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Rationale behind choosing the functional gene attributes

Following extensive literature and data mining anaer biology, five functional
attributes were over-represented in cancer gengshemefore chosen for this study:
genes encoding protein kinases, secreted proteidstranscription factors, tissue
specificity of the genes, methylated genes andeprstthat harbor post-translational
modifications. Supplementary Table S2 provides lise of genes within each
attribute. These features were selected basedoaldbe fact that there is a strong
functional interconnection among them (therefore sge the overlapping of genes
across attributes); these molecules collectivelgrycaut cellular processes as an
ensemble rather than independent entities. Thedarés are selected also based on
the fact that there is strong interconnection betw#hem and often (therefore we see
overlapping of genes), these molecules collectiairy out cellular process as an
ensemble rather than independent entities. Box fnnwrizes the general
characteristics of the functional attributes withfew prototypic examples of
representative. The significance of each attrilutEancer is also discussed.

Kinases. Cancer drugstargeting signaling pathways via kinase inhibitors

Protein kinases play central role in regulating mosllular functions via signal
transduction pathways that includes cell prolifierat cell cycle, cell metabolism,
survival/apoptosis, DNA damage repair, and celliliypt Undoubtedly, they have
emerged as key regulators of all aspects of camuauding proliferation, invasion,
angiogenesis and metastasis. More than 30% of caele¢ed genes are kinases and
the most common domain that is encoded by canceesgés the protein kinase
domain [1]. Some examples of kinases known todbwated in cancer cells are c-
Src, c-Abl, RAS, mitogen activated protein (MAPh&se, phosphotidylinositol-3-
kinase (PI3K), AKT, and the epidermal growth facteceptor (EGFR) [2, 3]. A
classic example of using kinase inhibitors for @rtceatment is the drug imatinib in
the treatment of patients with chronic myelogenleukemia (CML) where the kinase
activity of BCR-ABL fusion protein is inactivate@urthermore, more than 40 kinase
inhibitors are in clinical trials, making kinasdgetsecond most popular drug target
class, after G-protein-coupled receptors [2].

Excretory-Secretory proteins. asdiagnostic or prognostic biomarkers

Malignant tumors secrete increased levels of E$epr® (cytokines, growth factors,
and hormones) into the extracellular matrix inchgdblood, serum and urine. These
soluble ES proteins are extensively used as naasiug diagnostic or prognostic
markers, in cancer management or as points of ghat& intervention. ES proteins
are particularly relevant in CRC as most CRCs dgvealowly, beginning as small
benign colorectahdenomas that progress over several years to largkedysplastic
lesions that eventually become malignant. This gafgrogression provides multiple



opportunities for early detection and prevention bynple colonoscopy and
polypectomy [4]. In fact, the usefulness of indivadl ES proteins are well studied in
colorectal cancer [4, 5], ovarian cancer [6] anasfate cancer [7].

Oncogenic Transcription factors

The overactivity of transcription factors at di#et stages of cancer is well
documented and novel treatment strategies havesuggyested for targeted inhibition
of oncogenic TFs [8, 18, 19]. Even though limitadniers of TFs are involved in
cancer, key regulatory networks are perturbed byeRklts in aberrant expression of
genes leading to tumor development. As TFs tigltbntrol gene expression,
selectively blocking transcription in tumor celisan attractive therapeutic strategy [1,
8]. While MYB oncogene is the prototypic example foF in cancer [20], four
families of TFs have emerged as important playacs are validated targets in drug
discovery phase for cancer therapy; NF-kappaB A®);1 [8], STAT [21] and ETS
transcription factors [10].

Tissue specific expression of genes

There are more than 200 different types of canedmaany of them are localized to a
specific tissue such as breast, lung, liver, celtm Roughly 30% of human genes are
tissue specific genes (preferentially expressea given tissue). In other words, if a
cancer preferentially affects a particular tissulee likelihood of successfully
identifying the responsible gene/s will be increabg restricting the search to genes
that are more highly expressed there than in diksues. Moreover, we [22] and
others [23, 24] have shown that heritable diseaswg are over-represented among
tissue-specific genes. Cancer being a genetic shsé@sue-specific gene expression
data was considered as a key functional gene w@iitrib this study.

DNA Methylation as epigenetic modification

Cancer is equally regarded as an epigenetic dissasauch as it is accepted as a
genetic disease. DNA methylation is an epigenebdification exquisitely controlled
during early development in the normal cell resigitin distinct methylation patterns.
However, methylation patterns are altered in cancoells as shown in
hypomethylation of oncogenes and hypermethylatfommor suppressor resulting in
gene silencing or gene inactivation [12, 13]. Maeylular pathways are inactivated
by this type of epigenetic lesion: apoptosis (DAPBINA repair (BRCA1, MGMT),
cell cycle (p16(INK4a), pl4(ARF)), cell adhesion}@l, CDH13), detoxification
(GSTP1), [14] etc. There is mounting evidence topsut that the alteration in DNA
methylation is a hallmark of cancer and this feattould be used for diagnostic and
therapeutic applications [15, 16]. Although, tret bf genes aberrantly methylated in
cancer is growing, recent genome scale analysklauofan colon cancer methylome
[11] provide an excellent coverage of methylati@tadfor over 3000 human genes
that is selected for this study.

Post-trandlational modification (PTM)

Post-translational modifications at the protein elevare principal regulatory

mechanism in eukaryotes and key proteins drivingpgenesis, can undergo PTMs.
Experimentally, PTM data are not obtainable by geamays and therefore, this
attribute complements genomic data from gene egmesnd links kinase singaling
pathways into this analysis. Although phosphorgiatis partially covered in kinases



section, other PTMs such as glycosylation [17] abdjuitination [25] reported to
play a role in malignancies, are included sepdtatetional gene attributes.

Cancer Pathways

Genetic and epigenetic defects in cancer relatedeggeautomatically lead to
dysregulation of respective signalling pathwaysiunber of key signaling pathways
are also referred to ‘cancer pathways’ as defectease pathways allow cancer cells
to alter their normal programmes of proliferatigmpwth, migration, differentiation
and death. Aberrant activation of cancer pathwags lbeen linked to number of
human malignancies including leukemias, lymphonras$ @arcinomas of the breast,
colon, esophagus, pancreas, prostate, cervix addeys. Previous studies have
focussed on specific pathways where only one of éewdidate genes have been
measured either for a potential biomarker or asug thrget [26]. However, in this
study we have integrated comprehensive pathway fdatall the available cancer
signalling pathways that are generally applicableancer. Our data comprises of ten
cancer signaling pathways (with 768 genes) fromualiply available resource,
NetPath which is a manually curated resource ofeasignal transduction pathways.
They include EGFR (Ras/Raf/MAPK signaling module®g @ncluded), NF-kB,
Wnt/B-catenin, TGF-Beta receptor (TP53 and Rb patfsnare included in TGFBR)
and Notch signaling pathway. Additional informatifmm each pathway and their role
in various cancer types can be fountitab://www.netpath.org

Results and Discussion

Targeting cancer pathways to discover novel genesin colorectal cancer: Defects

in key cell-signaling pathways re-program biologjipaocesses, including those of
proliferation, transcription, growth, migration ffdirentiation and death. The roles of
several cancer-pathway genes remain incompletglioeed in different cancer types,
especially in CRC. Therefore, we took an indepehd@gproach to analyze cancer
pathways (TGF beta Receptor, NOTCH, WNT pathwag3 and integrated them
with the candidate genes from the current studprdier to predict potential candidate
genes for colorectal cancer using the cancer pathwa simply integrated the top
differentially expressed or condition specific gerteat were associated with well
known cancer pathways. A total of 17 candidate gemere identified (Table 3). The
highest number of candidate genes were preseheiBGFR pathway (GJAL, KRT7,
RGS16, SH2D3C, SOCS3), followed by four genes (HEBES6, MEF2C,
NOTCH3) in the NOTCH signaling pathway. FinallyetlisAS1 or Growth arrest-
specificl gene was predicted from the Hedgehogwaath GAS1 is considered a
putative tumor suppressor gene, and its role iragtasis is shown in melanoma cells.
We observed a three-fold increase in GAS1 exprads@mn adenoma to carcinoma,
and therefore it is an important candidate thatravds further experimental
characterization. The cancer pathways were tredifferently in this analysis as
members of cancer pathways themselves are impatenigh to host a number of
potential candidates due to their documented mleancer progression, and support
from other functional attributes may be less retgv@ihese results should compliment
other similar studies [27] where-silico strategies have been used to map the patterns
of oncogenic pathways from expression profiles fiamiorectal cancer patients.

Table S1: Thetop candidate genesinvolved in cancer pathways
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M ethods:

The ldentification of Differentially Expressed Genes

Let x; indicate the MAS5 expression intensity signallaitth gene averaged across
all samples from th@¢th condition wherg = 1, 2, 3, and 4, for Normal, Adenoma,
Carcinoma, and Inflammation, respectively. Coningstx; for Carcinoma against

each of the other three conditions, we considehedet measures of differential
expression (DE) as follows:

1. Carcinomaversus Normal: DE1= X3 — X1
2. Carcinomaversus Adenoma: DE2= X3 — X2
3. Carcinomaversus Inflammation: DE3= X3 — X4

Following [27], a two-component normal mixture mbdeas fitted to identify the DE
genes.

f(d; @) =, g ld: sy, 02) + 7 @l 1, 7).

whered denotes the vector of DE measures for all of theege and the two
components in the mixtures correspondng:(e) for the empirical null normal density

with the meany (not necessarily zero) and varianeg (not necessarily one),
encapsulating the non-DE genes; @ﬁd) for the non-null distribution corresponding
to the DE genes. Finally, the mixing proportiorrs and 7z, were constrained to be

non-negative and sum to unity. Across the four skt the parameters of the mixture
model were estimated using the EMMIX-GENE softw@&.

Using an estimated experiment-wise false discovaty (FDR) of < 1%, we found
444, 658 and 179 DE genes for DE1, DE2, and DEpedively.

Gene expression data:

The original raw data (CEL files) for the 53 chipsgere normalized and log2-
transformed using the MAS5 algorithm (Affymetrixyadlable in the Bioconductor
package simpleaffy. Using the MAS5 detection cdility, the probes yielding a
marginal or absent signal in all 53 hybridizatievere removed from further analyses.
As a result, we retained 1,846,732 expression sitiesignals across 34,844 probes
that were annotated to 21,892 unique genes.

Cancer pathways. Cancer pathways

Ten cancer-signaling pathways with their respecgeee members were downloaded
from the NetPath database [48]. NetPath is a mbnoatated resource of signal
transduction pathways in humans. Data for the Wwahg cancer pathways were
downloaded: Alpha6 Beta4 Integrin (55), Androgencétaor (92), EGFR (177),
Hedgehog (21), Inhibitor of DNA binding (ID) pathwg28), Kit Receptor (65),
NOTCH (79), TGFBR(153), TNF-alpha/NF-kB (189) and\W Signaling Pathway
(105). A total of 768 unique genes were includethis study. A total of 768 unique
genes were included in this study.



The Always Conserved Network Analysis
Power law distribution of network connectivity in Always Conserved network

Power Law R-Square = 90.4%
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Top 30 hub genesin the always conser ved networ k
Gene ID Number of Number of
(Nodes) Connections (Edges) Gene ID (Nodes) Connections (Edges)
CDKN2B 56 CD93 41
GPR116 55 CDH5 41
SERPINE1 55 GUCA2B 41
CD248 54 MGC13057 41
NR5A2 53 DHRS11 40
SLC4A4 53 CALD1 39
SPARC 53 CCDC3 39
BGN 51 COL1A2 39
COL4A1 48 HHLA2 38
ITGAS 47 LOXL2 38
PKIB 47 ARL14 37
COL15A1 46 CTHRC1 37
COL5A2 43 EDNRA 37
FCGR3B 43 ILBRB 37
HPGD 43
COLG6A3 42




Analysis of Always conserved gene co-expression networks: sub-networks
predicted from MCODE and GO enrichment from BINGO plug-ins. Over-
represented GO categories for each sub-network with statistically significant p-

values ar e shown.

Sub-network 1:

Over-represented GO categories

GO-ID p-value Description Genes in the sub-network
CTHRC1,COL4A1,COL3A1,COL1A2,COL15A1,CO
6817 | 2.40E-10 | phosphate transport L1A1,COL5A2
response to external TNFAIP6,IL8RB,PROK2,C5AR1,S100A8,S100A9,C
9605 | 5.03E-09 | stimulus OL3A1,FPR1,IL1B,COL1A1,FPR2
response to chemical ILBRB,PROK2,C5AR1,PTGS2,AQP9,S100A9,COL3
42221 | 5.12E-09 | stimulus Al1,FPR1,IL1B,COL1Al,FPR2
ILBRB, PROK2, C5AR1, S100A9, FPR1, IL1B,
6935 | 5.54E-09 | chemotaxis FPR2
CTHRC1,COL4A1,COL3A1,COL1A2,COL15A1,CO
15698 | 1.27E-08 | inorganic anion transport | L1A1,COL5A2




Sub-network 2:

Over-represented GO categories

GO-ID p-value Description Genes in the sub-network
MUPCDH,EGFL6,COL6A3,COL6A1,VCAN,LAMC1
7155 | 5.09E-06 | cell adhesion ,COL5A3,COL5A1,CDH5
6820 | 4.17E-05 | anion transport | COL6A3,COL6A1,COL5A3,SLC4A4,COL5A1
EDN3,IL8,CALD1,COL5A3,COL5A1,GJC1,EDNRA,
SLC17A4,COL6A3, TUBAL3,COL6AL1,LAMC1,SLC4
51179 | 2.07E-04 | localization A4,PDZD3,HIP1
developmental | EDN3,IL6,IL8,EGFL6,FBN1,SPARC,COL5A3,MMP
32502 | 4.55E-04 | process 2,GJC1,COL6A3,VCAN,LAMC1,NR5A2, HIP1
multicellular
organismal EDN3,IL8,EGFL6,FBN1,COL6A3,VCAN,LAMCL1,S
7275 | 5.64E-04 | development PARC,NR5A2,COL5A3,MMP2,GJC1




Sub-network 3:

Over -represented GO categories

GO-ID p-value Description Genes in the sub-network
IL6,FGF9,ERBB2,COL3A1,NOTCH3,ACVR1B,
negative regulation of HIF1A,CDKN2B,CNTN4,MYC,PDZD3,HPGD,T
48519 | 2.65E-06 | biological process WIST1
negative regulation of NOTCH3,ACVR1B,IL6,HIF1A,CDKN2B,FGF9,E
48523 | 8.86E-06 | cellular process RBB2,CNTN4,HPGD,PDZD3,MYC, TWIST1
positive regulation of
8284 | 2.57E-05 | cell proliferation IL6, HIF1A, CXCL5, FGF9, ERBB2, MYC
enzyme linked receptor
protein signaling ACVR1B,ERBB2,COL3A1,COL1A2,HPGD,PDZ
7167 | 3.89E-05 | pathway D3
positive regulation of
9967 | 7.86E-05 | signal transduction ACVRI1B,IL6,HIF1A,CDKN2B,FGF9
response to chemical GCG,IL6,HIF1A,CDKN2B,AQP9,CXCL5,COL3A
42221 | 1.30E-04 | stimulus 1,PDZD3
positive regulation of NOTCH3,ACVR1B,EDN3,IL6,HIF1A,CDKN2B,
51242 | 1.65E-04 | cellular process CXCL5,FGF9,ERBB2,MYC
regulation of cell
42127 | 1.84E-04 | proliferation IL6,HIF1A,CDKN2B,CXCL5,FGF9,ERBB2,MYC




Sub-network 4:

Over-represented GO categories

GO-ID p-value Description Genes in the sub-network
44255 | 1.79E-03 | cellular lipid metabolic process | SEMA6D,AKR1B10,HSD11B2,HPGD
8610 | 2.03E-03 | lipid biosynthetic process SEMA6D,HSD11B2,HPGD
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Sub-network 5:

Over-represented GO categories

GO-ID p-value Description Genes in the sub-network
COL18A1,DLCL,ITGA5,TNC,COL6
7155 1.18E-05 | cell adhesion A2,COL12A1
extracellular structure
43062 3.94E-05 | organization and biogenesis TNC,COL6A2,COL12A1
6817 6.50E-05 | phosphate transport COL18A1,COL6A2,COL12A1
15698 3.46E-04 | inorganic anion transport COL18A1,COL6A2,COL12A1
7588 5.94E-04 | excretion GUCA2B,SCNN1B
multicellular organismal COL18A1,DLC1,ITGA5,TNC,CYP2
32501 2.82E-03 | process 6B1,COL12A1,GUCA2B,SCNN1B

11




Top Transcription Factors predicted by RIF 1 and RIF 2 algorithm

RIF1
Functional

Gene RIF1 RIF2 TS | Attributes | Normal | Adenoma | Carcinoma | Inflammation
SAP18 -3.38 0.51 0 10000 11.24 11.46 11.37 11.07
CDK8 -3.22 1.56 0 10100 8.42 8.75 8.96 8.29
NR3C1 -3.16 0.31 0 11001 9.13 7.86 8.82 9.32
ZNHIT3 -3.11 1.38 0 10000 8.93 9.32 9.02 8.68
NFYC -2.91 0.96 1 10000 8.93 8.71 8.62 8.70
KLF13 -2.80 1.99 0 11000 10.48 10.03 10.19 10.37
GATA3 -2.79 0.07 0 10001 7.49 6.78 7.21 7.86
ZNF43 -2.79 0.98 0 10000 8.37 6.57 7.51 7.68
RORC -2.78 0.75 0 10000 7.70 8.00 6.91 7.13
PROX1 -2.72 -0.03 0 10001 7.70 8.85 7.76 7.47
TSC22D4 | -2.70 0.38 0 10000 6.63 6.20 6.16 6.48
EPC1 -2.68 1.85 0 10000 9.55 9.22 9.21 9.49
BRPF3 -2.66 1.87 0 10000 8.36 7.56 7.97 7.81
RFX5 2.62 0.24 0 11000 8.02 8.50 8.40 8.70
SNAPC1 | 2.68 2.09 0 10000 6.33 7.14 6.93 7.02
HIF1A 2.70 0.73 0 11000 11.03 11.36 11.59 11.99
ESRRA 2.70 0.35 0 11000 9.95 9.64 9.44 9.31
KLF2 2.76 -0.10 1 10000 8.18 8.14 9.07 9.67
ELK3 2.91 1.28 0 11000 8.30 8.78 9.23 9.39
PHF13 3.06 1.85 0 10000 7.99 8.59 8.49 8.49

RIF2
Functional

Gene RIF1 RIF2 TS | Attributes | Normal | Adenoma | Carcinoma | Inflammation
PIR 0.56 2.19 0 10000 6.79 7.10 7.13 7.33
CIP29 -0.03 2.19 0 10000 9.13 9.56 9.48 9.56
NR4A1l -0.24 2.21 0 11000 6.67 7.21 7.34 7.10
SAP30 1.13 2.21 0 11010 7.68 8.40 8.54 8.32
ZNF397 0.58 2.27 0 10000 8.02 7.82 7.50 7.52
MAFF 1.66 2.30 0 10000 8.00 9.09 9.05 9.57
PHF19 -0.42 2.31 0 10000 6.65 8.19 7.72 7.46
STRAP -0.45 2.36 1 10000 10.89 11.38 11.33 11.07
KLF3 0.02 2.38 0 10000 11.16 10.76 10.93 10.61
MAML3 -0.14 2.40 0 10000 8.61 8.32 7.90 7.67
SETD7 0.91 2.42 0 10000 9.43 10.06 10.19 9.98
NR5A2 0.31 2.48 1 10001 9.46 7.65 8.34 8.56
DDX21 0.24 2.50 0 11000 10.13 11.22 10.93 10.45
SMAD7 -0.80 251 0 11000 9.46 8.93 8.67 8.67
GTF3A -0.77 2.57 0 10000 10.48 11.11 11.07 10.80
TEADA4 -1.49 2.61 0 10000 6.22 7.65 7.43 7.17
TCEB1 -1.45 2.68 0 10000 10.08 10.55 10.62 10.21
NFE2L3 | -1.68 2.73 0 10010 7.21 9.06 8.58 8.01
CEBPB 1.63 3.11 0 11000 10.34 11.27 11.63 11.62
NCOA7 0.28 3.19 1 10000 10.10 11.50 11.19 11.57
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