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Abstract

Identification of cancer subtypes based on molecular knowledge is crucial for improving the patient diagnosis, prognosis,
and treatment. In this work, we integrated copy number variations (CNVs) and transcriptomic data of Kidney Papillary
Renal Cell Carcinoma (KIRP) using a network diffusion strategy to stratify cancers into clinically and biologically relevant
subtypes. We constructed GeneNet, a KIRP specific gene expression network from RNA-seq data. The copy number varia-
tion data was projected onto GeneNet and propagated on the network for clustering. We identified robust subtypes that are
biologically informative and significantly associated with patient survival, tumor stage and clinical subtypes of KIRP. We
performed a Singular Value Decomposition (SVD) analysis of KIRP subtypes, which revealed the genes/silent players related
to poor survival. A differential gene expression analysis between subtypes showed that genes related to immune, extracel-
lular matrix organization, and genomic instability are upregulated in the poor survival group. Overall, the network-based
approach revealed the molecular subtypes of KIRP and captured the relationship between gene expression and CNVs. This
framework can be further expanded to integrate other omics data.

Keywords Network diffusion - Kidney papillary renal cell carcinoma - Multi-omics data - Gene interaction networks

Introduction

Pathologists traditionally classify cancers based on histo-
logical appearance and site of origin. However, this may not
capture all the variations of the disease due to the different
molecular aberrations comprising somatic mutations, copy
number variations (CNVs) and DNA methylations (Zhao

Keerthi S. Shetty, Aswin Jose and Mihir Bani contributed equally to
this work.

< P. K. Vinod
vinod.pk @iiit.ac.in
Keerthi S. Shetty
keerthi.shetty @ihub-data.iiit.ac.in

Aswin Jose
aswin.jose @research.iiit.ac.in

Mihir Bani
mihir.bani @research.iiit.ac.in

Center for Computational Natural Sciences
and Bioinformatics, IIIT Hyderabad, Hyderabad 500032,
India

et al. 2019). Therefore, cancer is viewed as a heterogene-
ous disease with different subtypes. The stratification of
cancer patients into clinically relevant subtypes based on
different kinds of omics data (genomic, transcriptomic, and
epigenomic) is crucial for precision medicine, which can
improve patient diagnosis, prognosis, and treatment. Papil-
lary renal cell carcinoma, which accounts for 15-20% of kid-
ney cancers, is heterogeneous with histologic subtypes and
variations in both disease progression and patient outcomes.
KIRP has two main subtypes: Type 1, which is often multi-
focal, is characterized by papillae and tubular structures cov-
ered with small cells containing basophilic cytoplasm and
small, uniform, oval nuclei (Delahunt and Eble 1997). Type
2, which is more heterogeneous, is characterized by papil-
lae covered with large cells containing eosinophilic cyto-
plasm and large, spherical nuclei with prominent nucleoli
(Delahunt and Eble 1997, Linehan et al. 2016). The Cancer
Genome Atlas (TCGA) of KIRP provides molecular charac-
terization at multiple levels, including copy number varia-
tions and transcriptomic data. Multi-omics data can be inte-
grated to generate molecular insights, stratify patients and
build predictive models. Previously, we have characterized
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the metabolic alternations of KIRP at the genome-scale level
and developed predictive models based on transcriptomic
and DNA methylation data to predict tumor stages of KIRP
(Singh and Vinod 2020; Pandey et al. 2020; Singh et al.
2018). To identify KIRP subtypes from multi-omics data,
we require an integrative method with the objective of clus-
tering samples into disease subtypes.

The development of integrative methods for multi-omics
data fusion is one of the major challenges in cancer infor-
matics. Network Diffusion (ND) provides a powerful strat-
egy for integrating multiple datasets by estimating the prox-
imity between genes associated with one or more data types.
Different single-omics studies have used ND approach to
stratify specific cancer samples into relevant subtypes using
a priori network (Hofree et al. 2013; Zhong et al. 2015;
Fujimoto et al. 2016; Liu and Zhang 2015). Here, ND was
applied to a binary somatic mutation matrix (genes-by-sam-
ples) that transforms it into a continuous activation profile.
The resulting propagated matrix was clustered using a net-
work-constrained non-negative matrix factorization (NMF)
to find k patient groups. Gene-expression based analysis also
essentially applies the ND strategy to a binary genes-by-
samples matrix that represents the significantly expressed
genes (Wu et al. 2015). The ND framework is also used for
the integrative analysis of multi-omics data. The integration
can be performed before, during, and after the ND step. It
is also shown that propagating mutations with an irrelevant
network may lead to erosion of pathway signals affecting the
identification of subtypes. Therefore, the inference of a dis-
ease-specific network for ND may help in effective disease
subtyping. Seifert and Beyer (2018) proposed a model with
each gene expression changes as a linear combination of its
own copy number and expression of other putative regula-
tors for network inference followed by ND. He et al. (2017)
showed improved stratification by constructing a cancer-spe-
cific co-expression network and integrating mutation data.

In this work, we propose a simple network diffusion strat-
egy for integrative analysis of CNV and gene expression
data to effectively stratify patients into clinically relevant
subtypes and identify silent players in KIRP. A KIRP-spe-
cific network was constructed based on integrating a priori
human protein-protein interaction (PPI) network PCNet
(Huang et al. 2018a) and gene expression data of KIRP
(referred to as GeneNet). The CNV data were projected onto
the GeneNet and propagated on the network for clustering.
Using GeneNet, we identified two robust subtypes that are
biologically informative and have a strong association with
clinical outcomes, such as patient survival, tumor stage and
clinical subtypes of KIRP. We also compared the perfor-
mance using the whole PCNet network and curated Can-
cer Reference Network (CRN) (Huang et al. 2018b; Forbes
et al. 2017; Hanahan and Weinberg 2011; Iorio et al. 2016;
Vogelstein et al. 2013). We observed that stratification using
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GeneNet outperformed the ones using PCNet and CRN. Fur-
ther, we performed Singular Value Decomposition (SVD)
analysis of cluster subtypes, which revealed CNVs associ-
ated with poor survival cluster. Interestingly, this approach
also revealed the genes which are not directly affected by
CNVs in KIRP (called silent players). Furthermore, the dif-
ferential gene expression analysis between these two KIRP
clusters showed pathways specific to poor survival and the
relationship between gene expression and copy number vari-
ation data.

Methods
Data preprocessing

KIRP CNV data processed using GISTIC2 pipeline (Primary
solid tumor) was downloaded from https://gdac.broadinsti
tute.org/. This comprises of focal amplifications and dele-
tions with 5913 genes across 288 samples (Table S1). The
copy number amplifications (gain) and deletions (loss) were
treated equally as altered events. The processed data are rep-
resented as a binary matrix (0 or 1), where 1 means that the
gene has been altered by genomic change. RNAseq gene
expression (raw count) data of KIRP was downloaded from
the GDC portal (https://portal.gdc.cancer.gov/).

The microarray data of KIRP (GEO accession number
GSE2748) obtained using Affymetrix HGU133 Plus 2.0
arrays platform was used for validation. The microarray
data were pre-processed using Robust Multi-array Aver-
age (RMA) method (Irizarry et al. 2003), which performs
background correction, quantile normalization, and summa-
rization. This dataset includes 22 and 12 samples in class 1
(better survival) and class 2 (poor survival), respectively.

Reconstruction of the gene expression network

KIRP specific gene expression network, GeneNet, was
reconstructed based on differential expressed genes (DEGs)
between tumor and tumor-matched normal samples of
KIRP. We performed differential gene expression analy-
sis by using DESeq2 (Love et al. 2014) to identify DEGs
with adjusted p value (p-adj) cutoff of less than 0.05 and
|log,(fold change)| > 1. Interactions between DEGs were
obtained based on the protein—protein interaction network
PCNet to form KIRP-specific GeneNet, which contains
4320 genes and 166,644 interactions. We also considered
PCNet (Huang et al. 2018a) ( 19,781 genes, 2,724,724
interactions) and curated Cancer Reference Network (CRN)
(Huang et al. 2018b; Forbes et al. 2017; Hanahan and Wein-
berg 2011; Torio et al. 2016; Vogelstein et al. 2013) (2291
genes, 204453 interactions) for this study. A summary of
different networks and their overlap is shown in Fig. 1a. The
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Fig. 1 a Overlap of different networks. b Overlap of networks considering only genes with CNVs

CNYV binary matrix was mapped onto different networks:
GeneNet, CRN, and PCNet. Figure 1b depicts the extent of
overlap between network genes and CNV genes. The CNVs
that are considered for the analysis vary depending on the
network.

Network diffusion for integrative analysis of CNVs
and gene expression

We adopted Network-Based Stratification (NBS) approach
proposed by Huang et al. (2018b) for integrative analysis
of CNVs and gene expression to stratify KIRP patients into
clinically relevant subtypes. Figure 2 depicts the pipeline
to identify subtypes of KIRP based on gene expression and
CNVs. The input to the pipeline is a matrix of binary values
describing tumor samples CNV data (i.e., patients X genes
matrix) and the second input is the GeneNet network derived
from gene expression data. A regularization graph for net-
work-regularized non-negative matrix factorization (net-
NMEF) was constructed using the gene interaction network.
A K-nearest neighbor (KNN) network was constructed from
the gene interaction network matrix (Vandin et al. 2011),
and graph Laplacian of this network was used in the non-
negative matrix factorization.

Since the CNV matrix is sparse, a gene-by-gene matrix
describing the influence of each gene on every other gene
in the network was pre-computed by random-walk propa-
gation. This propagation kernel was computed by inde-
pendently propagating all genes in the gene interaction

network. After the pre-computation of the regularization
graph Laplacian and the network propagation kernel, the
core steps of NBS were performed multiple times to pro-
duce multiple clusterings that were used in the consensus
clustering step. The clustering was performed with the
following steps:

1. Subsampling rows (samples/tumors) and columns (net-
work genes) of the binary CNV matrix. 80% of rows and
columns were subsampled.

2. Network propagation of the subsampled binary CNV
matrix with coefficient (@) set to 0.7. After testing mul-
tiple values between 0.5 and 0.8, a = 0.7 showed to pro-
duce robust results.

3. Quantile normalization of the network-smoothed muta-
tion data to ensure that the smoothed profile for each
patient follows the same distribution.

4. Non-negative Matrix Factorization (NMF) was used to
decompose the matrix into k clusters. It decomposes
the matrix into two lower rank non-negative matrices
whose product can reasonably approximate the original
matrix (Lee and Seung 1999). We applied network-reg-
ularized NMF to constrain NMF to respect the structure
of the underlying gene interaction network as previously
described (Cai et al. 2008). The objective is to minimize
the following function:

miny o IIF — WHI|3. + Atrace(W'LW) 1)
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where ||.|| denotes the matrix Frobenius norm, W and H
form a decomposition of the patients X genes matrix F,
with entries in both W and H non-negative. W is a col-
lection of basis vectors or “metagenes’, and H is the basis
vector loadings. L is the graph Laplacian of a k-nearest-
neighbor network. We set the number of nearest neigh-
bours k = 11 as previously described by (Hofree et al.
2013). A is the regularization parameter and the value was
set to a default value of 200 (Cai et al. 2008). The iterative
algorithm proposed by Cai et al. (2008) was used to find
the solutions W and H. The iterations were run until the
objective function converges.

@ Springer

Graph-regularized NMF

Step 5 \l/

Consensus clustering

Robust clustering was achieved by applying consensus
clustering (Monti et al. 2003; The Cancer Genome Atlas
Research Network 2011, 2012; Verhaak 2010) to produce
the final subtypes. The randomly subsampled clustering was
repeated 100 times for GeneNet, CRN and 1000 times for
PCNet after testing for multiple values for convergence. The
results of the multiple clustering make up the patient—patient
similarity matrix. This matrix records the frequency of the
sampling of each pair of patients and the rates at which
the pairs were clustered in the same group amongst all
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replicates. Hierarchical clustering with average linkage was
performed using this similarity matrix.

The goodness of the cluster separation was assessed using
the cophenetic correlation coefficient (ccc) value (Brunet
et al. 2004). Clusters that exhibit clear patterns have ccc
values over 0.99 (Zhong et al. 2015). The stability of the
clusters was assessed by the Proportion of Ambiguous Clus-
tering (PAC) (Senbabaoglu et al. 2014). If PAC is < 30%, the
clusters are stable. The ccc and PAC were calculated using
R package "NMF’ and ’diceR’ using cophcor() and PAC(),
respectively. We also calculated Silhouette Width (SW) to
assess whether samples are well clustered or not. Its value
ranges from 1 to —1, with higher value indicating the sample
is well clustered.

Characterizing the clinical, CNVs and gene expression
differences in KIRP subtypes

To study the survival difference between the identified sub-
types, Kaplan—Meier survival curves and Log-rank tests
were performed for each identified subtype (clusters) to test
the association of subtypes with survival. Fisher’s exact tests
were used to test the association of subtypes with tumor
stage and KIRP subtypes. Further, genes that show sig-
nificant CNV in each subtype were identified based on the
binary CNV matrix and propagated CNV matrix. We applied
Singular Value Decomposition (SVD), which helps to iden-
tify CNVs that show maximum variances. The propagated
CNV matrix was used to identify genes that are not directly
affected by CNVs. We also identified the DEGs between
the clusters using DESeq2. The biological processes and
pathway enrichment of DEGs were performed using Enrichr
(Kuleshov et al. 2016).

Survival Probability

Results
Network-based subtyping of KIRP

We studied the clustering patterns of KIRP patient sam-
ples based on CNV data by applying the network diffusion
approach with KIRP specific GeneNet, CRN, and PCNet.
The quality of clustering was assessed in two ways:

(i) The calculation of metrics like ccc, PAC and SW.
(i1)) The significance of association between clusters and
clinical information.

We tested for different cluster numbers, i.e., K = 2-6.
Table 1 displays the results of significant associations
between identified subtypes and survival in KIRP using
different networks. The clustering map for each of the
networks is shown in Fig. 3a and Fig. S2a and S3a. We
observed similar clustering patterns with clusters K = 2
for three different networks with high ccc and SW val-
ues and low PAC values (Table 1). We also tested for
different numbers of nearest neighbours (k = 8, 10, 12,
15, 25) and observed only small changes in the outcome.
Similarly, varying the regularization parameter (4 = 100,
300, 500) did not impact the outcome (data not shown).

Table 1 Significant associations between identified subtypes (clus-
ters) and survival in KIRP using different networks

Network K p value SW CCC PAC (%)
GeneNet 2 0.002 0.95 0.98 15
CRN 2 0.006 0.95 0.98 17
PCNet 2 0.04 0.96 0.99 15
GeneNet Survival Plot
Lo T —— Group 1 (n=100)
" Group 2 (n=174)
0.9 ’»W "
0.8 "'1
i
0.7 t
0.6 p=0.0026
0.5 . ; . , . , —
0 250 500 750 1000 1250 1500 1750

Time (Days)

Fig.3 a Clustering pattern of KIRP samples using GeneNet and CNV data. b KM plot showing survival difference between clusters that are

obtained using GeneNet
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Further, we found that clusters are not stratified properly
if the clustering is performed without a network (Fig. S1).

Association of KIRP subtypes with clinical data

A significant association between two cluster subtypes
and survival is observed with different networks (Fig. 3b,
Fig. S2b, Fig. S3b). The stratification with GeneNet out-
performed compared to CRN and PCNet. The cluster-wise
distribution of KIRP subtypes and tumor stages shows
that most samples in poor survival cluster (cluster C1) is
associated with KIRP Type 2 subtype and consists of most
number of stage 3 and 4 samples (late stages) (Fig. 4 and
Fig. S4-S5). These observations demonstrate that KIRP
network-based stratification reveals subtypes with strong
clinical association and is consistently observed using
three different networks.

Identifying subtype-specific altered genes

The CNV landscape of two clusters obtained using GeneNet
shows that poor survival cluster C1 is predominantly associ-
ated with copy number loss compared to the better survival
cluster C2, which has more amplification(Fig. 5). We also
applied SVD to the network-smoothed matrix and binary
matrix of CNV data to identify the top 100 genes in each
cluster. Figure 6 shows the overlap of cluster-specific genes
of KIRP obtained using these matrices. The analysis using
the binary matrix resulted in unique CNVs in each cluster.
The Cluster C1 was characterized by 1p36.31, 14q24.2 dele-
tions and C2 was characterized by 17¢23.2, 7¢q31.2, 7p11.2
amplifications. Cluster C2 genes obtained using network-
smoothed data showed significant overlap with candidates
obtained based on the binary matrix. Genes of Cluster C2
are related to integrin-mediated cell adhesion and nucleotide
metabolism. On the other hand, Cluster C1 candidate genes
show only a few overlaps. We found 77 unique genes from
network-smoothed data, 59 out of which map to CNV data,

Cluster C1 Cluster C2
a Stage 1
Stage 1
(40)
(119)
Stage 2
(4)
®) Stage 4
Ny an
Stage 4
(35) (16) Stage 3
Stage 3 Stage 2
" Cluster C1 — Cluster C2
Type 1
(62)
(13)
Type 2 (35)
(13)
(13) Unclassified
(21)
Unclassified
Type 2

Fig.4 a Association of Clusters C1 and C2 obtained using GeneNet
with tumor stage. A significant difference in the distribution of stages
between clusters is observed (p value=2.02e—08) by Fisher’s exact
test. b Association of Clusters C1 and C2 obtained using GeneNet
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with KIRP subtypes. A significant difference in the distribution of
KIRP subtypes between clusters is observed (p value=2e—07) by
Fisher’s exact test
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C1_smoothed_cnv

</

Fig.6 Overlap of genes specific to the KIRP clusters C1 and C2
obtained from binary and smoothed CNV matrices using SVD
approach. Cluster C1 specific CNVs: Cl_smoothed_cnv and CI_
binary_cnv. Cluster C2 specific CNVs: C2_smoothed_cnv and C2_
binary_cnv

C2_smoothed_cnv

C1_binary_cnv

while the rest, 18, are not directly affected by CN'Vs. These
18 candidate genes emerge as a result of the network propa-
gation, which helps identify silent players. The identified 18
genes are: INS, ALB, TCF4, CAMK2B, NTRK1, EGF, F2,
NEUROD?2, IL6, CXCL8, JAK3, PRL, ACTA2, CYP2C9,
PDGFRA, E2F1, FGFR2, ITGA2. We observed that these
18 genes are significantly enriched for Pathways in Cancer,
PI3K-Akt signaling pathway, Prostate Cancer, Regulation
of actin cytoskeleton, JAK-STAT signaling pathway, Ras
signaling pathway, Calcium signaling pathway, and HIF-1
signaling pathway.

Identifying differentially expressed genes
between subtypes

We performed differential gene expression analysis to
identify DEGs between the two clusters obtained using
GeneNet. We found that the 642 genes are downregulated
and 3371 genes are upregulated (adjusted p value < 0.05,
|log,(fold change)| > 1) in the poor survival cluster C1. This
contrasts with CNV data which showed more deletions than
amplifications in the poor survival group. The upregulated
genes are associated with cytokine—cytokine receptor inter-
action, complement cascade, immunoglobulin receptor bind-
ing, signaling by VEGF, Extracellular matrix organization,
Kinesins and cell cycle (adjusted p value< 0.05). The cor-
relation between upregulated genes and survival in KIRP
was also analyzed. The higher expression of genes in these
pathways affects patient survival in KIRP. The upregula-
tion of kinesins (CENPE, KIF18A, KIFC1, KIF4A, KIF2C,
KIF11, KIF3C, KIF20A, KIF15, CENPA, CENPF, TOP2A,
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GeneNet

DEG_upgenes

DEG_downgenes

Fig.7 Overlap of differentially expressed genes with GeneNet and
CNVs

TPX?2) and cell cycle (CDC20, CCNB2, CCNB1, BUBI1B,
CDC25C, NDC80, FOXM1, RRM2, MYBL2) genes in poor
survival group may indicate an increase in genomic instabil-
ity in KIRP. The expression of FLT1 and VEGFA in the poor
survival group is high, suggesting angiogenesis may play a
role in cancer progression. The expression of IL15RA and
IL20RB in JAK-STAT signalling and TWIST1 involved in
epithelial-mesenchymal transition (EMT) is also associated
with poor survival (KIRP cluster C1).

The DEGs obtained between the clusters was further veri-
fied using an independent microarray data. We performed
DEG analysis using GEO2R (Barrett et al. 2013) between
two groups: class 1 and class 2, which show survival dif-
ferences. We observed most candidate genes belonging to
kinesins family and cell cycle are upregulated in the poor
survival group, consistent with our clustering results.

Relationship between gene expression and CNV data
in KIRP

Figure 7 represents the overlap of differentially expressed
genes between two identified clusters with GeneNet and
CNVs. 283 up-regulated genes in the poor survival group
overlap with CNVs (Table S2). We observed that 76 genes
are amplified, and their expression is up-regulated in the
poor survival group (cluster C1). Table 2 displays the rela-
tionship between the up-regulated genes and CNVs. The
22 down-regulated genes in the poor survival group also
overlap with CNVs (Table S3). We found that 17 genes are
deleted and their expression down-regulated in the poor sur-
vival group. Table 3 displays the relationship between the
down-regulated genes and CNVs. Further, it can be observed
that most DEGs between clusters show less overlap with
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Table 2 List of up-r egulated Genes Cytoband log,FC Genes Cytoband log,FC

genes in poor survival group

overlapping with GeneNet and CPLX2 5¢35.3 5.514898 SST 3q26.31 3.585653

CNVs GPR87 342631 3.140913 SUCNRI 392631 2743622
SHOX2 3q26.31 2737492 TBX4 17q23.2 2.686825
TLX3 5¢35.3 2.678660 TMEM?207 3q26.31 2.509615
GIP 17q23.2 2.505385 RTP2 3q26.31 2.476133
C5orf46 5¢35.3 2.436666 CLDN11 3q26.31 2.165281
TEX19 17¢23.2 2.139518 CA4 17q23.2 2.121938
HRG 3q26.31 2.056223 FAT2 5¢35.3 1.966245
FOXII 59353 1.939237 EPHB3 3q26.31 1.885303
HTR3C 3q26.31 1.856657 SNCB 5¢35.3 1.843131
KNG1 3q26.31 1.822792 CACNG5 17q232 1.788486
SPINK13 5¢35.3 1.785771 C30rf80 3q26.31 1703210
CAMK2N2 3q26.31 1.694831 ADRAIB 5¢35.3 1.674463
CDC25C 5¢35.3 1.661267 NXPH3 17q2322 1.640833
FABP6 5¢35.3 1.616459 MECOM 3q26.31 1.608033
PPP2R2B 5¢35.3 1.604318 GABRB2 5¢35.3 1596282
SLC16A5 17¢23.2 1.550386 CAMK2A 5¢35.3 1547912
EBFI 5¢35.3 1.539271 GABRP 5¢35.3 1526010
GCGR 17¢23.2 1.522458 LRRC31 3¢26.31 1.519712
NOTUM 17¢23.2 1.489252 SCN4A 17¢2322 1.463961
NPTX1 17¢23.2 1.461581 CACNAIG 17¢232 1.458183
GFRA3 5¢35.3 1.453373 PCDHI 5¢35.3 1.447664
AADAC 3q26.31 1.444615 HOXBI13 17¢23.2 1.420125
KIF4B 59353 1.406033 KIF20A 5¢35.3 1.393249
SLC34A1 5935.3 1.381899 SLC36A2 5935.3 1373802
GPX3 59353 1.366102 IL12B 5935.3 1.349399
SYNPO 59353 1.331220 FLT4 5935.3 1.294444
TP63 3q26.31 1.276950 KCNIP1 5935.3 1.273421
PTTGI1 59353 1.269612 BIRC5 17¢23.2 1.241669
RTP1 3q26.31 1.237080 NEURLI1B 5¢35.3 1.232511
WNT9B 17q23.2 1.222900 HMMR 5935.3 1.175546
PRRI1 17q23.2 1.156051 SSTR2 17¢23.2 1.153727
NMUR2 5935.3 1.144714 PYCRI 17q23.2 1.123311
CA10 17¢23.2 1.116561 ZNF750 17¢23.2 1.086681
BTNL9 59353 1.074589 MSX2 5¢35.3 1.072187
BRIP1 17q23.2 1.047996 SERPINI1 3q26.31 1.042734
SLC7A14 3q26.31 1.023263 KLHL3 5935.3 1.019897
PFN3 5¢35.3 1.004210 DRDI 5¢35.3 1.004194

GeneNet. This suggests that our approach also captures the
intra-group variation in cancer samples compared to the
variation between normal and cancer samples.

Discussion

Accumulation of omics data by next-generation sequenc-
ing technologies provides the scope to identify cancer sub-
types. In this work, we adopted a network-based approach
to identify KIRP subtypes by integrating CNVs and gene

expression data, which may help to cluster patients based
on alterations in similar network regions. A KIRP-specific
network (GeneNet) was constructed from gene expression
data to integrate the copy number variation data. A net-
work diffusion of mutated genes and clustering revealed
two consensus clusters associated with clinical informa-
tion: patient survival, tumor stages, and histological sub-
types (Figs. 3 and 4). Identified clusters showed differ-
ences in the pattern of gene expression and CNVs, which
can help to distinguish clusters.
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Table 3 List of down-regulated genes in poor survival group overlap-
ping with GeneNet and CNVs

Genes Cytoband log,FC

RADS51AP2 2p12 —2.152967
CMAL1 14q24.2 —2.017084
LRFN5 14q24.2 —1.951584
SCN2B 11q23.3 —1.946861
LHB 19q13.42 —1.891491
COX6B2 19q13.42 —1.739315
TTLL2 6q25.3 —1.645787
CTSG 14q24.2 —1.552605
ZDHHC22 14q24.2 —1.503521
CLCNKB 1p36.31 —1.494294
PRKCG 19q13.42 —1.433049
PLCH2 1p36.31 —1.202188
NLRP9 19q13.42 —1.181815
CPNE7 16q24.2 —1.142501
VSIG2 11q23.3 —1.015379
DNAAF1 16q24.2 —1.014154
ASB18 2q37.3 —1.006950

We observed that stratification using GeneNet outper-
formed the one using the whole protein—protein network
(PCNet) or generic cancer network (CRN) (Table 1). Cluster
C1 is predominantly stages 3 and 4 samples (Type 2 papil-
lary subtype), and cluster C2 is stage 1 (Type 1 papillary
subtype). Cluster C2 was characterized by gain/amplifi-
cation, while cluster C1 was characterized by deletions
resulting in poor survival. It can be noted that the binary
matrix used for stratification does not distinguish between
amplification or deletion. This suggests that the deletions
(or amplification) in KIRP patients are mapped to similar
regions in the network, thereby clustering them together.
The gain/amplification in cluster C2 maps to chromosomes
7 and 17, consistent with changes in Type 1 papillary
subtype (Linehan et al. 2016). The known MET1 ampli-
fication is associated with this cluster. On the other hand,
the C1 cluster is majorly associated with the loss of /p36
and /4924 compared to the loss of 9p21 and 3p reported
in a few Type 2 papillary subtype samples. The candidate
genes include tumor suppressor ERRFI1, which inhibits
EGFR. It promotes apoptosis and positively correlates with
survival in different cancers (Cui et al. 2021). CASZ1 is
another tumor suppressor gene mapping to /p36, which is
deleted in different cancers (Bhaskaran et al. 2018). Another
tumor suppressor gene that is associated with cluster C1 is
PRDM16, which controls HIF-targeted gene expression in
kidney cancer and recruitment of immune cells in different
cancers (Kundu et al. 2020; Li et al. 2022). TNFRSF14 is
also deleted in cluster C1 and is known to control T-cell
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activation, and tumor-infiltrating leukocytes recruitment
(Aubert et al. 2021).

Network propagation of mutations helped identify can-
didates that show maximum variance due to the presence of
other CNVs in the neighborhood. The candidate genes are
enriched for cancer pathways. This approach also helped to
identify genes such as NTRK1, ALB, EGF, IL6, and CXCL8
that are not directly affected by CNVs but are in similar
network regions of CNVs. NTRK1 is commonly mutated in
different cancers AACR Project GENIE Consortium 2017,
but in KIRP, it emerges due to the effects of other CNVs.
ALB and EGF are reported as hub genes based on the gene
expression pattern of KIRP patients (Xu et al. 2021). IL6 is
involved in all aspects of tumorigenesis by regulating prolif-
eration, apoptosis, metabolism, survival, angiogenesis, and
metastasis (Kumari et al. 2016; Masjedi et al. 2018). The
chemokines family gene CXCLS plays a major role in cancer
prognosis (Kohli et al. 2022).

Further, the differential gene expression analysis between
these two KIRP clusters showed pathways specific to poor
survival. We found that kinesins and cell cycle genes are
differentially expressed between clusters, suggesting that
these gene signatures can be utilized to differentiate them.
This may prove beneficial in clinical settings. The expression
profile of some of these genes is known to predict patient
outcome in multiple cancers (Carter et al. 2006). We also
found pathways related to immune signalling and comple-
ment cascade to be upregulated in cluster C1 along with
genes associated with genomic instability. The upregula-
tion of the immune signature suggests immune dysregula-
tion in the poor survival group. Immune to stromal scores
of Type 2 KIRP is significantly higher than Type 1 KIRP,
and increased immune risk correlates with advanced stage
of KIRP (Luo et al. 2021; Wang et al. 2019). Immune cells
play a role in cancer-associated inflammation, which can be
tumour promoting by controlling angiogenesis, proliferation,
and invasiveness (Hanahan and Weinberg 2011; Gonzalez
et al. 2018). This view is different from the canonical picture
that the immune system helps eradicate tumors. The comple-
ment cascade is shown to have both tumor suppressor and
promoter roles in cancers (Revel et al. 2020). A high expres-
sion of components of the classical complement cascade is
shown in ccRCC. This can be the inflammatory mechanism
activated by the cooperation between tumor cells and tumor-
associated macrophages (Roumenina et al. 2019).

A relationship between gene expression and copy number
variation was observed in the poor survival cluster. BIRCS,
SERPINI1, WNT9A, C5orf46, and SPINK13 are amplified in
the poor survival cluster. BIRCS is a member of the apopto-
sis family, and it can promote cell proliferation (Frazzi 2021).
SERPINII has been found to be expressed in different cancers
and associated with EMT and the overall survival of patients
(Matsuda et al. 2016). WNTO9A plays a role in balancing the
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progenitor cell expansion and differentiation during kid-
ney development (Karner et al. 2011). C50rf46 is linked to
renal cancer cell proliferation and migration and controls the
immune microenvironment of renal cancer (Ma et al. 2022).
MECOM (PRDM3) controls the process of Histone lysine
methylation, which is involved in epigenetic control. This
is in accordance with observations that renal cancer harbors
frequent mutations in HMTs (Yan et al. 2019). PRDM3 and
PRDM16 are the most mutated genes of the PRDM family in
multiple cancers and are also linked to immune cell recruit-
ment (Li et al. 2022). SPINK 13 expression is associated with
poor survival of KIRC patients (Liao et al. 2022).

In conclusion, the cancer-specific network was recon-
structed based on gene expression data that incorporates the
relevant biological knowledge for effective subtyping and bet-
ter predictive performance of survival of KIRP patients. The
sparse nature of CN'Vs data and heterogeneity in mutations
can be overcome by integrating with the cancer-specific net-
work. This approach also revealed the interplay of different
biological processes and captured the relationship between
gene expression and CNVs. This can be further expanded to
integrate other omics data, such as DNA methylation. Deep
learning-based network representation learning and clustering
may improve the clinically relevant subtyping performance.
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