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ABSTRACT OF THE THESIS

Isoform transcriptome of developing brain provides new insights into autism risk variants

by

Kevin Khai Chau

Master of Science in Biology

University of California San Diego, 2019

Professor Lilia M. Iakoucheva, Chair
Professor Scott Rifkin, Co-Chair

Alternative splicing plays important role in brain development, however its global contri-
bution to human neurodevelopmental diseases (NDD) has not been fully investigated. Here, we
examined the relationship between splicing isoform expression and de novo loss-of-function muta-
tions implicated in autism. We constructed isoform transcriptome of the developing human brain,
and observed better resolution and stronger signals at the isoform-level compared to the gene-level
transcriptome. We identified differentially expressed isoforms and isoform co-expression modules
enriched in autism loss-of-function mutations. These isoforms have higher prenatal expression,

are enriched in microexons, and are co-expressed with a unique set of partners. We experimentally



test the impact of splice site mutations in five NDD risk genes, including SCN2A, DYRKIA and
BTRC, and demonstrate exon skipping. Furthermore, our results suggest that the splice site
mutation in BTRC reduces its translational efficiency, likely impacting Wnt signaling through
impaired degradation of B-catenin. We propose that functional effect of mutations associated with

human diseases should be investigated at isoform- rather than gene-level resolution.
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1 Introduction

More than 95% of multi-exon human genes undergo alternative splicing (AS) and/or
use alternative promoters to increase transcriptomic and proteomic diversity, with an estimated
average of five to seven isoforms transcribed per gene [1, 2, 3]. Alternative splicing is highly
specific, and expression of isoforms is often restricted to certain organs, tissues or cell types
[4, 5, 6, 7]. In addition, many isoforms are expressed only during specific developmental periods
[8]. The developing human brain exhibits one of the highest frequencies of alternative splicing
events [9, 10, 11, 12]. Many of the processes occurring during neural development are controlled
by differentially expressed alternatively spliced isoforms [13, 14, 15]. Several recent studies,
including one by us, began to investigate isoform-level transcriptome dysregulation in psychiatric
diseases [16, 17, 18]. However, spatiotemporal analyses of the full-length isoform transcriptome
of the developing human brain remains relatively unexplored.

Integration of brain spatiotemporal transcriptome with the genetic data from exome and
whole genome sequencing studies have provided important insights into neurodevelopmental
diseases (NDDs) [19, 20, 21, 18, 22]. Most of the recent work in this area focused on under-
standing the effect of mutations at the gene-level resolution, whereas isoform-specific impact of
loss-of-function (LoF) mutations in the context of brain development has not yet been investigated.

It is important to map LoFs to transcripts because protein isoforms, encoded by different
transcripts, have drastically different protein interaction capabilities. As we have previously

demonstrated, the majority of the isoforms encoded by the same gene share less than a half of



their interacting partners in the human interactome network [23]. This observation points to
striking functional differences between splicing isoforms that are not accounted for by the majority
of the existing gene-level studies. In addition, our recent work demonstrated that isoform-level
networks provide better resolution and depth around disease candidate proteins compared to the
gene-level networks [24].

To better understand how NDD risk mutations dysregulate neurodevelopment, we con-
struct isoform transcriptome of the developing human brain using BrainSpan RNA-seq dataset
[25] summarized to isoforms [17]. We perform isoform differential expression and co-expression
analyses to identify differentially expressed isoforms (DEI) and co-expressed isoform modules
(CIM) in the adjacent brain developmental periods starting from fetal to adult. When compared
to gene-level analyses, isoform transcriptome provides more meaningful insights and paints a
more complete picture of neurodevelopmental processes. Importantly, many DEIs and CIMs
identified by our analyses are not detectable at the gene-level resolution. Mapping NDD risk
mutations to DEI revealed that LoF-impacted transcripts have higher prenatal expression, more
frequently carry microexons, and are preferentially involved in neuronal processes compared
to non-impacted transcripts. Furthermore, isoform co-expression modules with splicing-related
and synaptic functions are enriched in LoF-impacted transcripts implicating these functions in
NDDs. Finally, we experimentally test the impact of several splice site LoFs and demonstrate
that they cause exon skipping to produce novel isoforms with altered biological properties. Our
study makes a strong case for investigation of disease mutations at isoform- rather than gene-level

resolution.



2 Results

Construction and validation of isoform transcriptome of the
developing human brain

To investigate global patterns of isoform expression across brain development, we built
a temporal isoform transcriptome of the developing brain (Supplementary Figure 1). We used
the BrainSpan dataset [25] (http://www.brainspan.org/) summarized to transcripts as previously
described [17]. After rigorous quality control (Supplementary Figures 2-5, Materials and Meth-
ods), we obtained expression profiles for 100,754 unique isoforms corresponding to 26,307
brain-expressed human genes ( 3.8 isoforms/gene).

We experimentally validated the quality of isoform expression values for a subset of
selected 1soforms. We used quantitative PCR (qPCR) to estimate relative expression difference of
26 unique isoforms of 14 genes between two independent RNA samples that were age, sex and
brain region-matched to the samples from the BrainSpan. The relative qPCR isoform expression
values in the independent samples of frontal lobe of 22 weeks old fetus and cerebral cortex of 27
years old adult were compared to the values computationally assigned by us using BrainSpan. We
observed positive correlation (R = 0.26) between experimental and computational values for these
isoforms, despite using different samples for validation (Supplementary Table 1, Supplementary

Figure 6, Materials and Methods).



Differential isoform expression reveals distinct signals relative
to differential gene expression

We recently demonstrated that isoform-level changes capture larger disease effects than
gene-level changes in the context of three major psychiatric disorders [17]. Here, we investigated
the role of isoform expression in the context of the developing brain. We performed differential
expression analysis among all pairs of adjacent developmental periods as well as between pooled
prenatal (P02-P07) and pooled postnatal (PO8-P13) (PrePost) samples using filtered gene-level
and isoform-level data, yielding sets of differentially expressed genes (DEG) and differentially
expressed isoforms (DEI) (Materials and Methods, Supplementary Tables 2 and 3). The PO6/P07
(late mid-fetal/late fetal) and PO7/P0O8 (late fetal/neonatal) developmental periods accumulated
largest number of both DEGs and DElIs, supporting critical brain remodeling right before and
after the birth (Fig. 1A). In PO6/P07 8.3% of genes and 20.3% of isoforms are differentially
expressed, whereas in PO7/P08 13.2% of genes and 20.4% of isoforms are differentially expressed
(Supplementary Table 4). Overall, 48.4% of genes and 64.9% of isoforms are differentially
expressed between prenatal and postnatal (PrePost) periods. These results suggest a greater
degree of transcriptomic remodeling during prenatal life, consistent with faster brain development
in utero as compared to postnatal life.

In addition to the greater fraction of DEI among adjacent and PrePost periods, we also
observed significantly increased effect sizes (absolute log, fold changes) among DEI as compared
to DEG, both overall and in nearly every developmental period (Fig. 1B). This suggests that levels
of differential expression are more pronounced at the isoform-level relative to the gene-level.
Thus, the isoform-level transcriptome is likely to provide additional information that is missed by
the gene-level transcriptome.

To better understand whether isoform-level data is capturing additional information as

compared to the gene-level data, we performed cell type and curated gene list enrichment analyses



of unique non-overlapping DEGs and DEIs (lightly shaded subsets from Fig. 1A) (Fig. 1C).
We used published single-cell sequencing data (for Cell Type) along with NDD-related gene
lists to detect enrichment in each period and in the PrePost dataset (Materials and Methods).
Overall, DEGs are clearly capturing weaker enrichment signals than DEIs, potentially due to
bigger dataset sizes. Among cell types, DEIs are significantly enriched in excitatory neuron
markers, especially in the prenatal to early childhood developmental periods (Fisher-exact test,
max Bonferroni-adjusted P < 1E-09, OR = 2.39 — 3.29, min. 95% CI = 2.07, max 95% CI =
3.98 for P02/P03-P09/P10) (Fig. 1C, left panel). The DEIs from almost all periods are enriched
in postsynaptically expressed genes, as well as FMRP and CHDS targets, with most significant
enrichment during PO6/P07 (late mid-fetal/late fetal). Interestingly, the DEIs from only P04/P05
(early mid-fetal) are enriched in autism risk genes from a recent dataset [22] (Fisher-exact test,
Bonferroni-adjusted P = 0.005, OR = 3.88, 95% CI = 2.11 — 3.68) (Fig. 1C, right panel), and this
signal is not captured at the gene-level. Mid-to-late fetal developmental period was previously
identified as critical to ASD pathogenesis [21, 19].

Functional Gene Ontology (GO) enrichment analyses for unique DEGs and DEIs in
P04/P05, PO7/P0O8 and PO8/P09 demonstrate more neurodevelopmentally-relevant processes with
DEIs vs DEGs (Fig. 1D, Supplementary Tables 5 and 6). For example, “neuron projection
development”, “brain development”, and “nervous system development” are enriched in DEI, but
not in DEGs. This suggests that the isoform transcriptome may provide better insights into brain

development.

Differentially expressed isoforms impacted by autism loss-of-
function mutations have higher prenatal expression

To improve understanding of the impact of NDD mutations on brain development, we

mapped rare de novo loss-of-function (LoF) variants identified in the largest autism spectrum



disorder (ASD) exome sequencing study [22] to the isoform transcriptome. A total of 12,111
ASD case variants and 3,588 control variants were processed through Ensembl’s Variant Effect
Predictor (VEP) and filtered for consequences likely to result in the loss-of-function of the
impacted gene or isoform (Materials and Methods, Supplementary Table 7). In total, 1,132 ASD
case and 262 control variants fit this criterion, impacting 4,050 isoforms from 1189 genes. At the
isoform level, 3,128 isoforms were impacted by ASD case variants (ASD LoF), 848 isoforms by
control variants (Control LoF), and 74 isoforms by both. We also defined a dataset of isoforms
that were not impacted by ASD variants (Non-impacted by ASD LoF) as a control.

In every prenatal developmental period, as well as in the pooled prenatal sample, the
expression of the ASD LoF isoforms was found to be significantly higher than Control LoF
1soforms or Non-impacted by ASD LoF isoforms (Mann-Whitney test, BH-adjusted P-value <
0.05) (Fig. 2A). This suggests that the potential loss of expression of these highly expressed
isoforms in the normal prenatal human brain as a result of LoF mutations may contribute to ASD
pathogenesis.

We then selected genes with differentially expressed isoforms, for which at least one
isoform is ASD LOF, at least one other isoform is non-impacted by ASD LoF, and were not
differentially expressed at the gene level; 26 genes out of 102 Satterstrom genes satisfied this
criterion (Fig. 2B). Hierarchical clustering of the isoforms from these genes based on expression
values identified a prenatally expressed cluster consisting largely of the ASD LoF impacted
isoforms (Fig. 2C). These isoforms are also significantly enriched in microexons (i.e. short
exons of 3-27bp in length) (Permutation test, n = 1000 permutations, P = 0.04) (Fig. 2D), in
agreement with previous observations about their role in autism [26, 27]. The impacted and
non-impacted isoforms of some genes (KMT2C, MBDS5, and PTK7) have opposite developmental
trajectories, whereas for other genes (GABRB3) the impacted isoforms are highly expressed
throughout brain development (Fig. 2E). It is likely that LoF mutation that impacts highly

prenatally expressed isoform can severely disrupt early brain development and lead to NDD.



Overall, isoform transcriptome analyses could provide a more detailed picture of the functional

impact of NDD risk mutations.

Isoform co-expression modules capture trajectories of brain de-
velopment

To better understand how brain development is regulated at the transcriptional level,
we carried out Weighted Gene Co-expression Network Analyses (WGCNA) [28] (Materials
and Methods). Co-expression modules were defined as clusters of genes or isoforms with
highly correlated expression profiles across all BrainSpan samples. We identified a total of
8 gene modules and 55 isoform modules, with one additional grey module in each network
(Supplementary Tables 8 and 9).

Hierarchical clustering of the modules by their eigengenes demonstrates that each gene
co-expression module closely clusters with a corresponding isoform co-expression module (Fig.
3A). Further characterization of these gene/isoform module pairs via GO annotations shows
overlapping functions and pathways (Supplementary Tables 10 and 11). For example, gene
module gM?2 and isoform module iM2 are both enriched for GO terms related to synaptic
transmission. This indicates that the isoform co-expression network recapitulates the gene
co-expression network.

In order to relate each co-expression module with brain developmental periods, we
calculated module-period associations using linear mixed effects models (Materials and Methods).
We found modules that are significantly associated with several developmental periods (Fig. 3A,
top panel); iM1 is significantly associated with prenatal periods P02 (FDR-adjusted P = 0.009),
P03 (FDR-adjusted P = 0.003), and PO4 (FDR-adjusted P = 0.008), and with iM10 (FDR-adjusted
P = 6.59E-04) and iM39 (FDR-adjusted P = 0.026). Functional GO analyses of these modules

demonstrates that iM1 is enriched in splicing functions, iM10 in cell cycle-related processes,



and iM39 is enriched in embryonic development; all functions are related to early fetal brain
development.

There are also several modules (gM4, iM35, iM7, and iM38) strongly associated with
the late fetal period PO7, and these modules cluster together (gM4: FDR-adjusted P = 1.78E-09;
iM35: FDR-adjusted P = 8.23E-04; iM7: FDR-adjusted P = 3.83E-04; iM38: FDR-adjusted
P =0.009). Collectively, these modules are enriched for angiogenesis and extracellular matrix
organization GO functions (Supplementary Table 11).

Analysis of cell type enrichment shows modules that are significantly enriched in specific
cell types (Fig. 3A, middle panel). For example, iM10 that is associated with very early P02
period, is also enriched in neuroprogenitors (NPCs), the cells that give rise to other neuronal cell
populations and are often found very early in brain development. Likewise, iM2 is primarily
associated with postnatal periods, and is strongly enriched in excitatory neurons, which represent
mature neuronal population. Interestingly, the cluster of modules that is strongly associated with
late fetal PO7 period (gM4, iM35, iM7, and iM38), is enriched in microglia, or innate immune
cells of the brain, that peak around late mid-fetal to late fetal development. Furthermore, isoform
module eigengene trajectories are capturing the appropriate signals from each cell type, with
NPC steadily decreasing and neuronal cell types increasing from prenatal to postnatal brain
development (Fig. 3B).

Enrichment analysis co-expression modules for curated gene lists identified modules gM1
and iM1 as enriched in ASD risk genes, CHD8 targets, and functionally constrained and mutation
intolerant (pLI > 0.99) genes (Fig. 3A, bottom panel). The same modules are significantly
associated with prenatal periods, and are enriched in RNA processing and splicing GO functions
(Fig. 3D, upper panel). Another module that is enriched in ASD risk genes is iM19, and it is
annotated with chromatin and histone-related GO functions. This is consistent with previous
observations about chromatin modifier genes enrichment among ASD risk genes [29]. In summary,

the analyses of isoform co-expression modules further broaden our knowledge of the developing



human brain at the transcriptome level.

LoF-impacted co-expression modules point to dysregulation of
RNA splicing and synaptic organization

We next calculated impact rates of rare de novo ASD variants from cases and controls
[22], and identified co-expression modules that are significantly more impacted by LoF case
mutations relative to control mutations (Supplementary Table 12) (Materials and Methods). We
observed three modules that are significantly impacted by case ASD variants, one gene module
(gM1) and two isoform modules (iM1 and iM30) (Fig. 3C). Unsurprisingly, gM1 and iM1
cluster together and are enriched in similar GO functions that are related to RNA processing and
splicing, including non-coding RNA splicing (Fig. 3D, upper panel). This agrees with the already-
demonstrated crucial role of splicing dysregulation in ASD [16, 17]. Functional enrichment of
isoform co-expression module iM30 points to dysregulation of synapse organization and neuronal
projection pathways (Fig. 3D, bottom panel), pathways which are strongly implicated in ASD
[30, 31]. Thus, isoform modules reflect processes previously implicated in ASD, and point to
specific isoforms (rather than genes) that can contribute to this dysregulation.

To demonstrate how isoform co-expression modules could be useful for future studies, we
built isoform co-expression protein-protein interaction (PPI) networks from the gM1 and iM1
modules (Fig. 3E). The network is focused on ASD risk genes that have at least one isoform
impacted by LoF mutation, and the edges that have gene-level PPI support (due to scarcity of
isoform-level PPIs) are filtered for the top 10% of connections by Pearson correlation coefficient
(PCC) (Materials and Methods). Clearly, gM1 has fewer connections than iM 1, and iM 1 highlights
some interesting isoform co-expressed PPIs that are not discernable from gene-level co-expression
network. For example, 9 genes from this module (ARID1B, CHDS8, KMD5B—, KMT2A, MED13L,

PCM1, PHF12, POGZ, and TCF4) have at least one LoF impacted isoform and at least one



that is not impacted by mutation. These isoforms could also be co-expressed and interact with
different partner isoforms. For example, one LoF-impacted isoform of the KMT2A gene (KMT2A-
017) interacts with CREBBP-001 and CREBBP-003 whereas non-impacted KMT2A-014 has
completely different partners (LEO1-001, SIN3A-002 and CDCZ3-001). This leads to different
networks being disrupted as a result of KMT2A mutations, and these networks could not be
discerned from gene-level information. Another interesting observation from co-expressed PPI
networks is that LoF impacted isoforms tend to have higher PCC with the corresponding partners
than non-impacted isoform (Mann-Whitney test, P = 1.53E-05), suggesting potentially greater
impact on networks. Thus, we demonstrate the utility of isoform networks for investigating

functional impact of mutations.

De novo splice site mutations of NDD risk genes cause exon
skipping, partial intron retention, or have no effect on isoforms

One type of LoF mutations are mutations that affect splice sites directly. Here, we tested
the effect of de novo splice site mutations identified in exome sequencing studies in four NDD
risk genes (DYRKIA, SCN2A, DLG2, and CELF?2) to better understand their functional impact.
All highly prenatally expressed isoforms of these genes are found in iM1. We used exon trapping
assay (Materials and Methods) to investigate the following de novo splice site mutations identified
from exome sequencing studies of NDDs: SCN2A (chr2:166187838, A:G, acceptor site) [32];
DYRKIA (chr21: 38865466, G:A, donor site) [33]; DLG2 (chrl1: 83194295, G:A, donor site)
[32]; and CELF2 (chrl10: 11356223, T:C, donor site) [34]. Mutation in SCN2A causes out-of-
frame exon skipping and potential inclusion of 30 new amino acids into the translated protein
before ending with a premature stop codon, that most likely will result in nonsense-mediated
decay (NMD) (Fig. 4A). In contrast, mutation in DYRK/A causes an in-frame exon skipping,

potentially producing a different variant of the same protein and thus is expected to have milder

10



functional effect (Fig. 4B). In the case of DLG2, mutation affects a splice site adjacent to the
exon five, which is alternatively spliced in the WT isoforms (Fig. 4C). We constructed a minigene
that includes exon five together with the preceding exon four and observed that exon five is
constitutively spliced out from our construct independently on the presence of mutation. However,
the mutation caused partial (i.e. 65bp) intron inclusion downstream from exon four. At the
translational level, this mutation would likely result in a truncated protein one residue after the
end of exon 4 due to a premature stop codon. Finally, CELF2 mutation affects an alternative
splice site, which also maps to an exonic region of another alternatively spliced isoform. When
cloned into the exon trapping vector, the transcript generated from the WT minigene included the
isoform carrying longer exon with mutation (Fig. 4D). Thus, after introducing the mutation, no
difference between WT and mutant constructs was observed. This is not surprising given the fact
that the splice site mutation behaves like exonic missense mutation in the isoform predominantly
expressed from our construct. These results suggest that mutations could impact different isoforms
of the same gene by different mechanisms, i.e. splice site mutation in one isoform could represent
a missense mutation in another isoform.

Further analysis of expression profiles of the brain-expressed isoforms transcribed by these
genes (Fig. 4E) suggest that highly prenatally expressed isoforms (SCN2A-201, DYRK1A-001,
DLG2-016 and CELF2-201) are most likely targets for the “pathogenic” effect of mutations. In
summary, our experiments showcase different scenarios of the impact of splice site mutations and
confirms the need to investigate their functional impact at the isoform- rather than the gene-level

resolution.
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The splice site mutation in BTRC reduces its translational effi-
ciency

We next decided to investigate the pathways that specific isoform mutations can disrupt.
For this, we selected the isoforms of a newly identified ASD risk gene, BTRC (also known as
B-TrCP or FBXW1A) [35], based on their availability from our previous study [23]. We used
three full-length isoforms (BTRC-001, BTRC-002, and BTRC-003) for this study (Fig. SA). The
mutation in BTRC (chr10: 103221816, G:A, donor site), detected in the patient with ASD [29],
causes in-frame exon four (78bp) skipping in the exon trapping assay (Fig. 5B). To further test
the effect of this mutation on different BTRC transcripts, we generated additional constructs by
inserting abridged introns surrounding exon 4 into the coding sequence (CDS) of two isoforms,
BTRC-001 and BTRC-002 (Fig. 5C, Materials and Methods). The third isoform, BTRC-003,
does not carry exon 4, and its structure and size are identical to the BTRC-001, when exon 4 is
skipped. We also generated mutant constructs BTRC-001Mut and BTRC-002Mut carrying the
mutation in the abridged intron (Fig. 5A). The RT-PCR following exon trapping assays on the
full-length CDS, as well as WT and mutant constructs with abridged introns, confirmed the correct
sizes of all constructs, and validated exon skipping event due to splice site mutation (Fig. 5C).
Furthermore, Western blot confirmed the expected sizes of the protein products produced from the
WT and mutant constructs (Fig. 5D). The splice site mutation significantly reduces the amount of
the protein produced from mutant transcripts, suggesting their decreased translational efficiency
(Fig. SE). Higher amount of protein product produced from all constructs with abridged introns
compared to CDSs is consistent with previous observations of increased translational efficiency of
RNAs produced by splicing compared to their intron-less counterparts [36]. Further, BTRC-001
and BTRC-002 are highly expressed relative to the non-impacted BTRC-003 (and other BTRC
isoforms), indicating that these two isoforms are likely key players in neurodevelopment (Fig.

5F).

12



Next, we investigated binding properties of all isoforms using co-immunoprecipitation
(co-IP) (Fig. 5SD). The BTRC gene encodes a protein of the F-box family and is a component of
the SCF (Skp1-Cull-F-box protein) E3 ubiquitin-protein ligase complex. One of the well-known
substrates of this complex is B-catenin (CTNNBI). The SCF complex ubiquitinates and regulates
degradation of -catenin, an essential component of the Wnt signaling pathway [37]. Wnt plays
key roles in cell patterning, proliferation, polarity and differentiation during the embryonic
development of the nervous system [38] and have been consistently implicated in ASD [39, 31].
Both B-catenin and Cul/ carry de novo mutations identified in patients with NDD [22].

The interaction of BTRC with its partners, Cull, Skp1 and -catenin, demonstrates reduced
binding with mutant BTRC (Fig. 5D-E). In agreement with previous observations, we found that
BTRC only binds to the phosphorylated form of B-catenin [37]. This suggests that the number
of complexes is strongly dependent on the availability of BTRC protein, which is significantly
reduced due to splice site mutation. Thus, our results indicate that the BTRC splice site mutation
causes exon skipping in BTRC isoforms and reduces translational efficiency of the resulting
protein product. This, in turn, decreases the amount of ligase complexes that are available for
[B-catenin ubiquitination. We hypothesize that this may lead to impaired degradation of B-catenin,
its cellular accumulation and upregulation of Wnt signaling as a result of this ASD risk mutation.

Further studies are needed to test this hypothesis.
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3 Discussion

One of the greatest bottlenecks in the analysis of large-scale whole genome sequencing
and whole exome sequencing brain development data, and its integration into knowledge re-
garding the pathogenesis of complex neurodevelopmental disorders such as ASD, is our lack of
understanding of the transcriptional and translational mechanisms governing brain development.
Given such a high amount of alternative splicing events and regulation thereof, knowledge and
understanding of these underlying molecular mechanisms is paramount to the analysis of compli-
cated neurodevelopmental disorders, which would pave the way for better therapeutics of those at
risk [11, 12].

Previous studies demonstrated that the integration of genetic data with isoform-level
co-expression and/or protein interaction networks is able to capture molecular mechanisms of
disease that could not be inferred from the gene-level analyses [24, 26]. The importance of the
isoform-level networks is further emphasized by our recent observation that protein products
encoded by different splicing isoforms of the same gene share less than half of their interacting
partners [23]. Thus, gene-level resolution is not sufficient to precisely map molecular networks
dysregulated by genetic mutations in human diseases. Here, we analyzed the isoform-level
transcriptome of the developing human brain to gain insights into neurodevelopmental disorders
like ASD.

We first observed distinct forms of dysregulation across neurodevelopment when con-

sidering genomic features quantified either at the gene level or the isoform level (Fig. 1A).
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Isoform-level quantification and differential expression results that did not overlap with gene-level
analyses revealed distinct neurodevelopmental pathways, such as neuron projection development
and more generally central nervous system development, that were not discernable at the gene
resolution. This indicates that we were able to identify distinct groups of alternatively spliced
isoforms that are likely to be essential to neurodevelopment through isoform-level resolution, and
thus solely gene-level resolution analysis is not sufficient to fully capture the temporal dynamics
of neurodevelopment (Fig. 1D).

Application of this concept of higher resolution isoform-level analysis relative to gene
analysis allowed us to discern distinct alternatively spliced protein-coding isoforms of ASD
risk genes that are a) significantly more highly expressed prenatally (Fig. 2A) and b) have
distinct expression profiles relative to their sibling protein-coding isoforms (Fig. 2D). PTK7 is
one example of one such ASD risk gene with isoforms differentially impacted by rare de novo
ASD variants. PTK7 is a tyrosine-protein kinase and is involved in both the non-canonical and
canonical Wnt signaling pathways and is has a role in embryogenesis and angiogenesis [40, 41].
Two of the protein-coding isoforms transcribed by PTK7 were found to “switch” expression
profiles; one impacted isoform is relatively more highly expressed prenatally and decreases in
expression across time, while another unimpacted isoform is lowly expressed prenatally and
increases in expression and peaks in developmental period 10 (early childhood). This switch in
expression between differentially impacted sibling isoforms, implies the relative importance of
each isoform in the temporal context. Since PTK7 is previously described as a player in the Wnt
signaling pathway and embryogenesis, the impacted isoform that is highly expressed prenatally
is likely the more relevant isoform in embryonic development and should be a focus of further
study as compared to the other alternatively spliced protein-coding isoforms.

We find similar patterns in KMT2C and MBDS5. Both of these high-risk ASD genes exhibit
similar isoform patterns as PTK7, with higher relative expression in prenatal developmental

periods and lower expression later. The dynamically expressed isoforms of these three genes
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are expressed in radically different patterns as compared to the other 23 ASD genes identified
as differentially impacted distinct DEI; therefore, it is likely that these genes (and these specific
isoforms) are important specifically in prenatal neurodevelopment.

Through tandem co-expression network analysis utilizing both levels of quantification,
we found the isoform-level networks essentially recapitulate the information provided by the
gene-level co-expression modules given evidence by module eigengene hierarchical clustering
and gene list enrichment analysis (Fig. 3A). Module-trait associations provide insights as to the
biological pathways represented in each developmental period (Fig. 3A, middle). By enriching
the co-expression modules for the biological processes and associating these modules with
each developmental period, we can indirectly link those biological processes to each time point.
Modules gM4, iM35, iM7, and iM38 most closely associated with P7 (late fetal to neonatal ages).
Module gM4 was heavily characterized as a circulatory system development and blood vessel
development. Naturally, its isoform module partner, iM35, was also enriched for terms related to
angiogenesis. The next most closely clustered module, iM7, was heavily enriched for synaptic
signaling related processes, and iM38, the next clustered module, was enriched for extracellular
matrix organization. Furthermore, these modules are enriched in markers for endothelial cells and
glial cells (Fig. 3C, bottom), indicating that these modules are very likely to be representative of
the previously studied development of the blood-brain barrier and neuronal and glial/endothelial
interactions during late-fetal and neonatal developmental periods [17, 42, 43, 44, 45, 46].

Further, impact analysis revealed modules predicted to be significant in the context of
autism spectrum disorder: gM1, iM1, and iM30. We found that these significantly impacted
modules were enriched for features related to splicing and synapse structure, which is to be
expected given the brain tissue context and impact by rare de novo ASD variants (Fig. 4C,
Fig. 4D). Even further, by overlaying gene-level PPIs with the gM1 and iM1 co-expression
networks, we identify several ASD risk genes transcribing differentially impacted isoforms.

These isoforms exhibited greater co-expression with the gene-level protein interacting partners
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relative to unaffected sibling isoforms, highlighting the relative importance of the specifically
impacted alternatively spliced isoforms. Thus, by combining gene-level and isoform-level
expression results we find specific signal for this disorder context, and more so than just using a
gene-level analysis.

The investigation of the impact of the de novo splice site mutations in four genes important
in neurodevelopment demonstrated exon skipping and disruption of normal splicing pattern.
However, a more detailed analysis at the isoform-level suggested that not all isoforms could be
affected by mutations. For example, at least one known isoform of BTRC does not carry an exon
with the de novo mutation, and therefore is not expected to be impacted by this mutation (Fig.
SA, Fig. 5C). We also demonstrate that BTRC mutation decreases translational efficiency of the
impacted isoforms, since lower amount of the resulting protein is observed (Fig. 5D). This, in
turn, leads to reduced interaction between BTRC and its protein partners, potentially disrupting
Wht signaling (Fig. SE). Since B-catenin is a substrate of the BTRC-Cull-Skp1 ubiquitin ligase
complex, the shortage of this complex may lead to impaired ubiquitination and degradation of
-catenin and its neuronal accumulation. Interestingly, transgenic mice overexpressing [3-catenin
have enlarged forebrains, arrest of neuronal migration and dramatic disorganization of the layering
of the cerebral cortex [47]. It would be interesting to investigate whether the patient carrying the
de novo BTRC splice site mutation has similar brain abnormalities.

Typically, mutations affecting essential splice sites are automatically classified as loss of
function mutations when considering gene-level analyses. Here, we demonstrate that this is not
always the case, and that splice site mutation affecting one isoform of the gene may serve as a
missense mutation in another isoform that carries a longer exon spanning the splice site, like in
the case of CELF?2 (Fig. 4D). Thus, depending on where, when, at what level and which isoform
of the gene is expressed, the functional impact of the same mutation may differ dramatically. In
addition, the mutation could also be “silent” if the isoform is highly expressed but does not carry

an exon affected by a specific mutation. This suggests that the impact of mutations should be
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investigated at the isoform-level rather than the gene-level resolution, and expression levels of
splicing isoforms in disease-relevant tissues should be taken into consideration to better guide
hypotheses regarding potential mechanisms of the disease and its future treatments.

Typically, mutations affecting essential splice sites are automatically classified as loss of
function mutations when considering gene-level analyses. Here, we demonstrate that this is not
always the case, and that splice site mutation affecting one isoform of the gene may serve as a
missense mutation in another isoform that carries a longer exon spanning the splice site, like in
the case of CELF?2 (Fig. 4D). Thus, depending on where, when, at what level and which isoform
of the gene is expressed, the functional impact of the same mutation may differ dramatically. In
addition, the mutation could also be “silent” if the isoform is highly expressed but does not carry
an exon affected by a specific mutation. This suggests that the impact of mutations should be
investigated at the isoform-level rather than the gene-level resolution, and expression levels of
splicing isoforms in disease-relevant tissues should be taken into consideration to better guide

hypotheses regarding potential mechanisms of the disease and its future treatments.

18



4 Materials and Methods

Throughout this analysis, R version 3.6.0 was used. Downstream bioinformatics analysis

is outlined in Supplementary Figure 1A.

Preprocessing of RNA-Seq data

RNA-Seq quantification data at both gene and isoform levels was obtained from the
BrainSpan Atlas of the Developing Human Brain [48, 25, 49] (Supplementary Figure 1B). This
data was sequenced from post-mortem brain tissue from 57 donors aged between 8 weeks post-
conception to 40 years, across a number of different brain regions, for a total of 606 initial
samples. This data was processed as previously described [17]; to summarize, data was aligned
with STAR (v2.4.2a) [50] and quantified RSEM (v1.2.29) [51] using the GRCH37.p13 human
reference genome, resulting in counts and TPM matrices for both datasets. These matrices were
filtered for features with TPM ;= 0.1 in at least 25% of samples in both datasets.

Sample connectivity analysis was performed to detect sample outliers as previously
described [52]. In brief, biweight midcorrelation was calculated among sample expression vectors
in both the expression-filtered gene-level and expression-filtered isoform-level datasets. These
values were converted into connectivity Z-scores. 55 samples were identified as having sample
connectivity Z-scores j= -2 and were removed from downstream analysis, resulting in 551 final

samples.
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Surrogate variable analysis was performed to remove latent batch effects in the data,
taking into consideration age, brain region, sex, ethnicity, and study site [53, 54]. The number
of surrogate variables was chosen to minimize apparent batch effects while avoiding overfitting
based on evidence from principal components analysis and relative log expression (Supplemental
Figures 2 — 5). 16 surrogate variables were found to be sufficient for downstream analysis of both

gene and isoform data.

Validation of isoform expression with qPCR

Computationally assigned BrainSpan values were compared against relative isoform
expression of 14 genes from independent brain samples quantified with qPCR. (Supplementary
Table 1, Supplementary Figure 6). RNA from a frontal lobe tissue sample of a 22 weeks old
female (fetal brain), and RNA from cerebral cortex tissue sample of a 27 years old female (adult
brain) (AMSBIO, UK), corresponding to P06 (late mid-fetal) and P12 (young adult) in the
BrainSpan data, was used. The BrainSpan isoform expression data was then compared to the
gqPCR experimental expression results as described below.

Multi-isoform genes carrying at least two isoforms that are expressed during P6 and P9
periods were selected. To select the genes, the following criteria were used: (1) computationally
assigned expression differences between two isoforms had to be at least 2-fold; (2) to ensure
that isoforms are expressed within the detection limits, the expression of one isoform had to
be ;=40 TPM, while the expression of the other isoform had to be ;= 10 TPM. 14 genes were
randomly selected from the ones that passed these criteria to test by gPCR from independent
samples. Primers were designed using exon-exon junctions specific for each of the selected
isoforms. 3 ug of RNA using SuperScript II Kit (Invitrogen) were reverse transcribed to cDNA,
following manufacturer’s instructions. Then, the cDNA was diluted ten times to use as a template

for the gPCR reaction. SYBR Green II Master Mix (Invitrogen) was used for the qPCR reaction,
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performed in a CFX Connect 96X Thermal Cycler, using standard parameters for SYBR Green.
Relative expression between each isoform in the two samples was calculated by normalizing
each expression value against two housekeeping genes (RPL28 and MRSP36) as control using
QIAGEN control primers, and AAt method was applied using the CFX Manager Software.
Comparison of the directionality of these relative expressions against the BrainSpan expressions

resulted in positive correlation (Supplementary Figure 6).

Differential expression analysis

Differential expression analysis of gene and isoform counts data was performed using the
limma (v3.40.6) R package [55]. The limma package performs differential expression analysis by
fitting a linear model to each feature (gene or isoform) expression vector. Parametric empirical
Bayes is used to incorporate expression variabilities among all tests for estimation of common
feature variance and increasing statistical power. Relevant covariates and surrogate variables were
included in the linear model as fixed effects. The duplicateCorrelation function of the package
was used to fit the donor identifier as a random effect for the blocking variable in the model,
estimating a linear mixed effect model, to account for the nested expression measurements from
individual regions measurements per donor [55]. Significantly differentially expressed features

were defined as features with an absolute fold change > 1.5 and FDR-adjusted p-value < 0.05.

Cell type and literature curated lists enrichment analyses

Fisher-exact tests were performed on gene lists and isoform lists (converted to gene
identifiers) against curated gene lists: Mutationally Constraint Genes (Mut. Const. Genes) [56],
FMRP Target genes [57], high risk ASD genes (Satterstrom ASD) [22], CHDS Target genes [58],

synaptic genes (Synaptome DB) [59], genes intolerant to mutations (pLI1099) [60], Syndromic
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and rank 1 and 2 ASd risk genes (SFARISyndromicRisk12) (https://gene.sfari.org/). Cell types

were extracted from two recent single cell sequencing studies [61, 62].

Gene set enrichment analysis

Gene set enrichment analysis was performed using the gprofiler2 v0.1.5 R package [63].
Ensembl gene identifiers (or transcript identifiers converted to gene identifiers) were enriched
for Gene Ontology: Biological Processes and Gene Ontology: Molecular Functions terms.
Enrichment p-values were adjusted for multiple hypothesis testing with Benjamini-Hochberg

FDR, and overly general terms (i.e., terms with more than 1000 members) were removed.

Rare de novo ASD loss of function variants

Rare de novo variant data was downloaded from [22], and was processed using Ensembl’s
Variant Effect Predictor v96 tool using human genome version GRCh37 to annotate variants for
predicted functional consequences [64]. Loss of function consequences were defined as variants
impacting essential splice donor/acceptor sites, frameshift insertions and deletions, predicted start

losses, and predicted stop gains.

Weighted co-expression network construction

Co-expression networks were constructed using the WGCNA (v1.68) R package [28].
All relevant covariates and surrogate variables were first regressed out of both gene and isoform
expression sets using linear mixed effects models. Each transformed expression matrix was then
tested for scale-free topology to estimate a soft thresholding power (2 for the gene co-expression

network and 3 for the isoform co-expression network), and each signed network was constructed

22



blockwise, using a single block for the gene data and three blocks for the isoform data using

deepSplit=2 and minModuleSize=20 for module detection in both networks.

Co-expression module characterization

Module eigengene-developmental period association analysis was performed using linear
mixed effects models considering the previously stated fixed effects and random donor effects
to account for multiple, unpaired brain region samples per donor. Enrichment of each module
was performed using Fisher-exact tests against curated gene lists; isoform module members were
converted to parent gene identifiers for this purpose. Gene set functional enrichment analysis for
Gene Ontology terms was performed using Ensembl gene/isoform identifier queries with inputs

ordered by module membership (kME).

Co-expression module variant impact analysis

Co-expression modules were measured for their rate of module member impact by distinct
rare de novo loss of function variants. Given that modules with isoforms or genes that cover
more positions in the genome are more likely to be impacted by any given genomic variant, we
first calculated the genomic coverage of the module members. We then measured the number
of ASD case variants and control variants that impact each module, normalized by this module
genomic coverage in kilobases. These values were finally scaled by the total number of variants
analyzed, and further scaled by a factor of 1,000,000. Differences in impact rates between cases
and controls for each module were tested with permutation tests. 1000 iterations of module
member resampling were performed, selecting based on similar feature GC content and feature

length (+/- 10% for each attribute) (Supplementary Table 12).
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Protein-protein interaction network overlay with co-expression
modules

Gene-level PPI network data was manually curated, filtering for physical interactions and
co-complex associations, from HuRI [23], Bioplex [65], HPRD [66], Inweb [67], HINT [68],
BioGRID [69], GeneMANIA [70], STRING [71], and CORUM [72].

Gene co-expression module 1 and isoform co-expression module 1 were filtered for edges
supported by the gene-level PPI; edges among isoforms were retained if the transcribing gene
connection was supported by a PPI edge. Networks were then filtered for the top 10% of edges

by Pearson correlation coefficient and singletons were removed.

Minigenes cloning

Five genes (SNC2A, DYRKIA, CELF2, DLG2, and BTRC) were selected that were
impacted by variants expressed by patients with autism spectrum disorder or schizophrenia for
the experiments. The exons of these genes that are likely impacted by splice site mutations were
cloned, together with the 1kb of their flanking intronic sequence. The constructs were cloned into
pDESTSplice exon trapping expression vector [73]. The site-directed mutagenesis by two-step
stich PCR was performed to introduce the mutation affecting the splice site.

The minigenes were generated by PCR-amplifying the desired sequences from genomic
DNA (Clontech). Primers were designed for each minigene, and attB sites were added at the 5’
end of the primers. The sequences of the primers were as follows: (1) SCN2A; Fw: GGAAGC-
TATGTTTAGCCAGGATACATTTGG, Rv: CCAGATGATGTCCCCTCCCTACATAGTCC:; (2)
DYRKIA: Fw: GTTGGGAAAATTTCCCCCTATTTAAGC, Rv: CCCAGAGGCTTAATAAAG-
TATGGACC; (3) CELF2: Fw: GGAGTTGGAATGACAGACGTTCACATGC, Rv: CCGCT-
GTGGGCTGAGGATCAGTTTCC; (4) DLG2: Fw: GAGGTTCAGAGACATTCAATTCCC,
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Rv: CTTGATGCTGTCCAGATAATGC; (5) BTRC: Fw: GGGCCTCAGAATGACACAGTACG,
Rv: GAACTTGCGTTTCTTGTTTTTGCC. After PCR amplification, amplicons were loaded
in a 1% low EEO agarose gel (G-BioSciences) and purified using the QIAquick Gel Extraction
Kit (QIAGEN) following manufacturer’s instructions. Purified amplicons were subcloned into
pDON223.1 expression vector using the BP-Gateway System (Invitrogen). At least six different
clones for each minigene were sequenced to verify correct sequences of the minigenes. The
clone with the desired sequence and highest DNA concentration was used for subcloning into the

pDESTSplice expression vector (Addgene) using the LR-Gateway System (Invitrogen).

Co-Immunoprecipitation and Western Blot

HeLa cells were harvested and rinsed once with ice-cold 1xPBS, pH 7.2, and lysed in
immunoprecipitation lysis buffer (20 mM Tris, pH 7.4, 140 mM NaCl, 10% glycerol, and 1%
Triton X-100) supplemented with 1XEDTA-free complete protease inhibitor mixture (Roche) and
phosphatase inhibitor cocktails-III (Sigma Aldrich). The cells were centrifuged at 16,000xg at
4°C for 30min, and the supernatants were collected. Protein concentration was quantified by
modified Lowry assay (DC protein assay; Bio- Rad). The cell lysates were resolved by SDS-
PAGE and transferred onto PVDF Immobilon-P membranes (Millipore). After blocking with
5% nonfat dry milk in TBS containing 0.1% Tween 20 for 1hr at room temperature, membranes
were probed overnight with the appropriate primary antibodies. They were then incubated for 1h
with the species-specific peroxidase-conjugated secondary antibody. Membranes were developed
using the Pierce-ECL Western Blotting Substrate Kit (Thermo Scientific).

For immunoprecipitation experiments, samples were lysed and quantified as described
above. Then, 3 mg of total protein was diluted with immunoprecipitation buffer to achieve a
concentration of 3 mg/ml. A total of 30ul of anti-V5-magnetic beads-coupled antibody (MBL)

was added to each sample and incubated for 4h at 4°C in tube rotator. Beads were then washed
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twice with immunoprecipitation buffer and three more times with ice cold 1xPBS. The proteins
were then eluted with 40ul of 2xLaemli buffer. After a short spin, supernatants were carefully
removed, and SDS-PAGE was performed. The following primary antibodies were used: anti-V5
(1:1000; Invitrogen), anti-B-catenin (1:1000; Abcam), anti-p-Bcatenin (1:1000; Cell Signaling),
anti-Cull (1:1000; Abcam), anti-SKP1 (1:1000; Cell Signaling), and anti-Bactin (1:10000;

Thermo Scientific).
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Figure 1: Differential expression analysis of gene and isoform quantification data. A) Frequency
of significant differential expression results at gene-level and isoform-level (summarized to
distinct gene parents). B) Effect size (absolute log2 fold change) distribution using total DE
results (top) or DE per developmental period contrast (bottom). Average absolute effect sizes
for gene data and isoform data are marked by colored vertical lines and differences were
tested with two-sample T-tests (*FDR ; 0.05). C) Fisher-exact test of enrichment of genes
differentially expressed specifically using isoform-level quantifications versus genes specifically
differentially expressed with gene-level quantifications. D) Functional enrichment analysis of
features specifically DE in either dataset from selected comparisons shows higher signals for
nervous system related processes specifically in isoform-level analysis and not with gene-level

analysis.
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Figure 2: Rare de novo ASD loss of function variants. A) Mean isoform TPM expressions
of isoforms impacted by rare de novo ASD LoF variants (ASD LoF) were compared to those
of control targets (Control LoF) and non-impacted isoforms (Non-impacted by ASD LoF).
B) Proportion of protein-coding isoforms of high-risk ASD genes, specifically differentially
expressed at isoform level, either impacted or not impacted by rare de novo ASD LoF variants.
C) Ward hierarchical clustering of isoforms from B) and heatmap of average expression per de-
velopmental period per isoform. D) Schematic of definition of alternatively regulated microexon
(left), along with proportions of isoforms carrying microexons (right), stratified by impact status.
E) Selected expression profiles show high variability of sibling isoform expressions transcribed
from high-risk ASD genes, and these isoforms tend to be more highly expressed prenatally.
*P < 0.1, %% P <0.05,%xxP < 0.01
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Figure 3: Gene and isoform co-expression modules reflect distinct signals in neurodevelopment.
A) Modules clustered by module eigengene (top); module eigengene-developmental period
associations measured by linear mixed effect model beta coefficients (middle); Fisher-exact en-
richment tests against cell-type and literature-curated gene lists (bottom). B) Module eigengene
expression profiles of modules most significantly associated with each cell type: Astrocytes,
iM25; Oligodendrocytes, iM6; Microglia, iM36; NPCs, iM10; Excitatory neurons, iM2; In-
terneurons, iM17. C) Normalized module impact rate, per module and per status. Modules
were selected based on significantly higher impact rate by ASD cases as compared to controls
(permutation test, 1000 permutations, FDR < 0.05). D) Functional enrichment for significantly
impacted modules shows overrepresentation of processes related to DNA metabolic processes,
RNA splicing, synapse structure and synapse organization. E) Gene-level PPIs overlaid onto
gM1 and iM1, after filtering for direct connections between ASD risk features and ASD LoF
features and retaining edges in the top 10% of Pearson correlation coefficients; both ASD LoF
and Non-impacted by ASD LoF isoforms are shown for ASD risk genes, whereas only ASD LoF
isoforms are shown for non-risk genes. Module iM1 shows differential connectivity strengths
among sibling isoforms, and impacted isoforms show higher PCCs through gene-level PPIs
relative to unaffected sibling isoforms. ASD risk genes with differentially impacted isoforms
are highlighted in turquoise.
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Figure 4: Functional effect of the de novo splice site mutations from the patients with neurode-
velopmental diseases. Minigene assays demonstrate the effect of splice site mutations in four
genes. (A) SCN2A; (B) DYRKIA; (C) DLG2; and (D) CELF?2. Schematic representation of the
cloned minigenes, the expected splicing patterns, and the impact of the mutations are shown
below the gel image. Numbers denote base pairs; M: molecular marker; E: exon. E) Expression
profiles of the brain-expressed isoforms transcribed by these four genes, annotated with module
memberships; highly overlapping expression profiles are unlabeled for readability.
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Figure 5: The de novo autism splice site mutation causes exon skipping in BTRC isoforms
and reduces their translational efficiency. A) The exon structure of three splicing isoforms of
the BTRC gene showing positions of the cloned abridged introns and the splice site mutation;
numbers denote base pairs; B) Minigene assays demonstrate exon 4 skipping as a result of
the splice site mutation. The assays show the RT-PCR results performed using total RNA
from HeLa cells transfected with BTRC minigene constructs; numbers denote base pairs; C)
Splicing assays with the full-length constructs carrying abridged introns confirm exon skipping
observed in the minigene assays; D) Immunoblotting (IB) from the whole cell lysates of HeLa
cells transfected with different BTRC minigene constructs and an empty vector, as indicated.
Membranes were probed to observe BTRC overexpression, and to investigate expression of
p-B-catenin, Cull and SKPI. P-actin was used as loading control. Immunoprecipitation
was performed with the antibody recognizing V5-tag and proteins were detected by IB with
the p-B-catenin, Cull, SKPI and VS5 antibodies. The splice site mutation causes reduced
translational efficiency of both BTRC_1Mut and BTRC_1Mut mutant isoforms as compared to
their wild type counterparts; E) Quantification of protein pull-downs with V5-IP using Image]
software. The band intensity values were normalized to WT expression levels. Error bars
represent 95% confidence intervals (CI) based on 3 independent experiments. On average, 40%
reduction of BTRC protein expression is observed as a result of a mutation. Consequently, the
reduction of the corresponding BTRC binding partners (p-f-catenin, Cull, and SKP1) is also
observed. F) Expression profiles of brain-expressed BTRC isoforms show higher expression of
ASD-impacted BTRC-001 and BTRC-002. Numbers denote base pairs (A, B, C) or kDa (D).
*P < 0.05,%x P <0.01,%*x*xP <0.001.
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Supplementary Figure 1: RNA-Seq data was obtained from BrainSpan. A) Schematic of
bioinformatics analysis of BrainSpan data: Beginning with gene and isoform quantifications
downloaded from BrainSpan, features were filtered based on TPM. Outlier samples were detected
and removed. Surrogate Variable Analysis was performed to account for latent batch effects.
Temporal differential expression was performed on both datasets. WGCNA co-expression
networks were created and analyzed on both datasets. Whole exome sequencing data was
filtered for LoF variants and mapped to features. B) Initial samples were divided into distinct
developmental periods.
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Supplementary Figure 2: Principal components analysis of transformed gene quantifications.
Gene expression data was transformed through regression of relevant covariates (age, brain
region, gender, ethnicity, study site, surrogate variables) for each count of surrogate variables
analyzed to determine the appropriate number of surrogate variables.

37

Prenatal
Postnatal



400

200

-200

400
200 Period
2
3
0 4
5
6
-200 7
o 8
O 9
Q. 400 10
11
12
200 13
0
Prenatal

_200 Postnatal

400

200

—-200

-200-100 0 100 200 -200-100 O 100 200 -200-100 O 100 200 -200-100 O 100 200 -200-100 O 100 200
PC1

Supplementary Figure 3: Principal components analysis of transformed isoform quantifica-
tions. Isoform expression data was transformed through regression of relevant covariates (age,
brain region, gender, ethnicity, study site, surrogate variables) for each count of surrogate
variables analyzed to determine the appropriate number of surrogate variables.
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Supplementary Figure 4: Relative log expression analysis of transformed gene quantifications.
Gene relative log expressions were calculated, per sample, to find moment of relative log
expression stability in surrogate variable selection.
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Supplementary Figure 5: Relative log expression analysis of transformed isoform quantifica-
tions. Isoform relative log expressions were calculated, per sample, to find moment of relative
log expression stability in surrogate variable selection.
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Supplementary Figure 6: Comparison of relative expression from qPCR and BrainSpan. Age-
and gender-matched samples were compared for the isoforms of 14 genes; positive Pearson
correlation was found for the sign of relative expressions.
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This thesis, in full, is currently being prepared for submission for publication of the
material. Chau, Kevin K.; Zhang, Pan; Urresti, Jorge; Amar, Megha; Pramod, Akula Bala;
Corominas, Roser; Lin, Guan Ning; Iakoucheva, Lilia M. The thesis author was the primary

investigator and author of this material.

42



Bibliography

[1]

[2]

[3]

[4]

[5]

Eric T. Wang, Rickard Sandberg, Shujun Luo, Irina Khrebtukova, Lu Zhang, Christine Mayr,
Stephen F. Kingsmore, Gary P. Schroth, and Christopher B. Burge. Alternative isoform
regulation in human tissue transcriptomes. Nature, 456(7221):470-476, 2008.

Qun Pan, Ofer Shai, Leo J. Lee, Brendan J. Frey, and Benjamin J. Blencowe. Deep
surveying of alternative splicing complexity in the human transcriptome by high-throughput
sequencing. Nature Genetics, 40(12):1413-1415, 2008.

Tamara Steijger, Josep F. Abril, Par G. Engstrom, Felix Kokocinski, Martin Akerman,
Tyler Alioto, Giovanna Ambrosini, Stylianos E. Antonarakis, Jonas Behr, Paul Bertone,
Regina Bohnert, Philipp Bucher, Nicole Cloonan, Thomas Derrien, Sarah Djebali, Jiang
Du, Sandrine Dudoit, Mark Gerstein, Thomas R. Gingeras, David Gonzalez, Sean M.
Grimmond, Roderic Guigd, Lukas Habegger, Jennifer Harrow, Tim J. Hubbard, Christian
Iseli, Géraldine Jean, André Kahles, Julien Lagarde, Jing Leng, Gregory Lefebvre, Suzanna
Lewis, Ali Mortazavi, Peter Niermann, Gunnar Ritsch, Alexandre Reymond, Paolo Ribeca,
Hugues Richard, Jacques Rougemont, Joel Rozowsky, Michael Sammeth, Andrea Sboner,
Marcel H. Schulz, Steven M.J. Searle, Naryttza Diaz Solorzano, Victor Solovyev, Mario
Stanke, Brian J. Stevenson, Heinz Stockinger, Armand Valsesia, David Weese, Simon White,
Barbara J. Wold, Jie Wu, Thomas D. Wu, Georg Zeller, Daniel Zerbino, and Michael Q.
Zhang. Assessment of transcript reconstruction methods for RNA-seq. Nature Methods,
2013.

Cole Trapnell, Brian A. Williams, Geo Pertea, Ali Mortazavi, Gordon Kwan, Marijke J. Van
Baren, Steven L. Salzberg, Barbara J. Wold, and Lior Pachter. Transcript assembly and
quantification by RNA-Seq reveals unannotated transcripts and isoform switching during
cell differentiation. Nature Biotechnology, 28(5):511-515, 2010.

Nuno L. Barbosa-Morais, Manuel Irimia, Qun Pan, Hui Y. Xiong, Serge Gueroussov, Leo J.
Lee, Valentina Slobodeniuc, Claudia Kutter, Stephen Watt, Recep Colak, Tae Hyung Kim,
Christine M. Misquitta-Ali, Michael D. Wilson, Philip M. Kim, Duncan T. Odom, Brendan J.
Frey, and Benjamin J. Blencowe. The evolutionary landscape of alternative splicing in
vertebrate species. Science, 338(6114):1587-1593, dec 2012.

43



[6] Darshan Sapkota, Allison M. Lake, Wei Yang, Chengran Yang, Hendrik Wesseling, Amanda
Guise, Ceren Uncu, Jasbir S. Dalal, Andrew W. Kraft, Jin Moo Lee, Mark S. Sands, Judith A.
Steen, and Joseph D. Dougherty. Cell-Type-Specific Profiling of Alternative Translation
Identifies Regulated Protein Isoform Variation in the Mouse Brain. Cell Reports, 2019.

[7] Alex K. Shalek, Rahul Satija, Xian Adiconis, Rona S. Gertner, Jellert T. Gaublomme,
Raktima Raychowdhury, Schraga Schwartz, Nir Yosef, Christine Malboeuf, Diana Lu,
John J. Trombetta, Dave Gennert, Andreas Gnirke, Alon Goren, Nir Hacohen, Joshua Z.
Levin, Hongkun Park, and Aviv Regev. Single-cell transcriptomics reveals bimodality in
expression and splicing in immune cells. Nature, 498(7453):236-240, 2013.

[8] Auinash Kalsotra and Thomas A. Cooper. Functional consequences of developmentally
regulated alternative splicing, 2011.

[9] Gene Yeo, Dirk Holste, Gabriel Kreiman, and Christopher B Burge. Variation in alternative
splicing across human tissues. Genome Biology, 5(10):R74, 2004.

[10] John A. Calarco, Mei Zhen, and Benjamin J. Blencowe. Networking in a global world:
Establishing functional connections between neural splicing regulators and their target
transcripts, 2011.

[11] Marta Melé, Pedro G. Ferreira, Ferran Reverter, David S. DeLuca, Jean Monlong, Michael
Sammeth, Taylor R. Young, Jakob M. Goldmann, Dmitri D. Pervouchine, Timothy J.
Sullivan, Rory Johnson, Ayellet V. Segre, Sarah Djebali, Anastasia Niarchou, Fred A.
Wright, Tuuli Lappalainen, Miquel Calvo, Gad Getz, Emmanouil T. Dermitzakis, Kristin G.
Ardlie, and Roderic Guigé. The human transcriptome across tissues and individuals. Science,
2015.

[12] Bushra Raj and Benjamin J. Blencowe. Alternative Splicing in the Mammalian Nervous
System: Recent Insights into Mechanisms and Functional Roles, 2015.

[13] Qin Li, Ji Ann Lee, and Douglas L. Black. Neuronal regulation of alternative pre-mRNA
splicing, 2007.

[14] Kee K. Kim, Joseph Nam, Yoh Suke Mukouyama, and Sachiyo Kawamoto. Rbfox3-
regulated alternative splicing of Numb promotes neuronal differentiation during develop-
ment. Journal of Cell Biology, 2013.

[15] Paula Grabowski. Alternative splicing takes shape during neuronal development, 2011.

[16] Neelroop N. Parikshak, Vivek Swarup, T. Grant Belgard, Manuel Irimia, Gokul Ramaswami,
Michael J. Gandal, Christopher Hartl, Virpi Leppa, Luis De La Torre Ubieta, Jerry Huang,
Jennifer K. Lowe, Benjamin J. Blencowe, Steve Horvath, and Daniel H. Geschwind.
Genome-wide changes in IncRNA, splicing, and regional gene expression patterns in autism.
Nature, 2016.

44



[17]

[18]

Michael J. Gandal, Pan Zhang, Evi Hadjimichael, Rebecca L. Walker, Chao Chen, Shuang
Liu, Hyejung Won, Harm Van Bakel, Merina Varghese, Yongjun Wang, Annie W. Shieh,
Jillian Haney, Sepideh Parhami, Judson Belmont, Minsoo Kim, Patricia Moran Losada,
Zenab Khan, Justyna Mleczko, Yan Xia, Rujia Dai, Daifeng Wang, Yucheng T. Yang, Min
Xu, Kenneth Fish, Patrick R. Hof, Jonathan Warrell, Dominic Fitzgerald, Kevin White,
Andrew E. Jaffe, Mette A. Peters, Mark Gerstein, Chunyu Liu, Lilia M. Iakoucheva, Dalila
Pinto, and Daniel H. Geschwind. Transcriptome-wide isoform-level dysregulation in ASD,
schizophrenia, and bipolar disorder. Science, 2018.

Mingfeng Li, Gabriel Santpere, Yuka Imamura Kawasawa, Oleg V. Evgrafov, Forrest O.
Gulden, Sirisha Pochareddy, Susan M. Sunkin, Zhen Li, Yurae Shin, Ying Zhu, André M.M.
Sousa, Donna M. Werling, Robert R. Kitchen, Hyo Jung Kang, Mihovil Pletikos, Jinmyung
Choi, Sydney Muchnik, Xuming Xu, Daifeng Wang, Belen Lorente-Galdos, Shuang Liu,
Paola Giusti-Rodriguez, Hyejung Won, Christiaan A. De Leeuw, Antonio F. Pardifas,
M. A. Reimers, A. J. Willsey, A. Oldre, A. Szafer, A. Camarena, A. Cherskov, A. W.
Charney, A. Abyzov, A. Kozlenkov, A. Safi, A. R. Jones, AE Ashley-Koch, A. Ebbert,
A.J. Price, A. Sekijima, A. Kefi, A. Bernard, A. Amiri, A. Sboner, A. Clark, A. E. Jaffe,
A. T.N. Tebbenkamp, A. J. Sodt, AL Guillozet-Bongaarts, A. C. Nairn, A. Carey, A. Huttner,
A. Chervenak, A. Szekely, A. W. Shieh, A. Harmanci, B. K. Lipska, B. C. Carlyle, B. W.
Gregor, B. S. Kassim, B. Sheppard, C. Bichsel, C. G. Hahn, C. K. Lee, C. Chen, C. L. Kuan,
C. Dang, C. Lau, C. Cuhaciyan, C. Armoskus, C. E. Mason, C. Liu, C. R. Slaughterbeck,
C. Bennet, D. Pinto, D. Polioudakis, D. Franjic, D. J. Miller, D. Bertagnolli, D. A. Lewis,
D. Feng, D. Sandman, D. Clarke, D. Williams, D. DelValle, D. Fitzgerald, E. H. Shen,
E. Flatow, E. Zharovsky, E. E. Burke, E. Olson, E. Fulfs, E. Mattei, E. Hadjimichael,
E. Deelman, F. C.P. Navarro, F. Wu, F. Lee, F. Cheng, F. S. Goes, F. M. Vaccarino, F. Liu,
G. E. Hoffman, G. Giirsoy, G. Gee, G. Mehta, G. Coppola, G. Giase, G. Sedmak, G. D.
Johnson, G. A. Wray, G. E. Crawford, G. Gu, H. van Bakel, H. Witt, H. J. Yoon, H. Pratt,
H. Zhao, 1. A. Glass, J. Huey, J. Arnold, J. P. Noonan, J. Bendl, J. M. Jochim, J. Goldy,
J. Herstein, J. R. Wiseman, J. A. Miller, J. Mariani, J. Stoll, J. Moore, J. Szatkiewicz, J. Leng,
J. Zhang, J. Parente, J. Rozowsky, J. F. Fullard, J. G. Hohmann, J. Morris, J. W. Phillips,
J. Warrell, J. H. Shin, J. Y. An, J. Belmont, J. Nyhus, J. Pendergraft, J. Bryois, K. Roll,
K. S. Grennan, K. Aiona, K. P. White, K. A. Aldinger, K. A. Smith, K. Girdhar, K. Brouner,
L. M. Mangravite, L. Brown, L. Collado-Torres, L. Cheng, L. Gourley, L. Song, L. T.
Ubieta, L. Habegger, L. Ng, M. E. Hauberg, M. Onorati, M. J. Webster, M. Kundakovic,
M. Skarica, M. B. Johnson, M. M. Chen, M. E. Garrett, M. Sarreal, M. Reding, M. Gu,
M. A. Peters, M. Fisher, M. J. Gandal, M. Purcaro, M. Smith, M. Brown, M. Shibata,
M. Xu, M. Yang, M. Ray, N. V. Shapovalova, N. Francoeur, N. Sjoquist, N. Mastan,
N. Kaur, N. Parikshak, N. F. Mosqueda, N. K. Ngo, N. Dee, N. A. Ivanov, O. Devillers,
P. Roussos, P. D. Parker, P. Manser, P. Wohnoutka, P. J. Farnham, P. Zandi, P. S. Emani,
R. A. Dalley, R. Mayani, R. Tao, R. Gittin, R. E. Straub, R. P. Lifton, R. Jacobov, R. E.
Howard, R. B. Park, R. Dai, S. Abramowicz, S. Akbarian, S. Schreiner, S. Ma, S. E. Parry,
S. Shapouri, S. Weissman, S. Caldejon, S. Mane, S. L. Ding, S. Scuderi, S. Dracheva,
S. Butler, S. N. Lisgo, S. K. Rhie, S. Lindsay, S. Datta, T. Souaiaia, T. Roychowdhury,

45



[19]

[20]

[21]

[22]

T. Gomez, T. Naluai-Cecchini, TG Beach, T. Goodman, T. Gao, T. A. Dolbeare, T. Fliss,
T. E. Reddy, T. Chen, T. Brunetti, T. A. Lemon, T. Desta, T. Borrman, V. Haroutunian,
V. N. Spitsyna, V. Swarup, X. Shi, Y. Jiang, Y. Xia, Y. H. Chen, Y. Wang, Y. Chae, Y. T.
Yang, Y. Kim, Z. L. Riley, Z. Krsnik, Z. Deng, Z. Weng, Z. Lin, Ming Hu, Fulai Jin, Yun
Li, Michael J. Owen, Michael C. O’Donovan, James T.R. Walters, Danielle Posthuma, Pat
Levitt, Daniel R. Weinberger, Thomas M. Hyde, Joel E. Kleinman, Daniel H. Geschwind,
Michael J. Hawrylycz, Matthew W. State, Stephan J. Sanders, Patrick F. Sullivan, Mark B.
Gerstein, Ed S. Lein, James A. Knowles, and Nenad Sestan. Integrative functional genomic
analysis of human brain development and neuropsychiatric risks. Science, 2018.

Neelroop N. Parikshak, Rui Luo, Alice Zhang, Hyejung Won, Jennifer K. Lowe, Vijayendran
Chandran, Steve Horvath, and Daniel H. Geschwind. Integrative functional genomic analyses
implicate specific molecular pathways and circuits in autism. Cell, 2013.

A. Jeremy Willsey, Stephan J. Sanders, Mingfeng Li, Shan Dong, Andrew T. Tebbenkamp,
Rebecca A. Muhle, Steven K. Reilly, Leon Lin, Sofia Fertuzinhos, Jeremy A. Miller,
Michael T. Murtha, Candace Bichsel, Wei Niu, Justin Cotney, A. Gulhan Ercan-Sencicek,
Jake Gockley, Abha R. Gupta, Wenqi Han, Xin He, Ellen J. Hoffman, Lambertus Klei,
Jing Lei, Wenzhong Liu, Li Liu, Cong Lu, Xuming Xu, Ying Zhu, Shrikant M. Mane,
Ed S. Lein, Liping Wei, James P. Noonan, Kathryn Roeder, Bernie Devlin, Nenad Sestan,
and Matthew W. State. Coexpression networks implicate human midfetal deep cortical
projection neurons in the pathogenesis of autism. Cell, 2013.

Guan Ning Lin, Roser Corominas, Irma Lemmens, Xinping Yang, Jan Tavernier, David E.
Hill, Marc Vidal, Jonathan Sebat, and Lilia M. Iakoucheva. Spatiotemporal 16p11.2 Protein
Network Implicates Cortical Late Mid-Fetal Brain Development and KCTD13-Cul3-RhoA
Pathway in Psychiatric Diseases. Neuron, 2015.

F. Kyle Satterstrom, Jack A. Kosmicki, Jiebiao Wang, Michael S Breen, Silvia De Rubeis,
Joon-Yong An, Minshi Peng, Ryan L. Collins, Jakob Grove, Lambertus Klei, Christine
Stevens, Jennifer Reichert, Maureen S. Mulhern, Mykyta Artomov, Sherif Gerges, Brooke
Sheppard, Xinyi Xu, Aparna Bhaduri, Utku Norman, Harrison Brand, Grace Schwartz,
Rachel Nguyen, Elizabeth E. Guerrero, Caroline Dias, Branko Aleksic, Mafalda Barbosa,
Somer Bishop, Alfredo Brusco, Jonas Bybjerg-Grauholm, Angel Carracedo, Marcus C. Y.
Chan, Andreas G. Chiocchetti, Brian H. Y. Chung, Hilary Coon, Michael L. Cuccaro, Aurora
Curr&ograve;, Bernardo Dalla Bernardina, Ryan Doan, Enrico Domenici, Chiara Fallerini,
Montserrat Fern&aacute;ndez-Prieto, Giovanni Battista Ferrero, Christine M. Freitag, Men-
achem Fromer, J. Jay Gargus, Elisa Giorgio, Javier Gonz&aacute;lez-Pe&ntilde;as, Stephen
Guter, Danielle Halpern, Emily Hansen-Kiss, Xin He, Gail E. Herman, Irva Hertz-Picciotto,
David M. Hougaard, Christina M. Hultman, Iuliana Ionita-Laza, Suma Jacob, Jesslyn Jami-
son, Astanand Jugessur, Miia Kaartinen, Gun Peggy Knudsen, Alexander Kolevzon, Itaru
Kushima, So Lun Lee, Terho Lehtim&auml;ki, Elaine T. Lim, Carla Lintas, W. Ian Lip-
kin, Diego Lopergolo, F&aacute;tima Lopes, Yunin Ludena, Patricia Maciel, Per Magnus,
Behrang Mahjani, Nell Maltman, Dara S. Manoach, Gal Meiri, [dan Menashe, Judith Miller,

46



[23]

[24]

[25]

Nancy Minshew, Eduarda Montenegro M. de Souza, Danielle Moreira, Eric M. Morrow,
Ole Mors, Preben Bo Mortensen, Matthew Mosconi, Pierandrea Muglia, Benjamin M.
Neale, Merete Nordentoft, Norio Ozaki, Aarno Palotie, Mara Parellada, Maria Rita Passos-
Bueno, Margaret Pericak-Vance, Antonio Persico, [saac Pessah, Kaija Puura, Abraham
Reichenberg, Alessandra Renieri, Evelise Riber, Elise B. Robinson, Kaitlin E. Samocha,
Sven Sandin, Susan L. Santangelo, Gerry Schellenberg, Stephen W. Scherer, Sabine Schlitt,
Rebecca Schmidt, Lauren Schmitt, Isabela Maya W. Silva, Tarjinder Singh, Paige M. Siper,
Moyra Smith, Gabriela Soares, Camilla Stoltenberg, P&aring;l Suren, Ezra Susser, John
Sweeney, Peter Szatmari, Flora Tassone, Karoline Teufel, Elisabetta Trabetti, Maria del
Pilar Trelles, Christopher Walsh, Lara Tang, Lauren A. Weiss, Thomas Werge, Donna
Werling, Emilie M. Wigdor, Emma Wilkinson, A. Jeremy Willsey, Tim Yu, Mullin H.C.
Yu, Ryan Yuen, Elaine Zachi, iPSYCH Consortium Group, Catalina Betancur, Edwin H.
Cook, Louise Gallagher, Michael Gill, James S. Sutcliffe, Audrey Thurm, Michael E. Zwick,
Anders D. B&oslash;rglum, Matthew W. State, A. Ercument Cicek, Michael E. Talkowski,
David J. Cutler, Bernie Devlin, Stephan J. Sanders, Kathryn Roeder, Mark J. Daly, and
Joseph Buxbaum. Large-Scale Exome Sequencing Study Implicates Both Developmental
and Functional Changes in the Neurobiology of Autism. SSRN Electronic Journal, may
2019.

Xinping Yang, Jasmin Coulombe-Huntington, Shuli Kang, Gloria M. Sheynkman, Tong
Hao, Aaron Richardson, Song Sun, Fan Yang, Yun A. Shen, Ryan R. Murray, Kerstin
Spirohn, Bridget E. Begg, Miquel Duran-Frigola, Andrew MacWilliams, Samuel J. Pevzner,
Quan Zhong, Shelly A. Trigg, Stanley Tam, Lila Ghamsari, Nidhi Sahni, Song Yi, Maria D.
Rodriguez, Dawit Balcha, Guihong Tan, Michael Costanzo, Brenda Andrews, Charles
Boone, Xianghong J. Zhou, Kourosh Salehi-Ashtiani, Benoit Charloteaux, Alyce A. Chen,
Michael A. Calderwood, Patrick Aloy, Frederick P. Roth, David E. Hill, Lilia M. Iakoucheva,
Yu Xia, and Marc Vidal. Widespread Expansion of Protein Interaction Capabilities by
Alternative Splicing. Cell, 2016.

Roser Corominas, Xinping Yang, Guan Ning Lin, Shuli Kang, Yun Shen, Lila Ghamsari,
Martin Broly, Maria Rodriguez, Stanley Tam, Shelly A. Trigg, Changyu Fan, Song Yi, Murat
Tasan, Irma Lemmens, Xingyan Kuang, Nan Zhao, Dheeraj Malhotra, Jacob J. Michaelson,
Vladimir Vacic, Michael A. Calderwood, Frederick P. Roth, Jan Tavernier, Steve Horvath,
Kourosh Salehi-Ashtiani, Dmitry Korkin, Jonathan Sebat, David E. Hill, Tong Hao, Marc
Vidal, and Lilia M. Iakoucheva. Protein interaction network of alternatively spliced isoforms
from brain links genetic risk factors for autism. Nature Communications, 2014.

Hyo Jung Kang, Yuka Imamura Kawasawa, Feng Cheng, Ying Zhu, Xuming Xu, Mingfeng
Li, André M.M. Sousa, Mihovil Pletikos, Kyle A. Meyer, Goran Sedmak, Tobias Guennel,
Yurae Shin, Matthew B. Johnson, Zeljka Krsnik, Simone Mayer, Sofia Fertuzinhos, Sheila
Umlauf, Steven N. Lisgo, Alexander Vortmeyer, Daniel R. Weinberger, Shrikant Mane,
Thomas M. Hyde, Anita Huttner, Mark Reimers, Joel E. Kleinman, and Nenad Sestan.
Spatio-temporal transcriptome of the human brain. Nature, 2011.

47



[26]

[27]

[28]

[29]

[30]

Manuel Irimia, Robert J. Weatheritt, Jonathan D. Ellis, Neelroop N. Parikshak, Thomas
Gonatopoulos-Pournatzis, Mariana Babor, Mathieu Quesnel-Vallicres, Javier Tapial, Bushra
Raj, Dave O’Hanlon, Miriam Barrios-Rodiles, Michael J.E. Sternberg, Sabine P. Cordes,
Frederick P. Roth, Jeffrey L. Wrana, Daniel H. Geschwind, and Benjamin J. Blencowe. A
highly conserved program of neuronal microexons is misregulated in autistic brains. Cell,
2014.

Yang I. Li, Luis Sanchez-Pulido, Wilfried Haerty, and Chris P. Ponting. RBFOX and PTBP1
proteins regulate the alternative splicing of micro-exons in human brain transcripts, 2015.

Peter Langfelder and Steve Horvath. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics, 9(1):559, dec 2008.

Silvia De Rubeis, Xin He, Arthur P. Goldberg, Christopher S. Poultney, Kaitlin Samocha,
A. Ercument Cicek, Yan Kou, Li Liu, Menachem Fromer, Susan Walker, Tarjinder Singh,
Lambertus Klei, Jack Kosmicki, Shih Chen Fu, Branko Aleksic, Monica Biscaldi, Patrick F.
Bolton, Jessica M. Brownfeld, Jinlu Cai, Nicholas G. Campbell, Angel Carracedo, Maria H.
Chahrour, Andreas G. Chiocchetti, Hilary Coon, Emily L. Crawford, Lucy Crooks, Sarah R.
Curran, Geraldine Dawson, Eftichia Duketis, Bridget A. Fernandez, Louise Gallagher, Evan
Geller, Stephen J. Guter, R. Sean Hill, Iuliana Ionita-Laza, Patricia Jimenez Gonzalez, He-
lena Kilpinen, Sabine M. Klauck, Alexander Kolevzon, Irene Lee, Jing Lei, Terho Lehtiméki,
Chiao Feng Lin, Avi Ma’ayan, Christian R. Marshall, Alison L. Mclnnes, Benjamin Neale,
Michael J. Owen, Norio Ozaki, Mara Parellada, Jeremy R. Parr, Shaun Purcell, Kaija Puura,
Deepthi Rajagopalan, Karola Rehnstrom, Abraham Reichenberg, Aniko Sabo, Michael
Sachse, Stephan J. Sanders, Chad Schafer, Martin Schulte-Riither, David Skuse, Christine
Stevens, Peter Szatmari, Kristiina Tammimies, Otto Valladares, Annette Voran, Li San Wang,
Lauren A. Weiss, A. Jeremy Willsey, Timothy W. Yu, Ryan K.C. Yuen, Edwin H. Cook,
Christine M. Freitag, Michael Gill, Christina M. Hultman, Thomas Lehner, Aarno Palotie,
Gerard D. Schellenberg, Pamela Sklar, Matthew W. State, James S. Sutcliffe, Christopher A.
Walsh, Stephen W. Scherer, Michael E. Zwick, Jeffrey C. Barrett, David J. Cutler, Kathryn
Roeder, Bernie Devlin, Mark J. Daly, and Joseph D. Buxbaum. Synaptic, transcriptional
and chromatin genes disrupted in autism. Nature, 2014.

Dalila Pinto, Elsa Delaby, Daniele Merico, Mafalda Barbosa, Alison Merikangas, Lambertus
Klei, Bhooma Thiruvahindrapuram, Xiao Xu, Robert Ziman, Zhuozhi Wang, Jacob A.S.
Vorstman, Ann Thompson, Regina Regan, Marion Pilorge, Giovanna Pellecchia, Alistair T.
Pagnamenta, Barbara Oliveira, Christian R. Marshall, Tiago R. Magalhaes, Jennifer K. Lowe,
Jennifer L. Howe, Anthony J. Griswold, John Gilbert, Eftichia Duketis, Beth A. Dombroski,
Maretha V. De Jonge, Michael Cuccaro, Emily L. Crawford, Catarina T. Correia, Judith
Conroy, Inés C. Conceicdo, Andreas G. Chiocchetti, Jillian P. Casey, Guiqging Cai, Christelle
Cabrol, Nadia Bolshakova, Elena Bacchelli, Richard Anney, Steven Gallinger, Michelle
Cotterchio, Graham Casey, Lonnie Zwaigenbaum, Kerstin Wittemeyer, Kirsty Wing, Simon
Wallace, Herman Van Engeland, Ana Tryfon, Susanne Thomson, Latha Soorya, Bernadette
Rogé, Wendy Roberts, Fritz Poustka, Susana Mouga, Nancy Minshew, L. Alison MclInnes,

48



[31]

[32]

[33]

[34]

[35]

Susan G. McGrew, Catherine Lord, Marion Leboyer, Ann S. Le Couteur, Alexander Kolev-
zon, Patricia Jiménez Gonzalez, Suma Jacob, Richard Holt, Stephen Guter, Jonathan Green,
Andrew Green, Christopher Gillberg, Bridget A. Fernandez, Frederico Duque, Richard
Delorme, Geraldine Dawson, Pauline Chaste, Cédtia Café, Sean Brennan, Thomas Bourgeron,
Patrick F. Bolton, Sven Bolte, Raphael Bernier, Gillian Baird, Anthony J. Bailey, Evdokia
Anagnostou, Joana Almeida, Ellen M. Wijsman, Veronica J. Vieland, Astrid M. Vicente,
Gerard D. Schellenberg, Margaret Pericak-Vance, Andrew D. Paterson, Jeremy R. Parr,
Guiomar Oliveira, John I. Nurnberger, Anthony P. Monaco, Elena Maestrini, Sabine M.
Klauck, Hakon Hakonarson, Jonathan L. Haines, Daniel H. Geschwind, Christine M. Freitag,
Susan E. Folstein, Sean Ennis, Hilary Coon, Agatino Battaglia, Peter Szatmari, James S.
Sutcliffe, Joachim Hallmayer, Michael Gill, Edwin H. Cook, Joseph D. Buxbaum, Bernie
Devlin, Louise Gallagher, Catalina Betancur, and Stephen W. Scherer. Convergence of
genes and cellular pathways dysregulated in autism spectrum disorders. American Journal
of Human Genetics, 2014.

Lilia M. Iakoucheva, Alysson R. Muotri, and Jonathan Sebat. Getting to the Cores of
Autism. Cell, 2019.

Menachem Fromer, Andrew J. Pocklington, David H. Kavanagh, Hywel J. Williams, Sarah
Dwyer, Padhraig Gormley, Lyudmila Georgieva, Elliott Rees, Priit Palta, Douglas M.
Ruderfer, Noa Carrera, Isla Humphreys, Jessica S. Johnson, Panos Roussos, Douglas D.
Barker, Eric Banks, Vihra Milanova, Seth G. Grant, Eilis Hannon, Samuel A. Rose, Kimberly
Chambert, Milind Mahajan, Edward M. Scolnick, Jennifer L. Moran, George Kirov, Aarno
Palotie, Steven A. McCarroll, Peter Holmans, Pamela Sklar, Michael J. Owen, Shaun M.
Purcell, and Michael C. O’Donovan. De novo mutations in schizophrenia implicate synaptic
networks. Nature, 506(7487):179-184, 2014.

Brian J. O ° Roak, Laura Vives, Santhosh Girirajan, Emre Karakoc, Niklas Krumm,
Bradley P. Coe, Roie Levy, Arthur Ko, Choli Lee, Joshua D. Smith, Emily H. Turner,
Ian B. Stanaway, Benjamin Vernot, Maika Malig, Carl Baker, Joshua M. Akey, Elhanan
Borenstein, Mark J. Rieder, Deborah A. Nickerson, Raphael Bernier, Jay Shendure, and
Evan E. Eichler. Sporadic autism exomes reveal a highly interconnected protein network of
de novo mutations. Nature, 485(7397):246-250, 2012.

Bin Xu, J. Louw Roos, Phillip Dexheimer, Braden Boone, Brooks Plummer, Shawn Levy,
Joseph A. Gogos, and Maria Karayiorgou. Exome sequencing supports a de novo mutational
paradigm for schizophrenia. Nature Genetics, 43(9):864-868, 2011.

Elizabeth K. Ruzzo, Laura Pérez-Cano, Jae-Yoon Jung, Lee-kai Wang, Dorna Kashef-
Haghighi, Chris Hartl, Chanpreet Singh, Jin Xu, Jackson N. Hoekstra, Olivia Leventhal,
Virpi M. Leppd, Michael J. Gandal, Kelley Paskov, Nate Stockham, Damon Polioudakis,
Jennifer K. Lowe, David A. Prober, Daniel H. Geschwind, and Dennis P. Wall. Inherited
and De Novo Genetic Risk for Autism Impacts Shared Networks. Cell, 178(4):850-866.e26,
2019.

49



[36] Michael D. Diem, Chia C. Chan, Ihab Younis, and Gideon Dreyfuss. PYM binds the
cytoplasmic exon-junction complex and ribosomes to enhance translation of spliced mRNAs.
Nature Structural and Molecular Biology, 14(12):1173-1179, 2007.

[371 J T Winston, P Strack, P Beer-Romero, C Y Chu, S J Elledge, and J W Harper. The SCFbeta-
TRCP-ubiquitin ligase complex associates specifically with phosphorylated destruction
motifs in IkappaBalpha and beta-catenin and stimulates IkappaBalpha ubiquitination in
vitro [published erratum appears in Genes Dev 1999 Apr 15;13(8):1050]. Genes Dev, 1999.

[38] Lorenza Ciani and Patricia C. Salinas. WNTs in the vertebrate nervous system: From
patterning to neuronal connectivity, 2005.

[39] Vickie Kwan, Brianna K. Unda, and Karun K. Singh. Wnt signaling networks in autism
spectrum disorder and intellectual disability, 2016.

[40] Vladislav S. Golubkov, Alexei V. Chekanov, P. Cieplak, Alexander E. Aleshin, Andrei V.
Chernov, Wenhong Zhu, Ilian A. Radichev, Danhua Zhang, P. Duc Dong, and Alex Y.
Strongin. The Wnt/planar cell polarity protein-tyrosine kinase-7 (PTK?7) is a highly efficient
proteolytic target of membrane type-1 matrix metalloproteinase: Implications in cancer and
embryogenesis. Journal of Biological Chemistry, 285(46):35740-35749, 2010.

[41] Won Sik Shin, Yong Sun Maeng, Jae Won Jung, Jeong Ki Min, Young Guen Kwon,
and Seung Taek Lee. Soluble PTK7 inhibits tube formation, migration, and invasion of
endothelial cells and angiogenesis. Biochemical and Biophysical Research Communications,
371(4):793-798, 2008.

[42] Sukriti Nag. The blood-brain barrier and cerebral angiogenesis: Lessons from the cold-injury
model. Trends in Molecular Medicine, 8(1):38-44, 2002.

[43] Birgit Obermeier, Richard Daneman, and Richard M. Ransohoff. Development, maintenance
and disruption of the blood-brain barrier, 2013.

[44] Norman R. Saunders, Shane A. Liddelow, and Katarzyna M. Dziegielewska. Barrier
mechanisms in the developing brain. Frontiers in Pharmacology, 3 MAR(March):1-18,
2012.

[45] Emma C. Watson, Monica N. Koenig, Zoe L. Grant, Lachlan Whitehead, Evelyn Trounson,
Grant Dewson, and Leigh Coultas. Apoptosis regulates endothelial cell number and cap-

illary vessel diameter but not vessel regression during retinal angiogenesis. Development
(Cambridge), 143(16):2973-2982, 2016.

[46] Kathrin Zobel, Uwe Hansen, and Hans Joachim Galla. Blood-brain barrier properties in
vitro depend on composition and assembly of endogenous extracellular matrices. Cell and
Tissue Research, 2016.

[47] Anjen Chenn and Christopher A. Walsh. Regulation of cerebral cortical size by control of
cell cycle exit in neural precursors. Science, 297(5580):365-369, 2002.

50



[48] Michael J. Hawrylycz, Ed S. Lein, Angela L. Guillozet-Bongaarts, Elaine H. Shen, Lydia

[49]

[50]

[51]

[52]

Ng, Jeremy A. Miller, Louie N. Van De Lagemaat, Kimberly A. Smith, Amanda Ebbert,
Zackery L. Riley, Chris Abajian, Christian F. Beckmann, Amy Bernard, Darren Bertagnolli,
Andrew F. Boe, Preston M. Cartagena, M. Mallar Chakravarty, Mike Chapin, Jimmy Chong,
Rachel A. Dalley, Barry David Daly, Chinh Dang, Suvro Datta, Nick Dee, Tim A. Dolbeare,
Vance Faber, David Feng, David R. Fowler, Jeff Goldy, Benjamin W. Gregor, Zeb Haradon,
David R. Haynor, John G. Hohmann, Steve Horvath, Robert E. Howard, Andreas Jeromin,
Jayson M. Jochim, Marty Kinnunen, Christopher Lau, Evan T. Lazarz, Changkyu Lee,
Tracy A. Lemon, Ling Li, Yang Li, John A. Morris, Caroline C. Overly, Patrick D. Parker,
Sheana E. Parry, Melissa Reding, Joshua J. Royall, Jay Schulkin, Pedro Adolfo Sequeira,
Clifford R. Slaughterbeck, Simon C. Smith, Andy J. Sodt, Susan M. Sunkin, Beryl E.
Swanson, Marquis P. Vawter, Derric Williams, Paul Wohnoutka, H. Ronald Zielke, Daniel H.
Geschwind, Patrick R. Hof, Stephen M. Smith, Christof Koch, Seth G.N. Grant, and Allan R.
Jones. An anatomically comprehensive atlas of the adult human brain transcriptome. Nature,
489(7416):391-399, 2012.

Jeremy A. Miller, Song Lin Ding, Susan M. Sunkin, Kimberly A. Smith, Lydia Ng, Aaron
Szafer, Amanda Ebbert, Zackery L. Riley, Joshua J. Royall, Kaylynn Aiona, James M.
Arnold, Crissa Bennet, Darren Bertagnolli, Krissy Brouner, Stephanie Butler, Shiella Calde-
jon, Anita Carey, Christine Cuhaciyan, Rachel A. Dalley, Nick Dee, Tim A. Dolbeare,
Benjamin A.C. Facer, David Feng, Tim P. Fliss, Garrett Gee, Jeff Goldy, Lindsey Gourley,
Benjamin W. Gregor, Guangyu Gu, Robert E. Howard, Jayson M. Jochim, Chihchau L.
Kuan, Christopher Lau, Chang Kyu Lee, Felix Lee, Tracy A. Lemon, Phil Lesnar, Bergen
McMurray, Naveed Mastan, Nerick Mosqueda, Theresa Naluai-Cecchini, Nhan Kiet Ngo,
Julie Nyhus, Aaron Oldre, Eric Olson, Jody Parente, Patrick D. Parker, Sheana E. Parry,
Allison Stevens, Mihovil Pletikos, Melissa Reding, Kate Roll, David Sandman, Melaine Sar-
real, Sheila Shapouri, Nadiya V. Shapovalova, Elaine H. Shen, Nathan Sjoquist, Clifford R.
Slaughterbeck, Michael Smith, Andy J. Sodt, Derric Williams, Lilla Zollei, Bruce Fischl,
Mark B. Gerstein, Daniel H. Geschwind, Ian A. Glass, Michael J. Hawrylycz, Robert F.
Hevner, Hao Huang, Allan R. Jones, James A. Knowles, Pat Levitt, John W. Phillips, Nenad
§estan, Paul Wohnoutka, Chinh Dang, Amy Bernard, John G. Hohmann, and Ed S. Lein.
Transcriptional landscape of the prenatal human brain. Nature, 508(7495):199-206, 2014.

Alexander Dobin, Carrie A. Davis, Felix Schlesinger, Jorg Drenkow, Chris Zaleski, Sonali
Jha, Philippe Batut, Mark Chaisson, and Thomas R. Gingeras. STAR: Ultrafast universal
RNA-seq aligner. Bioinformatics, 29(1):15-21, jan 2013.

Bo Li and Colin N. Dewey. RSEM: Accurate transcript quantification from RNA-seq
data with or without a reference genome. In Bioinformatics: The Impact of Accurate
Quantification on Proteomic and Genetic Analysis and Research, pages 41-74. Apple
Academic Press, jan 2014.

Michael C. Oldham, Peter Langfelder, and Steve Horvath. Network methods for describing

sample relationships in genomic datasets: application to Huntington’s disease. BMC Systems
Biology, 6(1):1, 2012.

51



[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

Jeffrey T. Leek. Svaseq: Removing batch effects and other unwanted noise from sequencing
data. Nucleic Acids Research, 42(21):e161, 2014.

Jeffrey T. Leek and John D. Storey. Capturing heterogeneity in gene expression studies by
surrogate variable analysis. PLoS Genetics, 3(9):1724—-1735, 2007.

Matthew E. Ritchie, Belinda Phipson, Di Wu, Yifang Hu, Charity W. Law, Wei Shi, and
Gordon K. Smyth. Limma powers differential expression analyses for RNA-sequencing and
microarray studies. Nucleic Acids Research, 43(7):e47, 2015.

Kaitlin E. Samocha, Elise B. Robinson, Stephan J. Sanders, Christine Stevens, Aniko Sabo,
Lauren M. McGrath, Jack A. Kosmicki, Karola Rehnstrom, Swapan Mallick, Andrew Kirby,
Dennis P. Wall, Daniel G. MacArthur, Stacey B. Gabriel, Mark DePristo, Shaun M. Purcell,
Aarno Palotie, Eric Boerwinkle, Joseph D. Buxbaum, Edwin H. Cook, Richard A. Gibbs,
Gerard D. Schellenberg, James S. Sutcliffe, Bernie Devlin, Kathryn Roeder, Benjamin M.
Neale, and Mark J. Daly. A framework for the interpretation of de novo mutation in human
disease. Nature Genetics, 46(9):944-950, 2014.

Jennifer C. Darnell, Sarah J. Van Driesche, Chaolin Zhang, Ka Ying Sharon Hung, Aldo
Mele, Claire E. Fraser, Elizabeth F. Stone, Cynthia Chen, John J. Fak, Sung Wook Chi,
Donny D. Licatalosi, Joel D. Richter, and Robert B. Darnell. FMRP stalls ribosomal
translocation on mRNAs linked to synaptic function and autism. Cell, 146(2):247-261,
2011.

B. Wilkinson, N. Grepo, B. L. Thompson, J. Kim, K. Wang, O. V. Evgrafov, W. Lu,
J. A. Knowles, and D. B. Campbell. The autism-associated gene chromodomain helicase
DNA-binding protein 8 (CHDS) regulates noncoding RNAs and autism-related genes.
Translational Psychiatry, 5(5), 2015.

Mehdi Pirooznia, Tao Wang, Dimitrios Avramopoulos, David Valle, Gareth Thomas,
Richard L. Huganir, Fernando S. Goes, James B. Potash, and Peter P. Zandi. SynaptomeDB:
An ontology-based knowledgebase for synaptic genes. Bioinformatics, 28(6):897-899,
2012.

Monkol Lek, Konrad J. Karczewski, Eric V. Minikel, Kaitlin E. Samocha, Eric Banks, Timo-
thy Fennell, Anne H. O’Donnell-Luria, James S. Ware, Andrew J. Hill, Beryl B. Cummings,
Taru Tukiainen, Daniel P. Birnbaum, Jack A. Kosmicki, Laramie E. Duncan, Karol Estrada,
Fengmei Zhao, James Zou, Emma Pierce-Hoffman, Joanne Berghout, David N. Cooper,
Nicole Deflaux, Mark DePristo, Ron Do, Jason Flannick, Menachem Fromer, Laura Gauthier,
Jackie Goldstein, Namrata Gupta, Daniel Howrigan, Adam Kiezun, Mitja I. Kurki, Ami Levy
Moonshine, Pradeep Natarajan, Lorena Orozco, Gina M. Peloso, Ryan Poplin, Manuel A.
Rivas, Valentin Ruano-Rubio, Samuel A. Rose, Douglas M. Ruderfer, Khalid Shakir, Pe-
ter D. Stenson, Christine Stevens, Brett P. Thomas, Grace Tiao, Maria T. Tusie-Luna, Ben
Weisburd, Hong Hee Won, Dongmei Yu, David M. Altshuler, Diego Ardissino, Michael
Boehnke, John Danesh, Stacey Donnelly, Roberto Elosua, Jose C. Florez, Stacey B. Gabriel,

52



[61]

[62]

[63]

[64]

[65]

Gad Getz, Stephen J. Glatt, Christina M. Hultman, Sekar Kathiresan, Markku Laakso,
Steven McCarroll, Mark I. McCarthy, Dermot McGovern, Ruth McPherson, Benjamin M.
Neale, Aarno Palotie, Shaun M. Purcell, Danish Saleheen, Jeremiah M. Scharf, Pamela Sklar,
Patrick F. Sullivan, Jaakko Tuomilehto, Ming T. Tsuang, Hugh C. Watkins, James G. Wilson,
Mark J. Daly, Daniel G. MacArthur, H. E. Abboud, G. Abecasis, C. A. Aguilar-Salinas,
O. Arellano-Campos, G. Atzmon, I. Aukrust, C. L. Barr, G. L. Bell, S. Bergen, L. Bjgrkhaug,
J. Blangero, D. W. Bowden, C. L. Budman, N. P. Burtt, F. Centeno-Cruz, J. C. Chambers,
K. Chambert, R. Clarke, R. Collins, G. Coppola, E. J. Cérdova, M. L. Cortes, N. J. Cox,
R. Duggirala, M. Farrall, J. C. Fernandez-Lopez, P. Fontanillas, T. M. Frayling, N. B.
Freimer, C. Fuchsberger, H. Garcia-Ortiz, A. Goel, M. J. Gémez-Vazquez, M. E. Gonzélez-
Villalpando, C. Gonzdlez-Villalpando, M. A. Grados, L. Groop, C. A. Haiman, C. L. Hanis,
A. T. Hattersley, B. E. Henderson, J. C. Hopewell, A. Huerta-Chagoya, S. Islas-Andrade,
S. B. Jacobs, S. Jalilzadeh, C. P. Jenkinson, J. Moran, S. Jiménez-Morale, A. Kihler, R. A.
King, G. Kirov, J. S. Kooner, T. Kyriakou, J. Y. Lee, D. M. Lehman, G. Lyon, W. MacMa-
hon, P. K. Magnusson, A. Mahajan, J. Marrugat, A. Martinez-Hernandez, C. A. Mathews,
G. McVean, J. B. Meigs, T. Meitinger, E. Mendoza-Caamal, J. M. Mercader, K. L. Mohlke,
H. Moreno-Macias, A. P. Morris, L. A. Najmi, P. R. Njglstad, M. C. O’Donovan, M. L.
Ordofiez-Sanchez, M. J. Owen, T. Park, D. L. Pauls, D. Posthuma, C. Revilla-Monsalve,
L. Riba, S. Ripke, R. Rodriguez-Guillén, M. Rodriguez-Torres, P. Sandor, M. Seielstad,
R. Sladek, X. Soberdn, T. D. Spector, S. E. Tai, T. M. Teslovich, G. Walford, L. R. Wilkens,
and A. L. Williams. Analysis of protein-coding genetic variation in 60,706 humans. Nature,
2016.

Jiebiao Wang, Bernie Devlin, and Kathryn Roeder. Using multiple measurements of tissue
to estimate cell-type-specific gene expression via deconvolution. bioRxiv, page 379099,
2018.

Suijuan Zhong, Shu Zhang, Xiaoying Fan, Qian Wu, Liying Yan, Ji Dong, Haofeng Zhang,
Long Li, Le Sun, Na Pan, Xiaohui Xu, Fuchou Tang, Jun Zhang, Jie Qiao, and Xiaoqun
Wang. A single-cell RNA-seq survey of the developmental landscape of the human prefrontal
cortex. Nature, 555(7697):524-528, 2018.

Uku Raudvere, Liis Kolberg, Ivan Kuzmin, Tambet Arak, Priit Adler, Hedi Peterson, and

Jaak Vilo. g:Profiler: a web server for functional enrichment analysis and conversions of
gene lists (2019 update). Nucleic Acids Research, 47(W1):W191-W198, 2019.

William McLaren, Laurent Gil, Sarah E. Hunt, Harpreet Singh Riat, Graham R.S. Ritchie,
Anja Thormann, Paul Flicek, and Fiona Cunningham. The Ensembl Variant Effect Predictor.
Genome Biology, 17(1):1-14, 2016.

Edward L. Huttlin, Lily Ting, Raphael J. Bruckner, Fana Gebreab, Melanie P. Gygi, John
Szpyt, Stanley Tam, Gabriela Zarraga, Greg Colby, Kurt Baltier, Rui Dong, Virginia Guarani,
Laura Pontano Vaites, Alban Ordureau, Ramin Rad, Brian K. Erickson, Martin Wiihr, Joel
Chick, Bo Zhai, Deepak Kolippakkam, Julian Mintseris, Robert A. Obar, Tim Harris,
Spyros Artavanis-Tsakonas, Mathew E. Sowa, Pietro De Camilli, Joao A. Paulo, J. Wade

53



[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

Harper, and Steven P. Gygi. The BioPlex Network: A Systematic Exploration of the Human
Interactome. Cell, 2015.

T. S. Keshava Prasad, Renu Goel, Kumaran Kandasamy, Shivakumar Keerthikumar, Sameer
Kumar, Suresh Mathivanan, Deepthi Telikicherla, Rajesh Raju, Beema Shafreen, Abhi-
lash Venugopal, Lavanya Balakrishnan, Arivusudar Marimuthu, Sutopa Banerjee, Devi S.
Somanathan, Aimy Sebastian, Sandhya Rani, Somak Ray, C. J. Harrys Kishore, Sashi
Kanth, Mukhtar Ahmed, Manoj K. Kashyap, Riaz Mohmood, Y. I. Ramachandra, V. Kr-
ishna, B. Abdul Rahiman, Sujatha Mohan, Prathibha Ranganathan, Subhashri Ramabadran,
Raghothama Chaerkady, and Akhilesh Pandey. Human Protein Reference Database - 2009
update. Nucleic Acids Research, 2009.

Kasper Lage, E. Olof Karlberg, Zenia M. Stgrling, Pall T Olason, Anders G. Pedersen,
Olga Rigina, Anders M. Hinsby, Zeynep Tiimer, Flemming Pociot, Niels Tommerup, Yves
Moreau, and Sgren Brunak. A human phenome-interactome network of protein complexes
implicated in genetic disorders. Nature Biotechnology, 2007.

Jishnu Das and Haiyuan Yu. HINT: High-quality protein interactomes and their applications
in understanding human disease. BMC Systems Biology, 2012.

Andrew Chatr-Aryamontri, Rose Oughtred, Lorrie Boucher, Jennifer Rust, Christie Chang,
Nadine K. Kolas, Lara O’Donnell, Sara Oster, Chandra Theesfeld, Adnane Sellam, Chris
Stark, Bobby Joe Breitkreutz, Kara Dolinski, and Mike Tyers. The BioGRID interaction
database: 2017 update. Nucleic Acids Research, 2017.

Khalid Zuberi, Max Franz, Harold Rodriguez, Jason Montojo, Christian Tannus Lopes,
Gary D. Bader, and Quaid Morris. GeneMANIA prediction server 2013 update. Nucleic
acids research, 2013.

Damian Szklarczyk, John H. Morris, Helen Cook, Michael Kuhn, Stefan Wyder, Milan
Simonovic, Alberto Santos, Nadezhda T. Doncheva, Alexander Roth, Peer Bork, Lars J.
Jensen, and Christian Von Mering. The STRING database in 2017: Quality-controlled

protein-protein association networks, made broadly accessible. Nucleic Acids Research,
2017.

Andreas Ruepp, Brigitte Waegele, Martin Lechner, Barbara Brauner, Irmtraud Dunger-
Kaltenbach, Gisela Fobo, Goar Frishman, Corinna Montrone, and H. Werner Mewes.
CORUM: The comprehensive resource of mammalian protein complexes-2009. Nucleic
Acids Research, 2009.

Shivendra Kishore, Amit Khanna, and Stefan Stamm. Rapid generation of splicing reporters
with pSpliceExpress. Gene, 427(1-2):104-110, dec 2008.

54





