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A B S T R A C T   

Schizophrenia and bipolar disorder are characterized by highly similar neuropsychological signatures, implying 
shared neurobiological mechanisms between these two disorders. These disorders also have comorbidities, such 
as type 2 diabetes mellitus (T2DM). To date, an understanding of the mechanisms that mediate the link between 
these two disorders remains incomplete. In this work, we identify and investigate shared patterns across multiple 
schizophrenia, bipolar disorder and T2DM gene expression datasets through multiple strategies. Firstly, we 
investigate dysregulation patterns at the gene-level and compare our findings against disease-specific knowledge 
graphs (KGs). Secondly, we analyze the concordance of co-expression patterns across datasets to identify disease- 
specific as well as common pathways. Thirdly, we examine enriched pathways across datasets and disorders to 
identify common biological mechanisms between them. Lastly, we investigate the correspondence of shared 
genetic variants between these two disorders and T2DM as well as the disease-specific KGs. In conclusion, our 
work reveals several shared candidate genes and pathways, particularly those related to the immune system, 
such as TNF signaling pathway, IL-17 signaling pathway and NF-kappa B signaling pathway and nervous system, 
such as dopaminergic synapse and GABAergic synapse, which we propose mediate the link between schizo
phrenia and bipolar disorder and its shared comorbidity, T2DM.   

1. Introduction 

Psychiatric illnesses, such as schizophrenia and bipolar disorder, are 
known to be two of the most prevalent forms of psychotic disorders 
(Jongsma et al., 2019). Schizophrenia can be classified as a behavioral 
and cognitive syndrome, primarily characterized as having manifesta
tions of psychosis, the onset of which is determined by genetic and/or 
environmental causes (Insel, 2010; Owen et al., 2016). Bipolar disorder 
is categorized as a chronic mood disorder, distinguished by frequent 
disruptions to mood, with shifts between either manic, depressive or 
mixed states (Grande et al., 2016; Müller-Oerlinghausen et al., 2002). 
While both disorders point to some degree of cognitive impairment, as of 

yet, there are no neuropsychological signatures that can conclusively 
lead to a differential diagnosis between these two conditions (Bortolato 
et al., 2015), hinting at the substantial overlap between them. These 
disorders have also been linked to several comorbidities, mainly type 2 
diabetes mellitus (T2DM) and cardiovascular disorders (Mizuki et al., 
2021). For instance, T2DM has been reported to have a higher preva
lence in patients with schizophrenia (Mukherjee et al., 1989; Argo et al., 
2011), while relatives of patients with schizophrenia have also been 
shown to have a higher risk of diabetes (Miller et al., 2016). T2DM has 
also been linked to bipolar disorder, as shown by a genetic analysis 
conducted by Torkamani et al. (2008), where numerous top-ranking 
SNPs were found in common between bipolar disorder and T2DM. 
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Transcriptomic data are commonly used in the psychiatric domain to 
gain insights on the neurobiological underpinnings of mental disorders 
(Perez et al., 2021; Song et al., 2021; Chaumette et al., 2019). Addi
tionally, Genome Wide Association Studies (GWAS) have also shed light 
on the genetic variants associated with psychiatric conditions, including 
schizophrenia and bipolar disorder (Mullins et al., 2021; Smeland et al., 
2020; Bipolar Disorder and Schizophrenia Working Group of the Psy
chiatric Genomics Consortium, 2018), as well as schizophrenia associ
ated copy number variants (Ehrhart et al., 2022), both of which assist in 
understanding the molecular mechanisms of these conditions. However, 
a recent study was not able to find a significant genetic overlap between 
bipolar disorder, schizophrenia and T2DM, using linkage disequilibrium 
analysis on GWAS datasets (Fanelli et al., 2022). Nonetheless, the 
analysis of large-scale datasets can be challenging, prompting the con
struction of networks to integrate and organize these datasets into 
models describing biological relations which can aid in identifying gene 
expression patterns as well as potential disease-relevant genes (Parik
shak et al., 2015). In the psychiatric field, gene co-expression networks 
have been used to identify candidate genes and pathways with potential 
roles in the pathobiology of bipolar disorder (Liu et al., 2019; Zhang 
et al., 2021). Similarly, co-expression network analysis of transcriptomic 
data has identified cognitive abnormalities in patients with schizo
phrenia, revealing that variations observed in gene expression patterns 
across cortical regions of controls are attenuated in persons with 
schizophrenia (Roussos et al., 2012), while other studies have identified 
disease modules associated with this disorder (de Jong et al., 2012; 
Torkamani et al., 2010). 

Another major technique to guide the interpretation of tran
scriptomic data is through the use of prior knowledge, such as in the 
form of pathways or knowledge graphs, to enable the contextualization 
of signals from omics data analyses. For instance, enrichment analysis 
can be used on clusters within co-expression networks (i.e., modules) to 
correlate modules to particular functions or biological pathways. To 
date, several pathways implicated in both schizophrenia and bipolar 
disorder have been identified, including immune dysfunction (Gold
smith et al., 2016) and Wnt signaling (Hoseth et al., 2018). In a recent 
joint analysis of schizophrenia and bipolar disorder, functional enrich
ment of modules from co-expression networks of these two disorders 
revealed processes which were both unique to and shared across these 
conditions, also implicating the immune system (Sahu et al., 2020). 
Another recent approach also jointly investigated these disorders 
through the identification of common pathways using a system biology 
approach, revealing those associated with the stress response, energy 
systems and neuron systems. (Altaf-Ul-Amin et al., 2021). Thus, due to 
the polygenic nature of these overlapping disorders, analyses at not only 
the genetic level but also the pathway and network level are crucial to 
elucidating their complex pathophysiology. 

In this work, we aim at identifying shared mechanisms between 
schizophrenia and bipolar disorder at the genetic and pathway levels 
using an integrative approach that leverages prior knowledge and 
experimental data. To achieve this goal, we first identify pathways that 
are linked to schizophrenia and bipolar disorder through three major 
approaches, namely, a meta-analysis, a co-expression network analysis, 
and pathway enrichment. In doing so, we attempt to reveal the common 
mechanisms that may mediate the link between schizophrenia and bi
polar disorder. Furthermore, we explore mechanisms that link these 
disorders with their shared comorbidity, T2DM. Finally, we emphasize 
the critical importance of an integrative, data- and knowledge- driven 
approach in order to better understand the comorbid associations of 
psychiatric disorders. 

2. Methodology 

In subsection 2.1, we outline the process of acquiring datasets for the 
two psychiatric disorders. In subsection 2.2, we detail the generation of 
a knowledge graph (KG) for schizophrenia and bipolar disorder. Then, in 

subsection 2.3, we describe the procedure to perform a meta-analysis on 
the datasets (Fig. 1A(i)), while in 2.4, the process of generating co- 
expression networks from transcriptomic datasets is outlined (Fig. 1A 
(ii)). Next, in subsection 2.5, we describe the pathway enrichment an
alyses performed (Fig. 1A(iii)). Finally, in section 2.6, we outline an 
equivalent comorbidity analysis conducted for T2DM. 

2.1. Collection of genetic and gene expression datasets 

In order to carry out the data-driven analysis (Fig. 1A), we collected 
gene expression datasets from schizophrenia and bipolar disorder. 
Microarray datasets for schizophrenia and bipolar disorder were 
collected from ArrayExpress and Gene Expression Omnibus (GEO) on 
March 2nd, 2021. Our selection criteria for the datasets were two-fold: i) 
datasets must have been generated using the Affymetrix GeneChip 
Human Genome U133 family platform from human patient samples to 
avoid platform variability, and ii) datasets must have contained >40 
control and disease samples. The datasets that fulfilled this criteria for 
schizophrenia included E-GEOD-12649, E-GEOD-21138, E-GEOD- 
21935, E-GEOD-53987, and GSE93987 (Supplementary Table 1). 
Datasets fulfilling this criteria for bipolar disorder included E-GEOD- 
46449, E-GEOD-5388, E-GEOD-5392, E-GEOD-53987, and GSE12649 
(Supplementary Table 2). Samples for the datasets were taken from 
tissues in the brain, except for samples from the bipolar disorder dataset 
E-GEOD-46449, which contained samples taken from leukocytes in the 
blood (see Supplementary Tables 1 and 2). 

The schizophrenia and bipolar disorder datasets were pre-processed 
using RMA normalization with the R package, oligo (Carvalho and Iri
zarry, 2010). We further processed these datasets by accounting for 
hidden co-variates using the surrogate variable analysis (SVA) (Leek 
et al., 2012). Gene probes of the datasets were also annotated to HGNC 
gene symbols with the help of the annotateEset function from affycor
etools (MacDonald, 2020) and the annotation data libraries from 
affymetrix. 

Lastly, we leveraged single nucleotide polymorphisms (SNPs) asso
ciated with schizophrenia and bipolar disorder (p-value <5.0 × 10− 8) 
from GWAS Catalog (downloaded on 11.02.2022) (Buniello et al., 2019) 
which were derived from publications referenced in Supplementary 
Tables 12 and 13 (downloaded from GWAS Catalog on 20.06.2022). A 
total of 2425 and 1168 SNPs for schizophrenia and bipolar disorder were 
respectively mapped to 1610 and 984 genes of which 265 genes were 
shared (https://github.com/vinaysb/psychiatric_disorders_corpus). 

2.2. Disease-specific knowledge graphs 

In order to represent known interactions from the literature around 
each disease, we built disease-specific KGs for schizophrenia and bipolar 
disorder. The KGs were coded in Biological Expression Language (BEL) 
by combining manual curation and a proprietary text-mining workflow 
(Geißler, 2020). While the manual curation allowed us to model a 
relevant corpus of 50 schizophrenia full text publications and 50 bipolar 
disorder full text publications, the automatic text-mining tool covered 
all abstracts in PubMed with a reference to schizophrenia or bipolar 
disorder. These articles were retrieved from PubMed using advanced 
search with the combined MeSH terms “Schizophrenia” and “Bipolar 
Disorder” for scientific articles published in the last 10 years. The search 
resulted in approximately 90,000 articles. Next, the KGs generated from 
text-mining were merged with KGs generated from manual curation 
(https://github.com/vinaysb/psychiatric_disorders_corpus). The final 
BEL files of the schizophrenia (SCZ) KG contained 2380 unique nodes 
and 19,984 edges (Supplementary Figs. 1 and 2), while the bipolar 
disorder (BPD) KG contained 2042 unique nodes and 16,350 edges 
(Supplementary Figs. 3 and 4). 
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2.3. Meta-analysis of gene expression datasets for schizophrenia and 
bipolar disorder 

In order to identify which genes were up- and down- regulated across 
all datasets of a particular disease, a meta-analysis was carried out on the 
schizophrenia and bipolar datasets separately. Subsequently, genes that 
were consistently dysregulated across all datasets were identified and 
compared against each other. 

Prior to conducting the meta-analysis, each of the pre-processed 
datasets were further processed through the limma R package (Ritchie 
et al., 2015) to calculate the differential expression of each gene in the 
disease state versus controls. Differential expression was calculated via 
log2 fold changes (log2FC), which were corrected using the Benjamini- 
Hochberg (BH) multiple test corrections method (Benjamini and 

Hochberg, 1995). Differentially expressed genes for each dataset were 
subsequently filtered to include only those with an adjusted p-value 
<0.05, which were then used to carry out the meta-analysis and identify 
genes that were consistently over- or under- expressed. The meta- 
analysis was conducted using a vote-counting technique which counts 
the number of positive, negative and non-significant changes in a dataset 
(Bushman and Wang, 2009) implemented in the MetaVolcanoR (Prada 
et al., 2020) package. 

2.4. Generating co-expression networks 

Co-expression network analysis was performed to identify correla
tion patterns between transcripts measured in the gene expression 
datasets. Co-expression networks were generated for the disease samples 

Fig. 1. Workflow for the methodology of the paper. The methodology is divided into two parts, A) gene expression data analysis and B) prior knowledge integration. 
A) Gene expression datasets for schizophrenia (SCZ) and bipolar disorder (BPD) are collected and analyzed through three different approaches: (i) meta-analysis of 
the gene expression datasets, (ii) co-expression network analysis in conjunction with pathway enrichment using over-representation analysis (ORA), and (iii) 
pathway enrichment with gene set enrichment analysis (GSEA). B) Text mining is performed on publications available in PubMed to generate disease-specific 
knowledge graphs (KGs). C) Results from the data analysis and knowledge curation are compared to identify the overlap between these parallel approaches. 
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in each dataset with the WGCNA package in R (Langfelder and Horvath, 
2008). The networks were subsequently used to identify correlations 
that were common between the disease samples of all the datasets for 
schizophrenia and bipolar disorder. To create the co-expression net
works, the WGCNA package uses an unsigned similarity measure to 
generate a topological overlap matrix (TOM) based on the similarity of 
their expression pattern. The TOM was then pruned to retain the top 1% 
highest similarity in it to build the co-expression network. The indi
vidual networks constructed for each of the datasets were then used to 
identify common edges across all datasets for schizophrenia and bipolar 
disorder. 

2.5. Pathway enrichment analysis 

To determine the pathways affected by dysregulated genes in the 
datasets, we employed two different pathway enrichment methods (i,e., 
over-representation analysis (ORA) and Gene Set Enrichment Analysis 
(GSEA) (Subramanian et al., 2005)) and 337 pathways from the KEGG 
database (retrieved 3rd August 2020, version 95.2) (Kanehisa et al., 
2021) using DecoPath (Mubeen et al., 2021). ORA uses the hypergeo
metric test to assess whether a pathway is significantly enriched in a list 
of genes. We conducted ORA on the gene list from common edges of the 
co-expression networks, while GSEA was performed on processed gene 
expression datasets using the GSEApy library (Fang, 2020). GSEA cal
culates the enrichment score employing a Kolmogorov–Smirnov-like 
statistic before estimating the statistical significance by calculating p- 
values for the results which are corrected via the Benjamini–Hochberg 
method (Benjamini and Hochberg, 1995). Finally, the enriched path
ways of the datasets of both diseases were checked for overlap using 
Fisher’s test (Fig. 3). 

2.6. Comorbidity analysis 

In order to identify common mechanisms between schizophrenia and 
bipolar disorder which could explain their shared comorbidity with 
T2DM, we also conducted the above-mentioned analyses (see Sections 
2.3–2.5) on T2DM datasets. We leveraged T2DM datasets from Karki 
et al. (2017) in which the authors investigated a comorbid association 
between Alzheimer’s disease and T2DM, identifying four datasets which 
fulfilled the criteria outlined in Section 2.1 (see Supplementary Table 3). 
Furthermore, we used a T2DM KG that was previously manually curated 
by Karki et al. (2020). Finally, we leveraged SNPs associated with T2DM 
(p-value <5.0 × 10–8) from GWAS Catalog (downloaded on 
25.02.2022) (Buniello et al., 2019). A total of 3172 SNPs were mapped 
to 2026 genes. 

3. Results and discussion 

In subsection 3.1, we outline the results of a meta-analysis using 
several gene expression datasets for schizophrenia, bipolar disorder and 
T2DM. In subsection 3.2, we utilize these datasets to generate co- 
expression networks for the two psychiatric disorders as well as T2DM 
and investigate the overlap across these networks. Next, in subsection 
3.3, we carried out pathway enrichment analysis on the gene expression 
datasets for these three disorders and identified the shared mechanisms 
and overlap of enriched pathways with the KGs. Finally, we explored 
shared genetic associations across the three indications in subsection 
3.4. 

3.1. Meta-analysis on differentially expressed genes across disease 
datasets 

A meta-analysis was conducted in order to identify genes that were 
dysregulated across datasets for schizophrenia and bipolar disorder. In 
order to conduct a fair comparison of dysregulated genes between the 
two diseases, we ensured that the average sample size of datasets for 

each disease were similar, with 96 samples on average in the schizo
phrenia datasets and 81 on average in the bipolar disorder datasets. The 
results of the analysis showed that the majority of dysregulated genes 
were either up- or down- regulated in a single dataset and only a small 
minority were dysregulated in more than one dataset (Supplementary 
Fig. 5). From this meta-analysis, we obtained the consensus results on 
the direction of dysregulation for genes from these two disorders (Sup
plementary Table 4). We observed 7 genes that were dysregulated across 
three schizophrenia datasets that were samples from the Prefrontal 
Cortex and the Superior Temporal Cortex regions of the brain and 85 
across all the bipolar disorder datasets. For T2DM, we relied upon the 
results from Karki et al. (2017). Here, we found that none of the genes 
were either significantly up- or down- regulated across all datasets (p- 
value <0.05). Furthermore, we also compared the effect sizes for the two 
diseases (Supplementary Fig. 6) and found that the mean absolute effect 
sizes for both the diseases were below 0.25. 

In order to identify the overlap between the results of the meta- 
analysis on the schizophrenia dataset and the SCZ KG, we compared 
the list of up- or down- regulated genes in two datasets for schizophrenia 
(Supplementary Table 4) with the nodes of the SCZ KG. We were able to 
find some concordance between the results of the meta-analysis and the 
KG, through which we could explore known interactions of the affected 
genes. For instance, HLA-DQB1 was found to be up-regulated across 
three datasets and was the only gene identified in the SCZ KG. In 
contrast, this gene has been associated to schizophrenia in a case-control 
study where HLA-typing by DNA amplification was carried out on 140 
patients with schizophrenia and 100 controls and the allelic frequencies 
of HLA-DRB1*03 and HLA-DQB1*05 were found to be higher in 
schizophrenia patients than the controls (Sayeh et al., 2014). Further
more, other genes dysregulated in the meta-analysis, such as BCAT1, has 
been identified as one of the genes that is mutated in patients with 
schizophrenia (Hjelm et al., 2015). And dysregulation of BCAT1 gene 
has also been associated with a decrease of glutamate levels and has 
been mentioned to be involved in the glutamate synthesis in mice model 
(Chen et al., 2020). 

Similarly, we conducted an equivalent investigation for bipolar dis
order (Supplementary Table 4). The meta-analysis revealed that NTRK3 
was up-regulated in at least two datasets. NTRK3 encodes neurotrophic 
tyrosine receptor kinase 3 receptor protein which is responsible for the 
binding of neurotrophin, which plays a key role in the MAPK signaling 
pathway (Reichardt, 2006). Upon examination of this gene in the BPD 
KG, we found an association between NTRK3 and mental disorders, 
based upon evidence found in Braskie et al. (2013). We then investigated 
the neighbors of NTRK3 in the KG, finding NTF3 increases NTRK3 and 
NTF3 is also positively correlated with bipolar disorder. Furthermore, 
Athanasiu et al. (2011) conducted a SNP-disease association study on 
bipolar disorder, where they identified several polymorphisms of 
NTRK3 with links to bipolar disorder. These polymorphisms were also 
closely associated with schizophrenia and corroborated in a study by 
Gratacòs et al. (2001). Finally, the KG also revealed a positive correla
tion between bipolar disorder and UBE3A (You et al., 2020), a consis
tently down-regulated gene in the meta-analysis. 

In conclusion, using the meta-analysis we were able to identify 
dysregulated genes for schizophrenia and bipolar disorder. However, 
the meta-analysis for T2DM datasets did not reveal any significantly 
dysregulated genes, thus we were unable to investigate genes potentially 
implicated in comorbid associations of the two psychiatric disorders and 
T2DM. While some of the genes from the meta-analysis on schizophrenia 
and bipolar disorder were present in the disease-specific KGs, many of 
them were absent from it and appear to be under studied, warranting 
further investigation. Furthermore, due to the low mean absolute effect 
size observed between the two diseases, we believe that further study is 
required. Nevertheless, we have shown here how the consolidation of 
literature knowledge in the form of KGs can guide the interpretation of 
gene expression data. 
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3.2. Identifying enriched pathways from co-expression patterns 

In this section, we leveraged the co-expression networks generated 
for individual datasets to study the activity and correlation patterns of 
genes in both disorders. This method of analysis has already been suc
cessfully used to identify correlated genes in RNA-seq data for a single 
schizophrenia and bipolar disorder dataset (Sahu et al., 2020). Here, 
however, we focused on identifying the common mechanisms among 
schizophrenia and bipolar disorder by leveraging multiple datasets for 
each of the disorders. We were able to find common edges between 10 
co-expression networks of the schizophrenia and bipolar disorder 
datasets (Fig. 2). To identify shared mechanisms across these diseases, 
we performed ORA on the gene nodes of common edges of the co- 
expression networks (i.e., edges that appear across all datasets for 
schizophrenia and bipolar disorder). 

On average, co-expression networks corresponding to each of the 
schizophrenia and bipolar disorder datasets (i.e., 5 for schizophrenia 
and 5 for bipolar disorder) contained 2–7 million edges. We first iden
tified the edges which occurred consistently across all datasets from 
each disorder, finding 16,748 and 9550 edges in common for 

schizophrenia and bipolar disease, respectively. 
The intersection of these disease-specific edges revealed that 1081 

edges of them were shared. We then investigated the 415 unique genes 
present in these edges by running ORA against 337 KEGG pathways. The 
results yielded 111 significantly enriched pathways (q-value <0.01) 
(Supplementary Table 5), the top three ranked pathways were Hung
tinton’s, Alzheimer’s, and Parkinson’s disease. Huntington’s disease 
pathway has been shown to have a link with psychosis (Rocha et al., 
2018), the latter of which is a common symptom of schizophrenia and 
bipolar disorder. The work by Cai and Huang (2018) identified an as
sociation between dementia and schizophrenia and furthermore a recent 
publication identified an association between schizophrenia and Alz
heimer’s disease by comparing the white matter deficiency patterns 
(Kochunov et al., 2021). Similarly Parkinson’s disease has been 
observed to be linked to bipolar disorder (Faustino et al., 2020). Addi
tionally, oxidative phosphorylation was the top ranked non-disease 
pathway, shown to be positively correlated with bipolar disorder 
(Morris et al., 2017). Finally, among the enriched pathways were those 
which overlapped with the ones identified by Sahu et al. (2020) (e.g, 
apoptosis, autophagy and hippo signaling pathway). 

Fig. 2. Shared edges across co-expression networks from the schizophrenia and bipolar disorder datasets. Dysregulated genes from the meta-analysis of both 
schizophrenia and bipolar disorder are marked in red. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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The T2DM co-expression networks contained 3389 nodes in common 
with the schizophrenia and bipolar disorder co-expression networks. 
Although we were able to identify 633 edges in common across all co- 
expression networks generated from the T2DM datasets, we were un
able to find any common edges between the T2DM and schizophrenia 
networks or the T2DM and bipolar disorder networks. Nevertheless, 
from the 540 unique genes present in the shared edges of the T2DM co- 
expression networks, we were able to identify 66 enriched pathways (q- 
value <0.05) in the ORA results (Supplementary Table 6). These 
included Hungtinton’s, Alzheimer’s and Parkinson’s disease pathways, 
which were also enriched in the schizophrenia and bipolar disorder ORA 
results. Additionally, the PI3K-Akt signaling pathway, cytokine-cytokine 
receptor interaction pathway, chemokine signaling pathway, and 
Phagosome pathway were also enriched. 

3.3. Comparing consistently enriched pathways in both data and 
literature 

We conducted pathway enrichment using GSEA on each microarray 
gene expression dataset (pre-processed) and compared the overlap of the 
results. For individual schizophrenia datasets, the number of signifi
cantly enriched pathways ranged from 60 to 90, while this number 
ranged from 40 to 50 for bipolar disorder datasets and 60 to 90 for T2DM 
datasets as well. For each disorder, we investigated whether any path
ways were significantly enriched (q-value <0.05) across all datasets, 
identifying four pathways across all schizophrenia datasets, three across 
all bipolar disorder datasets and five across all T2DM datasets (see 
Supplementary Table 7 for details). To elucidate the correspondence of 
significantly enriched pathways detected from the data-driven analysis 
with the literature, these GSEA results were then compared to the results 
of ORA on genes from each of the three disease-specific KGs (Supple
mentary Tables 8, 9 and 10). 

3.3.1. Enriched pathways overlapping in schizophrenia context 
Upon comparing the GSEA results of schizophrenia datasets with the 

SCZ KG-derived ORA results, we found that each of the enriched path
ways in schizophrenia datasets were also enriched in the SCZ KG. Three 
of the four enriched pathways were related to immune response, 
including cytokine-cytokine receptor interaction, the Il-17 signaling 
pathway and the NF-kappa B signaling pathway, known to be related to 
multiple neurological disorders and schizophrenia (Azodi and Jacobson, 
2016; Reale et al., 2021; Fang et al., 2018; Murphy et al., 2021). 
Through this investigation, we were also able to confirm some of the 
results from the previous analyses. For instance, we found that the PI3K- 
Akt signaling pathway was enriched in not only the pathway enrichment 
results of the schizophrenia datasets and the SCZ KG, but also the results 
of the co-expression network analysis. 

3.3.2. Enriched pathways overlapping in bipolar disorder context 
The comparison of the GSEA results of bipolar disorder datasets with 

the BPD KG-derived ORA results revealed that two of the three pathways 
enriched in bipolar disorder datasets were also enriched in the BPD KG. 
These included the phagosome pathway, involved in the process of 
phagocytosis and linked with bipolar disorder in work carried out by 
Barbosa et al. (2014), and the antigen processing and presentation 
pathway, also part of the phagocytosis pathway. 

3.3.3. Shared enriched pathways between schizophrenia, bipolar disorder, 
and T2DM 

When the pathway enrichment results of the T2DM datasets and 
T2DM KG were compared, we found minimal overlap between them. 
Nonetheless, the cytokine-cytokine receptor interaction pathway was 
enriched in both schizophrenia and T2DM. In order to further investi
gate shared mechanisms between the psychiatric disorders and their 
comorbidity, we subsequently analyzed the overlap between ORA re
sults of the KGs for schizophrenia and T2DM and bipolar disorder and 

T2DM (Fig. 3). Here, we found that the vast majority of pathways 
enriched for T2DM were also enriched for schizophrenia and bipolar 
disorder (Supplementary Table 11). 

Next, we investigated pathways which consistently appeared across 
each data-driven analysis and were enriched to be enriched across all the 
disease-specific KGs. In doing so, we found several pathways, including 
the MAPK signaling pathway in the KG-derived ORA results, the co- 
expression analysis results of schizophrenia and bipolar disorder data
sets and the meta-analysis results of schizophrenia datasets. Similarly, 
the neurotrophin signaling pathway was also enriched in the KG ORA 
results and the co-expression network analysis, while NTRK3 and NTF, 
both of which are involved in this pathway, were also differentially 
expressed in the meta-analysis on bipolar disorder datasets. Other 
enriched pathways such as apoptosis, hippo signaling pathway and FoxO 
signaling pathway, were also observed in the co-expression network 
analysis as well as the publication by Sahu et al. (2020). Additional 
enriched pathways such as Huntington’s, Alzheimer’s and Parkinson’s 
disease were not only the top three enriched pathways in the co- 
expression network analysis. Furthermore, our pathway enrichment 
results from GSEA and the results from ORA conducted on co-expression 
networks were also in-line with the pathways enriched by Sabunciyan 
(2019) which employed RNA-Seq datasets from CommonMind Con
sortium and PsychENCODE in the context of schizophrenia. Our results 
are also in line with recent work by Ehrhart et al. (2022) who identified 
several enriched pathways from the WikiPathways database (Martens 
et al., 2021) from ORA on multiple gene lists of schizophrenia risk genes. 
More specifically, using mappings between the KEGG and WikiPathways 
database (Domingo-Fernández et al., 2018), we were able to identify an 
overlap of multiple pathways such as NF-kappa B signaling pathway, 
Huntington’s disease, T cell receptor signaling pathway and dopami
nergic synapse. Furthermore, the ubiquitin pathway, which is involved 
in the Parkinson’s disease pathway, contains the ubiquitin ligase 
UBE3A, identified as a consistently down regulated gene with low effect 
size in the meta-analysis of bipolar disorder. Apart from the immuno
logical pathways previously mentioned, the KG-derived ORA results also 
contained the TNF signaling pathway, chemokine signaling pathway, 
and T cell receptor signaling pathway. Pathways related to the nervous 
system, such as dopaminergic synapse and GABAergic synapse, were 
also significantly enriched, not only in the psychiatric disorder KG ORA 
results, but also in the T2DM KG ORA results. Finally, we were also able 
to identify shared enriched immunological pathways between the re
sults of ORA on the T2DM KG and the psychiatric disorder KGs, such as 
TNF signaling pathway, IL-17 signaling pathway and NF-kappa B 
signaling pathway. 

Fig. 3. Overlap of enriched pathways between psychiatric disorders and T2DM. 
Venn diagram depicting the overlap between enriched pathways for schizo
phrenia, bipolar disorder and T2DM KGs. The overlap between the enriched 
pathways of the 3 KGs were significant (p-value <0.01). 
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3.4. Investigating shared genetic associations across indications 

Lastly, several studies have attempted to identify shared genetic 
variants as markers in both schizophrenia and bipolar disorder (Bipolar 
Disorder and Schizophrenia Working Group of the Psychiatric Genomics 
Consortium, 2018). Thus, we investigated whether the common genetic 
variants for both disorders were among the genes and pathways we 
identified in our study. To do so, we first collected genetically associated 
variants for each of the diseases from the GWAS catalog (see Methods). 
As expected, we found that the overlap between the genetically associ
ated variants for both disorders were statistically significant (Fisher’s 
test; p-value <0.01). Among the 265 genes shared between the two 
disorders, 46 and 42 were respectively present in the SCZ and BPD KGs. 
Interestingly, the vast majority of these latter two sets of genes present in 
one disease-specific KG, could also be found in the other (Supplementary 
Fig. 7). In other words, nearly all of the genes derived from disease 
associated genetic variants were common in the disease-specific KGs, 
highlighting the substantial overlap of these diseases in the literature. 
Notably, among these genes, we identified the above-mentioned NTRK3 
in both KGs and the meta-analysis results of the bipolar disorder 
datasets. 

In order to further develop comorbid associations of schizophrenia 
and bipolar disorder with T2DM, we compared the 265 shared genes 
between the two psychiatric disorders with the SNPs associated with 
T2DM. In doing so, we were able to identify 19 genes that were shared 
between all three disorders (https://github.com/vinaysb/psychiatric 
_disorders_corpus). One notable gene out of the 19 is MSRA, whose 
mutation has implicated its involvement as a key candidate gene for 
schizophrenia (Walss-Bass et al., 2009) and for which a SNP has been 
associated with an increased risk of bipolar disorder (Ni et al., 2015). 
Additionally, in work carried out by Styskal et al. (2013), it was shown 
that MSRA knockout mice displayed insulin resistance. FYN was also 
found in the result of the GWAS analysis and multiple studies involving 
FYN knockout mice have shown the development of insulin resistance 
and prediabetic neuropathy (Suo et al., 2016; Lee et al., 2013). Mutated 
alleles of FYN have also been linked to the early onset of bipolar disorder 
(Szczepankiewicz et al., 2009). 

4. Conclusion 

Here, we have presented three data-driven approaches, leveraged by 
prior, literature-derived and pathway knowledge, to identify candidate 
genes and pathways for schizophrenia and bipolar disorder, which often 
present with highly similar neuropsychological signatures. As both 
disorders have a shared comorbidity with T2DM, we conducted an 
equivalent approach on gene expression data from this disease to discern 
whether common biological mechanisms may mediate the link between 
T2DM and the two psychiatric disorders. By conducting a meta-analysis 
as well as enrichment analyses through numerous transcriptomic data
sets, we identified common dysregulated genes and pathways between 
both psychiatric disorders as well as their shared comorbidity, T2DM. In 
particular, our analyses revealed pathways related to the immune and 
nervous system. 

One of the main limitations of our analysis is that the T2DM datasets 
did not have a large variety of samples in the datasets. These datasets 
contain 30 to 40 samples each as compared to 70 to 80 samples per 
dataset for the two psychiatric disorders. Furthermore, the low number 
of overlapping pathways across datasets of the same disease could 
indicate that transcriptomic data alone may not be sufficient to reveal 
dysregulated patterns beyond a gene level resolution. However, a few 
pathways were enriched across all different analyses conducted, some of 
them shared (e.g., cytokine-cytokine receptor interaction), indicating 
that these pathways may be involved in the pathophysiology of the 
studied disorders. Another limitation of our work is that we have solely 
relied upon the KEGG database. Although KEGG is a highly cited 
pathway resource, pathways contained in this resource may not 

adequately capture mechanisms within the psychiatric domain. In the 
future, we foresee using other modalities (e.g., proteomics) or samples 
from other cells (e.g., blood samples) in place of tissue samples as recent 
studies have shown that blood biomarkers can be effectively used to 
detect schizophrenia and bipolar disorder (Wagh et al., 2021; Munk
holm et al., 2015). 
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Müller-Oerlinghausen, B., Berghöfer, A., Bauer, M., 2002. Bipolar disorder. Lancet 359 
(9302), 241–247. 

Mullins, N., Forstner, A.J., O’Connell, K.S., Coombes, B., Coleman, J., et al., 2021. 
Genome-wide association study of more than 40,000 bipolar disorder cases provides 
new insights into the underlying biology. Nat. Genet. 53 (6), 817–829. 

Munkholm, K., Peijs, L., Vinberg, M., Kessing, L.V., 2015. A composite peripheral blood 
gene expression measure as a potential diagnostic biomarker in bipolar disorder. 
Transl. Psychiatry 5 (8), e614. 

Murphy, C.E., Walker, A.K., Weickert, C.S., 2021. Neuroinflammation in schizophrenia: 
the role of nuclear factor kappa B. Transl. Psychiatry 11 (1), 528. 

Ni, P., Ma, X., Lin, Y., Lao, G., Hao, X., Guan, L., et al., 2015. Methionine sulfoxide 
reductase A (MsrA) associated with bipolar I disorder and executive functions in A 
Han Chinese population. J. Affect. Disord. 184, 235–238. 

Owen, M.J., Sawa, A., Mortensen, P.B., 2016. Schizophrenia. Lancet 388 (10039), 
P86–P97. 

Parikshak, N., Gandal, M., Geschwind, D., 2015. Systems biology and gene networks in 
neurodevelopmental and neurodegenerative disorders. Nat. Rev. Genet. 16, 
441–458. 

Perez, J.M., Berto, S., Gleason, K., Ghose, S., Tan, C., et al., 2021. Hippocampal subfield 
transcriptome analysis in schizophrenia psychosis. Mol. Psychiatry 26 (6), 
2577–2589. 

Prada, C., Lima, D., Nakaya, H., 2020. MetaVolcanoR: Gene Expression Meta-analysis 
Visualization Tool. R package version 1.4.0. 

Reale, M., Costantini, E., Greig, N.H., 2021. Cytokine imbalance in schizophrenia. From 
research to clinic: potential implications for treatment. Front. Psych. 12, 536257. 

Reichardt, L.F., 2006. Neurotrophin-regulated signaling pathways. Philos. Trans. R. Soc. 
Lond. Ser. B Biol. Sci. 361 (1473), 1545–1564. 

Ritchie, M.E., Phipson, B., Wu, D., Hu, Y., Law, C.W., et al., 2015. Limma powers 
differential expression analyses for RNA-sequencing and microarray studies. Nucleic 
Acids Res. 43 (7), e47. 

Rocha, N.P., Mwangi, B., Gutierrez Candano, C.A., Sampaio, C., Furr Stimming, E., 
Teixeira, A.L., 2018. The clinical picture of psychosis in manifest Huntington’s 
disease: A comprehensive analysis of the enroll-HD database. Front. Neurol. 9, 930. 

Roussos, P., Katsel, P., Davis, K.L., Siever, L.J., Haroutunian, V., 2012. A system-level 
transcriptomic analysis of schizophrenia using postmortem brain tissue samples. 
Arch. Gen. Psychiatry 69 (12), 1205–1213. 

Sabunciyan, S., 2019. Gene expression profiles associated with brain aging are altered in 
schizophrenia. Sci. Rep. 9 (1), 5896. 

Sahu, A., Chowdhury, H.A., Gaikwad, M., Chongtham, C., Talukdar, U., et al., 2020. 
Integrative network analysis identifies differential regulation of neuroimmune 
systems in schizophrenia and bipolar disorder. Brain Behav. Immun.-Health 2, 
100023. 

Sayeh, A., Cheikh, C.B., Mrad, M., Lakhal, N., Gritli, N., Galelli, S., Oumaya, A., Fekih- 
Mrissa, N., 2014. Association of HLA-DR/DQ polymorphisms with schizophrenia in 
Tunisian patients. Ann. Saudi Med. 34 (6), 503–507. 

Smeland, O.B., Bahrami, S., Frei, O., Shadrin, A., O’Connell, K., et al., 2020. Genome- 
wide analysis reveals extensive genetic overlap between schizophrenia, bipolar 
disorder, and intelligence. Mol. Psychiatry 25 (4), 844–853. 

Song, X., Liu, Y., Pu, J., Gui, S., Zhong, X., et al., 2021. Transcriptomics analysis reveals 
shared pathways in peripheral blood mononuclear cells and brain tissues of patients 
with schizophrenia. Front. Psych. 12, 716722. 

Styskal, J., Nwagwu, F.A., Watkins, Y.N., Liang, H., Richardson, A., et al., 2013. 
Methionine sulfoxide reductase A affects insulin resistance by protecting insulin 
receptor function. Free Radic. Biol. Med. 56, 123–132. 

Subramanian, A., Tamayo, P., Mootha, V.K., Mukherjee, S., Ebert, B.L., et al., 2005. Gene 
set enrichment analysis: a knowledge-based approach for interpreting genome-wide 
expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102 (43), 15545–15550. 

Suo, M., Wang, P., Zhang, M., 2016. Role of Fyn-mediated NMDA receptor function in 
prediabetic neuropathy in mice. J. Neurophysiol. 116 (2), 448–455. 

Szczepankiewicz, A., Rybakowski, J.K., Skibinska, M., Dmitrzak-Weglarz, M., 
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