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Abstract
Autism Spectrum Disorder (ASD) is a polygenic neurodevelopmental disorder that includes
deficits in social communication and repetitive behaviors. Most ASD cases are thought to arise
from complex genetics interacting with perinatal environmental factors, complicating the
discovery of common genetic risk. The prenatal period is a critical window for
neurodevelopment. Environmental factors, especially prenatal nutrients in one-carbon
metabolites are crucial for neurodevelopment and provide methyl donors for downstream
epigenetic pathways. The epigenetic layer of DNA methylation in placenta reflects
developmental and molecular memory of in utero experiences. Placenta, a fetal tissue usually
discarded a birth, is a potentially rich source of DNA methylation patterns predictive of ASD in

the child.

This dissertation details recent progress in understanding the interface of epigenetics, genetics,
and environment in ASD etiology. The perinatal epigenomic signature of ASD was investigated
by whole-genome-bisulfite sequencing (WGBS) on placenta. First, a pilot study of all male
placenta samples from a prospective study MARBLES identified 400 differential methylated
regions (DMRs) distinguishing ASD diagnosis. ASD DMRs were significantly enriched at
promoters of genes with functions in neuronal development and that overlapped with brain
ASD DMRs and known ASD risk genes. Two DMRs at CYP2E1 and /RS2 reached genome-wide
significant with methylation level separately affected by genotype, or periconceptional

maternal prenatal vitamin use. This pilot study demonstrated that DNA methylation changes in
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placenta are relevant to brain development and may serve as early epigenetic markers for ASD

at birth.

Second, maternal blood samples collected during pregnancy were examined for genome-wide
transcriptional signatures of child outcome and nutritional metabolites of one-carbon
metabolism. Six transcripts were associated with child outcomes at genome-wide significance,
and 1,912 differentially expressed genes with nominal confidence overlapped with known ASD
risk genes. A coexpression module enriched in genes with DNA methylation functions showed a
suggestive protective association with folic acid and ASD risk. These results demonstrated that
the prenatal maternal blood transcriptome is an indicator of gestational nutrition and child

neurodevelopment.

Lastly, a multi-cohort and multi-tiered study was performed to integrate genomics,
epigenomics, and transcriptomics in placenta and brain, leading to the discovery and functional
characterization of a previously uncharacterized novel ASD risk gene NHIP located in a
comethylated block at 22q13.33. NHIP was highly expressed in brain, and was induced
following neuronal differentiation or hypoxia. Transient NHIP overexpression increased cellular
proliferation and altered transcriptome levels in synapses, neurogenesis, and response to
oxidative stress. A nearby structural variant was significantly associated with ASD, NHIP
expression, and DNA hypomethylation at 22q13.33. Together, these studies identified a novel
ASD risk gene related to oxidative stress during brain development that was altered by both

common genetic and environmental factors.
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Chapter 1 — Introduction
Epigenetics
The term epigenetics refers to heritable alterations to nucleotides or chromatin without
changes to DNA sequence. Epigenetic marks reflect a complex interaction between genome
and environment that also dynamically changed during development and differentiation.
Epigenetic mechanisms can help explain the dynamic phenotypic transitions that occur in the
genome starting from a fertilized egg to a multicellular organism containing hundreds of
specialized cell types. Epigenetic mechanisms play a crucial role in the maintenance of cell
identities during development and throughout life through the expression of specific
combinations of genes (1). Epigenetic modifications, including DNA methylation, histone post-
translational modifications (PTMs), noncoding RNA, and chromatin architecture are dynamically
variable and have essential roles in mammalian development (2,3). Different layers of the
epigenome come together to influence chromatin structure and gene expression which are
crucial for differentiation and cell type maintenance. Epigenetic layers are regulated by
epigenetic players with the epigenetic modification functions as writer (depositing), reader

(interpreting), and eraser (removing) (4).

Understanding the functional relevance of epigenetic layers and players is important to uncover
the transcriptional regulation mechanisms in human health and disease. The Encyclopedia of
DNA Elements (ENCODE) project is a useful database of functional elements, including

chromatin regulation and histone marks with multiple layers of information from more than



8,000 assays (5). Epigenetic research is gradually becoming an important approach to resolve

the missing heritability from large-scale genome-wide association studies (GWAS) (6).

DNA methylation

One of the best-understood epigenetic layers in vertebrates is DNA methylation, or the addition
of a methyl group on the fifth carbon of cytosine, usually in CpG dinucleotides (7). CpG sites are
unevenly distributed in the genome, concentrating in repetitive regions such as tandem
repeats, CpG islands, and gene regulatory regions (8,9). CpG islands are characterized as regions
with more than 200 bp in length with greater than 50% CpG content and are often localized at
transcription start sites (10). Most epigenetic marks are removed and reestablished for each
generation. Early in development, close to the time of embryo implantation, DNMT3A and
DNMT3B start to methylate the majority of CpG sites (11). As the process continues, DNA
methylation is modified to ensure specific cell fate in each cell differentiation stage (11). In
most cancers, DNA methylation is highly dysregulated, with global hypomethylation and
specific hypermethylation over gene regulatory regions compared to non-transformed cells of

the same lineage (8,12).

DNA methyltransferases (DNMTs) are enzymes that transfer methyl groups to DNA, either de
novo to previously unmethylated cytosines, or by maintenance on the daughter stand during
DNA replication. DNMT3A and DNMT3B assisted by DNMT3L add de novo methylation marks
with important functions in cell and tissue specification (13,14). DNMT1 is responsible for DNA

methylation through the recognition of hemi-methylated DNA (15). DNA methylation can be



erased by the ten-eleven translocation (TET) enzymes which hydroxylate 5mC to produce 5-
hydoxymethl cytosine (5hmC), followed by DNA repair back to unmethylated cytosine (16).
Readers of DNA methylation contain methyl-CpG-binding domain (MBD) that bind DNA
containing one or more symmetrically methylated CpGs. An example of a MBD-containing
reader is methyl CpG binding 2 (MeCP2), which is deficient in neurodevelopmental disorder

Rett syndrome (17,18).

Repetitive elements occupy half of the genome and generally have a high methylation level
(10). Tandem repeats, long interspersed nuclear elements (LINEs), and short interspersed
nuclear elements (SINEs) including Alu and SVA elements are found to be hypomethylated in
cancer with large percentage of 5mC loss (12). Hypomethylation of repeats can result in
chromatin decondensation, translocation, and rearrangements due to genome instabilities (19).
Alu, SVA, and LINE elements are retrotransposons that make up around 30% of the genome and
are able to amplify themselves with RNA intermediates, although the majority are
nonfunctional (20). These CpG-rich elements have the capacity to act as promoters or
enhancers thereby affecting gene transcription (21,22). Hypomethylation of LINE and Alu

elements were found to be strongly linked with genome instability of multiple cancers (23) .

Histone modification

DNA wrapped around histone octamers to form nucleosomes is the major component of

chromatin. Each nucleosome contains four core histone proteins pairs (H2A, H2B, H3, H4).



DNA methylation together with histone modifications correlate with gene expression
differences in various ways (24). Chromatin conformation is controlled by chemical
modification of the N-terminus tails of the histone proteins with covalent modification.
Covalent modification of histone tails have following types: acetylation, phosphorylation,
ubiquitination, and methylation (25). Histone PTMs involve dynamic process, with enzymes
performing covalent modifications, removal, and recognition of previous markers (26). Those
processes can alter nucleosome compaction directly or indirectly alter function in the binding

sites for reader proteins with effects on transcription (27).

Histone methylation has been widely shown to define chromatin states that regulate
transcription. Methylation at different histone tail residues can result in either activation or
repression of transcription, depending on the residue. Histone methylation on the tail of
histone proteins H3 and H4 occurs at both arginine and lysine. K-methyltransferases transfer
methyl groups from the cofactor S-adenosyl methionine (SAM) to histone lysine residues. The
mixed lineage leukemia (MLL), a K-methyltransferase, catalyzes H3K4 methylation. MLL
activates genes involved in development and differentiation, which is opposite to polycomb
repressive complex proteins (28). EZH2, a K-methyltransferase that catalyzes H3K27
trimethylation is important for stem cell maintenance and differentiation (29). EZH2 has also
been shown to interact with DNMTs in the parallel control of DNA methylation (30). The
H3K27me3 mark is normally involved with gene silencing with relation in stem cell
differentiation and development. Histone methylation markers are known to interact with each

other and with DNA methylation to regulate transcription (31).



Unlike histone methylation, which is associated with both transcription activation or repression
depending on specific residues, histone acetylation is strongly associated with transcriptional
activation. Histone acetylation occurs on lysine residues, resulting in neutralization of the
positively charged histone that enhances transcription, since it decrease the interaction of the
histone core proteins with the negatively charged DNA phosphate backbone (32). The histone
acetylation marks are controlled by reciprocal actions of histone acetyltransferases (HATs), and
histone deacetylases (HDACs). HATs function as a cofactor for open or permissive chromatin
state by adding acetyl group to histone lysine (33). Wnt signaling pathway has been shown to
be related with HAT dysregulation in cancer (34). The EP300/CBP family is an example of HATs
that have the ability to acetylate core histones, as well as other proteins in cell proliferation,
like p53 (35). EP300 are critical to sustain cell proliferation and regulate tumor suppressors (36).
HDACs are involved in transcriptional repression by removing acetyl groups from histones (33).
HDACs also can regulate other proteins important for cancer, such as p53, and STAT3 (37). As
an example, HDAC3 regulates an important intracellular Wnt signaling pathway with sensitivity

to growth regulation by Vitamin D (38).

Chromatin structure, such as folding and looping, also plays a vital role in transcriptional
regulation in three-dimensional space by making gene promoters accessible to regulatory
elements, such as enhancers, repressors, and insulators (39). Enhancers can regulate promoters
by affecting regulatory elements, loop structures, and noncoding RNA (39). Chromosome are
organized into functional compartments by intra-genomic interactions called topologically

associating domains (TADs). Regions in TADs interact more frequently than regions located



outside with genes coregulated, expressed, and correlation in epigenetics marks (40). Genes
and regulatory elements are insulated by TAD boundaries for epigenetics and functional
insulation (41). The zinc-finger CCCTC-binding factor (CTCF) plays an important role in defining
TAD boundaries and mediate long-range chromatin interactions (40). Noncoding RNAs also can
play a regulatory role in long-range chromatin, including short non-coding RNAs (siRNAs,
miRNAs, and piRNAs) and long noncoding RNAs (IncRNAs) that have significant roles in

regulation of gene expression (42).

One-Carbon Metabolism

The one-carbon metabolism pathway links nutrition to epigenetic programming by regulating
the supply of methyl donors for DNA and histone methylation. One-carbon metabolism includes
the folate cycle, methionine remethylation, and transsulfuration pathways, with functions in
molecular biosynthesis, genome maintenance, and epigenetic regulation (43). Dietary nutrients
that function as substrates or cofactors in the one-carbon pathway include folate (vitamin B9),
B vitamins (B2 (riboflavin), B6 (pyridoxine), and B12 (cobalamine), methionine, choline, and
betaine (44). An example of how dietary nutrients can influence neurodevelopment is the
reduction of neural-tube birth defects by 19%-32% since the implementation of folic acid

fortification to grains since 1998 (45).

Folates are methyl donors that can activate the one-carbon metabolism pathway. Folate needs
to come entirely from dietary sources because animals cannot synthesize folate endogenously

(46). Folic acid is the synthetic form of folate that is fully oxidized and without active coenzyme



function (47). Folic acid reduces to dihydrofolate (DHF), and then to the biological active form
tetrahydrofolate (THF) before entering the folate cycle (43). THF converts to 5,10- methylene-
tetrahydrofolate, and is irreversibly reduced to 5-mTHF by the B2-dependent enzyme

methylenetetrahydrofolate reductase (MTHFR). Other B12, and B6 dependent enzymes work
together to transfer methyl group to betaine with producing dimethylglycine and methionine

(48).

In the methionine cycle, methionine is adenylated to S-adenosylmethionine (SAM), which is the
universal methyl donor that is involved in downstream cellular processes (49). During this
process, DNMTs transfer methyl groups to DNA. During this methyl transfer step, SAM is
converted to S-adenosylhomocysteine (SAH), which is hydrolyzed back to homocysteine (HCY)
and adenosine by reversible reactions in methionine cycle completion (50). High SAH
concentration can lead to inhibition of DNMTs, with some using SAM/SAH ratio as an index of
the potential of methylation at the cellular level (51). Increased SAH is associated with
decreased SAM/SAH ratio, which is associated with DNA hypomethylation (52). The inclusion of
high doses of SAM from the 8-cell stage using bovine embryo culture led to global
hypermethylation (53). In the transsulfuration pathway, high levels of SAM can induce HCY
degradation when methionine and folate are sufficient, but requires B6 as cofactor (48). These
studies show that dietary factors are crucial for the methionine cycle supply chain. Folate and B
vitamins are known as environmental modifiers that can change DNA methylation such as in

honeybees where queen bees are determined by royal jelly consumption (54,55).



Ethnic and interindividual variability in gene regulation can result in single nucleotide
polymorphisms (SNPs) in genes involved in one-carbon metabolite pathways that are
associated with changes in DNA methylation and other epigenetic marks (48). Furthermore,
genetic differences resulting in differences to one-carbon metabolites, such as the MTHFR
C677T polymorphism, can impair fertility (56). Deletions or modifications of the epigenetic
regulators, DNMT1 and euchromatin histone methyltransferase 1 (EHMT1), are associated with
adverse pregnancy outcomes (57,58). Together, these findings show that one-carbon
metabolism function is a key biochemical pathway that connects maternal environment,

genetics, and epigenetics in early fetal development.

Autism Spectrum Disorder

Autism spectrum disorder (ASD) is a heterogeneous neurodevelopmental disorder with a range
of symptoms and severities that is a growing concern worldwide, with 1 in 54 children
diagnosed in the US (59). Children diagnosed as ASD show persistent difficulties in social
communication and interaction, restricted and repetitive behaviors and interests, and language
deficits. The etiology of ASD is complex and remains incompletely characterized by existing
individual genetic and environmental factors (60,61). Genetic heritability is expected to be a
major component of ASD risk based on studies of twins, siblings, and other family members
(62,63). The genetic architecture of ASD contains both rare variants with strong effects and
multiple common variants with weak individual effects (64). Genes mutated in rare cases of
ASD are enriched for neuronal, embryonic development and chromatin regulation pathways.

Large genome-wide association studies (GWAS) show the role of common genetics variants



with remaining challenges in ASD complexity and heterogeneity, as no single genetic variant
can explain more than 1% of disease liability (64-66). ASD related genes also overlap with
cancer pathways on cell differentiation, chromatin, and DNA repair functions (67).
Environmental factors are also known to contribute to ASD risk, especially during the prenatal
stage (68). During the gestation stage, environmental factors, such as environmental toxicants,
and nutritional factors can affect cellular proliferation and differentiation processes (69-71).
ASD etiology is thought to begin in early development and be influenced by both genetics and

environmental factors influencing neuronal trajectories (72).

Genomics of ASD

Heritability is used to summarizes the degree variation in a trait that is due to genetic factors
variation between individuals in the population which can be estimated from the correlation of
offspring and parental, full or half siblings, or monozygotic and dizygotic twins (73). ASD is
considered as highly heritable which was historic estimated above 90% based on monozygotic
twin studies (74,75), but the ratio are lower with recent increased studies (76,77). Recent study
on 37,570 twin pairs, estimated the heritability as 83% (77), lower than initial early 90% twin
studies (78) and higher than 38% later California twin study (61). Infants born to families with at
least one affected elder sibling have 24% chance of development ASD (79). Overall, the
concordance rates among monozygotic twins, dizygotic twins, and siblings are 30-90%, 0-65%,
and 3-30% with an estimated overall heritability of 0.7-0.8 (61,62,75,80). These studies

estimate heritability often limited by heritability estimated based on twins. Recent population-



based studies in show a lower estimated heritability of 0.5-0.6 (81). All these studies and

analysis shown ASD has strong genetic relatedness.

The genetic component of ASD includes both common variants with weak individual effects and
rare variants with strong effects (64). Rare inherited and de novo variants are the major
genetics contribution to individuals risk for ASD (65,66,82). Inherited truncated mutations are
found to be more prevalence in ASD, containing genes function in synaptic formation,
transcription regulation, and chromatin modifications (82,83). Partially of ASD compose of rare
disorders with over 100 rare Mendelian syndromes have been associated with ASD (84,85). In
contrast to the strong male bias in idiopathic ASD, syndromic ASD cases have different male-to-
female ratio based on the types of causations (86). Classic neurodevelopmental syndromes
such as fragile X syndrome (FXS) (mutations in FMR1), Rett syndrome (mutations in MECP2),
tuberous sclerosis (mutations in TSC1 and TSC2), and dup15q syndrome show partial
comorbidity with ASD. In consanguineous families, rare recessive mutation on CNTNAP2,
SLCY9A9, and BCKDK were associated with ASD and epilepsy by linkage analysis and
homozygosity mapping (87—89). Neuroligin family NLGN3 and NLGN4 are rare X-linked
mutation that identified in male children with ASD together with mental retardation (90). ANDP
mutation has been found to associated with ASD with function in facial dysmorphism (91).
Three members of scaffolding proteins, SHANK1, SHANK2, and SHANK3, together with two
members of the neurexin, NRXN1 and NRXN3 are rare inherited variants that have vital roles in
ASD (92-96). With increasing researches in ASD, there is a substantial expand knowledge of

rare inherited alleles in ASD.
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Fragile X syndrome is the most common inherited from of intellectual disability as X-linked
genetic disorder with higher frequency in males (97). FXS caused by expansions of CGG triplet
repeat in the 5" untranslated region of the FMR1 gene that located on the X chromosome (98).
The expansion of CGG repeats leads to transcriptional silencing of FMR1 that lead to lack of
encoding fragile X mental retardation protein (FMRP) which is a synaptic RNA-binding protein
with functions in modulating synaptic plasticity (99). Unaffected individuals have 6-44 CGG
repeats, individuals with 50-200 CGG repeats are at risk for further expansion, while greater
than 200 hypomethylated CGG trinucleotide repeats are observed in patients with FXS (100-
102). MECP2 mutation is one of the recurrent mutations in approximately 4% of ASD (103).
MeCP2 is a reader of epigenetic information and a modulator of chromatin structure, which
regulate mRNA splicing and epigenetic change in histone markers with effects in synaptic
functions (104,105). SH3 and multiple ankyrin repeats domains (SHANK3) mutation were
estimated to contribute about 1% of ASD cases and associated with zinc deficiency (106).
SHANKS3 has crucial function in regulating synapses function and multiple postsynaptic signaling

complex (107).

The largest exome sequencing study on ASD to date (ASD n = 11,986, TD n = 23,598) identified
102 risk genes at an FDR level less than 0.1, which included 49 shown higher frequencies of de
novo variants in individuals with severe neurodevelopmental delay (108). The largest meta-
analysis genome-wide association study (GWAS) study to date (ASD n = 18,381, TD n = 27,969)
from the Psychiatric Genomics Consortium ASD workgroup (PGC-AUT) (64) focused on SNP

variants from standard genotyping arrays. Other studies examined structural variants over
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protein coding genes by whole exome sequencing (65). SNP-based GWAS has multiple
limitations, including reliance on pre-exiting genetics variant reference panels, imputation

errors due to imperfect linkage disequilibrium, and complex structural variance (109).

Structural variants (SV) are also polymorphic within humans and have been associated with
many human diseases, especially involving immune responses, and cognitive disorders, such as
schizophrenia (110-112). SVs exhibit a nonrandom distribution and form clusters into hotspots
located within gene-poor regions in the primate genome (113,114). Genic sequences harbored
with SV hotspots were enriched for oxygen transport, sensory perception, synapse assembly,
and antigen-binding (114). Recent studies suggested that a large SV burden is associated with
lower cognitive ability (115-117). SVs shown to be in association with autism have mapped to

noncoding putative regulatory regions of the genome (118).

Environment factors in ASD risk

Environmental exposures can influence brain development in various ways including neural
tube development, cell differentiation and migration. Immune system responses or oxidative
stress from chemicals in the environment and their metabolites can affect digestive systems,
which can then dysregulate nutrient or essential fatty acid uptake and lead to pathogenic
changes. Environmental factors can also lead to epigenetic changes that regulate gene
expression with short- or long-term effects. Furthermore, both nutrients and environmental

chemicals can alter cellular biochemistry to change enzyme functions in multiple pathways.
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Large population-based epidemiology studies have shown that high folate prenatal vitamin
consumption near conception is associated with reduced ASD risk of the child (70,119,120). In
the Childhood Autism Risks From Genetics and the Environment (CHARGE) case-control study,
prenatal vitamin supplement use at an early pregnancy stage was associated with a 40%
reduction in ASD risk (70,120). For mothers with a common risk allele in MTHFR, encoding the
methylenetetrahydrofolate reductase enzyme in the one-carbon metabolic pathway, the child
had a higher risk for ASD if they did not take a prenatal vitamin during the first month of
pregnancy (119). Meta-analysis with eight case-control studies also shown that MTHFR 677 C>T
polymorphism contributes to increase ASD risk, and periconceptional folic acid may reduce ASD
risk (121). The finding was replicated with a Norwegian cohort study of 85,176 children with
40% lower risk of ASD in children whose mothers took folic acid supplements
periconceptionally (119). In high-risk families, the association between maternal prenatal
vitamin intake during the first month of pregnancy is also associated with reduction in ASD risk
of the child (122). These studies suggest periconceptional folic acid can improve
neurodevelopment and behavioral outcomes as well as reduce risk for neural tube defects
(123). During the implantation stage, embryos undergo numerous DNA methylation changes
with erasure and reestablishment (124), likely explaining the periconceptional stage as a critical

period of protection.

Besides protective environment factors, several environmental chemicals have been shown to
have adverse effects on reproduction and neurodevelopment, with stronger effects in utero

and in children than in adults (125). As a group, both persistent and non-persistent chemicals
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can alter mechanisms in nervous system, immune regulation, lipid metabolism, and
mitochondrial functions that may influence ASD risk (126—128). For air pollution, a large
population-based CHARGE study showed that living within 309 meters of a freeway nearly
doubled the odds of having a child with ASD (129). The association between air pollution and
ASD was strengthened when exposure was in the third trimester (129). Exposure to
polychlorinated biphenyls (PCBs), a class of endocrine-disrupting chemicals within the category
of persistent organic pollutants (POPs), has also been shown to associate with ASD risk
(127,130). PCBs can affect levels of hormones during early gestation that regulate neuronal
differentiation and growth in early gestation and also result in DNA methylation changes from
an in vitro study (131,132). Pesticides are frequently designed to damage the nervous systems
of insect pests, but can also have effects on mammalian neurotransmission. A prior study
showed that self-reported pesticide exposure was significantly associated with alterations in
placental DNA methylation in the ASD high risk MARBLES cohort (133). Residence in households
located near agricultural pesticide applications during the first trimester was associated with an
elevated level of ASD risk (128). Pesticides might influence neurodevelopment by various

mechanisms, such as serotonergic systems, endocrine disruption, and calcium signaling (134).

Overall, numerous studies have demonstrated an environmental contribution to ASD.
Considerable evidence supports potential roles for preconception or prenatal maternal
nutrients, and exposures to some environmental chemicals in ASD risk. From those studies, we
can further conclude there is no single or universal cause of ASD, and multiple interacting

factors are likely involved. However, there are limitations for existence environmental factors
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for ASD. Some studies have the limitation of inconsistent and/or insufficient replication among
different populations or windows of exposure. Environmental factors are mostly association

studies with few in vivo or in vitro experimental models of specific chemicals and pathways.

Epigenetic findings in ASD

Epigenetic mechanisms represent an important intersection of genetic and environmental
influences to ASD, with previous research performed in human tissues such as brain, placenta,
and blood (132,135-137). Previous studies of epigenome-wide association studies (EWAS) have
demonstrated differential methylation on specific regions and epigenetic signatures associated
with ASD diagnosis. The largest population EWAS in ASD have been restricted by study design
limitations, including case-control studies where temporal relationships are not clear, and
microarray based platforms that were limited to probe locations, covered less than 3% CpG
sites, and were heavily biased towards CpG islands and existing gene promoters (138,139). In
contrast, WGBS-based approaches enable full interrogation of the mappable human genome
and cover the most epigenetically polymorphic regions missed by array-based approaches.
Given the importance of brain development in ASD etiology, epigenetic studies performed in
postmortem brain have shown differentially methylated regions for ASD at genes with
functions in synaptic transmission, and histone acetylation (140,141). Studies have shown the
DNA methylation changes during neuronal death with overexpression of DNMT3A, suggesting

that DNMT3A inhibition protect neurons (142).
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Placenta Interface and Methylome

Evolution of placenta

Placenta is the unique tissue that sits at the interface between the maternal and fetal vascular
beds, functioning to provide nutrients and waste mediation to the developing conceptus.
Placental cellular lineage is not unique to mammals, as the trophectoderm layer occurs within a
wide range of both vertebrate and invertebrate species, but mammals have a tremendous
variety in placenta anatomy that all serve the unique functional requirements of fetal
provisions until live birth (143,144). Comparing with egg-laying species, offspring benefit from
gaining internal development including environmental protection in maintenance on
temperature, oxygen, osmolarity, and protection from predation (145). Mammals are amniotes
distinct from reptiles and birds, possessing two other membranes, chorion and allantois, that
form the placenta and umbilical cord (143). The fertilized embryo undergoes a series of cell
division prior to implantation, which results in blastocyst formation consisting of two distinct
cell populations, trophectoderm which differentiates into the placenta, and inner cell mass
(ICM) which gives rise to the embryo (146). Placenta is the first organ to form in mammals to
establish the maternal-fetal vascular interface with the capability to supply the bioenergetic
needs of conceptus development (147). It is a complex organ with diverse functions in hormone

production, immune protection, and nutrient transportation (147).

Placental metabolism

Placenta is not just simply a transporter organ, metabolically it needs to consume 40-60% of the

body’s oxygen to get glucose delivered to the uterus (148). Placenta metabolism can
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significantly impact oxygen and nutrient delivery to the fetus by cell fate regulatory pathways.
Aerobic lactate production enables the placenta to produce and transfer large amounts of
lactate to the fetus, and placenta has the unique ability to metabolize lactate specifically during
midgestation but not at term (149). Placenta alters its metabolic strategies under stressful
states such as hypoxia, or in pathological states such as intrauterine growth restriction (IUGR).
For instance, placenta can decrease its consumption of oxygen and increase glycolysis to
maintain the basic bioenergetic needs under hypoxia at high altitude (150). Isolated hypoxia
can result in increased hypoxia-inducible factor (HIF) levels and target gene expression in the
human placenta (151,152). HIF is also critical for hypoxia metabolic adaptation, and regulates
trophoblast cell fate decisions (152,153). Oxygen tension can also modulate extravillous

trophoblast proliferation, differentiation, and invasion (154).

Placenta has long been recognized as steroid hormone-producing organ, but it can also produce
neurotransmitters and regulate fetal brain development through those factors, such as
serotonin, dopamine, and epinephrine/norepinephrine (155). Placenta is actually the sole
source for some neurotransmitters during initial brain formation. Dopamine is a
neurotransmitter that is produced by the placenta that can induce direct effects on brain
development through different dopamine receptors, including D1 and D2 (156-158). Dopamine
and norepinephrine are produced by placenta cytotrophoblasts, primarily expressed by

syncytiotrophoblast cells during mid and late stages of pregnancy (159).
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Placenta methylome

Term placenta is an accessible fetal tissue that maintains a distinctive embryonic bimodal
methylation pattern, with higher methylation over expressed genes and relatively lower
methylation over non-expressed genomic regions, a property which opens a unique window to
study fetal development from placenta DNA methylation patterns (160,161). The placenta
methylome shows developmental plasticity, which can reflect on both maternal and fetal
signals. The key feature of epigenetic reprogramming is the erasure of DNA methylation in the
zygotes and preimplantation embryo (162). Around implantation, ICM starts to gain do novo
DNA methylation rapidly, while trophectoderm remains hypomethylated (163). Chorionic villi
show 10%-25% less DNA methylation than fetal tissues (164). Placenta has global
hypomethylation with reduced DNMT1 levels and less maintenance of methylation during rapid
growth phase in early development (165). X-chromosome inactivation (XCl) can be less stable in

placenta on more regions or genes escape XCl with through mechanisms that remain unclear.

The landscape of DNA methylation is especially dynamic in the earliest stages from fertilization
to implantation, with preimplantation embryos, and placenta both characterized by the
presence of partially methylated domains (PMDs) (160,161,166). PMDs are large regions (>100
kb) with reduced DNA methylation, covering nearly 40% of the genome with enrichment in
gene-poor regions (161). The presence of PMDs is limited to the methylomes of placenta and
some cultured cell lines, including fetal lung fibroblasts, foreskin fibroblasts, adipocytes, and
tumors (161,167,168). Genes within PMDs tend to be tissue-specific or inducible, with

hypomethylation of gene bodies but hypermethylation of CpG islands compared with non-PMD
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regions (161). The reasons for the presence of PMDs is still unclear, but they are hypothesized
to arise as a consequence of rapid cell division for early placental development or programmed
developmental mechanism. Regardless, because placental PMDs provide a historical footprint
of gene activity in utero, the placental methylome could be useful for identifying epigenetic

biomarkers relevant for human disease (168).

There are an increasing number of studies on placenta-brain axis using multi-omics datasets
showing the key role of placenta in prenatal development. A recent study on schizophrenia
polygenic risk scores showed significant association of the genetic risk with perinatal
environment and at genes with expression in placenta (169). Placenta multi-omics kernel
aggregation strongly predicted intellectual and social function via cross-validation which was
significantly associated with ASD status (170). A prior study on placenta methylome and ASD
identified a differentially methylated fetal brain enhancer near DLL1 (171). Another study on
self-reported exposures showed a significant association with pesticide exposure on placenta

DNA methylation (133).

Due to previous findings on genomics, environment, and epigenetics, we investigated ASD risk
through perinatal epigenomic signatures in placenta and brain, followed with a stud on
maternal metabolites, studies incorporating genomics, and functional studies. Together these
approaches bring novel and multi-dimensional insights into ASD etiology and shed light on

perinatal signatures of ASD.
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Abstract

DNA methylation acts at the interface of genetic and environmental factors relevant for autism
spectrum disorder (ASD). Placenta, normally discarded at birth, is a potentially rich source of
DNA methylation patterns predictive of ASD in the child. Here, we performed whole methylome
analyses of placentas from a prospective study MARBLES (Markers of Autism Risk in Babies-
Learning Early Signs) of high-risk pregnancies. 400 differentially methylated regions (DMRs)
discriminated placentas stored from children later diagnosed with ASD compared to typically
developing controls. These ASD DMRs were significantly enriched at promoters, mapped to 596
genes functionally enriched in neuronal development, and overlapped genetic ASD risk. ASD
DMRs at CYP2E1 and IRS2 reached genome-wide significance, replicated by pyrosequencing,
and correlated with expression differences in brain. Methylation at CYP2E1 associated with
both ASD diagnosis and genotype within the DMR. In contrast, methylation at /RS2 was

unaffected by within DMR genotype, but modified by preconceptional maternal prenatal
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vitamin use. This study therefore identified two potentially useful early epigenetic markers for

ASD in placenta.

Introduction

Autism spectrum disorder (ASD) is a heterogeneous neurodevelopmental disorder diagnosed by
a combination of behavioral features including restricted interests, repetitive behaviors,
language deficits, and impairments in social communication (59). 1 in 54 children in the United
States are diagnosed with ASD, at a mean age of 4.2 years (59). ASD is currently diagnosed by
clinicians trained on the Autism Diagnostic Observation Schedule (ADOS) and the Autism
Diagnostic Interview - Revised (ADI-R) according to the Statistical Manual of Mental Disorders
(DSM-5) which is most accurate at or after 36 months (59). However, an early assessment of
ASD risk could identify infants and toddlers who would benefit from behavioral interventions

that improve cognitive, social, and language skills.

Monozygotic versus dizygotic twin and sibling studies suggest a strong genetic basis for ASD
(172—-174). However, mutations in any individual gene account for less than 1% of ASD cases
(60,172). Genetic sequencing analyses can only identify a potentially causative genetic
abnormality in ~25% of clinical ASD diagnoses (60,118,172). While genome-wide association
studies (GWAS) also support common genetic variants in ASD, the complexity and
heterogeneity of ASD has been a major challenge (65,175,176). Evidence for environmental risk
factors in ASD point to in utero maternal exposures such as air pollution, fever, or asthma and

nutrients, specifically the absence of periconceptional prenatal vitamin intake (70,120,177,178).
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Maternal prenatal vitamins, which contain high levels of folic acid and other additional B
vitamins, protect offspring by up to 70% for neural tube defects (179-184), and correlate with
an overall 40% reduction in ASD risk if taken during the first month of pregnancy (P1)
(70,119,120). This finding was replicated with a large prospective study in Norway including

over 80,000 pregnancies (119).

DNA methylation shows dynamic changes during fetal development (7,67,166) and contains the
molecular memory of in utero experiences such as maternal nutrition (180,185). Term placenta
is an accessible fetal tissue that maintains the distinctive embryonic bimodal DNA methylation
pattern, in which expressed genes are marked by higher methylation levels (161,186). Placenta
therefore offers a unique window to study DNA methylation patterns that may reflect altered
fetal development relevant to ASD genetic risk (166,186—188). Specifically, a recent study of
polygenic risk scores for schizophrenia demonstrated a significant interaction of genetic risk
with maternal perinatal environmental factors that affected placental gene expression (169).
Previous analyses of DNA methylation patterns in placenta samples from a high-risk ASD cohort
also identified an association between self-reported use of lawn and garden pesticides and
large-scale changes in DNA methylation patterns, and identified a putative enhancer of the

DLL1 gene as differentially methylated in ASD (133,171).

Here, we continue the epigenetic investigation of ASD risk through the novel approach of
identifying differentially methylated regions (DMRs) in whole methylomes from placenta

samples from male children later diagnosed with ASD compared to children with typical
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development (TD) controls. Two genome-wide significant ASD-associated DMRs at CYP2E1 and
IRS2 were further validated and investigated for effects of genotype, RNA expression, and
protein levels as well as interactions with preconception prenatal vitamin use. Understanding
the epigenetic patterns of ASD associated with maternal prenatal vitamin use in placenta could
lead to the development of preventative and therapeutic early interventions for high-risk

children with ASD.

Results

Placenta ASD DMRs discriminate ASD from TD samples.

To identify novel differentially methylated gene loci between ASD and TD, a differentially
methylated region (DMR) bioinformatic analysis was performed on placenta whole genome
bisulfite sequencing (WGBS) data (133,171). 400 DMRs were identified with a threshold of >
10% methylation difference between ASD and TD groups, and these were associated with 596
genes using the Genomics Regions Enrichment of Annotations Tool (GREAT) on the default
association settings (Fig. 2.1A, Supplementary Table 2.1). There was no bias for gene length in
the ASD DMR associated genes compared to all human genes (Supplementary Fig. 2.1). 296
DMRs were hypermethylated, while 104 DMRs were hypomethylated in ASD compared to TD
placenta (Fig. 2.1A). Principal component analysis (PCA) using methylation levels for each
sample over the 400 DMRs demonstrated a clear separation of placental samples by child
outcome of ASD versus TD (Fig. 2.1B). In addition, most ASD DMRs showed a highly significant

association with Mullen Scales of Early Learning (MSEL) scores and autism severity score from
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Autism Diagnostic Observation Schedule (ADOS), but not with potential confounding variables

(Supplementary Table 2.2, Supplementary Fig. 2.2). Demographic and clinical variables of

children and their mothers in the MARBLES study were not significantly associated with child

diagnosis (Supplementary Table 2.3). Furthermore, there was no significant enrichment

between placental cell type specific genes from single-cell RNA-seq data (189) and genes

identified associated with ASD DMRs in placenta, suggesting that the differences were not due

to major shifts in cell type composition (Supplementary Fig. 2.3, Supplementary Table 2.4).
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Fig. 2.1. Differentially methylated regions (DMRs) in placenta distinguished ASD from typical

development (TD) child outcomes.
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A. Heatmap and hierarchical clustering of 20 ASD versus 21 TD placental samples using
methylation levels in the 400 identified ASD DMRs. Percent methylation for each sample
relative to the mean methylation at each ASD DMR was plotted as a heatmap, with black
representing no difference, hyper-methylation (red) and hypo-methylation (blue). Columns
were clustered by child outcome, ASD (red) or TD (blue), while rows were clustered by
methylation direction. B. Principal component analysis (PCA) of TD vs ASD placental samples on
the basis of methylation at 400 ASD DMRs. Ellipses represent the 95% confidence interval for
each group. The non-overlapping ellipses showed a significant difference between ASD and TD
for these DMRs’ methylation level (p < 0.05). C. Location relative to genes for hypermethylated
(red) or hypomethylated (blue) ASD DMRs compared to background (grey). Distributions of
locations relative to transcription start sites (TSS) are shown on the x-axis. The ratio plotted on
the y-axis is calculated by the number of genes at each binned location divided by the total
number of genes (Supplementary Table 2.5). *p < 0.05, **p < 0.01, ***p < 0.001 by Fisher’s
exact test. D. Bar graph represents the significant results from gene ontology and pathway
enrichment analysis of ASD DMRs associated genes compared to background by Fisher’s exact

test (FDR adjusted -log p-value, x-axis).

Placenta ASD DMRs were enriched for transcription start sites and genes that function in

transcriptional regulation and neuronal fate.

To further study the location and function of ASD DMRs in placenta, we calculated the location
of each ASD DMR relative to the assigned gene’s transcription start site (TSS) (Supplementary

Table 2.5). Both hyper- and hypomethylated ASD DMRs were enriched within 5 kb on either
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side of TSS compared with background regions (Fig. 2.1C). Gene ontology (GO) analysis of ASD
DMRs genes revealed significant enrichment for functions in transcription, protein modification,
embryonic organ development, and neuron fate commitment by Fisher’s exact test after false

discovery rate (FDR) multiple test correction (Fig. 2.1D, Supplementary Table 2.6).

Placenta DMR genes were enriched in ASD but not ID risk genes

To test a hypothesized overlap between epigenetic and genetic ASD risk loci observed
previously in ASD and neurodevelopmental disorder brain tissues (190), we investigated the
possible overlap of placenta ASD DMR genes with identified genetic risk factors for ASD and
other types of intellectual disability (ID). First, the curated Simons Foundation Autism Research
Initiative (SFARI) gene list was separated into six categories based on SFARI ASD gene scores
(191). The entire list of SFARI genes as well as the high confidence gene list both showed
significant overlap with placenta ASD DMR genes (Fig. 2.2A, Supplementary Table 2.7). The 39
genes in common between the SFARI gene list and placenta ASD DMRs were significantly
enriched for functions in positive regulation of histone H3K4 methylation, multicellular organ
development, and system development. Second, high risk ASD genes from Sanders et al. (176)
and likely gene-disrupting (LGD) recurrent mutations and missense mutation on de novo
mutations to ASD gene lists from whole genome exome sequencing (65) were also significantly
enriched for placental ASD DMRs. In contrast, no significant enrichment was observed for
placental ASD DMRs with ID, Alzheimer’s disease, or lung cancer genetic risk (192) or a random
set of 400 genomic regions mapped to 600 genes (Fig. 2.2A, Supplementary Table 2.7). When

placental ASD DMRs were separated by direction of change, hypomethylated ASD DMRs
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exhibited more categories of significant enrichment with ASD genetic risk compared with
hypermethylated ASD DMRs (Supplementary Fig. 2.4). Differential expressed genes in ASD
postmortem brain were extracted from multiple studies (72,193-195). Placenta ASD DMR
genes significantly overlapped with ASD cortex differentially expressed genes in the largest of
these studies (72) (Supplementary Fig. 2.5, Supplementary Table 2.8).
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Figure 2.2. Placenta ASD DMR genes overlapped with ASD DMR associated genes from
postmortem brain and known genetic risk for ASD, but not for other disorders.
A. Placenta ASD DMR associated genes were compared for significant overlap with ASD DMR

genes identified from ASD postmortem brain (140) (based on 10% or 5% methylation difference
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cutoffs), as well as multiple curated gene lists of ASD, intellectual disability, or unrelated
disorder genetic risks, or a randomly generated gene list (*p < 0.05 FDR corrected two-tailed
Fisher’s exact test, ranked by odds ratio). SFARI: Simons Foundation Autism Research Initiative
(191), LGD: likely gene disrupting mutation, ASD: autism spectrum disorder, Alzheimer:
Alzheimer’s Disease, ID: intellectual disability. B. Venn diagram represents the significant
overlap of 36 genes associated with placenta ASD DMRs and brain ASD DMRs based on 10%
methylation differences in brain between ASD versus TD by Fisher’s exact test (p < 0.001***)
(Supplementary Table 2.7). Methylation data from human postmortem brain was obtained
from previous published datasets, GSE8154 (ASD and TD) (190). C. Gene ontology and pathway
analysis on the 36 genes in common between placenta ASD DMRs and brain ASD DMRs
associated genes. Enrichment tests were done on Fisher’s exact test with FDR 0.05 correction.
Genes in each gene ontology term are shown within each bar. D. Venn diagram represents
significant overlap of 439 genes between placenta ASD DMRs and DMRs from brain with 5%
methylation difference between ASD and TD (Fisher’s exact test, p < 0.001***) (Supplementary
Table 2.7). E. Multiple developmental pathways were significantly enriched on the overlapped

439 genes with Fisher’s exact test after FDR 0.05 correction.

Placenta ASD DMR genes significantly overlapped with brain ASD DMRs that were enriched at

Whnt and cadherin signaling pathways and developmental functions.

From a prior methylation analysis in brain frontal cortex, 210 ASD discriminating DMRs were
identified (10% methylation difference between ASD and TD), which mapped to 371 genes

(190). A significant overlap of ASD DMR genes was observed between placenta and brain
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(Fisher’s exact test, p-value < 0.001), with 36 genes in common at a 10% difference in ASD
versus TD brain (Fig. 2.2B, Supplementary Table 2.7). Those 36 genes were significantly
enriched for functions in the Wnt signaling and cadherin signaling pathways (Fig. 2.2C). Of these
shared genes four overlapped with SFARI genetic risk: GADD45B, MIC4R, PCDH9, and TBL1XR1.
With a more inclusive 5% methylation difference in brain that has been described previously
(132,190) , 74% of the placental ASD DMR genes significantly overlapped with those identified
in brain (Fisher’s exact test, p-value < 0.001) (Fig. 2.2D). Pathways significantly associated with
this more extended list included neuronal fate commitment, neurogenesis, and neuronal
differentiation, as well as embryonic developmental terms such as tube development (Fig.
2.2E). Among shared 439 genes, 32 genes were also identified as SFARI ASD genetics risk genes,

including AUTS2, KMT2A, SETBP1, and TBR1 (Supplementary Table 2.7).

Placenta ASD DMRs were enriched for placental and brain active promoter H3K4me3 peaks,

promoter flanking regions, and CpG shores.

To functionally annotate the ASD DMRs identified by placenta WGBS, multiple histone
modification ChIP-seq peaks and chromatin state predictions from multiple tissue types in the
Roadmap Epigenomics Projects were compared to ASD DMR chromosomal locations for
enrichment compared to background regions (196). Placental ASD DMRs were significantly
enriched at epigenomic regulatory regions, specifically H3K4me3 and H3K4me1l marks across
multiple tissues, although placental H3K4me3 marks showed the strongest (odds ratio = 17.08,
FDR q < 1.8E-42) and brain H3K4me3 marks showed the second strongest enrichment (odds

ratio = 13.75, FDR q < 3.55E-31) (Fig. 2.3A). Importantly, we also found a significant overlap
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between genes we identified by placenta ASD DMR and those identified as differential in ASD
prefrontal neuron H3K4me3 peaks (Fisher’s exact test, p-value < 0.05) (Supplementary Fig. 2.6)
(197). Next, we overlapped ASD DMRs with published chromatin state predictions that use
histone modification ChIP-seq data to annotate the genome into 15 functional states
(chromHMM) (198). Placental ASD DMRs showed significant enrichment in regions flanking
transcription start site (TssAFInk) and transcription start site (TssA) compared to background
over multiple tissues (Fig. 2.3B). When separated by directional change in ASD, both hyper- and
hypomethylated ASD DMRs were significantly enriched for H3K4me3 peaks, transcription start

sites and their flanking regions, as well as enhancers (Supplementary Fig. 2.7).

We also separated the genome into four parts relative to CpG island location (199-201). CpG
shores were defined as the region within 2 kb on both sides of CpG islands, while another 2 kb
extension from the shores were defined as CpG shelves. The remaining regions were defined as
“open sea”. Placental ASD DMRs showed significant enrichment at CpG shores, and
hypermethylated ASD DMRs more significantly overlapped CpG islands compared with

hypomethylated DMRs (Fig. 2.3C).
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Figure 2.3. Placenta ASD DMRs were enriched at H3K4me3 regions, flanking promoter regions,
and CpG shores.

A. Placenta ASD DMRs were examined for enrichment with histone modification ChiP-seq peaks
from the Epigenome Roadmap using the LOLA package. Enrichments are plotted as the odds
ratio) in a heat map for each of 8 different tissue types and 6 types of modified histone marks
(202) . B. Enrichment tests on chromatin states from chromHMM categories in the Epigenome
Roadmap and placental ASD DMRs from this study were performed using LOLA, with each row
representing a different ChromHMM predicted state and each column a single tissue type. C.
Placenta ASD DMRs (categorized as all, hypermethylated, or hypomethylated in ASD) were
tested for enrichment based on CpG island location. The human genome was separated into

CpG islands, CpG shores, CpG shelves and open sea.
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Two genome-wide significant placental ASD DMRs at CYP2E1 and /RS2 validate by

pyrosequencing and correlated with gene expression.

Two of the 400 ASD DMRs identified in ASD placenta reached genome-wide significance by
family-wide error rate (FWER), including chr10: 133527713-133529507, located inside CYP2E1
(cytochrome P450 2E1), and chr13: 109781111-109782389 located inside /RS2 (insulin receptor
substrate 2) (Fig. 2.4). The CYP2E1 DMR was located after the first exon, included the first
intron and part of the second exon, and was hypomethylated in ASD versus TD (Fig. 2.4A). The
IRS2 DMR, spanning the end of the first exon and the beginning of first intron and was
hypermethylated in ASD versus TD (Fig. 2.4B). Both CYP2E1 and /RS2 were also present in the
gene lists overlapping with brain ASD DMR related genes and high risk ASD genes (Fig. 2.2A,

Supplementary Table 2.7) (176).

Pyrosequencing was performed as an independent method to verify methylation differences
between ASD and TD placental samples at CYP2E1 and /RS2 DMRs (Supplementary Table 2.9).
For the CYP2E1 DMR, there was a significant difference in average percent methylation
detected by pyrosequencing between ASD and TD samples (Fig. 2.4C). 13 CpG sites were
included in the CYP2E1 DMR pyrosequencing test, and all but 2 also showed individually
significant differences between ASD and TD after false discovery rate (FDR) correction
(Supplementary Table 2.9, Supplementary Fig. 2.8A). Pyrosequencing also confirmed a
significant difference between ASD and TD average percent methylation at the /RS2 DMR (Fig.
2.4D) and all of the 11 CpG sites individually assayed at /RS2 (Supplementary Table 2.9,

Supplementary Fig. 2.8B). There were no significance differences in the percent methylation
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variances of ASD and TD samples on both CYP2E1 DMR (two-tailed F-test, p-value = 0.8) and
IRS2 DMR (two-tailed F-test, p-value = 0.7). To test the relevance of these loci to females, 10
female placental samples were also verified by pyrosequencing and showed a significance
difference between ASD and TD in Percent methylation at CYP2E1 and /RS2 DMRs in the same

direction as that observed in males (Supplementary Fig. 2.9).

While MARBLES placenta samples were not collected in a manner conducive to RNA stability for
gene expression analyses, we were able to examine expression level of both CYP2E1 and /RS2 in
MARBLES umbilical cord blood during the same time period from an Affymetrix Human Gene
2.0 array analysis in a related study (203). No significant differences by ASD diagnosis were
observed in cord blood CYP2E1 or IRS2 expression or placental IRS2 protein levels, although
trends were consistent with the direction of methylation differences (Supplementary Fig 2.10-
2.11). Furthermore, both CYP2E1 and /RS2 were previously identified as differentially expressed
genes in ASD brain from three previous studies (193—-195) as well as in a meta-analysis of ASD
compared with TD in human male cortex (dbMDEGA database) (204). (Supplementary Fig. 2.5,
Supplementary Table 2.8). Together, these results suggest that methylation differences
identified in ASD placenta are also relevant to differential gene expression patterns identified in

brain.
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Figure 2.4. Two genome-wide significant placental DMRs located at CYP2E1 and IRS2 were
validated by pyrosequencing.

A and B show the location relative to genes, and CpG islands of the two genome-wide
significant DMRs (highlighted in pink and blue) in the UCSC Genome Browser. In the upper
tracks, each line represents percent methylation (y-axis) of a single individual by WGBS analysis.
Blue lines represent TD and red lines represent ASD samples. A. Hypomethylated DMR at
CYP2E1 with 10 kb upstream and 10 kb downstream. B. Hypermethylated DMR at /RS2 with 10
kb upstream and 10 kb downstream. C. The CYP2E1 DMR percent methylation was significantly
associated with child outcome and verified by pyrosequencing (two-tailed t-test, p-value =
0.014). The y-axis represents the average percent DNA methylation across the DMR regions

from pyrosequencing. Each dot represented one sample. D. Pyrosequencing validation on /RS2
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DMR’s methylation with child outcome (two-tailed t-test, p-value = 0.0035). *p < 0.05, **p <

0.01.

CYP2E1 but not /RS2 DMR methylation levels were associated with common variants within

each DMR.

We performed Sanger sequencing within the CYP2E1 and /RS2 ASD DMRs to identify single
nucleotide polymorphisms (SNPs) located inside each DMR that could explain some of the
methylation differences. Two SNPs (rs943975, rs1536828) were identified within the
boundaries of the CYP2E1 DMR in the 41 placenta samples (Supplementary Table 2.10). A
significant association between rs1536828 (but not rs943975) genotype and CYP2E1 DMR
percent methylation was observed, with samples homozygous for the minor allele (G/G)
showing the lowest methylation (Fig. 2.5A). This significant genotype-methylation association
remained when the minor (GG) and heterozygous (CG) CYP2E1 genotypes were combined and
compared to the major (CC) samples (Supplementary Fig. 2.12). Further confirming the effect
of CYP2E1 genotype on methylation, 5 placental samples of each rs1536828 genotype showed a
similar significant association of genotype with CYP2E1 DMR percent methylation by
pyrosequencing (Supplementary Fig. 2.13). A single informative SNP (rs9301411) was also
identified within the /RS2 DMR (Supplementary Table 2.10) but was not significantly associated
with methylation level (Fig. 2.5B). However, genotypes at rs943975 (minor allele frequency:
0.4), rs1536828 (minor allele frequency: 0.32) and rs9301411 (minor allele frequency: 0.08)

were not significantly associated with diagnosis. In addition, these SNPs were not located inside
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any known transcription factor motifs identified by MEME(205) and there were no differences

on the MEME motif structure on the samples with and without SNPs (Supplementary Fig. 2.14).
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Figure 2.5. Cis genotype was significantly associated with CYP2E1 but not /RS2 DMR

methylation levels.

A. CYP2E1 genotype at rs1536828 within the ASD DMR was significantly associated with CYP2E1
DMR average percent methylation tested by ANOVA (p-value = 0.03). B. /RS2 genotype at
rs9301411 within the ASD DMR was not significantly associated with /RS2 DMR methylation by

two-tailed t-test (p-value = 0.86).

Preconception prenatal vitamin use corresponded to protective placental DNA methylation

patterns at CYP2E1, IRS2, and genome-wide.

Placental samples from mothers who took prenatal vitamins during the first month of

pregnancy showed a trend for higher CYP2E1 DMR methylation that was not significant, but in
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the same direction expected for protection from ASD (Fig. 2.6A). At the /RS2 DMR, however,
there was a significant association with maternal prenatal vitamin use and lower methylation,

also in ASD-protective direction (Fig. 2.6B).

To further explore the relationship between placental methylation patterns influenced by
prenatal vitamin use in the first month of pregnancy, placental methylomes were analyzed for
DMRs by prenatal vitamin use in the first month of pregnancy (PreVitM1) with more than 10%
methylation difference, and 376 DMRs were identified in over 587 genes (Supplementary Table
2.11). 60 genes overlapped between PreVitM1 DMRs and ASD DMRs in placenta
(Supplementary Table 2.11, Fig. 2.6C). Gene ontology analysis showed that genes common to
PreVitM1 and ASD DMRs were significantly enriched for functions in neuron fate commitment,
transcription regulation, central nervous system development, and regulation of

phosphatidylinositol 3-kinase activity (Fig. 2.6D).

To further investigate the potential inter-relatedness of diagnosis, prenatal vitamin use, and cis
genotype on methylation at CYP2E1 and /RS2 DMRs, we calculated associations between each
factor and methylation separately by two-tailed t-test or ANOVA, as well as two-way diagnosis
and PreVitM1; diagnosis and genotype; genotype and PreVitM1 by Pearson's chi-squared test.
No significant association were found among each of the three factors and each DMR

methylation level by ANOVA (Supplementary Table 2.12).
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Figure 2.6. Preconception prenatal vitamin use was a significant modifier of /RS2 methylation
and associated DMRs overlapped ASD DMRs in placenta.

For A and B, the x-axis represents maternal prenatal vitamins use during the first month of
pregnancy, while the y-axis shows the percent methylation. A. CYP2E1 DMR methylation was
not significantly altered by P1 prenatal vitamin use. B. Higher percent methylation at /RS2 DMR
was significantly associated with not taking prenatal vitamins at P1 (two-tailed t-test, p-value =
0.039), which is in the same direction as ASD risk. C. DMRs identified based on P1 prenatal
vitamins use were associated with 587 genes, which showed a significant overlap with ASD
DMR associated genes (Fisher’s exact test, p-value < 2.528e-16). D. Gene ontology and pathway

analysis was performed on the overlapped gene list (60 genes) (Supplementary Table 2.11)
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between placenta ASD DMR and P1 prenatal vitamin DMR associated genes for enrichment by
Fisher’s exact test with -log (p-value) represented on the x-axis. Genes in each gene ontology

(GO) term are shown within each bar.

Discussion

This study utilized whole methylome analysis of prospectively stored placenta samples in a high
risk ASD cohort to bioinformatically identify novel gene loci that may be useful for
understanding and predicting ASD risk. This unbiased analysis of ASD differentially methylated
regions in placenta tissue resulted in several novel findings. First, the 596 genes identified from
400 placental ASD DMRs significantly overlapped with genetic risk for ASD from curated
databases and gene functions in neurons. Second, two genome-wide significant placental ASD
DMRs at CYP2E1 and IRS2 were discovered that were validated by pyrosequencing and also
overlapped with ASD- associated genetic variation and gene expression changes. Lastly, we
investigated genotype and nutrient factors correlating with methylation at CYP2E1 and IRS2,
demonstrating specific effects for cis genotype and diagnosis at CYP2E1 and prenatal vitamin
use at IRS2. These results therefore suggest that DNA methylation patterns in placenta provide
a link between genetics, environment, and fetal epigenetic programming, which could reflect
early development relevant to the complex etiology of ASD. The epigenomic signature of ASD in
placenta also provides important insights into gene functions, pathways, gene-environment

interactions, and potential biomarkers that may be useful in improving early detection of ASD.
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This study is the first to identify 400 potential ASD DMRs that distinguish between ASD and TD
placenta samples and highlights specific locations and gene functions of differential
methylation in placental samples from children with ASD. First, these placental ASD DMRs were
highly enriched around transcription start sites and H3K4me3 marks that are clear marks of
gene regulatory functions (206,207). Furthermore, gene ontology analysis of the 596 genes
mapped to placental ASD DMRs pointed to enriched gene functions in transcription, neuron
fate, and embryonic development, which were expected based on previous studies

(171,208,209).

Genes with ASD DMRs in both placenta and brain were enriched for Wnt and cadherin signaling
pathways. Wnt signaling is important in embryogenesis, tissue regeneration, and
neurodevelopment (210), while cadherin signaling plays a vital role in connecting major
intracellular signaling pathways with adhesion protein complexes (211,212). Our results
therefore complement previous studies that have shown the importance of Wnt and cadherin
pathways in the etiology of ASD (213-215). We also replicated our previous finding of
differential methylation at DLL1 in ASD placenta (171) (Supplementary Tables 2.1 and 2.7).

DLL1 encodes a ligand of Notch, activated by Wnt signaling (216).

When overlapped with datasets of genetic risk for neurodevelopmental disorders including ASD

and intellectual disability (65,176,191), placenta ASD DMRs were significantly enriched for ASD

but not for intellectual disability genetic risk, illustrating the specificity of the ASD DMRs
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identified in our study. The highest overlap of ASD DMR associated genes was with the SFARI

high confidence genes, including KMT2A, MYTIL, and TBR1 (191).

Our study identified novel methylation differences at CYP2E1 and /RS2, which exhibited
genome-wide significant differences between ASD and TD. Both CYP2E1 and /RS2 are identified
as ASD genetic risk genes in multiple databases related to ASD genetic risk across different
tissues and populations (176,190). Both CYP2E1 and /RS2 DMRs are located close to the TSS site
at CpG shore intragenic regions, which is also consistent with the enrichment for TSS flanking
regions and H3K4me3 promoter marks in the 400 ASD DMRs. In our prior studies of differential
methylation associated with UBE3A duplication in Dup15qg syndrome, a genetic cause of ASD,
both CYP2E1 and IRS2 were identified with differential methylation and H3K4me3 peaks in a
Dup15q cell line model, and differential methylation in Dup15q brain (132,217). Furthermore,
CYP2E1 and IRS2 both showed differential H3K4me3 marks at their promoters in ASD vs control
in the prefrontal cortex (197). Structural variants and SNPs in cis-regulatory elements also
showed significant contribution to ASD (141,218). In contrast, neither CYP2E1 nor IRS2 were

included as significant differential splicing events for ASD (72,219).

CYP2E1 encodes a member of the cytochrome P450 superfamily that is involved in the
metabolism of drugs (220). Previous studies showed those proteins essential for embryonic
development in human, rat and zebrafish (221-225). We observed a significant association
between methylation and cis genotype at the CYP2E1 DMR, a finding which is consistent with

the identification of this locus in a screen for human metastable epialleles variability between
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individuals (226). In addition, in immune models of ASD, maternal interleukin-6 (IL6) crosses the
placenta, disrupting development of hippocampal spatial learning (227-229). Previous studies
showed that IL6 inhibits CYP1A1, CYP1A2 and CYP2E1 expression (230-233), consistent with the
lower methylation and expression levels in ASD versus TD observed in our study. In addition,
CYP2E1 expression is transcriptionally regulated by the JAK2/STAT3 pathway, providing a

potential convergent pathway with /RS2 (Fig. 2.7) (230).

IRS2 encodes for insulin receptor substrate 2, a cytoplasmic signaling molecule that mediates
the effects of insulin and insulin-like growth factor 1 (/GF1) (234) and cytokine receptors (235).
A GWAS noise reduction (GWAS-NR) method to correct for false-positive association with ASD
identified cadherin and signaling transduction pathways that included /RS2 as high confidence
ASD genes (236). IRS2 has a phosphotyrosine-binding domain which contributes to the
intracellular affinity to cell membrane receptors (Fig. 2.7) (235). PI3K/AKT/mTOR and MAPK
signaling pathways are linked with IRS2 in the regulation of protein synthesis and cell
proliferation (237). Furthermore, a previous study using a reverse pathway genetic approach
identified the MAPK signaling pathway associated with ASD (238). When activated by cytokine
and hormone receptors, IRS2 stimulates JAK2, leading to STAT and MAPK signaling activation
(237,239). The insulin-like growth factors (IGF1) pathway, which includes IRS2, also mediates de
novo DNA methylation by DNA methyltransferase (DNMT) through AKT (240). This pathway
may explain why methylation at the /RS2 DMR was sensitive to maternal prenatal vitamin
intake, since /RS2 stimulates the mTOR (mechanistic target of rapamycin) pathway, which

responds to nutrients and growth factors signaling to regulate protein synthesis (239). The link
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between epigenetic alterations in /RS2 and risk for ASD is particularly intriguing given a growing
body of epidemiologic evidence demonstrating higher ASD risk in offspring born to mothers
who experienced diabetes during pregnancy, including some very large and methodologically

sound studies with clinical diagnoses of both maternal diabetes and child ASD (241).
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Figure 2.7. Potential pathway convergence of proteins encoded by both ASD DMRs.

IRS2 interacts with transmembrane protein insulin-like growth factor receptor (IGF1R) at the
intracellular membrane, resulting in activation of the PI3K/AKT/mTOR and MAPK signaling
pathways involved in protein synthesis, cell proliferation and gene expression (237) . An AKT-

mediated ubiquitin pathway leads to de novo DNA methylation changes by DNMT (240). IRS2
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also interacts with cytokine and hormone receptors and induces JAK2/STAT3 signaling
(237,239). STAT activation leads to CYP2E1 localization at the endoplasmic reticulum, changing

cellular metabolism (230).

We did not observe any significant associations between other potential cofounders such as
maternal age, pregnancy BMI, gestational age, or pre-eclampsia with ASD diagnosis in the
MARBLES study (133). Cell type heterogeneity in the placenta may complicate the
interpretation of our results, however, placental ASD DMRs were not significantly associated
with cell-type markers and our previous study did not detect differences in methylation levels
by placental region at specific gene loci (171). This study serves as a proof-of-principle that
placenta methylation patterns detected by WGBS may be informative in ASD. Replication with
additional samples, on female samples, and other similar prospective cohorts, and improved
sequencing and bioinformatic strategies will be important in future studies. Approaches such as
methylation quantitative trait loci (meQTLs) analysis will be important in future studies with
larger sample sizes for identifying possible common genetic variants associated with placental
ASD DMRs. In addition, functional analyses on JAK, mTOR and MAPK signaling pathways in ASD

placenta and brain would be important to provide mechanical insight.

In conclusion, we identified two high confidence genes differentially methylated in ASD from an
unbiased analysis of DNA methylation in placenta from high-risk pregnancies and investigated
possible genetic and environmental modifiers of methylation at both loci. Methylation levels at

the CYP2E1 DMR were associated with genotype, while the methylation levels at the /RS2 DMR
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were associated with prenatal vitamin use. Our results are consistent with a previous study
using the lllumina 450K array, which showed that both genetic and environmental effects
influence DNA methylation levels (174). Placenta reflects the essential interface between the
fetus and mother, mediating the impacts of endocrine and growth factors in the maternal
environment on fetal development (242,243). Both CYP2E1 and /RS2 are related to protein
synthesis, cell proliferation, and cell metabolism, consistent with previous studies of convergent
gene pathways in ASD (176,190,204,219,244). These results therefore provide evidence that
placental methylation levels reflect the intersection of genetic and environmental risk and

protective factors that are expected to be useful for early intervention and prevention of ASD.

Methods

MARBLES study design, sample selection, and DNA isolation

The Markers of Autism Risk in Babies: Learning Early Signs (MARBLES) study design was
described in a previous publication (79). In MARBLES, mothers of at least one child with
confirmed ASD who were pregnant or planning a pregnancy were recruited in the Northern
California area. Inclusion criteria for the study were: 1) mother or father has one or more
biological child(ren) with ASD; 2) mother is 18 years or older; 3) mother is pregnant; 4) mother
speaks, reads, and understands English sufficiently to complete the protocol and the younger
sibling will be taught to speak English; 5) mother lives within 2.5 hours of the
Davis/Sacramento, California region at time of enrollment. With shared genetics, the next child
has a 15-fold higher risk for developing ASD compared to the general population (79).

Demographic, diet, lifestyle, environmental, and medical information were prospectively
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collected through telephone-assisted interviews and mailed questionnaires throughout
pregnancy and the postnatal period. Infants received standardized neurodevelopmental
assessments beginning at 6 months and concluding at 3 years of age (79). Diagnostic
assessments at 3 years included the gold standard Autism Diagnostic Observation Schedule
(ADOS) (245), the Autism Diagnostic Interview-Revised (ADI-R) (246), and the Mullen Scales of
Early Learning (MSEL) (247). Participants were classified into outcome groups including ASD and
Typical Development (TD), based on a previously published algorithm that uses ADOS and MSEL
scores (248,249). Children with ASD outcomes have scores over the ADOS cutoff and meet
DSM-5 criteria for ASD. Children with TD outcomes have all MSEL scores within 2.0 SD and no
more than one MSEL subscale that is 1.5 SD below the normative mean and scores on the ADOS
at least three more points below the ASD cutoff. This study utilized 41 male MARBLES placenta
samples, including 20 samples from children later diagnosed with ASD and 21 children
determined to have TD, matched for enrollment time frame and date of birth. DNA was isolated
from 50-100 mg frozen placental tissues (20 ASD and 21 TD) using the Gentra Puregene tissue

kit (Qiagen).

Whole Genome Bisulfite Sequencing (WGBS)

Raw sequencing data (fastq files) were published previously (171). Briefly, WGBS libraries were
made with the sonicated genomic DNA (around 300 bp) and ligated with methylated lllumina
adapters using NEB’s NEBNext DNA library prep kit (161,171). The library was bisulfite
converted using EZ DNA Methylation lighting kit (Zymo), amplified for 12 cycles using PfuTurbo

Cx Hotstart DNA Polymerase (Agilent) and purified with Agencourt AMPure XP Beads (Beckman
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Coulter). The quality and quantity of libraries were measured on a Bioanalyzer (Agilent) and
sequenced on lllumina HiSeq 2000 with each sample per single lane. Reads after trimming were
uniquely mapped to human reference genome (hg38) as described previously using BS-Seeker2
on average 1.6X genome converge with 99.3% bisulfite conversion efficiency (measured

through the percentage of non-CpG cytosines that were unconverted) (132,161,250).

ASD Differentially Methylated Regions (DMRs) and genome-wide significant DMRs

DMRs were called as described in previous publications (132,251) using the default settings. In
this case, each ASD DMR contained greater than 10% methylation difference between ASD and
TD samples at least three CpGs within 300 base pairs (bp) and a p-value < 0.05. Background
regions were defined using the same conditions as DMRs but without any percent methylation
filters to identify all possible DMR locations based on CpG density and sample sequencing
coverage. Hypermethylated ASD DMRs were defined as higher percent methylation in ASD
versus TD, while hypomethylated ASD DMRs was were defined as lower percent methylation in
ASD versus TD samples. Genome-wide, significant DMRs were identified based on a family-wide
error rate (FWER) < 0.05, determined by permuting the samples 1000 times by chromosome,
and counting the number of null permutations with equal or better DMRs ranked by number of

CpGs and areaStat (252).

Hierarchical clustering and principal component analysis (PCA)

Methylation was extracted at each ASD DMR for every sample. Percent methylation of each

sample was normalized to the mean methylation of each ASD DMR. ASD DMRs were grouped
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by Ward’s Method of hierarchical clustering (253). Principal component analysis was performed
on methylation at all ASD DMRs across all samples using the prcomp function and ggbiplot
package in R. The ellipses for each group were illustrated as the 95% confidence interval. The
lack of overlapping ellipses for ASD and TD samples indicated significant methylation difference

in ASD DMRs between groups (p < 0.05).

Placental Cell Type Specific Genes Identification

Cell type specific genes were extracted from Vermo-Tormo et al. (189) on 38 different types of
cells with the top 30 cell-type specific signature genes. Genes for each cell types were filtered
as unique genes that were only expressed in specific cell types. A test for significance of

overlapping genes was done using Fisher’s exact test.

Assignment of DMRs to genes and relative location to TSS

Genes were assigned to DMRs using the Genomics Regions Enrichment of Annotations Tool
(GREAT) on the default association settings (5.0 kilo-base (kb) upstream and 1.0 kb
downstream, up to 1000.0 kb max extension) (254). The distance (kb) was calculated from the
ASD DMRs, hypermethylated ASD DMRs, hypomethylated ASD DMRs and background regions
to transcription start site (TSS) of the GREAT assigned gene. The gene length was calculated for
both placental ASD DMR genes and all genes in human genome and tested for potential

distribution differences by Pearson’s chi-squared test.
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Gene Ontology Term and Pathway Enrichment Analysis

Gene ontology (GO) analysis was done using PANTHER (Protein Analysis Through Evolutionary
Relationships) overrepresentation test, with the GO Ontology database (255,256) and Fisher’s
exact test with false discovery rate (FDR) multiple test correction. GO term enrichments were
presented by the hierarchical terms rather than specific subclass functional classes, as

described previously (257,258).

Tests for ASD DMR Enrichments

All tests of enrichment for ASD DMRs were compared to a set of all possible background
regions that are calculated in the DMR analysis pipeline. Enrichment tests for placenta ASD
DMRs associated genes and published gene lists were done using the GeneOverlap R package
which implements Fisher’s exact test and adjusted for FDR correction (259). *p < 0.05, **p <
0.01, ***p < 0.001 by Fisher’s exact test with FDR corrected. Brain cortex (BA9) ASD DMRs were
defined as either a 5% or 10% methylation difference between ASD and TD and were described
previously using the same method as placenta ASD DMRs (190). The SFARI (Simons Foundation
Autism Research Initiative) database was used for the five categories of ASD risk genes (191).
High effect ASD risk gene lists were also identified from Sanders et al. (176). Likely gene-
disrupting (LGD) recurrent ASD mutations and missense mutation on de novo mutations were
obtained from lossifov et al. (65). Gene lists on intellectual disability (ID) were obtained from
Gilissen et al. (192). Alzheimer’s disease GWAS gene lists were extracted from SNPs showing
association with Alzheimer’s disease (P < 1x1073) (260). Lung cancer GWAS gene lists were

acquired from Landi et al. (261). The random genes category contains the same number of
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regions as the placenta ASD DMRs to serve as a specificity control. ASD DMRs were examined
for enrichment with known chromatin marks compared to the background using LOLA R
package with two-tailed Fisher’s exact test after FDR correction (202). Placenta histone marks
H3K4mel, H3K4me3, H4K9me3, H3K36me3, H3K27me3 and H3K27ac were extracted from
ENCODE (Encyclopedia of DNA Elements) placenta ChIP-seq dataset (262,263). ASD DMRs were
also analyzed for overlap with chromatin states predicted by chromHMM, which use histone
modification ChIP-seq data to separate the genome into 15 functional states in the Roadmap
Epigenomics Project using a Hidden Markov Model (196,264). For promoters, chromHMM
separates active transcription start site (TssA), TSS flank (TssAFInk), bivalent TSS (TssBiv), and
bivalent TSS flank (BivFInk) states. For enhancers, genic enhancer (EnhG), enhancer (Enh), and
bivalent enhancer (EnhBiv) are the different states. Human CpG island locations were extracted
from UCSC genome browser (265). CpG island shores were defined as 2 kb flanking regions on
both sides of CpG island. CpG island shelf was characterized as 2 kb flanking regions on both
sides of CpG island shore, not including CpG island or CpG island shore. CpG island “open sea”
includes all genomic regions except CpG island, CpG island shore and CpG island shelf. A custom

R script was used to generate the locations of CpG islands (https://github.com/Yihui-

Zhu/AutismPlacentaEpigenome).

Pyrosequencing

Genomic DNA (500 ng) was bisulfite converted using the EZ DNA Methylation kit (Zymo).
Amplification and sequencing primers were designed using the PyroMark Assay Design

Software 2.0 (Qiagen). DMRs were amplified using the PyroMark PCR kit (Qiagen).

-50-



Pyrosequencing of 13 CpG sites at CYP2E1 gene, and 11 CpG sites in human /RS2 gene was
performed in triplicate. Pyrosequencing was performed on a Pyromark Q24 Pyrosequencer
(Qiagen) with the manufacturers recommended protocol. Enzyme, substrate, and dNTPs were
from the Pyromark Gold Q24 Reagents (Qiagen) and the methylation levels were analyzed using

Pyromark Q24 software.

CYP2E1 related DMR pyrosequencing primers:
Forward: GGTGTTTTGTTTITGGGGTTGA

Reverse: ACCCATTCAATATTCACAACAATC (5’ Biotin)
Sequencing: GGTTGATGATGGGGA

Amplification region: chr10: 133527817 — 133527938 (hg38)

IRS2 related DMR pyrosequencing primers:
Forward: TTAGGAATATAGGGAAAGGTGAAAGT
Reverse: CCACCCATTCACCCATTCTA (5’ Biotin)
Sequencing: GGGAAAGGTGAAAGTT

Amplification region: chr13: 109781623 — 109781794 (hg38)

Gene Expression in Umbilical Cord Blood

Data for gene expression assessed by Affymetrix Human Gene 2.0 array were extracted a
previous publication on umbilical cord blood from subjects in the MARBLES study (GEO ID:

GSE123302) (203). Placenta and cord blood were collected at the same time period in the same
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study. Raw intensity values from cord blood samples were normalized by RMA and data from
70 male samples were extracted, including 30 ASD and 40 TD samples. Normalized expression
was examined at the only probe annotated to CYP2E1 (16711001) and the only probe
annotated to /RS2 (16780917). Analysis was done on those two probes with 70 samples on the

normalized matrix data.

Western Blot

In Western blot experiments, placental proteins were isolated with RIPA buffer containing
10mM Tris-Cl (pH 8.0), 1mM EDTA, 1% Triton X-100, 0.1% sodium deozydholate, 0.1% SDS,
140mM NaCl, ImM PMSF and complete protease inhibitors (ThermoFisher), incubated at 37°C
for 30 minutes, sonicated and heated at 95°C for 5 min. BCA (Bicinchoninic Acid) protein assay
(ThermoFisher) was used to determine protein concentration. Protein samples (20-30 ug) were
resolved on 4-20% tris-gylcine polyacrylamide gels (Biorad). Proteins were separated and
transferred to nitrocellulose membranes for 60 minutes at a constant voltage of 100. The
membranes were blocked in Odyssey Blocking Buffer (PBS) (Licor, 927-40000) for 40 min. Anti-
IRS2 (1:5,000, Cell Signaling, 3089S) and anti-GAPDH (1:10,000, Advanced Immunochemical,
Inc., 2-RGM2) were incubated with the membrane with Odyssey Blocking Buffer containing
0.2% Tween overnight at 4°C. Membranes were washed with 1 X PBS (Phosphate-buffered
saline) containing 0.2% Tween and then incubated with secondary antibodies, IRDye 800CW
Donkey anti-Mouse 1gG (1:50,000, Licor, 926-32212) and IRDye 680RD Donkey anti-Rabbit IgG
(1:50,000, Licor, 926-68073) for 1 hour. Membranes were scanned using a Licor Odyssey

infrared imaging system based on the manufacturer’s guidance (with resolution: 84; quality:
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medium, 600-channel: 6; 800-channel: 5). Relative protein quantification was done using the
ImagelJ software program (266) in densitometry mode. IRS2 signals were normalized to GAPDH

(Glyceraldehyde 3-phosphate dehydrogenase) for each sample.

Sanger Sequencing

PCR amplification was performed on each sample using PCR 10x buffer, 25 mM MgCl,, 5 M
betaine, 10 mM dNTPs, DMSO, and HotStart Taq (Qiagen). Each PCR program was unique to the
region being amplified with specific primers. The PCR product was then resolved by gel
electrophoresis using a 1% Agarose gel in 1 X TE to later be extracted using the gel extraction kit
(Qiagen) based on the default protocol. After DNA quantitation by NanoDrop, the samples were
sent to the UC Davis Sequencing Facility for sequencing on the 3730 Genetic Analyzer (Applied
Biosystems Prism) with DNA sequencing Analysis software v.5.2 (Applied Biosystems Prism).
The sequencing results were assembled and analyzed using CodonCode Aligner version 7.0

(CodonCode).

CYP2E1 related SNP (rs943975, rs1536828) primers:
Forward: CTACAAGGCGGTGAAGGAAG

Reverse: CCCATCCCCATAAACTCTCC

IRS2 related SNP (rs943975) primers:
Forward: TTAGGAATATAGGGAAAGGTGAAAGT

Reverse: CCACCCATTCACCCATTCTA
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Code availability

Custom scripts for WGBS analysis are available at https://github.com/kwdunaway/WGBS Tools

with the instructions. Custom Scripts for DMR finder are available at

https://github.com/cemordaunt/DMRfinder with the instructions. The rest of code and scripts

for each figure and tables are available at https://github.com/Yihui-

Zhu/AutismPlacentaEpigenome.

Data availability

WGBS data were previously published, Gene Expression Omnibus (GEO) accession number
GSE67615 (171). The rest of the relevant data and information are included in supplementary

tables.
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Chapter 3 — Expression changes in epigenetic gene pathways associated with one-carbon
nutritional metabolites in maternal blood from pregnancies resulting in autism and non-

typical neurodevelopment

Yihui Zhu, Charles E. Mordaunt, Blythe P Durbin-Johnson, Marie A Caudill, Olga V. Malysheva,
Joshua W. Miller, Ralph Green, S. Jill James, Stepan B. Melnyk, M. Daniele Fallin, Irva Hertz-

Picciotto, Rebecca J. Schmidt, Janine M. LaSalle

Abstract

The prenatal period is a critical window for the development of autism spectrum disorder
(ASD). The relationship between prenatal nutrients and gestational gene expression in mothers
of children later diagnosed with ASD or non-typical development (Non-TD) is poorly
understood. Maternal blood collected prospectively during pregnancy provides insights into the
effects of nutrition, particularly one-carbon metabolites, on gene pathways and
neurodevelopment. Genome-wide transcriptomes were measured with microarrays in 300
maternal blood samples in Markers of Autism Risk in Babies -Learning Early Signs (MARBLES).
Sixteen different one-carbon metabolites, including folic acid, betaine, 5’-
methyltretrahydrofolate (5-MeTHF), and dimethylglycine (DMG) were measured. Differential
expression analysis and weighted gene correlation network analysis (WGCNA) were used to
compare gene expression between children later diagnosed as typical development (TD), Non-
TD and ASD, and to one-carbon metabolites. Using differential gene expression analysis, six

transcripts (TGR-AS1, SQSTM1, HLA-C and RFESD) were associated with child outcomes (ASD,
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Non-TD and TD) with genome-wide significance (FDR g <0.05). Genes nominally differentially
expressed between ASD and TD significantly overlapped with seven high confidence ASD genes.
WGCNA identified co-expressed gene modules significantly correlated with 5-MeTHF, folic acid,
DMG, and betaine. A module enriched in DNA methylation functions showed a suggestive
protective association with folic acid/5-MeTHF concentrations and ASD risk. Independent of
child outcome, maternal plasma betaine and DMG concentrations were associated with a block
of co-expressed genes enriched for adaptive immune, histone modification, and RNA
processing functions. These results support the premise that the prenatal maternal blood
transcriptome is a sensitive indicator of gestational nutrition and children’s later

neurodevelopmental outcomes.

Lay Summary

Pregnancy is a time when maternal nutrition could interact with genetic risk for autism
spectrum disorder. Blood samples collected during pregnancy from mothers who had a prior
child with autism were examined for gene expression and nutrient metabolites, then compared
to the diagnosis of the child at age three. Expression differences in gene pathways related to
the immune system and gene regulation were observed for pregnancies of children with autism

and non-typical neurodevelopment and were associated with maternal nutrients.

Introduction
Autism spectrum disorder (ASD) is a group of neurodevelopmental disorders characterized by

persistent impairment in social interactions, communication, restricted interests or repetitive
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behaviors, and language deficits (59). Current data show that one in every 54 children in the
United States has ASD (59). One major component of ASD risk is genetic heritability, based on
studies of twins, siblings, and other family members (63,81,173). Common genetic variants
each having small effects dominate most ASD risk compared with rare gene variants with large
effects (267). Large genome-wide association studies (GWAS) support the role of common
genetic variants in ASD with remaining challenges in ASD complexity and heterogeneity

(64,65,176). Mutations in single genes can explain less than 1% of ASD cases (172,268).

Accumulating lines of evidence suggest that ASD risk arises from both genetic and
environmental risk factors. In utero maternal exposures can contribute as ASD risk factors,
including air pollution, fever, asthma, and nutrition, especially nutrients involved in the one-
carbon metabolic pathway (70,120,178,269). Other studies suggest that one-carbon
metabolism is implicated in gene-environment interactions in ASD (270,271). Maternal prenatal
nutritional supplements containing folic acid and additional B vitamins that play a role in one-
carbon metabolism are associated with ASD risk reduction (119,120,122). A common genetic
polymorphism affecting folic acid metabolism, MTHFR C677T, interacts with maternal nutrition,
as association between folic acid and reduced ASD risk was strongest for mothers and children
with MTHFR 677 C>T variant genotypes (70,272). These findings suggest that additional gene-
environment interactions relevant to ASD may be identified from investigations into maternal
factors, since maternal and fetal metabolisms are shaped by both shared genetics and

nutritional environment during pregnancy that can coordinately impact neurodevelopment.
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Gene expression levels are also influenced by both genetic and environmental factors,
especially by in utero maternal nutrition (273,274). Maternal peripheral blood therefore offers
a unique window to study transcriptome alterations during pregnancy that may reflect altered
fetal development associated with nutrition (275,276). Numerous environmental factors during
pregnancy can alter gene expression levels (178,277). Other neurodevelopment disorders, such
as schizophrenia, have also demonstrated a significant interaction of genetic risk with maternal
perinatal environmental factors that affected the transcriptome (169,278). Postmortem brain
gene expression studies revealed gene co-expression modules enriched for immune response
and neuronal development functions in ASD (194,219). Other studies using child peripheral
blood and cord blood showed that differential gene expression in ASD was enriched for

immune and inflammatory processes (279-281).

While numerous studies have investigated specific genes or pathways in children with ASD,
none have focused on the maternal transcriptome during pregnancy. Further, most previous
ASD transcriptome studies used data from specimens collected postmortem or after childbirth,
as opposed to prospective studies to help understand potential etiologic changes that occur
before behavioral symptoms. Other large epidemiology studies examined environmental
effects in ASD, but how the environment influences alterations at the molecular level remains
to be understood. The goal of this study was to examine maternal prenatal gene expression
profiles associated with both maternal serum one-carbon metabolites and the child outcome

(ASD, Non-TD, TD) to shed light on molecular changes during pregnancy.
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Results

Study sample characteristics and nutrient measurements

High quality RNA was isolated from 300 maternal peripheral blood samples collected during
pregnancy from the MARBLES high risk ASD cohort (Supplementary Table 3.1). Children from
MARBLES pregnancies were diagnosed at 3 years old as ASD (67, including 47 male and 20
female), Non-TD (79, including 46 male and 33 female), and TD (154, including 79 male and 75

female) (Supplementary Table 3.2).

Nutrients in the one-carbon metabolism pathway, including methionine, SAM, SAH, adenosine,
homocysteine, 5-MeTHF, folic acid, vitamin (Vit) B6, Vit B12, choline, DMG, betaine, cystine,
cysteine, GSH, and GSSG were directly measured from maternal blood in 14% - 62% of all
samples (Supplementary Table 3.3). None of these metabolites in maternal blood were
significantly associated with clinical outcomes of children (Supplementary Table 3.3).
Measurements for one-carbon metabolites and transcriptomes were conducted on samples

collected throughout pregnancy (Supplementary Fig. 3.1).

Differential gene expression analyses by child outcome

Expression was measured using the Human Gene 2.0 Affymetrix microarray and adjusted for all
surrogate variables, followed by differential gene expression analysis for child diagnosis (ASD,
Non-TD, TD) on 36,459 transcripts. There were 28 surrogate variables (SVs) identified, including
5 SVs significantly associated with batch effect and 2 SVs significantly associated with

gestational age of maternal blood draw (Supplementary Fig. 3.2). Six transcripts located at four
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genes (TGR-AS1, SQSTM1, HLA-C, and RFESD) were associated with child outcomes (ASD, Non-
TD, TD) with genome-wide significance by F-test (FDR adjusted p-value <0.05) (Supplementary
Table 3.4). Three out of these six transcripts mapped to HLA-C (Major Histocompatibility

Complex, Class I, C) (FDR adjusted p-value <0.05).

Comparing the maternal blood transcriptome between ASD and TD outcomes revealed 2,012
differentially expressed transcripts at a nominal confidence level (unadjusted p-value <0.05)
that mapped to 1,912 genes, including 980 up-regulated and 1,032 down-regulated transcripts,
with none significant after FDR adjustment (Fig. 3.1A, Supplementary Table 3.5). There was a
significant overlap between these 1,912 differentially expressed genes and a list of strong ASD
candidate genes from the Simons Foundation Autism Research Initiative (SFARI Gene, including
TRIO, GRIA1, SMARCC2, SPAST, DIP2C, FOXP1, and CNTN4, Fisher’s exact test, p-value <0.05)

(191).

Comparing the maternal blood transcriptome between Non-TD and TD outcomes revealed
1,987 differentially expressed transcripts at a nominal confidence level (unadjusted p-value
<0.05) that mapped to 1,919 genes, including 1,044 up-regulated and 943 down-regulated
transcripts (Fig. 3.1B, Supplementary Table 3.6). Two of these transcripts, RFESD and TRG-AS1,
also passed genome-wide significance (FDR adjusted p-value <0.05). Unlike the ASD vs TD
comparison, however, no significant overlap was observed between Non-TD vs TD differentially
expressed genes and SFARI gene lists. An alternative approach of adjustment for known

confounders revealed a significant overlap with SVA adjusted differentially expressed
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transcripts for both ASD vs TD and Non-TD vs TD comparisons (Fisher’s exact test, p-value

<2.2E-16) (Supplementary Fig. 3.3, Supplementary Table 3.4).

Differential gene expression analysis using SVA resulted in a significant overlap of 218
transcripts between ASD vs TD differentially expressed transcripts and Non-TD vs TD
differentially expressed transcripts (Fisher’s exact test, p-value <2.2E-16) (Fig. 3.1C). Gene
ontology (GO) analysis of these 218 transcripts revealed significant enrichment for the
interferon-gamma mediated signaling pathway, apoptosis in muscle, response to interferon
gamma, and metal ion transport (Fig. 3.1D, Supplementary Fig. 3.4). CaMK (calmodulin-
dependent protein kinase) families (CAMK2A, CAMK2B, CAMK2D and CAMK2G) and HLA
(human leukocyte antigen) systems (HLA-B, HLA-C and HLA-E) were included in those significant
signaling pathways (Fig. 3.1D). In contrast, neither list of ASD- or Non-TD-specific differentially
expressed transcripts were significantly enriched for any GO terms. To control for potential bias
towards expressed genes in the GO terms, we also used an alternative approach of filtering the
probes based on intensity that removed the lowest 5% of expressed transcripts
(Supplementary Fig. 3.5), which resulted in an identical list of significant GO terms

(Supplementary Table 3.7).
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Figure 3.1. Identification and function of ASD associated and Non-TD associated differentially

expressed genes in maternal peripheral blood.

Differential expression analysis was performed in maternal peripheral blood transcriptomes (n

= 300) after adjustment for surrogate variables.
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A. Identification of 1,912 differentially expressed genes (2,012 transcripts, p-value <0.05)
compared between children diagnosed as ASD (n = 67) and TD (n = 154).

B. Identification of 1,919 differential expressed genes (1,987 transcripts, p-value <0.05)
compared between children diagnosed as Non-TD (n = 79) and TD (n =154). Two transcripts
located at RFESD and TRG-AS1 were genome-wide significant in the Non-TD to TD comparison
(Supplementary Table 2).

C. Venn diagram represents the overlap in differentially expressed transcripts (unadjusted
p<0.05) identified in ASD to TD versus Non-TD to TD comparisons, which was greater than
expected by random using a Fisher’s exact test (p-value <0.001***).

D) Gene ontology (GO) and pathway analysis was performed on the 218 transcripts
differentially expressed in both ASD-TD and non-TD-TD comparisons, with significant
enrichments (Fisher’s exact test, FDR p-value <0.05). In contrast, the differentially expressed
transcripts uniquely associating with either ASD or non-TD were not significantly enriched for

any GO terms.

Weighted gene co-expression network analysis (WGCNA) identified gene modules correlating

with specific maternal nutrient levels

WGCNA was performed as a complementary bioinformatic approach that incorporates the
independent and inter-related associations of transcript levels with measured concentrations of
maternal nutrients. First, expression values were adjusted for batch effects, then correlation
patterns among all transcripts were analyzed across all 300 samples. WGCNA identified 27 co-

expressed gene modules in our dataset, representing 17,049 transcripts, distinguished from
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19,410 transcripts without evidence of co-expression were grouped into the “grey” module
(Fig. 3.2A, Fig. 3.2B, Supplementary Fig. 3.6, Supplementary Table 3.8). For each module, the
number of transcripts, as well as the hub gene, defined as the gene with the highest correlation
with the module eigengene, were determined (Fig. 3.2B, Supplementary Table 3.9). Out of
those 27 co-expression modules, 23 modules showed associations between eigengene
expression level and at least one variable related to demographics, diagnosis, or maternal
nutrients, after FDR correction (FDR adjusted p-value <0.05) (Fig. 3.2A, Supplementary Fig. 3.6).
All 27 modules were significantly associated with one or more traits, including child clinical
outcome, demographic factors, and maternal blood metabolite concentrations at unadjusted p-

value <0.05 (Fig. 3.2A, Supplementary Fig. 3.7).
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Figure 3.2. Co-expression network modules with demographic factors and maternal peripheral
blood one-carbon metabolites.

A. Heatmap of Z-scores of modules eigengenes with sample covariates with 27 co-expression
network modules on all 300 maternal blood samples. Each row represents a different module
eigengene and each column is the associated trait, which include child clinical outcome,
demographic factors, and maternal blood metabolite concentrations. The matrix was calculated

by Pearson correlation and p-values adjusted for the total number of comparisons. Color
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represents the direction (red, positive correlation; blue, negative correlation) and intensity
reflects the significance. (* unadjusted p-value <0.05 and FDR adjusted p-value > 0.05; * FDR
adjusted p-value <0.05).

B. Number of transcripts and hub genes from all 27 co-expressed modules are listed.

Multiple co-expression modules were significantly correlated (FDR adjusted p-value <0.05) with
gestational age at blood draw and four maternal metabolites, including 5-MeTHF, folic acid,
DMG, and betaine (Fig. 3.2A). None of the additional measured variables was significantly
associated with any co-expression gene modules, including clinical outcome. However, the
module “greenyellow” showed a nominally significant positive correlation with outcome
(unadjusted p-value = 0.02, FDR adjusted p-value = 0.14) and a negative significant correlation
with both 5-MeTHF (FDR adjusted p-value = 0.02) and folic acid levels (FDR adjusted p-value =
0.02) (Fig. 3.2A, Fig. 3.3A, Fig. 3.3B, Supplementary Fig. 3.6, Supplementary Fig. 3.7,
Supplementary Table 3.10). Interestingly, the greenyellow module eigengene was correlated in
opposite directions with ASD and 5-MeTHF, consistent with a putative 5-MeTHF protective

effect in ASD (Fig. 3.3A, Fig. 3.3B).

This “greenyellow” module contained 224 transcripts with TRNAI2 as the hub gene
(Supplementary Table 3.10). These 224 transcripts showed a significant enrichment for gene
ontology functions in methylation-CpG binding, methyl-dependent chromatin silencing, and
keratinocyte differentiation (Fisher’s exact test, FDR adjusted p-value <0.05) (Fig. 3.3C,

Supplementary Table 3.11). The three known genes with methyl-binding functions included
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MBD3L3, MBD3L4 and MBD3L5, represented by 16857547, 16867905, and 16867910

transcripts (Fig. 3.3C). Normalized expression of those three transcripts was also significantly

associated with the “greenyellow” module eigengene, supporting their membership in the

module (Fig. 3.3D).
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Figure 3.3. “Greenyellow” module was positively associated with diagnosis and negatively

associated with folic acid and 5-MeTHF.
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A. “Greenyellow” module eigengene was significantly associated with child diagnosis (one-way
ANOVA, unadjusted p-value <0.05). Greenyellow eigengene values were higher in maternal
blood from ASD pregnancies than TD or non-TD pregnancies.

B. “Greenyellow” module eigengene level was significantly negatively associated with 5-MeTHF
concentrations in maternal blood (ANOVA, p-value <0.05).

C. Bar graph shows gene ontology (GO) and pathway significant enrichments from the 224
transcripts in “greenyellow” module (Supplementary Table 8).

D. Transcripts (16857547, 16867905 and 16867910) from MBD3L3-5 genes encoding proteins
involved in methylation-CpG binding functions were significantly negatively associated with

“greenyellow” module eigengene.

There were 12 modules transcriptome significantly associated with gestational age, including 8
positively correlated modules (darkred, lightgreen, cyan, darkgrey, brown, magenta, orange
and green) and 4 negatively correlated modules (lightyellow, lightcyan, red, tan) (Fig. 3.2A,
Supplementary Table 3.12). Genes within modules with a positive correlation with gestational
age were significant enriched for functions in RNA binding, chromatin biding, and ATP binding,
among others (Supplementary Table 3.12). In contract, genes within modules negatively
correlated with gestational age were significantly enriched in functions related to granulocyte
activation, neutrophil mediated immunity, coagulation, and other blood functions

(Supplementary Table 3.12).
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Eight co-expression modules strongly clustered with betaine and DMG

Among the 27 identified co-expression modules, eight modules (darkred, lightgreen, cyan,
darkgrey, brown, magenta, orange and white) were highly correlated with each other and
clustered based on unsupervised hierarchical clustering, representing a total of 2,582
transcripts (Fig. 3.4, Supplementary Fig. 3.8, Supplementary Table 3.13). Betaine and DMG
were significantly associated and clustered together with this distinct block of co-expression

modules.

Transcripts inside these eight clustered co-expression modules associated with betaine and
DMG showed significant enrichment for 18 gene pathways involved in adaptive immune
response, RNA processing, histone modification, inflammatory response, and Rett syndrome
(Fisher’s exact test, FDR adjusted p-value <0.05) (Supplementary Fig. 3.9). Network analysis
using GeneMANIA (282) identified a network with EVL in the center, linked with other hub

genes (Supplementary Fig. 3.10).
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Figure 3.4. Eight weighted gene co-expression modules associated with maternal betaine and

DMG concentrations were strongly clustered.

A. Unsupervised hierarchical clustering dendrogram was performed with module eigengenes,
betaine and DMG. The height of each node represents the intergroup dissimilarity. Similar

nodes clustered together under one branch.

-70-



B. Unsupervised hierarchical clustering adjacency heatmap, with color and intensity
representing the degree of correlation (dark, high; light, low correlation).
Black box indicates the block of eight weighted gene co-expression modules associated with

betaine and DMG concentrations.

Cell type composition in maternal peripheral blood was associated with maternal metabolites

but not child clinical outcomes

In order to determine the effects of cell composition differences on the findings associated with
maternal transcriptomes, cell type specific information from 22 immune cell types was
deconvoluted using the CIBERSORT web tool. Maternal peripheral blood samples reflected a
mixture of cell types, with neutrophils as the largest and most variable population ranging from
17% to 48% (Fig. 3.5A, Supplementary Table 3.14). The eigengenes for 21 out of 27 modules
were significantly correlated with at least one cell type (FDR adjusted p-value <0.05)
(Supplementary Fig. 3.11). No significant difference was observed in cell type composition
between child diagnosis outcomes or gender (Fig. 3.5A. 3.5B, Supplementary Fig. 3.12).
Furthermore, neither the “greenyellow” module, nor the betaine and DMG variables were
significantly associated with cell type proportions, suggesting that the associations identified
with these modules were largely cell type independent (Fig. 3.5B, Supplementary Fig. 3.11,

Supplementary Fig. 3.12).

In contrast, some cell type proportions were significantly correlated with some maternal

metabolites. Vit B6, 5-MeTHF, choline, cysteine, the ratio of DMG/betaine, and the ratio of
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cystine/cysteine were separately associated with six cell types (FDR adjusted p-value <0.05)
(Fig. 3.5B, Supplementary Fig. 3.12). Vit B12, folic acid, the ratio of DMG/betaine, and the ratio
of SAM/SAH were associated with more than one cell type (FDR adjusted p-value <0.05) (Fig.
3.5B, Supplementary Fig. 3.12). The most significant association was between vit B12 and

memory B cells (FDR adjusted p-value = 0.0001) (Fig. 3.5B, Supplementary Fig. 3.12).
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Figure 3.5. Imputed cell type proportions in material peripheral blood associated with
demographic factors and maternal nutrients.

A. Barplot of each cell type mean estimated proportion separated by children diagnosis
outcomes using peripheral blood reference panel in CIBERSORT.

B. Heatmap of correlation between sample demographic factors and maternal nutrients with
cell type proportions. Each row represents a cell type proportion and columns represent traits,
including child diagnostic outcome, demographic factors, and maternal blood nutrient
concentrations. p-values adjusted for the total number of comparisons. Color represents the
direction (red, positive correlation; blue, negative correlation) and intensity reflects the

significance, * p-value <0.05 after FDR correction.

Discussion

Maternal blood collected during pregnancy can provide molecular insights into the in utero
environment relevant to the etiology of ASD. This was the first study to our knowledge to
examine gene expression differences together with one-carbon metabolites in peripheral blood
during pregnancy from mothers of children that went on to develop ASD, Non-TD, or TD at 36
months. Using complementary bioinformatics approaches, we identified several genes and
gene pathways consistent with proinflammatory and oxidative stress responses in mothers of
children with adverse neurodevelopmental outcomes. We also identified eight novel co-

regulated gene modules associated with maternal blood betaine and DMG concentration.
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Genes and gene patterns common to mothers of children with ASD and non-typical

neurodevelopment

Using differential gene expression analysis of individual genes, we describe four genes
(5QSTM1, HLA-C, TRG-AS1, and RFESD) that were differentially expressed in mothers by child
diagnosis outcome of either TD, ASD, or Non-TD. SQSTM1 encodes the p62 sequestosome that
acts as a receptor for ubiquitinated cargo in the selective autophagy response induced by
oxidative stress (283), and also links the mTOR and GABA signaling pathways in brain (284).
RFESD, encoding an iron-sulfur cluster binding protein with oxidoreductase activity, is located
on 5qg15, a hotspot for copy number variants in intellectual and developmental disabilities
(285,286). TRG-AS1, T-cell receptor gamma locus antisense RNA 1, is located on 7p14.1,
another locus previously associated with developmental delay, intellectual disability, and ASD
(285,287,288). HLA-C belongs to the HLA (human leukocyte antigen) polymorphic loci encoding
major histocompatibility class | (MHC I) proteins involved in antigen presentation to CD8+ T
cells and NK cells. HLA-C is important for both tolerance to fetal allo-antigens and viral
immunity during pregnancy (289). Proinflammatory cytokines such as interferon gamma (IFNy)
induce HLA-C expression in both lymphocytes and placental trophoblasts. In the WGCNA
modules, HLA-C, SQSTM1 and TGR-AS1 were all members of the same module, as evidence of
co-expression. A number of previous studies have shown that the HLA locus is associated with
ASD (290-292) or HLA locus activation in ASD children and their mothers (293-295), which is
consistent with our findings at HLA-C. Furthermore, two additional class | loci, HLA-B and HLA-E,
were also differentially expressed in mothers of children classified as ASD and Non-TD

compared to TD children in this study, providing further evidence of an MHC | response in
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pregnancies of non-typical neurodevelopment. These findings are consistent with the known
maternal effect of viral infection during pregnancy of increasing susceptibility to ASD and
schizophrenia during pregnancy (178,296). They also suggest how common genetic
polymorphisms at these HLA loci may interact with common environmental factors such as viral

infection during pregnancy to impact diverse neurodevelopmental outcomes.

Furthermore, gene pathway analysis of differentially expressed genes common between ASD
and Non-TD revealed enrichment for the interferon-gamma mediated signaling pathway, which
has been previously found to be elevated in mothers of children with ASD and other
neurodevelopmental disorders (297,298). In one such study, elevated interferon-gamma levels
in maternal midgestation peripheral blood was associated with a 50% increased risk of offspring
ASD risk (297). A second enriched pathway included CaMK family members which play an
important role in neuronal connectivity and synaptic plasticity (268,299,300) as well as immune
response and inflammation (301). Prior ASD studies have implicated the CaMK pathway in
dendritic growth and local connectivity alterations related to gene-environment interactions in

ASD (268,299,300).

Although genome-wide significance of individual differentially expressed genes was not
observed between samples from mothers whose children developed ASD compared to TD after
adjusting for multiple comparisons, seven nominally-significant genes were also on the SFARI
list of strong ASD candidate genes. TRIO, Trio Rho guanine nucleotide exchange factor,

promotes exchange of GDP for GTP and provides necessary support for cell migration and cell
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growth related to Alzheimer disease and other neurological conditions (82,302). GRIA1,
encoding a receptor for glutamate, the predominant excitatory neurotransmitter in brain, is
activated by normal neurophysiologic processes (82,303). SMARCC2 encodes a chromatin
remodeling protein with helicase and ATPase activities which has been implicated in altering
chromatin structure in ASD (304). CNTN4 functions in neuronal network formation and
plasticity, and is associated with nervous system development at the transcriptome level
(305,306). Mutations in FOXP1, a developmental transcription factor, are observed in rare cases
of intellectual disability with ASD (307,308). Dysregulated expression of these ASD risk genes in
maternal blood could reflect an underlying shared genetic risk for ASD in these high-risk

families.

Methylation and methyl-binding functions in a gene module oppositely associated with folic

acid and ASD risk

The complementary co-expression network analysis further revealed a module of 224 co-
expressed genes in maternal blood showing an association with folic acid and 5-MeTHF levels in
the opposite direction from ASD risk that could not be explained by cell type differences.
Interestingly, these ASD and nutrient associated genes were functionally enriched for DNA
methylation binding and methylation-dependent chromatin silencing, consistent with prior DNA
methylation changes observed in ASD (136,140,251,309) as well as ASD-like syndromes
associated with methyl binding proteins (310,311). MBD3L, which has methyl-binding function,
is predicted to assist with demethylation reactions and functions as a transcriptional repressor

(312—-314). Folic acid, the synthetic form of folate that contributes the substrate for one-carbon
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metabolism, and 5-MeTHF, one of the active biological forms of folate that plays a critical role
in one-carbon metabolism, have also been shown to be inversely associated with

developmental delay (70,270,315,316).

One-carbon metabolites associated with changes in gene expression in this study have also
been associated with the prevention of neurodevelopmental conditions (136,317—-319). The co-
regulated block of betaine and DMG co-expression modules contained genes enriched in the
adaptive immune system and chromatin modification functions, as well as Rett syndrome, a
known syndromic form of ASD (18,43,320,321). Choline is metabolized to betaine, which
converts homocysteine to form methionine, generating DMG in the one-carbon pathway
(322,323). A previous study of maternal peripheral blood collected at term showed that
changes in betaine and DMG were in the opposite direction from choline when compared with
nonpregnant women (324). EVL (Enah/Vasp-like) is involved in actin cytoskeleton remodeling
and is crucial for central nervous system processes and immune system functions (325-327).
One study also showed EVL as a differentially expressed gene in schizophrenia in peripheral

blood (326).

Previous studies in ASD have been focused on post mortem brain tissue (219,328), as a tissue
relevant to the condition, but collected after diagnoses were made, raising concerns about
reverse causation in determining etiologically-relevant expression changes. Few studies have
focused on prospective transcriptomic profiles collected prior to the presentation of the

condition (281,329), and none have examined maternal gene expression profiles during
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pregnancies at high risk for developing ASD. In addition, few studies have integrated maternal
transcriptome and one-carbon metabolite data within biospecimens. Furthermore, most
studies of ASD expression biomarkers have not considered the roles of nutritional factors

during pregnancy that could be relevant to fetal development.

A limitation of using maternal peripheral blood to examine expression is that it contains
multiple cell types, and proportions can differ across samples. However, estimated cell type
composition of maternal blood was not significantly associated with the child’s clinical
outcomes, the “greenyellow” module, betaine, or DMG, which suggests that our main findings
were not driven by differential cell type proportions. After correcting for multiple comparisons,
this study did not identify any individual differentially maternally expressed genes specifically
associated with ASD, although 6 transcripts from 4 genes reached genome-wide significance
with diagnosis of either ASD or Non-TD. Another potential limitation is the relatively low
number of samples with certain metabolite measurements available. Future studies on studies
on maternal nutritional factors and child outcomes would be beneficial in confirming our data.
Furthermore, lack of genome-wide evidence of individual differentially expressed genes specific
to a pairwise comparison of ASD vs TD is likely due to the relatively small sample size that is
inherent to a prospective ASD study, that is underpowered to detect small differences in
transcript levels. However, this does not eliminate the importance of identifying and
understanding the biologically significant gene set enrichments and co-expression network
modules using differential gene expression and WGCNA analysis. Additionally, other factors,

including genetics, epigenetics, gestational age, and other environmental factors can influence
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the transcriptome and ASD risk. Approaches incorporating those factors will be important in

future studies.

In summary, genome-wide gene expression analysis of maternal peripheral blood samples
revealed transcriptome changes associated with maternal one-carbon metabolites and child
neurodevelopmental outcomes implicating maternal immune, apoptotic, and epigenetic
mechanisms in the development of ASD in offspring. In addition, folic acid and 5-MeTHF were
associated with expression of genes involved in methylated-CpG binding in an opposite
direction to that of ASD, consistent with prior evidence of protection. Finally, maternal betaine
and DMG levels clustered with co-expressed genes related to immune, chromatin modification,
and development functions. These results therefore provide important biological insights into
maternal gene pathways associated with adverse neurodevelopment in the child, as well as the

suggested protective association with one carbon metabolites in the complex etiology of ASD.

Methods

MARBLES study design

The MARBLES study recruited mothers in Northern California with at least one child with ASD
who were pregnant or planning another pregnancy. Due to a shared genetic background, 24%
of the next children met the criteria for ASD. A previous publication detailed the study design of
MARBLES (79,281). In order to enroll into MARBLES, all five of the following criteria needed to
be met: (1) the prospective child has one or more first or second degree relatives with ASD; (2)

mother is 18 years or older; (3) mother is pregnant or able to become pregnant; (4) mother is
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able to speak, read, and understand English and plans to raise the child with English spoken at
home; (5) mother lives within a 2.5-hour drive from Davis/Sacramento, California.
Demographic, diet, environmental, and medical information were collected by telephone
interviews or questionnaires throughout the pregnancy. Infants received standardized
neurodevelopmental assessments from 6 months until 3 years old (79). At 3 years old, the child
was assessed clinically using the gold standard Autism Diagnostic Observation Schedule (ADOS)
(245), the Autism Diagnostic Interview — Revised (ADI-R) (330), and the Mullen Scales of Early
Learning (MSEL) (247). Based on a previously published algorithm using ADOS and MSEL scores
(122,281), participants were classified into three outcome groups including ASD, TD, and Non-
TD (248,249). Children with ASD had scores over the ADOS cutoff and fit ASD DSM-5 criteria.
Children with Non-TD outcomes were defined as children with low MSEL scores (two or more
MSEL subscales with more than 1.5 standard deviations (SD) below averages or at least one
MSEL subscale more than 2 SD below average) and elevated ADOS scores. Children with TD
outcome had all MSEL scores within 2.0 SD and no more than one MSEL subscale that is 1.5 SD
below the normative mean and scores on the ADOS at least three points lower than the ASD

cutoff.

RNA isolation and expression microarray

Maternal peripheral blood was collected at study visits during all three trimesters of pregnancy
in PAXgene Blood RNA tubes with the RNA stabilization reagent (BD Biosciences) and stored
frozen at -80°C. The first timepoint sample was used for mothers who had multiple blood draws

(n=12) during pregnancy. RNA was isolated using the PAXgene Blood RNA Kit (Qiagen)
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according to the default protocol. Total RNA was converted to cDNA and biotin labeled.
Expression was measured using Human Gene 2.0 Affymetrix microarray chips with three
batches by the John Hopkins Sequencing and Microarray core following washing, staining, and

scanning procedures based on manufacturer’s protocol.

Data preprocessing and normalization

Robust Multi-Chip Average (RMA) (331-333) from the oligo R package was used for
normalization of Affymetrix CEL files. For quality control, we used the oligo and
ArrayQualityMetrics R packages (334,335). No samples were identified as outliers by principal
component analysis, the Kolmogorov-Smirnov test, or Euclidean distance to other arrays.
Probes were mapped at the transcript level using the pd.hugene.2.0.st R package, and those

annotated to genes (36,459) were used in subsequent analyses.

One-carbon nutrient metabolite measurements

Serum and plasma samples from the same blood draw as specimens used for RNA expression
analysis were used to measure one-carbon and nutrient metabolites. Metabolites were
selected for their role in one-carbon metabolism and may be relevant to gene expression. S-
adenosylmethionine (SAM) and S-adenosylhomocysteine (SAH), adenosine, homocysteine,
cystine, cysteine, glutathione (GSH) and glutathione disulfide (GSSG) were measured in the
James’ [aboratory at the Arkansas Children’s Research Institute using HPLC with electrochemical
detection as previously described (336,337). Serum pyridoxal phosphate (PLP), the biologically

active form of vitamin B6 (Vit B6), was measured by HPLC using fluorescence detection in the
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Green-Miller laboratory at the UC Davis Medical Center (inter-assay coefficient of variation (CV)
=4.8%) (338). Total serum vitamin B12 (Vit B12) was measured using automated
chemiluminescence in the CLIA-approved Medicine Clinical Laboratories at UC Davis Medical
Center (inter-assay CV = 6.2%). Plasma choline, betaine and dimethylglycine (DMG) were
measured using LC-MS/MS stable isotope dilution methods in the Caudill laboratory (339,340)
with modifications to include measurements of trimethylamine N-oxide (TMAOQO) and
methionine (341,342). Intra-assay and inter-assay CVs of the in-house controls were 3.0% and
3.6% for choline; 1.5% and 1.7% for betaine, 2.5% and 2.4% for DMG; 2.6% and 2.6% for
methionine; and 3.1% and 3.4% for TMAO. Serum 5-methyltetrahydrolate (5-MeTHF) and folic
acid were quantified in the Caudill laboratory using LC-MS/MS stable-isotope dilution methods
(343) with modifications based on the instrumentation (344). Intra-assay and inter-assay CVs of
in -house controls were 1.8% and 1.9% for 5-methyltetrahydrofolate; and 4.9 and 8.5% for folic

acid.

Differential gene expression

After normalization, surrogate variable analysis (SVA) was used to estimate and adjust for
hidden confounding variables on gene expression (345). Differential gene expression was
identified using the limma R package by a linear model that included the children’s diagnosis
outcome (ASD, Non-TD and TD) and all surrogate variables (346). Differential gene expression
analysis with children diagnosed as ASD, Non-TD and TD were included in the same model with
three levels of diagnosis using the F-test (346). Pairwise fold change, standard error and p-value

between ASD vs TD, and Non-TD vs TD were extracted from the same model using the limma R
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package. Differentially expressed transcripts were identified as those with an unadjusted p-
value <0.05. Genome-wide significant differentially expressed transcripts were classified as
those with a false discovery rate (FDR) adjusted p-value (g-value) <0.05. To complement
adjustment by SVA, we used an alternative approach that adjusted for known confounders,
including batches, trimesters, child gender and cell types using limFit function in limma R
package. Differentially expressed transcripts between ASD vs TD, and Non-TD vs TD were

extracted using the same approach as SVA adjustment and compared.

Gene overlap analysis

Gene overlap analysis was performed by Fisher’s exact test using the GeneOverlap R package
(347). In each comparison, the null distribution was generated from 1000 random samples of all
genes annotated to transcripts on the array. Gene symbols annotated to differentially
expressed transcripts were compared to 943 genes in the Simons Foundation Autism Research
Initiative (SFARI) Gene database (191). As an alternative approach to using the whole probe set
on the Affymetrix arrays (36,459) as background, an analysis of filtered probe values was
performed based on removing probe intensity on the lowest 5% intensity probes (34,636) to

remove genes with the lowest expression levels.

Gene ontology (GO) term and pathway enrichment analysis

Transcripts with significant expression levels or selected gene lists were exported to DAVID
bioinformatics software with default settings for GO analysis (255,256). The analysis was done

using the GO ontology database and Fisher’s exact test with multiple test correction by the FDR
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method (256). GO term enrichments were presented with hierarchical terms. GO terms with an
FDR g-value <0.05 were considered statistically significant. GO terms enrichment analyses was

performed separately for both all genes and filtered probes representing expressed genes.

Weighted Gene Co-Expression Network Analysis (WGCNA)

A weighted gene co-expression network was built using the WGCNA R package (348,349) with
normalized expression levels after adjustment for batch effects (3 batches) using the ComBat
function from the sva R package (350). The correlation matrix included all probes and all
samples. To construct a signed adjacency matrix, estimated soft thresholding power (power =
6) was used to achieve approximately scale-free topology (R*2 fit >0.8). Adjacency values were
transformed into a signed topological overlap matrix (TOM). Co-expression modules were
identified from the dissimilarity matrix (1-TOM) with a minimum module size of 30 probes using
Pearson’s coefficient. Module eigengenes were clustered based on correlation. Similar modules
were merged based on a cut height of 0.25 to generate co-expression modules. Each module’s
expression profile was summarized into a module eigengene (ME) using the matched module’s
first principal component. The correlation between each gene in the module with the ME was
represented as intramodule connectivity (kME). Module hub probes were defined as the probe
in each module with the highest module membership. Hierarchical clustering was done using
the standard R function hclust with the default setting using ward’s agglomeration method
(351). Pearson’s correlation coefficient was used to measure the correlation between traits and

modules. Highly correlated modules were defined as those with an FDR-adjusted p-value <0.05.
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Cell type proportion deconvolution

CIBERSORT was used to estimate the proportions of each cell type using the default settings
and the LM22 adult peripheral blood signature gene expression profiles (352). Normalized
expression levels adjusted for batch effects were used to estimate cell type proportions. Both
relative and absolute modes were performed together with 100 permutation tests. P-values
were calculated using FDR multiple test adjustment. Significant associations were defined

based on FDR g-value <0.05.

Availability of data and material

Data are shared in the Gene Expression Omnibus (GEO) accession number (GSE148450) based
on participates consent. Code and scripts for this study are available on GitHub

(https://github.com/Yihui-Zhu/AutismMaternalBloodExpression). Other related data and

information are included in supplementary tables.
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Chapter 4 — Placental methylome reveals a 22g13.33 brain regulatory gene locus associated
with autism risk
Yihui Zhu, J. Antonio Gomez, Benjamin I. Laufer, Dag H. Yasui, Charles E. Mordaunt, Daniela C.
Soto, Megan Y. Dennis, Kelly S. Benke, Kelly M. Bakulski, John Dou, Julia M. Jianu, Ria Marathe,
Cheryl K. Walker, Sally Ozonoff, Jason I. Feinberg, M. Daniele Fallin, Irva Hertz-Picciotto,

Rebecca J. Schmidt, Janine M. LaSalle

Abstract

Most autism spectrum disorder (ASD) cases involve complex genetics interacting with perinatal
environment, complicating the discovery of common genetic risk. The epigenetic layer of DNA
methylation shows dynamic developmental changes and molecular memory of in utero
experiences, particularly in placenta, a fetal tissue discarded at birth. However, current array-
based methods to identify novel ASD risk genes lack coverage of the most structurally and
epigenetically variable regions of the human genome. Here we used whole genome bisulfite
sequencing (WGBS) in placenta samples from prospective ASD studies to discover a previously
uncharacterized ASD risk gene in a comethylated block at 22gq13.33. Differentially methylated
region (DMR) analysis identified 139 DMRs discriminating ASD in placental samples, including a
high-confidence 118 kb hypomethylated block at 22q13.33 that replicated in two additional
cohorts. A polymorphic H3K4me3 peak in placenta corresponded to novel transcript
LOC105373085 (renamed NHIP) with high expression in brain, increased expression following
neuronal differentiation or hypoxia, but decreased expression in ASD placenta and brain.

Transient NHIP overexpression increased cellular proliferation and altered expression of genes

-86-



regulating synapses and neurogenesis in response to hypoxia, significantly overlapping with
NHIP-associated transcript levels in ASD brain and known ASD risk genes. A common structural
variant near a fetal brain enhancer was associated with NHIP placental and brain expression
levels and ASD risk, demonstrating a common genetic influence on DNA methylation levels.
Together, these results demonstrate a novel environmentally-responsive ASD risk gene relevant

to brain development in a relatively uncharacterized region of the human genome.

Introduction

Autism spectrum disorders (ASD) are of growing prevalence, with 1 in 54 children diagnosed in
the US (59). Diagnosis of ASD is based on a child’s behavioral difficulties in social
communication and interactions, restricted and repetitive behaviors and interests, and
language deficits. The etiology of ASD is complex and heterogeneous, and expected to involve
multiple genetic and environmental factors, as well as poorly understood gene-environment
interactions (60,61). Twin and sibling studies have shown a strong heritability of ASD risk within
families, and most genetic risk for ASD is expected to come from common variants (353).
Exome sequencing of ASD trios has identified genes mutated in rare genetic ASD cases, which
are enriched for neuronal, embryonic development and chromatin regulation functions, but no
single gene cause can explain more than 1% of disease liability (65,176). A large genome-wide
association study (GWAS) calculated that an individual’s ASD risk depends on the level of
polygenic burden of thousands of common variants in a dose-dependent manner (64).
Furthermore, ASD genetic susceptibility could be improved by adding SNP weights using

polygenic risk scores (PRS) from ASD-correlated traits, including schizophrenia, depression, and
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educational attainment (64,108,354) . In comparison, GWAS for schizophrenia risk has
identified 108 loci, but PRS for schizophrenia is more than five times greater in the presence of
early-life maternal complications, and corresponded to differences in placental gene expression
(355). Term placenta is an accessible tissue normally discarded at birth, but the convergence

between placental biology and genetic risk for ASD is understudied.

Placenta maintains a distinct landscape of DNA methylation characterized by partially
methylated domains (PMDs), which is more similar to oocytes and preimplantation embryos
than fetal or adult tissues (160,161,166). However, prior investigations have demonstrated that
placenta is a promising tissue for identifying methylation alterations for genes relevant to fetal
brain and gene by environment interactions in ASD (136,170,171,356). Most epigenome-wide
association studies (EWAS) for ASD have used array-based reduced-representation probes for
DNA methylation differences which lack coverage over the most epigenetically and genetically
polymorphic regions of the human genome (357). Correlated regions of systemic interindividual
variation (CoRSIVs) are sites of individual variation in DNA methylation that are sensitive to
periconceptional environment, observed across diverse tissues, and associated with human
disease genes (357,358). Structural variant (SV) have also been associated with many human
phenotypes, especially immune response, and cognitive disorders, such as schizophrenia(110-
112). SVs exhibit a nonrandom distribution in hotspots within relatively gene-poor regions in
primate genomes, but are enriched for gene functions in oxygen transport, sensory perception,
synapse assembly, and antigen-binding (113,114). Recent studies suggested that a large SV

burden was associated with lower cognitive ability (115-117) and ASD (118), but GWAS and
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EWAS studies are blind to most SVs and CoRSIVs in the genome, leaving many unexplored
genomic regions to be discovered through sequencing-based epigenome-wide investigations in

placenta.

Here, we investigated the association of ASD risk with placental DNA methylation in two high-
familial ASD risk cohorts using WGBS on 203 individuals. We identified a block of differential
methylation in ASD at 22q13.33, a region previously described as CoRSIV and SV hotspot but
not previously associated with ASD. A novel gene LOC105373085 (renamed NHIP for neuronal
hypoxia inducible peptide) within 22g13.33 was demonstrated to be expressed in brain,
responsive to oxidative stress, and a transcriptional regulator of additional known ASD risk
genes. A common SV insertion within 22g13.33 was significantly associated with increased ASD
risk, reduced expression of NHIP, and reduced methylation, but first month prenatal vitamin
use counteracted this effect. Together, these results demonstrate a novel ASD risk gene

regulatory locus at the interface of common genetics and perinatal environmental resilience.

Results

Differential methylation analysis using WGBS identifies a hypomethylated block at 22g13.33 in

ASD placenta

To identify novel regions of epigenetic differences in placenta discriminating later ASD
diagnosis, we performed WGBS analysis of genome-wide DNA methylation on 204 subjects
from the two prospective high-risk ASD cohorts (MARBLES and EARLI) with diagnosis outcome

at 36 months (Fig. 4.1a, Supplementary Table 4.1, Supplementary Table 4.2). ADOS and MSEL
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scores that were used in the diagnostic algorithm for ASD were significantly associated with
ASD outcome, but no other demographic or technical variables were significantly associated
(Supplementary Table 4.1). Global methylation levels over 20 kb windows were also not
significantly different by diagnostic group (Supplementary Fig. 4.1). Discovery, external
replication and internal replication groups were analyzed separately, since sequencing platform
differences impacted global methylation levels (Supplementary Fig. 4.2). Differentially
methylated regions (DMRs) distinguishing ASD from TD placental samples were identified with
a permutation-based statistical approach adjusted for sex and placental cell types to identify
broad epigenomic signatures of multiple gene regulatory regions at a genome-wide level in the
discovery group (ASD n = 46, TD n = 46) (Supplementary Table 4.2). 134 DMRs, including 77
hyper- and 57 hypo-methylated in ASD, mapped to 183 genes (Fig. 4.1b, Supplementary Table
4.3). A cluster of 12 ASD DMRs mapped to 22q13.33, including one that also passed genome-
wide significance (FDR adjusted p-value < 0.05). Methylation levels within ASD DMRs were
specifically associated with ADOS and MSEL scores, but not other demographic and technical
variables (Supplementary Fig. 4.3). Further evidence that DMRs identified in placenta reflect
epigenetic differences relevant to brain came from the significant enrichment of ASD DMRs in
enhancers of fetal brain, as well as bivalent enhancer and repressed polycomb regions of
placenta compared to background regions (Fig. 4.1c). Demonstrating their functional relevance,
both hyper- and hypo methylated ASD DMRs were enriched 5 kb and 5 - 50 kb downstream of
TSS, at CpG islands and shores (Supplementary Fig. 4.4-4.5), and at known transcription factor
binding sites (Supplementary Table 4.4). Genes mapped to placental ASD DMRs significantly

overlapped with ASD risk genes from the Simons Foundation Autism Research Initiative (SFARI)
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dataset (191) (Supplementary Fig. 4.6, Supplementary Table 4.5). The overrepresentation of 12
DMRs at 22q13.33 hypomethylated in ASD drove the additional enrichment at >500 kb of TSS as
well as gene ontology (GO) enrichment for functions in histone acetyltransferase (HATs) and
chromatin modification, due to the assignment of the 22g13.33 hypomethylated DMRs to the
nearest downstream gene BRD1, a histone acetyltransferase (Supplementary Fig. 4.7,
Supplementary Table 4.6). Based on these results, we decided to focus downstream analyses

on further understanding the impact of the 22q13.33 hypomethylated locus on ASD risk.

The 22g13.33 DMRs hypomethylated in ASD were highly positively correlated with each other
and formed a 118 kb hypomethylation cluster that was also detected as a hypomethylated
block (chr22: 49044669 - 49162642, hg38) (Fig. 4.1d, Supplemental Fig. 4.8), which was also
previously described as a CoRSIV (357). We therefore examined smoothed methylation levels
over the 118 kb 22q13.33 block for replication in a different ASD enriched risk cohort (EARLI,
external replication group). Similar to the discovery group, 22q13.33 block methylation levels in
ASD were significantly lower in TD (Fig. 4.1e, Supplementary Table 4.7). Furthermore, an
independent “internal replication group” of MARBLES subjects using a different sequencing
platform also showed significantly lower DNA methylation levels in ASD compared to either TD
or the additional diagnostic Non-TD samples, defined as atypical scores but not reaching ASD
diagnosis (Fig. 4.1e, Supplementary Table 4.7). These results demonstrate that
hypomethylation over the 118 kb 22g13.33 comethylated block is a reproducible finding across
different cohorts and platforms, specifically distinguishing placental samples from newborns

later diagnosed with ASD.
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Figure 4.1. ASD associated DMRs are enriched at fetal brains enhancers and a comethylated
block at 22q13.33 replicated across studies and platforms.

(a) Schematic of the experimental design for discovery of ASD DMRSs, replication of the
comethylated 22913.33 locus, genetic associations, and functional follow-up of novel transcript
(NHIP).

(b) Circular Manhattan plot of the epigenome-wide association of DNA methylation in placenta
with ASD diagnosis at 36 months. Results are represented as DMR association test results (-
logio(p)) ordered by genomics position. Significant thresholds are blue for permutation p-value
< 0.05, red for FDR adjusted permutation g-value < 0.05, and grey for nonsignificant.

(c) 134 ASD DMRs (permutation p-value < 0.05) tested for enrichment within chromatin states
defined by Epigenome Roadmap ChromHMM states. Each row represents a different
ChromHMM predicted state and each column a single tissue type, with the heatmap plotting
the -logio(g-value) significance of ASD DMR enrichment.

(d) The triangle correlation matrix of methylation levels using the Pearson correction r score for
the 12 DMRs located in the 22q13.33 hypomethylated block.

(e) The smooth methylation values were averaged over the 22q13.33 hypomethylated block (y-
axis) and compared across diagnosis groups (x-axis). In discovery group, ASD samples had
significant lower methylation than TD samples (MARBLES, HiSeq X, ASD n =46, TD n = 46) (p-
value = 0.003). The same result and direction were observed in the external replication group
(EARLI, HiSeq 2500, ASD n =16, TD n = 31) (p-value = 0.006). For the internal replication group
(MARBLES, NovaSeq, ASD n =21, Non-TD n = 13, TD n = 31), ASD methylation levels were also

significantly lower than TD samples (p-value = 0.003). Non-TD had lower methylation than TD
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(p-value = 0.048) and higher methylation than ASD on 22q13 block (p-value = 0.049).
Comparisons used two-tailed t-test. Each dot represented one sample. Different sequencing
platforms used in the three cohorts led to the absolute differences in global DNA methylation

levels (Supplementary Fig. 4.1).

NHIP is a primate-specific gene dynamically expressed during neuronal differentiation but

exhibiting reduced expression in ASD

The 22g13.33 comethylated block was within an apparent gene desert, located more the 500
kb away from the closest annotated protein coding genes, FAM19A5 (TAFA5) and BRD1.
Epigenetic evidence for promoter and enhancer activity within 22q13.33 was obtained from
placenta, ovary, and brain ENCODE datasets (Supplementary Fig. 4.9) (359). Within 229q13.33,
an active promoter peak identified by H3K4me3 histone markers was observed in 1/2 of ovary,
2/3 of placenta, and 2/3 of brain samples, suggesting polymorphic promoter marks between
individuals (Supplementary Fig. 4.10). This H3K4me3 peak overlapped a CpG island and the TSS
of the uncharacterized transcript, LOC105373085 (also named AK057312) identified from a
human testis cDNA library (Supplementary Fig. 4.10) (360). We renamed LOC105373085 as
NHIP, for Neuronal Hypoxia Inducible Peptide. NHIP was also variably expressed among brain
regions from the Genotype-Tissue Expression (GTEx) database (Supplementary Fig. 4.11)
(361). NHIP was highly conserved in primates, but not in other vertebrates including mouse
(Supplementary Fig. 4.12, Supplementary Table 4.8). When quantified by RT-PCR in human
tissues, NHIP was expressed in placenta, testis, adult and fetal brain, with relatively lower

expression in placenta (Fig. 4.2a). ASD placental samples showed significantly lower NHIP
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transcript levels than TD samples, in the same direction as methylation changes in the 22q13
block (Fig. 4.2b). Since gene body methylation in placenta predicts active gene expression and
the 22g13.33 comethylated block mapped to a previously-defined partially methylated domain
in placenta (161) (Supplementary Fig. 4.13), these results indicate that hypomethylation of the
22013.33 block in ASD was reflective of lower past or current expression of NHIP expression in

utero for ASD compared to TD.

NHIP was expressed in multiple human cell lines (IMR90, LUHMES, SH-SY5Y) but neuronal
differentiation in LUHMES cells resulted in a significant increase in NHIP transcript levels
compared to undifferentiated (Fig. 4.2c). Differentiated LUHMES neurons were more sensitive
to treatment with a hypoxia mimetic (CoCl;) than undifferentiated, with significant decrease in
cell viability and increase in reactive oxygen species (ROS) levels (Fig. 4.2d, Supplementary Fig.
4.14). NHIP transcript levels increased after exposure CoCl; specifically in differentiated, but not
undifferentiated LUHMES cells (Fig. 4.2e, Supplementary Fig. 4.15). Among the tested human
cell lines, embryonic origin HEK293T had the lowest endogenous NHIP transcript levels (Fig.
4.2c). Since response to hypoxia is a developmental signal regulating cell proliferation decision
in embryos (362), we experimentally tested this phenotype by transiently transfecting HEK293T
cells with either a plasmid encoding NHIP with a dual GFP-Puromycin selection cassette or a
matched vector control lacking NHIP (Supplementary Fig. 4.16, Supplementary Table 4.9). A
significantly shortened doubling time was observed in response to NHIP overexpression

compared to control cells (20.23 h vs.24.91 h) (Fig. 4.2f, Supplementary Fig. 4.17).
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To examine whether NHIP encoded a protein, we identified a 20 amino acid putative peptide
containing a Kozak sequence and tested the existence of the peptide by designing the pb-NHIP-
peptide-eGFP vector so that the peptide sequence would be in frame with ATG-less GFP
transiently transfected in HEK293T cells (Fig. 4.2g, Supplementary Table 4.9). The presence of
both transfection control (red, mCherry) and reporter (green, eGFP) confirmed the existence of
the 20 aa peptide from NHIP (Fig. 4.2g). The NHIP encoded peptide sequence was confirmed
using mass spectrometry after pull-down with anti-GFP antibody (Supplementary Fig. 4.18,
Supplementary Table 4.10). A blastp search of human databases demonstrated that the NHIP
peptide partially overlapped protein sequences within BRCA2 and CHD4 (Supplementary Fig.
4.19, Supplementary Table 4.10). Lastly, using a custom antibody against the NHIP encoded
peptide, immunostaining was performed on sections of human postmortem prefrontal cortex,
demonstrating nuclear staining in a subset of neuronal nuclei (Fig. 4.2h). Together, these results

demonstrate the existence of a nuclear peptide encoded by NHIP.
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Figure 4.2. NHIP transcript levels in tissues and cells and in response to hypoxia and evidence
for NHIP encoded nuclear peptide

In RT-qPCR assays, NHIP levels were normalized to GAPDH with at least three independent
experiments per condition.

(@) NHIP levels in human tissues, including adult brain, fetal brain, placenta, and testis.

(b) NHIP levels in placenta samples from discovery group (ASD n =17, TD n = 11). ASD samples
show significantly lower NHIP levels than TD samples (two-tailed t-test, p-value = 0.005).

(c) NHIP levels in human cell lines, HEK293T, IMR90, LUHMES, and SH-SY5Y. In LUHMES cells,
NHIP levels were significantly higher in differentiated neurons compared to undifferentiated
cells (two-tailed t-test, p-value = 0.020).

(d) Differentiated LUHMES cells are more sensitive to hypoxia than undifferentiated LUHMES
cells. Formation of reactive oxygen species (ROS) was measured in differentiated and
undifferentiated LUHMES cells treated with 100nM CoCl;, a hyopoxia mimetic, or vehicle
(mock) (two-tailed t-test, p-value = 0.001).

(e) NHIP levels increase in response to hypoxia, specifically in differentiated neurons.
Differentiated or undifferentiated LUHMES cells were treated with 100nM CoCl,. In
differentiated LUHMES cells, CoCl, treatment significantly increased NHIP levels (two-tailed t-
test, p-value = 0.016).

(f) NHIP transient overexpression in HEK293T cells resulted in a faster doubling time than vector

control cells, indicating increased cell proliferation.
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(g) Vector design of pb-NHIP-peptide-eGFP (dotted line represents excised ATG of EGFP) and
combined phase and fluorescent microscopy. Green, eGFP linked to NHIP peptide; red,
mCherry, transfection positive control. Scale bars, 100 um.

(h) Immunofluorescent staining of human frontal cortex, showing nuclear localization with anti-
NHIP, but not pre-immune control. Blue, DAPI nuclear counterstain; red, anti-NHIP staining.

Scale bars, 100 um.

A common genetic structural variant at 22g13.33 is associated with reduced placental DNA

methylation, reduced NHIP expression, and increased ASD risk

To examine genetic factors associated with 22g13.33 methylation levels and polymorphic
expression of NHIP in ASD, we tested the association between 22g13.33 block methylation level
and common variants from individual-matched WGS, including SNPs, InDels, CNVs, and SVs.
Methylation levels in five out of 12 ASD DMRs within 22q13.33 were significantly associated
with common SNPs located inside the DMRs (Supplementary Fig. 4.20). An upstream 1,674 bp
SV insertion (chr22: 49029657, hg38) located 15,013 bp from the start site of the 22g13.33
comethylated block (Fig. 4.3a, Supplementary Table 4.11) was identified in which methylation
levels of all 12 22g13.33 ASD DMRs were significant associated (Fig. 4.3b). In the MARBLES
cohort, this SV insertion was identified in significantly more ASD compared to TD samples
(Supplementary Fig. 4.21). Placenta samples with the 22q13.33 insertion and ASD, but not TD,
showed significantly lower methylation levels (Fig. 4.3c). While not present in the reference
genome, the 22g13.33 insertion was also identified as structural variant in a long-read PacBio

sequence CHM1_chr22-49029645-INS-1673 contig (363), which also can be found in the NCBI
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GenBank ID QPKN01007947.1 (364) (Supplementary Table 4.11, Supplementary Fig. 4.22). We
also confirmed the WGS evidence of SV using two PCR genotyping primer sets that
discriminated two alleles, with homozygosity of the insertion significantly associated with ASD
(Supplementary Table 4.11, Supplementary Fig. 4.23). The insertion sequence showed high
similarity with retrotransposon elements, including SVA and Alu (Supplementary Fig. 4.24). This
22g13.33 SV also corresponded to INS_22 115103 in Genome Aggregation Database (gnomAD)

(Supplementary Fig. 4.25) (365,366).

Since the 22g13.33 block only showed lower methylation in ASD but not TD placental samples,
we tested the hypothesis that prenatal vitamin use during the first month of pregnancy,
previously shown to be associated with decreased ASD risk (122), may mediate a protective
effect on the ASD SV risk associated with the insertion. At the 22q13.33 block, there was a
significant positive association with prenatal vitamins use in the first month and methylation
level, in the protective direction (Fig. 4.3d). When samples were separated by 22q13.33
insertion genotype, prenatal vitamin use during the first month of pregnancy showed a
significant protective effect specifically in individuals with the insertion (Supplementary Fig.
4.26). Unlike the 22g13.33 insertion, the GWAS-based PRS (64) calculated for the MARBLES
cohort was not significantly predictive of either ASD diagnosis or 22q13.33 block methylation by
ANOVA in the MARBLES discovery cohort (Supplementary Table 4.12). Together, these results
are consistent with the hypothesis that ASD risk associated with the 22q13.33 SV and
comethylated block is distinguishable from polygenic ASD risk and tempered by a common

nutrient intervention with demonstrated ASD protection.
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Since SVs have been previously implicated in altering chromatin loops regulating promoter-
enhancer interactions (367), we hypothesized that this 1.7 kb insertion may be located within
an enhancer-promoter loop relevant to fetal brain. Using the recent EpiMap database of
chromatin states across multiple humans and tissue types (368), we identified two CTCF sites
flanking the SV insertion (Fig. 4.3e). ChromHMM maps (264) demonstrate a fetal brain
enhancer that aligns with the distal CTCF binding site. The proximal CTCF site is adjacent to the
NHIP TSS, which ChromHMM predicts as an active promoter in brain, ovary, and placenta.
Neither CTCF binding site corresponded to the boundaries of a topologically associated domain
(TAD), as this locus was inside a large ~2Mb TAD spanning from the 48.5 Mb position to the
telomere off 22q (Supplementary Fig. 4.27) (369). Together, these results suggest a model
whereby the SV insertion allele disrupts the fetal brain enhancer-promoter interaction within a
large telomeric TAD, thereby reducing the responsiveness of NHIP expression to neuronal
differentiation and/or oxidative stress. Early pregnancy prenatal vitamin use is expected to
counteract the effects of oxidative stress through provision of dietary methyl groups, thereby
increasing DNA methylation at the NHIP locus in individuals homozygous for the 22¢g13.33

insertion.
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Figure 4.3. A common genetic structural variant is significantly associated with 22g13.33 DNA
methylation and ASD.

(a) Insertion location (orange) relative to the 22g13.33 hypomethylated block (blue), and the
novel transcript, NHIP (red) in the UCSC genome browser. The 22g13.33 comethylated block

was 117,974 bp in length (blue). NHIP TSS was located 7,881 bp downstream from the start site
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of the 22g13.33 hypomethylated block. The insertion (not in the reference genome) is 15,013
bp upstream from the start site of the 22g13.33 hypomethylated block.

(b) The association matrix shows ANOVA p-values for the comparison of the insertion genotype
(homozygous for insertion versus not) with smoothed methylation levels within each of 12
DMRs located in 22g13.33 hypomethylated block from discovery group (ASD n =41, TD n = 37).
(c) Association was tested between insertion genotype (Y, homozygous for insertion; N, not)
and 22g13.33 comethylated block methylation levels (discovery group, ASD n =41, TD n = 37).
ASD showed significantly lower DNA methylation levels compared to TD placenta samples
within the entire 22g13.33 comethylated block (p-value = 0.006). Samples homozygous for the
insertion had a significant lower methylation than those not having insertion on both alleles (p-
value = 0.008). When broken down by diagnosis, samples with insertion had significantly lower
methylation specifically in ASD samples (p-value = 0.003), not TD samples (p-value = 0.63).

(d) Periconception prenatal vitamin use was a significant modifier of 22g13.33 block
methylation in placenta (discovery group, ASD n = 41, TD n =37). Lower percent methylation at
the 22913.33 comethylated block was significantly associated with not taking prenatal vitamins
during the first month of pregnancy (p-value = 0.007), which was in the same direction as ASD
risk.

(e) UCSC genome browser map shows the insertion location (orange vertical line) relative to
two adjacent CTCF sites (green arrows), and NHIP. Both undifferentiated and differentiated
LUHMES cells have both CTCF sites, consistent with them being homozygous for the reference
sequence. Additional brain tracks show the variability of the upstream CTCF site between

human samples. ChromHMM tracks were derived from fetal brain, multiple brain regions,
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ovary, and placenta. Red, active promoter; yellow, active enhancer; green; active

transcriptional elongation; purple, bivalent poised chromatin.

NHIP expression is reduced in ASD brain and associated with the regulation of genes enriched

for synaptic functions and ASD risk

We then tested the hypothesis that the 22g13.33 insertion was associated with NHIP
expression in ASD versus TD postmortem brain (Supplementary Table 4.13). Similar to the
MARBLES cohort of placenta samples, the 22g13.33 insertion showed a significantly higher
frequency in ASD compared with TD in 58 cortical samples (Supplementary Fig. 4.28). RNA-seq
was performed on a subset of 20 cortical samples representing all three SV insertion genotypes,
matched for age and sex between ASD and TD. Brain samples homozygous for the 22g13.33
insertion (Y) exhibited lower NHIP levels compared to those with one or no insertion alleles (N)

specifically in ASD samples, but not in TD samples (Fig. 4.4a).

We then performed a genome-wide analysis of transcript levels associated with variable NHIP
levels in brain samples as a continuous trait. 851 NHIP-associated genes passed FDR
significance, including 195 positively and 656 negatively associated (Fig. 4.4b, Supplementary
Table 4.14). Downregulated genes included ASD candidate genes such as CHD8 (370), and a
gene previously implicated in ASD from placenta, /RS2 (136) (Supplementary Table 4.14). Gene
ontology (GO) enrichment analysis revealed 277 terms passing permutation significant gene
ontology terms, including 202 terms from biological processes, 18 terms from molecular

functions, and 57 terms from cellular components (Fig. 4.4c, Supplementary Table 4.15).
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Regulation of nervous system, glial cell differentiation, synaptic membrane, neurogenesis, and
response to oxidative stress were identified as GO terms enriched for transcripts negatively
associated with NHIP levels (Fig. 4.4c, Supplementary Table 4.15). GO term functions related to
the dendritic spine, synaptic plasticity, and regulation of synaptic transmission formed a
functional module of genes negatively associated with NHIP levels (Supplementary Fig. 4.29). In
contrast, transcripts positively associated with NHIP levels were enriched for distinct functions
in epidermal development, G-protein coupled receptors, and negative regulation of secretion.
To further examine the relevance of NHIP expression to ASD etiology, we overlapped brain
NHIP-associated transcripts with SFARI ASD risk genes and observed a significant overlap of 85
genes (Supplementary Fig. 4.30, Supplementary Table 4.16). The 85 genes in common were
significantly enriched for 49 GO terms, including nervous system development, synapse, and
dendrite (Supplementary Fig. 4.31, Supplementary Table 4.17), demonstrating associations of

NHIP levels with functionally relevant gene pathways in brain and ASD.

Overexpression of NHIP in HEK293T cells results in large-scale transcriptional changes to genes

relevant to brain and ASD risk

In order to experimentally model the transcriptional impact of NHIP induction, RNA-seq and differential
expression analyses were performed on HEK293T cells transiently transfected with NHIP or vector
control. We identified 4,756 differentially expressed genes with genome-wide significance (FDR
adjusted p-value < 0.05). NHIP transient overexpression increased 1,490 genes and decreased 3,266
genes (Supplementary Fig. 4.32, Supplementary Table 4.18). Genes decreased with transient NHIP
expression included the downstream flanking gene BRD1, as well as /RS2, CHDS8, and DLL1

(Supplementary Fig. 4.33, Supplementary Table 4.18). NHIP overexpression and reduced BRD1 in
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overexpression cell lines were confirmed with RT-PCR (Supplementary Fig. 4.34). Genes differentially
expressed with transient NHIP overexpression were enriched for GO terms associated with non-coding
RNA processing, histone modification, placental development, cell cycle, and p53 binding
(Supplementary Fig. 4.35, Supplementary Table 4.19), consistent with the proliferation phenotype (Fig.
4.2f). KEGG gene set enrichment analysis (371) showed enrichment for brain disorders, including
Parkinson, Alzheimer, and Huntington diseases and metabolism, such as fatty acid metabolism and drug
metabolism (Supplementary Fig. 4.36, Supplementary Table 4.20), further demonstrating the relevance
of NHIP regulated genes to brain functions. Immune system process, oxidative phosphorylation, and
respiratory chain complex were enriched GO terms in both transient (FDR adjusted p-value < 0.05) and
stable (raw p-value < 0.05) NHIP overexpressing cells (Supplementary Table 4.21). When compared with
KEGG gene set for enrichment, all significant GO terms in stable overexpressing cells were also included
in those of transient expression. Fewer genome-wide significant differentially expressed genes were
observed with stable (23) compared to transient (4,756) NHIP expression, however, consistent with the

responsive inducible effects of NHIP (Fig. 4.2¢c-4.2f).

In a comparison of in vivo and in vitro RNA-seq analyses, a significant overlap of 284 genes was
observed between those differentially expressed in response to experimental NHIP transient
overexpression and those associated with NHIP transcript levels in human brain. Genes
negatively associated with NHIP were enriched for functions in synapse, dendrite, cell-cell
signaling, regulation of nervous system development, and upregulation of cell cycle process
(Supplementary Fig. 4.37-4.38, Supplementary Table 4.22-4.23). Furthermore, genes
differentially expressed with NHIP overexpression also showed a significant overlap of 263

genes with ASD risk genes from the SFARI database, enriched for functions in central nervous
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system development, synaptic signaling, and response to oxygen levels (Supplementary Fig.
4.39-4.40, Supplementary Table 4.24-4.25). There were 45 genes in common among ASD risk,
NHIP association in brain, and NHIP overexpression, including BRD4, SETD5, CHD2, EP300, and
FOXG1 (Fig. 4.4c, Table 4.1, Supplementary Table 4.26). Genes common to ASD risk, NHIP
association in brain, and NHIP overexpression were enriched for chromatin organization,
regulation of transcription by RNA polymerase Il, regulation of cell differentiation,
neurogenesis, rhythmic processes, and response to decreased oxygen (Table 4.1,
Supplementary Fig. 41, Supplementary Table 4.27). Together, these results demonstrate that

NHIP is a novel regulatory gene with functions relevant to known ASD risk factors.
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Figure 4.4. NHIP levels in brain are reduced in ASD and associated with expression of genes

enriched for synaptic functions, response to oxidative stress, and ASD risk.

(a) Brain samples homozygous for the 22g13.33 insertion had significantly lower NHIP levels

compared to those who were not (p-value = 0.035). The association NHIP levels and insertion
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was observed specifically in ASD (p-value = 0.024), not in TD (p-value = 0.692) (two-tailed t-test,
brain, ASD n=13, TD n = 10).

(b) NHIP-associated differential expression analysis was performed from brain RNA-seq,
identifying 851 genome-wide significant genes (FDR adjusted g-value < 0.05).

(c) Gene ontology (GO) enrichment analysis of the 851 NHIP-associated genes in brain with
significant enrichment (FDR adjusted g-value < 0.05). Positively associated GO terms are shown
in red and negatively associated GO terms are colored in blue.

(d) Venn diagram representing the overlapped 45 genes between NHIP association in brain,
differential gene expression (DGE) in NHIP transiently expressing cell line, and SFARI ASD risk

gene list.
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Table 4.1. 45 genes in common to NHIP differential expression in brain and cells and ASD risk.
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Discussion

This study has taken the innovative approach of utilizing placental tissue from a high-risk
prospective cohort to discover a novel ASD risk gene locus that integrates responsiveness to
oxidative stress with inheritance of a common structural variant. The combination of WGBS and
the distinctive DNA methylation landscape of the placenta characterized by partially
methylated domains and higher gene body methylation over expressed genes (160,161,166)
enabled the discovery of a novel gene associated with ASD that had been missed by more
standard genetic and epigenetic array-based approaches. The 22q13.33 comethylated block
identified in this study was previously identified by WGBS as a region of increased methylation
variance (CoRSIV) (357,358) as well as a region of increased SV (114) in the human genome. We
confirmed the hypothesis that CoRSIV and SV locations overlap more frequently than expected
at random (Supplementary Fig. 4.42). Although this 22g13.33 region has not been previously
associated with ASD risk, the neighboring distal long arm of 22q13.3 harbors multiple genes
implicated in neuropsychiatric disorders, including ASD, intellectual disability, schizophrenia,
and bipolar disease (92,372,373). SHANK3 is 1.5 Mb telomeric from the 22q13.33
hypomethylated block identified in this study. In addition to rare SHANK3 mutations in ASD,
large structural variations including SHANK3 are observed in rare ASD cases. SHANK3 encodes a
postsynaptic protein required for maturation of glutamatergic synapses (107). In addition,
22g13.33, 22q13.32 and 22g13.31 are disease-associated hotspot regions in ASD (117). While
these highly polymorphic regions of the genome have the potential to contain regulatory genes
such as NHIP, as well as primate-specific sequences relevant to brain development (374), they

are often excluded from the design of array-based platforms because of their complexities. The
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NHIP locus is sparsely covered by probes in the most current genetic and epigenetic array
designs (Supplementary Figure 4.13), a likely explanation for why it was not identified by prior
ASD studies. In contrast, sequencing-based approaches, such as the integrated WGS and WGBS

approach employed here, are a promising alternative for disease association testing.

Placenta is an often misunderstood and overlooked tissue, despite its importance in regulating
and thereby reflecting events critical to brain development in utero. Placenta regulates
metabolism and provides steroid hormones as well as neurotransmitters critical for the
developing brain (148,155). Placenta regulates oxygen supply, as it consumes 40-60% of the
body’s oxygen and hypoxia metabolic adaptation regulates trophoblast cell fate decisions
(152,153). Oxygen tension can also modulate extravillous trophoblast proliferation,

differentiation, and invasion (154), all important for successful implantation and placentation.

We have demonstrated that NHIP is a primate-specific, variably expressed gene responsive to
hypoxia in human placenta and brain tissues. The variability in NHIP expression was influenced
by both non-genetic and genetic factors. NHIP was induced with neuronal differentiation, but
also with a hypoxia mimetic. Interestingly, the responsiveness of NHIP expression as well as
oxidative stress was specific to differentiated neurons but not seen in undifferentiated
LUHMES. Oxidative stress is a common convergent mechanism that occurs in normal
neurodevelopment but can be excessive in cases of many environmental exposures associated
with in ASD, including air pollution and pesticides. Prenatal vitamin use in the first month of

pregnancy provides essential methyl donors to the one-carbon metabolism pathway that may
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counteract excessive oxidative stress, a prediction consistent with the higher methylation over
the 22913.33 comethylated block in placentas from pregnancies with first month prenatal
vitamin use. Common genetic variants were also associated with 22q13.33 methylation levels.
While we identified 12 SNPs within the 22g13.33 comethylated block that were significantly
associated with methylation, the strongest genetic factor was a 1.7 kb insertion with a high
allele frequency in all ethnicities. Homozygosity for this 22q13.33 SV was a better predictor of
ASD risk than GWAS-base PRS. 22g13.33 SV homozygosity was also strongly associated with
hypomethylation of this locus and reduced expression of NHIP in ASD compared to TD placenta

and brain samples.

Large insertions such as the 22g13.33 SV that occur outside of coding regions can still modify
gene expression through alterations in promoter-enhancer loop size. The NHIP promoter shows
differences in active chromatin marks between individuals and is associated with two CTCF
binding sites that apparently anchor an intra-TAD loop between the promoter and a distal fetal
brain enhancer. These results suggest a model by which the presence of at least one copy of the
reference allele without the insertion would allow NHIP to be induced during
neurodevelopment and hypoxia, thereby protect the developing brain through its regulation of
downstream regulatory gene pathways. Homozygosity for the 22g13.33 SV allele is associated
with lower NHIP expression and less protection, however, likely because the enhancer-
promoter loop forms less efficiently because of the >15% increased size of the loop. For the
minority of TD cases who were also homozygous for the 22q13.33 SV, the use of prenatal

vitamins that reduce the consequences of oxidative stress might have been one source of

-113-



protection from risk, although other genetic and environmental factors not investigated may

also be involved.

Methods

Sample Population and Diagnostic Classification

The Markers of Autism Risk in Babies — Learning Early Signs (MARBLES) study recruited mothers
with at least one child with ASD who were pregnant or planning another pregnancy in Northern
California, primarily through lists provided by the California Department of Development
Services (71,79,136,375). The following criteria were required for MARBLES study’s enroliment:
the prospective child has at least one first or second degree relative diagnosed with ASD; the
mother is at least 18 years old; the mother is pregnant or planning for a pregnancy; the mother
speaks, reads and understands English proficiently enough in order to complete the protocol;
the mother lives within 2.5 h drive distance of Davis/Sacramento region. Demographic, diet and
medical information were collected by telephone interviews or questionnaires throughout the

pregnancy.

The Early Autism Risk Longitudinal Investigation (EARLI) study recruited pregnant mothers who
have another child diagnosed as ASD and has been described in detail previously (376). EARLI
families were recruited from four sites (Drexel/Children’s Hospital of Philadelphia, Johns
Hopkins/Kennedy Krieger Institute, Kaiser Permanente Northern California, and University of
California, Davis) across three US regions (Southeast Pennsylvania, Northeast Maryland, and

Northern California). Enrollment criteria for EARLI are: having a biological child diagnosed as

-114-



ASD; communicating fluently in English or Spanish; being 18 years or older; living within 2 h

drive distance from the study site; being less than 29 weeks of pregnancy.

In both MARBLES and EARLI studies, child diagnosis was clinically assessed by trained,
professional examiners at 36 months using standardized instruments including the Autism
Diagnostic Observation Schedule (ADOS) (245), Autism Diagnostic Interview — Revised (ADI-R)
(330), and Mullen Scales of Early Learning (MSEL) (247). Based on a previously published
algorithm, children were classified into three outcome groups: ASD, TD and Non-TD
(122,248,249). Children with ASD outcome had scores over the ADOS cutoff and fit ASD DSM-5
criteria. Children with TD outcome had all MSEL scores less than 2 standard deviations (SD) and
no more than one MSEL subscale 1.5 SD below the normative mean together, with scores on
the ADOS at least three points lower than the ASD cutoff. Children with Non-TD outcome did
not meet ASD or TD criteria but had elevated ADOS scores and low MSEL scores, defined as two
or more MSEL subscales with more than 1.5 SD below averages or at least one MSEL subscale

more than 2 SD below average.

Whole Genome Bisulfite Sequencing (WGBS) Library Preparation

The placental samples were frozen within 4 hours after birth. DNA was extracted from placenta
tissue with the Gentra Puregene kit (Qiagen, Hilden, Germany) and quantified with the Qubit
DNA Assay Kit (Thermo Fisher Scientific, Waltham, MA, USA). The discovery group included 92
samples (ASD n =46, TD n = 46) from the MARBLES study. DNA was bisulfite converted with the

EZ DNA Methylation Lightning kit (Zymo, Irvine, CA, USA). WGBS libraries were prepared from
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bisulfite-converted DNA using the TruSeq DNA Methylation kit (lllumina, San Diego, CA, USA)
with indexed PCR primers and a 14 cycle PCR programs. Libraries were sequenced at 2 per lane
with 150 bp paired-end reads in lllumina HiSeq X (San Diego, CA, USA) by Novogene
(Sacramento, CA, USA). The external replication group included 47 samples (ASDn =16, TD n =
31) from the EARLI study, with details described previously (377). The internal replication group
included 65 samples (ASD n =21, Non-TD n =13, TD n = 31) from the MARBLES study. DNA
were sonicated to ~ 350 bp using Covaris E220 (Woburn, MA, USA). Sonicated and size selected
DNA was bisulfite converted using the EZ DNA Methylation Lightning kit (Zymo, Irvine, CA, USA).
WGBS libraries were prepared using Accel-NGS Methyl-Seq DNA library kit (Swift Biosciences,
Ann Arbor, MI, USA) with indexed PCR primers and a 12 cycle PCR programs. Libraries were
pooled and sequenced on 2 lanes with 150 bp paired-end reads of Illumina NovaSeq 6000 S4

(San Diego, CA, USA) by DNA Tech Core at University of California, Davis (Davis, CA, USA).

WGBS Alighment and Quality Control

Raw sequencing files were preprocessed, aligned to the human reference genome and
converted to CpG methylation count matrices with the default parameters in CpG_Me
(251,378,379). Reads were trimmed to remove adapters and methylation bias on both 5’ and 3’
end. After trimming, reads were aligned to human reference genome hg38, and filtered for
PCR duplicates. Cytosine methylation reports were generated using all covered sites CpG
methylation. Quality control was examined for each sample. Libraries with CHH methylation
greater than 2% were excluded as incomplete bisulfite conversion. The CpG_Me workflow

incorporates Trim Galore, Bismark, Bowtie2, SAMtools, and MultiQC (379-383).
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Window methylation and principal component analysis (PCA)

DNA methylation at 20 kb windows sliding across the genome was extracted using getMeth
function in bsseq (319,384). Percent methylation for each sample at each window was
calculated using the average methylation value from the window. Correlations between DMRs
were done using Pearson’s correlation coefficient (r score). PCA analysis was performed using
prcomp function in stats and visualized using ggbiplot (385). The ellipses for each group were

illustrated as 95% confidence.

Methylation Array Analysis and Cell Type Estimation

The same 92 placenta DNA samples aliquots in discovery group (ASD n = 46, TD n = 46) were
used for methylation array analysis. DNA was treated and cleaned with the EZ DNA methylation
gold kit (Zymo, Irvine, CA, USA). Samples were assayed on the Infinium MethylationEPIC array
(Ilumina, San Diego, CA, USA) at John Hopkins University CIDR (Baltimore, MD, USA). Raw
image files were analyzed using minfi package (201). Data were corrected for background and
dye bias with the normal-exponential by out-of-band probe (noob) method (386). Cell type
composition of placenta (trophoblast cells, stromal cells, Hofbauer cells, endothelial cells, and
nucleated red blood cells) were estimated from methylation using a sorted placenta cell

reference using PIaNET (387).

Detection of DMRs

DMRs were identified between ASD and TD in the discovery group with 100 permutation test,

and adjusted for sex and cell types using DMRichR (378,388). DMRichR utilized dmrseq and
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bsseq algorithms to extract methylation levels from CpG count matrix to identify DMRs
(384,389). The DMR analysis approach used a smoothing and weighting algorithm that weights
CpGs more heavily on high coverage and low variation within each group. CpGs in physical
proximity with similar methylation values were grouped into candidate background regions to
estimate region statistics. Permutation testing was done on the pooled null distribution to
calculate empirical p-values to identify significant DMRs and then further corrected for
genome-wide significance at an FDR of 0.05. Individual smoothed methylation levels and
chr22q block methylation levels were obtained using bsseq (384). Genes were assigned to
DMRs using the Genomic Regions Enrichment of Annotation Tool (GREAT) tool with the default
association settings (5 kb upstream, 1 kb downstream and 1000 kb max extension) (390). The
distances (kb) were calculated from DMRs to the transcription start sit (TSS) of the GREAT
assigned genes. Gene Ontology (GO) enrichment analysis for DMRs, hypermethylation DMRs,
and hypomethylation DMRs relative to background regions was done using GREAT (390).

Significant terms were called with FDR corrected p-values less than 0.05.

DMR Enrichment Analysis

DMRs were examined for enrichment with chromatin marks compared to the background
regions using LOLA R package with Fisher’s exact test after FDR correction (202). Chromatin
states were predicted by chromHMM using the Hidden Markov Model to separate human
genome into 15 functional states in the Roadmap Epigenomics Project (196,264). Promoter
related states included active TSS (TssA) (red), TSS flank (TssAFInk) (orange red), bivalent TSS

(TssBiv) (Indian Red), and bivalent TSS flank (BivFInk) (Dark Salmon) states. Enhancer related
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states included genic enhancer (EnhG) (Green Yellow), enhancer (Enh) (Yellow), and bivalent
enhancer (EnhBiv) (Dark Khaki). CpG island, shore, shelf and open sea coordinates were
obtained from the annotatr R package (391). Encyclopedia of DNA Elements (ENCODE) datasets
were used to extract histone post-translational modifications (PTMs), including H3K4mel,
H3K4me3, H4K9me3, H3K36me3, H3K27me3 and H3K27ac datasets (263,359). Enrichment for
known transcription factor binding site motif sequences in DMRs was obtained using

Hypergeometric Optimization of Motif EnRichment (HOMER) (392).

Whole Genome Sequencing (WGS) and Variant Calling

WGS was performed using cord blood genomics data on subset of the same individuals from in
the discovery group (ASD n =41, TD n = 37). Sequencing libraries were generated using
NEBNest DNA library prep kit (NEB, Ipswich, MA, USA) with 150 bp paired-end reads in Illumina
HiSeq X (San Diego, CA, USA) by Novogene (Sacramento, CA, USA) with at least 30x coverage
per sample. Raw read files were mapped to human reference genome hg38 using Burrows-
Wheeler Aligner (BWA) with the default setting (393). SAMtools was utilized to sort the bam
files and Picard was used to merge bam files from the same sample identify duplicate reads
(382,394). Single nucleotide polymorphisms (SNPs), small insertion, and deletions (InDels) were
called using GATK and annotated variant using ANNOVAR (395,396). Copy number variations
(CNVs), longer than 50 bp, were identified using control-FREEC and CREST (397,398). Structural
variants (SVs) detection and genotyping, larger than 50 bp were performed using DELLY with

the default settings (399).
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PGS generation

A subset of individuals from in the discovery group were also genotyped using lllumina Multi-
Ethnic genotyping array (ASD n = 31, TD n = 35). Stringent QC criteria was used on the raw
genotypes in order to remove low quality SNPs and samples (400). Our criteria included
removal of samples with call rates < 98%, sex discrepancy, and relatedness (pi-hat < 0.18) to
non-familial samples with filtering for minor allele frequency (MAF) < 5% using PLINK software
(401). After data cleaning, the imputation pipeline was performed using University of Michigan
Imputation Server (402) using minimac4 software (403) to the 1000G Phase v5 reference panel
(hg19) (404,405). Phasing was performed using Eagle software with measured and imputed

SNPs (406).

PRS calculation was imputed from genetic data generated at the a range of pdiscovery thresholds
based on GWAS results from the combined PGC-iPSYCH genome-wide meta-analysis (64). Using
PLINK software (401), we removed correlated SNPs and applied from 2 to > 20,000 effect sizes
and weights (pdiscovery threshold range from 1*10°2 to 1.0) to achieve a weighted summation of
alleles on PRS scores generations that reflected ASD risk in the discovery group. Based on PRS
model fit R%, paiscover used at 0.05 for the best-fit PRS. The association between 22q13.33
comethylated block % methylation or diagnosis with PRS was measured by analysis of variance

(ANOVA).
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Insertion Characterization and Sanger Sequencing

To validate the 22g13.33 insertion from Illlumina WGS data, the expected genomic location of
the insertion was queried in a published PacBio long read sequencing dataset (363). The
insertion was identified located at CHM1_chr22-49029645-INS-1673 contig (363). The contig
was in a fasta file with accession number GCA_003709635.1 with the correspondence table, it
also named with GenBank ID QPKN01007947.1 in NCBI database (364). SAMtools was utilized
to isolate the fasta sequence from the contig with 85,271 bp in length and extracted the
insertion sequence with 1,673 bp in length (Supplementary Table 4.11). The QPKN01007947.1
contig mapped to chr22: 49,381,532 — 49,466,902 (reference genome: hg19) using blast search

(407) and visualized the insertion using Miropeats (408).

In addition to characterizing the insertion using PacBio long read sequencing, primer sets were
designed to span the insertion location for PCR-based genotyping (Supplementary Table 4.11).
A 25 ul PCR reaction mixture contained 100 ng genomics DNA, 5 pl 5X LongAmp Tagq reaction
buffer (NEB, Ipswich, MA, USA), 1 ul LongAmp Tag DNA polymerase (NEB, Ipswich, MA, USA), 1
pl 10 mM dNTPs and 2 pl of 10 uM forward and reverse primer. The PCR amplifications were
performed using following conditions: initial denaturation at 94 °C for 30 s; 30 cycles of
denaturing at 94 °C for 30 s, 52 °C for 30 s and 65 °C for 2 min with a final extension at 65 °C for
10 min. PCR products were subjected to Topoisomerase (TOPO) PCR Cloning Kit (Thermo Fisher
Scientific, Waltham, MA, USA) followed by a 1.5% agarose gel electrophoresis with purification
and Sanger sequencing by University of California, Davis, DNA Sequencing Facility (Davis, CA,

USA) and chromatograms were analyzed using SnapGene (Genewiz, South Plainfield, NJ, USA).
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PCR products genotype and size were characterized using Bioanalyzer 2100 (Agilent, Santa
Clara, CA, USA). The sequence of the insertion was analyzed for repetitive elements using

CENSOR and RepeatMasker (409,410).

Cell Culture, Cell-based Assays and Transfection

LUHMES cells (ATCC, Manassas, VA, USA, CRL-2927) were seeded on fibronectin coated plates
(Thermo Fisher Scientific, Waltham, MA, USA, CWP001, 354402). Undifferentiated cells were
maintained in proliferation medium: Advanced DMEM/F12 (Invitrogen, Carlsbad, CA, USA),
supplemented with N2 supplement (Invitrogen, Carlsbad, CA, USA), Penicillin-streptomycin-
glutamine (Thermo Fisher Scientific, Waltham, MA, USA), and 40 ng/ml recombinant bFGF
(Invitrogen, Carlsbad, CA, USA). To generate differentiated LUHMES, cells were switched to
differentiation media for five days. Differentiation media: Advanced DMEM/F12, supplemented
with N2 supplement, Penicillin-streptomycin-glutamine, 1 mM dbcAMP (MilliporeSigma,
Burlington, MA, USA), 1 ug/ml tetracycline (Neta Scientific, Hainesport, NJ, USA), and 2 ng/ml
recombinant human GDNF (Thermo Fisher Scientific, Waltham, MA, USA). For cell viability and
hydrogen peroxide production experiments, differentiated cells were growth in 96-well plates
for six days prior to treatment with CellTiter Blue or ROS-Glo visualization reagent (Promega,
Madison, WI, USA). Undifferentiated cells, were plated in 96-well plates at same densities as
differentiated neurons and treated identically for cell viability and hydrogen peroxide
measurements. For RNA quantification, cells were maintained in 6-well plates. Challenges with

hydrogen peroxide (MilliporeSigma, Burlington, MA, USA), cobalt chloride (Thermo Fisher
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Scientific, Waltham, MA, USA) or mock treatment were carried out after five days of

differentiation and cells were treated for 24 hours before analysis.

A PiggyBac-compatible expression plasmid, pb-NHIP-eGFP was synthesized by VectorBuilder
(Chicago, IL, USA) with EF-1a as promoter for NHIP and CMV as promoter for eGFP fused with
puromycin resistant gene (Supplementary Table 4.9, Supplementary Fig. 4.16). A control
plasmid was cut using Xbal and Abal restriction endonucleases based on the pb-NHIP-eGFP,
named pb-NEG-eGFP to remove NHIP and maintained the rest of plasmid structure
(Supplementary Table 4.9, Supplementary Fig. 4.16). The backbone piggyBac plasmid was
obtained from Sanger Institute Archives and described previous as hyperactive PB transposase
(pCMV-hyPBase) (Supplementary Table 4.9) (411). Plasmid for NHIP plasmid, pb-NHIP-peptide-
eGFP was synthesized by VectorBuilder with EF-1a as promoter for the NHIP peptide, removed
the stop codon and fused the end of the NHIP peptide with eGFP, together with CMV as
promoter for mCherry fused with puromycin resistant gene (Supplementary Table 4.9, Fig.
4.2g). All constructs were sequenced by Sanger sequencing by University of California, Davis,
DNA Sequencing Facility (Davis, CA, USA) and analyzed using SnapGene (Genewiz, South

Plainfield, NJ, USA) to confirm the expected sequence.

HEK293T cells (ATCC, Manassas, VA, USA, CRL-11268) were grown in DMEM/F12, GlutaMAX
medium (Thermo Fisher Scientific, Waltham, MA, USA) supplemented with MEM non-essential
amino acids (Thermo Fisher Scientific, Waltham, MA, USA) and 10% fetal bovine serum

(Invitrogen, Carlsbad, CA, USA). Low passage HEK293T cells were transfected with plasmids
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using Lipofectamine 3000 and Opti-MEM (Invitrogen, Carlsbad, CA, USA) according to the
manufacturer’s instructions. Transfections were performed with or without piggyBac backbone
plasmids for both transient and stable cell lines for each condition. Transfection medium was
replaced 24 h post-transfection with complete growth media with puromycin at 3 ug/ml for 7

days.

All cells were maintained at 37 °C containing 95% O, and 5% CO,. Images were taken using
EVOS under magnification labeled in the images. Cell numbers were measured using disposable
countess chamber slide on Countess Il FL automated cell counter (Thermo Fisher Scientific,
Waltham, MA, USA) under the default steps with mixing 10 ul of samples with 10 pl of trypan
blue. CellTiter Blue reagent was used for measured cell viability using luminescence based on
manufacturer instruction (Promega, Madison, WI, USA). H,0, production represented relative
reactive oxygen species (ROS) level was measured with the ROS-Glo H,0; assay system using
50nM with the default setting with level measured by luminometer (Promega, Madison, WI,

USA).

HEK293T whole cell lysates were prepared by resuspension in 1x RIPA buffer and sonication
using a Diagenode Bioruptor 300 (Diagenode, Denville, NJ, USA) followed by centrifugation at
21,130 x g at 4°C to remove insoluble material and then resolved on a 4-15% SDS-PAGE gel
(Biorad, Hercules, CA, USA). The SDS-PAGE gel was rinsed in three changes of water to remove
SDS and stained with Imperial protein stain (Thermo Fisher Scientific, Waltham, MA, USA) to

visualize proteins. Stained bands between 25 kd and 37 kd were carefully excised from the gel,
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washed in three changes of 50 mM ammonium bicarbonate followed by three washes with
acetonitrile then swollen in 10 mM DTT in acetonitrile and incubated at 56 °C for 30 minutes do
reduce disulfide bonds. The gel pieces were next shrunk by incubation in acetonitrile then
incubated in 55 mM iodoacetamide (IAA) in 50 mM ammonium bicarbonate prior to washing
with 50mM ammonium bicarbonate, shrunk with acetonitrile and dried in a speed vac. Gel
pieces were suspended in 50mM ammonium bicarbonate with 0.01 % Protease Max (Promega,
Madison, WI, USA) and treated with trypsin (Promega) for four hours at 50°C. The NHIP/GFP
fusion protein was detected from the resulting peptides by (LC/MS-MS). MS was performed at
University of California, Davis Proteomics Core Facility. Significant level was called based on FDR
adjusted p-value < 0.05. The protein probabilities were calculated use the protein prophet

algorithm. The peptide probabilities were calculated use naive Bayesian classifier.

NHIP peptide immunofluorescence staining utilized a custom polyclonal antibody that was
produced in Rabbit by GenScript Inc (Piscataway, NJ, USA) to a truncated NHIP peptide
MVRGEATARTEEAMC and affinity purified. Flash frozen human cortical tissues were fixed in 4%
formaldehyde in 1x PBS for 72 hours then dehydrated by immersion in 70% ethanol for seven
days and embedded in paraffin. 5um sections were cut from embedded brain tissue and
mounted on glass slides then baked for 4 hours at 56 °C. Tissues on slides were washed four
changes of xylene to remove paraffin. Next, slides were washed in two changes of 100%
ethanol which was removed by heating to 50 °C on a heat block. The slides were then treated
with 1x DAKO antigen retrieval solution (Agilent, Santa Clara, CA, USA) at 95 °C for one hourin a

water bath. Slides were washed five times in 1x PBS with agitation. To reduce endogenous
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autofluorescence slides were immersed in 1x PBS and exposed to LED light for 24 hours. Slides
were next incubated with 1x PBS/0.5% Tween 20/3% BSA 1 hour at 37°C to block background
signals then washed three times in 1x PBS/0.5% Tween 20. Anti-NHIP peptide and control pre-
immune antibodies were diluted 1/200 in 1x PBS/0.5% Tween 20/3% BSA and incubated on
slides at 37°C overnight in a humid chamber before three washes in 1x PBS/ 0.5% Tween. Goat
anti-Rabbit Alexa 594 (Thermo Fisher Scientific, Waltham, MA, USA, Catalog #A32740) was
diluted in 1x PBS/ 0.5% Tween20/ 3% BSA with 5 pug/ml DAPI and added to slides for two hours
at 37°Cin a humid chamber. Slides were washed five times in 1x PBS/ 0.5% Tween 20 with

shaking before mounting in 5 ug/ml DAPI in 50% glycerol and application of glass coverslips.

RNA Extraction, cDNA Synthesis and RT-PCR

Total RNA was isolated from HEK293T cells transiently or stably transfected with pb-NHIP-eGFP
or negative control pb-NEG-eGFP using AllPrep DNA/RNA/Protein mini kit (Qiagen, Hilden,
Germany). Human tissue total RNA samples were obtained commercially, including placenta
(Life Technology, Carlsbad, CA, USA), testes (TaKaRa Bio, Kusatsu, Shiga, Japan), and fetal brain
(Cell Applications, San Diego, CA, USA). RNA was extracted from frozen placenta samples in the
Discovery group samples using TRIzol Reagent (Invitrogen, Carlsbad, CA, USA). cDNA was
synthesized using the High-Capacity cDNA Reverse Transcription Kit (Thermo Fisher Scientific,
Waltham, MA, USA) based on the manufacturer’s protocol. TagMan Gene Expression Assays for
LOC105373085 (renamed as NHIP) (assay ID: Hs01034248_s1), BRD1 (Hs00205849_m1),
FAM19A5 (Hs00395354 _m1) and GAPDH (assay ID: Hs02786624 g1) were used (Thermo Fisher

Scientific, Waltham, MA, USA). The expression of 3 genes of interest and 1 reference genes
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were examined by real-time TagMan PCR assay (Thermo Fisher Scientific, Waltham, MA, USA).
Expression levels were determined by the probes with optimized primer and probe
concentrations. Quantification was accomplished with RT-PCR machine using TagMan Fast
Advanced Master Mix with the default parameters by the manufacturer (Thermo Fisher
Scientific, Waltham, MA, USA). Reactions were performed with three biological replicates. Fold
changes of transcript levels were measured using the Fluidigm Real-Time PCR Analysis software
calculated fold change of gene expression as the delta delta CT normalized to GAPDH (Fluidigm,

San Fracisco, CA, USA).

Brain Sample Acquisition

Human brain samples were obtained from the NICHD Brain and Tissue Bank for Developmental
Disorders at the University of Maryland (Baltimore, MD, USA) (Supplementary Table 4.13). RNA
from the frozen human brain was purified using AllPrep DNA/RNA/Protein mini kit (Qiagen,

Hilden, Germany).

RNA-seq Library Preparation and Sequencing

RNA from cells and brain was prepared for RNA-seq library using Kapa RNA HyperPrep kits
(Roche, Basel, Switzerland) together with the QlAseq FastSelect Human ribodepletion kit
(Qiagen, Hilden, Germany). Libraries were assessed for quality and quantify on Agilent
Bioanalyzer 2100 and pooled for multiplex sequencing with at least 25 million reads with 150
bp paired-end on Illlumina NovaSeq 6000 S4 (San Diego, CA, USA) by DNA Tech Core at

University of California, Davis (Davis, CA, USA).
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RNA-seq Data Processing and Differential Gene Expression (DGE)

Raw fastq files were processed and aligned using STAR (412). After quality control steps by
FASTQC, the count matrixes were generated by featureCounts (413,414). Count matrixes were
filtered for at least one count in any sample. Size factors estimation and normalization were
performed by DESeq2 (415). DGE for transient cell was generated compared between
overexpressed NHIP and negative control cells using DESeq2 (FDR corrected p-value < 0.05)
(415). DGE for stable cell compared overexpressed NHIP and negative control cells using
DESeq2 (raw p-value < 0.05) (415). DGE for brain was analyzed by using normalized read count
for NHIP levels as continuous trait using DESeq2 (FDR corrected p-value < 0.05) (415). Gene
overlaps between different experiments were tested for significance using Fisher’s exact test in

the GeneOverlap R package (347).

Gene Ontology terms for DGE were identified using clusterProfiler on Gene Set Enrichment
Analysis using gseGO function with 1,000 permutation tests (416). Normalized enrichment
scores (NES) were calculated for enrichment after correcting for FDR multiple testing. The
dotplots illustrate significant GO terms based on GeneRatio, calculated from the number of
overlapped genes divided by the total number of genes in the gene set (416). GO terms to be
included in the plots were selected based of GeneRatio ranking. The enrichment map was
plotted using emapplot function on clustering mutually overlapping gene sets to form

functional modules (416). The ridgeplot was plotted using ridgeplot R function to visualize
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expression distributions of core enriched genes (416). The cnetplot depicted the linkages of

genes and biological concepts as networks (416).

Data and Code Availability

Datasets supporting the conclusions are available in the Gene Expression Omnibus repository

(GEOQ). Code and scripts for this study are available on GitHub (417).
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Chapter 5 — Discussion
Together, the research in this dissertation integrates genome-wide sequencing with targeted
molecular approaches, resulting in multiple novel insights into the relationship among maternal
and fetal epigenetics, genetics, and environment during pregnancies at high risk for the
development of ASD (Fig. 5). First, we demonstrated the utility of WGBS approaches for
identifying ASD associated DMRs in human placenta that reflect the developing brain and
interactions with prenatal vitamin use (Chapter 2). Next, we demonstrated transcriptomic
patterns associated with maternal one carbon nutrients (Chapter 3). Lastly, we performed a
large, multi-cohort and multi-tiered analysis of placenta and brain to further understand
genetic and environmental risk for ASD (Chapter 4). This multi-omics analysis utilized the
largest WGBS data set in ASD with a unique sample type, placenta, in two prospective
longitudinal studies. These studies have led to the discovery of a novel ASD risk regulatory gene
locus at 22g13.33 with methylation level affected by both genetics and environment. We have
also discovered a novel transcript at 22g13.33 and further characterized its functional relevance

using transcriptome analysis in both human brain and in vitro cell models.

A particularly novel aspect of our findings was that placenta ASD DMRs were enriched for fetal
brain enhancers and genes with neuronal functions. Previous studies had shown that placenta
and brain shared similar Wnt and cadherin signaling pathways (136,210). Prior work from our
laboratory identified a putative fetal brain enhancer near DLL1 (171). DLL1 encodes a ligand of
Notch activated by Wnt signaling, and was replicated in our list of genes from the SFARI Gene

list and also changed with NHIP overexpression in cell culture (171,191,216). Genes identified in
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SFARI ASD database were also overrepresented among placenta ASD DMR genes,
demonstrating an overlap between genetic and epigenetic risk for ASD. Of these, PRKCA is
particularly interesting as it has also been identified as differentially expressed in both brain
and NHIP overexpressing cells. PRKCA has been previously associated with ASD in post-mortem
brain and umbilical cord blood by studies of DNA methylation (140,375,418), in brain a as
differentially expressed gene (419), in large GWAS studies as a high risk ASD gene with missense
or synonymous mutations (65,176), as well as in prefrontal neuron with differential H3K4me3
peaks for ASD (420). PRKCA encodes protein kinase C alpha, part of the MAP kinase signaling
that regulates cell proliferation previously implicated in ASD (421). Furthermore, placental ASD
DMRs were enriched for bivalent enhancer and repressed polycomb regions, which are known
regions of hypomethylation in all tissues, but with relatively higher methylation in placenta
(161). Together, these results suggest that the ASD associated differential methylation
identified in placenta is more likely to be a remaining signal of past dysregulation in early
neuronal development rather than gene expression differences at birth. In further support of
this, genes vital for early prenatal development were identified as regulatory domains in

placenta ASD DMRs.

Placenta ASD DMR associated genes were enriched for functions in a distinct but related
epigenetic mark of histone acetylation. Histone acetylation dysregulation is implicated in a
variety of neurodegenerative diseases, including Alzheimer’s disease, ASD, Huntington’s
disease, and amyotrophic lateral sclerosis from studies of cultured neural progenitors and in

vivo models (422—-424). A histone acetylome-wide association study discovered thousands of
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differentially acetylated genes with functions in synaptic transmission, DNA replication, and
histone deacetylase activity in ASD cortex (141). Histone deacetylase (HDAC) inhibition can
rescue SHANK3 deficient mouse models (425). The closest annotated protein coding gene to
the 22913.33 comethylated block is BRD1, which was also regulated by the novel transcript in
the overexpressed cell model. BRD1 encodes a bromodomain protein that can stimulate
acetylation of histones H3and H4 as an epigenetic reader (426,427). BRD1 is predicted to have
functions in transcriptional regulation and brain development, and genetic susceptibility to
schizophrenia from multiple human GWA studies with high replicability (355,428-430). HDAC4,
histone deacetylase 4, identified as differentially expressed with NHIP overexpression is also an
ASD risk gene in the SFARI dataset. HDAC4 is known to regulate the transcription of synaptic
genes, and rare genetic aberrations in HDAC4 may cause epigenetic dysregulation in autistic

brain (431-433).

The 22g13.33 comethylated block identified as hypomethylated in ASD with genome-wide
significance in our study was replicated across studies and different sequencing platforms. In
contrast, due to lack of annotated protein coding gene in this 118 kb block, very few probes
were designed at this region in Infinium methylation EPIC array (434). This comethylated block
was also identified as CoRSIV with interindividual epigenetic variation modulates risk of disease
(357). Although this 22q13.33 region has not been previously associated with ASD risk, the
neighboring distal long arm of 22g13.3 harbors multiple genes implicated in neuropsychiatric
disorders, including ASD, intellectual disability, schizophrenia, and bipolar disease (92,372,373) .

SHANKS3, a leading ASD candidate gene with 1-2% of ASD individuals reported to have SHANK3
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mutations and encoding a protein essential for postsynaptic function in glutamate signaling
(92), is 1.5 Mb downstream from our novel 22q13.33 hypomethylated block. In addition to rare
SHANK3 mutations in ASD, large structural variations over this locus are observed in ASD.
SHANK3 encodes a postsynaptic protein required for maturation of glutamatergic synapses
(107). In addition to 22gq13.33, 22q13.31 and 22q13.32 are both identified as disease-associated

hotspot regions in ASD (117).

The NHIP histone H3K4me3 peaks in ovary, placenta, and brain appeared to be polymorphic,
suggesting variation in expression that was consistent with RNA-seq data from brain (359).
LOC105373085 (renamed as NHIP) was originally described by Ota et al. analysis of 21,243 full-
length human cDNA sequences as noncoding, due the bioinformatic evidence of splicing but no
coding exons predicted (360). Therefore, ours is the first study to functionally characterize this
novel transcript. Studies on noncoding RNAs differentially expressed in ASD suggest functions in
cell migration, and neuronal connectivity in brain and peripheral blood (435,436). Based on
query location in GTEx (361), NHIP was dynamically expressed in various brain regions. This
novel transcript was specifically conserved in primates but not other mammals, including
mouse. Previous studies on noncoding RNAs have shown they lack of primary sequence
conservation, showing less conservation than protein coding genes, with a subset of them
exhibiting tissue-specific and stress-responsive expression patterns (437,438). The majority of
mouse noncoding RNAs are expressed in neuronal tissue and distinct cortical regions with
epigenetic regulatory functions that can direct chromatin states, thereby impacting gene

expression (438—-440). NHIP had higher expression in brain compared with placenta, consistent
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with our hypothesis that DMRs in placenta reflect remnants of past dysregulation related to
neuronal development, a finding also seen previously in the analysis of DNA methylation
differences in ASD umbilical cord blood (375). Hypomethylated gene body methylation in
placenta predicts reduced gene expression (187) which suggests that reduced NHIP levels in
ASD pregnancies are insufficient to protect against ASD in utero. Recently, an increasing
number of experiments have indicated that noncoding genes can be translated into peptides
(441-443). Peptides derived from noncoding genes facilitate embryonic development, response
to stress, and modulate tumor development (444-446). Future experiments are being designed

to test the hypothesis that part of the function of NHIP may be related to a peptide.

In the analysis of potential genetic effects on differential methylation and expression at the
NHIP gene locus, a novel 1.7 kb insertion not present in the reference genome was significantly
associated with 22g13.33 methylation levels in placenta and NHIP expression levels in brain.
While some SNPs near NHIP were also associated with 22g13.33 methylation, this region was
poorly covered with probes on the Infinium Multi-Ethnic Genotyping Array (447). The 22g13.33
insertion location was previously annotated as a SV hotspot and INS_22_115103 in gnomAD,
with an allele frequency of 0.7, despite being absent from the reference genome (114,365,366).
We also determined that CoRSIV regions of high polymorphic DNA methylation significantly
overlapped with hotspots of polymorphic structural variants (114,357). Genome-wide
assessments of ASD have mapped the relevance to the larger 22q13 region, particularly at the
SHANK3 gene encoding a postsynaptic density protein (107). Other studies have shown

associations with common SVs and ASD risk located in putative noncoding regulatory regions
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(118). Our study demonstrating the discovery of a novel common genetic locus for ASD
associated with expression of a novel gene as well as DNA methylation reveals the importance
of performing alternative approaches to understanding common genetics of ASD beyond

GWAS.

Previous studies have shown common genetic variants, each having small effects, dominate
most ASD risk compared with rare gene variants (267). Researchers have shown that ASD is a
multi-dimensional disorder with both genetic and environmental risk and protective factors
(71). In our study, prenatal vitamin use during the first month pregnancy showed significant
protective effects in individuals with the genetic risk factor of homozygosity for the 22q13.33
insertion. This finding supports our hypothesis that DNA methylation in placenta is an
intermediate interface between both an inherited structural variant and an environmental
protective factor. Maternal prenatal vitamins, containing high concentrations of folate and
other additional B-vitamins important in one-carbon metabolism and methylation pathways,
have been shown to protect offspring by up to 70% from neural tube defects (181,182,184).
Periconceptionally, prenatal vitamin intake has been associated with a 40% reduction in ASD
risk in multiple studies, including the MARBLES high risk cohort (119,120,122,448). A study on
schizophrenia risk demonstrated significant interactions between genetic risk using polygenic
risk score and maternal perinatal environmental factors reflecting changes on placental gene
expression (169). Previous analyses of DNA methylation patterns in MARBLES identified
associations between self-reported use of lawn and garden pesticides and large-scale changes

in DNA methylation patterns (133). In addition, genes differentially methylated with prenatal
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vitamin use also significantly overlapped with those differentially methylated in ASD placenta in
MARBLES, with enrichment for functions in neuron fate commitment and central nervous
system development, especially demonstrated at /RS2 (136). IRS2, a gene that encodes for
insulin receptor substrate 2 that mediates the effects of insulin and insulin-like growth factor 1
(/IGF1), has also been discovered as gene associated with NHIP expression in both brain and an
overexpression cell line model together with other studies relating its functions with ASD

(136,234,236,241).

Overall, the genes associated with differential expression of NHIP in postmortem brain were
enriched for synaptic functions, nervous system, and response to oxidative stress, and
significantly overlapping with ASD risk genes in the SFARI database. There is a deep literature
examining neuronal dendritic spines, synapses and their correlation with mTOR pathways in
ASD (449,450). SHANK3 mutations in 22g13 have also been shown to lead to dendritic spine
morphology changes (451). Environmental and genetic factors increase vulnerability to
oxidative stress together with the interconnected transmethylation cycle and transsulfuration
pathway in ASD that may contribute to the development of the disease (452—-454). Oxidative
stress can lead to impaired methylation, which can inhibit the folate and vitamin B12 -
dependent methionine synthase in one-carbon metabolism pathway, which is consistent with
DNA hypomethylation in peripheral blood in ASD (453,455,456). Neuronal responses of
apoptosis and regeneration lead to accumulated oxidative insult and attempts at cell cycle re-

entry and could be protected by nutrients such as vitamin D and folate in Alzheimer and
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Parkinson disease (457). Studies have also shown that increased vulnerability to oxidative stress

and decreased capacity for DNA methylation contributes to ASD risk (180,458).

Interestingly, genes differentially expressed in response to NHIP overexpression in HEK293T
cells were enriched for functions in histone modification, developmental gene regulation, and
cell cycle. The link back to epigenetic pathways was encouraging, as many ASD-risk genes are
involved in chromatin remodeling and synaptic plasticity (60). Histone methylation as an
epigenetic mark is also at the interface of genetic and environmental factors, including folate,
the major dietary methyl donor for DNA and histone methylation reactions (120,459). During
the methionine cycle, methionine converts to SAM which serves as the universal methyl donor
for downstream methylation processes by DNMT (49). In our genome-wide transcriptome
analysis on maternal peripheral blood, betaine and DMG concentrations in maternal plasma
were associated with genes in histone modification, adaptive immune, and RNA processing
functions. These results support that pregnancy is a sensitive time when nutrients play a vital
role on genetics and epigenetics changes for ASD which reflect the immune system and gene

regulation changes.

Previous studies have shown altered proliferation in neural cells derived from idiopathic
individuals with autism (460). Cell cycle networks have shown links with gene expression
dysregulation, mutation, and abnormal brain development in ASD (419). Cell cycle gene
networks detected in peripheral blood were highly preserved in brain during prenatal stages of

development with the ASD risk gene CHDS8 as central regulator of downstream genes with
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functions in neurogenesis and cell adhesion processes (419). p53 binding was also identified as
a NHIP regulated gene ontology function. p53 is one of the most important links between
proliferation and cell death, by inhibiting cell cycle and inducing apoptosis in response to
environmental signals (461). Interestingly, DNA hypomethylation, such as that observed in the
22013.33 comethylated block in placenta has long been implicated in the genome instability
observed in tumors (12). Furthermore, ASD and cancer share similar dysregulated pathways
including mTOR, chromatin remodeling, histone modification, cell cycle, and synaptic pathways

(67).

CHDS8, another high-confidence ASD risk gene we identified as responsive to NHIP
overexpression, functions as chromodomain helicase DNA-binding protein 8. CHD8 is one of the
major risk genes for ASD and is identified in 0.2% patients. CHD8 contributes to early brain
development by acting as a negative regulator of the WNT signaling pathway (370). Studies
have shown that CHD8 can regulate cell cycle of neuronal progenitors in ASD brain (419,462).
RNA-mediated knockdown of CHD8 in human neural progenitor cells showed that CHD8
regulates noncoding RNAs that function as central hub regulators of neuronal development and

ASD risk (463).

The lysine methyltransferases KMT2E is also one of the 5 ASD GWAS hits, and mutated in rare
ASD cases (64). In our study, KMT2E was identified as one of the 45 genes common to NHIP
associated expression in brain and the experimental model as well as ASD genetic risk. KMT2E

encodes a chromatin regulator that is recruited to methylated histone at promoters of actively
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expressed genes, specifically H3K4me3. It was also identified as a tumor-suppressor gene,
highly pleiotropic, with roles in response to DNA damage (464). KMT2E has been identified a
key risk factor for ASD in chromatin regulation at fetal development with high expression in
brain especially during fetal development (465-467). KMT2E tightly regulates cell cycle
progression and reportedly if overexpressed in HEK293T cells, KMT2E arrests cell proliferation,
which replicated in both tumor and normal diploid cells (468,469). KMT2E is predicted to play a
role in H3K4me3 peak alterations affecting neuronal chromatin of some individuals with autism

(470,471).

In a complementary approach, the 45 genes in common among ASD risk and associated with
NHIP levels in brain and the experimental cell model were enriched for histone modification,
neuronal function, cell cycle, and oxygen regulation functions. Specifically, CREBBP, EP300,
BRD4, SMAD4, and RORA existence in multiple pathways and negatively are associated with the
novel transcript in both brain and the cell line model, suggesting they may be involved in
multiple pathways dysregulated in ASD. CREBBP and EP300 are HATs that share conserved HAT
domain and bromodomain, play critical roles in embryonic development, growth control, and
chromatin remodeling with histone acetyltransferase activity involved in maintenance of super-
enhancers and BRD4 recruitment (36,472) and both identified as high confidence ASD risk
genes in SFARI dataset (191). Aberrant histone acetylation such as CBP and EP300 histone
acetyltransferase can lead to Rubinstein-Taybi syndrome (473). BRD4, bromodomain-containing
protein recruit acetylated sites of the genome and mediate transcriptional initiation and

elongation (474). Together, CREBBP, EP300, BRD4 have functions in histone acetylation and
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interfere with oncogene-driven transcriptional programs in cancer and also regulate neuronal
differentiation in neurodegenerative disorders (36,475-477). SMAD4 acts as a tumor
suppressor and inhibits cell proliferation in response to growth factors (478) and has been a
missense mutation hotspot for autism (65). RORA, regulated gene in circadian rhythm in brain
development and hormones, is identified as a ASD candidate gene through global methylation
profile in idiopathic autism (479-481) . Previous studies have also shown that circadian clock is
dysregulated in neurodevelopment disorders (251,482). Together, these results demonstrate
that multiple genes and terms related with the novel transcript in brain and HEK293T cell are
related to histone modification and cell cycle in neurodevelopment and cancer, suggesting the
novel transcript identified by 22g13.33 block methylation changes in ASD can have wide-spread

genomic effects on histone modifications.

One potential explanation for polymorphic 22q13.33 hypomethylated patterns in human
placenta may be related to the “multiple hit” hypothesized etiology of most ASD cases. The very
high allele frequency of the 22q13.33 insertion suggests that more than just homozygosity for
this locus is required for the etiology of ASD. Our finding that the novel NHIP gene is responsive
to oxidative stress and hypoxia suggests that the second hit could be one or more prenatal
insults that result in oxidative stress. Prenatal vitamins that function as a protective factor
during preimplantation embryos may therefore protect individuals with genetic risk and
exposure to excessive oxidative stress. The novel transcript, NHIP, regulates genes involved in

oxygen transfer, histone modification, and cell cycle pathways that protect brain and placenta
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from gene pathway dysregulated leading to ASD. The higher expression of NHIP in TD compared

to ASD brain and placenta samples also suggests the protective nature of this novel gene locus.

In summary, this dissertation focused on perinatal epigenetic signatures of ASD using multi-
omics genome-wide approach on epigenetics, genetics, and environment. In Chapter 2, we
identified two genes differential methylated in ASD in placenta and studied the genetic and
environmental modifiers of genotype and prenatal vitamin use. These studies led to the
conclusion that placenta reflects the developing brain in its DNA methylation signatures,
mediating the impacts of maternal environment on fetal development. In Chapter 3 we
investigated maternal peripheral blood transcriptome profile with maternal one-carbon
metabolites and discovered that maternal immune, apoptotic, and epigenetic mechanisms are
important for children’s neurodevelopmental outcomes. These results provided new insights on
maternal gene pathways associated with child neurodevelopment and suggested protective
association with one carbon metabolites in ASD. In Chapter 4, we developed the largest
placenta methylome in two prospective cohorts in ASD, identified 22913.33 hypomethylated
brain regulatory locus, and described initial functions of a previously uncharacterized transcript
NHIP using genome-wide multiple-omics studies. NHIP increased expression after neuronal
differentiation, but decreased expression in ASD placenta and brain. Overexpressed NHIP
increased cell proliferation in HEK293T cells and regulated genes with functions in histone
modification, synapses, and oxidative stress, pathways also identified in ASD postmortem
human brain. Both genetic factors and prenatal vitamin intake were associated with 22q13.33

methylation. Our findings underscore the potential utility of placenta DNA methylation profiles
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on 22913.33 block as basis for epigenetic dysregulation in non-invasive, sensitive and accurate
early ASD detection. In addition, further characterization of the novel transcript and peptide

could lead to a molecular therapeutic protective for ASD in high risk pregnancies.
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Figure 5. Genetics and perinatal environment interact on epigenetic signatures of ASD.
Environment factors and their effects on neurodevelopment through maternal to fetal
interaction by placenta-brain axis. Polymorphic genomic backgrounds determine environmental
dynamic responses, leaving distinct epigenomic signatures. Integration of multi-disciplinary

fields of genetics, environment, and epigenetics are vital to solve the complex etiologies of ASD.
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Supplementary Figures

Chapter 2: Supplementary Figures
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Supplementary Figure 2.1

The distribution of gene length for ASD DMR genes was similar to all genes in the human

genome.

The density plot showed the distribution of gene length of ASD DMR identified genes (left) and
all genes (right). The x-axis illustrated the gene length in base pairs. The y-axis was the density

for gene length. Person’s chi-squared test showed no significant difference between two

distributions (p-value = 0.9994).
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Supplementary Figure 2.2

ASD DMRs heatmap by child outcome continuous measurements of cognition and autism
severity versus potential cofounding variables.

The plot shows a heatmap of ASD DMRs (y-axis) and the association of % methylation at each
DMR with other measured variables. Each row in the heatmap represents one DMR and each
column showed one measured variable. The first 5 child outcome variables on the x-axis
includes 4 sub-categories of Mullen scores as well as composite score and autism severity score
from the ADOS. Significant associations are red (p < 0.05). While ASD DMRs were highly
associated with autism severity and to a lesser degree with early learning Mullen’s scores, other
potential confounding variables from MARBLES exhibited only rare associations with individual

ASD DMRs.
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Placental ASD DMRs genes did not significantly overlap with cell type specific genes in placenta.

A. Venn diagram shows a non-significant overlap of 13 genes associated with placenta ASD

DMRs and placental cell type specific genes by two-tailed Fisher’s exact test (p-value = 0.84).

B. Table of those 13 placental ASD DMR genes that were placental cell type markers.

C. Placenta ASD DMR associated genes were compared for overlap by two-tailed Fisher’s exact

test with each of 38 different identified placental cell types. None of cell type specific genes

were significant using two-tailed Fisher’s exact test.
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Supplementary Figure 2.4
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Hypomethylation placenta ASD DMRs
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Enrichment test on hyper- versus hypomethylated placenta ASD DMR genes for overlap with

ASD risk genes and other databases.

Hypermethylated (left) and Hypomethylated (right) placenta ASD DMRs associated genes

overlapped with ASD genetics risk database, other intellectual disability and a random gene list

ranked by odds ratio. *p < 0.05, **p < 0.01, ***p < 0.001 by two tailed Fisher’s exact test after

the FDR correction. SFARI: Simons Foundation Autism Research Initiative, LGD: likely gene

disrupting mutation, ASD: autism spectrum disorder, Alzheimer: Alzheimer’s Disease, ID:

intellectual disability.
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Supplementary Figure 2.5

Enrichment test on placenta ASD DMR genes and differential expressed genes in ASD
postmortem brain.

Placenta ASD DMRs associated genes overlapped with four ASD brain differential expressed
genes databases ranked by odds ratio. *p < 0.05 by two tailed Fisher’s exact test after the FDR

correction.
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Supplementary Figure 2.6

Placental ASD DMR genes significantly overlapped with genes associated woth H3K4me3
changes in ASD brain study.

Venn diagram shows the significant overlap between placenta ASD DMRs genes and genes
associated with H3K4me3 changes in brain (Shulha et al, 2012) by Fisher’s exact test (p-value <

0.05).
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Supplementary Figure 2.7

Placenta ASD hyper- and hypomethylated DMRs were both enriched at H3K4me3 regions,
active promoters and their flanking regions.

A. Hyper- and hypomethylated placenta ASD DMRs were overlapped with histone modification
human placenta ChlP-seq peaks from the Epigenome Roadmap with odds ratio plotted.

B. Hypermethylated placenta ASD DMRs were tested on chromatin states from the Epigenome
Roadmap. The x-axis was different tissue type, the y-axis was represented chromatin states.

C. Hypomethylated placenta ASD DMRs were tested on chromatin states from the Epigenome

Roadmap.
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Supplementary Figure 2.8

Pyrosequencing results from CYP2E1 and /RS2 DMRs for each CpG site.

The x-axis represents each CpG sites included in pyrosequencing DMR regions. The y-axis plots
the percent methylation at each CpG site. The red line showed the average methylation of ASD
samples and the blue line represented the average methylations of TD samples and error bars
represent the standard error of the mean. Each CpG site was tested on the significance level
with FDR corrected for the numbers of CpGs. *p < 0.05, **p < 0.01. A. 13 CpG sites tested at the
CYP2E1 DMRs with 10 of them showed significant association with diagnosis after FDR
correction. B. All 11 CpG sites at the /RS2 DMRs showed significant association with diagnosis

after FDR correction.

-150-



704

50+ *p=0.036 *
I 1
c p = 0.0289
= § 997
3 £
()
4%. ~§_. 50
C
$ 30- g
o )
- o 404
> X
O 201
30+
ASD ™D ASD ™D
Diagnosis Diagnosis

Supplementary Figure 2.9

Pyrosequencing results from female ASD versus TD placental samples at CYP2E1 and IRS2
DMRs.

Five ASD female placental samples and five TD female placental samples were used in the
analysis. The left panel shows CYP2E1 DMR percent methylation was significantly lower in ASD
compared with TD (two-tailed t-test, p-value = 0.036) in the same direction as that observed in
ASD males (Fig. 2.4C). The right panel shows /RS2 DMR percent methylation is significantly

higher in ASD (two-tailed t-test, p-value = 0.029), in the same direction as ASD males (Fig. 2.4D).
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Supplementary Figure 2.10

For both placental ASD DMRs at CYP2E1 and /RS2, expression trended towards positive
correlation with methylation.

A. 30 ASD and 40 TD umbilical cord blood sample in MARBLES were included in this analysis.
Affymetric array matrix data on the probe 16711001 was used to represent the expression of
CYP2E1 on the y-axis. Each dot was used to represent one individual (two-tailed t-test, p-value =
0.125). B. The same umbilical cord blood samples were used for measuring /RS2 expression at
the probe 16780917 (two-tailed t-test, p-value = 0.144). C. Representative Westerns blots are
shown for the ratio of IRS2 to GAPDH (normalization control) in all 41 placenta samples of ASD
and TD comparison with each dot representing one sample (two-tailed t-test, p-value = 0.08). A
Western blot with 6 samples in ASD and 7 samples TD were showed at the left panel. IRS2

protein was labeled with green fluorescence at 185 kDa and GAPDH was marked with red

fluorescence at 37 kDa.
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Supplementary Figure 2.11

Representative IRS2 Western blot image.

A representative Western blot image of placental protein extracts detected by anti-IRS2 (green)

or anti-GAPDH (red) antibodies. The left column is the protein size ladder.
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Supplementary Figure 2.12

CYP2E1 genotype (rs1536828) was significantly associated with CYP2E1 DMR methylation
levels.

CYP2E1 genotype at rs1536828 combining the minor homozygous genotype (GG) and
heterozygous genotype together (CG) together within the ASD DMR was significantly associated

with CYP2E1 DMR average percent methylation tested by two-tailed t-test (p-value = 0.04).
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Supplementary Figure 2.13

CYP2E1 genotype (rs1536828) was significantly associated with CYP2E1 DMR methylation levels
on an additional 15 MARBLES placental samples.

Sanger sequencing and pyrosequencing were performed on an additional 15 MARBLES
placental samples, with 5 samples in each genotype groups (CC, CG, and GG). CYP2E1 genotype
at rs1536828 was significantly associated with CYP2E1 DMR percent methylation using AVOVA

(p-value = 0.008).
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Supplementary Figure 2.14

CYP2E1 genotype (rs1536828) and /RS2 genotype (rs9301411) do not change transcription

factor motifs.

Motif structure identified by MEME at CYP2E1 DMR (A) and /RS2 (B) DMR. Horizontal line
represents the DMR DNA sequence. Each block shows the location of a transcription factor
motif. Arrows point to the SNP location on the sequence. Numbers within grey boxes represent

the relative SNP location to the DMR DNA sequence.
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Chapter 3: Supplementary Figures
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Supplementary Figure 3.1

The number of samples assayed for metabolites and transcriptome for each gestational age of
maternal blood draw in this study. Since not all metabolites were able to be measured in each

sample, the metabolites curve represents the number of samples with >30% of metabolite

measurements detectable.
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Supplementary Figure 3.2

Surrogate variable analysis in MARBLES subjects.
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Supplementary Figure 3.3

Differential expressed transcripts on using known confounders compared to SVA adjustments.
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Supplementary Figure 3.4

Gene ontology and pathway analysis using directed acyclic graph (DAG) on the 218 transcripts

common to ASD vs. TD and Non-TD vs. TD differentially expressed gene lists.
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Supplementary Figure 3.5

Probe intensity density plot based all 300 maternal blood Affymetrix data.
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Supplementary Figure 3.6

Co-expression network modules with diagnosis, demographic factors, and maternal blood
nutrient concentrations. The values in the cells represents Pearson r (adjusted p-value). p-value

were adjusted for all comparisons.
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Supplementary Figure 3.7

Co-expression network modules with diagnosis, demographic factors, and maternal blood
nutrient concentrations. The values in the cells represents Pearson r (p-value). p-value shown

here were raw p-value without adjustment.
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Supplementary Figure 3.8

Unsupervised hierarchical clustering adjacency heatmap correlation and p-value.
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Supplementary Figure 3.9

Gene ontology and pathway analysis for the block of eight weighted gene co-expression

modules associated with betaine and DMG.
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Association network on hub genes from the block of eight weighted gene co-expression

modules associated with betaine and DMG.
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Supplementary Figure 3.11

—0.5

Heatmap of correlation between module eigengenes and cell type proportions with FDR

adjusted p-value.
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Supplementary Figure 3.12

Heatmap of correlation between sample demographic factors and nutrients and cell type

proportions with FDR adjusted p-value.
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Chapter 4: Supplementary Figures

20 Kb CpG Windows with CpG Islands
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Supplementary Figure 4.1

Sequencing platform has a larger effect on 20 kb window methylation than ASD diagnosis, sex,

or study.

PCA plots using percent methylation at 20 kb windows across the genome for each sample.

Points were colored by group, sex, diagnosis, or study. Ellipses indicate 95% confidence limits.
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No global methylation difference was observed between ASD and TD using 20 kb window

methylation.

Density plot of average percent smoothed methylation for CpGs covered in the discovery

group.
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Supplementary Figure 4.3

Methylation level at DMRs is specifically associated with behavioral outcome.

Smooth methylation at DMRs was compared with demographic and technical variables.

Significant test was performed using linear regression.
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Supplementary Figure 4.4

<-500 —500 to —50-50 to -5
Distance to Transcription Start Site (TSS)

DMRs were enriched at 5 kb and 5 — 50 kb downstream off TSS compared to the background

regions.

Locations relative to genes for hypermethylated (red) and hypomethylated (blue) DMRs
compared to background regions (grey). Distributions of locations relative to transcription start
sites (TSS). The ratio was plotted based on the number of genes at each binned location divided

by the total number of genes. Significant levels were calculated using Fisher’s exact test. (* p-

5100 0to5

value < 0.05, ** p-value < 0.01, *** p-value < 0.001).
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Supplementary Figure 4.5

ASD DMRs were enriched at CpG islands and CpG shores.
ASD DMRs (categorized as all, hypermethylated or hypomethylated in ASD) were tested for

enrichment based on CpG island location.
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Supplementary Figure 4.6

DMRs associated gene has significantly overlapped with SFARI ASD genes (Fisher’s exact test, p-

value < 0.01).
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Supplementary Figure 4.7

ASD DMRs were enriched for histone acetyltransferase and chromatin modification.
Bar graph represented the significant results from GREAT gene ontology and pathway
enrichment analysis of ASD DMRs associated gene with background regions using Fisher’s exact

test (FDR adjusted p-value).
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Supplementary Figure 4.8

Significant hypomethylated on comethylated 22q13.33 block.
The lines represent individual smoothed methylation level estimated for ASD (red) or TD (blue).

The dots represent the methylation level estimated of individual CpG.
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Supplementary Figure 4.9

H3K4me3 peaks were observed at 22g13.33 comethylated block.

Histone post-translational modifications (PTMs) markers for ovary and placenta were extracted
from ENCODE data (359,483) at the 22g13.33 comethylated block region to UCSC genome
browser. Black box illustrated the H3K4me3 peak observed on CpG island at the TSS site of

NHIP.
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Supplementary Figure 4.10

The H3K4me3 peak at the TSS of NHIP shown polymorphic among individuals in ovary, placenta,

and brain.

H3K4me3 peaks from multiple individuals on ovary, placenta, and brain were extracted from

ENCODE data (359,483) at the 22q13.33 comethylated block regions to UCSC genome browser.

There was a variability on the existence of the H3K4me3 peak among individuals.
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Supplementary Figure 4.11

NHIP was variable among brain regions.
NHIP location was queried regarding of various brain region using the Genotype-Tissue
Expression (GTEx) database (357,361). Various brain regions shown polymorphic expression

level on NHIP with high expression in cortex and low expression in cerebellum.
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Species Query start
Human (Homo sapiens)

Gorilla (Gorilla gorilla gorilla)

Bonobo (Pan paniscus)

Chimpanzee (Pan troglodytes)

Orangutan (Pongo abelii)

Gibbon (Nomascus leucogenys)

Crab-eating macaque (Macaca fascicularis)
Gelada (Theropithecus gelada)

Olive baboon (Papio anubis)

Pig-tailed macaque (Macaca nemestrina)
Macaque (Macaca mulatta)

Drill (Mandrillus leucophaeus)

Black snub-nosed monkey (Rhinopithecus bieti)
Angola colobus (Colobus angolensis palliatus)
Sooty mangabey (Cercocebus atys)

Golden snub-nosed monkey (Rhinopithecus roxellana)
Vervet-AGM (Chlorocebus sabaeus)

Ugandan red Colobus (Piliocolobus tephrosceles)
Ma's night monkey (Aotus nancymaae)

Bolivian squirrel monkey (Saimiri boliviensis boliviensis)
Capuchin (Cebus capucinus imitator)

Marmoset (Callithrix jacchus)

Tarsier (Carlito syrichta)

American bison (Bison bison bison)

Greater bamboo lemur (Prolemur simus)
American black bear (Ursus americanus)

Polar bear (Ursus maritimus)

Alpaca (Vicugna pacos)

Panda (Ailuropoda melanoleuca)

Agassiz's desert tortoise (Gopherus agassizii)
Coquerel's sifaka (Propithecus coquereli)

Cat (Felis catus)

Donkey (Equus asinus asinus)

Horse (Equus caballus)

Common canary (Serinus canaria)

Goat (Capra hircus)

Rat (Rattus norvegicus)

Supplementary Figure 4.12

Query end

N

26
26
46
46
46
46
40
40
46
40
40

980
977

3697

46
980

1832

7250

7237

1894

1894

7252

1894

7250

7247

7252

1862

1862

7251

1906

1899

8609
8609
8609
8609
8609
8609
8609
8609
8609
8609
8077
8077
7499
8601
8609
8609
8609
8609
7176
7499
7176
1808
6760
7508
7476
2072
2072
7464
2072
7491
7463
7508
2058
2058
7414
2034
2038

NHIP was highly conserved in primates by blast search.

Length

8609
8672
8669
8677
8638
7663
8570
8609
8563
8609
8567
7979
9243
8631
8580
9014
8601
7628
7351
3576
6416

852
1596

259

241

179

179

214

179

243

217

197
198
164
129
140

Score

17016
13460
12011
11964
7979
7232
6327
6327
6275
6260
6204
6147
6078
6060
6032
6024
5340
5178
2170
1391
1077
557
557

229
204
204
192

186
184

166
164
164
160
158

E-val

O OO0 0000000000000 O OO0 OoO o

3.00E-155
3.00E-155
5.00E-63
1.00E-56
8.00E-49
7.00E-49
3.00E-45
4.00E-44
2.00E-43
8.00E-43
4.00E-41
1.00E-37
6.00E-37
3.00E-37
1.00E-35
4.00E-35

%ID

100
97.16
97.87
97.78
94.55
94.39
90.15
89.98
90.02
89.98
89.79
89.74
89.36
89.33

89.3
89.23
90.66
90.19
84.83
86.14
84.13
83.45

83.9
87.26
87.14
89.39
89.39
86.45
88.27
84.77
85.71
84.53
85.79
85.86

87.8

90.7
89.29

NHIP DNA sequence was extracted to blast search against vertebrate databases (407).
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chr22 (q13.32-q13.33) EEYE] 22p12 22p11.2 22q11.21 q11.23PZ PN 22q12.3  IEZRiERN 22q13.2 IEZREEY ]

he38 Scae 50 kb} | hg38
g chr22: | 49,040,000 49,050,000] 49,060,000 49,070,000] 49,080,000/ 49,090,000| 49,100,000| 49,110,000| 49,120,000| 49,130,000| 49,140,000| 49,150,000 49,160,000]
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EPIC-array_probes Frrrm I N N RN [ [ rm
CpG Islands (Islands < 300 Bases are Light Green)
CpG Islands |
NCBI RefSeq genes, curated subset (NM_*, NR_*, NP_* or YP_*) - Annotation Release NCBI Homo sapiens Updated Annotation Release 109.20201120 (2020-11-23)

GENCODE v32 Comprehensive Transcript Set (only Basic displayed by default)
NHIp =
Insertion NHIP chr22q Block

Supplementary Figure 4.13

22013.33 hypomethylated block location relative to PMD, multi-ethnic SNP probes, and EPIC-
array probe location.

UCSC genome browser (genome assembly: hg38) with the22g13.33 hypomethylated block
(blue), the insertion location (orange), and NHIP (red). 12 DMRs located inside the 22g13.33
hypomethylated block were shown in the DMRs track. PMD location were illustrated in the
PMD track (161). SNP-array probe location was extracted from lllumina Infinium multi-ethnic
genotyping array (447). EPIC-array probe location was extracted from Illumina Infinium

MethylationEPIC (434).
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Treatment - H202 - PBS

50+

Cell Viability (%)

Diff Undiff

Supplementary Figure 4.14

Differentiated LUHMES cells are more sensitive to oxidative stress than undifferentiated
LUHMES cells.

Cell viabilities were detected by fluorescent intensity of CellTiter luminescent assay. The
relative levels in treated cells were generated by comparing with the average of PBS-treated

cells for both differentiated and undifferentiated experiments.
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Treatment - H,0, ‘ Mock
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3. ‘

Diff Undiff

NHIP Relative mRNA

Supplementary Figure 4.15

NHIP levels in differentiated or undifferentiated LUHMES cells before or after treatment with

10nM H;0,. In differentiated LUHMES cells, H,0,-treated cells increased NHIP levels.
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pb-NHIP-eGFP plasmid
ITR| EFla > LOC105373085

b bb-NEG-eGFP plasmid

Supplementary Figure 4.16

Cells were successfully transfected with overexpressed NHIP.

Schematic diagram of vector used for HEK293T cell transfection.

(a) Plasmid with NHIP, pb-NHIP-eGFP. EF-1a as promoter for NHIP and CMB as promoter for
eGFP fused with puromycin resistant gene.

(b) Negative control plasmid without NHIP, pb-NEG-eGFP. Remove NHIP from pb-NHIP-eGFP
and remove the rest of plasmid structure.

(c) Successful transfection image on HEK293T cell using EVOS microscopy.
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Supplementary Figure 4.17

Cells with overexpressed NHIP significantly changed the cell cycle.
For overexpressed cell phenotype, cells were significantly shortened the doubling time after
overexpressed NHIP in HEK293T cell (overexpression cells doubling time = 20.23 h, wide type

cells doubling time = 24.91 h).
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Supplementary Figure 4.18

Mass spectrometry of NHIP peptide and negative control.
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>

Distribution of the top 578 Blast Hits on 100 subject sequences BLAST®

Query
I 1 1 1 T 1 Your search parai

1 4 8 12 16

Job Title
RID

Program

Database
Query ID
Descripti

Molecule type
Query Length

blastp suite > results for RID-DBJE4WD201R

meters were adjusted to search for a short input sequence.

() Your search is limited to records that include: Home sapiens (1axic:9606)

Protein Seque:

1R Search expires on 06-03 11:38 am

Quick BLASTP
nr
Icl|Query_38615
None

amino acid
20

Descriptions

D 1

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens

]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

DNA repair-associated BRCAZ [Homo sapiens]

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]
truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]
truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceplibilty protein 2 [Homo
sapiens]

]

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceplibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceplibiity protein 2 [Homo
sapiens]

truncated BRCA2 DNA repair-associated protein [Homo sapiens]
truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceplibilty protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibilty protein 2 [Homo
sapiens]

DNA 'd BRCA2 [Homo sapiens]

truncated breast and ovarian cancer susceptibility protein 2 [Homo
sapiens]

truncated breast and ovarian cancer susceplibilty protein 2 [Homo
sapiens]

unnamed protein product [Homo sapiens]

Supplementary Figure 4.19

DNA-binding protein 4 isoform 3 [Homo
sapiens]

chromodomain-helicase-DNA-binding protein 4 isoform 2 [Homo
sapiens]

truncated breast and ovarian cancer susceptibilty protein 2 {Homo
sapiens]

chromodomain helicase DNA binding protein 4, isoform CRA_c [Homo.
sapiens]

chromodomain helicase DNA binding protein 4, isoform CRA_a [Homo
sapiens]

chromodomain helicase DNA binding protein 4, isoform CRA_b [Homo
sapiens]

chromodomain-helicase-DNA-binding protein 4 isoform 1 [Homo
sapiens]

CHDA4 protein [Homo sapiens]

NHIP peptide in blastp search with hit on BRCA2 AND CHDA4.
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Cover
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Ident
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66.67%
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Accession

AYDSO!

AYD59803.1

QcL17.

AYD59769.1

AYDS59770.1

AYDS59771.1

AYD5977

AYD59773.1

QGJ03648.1

AYDS9
AYDS9775.1
AYD59776.1
QGJ03647.1
AYDS9777.1

QIM56776.1

AYDS50778.1

AYD59780.1

AYD59781.1

AYD59782.1

QcL11116.1
AYD59784.1

QGJ03646.1

BAG54725.

NP_001350535.1

NP_001284482.1

AYD597:

EAW88779.1

EAWSST77

EAWS8778.1

NP_001264.2

AAH38596.1



chr9: 135616451 .
chr3: 94875180
chr3: 94874246

chr22: 49160452

chr22: 49160190

chr22: 49105540

chr22: 49104554

chr22:49102719

chr22: 49102225

chr22: 49100857

chr22: 49100338

chr22: 49080440 0.03

chr22: 49079793 0.02

chr22: 49079694 I 0.01

chr22: 49079618

chr22: 49079600

chr22: 49079577

chr22: 49077876

chr22: 49064253

chr22: 49063092

chr22: 49062609
chrl: 16207760
chrl: 16207507

p value

0.04

SNPs from WGS
[ | |
[ | |
EEEN

DMRs from WGBS

chr1: 16207487 - 16207368 | [N

chr9: 135615969 - 135616974
chr22: 49061922 - 49064481
chr22: 49100283 - 49102819
chr22: 49077112 - 49081990
chr22: 49104450 - 49105579

chr3: 94874093 - 94875636
chr22: 49159449 - 49161507

Supplementary Figure 4.20

Eight DMRs percent methylation were significant associated with in cis SNP.

Percent methylation for each DMR was extracted from WGBS on average smooth methylation
of the DMR region. WGS data was used to extract the in cis SNPs that located inside the DMRs.
Significant association tests were done between the in cis SNPs and DMRs using linear

regression on p-value < 0.05 (discovery group, ASD n =41, TD n = 37).
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Supplementary Figure 4.21

Count matrix was based on the insertion with ASD and TD samples shown more individuals with
the insertion in ASD compared to TD (discovery group, ASD n = 41, TD n = 37) (chi-square test,

p-value = 0.045).
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NCBI fasta file
GenBank ID

1,674 bp Insertion
m—m—a QPKN01007947.1

Reference genome:

hg19
chr22:49381532-49466902

KBases

rerrrrrrrrrrrrrrrrrerrrrrrrrrrr e e e T T e T T T T T
0.0 . . . . . . . .

Supplementary Figure 4.22

Insertion was characterized with PacBio long-read sequencing.
QPKN01007947.1 contig (363) mapped to reference genome chr22: 49,381,532 — 49,466,902
with Miropeat (408) used for visualization. The orange box shown the clear insertion compared

the QPKN01007947.1 contig with the reference genome on 1,674 bp in length.
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Supplementary Figure 4.23

Insertion profiles were validated using PCR genotyping on the same sample.
Genotyping primer designed on the two side of the insertion to capture the difference based on
the PCR size. Agarose gel electrophoresis and bioanalyzer shown the same result (discovery

group, ASDn=41,TD n=37).
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QPKN01007947.1:46099-47772 (SVG Plot; Ali

«POS)»

I Name From || To Name | From|[ To | Class [pir|[ sim | pos/Mm:rs | score
I QPKN01007947.1:46099-47772 59 |[1673 |[ sva a 1 1640 || NonLTR/SINE || [ 0.9514 [ 1.4043 10850

Masked Sequence

>QPKN01007947.1:46099-47772
TAAGAAAACTCCTGCTCTCCCTCCTCTCCCTCTCCCTCCTCTCCCTCTCCCTCTCCCTXXXXXXXXXXXX

X XXXXXXXX XXXXXX XXXXXXXX XXXXXXXX XXXXXX
X X X X X

X XXXX XXX XXXX XXXX X

XXX XXXXXXXXKKXXXXXXXXXXXKXX XXXXXXXX XXXXXXXXXXXXXXXXXXKXX

P0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.00.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.9.0.0.0.9.0.0.0.0.0.0.0 ¢
XXXXXXXXXXXXXXXXXXXXXXXXXXXKXKXKXKKXXXXXXKXXKKK KKK XXX KKK XX KKK KKK XKXKKKKXX

XXXXXXXX XXXXXX XXXXXX XXXXXXXX XXXXXX
X X X X
X XXXX XXXXXX XXXX XXXX XXXXXX

XXXXXXXXXXXXXXXXXKXXKXXXXXXKXKXKXXKKKKKKKXKXK XXX KKK KKK KKK KKK XXX XXX XK KKK

XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
XXXXXXXXXXXXXXXX

XXXXXXXXXXXXXXXXXXXXXXXXXXXKXXXXXXXXXXXXX XXX XXX KXXX

XXXX XXXXXX XXXXXX XXXX XXXXXX
X X X X

X X

X XXXXXX XXXXXX XXXX XXXXXX XXXXXX

XXXXXXXXXXXXXXXKXX XXXXXXXXXXXXXXXXXXXXKXXXXXXXXXXXKXKX
XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

XXXXXXXXXX

X XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXKXXXX XXXXXXXXXXXXXXXXXXXXXXX
XXX XXXXXX XXXX XXX XXX
X X A

Local Alignments*

[ From To Name From TO Dir Sim Pos/Mm:Ts Score
I QPKN01007947.1:46099-47772 [ 59 1673 || svaa 1 1640 d 0.9514 1.4043 10850

I Name

CTCCCTCTCCCCACGGTCTCCCTCTCCCCACGGTCTCCCTCTCCCTCTCTTTCCACGGTCTCCCCCTGAT 128

1 CTCCCTCTCCC-----TCACCCTCTCCCCATGGTCTCCCTCTCCCTCTCTTTCCACGGTCTCCCTCTGAT 65

965 GGGGCGCCTCTGCCCGGCCGCCCCTACTGGGAA

829 GGGGCGCCTCTGCCCGGCCGCCCCTACTGGGA.

1007

CTTTGCCCGGCCAGCCACTCTGTCCG 898

129 GCTGAGCCGAAGCTGGACTGTACTGCTGCCATCTCGGCTCACTGCAACCTCCCTGCCTGATTCTCCTGCC 198 1008 - L.u.uau.u:u\_l. GCCGCCCCE! 1051
FCLPELLEEEEEEE T T EEEEEEE LT L EE T - [1:]:]11]¢ \HIH\lH\H\\H\-
66 GCCGAGCCGAAGCTGGACGGTACTGCTGCCATCTCGGCTCACTGCAACCTCCCTGCCTGATTCTCCTGCC 135 899 GGAGGGAGG'I‘GGGGGGGTCAGCCCCCCGCCCGGCCAL:(,L&:LCCCGT T TCAG 968
199 TCAGCCTGCCGAGTGCCTGCGATTGCAGGCGCGTGCCGCCACGCCTGAC! T 268 1052 AGCCCCCCGCCCGGCCAGCCGCC 1075
|11 LT
136 TCAGCTTGCCGAGTGCCTGCGATTGCAGGCGCGCGCCGCCACGCCTGACTGGTTTTCGTATTTTGTTAGT 205 969 CCCCCCGCCCAGCCAGCCGCCCCGTCC GCCCCCCGCCCGGCCAGCCGCC 1038
269 GGAGAC TTGGCCGGGCTGGTCTCCAGCTCCTAATCAC 'GATCCGCCAGCCTTG 338 1076 CCGTCCGGGAGGTGAGGGGCGCCTCTGCCCGGCCGCCCCTACTGGGAAGTGAGGAGCCCCTCTGCCCGGC 1145
\I\H\\H\I\HI\HI\\HI\HI\HI\\HI\HI\HI\\ [ITII
206 T TCGCTGTGTTGECCGEECTERTCTCCAGCTCCTAACCGCGAGTGATCCACCAGCCTCE 275 1039 CTG GCCTCTGCCCGGCCGCGCCTACTGGAA. CCCTCTGCCCGGC 1108
339 CCGAGGTGCCGGGATTGCAGACGGAGTCTCGTTCACTCAGTGCTCAATGGTGCCCAGGCTGGAGT 408 1146 CACCACCCCGTCTGGGAGGTGTACTCAACAGCTCATT CGGGCCATGATGACAATGGCGGTTTTGT 1215
ST \\\H\IH\IH\I\H\\H Iﬂ\IH\\\H\IH\I\\\\H\IH\IH\I\H\\H\IH\
276 GCCTCCCGAGGTGCTGEGATTGCAGACGGAGTCTCGTTCACTCAGTECTCAATGATGCCCAGGCTGGAGT 345 1109 CACCACCCCGTCT CAACAGCTCATT TGATGACAATGGCGGTTTTGT 1178
409 GCGTGATCTCGGCTTGCTACAACCTCCACCTCCCAGCCGCCTGCCTTGGCCTCCCAAAGTGCCG 478 1216 AAA TCGGATGGTTGCCGTGTCTGTGTAGAAAGA 1285
CLCEEEETLEEEEEEELE \H\HIH\HIH\H\HIH\HIH\H\HIH\HIH\H\HIH\HIH\H\HIH\

346 TGATCTCGGCTCGCTACAACCTCCACCTCCCAGCAGCCTGCCTTGECCTCCCARAGTGCCG 415 1179 TGGTTGCCGTGTCTGT 1248
479 GGAAGTGAGGAGCGTCTCTGCCTGGCCGCCCATCG 548 1286 GGTAGAC TTTTGTTCTGTACTAAGAAAAATTCTTCTGCCTTGGGATCCTGTTGAT 1355
\IH\H\HIH\HIH\H\HI\HIH\H\HIH\HIH FECLT=LLLEEEE =TT \H\HII\HIH\H\HIH\HIH\H\HIH\HIH\H\HIH\HIH\H\HIH\

416 'CCTCTGCCCGGH \CCCCGTCTGGG: TCTCCGCCTGGCCACCCATCG 485 1249 GGTAGACC GACTTTTCATTTTGTTCTGTACTAAGAAAAATTCTTCTGCCTTGGGATCCTGTTGAT 1318
549 TCTGGGACGT CCCTCTGCCTGGCTGCCCAGTCTGGAAAGTGAGGAGCGTCTCTGCCCGGCCGC 618 1356 CTGTGACCTTACCCCCAACCCTGTGCTCTCTGAAACATGTGCTGTGTCCACTC 1425

FELELLEEL T FEEEEEEEEECEE LR s
486 TCT TCTCTGCCCTGCCGC 518 1319 CGGTGACCTTACCCCCAACCCTGTGCTCTCTGAAACATGTGCTGTATCCACTCAGGGTTGAATGGATTAA 1388
619 CATCCCATCTAGGAAGTGAGGAGCGCCTCTGCCAGGCCGCCCATCGTCTGAGATGTGGGGAGCGCCTCTG 688 1426 TTGTTAAACAGATGCTTGAAGGCAGCATGCTCGTTAAGAGTCATCACCACT 1495
| H\I\H\\H\IH\I\H\\I\IH\ FELECEELLRLLTL
519 C ATCGTC 548 1389 GAGCGGTGCAAGATGTGCTTTGTTAAACAGATGCTTGAAGGCAGCATGCTCCTTAAGAGTCATCACCACT 1458
689 CCCTGCCACCCCGTCT! GTCTCTGCCCGGCCGCCCCGTCTGAGAAGTGAGGAGACCC 758 1496 CCCTAATCTCAAGTACCCAGGGACACAAACACTGCGGAAGGCCGCAGGGTCCTCTGCCTAGGAAAACCAG 1565
[11 I\I\H\I\IH\I\H \\IH\I\HI\\\H\I\HI\I\H\\\HI\I\ \\\\\H\I\IH\I\H\\\IH\I\HI\\\H\I\IH\I\H\\\IH\I\IH\\\H\I\IH\
549 CCCGGCCGCCCCGTCC 'GTCGCTGCCCGGCCGCCCCGTCTGAG. 618 1459 CAGGGACACAA; CTGC GGGTCCTCTGCCTAGGAAAACCAG 1528
759 CAACCGCCCCGTC '‘CCGCCCGGC. GCCACACCCTCTGAGAAGT 828 1566 AGACC —~ATCTGCTGACCTTCCCTCCACTATTGTCCTGTGACCCTGCCARATCCCCC 1631
Iz [TITIT =LLLEELE L LEEEEEE T EE LT EEEEEET T
619 CCTGGCAACCGCTCCATCTGAGA LLLJLLuLLLbbLAbLLhLLUbJLJbAGAAGT 688 1529 AGACCTTTGTTCACTTGTTTATCTGCTGACCTTCCCTCCACTATTGTCCTGTGACCCTGCCAAATCCCCC 1598
829 GAGGAGCGTCTCTGCCTGGCAGCCACCCCGTCT TCAGCCCCCTGCCCCGCCA 896 1632 TCTGCGAGAAACACCCAAGAATGATCAAT!

1599 TCTGTGAGAAACACCCAAGAATGATCAA

Supplementary Figure 4.24

Insertion contained retrotransposon elements.
Insertion sequence was used to query against the collection of repeat databases with default

settings.
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Structural variant: INS_22_115103

Filter (F2=5)

Allele Count 14350

Allele Number 20614
Allele Frequency 0.6961
Quality score 999
Position 22:49425456
Size 1,314 bp

Class insertion (ME:SVA) @
Evidence Split reads
Algorithms MELT

Consequences

This variant has consequences in 0 genes.

Population Frequencies

Population é«lalz::: Nﬁlrlr(lelI)eer H:rlrllrzb;g"o(:is Fr;ﬂ:f;:cy
Latino 1178 1470 463 08014
European 5437 7452 1908  0.7296
afican/African- 6121 9086 1988 06737
Other 125 190 40 06579
East Asian 1489 2416 404 06163

Female 7131 10132 2422 07038

Male 7189 10444 2369 0.6883

Total 14350 20614 4803  0.6961

Supplementary Figure 4.25

Dataset | gnomAD SVsv2.1 v (@

References
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Insertion has also identified in the gnomAD database.

gnomAD dataset (365,366) snapshot of the insertion named as INS_22_ 115103, classified as

insertion structural variant with SVA element.
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Supplementary Figure 4.26

When separate into whether carry the insertion risk, individual methylation at 22g13.33 altered
by P1 prenatal vitamin use when exposed to the genetic risk.

In individuals with the genetics risk, taking prenatal vitamins at P1 significantly altered
22013.33 block methylation, which is in the same direction as TD (p-value = 0.034), which was

not significant in not taking prenatal vitamins but still care the insertion (p-value = 0.400).
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9 % TAD

Supplementary Figure 4.27

Topologically associated domain (TAD) from hippocampus on 22g13.31 —22g13.33 regions (till

telomeres), assembly in hg38 with resolution at 40 kb (369).
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Supplementary Figure 4.28

The insertion had significant higher frequency in ASD compared with TD samples in brain.
Count matrix was based on the insertion in brain and shown more individuals with insertion in

ASD compared to TD (ASD n = 27, TD n =30) (chi-square test, p-value = 0.023).
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Supplementary Figure 4.29

Genes significant associated with NHIP were enriched for neuronal functions.

GO terms analysis was based on the significant DGE associated with NHIP in brain. The
enrichment map organized significant enriched terms into a network with edges connecting
overlapping gene sets. Clustered gene sets were identified as functional modules with mutually

overlapping genes together.
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Supplementary Figure 4.30

NHIP-associated genes in brain show a significant overlap with SFARI ASD risk genes (Fisher’s

exact test, p-value < 0.001).
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Supplementary Figure 4.31

Genes in common between brain DGE and SFARI ASD genes shown enrichment at synapse,
dendrite, and nervous system development.

GO term analysis was based on the common 85 genes in common between DGE associated
with NHIP in brain and SFARI ASD genes. The ridgeline plot was generated using the frequency

of fold change values per gene within each enrichment GO term set.
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Supplementary Figure 4.32

75

—log10 adjusted p-value

25

Upregulated: 1,490
Downregulated: 3,266

NHIP

5
log2 fold change

10

RNA-seq from overexpressed NHIP and negative control cells, identifying 4,756 differential

expressed genes passed at FDR significant with clear separation from treatment.

(a) Heatmap and hierarchical clustering of 3 overexpressed NHIP and 3 negative control with

clear separation between treatment.
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(b) Volcano plot shown the differential expressed gene in cell regarding of the treatment with
4,756 DGEs including 1,490 upregulated and 3,266 downregulated gene.
(c) Dot plot was plotted to illustrate the difference on NHIP on overexpressed and negative

control cells transcript level.
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Supplementary Figure 4.33
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Several genes were downregulated with the overexpressed NHIP in HEK283T cells.

Normalize reads count was plotted on the y-axis and the x-axis was separated by cell treatment

on whether expressed NHIP or not. BRD1 (adjusted p-value: 0.004), IRS2 (adjusted p-value:

0.003), CHDS8 (adjusted p-value: 0.003), and DLL1 (adjusted p-value: 0.048) were significant

downregulated when overexpressed NHIP.
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Supplementary Figure 4.34

Results on NHIP and BRD1 were validated used RT-qPCR.

To validate the results from RNA-seq. RT-qPCR was performed on NHIP and BRD1. NHIP was
significant upregulated in the overexpressed cell line (two-tailed t-test, p-value = 1.05E-05).
BRD1 was significant downregulated in the overexpressed cell line (two-tailed t-test, p-value =

5.21E-05).
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Supplementary Figure 4.35

Overexpression of NHIP in HEK293T cells led to transcriptional changes in genes with functions
in histone methylation and cell cycle.

GO analysis was based on the 4,756 DGE compared NHIP overexpression and negative control
cells with significant enrichment colored in red and blue to represent upregulated and

downregulated GO terms (FDR adjusted p-value < 0.05).
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Supplementary Figure 4.36

Genes significant associated with overexpression NHIP in HEK293T cells were enriched at
neuronal diseases.

Enrichment analyses of DGE in cell were also compared to Kyoto Encyclopaedia of Genes and
Genomes (KEGG) (371,484) gene set using clusterProfiler package (416). Several terms related
with neuronal diseases, Parkinson disease, Alzheimer disease, and Huntington diseases were
upregulated with overexpressing NHIP in HEK293T cells. Metabolism terms, including fatty acid

and drug metabolism, were also upregulated with NHIP overexpression.
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Supplementary Figure 4.37

DGE in cell has significantly overlapped with DGE in brain (Fisher’s exact test, p-value < 0.001).
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Supplementary Figure 4.38

Genes in common between DGE in cell and DGE in brain were significantly enriched for

neuronal functions.
The overlapped 284 genes were used for GO term analysis were enriched for neuronal
functions, including dendrite, nervous system development, and regulation of neurogenesis.

The enrichment map was organized into network on the significant enriched term. Functional

modules were clustered together.
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Supplementary Figure 4.39

DGE in cell has significantly overlapped with SFARI ASD genes (Fisher’s exact test, p-value <

0.001).

-209-



central nervous system development+

cell projection

synapse-

axon-

response to toxic substance -

trans—synaptic signaling-

synaptic signaling-

anterograde trans—synaptic signaling-

chemical synaptic transmission-

calcium ion binding-

negative regulation of transport

learning or memory-

distal axon+ p.adjust

regulation of neuron death 0.002

intrinsic component of plasma membrane 0.003
. 0.004
integral component of plasma membrane -
0.005

response to oxygen levels-
behavior

protein homodimerization activity

transporter complex
transmembrane transporter complex
response to decreased oxygen levels-
response to hypoxia-

positive regulation of cell death-

regulation of trans—synaptic signaling-

modulation of chemical synaptic transmission-
positive regulation of programmed cell death

positive regulation of apoptotic process

neuron apoptotic process

regulation of neuron apoptotic process-

-1.25 -1.00 -0.75 -0.50 -0.25
enrichment distribution

Supplementary Figure 4.40

Genes in common between cell DGE and SFARI ASD genes shown enrichment as neuronal terms
and response to oxygen levels.

GO term analysis was based on the 263 genes in common between DGE in the overexpressed
NHIP at HEK293T and SFARI ASD genes. The ridgeline plot was generated using the frequency of

the fold change values per gene within each enriched GO terms.
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Supplementary Figure 4.41
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Genes in common among brain DGE, cell DGE, and SFARI ASD genes enriched for histone

acetyltransferase.

GO term analysis was based on the common 45 genes among brain DGE, cell DGE, and SFARI

category and shown enrichment with histone acetyltransferase.
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Supplementary Figure 4.42

CoRSIV regions significant overlapped with SV hotspots.
Analysis was performed using regioneR R package with 100 permutation tests to show the

significant overlapping between CoRSIV region and SV hotspots.
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Supplementary Tables

Chapter 2: Supplementary Tables

Supplementary Table 2.1

400 differentially methylated regions (DMRs) in placenta that distinguish ASD and TD samples

and their association with 597 genes.

Supplementary Table 2.2

Neurodevelopmental outcomes and additional variables for each placenta sample.

Supplementary Table 2.3

Demographic and clinical variables of children and their mothers in the MARBLES study,

stratified by child diagnosis.

Supplementary Table 2.4

Overlapping genes between placenta ASD DMR associated genes and cell type specific genes.

Supplementary Table 2.5

597 genes associated with ASD DMRs and the distance (bp) to the transcription start site (TSS).
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Supplementary Table 2.6

Gene ontology (GO) analysis of ASD DMR genes by Fisher’s exact test after FDR (false discovery

rate) correction.

Supplementary Table 2.7

Overlapping genes between placenta ASD DMR associated genes and other databases,
including brain ASD DMR associated genes, ASD genetic risk factors, intellectual disability,

Alzheimer’'s GWAS, and lung cancer GWAS.

Supplementary Table 2.8

Overlapping genes between placenta ASD DMR associated genes and differential expressions

genes from ASD postmortem brain studies.

Supplementary Table 2.9

Methylation data from both CYP2E1 and /RS2 DMRs for each sample and CpG site (13 CpG sites
for CYP2E1 and 12 CpG sites for IRS2). The average represents all CpG sites for each sample.

Methods and primers were described in methods sections.

Supplementary Table 2.10

Sanger sequencing results from CYP2E1 DMR and /RS2 DMR on rs943975, rs1536828 and

rs9301411.
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Supplementary Table 2.11

376 differentially methylated regions (DMRs) in placenta separated by whether prenatal
vitamins were taken or not during the first month of pregnancy. 587 genes were associated

with PreVitM1 DMRs. The interaction set of 60 genes with ASD DMRs is also shown.

Supplementary Table 2.12

Methylation at the CYP2E1 DMR and IRS2 DMR was tested for interaction with diagnosis,

genotype, and PreVitM1.
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Chapter 3: Supplementary Tables

Supplementary Table 3.1

Sample variables and RNA quality in MARBLES subjects.

Supplementary Table 3.2

Demographic characteristics of mother participants and their children in MARBLES, stratified by

child diagnosis outcomes.

Supplementary Table 3.3

Descriptive statistics of maternal peripheral blood nutrients level in MARBLES, stratified by

children diagnosis.

Supplementary Table 3.4

Differential expression analysis on maternal gene expression and diagnosis on adjustment using

either SVA or known confounders.

Supplementary Table 3.5

ASD related significant genes from differential expression analysis.

Supplementary Table 3.6

Non-TD related significant genes from differential expression analysis.
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Supplementary Table 3.7

Gene Ontology terms on all transcripts and filtered transcripts as background.

Supplementary Table 3.8

Weighted gene co-expression network module memberships for each transcript on the array
(MM: Pearson correlation coefficient for module membership; p.MM: P value for the preceding

relationship).

Supplementary Table 3.9

Weighted gene co-expression network module features, including number of transcripts and

hub genes characters.

Supplementary Table 3.10

“Greenyellow” gene co-expression network module memberships on 224 transcripts (MM:
Pearson correlation coefficient for module membership; p.MM: P value for the preceding

relationship).

Supplementary Table 3.11

“Greenyellow” gene co-expression network module 224 transcripts gene ontology terms and

gene lists.
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Supplementary Table 3.12

Modules significant associated with trimester during pregnancy and their enriched gene

ontology terms.

Supplementary Table 3.13

Eight weighted gene co-expression modules block memberships on 2,582 transcripts.

Supplementary Table 3.14

Cell type proportions in all 300 maternal peripheral blood samples estimated with CIBERSORT.

-218-



Chapter 4: Supplementary Tables

Supplementary Table 4.1

Subject characteristics in relation to outcomes at 36 montbhs.

Supplementary Table 4.2

Subject characteristics by subject.

Supplementary Table 4.3

ASD DMRs identified in discovery group with annotations.

Supplementary Table 4.4

Transcription factor motif enrichment for DMRs.

Supplementary Table 4.5

Genes in common between DMRs associated genes and SFARI ASD genes.

Supplementary Table 4.6

Gene Ontology terms on ASD DMRs.

Supplementary Table 4.7

22013.33 comethylated block replicate with independent studies, and sequencing platforms.
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Supplementary Table 4.8

Blast results of NHIP in vertebrates.

Supplementary Table 4.9

Plasmid structure for HEK293T cells and NHIP peptide sequence.

Supplementary Table 4.10

NHIP peptide blastp research results.

Supplementary Table 4.11

Insertion characteristics in the discovery group and primers.

Supplementary Table 4.12

PRS was tested for association on 22q13.33 comethylated block % methylation or diagnosis.

Supplementary Table 4.13

Human postmortem brain sample subjects.

Supplementary Table 4.14

Differential gene expression related with NHIP in brain.
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Supplementary Table 4.15

Gene ontology analysis on differential expressed genes (FDR corrected p-value < 0.05) related

with NHIP in brain.

Supplementary Table 4.16

Genes in common between DGE in brain and SFARI ASD genes.

Supplementary Table 4.17

Gene ontology analysis on overlapped genes between DGE in brain and SFARI ASD genes.

Supplementary Table 4.18

Differential gene expression related with overexpressed NHIP in transient cell.

Supplementary Table 4.19

Gene ontology analysis on differential expressed genes (FDR corrected p-value < 0.05) related

with overexpressed NHIP treatment in transient cell.

Supplementary Table 4.20

KEGG pathway enrichment on differential expressed genes (FDR corrected p-value < 0.05) with

overexpressed NHIP treatment in transient cell.
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Supplementary Table 4.21

Stable cell differential gene expression, gene ontology on stable differential expressed genes
(raw p-value < 0.05), gene ontology in common between transient and stable cells, KEGG
pathway enrichment on DGE on stable DGE, KEGG pathway in common between transient and

stable cells

Supplementary Table 4.22

Genes in common between DGE in brain and DGE in cell.

Supplementary Table 4.23

Gene ontology analysis on the overlapped genes between DGE in brain and DGE in cell.

Supplementary Table 4.24

Genes in common between DGE in brain and SFARI ASD genes.

Supplementary Table 4.25

Gene ontology analysis on the overlapped genes between DGE in cell and SFARI ASD genes.

Supplementary Table 4.26

Genes in common among DGE in brain, DGE in cell, and SFARI ASD genes.
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Supplementary Table 4.27

Gene ontology analysis on the overlapped genes among DGE in brain, DGE in cell, and SFARI

ASD genes.
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