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Abstract

Although genome-wide association studies have identified many risk loci associated with
colorectal cancer, the molecular basis of these associations are still unclear. We aimed to
infer biological insights and highlight candidate genes of interest within GWAS risk loci. We
used an in silico pipeline based on functional annotation, quantitative trait loci mapping of
cis-acting gene, PubMed text-mining, protein-protein interaction studies, genetic overlaps
with cancer somatic mutations and knockout mouse phenotypes, and functional enrichment
analysis to prioritize the candidate genes at the colorectal cancer risk loci. Based on these
analyses, we observed that these genes were the targets of approved therapies for colorec-
tal cancer, and suggested that drugs approved for other indications may be repurposed for
the treatment of colorectal cancer. This study highlights the use of publicly available data as
a cost effective solution to derive biological insights, and provides an empirical evidence
that the molecular basis of colorectal cancer can provide important leads for the discovery
of new drugs.

Introduction

Since the advent of high-density single nucleotide polymorphism (SNP) genotyping arrays, re-
searchers have used genome-wide association studies (GWAS) to identify innumerable loci as-
sociated with a multitude of diseases. The vast majority of SNPs identified by GWAS are
within the intergenic or intronic regions (approximately 88%)[1,2]. GWAS has also enabled
the discovery of many genetic variations of colorectal cancers (CRC). The next step was to
identify the genes that were affected by causal variants, which would enable us to translate the
risk SNPs to meaningful insights on pathogenesis.

Most reports have simply implicated the nearest gene to a GWAS hit as a target of the func-
tional variant without any evidence[1]. The identification of expression quantitative trait loci
(eQTL) has been proposed as a promising method to find the candidate genes associated with a
disease risk[3][4]. It should be noted that identifying an eQTL provides only an indirect evi-
dence of a link between genotype and gene transcription [1].
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As far as we know, there’s simply no good way to identify these target genes, which is key to
understanding the mechanism by which GWAS variants act. So we proposed a bioinformatics
pipeline to prioritize the most likely candidate genes by using several biological data sets. Seven
criteria were adopted to prioritize candidate genes. The widely used eQTL criterion mentioned
above is only one of seven criteria in the pipeline.

One way of accelerating the translation of data from GWAS into clinical benefits, is to use
the results to identify new indications for treatment with existing molecules. GWAS may be
used to construct drug-related networks, aiding drug repositioning. Although GWAS do not
directly identify most of the existing drug targets, there are several reasons to expect that new
targets will nevertheless be discovered using these data[5,6]. Initial results on drug repurposing
studies using network analysis are encouraging and suggest directions for future development
[7]. By integrating rheumatoid arthritis genetic findings with the catalog of approved drugs for
rheumatoid arthritis and other diseases, Okada Y et al provided an empirical data to indicating
that genetic approaches may be useful for supporting genetics-driven genomic drug discovery
efforts in complex human traits[8].

In the present study, we used the in silico pipeline to systematically integrate data on risk
loci for CRC biology and drug discovery from a variety of databases.

Materials and Methods

An overview of the study design is illustrated in Fig. 1. Biological candidate genes were ob-
tained from GWAS-identified CRC risk loci. Next, the genetic data were integrated with the re-
sults of statistical analyses, computational approaches, and publicly available large data sets to
prioritize the obtained genes, and propose new targets for drug treatments.

CRCrrisk loci from GWAS

We downloaded CRC risk SNPs from the National Human Genome Research Institute
(NHGRI) GWAS catalogue database on January 31, 2014 [2].

Biological candidate genes from CRC risk loci

It is a well-known fact that the risk SNPs indicates haplotypes on which the functional variants
reside; therefore, the next step was to identify their target genes. By adopting multi-annotations
between risk SNPs and their surrounding genes, the snp2gene allowed conventional annotation
due to their proximity, as well as linkage disequilibrium[9].

For each of the GWAS SNPs involved, we used the snp2gene to identify the candidate genes.
For each gene in the risk loci, we evaluated if the gene was the nearest gene to the CRC risk
SNP within the risk locus.

Prioritization of candidate genes

By using several biological data sets, we devised a bioinformatics pipeline to prioritize the most
likely candidate genes.

Firstly, functional annotations for CRC risk SNPs were identified by ANNOVAR [10]. Trait-
associated variants were enriched within chromatin marks, particularly in H3K4me3[11].
H3K4me3 data of 34 cell-types could provide the fine mapping of associated SNPs to identify
causal variation in the previous studies[12]. So we evaluated whether the CRC risk SNPs and
SNPs in the linkage disequilibrium (r* > 0.80) were overlapping with H3K4me3 peaks of 34
cell types. The H3K4me3 data were obtained from the National Institutes of Health Roadmap
Epigenomics Mapping Consortium, by a permutation procedure with 10° iterations [12]. We
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Pipeline for gene prioritization (n=35)
(1) genes with CRC risk missense variant
(2) genes prioritized by cis-eQTL in PBMC
(3) genes prioritized by PubMed text mining
(4) genes prioritized by Protein-protein interaction
(5) genes prioritized by cancer somatic mutation genes
(6) genes prioritized by associated knockout mouse phenotypes
(7) genes prioritized by functional enrichment analysis

g

Overlap with drug target genes

Fig 1. An overview of the study design. One hundred and forty-seven candidate genes were obtained from
50 CRC risk loci. A bioinformatics pipeline was developed for the prioritization of these candidate genes.
Seven criteria were used to score the genes: (1) CRC risk missense variant; (2) cis-eQTL; (3) PubMed text
mining; (4) PPI; (5) cancer somatic mutation; (6) knockout mouse phenotype; and (7) functional enrichment.
Extent of overlap with target genes for approved CRC drugs was also assessed.

doi:10.1371/journal.pone.0116477.9001

identified genes for CRC risk SNPs or SNPs from linkage disequilibrium (r* > 0.80) that were
annotated as missense variants.

Secondly, we assessed the cis-expression quantitative trait loci (cis-eQTL) effects using the
data of 5,311 European subjects from the study on peripheral blood mononuclear cells
(PBMC:s) [13]. Westra HJ et al. had made a browser available for all significant cis-eQTLs, de-
tected at a false-discovery rate of 0.50. (http://genenetwork.nl/bloodeqtlbrowser/) In their
study, eQTLs were deemed cis-eQTLs when the distance between the SNP chromosomal posi-
tion and the probe midpoint was less than 250 kb. The eQTLs were mapped using Spearman’s
rank correlation on imputed genotype dosages. Resultant correlations were then converted to P
values, and their respective z scores were weighted by the square root of sample size.

To evaluate cis-eQTL genes of risk SNPs, it was only needed to provide all risk SNP. When
the CRC risk SNP was not available in eQTL data sets, we alternatively used the results of best
proxy SNPs in linkage disequilibrium with the highest r* value (r* > 0.80).

Thirdly, by using the Gene Relationships among Implicated Loci (GRAIL), we evaluated the
degree of relatedness among the genes within disease regions. GRAIL is a tool to examine the
relationships between genes in different disease associated loci. Given many genomic regions
or SNPs associated with CRC, GRAIL searches for similarities in the published scientific text
among the associated genes[14]. A p value of <0.05 was considered significant. To avoid publi-
cations that reported on or were influenced by the disease regions discovered in the recent
scans, we use only those PubMed abstracts published prior to December 2006, before the recent
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onslaught of GWA papers identifying novel associations, avoid any strong bias towards the
genes closest to the associated SNPs. This approach effectively avoids this problem.[14].

Next, we used the Disease Association Protein-Protein Link Evaluator (DAPPLE) for assess-
ing the presence of significant physical connectivity among proteins encoded by candidate
genes by protein-protein interaction (PPI), reported in the literature. The DAPPLE takes a list
of seed SNPs that converts them into genes based on the overlap. The hypothesis behind DAP-
PLE is that a genetic variation affects a limited set of underlying mechanisms that are detectable
by PPI [15]. A p value of <0.05 was considered significant.

Nest, we obtained cancer somatic mutation genes from the Catalogue of Somatic Mutations
in Cancer (COSMIC) database[16], and downloaded knockout mouse phenotype labels and
gene information from the Mouse Genome Informatics (MGI) database[17] on April 8, 2014.
We defined all CRC risk genes included in the CRC risk loci, and evaluated the overlap with
cancer phenotypes with registered somatic mutations, and phenotype labels of knockout
mouse genes with human orthologous. Hypergeometric distribution test was used for overlap
statistical analyses with significance at a p value of <0.05.

Finally, we performed function enrichment analysis to investigate if genes affected by SNPs
were enriched for specific functional categories or pathways. The DAVID Bioinformatics Re-
sources that included Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes
(KEGG) and Online Mendelian Inheritance in Man (OMIM) were used for analyses.[18] The
obtained results were considered significant at a p value of <0.05.

We scored each of the genes by using the following selection criteria, and calculated the
number of the satisfied criteria: (1) genes with missense variants; (2) cis-eQTL genes of risk
SNPs; (3) genes prioritized by PubMed text mining; (4) genes prioritized by PPI network; (5)
cancer somatic mutation genes; (6) genes prioritized by associated knockout mouse pheno-
types; and (7) genes prioritized by functional enrichment analysis.

Correlations of candidate gene prioritization criteria were evaluated by the Pearson correla-
tion analysis. Each gene was scored based on the number of criteria that were met (scores ran-
ged from 0-7 for each gene) in case of weak correlations. Genes with a score of @2 were
defined as ‘biological risk genes’.

Drug validation and discovery

If human genetics can validate drug targets, then it can be used to identify whether the ap-
proved drugs currently used for treating other indications can be used for the treatment of
CRC. We present here an analysis of the potential application of GWAS data,

drug repositioning.

We obtained drug target genes and corresponding drug information from Drug Bank [19]
and Therapeutic Targets Database (TTD)[20] on Oct 18, 2013. We selected drug target genes
that had pharmacological activities and were effective in human orthologous models, and those
which annotated with any of the approved, clinical trial or experimental drugs.

The drug target genes annotated to CRC drugs were manually extracted by professional on-
cologists. To decrease the rates of the false positive, only the drugs under current clinical use
were involved in the study, which could be found in the NCCN clinical practice guidelines in
colorectal cancers.[21]

We extracted genes from direct PPI with biological CRC risk genes by using protein interac-
tion network analysis-2 (PINA2), which integrates six well-known manually curated PPI data-
bases[22].

We evaluated the possibility of exploring protein products from the identified biological
risk genes, or any genes from a direct PPI network as targets of approved CRC drugs or drugs
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for other indications. Let x be the set of the biological CRC risk genes and genes in direct PPI
with them (n, genes), y be the set of genes with protein products that are the direct target of ap-
proved CRC drugs (n, genes), and z be the set of genes with protein products that are the direct
target of all approved drugs (n, genes). We defined n,q, and ny~, as the numbers of genes over-
lapping between x and y and between x and z, respectively. Hypergeometric distribution tests
were used for overlap statistical analyses, and a p value of <0.05 was considered

statistically significant.

Results

In the present study, 50 CRC-associated SNPs were obtained from NHGRI (Table 1), and 140
genes were obtained based on proximity and linkage disequilibrium using the snp2gene (S1
Table).

Functional annotations of CRC risk SNPs

Most SNPs (62%) were located in the intergenic regions (52 Table). Two SNPs were identified

in linkage disequilibrium with missense SNPs (r* > 0.80; S3 Table). Next, we assessed 50 CRC

risk loci for enriched epigenetic chromatin marks [12]. Of the 34 cell types investigated, we ob-
served a significant enrichment of CRC risk alleles with H3K4me3 peaks in rectal mucosa cells
(p =0.00014 and 0.00023, respectively) (54 Table).

Cis-expression quantitative trait loci (cis-eQTL)

Using the cis-eQTL data obtained from the PBMC study [13], we found that 13 risk SNPs
showed cis-eQTL effects (p < 0.0016 and FDR < 0.5) (S5 Table).

PubMed text-mining

Twenty-four genes were prioritized based on data obtained by PubMed text mining using
GRAIL with gene-based p < 0.05 [14] (S6 Table).

Protein-protein interaction (PPI)

Two genes were prioritized by PPI network using gene-based DAPPLE with p < 0.05 [15] (S7
Table).

Cancer somatic mutation

Among the 522 genes with registered somatic mutations obtained from the COSMIC database
[16], a significant overlap was observed in genes associated in non-hematological cancers (5/6,
P =2.41E -05) (S8 Table).

Knockout mouse phenotype

We evaluated overlap with genes implicated in knockout mouse phenotypes[17]. Among the
30 categories of phenotypes, we observed nine categories significantly enriched with CRC risk
genes (p < 0.05), led by craniofacial phenotype (S9 Table).

Functional enrichment analysis

GO analysis indicated that a few genes were enriched in three categories (S10 Table); two with
KEGG pathways observed in cancer (p = 0.002), and one with small cell lung cancer
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Table 1. Summary of 50 colorectal cancer GWAS risk alleles obtained from National Human Genome Research Institute.

Risk SNPs Region p-Value OR 95% CI
rs10505477 80g24.2 9E-7 1.13 [1.08-1.19]
rs6983267 80g24.2 8E-28 1.2 [1.16-1.24]
rs4939827 18921.1 1E-9 1.06 [1.03-1.09]
rs10795668 10p14 4E-6 1.27 [1.14-1.40]
rs16892766 8023 2E-7 1.14 [1.08-1.19]
rs3802842 11g23.1 8E-7 1.18 [1.11-1.27]
rs4779584 15913 1E-7 1.14 [1.08-1.18]
rs4939827 18g21.1 8E-9 1.28 [1.18-1.39]
rs4939827 18g21.1 2E-8 1.18 [1.11-1.25]
rs6983267 8g24.2 6E-10 1.11 [1.08-1.15]
rs7014346 8g24.2 3E-13 1.12 [1.10-1.16]
rs10411210 19913.1 2E-7 1.14 [1.06-1.19]
rs4444235 14922 7E-10 1.07 [1.04-1.10]
rs961253 20p12 1E-14 1.27 [1.16-1.39]
rs9929218 16922 3E-11 1.17 [1.12-1.23]
rs10936599 3q26.2 4E-8 1.35 [1.20-1.49]
rs11169552 12913.1 3E-6 1.47 [1.25-1.72]
rs4925386 20913.3 4E-7 1.24 [1.14-1.34]
rs6687758 1941 2E-10 1.12 [1.08-1.16]
rs6691170 1941 1E-8 1.1 [1.06-1.12]
rs6983267 8g24.2 9E-26 1.19 [1.15-1.23]
rs7758229 6025.3 7E-11 1.24 [1.17-1.33]
rs11632715 15013.3 3E-6 1.37 [1.20-1.56]
rs16969681 15913.3 9E-7 1.13 [1.08-1.19]
rs1957636 14922.2 2E-10 1.12 [1.09-1.16]
rs16892766 8923 4E-10 1.17 [1.11-1.22]
rs3802842 11923.1 3E-6 1.13 [1.08-1.20]
rs4779584 15q13 2E-10 1.12 [1.18-1.16]
rs4939827 18g21.1 6E-6 1.11 [1.06-1.15]
rs7315438 12924.2 3E-18 1.27 [1.20-1.34]
rs1321311 6p21.2 1E-10 1.11 [1.08-1.15]
rs3824999 11q13.4 1E-10 1.1 [1.07-1.13]
rs5934683 Xp22.2 2E-10 1.09 [1.05-1.11]
rs7972465 12q13.13 8E-7 1.18 [1.11-1.27]
rs10911251 1925 2E-6 1.28 [1.16-1.43]
rs11903757 2032.3 3E-6 1.06 [0.88-1.29]
rs13130787 4922 3E-8 1.09 [1.06-1.13]
rs17094983 14923 1E-11 1.13 [1.09-1.18]
rs1912453 1923 5E-7 1.12 [1.08-1.19]
rs2057314 6922.1 7E-6 1.1 [1.05-1.14]
rs2128382 80g24.2 4E-8 1.16 [1.10-1.22]
rs3217810 12p13.3 9E-6 1.07 [1.04-1.11]
rs3217901 12p13.3 3E-7 1.09 [1.06-1.13]
rs3802842 11923.1 8E-6 1.11 [1.06-1.16]
rs4779584 15913 5E-8 1.18 [1.11-1.25]
rs4813802 20p12 2E-8 1.18 [1.11-1.24]
rs4939827 18g21.1 4E-7 1.14 [1.08-1.20]
(Continued)
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Table 1. (Continued)

Risk SNPs Region p-Value OR 95% CI

rs59336 12924.2 3E-8 1.04 [1.04-1.10]
rs6983267 8024.2 8E-10 1.11 [1.08-1.15]
rs10774214 12p13.3 2E-6 1.28 [1.15-1.41]
rs10774214 12p13.3 3E-6 1.28 [1.12-1.42]
rs1665650 10g25.3 5E-10 1.17 [1.11-1.23]
rs2423279 20p12 6E-8 1.2 [1.12-1.28]
rs647161 5q31.1 2E-9 1.09 [1.06-1.12]
rs10114408 9g22.3 5E-10 1.17 [1.11-1.23]
rs10879357 12921.1 4E-6 1.27 [1.15-1.41]
rs17730929 4913.2 4E-7 1.11 [1.06-1.15]
rs367615 5021 3E-6 1.08 [1.04-1.11]
rs39453 7p15.3 4E-10 1.08 [1.05-1.10]
rs4591517 3p24.3 1E-9 1.08 [1.06-1.11]
rs9365723 6025.3 1E-12 1.16 [1.09-1.27]
rs12548021 8p12 3E-6 1.25 [1.14-1.39]
rs3104964 8qg22.1 4E-7 1.09 [1.06-1.13]
rs8180040 3p21.3 5E-7 1.23 [1.14-1.34]

doi:10.1371/journal.pone.0116477.t001

(p =0.011) were functionally related (S11 Table). Functional analysis by OMIM demonstrated
enriched gene sets in colorectal diseases (512 Table).

Based on these new findings, we adopted the following seven criteria to prioritize each of
the 140 genes from the 50 CRC risk loci: (1) genes with CRC risk missense variant (n = 2); (2)
cis-eQTL genes (n = 13); (3) genes prioritized by PubMed text mining (n = 24); (4) genes prior-
itized by PPI (n = 2); (5) cancer somatic mutation genes (n = 6); (6) genes prioritized by associ-
ated knockout mouse phenotypes (n = 40); and (7) genes prioritized by functional enrichment
analysis (n = 31).

Because these criteria showed weak correlations with each other (R < 0.48; S13 Table),
each gene was scored based on the number of criteria that were met (scores ranged from 0-7
for each gene).

Thirty-five genes (25.2%) had a score>2, which were defined as ‘biological risk genes’

(S1 Fig.). Three loci included multiple biological CRC risk genes, (for example, ROS1 and
GOPC by rs2057314) (Table 2).

To provide empirical evidence of the pipeline, we analyzed the gene scores. Genes with
higher biological scores were more likely to be nearest to the risk SNP (62.8% for gene score >
2, 24% for gene score < 2; p < 0.001). Meanwhile, rectal mucosa cells demonstrated significant
overlapping proportions with H3K4me3 peaks compared with other cell types.

Finally, we evaluated the potential role of genetics in relation to drug discovery for the
treatment of CRC. Hypergeometric distribution tests were used for overlap statistical analyses.
We obtained 11303 genes pairs from curated PPI databases. We obtained 871 drug target
genes corresponding to approved, in clinical trials or experimental drugs for human diseases
(S14 Table). For the sake of calculation reliability, only CRC drugs in the first line therapy were
involved in the study. Eight target genes of approved CRC drugs were included (S15 Table).

Thirty-one biological CRC risk genes overlapped with 533 genes from the expanded PPI
network (S2 Fig. and S3 Fig.). We found an overlap of 5/8 drug target genes of approved CRC
drugs (5/8 vs 70/781, 12.09-fold enrichment, P = 0.00013). All 871 drug target genes (regardless
of disease indication) overlapped with 70 genes from the PPI network, which suggested that
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Table 2. Biological genes in the CRC risk loci with a score>2.

SNP

rs3217810
rs10774214
rs1321311
rs4444235
rs9929218
rs10114408
rs10411210
rs10911251
rs10911251
rs13130787
rs39453
rs4813802
rs4925386
rs4939827
rs59336
rs647161
rs7315438
rs11169552
rs11632715
rs12548021
rs16969681
rs17094983
rs1912453
rs1957636
rs2057314
rs2057314
rs367615
rs3802842
rs4779584
rs7758229
rs8180040
rs8180040
rs8180040
rs9365723
rs9929218

gene

CCND2
CCND2
CDKN1A
BMP4
CDH1
BARX1
RHPN2
LAMC1
LAMC2
ATOH1
CYCS
BMP2
LAMAS5
SMAD7
TBX3
PITX1
TBX3
ATF1
GREM!1
DUSP4
GREM!1
DACT1
RGS4
CDKN3
ROS1
GOPC
MAN2A1
C11orf53
GREM1
SLC22A3
PTPN23
PTH1R
SETD2
SYNJ2
CDH3

Nearest gene
from risk SNP

doi:10.1371/journal.pone.0116477.t002
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the enrichment was 1.55-fold higher than that expected by chance alone (p = 0.00012), but less
by 7.78-fold when compared with currently approved CRC drugs (p = 1.78 x 10~°). Examples
of approved CRC therapies identified by this analysis included irinotecan, regorafenib, and
cetuximab (Fig. 2).
Correlation of approved drugs for other diseases with biological CRC risk gene was also as-
sessed. An example of drug repositioning (Fig. 3) is the use of crizotinib, an approved drug for
non-small cell lung cancer for the treatment of CRC [16]. Arsenic trioxide vrinostat, dasatinib,

estramustine, and tamibarotene are all promising drugs for the treatment of CRC (Fig. 4).

PLOS ONE | DOI:10.1371/journal.pone.0116477 March 24, 2015
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Risk SNP Biological gene Genes in Target drugs Disease
with the loci direct PPI
Irinotecan
rs1321311 —— CDKN1A —— TOP1 = —
Topotecan
FGFR1 | —— Regorafenib
+— CDH1
EEEZEELE Cetuximab
EGER™ | — . =
Panitumumab Colorectal
| cancer
rs10911251 — LAMC2 — MMP2 | —— Marimastat ——
rs2057314 —— ROS1
rs7758229 |—— sSLC22A3 —— ABL1 | Regorafenib
rs9365723 —— SYNJ2

Fig 2. Summary of connections between risk SNPs, biological candidate genes from each risk locus, genes from the PPI network and approved
CRC drugs. Black lines indicate connections.

doi:10.1371/journal.pone.0116477.g002

Discussion

GWAS have identified innumerable disease-associated genetic variants. However, significant
obstacles have hampered our ability to identify genes affected by causal variants and in eluci-
dating the mechanism by which genotype influences phenotype.

Most reports have simply implicated the nearest gene to a GWAS hit without substantial ev-
idence[1]. This study prioritized the most likely target genes. A total of 31 biological CRC risk
genes were identified. Although biological CRC risk genes are more likely to be causal genes,

Risk SNP  Biological gene Targetdrugs Diseases
with the loci

rs2057314 —— ROS1 — | Crizotinib | Non-small cell lung cancer

Fig 3. Connections between risk SNP, biological CRC genes and drugs indicated for other diseases.

doi:10.1371/journal.pone.0116477.g003
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Risk SNP Biological gene Genes in Target drugs Diseases
with the loci direct PPI
rs1321311 |—— CDKN1A — CCDN1
rs11169552 ——  ATF1 -
JUN arsenic leukemia
trioxide
rs2057314 —— GOPC
1 MAPK1/3
rs12548021 — DUSP4
HDAC1 — Vorinostat cutaneous T
rs9929218 | CDH1 cell ymphoma
YES1/SRC | Dasatinib — | leukemia
~__— Alitretinoin Kaposi's
rs10411210 —— RHPN2 — RAGA sarcoma
Tretinoin — leukemia
rs39453 |—— CYCS —— BCL2 Paclitaxel — | breast cancer
PTPN23 — | ESR2 Estramustine —{ Prostate cancer
rs8180040 : -
SETD2 —| RARA Tamibarotene — | leukemia

Fig 4. Detailed summary of the connections between risk SNPs, biological candidate genes from each risk locus, genes from the PPl network and
drugs indicated for other diseases.

doi:10.1371/journal.pone.0116477.g004

this still needs confirmation by basic molecular studies using advanced technologies. Edwards
et al provided a pipeline for follow-up studies, which includes fine mapping of risk SNPs, prior-
itization of putative functional SNPs, and in vitro and in vivo experimental verification of pre-
dicted molecular mechanisms for identifying the targeted genes[1].

GWAS is criticized for their lack of clinical translation because of the size of the effect. How-
ever, individual small effect sizes do not necessarily preclude clinical utility. Sanseau et al pro-
posed the use of GWAS for drug repositioning, which is regarded as a promising strategy in
translational medicine. In a study investigating 3-hydroxy-3-methyl-glutaryl coenzyme A, a
well-known cholesterol-lowering medication, SNPs within this gene were unambiguously asso-
ciated with low-density lipopolysaccharide cholesterol levels in the GWAS data. [6] Their
study included all GWAS-associated genes that were selected from the GWAS catalog, without
achievement about CRC drugs.

In the present study, we focused on repurposing drugs for CRC based on prioritization of
candidate genes in the GWAS-identified loci. For example, crizotinib, arsenic trioxide, vrino-
stat, dasatinib, estramustine, and tamibarotene are also promising repurposed drugs for CRC.
Although further investigations are necessary to confirm the results of this study, we opine that
these target drugs selected could be promising drug candidates in the treatment of CRC.
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GWAS data is useful in providing insights into the biology of diseases, but may also trans-
late these leads into profitable opportunities in drug development. However, GWAS data does
not provide detailed pathophysiological information; hence, the newly identified uses of old
drugs may possibly be side effects[23]. Successful repurposing of a drug entails the combina-
tion of results from published literature, and clinical research.

Although there were a number of positive aspects from this study, there were some limita-
tions as well. Firstly, data of the PBMC study was used for cis-eQTL analysis. Although eQTLs
identified from one tissue type may be a useful surrogate to study the genetics of gene expres-
sion in another tissue [24], the use of tissue-specific eQTLs is probably more useful in under-
standing the pathogenesis of CRC [25]. Secondly, of the 34 cell types investigated, we only
observed a significant enrichment of risk SNP with H3K4me3 peaks in rectal mucosa cells.
Nevertheless, the enrichment was not significant for the colon mucosa cells.

In this study, we integrated genetic data and statistical analysis, computational approaches,
and publicly available large data sets to prioritize candidate genes, and propose new targets for
CRC drug treatments. We believe that target genes and drugs selected by this approach could
be promising leads in the development of candidate drugs for the treatment of CRC, although,
further investigations are warranted for confirmation of these results.
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