 2015). Given that the basis of fewer
than 40% of CHD cases is known, but largely expected to reside within patient genomes
(Akhirome et al. 2017), non-coding variation represents a promising avenue to further elucidate
the molecular underpinnings of CHD.

While non-coding phenotype-associated single-nucleotide variants (SNVs) are thought to
modulate the binding efficiency of transcription factors at their DNA sequence motifs (Albert and
Kruglyak 2015; Degtyareva, Antontseva, and Merkulova 2021), structural variants (SVs) like
duplications, deletions, inversions, and translocations have the potential to cause larger
structural rearrangements that affect local chromatin conformation near non-coding
cis-regulatory regions (Feuk, Carson, and Scherer 2006; Shanta et al. 2020). Individuals with
CHD have a higher frequency of rare and de novo structural deletions and duplications relative
to unaffected controls, suggesting that these SVs could play a role in heart defect phenotypes
(Glessner et al. 2014). A potentially relevant chromatin structure is the Topologically Associating
Domain (TAD), which refers to a level of chromatin organization characterized by higher contact
frequency within the domain relative to loci outside of that domain (Nora et al. 2012; Dixon et al.
2012). Previous studies have revealed that merged TADs are often drivers of pathogenic gene
expression in cancer and some mammalian limb malformations (Lupiafiez et al. 2015; Gong et
al. 2018; Krefting, Andrade-Navarro, and Ibn-Salem 2018; Kragesteen et al. 2018; Fudenberg
and Pollard 2019; Claringbould and Zaugg 2021), but it remains unanswered whether such

disruptions lead to CHD.
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In support of this hypothesis, Fudenberg and Pollard found that while unaffected controls
show a clear depletion of SVs at TAD boundary regions across the genome, individuals
diagnosed with developmental delay (DD) and autism showed no bias in the genomic location of
SVs (Fudenberg and Pollard 2019). SVs at TAD boundaries leading to loss of necessary
cis-regulatory contact, or gain of ectopic enhancer-promoter contact, could therefore plausibly
underlie cases of these developmental disorders. Interestingly, CHD is comorbid with DD at a
rate of up to fifty percent in severe CHD (Marino et al. 2012; Rollins and Newburger 2014).
Furthermore, some developmental phenotypes characterized by heart defects are caused by
mutations in proteins required for structural integrity of TAD boundaries, like NIPBL and HDAC
in Cornelia de Lange syndrome (Piché et al. 2019). | therefore hypothesized that ectopic and
disrupted cis-regulatory contacts by structural variation at TAD boundaries can contribute to the
genetic basis of developmental disorders, including CHD.

Such mechanisms have been difficult to predict and observe directly, but with the recent
influx of high-resolution chromatin contact data and computational tools for its prediction, it may
now be possible to characterize the extent to which this occurs in human disease and uncover
specific examples. One such tool is the model Akita, which was trained by a deep neural
network to predict Hi-C chromatin contact maps from one megabase (Mb) of DNA sequence
(Fudenberg, Kelley, and Pollard 2020). Comparisons of Akita’s predicted maps have highlighted
3D genome folding changes implicated in cell biology and eukaryotic evolution (Kaaij et al.
2019; Fudenberg, Kelley, and Pollard 2020; McArthur and Capra 2021; McArthur et al. 2022;
Gunsalus, Keiser, and Pollard 2022).

In this chapter, | will describe my work investigating CHD patient SVs for signals of
chromatin rearrangement, as well as the application of Akita to prioritize variants at scale and
interpret their potential molecular effects. This work informed the creation of a cell line in
iPSC-derived mesoderm to examine the consequences of a deletion at the locus of cardiac

genes MESP1 and MESP2. | also applied Akita to a common genomic inversion associated with
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the diameter of the interventricular septum, providing molecular hypotheses for disease
association via misregulation of KANSL1. As researchers generate ever more high-throughput
genomic data, both linear and three-dimensional, there is a unique opportunity to use these and
related methods to derive novel insights into the etiology of CHD, as well as extend it to other

diseases and biological questions.

4.3 RESULTS
4.3.1 Key insulators are enriched for structural variants in CHD patients

First | sought to determine whether the structural variants of CHD patients are more
likely to occur at TAD boundaries compared to controls, as shown in DD and autism (Fudenberg
and Pollard 2019). To demonstrate this, | obtained SV calls from the Pediatric Cardiac
Genomics Consortium (PCGC), consisting of array hybridization data from 2645 CHD
proband-parent trios (Hoang et al. 2018). DD structural variant calls were sourced from a
meta-analysis of 29,085 affected probands and 19,584 unaffected controls (Coe et al. 2014),
Figure 4.1, A). Individuals with known chromosomal syndromes and causal protein-coding
mutations were removed to maximize novel discovery. | used a previously described null model
that assumes that structural variants are not preferentially abundant or depleted at any
particular loci (Fudenberg and Pollard 2019). The actual observed number of altered base pairs
in that region is then compared to the null expectation in both cases and controls.

While control deletions were significantly depleted at the transcription start sites (TSSs)
of highly-expressed genes and the CTCF clusters that often demarcate TAD boundaries
(Fudenberg and Pollard 2019), Figure 4.1, A), | found that parents of CHD probands show less
depletion of deleted base pairs in these regions compared to controls (Figure 4.1, B), while
CHD probands themselves show a surprising enrichment for deleted basepairs in more
highly-expressed TSSs and strongly-bound CTCF sites (Figure 4.1, C). In fact this pattern

resembles that of deletions found in cancer genomes (Fudenberg and Pollard 2019; Forbes et
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al. 2010)), which are enriched for structural rearrangement at TAD boundaries. These
preliminary results suggest that compromising the integrity of 3D genome folding at the TAD

level is associated with CHD as well, and that some of this risk is inherited.
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Figure 4.1: Coverage of deleted base pairs in (A) controls from (Coe et al. 2014), (B) CHD
parents, and (C) CHD patients at key regulatory regions. Green circles represent transcription
start sites (TSSs) of genes at each percentile of expression across tissues in GTEx (GTEx
Consortium et al. 2017), arranged along the x-axis and also shaded according to expression
strength. Purple triangles represent CTCF peaks along the genome, also stratified and shaded
according to strength: in this case ChlP-peak binding strength from ENCODE (ENCODE Project
Consortium 2012). Deletion coverage was calculated as previously described (Fudenberg and
Pollard 2019), expressed as the log of the ratio between the number of base pairs deleted in
those regions and what was expected by chance. See Methods: Coverage calculation for
additional details.

4.3.2 Locus-informed SV prioritization predicts three deletions disrupting cis-regulatory
elements near heart-relevant genes

Prior work found that altering TAD boundaries disrupts DNA folding organization
(Lupianez et al. 2015), but it is unclear which base pairs and combinations of CTCF binding
clusters are key to, and which SVs are subject to, this phenomenon. Additionally, some
important features of genome folding during development might not rely on CTCF-mediated

activity, like certain repetitive and transposable elements (Y. Zhang et al. 2019; Gunsalus,
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Keiser, and Pollard 2022). To further characterize the nature of chromatin contact disruption in
human variation and disease, | asked directly whether SVs in the genomes of CHD patients
cause different levels of contact disruption compared to those found in healthy genomes. While
it would be infeasible to experimentally determine the chromatin contact changes of each SV,
which would have required 30,000 transgenic or genetically-edited lines and at least as many
Hi-C sequencing assays, recent advancements in DNA sequence models allowed us to predict
these consequences in silico. | used the model Akita (Fudenberg, Kelley, and Pollard 2020),
trained using a convolutional neural network on high-resolution chromatin contact data, to
predict the Hi-C maps from one million base pairs (1 Mb) of DNA sequence centered around
each SV. | predicted maps for both the human reference genome (hg38 assembly) and for that
sequence altered in silico by the SV, for both private structural variants from 19,584 controls in
(Coe et al. 2014) and de novo SVs found in 1571 CHD patients (unpublished array data).

In order to quantify the extent of chromatin contact disruption per SV, | used a modified
mean squared error (MSE) metric. Disruption between case SVs and control SVs was
marginally different (not pictured), so | further weighted this score based on published
information about local gene expression and chromatin marks. MSE at each genomic bin (one
bin = 2024 base pairs) was multiplied by a factor indicating gene expression in heart tissue
(GTEx Consortium et al. 2017) and chromatin activity state in the human fetal heart as predicted
by chromHMM (Ernst and Kellis 2017) (See Methods 4.5.3: Locus-aware prioritization of
SVs). These metrics are referred to as expression-aware disruption and activity-aware
disruption, respectively.

Applying these metrics to CHD and control deletions, | found that CHD de novo SVs tend
to cause more disruption of contacts near genes highly expressed in heart tissue, as well as
active chromatin regions (Figure 4.2). There is more zero-inflation of control SV disruption
scores compared to case SVs, suggesting that a greater proportion of structural variation avoids

large-scale reorganization near heart-expressed genes in healthy genomes (Figure 4.2, A).
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However, it is important to note that many control SVs are themselves quite disruptive even in
heart-relevant loci, reaching similar levels to SVs found in cases. Context-specific analysis will

be required to determine if any given disruptive mutation is actually disease-causing.
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Figure 4.2: (A) Expression- and (B) activity-aware disruption scores of case and control SVs.
The x-axis indicates the log, of the scored difference between reference and SV sequence,
weighted by local features. The proportion of SVs with that log-score are indicated by bars, blue
for control and pink for cases.

Having observed that case SVs are predicted to cause more disruption, and especially in
regions of active expression and active chromatin markers in heart tissue, | thus examined the
maps of variants with the highest expression- and activity-aware scores. Three of these SVs
occurred near a gene with a known relevant role in cardiac development: an 84 kb deletion that
merges two domains in a highly active region encompassing COX20 and HNRNPU (hg38
chr1:244785827-244869791, Figure 4.3, A); a small 68-base pair deletion near STRA6 that
merges two small TADs (hg38 chr15:89737238-89795480, Figure 4.3, B); and finally, a 58kb
deletion that partially deletes mesoderm genes MESP1/2 and removes a boundary between
CHD gene KIF7 and a neighboring domain (hg38 chr15:73973054- 73973122, Figure 4.4).

COX20 plays a role in the assembly of cytochrome C oxidase, and HNRNPU is an RNA
processing gene that has been associated with developmental brain disorders

(Balasubramanian 2022). Neither gene has known function in the heart, so it is unclear what
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consequences the heterozygous deletion of their locus would have in CHD, but notably a
homozygous deletion CRISPR-edited cell line was not viable (Jianhua Chu, unpublished data).
The deletion leads to the merging of two TADs that are strongly insulated in wild type (Figure
4.3, A), with ectopic contact between ciliary gene EFCAB2 and the domain containing DESI2
and various RNA pseudo-genes (not pictured). Further experimental validation and
interpretation is required to understand what role the deleted genes and ectopic EFCAB2
contacts could play in CHD. This is true as well of the ectopic contacts predicted downstream of

the STRAG6 locus as a result of a small non-coding deletion (Figure 4.3, B).
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Figure 4.3: (A) Predicted Hi-C maps for reference sequence (upper panel) and patient deletion
sequence (lower panel) at the COX20 locus. Colors represent predicted contact frequency,
normalized to the log of hypothetical observed contact over expected, with warm colors
indicating higher-than-expected contact based on linear genomic distance and cool colors
indicating lower-than-expected. (B) Predicted Hi-C maps for reference sequence (upper panel)
and sequence with a small 68 base pair deletion near the STRAG6 locus.
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In the MESP deletion region, Akita predicts a strong ectopic contact between the CHD
risk gene KIF7 and a large region that includes vesicle transport gene AP3S2 and many

ENCODE candidate cis-regulatory elements (Sheffield et al. 2013).
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- 89.7Mb normalized to the log of hypothetical
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- 89.9Mb lower-than-expected. Colormap legend from
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4.3.3 Human iPSCs with patient deletions recapitulate model predictions

As a proof of concept to demonstrate the accuracy of these deep-learning predictions on
genomic profiles, we sought to experimentally reproduce the Akita-predicted effect of variants
on 3D genome folding. We selected the variant at the MESP locus for initial engineering and
sequencing (Figure 4.4). Based on its crucial activity during day 2 (D2) of hESC differentiation
into mesoderm and eventually cardiomyocytes (Figure 4.4, D), we sequenced Hi-C contact
frequency of cells at this stage of cardiac differentiation.

To determine if the Akita-predicted changes to genome folding are experimentally
reproducible, and also produce further evidence pertaining to the pathological relevance of this
variant, cells from a hESC WTC-11 cell line were engineered to carry the patient deletion using
CRISPR/Cas9, then differentiated as described previously into cardiac mesoderm (Kattman et
al. 2011). We performed Capture-C sequencing on these cells to measure chromatin contact
frequency around this locus. Capture-C results recapitulated Akita’s predictions for both the
reference and alternate allele (Figure 4.5, A-B). Notably, Akita’s predictions in this region were
experimentally reproducible despite not being formed in the hESC-derived cardiac mesoderm
experimental cell line, consistent with some previous observations of TAD stability across cell
types (Dixon et al. 2012; Rao et al. 2014; Dixon et al. 2015). Together, these data support the
claim that Akita can accurately model the effects of genetic variants, and furthermore suggests
that the variant might cause dysregulated expression of the known CHD gene KIF7 via
increased chromatin contact with any of various ENCODE regulatory elements. In addition to
the loss of cardiac specification genes MESP1 and MESP2 caused by the deletion, the altered
expression of KIF7 could be a possible pathological mechanism by which this variant is

causative in CHD.
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Figure 4.5: Deep learning genomic profile predictions are experimentally reproducible.
Colors represent predicted contact frequency, normalized to the log of hypothetical observed
contact over expected, with warm colors indicating higher-than-expected contact frequency
based on linear genomic distance and cool colors indicating lower-than-expected. Colormap
legend from Figure 4.3 also applies here. (A) Akita predictions for the reference genome (top)
and with a 58kb deletion (bottom) in chromosome 15 near the MESP locus. (B) Capture-C
results from isogenic hESC-derived cardiac mesoderm cells (2 days after differentiation) without
deletion (top) and in a cell line with engineered patient deletion (bottom). White bars indicate the
deleted region, also shown in WT for reference. Red bars represent masked repetitive
elements. Black boxes highlight a region containing KIF7, AP3S2, and many ENCODE cCREs
(not shown) within which there are gained interactions (A) predicted by Akita and (B) observed
experimentally.
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4.3.4 A common SV increases risk for CHD through disruption of genome folding

In mammalian hearts, the interventricular septum (IVS) separates deoxygenated
pulmonary blood flow from oxygenated systemic blood flow within the cardiac ventricles. When
the process of IVS formation is disrupted during embryonic development, infants are born with a
ventricular septal defect (VSD), the most common heart defect found in children (Dakkak and
Oliver 2022). A single monogenic explanation is rarely found in cases of VSD, meaning that the
majority of these affected individuals do not have a hypothesized genetic cause in spite of the
disease’s considerable heritability (Jin et al. 2017).

In order to study how genetic variation might lead to phenotypic variability without relying
solely on case/control cohorts of a rare disease, co-authors developed a simple standardized
and automated measure of the IVS cross-sectional area derived from MRI imaging of the heart
(Yu et al. 2021). Applied to 31,587 individuals with sequencing and MRI imaging data in the UK
Biobank (Shah et al. 2020), Mendelian randomization analysis found that having a smaller IVS
cross-section increases risk for VSD by approximately a factor of 2 per standard deviation (SD =
166 mm?, Yu et al. 2021). Among other genomic insights, authors discovered that a common SV
incorporating KANSL1 is strongly associated with decreased IVS cross-sectional area at
diastole, implying increased risk of VSD.

The structural variant, sometimes denoted as CPX_17_4670 (Collins et al. 2020) and
located at chr17:45571611-46261810 (GRCh38.p13 assembly), is a duplication-flanked
inversion across three genes, with a minor allele frequency (MAF) of 18% in European
populations (4% in African populations, <0.1% in East Asian populations, Collins et al. 2020). |
applied the Akita model to the 1 Mb region centered on this variant, predicting first the chromatin
organization at the reference sequence (Figure 4.6, A). Akita predicts a strong interaction
between the KANSL1 promoter and regions including the MAPT gene body and KANSL1-AS1
in the reference genotype (Figure 4.6, A, black arrows). In contrast, DNA sequence containing

the common inversion is not predicted to form these interactions (Figure 4.6, B, white arrows).
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Several candidate regulatory enhancers are predicted by the GeneHancer database in
this region (Fishilevich et al. 2017). Furthermore, a stripe along the TSS of the long intergenic
non-coding RNA LINC02210, representing high contact frequency between it and the locus
containing the KANSL1 TSS, ARL17B, LRRC37A, KANSL1-AS1, as well as the locus
containing MAPT, MAPT-AS1, and CRHR1, is lost as a result of this SV (Figure 4.6, boxes).
Given that enhancers and non-coding RNAs are known to play an important role in regulation of
expression during differentiation, likely by their effects on 3D organization and often in cis
(Khosraviani, Ostrowski, and Mekhail 2019; Tachiwana, Yamamoto, and Saitoh 2020), disrupted
contacts comprise a plausible mechanism for altered expression of these genes, possibly in a

tissue-specific manner.
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Figure 4.6: Two-dimensional plots of the Akita model of genome folding with GRCh38
coordinates on the X and Y axes, with relevant genes and strand orientation indicated below by
blue boxes. Colors represent predicted contact frequency, normalized to the log of hypothetical
observed contact over expected, with warm colors indicating higher-than-expected contact
frequency based on linear genomic distance and cool colors indicating lower-than-expected.
Colormap legend from Figure 4.3 also applies here. The reference genotype predicts a strong

120


https://paperpile.com/c/9YgKKw/XXYE
https://paperpile.com/c/9YgKKw/0YTp+6TzO

3-dimensional chromatin interaction (black triangle) between the KANSL1 promoter and regions
including the MAPT gene body and KANSL1-AS1. The common duplication/inversion
17:45571611-46261810 (orientation indicated by the orange arrow) is predicted to completely
disrupt the interaction (corresponding locations within the inversion indicated by gray triangles).

A gene-based burden test for rare SVs described previously (Aguirre, Rivas, and Priest
2019) found that rare KANSL1 duplications are strongly associated with decreased IVS size
(Priest et al. 2016). KANSL1 is a component of the WDR5-MLL1 histone modifying complex
(Dias et al. 2014), so its association with developmental phenotypes is unsurprising.
Haploinsufficiency (i.e. loss-of-function of just one copy) of KANSL1 is causal for Koolen-de
Vries syndrome, which includes a VSD phenotype among others (Koolen et al. 2016). We
therefore speculate that improper expression of KANSL1 in pathogenic spatio-temporal contexts
leads to a smaller IVS and increased risk for VSD. Experimental characterization of these
variants and their effects on chromatin organization and molecular phenotypes are needed to
further elucidate the specifics of KANSL1 regulation and its relationship to 3D genome

organization during cardiogenesis.

4.4 DISCUSSION

Non-coding variation, particularly variants that alter chromatin organization near genes
with complex regulatory logic, have the potential to be relevant in the context of congenital
phenotypes and cancers (Moore 2009; Fernandez-Medarde and Santos 2011; Lee et al. 2015;
Bernhart et al. 2016). Here, | have expanded upon previous work in the lab establishing that
SVs near gene regulatory features are associated with developmental phenotypes (Fudenberg
and Pollard 2019), and extending that observation from developmental delay and autism to
congenital heart defects. | further demonstrated use of the trained network model Akita
(Fudenberg, Kelley, and Pollard 2020) to prioritize patient variants for experimental exploration. |
found that Akita correctly predicts the consequences of large boundary-disrupting variants,
validating its use for hypothesis generation and experimental design, as well as its application to

the interpretation of a common human polymorphism.
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Other contemporary studies dovetail with our findings: in a recent preprint, 5 of 8
experimentally-tested TAD boundary deletions caused increased embryonic lethality or other
developmental phenotypes in mice. In particular, they found these phenotypes near known
cardiac genes like Smad3/Smad6 and Tbx5 (Rajderkar et al. 2021). Combined with my findings
on TAD boundary deletions in human SVs from CHD patients, we conclude that the 3D
organization of the genome is a key aspect of the regulation of human heart formation.
Ascertainment of variants predicted to cause its disruption during clinical screening could shed
light on as-yet unexplained CHD cases. Tools like Akita will be key to finding such instances,
and to help learn and interpret the cis-regulatory grammar underlying these phenomena.

There are caveats associated with using computational models to predict effects of SVs
and SNVs. In particular, Akita was trained using Hi-C and micro-C data from five cell types, but
was largely limited in its ability to predict cell type-specific differences (Fudenberg, Kelley, and
Pollard 2020). Though most TAD boundaries are thought to be invariant across cell types,
smaller-scale interactions within them can be cell type specific in a manner that is important to
disease etiology, like enhancer-promoter loops (Smith et al. 2016; McArthur and Capra 2021).
Future work in this space will incorporate cell type information like chromatin marks,
accessibility, and RNA expression for the interpretation of disease variants.

While it was previously shown that controls are depleted for base pair deletion at
highly-expressed genes and CTCF binding clusters, and DD recapitulates the null model with no
depletion, Figures 4.1 and 4.2 suggest that the SVs in CHD patients are enriched for deleted
base pairs in these regions, resembling the signature of SVs in cancer genomes. This was in
surprising contrast to DD, which appeared to follow the null model rather than showing
enrichment over it (Fudenberg and Pollard 2019). One obvious caveat is the possibility of
processing differences across the datasets used. Additionally, some CHD deletion calls from the
array data used here failed to replicate in whole exome sequencing data (2 failed of 7

examined). With these caveats stated, my observations are consistent with the 1.6 to 2-fold
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increased cancer risk observed in survivors of CHD at all ages (Lee et al. 2015; Gurvitz et al.
2016; Mandalenakis et al. 2019). Some specific risk genes have been identified already (Morton
et al. 2021), but further investigation is required to understand the full suite of mechanisms

underlying this relationship.

4.5 METHODS
4.5.1 Structural variant calls

Deletions from healthy controls, patients with developmental delay (DD), and tumors
were processed as described in (Fudenberg and Pollard 2019). Briefly, variants from 11,256
controls and 29,083 DD patients were sourced from (Coe et al. 2014). Deletion calls from
14,908 tumors were obtained from COSMIC (Forbes et al. 2010, release v84), and liftOver
(Hinrichs et al. 2006) was used to convert coordinates from hg38 to hg19.

Deletions from CHD patients and their parents were compiled from multiple sequencing
methods and sources. SVs analyzed from CHD patients and parents in Figures 4.1 and 4.2
were sourced from 1536 individuals (512 trios) in the PCGC using array hybridization on one of
the lllumina Omni-1M or the lllumina Omni-2.5M. Collaborators called CNVs for each subject
using the hidden Markov model algorithm PennCNV (Wang et al. 2007) using custom
parameters for population frequency of B-allele (PFB) and GC model. To maximize disease
CNV discovery, CNVs with a minor allele frequency > 1% were removed. A more
stringently-filtered subset of this data was published in (Glessner et al. 2014). CHD patient SVs

were sourced from collaborators using various SV calling methods (unpublished data).

4.5.2 Coverage by feature strength estimates

This method was originally developed by (Fudenberg and Pollard 2019), updated with
the latest versions of input data by me, with thanks to Geoff Fudenberg for files and code. TSS
analyses were performed using GTEx v7 release (GTEx Consortium et al. 2017), where the

strength of a TSS in GTEx was quantified as the sum of the gene’s expression across all tissues
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except testes. CTCF feature strength is defined as its aggregate binding across samples, where
broad- and narrowPeak CTCF ChiIP-seq files (generated across multiple cell types and
processed as described previously in (Kellis et al. 2014)) were downloaded from ENCODE
(ENCODE Project Consortium 2012) and aggregated.

Observed deletion coverage over expected deletion coverage is calculated as:

(EN )+ =0,

iek iek total

where i indexes genomic regions within a particular feature class k (quantile of TSS expression
or CTCF binding strength), S; is the size of region i, N; is the number of base pairs deleted in
region i, S, is genome size, and N, is the number of deleted base pairs genome-wide. The
UCSC hg19 gap file was used to exclude regions that are more prone to variant artifacts
(Hinrichs et al. 2006; Coe et al. 2014). Bootstrap estimates for deletion coverage as a function
of feature strength were generated by sampling 1000 times from the full list of observed
coverage-percentile strength pairs with replacement and computing averages in sliding windows

of £5 percentiles. The mean value over 1000 bootstraps is reported.

4.5.3 Prediction and scoring of candidate SVs

Akita (Fudenberg, Kelley, and Pollard 2020) was used to predict Hi-C chromatin contact
maps, using the 9-14 model parameters (Get_model.sh at Master - Calico/basenji n.d.). For
each SV, a 1Mb window of the genome was selected such that the midpoint of the SV is located
at the central genomic bin of the prediction. The hg19 reference sequence was used as input
into Akita to predict wild type chromatin contact frequency in the region, which was repeated for
the same sequence with SV base pairs deleted. Because Akita makes predictions with a fixed
input size, | removed the DNA sequence that was deleted in the patient and symmetrically

extended the start and end of the 1Mb region to maintain input size.
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To assess local disruption of DNA contacts, | used the sum of mean-squared error

(MSE) across the full region, given by:

n
2
l,]=1 ) 7)

where W is the Hi-C map predicted from “wild type” reference sequence, M is the map predicted
from “mutant” SV sequence, and (i,j) represent coordinates of the genomic bins from 1 to n. In
this model, input sequence is 2?° base pairs that have been convolved into 512 total bins, with
2048 base pairs represented per bin. We do not include the marginal 64 bins in scoring, since
the model cannot include sequence information upstream/downstream from this region,

reducing the accuracy of folding predictions in those bins.

4.5.4 Locus-aware prioritization - expression data and chromatin state

For locus-aware prioritization, | intersected the MSE of predicted Hi-C contact frequency
at each genomic bin with expression of TSSs and chromatin state prediction. MSE scores are
multiplied by a factor indicating TSS/chromatin activity in that bin, and are then summed across

the full 1 Mb map for an expression- or activity-aware score per SV:

where a; is the expression or activity state value at bin J, and d; is the disruption or MSE between
the two matrices at genomic bin i. TSSs and active chromatin state loci were extended + 2 Akita
bins (4096 base pairs upstream and downstream) in hopes of encapsulating nearby regulatory
elements.

To calculate expression-aware disruption, | used the sum of gene expression (transcripts
per million, tpm) in GTEx heart tissues: 'Artery - Aorta', 'Artery - Coronary', 'Heart - Atrial
Appendage', and 'Heart - Left Ventricle." The MSE at each genomic bin was multiplied by that

sum of expression for any TSSs located within the bin or two bins up/downstream.
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To calculate activity-aware disruption, | used chromatin state predictions from the
chromHMM core 15-state model (Ernst and Kellis 2017) on fetal heart tissue data, as processed
and published by the Roadmap Epigenomics Consortium (EO083 Fetal Heart PrimaryHMM,
Roadmap Epigenomics Consortium et al. 2015). Of the 15 possible chromatin states, |
considered the following states to be active: 1_TssA, 2 TssAFInk, 3_TxFInk, 4_Tx, 5 TxWk,
6_EnhG, 7_Enh. Chromatin state predictions were further simplified to “active” (=1) and “not
active” (=0) as their weighting factor, such that only the MSE of genomic bins predicted to be

active in fetal heart tissue is included in this weighted score.

4.5.5 Engineering and sequencing of cell lines

Cells from a hESC WTC-11 cell line were engineered to carry the patient deletion using
CRISPR/Cas9 (infinity biologiX protocol). Controls from the same cell line were subjected to
identical reagents without genome editing, to produce an isogenic pair of cell lines. Basic quality
control was performed to confirm successful editing, regular karyotyping, and pluripotency. The
edited lines (deletion and control) were then differentiated as described previously into cardiac
mesoderm (Kattman et al. 2011). Capture-C (Arima Genomics) was performed using probes
designed to capture contacts ~500kb upstream and downstream of the SV region.

| processed and analyzed experimental reads using the 4DN processing pipeline and
quality control cutoffs (Reiff et al. 2022). Specifically, | mapped the Capture-C reads to the
GRCh38 reference genome using bwa (version 0.7.17), then filtered, sorted, and merged reads
using pairtools (version 0.2.2). Cooler (version 0.8.3) was used to create Hi-C matrices at a

resolution of 2048 base pairs per bin, and cooltools for visualization (Open2C et al. 2022).

4.6 DATA AND SOFTWARE ACCESS
Representative code will be posted as a series of jupyter notebooks, available at

https://github.com/mepittman/sv-prediction.
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CHAPTER 5: CONCLUDING REMARKS
The genome enforces spatio-temporal regulatory control of gene expression in a complex
interplay between multiple interlocking factors. In cis this is accomplished via histone
modification (Allfrey, Faulkner, and Mirsky 1964; Bannister and Kouzarides 2011; Kimura 2013),
the binding of structural proteins like CTCF (Rao et al. 2014; Furlong and Levine 2018), and
physical interaction between enhancers and promoters mediated by TF binding (Baneriji, Olson,
and Schaffner 1983; Palstra and Grosveld 2012). In frans, TF networks directly activate the
expression of key gene programs by binding to their specific motif sequences at gene promoters
or enhancers (ENCODE Project Consortium 2012). TFs also indirectly regulate genome
conformation via the expression of histone modifying genes (Janknecht, Wells, and Hunter
1998; Chan and La Thangue 2001; Xu et al. 2021; Laubscher et al. 2021) and additional
regulatory elements like IncRNAs (Tachiwana, Yamamoto, and Saitoh 2020). My doctoral
dissertation has focused on the creation and application of new computational tools to ask
questions about how this system falls apart in congenital disease, and in turn what those details

can reveal about human development.

5.1 Summary of findings

In chapter two of this thesis, | integrated patient variant data with proteomics to yield new
insights into the genetic underpinnings of CHD. | helped define the list of interacting proteins for
two essential cTFs, GATA4 and TBX5, and by comparing their interactomes in cardiac
progenitor cells with those derived from HEK-293 cells, further demonstrated that a substantial
number of disease-relevant interactions can only be detected in cell type specific and
endogenous contexts. By showing that the interactomes were enriched for CHD patient de novo
mutations compared to controls, even when considering only genes that hadn’t previously been
validated, | have verified the use of proteomics strategies to nominate and prioritize cryptic risk

genes. My consolidative computational framework identified numerous candidate variants,
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including a CHD patient’'s de novo missense mutation in the novel risk gene GLYR1 that
disrupts its interaction with GATA4 and thus downstream co-activation of cardiac developmental
genes. Collectively, these findings indicate that the use of tissue- and disease-specific PPIs may
partially overcome the genetic heterogeneity of CHDs and help prioritize the potential impact of
variants in disease.

Having shown the utility of expanding known interactions of protein products for novel
variant and risk gene discovery, | developed a similarly-motivated approach from a different
angle: testing gene sets for statistical evidence of interaction in CHD genomes. In that vein |
describe the algorithm GCOD in the third chapter of this dissertation. This trio-based
probabilistic model identified previously-known CHD genes, recapitulated known
protein-complex relationships while proposing additional cardiac-relevant complex interactors
(e.g. CREBBP-EP300 with COL6A3), identified a novel gene interaction between GATA6 and
POR, and prioritized 202 gene pairs likely to interact in CHD. My findings highlight the probable
role of rare variant combinations in driving CHD, and establishes a new pipeline to maximize the
utility of parental sequencing where available to discover these interactions.

Finally, | determined that SVs near gene regulatory features are associated with
developmental phenotypes, including CHD. | further demonstrated use of the trained network
model Akita (Fudenberg, Kelley, and Pollard 2020) to prioritize patient variants for experimental
exploration, and validated its accuracy in large TAD boundary deletions. Applying Akita to a
common structural variant associated with disease, | proposed probable and testable
hypotheses regarding the regulatory consequences of this genetic inversion.

My work has demonstrated the effectiveness of using new statistical and computational
techniques to interrogate the molecular causes of congenital heart defects, particularly in

contexts that elucidate and leverage gene, protein, and DNA interactions.
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5.2 Limitations

In each section of this dissertation, | explored a different suite of methods appropriate to
different inheritance patterns and genomic locations: monogenic exome variants, oligogenic
exome variants, and non-coding structural variants. Any one of these methods might provide
part of the picture, but the most accurate interpretation of any individual CHD case will require
an integrative approach to understand which factors drive and contribute to disease. Caveats
specific to each of the approaches are below.

The prioritization scheme discussed in Chapter 2 to relatively rank missense CHD
variants is specific to our dataset and diagnostic question, and furthermore was designed as a
complementary method to the experimental discovery of endogenous TF interactomes.
Although the principles could be widely applicable to other genetic diseases, context-specific
modifications to datasets used and assumptions made would be necessary. Four of the variants
we tested by affinity assay were ranked consistently with my prioritization score, which is
encouraging but insufficient to conclude that the relative ranks are directly translatable to
pathogenicity.

The trio-based method to discover gene interactions discussed in Chapter 3 assumes
that parents are unaffected, and we also had to assume that the controls used here
(pseudo-siblings) would be unaffected, despite having no phenotypic data for them. Since itis a
probabilistic model, GCOD is necessarily more sensitive to observations that include DNVs,
which are much less likely to occur compared to the 50% probability of inherited variant
transmission. Furthermore, this method can be computationally intensive for large variant
datasets and requires sequenced parent genomes, limiting its applicability to many datasets. A
future iteration of GCOD will benefit from the inclusion of non-coding predictions and known
protein interactions.

The two aforementioned studies focus on very rare variants, which are by definition

depleted from the population. With collaborators, we were able to experimentally confirm their

138



molecular or in vivo effects, but future experimental studies and/or extremely large cohorts will
be needed to determine whether the remaining variants identified by these methods truly
contribute to disease. Furthermore, these methods are limited to exonic regions; | strongly
recommend integration with pipelines that account for the contribution of common and
non-coding variants when forming hypotheses about the genetic cause of a case of CHD.

My work in non-coding regions discovered a potential role for the rearrangement of 3D
genome organization in CHD, and further provided predictions and interpretations of the likely
underlying regulatory cause and effect. However, the predictive model Akita is limited in its
ability to predict cell type-specific differences and smaller-scale interactions like
enhancer-promoter loops (Smith et al. 2016; McArthur and Capra 2021). Models incorporating
higher-resolution sequencing and additional data types are needed (as they become available)

to realize the full potential of this approach.

5.3 Implications and future work

Developmental phenotypes affecting the heart have profound impacts on the lives of
patients and their families, and understanding individual genetic pathologies can suggest
additional interventions and monitoring as patients age to adulthood. Using patient data to
statistically identify contributing genetic and molecular factors will improve our ability to predict
and treat disease. Overall, my work has identified interactors of TFs and other genes essential
for cardiac development, as well as regulatory consequences by 3D chromatin folding, revealing
biology of gene regulation related to cardiac disease.

Given our conclusion that the discovered interaction networks of endogenous proteins
provide an abundance of disease-relevant information, the fact that most available protein
interactomes were reconstructed in non-physiological settings and cell types (Kdhler et al. 2008;
Greene et al. 2015; Priest et al. 2016; Bryois et al. 2020; |1zarzugaza et al. 2020) suggests great

opportunity to apply our framework to other diseases to highlight disease mechanisms and
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provide a powerful filter for interrogating the genetic basis of disease. We also established
GLYR1 as a GATA4 interactor in CPs, revealing their interaction as a candidate mechanism for
GLYR1’s localization to a specific subset of heart development genes during CM differentiation.
Further investigation is required to determine whether this variant is sufficient to cause disease
in humans, or if patient genetic background plays a larger role.

My prioritization of patient variants using GATA4 and TBX5 interactomes amounts to a
list of genetic lesions predicted to impact heart development with high confidence. We enclosed
that information with our original publication in the hopes that researchers with the resources to
do so will experimentally interrogate their mechanism and effects in vitro and in vivo. In that
vein, a collaborator at our institution is preparing a mouse model for the next-score highest
variant, in the chromatin modifier SMARCC1. Similarly, we hope that the prioritized list of gene
and variant interactions found by GCOD will help hone the hypotheses and experiments of
researchers studying these genes and their mechanisms in disease, as well as inform clinical
sequencing interpretation.

My work additionally implies that Akita is a useful tool to predict and prioritize structural
variation altering 3D genome organization, which increasingly seems a plausible contributor in
developmental phenotypes including CHD. For example, a recent preprint found that 5 of 8
experimentally-tested TAD boundary deletions caused increased embryonic lethality or other
developmental phenotypes in mice (Rajderkar et al. 2021). Ascertainment of variants predicted
to cause the disruption of genome folding during clinical screening could shed light on as-yet
unexplained CHD cases. Tools like Akita will be key to finding such instances, and to help learn
and interpret the cis-regulatory grammar underlying these phenomena. Future work will
incorporate additional information to maximize cell-type specificity, as well as benchmark

methods to prioritize types of contact disruption at scale.
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Combining these findings and methods in the laboratory will continue to enrich our
understanding of heart development and its molecular underpinnings. In the clinic, as
sequencing becomes ever more accessible and informative, they will improve our ability to

explain individual cases of disease and make recommendations about treatment.
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