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Abstract

A large number of genes have been implicated in neurodevelopmental disorders (NDDs), but
their contributions to NDD pathology are difficult to decipher without understanding their diverse rolesin
different brain cell types. Here, we integrated NDD genetics with single-cell RNA sequencing datato
assess co-expression enrichment patterns of various NDD gene sets. We identified mid-fetal cortical
neural progenitor cell devel opment—more specifically, the ventricular radia glia-to-intermediate
progenitor cell transition at gestational week 10—as akey point of convergence in autism spectrum
disorder (ASD) and epilepsy. Integrated Gene Ontol ogy-based analysis further revealed that ASD genes
activate neural differentiation and inhibit cell cycle during the transition, whereas epilepsy genes function
as downstream effectors in the same processes, offering one possible explanation for the high comorbidity
rate of the two disorders. This approach provides aframework for investigating the cell-type-specific

pathophysiology of NDDs.
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Introduction

Over the past decade, large-scal e exome and genome sequencing studies have established that
hundreds of de novo genetic variants contribute to neurodevel opmental disorders (NDDs), including
autism spectrum disorder (ASD) (lossifov et a. 2014; De Rubeis et a. 2014; Krumm et al. 2015; Sanders
et al. 2015; C Yuen et a. 2017), epilepsy (Allen et a. 2013; EuroEPINOMICS-RES Consortium et a.
2017; Heyne et a. 2018), intellectual disability (ID) (de Ligt et al. 2012; Rauch et al. 2012; Lelieveld et al.
2016), and developmental delay (DD) (Deciphering Developmental Disorders Study 2017). The
underlying genetic landscapes of these disorders are so heterogeneous that most NDD-associated genes
account for only afew cases of agiven disease. Y et the fact that certain endophenotypes, such as seizures,
are common to multiple NDDs suggests that the disease-associated genes might functionally converge on
certain shared eventsin brain development (Anttila et al. 2018; Lo-Castro and Curatolo 2014). Identifying
these convergences should deepen our understanding of NDD pathophysiology and may lead to viable
treatments.

Several systems-level studies have made progressin thisregard by integrating NDD genes with
functional data. For example, one study applied weighted gene co-expression network analysis to identify
modules of co-expressed genes that are enriched for association with ASD (Parikshak et a. 2013). This
top-down analysis suggested that at the circuit level, ASD genes are enriched in superficial cortical layers
and glutamatergic projection neurons during fetal cortical development. Another study took a bottom-up
approach by focusing on nine high-confidence ASD genes and searching for spatiotemporal conditionsin
which probable ASD genes co-express with them,; this strategy suggested that glutamatergic projection
neurons in deep cortical layers of human mid-fetal prefrontal and primary motor-somatosensory cortex
are akey point of ASD gene convergence (Willsey et al. 2013). Integrating gene co-expression with
protein-protein interaction networks to identify modules that enrich for genes mutated in several NDDs
revealed that different NDDs share a major point of gene convergence during early embryonic brain

development (Hormozdiari et al. 2015). Although these and other studies (Chang et a. 2015; Krishnan et
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al. 2016; Shohat et a. 2017; Lin et al. 2015) applied different methods, the main conclusions are similar:
asubstantial subset of ASD and/or other NDD genes converge in fetal cortical development.

The majority of co-expression analyses on NDDs utilized the BrainSpan dataset, which contains
spatiotemporal gene expression data from the devel oping human brain (Kang et al. 2011). Because this
dataset was collected from bulk brain tissue, it is hard to investigate cell-type-specific co-expression
patterns. The recent publication of single-cell RNA sequencing (scRNA-seq) profile from the developing
human prefrontal cortex (Zhong et a. 2018), however, provides an unprecedented opportunity to
understand NDD pathophysiology in a cell-type-specific manner. Given that dysfunction of the prefrontal
cortex has been implicated in multiple NDDs (Xiong et a. 2007; Gulsuner et a. 2013; Willsey et al. 2013;
Arnsten 2006; Parikshak et al. 2013), we decided to integrate this SSCRNA-seq dataset with disease genes
from NDDsto see if we could identify disease-specific convergence of NDD genesin specific cell types
and developmental stages. We accomplished this and in the process uncovered critical cellular processes

affected in ASD and epilepsy.

Results
Genes associated with specific NDDs ar e co-expressed in specific cell types

To identify high-confidence genes associated with risk for each NDD, we first interrogated genes
with de novo protein-altering variants for the four NDDs in the denovo-db database (Turner et al. 2017)
and non-redundant data for epilepsy (Epi) from two studies (EuroEPINOMICS-RES Consortium et al.
2017; Heyne et a. 2018). Nonsense, frameshift, and canonical splice-site mutations generally lead to loss
of function, whereas missense mutations can cause hypomorphic, hypermorphic, antimorphic, or
neomorphic effects. Thus, for each NDD, we divided the associated genes into two categories: genes with
de novo loss-of-function (dnLoF) mutations and genes with de novo missense (dnMis) mutations. To
select the most relevant genes for each NDD, we included only genes with at least two or three
(depending on gene set sizes) de novo mutations of the same category in each specific disorder (Methods).

In total, we defined eight high-confidence NDD gene sets: dnLoF-ASD, dnLoF-Epi, dnLoF-ID, dnLoF-
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DD, dnMis-ASD, dnMis-Epi, dnMis-ID, and dnMis-DD (Supplemental Table S1A). The different gene
sets overlap somewhat, as expected from the high comorbidity among these NDDs (Supplemental Fig.
S1).

To investigate the co-expression dynamics of NDD genesin specific cell types, we utilized the
SCRNA-seq dataset from more than 2,300 single cells of the devel oping human prefrontal cortex at
gestational weeks (GWs) 8 to 26 (Zhong et al. 2018). This dataset contains six major cell types: neural
progenitor cells (NPCs), excitatory neurons, interneurons, astrocytes, oligodendrocyte progenitor cells
(OPCs), and microglia. We performed co-expression analyses of the different NDD gene sets using the
transcriptomic data from each of these cell types.

We reasoned that mutations in different genes that cause similar symptoms are more likely to
functionally converge on processes, stagesin brain development, or specific cell types. Thisfunctional
convergence should be reflected by an increase in the level of co-expression within a particular NDD
gene set compared with the overall co-expression level of all the expressed genes (background genes) in
that cell type (Methods). In brief, we calculated the pairwise Spearman’ s correlation coefficients between
background genesin each cell type and defined the top 0.5% gene pairs with the highest correlation
coefficients as significantly co-expressed. We then calculated the fraction of significantly co-expressed
gene pairsout of al pairs of genesin the NDD gene set and divided it by 0.5% to get a co-expression fold
enrichment score of the NDD gene set. A high co-expression fold enrichment score indicates that the
genesin the set are more significantly co-expressed than background genes. To verify that enrichment is
specific and disease-relevant, we also included several control gene sets, including genes with dnLoF
mutations in unaffected ASD siblings (Turner et a. 2017), genes with LoF mutationsin the general
population (Lek et al. 2016), brain-specific gene regulatory factors (Brain-GRF) (Berto et al. 2016), and
synaptic genes (Koopmans et a. 2019) (Methods; Supplemental Table S1A).

We calculated co-expression fold enrichment scores for the eight NDD gene sets and four control
gene sets across the six major cell types (Fig. 1A; Supplemental Fig. S2). In general, NDD gene sets

showed significantly higher co-expression than control gene sets (Fig. 1A; Supplemental Fig. S2 and
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S3). The majority of NDD gene sets showed high co-expression in NPCs (Fig. 1A), suggesting a
convergent involvement of NPCsin different NDDs. Moreover, dnLoF-ASD and dnMis-Epi genes stood
out as having the highest co-expression enrichment scores in specific cell types (Fig. 1A; Supplemental
Fig. $4). dnLoF-ASD genes have the highest co-expression in NPCs (18.8-fold enrichment), suggesting a
significant contribution of NPCsto ASD pathophysiology (Fig. 1A). dnMis-ASD genes showed low co-
expression in the six cell types (Fig. 1A), consistent with previous estimates that ~43% of dnLoF
mutations (but only ~13% of dnMis mutations) contribute to ASD diagnosis (lossifov et a. 2014). dnMis-
Epi genes are highly co-expressed in NPCs, excitatory neurons, and, more prominently, interneurons (Fig.
1A), in line with previous findings that dnMis mutations (Hamdan et al. 2017; Heyne et a. 2018) and
interneuron dysfunction (Lado et al. 2013; Noebels 2015) contribute significantly to the etiology of
epilepsy. ID and DD genes did not exhibit comparabl e co-expression, suggesting either less functional
convergence or perhaps the need to examine single-cell data from other brain regions.

To determine whether the observed co-expression enrichment reflects true biological signals, we
systematically tested possible confounders (Crow et a. 2016; McCall et al. 2016; Skinnider et al. 2019)
(Supplemental M ethods). We found that co-expression enrichment is robust to changes in the co-
expression threshold (Supplemental Fig. S5 and S6) and correl ation-based measures of association
(Supplemental Fig. S7). Co-expression enrichment cal culated using Spearman’ s correlation can capture
known correlated pathways (Supplemental Fig. S8; Supplemental Table S1C). Co-expression
enrichment remains similar after controlling for gene set size difference (Supplemental Fig. S9), gene
expression level dependence (Supplemental Fig. S10), and severity of missense mutations
(Supplemental Fig. S11). Because cell numbers vary across the six major cell types (Fig. 1A;
Supplemental Table S1B), we downsampled the same number of cells for each type to make the co-
expression enrichment scores comparable (Methods). We found that reducing cell numbers generally
decreases the co-expression enrichment scores (Fig. 1B,C; Supplemental Fig. S12), consistent with the
previous finding that larger cell numbers facilitate the reconstruction of more robust and coherent

networks (Skinnider et a. 2019). Nevertheless, even after downsampling, dnLoF-ASD genes still had the
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highest co-expression in NPCs (Fig. 1B), and dnMis-Epi genes were still highly co-expressed in NPCs
and interneurons (their highest co-expression wasin microglia; Fig. 1C). Although we used percentile-
based cutoff for co-expression enrichment analysis to mitigate the effect of global co-expression
differences across cell types, the findings are consistent with results from absolute correl ation analysis
(Supplemental Fig. S13 and S14). Although microglia have been implicated in epilepsy (Vezzani et al.
2011, 2013), al our subsequent analyses focus on NPCs and interneurons because of their larger sample
Sizes.

Supplemental Fig. S15 and S16 present several examples of dnLoF-ASD and dnMis-Epi gene
pairsthat show higher co-expression in NPCs and interneurons, respectively. Fig. 1D,E show the co-
expression networks for dnLoF-ASD and dnMis-Epi genes in the six major cell types using the original
sample size, highlighting the larger number of network edges in the cell types with higher co-expression

enrichment.

ASD and epilepsy genes co-express at specific developmental stagesin NPCs and inter neur ons

To determine the specific developmental stages that contribute to the co-expression of dnLoF-
ASD in NPCs and dnMis-Epi genesin NPCs and interneurons, we performed co-expression enrichment
analysis of these two gene sets at different time points. To overcome sample size difference and increase
the accuracy of co-expression enrichment score estimation, we focused on cell stages with at least 50 cells
and downsampled the same number of cellsfor each cell stage to make results comparable (Methods; Fig.
2A-C; Supplemental Fig. S17). We included excitatory neurons for comparison (Fig. 2B).

In NPCs, dnLoF-ASD genes were highly co-expressed at GW10 and, to a lesser extent, GW16
(Fig. 2A; Supplemental Fig. S17A). At GW10, ventricular radial glia (VRG) cells in the subventricular
zone give rise to intermediate progenitor cells (IPCs) (Lui et a. 2011), which further differentiate into
deep-layer neurons (Nowakowski et al. 2016). We found high co-expression of dnLoF-ASD genesin
GW10 VRG cellsand IPCstogether, but little to no co-expression in either cell type alone (Fig. 2D;

Supplemental Fig. S18A, S19A and S20)—i.e., the high co-expression occurs during the vRG-to-1PC
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transition. Consistently, most dnLoF-ASD genes concurrently increased expression during the transition
from VvRG cellsto IPCs (Fig. 2G; Supplemental Table S2). ASD genes with one or two dnLoF mutations
and all the SFARI curated gene sets except category six (Basu et al. 2009) also increased expression
during this transition (Supplemental Fig. S22). Figure 2H,I compare the co-expression networks between
individual cell types and the cell-type transition at GW10 for dnLoF-ASD and dnMis-Epi genes using the
origina sample size.

At GW16, VRG cells not only give rise to IPCsin the subventricular zone but also produce outer
radial glia (0RG) cellsthat will migrate to the outer subventricular zone (Nowakowski et al. 2016; Lui et
al. 2011; Fetz et al. 2010; Hansen et a. 2010), where they further differentiate into upper-layer neurons.
Although GW16 vRG cells did not show co-expression enrichment, oRG cells and IPCs showed moderate
co-expression enrichment (Fig. 2E; Supplemental Fig. S18B and S19B). Unlike the GW10 situation,
however, co-expression enrichment was not higher in the combination of o0RG cells and IPCs (Fig. 2F;
Supplemental Fig. S19C), and dnLoF-ASD genes did not show expression change during the vRG-to-
O0RG, VRG-to-IPC, or oRG-to-IPC transitions (Supplemental Fig. S23). Co-expression scores for dnMis-
Epi genes were generally lower than those of dnLoF-ASD genes but showed similar patterns at NPC
stages and transitions (Fig. 2A,D-G; Supplemental Fig. S17A, S18, S19, S21 and S23).

In excitatory neurons, neither dnLoF-ASD or dnMis-Epi genes showed much co-expression (Fig.
2B), despite their elevated absolute correlation at GW16 (Supplemental Fig. S17B). In interneurons,
dnMis-Epi genes were highly co-expressed at later devel opmental stages, particularly GW23 (Fig. 2C;
Supplemental Fig. S17C), when interneurons are devel oping axons and maturing in the prefrontal cortex

(Zhong et al. 2018).

ASD and epilepsy genes during the differentiation from NPCsto excitatory neurons
To understand whether dnLoF-ASD or dnMis-Epi genes coordinate during cell differentiation, we
analyzed the co-expression pattern of these two gene sets during NPC terminal differentiation (Fig. 3A,B).

Dueto the limited sample size (Supplemental Table S1B), we focused on NPC-to-excitatory neuron
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differentiation at GW10 and GW16, when we could study at least 50 samplesin both NPCs and
excitatory neurons. Excitatory neurons sampled from GW10 and GW16 are mostly deep-layer and upper-
layer neurons, respectively (Supplemental Fig. S24). Both dnLoF-ASD and dnMis-Epi genes displayed
their highest co-expression in NPCs but not in the combined cells (Fig. 3A,B; Supplemental Fig. S25).
Thelr co-expression was not the highest in the combined cells of NPC subtypes and excitatory neurons
either (Supplemental Fig. S26A,B and S27A-C). However, their expression rose during the
differentiation, especially at GW16 (Fig. 3C,D; Supplemental Fig. S26C,D and S27D-F; Supplemental
Table S3). These dataindicate that as ASD and epilepsy genes become more abundant in excitatory

neurons, they also become more specialized in function.

ASD and epilepsy genes ar e associated with thetransition at GW10

To identify the functions of dnLoF-ASD and dnMis-Epi genes during the vRG-to-1PC transition
at GW10, we developed a Gene Ontology (GO) correlation analysis to determine the correlation between
agiven gene set and any GO term in a context-dependent manner (Methods). We found that ASD and
epilepsy genes are positively correlated with genes involved in neurogenesis and neural differentiation
(Fig. 4A,B; Supplemental Table SA4A,B) but negatively correlated with genesinvolved in cell cycle and
cellular respiration (Fig. 4C,D; Supplemental Table SAC,D).

Like ASD and epilepsy genes, genesin GO terms that show positive correlation increase their
expression during the transition (Fig. 4A,B; Supplemental Table $4A,B). Genesin GO terms that show
negative correlations, especialy those involved in the cell cycle, tend to decrease their expression during
the transition (Fig. 4C,D; Supplemental Table SAC,D). These observations are consistent with the fact
that IPCs exhibit increased neuronal commitment and decreased proliferation capacity compared with

VRG cells (Noctor et a. 2004).

ASD and epilepsy genes serve different functions during the NPC transition
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If dnLoF-ASD and dnMis-Epi genes are involved in the same biological pathways during the
NPC transition at GW10, the differences between ASD and epilepsy suggest that the underlying
mechanisms should differ. We therefore examined the composition of each gene set. We found that ASD
genes are enriched in GO terms such as chromatin modification and organization, while epilepsy genes
are enriched for neurogenesis and neural differentiation (Fig. 5A,B; Supplemental Table S5A,B). Given
that chromatin madification and organization are critical for transcriptional regulation, and dozens of
ASD-associated chromatin regulators have well-known regulatory functions in neurogenesis (Ronan et al.
2013; Ernst 2016; Courchesne et al. 2019), these results suggest that ASD genes serve as upstream
regulators to control the transcription of other genesin these pathways to promote the NPC transition at
GW10, while epilepsy genes could be downstream effectors. Neither ASD nor epil epsy genes showed
enrichment in cell cycle-related GO terms with which they negatively correlate (Fig. 5C,D;

Supplemental Table S5C,D). ASD genes might therefore also serve to repress cell cycle progression.

CHDB8 promotes neural differentiation and inhibits cell cycle

To determine whether dnLoF-ASD genes are indeed upstream regulators in the NPC transition,
we studied the chromatin remodeling gene CHDS, a key high-confidence ASD gene (Bernier et al. 2014).
CHD8 is ahub gene in the vRG-to-1PC transition network at GW10 (Fig. 2H). A previous study
performed RNA-seq analysis on Chd8 hapl oinsufficient mice using forebrain tissue at five devel opmental
stages (E12.5, E14.5, E17.5, PO, and adult) (Gompers et al. 2017). The top 300 downregulated and top
300 upregulated genes in Chd8 haploinsufficient mice at each stage were defined as CHD8-activated and
-repressed genes, respectively (Supplemental M ethods; Supplemental Table S6A). We found that only
CHD8-activated genes at E14.5 are both preferentially bound by CHD8 (Gompers et al. 2017) and
enriched for ASD genes (Supplemental Fig. S28), suggesting that they are more likely genuine CHD8
targetsinvolved in ASD pathology. Thus, we deemed CHD8-activated and -repressed genes at E14.5 as

CHD8 targetsin ASD for further analysis.

10
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We first analyzed the expression pattern of these CHD8 targets in human GW10 NPCs. CHD8
doubled its expression during the vRG-to-1PC transition (Fig. 2H; Supplemental Table S2). Expression
of CHD8-activated genes rose during the transition, while CHD8-repressed genes decreased, compared
with background genes (Fig. 6A; Supplemental Table S6B). CHD8 was more positively correlated with
CHDB8-activated genes and more negatively correlated with CHD8-repressed genes than the background
genes (Fig. 6B; Supplemental Table S6C). Moreover, CHD8-activated genes were enriched for GO
terms related to neurogenesis and neuron development (Fig. 6C; Supplemental Table S6D), whereas
CHDB8-repressed genes were enriched for GO terms related to cell cycle (Fig. 6D; Supplemental Table
S6E). These results indicate that CHD8 promotes the vRG-to-1PC transition at GW10 by activating neural
differentiation pathways and repressing cell cycle-related processes. Thiswould predict that CHD8
hapl oinsufficiency shifts VRG cells towards proliferation instead of differentiation. Indeed, Chd8
haploi nsufficient mice have greater number of radial gliacells and fewer IPCs during embryonic

development (Gompers et a. 2017).

Co-expression enrichment of NDD genes faithfully represents NDD pathophysiology

Our co-expression enrichment analysis assumes that functional convergences of high-confidence
NDD genes represent core pathways underlying the diseases. If this assumption is correct, we would
expect that lower-confidence NDD genes would aso converge to core pathways. We therefore calculated
Spearman’s correlation with dnLoF-ASD genesin NPCs for dnLoF-ASD genes (with >3 dnLoF
mutations) and ASD genes with fewer dnLoF mutations. As expected, ASD genes harboring one or two
dnLoF mutations correlate more strongly with dnLoF-ASD genes than genes harboring no dnLoF
mutations, independently confirming that co-expression enrichment of dnLoF-ASD genesin NPCs
captures ASD pathology (Fig. 7A; Supplemental Table S7A). Similar results were obtained for dnMis-
Epi genesininterneurons (Fig. 7B; Supplemental Table S7B).

These results suggest that genes with more mutations tend to be at the core of the NDD gene co-

expression network while genes with fewer mutations tend to be in the periphery. To test this hypothesis,

11
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we constructed an NPC co-expression network of all the ASD genes with dnLoF mutations (Fig. 7C;
Supplemental Table S7C) and an interneuron co-expression network of all the epilepsy geneswith
dnMis mutations (Fig. 7D; Supplemental Table S7D). Consistent with our hypothesis, genes with more
mutations tended to occupy the core of the network, as indicated by asignificantly higher co-expression
degree (Fig. 7E,F; Supplemental Table S7E,F). These findings confirm that co-expression enrichment of

NDD-associated genes faithfully reveals biological mechanisms.

Discussion

This study supports the hypothesis that heterogeneous genetic mutations in ASD and epilepsy
converge to disrupt asmall set of critical neurodevelopmenta eventsin particular cell types, expanding
our understanding of NDD pathophysiology and leading towards comprehensive cell mapsin
neuropsychiatric disorders (Willsey et al. 2018). Our study also presents a computational framework for

analyzing disease pathophysiol ogy using scRNA-seq datasets.

NDD pathophysiology depends on types of genetic perturbations

When analyzing the NDD gene sets, we found that for the same disorder, genes with different
types of mutations display distinct co-expression patterns. For instance, dnLoF-ASD genes have the
highest co-expression enrichment in NPCs among all the NDD gene sets, but dnMis-ASD genes showed
little co-expression; dnLoF-Epi genes showed little co-expression in interneurons, while dnMis-Epi genes
had high enrichment in the same cell type. One possible explanation is that haploinsufficiency is the
major genetic mechanism for highly penetrant ASD genes, whereas gain-of-function or dominant-
negative missense mutations dominate the mutational spectrum of highly penetrant genesin epilepsy.
Several lines of evidence support this explanation. First, about three times as many LoF mutations
contribute to ASD diagnosis as missense mutations (lossifov et a. 2014). Second, missense variants
explain alarger proportion of individuals with epilepsy than of individuals with ID (Hamdan et al. 2017),

and NDD individual s with missense variants are more likely to have epilepsy than individuals with LoF
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variants (Heyne et a. 2018). In fact, dozens of dominant-negative or gain-of-function missense mutations
have been reported in epilepsy (Yuan et al. 2014; Navaet a. 2014; Orhan et al. 2014; Veeramah et al.
2012; Barciaet a. 2012; Lemke et al. 2014; Li et al. 2016b). Finally, at the individual gene level,
missense variants in SCN2A and SCN8A are more strongly implicated in epilepsy than LoF variants
(Heyne et a. 2018), and while gain-of-function variants in SCN2A contribute to seizure, all ASD-
associated variants dampen or eliminate channel function (Ben-Shalom et a. 2017). Furthermore, we
found that ASD genes tend to regul ate the transcription of other genesin neura differentiation pathways
whereas epilepsy genes tend to serve as downstream effectors. This helps explain why so many ASD
involve seizures (Sundelin et al. 2016; Betancur 2011) but most epilepsies do not involve ASD: a
mutation in asingleion channel downstream of the differentiation program might severely affect one
electrophysiological property of IPCs and neurons, but a mutation in a transcription regulator upstream of
the differentiation program could broadly and moderately affect multiple aspects of the cell, such as
proliferation, specification, and maturation. Some ASD genes, like CHD8, might also determine whether
to initiate the transition and/or regul ate the balance of NPC proliferation and differentiation at the early
stage of the transition. LoF mutations in this kind of genes could explain early brain overgrowth in ASD

(Courchesne et al. 2007, 2019; Ernst 2016; Gompers et al. 2017).

NPCsand cell-type transition in ASD and epilepsy

Another finding is the difference in co-expression patterns within a cell type and during the cell-
type transition. Both dnLoF-ASD and dnMis-Epi genes are more strongly co-expressed at GW10 in the
whole NPC population than within VRG cells or IPCs aone, suggesting that these genes play a critical
role in the vRG-to-1PC transition. Thistransition is central to cortical development. VRG cells undergo
either symmetric division to proliferate and expand the radia glia pool or asymmetric division to generate
neurons or |PCs. IPCs migrate out of the ventricular zone to form the SVZ at the basal side. There, they
undergo limited rounds of divisions to produce multiple neurons. Disruptions in this two-step pattern of

neurogenesis would therefore derail cerebral cortex development (Martinez-Cerdefio et al. 2006;
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Kriegstein et a. 2006; Krogan et a. 2016; Gompers et al. 2017; Li et al. 2016a; Shenhav et al. 2012; Daza
et al. 2016). Moreover, the morphological and electrophysiological properties of upper-layer neurons
depend on their origins from radial gliacells or IPCs (Haydar et al. 2015). Thus, gene mis-expression
during the vRG-to-IPC transition is a plausible pathogenic pathway for ASD and epilepsy. Without
transcriptomic data at the single-cell level, this kind of subpopulation analysis would be very difficult if
not impossible.

More importantly, our approach not only yields alist of core genes with a high co-expression
degree but also identifies the most relevant cell types where these genes and pathways exhibit convergent
function. Future investigations focusing on these core genes and their related regulatory pathwaysin the
most relevant cell types and developmental stages would accelerate ASD and epilepsy gene discovery and
enable a more comprehensive understanding of their pathophysiology. Development of precise therapies
targeting convergent mechanisms could benefit groups of individuals across NDDs with similar

symptoms (Sztainberg and Zoghbi 2016; Ernst 2016; Sestan and State 2018; Pang et al. 2014).

Robustness of co-expression enrichment analysis

We have demonstrated that our co-expression enrichment analysisis not affected by co-
expression threshold, correlation-based measures of association, gene set size, gene expression level, or
severity of missense mutations. Sample size did correlate with co-expression enrichment score, however,
and previous work has also shown that larger cell numbers facilitate the reconstruction of more robust and
coherent networks (Skinnider et a. 2019). We suggest that controlling for sample size difference be
established as a standard for co-expression comparison analysis across different conditions. Previous
studies based on co-expression comparison anal yses across different conditions that did not control for
sample size difference (Willsey et al. 2013; Lin et al. 2015; Gulsuner et al. 2013) probably need to be
evaluated for sample size effect. Sample size effect could also emerge when combining different
conditions to construct a global co-expression network, because the signal would be dominated by

conditions with larger sample sizes. Although we used percentile-based cutoff for co-expression
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enrichment analysis to mitigate the effect of global co-expression differences across cell types, our
findings were consistent with results from the absolute correlation analysis. The high co-expression
enrichment score also reflects the absol ute elevation of co-expression level, especialy for dnLoF-ASD
genesin NPCs (Supplemental Fig. S13A), dnMis-Epi genes in interneurons (Supplemental Fig. S13B),
dnLoF-ASD and dnMis-Epi genesin NPCs at GW10 and GW16 (Supplemental Fig. S17A), and dnLoF-
ASD and dnMis-Epi genesin the vVRG-to-IPC transition at GW10 (Supplemental Fig. S19A).

Lastly, it isworth noting that the relatively small sample size limited our analysisto a few cell
types and devel opmental stages. Because we used the sScRNA-seq dataset from the mid-fetal stage of the
developing human brain, our analysis focused on transcriptional programs and cell-autonomous effects
that take place early in brain devel opment. In the future, it could be fruitful to expand our analysisto
more cell types and developmental stages at both cell-autonomous and cell-cell interaction levels, as

larger scRNA-seq datasets covering later devel opmental stages become available.

M ethods
High-confidence NDD gene sets

We downloaded de novo mutation data for four NDDs: ASD, epilepsy, 1D, and DD from the
denovo-db v.1.5 database release (Turner et a. 2017) (http://denovo-db.gs.washington.edu). For epilepsy,
we also added de novo mutation data from two studies (EuroEPINOMICS-RES Consortium et a. 2017;
Heyne et a. 2018) not included in the denovo-db v.1.5 database. We extracted genes with dnLoF
(nonsense, frameshift, and canonical splice site) and dnMis mutations from whol e-exome or -genome
sequencing data for these four NDDs. The number of dnLoF (dnMis) mutations for a gene in adisorder
was defined as the number of distinct individual s with the disorder harboring dnLoF (dnMis) mutations in
the gene. High-confidence dnLoF (dnMis) genes for ASD, epilepsy, ID, and DD were defined as genes
with at least three dnLoF (dnMis) mutations in each disorder. For high-confidence gene sets with fewer
than 20 genes (dnLoF-Epi, dnLoF-1D, dnMis-Epi, and dnMis-ID), we used genes with at least two de

novo mutations. For comparison, we used several control sets: (1) genes with at least one dnLoF mutation
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in unaffected ASD siblingsin the denovo-db database as sibling controls; (2) genes with at |east one LoF
mutation in the EXAC database (Lek et a. 2016) with known neuropsychiatric cohorts removed as general
contrals; (3) Brain-GRF, a literature-curated list of gene regulatory factors that function in the human
brain (Berto et a. 2016); (4) synapse genes from the SynGO knowledge base (Koopmans et a. 2019).
SFARI ASD genes from the SFARI Gene database (Basu et al. 2009) were grouped into syndromic genes
(category S) and genes with different evidence levels (categories 1-6; high confidence-low evidence). In
addition, we assessed whether pathogenicity metrics such as CADD score (Kircher et al. 2014) could
improve NDD gene sets with dnMis mutations. We focused on ASD and DD genes with alarge number
of dnMis mutations and obtained two high-confidence gene sets: ASD gene sets harboring at |east two
dnMis mutations with CADD score>25, and DD gene sets harboring at |east three dnMis mutations with

CADD score>25.

Processing scRNA-seq data accor ding to cell type and stage

Human fetal prefrontal cortical ScCRNA-seq data (Zhong et a. 2018) were downloaded from the
Gene Expression Omnibus under the accession number GSE104276. The transcript counts of each cell
were normalized to transcripts per million (TPM), where TPM is the transcript count of each gene divided
by the total transcript count of the cell and multiplied by one million. Gene-level TPM expression values
were further transformed to log, (TPM + 1) values.

Based on the sample annotation file, cells were first divided into six major types: NPCs,
excitatory neurons, interneurons, astrocytes, OPCs, and microglia. For each type, genes were considered
to be expressed in that type if the expression level >0 in at least 10% of cellsfor that type. Samplesin
each major cell type were further divided into cell stages based on developmental time points, and only
the cell stages containing at least 50 samples were used for analysis. Only the time-matched cell stages
containing at least 50 samples in both NPCs and excitatory neurons (astrocytes or OPCs) were used to
study the differentiation from NPCsto excitatory neurons (astrocytes or OPCs). Samplesin NPCswere

further divided into three cell subtypes: VRG cells, oRG cells, and IPCs according to the clustering result
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of NPCs (Zhong et a. 2018), where VRG cells correspond to clusters 1, 2 and 6, oRG cells correspond to
clusters 7, 8 and 9, and IPCs correspond to clusters 3, 4 and 5. Samples in excitatory neurons at GW16
were also divided into three cell subclusters: Ex_C3, Ex_C4, and Ex_C5 according to the clustering result
of excitatory neurons (Zhong et al. 2018). P values for the expression difference of layer marker genes
between GW16 excitatory neuron subclusters and GW10 excitatory neurons were computed using
DESeg2 on un-normalized counts (Love et al. 2014). P values for the overlap between eight NDD gene
sets were calculated by the one-sided Fisher’s exact test using genes expressed in at least one mgjor cell

type as background genes.

Construction of co-expression networ ks

To construct a co-expression network for each of six major cell types, we used genes expressed in
the cell type as background genes. We first computed the pairwise Spearman’ s rank correlation
coefficients between background genes and sorted all the pairwise Spearman’ s correlation coefficientsin
descending order. Then, we determined the correl ation threshold for the top 0.5% highest pairwise
Spearman’s correlation coefficients (commonly used to construct co-expression networks (Lee et al. 2004;
Crow et a. 2016)) and the value 0.5% was defined as co-expression network density for the background
genes. Next, we used the same correlation threshold to construct a co-expression network for agiven gene
Set.

For cell stages divided based on developmental time pointsin each major cell type, we used
genes expressed in the major cell type as background genes. For three cell subtypes of NPCs: VRG cells,
ORG cdlls, and IPCs as well astheir transitions, we used genes expressed in NPCs as background genes.
Genes expressed in either NPCs or excitatory neurons were defined as genes expressed in the NPC-to-
excitatory neuron differentiation and used as background genes for the differentiation. The co-expression
degree of a genein the co-expression network is the number of genes co-expressed with the gene. All the

co-expression networks were visualized using Cytoscape (Shannon et al. 2003).
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Co-expression enrichment analysis

When constructing a co-expression network for the background genesin one cell type, the value
0.5% used for selection of correlation threshold was defined as co-expression network density for the
background genes. Similarly, the co-expression network density for a gene set was defined as the number
of significant co-expressed pairs divided by the number of all pairs between genes in the gene set. Then,
the co-expression fold enrichment score for the gene set was defined as the ratio of the co-expression
network density for the gene set to the co-expression network density for the background genes. The
statistical significance of the co-expression fold enrichment score of the gene set was assessed in two
ways. First, we compared the co-expression network density for the gene set against the co-expression

network density for the background genes by the one-sided Fisher’s exact test with R function:

A B—-A

fisher. test((c D—C

), alternative = "greater")

where A isthe number of significant co-expressed pairs between genesin the gene set, B isthe number of
all pairs between genesin the gene set, C isthe number of significant co-expressed pairs between the
background genes, and D is the number of all pairs between the background genes. Second, we aso
assessed the statistical significance of the co-expression fold enrichment score of the gene set by
comparing whether the gene set has a higher co-expression fold enrichment score than the other NDD
gene sets. Similarly, the one-sided Fisher’s exact test was used to compute the statistical significance of
the comparison of the co-expression network density for the gene set against the co-expression network

density for another NDD gene set.

Downsampling to control for sample size difference

The six major cell types had different sample sizes, and microglia had a minimum sample size
(68 cells). For fair comparison across the major cell types, we downsampled the same number of cells (68
cells) 1000 times for NPCs, excitatory neurons, interneurons, astrocytes, and OPCsto calcul ate co-

expression fold enrichment score. For fair comparison across the cell stages of the major cell types, we
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downsampled the same number of cells (50 cells) 1000 times for each cell stage to calculate a co-
expression fold enrichment score. For cell-type transition or differentiation between one cell type with a
small population and another more abundant cell type: (1) we downsampled the cell type with the larger
population 1000 times to calculate co-expression fold enrichment score; (2) we downsampled the
combined population through sampling equal number of cells from each individual cell type and repeated
1000 times to calculate the co-expression fold enrichment score. To calculate the distribution of average
Spearman’s correlation coefficients of an NDD gene set for each condition by downsampling, the
pairwise Spearman’ s rank correlation coefficients within an NDD gene set were averaged and repeated

1000 times.

Correlation with dnL oF-ASD and dnMis-Epi genes

For the calculation of correlation with dnLoF-ASD genesin NPCs, we used genes expressed in
NPCs as background genes. For any non-dnLoF-ASD gene expressed in NPCs, the correlation with
dnLoF-ASD genes for the gene was defined as the average Spearman’ s correl ation coefficients between
the gene and dnLoF-ASD genes. For any dnLoF-ASD gene expressed in NPCs, the correlation with
dnLoF-ASD genes for the gene was defined as the average Spearman’ s correl ation coefficients between
the gene and the other dnLoF-ASD genes. Based on the correlation with dnLoF-ASD genes for any gene
expressed in NPCs, we then obtained the distribution of correlations with dnLoF-ASD genes for different
types of ASD genes. Differencesin correlations between different ASD gene sets were estimated using
the one-sided Wilcoxon rank-sum test. A similar analysis was performed to compute the correlation with
dnLoF-ASD genes during the transition from vRG cellsto IPCs at GW10 using genes expressed in NPCs
as background genes. A similar analysis was performed to compute the correlation with dnMis-Epi genes
in interneurons and the transition from vRG cells to IPCs at GW10 using genes expressed in interneurons

and NPCs as background genes, respectively.

GO enrichment analysis of dnL oF-ASD and dnMis-Epi genes
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To perform GO enrichment analysis, the ontology and human annotation files were downl oaded
from the GO database (http://www.geneontol ogy.org). To compute the overlap between dnLoF-ASD
genes and GO biological process terms during the transition from vRG cellsto IPCs at GW10, we used
genes expressed in NPCs as background genes. Genes that are annotated under the GO terms but not
expressed in NPCs were removed. Only GO terms with the remaining gene number between 10 and 1000
after filtering were used for GO enrichment analysis. P values of the overlap between dnLoF-ASD genes
and GO terms were computed using the one-sided Fisher’s exact test and corrected for multiple
hypothesis testing using fal se discovery rate (FDR) (Benjamini and Hochberg 1995). For GO enrichment

analysis of dnMis-Epi genes, the same process was repeated.

GO corrélation analysis of dnLoF-ASD and dnMis-Epi genes during the cell-type transition

Based on the correlation with dnLoF-ASD genes during the vRG-to-1PC transition at GW10 for
any background gene expressed in NPCs, we then obtained the distribution of correlations with dnLoF-
ASD genes during the transition for genes annotated under a GO biol ogical processterm. Only GO terms
with the remaining gene number between 10 and 1000 after filtering by the background genes were used.
Then, we computed, by the one-sided Wilcoxon rank-sum test, the P value for whether genes annotated
under the GO term have higher correlations than the background genes. We used this P value to measure
how strongly the GO term positively correlates with dnLoF-ASD genes during the transition. We used the
one-sided Wilcoxon rank-sum test to compute P value for whether genes annotated under the GO term
have lower correlations than the background genes. We used this P value to measure how strongly the GO
term negatively correlates with dnLoF-ASD genes during the transition. The P values for all GO terms
from GO positive or negative correlation analysis of dnLoF-ASD genes during the transition were
adjusted using the Benjamini and Hochberg method. For GO correlation analysis of dnMis-Epi genes

during the vRG-to-1PC transition, the same process was repeated.

Expression change of dnLoF-ASD and dnMis-Epi genes during cell-type transitions
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To compute the logy(fold change) value for a gene during the transition from vRG cellsto IPCs at
GW10, gene expression TPM values of the genein the vVRG and IPC samples at GW10 were added by 1.
Then, the average expression of the gene across samplesin IPCs at GW10 was divided by the average
expression of the gene across samplesin vRG cells at GW10 and then log, transformed. Based on the
logy(fold change) value for any gene, we then obtained the distribution of log,(fold change) values for
dnLoF-ASD or dnMis-Epi genes. Next, we used the one-sided Wilcoxon rank-sum test to compute the P
value to determine whether dnLoF-ASD or dnMis-Epi genes have higher 1og,(fold change) values than
the background genes (genes expressed in NPCs) during the transition. A similar analysis was performed
to compute the statistical significance of expression change for dnLoF-ASD and dnMis-Epi genes during
the differentiation at GW10 from NPCs, VRG, and IPCs to excitatory neurons, and during the

differentiation at GW16 from NPCs, VRG, oRG, and IPCs to excitatory neurons.

GO expression change analysis during the cell-type transition

Based on the log,(fold change) value for any gene during the transition from vRG cellsto IPCs at
GW10, we obtained the distribution of log,(fold change) values for genes annotated under a GO
biological processterm. We used only GO terms with between 10 and 1000 genes remaining after
filtering by genes expressed in NPCs. We used the one-sided Wilcoxon rank-sum test to compute P
values for whether genes annotated under the GO term have higher (expression increase) or lower
(expression decrease) log,(fold change) values than the background (NPC) genes. The P values for all GO
terms from GO expression change analysis during the transition were adjusted using the Benjamini and

Hochberg method.

Softwar e availability

Code used in this study is available at GitHub (https://github.com/kpang/CEA) and as

Supplemental Code.
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Figurelegends

Figure 1. Co-expression enrichment analysis of high-confidence NDD genes in six major cell types. (A)
Co-expression fold enrichment of eight NDD gene sets (four with dnLoF mutations and four with dnMis
mutations) in six cortical cell types, along with the sample size of each. Gene set sizeis shown in
parentheses. Circle size is proportional to enrichment score. (B,C) Co-expression fold enrichment of
dnLoF-ASD (B) and dnMis-Epi genes (C) in six mgjor cell types by downsampling the same number of
cellsfor each cell type. Vialin plot shows the mean value (point). P value indicates whether the mean co-
expression fold enrichment score of the corresponding gene set is higher than that of the background
genes (one-sided Fisher’s exact test). (D,E) Co-expression networks of dnLoF-ASD (D) and dnMis-Epi
genes (E) inthe six cell types using the original sample size. Node size is proportional to co-expression

degree.

Figure 2. Co-expression enrichment analysis of dnLoF-ASD and dnMis-Epi genes during NPC and
neuron development. (A-C) Co-expression fold enrichment of dnLoF-ASD and dnMis-Epi genes at
specific stages of NPCs (A), excitatory neurons (B), and interneurons (C) by downsampling the same
number of cells for each cell stage. (D) Co-expression fold enrichment of dnLoF-ASD and dnMis-Epi
genesin VRG célls, IPCs, and the transition at GW10 by downsampling the same number of cells for each
condition. (E,F) Co-expression fold enrichment of dnLoF-ASD and dnMis-Epi genesin VRG cells, oRG
cells, IPCs, and their transitions at GW16 by downsampling 20 cells (E) and 37 cells (F) for each
condition. In (A-F), asterisks indicate -log,oP vaues for differencesin mean enrichment scores between
the gene sets and the background genes (one-sided Fisher’s exact test): * 1< -log,oP <2; ** 2< -logyoP <5;
*** B -logyoP <10; **** 10< -logoP. (G) Expression of dnLoF-ASD and dnMis-Epi genes significantly

increased during the transition from vRG cellsto IPCs at GW10. Dashed horizontal line indicates the
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median log,(fold change) value of the background genes. P values indicate differences between log,(fold
change) values of dnLoF-ASD or dnMis-Epi genes and those of background genes during the transition
(one-sided Wilcoxon rank-sum test). (H,I) Co-expression networks of dnLoF-ASD (H) and dnMis-Epi
genes () in vRG cdlls, IPCs, and the transition at GW10 using original sample size. Node size is

proportional to co-expression degree.

Figure 3. Co-expression enrichment analysis of dnLoF-ASD and dnMis-Epi genes during differentiation
from NPCsto excitatory neurons (Ex). (A,B) Co-expression fold enrichment of dnLoF-ASD and dnMis-
Epi genesin NPCs, excitatory neurons, and the differentiation at GW10 (A) and GW16 (B) by
downsampling the same number of cells for each condition. Asterisksindicate -log;oP values for
differences in mean enrichment scores between the gene sets and the background genes (one-sided
Fisher's exact test): * 1< -log;oP <2; ** 2< -logoP <5; *** 5< -log;oP <10; **** 10< -logyP. (C)
Expression of dnMis-Epi but not dnLoF-ASD genes significantly increased during the differentiation
from NPCsto excitatory neurons at GW10. (D) Expression of dnLoF-ASD and dnMis-Epi genes
significantly increased during the differentiation from NPCs to excitatory neurons at GW16. In (C,D),

dashed horizontal line indicates the median log,(fold change) value of the background genes.

Figure4. GO correlation analysis of dnLoF-ASD and dnMis-Epi genes and GO expression change
analysis during the vVRG-to-IPC transition at GW10. (A,B) Scatter plots show the significance values from
GO positive correlation analysis of dnLoF-ASD (A) and dnMis-Epi genes (B) on the horizontal axis
versus the significance values from GO expression increase analysis on the vertical axis during the
transition. Dots represent individual GO biological processterms. Each dot has -log;oFDR values on both
the horizontal axis (how strongly genes annotated under a GO term positively correlate with dnLoF-ASD
(A) and dnMis-Epi genes (B) during the transition) and the vertical axis (how much higher the log,(fold
change) values are for genes annotated under the GO term compared to the background genes during the

transition). Dashed vertical and horizontal linesindicate -logioFDR at 4 and 2 as significance thresholds.
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Red denotes GO terms significant in both analyses, green denotes GO terms significant only in GO
positive correlation analysis, and blue denotes GO terms significant only in GO expression increase
analysis. Selected representative GO terms are labeled. (C,D) Similar to (A,B) with GO negative
correlation analysis of dnLoF-ASD (C) and dnMis-Epi genes (D) and GO expression decrease analysis

during the transition.

Figure5. GO enrichment and correlation analyses of dnLoF-ASD and dnMis-Epi genes during the vVRG-
to-1PC transition at GW10. (A,B) Scatter plots show the significance values from GO enrichment analysis
on the horizontal axis versus the significance values from GO positive correlation analysis on the vertical
axis of dnLoF-ASD (A) and dnMis-Epi genes (B) during the transition. Dots represent individual GO
biological processterms. Each dot has -log;oFDR value on the horizontal axis that indicates the statistical
significance of the overlap between genes annotated under a GO term and dnLoF-ASD (A) or dnMis-Epi
genes (B), and -log;oFDR value on the vertical axis that indicates how strongly genes annotated under the
GO term positively correlate with dnLoF-ASD (A) and dnMis-Epi genes (B) during the transition.
Dashed vertical and horizontal linesindicate -log;oFDR at 2 and 4 as significance thresholds. Red denotes
GO terms significant in both analyses, green denotes GO terms significant only in GO enrichment
analysis, and blue denotes GO terms significant only in GO positive correlation analysis. Selected
representative GO terms are labeled. (C,D) Similar to (A,B) with GO enrichment and negative correlation

analyses of dnLoF-ASD (C) and dnMis-Epi genes (D) during the transition.

Figure 6. CHDS8 target gene analysis. (A) Expression changes of CHD8-activated and -repressed genes
during the transition from vVRG cellsto IPCs at GW10. Dashed horizontal line indicates the median
logx(fold change) value of the background genes. P values calculated by the one-sided Wilcoxon rank-
sum test indicate whether CHD8-activated (-repressed) genes have higher (lower) logy(fold change)
values than the background genes during the transition. (B) Spearman’s correlation between CHD8-

activated/-repressed genes and CHD8 during the transition. Dashed horizontal line indicates the median
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Spearman’s correlation with CHDS for the background genes. P values calculated by the one-sided
Wilcoxon rank-sum test indicate whether CHD8-activated (-repressed) genes have higher (lower)
correlation with CHD8 than the background genes during the transition. (C,D) Top GO terms enriched

with CHD8-activated (C) and -repressed genes (D).

Figure 7. Co-expression network organization of ASD genes with dnLoF mutations in NPCs, and
epilepsy genes with dnMis mutations in interneurons. (A) Spearman’s correl ation with dnLoF-ASD genes
in NPCsfor ASD geneswith >3, 2, 1 and 0 dnLoF mutations. (B) Spearman’s correlation with dnMis-Epi
genesin interneurons for epilepsy genes with >2, 1 and 0 dnMis mutations. (C) Co-expression network of
ASD genes with at |east one dnLoF mutation in NPCs. Red, green and blue nodes indicate ASD genes
with >3, 2 and 1 dnLoF mutations, respectively. Red, green and blue edges indicate co-expression within
ASD geneswith >3, 2 and 1 dnLoF mutations, respectively, and orange edges indicate co-expression
between ASD genes with >3 dnLoF mutations and ASD genes with 2 dnLoF mutations. (D) Co-
expression network of epilepsy genes with at least one dnMis mutation in interneurons. Red and blue
nodes indicate epilepsy genes with >2 and 1 dnMis mutations, respectively. Red and blue edges indicate
co-expression within epilepsy genes with >2 and 1 dnMis mutations, respectively. In (C,D), node sizeis
proportional to co-expression degree. (E) Co-expression degree in the NPC network of ASD genes with
>3, 2 and 1 dnLoF mutations. (F) Co-expression degree in the interneuron network of epilepsy genes with
>2 and 1 dnMis mutations. In (A,B,E,F), P values were calculated using the one-sided Wilcoxon rank-sum

test.
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