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SUMMARY

The omnigenic model posits that genetic risk for traits with complex heritability involves cumulative effects of
peripheral genes on mechanistic “core genes,” suggesting that in a network of genes, those closer to clus-
ters including core genes should have higher GWAS signals. In gene co-expression networks, we confirmed
that GWAS signals accumulate in genes more connected to risk-enriched gene clusters, highlighting across-
network risk convergence. This was strongest in adult psychiatric disorders, especially schizophrenia (SCZ),
spanning 70% of network genes, suggestive of super-polygenic architecture. In snRNA-seq cell type net-
works, SCZ risk convergence was strongest in L2/L3 excitatory neurons. We prioritized genes most con-
nected to SCZ-GWAS genes, which showed robust association to a CRISPRa measure of PGC3 regulation
and were consistently identified across several brain regions. Several genes, including dopamine-associated
ones, were prioritized specifically in the striatum. This strategy thus retrieves current drug targets and can be

used to prioritize other potential drug targets.

INTRODUCTION

Schizophrenia (SCZ) is a major psychiatric disorder with a prom-
inent genetic risk component. Before the genome-wide era,
some models attempting to explain SCZ’s complex heritability
proposed oligogenic views of risk."*> Current genome-wide as-
sociation studies (GWASs) have established that hundreds or
perhaps thousands of relatively common variants set the stage
for illness. GWASSs highlight the likely involvement of synaptic
functions, a feature shared by other brain disorders.** An impor-
tant caveat is that GWASs identify risk variants and not risk
genes. Often, we do not know which genes the risk variants
affect, hindering the discovery of mechanisms of illness and
novel therapeutics. Thus, “risk genes” have been commonly
prioritized as those in loci harboring GWAS significant variants
or those harboring a high density of trait-associated variants,
even below strict statistical significance. In the following, we
define “GWAS genes” as those found in loci above significance
after correction for multiple comparisons and “risk genes” as
those with a relatively high density of nominally associated vari-

ants in their genomic proximity within or outside GWAS signifi-
cant loci.

Boyle et al.® proposed that the genetic architecture of SCZ
may be so widespread in the genome that it involves virtually
every gene related to brain cell biology. Their “omnigenic model”
posits the existence of a relatively few “core genes” whose prod-
ucts directly affect the cellular processes contributing to a
phenotype; in contrast, many “peripheral genes” should be
more prevalent, indirectly contributing to a phenotype through
their effect on core genes. Due to the extensive interactions be-
tween genes in multiple signaling pathways, virtually every gene
in arelevant cell type will contribute a small increment in risk (i.e.,
showing non-zero signal in GWASSs) by impacting core genes. In
silico tests have supported an omnigenic model in contrast to a
polygenic model of SCZ genome-wide risk by showing that inde-
pendent of the pathways aggregating risk genes into sets, the
predictive power of cumulative scores is above zero even
outside any pathway.® Rammos et al.® also showed that master
regulators such as miR-137 were enriched for polygenic signals,
suggesting that even in an omnigenic context, genetic risk may
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be denser in gene clusters associated with potential master reg-
ulators. This evidence is supported by other studies on miR-
137”% and on other risk factors such as C4.%'°

How are core genes reflected in the summary statistics from
GWASs? The mechanisms of core genes and the variants
affecting them could impact multiple biological layers, from
DNA structure to transcription to gene product function at the
protein level. Here, we consider specifically the role of gene
expression. Genetic variants may modulate gene expression
and therefore link it to GWAS results via expression quantitative
trait loci (eQTLs). In this regard, any direct regulation of expres-
sion of hypothetical core genes, for instance, associated with
variants within or adjacent to a core gene itself (cis) would likely
result in a relatively larger GWAS weight compared with loci
without these properties. In this scenario, sets of GWAS genes
are likely enriched for core genes. Following this model, fine-
mapping efforts and transcriptome-wide association study
(TWAS) approaches have combined cis-eQTLs with GWAS sum-
mary statistics to identify potential core genes.’"'?

In contrast, the trans regulation of transcription supports the
effect of genetic variation on peripheral genes potentially inter-
acting with core genes and is, in fact, a centerpiece of the pro-
posed omnigenic model.'® Approximately 70% of gene expres-
sion heritability is estimated to depend on trans regulation, with
up to only 30% on cis regulation.’® While the cis signal is local,
the trans signal is blurred across the entire genome—hence,
more likely omnigenic. To appreciate this point, suppose a
variant mapping in a peripheral gene is statistically associated
with the expression of a core gene and is, e.g., a cis-eQTL for
the peripheral gene and therefore a trans-eQTL for the core
gene. In such a case, the peripheral gene would gain a relatively
higher GWAS statistic compared with peripheral genes lacking
this trans-eQTL property. This example clarifies why, in the pres-
ence of trans heritability, GWAS loci genes are not necessarily
the core genes. If 70% of gene expression depends on trans her-
itability, it will be rather frequent that GWAS genes are not
core genes.

To quantify the GWAS signal attributed to variants at the gene
level, multi-marker analysis of genomic annotation (MAGMA) as-
signs a risk value to genes based on the combination of GWAS
effect sizes of their cis-mapping SNP variants.'* Notably, these
variants are proximal to their physically closest gene but not
necessarily eQTLs; if they are functional, they may act via mech-
anisms other than transcription regulation. In the context of the
omnigenic model, we may expect core genes to have arelatively
high risk signal as assigned by MAGMA, because their cis vari-
ants have the potential to directly affect a trait and should be
prominent in GWASs.'® However, in addition, the variants found
to be cis to peripheral genes, if they are highly co-expressed with
core genes, may have a relatively high risk signal. Critically, such
risk signal, if based on trans-eQTL effects, will be proportional to
the biological proximity of the peripheral gene to a core gene.
Importantly, because of the three-dimensional properties of
DNA, biological proximity and physical proximity may be unre-
lated.’® When biological proximity is defined in terms of gene
networks, this implies a gradient of risk, at the center of which
lie core genes. Trans-acting peripheral genes will obtain rela-
tively high risk statistics because they are connected to a core
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gene, the more so if they are connected to many core genes.
In other words, the transcription-regulation-dependent fraction
of GWAS signals can be modeled as consisting of a local (cis)
and a network-dependent (trans) component.

Here, we interrogate how GWAS signals are embedded into
the architecture of gene co-expression networks. Weighted
gene co-expression network analysis (WGCNA)'® has been
used to identify sets of co-expressed genes (modules) that
may be enriched for cell type, biological pathways, and traits,
such as for SCZ."">* We hypothesize that clusters of co-ex-
pressed genes, called modules in the context of WGCNA,
when enriched for GWAS or risk genes (as defined above) likely
contain core genes. The rationale is that the cis component of the
GWAS signal favors potential core genes, and if a module is en-
riched for the GWAS signal, it likely includes core genes. We
further hypothesize that genes outside the module have risk sig-
nals proportional to the strength of their connectivity with risk-
enriched modules (Figure 1A). If modules enriched for genes
associated with a trait indeed contain core genes, then the pe-
ripheral genes partnering with the core are in the best position
to yield relevant trans effects. These effects are proportional to
the connectivity to core genes. Therefore, a gene’s connectivity
to a risk-enriched module will be correlated with the risk signal
strength of that gene, as assessed via MAGMA (Figure 1B,
left). If the module is not enriched for genes associated with a
trait, then the relationship between gene-level connectivity in
that module and gene-level risk signal should be negligible (Fig-
ure 1B, right).

If a trait is omnigenic, then across multiple modules, the
gene-level correlation between connectivity and risk signal
will be high for risk-enriched modules and low for low-risk mod-
ules that are presumably depleted of potential core genes (Fig-
ure 1C). The strength of this across-module linear regression
between module risk strength and across-network risk conver-
gence is termed “across-network convergence of risk” (ANCR).
The first part of this study investigates ANCR in co-expression
networks using GWAS statistics for different disorders. High
ANCR indicates that the network-driven, trans-heritability
component of genetic risk is significant for a trait, such that
connectivity to risk-enriched modules well represents the distri-
bution of risk signal in the network. Once the presence of high
ANCR is established for a certain trait(s), we may attempt to
pinpoint genes central to the convergence of risk as those
most connected to a set of prioritized genes. These “GWAS-
connected” hub genes should lie proximal to the center of
ANCR and should therefore have a higher probability of being
core genes. At the very least, they are well poised to influence
core modules.

In this study we demonstrate that ANCR present in brain co-
expression networks is strongest with SCZ and spans most of
the network. We then identify “SCZ-connected” genes as
those most connected to SCZ GWAS loci’ and show their
robust association to a CRISPR activation (CRISPRa) measure
of regulation by SCZ risk genes, with high loss-of-function intol-
erance. These genes are found consistently across several
brain regions or specifically in the striatum (STR), are biologi-
cally coherent, and may serve to help us further unravel SCZ
molecular mechanisms.
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(A) Module genes are in red and other network genes in black. Color intensity depicts gene risk scores. The closer, i.e., more connected, a peripheral gene is to the

core module, the greater its risk signal.

(B) If module risk enrichment reflects “coreness,” modules with higher risk enrichment should have a strong correlation across all genes in the network of
connectivity to module vs. gene risk signal. This across-gene correlation strength is thus a per-module index termed here as “network risk convergence

strength.”

(C) A network whose risk-enriched modules lie at the convergence of an across-network risk gradient should have a strong positive relationship between module
risk enrichment and network risk convergence strength. The strength of this across-module association is the basis behind the per-network ANCR index.

ANCR, across-network convergence of risk.
RESULTS

We tested our omnigenic hypothesis using previously published
networks for which we had the required statistics available,® "¢
as well as novel networks from the subgenual anterior cingulate
cortex (SACC) and amygdala (AMY).?” To compute gene risk
scores, we used MAGMA, i.e., a weighted sum of GWAS associ-
ation with SCZ of the variants harbored in cis with a gene.*'* We
also calculated MAGMA scores for other neuropsychiatric,?®™"
neurological,®>* and immune®+*® disorders. Adult neuropsy-
chiatric disorders, especially SCZ, showed generally increased
MAGMA scores across the genome compared to other disorders
(Figure S1A). GWAS sample size did not appear as a strong
confounder for MAGMA score distributions (Figure S1B). In quan-
tile-quantile (QQ) plots comparing the distribution of MAGMA
score quartiles vs. theoretical quartiles, we found that all traits
generally have higher MAGMA scores than theoretically pre-
dicted at the upper ends of their distributions (Figure S1C).
Henceforth, “risk score” refers to gene-level MAGMA scores.

Evaluating across-network convergence onto modules
enriched for risk

If gene-level risk is influenced by trans relationships to core
genes, we expect risk across a co-expression network to

converge most strongly onto gene modules containing putative
core genes or core pathways, which we operationalized as
modules enriched for GWAS risk signals. Thus, we expect the
risk enrichment of a module to be associated with the conver-
gence of the risk gradient onto that module. To test this expec-
tation, we used the median risk score of genes within a module
to characterize module risk enrichment. This was computed in
progressively smaller sets of top risk score genes within a mod-
ule. We thus estimated whether sets with more or fewer genes
best predicted risk gradient convergence. The convergence is
computed, for each module, as the association between gene
risk and connectivity to that module across all genes in the
network. For example, some disorders may require only a
few high risk score genes per module to drive the relationship
between module risk enrichment and the risk gradient conver-
gence. Other disorders may instead require many genes or
show no significant relationship at all (for example, there would
be no relationship for a disorder featuring exclusively cis herita-
bility). For a schematic understanding, see Figure 2A.

To index gene connectivity to a module, we used the WGCNA
measure kme, which is the correlation of each gene in the co-
expression network (including gray genes) with any module’s
first principal component. The across-module relationship was
computed using a robust linear model controlling for module
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Figure 2. Across-network convergence of risk in gene co-expression networks

(A) The green-labeled network shows high ANCR (color intensity of genes increase with proximity to module) for modules whose risk score strength is spread
throughout module genes (left), found within half of module genes (middle), or concentrated in the top few risk genes (right). Bottom violet-labeled network has low
or absent ANCR (color intensity is diffuse outside module). See Figure 1A legend for additional details.

(B) Evaluating the proportion of in-module risk genes needed to drive across-network risk convergence. ANCR was re-computed, each time considering only a
certain percentage of within-module top risk score genes for the computation of module risk enrichment; this percentage laid across the x axis. Red line: ANCR of
3, nominal significance p = 0.01. Green line: ANCR of 2, approximating nominal significance p = 0.05. Data were pooled across all networks into smooth plots.
(C) Line plots show network-wise signatures for SCZ and AD.

Abbreviations: AD, Alzheimer’s disease; ADHD, attention-deficit/hyperactivity disorder; ALS, amyotrophic lateral sclerosis; AMY, amygdala; ANCR, across-
network convergence of risk; ASD, autism spectrum disorder; BPD, bipolar disorder; CD, Crohn’s disease; CN, caudate nucleus; DLPFC, dorsolateral prefrontal
cortex; HP, hippocampus; MDD, major depressive disorder; PD, Parkinson’s disease; RA, rheumatoid arthritis; SACC, subgenual anterior cingulate cortex; SCZ,
schizophrenia; UC, ulcerative colitis.

See also Figures S1 and S2.
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Figure 3. Effects of network-wide top risk score gene removal on properties of ANCR

(A) The green-labeled network shows risk convergence spanning the network, where across-network risk convergence onto the risk module is still present after

the removal of top risk score genes. Instead, the violet-labeled network is characterized by stronger connectivity to a top proportion of risk score genes. See

Figure 1A legend for additional details.

(B) ANCR was re-computed, each time removing a certain percentage of network-wide top risk score genes from the computation of the across-gene correlation;

this percentage laid across the x axis. See Figure 2B legend for additional details.

(C) In the green-labeled network, within-module high risk score genes associating a module to risk convergence are found even outside the top 50% of risk score

genes network-wide (some high-intensity red genes still present in right side). In the violet-labeled network, module risk genes associating a module to risk
(legend continued on next page)
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size. The resulting across-module Z score is the per-network in-
dex of how much co-expression network-wide risk scores
converge on highly risk enriched modules, an index we refer to
as ANCR.

We found that adult neuropsychiatric disorders show signifi-
cant ANCR (Figure 2B). Immune disorders show an ANCR of
similar strength to adult psychiatric disorders. SCZ showed the
strongest ANCR (Figure 2B, left, dark blue), with risk convergence
onto a module best predicted when using 100% of module genes
to compute module risk enrichment (median ANCR > 3.00, me-
dian p < 0.01). A strong ANCR was replicated in SCZ when using
linkage disequilibrium (LD) score regression-based heritability
(Figure S2A) or risk enrichment of Psychiatric Genomics Con-
sortium (PGC3) fine-mapped genes (Figure S2B) as alternative
measures of module risk score. Additional PGC3 gene sets and
SCHEMA genes mapping to rare coding variants®’ are also
generally enriched in modules that show the strongest network
connectivity to risk (Figures S2B and S2C). While SCZ and major
depressive disorder (MDD) module risk scores showed the stron-
gest ANCR when 100% of the genes were considered, bipolar
disorder (BPD) ANCR was strongest when considering the top
10%-50% of module genes (all ANCR > 3.00, all p < 0.01). Alz-
heimer’s disease (AD) showed an opposite relationship, with
ANCR increasing as the module gene inclusion decreases. These
results suggest that the trans component of heritability identifi-
able through networks is larger in SCZ than AD, as genetic signal
spreads out much more widely. This phenomenon could be asso-
ciated with different fractions of cis vs. trans heritability, a greater
number of core genes or core pathways, or less overlap between
core genes and GWAS genes. Fittingly, the most significant co-
expression networks for AD at 1% module inclusion were pre-
dominantly found in the hippocampus at adult stages (HP Adult,
Older_Adult; all ANCR > 3.5, all p < 0.01, Figure 2C, left).

The supplemental information reports additional analyses
evaluating how different factors affect the computation of
ANCR. Immune disorders, as well as BPD, are also found to
have high ANCR in co-expression networks derived from im-
mune and irritable-bowel-syndrome-related tissues (Figure S2D).
Using mean MAGMA and gene set MAGMA approaches as
module risk enrichment parameters in the computation of
ANCR yields nearly identical results to the main analysis reported
here (Figures S2E and S2F). Moreover, results persisted when
using gene-level risk scores derived from Hi-C-coupled MAGMA
(H-MAGMA) (Figure S2G) or when predicting the convergence of
risk derived from published TWAS Z scores (Figure S2H). ANCR
did not drastically change between pure-European-only and
mixed-ancestry networks (Figure S21) and remained unchanged
when using different ancestry panels for computing MAGMA for
each gene (Figure S2J). Ancestry of the summary statistic used
may have an effect, though this is difficult to disentangle from
the large variation in GWAS sample sizes. Disorders that have

Neuron

increased MAGMA scores, or more MAGMA significant genes,
appear to have a relatively higher ANCR, consistent with a high
polygenicity. However, there is no relationship between ANCR
and SNP-based heritability per se (Figure S2K). Finally, we report
an additional analysis showing that for adult psychiatric disor-
ders, genes with greater risk are generally more connected
with each other in co-expression networks and a protein-protein
interaction (PPI) network, as would be expected by a strong
network-wide risk gradient. (Figure S2L).

Effect of removing top risk score genes network-wide
When characterizing ANCR in the context of an omnigenic archi-
tecture, we should expect an across-gene relationship of “con-
nectivity to module” and risk score that is continuous across all
genes in the co-expression network, i.e., not characterized by a
select group of top risk score genes having stronger connectivity
to the risk module. To evaluate this characteristic, we iteratively
removed top risk score genes throughout the whole co-expres-
sion network and recomputed ANCR each time (Figure 3B). We
used 50% module gene inclusion for computing module risk
enrichment, since this showed strong ANCR for all adult psychi-
atric disorders. In adult psychiatric disorders, we see a plateau
that dips after removing a large percentage of genes, while other
disorders exhibit a more immediate decrease. This dip is seen
around 60%-70% in SCZ and BPD and at 40% for MDD. This in-
dicates that the relationship between risk score and connectivity
to highly risk-enriched modules is seen across up to 70% of
network genes. We find similar results using H-MAGMA to
compute gene-level risk scores (Figure S3A). Risk scores
derived from TWAS Z scores appear to span less of the co-
expression network in SCZ, perhaps due to the fewer genes
available from the start (Figure S3B). Immune disorders do not
exhibit the same plateau as adult neuropsychiatric disorders
but rather an immediate decrease, indicating that the across-
gene relationship is more strongly characterized by the top few
deciles of risk genes specifically being more strongly connected
to risk-enriched modules. This profile is also present in networks
derived from immune and irritable-bowel-syndrome-related tis-
sues (Figure S3C).

In a similar vein, we were interested in evaluating the propor-
tion of top risk score genes network-wide that were essential
for correctly ranking module risk enrichment values for their as-
sociation with network-wide risk convergence onto modules. To
test this, after removing a certain proportion of network-wide top
risk score genes, we re-computed module risk-enrichment
values while keeping 100% of other network genes for the across
gene computation of the connectivity to module and risk score. If
strong ANCR disappears after removing a certain proportion of
network-wide top risk score genes, it suggests that genes
driving risk convergence may be densely found within that pro-
portion. In SCZ, there is a gradual decrease in ANCR as top

convergence are no longer present after removing the top 10% of risk score genes network-wide (no more high-intensity red genes in middle and right side). See

Figure 1A legend for additional details.

(D) ANCR was re-computed, each time removing a certain percentage of network-wide top risk score genes from the computation of module risk enrichment; this

percentage laid across the x axis. See Figure 2B legend for additional details.

Abbreviations: see Figure 2.
See also Figure S3.
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risk score genes are removed, indicating that genes driving
ANCR are rather dispersed across the risk spectrum, though
they are more likely to harbor more GWAS signals (Figure 3D).
In BPD, instead, there is an immediate dropoff after removing
only 10% of top risk score genes, suggesting that fewer genes
concentrated in the top decile of risk are sufficient to drive co-
expression network risk convergence. The contrast between
BPD and SCZ is at odds with their purportedly strong genetic
correlation.?®*® To understand this result, we investigated the
similarity between BPD and SCZ gene-level risk scores within
different quantiles of risk and found that the top 10%-20% of
top risk score genes showed the strongest similarity in terms
of across-gene correlation strength (Figure S3D), gene overlap
(Figure S3E), and similarity of module risk enrichment (Fig-
ure S3F). Immune disorders show a similar pattern to BPD.

In summary, from the examination of the risk score distribution
within the co-expression networks, we found that psychiatric
disorders, in particular SCZ, most resemble the architecture ex-
pected from the omnigenic model. In psychiatric disorders in
general, our analysis detects a highly polygenic architecture,
where core genes are likely graded across risk in SCZ but
more compactly found in the top decile of risk in BPD.

ANCR in cell-type-specific networks

We evaluated ANCR in specific cell types of the dorsolateral pre-
frontal cortex (DLPFC), using two public DLPFC 10xx single-nu-
cleus RNA sequencing (snRNA-seq) datasets with pre-defined
cell type clusters.®>**® WGCNA co-expression networks were
computed from pseudo-bulked expression data for each cell
type cluster. We computed ANCR in these cell-type-specific
co-expression networks just as described in Figure 2. SCZ
was the only disorder to show consistently strong ANCR. All
neuronal, in contrast to glial, cell types showed a similar profile
to what was seen in bulk brain tissue co-expression networks
(Figure 4A). The strongest ANCR is found in layer 2 and layer 3
excitatory cell types. Immune disorders, which showed strong
ANCR in bulk tissue co-expression networks, were now much
weaker in all cell types described here, hinting to an influence
of microglia in bulk signatures (microglial clusters either were
not present in our single-cell datasets or had too few genes to
compute co-expression networks).

Next, we looked at how removal of top risk score genes
network-wide influences ANCR in these snRNA-seq datasets,
and we performed an identical analysis as was described for
Figures 3A and 3B. We found that in excitatory neuronal cell
types, SCZ ANCR again spanned up to 70% of the network (Fig-
ure 4B). Conversely, in inhibitory cell types, ANCR strength de-
creases immediately as top risk score genes are removed from
the co-expression network, indicating that risk-enriched mod-
ules appear to be more specifically connected to the upper dec-
iles of risk score genes.

In summary, neuronal rather than glial cell types recapitulate
the results seen in bulk brain co-expression networks, with the
strongest ANCRs seen in excitatory neurons of layers 2 and 3.
Risk convergence onto risk-enriched modules in excitatory net-
works is a continuous property across the whole co-expression
network, while risk convergence onto risk-enriched modules in
inhibitory networks is more indicative of connectivity specifically
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in the top deciles of risk genes. These results serve both to vali-
date the results seen in bulk co-expression networks within inde-
pendent datasets and to parse the properties of ANCR to a
higher degree of biological granularity.

Identification of SCZ-connected candidate core genes
based on network evidence

Our results show consistently high ANCR for SCZ, providing ev-
idence for the presence of SCZ core genes that are driving risk
gradient convergence. We hypothesized that genes found
closest to the center of a network-wide SCZ risk gradient should
be enriched for SCZ core genes. To pinpoint genes proximal to
the center of the SCZ risk gradient, we computed an index of
how close genes lie to SCZ GWAS loci genes with respect to
all other genes of a co-expression network. This way, we ob-
tained a ranking of genes most disproportionately connected
with SCZ GWAS loci genes relative to the background for each
network. Three gene lists were used: the set of 120 SCZ genes
prioritized by PGC3," a set of genes overlapping with a 200
kbp window off of GWAS-significant SNPs, and a set of negative
control genes overlapping with a 200 kbp window off of SCZ
GWAS least-associated SNPs (kbp_200_negative).

We found that, specifically in brain tissues, genes most con-
nected to SCZ GWAS loci genes are loss-of-function intol-
erant (Figure 5A). This finding suggests a brain-specific sensi-
tivity of SCZ genes to deleterious mutation. When we
examined the enrichment of gene ontologies in the top 300
connected genes, we saw further brain specificity and even
brain region specificity. The gene ontologies of GABAergic
synapse and postsynaptic density were shown to have the
highest median fold change in brain co-expression networks
in the top 300 SCZ-connected genes, and this appeared to
be brain specific (Figure 5B). The ontology with the highest
median fold change in STR co-expression networks was regu-
lation of dopaminergic synaptic transmission, which did not
have a similarly high fold change in any other region set
(Figure 5B).

We aimed to validate this measure of connectivity to SCZ
GWAS loci genes against an in vitro indication of SCZ GWAS
gene interaction. To evaluate this, we used a public dataset
describing how gene expression is regulated by the CRISPRa
activation of PGC3 eGenes, eGenes being those found to have
strongest eQTL effects in the CommonMind Consortium (CMC)
data.*’ We found that genes more strongly connected to
PGC3 genes also have a greater expression in response to
CRISPRa activation of PGC3 eGenes (p < 0.001; Figure 5C,
left), while no association was found with connectivity to a null
set (p = 0.551; Figure 5C, right). This association was also signif-
icant when compared to connectivity to null sets matched to the
same guanine-cytosine (GC) content, gene length and DLPFC
median expression (Figure 5D, empirical p = 0.04). Importantly,
the SCZ risk score by itself showed no significant association
with expression response to eGene CRISPRa activation (p =
0.919; Figure 5E), meaning that a gene’s contribution to SCZ
risk can only be understood when putting GWAS statistics in
the context of gene-gene interactions—in this case, at the co-
expression level. These results highlight the capacity of this con-
nectivity approach to detect brain- and region-specific genes
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Figure 4. Across-network convergence of risk in cell-type-specific networks
(A) For each cell type group (vertically laid panels), we pooled data from all relevant cell-type-cluster networks to obtain smooth plots depicting ANCR. See

Figures 2A and 2B legends for additional details.

(B) Removing network-wide top risk score genes to evaluate the extent to which ANCR extends across the network in cell-type-specific networks. See Figures 3A

and 3B legends for additional details.
Abbreviations: see Figure 2.

driving SCZ risk and validate that this measure is indicative of
true in vitro interactions with prioritized SCZ genes.

We aimed to prioritize SCZ-connected genes as those consis-
tently connected to SCZ GWAS loci genes across co-expression
networks. We created consensus matrices displaying all
possible pairwise intersections between the top 300 connected
genes from Genotype-Tissue Expression (GTEx)-derived co-
expression networks across brain regions (Figures S4A and
S4B). Hierarchical clustering of the consensus matrices revealed
a clear grouping of cerebrum regions, with the three striatal re-
gions consistently constituting a sub-branch (Figures S4A and
S4B). In the negative bin, we found grouping of non-cerebellar
CNS regions but no striatal sub-branch (Figure S5).

We intersected the lists of top 300 SCZ-connected genes,
across region-specific co-expression networks from various

8 Neuron 71712, 1-16, November 6, 2024

consortia (Lieber Institute for Brain Development [LIBD], CMC,
GTEX), for the DLPFC (4 lists), the hippocampus (HP, 3 lists),
the STR (5 lists), the sACC (3 lists), and the AMY (3 lists). See Ta-
ble 1 for more details. The resulting SCZ-connected genes can
be found in Table S3. The juvenile DLPFC replicated 91% of
the adult-derived DLFPC genes, and perinatal DLPFC replicated
61%. This is greater conservation than seen from adult-to-juve-
nile caudate nucleus (CN; 42%) or adult-to-juvenile (37%) or
-perinatal (20%) HP. Connectivity to kbp_200_negative bin
genes least associated with SCZ revealed no genes in the
DLPFC, 38 genes in the STR, and 92 genes in the HP, with en-
richments in gliosis and immune response, respectively
(Table S4). The majority of these genes are strongly connected
to significant TWAS genes as well (Figure S6A). In summary,
we find that genes most connected to SCZ GWAS loci genes
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(B) Fold change for gene ontologies in the top 300 genes connected to PGC3. Points represent co-expression networks, which are colored by region set. The first
2 leftward panels show the ontologies with the strongest fold changes brain-wide. The right panel shows the regulation of synaptic transmission of dopamine
secretion, which is the ontology with the highest fold change in the STR.

(C) Association between gene connectivity to PGC3 genes in adult DLPFC co-expression networks and expression response to CRISPRa of PGC3 eGenes. Gene
connectivity to PGC3 genes (left) or a null set kbp_200_negative (right) was considered. The x axis shows the median gene set connectivity value across adult
DLPFC co-expression networks, and the y axis shows the Z score indexing a gene’s response to CRISPRa of PGC3 genes. Points represent genes.

(D) Comparison to null sets matched for same gene length, GC content, and median expression as PGC3-prioritized SCZ GWAS loci genes. Gray histogram
indicates the distribution of t values for linear models associating connectivity to null sets and response to CRISPRa of PGC3 eGenes. The purple line indicates the
t value when using connectivity to actual PGC3-prioritized SCZ GWAS loci genes in the model.

(E) Association between SCZ risk score and expression response to CRISPRa of selected PGC3 genes.

Abbreviations: pLI, probability of loss of function; see also Figure 2.

See also Figures S4-S6.

show coherent region-specific ontology profiles, and adult-
derived region-specific SCZ-connected genes show strongest
early-life conservation in the DLPFC.

Cerebrum-wide and region-specific SCZ-

connected genes

There was remarkable overlap between region sets, so we prior-
itized genes that appeared in at least four region sets as cere-
brum-wide SCZ-connected genes (permuted probability of ob-
taining a random SCZ-connected gene set larger than 0 was
set to o < 0.001). This procedure identified 14 genes (Table 2)
strongly enriched for anterograde transsynaptic signaling (10
genes, false discover rate [FDR] q = 2.45 x 10~%). Most of these
genes were subunits for various synaptic receptors and chan-

nels, e.g., NMDA was represented by GRINT and GRIN2B. These
genes were not highly ranked in non-brain co-expression net-
works. Most of these genes were also among the top 300 con-
nected in the juvenile and perinatal co-expression networks of
the DLPFC and the HP, while overlap with the juvenile caudate
was lower.

To validate these genes in published co-expression networks
(which do not have gene-wise connectivity data), we evaluated
the gene-wise across-module relationship between module
connectivity and median risk enrichment. Cerebrum-wide
SCZ-connected genes were strongly connected to risk-en-
riched modules consistently across published co-expression
networks (Figure 6A). We found that this measure of connectiv-
ity to risk also showed an association with regulation by

Neuron 71712, 1-16, November 6, 2024 9



phrenia risk, Neuron (2024), https://doi.org/10.1016/j.neuron.2024.08.005

Please cite this article in press as: Borcuk et al., Network-wide risk convergence in gene co-expression identifies reproducible genetic hubs of schizo-

¢ CellPress

OPEN ACCESS

Table 1. Region- and age-defined intersections for determining
SCZ-connected genes

Region set n lists Consensus across ...

LIBD CMC GTEx

DLPFC 4 DLPFC_adult, DLPFC frontal cortex
DLPFC_older_adult (BA9)

STR 5 CN_adult, CN_ - caudate, putamen,
older_adult nucleus accumbens

HP 3 HP_adult, HP_ - hippocampus
older_adult

AMY 3 AMY _adult, - amygdala
AMY _older_adult

sACC @ sACC_adult, - subgenual anterior
sACC_older_adult cingulate cortex

(BA24)

Abbreviations: LIBD, Lieber Institute for Brain Development; CMC, Com-
monMind Consortium; GTEx, Genotype-Tissue Expression. See also
Table 2.

CRISPRa of PGC3 eGenes (Figure S6B). SCHEMA-prioritized
genes®’ and previously identified molecular consensus genes
co-expressed with SCZ risk genes?® showed similarly high con-
nectivity to risk modules. The cerebrum-wide SCZ-connected
genes identified here were also found to be strongly connected
to higher risk score genes in the string PPI network and post-
natal co-expression networks (Figures 6B—-6E, DLPFC shown),
reflecting the preservation of these insights from transcriptom-
ics into protein-level networks. Again, SCHEMA and molecular
consensus genes were strongly connected to risk in the post-
natal DLPFC.

In order to detect region specificity in a strict manner, we
removed all genes that appeared in any other of the 46+
GTEx lists, brain or otherwise (Table 2, shaded) (permuted
probability of obtaining a random SCZ-connected gene set
larger than 0 < 0.001). The DLPFC, sACC, and AMY did not
show strong regional specificity. By contrast, 17 striatal-spe-
cific genes were detected. No genes were detected in the
negative bin. These genes were enriched for potassium ion
transport (3 genes, FDR g = 0.0016) and response to dopamine
(3 genes, FDR q = 0.0015). DRD1 was also present, and given
the classical importance of dopamine signaling in SCZ, we
were prompted to take a closer look at other dopamine recep-
tors. We found that DRD2 was ranked within the top 300 spe-
cifically in the dorsal STR (the caudate and putamen) and not in
the nucleus accumbens, while DRD3 was highly ranked only in
the nucleus accumbens (Figure S6C). In the juvenile LIBD
caudate co-expression network, 11 of these 17 genes are
conserved (64%), including 6 of 7 genes related to enrichment
of potassium ion transport and response to dopamine. Finally,
we identified 7 HP-specific genes. In the negative bin, 3 genes
were identified. There were no significant Gene Ontology
enrichment profiles. In perinatal and juvenile co-expression net-
works, 3 genes—MIR137HG, PCLO, and MBOAT7—were
conserved. The finding of MIR137HG is encouraging, as it
has been previously identified as a master regulator®*? in the
context of an omnigenic model.®
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DISCUSSION

The purpose of this study was to evaluate the potential trans her-
itability of SCZ and an omnigenic architecture of SCZ risk
funneled through gene co-expression networks in relation to
other disorders. We found that for adult psychiatric disorders,
especially SCZ, GWAS-signal-enriched co-expression modules
likely drive the convergence of risk across their co-expression
network, a concept we term ANCR. For adult psychiatric disor-
ders, stronger ANCR was found when assigning module risk en-
richments considering a larger percentage of top risk score
genes (25%-100%) within a module, while AD ANCR scores
were strongest when using 1%. This suggests that mechanistic
drivers of risk convergence (putative core) for adult psychiatric
disorders may be more generally related to molecular pathways
(if we consider modules as representations of these), in contrast
to AD, in which they are more related to individual gene effects,
e.g., cis effects compared to network-associated trans effects.
We also re-assigned module risk enrichments after removing
top risk score genes network-wide, giving a more general idea
of the proportion of the risk spectrum that contains putative
core genes or pathways. In SCZ, network-wide convergence
of risk onto a module is predicted by genes within the top 40%
of top risk score genes network-wide, suggesting that putative
core genes are found diffusely across the risk spectrum. In
contrast, for BPD, risk convergence is substantially predicted
by the top 10% of BPD risk score genes, suggesting an enrich-
ment of core genes to this top decile. Interestingly, this decile of
risk genes is also the most correlated with SCZ risk, raising the
question of whether network-wide convergence is a character-
istic of BPD or rather a characteristic of the top decile of risk
genes that are largely common to SCZ. Similar profiles to BPD
were seen for immune disorders, suggesting that they are
more susceptible to cis-mapping variants and are thus more
detectable through GWAS signals.

For the evaluation of trans heritability, we found that the rela-
tionship between connectivity to risk enriched modules and
risk score spans 40%-70% of network genes, supporting at
least a super-polygenic landscape. These results are consistent
with evidence that approximately 70% of 1 MB windows in the
genome contribute to heritability for SCZ.** Considering that
heritability and GWAS sample size do not appear to explain
these differences and that AD and immune disorders are starkly
different from adult psychiatric disorders, we interpret these re-
sults as a reflection of the trans heritability of a trait as it is
funneled through co-expression networks. We speculate that
greater polygenicity in psychiatric disorders supports the distri-
bution of genetic signals throughout the network.'®

The intriguing idea of our omnigenic-derived prediction of
core-gene-driven risk convergence is that SCZ gene importance
assessed via GWAS signal does not reflect a hierarchy of mech-
anistic importance. GWAS signals do not only reflect direct path-
ogenic involvement but can be confounded by other variables
such as density of genetic variation within its locus and pleio-
tropic pathogenicity. Harrison and Weinberger (2005) postulated
that various combinations of susceptibility genes converge to ef-
fect a common pattern of synaptic dysfunction and emergent
symptoms, a proposal echoed in the latest report from the
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Table 2. SCZ-connected genes prioritized by either cerebrum-wide replicability or strict regional specificity

EnsemblID Symbol Adult Juvenile Perinatal In set
sACC DLP STR HIP AMY DLP STR HIP DLP HIP

ENSG00000176884 GRIN1 X X X X X X - X X X -
ENSG00000164061 BSN X X X X - X X X X X -
ENSG00000196876 SCNSA X X X X - X X X X X -
ENSG00000124140 SLC12A5 X X X X - X - X X X -
ENSG00000130477 UNC13A X X X X = X = X X X =
ENSG00000186111 PIP5K1C X X - X X X - X X X -
ENSG00000113763 UNC5A X X = X X X - X X - -
ENSG00000273079 GRIN2B X X X X - X - - X - -
ENSG00000158445 KCNB1 X X X = X X = = X - kbp_200
ENSG00000106976 DNM1 X X X X - X - X - X -
ENSG00000165238 WNK2 X X - X X X - X - X kbp_200
ENSG00000072071 ADGRL1 X - X X X - - X - X -
ENSG00000198216 CACNATE X X X X X X - - - - -
ENSG00000166206 GABRB3 X X X X - X X - - - -
ENSG00000113749% HRH2 - X - - X - - - -
ENSG00000119547¢ ONECUT2 - - X - - - X - - - -
ENSG00000123360" PDE1B — - X — - - X - - - -
ENSG00000100302* RASD2 - - X - - - X - - - -
ENSG00000122012% Svac = = X = = = X = = = =
ENSG000001807207 CHRM4 - - X - - - X - - - kbp_200
ENSG00000077522% ACTN2 = = X - - - X - - - -
ENSG00000141404* GNAL - - X - - - X - - - -
ENSG00000166342* NETO1 = = X = = - X - - - -
ENSG00000066248* NGEF - - X - - - X - - - kbp_200
ENSG00000186642° PDE2A — - X — - - X - - - -
ENSG000001112627 KCNA1 - - X - - - - - - - -
ENSG00000184845% DRD1 = = X = = = = = = = =
ENSG00000102780* DGKH - - X - - - - - - - -
ENSG00000078328 RBFOX1 = = X = = = = = = = kbp_200
ENSG00000134343 ANO3 - - X - - - - - - - kbp_200
ENSG00000170921 TANC2 = = X = = = = = = = kbp_200
ENSG00000125505% MBOAT7 - - - X - - - X - X -
ENSG00000186472* PCLO — - - X - - - X - X -
ENSG00000225206” MIR137HG - - - X - - - X - X kbp_200
ENSG000001962207 SRGAP3 = = = X = = = = = = =
ENSG00000130368" MAS1 - - - X - - - - - - -
ENSG00000165802* NSMF = = = X - - - - - - -
ENSG00000173581 CCDC106 - - - X - - - - - - -
ENSG00000101695% RNF125 - - - neg - - - - - - -
ENSG00000158352* SHROOM4 - - - neg - - - - - - -

Adult columns: X indicates consensus across lists. SACC, 3 adult sACC lists; DLP, 4 adult DLPFC lists; STR, 5 adult STR lists; HIP, 3 adult HP lists;
AMY, 3 adult AMY lists; "neg" indicates that these genes are connected to negative control genes (mapping to least significant PGC3 SNPs and hence
not related to schizophrenia). Juvenile columns contain an X if the gene is found in the respective juvenile list. Perinatal columns contain an X if the gene
is found in the respective perinatal list (there is no STR perinatal list). In set, if the gene is already part of the PGC3 or kbp_200 gene set. Abbreviations:
see Figure 2.

2Region-specific genes not found in any GTEX list outside of the region set.
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Figure 6. Cerebrum-wide SCZ-connected genes are strongly connected to SCZ risk in published adult DLPFC co-expression networks and

the string PPl network

(A) In each co-expression network, each gene was ranked based on its across-module association between kme and median SCZ risk score. The x axis shows
the median of a gene’s rank, and the y axis shows the standard deviation of a gene’s rank across co-expression networks. We highlighted the cerebrum-wide

SCZ-connected genes, PGC3-prioritized genes,* SCHEMA-prioritized genes,®’

and PGC3 consensus molecular genes.*®

(B-E) We evaluated the connectivity to SCZ risk of cerebrum-wide consensus genes at the proteomic level in the string PPI network (B) and in gene co-expression
networks (C-E). For each gene, a “connectivity to risk” index was computed as the across-gene Spearman rho correlation between the connectivity to other
genes and their risk score. This scatterplot displays genes as points, where the spearman rho “connectivity to risk” index is plotted on the x axis, with the gene-

level risk score on the y axis.
See also Figures S4-S6.

PGC3.%* Therefore, rather than in the modulation of some genes,
the etiopathogenetic unit of SCZ may lie in multivariate patterns
of gene ensembles. The functional underpinnings of GWAS sig-
nals are thus better understood when placed in the context of
these complex gene interactions. Network approaches provide
a better approximation of the hierarchy of mechanistic impor-
tance, which is not reflected by GWAS signal itself but by prox-
imity to GWAS signal in a biological space derived from these
gene interactions.>'®

Following this logic, we proposed lists of genes most strongly
connected with SCZ risk genes based on GWAS. This opera-
tion is independent of GWAS risk scores but offers orthogonal
support to GWAS candidates.”®> We show that the SCZ con-
nectivity index is indicative of real interactions with PGC3
genes in vitro and revealed cerebrum-wide and tissue-specific
gene sets with biologically coherent profiles. This approach
was further legitimized by the presence of the previously
described MIR137HG and the classical antipsychotic drug
target DRD2 (as well as DRD1 and DRD3 in the nucleus accum-
bens), which suggests the potential to uncover effective drug
targets.®*? Previous work examining the co-expression context
of these dopamine receptors revealed that system-level corre-
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lates of dopaminergic signaling can be predicted via genetic
variation in DRD1 and DRD2 co-expression partners, thus sup-
porting the idea that DRD1/DRD2 co-expression connections
play a functional role.'®“¢" Many SCZ-connected genes did
not have strong GWAS signals themselves. Although genes
with greater GWAS signals are more likely to be core, genes
are not equal regarding the density of nearby genetic variants,
or eQTLs (i.e., low cis heritability is taken over by trans herita-
bility); moreover, highly loss-of-function-intolerant genes may
be especially difficult to find through GWASs.*'"**52 Such
genes may also have disruptive cis variants or bear the poten-
tial to contribute to other disorders representing exclusion
criteria for SCZ GWASs. Some cerebrum-wide SCZ-connected
genes have been shown to be clearly affected in SCZ patients,
such as with differential transcript expression of SLC12A5 in
the DLPFC.>® The gene lists provided in the current report
represent a starting point to identify potentially mechanistic
genes beyond GWAS significance.

SCZ-connected genes found in the adult DLPFC are almost
completely conserved in the juvenile DLPFC and largely
conserved in perinatal DLPFC, highlighting that risk convergence
may emerge earliest here.”® This conservation of SCZ-connected
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genes from adult to juvenile and perinatal stages is partially
shared by the HP as well. In stark contrast, the juvenile CN shows
low conservation of cerebrum-wide SCZ-connected genes
(80%) but stronger conservation of adult striatal-specific genes
(64%). These findings are consistent with the idea that dopami-
nergic striatal systems mature relatively late in brain develop-
ment, such that the dopamine surge hits a life stage close to
that of SCZ clinical onset.

Our study comes with limitations. The absolute cohort sizes are
rather limited (n < 50) for some co-expression networks. The con-
servation of DLPFC SCZ-connected genes in the juvenile DLPFC
co-expression network may be weakened by the age difference
between LIBD and CMC datasets (CMC subjects had a minimum
age of 17 while LIBD subjects in the juvenile network were aged
between 6 and 25). However, the mean age of the CMC is rela-
tively high at 61.5 + 19.9 years, meaning that these few young
subjects should have minimal effect. Some of the intersections
that are made (between region sets, between GTEx STR) have
overlapping subjects, reducing the power of the consensus.
Moreover, in terms of oligogenic disorders, if core genes are
only a handful or mainly driven by cis-eQTLs, our method may
not find sufficient variation between the majority of modules. In
such cases, only one or two modules per network may contain
core genes at all, and thus, the relationship across modules might
not be captured adequately by linear models, suggesting that our
model may be best suited for polygenic disorders.

In conclusion, we show that genes highly connected to SCZ
risk-enriched modules accumulate relatively high SCZ-GWAS
signals, meaning high SCZ gene risk infers connectivity to poten-
tial core genes and vice versa. This phenomenon was similar in
other adult psychiatric disorders and much weaker in presumed
oligogenic disorders. We contend that co-expression network
strategies can effectively complement GWAS strategies to iden-
tify genes otherwise not associated with SCZ by GWASSs,
although they sit in the best network position to affect the largest
possible number of SCZ risk genes. In line with this perspective,
we identified sets of cerebrum-wide and region-specific poten-
tial core genes, well supported by the putative biology of SCZ
(synaptic, dopamine-related genes). The genes in our SCZ con-
nectivity analyses not associated with SCZ risk by GWASs may
represent valuable entry points into core pathways that would
not otherwise be identified.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Postmortem brain tissue: sSACC and AMY Zandi et al.?’ Synapse: https://www.synapse.org/#!Synapse:syn4921369

from the LIBD

Postmortem brain tissue: brain and non-brain
from the GTEx Consortium

snRNA sequencing of DLPFC - Batiuk et al.
snRNA sequencing of DLPFC - Ruzicka et al.

GTEx Consortium®*

Batiuk et al.*®

Ruzicka et al.*®

https://www.gtexportal.org/home/downloads/
adult-gtex/bulk_tissue_expression (release V8)

Zenodo: https://doi.org/10.5281/zenodo.6921620
Synapse: https://www.synapse.org/Synapse:syn25922167

Deposited data

WGCNA information from published networks, This paper
novel networks, networks derived from published
snRNA data. Other data, including ANCR scores,

connectivity to SCZ risk genes.

Gene expression regulation by CRISPRa 141

modification of PGC3 eGenes
SCHEMA genes Singh et al.*’
PGC3 SCZ risk gene lists
TWAS Z-scores

Townsley et al

Trubetskoy et al.*
Bhattacharya et al.>®

GWAS - SCZ Trubetskoy et al.*
GWAS - BPD Stahl et al.”®

GWAS - MDD Wray et al.>®

GWAS - ADHD Demontis et al.*°
GWAS - ASD Grove et al.”"
GWAS - AD Jansen et al.**
GWAS - PD Nalls et al.**

GWAS - ALS van Rheenen et al.*®
GWAS - UC and CD Liu et al.*®

GWAS - RA Okada et al.*

Zenodo: https://doi.org/10.5281/zenodo.13381309

Supplemental Data 1; Sheet: META_DEGs, column: Z score

Extended Data Table 1

figshare: https://doi.org/10.6084/m9.figshare.19426775
Supplementary Data 4

figshare: https://doi.org/10.6084/m9.figshare.19426775

figshare: https://doi.org/10.6084/m9.figshare.14671998

figshare: https://doi.org/10.6084/m9.figshare.14672085

figshare: https://doi.org/10.6084/m9.figshare.14671965

figshare: https://doi.org/10.6084/m9.figshare.14671989

surfsara: https://vu.data.surfsara.nl/index.php/s/I7aiRr1UEgdoJfZ

No longer available from the original publication
(for more information contact, Nalls et al.)

projectmine: http://databrowser.projectmine.com/
EMBL-EBI: https://www.ebi.ac.uk/gwas/publications/26192919

https://plaza.umin.ac.jp/~yokada/datasource/
software.htm (European RA GWAS meta-analysis)

Software and algorithms

WGCNA
MAGMA

LDSC derived heritability enrichment

MASS R package
sfsmisc R package

R (v4.3.3)

Bioconductor packages

Zhang et al.'®

de Leeuw et al.™
Finucane et al.®”
Venables et al.*®
Maechler®”

R Core Team

Bioconductor

https://cran.r-project.org/web/packages/WGCNA/index.html
https://ctg.cncr.nl/software/magma
https://github.com/bulik/Idsc
https://cran.r-project.org/web/packages/MASS/index.html
https://cran.r-project.org/web/packages/sfsmisc/index.html
https://www.r-project.org/

https://www.bioconductor.org/

Other

Code for analyses in the present study

This paper

https://github.com/LieberInstitute/ANCR

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Tissue samples: LIBD

We included brain tissue of male and female neurotypical individuals with European or African American ancestry, all with RNA Integ-
rity Number > 6. All included neurotypical controls had minimal age-associated neuropathology (determined from postmortem his-
topathological examination), no substance or drug use from toxicology and were free from any psychiatric or neurological disorder
from clinical histories. Population demographics information, including sample sizes, age ranges, ethnicity, and sex distributions can

be found in Table S1.
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DLPFC samples were derived from Brodmann Areas 9 and 46; Hippocampus samples from the hippocampus proper (all dissec-
tions included the dentate gyrus, CA3, CA2 and CA1) plus the subicular complex; for caudate nucleus, samples were taken from the
anterior ‘head’ portion, which is the caudate part most tightly connected with the prefrontal cortex, the subgenual anterior cingulate
cortex, and the amygdala. For all tissues, RNA sequencing was performed via the lllumina Ribozero Kit.

Tissue samples: GTEx

We downloaded brain and non-brain tissue data from GTEXx release V8 (see Key Resources Table), keeping only samples with gtex.s-
mafrze = = “RNASEQ”, and keeping only tissues with at least 40 samples. Age ranges were provided per sample, the mean age was
calculated per individual as the mean between the min and max age values provided. Ancestry information was not provided. Pop-
ulation demographics information, including sample sizes, age ranges, and sex distributions can be found in Table S1.

METHOD DETAILS

Data preprocessing
All downstream analyses have been performed primarily using the R statistical software (version 4.3.3).

Published co-expression networks

WGCNA co-expression networks data (module placement and kme values per gene) were collected from various publications
and used to conduct ANCR analyses (see methods sub-section “Across-network convergence of risk (ANCR)”, pertaining to Fig-
ures 2 and 3). For co-expression networks from Pergola et al., 2023°° (derived from LIBD) and Pergola et al., 2024° (derived from
CMC) we had per-gene connectivity data available allowing their use for evaluating per-gene connectivity to SCZ risk genes (see
methods sub-section “Leveraging networks to boost case-control prediction based on genetic risk”, pertaining to Figures 5 and 6).

8,17-26

Gene expression pre-processing: LIBD

LIBD data had been preprocessed and WGCNA computed for the DLPFC, HP, and CN in Pergola et al., 2023.%* The same method-
ology was used here to preprocess data from the SACC and AMY.?’ In summary, gene-level nRNA expression was quantified as log-
transformed RPKM values with an offset of 1, i.e., log,(RPKM+1). Outlier subjects deviating more than 3 standard deviations from the
mean were removed. We regressed out the effect of the following variables from each brain region cohort separately: sex, mitochon-
drial mapping rate, rRNA rate, gene mapping rate, RNA Integrity Number, ancestry estimated via the first ten genomic eigenvariates,
and estimated individual neuronal proportion (estimated in BRETIGEA package), and the resulting residuals were rank-normalized
using Blom formula. Population demographics information can be found in Table S1.

Network identification: LIBD

In depth methodology may be found in Pergola et al.,.>* In summary, blom-normalized residuals obtained using the linear models
described above were entered as input in the blockwiseModules function from the package WGCNA to construct “signed hybrid”
network(s), i.e., negative and zero correlation were set to zero and positive correlations were soft-thresholded. We obtained the sim-
ilarity matrix using Pearson’s R correlation index (minModuleSize: 40, maxBlockSize: 3000, deepSplit: 4, mergeCutHeight: 0.15, pam-
Stage: TRUE, reassignThreshold: 1e-06). The parameter used for soft-thresholding is the exponent f to which the correlation matrix is
raised to obtain the adjacency matrix. The standard procedure is to pick the lowest possible B that is high enough to satisfy the scale
invariance criterion, defined as the R? > 0.8 in the correlation between original and log-transformed values. Lower B values are often
associated with greater network median connectivity. For each network, we selected the parameter B such that connectivity was
matched across all networks (Table S2).

Gene expression pre-processing: GTEx

GTEXx tissues were pre-processed for the construction of co-expression networks to obtain per-gene connectivity values needed for
the “Leveraging networks to boost case-control prediction based on genetic risk” analysis. Prior to preprocessing, genes were
removed if they were not present in any one of the LIBD networks, leaving 22,684 genes. All reprocessing was identical to that of
LIBD excepting confounder removal. We regressed out the effect of the following variables from each region cohort separately:
PC1 of RNAseq expression matrix, mean age, sex (unless the region was only represented by one sex), rRNA rate, gene mapping
rate, RNA Integrity Number, postmortem ischemia, and estimated individual neuronal proportion. We marginalized rather than pro-
tect age in the preprocessing, as these samples all came from adult individuals. We did not marginalize mitochondrial mapping rate or
ancestry, as we did not have access to the data. Population demographics information can be found in Table S1.

Network identification: GTEx

Network construction was carried out in an identical manner to LIBD, except we selected 3 by matching connectivity only within the
13 “Brain” GTEXx tissues. All of the other 36 GTEX tissues were then given a p matched median connectivity to the brain derived me-
dian connectivity (Table S2).
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Gene-level MAGMA associations

To calculate gene-based associations, we used the revised version of the MAGMA tool v1.09b,°4-%° SCZ-PGC3,* MDD,?° BIP,*®
AD,** ALS,** PD,*? ASD,*" ADHD,*° UC,*° CD,*° RA®® summary statistics as SNP p value data, and 1000G European as the reference
data file to estimate linkage disequilibrium between SNPs. We took the following steps: (i) We mapped 1000G SNPs to genes encom-
passed in each network used a window of 35 kb upstream and 10 kb downstream of each gene, and (ii) we used the default gene
analysis method (snp-wise = mean) to compute for each gene a Z score based on the mean GWAS effect size of SNPs in the
GWAS loci. For H-MAGMA, we used adult brain Hi-C annotation files already computed in the H-MAGMA publication.*®

Across-network convergence of risk (ANCR)
Azero™ linear model tested the MAGMA with the following confounders: We considered as confounders chromosome location, gene
start (to index location within the chromosome), gene length, GC content, strand, number of isoforms, and gene type. These variables
are related with SCZ risk importance, but they are not necessarily reflecting co-expression-related signal, and that is why their bio-
logical association with SCZ is considered confounding here. Only confounders valid for the trait MAGMA (removing confounders
with NAs for the trait, or not having at least 2 levels as required for the Im function in R) were considered further.

Model 0; Cleaning MAGMA of confounder effects.

Im(MAGMA ~ confounders, data = GenesNe™o ! ge”es")

Next, for each non-grey module with at least 30 genes, network data was split into two separate datasets: a ‘within-module-genes’
dataset with all genes assigned to the module, and an ‘outside-genes’ consisting of all genes other than the module genes (gray
genes included). From the zerot" model, median residual was calculated considering only the top 0.1, 1, 5, 10, 24, 50 and 100%
of the module genes by residual (minimum 1 gene). Only confounders valid for the module (removing confounders with NAs for
the outside module genes, or not having at least 2 levels as required for the Im function in R) were considered further.

Model 1; MAGMA convergence on module (association strength between MAGMA and kme):

[z,kme] = Im (kmeNetwork module ~ MAGMA + confounders,data — GenesNetwork “genes outside module")

A normalized t-statistic was calculated for using function zscoreT from the limma®" package returning for each module the z_Kme
statistic.

Robust linear model (rim) statistic across modules was calculated evaluating the association between median MAGMA and
z_kme confounding for module size, serving as an index of ANCR, using the rim() function from the MASS®® package. This “rim.me-
dianMAGMA__z_kme?” statistic was computed for varying median_MAGMA (at varying percentiles of top MAGMA gene inclusion in
the module, or in the network). We chose this rim approach to minimize bias related to deviations from normality and outliers..

[rim.medianMAGMA _z_kme] = broom :: tidy(rim(median_.MAGMA

~ z_Kme + module_Size) % > %.[grep("z_Kme", .$term), ] % > % pull(statistic)
Significance for rim association was computed using the Wald test, through the f.robftest function from the sfsmisc®’ package.

[rim.medianMAGMA _z_kme_p] = f.robftest(rim(median.MAGMA ~ z_Kme + module_Size),var = "z_Kme")[["p.value"]]

Heritability enrichment
Heritability enrichment was calculated using the Idsc package with python. LDSC annotation files were made for each module in each
network using the make_annot.py function.

python make_annot.py \
--gene-set-file $network /$module.Geneset \
--gene-coord-file ENSG_coord.txt \
--windowsize 100000 \
--bimfile 1000G_EUR_Phase3_pIink/ 1000G.EUR.QC.$chrom.bim \

--annot-file $network / $module.$chrom.annot.gz

Linkage disequilibrium was then computed for each module annotation in each network using the Idsc.py function.
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python Idsc.py \

-2\

--bfile 1000G,EUR,Phase3,pIink/1 000G.EUR.QC.$chrom\
--print-snps hapmap3_snps /hm.$chrom.snp \

--ld-wind-cm 1\

--annot $network/$module.$chrom.annot.gz \

--thin-annot \

--out $network/$modulet.$chrom

The heritability enrichment within a network was then calculated considering all its modules including gray, using the PGC3 SCZ
summary statistics considering only europeans. Heritability enrichment values were then used as module risk scores.

python Idsc.py \

--h2 $ scz.PGC3.eur.sumstats.gz \

--ref-ld-chr $module_list \

--frgfile-chr 1000G_Phase3_frq /1000G.EUR.QC. \

--w-ld-chr 1000G_Phase3_weights_hm3_no_MHC /weights.hm3_noMHC. \
--overlap-annot --print-cov --print-coefficients --print-delete-vals \

—-out . / /$PH_dir/$network_STRAIT

All files were downloaded from https://alkesgroup.broadinstitute.org/LDSCORE.

Computing fold enrichment of modules or combined modules

Using bayesian posterior inclusion probability, PGC3 published a broad set of potentially causal genes (n = 628) that contain at least
one SNP that captures 95% of Bayes posterior probability in an LD region (Supplementary Table 12 from Trubetskoy et al., 2022,
FINEMAP3.5 == 1). We recomputed ANCR where the module risk enrichment parameter was set as the fold enrichment of these
genes. Other genes have been prioritized with different criteria, and may represent other potential core sets. PGC3 prioritized genes
(n = 120) were chosen based on fine-mapped SNPs (n = 61) using stricter inclusion criteria, as well as with a gene expression derived
SMR (n = 59). We also considered the SCHEMA-prioritized genes (n = 10) mapping to rare coding variants. We wanted to identify a
property that could be tested for all prioritized gene sets independently of their size, which varied from 10 to 628. To this aim, we
ranked modules by the across-gene association of connectivity to that module and risk score (hence termed module-level
ANCR). Starting with the top 10% of modules based on their module-level ANCR score, we combined genes within these modules
and computed their fold enrichment for published genes sets. We then increased the inclusion percentage by 10% increments and
recomputed fold enrichments, to top 20%, top 30%, etc. (For Figure S2C).

Computing risk gradient strength

For Figure S2L, risk gradient strength was evaluated per network by testing if genes with increased MAGMA are located closer to
other high MAGMA genes. The string PPl network was downloaded from https://string-db.org/cgi/download, taking only the human
specific interactions (9606.protein.links.v11.5.txt.gz). Each protein was assigned its gene alias, and “gene connectivity” was inter-
preted as the inverse shortest path between genes/proteins in the unweighted PPI network. We also used LIBD gene co-expression
adjacency matrixes, where gene connectivity was defined as the B soft-power adjusted connectivity values. MAGMA was first
marginalized for the following confounders; chromosome location, gene start (to index location within the chromosome), gene length,
GC content, strand, number of isoforms, and gene type. For each gene an across-gene spearman correlation was computed be-
tween the “connectivity of that gene to another gene” and “other gene’s MAGMA”. A high spearman rho correlation was interpreted
as a “closeness to MAGMA” value. Finally, for each network, an across-gene kendall correlation was computed between “closeness
to MAGMA” and “MAGMA”, providing an index of risk gradient strength. (For Figure S2L).
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MAGMA gene set

We performed gene set enrichment analysis independently for each module in each network. For the non-competitive test, modules
across all networks are appended together and were presented to magma with the “—self-contained” flag. The “MU” output value
was extracted and used as a module risk score. The competitive gene set test was run per module per network, with the universe
consisting of the module genes + unclustered gray genes from the corresponding network. The “BETA” output was used as a module
risk score. Using “BETA_STD” as a risk score showed similar results.

TWAS Z scores
TWAS Z scores were taken from Battacharya et a
magma for the across-gene linear model.
Model 1; TWAS convergence on module (association strength between TWAS_Zscore and kme):
[z_kme] = Im(kmeNetWork medule | TWAS_Zscore + confounders, data = Genes Ne™ork “genes outside module”)

.°° The absolute value was taken and the value was used in place of gene-level

Ancestry specific MAGMA

The latest PGC3 release provides various summary statistics representative of African American (afr, 6,152 cases and 3,198 controls),
East Asian (eas, 14,004 cases and 16,757 controls), and Latino (1,234 cases and 3,090 controls) populations in addition to European
(eur, 53,386 cases and 77,258 controls). In our main study we used the core summary statistics (eas + eur) matched with 1000G Eu-
ropean panel. PGC3 also released summary statistics from the combined populations of all ancestries (all). To address the effect of
ancestry specific summary statistics on ANCR results, we computed gene-wise MAGMA for all ancestry summary statistics individu-
ally, matching each to their corresponding ancestry 1000G file as an LD reference panel. We also used the MAGMA software to compute
ameta-analytical MAGMA Z score value across all ancestries each matched to their 1000G LD reference panel (meta). To control for the
effect of ancestry on the LD reference panel, we also computed gene-wise MAGMA per 1000G ancestry file, each matched to the sum-
mary statistics of combined ancestries. ANCR was recomputed using gene risk scores derived from these combinations.

Quantile-wise genetic similarity between SCZ and other traits

We computed spearman correlations (spearman rho on y axis) of SCZ_MAGMA and other trait MAGMAs within specific 20% pro-
portions of that trait’'s MAGMA distribution (Figure S3D). We also computed the Jaccard index (JI, ony axis) between gene sets found
in corresponding MAGMA deciles between SCZ and other traits. BPD and MDD show the strongest JI with SCZ in the top 10% of risk
score genes, again highlighting the stronger similarity with SCZ for the top decile of risk score genes (Figure S3E). Finally, we eval-
uated similarity to SCZ risk at the co-expression module level, correlating across-modules the median MAGMA of each trait with the
median MAGMA of SCZ for each network, using a rlm model accounting for module size. This was also computed after removing a
certain percentage of trait MAGMA genes, a similar procedure to Figure S3F.

Processing of 10x snRNA sequencing data

From the Batiuk et al. 2022 study,*® expression data were downloaded from https://zenodo.org/record/6921620. Expression
matrices were provided with UMI gene expression data per nuclei, per cell-type subtype cluster (a total of 33 cell-type clusters
were identified). Each cell-type cluster was pseudo-bulked to provide gene expression data per subject, comprising 14 control sub-
jects and 12 subjects diagnosed with schizophrenia. UMI counts were summed up separately for each gene across all cells derived
from a specific subtype-sample combination. Subtype-sample combinations with less than 10 cells were filtered out. Pseudo-bulk
counts were then normalized to counts per million (CPM): divided by the sum of all counts across all genes in any particular subtype-
sample combination and multiplied by 10°, and log transformed log2(CPM +1). Genes with median log2(CPM +1) less than 0.1 and
more than 20% zeros were removed. Subtypes clusters with fewer than 4000 genes after pre-processing were removed. We re-
gressed out the effect of the following variables from each region subtype separately: PC1 of RNAseq expression matrix, age,
sex, postmortem ischemia, mean reads per nucleus, and diagnosis.

From the Ruzicka et al. 2021 study,“® pre-pseudo-bulked expression data, taken as mean count across nuclei per individual, was
downloaded at https://www.synapse.org/#!Synapse:syn51032026, from the “pseudobulk_mean_logcounts_filtered.rds” file. Genes
with more than 20% zeros were removed. We regressed out the effect of the following variables from each region subtype separately:
PC1 of RNAseq expression matrix, age, sex, postmortem ischemia, batch, EUR_Ancestry, EUR_Ancestry, EAS_Ancestry,
AMR_Ancestry, SAS_Ancestry, AFR_Ancestry, mito_perc and diagnosis. The resulting residuals were rank-normalized using Blom
formula. Networks were computed as described in methods subsection Network identification: LIBD. Networks with fewer than 6
modules were not considered for further analysis.

All cell-type cluster networks with fewer than 6 modules were removed, and only cell-type groups with networks in both snRNA-
Seq datasets were considered further. Due to the small number of nuclei mapping to glial cell-types, they were combined into
one group.

Leveraging networks to boost case-control prediction based on genetic risk
To define SCZ risk genes, we used the PGC3 definition of 120 priority genes as the list called “PGC3” and then, to obtain genomic
regions agnostic of PGC3 fine mapping and reflecting a consensus between SCZ risk gene lists, we evaluated enrichment at a
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200_kbp distance from the indexed PGC3 GWAS-significant SNPs (n genes = 2725) a method we have previously tested in another
dataset.”*

We generated a negative control gene set by selecting the 329 least significant SNPs in the PGC3 summary statistic table (n genes =
2645, thus matching the number of genome-wide significant SNPs for SCZ) and defining negative loci at the above considered dis-
tances from each tagging negative SNP. We excluded from this selection any region located at +1.5 Mbp from SCZ SNPs to rule out
any overlaps between positive and negative gene sets.

We worked directly on the adjacency matrices of each of the co-expression networks we identified, plus other co-expression net-
works computed on GTEx>* (including brain and non-brain tissue) and CommonMind Consortium (CMC) data.®®? For each adja-
cency matrix, we calculated the sum of connectivity to PGC3 SCZ genes (defined at PGC3, kbp_200 genomic extension bins
from PGC3 significant SNPs, and a kbp_200_negative control window). The vector of PGC3 connectivity values was then marginal-
ized by a vector of ktotal values (sum of connectivity to the entire network). For each network we took the list of 300 most connected
genes, and intersected these lists based on region. GTEx datasets are exclusively comprised of adults so only adult LIBD networks
were initially intersected. Then to evaluate if these adult SCZ-connected genes were also expressed in juvenile stages, we further
intersected with the juvenile lists. The resulting lists were then intersected with perinatal lists to detect genes that are continually ex-
pressed from perinatal stages to adulthood. The exact networks intersected to obtain the adult SCZ-connected lists are shown in
Table 1.

Comparing in vitro regulation by CRISPRa modification of PGC3 eGenes

Zscores detailing expression response to CRISPRa administered activation of PGC3 eGenes were downloaded from Townsley
et al.,*’ Supplemental Data 1, sheet name “META_DEGs”, column “Z score”. The linear association of this score was compared
with the median value of PGC3 connectivity (connectivity to PGC3 prioritized genes regressed to background connectivity) across
all adult DLPFC networks, the median value of null connectivity (connectivity to kbp_200_negative genes regressed to background
connectivity) across all adult DLPFC networks, and to the SCZ MAGMA score, using linear models.

Gene-wise across-module kme vs. median MAGMA in published networks

MAGMA was first marginalized for the following confounders: chromosome location, gene start (to index location within the chromo-
some), gene length, GC content, strand, number of isoforms, and gene type. All published networks were included in this analysis,
excluding Walker et al.>®> and Werling et al.?® since these did not contain adult subjects. In each a network, for each gene the asso-
ciation between kme and median MAGMA was computed using a robust linear model, accounting for module size (r/m function from
the MASS package). Each gene was ranked within each network based on the rim Z score. Then, the median rank and standard de-
viation of rank of each gene was computed and visualized on a scatterplot.
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