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SZDB3.0: an updated comprehensive resource and web tools for

schizophrenia research

Schizophrenia (SCZ) is a severe psychiatric disorder with high heritability, affecting about
1% of the global population. Owing to its high mortality, comorbidity, and recurrence rate,
SCZ imposes a substantial economic burden on society. Although pharmacological
treatments are available for SCZ, many patients do not respond to antipsychotics.
Moreover, common side effects of antipsychotic drugs, such as weight gain and
metabolic syndrome, are frequently observed. Therefore, there is a pressing need to
discover new therapeutic targets and develop new drugs. However, such efforts are

hindered by our limited understanding of the pathophysiology underlying SCZ.

To investigate the causes and pathophysiology of SCZ, many omics studies have been
conducted at different levels or dimensions. For example, to decipher the genetic
structure of SCZ, multiple genome-wide association studies (GWASs) have been
conducted in diverse populations, and over 300 SCZ risk loci have been identified (Dang
et al., 2025). Through large-scale RNA sequencing, the PsychENCODE consortium
identified over four thousand differentially expressed genes (DEGs) in postmortem brain
tissues from SCZ cases and healthy controls (Gandal et al., 2018). Transcriptome-wide
association study (TWAS) and proteome-wide association study (PWAS) also identified
multiple genes and proteins whose genetically regulated expression levels are

associated with SCZ (Gandal et al., 2018; Dang et al., 2025).

Although omics studies have provided comprehensive and valuable resources for SCZ
research, the omics data generated by each study are usually fragmented and dispersed
in different platforms, and data collection and compilation are laborious and time-
consuming. To address the pressing needs of the research community, we developed the
SZDB, a comprehensive resource for schizophrenia research. SZDB1.0
(http://szdb.org/SZDB/) was first released in 2017 (Wu et al., 2017). In 2020, SZDB was
updated to version 2.0 (SZDB2.0: http://szdb.org/) (Wu et al., 2020). Here we release

version 3.0 (SZDB3.0) (www.szdb.org.cn).
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SZDB3.0 is a comprehensive knowledge base that integrates multi-dimensional datasets,
encompassing genomic, transcriptomic, proteomic, and other omics data. While
maintaining the user-friendly style of SZDB2.0, the SZDB3.0 optimized classification
system, and organized the datasets into seven distinct modules (Fig. 1A), including
GWAS, Gene, quantitative trait loci (QTL), Functional SNP, Brainspan, Prioritized and
drug target genes, and PPl modules. These modular designs enable researchers to
efficiently browse and retrieve specific data types based on their customized needs.
Compared to SZDB2.0, SZDB3.0 provides substantially expanded data content, more
recent data releases, and enhanced accessibility. The updated and extended datasets

are as follows:

(1) GWAS module: genome-wide associations from our recent study (Dang et al., 2025)
were incorporated into SZDB3.0. Briefly, GWAS from East Asian (EAS), European (EUR),
and cross-ancestry were included in SZDB3.0 (Fig. 1B). Additionally, we also performed
comprehensive genomic annotation to identify the putative functional SNPs and target

genes.

(2) Gene module: in this module, in addition to the DEGs from CommonMind Consortium
(CMC) (Fromer et al., 2016), we extended SCZ-associated DEGs from PsychENCODE
(543 cases and 899 controls) (Gandal et al., 2018) and Lieber Institute for Brain
Development phase2 (LIBD2) (153 cases and 286 controls) (Collado-Torres et al., 2019),
as well as SCZ risk genes and proteins identified through TWAS and PWAS based on
brain tissue, along with causal genes for SCZ inferred through MR using brain tissue

expression QTL (eQTL) data (Wang et al., 2025) (Fig. 1C).

(3) QTL module: in SZDB3.0, with the generation of larger-scale datasets, we have
updated both eQTL and methylation QTL (mQTL) data and additionally incorporated
large-scale splicing QTL (sQTL) data (Qi et al., 2018; Qi et al., 2022). More importantly,
single-cell eQTL (sc-eQTL) data derived from brain tissue, including eQTLs from
excitatory neurons, inhibitory neurons, astrocytes, microglia, oligodendrocytes, and
oligodendrocyte precursor cells (OPC), were integrated into SZDB3.0 (Emani et al.,

2024) (Fig. 1D).
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(4) Functional SNP module: although GWASSs have identified multiple risk loci for SCZ,
identifying functional variants from the abundant SNPs in high linkage disequilibrium (LD)
remains a major challenge. Currently, considerable efforts have been made to decipher
functional SNPs from the reported risk loci. In a recent study, we employed functional
genomic approaches and identified 249 SNPs that affect transcription factor binding (Dai
et al., 2026). Additionally, in another study, we conducted fine-mapping and identified
hundreds of high-confidence functional genetic variants (Dang et al., 2025). These
functional SNPs were updated into SZDB3.0. Finally, two massively parallel reporter
assay (MPRA) results were also added in SZDB3.0 (McAfee et al., 2023; Lee et al.,

2025) (Fig. 1E).

(5) Other modules: in SZDB3.0, we also constructed three new modules. The Brainspan
module contains spatiotemporal gene expression profiles from 12 developmental stages
and 3 regions of the human brain (BrainSpan, 2013). The Prioritized and drug target
gene module includes 108 high-credibility SCZ risk genes and 3,713 potential small-
molecule drugs targeting these genes. We also included a prioritized gene dataset, which
was generated by integrating multi-dimensional evidence from SZDB3.0, and identified a
total of 1,007 SCZ risk genes supported by at least two lines of evidence. Among these
genes, 19 were supported by four or more distinct evidence sources (Fig. 1F). The PPI
module contains 9,021,673 non-redundant protein-protein interactions (PPI) obtained

from previous publications (Huttlin et al., 2021; Kamburov et al., 2021; Kim et al., 2022).

The SZDB3.0 will facilitate the mechanistic dissection of SCZ. First, we updated the
GWAS of EUR ancestry and expanded the datasets to include EAS and cross-ancestry
populations (Dang et al., 2025). This expansion not only substantially enhanced the
statistical power for identifying SCZ risk loci but also enabled the detection of ancestry-
specific risk loci. Second, we expanded multiple SCZ risk genes into SZDB3.0, including
DEGs from LIBD2 (Collado-Torres et al., 2019) and PsychENCODE (Gandal et al.,
2018), as well as risk genes identified through TWAS, PWAS, and MR analyses (Dang et
al., 2025; Wang et al., 2025). These risk genes offer crucial starting points for elucidating

the pathogenic mechanisms of SCZ. Third, SZDB3.0 not only includes significantly
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updated bulk-tissue eQTL, sQTL (Qi et al., 2022), and mQTL (Qi et al., 2018), but also
extends sc-eQTLs data to include multiple brain cell types (Emani et al., 2024). These
QTL resources provide deep insights into the regulatory effect of risk variants on gene
expression and highlight the cell-type-dependent regulatory effect of risk variants. Fourth,
we incorporated functional SNPs identified through multiple approaches into SZDB3.0.
These functional SNPs offer important genetic evidence for understanding the
pathogenic mechanisms underlying SCZ. Finally, high-confidence SCZ risk genes that
were supported by multiple lines of evidence and the potential drugs targeting these
genes were also included in SZDB3.0. These results offer valuable resources for
investigating the pathophysiology of SCZ and the development of antipsychotic drugs.
Overall, SZDB3.0 not only provides a valuable resource for SCZ research but also
facilitates the translation of omics findings into disease biology and potential therapeutic

targets.

The core value of this update is establishing a cross-omics bridge that connects genetic
associations to biological function. While traditional genetic studies can identify disease-
associated loci, the underlying causal genes and mechanisms often remain elusive.
SZDB3.0 substantially addresses this bottleneck. First, the integration of genomic and
QTL data enables researchers to directly link SCZ risk variants to gene expression
regulation. Bulk tissue and sc-eQTL data offer complementary advantages, bulk tissue
eQTLs provide a global perspective but cannot resolve cellular heterogeneity, whereas
sc-eQTLs allow the detection of context-specific regulatory effects present only in
particular cell types (e.g., excitatory neurons or microglia). This is particularly critical for
SCZ, a disorder with complex cell-type-specific mechanisms in the brain (Emani et al.,
2024). Second, our functional SNP module incorporates functional SNPs identified
through functional genomics, fine-mapping, and MPRA, offering critical insights for further
exploration of the pathogenic mechanisms of these variants. Third, our gene module
serves as a critical resource for identifying promising candidate SCZ risk genes and
characterizing the expression patterns of these genes in SCZ patients. Lastly, data from

Brainspan, PPI, and drug target gene modules offer important insights into elucidating
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the roles of SCZ target genes in disease pathogenesis and facilitating the development of

potential therapeutic drugs for this disorder.

The following example illustrates how to elucidate the mechanisms of risk variants in
disease pathogenesis using SZDB3.0. A previous study has suggested that rs6996860 is
a risk variant for SCZ, with DDHD?2 as its putative target gene (Trubetskoy et al., 2022).
By leveraging the GWAS findings included in SZDB3.0, we found that this SNP is
significantly associated with SCZ in both European (P = 5.14x10~") and cross-ancestry (P
= 1.91x10-"%) GWASs. The functional score of rs6996860 from the RegulomeDB
database (Dong et al., 2023) is 0.55, suggesting the SNP is a potential functional variant.
Furthermore, functional genomics data reveal that this SNP influences the binding of the
transcription factor POU2F 1, and MPRA assays demonstrate that it acts as a functional
variant regulating gene expression in human neural progenitors. Bulk-tissue eQTL
confirms the association between rs6996860 and DDHD?2 expression (P = 1.49x10-32),
and sc-eQTLs further indicate significant associations between rs6996860 and the
expression of DDHD?2 in excitatory neurons (P = 2.99x107%), inhibitory neurons (P =
8.53x107°), and oligodendrocyte (P = 1.43x107°). These lines of evidence collectively
suggest that rs6996860 is a functional SNP that modulates DDHDZ2 expression in specific
cell types. Furthermore, TWAS and MR also support DDHD2 as a SCZ risk gene.
Consistently, differential expression analyses from CMC (Fromer et al., 2016) and
PsychENCODE (Gandal et al., 2018) datasets demonstrate DDHDZ2 is downregulated in
SCZ patients (Fig. 1G and 1H). Additionally, this gene is highly expressed in the human
brain across developmental stages (Fig. 11). Therefore, these results indicate that
rs6996860 may increase the risk of SCZ by downregulating the expression of DDHDZ2 in
specific cell types. Collectively, this case demonstrates that SZDB3.0 enables users to
gain mechanistic insights into the functional roles of genetic variants in SCZ

pathogenesis.

It should be noted that most data included in SZDB3.0 were derived from European
populations (Table S1). Therefore, findings based on these European cohorts may not be

generalizable to other populations. Besides, for most datasets, we only included the most
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145  representative and high-powered studies into SZDB3.0, this may limit the breadth of its
146  data sources. In the future, we will incorporate more data to progressively expand its data

147  coverage.

148  In summary, the current update to SZDB3.0 establishes a more comprehensive and
149  multidimensional multi-omics database for SCZ research. This comprehensive

150  knowledge base will accelerate the translation of genetic discoveries into biological
151  mechanisms, laying a solid foundation for elucidating the complex etiology of SCZ and

152  developing novel therapeutic strategies.
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Figure legends

Fig. 1. Overview of SZDB3.0 (www.szdb.org.cn). A: Database structure of SZDB3.0,

comprising four core modules. B: The SCZ risk loci identified in different ancestries. C:
SCZ risk genes identified using different datasets and methods. D: Significant QTLs
identified in different datasets, including bulk-tissue sQTL, eQTL, mQTL, and single-cell
eQTL. E: Functional SNPs identified using different methods. F: Prioritized risk genes.
The SCZ candidate genes supported by at least four lines of evidence are displayed. G
and H: DDHD?2 is significantly downregulated in SCZ patients. I: The dynamics of DDHD?2
expression at different developmental time points in the dorsolateral prefrontal cortex.
LeadSNP eGene, genes whose expression levels are associated with the lead SNP;
DEG (PsychENCODE), DEG identified using samples from PsychENCODE; DEG
(LIBD2), DEG identified using samples from LIBD2; DEG (CMC), DEG identified using
samples from CMC; TWAS, SCZ risk genes identified by TWAS; PWAS, SCZ risk genes
identified by PWAS; MR-eGene, SCZ causal genes identified by MR. T1: 8-9 post-
conceptional weeks (PCW); T2: 12-13 PCW; T3: 16-17 PCW; T4: 19-21 PCW; T5: 24—
26 PCW; T6: 4—6 months postnatally (mos); T7: 10-12 mos; T8: 2—4 years postnatally
(yrs); T9: 8-11 yrs; T10: 1315 yrs; T11: 18-23 yrs; T12: 30—40 yrs. SCZ, schizophrenia;
DEG, differentially expressed gene; LIBD2, Lieber Institute for Brain Development
phase2; CMC, CommonMind Consortium; TWAS, transcriptome-wide association study;

PWAS, proteome-wide association study.
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Supplementary Materials and Methods

GWAS datasets and SNP module

Genome-wide association studies (GWASs) summary statistics from our recent study (Dang et al.,
2025) were incorporated into SZDB3.0. Briefly, we performed a large-scale GWAS meta-analysis
by combining association data from populations of East Asian (EAS), European (EUR), African
American (AA) and Latino (LAT). In the EAS cohort, a total of 29,519 cases and 44,392 controls
were included, and 23 SCZ risk loci were identified (ten of which were EAS-specific risk loci) (Lam
et al., 2019; Liu et al., 2021; Trubetskoy et al., 2022). For the EUR population, summary statistics
from 59,901 cases and 441,418 controls were included (Trubetskoy et al., 2022; Kurki et al., 2023).
Additionally, a cross-ancestry meta-analysis incorporating EAS, EUR, AA, and LAT populations
was conducted, and 308 risk loci were identified. The details about the study can be found in the
original publication (Dang et al., 2025).

We performed comprehensive functional annotation for SNPs identified by GWAS. First, we
utilized ANNOVAR software to annotate SNPs by using the MANE SELECT transcript
(MANE.GRCh38.v1.5.ensembl_genomic.gtf), including predicting their potential target genes and
mapping them to specific genomic regions (e.g., intron, 5' UTR, 3' UTR) (Wang et al., 2010). Second,
we used the probabilistic score from the RegulomeDB database (Dong et al., 2023) to annotate each
SNP. The probabilistic score was assigned based on a comprehensive integration of lines of evidence,
such as chromatin accessibility, transcription factor binding, histone modifications, and expression
quantitative trait loci (eQTL). Consequently, a higher score indicates a higher functional probability

of the SNP (Dong et al., 2023).

Gene module

Differentially expressed genes: Gene expression dysregulation has a critical role in the
pathogenesis of SCZ. Multiple transcriptomic studies have been conducted to investigate the
differences in gene expression between patients with SCZ and healthy controls. In SZDB?2.0,
differential gene expression data from the CommonMind Consortium (CMC, 258 cases and 279

controls) (Fromer et al., 2016) were included. In SZDB3.0, two large-scale transcriptomic datasets



were incorporated, including datasets from PsychENCODE Consortium (Gandal et al., 2018) (543
cases and 899 controls) and Lieber Institute for Brain Development phase2 (LIBD2, 153 cases and
286 controls) (Collado-Torres et al., 2019). Briefly, PsychENCODE collected the largest RNA-seq
data from postmortem human brains of SCZ patients and non-psychiatric controls (Gandal et al.,
2018). For the postmortem human brains, PsychENCODE conducted strict quality control on all
samples (samples with an ambiguous diagnosis, age, sex, as well as individuals with low sequencing
quality were discarded, and obtained 1,442 high-quality RNA-seq samples (543 SCZ patients and
899 non-psychiatric controls). After read mapping and quantification, differential gene expression
analysis was conducted, and 4,821 differentially expressed genes (DEGs) (FDR < 0.05) were
identified (Gandal et al., 2018). LIBD2 collected 460 adult postmortem human brain tissues and
performed RNA-seq in hippocampi and dorsolateral prefrontal cortices (DLPFCs). Differential
expression analysis was conducted with adjustment for age, ethnicity and technical covariates. More
details about the LIBD2 dataset can be found in the original study (Collado-Torres et al., 2019).

Genes identified by TWAS and PWAS: Transcriptome-wide association study (TWAS) and
proteome-wide association study (PWAS) are powerful approaches in identifying risk genes or
proteins whose genetically regulated expression levels are associated with SCZ (Zhu et al., 2016;
Brandes et al., 2020). In SZDB3.0, we incorporated TWAS and PWAS datasets from our recent
study (Dang et al., 2025). For TWAS, the gene expression weight matrix were obtained from
PsychENCODE (N = 1,321), and a total of 277 risk genes were identified (Gandal et al., 2018). For
PWAS, human brain protein expression weight matrix from Banner Brain Database (Banner, N =
155) (Wingo et al., 2021) and Religious Orders Study and Memory and Aging Project (ROS/MAP,
N = 376) (Bennett et al., 2018) were utilized. A total of 58 and 52 significant risk proteins were
identified in Banner (Wingo et al., 2021) and ROS/MAP(Bennett et al., 2018) datasets, respectively.
Genes identified by MR: Mendelian randomization (MR) is a powerful statistical approach which
leverages genetic variants as instrumental variables (IVs) to estimate the causal effect of exposure
on outcome (Sanderson et al., 2022). Wang et al. (Wang et al., 2025) performed MR analyses using
e¢QTL from BrainMeta V2 (N = 2,865) (Qi et al., 2022) and SCZ GWAS from PGC3 (Trubetskoy et
al., 2022), and identified 123 potential causal risk genes. We collected and incorporated these SCZ

causal genes into SZDB3.0 (Wang et al., 2025).



QTL module

GWASs have identified multiple SCZ risk variants. However, the mechanisms by which these
variants confer SCZ risk remain largely unknown. Most risk variants identified by GWASs are
localized in non-coding regions, suggesting that most risk variants confer disease susceptibility by
modulating gene expression. eQTL mapping enables the identification of genetic variants associated
with gene expression levels. Methylation QTL (mQTL) analysis can pinpoint variants correlated
with DNA methylation levels. Splicing QTL (sQTL) analysis allows for the detection of variants
linked to alternative splicing of RNA. We incorporated three QTL datasets into SZDB3.0.

eQTL and sQTL datasets: The eQTL and sQTL datasets from Qi et al. (Qi et al., 2022) were
included in SZDB3.0. These two datasets represent the largest brain eQTL and sQTL to date. Briefly,
Qietal. (Qi etal., 2022) collected ten brain transcriptomic datasets from seven cohorts and obtained
a total of 2,865 samples from 2,443 unrelated individuals of European ancestry. In total, they
identified 1,342,073 unique cis-sQTL with P < 5x107® for 9,305 genes, 1,962,048 unique cis-eQTL
with P < 5x1078 for 16,704 genes.

mQTL dataset: DNA methylation is an important epigenetic mechanism for gene expression
regulation. Numerous studies have investigated the associations between genetic variants and DNA
methylation. To enhance statistical power, Qi et al. (Qi et al., 2018) performed a meta-analysis (N =
1,160) by combining three mQTL studies that were from Hannon et al. (Hannon et al., 2016), Jaffe
et al. (Jaffe et al., 2016) and ROS/MAP (Ng et al., 2017). In total, they identified 1,868,200 unique
cis-mQTL with P < 5x1078 for 97,263 DNA methylation probes. mQTL from Qi et al. (Qi et al.,
2018) were incorporated into SZDB3.0.

Single-cell eQTL datasets: Tissues and organs are composed of highly heterogeneous cell
populations, and the brain exhibits the highest diversity of cell types. Conventional bulk-tissue
eQTL studies have provided important insights into the relationships between genetic variants and
gene expression. However, given gene expression and genetic regulation are highly dependent on
cell types, it is important to investigate the correlations between genetic variants and gene
expression in specific cell types. Recently, PsychENCODE released a single-cell eQTL dataset from

388 brain samples obtained from 182 healthy controls and 206 patients with mental disorders,



covering excitatory neurons, inhibitory neurons, astrocytes, microglia, oligodendrocytes and
oligodendrocyte precursor cells (Emani et al, 2024). These single-cell eQTL data from

PsychENCODE were incorporated into SZDB3.0.

Functional SNP module

Functional SNP identified by functional genomics: To prioritize functional (or potential causal)
variants from GWAS-identified risk loci, we conducted a functional genomics study to identify risk
variants that affect the binding affinity of transcription factors. Through integrating binding motifs
of transcription factors from ENCODE (Moore et al., 2020) and SCZ GWAS summary statistics,
we identified 249 SNPs that affect the binding of transcription factors (Dai et al., 2026).
Functional SNP identified by MPRA: Massively parallel reporter assay (MPRA) is a high-
throughput experimental methodology which identifies expression modulating variants (emVar).
Owing to the scalability and direct functional readout, MPRA has become a useful tool to
functionally characterize non-coding risk variants identified by GWASs (Townsley et al., 2020).
McAfee et al. (McAfee et al., 2023) and Lee et al. (Lee et al., 2025) identified 439 and 631 SCZ-
associated emVar, respectively, and these MPRA results were incorporated into SZDB3.0.
Functional SNP identified by fine-mapping: Fine-mapped variants from our recent research (Dang
et al., 2025) were incorporated into SZDB3.0. Briefly, by using CARMA fine-mapping framework
(Yang et al., 2023), we identified 957 potential causal SNPs with posterior probability (PIP) > 0.7.
We also performed fine-mapping using MESuSiE (Gao et al., 2024), and identified 490 and 1,209

causal SNPs with PIP > 0.7 in European and cross-ancestry GWAS, respectively (Dang et al., 2025).

Other modules

Protein-protein interaction (PPI): Protein interactions constitute the molecular machinery of cells,
and the proper assembly and binding of proteins are fundamental to the functional integrity of
molecular machines. Conversely, aberrant interactions often lead to dysregulated cellular processes
and can ultimately cause disease (Pawson et al., 2003). To facilitate the investigation of protein
interactions, we collected protein interaction datasets from eight public resources for human (Stark

et al., 2006; Li et al., 2017; Franz et al., 2018; Meyer et al., 2018; Luck et al., 2020; Huttlin et al.,



2021; Kamburov et al., 2021; Kim et al., 2022). We integrated these datasets into a unique resource
and obtained a total of 9,021,673 non-redundant protein-protein interactions. This dataset will
provide crucial insights for researchers to elucidate the interaction of proteins encoded by SCZ risk
genes.

Prioritized drug target genes: Although antipsychotic medications are currently available, many
exhibit limited efficacy and are associated with severe side effects, highlighting an urgent need for
novel therapeutic strategies. Genetic studies improve the success rate of clinical translation (Nelson
et al., 2015). To this end, we previously conducted a comprehensive analysis and prioritized SCZ
risk genes by integrating multiple lines of evidence, including PWAS, TWAS, MR, and
colocalization analyses. By using actionable drug targets from the study of Gaziano et al. (Gaziano
etal., 2021), we performed MR using protein quantitative trait loci (pQTL) (Wingo et al., 2021) and
eQTL (Qi et al., 2022), and identified 108 druggable SCZ risk genes and 3,713 potential therapeutic
compounds, including FDA-approved drugs. These potential drug targets and associated drugs were

incorporated into SZDB3.0.

Gene Prioritization

SZDB3.0 is a comprehensive database that aggregates multi-dimensional data. To identify the most
plausible candidate genes for SCZ, we conducted a systematic analysis to prioritize SCZ risk genes.
Firstly, independent SNPs significantly associated with SCZ were extracted from GWAS summary
statistics using PLINK (v1.9) (Purcell et al., 2007). These SNPs were then mapped to putative risk
genes via eQTL that obtained from BrainMeta v2 (Qi et al., 2022). Subsequently, we integrated
additional lines of evidence, including DEGs, as well as risk genes and proteins identified through
TWAS, PWAS, and MR analyses. Finally, genes consistently supported by multiple lines of

evidence were prioritized to establish a high-confidence set of SCZ risk genes.
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Table S1: The related information of GWAS, differential expression, PWAS, TWAS and QTL
datasets included in SZDB3.0

Sample Size

Data source (case/control) Sample source Publication
EUR GWAS 59,901/441,418 European ancestry Dang et al. (2025)
EAS GWAS 29,519/44,392 East Asian ancestry Dang et al. (2025)

Cross-ancestry GWAS

DEGs from PsychENCODE
DEGs from LIBD2

DEGs from CMC
TWAS

PWAS

Bulk-tissue eQTL
Bulk-tissue sQTL
Bulk-tissue mQTL
Single-cell eQTL

(Exc_neu, Inh_neu, Ast,
Mic, Oligo, OPC)

96,806/492,818

559/936
153/298

258/279
1,321 samples

152 AD patients
(Banner)

376 AD patients
(ROSMAP)

2,865 samples
2,865 samples
1,160 samples

388 samples

Cross-ancestry (EUR,

EAS, AA and LAT)

DLPFC and PFC (EUR)

DLPFC (EUR)

DLPFC (EUR)
Brain (EUR)

DLPFC (EUR)

DLPFC (EUR)

Brain (EUR)
Brain (EUR)
Brain (EUR)

PFC (EUR)

Dang et al. (2025)

Gandal et al. (2018)

Collado-Torres et
al. (2019)

Fromer et al. (2016)
Gandal et al. (2018)

Wingo et al. (2021)

Wingo et al. (2021)

Qietal. (2022)
Qi et al. (2022)
Qietal. (2018)

Emani et al. (2024)

Note: LIBD2, Lieber Institute for Brain Development phase2; CMC, CommonMind Consortium;
DEGs, differentially expressed genes; TWAS, transcriptome-wide association study; PWAS,
proteome-wide association study; eQTL, expression quantitative trait loci; pQTL, protein
quantitative trait loci; mQTL, methylation quantitative trait loci; EUR, European ancestry; EAS,
East-Asian ancestry; AA, African-American ancestry; LAT, Latin ancestry; Exc neu, excitatory
neuron; Inh_neu, inhibitory neuron; Ast, astrocyte; Mic, microglia; Oligo, oligodendrocyte; OPC,
oligodendrocyte progenitor cells; DLPFC, dorsomedial prefrontal cortex; PFC, prefrontal cortex.
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