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INTRODUCTION: Schizophrenia population ge-
nomics has identified strong germline genetic
associations for this highly heritable disorder,
and molecular investigation of postmortem
brain samples has yielded evidence of tran-
scriptomic and epigenomic alterations asso-
ciated with this disease. However, identifying
molecular and cellular pathophysiological pro-
cesses linking etiological risk factors and clini-
cal presentation remains a challenge, due in
part to the complex cellular architecture of
the brain.

RATIONALE: Past work has implicated specific
populations of excitatory and inhibitory neu-
rons in the pathophysiology of schizophrenia,
but existing large transcriptomic datasets of
bulk tissue samples cannot directly assess cell
type–specific contributions to disease. Single-
cellRNAsequencing technologies allowmeasure-

ment of genome-wide gene expression in indi-
vidual cellswithhigh-throughput,movingbeyond
bulk tissue measures to map disease-associated
transcriptional changes in discrete cellular pop-
ulations without bias toward preselected cell
types. Investigating disease-associated pheno-
typic changes across the myriad cellular popu-
lations of the human brain can produce new
insights into neuropsychiatric disease biology.

RESULTS: Using multiplexed single-nucleus
RNA sequencing, we developed a single-cell
resolution transcriptomic atlas of the pre-
frontal cortex across subjectswith andwithout
schizophrenia and present data from 468,727
nuclei isolated from 140 individuals across two
well-definedand independently assayed cohorts.
We identified expression profiles of brain cell
types and neuronal subpopulations and sys-
tematically characterized the transcriptional

changes associated with schizophrenia in each.
For completeness, we report independent,
cohort-specific analyses and jointmeta-analysis
of differential expression across 25 cell types.
Using these data, we identified highly cell type–
specific and reproducible expression changes,
with 6634 differential expression events affect-
ing 2455 genes and favoring down-regulated
gene expression within excitatory neuronal
populations. We found significant overlap with
previously reported bulk cortex expression
changes, primarily for excitatory neuronal pop-
ulations, whereas changes in lower-abundance
cell types were less efficiently captured in
tissue-level profiling. Differentially expressed
genes enrich neurodevelopmental and synapse-
related molecular pathways and point to a
regulatory core of coexpressed transcription
factors linked to genetic risk variants for
schizophrenia and developmental delay. Tran-
scription factor targeting of schizophrenia
differentially expressed genes in neuronal pop-
ulations was validated with CUT&Tag in neu-
ronal nuclei isolated from human prefrontal
cortex. Furthermore, both transcriptional
changes and putative upstream regulatory
factors were enriched with genes harboring
common and rare risk variants for schizo-
phrenia, presenting evidence that genetic risk
variants across the population frequency spec-
trum tend to target genes with measurable ex-
pression alterations in the excitatory neurons
of patients with schizophrenia. Finally, the
magnitude of schizophrenia-associated tran-
scriptomic change segregated two populations
of schizophrenia subjects. Transcriptomic het-
erogeneity within the cohorts was associated
with specific cellular states shared acrossmulti-
ple neuronal populations, marked by genes
related to synaptic function and one-carbon
metabolism, suggesting genes characterizing
distinct molecular phenotypes of schizophrenia.

CONCLUSION: Our results provide a valuable
resource to investigate the molecular patho-
physiology of schizophrenia at single-cell re-
solution, offering insights into preferential
dysregulation of specific neuronal populations
and their potential role in mediating genetic
risk. Together, they suggest convergence of
etiological genetic risk factors, neuronal tran-
scriptional dysregulation, and symptomatic
manifestation in schizophrenia.▪
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Single-cell schizophrenia transcriptomics. Single-nucleus RNA sequencing (snRNA-seq) identified cell type–
specific differentially expressed genes (DEGs) in 25 cell types. DEG sets enrich disease-relevant biological
pathways, implicate a coherently expressed transcription factors module, and are associated with schizophrenia
genetic risk variants. Magnitude of transcriptional change identified neuronal cell state–associated subgroups. SZ,
schizophrenia; CON, control; McL, McLean; MSSM, Mount Sinai School of Medicine.
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The complexity and heterogeneity of schizophrenia have hindered mechanistic elucidation and the
development of more effective therapies. Here, we performed single-cell dissection of schizophrenia-
associated transcriptomic changes in the human prefrontal cortex across 140 individuals in two
independent cohorts. Excitatory neurons were the most affected cell group, with transcriptional changes
converging on neurodevelopment and synapse-related molecular pathways. Transcriptional alterations
included known genetic risk factors, suggesting convergence of rare and common genomic variants
on neuronal population-specific alterations in schizophrenia. Based on the magnitude of schizophrenia-
associated transcriptional change, we identified two populations of individuals with schizophrenia
marked by expression of specific excitatory and inhibitory neuronal cell states. This single-cell atlas
links transcriptomic changes to etiological genetic risk factors, contextualizing established knowledge
within the human cortical cytoarchitecture and facilitating mechanistic understanding of schizophrenia
pathophysiology and heterogeneity.

S
chizophrenia is a neuropsychiatric dis-
order clinically characterized by a com-
bination of psychosis, social withdrawal,
and cognitive dysfunction, often leading
to profound and chronic disability (1).

Its pathogenesis is hypothesized to beginduring
prenatal brain development, yet first psychotic
episodes do not occur until late in the second
or early in the third decade of life (2). The
complex etiology of schizophrenia involves
genetic and environmental factors presumed to
affect a wide range of brain-related processes,
including neurodevelopment (3), synaptic func-
tion (4, 5), neuronal excitability (6, 7), neuronal
connectivity (8, 9), and cognition (10, 11). De-
spite substantial advances in knowledge of the

genetic basis of schizophrenia (12, 13) and the
functional genomic examination of postmor-
tem tissue (14–23), elucidating specific molec-
ular and cellular alterations linking etiological
risk factors and clinical presentation remains
challenging.
Cell type–specificmolecular changes in schiz-

ophrenia have been previously reported with
the use of targeted methods such as laser mi-
crodissection (14–19) and fluorescence-activated
cell sorting (22, 23), suggesting selective tran-
scriptional vulnerability of deep-layer excitatory
and parvalbumin-expressing interneurons. Al-
though these approaches have revealed much
about schizophreniamolecularpathophysiology,
limitations include their reliance on marker
gene expression to select cells of interest, lim-
ited ability to dissect subpopulations of major
cell types, and the preselection of target cell
types. Emerging technologies for single-cell
transcriptomics (24, 25) can achieve cell-type
specificity without such biases, enabling the
discovery of disease-associated changes as re-
cently demonstrated for Alzheimer’s disease
(AD) (26), autism spectrum disorder (ASD)
(27), major depressive disorder (MDD) (28, 29),
and multiple sclerosis (30).
To investigate cell types within the complex

cytoarchitecture of the human brain presenting
reproducible expression changes associated
with schizophrenia, we profiled postmortem
prefrontal cortex (PFC) tissue samples from
two independent cohorts using single-nucleus
RNA sequencing (snRNA-seq) (Fig. 1A). The
McLean (McL) cohort included 24 individuals
with schizophrenia and 24 healthy individu-

als, balanced for sex (12 males and 12 females
per group), age (ranging from 22 to 94 years,
average 63.5 years), and postmortem inter-
val (ranging from 6.9 to 26.3 hours, average
16.8 hours). The Mount Sinai School of Med-
icine (MSSM) cohort included 41 individuals
with schizophrenia and 51 healthy controls,
balanced for age (ranging from 24 to 101 years,
average 72.7 years) and postmortem inter-
val (ranging from 2.0 to 52.8 hours, aver-
age 18.1 hours), including both males (61)
and females (31) (fig. S1 and datafile S1). To in-
crease the number of cells captured from each
individual while reducing batch effects, we
implemented a multiplexing strategy pool-
ing a mixture of cases and controls in each
sequencing library (seematerials andmethods
for details). We report a total of 468,727 high-
quality single-nucleus transcriptomes, including
206,014 nuclei from individuals with schiz-
ophrenia and 262,713 from healthy individ-
uals, profiled at an average depth of 12,000
cells per individual and 35,000 reads per cell
(McL) or 1200 cells per individual and 58,000
reads per cell (MSSM) (datafile S2). We used
these data for the remainder of the study.

Identification of cellular populations
across cohorts

We identified major brain cell types and neu-
ronal subpopulations across both cohorts by
building and annotating a cell similarity net-
work using ACTIONet (31). Major brain cell
classes, including excitatory and inhibitory
neurons, astrocytes (Ast), oligodendrocytes
(Oli), oligodendrocyte progenitor cells (OPCs),
and microglia (Mic), were identified by pref-
erential expression of knownmarker genes. By
extracting and clustering eachmajor cell class,
we identified additional low-abundance cell
types and neuronal subpopulations for a total
of 27 cell types and subpopulations, capturing
all major cell classes of the human PFC, includ-
ing excitatory and inhibitory neuron subtypes
and glial cells, with cell types well-represented
across samples and cohorts (Fig. 1B and figs.
S2 to S4). Excitatory neuronal subpopulations
preferentially expressed cortical layer marker
genes and were annotated accordingly (Fig. 1C
and datafile S3). All annotations were con-
sistent with expression patterns of selected
marker genes across the cell similarity network
(Fig. 1D). Neuronal subtypes, and excitatory
neurons in particular, had higher numbers of
expressed genes and unique molecular identi-
fiers (UMIs) compared to non-neuronal cell
types (figs. S5 to S7), consistent with previous
observations (26, 27).
Neuronal cells showed higher transcriptional

diversity than glial cell types, and excitatory
neuronal populations exhibited strong layer
specificity. Within cortical layers V and VI, we
identified three distinct populations of excit-
atory neurons: corticofugal projection neurons
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(Ex-L5/6) expressing FEZF2, and two distinct
populations of cortico-cortical projection neu-
rons expressing NTNG2 (Ex-L56_CC_NTNG2)
and SEMA3A (Ex-L6_CC_SEMA3A) (Fig. 1B).

g-Aminobutyric acid (GABA)–mediated inhib-
itory neurons are organized inmajor subtypes,
including neurons expressing parvalbumin
(PV), neuropeptide somatostatin (SST), and the

ionotropic serotonin receptor (5HT3aR). With-
in these groups, we detected two PV-expressing
subtypes of inhibitory neurons (basket and
chandelier cells), two 5HT3aR-expressing subtypes
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Fig. 1. Multiresolution dissection of cellular subpopulations. (A) Overview
of study design and data analysis strategies. Nuclei were pooled after sample-
specific hashtag labeling, allowing removal of intersample doublets. Cell
annotation was performed on the combined dataset. DE analysis was performed
within each dataset independently and results merged through meta-analysis.
Downstream analyses of biological pathways and cis- and trans-regulatory
factors related to cell type–specific schizophrenia DEGs (right). CON, control;

SZ, schizophrenia; McL, McLean cohort; MSSM, Mount Sinai School of Medicine
cohort. (B) ACTIONet plot of putative cell types. Green and red clusters
represent excitatory and inhibitory subtypes of neurons, respectively, with darker
shades indicating an association with deeper cortical layers. (C) Annotation of
cell types using curated markers (31) from previous snRNA-seq (26, 27, 79)
and spatial transcriptomics (38) studies. (D) Projection of known marker genes
verifies cell-type annotations and cortical layer associations (85).
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[vasoactive intestinal peptide (VIP)+ and
Reelin+], and two subpopulations of the re-
cently described rosehip interneurons (32).
We validated this heterogeneity within rose-
hip interneurons using in situ hybridization
(fig. S8). The relative position of cells within
the cell similarity network is consistent with
the developmental origin of cardinal interneu-
ron subtypes (medial versus caudal ganglionic
eminence), suggesting a developmental basis
for shared transcriptional signatures (33).
Prior histologic studies have suggested loss

of cells within inhibitory neuronal populations
in schizophrenia (34), with much attention
focused on PV-expressing interneurons (35).
These studies were performed using histology-
based cell-counting techniques, and the de-
tected neuronal loss might have been due to
technical limitations, where marker expres-
sion fell below the level of histological detec-
tion without loss of cells (36). The current data
generated by the unbiased sampling of cells
across all cortical layers support this hypoth-
esis, as we detected no change in the repre-
sentation of any cell type, including all subtypes
of inhibitory neurons, between individuals with
schizophrenia and healthy individuals (fig.
S4B). A recent snRNA-seq study of dorso-
lateral PFC in a smaller cohort (9 schizophrenia,
14 healthy individuals) did observe a decrease
in multiple inhibitory neuronal cell types (37).

Cell type–specific expression changes
in schizophrenia

To identify transcriptional alterations associ-
ated with schizophrenia, we systematically per-
formed differential expression (DE) analysis for
each cell type in each cohort separately, and
subsequently performed a meta-analysis to in-
tegrate the results (see materials and methods
for details). Meta-analysis identified a total of
6634 DE events [false-discovery rate (FDR) <
0.05 and |log2(fold change)| > 0.1, 2455 unique
differentially expressed genes (DEGs)] across
all cell types, most of which (77%, n = 5141)
were down-regulated in schizophrenia (Fig.
2A and datafile S4). Changes occurred pre-
dominantly in neuronal populations (94%, n =
6229) andmostly in excitatory neurons (77%,
n = 5129). Overall, DEGs were reproducible
across datasets (Fig. 2B), with 745 genes con-
sistently detected as up-regulated or down-
regulated in both cohorts independently.
Cross-cohort DEG reproducibility varied across
cell types and was highest for excitatory neu-
rons. DEGs identified by means of meta-
analysis overlapped with those identified in
each cohort separately, supporting the data
integration procedure (Fig. 2B, fig. S9, and
table S1). We report cohort-specific analyses,
a jointmeta-analysis of DE across 25 cell types,
and a highly reproducible set of 287 DEGs
with consistent expression changes in all three
analyses (datafile S5).

Comparative analysis with schizophrenia
DEGs identified in high-quality bulk cortex
RNA-seq data from the PsychENCODE con-
sortium (559 individuals with schizophrenia
versus 936 healthy individuals finding 4821
DEGswith FDR<0.05) (20) validated theDEGs
that we identified in our snRNA-seq data, with
high concordance of expression changes, espe-
cially with those observed in neurons. Enrich-
ment analysis revealed that bulk data primarily
captured expression changes observed at the
single-cell level in excitatory neurons, astro-
cytes, and oligodendrocytes (Fig. 2C). Changes
in other cell types, including inhibitory neurons,
were less well-captured in bulk, highlight-
ing the relevance of performing single-cell
assessments.
Most up-regulated DEGs occurred in excit-

atory neurons of the superficial cortical layers,
whereas most down-regulation events occur-
red in deep-layer excitatory neurons, consist-
ent with prior mapping of bulk schizophrenia
DEGs to cortical layers based on spatial tran-
scriptomics (38) (Fig. 2A). Predominance of
transcriptional changes in excitatory neurons
is consistentwith prior work (39) and is robust
to confounding by variability in the number of
cells captured per cell type, as demonstrated
by lack of correlation between the number of
cells and the number of DEGs in each cell type,
and by downsampling of the most abundant
neuronal population, Ex-L23 (table S2 and
fig. S10). Nearly half of DEGs were altered in
just one cell type (47%, n = 1153), indicating
high cell-type specificity of expression changes.
Schizophrenia cell type–specific DEGs did not
overlap with genes responsive to chronic anti-
psychotic exposure in nonhuman primates (21)
(fig. S11), suggesting that identified expression
changes are not driven bymedication exposure.
Among 1302 genes dysregulated in multiple

cell types, 114 genes showed divergent direc-
tionality of changes across cell populations.
The most broadly divergently dysregulated
genes included NRXN3, PFKFB3, RASGRF2,
SHANK2, and DLG5, all previously associated
with schizophrenia by functional or genetic
data (20, 40–44). Our single-cell resolution
data indicate that alterations in these genes
tend to occur in a single direction within and
divergently across cell classes (excitatory, in-
hibitory, and glial), suggesting that cell type–
specific regulatory complexity may be relevant
for gene expressionmodulation (Fig. 2D and fig.
S12A). Overrepresentation of genes involved in
synaptic structure and function further sug-
gests the biological relevance of divergent dys-
regulation across neuronal classes (fig. S12B).

DEGs affect neurodevelopment and
synapse-related pathways

Todetermine the biological pathways affected by
these cell type–specific DEGs, we performed gene
ontology analysis for the 50 down-regulated

or up-regulated DEG sets and semantically
clustered the significantly enriched terms into
biological themes to aid interpretation. Ex-
pression changes converged to 14 biological
themes summarizing functionally related mo-
lecular pathways, with neurodevelopmental
and synaptic processes highly overrepresented
within schizophrenia DEG associations (Fig. 2,
E and F, and datafiles S6 and S7). Biological
themes related to neurodevelopmental pro-
cesses were associated with DEG sets within
excitatory and inhibitory neuronal populations,
with the terms “neuron development” and
“plasma membrane–bound cell projection
organization”most strongly enriched.
Within synapse-related processes, the theme

“anterograde trans-synaptic signaling” was the
most broadly dysregulated, associated with
down-regulatedDEGsets in 12 distinct neuronal
populations and with up-regulated DEG sets
in Ex-L23. The theme “regulation of neuro-
transmitter receptor activity”was dysregulated
within four populations of excitatory neurons
and included more specific terms related to
glutamatergic signaling through regulation of
a-amino-3-hydroxy-5-methyl-4-isoxazolepropionic
acid (AMPA) andN-methyl-D-aspartate (NMDA)
receptors. We validated the down-regulation
of seven genes broadly represented across
multiple pathways within these synapse-
relevant themes (BCR, BSN, NEURL1, PSEN1,
RASGRF1, SHANK2, SLC1A2) with quantita-
tive polymerase chain reaction (qPCR) with
reverse transcription (qPCR, fig. S13). All seven
genes were found to be down-regulated in
schizophrenia when comparing RNA extracted
from whole-cortex postmortem BA10 tissue
from 12 individuals with schizophrenia versus
11 healthy individuals (McLean cohort).
Ex-L23 up-regulated DEGs enriched the

greatest number of themes (6 of 14), con-
sistent with having the largest number of
up-regulated DEGs, whereas down-regulated
DEGs within Ex-L2 and Ex-L6_SEMA3A en-
riched the greatest number of themes (9 of 14),
despite Ex-L2 having less than half the num-
ber of down-regulated DEGs as some deep-
layer excitatory populations. Inhibitory neurons
showed more modest alteration of these
themes, with synaptic signaling enriched by
down-regulated DEGs in In-Rosehip_TRPC3
and In-Reelin, and neurodevelopment rele-
vant terms enriched by up-regulated DEGs in
In-Rosehip_TRPC3. Altogether, our data sug-
gest that schizophrenia DEGs converge on
functionally related molecular pathways, with
the strongest evidence implicating neurodeve-
lopmental, synaptic, and intracellular signaling–
relevant processes.
Considering the abundance of dysregulated

pathways related to synaptic structure and
function, we investigated enrichment of syn-
aptic compartment genes within DEGs across
cell types as annotated in the SynGO database
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(45). We found the top-level SynGO compart-
ment “synapse” to be significantly enriched
(FDR<0.05) across all neuronal cell types, and
no non-neuronal cell types (Fig. 2G). Enrich-
ment of the presynaptic and postsynaptic
compartments was similar across neuronal
populations, with a slight predominance of
postsynaptic annotations for excitatory neuro-
nal DEGs, and presynaptic annotations for
inhibitory neuronal DEGs. Postsynaptic anno-
tations were also enriched in OPCs. Results for
all enriched SynGO compartments are availa-
ble in datafile S8.

Neuronal DEGs are targets of schizophrenia
GWAS risk transcription factors
Because coordinated expression changes are
often driven by common upstream transcrip-
tional regulators (46), we investigatedwhether
observed cell type–specific dysregulation was
associated with specific trans-acting factors.
We grouped regulators with similar expres-
sion profiles by coexpression analysis (datafile
S9 and fig. S14) and performed transcription
factor (TF) target analysis to test for over-
representation of target genes within schiz-
ophrenia DEGs, finding a single TF module

that was highly associatedwith neuronal DEGs
(TF module 10, Fig. 3A). This module includes
24 TFs coherently expressed and supported by
protein-protein interactions documented in
the literature, with 14 of these TFs linked in
a highly connected interaction network sup-
ported bymultiple lines of evidencewithin the
STRING database (47) (Fig. 3B). TFs within
this module overlap significantly with genes
implicated by exome sequencing in neurode-
velopmental delay [11 of 24 TFs in 373 genes,
P = 4.7e-13, SuperExactTest (48)] and ASD
(4 of 24 TFs in 72 genes, P = 2.3e-6) (49), and
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Fig. 2. Cell type–specific DEGs and associated biological pathways in
schizophrenia. (A) Number of down-regulated (blue, left of 0) and up-regulated
(red, right of 0) genes with FDR < 0.05 and abs(log2(fold change)) > 0.1 in
meta-analysis combining results of both cohorts. Shaded regions of each
bar indicate the number of genes also significantly different with the same
direction of change in a bulk tissue RNA-seq study of schizophrenia PFC (20).
(B) Significance of overlap between cell type–specific DEG sets identified in
each cohort and in the meta-analysis, computed with the R package Super-
ExactTest (48). Columns are scaled independently with darker color indicating
greater significance of overlap, and cross hatches indicating the specific level
of significance of each tested overlap. (C) Concordance of meta-analysis DEGs
and DEGs identified by prior bulk cortex RNA-seq (20) with up- and down-

regulated DEGs considered separately. Columns are scaled and highlighted as in
(B). (D) Signed significance of DE for the 10 most broadly and divergently
dysregulated genes. FC, fold change. (E) Biological pathways overrepresented
within cell type–specific DEGs determined by gene set enrichment and semantic
clustering analysis of gene ontology (GO) terms. A total of 119 enriched GO
terms revealed 14 distinct biological themes listed in panel (F) and datafile S7.
Numbers indicate significance rank. Themes are named by the most significant
term they contain. (F) Aggregate enrichment of GO terms within each biological
theme across cell types by down-regulated (blue) and up-regulated (red)
DEGs, excluding themes implicated by only one term and nonsignificant cell
types. (G) Overrepresentation of synaptic compartment genes [SynGO database
(45)] within cell type–specific DEGs.
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include multiple TFs (7 of 24) encoded by schiz-
ophreniagenome-wideassociationstudy (GWAS)
risk genes (12).
To validate predicted associations between

prioritized TFs and observed schizophrenia
DEGs, we experimentally tested whether ac-
tive cis-regulatory elements that are targeted
by these TFs show preferential association
with schizophrenia DEGs. We performed
Cleavage Under Targets and Tagmentation
[CUT&Tag (50)] assays in four healthy indi-
viduals within the McLean cohort to map the
genome-wide binding of MEF2C, SATB2, and
TCF4, and further included nuclear factor kB
(NF-kB) as a negative control not expected to
show strong association with schizophrenia
DEGs. These assays were performed in neu-
ronal nuclei isolated from postmortem PFC
tissue samples using fluorescence-activated
nuclear sorting. We defined reproducibly
bound regions as those bound in at least 50%
of replicates and annotated them with the
nearest gene (datafile S10). Supporting the
specificity of this analysis, genes targeted by
MEF2C, SATB2, and TCF4 preferentially en-
rich biological pathways relevant to neuronal
function (fig. S15). We found a high degree of
overlap between identified target genes and
schizophrenia DEGs across a wide range of
excitatory neurons, and a lower degree of
overlap within multiple inhibitory popula-
tions (Fig. 3C). We found no association in

any non-neuronal cell type, again supporting
the specificity of our analysis as CUT&Tag as-
says were performed only in neurons. Overall,
these experimental data support a regulatory
association between members of TF module
10 and cell type–specific schizophrenia dysreg-
ulated genes.

Schizophrenia DEGs are associated with
common and rare genetic risk variants

Seeking insights into the association between
transcriptional alterations and genetic liability
to schizophrenia, we investigated the relation-
ship between transcriptionally dysregulated
genes and genetic risk loci. In this context,
two questions are of relevance. First, genes
that are dysregulated in schizophrenia may
also be associated with genetic variation, sug-
gesting a link between genetic liability and
measurable cell type–specific molecular alter-
ations. Second, genes that are preferentially
expressed by specific cell types may, as a class,
contribute to schizophrenia risk, suggesting
a functional role of those cells in mediating
genetic risk. We found strong evidence sup-
porting the first scenario in most excitatory
neurons, and only modest evidence for the
second in superficial-layer neurons (Fig. 4A,
fig. S16, and datafile S11). We used Hi-C-
coupled MAGMA (H-MAGMA) (51) to com-
pute gene-level genetic risk scores fromGWAS
summary statistics by assigning noncoding

single-nucleotide polymorphisms (SNPs) to
their cognate genes based on evidence of long-
range interactions in the adult dorsolateral
PFC (52) (see materials and methods for de-
tails). Genetic risk scores were significantly
elevated for DEGs from most excitatory sub-
populations as compared to randomly selected
genes (Bonferroni-corrected P < 0.01, resam-
pling test), with Ex-L6_CC_SEMA3A neurons
showing the strongest effect. Notably, we did
not observe similar elevations for preferen-
tially expressed genes (PEGs, see materials
and methods for details: gene specificity
score), which showed only modest evidence
for higher-than-expected GWAS risk scores
(nominal P < 0.01). Consistent with these
observations, GWAS scores of schizophrenia
DEGs overall were higher than those of PEGs
in the same cell type (nominalP < 0.05 inmost
cell types, Bonferroni-corrected P < 0.01 in
deep-layer excitatory neurons). We obtained
similar results with greater association of
both DEGs and PEGs with GWAS risk using
gene-level genetic risk scores computed with
standard MAGMA (53) (fig. S16).
Past efforts have identified potential cell

types affected by disease-associated genetic
variants by assigning schizophrenia risk genes
to cell types that preferentially express them in
neurotypical brains (12, 39), implicating specific
neuronal populations within multiple regions
of the prenatal human brain in mediating
schizophrenia genetic risk (54). Our data sup-
port the merit of this approach, as preferen-
tially expressed genes were more associated
with genetic risk than are randomly selected
genes in relevant neuronal subtypes. With the
caveat that genetic risk loci may influence
gene function through additionalmechanisms
beyond transcriptional dysregulation, and that
transcriptional alterations observed in post-
mortem cortical samples of individuals with
schizophrenia might stem from several direct
and indirect mechanisms, our data comple-
mentprevious findings (20) supporting adegree
of convergence in genetic and transcriptional
changes in schizophrenia that is largely cell
type–specific.
To further investigate the association be-

tween transcriptional alterations and genetic
liability to schizophrenia genome-wide, we
tested the statistical association between ag-
gregate gene-level genetic risk from common
variants and cell type–specific expression al-
terations. In addition to schizophrenia (12), we
further considered risk loci for three psychiat-
ric disorders that are known to share genetic
risk factors (51): MDD (55), bipolar disorder
(BD) (56), and ASD (57). This approach allowed
us to distinguish schizophrenia from general
psychiatric illness–related associations. As a
point of contrast, we included AD (58), a neu-
rodegenerative disorder not expected to be ge-
netically related to schizophrenia. Furthermore,
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Fig. 3. Schizophrenia DEGs implicate a coherently expressed TF module. (A) Prioritization of TF
coexpression modules by overrepresentation of annotated TF targets within DEGs performed using ChEA3
(86). Red bars depict ChEA3 enrichment scores for up-regulated DEGs and blue bars, for down-regulated
DEGs. (B) TFs within module 10 form a highly connected protein-protein association network supported
by multiple lines of evidence [STRING database (47)]. TFs named in red are fine-mapping prioritized
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DEGs across multiple neuronal and no non-neuronal populations.
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to extend associations beyond common, small-
effect variants,wealso considered schizophrenia-
associated rare protein-coding variants (13).
We found strong associations between schiz-

ophrenia DEGs and genes targeted by com-
mon or rare risk variants in multiple neuronal
subpopulations, supporting a link between
genetic liability and observed transcriptional
alterations (Fig. 4B). Across excitatory neuronal
subpopulations, the observed layer specificity
of these associationswas again consistentwith
the enrichment of schizophrenia genetic var-
iants proximal to PEGs in layers II and V (38).
Whereas common and rare risk variants were
associated with transcriptional change in a
highly overlapping set of excitatory neuronal
populations, separations did occur, with Ex-
L56 DEGs being the most associated with
common variants, but not associated with rare
protein-coding mutations. Conversely, Ex-L6b_
SEMA3E transcriptional change displayed the
strongest association with rare variants but
was not enriched with common variants. Be-
cause the gene sets and biological processes
affected by common and rare variants are
thought to be highly overlapping (13), the di-
vergence of excitatory neuronal populations
showing expression changes in associated genes
observed here might be relevant for under-
standing how the outcomes of distinct catego-
ries of genetic risk factors are partitioned
across the cortical cytoarchitecture.

We found that some of the cell types whose
transcriptional perturbations show a strong
association with schizophrenia genetic risk
variants are also associated with risk variants
for BD and MDD, which is consistent with
their previously reported strong genetic rela-
tionships, both at the level of genetic correla-
tions and gene-level overlaps (51, 59). We
found no association between schizophrenia
transcriptional changes and ASD risk, con-
sistent with the known lower correlation of
genetic risk between these disorders (59) (with
the caveat that the ASD GWAS study onwhich
this analysis is based is less well-powered than
those used for other disorders). As expected,
we found no overlap with genetic risk for AD.
We next examined specific genes with strong

evidence of association with both genetic risk
and DE within those neuronal populations
showing convergent genetic and transcriptomic
alterations. We found that several genes with
strong evidence of association with common
schizophrenia risk variants were consistently
dysregulated across multiple populations, in-
cluding GATAD2B, DGKI and DGKZ, FXR1,
HSPA1A, and TCF4 (Fig. 4C and fig. S17).
Among the 32 genes associated with rare var-
iants at FDR < 0.05, we found nine to be dif-
ferentially expressed, primarily in excitatory
neuronal populations, with only one gene
(ANKRD12) dysregulated exclusively in a non-
neuronal population (Fig. 4C and fig. S18). Of

the 10 genes with exome-wide association,
four (GRIN2A, NRXN3, BSN, and SOBP) were
down-regulated in schizophrenia.
We next focused on genes linked to credible,

common schizophrenia-associated variants and
mapped their transcriptional dysregulation
across cell populations within the human
PFC. We found strong evidence of DE in at
least one cell type for 110 protein-coding genes
within the Psychiatric Genomics Consortium’s
“broad fine-mapped set” of schizophrenia risk
genes (n = 628) (12) (Fig. 5). For 87 of these
genes, the strongest schizophrenia DE event
was observed in an excitatory neuronal popu-
lation, whereas 20 were most robustly altered
in inhibitory neurons, and 7 in non-neuronal
populations. Of the 628 prioritized genes, 113
were dysregulated in a past assessment of bulk
PFC (20), with 36 genes dysregulated in both
the bulk cortex and the current single-cell
study. The Psychiatric Genomics Consortium
further refined its gene list using fine-mapping,
summary-based Mendelian randomization,
and expression quantitative trait loci (eQTL)
colocalization analysis to prioritize 120 genes
presumed to mediate schizophrenia risk, 31 of
which were DEGs in the present study (Fig. 5).

Transcriptional pathology recovers
heterogeneous schizophrenia subgroups

Schizophrenia is a highly heterogeneous dis-
order, with classical descriptions of multiple
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Fig. 4. Association of DEGs with genetic risk variants across cell types and
disorders. (A) Enrichment of GWAS signal (gene-level scores computed with
H-MAGMA; standard MAGMA results presented for comparison in fig. S16) within
cell type–specific schizophrenia DEGs (red) and equal numbers of genes
preferentially expressed in each cell type (PEG, blue) assessed by permutation
test against randomly selected genes. Asterisks indicate significant deviation
from random expectation (Bonferroni-corrected P < 0.01). PEGs do not significantly
deviate from random expectation in any cell type. (B) Genome-wide association
between cell type–specific schizophrenia differential expression and genomic variants

implicated by GWAS across multiple neuropsychiatric disorders computed with
H-MAGMA (51), and by exome sequencing for schizophrenia (13) (SZ exome)
computed by gene set enrichment analysis (GSEA). Pie charts and fill color both
indicate −log10(FDR). Empty tiles indicate no significant association (FDR > 0.01).
(C) Visualization of genes most strongly associated (FDR < 0.05) with common
schizophrenia risk variants (GWAS) computed with H-MAGMA (y axis, left), or rare
schizophrenia risk variants (exome sequencing, y axis, right), with significant
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populations showing the strongest associations in panel (B).

RESEARCH | DECODING THE BRAIN

Ruzicka et al., Science 384, eadg5136 (2024) 24 May 2024 6 of 12

Corrected 6 August 2024. See full text.

D
ow

nloaded from
 https://w

w
w

.science.org at U
niversity of C

alifornia Irvine on February 27, 2026

https://www.science.org/doi/10.1126/science.adg5136


clinical subtypes and evidence of diverse eti-
ology. To investigate whether such heteroge-
neity manifests at the transcriptomic level
across cell types and individuals, we developed
a transcriptional pathology score (TPS). TPS
assesses the degree of consistency between
the genome-wide gene expression of each in-
dividual (relative to the average across all
individuals) and the expression changes ob-
served between individuals with schizophre-
nia and healthy individuals, complementing
the binary case versus control diagnosis with a
continuousmeasure of transcriptomic change.
A high TPS value indicates that the relative
expression profile of an individual is globally
consistent with the expression changes ex-
pected in schizophrenia compared to healthy
individuals. TPS was calculated for each cell
type separately, and each individual was as-
signed an aggregate TPS averaged across neu-
ronal cell types (see materials and methods
for details). By ranking all individuals by their
aggregate TPS, we discovered four groups of
individuals: individuals with schizophrenia
that appear transcriptionally consistent with
schizophrenia (SZ), individuals with schizo-
phrenia that appear transcriptionally more
similar to the healthy group (SZ_CON-like),
healthy individuals that appear transcrip-
tionally consistent with control (CON), and
healthy individuals that appear transcription-
ally more similar to the schizophrenia group
(CON_SZ-like) (Fig. 6, A and B). This analysis
indicates that clinical diagnosis and underly-
ing transcriptional patterns are not always
consistent, suggesting structured heteroge-
neity within diagnostic groups at the tran-
scriptional level. In particular, a subset of
individuals clinically diagnosed with schizo-
phrenia does not present the expected tran-
scriptional alterations observed across the
whole cohort, consistent with prior studies of
gene expression in bulk cortex (60).
TPS is computed on the basis of reference

case-control expression changes. To test wheth-
er similar patterns of inconsistency between
diagnosis and transcriptional pathology occur
in both cohorts, we performed the following
computational validation experiment. We clas-
sified individuals into subgroups based on TPS
calculated using schizophrenia-associated ex-
pression changes observed onlywithin theMcL
cohort, only within theMSSM cohort, or joint-
ly in the cross-cohort meta-analysis, and then
quantified group assignment consistency across
these classifications. In all cases, we found
significant overlap between individuals within
each class (P < 1.9e-19, fig. S19), indicating that
patterns of inconsistency between diagnosis
and transcriptional pathology across individ-
uals are reproducible in both cohorts (con-
sistently classified individuals: SZ, 35; SZ_
CON-like, 13, CON_SZ-like, 17; CON, 36). In-
dividuals whose classification depended on

RERE
AGO4
AGO1
AGBL4
ELAVL4
PDE4B
PTBP2
DPYD
MIR137HG
GATAD2B
RC3H1
BRINP2
AKT3
MYT1L
DNMT3A
MRPL33
HEATR5B
PPP1R21
ALMS1
ZEB2
OLA1
ZNF804A
CUL3
NGEF
CNTN4
PLCL2
TBC1D5
TRANK1
FHIT
FOXP1
BBX
TBL1XR1
SNCA
SLC9B2
HCN1
EMB
ZSWIM6
TMEM161B−AS1
LINC00461
MEF2C
MEF2C−AS1
EFNA5
MAN2A1
FAM53C
REEP2

Ex-L3
Ex-L23
Ex-L6b_SEMA3E
Ex-L6b_SEMA3D
Ex-L45_LRRK1
Ex-L6_CC_SEMA3A
Ex-L6b_SEMA3D
Ex-L2
Ex-L23
Ex-L45_MET
Ex-L6_CC_SEMA3A
In-Rosehip_CHST9
In-PV_Basket
Ex-L45_LRRK1
Ex-L23
Ex-L6_CC_SEMA3A
Ex-L6b_SEMA3E
Ex-L23
Ex-L6b_SEMA3D
In-Rosehip_TRPC3
Ex-L6_CC_SEMA3A
Ex-L4_MYLK
In-Reelin
Ex-L6_CC_SEMA3A
In-PV_Basket
Ex-L3
Ex-L23
In-Reelin
Ex-L45_LRRK1
Ex-L5b_HTR2C
Ex-L23
Ex-L6b_SEMA3D
In-Reelin
In-Rosehip_TRPC3
Ex-L23
Ex-L4_MYLK
Ex-L23
Ex-L2
Ex-L4_MYLK
Ex-L6b_SEMA3D
Ex-L23
In-Rosehip_CHST9
Ex-L56_CC_NTNG2
Mic
In-Rosehip_CHST9

MFAP3
SGCD
EYS
SNAP91
FOXO3
PTPRK
AIG1
GRM1
SRPK2
IMMP2L
SND1
DGKI

Ex-L6b_SEMA3D
Ex-L45_MET
In-SST
In-Rosehip_TRPC3
Ex-L2
Ex-L4_MYLK
Ex-L2
Ex-L2
Ex-L23
Ex-L23
Ast
Ex-L56

rs11121172
rs581459
rs581459
rs6588355
rs6588355
rs6588168
rs59519965
rs72728416
rs1198588
rs10127983
rs61828917
rs16851048
rs61833239
rs6715366
rs141216273
rs12474906
rs3770752
rs12713008
rs6546857
rs12991836
rs9287971
rs11693094
rs72974269
rs778371
rs17194490
rs9882532
rs6577597
rs75968099
rs9813516
rs60135207
rs167924
rs7609876
rs356183
rs6839635
rs10035564
rs8175378
rs7701440
rs115325222
rs115325222
rs115325222
rs115325222
rs252812
rs35164357
rs10117
rs10117
rs11740474
rs12652777
rs6925079
rs2022265
rs2153960
rs13219424
rs9390083
rs2206956
rs2252074
rs38752
rs35045093
rs13230189

7.9
2.8
7.4
3.6
4.4
1.2
6.6
12.6
6.4
8.4
5.4
0.9
8.9
2.9
2.2
4.2
4.8
2.7
7.1
5.1
2.3
2.7
3.5
12.8
4.8
3.9
10.0
1.8
1.4
8.3
8.1
6.2
4.9
2.2
8.5
8.2
10.9
3.3
3.9
4.0
8.5
6.2
2.6
3.4
7.1
5.0
2.5
6.7
3.2
9.4
1.3
1.2
4.9
10.2
0.8
6.8
12.1

9.1
8.9
8.9
7.4
7.4
9.2
8.5
11.3
20.1
7.5
9.1
11.5
11.3
8.4
7.3
8.7
10.5
7.5
8.6
12.6
7.4
12.7
9.6
16.0
10.7
9.1
9.3
10.3
8.9
7.9
7.9
8.0
7.5
7.4
14.8
9.2
14.7
8.7
8.7
8.7
8.7
7.9
9.6
11.0
11.0
8.4
8.0
7.4
9.4
9.0
7.3
7.5
8.6
13.9
13.0
7.5
18.0

Excitatory Neurons Inhibitory Neurons GliaMost Sig DEG
Cell Type of 
Max Change

Schizophrenia Differential Expression GWAS
SNP

Gene
Link

SNP
Score

Bulk
PFC

O
li

A
st

M
ic

E
x−
L2

E
x−
L2
3

E
x−
L3

E
x−
L4
_M

Y
LK

E
x−
L4
5_
M
E
T

E
x−
L4
5_
LR

R
K
1

E
x−
L5
b_
H
TR

2C
E
x−
L5
6

E
x−
L5
6_
C
C
_N

TN
G
2

E
x−
L6
_C

C
_S

E
M
A
3A

E
x−
L6
b_
S
E
M
A
3D

E
x−
L6
b_
S
E
M
A
3E

In
−R

os
eh
ip
_C

H
S
T9

In
−R

os
eh
ip
_T

R
P
C
3

In
−R

ee
lin

In
−V

IP
In
−P

V
_C

ha
nd
el
ie
r

In
−P

V
_B

as
ke
t

In
−S

S
T

O
P
C

E
nd
o

Pe
ric
yt
es

Bu
lk 
PF

C

KIAA1549
DLGAP2
BNIP3L
PTK2B
CLU
SCARA3
FUT10
PTPRD
RNF38
GABBR2
RALGPS1
MED27
NEBL
ZNF365
CNNM2
METTL15
DGKZ
AMBRA1
GRAMD1B
NRGN
IGSF9B
B3GAT1
CACNA1C
TMTC1
LIMA1
R3HDM2
TXNRD1
CAMKK2

Ex-L3
Ex-L3
Ex-L23
Ex-L23
Ex-L23
Ast
Ast
Ex-L56
Ex-L45_MET
Ex-L3
Ex-L6_CC_SEMA3A
Ex-L56
Ex-L2
Ex-L23
Ex-L6b_SEMA3D
Ex-L6b_SEMA3D
Ex-L6b_SEMA3E
Ex-L6b_SEMA3D
Ex-L6b_SEMA3D
Ex-L6b_SEMA3E
Ex-L56
Ex-L56
Ex-L3
Ex-L45_LRRK1
OPC
Ex-L6b_SEMA3D
Ex-L56
Ex-L45_MET

CCDC92
TRPC4
ENOX1
PCDH17
RBM26
RGS6
BCL11B
EIF5
KLC1
PPP1R13B
ABHD2
GRIN2A
DOC2A
NDRG4
SPG7
RPL13
CPNE7
SMG6
ARHGAP44
EPN2
SPECC1
MAPT

Ex-L2
In-PV_Basket
In-VIP
In-Reelin
Ast
Ex-L4_MYLK
In-Rosehip_TRPC3
Ex-L6b_SEMA3E
Ex-L23
Ex-L6b_SEMA3D
In-VIP
Ex-L23
Ex-L2
In-VIP
Ex-L23
Ex-L5b_HTR2C
Ex-L5b_HTR2C
Ex-L6b_SEMA3D
Ex-L6b_SEMA3D
Ex-L6b_SEMA3D
In-Reelin
Ast

MAU2
PPP1R16B
KCNB1
PTGIS
NLGN4X
FRMPD4
CNKSR2

Ex-L5b_HTR2C
Ex-L6_CC_SEMA3A
Ex-L3
Ex-L4_MYLK
Ex-L6b_SEMA3D
In-VIP
Ex-L6b_SEMA3D

rs10243922
rs2600490
rs3808581
rs73229090
rs73229090
rs73229090
rs79445414
rs2890914
rs2381411
rs10985811
rs3739554
rs72761691
rs2119242
rs7915131
rs79668541
rs10767734
rs12285419
rs12285419
rs77502336
rs1940171
rs4936215
rs1440480
rs10774034
rs7312697
rs578470
rs61937595
rs10861176
rs2686386
rs12311848
rs1924377
rs11619756
rs9569820
rs9545047
rs2190864
rs1540840
rs10873538
rs10873538
rs10873538
rs2238304
rs9926049
rs3814883
rs154433
rs11076631
rs11076631
rs11076631
rs12943566
rs73292401
rs4073003
rs9891739
rs2532240
rs1858999
rs6065094
rs11696755
rs11696755
rs5943629
rs2361468
rs12008603

3.3
2.5
1.5
10.2
2.6
2.1
1.4
1.2
4.6
4.9
3.4
1.8
0.7
6.1
9.3
3.7
15.3
13.4
5.8
1.5
7.1
14.3
11.1
4.0
2.5
3.8
2.5
2.3
7.0
4.5
4.1
5.4
8.3
2.5
0.7
6.8
11.1
2.9
0.4
8.2
5.2
0.9
4.2
6.6
6.1
10.3
2.5
8.0
6.0
7.2
10.1
12.1
2.8
2.2

8.0
8.1
11.4
12.4
12.4
12.4
7.6
7.6
7.9
7.6
7.6
8.0
7.9
7.3
22.7
9.3
15.4
15.4
10.5
13.1
14.7
10.6
22.1
10.3
7.6
13.9
8.3
7.9
7.8
8.1
8.1
9.2
10.5
16.0
9.0
14.0
14.0
14.0
9.8
9.5
14.1
7.6
8.6
8.6
8.6
9.6
9.7
11.4
7.7
9.6
13.1
13.9
9.5
9.5

PG
C
 P
rio
rit
ize
d

SNP Score
-log10(p)

5 10 15 20 25

Gene Link Score
-log10(p)

0 5 10 15

SZ Differential Expression

-5 -2.5 0 2.5 5
-log10(FDR)*sign(FC)

PGC Prioritized
NoYes

Fig. 5. Cell type–specific differential expression of high-confidence schizophrenia risk genes. Cell
type–specific and bulk PFC differential expression of 114 genes within the Psychiatric Genomics Consortium’s
broad fine-mapped set (12). Shading indicates significance and direction of change (red, up-regulated;
blue, down-regulated). Significance of association of each gene with schizophrenia common risk loci
computed with H-MAGMA (Gene Link Score). Significance of the index SNP linked to each gene by the
PGC3’s statistical fine mapping (SNP Score). PGC prioritized indicates that the gene is present within
the Psychiatric Genomics Consortium’s set of 120 prioritized schizophrenia risk genes. Index SNPs in red are
linked to multiple DEGs.
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the source of schizophrenia expression dif-
ferences (17 of 65 individuals with schizo-
phrenia and 22 of 75 healthy individuals) had
TPSs of small magnitude, suggesting that dis-
crepancy in classification stems from a low-
assignment confidence and not a lack of
reproducibility (gray points in off-diagonal
quadrants in Fig. 6A).

To test whether discovered diagnostic sub-
groups could be explained by differences in
underlying genetic risk, we next investigated
the relationship between subgroups and ge-
netic background. We computed polygenic risk
scores (PRSs) for the subset of genotyped in-
dividuals of European ancestry (n = 99, 45McL
and 54MSSM) and found a significant correla-

tion between TPS and PRS (Pearson correla-
tion = 0.26, P = 9.4e-3) and significantly dif-
ferent scores of each in individuals with
schizophrenia versus healthy individuals (P <
1e-5, fig. S20), supporting a relationship be-
tween transcriptional pathology as defined
herein and genetic risk. However, PRSwas not
different between SZ and SZ_CON-like, or
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Fig. 6. Heterogeneity of transcriptional changes across individual subjects.
(A) Individuals plotted by TPS computed within the space of schizophrenia-
associated transcriptional change observed in the McL cohort (x axis) or
the MSSM cohort (y axis). Values are scaled, with larger values indicating a
greater association with schizophrenia. Four subgroups of individuals are
identified: SZ, red points in the upper right quadrant; CON, blue points in
the lower left quadrant; SZ_CON-like, red points outlined in blue in the lower left
quadrant; and CON_SZ-like, blue points outlined in red in the upper right
quadrant. Off-diagonal individuals (gray points) are inconsistently classified
between analyses. R, Pearson correlation coefficient. Regression line computed
using all data, including gray points. (B) TPS within individuals clustered into
the four groups identified in panel (A). Values are scaled, with darker red
indicating a value more characteristic of the schizophrenia group, and darker
blue indicating a value more characteristic of the control group. Correlation,
cell type–specific correlation between each individual’s transcriptional signature
and the transcriptional signature characteristic of the SZ group; TPS,
Transcriptional Pathology Score averaged across neuronal cell types for each
individual; Ex_SZCS, In_SZCS, Ex_SZTR, scaled expression of each transcriptional
signature within each individual; PRS, schizophrenia polygenic risk score.
Individuals with inconsistent classification in panel (A) were omitted from panel
(B). (C) Enrichment of the In_SZCS transcriptional signature (top) within all
individuals across the four groups identified in panel (A), showing a high

association with diagnostic subgroups. PRS (bottom) does not show this
association. (D) Correlation between cell-state transcriptional signatures and
schizophrenia transcriptional change across individuals, with In_SZCS and
Ex_SZCS showing positive (R = 0.56, P = 4.6e-13, and R = 0.35, P = 1.9e-5,
respectively) and Ex_SZTR showing inverse association with TPS (R =
−0.39, P = 1.8e-6). (E) qPCR validation of increased expression of five top
In_SZCS-associated genes in SZ as compared to SZ_CON-like individuals,
performed in RNA extracted from whole-cortex tissue samples of 13 SZ
and five SZ_CON-like individuals within the McL cohort. Black dots indicate
fold change of expression of each target gene in one SZ individual relative
to average expression across all SZ_CON-like individuals normalized to 1,
computed with the DDct method and beta-2 microglobulin (B2M) used as
the reference gene. Red dots indicate outlier values. (F) Enrichment of
proteins localized to the synaptic compartment as annotated within the
SynGO database (45) within the top 100 genes characterizing the merged
Ex_SZCS and In_SZCS transcriptional signatures. 1, postsynaptic specializa-
tion; 2, postsynaptic density; 3, integral component of postsynaptic density
membrane; 4, postsynaptic membrane; 5, extrinsic component of post-
synaptic membrane; 6, integral component of postsynaptic membrane; 7,
presynaptic active zone; 8, synaptic vesicle membrane; 9, integral component
of synaptic active zone membrane; 10, presynaptic membrane; 11, integral
component of presynaptic membrane.
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between CON and CON_SZ-like groups (Fig.
6C), indicating that these groupings are not
explained by known schizophrenia common
variant genetic risk factors.
To better understand the gene signatures

underlying diagnostic subgroups, we applied a
matrix decomposition approach to simulta-
neously uncover hidden patterns of variability
across all individuals and cells. Unlike TPS,
this unbiased approach does not rely on prior
knowledge of diagnosis but instead learns
from the data transcriptional patterns that
might recapitulate the observed individual-
level heterogeneity of schizophrenia-associated
transcriptional changes. The majority of tran-
scriptional signatures identified corresponded
to individual cell types, whereas four signa-
tures were robustly expressed by cells within
multiple neuronal populations, representing
transcriptionally defined cellular states (fig.
S21). One of these cellular states was marked
by high expression of the NRGN gene and has
been observed in prior snRNA-seq studies of
human brain (27). The remaining three cellu-
lar states displayed contrasting associations
with schizophrenia transcriptional changes.
Two of these cellular states displayed a po-

sitive association with TPS, with one marking
excitatory neuronal populations (Ex_SZCS: ex-
citatory schizophrenia cell state, R = 0.35, P =
1.9e-5) and the other inhibitory neurons (In_
SZCS: inhibitory schizophrenia cell state, R =
0.56, P = 4.6e-13), whereas one cellular state
(Ex_SZTR: excitatory schizophrenia transcrip-
tional reversal) was negatively associated with
TPS (R = −0.39, P = 1.8e-6). These associations
were robust within the assembled cohort (Fig.
6D) and reproducible in each cohort indepen-
dently (fig. S22). Although they marked dis-
tinct classes of neurons, In_SZCS and Ex_
SZCS were highly correlated with respect to
both the genes characterizing these transcrip-
tional states (R = 0.6, P < 2.2e-16) and the
individuals in which they were most prom-
inently expressed (R = 0.7, P < 2.2e-16) (fig.
S23). Both In_SZCS and Ex_SZCS were asso-
ciated with diagnostic subgroups, with low
average value in CON and in SZ_CON-like
individuals and high average value in SZ and
in CON_SZ-like individuals, with In_SZCS
showing the strongest association. Ex_SZTR
showed the opposite pattern, with high aver-
age value in SZ_CON-like and CON individu-
als (Fig. 6C, Fig. S24). Signatures of all three
cellular states were correlated with TPS, but
not with PRS (In_SZCS R = 4.3e-2, P = 6.6e-1,
Ex_SZCS R=3.6e-2, P = 7.2e-1; Ex_SZTR R =
−1.4e-1, P = 1.5e-1), suggesting an association
with aspects of schizophrenia separate from
known common genetic risk variants. Gene
sets characterizing these three transcriptional
states (datafile S12) were enriched for schizo-
phrenia DEGs across multiple neuronal popu-
lations, with Ex_SZCS most strongly enriched

for up-regulated and down-regulated DEGs
within excitatory neurons, In_SZCS more
strongly associated with DEGs in inhibitory
neurons than the other cell states, and Ex_
SZTR marked only by down-regulated DEGs
across multiple excitatory neuronal popula-
tions (fig. S25).
Considering the similarities between Ex_

SZCS and In_SZCS, we merged the sets of
genes characterizing these transcriptional sig-
natures for further investigation by first z-score
normalizing each gene’s specificity score, and
then averaging the normalized scores across
signatures. The gene most strongly associated
with Ex_SZCS, In_SZCS, and both combined
was DHFR, encoding dihydrofolate reductase,
a key enzyme in one-carbon metabolism (61).
Top genes characterizing the combined tran-
scriptional signature also included GRIN1, en-
coding subunit 1 of the NMDA receptor;
EPHA6, encoding a receptor tyrosine kinase
implicated in axon guidance; CHD5, encoding
a neuron-specific adenosine 5′-triphosphate
(ATP)–dependent chromatin remodeling en-
zyme (62) with evidence of protein-coding
mutations linked to schizophrenia risk (13);
and CNTNAP2, encoding a neurexin protein
necessary for clustering of potassium chan-
nels at nodes of Ranvier previously implicated
in schizophrenia (63). Expression differences
for these top genes between subgroups of in-
dividuals with schizophrenia were validated
with qPCR, with all five tested genes showing
increased expression in SZ as compared with
SZ_CON-like individuals, as expected (Fig.
6E). More broadly, annotation of the top 100
merged cell state genes within the SynGO
database (45) found strong evidence of over-
representation of genes encoding proteins lo-
calized to both the presynaptic (GSEA P =
2.4e-13) and postsynaptic (GSEA P = 8.3e-17)
compartments (Fig. 6F and fig. S26). These
results suggest that among neuronal molec-
ular processes associated with schizophrenia,
expression of genes involved in one-carbon
metabolismandneuronal depolarization (NMDA
receptors, voltage-gated potassium channels),
and enriched at the synapse, may indicate dis-
tinct molecular pathologies in subsets of
individuals assigned a clinical diagnosis of
schizophrenia.

Discussion

Here we present a robust and reproducible
single-cell transcriptomic case-control dissection
of schizophrenia across two datasets generated
independently,with similarmethodologies from
distinct donor cohorts. We produced a high-
resolution dataset of 468,727 single-cell tran-
scriptomes sampled from 140 individuals and
annotated 27 neuronal and glial cell types,
which we used to investigate cell type–specific
schizophrenia-dysregulated genes, pathways,
and regulators. Althoughwe observed changes

in gene expressionwithin all detected cell types,
the majority of observed changes occurred in
neuronal populations, with more than three-
quarters of all observed changes occurring in
excitatory neurons. DEGswere highly cell type–
specific, with high concordance in direction of
change within major cell classes and multiple
divergently dysregulatedDEGs. Transcriptomic
signatures observed in bulk tissue studies (20)
capture excitatory neuron DEGs, whereas tran-
scriptional changes within inhibitory and non-
neuronal populations are captured with less
efficiency by bulk tissue measurements, high-
lighting the contribution of single-cell studies.
Functional assessment of schizophrenia

DEGs identified downstream biological pro-
cesses relevant to brain function, with neuro-
development-relevant processes most strongly
enriched and synaptic signaling pathways
enriched across the greatest number of cell
types. Schizophrenia DEGs further implicate a
coherently expressedmodule of TFs, including
multiple key neurodevelopmental regulatory
factors (64) genetically associated with both
schizophrenia and neurodevelopmental dis-
orders. This recurrent theme of neurodevel-
opment within TFs and biological processes
emerging from analyses of schizophrenia DEGs
in adult brain tissue is relevant to the neuro-
developmental hypothesis of schizophrenia
(3, 65) and reflects that these regulators, clas-
sified as neurodevelopmental, also perform
ongoing functions in the adult brain (66). We
propose that the pleiotropic roles of these TFs
may represent a link between early neuro-
developmental disruptions and adult brain
function.
We observed an association between schiz-

ophrenia DEGs and both common genetic
variants and rare protein-coding variants
within excitatory neurons. Superficial layer
excitatory populations showed considerable
overlap in the implicated cell types, in keeping
with the high similarity between the gene sets
and pathways associated with these distinct
categories of genetic risk (13). The strongest
associations between schizophrenia DEGs and
both categories of genetic risk variants occur-
red in excitatory neurons of deep cortical layers
and unexpectedly implicated nonoverlapping
populations, with Ex-L56 associatedwith com-
mon, and Ex-L6b_SEMA3E associated with
rare, schizophrenia risk variants. If these
discrepancies between the cell types most
affected by schizophrenia risk variants at op-
posite ends of the population frequency spec-
trum are replicated by future larger studies,
this may suggest potential roles for these cell
types inmediating distinct categories of causal
genetic effects.
We assessed transcriptomic heterogeneity

across individuals within our cohorts and iden-
tified two subpopulations of individuals with
schizophrenia, one being transcriptionally
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similar to the schizophrenia group, and the
other being more consistent with the healthy
group, an observation consistentwith analyses
of large bulk tissue RNA-seq datasets (60). Al-
though these groupings were not associated
with PRS, they were well-captured by the ex-
pression of two related transcriptional signa-
tures identified across all cells in the dataset
blind to diagnosis. These transcriptional sig-
natures, one expressed by excitatory neuronal
populations (Ex_SZCS) and the other by in-
hibitory populations (In_SZCS), were charac-
terized by high expression of schizophrenia
DEGs observed within multiple neuronal cell
types and by genes encoding proteins lo-
calized to the synapse.
There are multiple potential interpretations

of the observed association between diagnostic
subgroups and these transcriptional signa-
tures, including medication effects, compen-
satory changes, or genetic associations not
captured by common genetic variants. We did
not observe an association between medica-
tion exposures within the cohort and either
diagnostic subgroups or expression of Ex_
SZCS or In_SZCS, and the observation of
these transcriptional signatures within multi-
ple healthy individuals also argues against
them being an outcome of medication expo-
sure or compensatory change. Top genes
characterizing these transcriptional signatures
encode key enzymes in one-carbon metabo-
lism and chromatin modification, suggesting
the possibility that they are related to non-
genetic or environmental risk factors for schiz-
ophrenia. Interaction between one-carbon
metabolism and schizophrenia pathology has
long been hypothesized (67). Folate supple-
mentation has been shown to reduce future
risk of psychotic illness when administered
during development (68) and to reduce schiz-
ophrenia symptoms when administered to
adult individuals with schizophrenia (69).
In recent decades, substantial evidence has

accumulated indicating that synaptic dysfunc-
tion plays a central role in the pathophysiology
of schizophrenia, an observation now sup-
ported by immunohistochemistry (70), Golgi
stain (71), and genetic association studies
(9, 12). Dysregulation of synapse-relevant
genes and pathways was a recurrent obser-
vation across our analyses, further support-
ing synaptic dysfunction as central to the
pathophysiology of schizophrenia. By map-
ping schizophrenia-associated changes in
synaptic genes and pathways across the
cytoarchitecture of the human PFC, our data
may prove useful in the interpretation of em-
erging animal models of hyperactive or hypo-
active synaptic pruning (72) and in guiding the
design ofmechanistic studies in human exper-
imental systems with cell-type resolution.
Although this study provides numerous bio-

logical insights, the scope of this work is lim-

ited by multiple factors. Age of individuals
was balanced across diagnostic groups and
included in our DEG analysis, but the age
range and size of the cohorts did not allow
for robust secondary analysis of this variable.
Future cohorts better powered to investigate
the impact of age on diagnostic comparisons,
as well as integration with data from studies
of early developmental time points, may help
disentangle the effects of causal genetic or
environmental factors from those resulting
from years of living with schizophrenia symp-
tomatology. This work assessed isolated nuclei,
and the differences between nuclear and whole-
tissue RNA content must be considered in
the interpretation of our findings. Also, al-
though our case-control design is a strength of
the study, this focus on human tissue does not
allow experimental manipulation to inves-
tigate the causality of our observations, and
experiments in model systems are needed. The
direct observation of the cell type and di-
rection of differential gene expression in
disease-relevant human tissues adds valuable
context to theories of disease mechanism;
however, these data cannot determine wheth-
er such changes are a cause or a consequence
of schizophrenia (73), or just correlations. In-
dividuals with schizophrenia have very diverse
experiences of treatment and clinical out-
comes, and the presence of subgroups of in-
dividuals with schizophrenia suggested by
our assessment of transcriptional signatures
and cellular states is promising as an analyt-
ical approach to identify such subgroups more
broadly in future studies.
The data presented here complement those

from others in the field (37, 74) and offer a
cell type–specific reframing of schizophrenia
transcriptional pathology by revealing specific
cell populations affected by schizophrenia
genes, variants, and regulators. Identification
of pleiotropic transcriptional regulators link-
ing developmental and adult schizophrenia-
associated pathologies, contextualizing the
outcome of known genetic risk factors within
the human PFC, and discovery of transcrip-
tional signatures associated with heterogene-
ity of schizophrenia molecular pathologies
provide avenues for future research to unravel
the genetic and environmental underpinnings
of this complex and heterogeneous disease.

Materials and methods summary

Postmortem human brain tissue was collected
by National Institute of Mental Health Neuro-
BioBank associated tissue repositories, the
Harvard Brain Tissue Resource Center at
McLean Hospital (McL cohort, BA10), and the
Mount Sinai/JJ Peters VAMedical CenterNIH
Brain and Tissue Repository (MSSM cohort,
BA9, 10, or 46). Single-nucleus RNA-seq was
performed in each cohort independently at the
respective site using 10x Genomics Chromium

Single Cell 3′ Reagent Kits v3 with sample
multiplexing. The McL cohort was assayed in
batches of nine samples using nuclear hashing
with sample-specific cholesterol-conjugated
oligonucleotides (IntegratedDNATechnologies)
per the MULTI-Seq (75) protocol. The MSSM
cohort was assayed in batches of six samples
multiplexed with sample-specific TotalSeq-A
nuclear hashing antibodies (BioLegend). 10x
Genomics and hashtag libraries were pre-
pared using standard protocols (76). Gene
count matrices were generated by aligning
reads (including intronic reads) to the hg38
genome using 10x Genomics Cell Ranger soft-
ware v3.0.1. Hashtag FASTQ files were pro-
cessed using the deMULTIplex R package (75)
and the Seurat R package (77) to determine the
subject of origin for each captured nucleus, as
well as to identify intersample doublets. We
further applied the doublet detection tool
Scrublet (78) to predict and remove additional
potential doublet cells. Only cells passing a
stringent, multistep quality control protocol
were considered for downstream analyses. Cell
annotation and clustering were performed
across all retained cells in both cohorts to-
gether using ACTIONet (79).
Differential gene expression analysis was

conducted in each cohort separately and
then combined using a meta-analysis approach.
Pseudobulk gene expression profiles with log-
transformed expression counts were assessed
with the multisample multigroup scRNA-seq
data analysis tools (muscat) R package (80).
DE analyses were performed separately for
each cohort and cell type, after removing the
effect of batch and HTO variables using the
removeBatchEffect function in limma (81),
while incorporating age, sex, postmortem in-
terval, and the log transform of the average
number of UMIs captured per cell as cova-
riates. Differential expression meta-analysis
was performed over all genes via a fixed-
effects meta-analysis (82) in each of the 25 cell
types robustly captured in both cohorts. FDR
multiple testing correction was performed
over all combined genes in each cell type
independently, with FDR-corrected P < 0.05
and absolute logFC > 0.1 considered signifi-
cant. Validation of cell-type annotations was
performed with in situ hybridization in three
frozen BA10 tissue blocks from unaffected
control donors using probes and reagents
from Advanced Cell Diagnostics to character-
ize subpopulations of Rosehip interneurons.
Validation of differential gene expression be-
tween the schizophrenia and unaffected control
groups, and between the SZ and SZ_CON-
like groups, was performed by qPCR with
primer sets from Integrated DNA Technologies.
Association of prioritized TFs with schizo-
phrenia DEGs was validated with CUT&Tag
experiments performed in neuronal nuclei
isolated from postmortem human PFC with
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fluorescence-activated nuclear sorting, and
CUT&Tag signal enrichment was assessed by
peak calling using Sparse Enrichment for
CUT&Run (83). A stringent set of reprodu-
cibly bound regions was defined with binding
support in at least 50% of samples, and the
overrepresentation of DEGs within the genes
annotated to these reproducibly bound re-
gions using the ChIPseeker R package (84)
was tested using the Fisher’s exact test.
TPS scores were produced within each cell

type by computing the partial Pearson’s corre-
lation between the expression profile of each
individual and the meta-analysis differential
expression profile observed between the schiz-
ophrenia and healthy groups, after correcting
for the mean expression of genes in the given
cell type. Each individual’s aggregate TPS was
defined as the average TPS across all neuronal
cell types for that individual.
Cell state analysis was performed using

ACTIONet (79) to identify a set of dominant
transcriptional patterns explaining the het-
erogeneity across all cells and all individuals
in the dataset. A single-value decomposition-
based preprocessing step first produced a low-
rank approximation of the normalized count
matrix, and this reduced data representation
was subsequently decomposed multiple times
using an archetypal analysis–based approach
with increasing resolution (number of arche-
types) to define a multiresolution and low-
dimensional cell state representation for each
individual cell, producing a matrix of arche-
types (cell states) and a matrix of cell encodings.
See the supplementary materials and meth-
ods for full details.
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