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Abstract

Background: Genetics is best dedicated to interpreting pathogenesis and revealing
gene functions. The past decade has witnessed unprecedented progress in genetics,
particularly in genome-wide identification of disorder variants through Genome-
Wide Association Studies (GWAS) and Phenome-Wide Association Studies
(PheWAS). However, it is still a great challenge to use GWAS/PheWAS-derived
data to elucidate pathogenesis.

Methods: In this study, we used HotNet2, a heat diffusion-based systems genetics
algorithm, to calculate the networks for disease genes obtained from GWAS and
PheWAS, with an attempt to get deeper insights into disease pathogenesis at a mo-
lecular level.

Results: Through HotNet2 calculation, significant networks for 202 (for GWAS)
and 167 (for PheWAS) types of diseases were identified and evaluated, respectively.
The GWAS-derived disease networks exhibit a stronger biomedical relevance than
PheWAS counterparts. Therefore, the GW AS-derived networks were used for patho-
genesis interpretation by integrating the accumulated biomedical information. As a
result, the pathogenesis for 64 diseases was elucidated in terms of mutation-caused
abnormal transcriptional regulation, and 47 diseases were preliminarily interpreted
in terms of mutation-caused varied protein-protein interactions. In addition, 3,802
genes (including 46 function-unknown genes) were assigned with new functions
by disease network information, some of which were validated through mice gene
knockout experiments.

Conclusions: Systems genetics algorithm HotNet2 can efficiently establish gen-
otype-phenotype links at the level of biological networks. Compared with origi-
nal GWAS/PheWAS results, HotNet2-calculated disease-gene associations have
stronger biomedical significance, hence provide better interpretations for the patho-
genesis of genome-wide variants, and offer new insights into gene functions as well.
These results are also helpful in drug development.
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1 | INTRODUCTION

Interpreting the pathogenesis of various diseases and assign-
ing biological functions on genes have been the central focus
of modern genetic research. The rapid development of bio-
logical technology in the past decade has allowed the iden-
tification of gene-disease associations at the genome-wide
level. Thanks to the wide use of single-nucleotide polymor-
phism (SNP) microarrays and next-generation DNA sequenc-
ing platforms (Altshuler, Daly, & Lander, 2008; Consortium
IH, 2005), Genome-Wide Association Studies (GWAS) have
been instrumental in identifying DNA sequence variants re-
sponsible for human genetic diseases or physiological traits
of interest. GWAS have rapidly become a standard method
for disease gene discovery (Cantor, Lange, & Sinsheimer,
2010; Visscher, Brown, McCarthy, & Yang, 2012; Wang,
Barratt, Clayton, & Todd, 2005). In the last decade, over
4,200 GWAS-related papers have been published, which in
total reported ~157,000 variant-trait associations, as listed in
the GWAS catalog of the National Human Genome Research
Institute (https://www.ebi.ac.uk/gwas/, September 2019)
(Buniello et al., 2019). These variant-trait association data
have proven useful for improving our scientific understand-
ing of disease mechanisms and facilitating the diagnosis of
diseases (Lander, 2011; Plenge, Scolnick, & Altshuler, 2013).
Besides, researchers have developed an alternative strat-
egy called Phenome-Wide Association Studies (PheWAS)
to complement GWAS (Hebbring, 2014). In contrast to the
phenotype-to-genotype approach in GWAS, PheWAS use a
genotype-to-phenotype strategy to explore the variant-dis-
ease associations (Hebbring, 2014; Pendergrass et al., 2011;
Pendergrass & Ritchie, 2015). PheWAS integrate the mas-
sive data in electronic health record (EHR) from the patient
group with genotype data (Denny et al., 2010), and used
International Classification of Disease Codes (ICD-9) to per-
form the phenotyping for calculating genotype-phenotype as-
sociations (Denny et al., 2010). Following the first PheWAS
study published in 2010 (Denny et al., 2010), thousands of
statistically significant variants associated with hundreds
of human diseases have been identified over several years
(Denny et al., 2013).

Although conventional GWAS and PheWAS have identi-
fied thousands of genotype-phenotype links, most of them are
difficult for clarifying. This may be caused by several reasons.
First, most of the disease-associated variants (80% or more)
identified by GWAS or PheWAS are located in non-coding
regions and their corresponding effector genes are difficult
to determine (Manolio, 2013). Second, traditional GWAS or

PheWAS usually use very strict P-values (~107%) as thresh-
olds in the statistics in order to reduce false-positive rates. As
a result, only low P-value SNPs that are truly associated with
diseases can be screened out, leaving out the high P-value
SNPs that may be also related to the diseases (Manolio et al.,
2009). Together, it is still a great challenge to use the routine
GWAS or PheWAS results to elucidate pathogenesis for ge-
netic diseases and annotate gene functions.

Systems genetics is a thriving research area that intends
to elucidate associations of genotype with complex pheno-
type from the perspective of biological networks (Civelek
& Lusis, 2014). Of these networks, biological molecules are
represented as nodes and the relationships between them are
represented as edges. In the past few decades, with the rapid
accumulation of omics data, the nodes in networks can be
genes, mMRNAs, proteins, metabolites, or a mixture of them
(Civelek & Lusis, 2014). Among these networks, the gene-
or protein-level networks were investigated most extensively.

Based on "guilty by association" rule, it can be specu-
lated that if a gene is directly adjacent to a known pathogenic
gene in the protein interaction network, then this gene will
also be considered a potential pathogenic gene (Brun et al.,
2003; Chua, Sung, & Wong, 2006; Hishigaki, Nakai, Ono,
Tanigami, & Takagi, 2001; Oti, Snel, Huynen, & Brunner,
2006; Samanta & Liang, 2003; Schwikowski, Uetz, & Fields,
2000; Vazquez, Flammini, Maritan, & Vespignani, 2003).
However, such a simple inference may lead to false-positive/
negative predictions. That is, genes that are not related to
certain diseases may be identified by biologically unimport-
ant links within networks (Noble, Kuang, Leslie, & Weston,
2005). The genes that are truly associated with certain dis-
eases may be missed due to their long connection paths to
known pathogenic genes (Cowen, Ideker, Raphael, & Sharan,
2017).

To overcome the above problems, in recent years re-
searchers have proposed a variety of efficient network con-
struction strategies (Cowen et al., 2017). These methods
include random walks, information diffusion, and electrical
resistance, which essentially are variants of network propa-
gation (Cowen et al., 2017). These models have been widely
used in systems genetics, for gene/protein function prediction
(Noble et al., 2005; Sharan, Ulitsky, & Shamir, 2007), biology
module identification (Mitra, Carvunis, Ramesh, & Ideker,
2013), disease characterization (Cho, Kim, & Przytycka,
2012; Ideker & Sharan, 2008), and drug target prediction
(Csermely, Korcsmaros, Kiss, London, & Nussinov, 2013).
Recently, using the random walk with restart algorithm,
Fang, De Wolf, Knezevic, Burnham, and Osgood (2019)
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constructed an approach to prioritize potential drug targets
based on the GWAS data. This strategy has been successfully
applied to target discovery of 30 immune-related traits and
has been validated by a variety of methods (Fang et al., 2019).

HotNet diffusion-oriented subnetworks (HotNet2) algo-
rithm is one representative approach of network propagation
(Leiserson et al., 2015). HotNet2 considers both the heats
(reflecting genetic or biological importance) of individual
genes and the topology of protein-protein interactions (PPIs)
that is based on an insulated heat diffusion kernel algorithm
(Leiserson et al., 2015). This method can reveal functionally
interacted genes within disease networks, and the gene-dis-
ease associations obtained by these networks have relatively
higher reliability. Thus, the corresponding effector genes of
conventional GWAS- or PheWAS-derived non-coding vari-
ants can be determined efficiently. In addition, the consider-
ation of PPI topology enables HotNet2 calculation to identify
high P-value disease genes that are missed by conventional
GWAS or PheWAS. Therefore, HotNet2 calculation is ex-
pected to overcome the limitations of routine GWAS and
PheWAS. In this study, we first performed HotNet2 calcu-
lation on GWAS and PheWAS data to construct disease net-
works and evaluated the calculation results. Then, through
analyzing GWAS-derived disease networks, we elucidated
the pathogenesis for hundreds of genome-wide variants
and annotated new functions for a variety of genes. In addi-
tion, because genetic disease genes are important sources of
drug targets (Quan, Wang, Chu, & Zhang, 2018; Rastegar-
Mojarad, Ye, Kolesar, Hebbring, & Lin, 2015; Sanseau et al.,
2012; Wang & Zhang, 2013), the reliable gene-disease as-
sociations calculated by HotNet2 are very helpful for drug
development.

2 | METHODS

2.1 | Ethical compliance

The study protocol was reviewed and approved by the
Servicebio Institutional Animal Use Committee (IACUC)
(animal ethics permit no. 18-0253). The protocol and experi-
mental methods comply with the Helsinki Declaration.

2.2 | Gene mapping of PheWAS-
derived variants

By the variant-to-gene mapping method proposed by
Nelson et al., we first obtained the strongly linked variants
of PheWAS-derived SNPs using LD analysis based on the
1000 Genomes Project pilot sequence genotypes for all the
populations (r2 > 0.8) (Consortium GP, 2010; Consortium
IH, 2005; Nelson et al., 2015). Next, the genes that are
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potentially regulated by the PheWAS-derived loci were iden-
tified through the combinatorial use of different types of in-
formation, such as physical proximity to the gene (plus or
minus 5 kb on the gene region), and eQTL information de-
rived from eqtl.chicago.edu (http://eqtl.uchicago.edu/Home.
html, accessed on 28 December 2015) and RegulomeDB
(http://www.regulomedb.org/, accessed on 25, December
2015) (Boyle et al., 2012). It has been recognized that
GWAS-derived SNPs are enriched in regulatory DNA re-
gions marked by DHSs (Maurano et al., 2012). Considering
the similarity between GWAS and PheWAS, we extracted
the genomic coordinates of PheWAS-derived variants over-
lapped with DHS peaks recorded in RegulomeDB (Dehghan
et al., 2009; Maurano et al., 2012; Nelson et al., 2015). For
SNPs located in the transcription factor (TF)-binding sites
(with RegulomeDB score <4), we obtained their host genes
by determining whether an SNP falls inside a DHS peak re-
gion that is either located in the vicinity of the TSS or within
an enhancer of a gene (detected by chromosome conforma-
tion capture methods including 5C and ChIA-PET; Maurano
et al., 2012). Variants that can change the amino acid se-
quences encoding corresponding genes were obtained by
Ensembl Variant Effect Predictor (http://asia.ensembl.org/
info/docs/tools/vep/index.html). Finally, we only reserved
genes that correspond to a determined UniProt ID (https://
www.uniprot.org/) in Ensembl database (http://grch37.ensem
bl.org/index.html) for our analyses.

2.3 | Standardization of diseases

The Unified Medical Language System (UMLS), which in-
cludes a comprehensive set of medical concepts, was used to
standardize disease annotation of genes. We used the natural
language processing program MetaMap to convert disease
terms of genes or indications of agents to the correspond-
ing disease concepts (Aronson, 2001). We selected Medical
Subject Headings (MeSH) as the vocabulary and limited
the semantic type to “Pathologic Function,” “Injury or
Poisoning,” and “Anatomical Abnormality” to obtain the dis-
ease-related concepts (Liu et al., 2014). MeSH classifies each
disease to a narrow disease type using a hierarchical system.
For example, “Alzheimer disease” is simply a broader term
for “Alzheimer disease 15.” All subtype disease concepts
were converted to the appropriate broader term using a Perl
module UMLS::Interface. Disease terms of genes that could
not be mapped to any disease concept were excluded from
subsequent analyses. Using the disease classes provided by
Pharmaprojects, which cover 704 disease classes (similarity
threshold: 0.75) (McInnes, Pedersen, & Pakhomov, 2009),
18,292 GWAS-derived disease genes (covering 617 types of
diseases), and 7,212 PheWAS-derived disease genes (cover-
ing 296 types of diseases) were obtained. During this process,
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we used the Lin to evaluate the disease term similarity of all
disease concepts. Lin, which is calculated using the informa-
tion content and path of concepts, has shown good perfor-
mance for similarity measurement (Nelson et al., 2015). The
Lin is calculated using the following equation:

IC (lcs)

Lin=
IC (concept1)+IC (concept2)

where /C is the negative log of the probability of the concept,
which is pre-calculated by the Perl module by summing the
probability of the concept occurring in some text plus the prob-
ability of its descendants occurring in some text, and lcs is the
least common subsuming concept of conceptl and concept2.

The same standardized procedure was performed for the
DisGeNET data, resulting in 725,589 pairs of gene-disease
associations.

24 | Calculation of disease-related networks
In this study, we applied the HotNet2 algorithm to calcu-
late the disease-related networks. The algorithm requires
two types of data input: initial heat vectors of genes and PPI
information. During the HotNet2 calculation, the negative
logarithms of the P-values of GWAS-derived or PheWAS-
derived loci were used as initial heat vectors for the cor-
responding disease genes. Considering the computational
efficiency of HotNet2 (because too much gene input is dif-
ficult to obtain a significant disease network and time-con-
suming, the number of disease genes cannot be too large),
we only collected disease genes with P < 1 X 107 as input
for GWAS. When a gene-disease association corresponded
to multiple P-values, the minimum P-value (maximal nega-
tive logarithm of P-value) was used as the initial heat vec-
tor. The PPI network was obtained from HINT, iRefIndex,
and Multinet (Leiserson et al., 2015). The previously used
parameters and procedures for HotNet2 calculation (https:/
github.com/raphael-group/hotnet2) were applied (Leiserson
etal., 2015).

2.5 | Permutation test

To assess whether the identified TF-disease pairs were ran-
dom results, a permutation test was performed. About 1,916
TF-disease pairs were generated by random shuffling be-
tween network-enriched 253 TFs with 186 types of disease.
Then, we calculated the DisGeNET-supported frequency
of 1,916 TF-disease pairs derived from the 10,000 random
tests. The frequency distributions were compared with the
real frequency of TF-disease pairs derived from the network
enrichment.

2.6 | Calculation of protein complex
binding energy

The wild-type FGB/FGA complex crystal structure was
downloaded from protein data bank (PDB id: 3GHG) and
the mutant-type protein complex structure (named mutant-
3GHG) was built by virtual mutation and theoretical opti-
mization using Discovery Studio 3.5. Then, the wild-3GHG
and mutant-3GHG complex interaction energy changes were
calculated by FiberDock (Mashiach, Nussinov, & Wolfson,
2010).

2.7 | Knockout experiment of mice

C100rf88 KO C57BL/6 mice (C100rf88+/-) and wild type
C57BL/6 mice (WT) were prepared by Cyagen Biosciences.
All mice used in these studies were 8—12 weeks of age.

2.8 | Western blotting assay and
quantitative real-time PCR assay

The retina of mice was separated from the eyeball, total
protein and RNA were extracted from retina using the
RIPA buffer (Beytime), and the MiniBEST Universal RNA
Extraction Kit (TaKaRa, Dalian, China) for western blotting
assay and quantitative real-time PCR assay, respectively.
The primary antibodies used in western blotting assay were
as follows: rabbit polyclonal antibodies against GAPDH
(Proteintech), VEGF (Proteintech), TGFB1 (Proteintech),
and PRKCB2 (CST). The antibody of GADPH was used as
an internal control. The primer sequences used in the qRT-
PCR assay are listed in Table S17.

3 | RESULTS AND DISCUSSION
3.1 | Disease network calculation and
evaluation

3.1.1 | Disease network calculation

In this study, GWAS data were collected from Systematic
Target OPportunity assessment by Genetic Association
Predictions (STOPGAP, https://github.com/StatGenPRD/
STOPGAP) database, which contained 482,843 gene-disease
associations after disease standardization (Table S1) (see
Methods) (Shen, Song, Slater, Ferrero, & Nelson, 2017).
To guarantee the reliability of PheWAS data, we selected
Denny et al.'s research as the data source in this study, in
which the phenotype-associated SNPs implicated by GWAS
were regarded as mediators of human phenotypes (https://
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phewascatalog.org/phewas) (Denny et al., 2013). According
to the SNP-to-gene mapping procedure used by Nelson
et al., (2015), 7,213 potential disease genes were identified
from PheWAS data. Through standardization of diseases
(see Methods), 296 disease phenotypes were obtained for
PheWAS-derived disease genes, constituting 275,661 gene-
disease associations (Table S2).

Next, we used the HotNet2 algorithm to construct dis-
ease networks for the GWAS- or PheWAS-identified disease
genes (Figure 1) (see Methods). During HotNet2 calcu-
lation, the negative logarithms of P-values of GWAS- or
PheWAS-derived SNPs were used as initial heat vectors
for corresponding disease genes. The PPI networks were
obtained from HINT, iRefIndex, and Multinet (Leiserson
et al.,, 2015). Previously used parameters and procedures
for HotNet2 calculation (https://github.com/raphael-group/
hotnet2) were applied in this study (Leiserson et al., 2015).
As aresult, significant subnetworks for 202 types of diseases

GWAS
* 4,679 diseases
+ 19,475 genes
+ 282,189 disease-gene pairs

* HINT

Disease
Standardization

(MeSH)

* 617 diseases
» 18,292 genes

» 482,843 disease-gene pairs I

202 disease-related networks

Disease gene enrichment

FIGURE 1

Protein-protein
interaction network . 1,354 diseases

* jReflndex
* Multinet

396,088 protein-
protein interactions

Drug enrichment
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were successfully identified from GWAS data; more than
50% of the networks contained 21-50 proteins (Figure 2a
and Table S3). For PheWAS data, 167 disease subnetworks
were constructed by HotNet2; more than 40% of the networks
constituted 51-100 proteins (Figure 2b and Table S4). Next,
the HotNet2-calculated disease subnetworks were evaluated
through analyzing their performance in disease gene enrich-
ment, drug enrichment, and tissue-specific expression.

3.1.2 | Network evaluation by disease
gene enrichment

Recently, Pifiero et al., (2017) scored genetic disease genes
by integrating information from multiple sources and re-
corded these scores in the database DisGeNET (http://www.
disgenet.org). The 202 GWAS-derived disease networks de-
fined 15,833 gene-disease pairs, 33.76% (5,346/15,833) of

PheWAS

* 7,213 genes
* 720,481 disease-gene pairs

Disease
Standardization

(MeSH)

+ 296 diseases
+ « 7,212 genes
» 275,661 disease-gene pairs

HotNet2

167 disease-related networks

Tissue-specific expression

Data processing pipeline for systems genetics-based disease network construction and evaluation. GWAS-derived disease genes

were collected from Systematic Target OPportunity assessment by Genetic Association Predictions (STOPGAP, https://github.com/StatGenPRD/

STOPGAP) database and PheWAS data were derived from work by Denny et al., (2013). The genetic disease genes were standardized using

MetaMap, where MeSH thesaurus was selected as the vocabulary source for UMLS. During HotNet2 calculation, negative logarithms of P-values

of GWAS-derived or Phe WAS-derived loci were used as initial heat vectors for the corresponding disease genes. The protein-protein interaction

network was obtained from HINT, iRefIndex, and Multinet (Leiserson et al., 2015). As a result, significant subnetworks for 202 types of diseases

were successfully identified from GWAS data, and for 167 types of diseases from PheWAS data. After that, the disease networks were evaluated by

three different methods.
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which have been documented in DisGeNET (Table S5). For
167 PheW AS-derived disease networks, 13,259 gene-disease
pairs were defined, 15.91% (2,110/13,259) of which have
been documented in DisGeNET (Table S6). In comparison,
only 16.38% (79,101/482,843) of original GWAS-derived
and 7.18% (19,780/275,661) of original PheWAS-derived
disease genes are supported by DisGeNET records (p = 0
for GWAS, p = 1.05 X 10727 for PheWAS, hypergeometric
test) (Tables S5 and S6), suggesting that HotNet2-calculated
disease networks established stronger links between genes
and diseases. It is of great interest to note that the calculated
networks contain some high P-value genes, which may be
abandoned by the original GWAS or PheWAS (with P-
values greater than 10_8) but, indeed, are strongly associated
with corresponding diseases according to the DisGeNET re-
cords (Tables S5 and S6). For instance, HotNet2-calculated
networks of vitamin D deficiency involve the gene PACSI
(OMIM accession number: 607492) and networks of en-
cephalitis cover the gene ATM (OMIM accession number:
607585), which are truly associated with genetic diseases ac-
cording to DisGeNET (with a confidence score of 0.2400 and
0.7087, respectively, much higher than the average score of
all genes [0.0151]), but not significant in traditional GWAS
(p =5.93 x 107%) or PheWAS (p = 5.61 x 1073).

In addition, a large number of previous studies have shown
that ohnolog genes, which are linked with whole-genome

FIGURE 2 Distribution patterns of
protein numbers of HotNet2-calculated
networks. (a) for GWAS-derived disease
networks; (b) for PheWAS-derived disease
networks.

—_—
200~

200~

duplication events of human genome, are closely associated
with human genetic disease because of their dose-sensitive
property (Caspermeyer, 2017; Makino & McLysaght, 2010;
Sekine & Makino, 2017; Xie, Yang, Wang, McLysaght, &
Zhang, 2016). This property means that abnormal changes
in gene copy number will induce phenotypic variety and
disease occurrence. Based on this principle, we speculated
that HotNet2-calculated disease genes will be enriched
with ohnologs. From the work by Makino & McLysaght,
(2010), 7,294 ohnolog genes were extracted, which accounts
for 27.43% of the human genome. It was found that 2,219
(43.28%) of 5,127 genes covered by GWAS-derived networks
and 1,196 (43.78%) of 2,732 genes involved in PheWAS-
derived networks are ohnologs (Tables S5 and S6), exhibit-
ing a strong enrichment of ohnologs in HotNet2-calculated
disease networks (p = 3.17 X 107'% for GWAS network,
p = 4.86 x 107 for PheWAS network, hypergeometric test).

3.1.3 | Network evaluation by
drug enrichment

Because the reliability of gene-disease associations is crucial
for target identification and thus influences the efficiency of
drug discovery (Quan et al., 2019), the calculated disease net-
works were further evaluated by drug enrichment analysis.
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Digestive System Diseases-Colon
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©W ® N O AR WN =

Endocrine System Diseases-Pancreas

10 Skin and Connective Tissue Diseases-Soft tissue
11 Nutritional and Metabolic Diseases-Liver

12 Cardiovascular Diseases-Blood

13 Immune System Diseases-Lymph node

14 Hemic and Lymphatic Diseases-Lymph node

FIGURE 3 Tissue-specific gene enrichment for disease-related networks. We divided the standardized disease phenotypes into 24 categories

according to the NCBI MeSH database (https://www.ncbi.nlm.nih.gov/mesh/). Only consider the disease categories that gene numbers were more

than 150 because of the credibility of the statistics. The tissue-specific gene expression data were obtained from TiGER (http://bioinfo.wilmer.jhu.

edu/tiger/). (a) For GWAS-derived networks, the gene expression for 7 of 10 disease categories showed more significant enrichment in relevant
pathogenic tissues compared to the original GWAS data (*p < 0.05; **p < 0.01; ***p < 0.001, hypergeometric test); (b) For PheWAS-derived
networks, the gene expression for 1 of 14 disease categories showed more significant enrichment in relevant pathogenic tissues compared to the
original PheWAS data (*p < 0.05; **p < 0.01; ***p < 0.001, hypergeometric test).

The information for drugs, targets, and related clinical activi-
ties were derived from the SCG-Drug database (http://zhang
lab.hzau.edu.cn/scgdrug) (Quan et al., 2019). SCG-Drug
integrates associations between chemical agents and their
corresponding targets from the Drug-Gene Interaction data-
base (DGIdb, http://dgidb.genome.wustl.edu/), Therapeutic
Target Database (TTD, http://bidd.nus.edu.sg/group/cjttd/),
and DrugBank (http://www.drugbank.ca/). And the agent
clinical activity annotations of this database were collected
from TTD, DrugBank, and ClinicalTrials (http://clinicaltrials.
gov/). The clinical activities of the agents were standardized
using MetaMap (Aronson, 2001; Quan et al., 2019). From
GWAS-derived disease subnetworks, we obtained 22,424
potential agent-disease pairs. About 14.53% (3,258/22,424)
of these pairs were supported by clinical tests (Table S7),

significantly higher than the supported ratio of original
GWAS-derived agents (6.42%, p = 0, hypergeometric
test). For PheWAS-derived networks, although only 3.74%
(758/20,286) of potential agent-disease pairs were supported
by clinical tests (Table S8), their performance is also better
than the original PheWAS (3.45%, p = 8.14 X 1073, hyper-
geometric test). These results strongly supported the effec-
tiveness of HotNet2 calculation in enriching disease genes.

3.1.4 | Network evaluation by tissue-
specific expression

Finally, we examined the tissue-specific expression of net-
work-containing genes. The standardized disease phenotypes
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FIGURE 4 The frequency of evidence-supported TF-disease pairs. We obtained TF-target regulatory relationships from TRRUST (http://
www.grnpedia.org/trrust/), PAZAR (http://www.pazar.info/), and AnimalTFDB (http://bioinfo.life.hust.edu.cn/AnimalTFDB/). Using the
hypergeometric test, 202 disease-related networks were enriched to 253 TFs, resulting in 1,916 potential TF-disease pairs. Through comparing

gene-disease relationships recorded in the comprehensive database DisGeNET (http://www.disgenet.org), 64.09% (1,228/1,916) of potential TF-

disease pairs can be supported by this database. By permuting TF-disease pairs 10,000 times and again cross-referencing random TF-disease pairs,

this supported ratio is only 39.58% (720 + 81).

were divided into 24 categories according to the NCBI MeSH
database (https://www.ncbi.nlm.nih.gov/mesh/). Each dis-
ease category corresponds to a specifically defined pathogenic
tissue. Through retrieving the tissue-specific gene expression
database (TiGER, http://bioinfo.wilmer.jhu.edu/tiger/) (Liu,
Yu, Zack, Zhu, & Qian, 2008), we can calculate the propor-
tion of a disease gene set specifically expressed in a certain
tissue. Here, for every disease category, we performed the
enrichment analysis by comparing the tissue-specific pro-
portions of gene sets contained in the GWAS- or PheWAS-
derived networks with the gene sets of original GWAS or
PheWAS data. As a result, it was found that 7 of 10 disease
categories have significant enrichment in relevant pathogenic
tissues for GWAS-derived disease networks (p < 0.05, hy-
pergeometric test) (Figure 3a), validating the HotNet2 calcu-
lation on GWAS data. In comparison, the PheWAS-derived
networks exhibit a worse performance. Only 1 of 14 disease
categories have significant enrichment in relevant pathogenic
tissues (Figure 3b).

In summary, the above results demonstrated that HotNet2
calculation can efficiently enrich disease-associated genes for
both GWAS and PheWAS data. In addition, GWAS-derived
networks perform better than PheWAS-derived counterparts
in various evaluations. The reason for this phenomenon may
be that the performance of HotNet2 calculation strongly de-
pends on the quality of initial heat vectors, which is defined
by the reliability of the gene-disease associations. The good
performance of GWAS-derived networks can be largely at-
tributed to the high quality of original GWAS results, which,
indeed, display more biomedical relevance than original
PheWAS results (see the above analysis). Therefore, in the
following part of this study, GWAS-derived disease networks
are used for pathogenesis interpretation and gene function
annotation.

3.2 | Genome-wide pathogenesis
interpretation
3.2.1 | Data profile

The HotNet2-identified disease genes from GWAS data cor-
respond to 5,716 SNPs, of which 20.33% (1,162) are original
GWAS SNPs and the rest belong to linkage disequilibrium
(LD) SNPs (Table S9). Based on SNP annotations retrieved
from Ensembl (Ensembl genome browser 84, http://www.
ensembl.org/index.html), it was found that most (70.10%)
of these SNPs are trans variants. The others are cis-SNPs,
which fall inside intronic regions (accounting for 19.56%),
upstream or downstream of genes (8.85%), coding regions
(3.73%), 5’ or 3’ untranslated regions (1.31%), and noncod-
ing transcript regions (0.21%; Table S9).

3.2.2 | Pathogenesis interpretation for
trans variants and implications for drug
repositioning

The pathogenesis of the trans variants is expected to be in-
terpreted in terms of transcriptional regulation. As is well
known, transcription factors (TFs) and regulatory elements
(such as promoters and enhancers) constitute gene regulatory
networks, which influence the transcription of genes and play
a key role in biological regulation (Davidson et al., 2002;
Walhout, 2006). A mutation within a given transcriptional
regulatory region is possible to either weaken or strengthen
the binding affinity of TFs, leading to downregulation or
upregulation of the related genes. These abnormal expres-
sions can cause serious diseases (Fuxman Bass et al., 2015).
Therefore, to understand the links between non-coding
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FIGURE 5 Pathogenesis interpretation for trans SNPs by TF-SNP-gene trios. By searching the TF-target gene database, 1,916 TF-disease
pairs were identified, 64.09% (1,228/1,916) of which are supported by DisGeNET. Then, 25 TFs were identified for 69 GWAS-derived pathogenic
loci (including LD SNPs) from the database RegulomeDB (http://www.regulomedb.org/). Together, there were 57 groups of TF-SNP-gene trios

that had coherent genetic annotations, and some trios are responsible for multiple diseases. The latter has direct implications for drug repositioning
through targeting TFs (e.g., NFKB1, EP300, JUN) or downstream genes (e.g., IL12B, IL12A, APOAL, LDLR, ACE).

variants and diseases, TFs were primarily enriched for the 202
calculated disease networks. Through searching TF-target
gene databases, such as TRRUST (http://www.grnpedia.org/
trrust/) (Han et al., 2018), PAZAR (http://www.pazar.info/;
Portales-Casamar et al., 2007), and AnimalTFDB (http://
bioinfo.life.hust.edu.cn/AnimalTFDB/; Hu et al., 2019), 253
TFs were successfully identified for 186 types of disease
networks, resulting in 1,916 TF-disease pairs. The identified
TFs were validated by functional analysis, which showed
that 64.09% (1,228/1,916) of TF-disease pairs have been
documented in DisGeNET (Table S10). However, if the TFs
were randomly assigned with diseases (for 10,000 times), the
DisGeNET-supported pairs got significantly rarer (720 + 81)
p< 1x107*, Permutation test; Figure 4; see Methods). These
results demonstrated that these TFs are disease-relevant and
deserved further investigation.

Moreover, in living organisms, many TFs perform their
regulatory functions by interacting with other TFs to form
complexes (Zhu, Shendure, & Church, 2005). Therefore,
we speculated that TFs that regulate the same disease
are more likely to interact with each other. Of the above

network-enriched TFs, there are 6,405 TF-TF pairs that po-
tentially regulate the same disease-related networks, cov-
ering 253 TFs and 181 diseases (Table S11). By querying
functional protein association networks database STRING
(https://string-db.org/; Franceschini et al., 2013), 739 of
6,405 (11.54%) TF-TF pairs have physical interactions
that are supported by experimental evidence (experimental
confident score >400) (Table S11). This supported ratio is
only 5.78% (1,843/31,878) for random TF-TF pairs, which
is significantly lower than network-enriched TF-TF pairs
(p=458x 107", hypergeometric test). This result implied
that TFs, indeed, tend to form complexes through physical
interactions that result in regulation of the same disease, indi-
cating the usefulness of systems genetics to elucidate patho-
genesis underlying genetic diseases.

Then, we retrieved the SNP-TF binding information from
the database RegulomeDB (http://www.regulomedb.org/)
(Boyle et al., 2012). As a result, 25 TFs were identified for
69 GWAS-derived pathogenic SNPs (including LD SNPs),
regulating 64 genes (Figure 5, Table S12). Together, there
were 57 groups of TF-SNP-gene trios that have coherent
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genetic annotations, covering 64 types of diseases (Table
S12). These results are helpful to elucidate the pathogenesis
of GWAS-derived loci in terms of transcriptional regulation.
For instance, SNP NC_000006.11:2.43806609G>A (dbSNP
identifier: rs881858) has been reported to induce glomeru-
lonephritis by GWAS (Kottgen et al.,, 2010). The present
analysis reveals the binding relationship between rs881858
and activator E1A binding protein p300 (EP300). Using the
deltaSVM method (Lee et al., 2015), we can predict that this
SNP will strengthen the binding of EP300 and thus upregu-
late the expression of the downstream target gene-vascular
endothelial growth factor A (VEGFA, OMIM accession num-
ber: 192240) (Figure 6). This inference is, indeed, supported
by the experimental observation that VEGFA is linked with
glomerulonephritis through upregulated expression (Abe-
Yoshio et al., 2008).

It is interesting to note that some trios are responsi-
ble for multiple diseases. For instance, TF (SREBF1)-
SNP (NC_000019.9:2.11201124T>C, dbSNP identifier:
rs57217136)-gene (LDLR, OMIM accession number: 606945)
trio is linked with globoid cell leukodystrophy and metabolic
syndrome X. Because LDLR has served as a successful drug
target for the treatment of globoid cell leukodystrophy, it
is reasonable to infer that the targeted drugs, for example,
atorvastatin, also have the potential to combat metabolic
syndrome X, which is, indeed, validated by clinical evalua-
tion (according to the annotations in SCG-Drug). This drug
repositioning method could be used for other TF-SNP-gene
trios. In total, there were 15 TF-SNP-gene-drug quartets with
consistent genetic annotations and approved therapeutic ac-
tivities (Figure 5). According to the additional genetic impli-
cations of TF-SNP-gene trios, we assigned approved drugs
that target TFs or genes with new activities, resulting in 62
new drug-disease associations. Based on the SCG-Drug data-
base, 19 (30.65%) of these predictions are supported by clin-
ical tests (Table S13).

Healthy
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3.2.3 | Pathogenesis interpretation for
coding regions and implications for drug
repositioning

As to the pathogenesis interpretation for cis variants, the
GWAS-derived loci in coding regions are of apparent inter-
est, which comprise 205 SNPs, including 146 missense and
59 synonymous mutations (Table S9). For missense muta-
tions, we speculated that these mutations may cause dis-
eases by affecting the PPI of networks. Through searching
Protein Data Bank (PDB, https://www.rcsb.org/) (Sussman
et al., 1998), 32 mutations can be mapped onto 3D pro-
tein structures. Using structure analysis with Molecular
Operating Environment (MOE) simulation software (Vilar,
Cozza, & Moro, 2008), we found that 27 mutations (cor-
responding to 47 diseases) were located in the surface area
of proteins, whereas only five mutations were in the protein
core. Therefore, the pathogenesis of 27 GWAS-identified
mutations may be elucidated in terms of protein-protein
interaction (Table S14). For example, the missense variant
NP_005132.2:p.Argd78Lys (dbSNP identifier: rs4220) is
located in the exon region of fibrinogen beta chain (FGB,
OMIM accession number: 134830) and causes an Arg478Lys
mutation, which is responsible for von Willebrand disease
(Dehghan et al., 2009). In the calculated von Willebrand
disease network, FGB interacts with fibrinogen alpha chain
(FGA, OMIM accession number: 134820). The crystal struc-
ture for FGB/FGA complex is available in the PDB. Through
calculating the binding energy of FGB and FGA and the
influence of Arg478Lys mutation (see Methods), we found
that the mutation resulted in an energy loss in the FGB-FGA
interaction (Figure 7). This is consistent with the previous
report that the loss of FGA function leads to von Willebrand
disease (Kunicki et al., 2004).

Although synonymous mutation does not change the amino
acid sequence, it may alter the codon usage that is positively

FIGURE 6 Pathogenesis interpretation
for SNP rs881858. Glomerulonephritis-
related SNP rs881858 can strengthen

the binding of activator E1A binding
protein p300 (EP300) and thus upregulate
the expression of the downstream gene
vascular endothelial growth factor A
(VEGFA). VEGFA is, indeed, linked with
glomerulonephritis through its upregulated
expression.
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correlated with tRNA abundance (Kanaya, Yamada, Kudo,
& Ikemura, 1999; Percudani, Pavesi, & Ottonello, 1997,
Qian, Yang, Pearson, Maclean, & Zhang, 2012). Therefore,
if a mutation alters the codon usage from low to high fre-
quency, it will lead to enhanced expression of corresponding
proteins (GOF) and vice versa (LOF) (Duret, 2002; Goetz
& Fuglsang, 2005). For instance, synonymous mutation
NC_000017.10:2.61566031G>A (dbSNP identifier: rs4343)
introduces an ACG-to-ACA mutation in angiotensin I con-
verting enzyme (ACE, OMIM accession number: 106180).
Given that inhibiting ACE (e.g., by enalapril) can treat hy-
pertension (in SCG-Drug records), we predicted that rs4343
leads to the upregulation of ACE expression. Interestingly,
for the rs4343 mutation, the codon frequency is significantly
elevated from 6.1 (ACG) to 15.1 (ACA) (per thousand) ac-
cording to Codon Usage Database (http://www.kazusa.or.jp/
codon/) (Nakamura, Gojobori, & Ikemura, 1999), which im-
plies an increased expression of ACE and is consistent with
our prediction. In addition, asthma-associated synonymous
mutation NG_016779.1:2.5169 T>C (dbSNP identifier:
rs2069763) caused the codon of Interleukin 2 (IL2, OMIM
accession number: 147680) to change from TCT to TCC,
and the corresponding codon usage frequency increased
from 15.2 to 17.7 (per thousand) (Nakamura et al., 1999).
Therefore, we predicted that this mutation will result in the
upregulated expression of /L2 to cause asthma. According to
the diseases associated over-expressed and under-expressed
gene database (OUGene, http://www.csbio.sjtu.edu.cn/bioin

FIGURE 7 Pathogenesis interpretation for SNP rs4220 in terms
of protein-protein interaction. The von Willebrand disease-related
SNP rs4220 causes an Arg478Lys mutation in the fibrinogen beta
chain (FGB). In the calculated von Willebrand disease network, FGB
interacted with the fibrinogen alpha chain (FGA). Calculating the
binding energy of FGB and FGA and the influence of Arg478Lys
mutation, we found that the mutation caused an energy loss in the
FGB-FGA interaction (the binding energy score of FiberDock
increases from —273.74 to —270.57). This is consistent with a previous
report that the loss of function of FGA leads to von Willebrand disease
(Kunicki et al., 2004).
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f/OUGene/) (Pan & Shen, 2016), IL2, indeed, leads to asthma
by upregulating its expression. The above results demon-
strated that it is feasible to explore the pathogenic mechanism
of synonymous mutations based on codon usage preferences.

The present results are also valuable for drug reposition-
ing. The disease-associated SNPs located in protein-coding
regions correspond to 200 genes, 124 of which are involved in
multiple disease networks and 18 have been successfully used
as drug targets. Therefore, the drugs targeting these genes can
be assigned to new functions. For instance, apolipoprotein
E (APOE, OMIM accession number: 107741) is involved in
both metachromatic leukodystrophy and telangiectasis net-
works. The agent targeting APOE (i.e., simvastatin) has been
approved for treating metachromatic leukodystrophy. It is
thus inferred that simvastatin might be used for the treatment
of telangiectasis, which has, indeed, been validated in clinical
trials (according to SCG-Drug records). Using this method,
we predicted 39 new agent-disease associations, 13 (33.33%)
of which are supported by clinical trials or literature (Table
S15).

3.3 | Gene function annotation

3.3.1 | Principle

The above analyses demonstrated the stronger reliability of
GWAS-derived disease networks identified by systems ge-
netics methods. Therefore, we can infer the gene functions
from the disease information of networks. That is, if a gene is
involved in a disease network, we can predict that this gene
is associated with the disease. Using this method, new func-
tions for 3,802 genes (including 3,756 common genes and 46
function-unknown genes) were annotated (Table S16).

3.3.2 | New function annotation for
common genes

The networks have identified some new disease associations
for 3,756 common genes, which have not yet been docu-
mented in SCG-drug. SCG-drug is a very comprehensive
database that integrates eight representative disease gene
databases (Quan et al., 2019), such as Genetic Association
Database (GAD, https://geneticassociationdb.nih.gov/),
Online Mendelian Inheritance in Man (OMIM, http://
omim.org/), Clinvar (http://www.ncbi.nlm.nih.gov/clinv
ar/), Orphanet (http://www.orpha.net/consor/cgi-bin/index.
php), DisGeNET (http://www.disgenet.org/web/DisGeNET/
menu/rdf), INtegrated TaRget gEne PredItion (INTREPID),
GWASdb (http://jjwanglab.org/gwasdb), and The Human
Gene Mutation Database (HGMD, http://www.hgmd.cf.ac.
uk/ac/index.php) (Table S16). Therefore, the predicted new
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functions are of apparent genetic interest. For example, the
gene histone deacetylase 6 (HDAC6, OMIM accession num-
ber: 300272) is associated with melanoma and prostatic neo-
plasms according to DisGeNET records (Pifiero et al., 2017).
However, the HotNet2 calculation indicated that this gene
is included in the osteoporosis-related network. It is thus
predicted that HDAC6 is also associated with osteoporosis.
Indeed, according to the Mouse Genome Informatics data-
base's annotations (MGI, http://www.informatics.jax.org/)
(Shaw, 2016), knocking out the gene HDAC6 for mice can
result in the phenotype of increased bone mineral content.
The reverse phenotype (decreased bone mineral content) of
this phenotype is, indeed, one of the important symptoms in
osteoporosis. In addition, many new-predicted gene func-
tions, such as dwarfism for gene hedgehog acyltransferase
(HHAT, OMIM accession number: 605743), pulmonary
emphysema for gene aminoacyl tRNA synthetase complex
interacting multifunctional protein 1 (AIMP1, OMIM acces-
sion number: 603605), pneumonia for gene ubiquitin specific
peptidase 25 (USP25, OMIM accession number: 604736),
hypertension for gene guanylate cyclase 1 soluble subu-
nit beta 1 (GUCYIB3, OMIM accession number: 139397),

(@ g o Ve
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VEGF

sarcoma for gene RAN binding protein 2 (RANBP2, OMIM
accession number: 601181), and blood coagulation disorders
for gene protein C, inactivator of coagulation factors Va and
VIlla (PROC, OMIM accession number: 612283), have been
validated by gene knockout experiments of mice (as anno-
tated in MGI database) (Shaw, 2016).

3.3.3 | Function annotation for function-
unknown genes

Using the same principle, we further predicted functions for
46 function-unknown genes, covering 67 diseases (Table
S16). For instance, gene chromosome 10 open reading
frame 88 (C100rf88) was predicted to be associated with
retina-related diseases (including macular edema, retinitis
pigmentosa, retinal diseases, and diabetic retinopathy). To
test this inference, we tried to establish a C1007rf88 knock-
out mouse model. However, the knockout of CI00orf88
induced homozygous mice to die during the embryonic pe-
riod, therefore only heterozygote was obtained and was used
in the following test. Neovascularization is a pathological
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FIGURE 8 The expression of TGFBI, VEGF, and PRKCB?2 in C100rf88+/- mice and WT mice retinal. (a) The protein level of TGFBI,
VEGF, and PRKCB2 in C100rf88+/- mice and WT mice retinal measured by Western blot; (b) The mRNA level of TGFB1, VEGF, and PRKCB2

in C100rf88+/- mice and WT mice retinal measured by qRT-PCR.
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hallmark of numerous retinal diseases, from diabetic retin-
opathy (DR) to age-related related macular degenera-
tion (AMD). Vascular endothelial growth factor (VEGF,
OMIM accession number: 192240) is an angiogenic fac-
tor involved in collateral vessel formation, inflammation,
tumor progression, and retinal conditions (Campbell &
Doyle, 2019). Anti-VEGF drugs have been widely used for
the intravitreal treatment of retinal conditions (Pham et al.,
2019). protein kinase C beta 2 (PRKCB2, OMIM accession
number: 176970) is primarily involved in mediating a va-
riety of functional and structural abnormalities in vascular
tissues. In diabetic retinopathy, both PRKCB2 and VEGF
are considered very important parameters to do the diag-
nosis of microangiopathy (Kumar et al., 2012). The loss
of retinal pericytes is another hallmark of retinal diseases.
The expression of gene transforming growth factor beta 1
(TGFB1, OMIM accession number: 190180) could induce
TGFB-induced Gene Human Clone 3 (BIGH3) to promote
pericyte apoptosis (Betts-Obregon et al., 2016). In this
study, the protein and mRNA levels of VEGF, TGFBI, and
PRKCB?2 were measured by Western blot and qRT-PCR,
respectively (see Methods). As shown in Figure 8a,b, the
expression of VEGF, TGFBI, and PRKCB2 were higher
in C100rf88+/— mice than WT mice, which are biomark-
ers of retinal-related diseases (Betts-Obregon et al., 2016;
Choi et al., 2017; Wallace, 2016). These results indicated
that the knockout of gene C/00rf88 could change the vas-
cular microcirculation and induce inflammation reaction in
retinal. Together, the association of C100rf88 with retina-
related diseases was preliminarily verified.

4 | CONCLUSION

In summary, the rapid progress in GWAS and PheWAS has
accumulated thousands of disease-susceptible loci. However,
it remains a great challenge to use these data to get new in-
sights into pathogenesis interpretation and gene function an-
notation. In this study, we demonstrate that systems genetics
methods, for example, HotNet2 algorithm, can efficiently
facilitate the interpretation of traditional genetics-derived
disease loci and the annotation of genetics-derived disease
genes. And because of the higher quality of GWAS data, our
results showed that GWAS-derived disease networks have
a stronger biological significance compared to PheWAS.
Additionally, because systems genetics establishes genotype-
phenotype relationships at the level of biological networks
rather than single elements, it is expected to find applica-
tions in overcoming other limitations of traditional GWAS
and PheWAS. Furthermore, HotNet2-calculated disease net-
works also contribute to drug discovery. Since the HotNet2
algorithm only needs to input both initial heat and PPI data,
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this methodology can be readily extended to other genetic
data with the strength information of gene-disease associa-
tions. However, our study still has several limitations at this
stage. First, it is not appropriate to input too large number
of initial disease genes in the HotNet2 calculation, which
may cause some causative genes whose GWAS or Phe WAS-
derived P-values are too high to be abandoned in theory.
Second, because this study covers various disease categories,
we only chose the broad-spectrum human PPIs as the initial
input in HotNet2 calculations. It is well known that the or-
gans and tissues corresponding to various diseases are differ-
ent. Therefore, if researchers can use organ- or tissue-specific
PPIs as HotNet2 input in a certain disease focused-research
based on prior knowledge, it is possible to identify the dis-
ease networks more in line with biological reality.
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