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Fig. 1 The AFMFSC algorithm flow chart
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Table 1 The partial results of GO enrichment analysis for lung cancer risk pathogenic genes
GO ID GO Term Number of genes ~ Genome frequency P-value
BP G0:0010941 Regulation of cell death 67 13400/47198 2.83x10%
G0:0043067 Regulation of programmed cell death 63 9695/47198 5.68x10%
G0:0042981 Regulation of apoptosis 64 9750/47198 1.16x10%
G0:0010033 Regulation of cell proliferation 55 7921/47198 1.72x10*
G0:0007050 Cell cycle arrest 33 8206/47198 5.87x10%
G0:0010604 Positive regulation of macromolecule metabolic process 48 7497/47198 8.21x10%*
G0:0031328 Positive regulation of cellular biosynthetic process 53 6730/47198 1.78x10%
G0:0009719 Response to endogenous stimulus 42 6447/47198 4.79x10>
G0:0016055 Wt receptor signaling pathway 48 5271/47198 6.72x10=
cC G0:0005615 Extracellular space 59 11383/47198 4.91x10%
GO0:0005911 Cell-cell junction 32 9992/47198 3.41x10%
G0:0005829 Cytosol 21 17294/47198 2.77x10%
G0:0009986 Cell surface 17 9417/47198 8.81x10%
G0:0044459 Plasma membrane part 14 9061/47198 5.60x102
MF G0:0042802 Identical protein binding 53 9377/47198 2.66x10%
G0:0019899 Enzyme binding 49 9964/47198 9.13x10%
G0:0046983 Protein dimerization activity 47 9561/47198 1.96x10%
G0:0004672 Protein kinase activity 34 8680/47198 3.31x10%
G0:0043566 Structure-specific DNA binding 51 9288/47198 2.76x10%




2016; 43 (2)

F—oR, & BTV RIERT SN ELE 5B TN A XS BURE F +181-

Table 2 The partial results of KEGG enrichment analysis for lung cancer risk pathogenic genes

KEGG ID KEGG Term Number of genes P-value

hsa05200 Pathways in cancer 72 1.63x10%
hsa05212 Pancreatic cancer 63 2.22x10%
hsa05222 Small cell lung cancer 67 1.22x10%
hsa04012 ErbB signaling pathway 62 1.15x10®
hsa05220 Chronic myeloid leukemia 57 5.82x10%
hsa05210 Colorectal cancer 50 8.19x10%
hsa05223 Non-small cell lung cancer 58 7.54x102
hsa05219 Bladder cancer 43 8.18x10™"
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Table 3 The performance of AFMFSC, ARWRH,
ORIENT, PRINCE, and RWR algorithms
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Uncovering Lung Cancer Risk Pathogenic Genes With Expanded
Initial Node and Weighted Fusion Strategy”

WANG Yi-Bin, CHENG Yong-Mei, ZHANG Shao-Wu™
(School of Automation, Key Laboratory of Information Fusion Technology of Ministry of Education,
Northwestern Polytechnical University, Xi'an 710072, China)

Abstract The identification of risk pathogenic genes for lung cancer is helpful to understand disease
pathogenesis and improve clinical practice. However, the present predicting methods of using RWR framework
include the common problems of the less initial nodes, the same node transition probability, and the single
information source. To further improve the performance of RWR framework, we propose a novel method named
AFMFSC to identify disease-related genes, by enlarging the initial nodes and weighted fusion strategy, and use
lung cancer as the test object. The AFMFSC algorithm first computes the augmented functional similarity scores
between disease phenotype approximate genes based on the idea of augmenting fuzzy measure similarity, screens
important genes as the expanded initial nodes together with pathogenic genes, then walks in the global PPl network
separately guided by the node similarity transition matrix constructed with PPl network topological similarity
properties and the correlational transition matrix constructed with the gene expression profiles, all the genes in the
network are ranked by weighted fusing the above results guided by two types of transition matrices, at last the top
ranked genes in the enrichment analysis as final risk pathogenic genes are determined. 73 significant genes are
predicted to be the risk pathogenic genes for lung cancer, which are closely linked with the generation and
development of this disease. Compared with the existing methods for prioritizing potential risk disease genes, the
AFMFSC achieves a smaller average rank and less affect by degree distribution bias but bigger Top 1%, Top 5%
and AUC value. In addition, the ranking performance of fusion strategy outperforms a single transfer matrix or
ordinary adjacency matrix. The AFMFSC algorithm not only can accurately and effectively predict the risk
pathogenic genes of lung cancer, but also can be easily extended to identify any other diseases related genes, and
provide additional insights for exploring the pathogenesis of cancer.

Key words risk pathogenic gene, expanded initial node, topological similarity transition matrix, gene expression
difference correlational transition matrix, random walk with restart
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Table S1 The function description of the top 10 risk pathogenic genes

Gene hame

Gene description

IGF1R

PTEN

TYMS

SLC34A2

RET

FOXP3

MAPK1

FGFR1

DACH1

MMP2

The insulin-like growth factor | receptor plays a critical role in transformation events. It is highly overexpressed in most
malignant tissues where it functions as an anti-apoptotic agent by enhancing cell survival.?Literature [Appendix 1]
believes that IGF-1R expression was a negative predictive factor for a response to EGFR-TKIs in NSCLC patients
harboring activating EGFR mutations.

This gene was identified as a tumor suppressor that is mutated in a large number of cancers at high frequency. Literature
[Appendix 2] has reported that decreased expression of PTEN in lung cancer PC9 cells harboring an EGFR-activating
mutation results in acquisition of resistance to EGFR-TKIs.

Expression of this gene and that of a naturally occurring antisense transcript rTSalpha vary inversely when cell-growth
progresses from late-log to plateau phase. Literature[Appendix 3] believes that the gene expression level is shown to be
an independent predictive factor in stage | and Il NSCLC patients

The protein encoded by this gene is a pH-sensitive sodium-dependent phosphate transporter. Defects in this gene are a
cause of pulmonary alveolar microlithiasis. Literature [Appendix 4] believes that maintaining the reduced expression of
SLC34A2/NaPi-I1b should provide benefits to LC cells.

This gene encodes one of the receptor tyrosine kinases. This gene plays a crucial role in neural crest development, and it
can undergo oncogenic activation in vivo and in vitro by cytogenetic rearrangement. Literature [Appendix 5]
discoveries that there are significant changes in non-small cell lung cancer, and significant results can be obtained in
patients with non-small cell lung cancer who carry KIF5B-RET recombination in a prospective clinical trial.

The protein encoded by this gene is a member of the forkhead family of transcriptional regulators. Defects in this gene
are the cause of immunodeficiency polyendocrinopathy. Literature [Appendix 6] suggests that tumor FOXP3 expression
has a better prognostic potential in NSCLC.

This gene encodes a member of the MAP kinase family. MAP kinases, also known as extracellular signal-regulated
kinases, act as an integration point for multiple biochemical signals, and are involved in a wide variety of cellular
processes such as proliferation, differentiation, transcription regulation and development. ?This protein also acts as a
transcriptional repressor independent of its kinase activity.

The protein encoded by this gene is a member of the fibroblast growth factor receptor family. Mutations in this gene are
associated with a variety of diseases. Chromosomal aberrations involving this gene are associated with stem cell
myeloproliferative disorder and stem cell leukemia lymphoma syndrome. Literature [Appendix 7] In vitro and in vivo
studies have shown FGFR1-mediated signaling plays an important role in NSCLC cell growth, survival and migration,
and shows “ FGFR1-positive” status is an independent favourable prognostic factor in non-small cell lung cancer
patients.

This gene encodes a chromatin-associated protein that associates with other DNA-binding transcription factors to
regulate gene expression and cell fate determination during development. Expression of this gene is lost in some forms
of metastatic cancer, and is correlated with poor prognosis. Multiple transcript variants encoding different isoforms
have been found for this gene.

This gene is a member of the matrix metalloproteinase gene family. Activation of this protein can occur on the cell
membrane. This protein is thought to be involved in multiple pathways including roles in the nervous system, regulation of
vascularization, and metastasis.

Table S2 The list of risk pathogenic genes predicted by AFMFSC algorithm

Gene name

ACE ACHE ADAM9 BMP1 BTC CALR CCL2 CD40LG CHI3L1 CMTM7 COL1A1 DACH1 EDN1 EFEMP1 EGFR EREG FASLG
FGF2 FGFR1 FLT1 FOXP3 GHR GHRL GPC5 HDGF HMOX1 HP HTRAL IBSP ICAM1 IGFIR ISG15 KIT KITLG KLK8 LGALS1
LOXL1 MAPK1 MBL2 MICA MIF MMP2 MSR1 MUC16 NGF NID2 NRG1 NTN1 NUCB2 PECAM1 PGF PLA2G2A POSTN
PRDX4 PROM1 PTEN PTHLH PVR RET SAAl SFTPAl SFTPC SLIT2 SPARC TDGF1 THPO TIMP1 TYMS VASH1 VEGFC VWF

WFDC2 WNT1
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