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Genetic Insights of Schizophrenia via Single Cell RNA-Sequencing Analyses
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Background: Schizophrenia is a complex and heterogeneous
disorder involving multiple regions and types of cells in the
brain. Despite rapid progress made by genome-wide asso-
ciation studies (GWAS) of schizophrenia, the mechanisms
of the illness underlying the GWAS significant loci remain
less clear. Study Design: We investigated schizophrenia risk
genes using summary-data-based Mendelian randomization
based on single-cell sequencing data, and explored the types
of brain cells involved in schizophrenia through the expres-
sion weighted cell-type enrichment analysis. Results: We
identified 54 schizophrenia risk genes (two-thirds of these
genes were not identified using sequencing data of bulk tis-
sues) using single-cell RNA-sequencing data. Further cell
type enrichment analysis showed that schizophrenia risk
genes were highly expressed in excitatory neurons and caudal
ganglionic eminence interneurons, suggesting putative roles
of these cells in the pathogenesis of schizophrenia. We
also found that these risk genes identified using single-cell
sequencing results could form a large protein-protein inter-
action network with genes affected by disease-causing rare
variants. Conclusions: Through integrative analyses using
expression data at single-cell levels, we identified 54 risk
genes associated with schizophrenia. Notably, many of these
genes were only identified using single-cell RNA-sequencing
data, and their altered expression levels in particular types
of cells, rather than in the bulk tissues, were related to the
increased risk of schizophrenia. Our results provide novel in-
sight into the biological mechanisms of schizophrenia, and
future single-cell studies are necessary to further facilitate
the understanding of the disorder.
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Introduction

Schizophrenia is a highly heritable and polygenic dis-
order, and genome-wide association studies (GWAS) have
reported more than 200 genomic loci harboring common
variants that confer the risk of this illness.! Nonetheless,
the majority of these schizophrenia GWAS risk loci are
in noncoding regions of the genome, and it is of great
interest to identify variants with functional impact in the
pathogenesis of the disorder. As accumulating studies
suggest that noncoding genetic variants may participate
in complex diseases by modulating the mRNA expres-
sion of certain genes, expression quantitative trait loci
(eQTL) analyses based on data from human brain tissues
have been widely applied and made inspiring findings in
illuminating the mechanisms of schizophrenia pathogen-
esis.”* Nonetheless, systematic colocalization analysis
based on tissue-level eQTL data® indicated that gene ex-
pression alterations detected by such investigations could
only explain ~10% of schizophrenia heritability,® partly
due to the limitation of data from bulk brain tissues, as
the brain is a highly heterogenic organ with numerous re-
gions showing specific characteristics in their structure,
functionality and cellular composition.

While majority of previous eQTL analyses were con-
ducted using data from bulk tissues due to inevitable tech-
nical and resource restrictions, recent studies are being
conducted using data obtained from different types of
cells, cell states, and developmental stages of the human
brain,” ! to increase the “resolution” of studies for brain
function and pathology of psychiatric illnesses. For ex-
ample, eQTLs have been identified in primary human
neural progenitors and their sorted neuronal progenies, !
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in dopaminergic neurons derived from induced pluri-
potent stem cells (iPSCs),"” and in 8 types of brain cells
(using single nuclei RNA-sequencing).”® Indeed, these
studies confirmed that gene expression regulation occurs
in a region-, temporal-, and cell-type-specific manner,
and have identified numerous eQTLs that were masked in
bulk tissues. It is hence necessary to perform further fine-
mapping analyses of GWAS loci to characterize cell-type
specific eQTLs to better understand the genetic and bio-
logical basis of schizophrenia. We herein carried out inte-
grated analyses of schizophrenia GWAS data and brain
cell-type eQTL data, and identified risk genes that were
not prioritized in previous analyses of bulk tissues.

Materials and Methods

PGC3 Schizophrenia GWAS Data

The PGC3 GWAS was performed in 69 369 schizophrenia
cases and 236 642 controls, and 270 genome-wide signif-
icant loci were identified. We downloaded the GWAS
summary statistics data from the PGC website (https://
www.med.unc.edu/pgc/). Detailed information regarding
sample collection, analytical methods, and results can be
found in the original publication.'

Alzheimer’s Disease GWAS Data

Bellenguez et al performed a meta-analysis of 2-stage
Alzheimer’s disease (AD) GWAS containing a total of
111 326 clinically diagnosed/“proxy” AD cases and 677
663 controls and identified 75 risk loci.!* We downloaded
the stage | GWAS data (39 106 clinically diagnosed AD
cases, 46 828 “proxy” AD cases, and 401 577 controls)
from https://www.ebi.ac.uk/gwas/ under accession no.
GCST90027158. Detailed information about sample col-
lection, analytical methods, and results can be found in
the original publication.!

Cell-type eQTL Data From the Study by Jerber et al

The cell-type eQTL data of mature midbrain dopamin-
ergic neurons (from 175 donors) and serotonergic-like
neurons (from 161 donors) were downloaded from the
study by Jerber et al'? Briefly, the authors differentiated
human iPSC lines from the Human Induced Pluripotent
Stem Cell Initiative (http://www.hipsci.org) with a mid-
brain neural fate and performed scRNA-seq analyses on
cells captured on particular days across differentiation.
For example, sequencing was performed on day 52 when
the dominant type of cells was mature midbrain dopa-
minergic neurons,'>!>!® and the identity of dopamin-
ergic neurons was also confirmed through satisfactory
transcriptome-wide alignment (mapping rates between
85% and 99%) to existing single-cell atlases of human
iPSC-derived dopaminergic neurons and fetal or adult
human midbrain samples.'>!” Considering the variability

Single Cell Analysis of Schizophrenia

in neuronal differentiation efficiency between cell lines,
the authors mapped the eQTLs using aggregated expres-
sion levels for each donor when calculating eQTLs in
distinct cell populations (corresponding to the profiled
cell type-condition contexts of the dominant cell types)
and applied linear mixed models by incorporating addi-
tional variance components.'®* We downloaded the eQTL
analysis results from Zenodo at https://zenodo.org/
record/4333872.

Cell-Type eQTL Data From the Study by Bryois et al

We downloaded the cell-type eQTL data from the study
by Bryois et al.'* Different from the study by Jerber et
al, which obtained eQTL information from iPSC-derived
cells, Bryois et al directly performed eQTL analysis using
scRNA-seq in the prefrontal cortex, temporal cortex, and
deep white matter from 196 individuals. They performed
scRNA-seq and genotyping in 123 independent individ-
uals and then combined their data with 127 human brain
samples, which were previously conducted using scRNA-
seq analysis.'*?! After quality control and data normali-
zation, gene expression and genotype information from
a total of 196 individuals were included in the final data
processing. Eight major central neuron system (CNS)
cell types were identified according to canonical markers
of cell type identity. The cis-eQTLs were calculated by
testing all SNPs (single nucleotide polymorphism) within
a 1 MB window on the flanking transcription start site by
adjusting for known covariates using FastQTL? in each
cell type. In total, 6108 genes with a cis-eQTL at a 5%
false discovery rate (FDR) across the 8 different CNS cell
types were discovered. We downloaded the eQTL results
from https://doi.org/10.5281/zenodo.5543734.

Summary-Data-Based Mendelian Randomization
Analysis

Summary-data-based Mendelian randomization (SMR)
is a widely used integrative analysis method to identify
genes whose expression levels are associated with a com-
plex trait.® Similar to the concept of Mendelian random-
ization, the SMR tests the causative effect of an exposure
of gene expression on an outcome of phenotype using a
genetic variant as an instrumental variable. Different from
other colocalization and imputation methods that require
individual genotype information from eQTL data, SMR
integrates summary-level data from independent GWASs
with data from summary-level eQTL studies. To rule out
the linkage effect, the developers of SMR proposed the
HEIDI (heterogeneity in dependent instruments) test
to distinguish pleiotropy from the linkage. Contrary to
other statistical analyses, the HEIDI test disregarded re-
sults with a small heterogeneity test P-value, which means
that the smaller the P-value of HEIDI is, the larger the
probability of the observations being derived by a linkage
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model. Detailed information about the method theory,
model design, and algorithm implementation can be
found in the original publication.?

The eQTL summary data output by other QTL calcu-
lation methods were first transformed to BESD format,
which is an efficient binary format to save storage space,
using the—make-BESD option. Then, the reference geno-
type data (downloaded from the 1000 Genomes Project®),
GWAS summary statistics data, and BESD formatted
eQTL summary data were used as SMR inputs. Other set-
tings were set as the default arguments. The significance
for SMR was set at the Bonferroni-corrected threshold
of 0.05/N, in which N was the number of genes with sig-
nificant eQTLs (eGenes) tested for a given cell type. An
eQTL was considered significant when its P-value of the
top associated locus was less than 5.00 X 108, The num-
bers of eGenes for dopaminergic neurons, serotonergic-
like neurons, astrocytes, endothelial cells, excitatory
neurons, inhibitory neurons, microglia, oligodendrocytes,
oligodendrocyte precursors, and pericytes were 703, 892,
366, 80, 867, 286, 212, 758, 243, and 23, respectively. Only
genes with Bonferroni-corrected P-values of SMR < .05
and P-values of HEIDI test >.01 were considered to be
schizophrenia-associated risk genes. Because of the com-
plexity of linkage disequilibrium in the major histocom-
patibility complex region (26-34 Mb), we excluded genes
in this genomic area.

Cell Type Enrichment Analysis

To further identify schizophrenia-associated cell types,
we conducted cell type enrichment analysis with the
single cell transcriptomic and Expression Weighted
Cell-type Enrichment (EWCE) R package.” The EWCE
evaluated whether a set of genes had higher expression
within a particular cell type were selected by chance. The
EWCE first calculated the average expression level of the
background set of genes in every cell type in a selected
single-cell transcriptomic dataset. A simulation test was
then performed by randomly sampling a gene list with
the same length as the target gene list for 10 000 times,
and the probability distribution was estimated from
the average level of expression in all cell types in each
of these random gene lists. If the expression level of the
target gene list was significantly higher than that of the
randomly selected gene list in a given cell type, the cell
type was thought to be associated with traits of interest.
A given cell type with a P-value of EWCE less than .05
was considered a schizophrenia-associated cell type.

The target gene list was defined as the union of signifi-
cant genes identified by SMR with all single cell types and
genes with rare variants identified by exome sequencing
from 24 248 cases and 97 322 controls and mutations
from 3402 parent-proband trios with an FDR < 5%.% We
selected single-cell transcriptome data from three studies.
The first was a study by Polioudakis et al downloaded
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from http://solo.bmap.ucla.edu/shiny/webapp/. They col-
lected developing human neocortices at gestation weeks
17 to 18 from 4 donors* and obtained ~40 000 cells be-
longing to 16 distinct cell types, including microglia,
pericytes, interneurons, and excitatory neurons through
Drop-seq. The second study was a part of the Brain
Initiative Cell Census Network, which aimed to identify
and catalog the diverse cell types in brains of the human,
monkey, and mouse.® The dataset contained cells from
10 distinct major forebrain, midbrain, and hindbrain re-
gions from 13 individuals at gestation weeks 14 to 25 and
6 neocortical areas from the same donors. In total, this
dataset contained 698 820 high-quality cells of 10 major
cell types including excitatory neurons, interneurons,
microglia, and intermediate progenitor cells. Due to the
large amount of data beyond the memory range of the
workstation (128 G), we selected one individual at ges-
tation week 18 for the follow-up study, which contained
84 730 cells. The cell count matrix meta cell types can
be downloaded from https://data.nemoarchive.org/biccn/
grant/u01_devhu/kriegstein/transcriptome/scell/10x_v2/
human/processed/counts/. The third dataset was from
the study by Trevino et al, who generated a single-cell
RNA transcriptome of the developing human cerebral
cortex using 10X Genomics from 4 samples at gesta-
tion weeks 16, 20, 21, and 24."" Overall, they obtained
31 304 single-cell transcriptomes and identified 23 main
cell types. All the processed data could be downloaded
at Gene Expression Omnibus with the accession number
GSE162170."

Protein-Protein Interaction Analysis

The schizophrenia risk genes identified by SMR and
exome sequencing were further used to conduct protein-
protein interaction (PPI) analysis on the STRING web-
site (Version 11.5, https://cn.string-db.org/).”

Results

Integrative Analyses of Cell-Type eQTL Data
Prioritized Risk Genes for Schizophrenia

Bryois et al conducted an eQTL analysis using single
nuclei RNA-sequencing data of 8 types of brain cells
from 196 individuals, and discovered 6108 cis-eQTL
genes including 2620 genes showing cell-type specific ef-
fects.!* Their data were included in the current study. In
addition, Jerber et al performed an eQTL analysis using
scRNA-seq data of human iPSCs across differentiation,
and we retrieved their cell-type eQTL data in mature
midbrain dopaminergic neurons (from 175 donors) and
serotonergic-like neurons (from 161 donors).'? Based on
the GWAS summary statistics of 69 369 schizophrenia
cases and 236 642 controls,! we conducted SMR to ex-
amine the contribution of these cell-type eQTLs to the
genetic risk of schizophrenia. To correct for the impact
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of varied numbers of eGenes in different cell types on the
results, we used the Bonferroni method to correct the sta-
tistical P-value and analyzed the cell type-specific genes
for AD, which is a neurodegenerative disease.

Briefly, integrating the eQTL data in excitatory neurons
identified the largest number of schizophrenia risk genes
(figure 1 and Supplementary table S1, n = 15) that passed

_Excitatory neuron

Single Cell Analysis of Schizophrenia

the significance level of SMR, among which 9 genes
(GLT8D1, PBRMI1, CYP7BI1, FAM114A2, GATAD2A,
SFMBT1, C120rf65, TRANKI, and ACTR1B) were not
identified in other cell types (figure 2B), suggesting that
those genes may confer schizophrenia risk by exerting
functions primarily in excitatory neurons. This result
is also in line with the genetic enrichment of excitatory
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Fig. 1. Manhattan plots of SMR integrating PGC3 GWAS data with single-cell eQTL data in excitatory neuron, inhibitory neuron,

serotonergic-like neuron, and dopaminergic neuron.
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Fig. 2. (A) Venn plot of number of genes identified in bulk tissues level and single-cell level. (B) Upset plot of genes identified in different
single cell types. Horizontal bar on left represents number of genes identified in each cell types. Dots and lines represent subsets of genes.
Vertical histogram represents number of genes in each subset. Genes both identified in bulk tissue level and single-cell level were red
marked. Micro, microglia; Endo, endothelial; Astro, astrocyte; Sert, serotonergic-like neuron; Da, dopaminergic neuron; Per, pericyte; In,
inhibitory neuron; OPC, oligodendrocyte precursors; Oligo, oligodendrocyte; Ex, excitatory neuron.

neuron-specific genes in schizophrenia®® and the previous
finding that schizophrenia was primarily associated with
variants in transcriptional enhancers and promoters in
neurons.’!

Integrating the eQTL data in inhibitory neurons
identified 9 schizophrenia risk genes (figure 1 and
Supplementary table S1), all of which were identified in
at least one other cell type. Integrating the eQTL data in
oligodendrocytes identified 14 schizophrenia risk genes
(Supplementary figure S1 and Supplementary table
S1), among which 6 genes (ASPHD1, RCBTBI1, TKT,
ABCB9, ADAM10, and DDHD?2) were not identified
in other cell types (figure 2B). Integrating the eQTL
data in serotonergic-like neurons identified 9 schiz-
ophrenia risk genes (figure 1), among which 6 genes
(FES, SLC9B1, C3orf78, MAPK3, PTN, and C220rf32)
were not identified in other cell types. Integrating the
eQTL data in mature midbrain dopaminergic neurons
identified 10 schizophrenia risk genes (figure 1), among
which 4 genes (C60rf108, RNASEH2C, OGFOD?2, and
RNASEH2C) were not identified in other cell types.
Integrating the eQTL data in astrocytes identified 8
schizophrenia risk genes, among which 3 genes (MAPT,
RERE, and Cl6orf5) were not identified in other cell
types (Supplementary figure S1).

Notably, TRANKI1 was highlighted in excitatory
neurons only, suggesting that this gene may confer a
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risk of schizophrenia primarily by exerting functions in
excitatory neurons, which is also consistent with a pre-
vious expression analysis showing that the function of
this gene might be related to dendritic spines, synaptic
plasticity, and axon guidance.’> Another previous study
also suggested that the schizophrenia GWAS risk SNP
could downregulate the expression of TRANKI in
iPSC-derived neural progenitor cells, and the decreased
expression of TRANKI further perturbed the expres-
sion of many genes involved in neural development and
differentiation.’* Moreover, the reduction in TRANKI1
expression could be rescued by chronic treatment with
therapeutic dosages of valproic acid.?*3* All this evidence
suggests that TRANK1 might be involved in the path-
ogenesis of schizophrenia by affecting the functions of
neurons.

Byintegrating the single-celleQTL data with AD GWAS
data, we identified a total of 26 genes (Supplementary
table S2 and figure S2A) in ten cell types, of which 4 genes
(ADAM10, ARL17B, LRRC37A, and MAPT) were also
associated with schizophrenia (Supplementary figure S2B
and S2C). Notably, integrating microglial eQTLs with AD
GWAS data identified the most risk genes, whereas the
fewest genes were identified to be associated with schizo-
phrenia in microglia. We also found that more genes were
identified to be associated with AD in glial cell types,
including microglia, oligodendrocytes, and astrocytes,
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suggesting that these cells were more closely related to
AD. These results further confirmed distinct genetic risk
architectures between AD and schizophrenia.?>=’

Comparison of Risk Genes Derived From Cell-Type and
Tissue-Level eQTL Data

Single-cell eQTL-based SMR analysis identified 54 genes
showing significant associations with the genetic risk of
schizophrenia in at least one cell type (figure 2A). We
then compared the SMR result obtained with cell-type
eQTL data and that obtained with bulk tissue eQTL
data. The SMR based on bulk tissue eQTL data identi-
fied 101 risk genes by SMR by integrating PGC3 GWAS
data and eQTL data from fetal brain,* PsychENCODE,?*®
and whole blood.* We noticed that 17 (figure 2B,
ABCBY9, ASPHDI1, CYP7B1, DDHD2, FAMI14A2,
GATAD?2A, GLT8DI1, GNL3, LRRC37A, LRRC37A2,
MAPK3, MAPT, NSF, OGFOD2, RERE, RNASEH2C,
and SLCY9BI1) of the 54 risk genes identified using cell-
type eQTL data were also identified in SMR based on
bulk tissue eQTL data; and there were 38 genes (figure
2A) that were specifically significant in single-cell data.
Therefore, analyses using single-cell sequencing data
could effectively complement our knowledge regarding
schizophrenia risk genes.

Specific Cell Types Underlying Schizophrenia

A critical step of translating GWAS data to molecular
mechanisms of schizophrenia is to determine the cell types
predominantly associated with the illness. Here, we used
the EWCE R package to infer schizophrenia-associated
cell types. The underlying rationale is that if a partic-
ular cell type is involved in the etiology of schizophrenia,
more disease-associated genes will be highly expressed in
this cell type. Single-cell transcriptomics from three dif-
ferent studies was used to construct the specific gene ex-
pression matrix. We added the genes identified by exome
sequencing because they might play a synergistic role in
the pathogenesis of schizophrenia with genes identified
by common variants.!? The genes identified by SMR of
common variants and the genes affected by rare muta-
tions (identified through exome sequencing with FDR
< 5%) were examined to test whether their expression in
a given cell type was significantly higher than randomly
selected background genes. In total, 54 genes identified by
single-cell eQTL-based SMR and 32 genes identified by
exome sequencing were analyzed (Supplementary table
S3). Using scRNA-seq data from the developing human
cortex published by Polioudakis et al,>” we found that the
mRNA levels of schizophrenia risk genes in maturing ex-
citatory neurons (ExM, P = .008), migrating excitatory
neurons (ExN, P = .03), and caudal ganglionic eminence
interneurons (CGEIn, P = .04) were significantly higher
than the levels of randomly selected background genes
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(figure 3A), suggesting the involvement of these 3 types
of cells in the pathogenesis of schizophrenia. Using an-
other scRNA-seq dataset of the developing human ce-
rebral cortex,!" we observed that glutamatergic neurons,
which are excitatory neurons, were significantly asso-
ciated with schizophrenia (figure 3B). CGEIn did not
reach the statistical significance level but was marginally
detected (P = .006).

We further expanded the EWCE analysis using sSCRNA-
seq data in an additional study.?® Due to the largely dif-
ferent brain tissues (ie, allocortex, claustrum, ganglionic
eminences, hypothalamus, neocortex, and thalamus) and
analytical approaches utilized, the results were partly dif-
ferent from those obtained with the 2 aforementioned
datasets.!!?7 Specifically, the expression of schizophrenia
risk genes was primarily altered in intermediate pro-
genitors in this third dataset (P = .004),” whereas this
cell type was not identified in the other 2 datasets.!'”’
Nevertheless, altered expression of such genes was also
seen in neurons (P = .03) and interneurons (P = .04)
(figure 3C), further highlighting the putative role of these
types of cells schizophrenia.

Protein-Protein Interaction

A total of 86 genes (54 genesidentified by single-celleQTL-
based SMR and 32 genes identified by exome sequencing,
Supplementary table S3) were used to construct the PPI
network with STRING, 30 of which could form a large
network. Among the 30 genes, XPO7, GRIN2A, GRIA3,
DNM3, MAGI2, and EIF2S3 were affected by rare mu-
tations (Supplementary figure S3). These results suggest
synergistic effects of genes regulated by common and rare
variants on the pathogenesis of schizophrenia.

Discussion

GWASS of schizophrenia have reported hundreds of ge-
nomic regions significantly associated with the illness,
yet the molecular mechanisms underlying the majority
of the risk loci are relatively unclear. Translating the ge-
netic associations with clinical diagnosis into risk genes
and etiological mechanisms is an urgent task in this post-
GWAS era.** Multiple studies have been conducted by
integrating schizophrenia GWAS statistics and eQTL
data in bulk tissues of certain brain regions relevant to
disease pathogenesis, such as the DLPFC, hippocampus,
and caudate,>**“? and a number of risk genes have been
identified. However, it is acknowledged that the regula-
tion of many genes is cell-type and developmental-stage
specific, and eQTL effects in particular cell types might
be therefore shadowed in analyses based on data of bulk
tissues. Specifically, when a gene is associated with the ge-
netic risk of schizophrenia only in certain cell types, it
cannot be detected through eQTL analyses based on data
of bulk tissues.
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Fig. 3. Bootstrapping tests performed using the EWCE method show that schizophrenia risk genes enriched expressed in several cell
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Thanks to the improvement of scRNA-seq analysis,
several studies have been published in recent years to
reveal cell-type specific eQTL effects in brains, which
have greatly promoted our knowledge regarding gene
expression profiles in particular brain cells. Notably,
previous single-cell transcriptomic analyses revealed
that schizophrenia genomic risk loci were primarily
mapped to pyramidal cells, medium spiny neurons,
and certain interneurons, whereas far fewer were
mapped to embryonic, progenitor, or glial cells.’®** A
more recent study showed that schizophrenia GWAS
loci were enriched in deep-layer excitatory neurons,
cortico-cortical projection neurons, and Parvalbumin-
expressing basket interneurons, suggesting potentially
pivotal roles of these cells in the genetic effects in the
illness.** In addition, a study found that open chro-
matin regions in glutamatergic neurons were enriched
for schizophrenia risk loci.** Based on these findings,
we herein investigated whether schizophrenia genetic
risk influenced gene expression in particular brain
cells, such as excitatory neurons, inhibitory neurons,
and oligodendrocytes.

Our data have implications in guiding future mech-
anistic studies. For example, genetic variants near
TRANKI1 have shown genome-wide significant associ-
ations with the risk of schizophrenia, but previous inte-
grative analyses in bulk brain tissues have not identified
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this gene. In the current study, we found that the expres-
sion of TRANKI1 was only associated with the genetic
risk of schizophrenia in excitatory neurons. This result
highlights that this gene likely exert its function only in
certain cell types, and provides clues that future functional
studies on this gene may focus on excitatory neurons and
relevant neural circuits.

This study has certain limitations. First, although we
performed stringent Bonferroni correction on the SMR
results according to the number of eGenes in each cell
type, we did not further correct for the number of cell
types. Despite we have applied the same correction cri-
teria following previous studies'* and our intention was
to identify risk genes that were associated with schizo-
phrenia in either single cells or multiple cell types, we
acknowledge that this is a potential limitation, which
might lead to false positive results, and further rep-
lications using independent datasets are warranted.
Second, a total of 5 scRNA-seq datasets were used in
this study,!' 13?2 and we assumed that the single-cell
clustering and annotation were relatively consistent and
correct across different studies. Nonetheless, different
studies might apply different clustering parameters or
methods, and even the markers used to annotate cell
types were also different. The heterogeneity and batch
effects between different studies should be therefore
considered in interpreting the results. In addition, we



should not ignore the bias due to single-cell acquisi-
tion from different developmental stages and different
tissue origins, as brain development is a highly dynamic
process in the early stage.***’ Third, unlike bulk tissue
RNA-seq, which could detect the expression of tens of
thousands of genes in a single tissue, only thousands
of genes, which was just a drop in the bucket, could be
captured and detected at the single-cell level. Therefore,
SMR analysis at the single-cell level might not be able
to detect some risk genes with lower levels of expres-
sion, which might (at least partially) explain the fact
that large numbers of genes detected at the bulk tissue
level with SMR could not be replicated at the single-cell
level. Fourth, limited by the current scRNA-seq tech-
nologies, data analysis methods and sample acquisition,
SMR analysis and EWCE cell type analysis were per-
formed in only a few cell types. While the current studies
are crucial steps toward a better understanding of schiz-
ophrenia pathogenesis, we believe that further devel-
opment of scRNA-seq technology and data analysis
methods will be necessary to obtain more information
regarding the cell types involved in this illness.

In summary, by integrating scRNA-seq data in mul-
tiple brain cells, we revealed many novel schizophrenia
risk genes that were not identified in previous analyses
using bulk tissues. Our study also provides evidence
supporting the putative roles of excitatory neurons and
CGElIn in the pathogenesis of schizophrenia. These
data suggest the necessity and importance of utilizing
expression profiling in particular cell types to elucidate
the genetic mechanism of schizophrenia, and further
fine-scale mapping analyses are necessary.
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