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Abstract

New drug development is time-consuming and costly. Hence, it is necessary to repurpose old
drugs for finding new indication. We suggest the way that repurposing old drug using massive
literature data and biological network. We supposed a disease—drug relationship can be available if
signal pathways of the relationship include significant genes identified in literature data. This research
is composed of three steps-identifying significant gene using co-occurrence in literature; analyzing
the shortest path on biological network; and scoring a relationship with comparison between the
significant genes and the shortest paths. Based on literatures, we identify significant genes based on
the co-occurrence frequency between a gene and disease. With the network that include weight as
possibility of interaction between genes, we use shortest paths on the network as signal pathways.
We perform comparing genes that identified as significant gene and included on signal pathways,
calculating the scores and then identifying the candidate drugs. With this processes, we show the
drugs having new possibility of drug repurposing and the use of our method as the new method of

drug repurposing.
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[I. Related works

1, Related works
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[Il. The Proposed Scheme

1. System Overview
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Fig. 1. System Overview
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2. Method

2.1. Constructing Important Gene List with
Co-occurrence
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2.2. Calculating Shortest Path and Score between
a Drug and a Disease
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Fig. 2. Calculating a Disease—Drug Relationship Score
Process
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V. Result

1. Experimental Environment and Data

1.1 Exper imental Environment
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1.2 Data Set
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2. Experimental Result

2.1 ldentifying Significant Gene
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Table 1. Top 20 Genes Co—occurred with Diseases
Prostate Cancer Asthma Breast Cancer

Rank S(j:]lil Evidence S(;rilil Evidence S?r?wr:)eol Evidence

1 PC None T None BRCA1 DisGeNET, Kegg, GHR
2 AR DisGeNET, PGDB, Kegg, GHR AR None MB DisGeNET

3 T None AHR DisGeNET T None

4 ERG DisGeNET FEV DisGeNET EGFR DisGeNET

5 HR None CD4 None HR None

6 PTEN DisGeNET, PGDB, Kegg, GHR TNF DisGeNET I\ None

7 PCA3 DisGeNET, PGDB v None SLN None

8 EGFR DisGeNET, PGDB ADAM33 DisGeNET, Kegg, GHR EGF DisGeNET

9 AMACR DisGeNET CRS None BRCA2 DisGeNET, Kegg, GHR
10 EGF DisGeNET CS None AR DisGeNET

i I\ None HR None PRL DisGeNET

12 BRCA1 DisGeNET, PGDB, GHR GC DisGeNET ERBB2 DisGeNET, Kegg
13 VDR DisGeNET, PGDB TSLP DisGeNET ATM DisGeNET, GHR
14 GSTP1 DisGeNET, PGDB, Kegg ACE DisGeNET CD24 DisGeNET

15 BCR None CRP DisGeNET PTEN DisGeNET, Kegg, GHR
16 CD44 DisGeNET, PGDB CD14 DisGeNET, Kegg MUC1 DisGeNET

17 DCE None ADRB2 DisGeNET, Kegg, GHR CD44 DisGeNET

18 DES None GSTM1 DisGeNET CXCR4 DisGeNET

19 TNF DisGeNET, PGDB NGF DisGeNET TP53 DisGeNET, GHR
20 EZH2 DisGeNET, GHR PC DisGeNET TNF DisGeNET
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Table 2. Candidate Drugs for Diseases

Breast Cancer Prostate Cancer Asthma
Azacitidine Conjugated Equine Estrogens Drostanolone
Flucytosine Toremifene Nandrolone phenpropionate
Decitabine Estrone Bicalutamide
Maraviroc Clomifene Testosterone Propionate
Conjugated Equine Estrogens Fulvestrant Cyproterone acetate
Toremifene Mestranol Methyltestosterone
Estrone Ospemifene Nandrolone decanoate
Dienestrol Dienestrol Enzalutamide
Fulvestrant Flutamide
Mestranol Maraviroc
Ospemifene Cefdinir
Bazedoxifene Gefitinib

Clomifene Panitumumab
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Table 5. Candidate Drug List for Drug Repositioning WAS wAste), 71E i aaKel dH-oke 2
£ ZE AFE AP Aot}
Disease Candidate Drug
Breast Cancer Maraviroc
Prostate Cancer Conjugated Equine Estrogens
Asthma Panitumumab
Osimertinib
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