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Abstract
The clinically heterogeneous presentation of schizophrenia is compounded by the heterogeneity
of risk factors and neurobiological correlates of the disorder. Genome-wide association studies
in schizophrenia have uncovered a remarkably high number of genetic variants, but the
biological pathways they impact upon remain largely unidentified. Among the diverse
methodological approaches employed to provide a more granular understanding of genetic risk
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for schizophrenia, the use of biological labels such as gene ontologies, regulome approaches,
and gene co-expression, have all provided novel perspectives into how genetic risk translates
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into the neurobiology of schizophrenia. Here, we review the salient aspects of parsing polygenic
risk for schizophrenia into biological pathways. We argue that parsed scores, compared to
standard polygenic risk scores, may afford more biologically plausible and accurate

lP

physiological modeling of the different dimensions involved in translating genetic risk into
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brain mechanisms, including multiple brain regions, cell types, and maturation stages. We

Jo

discuss caveats, opportunities, and pitfalls inherent in the parsed risk approach.
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The biology of major psychiatric disorders is rooted in genetic risk (1–4). Identifying
neuropathological signatures shared by patients with the same psychiatric diagnosis has proven
more challenging than for most brain disorders with a genetic component (5). Some of the most
convincing results have been found in schizophrenia (SCZ; Figure 1) (6). Likely because of the
high heritability estimates of 60-80 % (7–9) and the high number of cases and controls available
in the latest genome-wide association study (GWAS) (10), the last decade has delivered
remarkable progress in understanding SCZ genetics. The latest GWAS of the Psychiatric
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Genetics Consortium (PGC; (10)) has reported common variant associations with SCZ in 287
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distinct loci. Each variant only explains a tiny proportion of risk for SCZ, but when combined
into composite scores may yield odds ratios of 39 in the comparison between top and bottom
centile (10). However, a large gap between the estimation of twin- versus genotype-based
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heritability remains (6; 9). This heritability gap suggests a complex genetic architecture, a
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potential role of non-additive genetics and gene-environment interplay, heterogeneous
etiologies and clinical manifestations, or a combination of these factors (9). In short, we have

Jo

started to decipher the genetic code for SCZ, but many questions remain unanswered.
One of these questions is how genetic risk translates into the clinical manifestations of
SCZ and its heterogeneous symptoms. GWAS approaches allow computing cumulative risk for
a disorder by aggregating the effects of single nucleotide polymorphisms (SNPs) into a socalled polygenic risk score (PRS) (11). However, low sensitivity and specificity limit the
clinical utility of the PRS (11–13). Critically, a high predicted genetic risk for SCZ across
individuals does not necessarily imply a homogeneously dysregulated biology. Two individuals
with equal scores likely have different risk alleles, meaning that disorder-relevant biological
pathways may be affected differently in individuals with similar PRS (14). In other words, if
risk is not unidimensional but relies on multiple intertwined or alternative pathways, different
aetiologies may bring about different symptoms (15–17). This idea lingers in recent debates
3

about defining a psychosis continuum akin to broad spectrum phenotypes like autism spectrum
disorder introduced in the DSM-V (18).

Although the genetic architecture of SCZ has not been ultimately defined, evidence
suggests it involves many genes and is aggregated into pathways, reflecting a certain degree of
risk coherence in the framework put forward by Kendler (2013) (4). For instance, a model
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alternative to the polygenic theory argues that all genetic variants bear a non-zero effect on SCZ
risk (omnigenic model: Liu et al., (2019) (19). However, even in an omnigenic context, gene
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regulators such as miR-137 result significantly enriched for genetic risk, suggesting that there
is coherence in gene sets associated with potential master regulators (20)).
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To the extent that genetic risk for SCZ has some coherence, its complexity could be
reduced by investigating the potential biological function of convergence pathways. An account
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of how genetic risk translates into psychiatric disorders that aptly considers the heterogeneity
between patients and the heterogeneity of the biological pathways involved is the goal of
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precision psychiatry (19). This review will refer to the process of attributing genetic variants to
molecular pathways as “genetic risk parsing”. We aim to assess whether genetic risk parsing
has impacted our knowledge of (i) neurobiological underpinnings of SCZ, and (ii) potentially
actionable insights for the clinic and drug discovery.

Figure_1_about_here

1. Approaches to parse genetic risk into pathways.
As a methodological note of caution, parsing rests on the assumption that genetic
variants effectively map onto genes. However, methodological choices to associate genes with
variants impact the inferences drawn from genetic risk parsing (see Supplemental Information
4

for details). Here, we consider three approaches that have been used to prioritize putative risk
genes converging into relevant biological pathways, graphically summarized in Figure 2:

a.) Reference-based approaches
Reference-based approaches (e.g., gene ontologies, reactome or the Kyoto Encyclopedia
of Genes and Genomes [KEGG]) link a gene product such as a protein with biological

oo
f

processes, molecular functions, and cellular components (21). SNPs related to the genes linked
with biological processes of interest, e.g., glutamatergic signaling, can be prioritized in creating
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pathway-specific PRSs (22). Here, we focus on gene ontologies, cell specificity and KEGG as
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b.) Regulome

lP

the most common reference-based parsing approach in SCZ research so far.

Another approach considers that most of the risk variants identified by GWASs are
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located in non-coding DNA sequences that have a critical role in controlling gene expression,
i.e., regulatory elements (REs) (23; 24). To date, the most prominent effect of gene regulation
for SCZ risk was shown for microRNAs, e.g., miR-137 (21; 25–27) and some transcription
factors (TF), such as TCF4, SP1, ZNF804A (28–30). Parsed PRSs can be generated based on
the definition of target genes of master regulators related to SCZ risk (20; 31; 32).

c.) Co-expression
The expression of genes is correlated to orchestrate cellular responses to stimuli (33;
34). Shared transcription, maturational, and degradation processes along with brain function are
thought to underlie the covariation of expression between genes, i.e., co-expression (35).
5

Popular approaches in this field identify clusters – so-called modules – of genes with highly
correlated gene expression. Co-expression of gene sets within these modules can be
summarized into one score by their first principal component, the so-called module
eigengene, that subsequently can be associated with traits of interest (36).
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Figure_2_about_here

a) Reference-based approaches
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2. Neuroimaging and clinical translation of parsed risk
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Reference-based approaches can be implemented in a data-driven fashion by testing all
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possible pathways involved or selecting pathways of interest in a hypothesis-driven manner.
Several reports have used traditional etiopathogenic hypotheses on SCZ risk to parse its
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biology, e.g., pointing to dopaminergic and glutamatergic transmission. For example, Wang et
al., (2018) computed a PRS including only SCZ risk variants (12) that mapped to a set of
dopamine-related genes (37). A higher dopaminergic PRS score was associated with poorer
working memory performance in 323 healthy individuals (37) in parallel with striatal
dysconnectivity during an fMRI working memory task. Similarly, building upon previous
associations of glutamatergic neurotransmission with attention (38) – a cognitive domain
reproducibly associated with SCZ (39) – Rampino et al., (2017) calculated a glutamatergic
PRS by selecting SCZ risk variants (12) in the proximity of genes coding for glutamatergic
synapsis proteins (22). The glutamatergic but not the non-parsed whole-genome PRS was
associated with brain activation during the visual attention control task employed (40). These
findings on a single ontology pathway suggest that selecting SNPs involved in specific
6

molecular processes may help link specific risk variants with specific deficits characterizing
patients with SCZ. Adopting a set of five pathways previously linked with SCZ, Barbu et al.,
(2022) successfully associated three of them with structural brain features (41). However, these
hypothesis-driven approaches suffer from restricting the search space to select pathways
derived from databases created from different tissues and species.
Other studies defined pathways based on cell specificity. Corley et al., (2021) computed
a PRS selectively on SCZ risk alleles previously linked to microglia, neurons, and astroglia
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(13). However, the reproducible PRS associations with cognitive performance showed poor
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specificity for the PRSs parsed according to cell types (42). Another report found that a PRS
based on SCZ-associated SNPs that are part of cell adhesion molecule pathways correlated with
memory and attention in patients with psychosis (43). Results in attentional performance,

lP

however, appeared driven by a single SNP. Using a similar parsing approach, Di Biase et al.,
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(2022) examined 1,927 patients and controls and reported that the pattern of regional cortical
thickness deviations in patients reflected a genetic predisposition mainly weighing on the cell
types in which genes proximal to such genetic variants were expressed (44). These studies
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suggest that linking multiple biological layers based on biological pathways of risk might
contribute to explaining heterogeneity between brain abnormalities seen in SCZ in terms of
clinical subtyping; however, the specificity and generalizability of these approaches seem to
require further support.

A key question is whether adding biological priors to our predictions actually increases
prediction accuracy. A data-driven study leveraged the large data pool from the PsychENCODE
dataset (45) to integrate biological priors into genetic risk-based predictions (46). They fed cellspecific gene expression signatures of risk, chromatin accessibility data, and eQTLs into a deep
learning model. Integrating biological priors into genetic risk-based predictions enhanced the
accuracy of case/control classification about six-fold compared to a “benchmark” PRS (46).
7

Even using imputed gene expression rather than actual gene expression achieved better
predictions than those based solely on GWAS, suggesting that these algorithms could be
employed for living patients for whom molecular brain data are not accessible (47).
As shown by Wang et al., (2018), parsing is not limited to a single labeling: a two-stage
machine learning approach called “biologically informed machine learning (BioMM)” (48; 49)
parsed methylation data into different pathways based on gene ontology categories to classify
between HCs and SCZ patients (46). The polymethylation score they generated, representing
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an epigenetic signature of SCZ, was significantly associated with DLPFC-hippocampal
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connectivity during working memory, representing a candidate intermediate phenotype of SCZ.
Intermediate phenotypes are heritable neurobiological measures associated with risk for a
heritable disorder (2; 50; 51). When using the BioMM model for patient classification, Chen et

lP

al., (2020) (49) reported areas under the curves between 0.69 and 0.78, hence above the
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threshold of 0.7 sometimes deemed clinically useful (52). Although this score is not based on
genetic sequence, it shows once again that including prior biological knowledge on risk parsing
can effectively boost predictions about SCZ.
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However, reference-based “genetic risk parsing” also returned negative findings (53).
Besides mixed results, the inherent incompleteness of the annotations, which depend on prior
biological knowledge, and the methods used to compile the lists limit the use of gene ontologies
as parsing criteria (53). These labels change over time and vary across genomic regions (54).
Gene ontology pathways reflect similar protein functions and not evidence-based biological
relationships between the genes (55). These inconsistencies may be a cause of replication
failures (56). The circumstance that gene ontology catalogs are compiled based on experimental
evidence from different tissues and even species hinders their applications to human psychiatric
disorders.

8

b) Regulome
Previous studies have shown that many associations identified by GWASs were
attributable to variants located in REs (12; 23; 24). The relationship between REs and risk
variants has been used to identify causal or functional variants for complex diseases (57). REs
usually contain multiple binding sites (i.e., DNA motifs that TFs can recognize); genetic
variation in REs affects gene expression by altering the binding affinity of TFs in tissue- and
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cell-type specific fashion (58).
Thus, regulome parsing studies have generally focused on restricting genetic risk
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estimation to the target genes of specific master regulators. For example, Wright et al., (2016)
investigated the interaction between a miR-137 variant (rs1625579) and variants in four
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experimentally validated miR-137 target genes (59). However, they did not report reproducible
genetic effects. Instead, Cosgrove et al., (2017) has reported an association between working
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memory-related brain activity and genetic variants proximal to genes potentially regulated by
miR-137 (31) according to Hill et al., (2008) (21). This gene set generated PRSs based on risk
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SNPs proximal to target genes (12). The PRS in this gene set was associated with lower
declarative memory performance and nominally associated with poorer working memory and
general cognitive ability in healthy controls and patients with SCZ. The effect of the miR-137
selective PRS on working memory brain activity has been preliminarily replicated in a larger
sample (60). A further study investigating the effect of this PRS on brain structure returned only
weak results, suggesting there is some specificity to phenotypic associations obtained via RE
risk parsing (61): parsed PRSs capture different phenomena of the disorder, as can be expected
in a scenario of coherent genetic risk converging into biological pathways. Additionally, the
miR-137 PRS explained disproportionally larger variance of SCZ risk compared with other
parsing approaches and whole-genome PRS considering the number of SNPs (62). Regulomic
approaches seem promising in terms of biological plausibility and specificity (63; 64), although
9

they have some limitations shared with reference-based approaches. For example, most target
attributions are generated via bioinformatic predictions. Even for one of the most plausible
regulators of SCZ risk genes, i.e., miR-137, only about 50 target genes have been
experimentally validated out of the thousands predicted (65).

c) Co-expression
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An essential premise to the idea that genetic risk for a psychiatric disorder is coherent
is that, even if variants are spread across the entire genome, their functional correlates converge
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into molecular or systems-level processes (66). Gene expression assays have provided evidence
that SCZ risk genes converge into some co-expression modules more than others, i.e., modules
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overrepresenting putative SCZ risk genes (35; 67–76). Interestingly, studies defining putative
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SCZ risk genes based on rare genetic variation, such as de novo mutations, have also found
coherent gene co-expression in the prefrontal cortex (35; 77; 78). Co-expression gene sets
enriched for risk genes for SCZ are also enriched for neuronal markers, axon development,
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synapse function, and hemophilic cell adhesion (35; 36; 67; 74–77). These findings suggest that
at least some of the convergence of genetic risk into synaptic biology is apparent at the level of
gene co-expression (23; 79). Finally, some studies reported co-expression associations with
SCZ-PRS (37; 76; 80). In summary, putative SCZ risk genes tend to be co-expressed above
chance, although it is unknown whether this concurrence reflects convergent biological
processes.
As reviewed above, integrating genetic information with biological priors is
instrumental in explaining genetic risk and may improve case-control discrimination along with
the genotypes (37; 81–83). On this basis, genetic variants associated with different coexpression gene sets could contribute to explaining genetic risk, phenotypes associated with it,
and clinical heterogeneity. The idea that genetic variants might be associated with genes in
10

correlated networks rests on the notion that trans-eQTLs may be associated with gene
expression, although the genes are not in their immediate proximity (see Supplemental
Information for details). In general, trans-eQTL effects are considered small compared to ciseQTLs (84). Nevertheless, Hore et al. (85) demonstrated that gene co-expression effectively
identifies genome-wide trans-eQTLs associated with correlated gene sets. The SNPs that
physically map to each gene within the set associated with the module eigengene have been
called co-eQTLs (86). The small effects of co-eQTLs can be combined into polygenic scores
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of imputed co-expression. These scores do not index risk for SCZ, but are transversal to healthy
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controls and other psychiatric diagnoses with the purpose of translating brain postmortem
information into brain activity and clinical predictions in living subjects.
This approach has been initially validated by leveraging prior knowledge on specific

lP

genes and their system-level correlates. For example, Pergola et al., (2017) identified a gene
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co-expression network in the postmortem DLPFC (86). Focusing on the module including the
DRD2 gene coding for the long isoform of the dopamine receptor D2, they generated a
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polygenic score predicting the simultaneous expression of DRD2 and its co-expression partners.
In neurotypical controls undergoing an fMRI scan, greater predicted module expression was
reproducibly associated with greater activation in a frontoparietal network and slower reaction
times during 2-back working memory task performance. The same score originated from
DLPFC is also associated to estimated striatal dopamine synthesis, suggesting the brain-wide
relevance of the discovered genetic variants (87). A second genetic score predicting the coexpression of a module including the DRD1 gene, coding for the dopamine receptor D1 whose
activity is opposite to D2 receptors, was reproducibly associated with fMRI prefrontal activity
and behavioral performance in the opposite direction (88). Investigating both scores in the
context of brain connectivity revealed once again opposite effects of the D1 and D2 coexpression scores (89). At a clinical level, Pergola et al., (2017) also reported an association
11

with treatment response to antipsychotics in two independent cohorts of patients with SCZ (86).
Using a data-driven approach for the identification of modules of interest, Pergola et al., (2019)
reported that the co-expression of a module enriched for SCZ risk genes was reproducibly
associated with short-term response to olanzapine in patients with SCZ – suggesting that the
genetic variants within these modules could be instrumental in explaining part of the clinical
heterogeneity (75). Unlike a conventional GWAS-based PRS without biological priors, this
approach can also test non-linear relationships between alleles associated with gene expression
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and brain physiology. For example, Selvaggi et al., (2019) found a reproducible quadratic
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association between predicted DRD2 module expression and brain activity during working
memory that was reversed by administering the D2-targeting drug bromocriptine (90). Another
way of using networks consists of discovering genes in a key topological position. Rodríguez

lP

et al. (2022) clustered modules of co-expressed genes expressed in blood cells according to the
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association with symptomatology, level of functioning, and premorbid adjustment. The
expression of modules’ hub genes of the two emerging clusters served as potential peripheral
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biomarkers of illness states or traits (91).

Further studies have supported the specificity of co-eQTL associations with
neuroimaging phenotypes. For example, a score more closely indexing the co-expression of the
DRD2 gene with the CNR1 gene coding for the Cannabinoid Receptor 1, but not the original
DRD2 score, interacted with cannabis exposure in its association with brain activity (92; 93).
Antonucci et al. (2019) studied the correlated expression of genes between the mediodorsal
thalamic nucleus and the DLPFC to identify a thalamocortical module enriched for SCZ genetic
risk. The genetic score predicting the co-expression of this module was associated with
thalamocortical connectivity during attentional control (94). However, the same phenotype
(previously proposed as a candidate intermediate phenotype, see (95)) was not associated with
DRD2 module predicted expression.
12

In summary, translating co-expression into genetic predictors aligns with known
neurophysiological effects, is associated with clinical profiles, and may potentially reveal novel
biomarkers. A limitation of co-expression approaches is that, on the one hand, they do not imply
co-transcription or co-regulation: for example, co-degradation likely contributes to the observed
gene expression covariance (96). Observed co-expression in bulk tissue stems from mRNA
produced by different cell types, hence mixing cell type abundance with mRNA expression
levels within cells (72; 97). Limited definition of the biological properties underlying co-

3. Lessons learned
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expression complicates the investigation of actionable biological mechanisms of disease.
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There is a considerable distance in terms of the biological organization layers involved
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between genetic risk and clinical phenotypes, i.e., transcriptomics, proteomics, cell physiology,
system-level functioning, and behavior. Aggregating genetic risk in PRSs has many merits but
does not contain specific biological information that can be readily translated. Here, we have
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critically reviewed studies that opted to parse genetic risk for SCZ. The published reports have
been unsystematic regarding the methods employed. They often used select pathways, without
always reporting negative controls, and procedures have been highly heterogeneous; overall,
the literature is too sparse to reach definitive conclusions. There is initial evidence that
biological priors improve prediction accuracy in diagnostic contexts, although biological labels
lacking human and tissue specificity are probably unfit for understanding human brain
physiology. Instead, biological information imputed from postmortem human brain tissue
datasets may help further unravel the neurobiology of schizophrenia. For instance, the coexpression studies here reviewed are consistent with the known neurophysiology of cortical
dopaminergic signaling. We consider it essential that any biological prior be consistent with
what is already known about physiology and pathophysiology, without completely disregarding
13

potential new ideas. For example, the postmortem and in vivo literature shows limited
involvement of microglia in SCZ and, accordingly, the evaluation of the effect of genetic risk
on microglia in this disorder lacks specificity. In pursuing co-expression approaches, the degree
of time and cell resolution plays a paramount role, along with more biologically plausible ways
of associating genetic variants with genes compared to the standard of genomic localization
(Supplementary Information).
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The categorical diagnosis of SCZ is based on a collection of signs and symptoms that
vary over time in the same patient (98) and between patients (99; 100). Parsing genetic risk
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might help to identify sub-types of SCZ or, following other views, the SCZ spectrum disorders
(18). To the extent that different mechanisms of illness may be inherited based on different
pathways, the genetics of SCZ may result as heterogeneous as its neurobiology and symptoms.
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Besides additive genetics and common variants, ultra-rare protein-altering genetic variation
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(101; 102), and copy number variants (CNVs, (103)) such as those found in the 16p11.2 (104)
and 22q11.2 regions (105) play a role in SCZ risk. Therefore, we consider it unlikely that the
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whole of SCZ cases will be explained by one commonly identifiable genetic or neurobiological
signature. A more likely scenario involves a combination of those hypothesized by Kendler
(2013) (4) and Liu et al., (2019) (19). For example, clusters of patients may share etiological
factors falling into different scenarios of coherence, possibly with a different balance of genetic
and environmental factors at the individual level. Conditions characterized by increased risk for
SCZ, such as velocardiofacial syndrome (106) and loss of function mutation in SETD1A (107),
may represent sufficient pathogenic factors, whereas other pathways may be more susceptible
to gene-environment interactions. Considering that several environmental risk factors, such as
bullying, childhood trauma (108) or cannabis (109), and their interactions and correlations with
genetic risk are thought to play a role in SCZ risk (110; 111), future studies with risk parsing
may discover pathway-to-environment interplays much more articulated than without parsing.
14

Additionally, the approaches we reviewed have collapsed snapshots of biological labels,
regulomics, and co-expression to create models that do not integrate the dynamics of
neurodevelopment. Instead, Boyce et al. (2020) elegantly presented the concept of GxExT
interactions – where T stands for time (112). Until now data have been insufficient to examine
these biological changes either in postmortem brain or other human tissues. Some encouraging
results on associating pathways to treatment response based on genetic risk parsing suggest that

pathway-specific risk in pharmacological trials.
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future studies, possibly integrating time in their models, might stratify patients based on their
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Achieving these objectives requires overcoming the current limitations of the employed
approaches. Most studies focused on one or few pathways, some lacked negative controls to
investigate specificity, and there may be a reporting bias favoring positive findings. The
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correlational nature of these associations limits the explanatory power of parsing. Only very
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few studies have performed biological validations in vitro of parsed risk pathways (60; 113).
Additionally, the prediction of gene expression in samples independent of the training cohort
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explains 7-11% of the actual variance in gene expression with cis-eQTL approaches (114) and
2-15% with co-eQTL approaches (75; 86; 88). These figures suggest, (i), potential future
improvement in the methods available to explain the genetic component of gene expression;
(ii), that gene expression is not necessarily highly heritable for all genes across all tissues – at
least not with currently available samples sizes. Furthermore, the clustering of SCZ risk genes
puts together a small fraction of the putative risk genes, which in turn act on many different cell
types. We expect that single nuclei sequencing will enhance the granularity of biological
inferences relative to bulk tissue RNA sequencing (115; 116). Single cell technology
developments are perhaps the most crucial step in transforming molecular data mining into
actionable targets for drug development. On the phenome side, it seems likely that future studies
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might focus on multimodal neuroimaging data to derive a broader picture of genetic impact
(117).

Conclusion
Taken together, the investigation of parsed genetic risk combined with candidate
neuroimaging intermediate phenotypes yielded significant findings with some indications of
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greater specificity in the genome-to-phenome mapping compared to overall genetic risk
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approaches. However, this is an area of active research, and methodological improvements will
afford opportunities to discover mechanisms of illness, tools for subtyping, and potential novel
treatments that are not available without knowledge of risk pathways. Many reports have

lP

replicated the results originated in discovery datasets, suggesting that genetic risk for SCZ has
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at least some coherence. These initial results represent a solid motivation to pursue further the
approaches reviewed here; at the same time, increasing data availability affords opportunities
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to investigate time-varying and single-cell models of human brain functions.
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Figure 1: History of genetic studies in schizophrenia spanning from pre-molecular
genetics to current methodology, approaches, and findings.
1916: (118); 1966-1967-1971: (119–121); 1975: (122); 2002: (123); 2006: (124);

Jo

ur
na

lP

re
-p
r

oo
f

2008: (125); 2009: (11); 2011: (126); 2014: (12); 2017: (127).
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Figure 2: Schematic figure of a study design parsing genetic variants. A) Genes can be related
to meaningful pathways in multiple ways (gene ontology, co-expression, targetome; see
chapters 2 and 3 for more details). B) Genetic variants are paired to these pathway-specific
genes with a method of choice (e.g., MAGMA, PrediXcan: Supplemental Information). C)
Parsed variants associated with a disease (risk SNPs) can be used to compute a genetic risk
score; parsed variants associated with gene expression can be used to compute a score to
predict pathway-specific gene expression. D) These scores can now be used to associate them
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with intermediate phenotypes or use them for predicting treatment outcomes.
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