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Abstract

Patterns of DNA methylation are significantly altered in cancers. Interpreting the functional consequences of DNA methyla-
tion requires the integration of multiple forms of data. The recent advancement in the next-generation sequencing can help to
decode this relationship and in biomarker discovery. In this study, we investigated the methylation patterns of papillary renal
cell carcinoma (PRCC) and its relationship with the gene expression using The Cancer Genome Atlas (TCGA) multi-omics
data. We found that the promoter and body of tumor suppressor genes, microRNAs and gene clusters and families, includ-
ing cadherins, protocadherins, claudins and collagens, are hypermethylated in PRCC. Hypomethylated genes in PRCC are
associated with the immune function. The gene expression of several novel candidate genes, including interleukin receptor
IL17RE and immune checkpoint genes HHLA2, SIRPA and HAVCR?2, shows a significant correlation with DNA methylation.
We also developed machine learning models using features extracted from single and multi-omics data to distinguish early
and late stages of PRCC. A comparative study of different feature selection algorithms, predictive models, data integration
techniques and representations of methylation data was performed. Integration of both gene expression and DNA methyla-
tion features improved the performance of models in distinguishing tumor stages. In summary, our study identifies PRCC
driver genes and proposes predictive models based on both DNA methylation and gene expression. These results on PRCC
will aid in targeted experiments and provide a strategy to improve the classification accuracy of tumor stages.

Keywords Renal cell carcinoma - Multi-omics - Epigenetic regulation - RNASeq - Data integration - Multiple kernel
learning - Tumor stage prediction

Abbreviations PRCC Papillary renal cell carcinoma
BEMKL Bayesian efficient multiple kernel learning RCC Renal cell carcinoma

ccRCC  Clear cell renal cell carcinoma RF Random forest

DEGs Differentially expressed genes SC Shrunken centroids

DMCs Differentially methylated CpG sites SVM Support vector machine

GL Group lasso TSGs Tumor suppressor genes

KNN k-Nearest neighbors
MKL Multiple kernel learning
NB Naive Bayes Introduction

Cancer cell reprogramming involves aberrations of can-
cer genome at multiple levels. Besides genetic aberra-
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have revealed methylation of gene bodies and intergenic
regions, the significance of these is not well understood.
Gene body methylation is associated with gene expression
in some cancers (Maunakea et al. 2010; Kulis et al. 2012;
Jones 2012; Yang et al. 2014). Identifying the functional
consequences of DNA methylation requires the integration
of multiple forms of data. In this study, we integrated The
Cancer Genome Atlas (TCGA) multi-omics data of papillary
renal cell carcinoma (PRCC) to understand the influence
of DNA methylation on the transcriptome and to identify
biomarkers for accurate classification of tumor. Renal Cell
Carcinoma (RCC) is a heterogeneous group of cancers aris-
ing from different regions of nephron (Chen et al. 2016).
RCC is divided into multiple histological subtypes clear cell,
papillary, chromophobe and collecting duct (Moch et al.
2016). PRCC is the second most common subtype account-
ing for 10-15% cases (Jonasch et al. 2014). It is an epithelial
tumor with papillary or tubulopapillary architecture and is
divided into type 1 and type 2 tumors based on histology
and molecular features (Hsieh et al. 2018). There are still no
effective treatments available for patients with an advanced
stage of PRCC (Durinck et al. 2015; Modi and Singer 2016).

Epigenetic regulation by DNA methylation plays an
important role in the carcinogenesis of RCC (Shenoy et al.
2015; Lasseigne and Brooks 2018; Morris and Latif 2017).
Most studies on RCC have focused on epigenetic regulation
in clear cell renal cell carcinoma (ccRCC) (Arai et al. 2012;
Kluzek et al. 2015; Wei et al. 2015; Chen et al. 2017). Aber-
rant DNA methylation and mutation of genes involved in
histone modifications and chromatin remodeling have been
reported for ccRCC. Somatic inactivation of TSG VHL is
common in ccRCC but is also shown to be epigenetically
inactivated in ccRCC and PRCC. TSGs including BNCI,
WIF1, FBN2 and SLIT2 are frequently inactivated by pro-
moter methylation in ccRCC, while CDH1, IGFBP1, SFRP1,
SPINT2 and RASSF1A are hypermethylated in both ccRCC
and PRCC (Morris et al. 2005; de Caceres et al. 2006; Mor-
ris and Maher 2010; Ellinger et al. 2011; Klacz et al. 2016).
A high percentage of CpG islands are hypermethylated in
a subset of ccRCC and PRCC. The CpG Island methyla-
tor phenotype (CIMP) tumors are aggressive and associated
with poor survival (The Cancer Genome Atlas Research
Network 2016; Chen et al. 2016; Ricketts et al. 2018). In
PRCC, CIMP is related with CDKN2A hypermethylation.
These results suggest that DNA methylation patterns can
serve as biomarkers and have a role in dysregulation of gene
expression (Baylin and Jones 2011; McMahon et al. 2017).

However, a detailed analysis of DNA methylation patterns
of PRCC and its relationship with the gene expression is yet
to be performed. Further, most studies on RCC focused only
on changes in the methylation profiles at promoters. These
prompted us to examine the methylation pattern of PRCC
using TCGA multi-omics data (The Cancer Genome Atlas
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Research Network 2016; Chen et al. 2016; Ricketts et al.
2018). This can help in detection of aberrantly methylated
loci with respect to normal tissue and different stages of
tumor, extracting causal relationships between DNA meth-
ylation and gene expression and identifying genes and path-
ways that are affected by cancer.

Although these cancer datasets are available, they pose
a challenge for accurate cancer detection since there is a
mismatch between a number of measurements and sample
size. Machine learning methods can be used to extract bio-
markers and built predictive models from complex single/
multi-omics data to classify patients. Previously, we have
developed machine learning models using RNASeq data of
PRCC to predict the stages of PRCC (Singh et al. 2018).
Studies have shown that integration of multi-omics data can
yield superior performance compared to single omics data
in different cancers (Mankoo et al. 2011; Kim et al. 2015,
2017; Taskesen et al. 2015; Yan et al. 2017; Jiang et al. 2016;
Zhu et al. 2017). Different approaches exist for integrating
multiple datasets in a supervised manner (Ritchie et al. 2015;
Lin and Lane 2017; Huang et al. 2017; Wu et al. 2019).
Multiple kernel learning (MKL) is one such approach of
data integration which has been used for prediction of sur-
vival outcome across different cancers and drug sensitivity
(Seoane et al. 2014; Thomas and Sael 2017; Ali et al. 2018;
Costello et al. 2014; Zhu et al. 2017). Kernel-based methods
can transform input data into a higher-dimensional space
in which data points become linearly separable and can be
used to integrate different types of data. Further, to develop
predictive individual and integrative models based on DNA
methylation, different realizations of methylation data have
to be explored. Most studies have used a gene-based rep-
resentation by aggregating only promoter CpG probes for
developing integrative models (Kim et al. 2015; Thomas
and Sael 2017). On the other hand, few studies have used
individual CpG probes for building predictive models (Hao
etal. 2017; Shen et al. 2017; Wang et al. 2018). It would be
interesting to perform a comparative study using different
representations of DNA methylation.

We investigated the methylation profiles of PRCC and its
relationship with gene expression. We identified differential
methylated CpGs (DMCs) between normal and tumor sam-
ples and mapped their location with respect to gene and CpG
islands. DMCs are mostly hypermethylated at gene body
and are distributed in open sea and Islands. Hypermethyl-
ated CpGs map to tumor suppressor genes, microRNAs and
gene clusters and families, while hypomethylated CpGs
map to immune response genes. We identified several novel
candidate genes that show significant correlation between
DNA methylation and gene expression. We also extracted
methylation features to develop predictive models for dis-
tinguishing between early and late stages of PRCC. Further,
we integrated features from DNA methylation, RNASeq and
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clinical data using multiple strategies to improve the perfor-
mance of the models. A comparison of model performance
using three different representations of methylation data was
also performed. Integration of multi-omics data improved
the performance of models in distinguishing tumor stages
across different feature sets.

Materials and methods
Dataset and preprocessing

DNA Methylation, RNASeq and clinical data of PRCC
were downloaded from Genomics Data Commons (GDC)
data portal (https://portal.gdc.cancer.gov/) using TCGABi-
olinks package in R (Colaprico et al. 2016). The beta values
obtained from Illumina Infinium HumanMethylation450
(HM450) BeadChiparrays and HTSeq counts obtained
from lluminaHiSeq RNASeqV2 were used for our analy-
ses. A total of 321 samples are available for methylation
data with 45 matched normal and tumor samples. There are
297 samples including normal that are common across both
platforms.

INluminaHumanMethylation450kanno.ilmn12.hg19 pack-
age was used for annotating the probes and mapping to their
respective locations (Hansen 2016). For methylation data,
probes with missing values in any sample, present on X and
Y chromosomes, and overlapping with SNPs were removed.
After preprocessing and filtering, there are around 375 K
CpGs, whose distribution with respect to CpG Islands and
genes is shown in Fig. S1. If a CpG site occurs at a distance
situated within 2 kb from CGI, the location is referred to
as shore; if it occurs at a location within 2—4 kb then it is
referred to as shelf and any probe located further then it is
referred to Open Sea (Sandoval et al. 2011).

Identification of DMCs and their association
with the gene expression

We used the minfi package (Aryee et al. 2014) for finding
DMCs between matched normal and tumor samples (45
each). DMCs with different mean beta value differences
and adjusted p value <0.05 were considered. EnrichR was
used for performing functional enrichment analysis of the
genes associated with DMCs (Kuleshov et al. 2016). We
obtained Gene Ontology (GO) terms and Kyoto Encyclope-
dia of Genes and Genomes (KEGG) pathways with Benja-
mini—-Hochberg adjusted p-values <0.05. We also computed
Pearson correlation for every CpG-gene pair using 297 sam-
ples that are common across the two platforms.

Predictive models for stage predictions

We next build predictive models to distinguish between
tumor stages of PRCC using RNASeq and DNA methyla-
tion. The pathological stages are known for 250 samples
(common across both the platforms) with the following dis-
tributions: Stage I—167, Stage 1I—19, Stage III—50, and
Stage IV—14. We divided the dataset containing these 250
samples into training (80%) and test (20%) datasets and com-
bined Stage I and II into early and Stage III and IV into late
stage to develop our predictive models. The beta values (/)
were transformed into M values <10g2 (ﬁ ) ) for the analy-

sis. RNASeq raw count data was normalised using variance
stabilizing transformation (VST) (Anders and Huber 2010).
The machine learning pipeline used to predict the tumor
stages is shown in Fig. 1.

Representations of methylation data and feature
selection

We considered three different methylation representations
for our analysis. The first representation is CpgM, which
is obtained by transforming beta values of each CpG into
M values. The second representation is GeneM, which
is obtained using the approach proposed by (Jiao et al.
2014). Here, the average beta value of all the probes map-
ping within 200 bp of the transcription start site (TSS) of a
gene is calculated. If no such probes exist, then the average
beta value of probes mapping to the 1st exon of the gene

250 Tumor samples with

r known stages j
r Training Data (80%) Test Data (20%)

!

Methylation
( Representations in M Clinical
Value )

Feature Selection
(varSelRF and SC)

!

RNASeq
(VST normalised)

Concatenation
(SC, RF, SVM, NB,
KNN

Multiple Kernel Learning
(Group Lasso, BEMKL)

1

5 fold CV for parameter
hypertuning

3y

Final Model

Fig.1 The workflow used to develop integrated models for PRCC
tumor stage prediction. This includes different models, feature selec-
tion algorithms and integrative approaches for RNASeq and DNA
methylation
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or probes mapping within 1500 bp of the TSS is used. The
third representation is BmpM, which is obtained using bum-
phunter function (Jaffe et al. 2012). This function groups
nearby genomic locations into regions and finds differen-
tially methylated regions. The average beta values of probes
located within significant regions are calculated. The mean
beta values are transformed into M Values in the GeneM and
BmpM representations.

Two different feature selection methods: Shrunken Cen-
troids (SC) and varSelRF were applied on the training data-
set for extracting features between the different stages of
PRCC (Fig. 1) (Tibshirani et al. 2002; Diaz-Uriarte and De
Andres 2006). SC computes a z-statistic for each feature for
each class by comparing the overall centroid to class-specific
centroid. It then shrinks the #-statistic by a threshold, such
that if the threshold exceeds the z-statistic, then the #-statistic
is set to zero, making the class-specific centroid to coincide
with the overall centroid for that feature. After shrinking
the centroid, a sample is classified by nearest centroid rule.
Different thresholds are tried such that the one that yields
the smallest misclassification error is chosen. The features
left with a non-zero ¢-statistic at that threshold are the fea-
tures selected by the algorithm. varSelRF is a Random
Forest-based recursive feature selection algorithm where
feature importance is computed first and then the features
are removed at each iteration. The iteration that yields the
least number of features with an out-of-bag (OOB) error
comparable to the iteration yielding the lowest OOB error
is chosen. We modified the above algorithms to replace the
smallest misclassification error or OOB error with largest
overall MCC (Matthews Correlation Coefficient) or OOB
MCC.

Classification models

Different supervised machine learning algorithms: RF, NB,
Linear-SVM, KNN, SC, GL and BEMKL classifiers were
used to predict the tumor stages of PRCC. The models were
developed based on the features extracted from the different
representations of DNA methylation. Further, we integrated
features extracted from DNA methylation, 104 features
obtained from our previous study on RNASeq (Singh et al.
2018) and the clinical information including bmi, age, sex
and race. One-hot encoding is used for binarizing categori-
cal variables while the missing continuous variables were
imputed by taking the median within the class.

We have explored three different approaches for inte-
grating features from each platform. The first approach is
a simple concatenation-based approach where we concat-
enate the scaled features from the individual platforms and
then train the models (RF, NB, SC, KNN, Linear SVM) on
the concatenated features. The other two approaches are
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multiple kernel learning (MKL): Group lasso (Xu et al.
2010; Rahimi and Gonen 2018) and BEMKL (Gonen
2012) which are described below.

In SVM, to learn the appropriate hyperplanes, we often
solve the dual optimization problem which is (Cortes and
Vapnik 1995):

N N N
. 1
maximize 21 @ = 21 21 oy yik(x;, x;)
i= i=1j=
with respect to & € RY
N ey
subject to Z a;y; =0
i=1

0L, <C Vi

where N is the total number of training samples, « is
the weight vector corresponding to samples, y represents
the class labels, k represents the kernel function and C rep-
resents the cost.

The class label for a sample x, is determined by:

sign(f (x.)),

f(x,)=aYpk, +b )

where Y, is the N X N diagonal matrix containing class
labels, k, = [k(x;,x,) ... k(xy,x,)]" and b is the bias.

MKL instead of using a single kernel substitutes it with
a combined kernel computed as a function of input ker-
nels k(x;, x;)= f({k,,(x;»x;) }¥_) where P is the number of
kernel functions used (Gonen and Alpaydin 2011). One
way of combining input kernels is to use a weighted sum
such that:

P

Flken (o) Y00 =Y ek (), 3)

m=1

where e,, represents the learnt weight of a kernel function k,,,.

Group Lasso modifies the optimization problem high-
lighted in (1) by replacing the final kernel term k(xi,xj)
with (3) and imposing an additional constraint of /; norm
on the kernel weights i.e.:

P
eGRP,Zem:IandemZO Vm )

m=1

For solving the above optimization problem, an itera-
tive strategy is used. The algorithm begins by setting the
kernel weights to uniform values such that at the first itera-
tion, e}n = 1/P. Then at each iteration #, kernel weights
are used to solve the SVM optimization problem giving
us support vector coefficients a'. These are then used to
update the weights at iteration 7 + 1 as follows and the
cycle continues:
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BEMKL on the other hand uses a Bayesian approach
where the parameters such as e,,, @;, b are assumed to follow
a normal distribution with their priors following a gamma
distribution. The intermediate output is computed from each
kernel and then combined with bias and kernel weights to
predict f. It uses deterministic variational Bayesian formula-
tion to efficiently infer the posterior mean and covariance for
the above distributions. The final formulations can be found
in (Gonen 2012).

We created a list of gaussian and polynomial kernels with
varying sigma and degrees for integrating using the MKL
approaches. These were applied to each of the feature sets
extracted from DNA methylation and RNASeq datasets.
Further, the kernel matrix obtained for each kernel was unit
normalized. Different parameters such as cost for linear-
SVM, k for KNN, number of trees for Random Forest and
the threshold for Shrunken Centroids were optimized using
fivefold cross validation. For MKL approaches, we observed
that the final performance was also dependent on factors,
such as scaling of the data from the individual platform and
on the range of degrees/sigma that was used for creating
the multiple kernels, in addition to cost parameter for GL
and gamma-prior for BEMKL. Therefore, we performed a
grid search and selected the best combination using fivefold
cross validation.

The performance of the models was evaluated on the 20%
test dataset (Fig. 1). The metrics such as PR AUC, MCC,
Accuracy, Sensitivity and Specificity were used to quantify
the performance (Matthews 1975; Sokolova and Lapalme
2009; Saito and Rehmsmeier 2015). We specifically used PR
AUC and MCC to compare the performance of the models
due to the class imbalance in our dataset (Saito and Rehms-
meier 2015; Chicco 2017). The code for building the models
is provided in the Github repository.

Results
Methylation pattern of PRCC

First, we identified the differentially methylated CpGs
(DMCs) between 45 normal and tumor-matched samples.
Table 1 shows the number of CpGs obtained based on dif-
ferent beta values cut-off and g-value < 0.001. A significant
number of probes are hypermethylated compared to hypo-
methylated across different thresholds. Figure 2a shows
the principal component analysis (PCA) plot using DMCs
(Imean beta differencel >0.4). A clear separation between

Table 1 Total number of CpGs that are differentially methylated
between matched normal and tumor samples

Beta value Hypermethylated Hypomethylated Total

0.2 12,034 2343 14,387
0.3 1942 440 2382
0.4 256 63 319
0.5 30 8 38

normal and matched tumor samples is observed barring a
couple of tumor samples. This separation is also observed
using DMCs obtained via other thresholds or by either using
hyper- or hypo-methylated DMCs (Fig. S2). Further, these
CpGs are also sufficient to separate most tumor samples
available for PRCC in TCGA (321 samples) from normal
samples (Fig. 2b). The genomic distribution of hyper- and
hypo-methylated DMCs (Imean beta differencel > 0.2) with
respect to gene and CpG islands is shown in Fig. 3. Both
hyper- and hypo-methylated probes are mostly located at
gene body followed by promoter regions (TSS200, 1st exon,
TSS1500). The distribution based on CpG Islands shows that
hypermethylated probes are mostly located at both OpenSea
and Islands, while hypomethylated probes are predominantly
located at OpenSea.

Of the total 14,387 DMCs (Imean beta differencel > 0.2),
11,972 CpGs map to 7160 genes and non-coding RNAs. We
performed the enrichment analysis to identify biological pro-
cesses that are associated with the differentially methylated
genes and non-coding RNAs. The hypermethylated genes
are associated with different cancer signalling pathways
(Table 2). This includes Hippo Signalling, Sonic Hedgehog
(Shh), Wnt, Notch and Ras signaling pathways. We found
HHIP, ZIC1 and ZIC4 that are antagonists of Shh signal-
ing to be hypermethylated. HHIP is an antagonist of Shh
ligand while ZIC1 and ZIC4 are antagonists of transcrip-
tional factor GLI (Llinas-Arias and Esteller 2017). In the
Wnt pathway, several Wnt ligands notably WNT5A, mem-
bers of ‘frizzled’ gene family (FZD4, FZDS5, FZD7, FZD9),
transcriptional repressors (HIC1, HIC2) and pathway inhibi-
tors FRZB, SFRPS5 and TMEMSS are methylated. SOX1,
KCNQI1 and KCTDI that are known to interfere with Wnt
signaling by modulating p-catenin are also hypermethylated
(Guan et al. 2014; Li et al. 2014; Rapetti-Mauss et al. 2017).
Most of these genes are methylated either at promoter or at
both promoter and gene body. However, FZD4 and FZD5 are
hypermethylated only at gene body. Further, Notch receptors
(NOTCH1, NOTCH4) and ligand DLL1, and its downstream
transcriptional co-repressor NCOR2 are mostly hypermeth-
ylated within gene body.

In Ras pathway, we found promoter of RASSFI1,
RASAL?2, RIN1 and PAK6 and body of RASA3 are hyper-
methylated. Members of Ras oncogene family RAB1B and
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the promoter region. Genes of signaling pathways regulating 2 (PRC2).
the pluripotency of stem cells are also significantly hyper- Further, genes involved in cell adhesion and extracellular

methylated at both promoter and gene body regions. These = matrix are also hypermethylated (Table 2). This includes
include TGFp ligands BMP2 and BMP4 and its downstream  cadherins, protocadherins, claudins and collagens gene
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Table 2 Biological processes
and KEGG pathways associated

with hypermethylated Cpgs
having a mean beta difference
greater than 0.2

adj p-value
Biological process
Transmembrane receptor protein tyrosine kinase signaling pathway 0.000037
Regulation of BMP signaling pathway 0.000991
Positive regulation of transcription of Notch receptor target 0.001398
Regulation of cell migration 0.006823
Positive regulation of pathway-restricted SMAD protein phosphorylation 0.008569
Regulation of cell proliferation 0.024873
DNA damage response 0.032839
Regulation of cellular response to transforming growth factor beta stimulus 0.033076
Cell—cell adhesion via plasma-membrane adhesion molecules 0.034136
Kidney epithelium development 0.034713
Cellular response to growth factor stimulus 0.038848
Mesenchymal to epithelial transition 0.041761
KEGG pathway

Rapl signaling pathway 0.00006

Hippo signaling pathway 0.000206
AMPK signaling pathway 0.001358
Signaling pathways regulating pluripotency of stem cells 0.001528
TGF-beta signaling pathway 0.006286
c¢GMP-PKG signaling pathway 0.006663
cAMP signaling pathway 0.008218
MAPK signaling pathway 0.016953
Ras signaling pathway 0.026518
Wnht signaling pathway 0.026518
Hedgehog signaling pathway 0.026691
Calcium signaling pathway 0.026877

families. Genes belonging to claudins family (CLDN14,
CLDN10, CLDN19, CLDN22, CLDN8, CLDNDY) are hyper-
methylated at promoter while genes belonging to collagen
family are hypermethylated at promoter (COL18A1-ASI,
COL9A2, COL26A1, COL11A2, COL5A2, COL11A1)
and gene body (COL18A1, COL23A1, COL4A2, COL4Al,
COL9A3). Most genes belonging to cadherin (CDH17,
CDHS, CDH23, CDH22, CDH15) and protocadherin (PCD-
HGA1, PCDHGA?2, PCDHGA3, PCDHGA4, PCDHGAS,
PCDHGBI1, PCDHGB2, PCDHGB3, PCDHGA6, PCD-
HGA7, PCDHGB4) families are hypermethylated at gene
body. These protocadherins are hypermethylated at several
CpGs (> 30). On the other hand, CDH9 is hypermethylated
at promoter and PCDHGC4, PCDHGB8P, PCDHA13 and
PCDHB3 are hypermethylated at both promoter and gene
body.

Genes with promoter hypermethylation also include
mucin family (MUC12, MUC13, MUC15, MUC20,
MUCI17), histone cluster family (HIST1H1A, HISTIH2AL,
HIST1H3E, HIST1H3I, HIST1H4L), keratins (KRT&81,
KRT86, KRT9, KRT72, KRTAP17-1), E3 ubiquitin ligases
(SIAH3, NEDD4L), neuroactive ligand-receptor interac-
tion (ADRA1A, HRH2, DRD4, GABBR1), solute carrier

family (SLC6A3, SLC25A2, SLC16AS5, SLC4A11) and
potassium voltage-gated channel subfamily (KCNAB3,
KCNH2), zinc-finger proteins (ZNF106, ZNF154,
ZNF177, ZNF217, ZNF233, ZNF577, ZNF750), inhibi-
tors of EMT(OVOL1, GRHL2) and transmembrane pro-
teins (TMPRSS2, TMPRSS12, TMPRSS13, TMEM178A,
TMEM263, TMEM30B). ZNF154 and ZNF577 are tumor
suppressors whereas TMPRSS?2 is a transmembrane pro-
tease that is known to be hypermethylated in ccRCC (Revill
et al. 2013). HOX family (HOXAS5, HOXA3, HOXB3,
HOXB-AS3, HOXA-AS2, HOXA-AS3, HOXA4, HOXBS,
HOXB6, HOXB7, HOXA10, HOXA11, HOXA2, HOXC4)
and forkhead-box (FOXD2, FOXJ1, FOXS1, FOXP2,
FOXG1, FOXK1, FOXO1, FOX03, FOXD2-AS1, FOXA1)
genes are hypermethylated at both promoter and gene
body. The promoter of HOXAS is hypermethylated at 28
CpGs. We also found the promoter of genes encoding dif-
ferent microRNAs in cancer and ECM (MIR25, MIR26B,
MIR10B, MIR429, MIR30C1, MIRLET7E, MIR219A1,
MIR125A, MIR125B1), and long intergenic non-protein
coding RNA (LINC00028, LINC00461, LINC00638,
LINCO00887, LINC00925, LINCO01101 and LINC01366) to
be hypermethylated.
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On the other hand, genes with promoter hypomethylation
are associated with immune (adj p-value=0.01) and inflam-
mation response (adj p-value=0.02). These include genes
belonging to cytokine production (HHLA2, PDE4D, IL18,
C3, IF116, IL1B, TRIM15, HAVCR?2), defense response
(FNDC4, TNFAIP6, NR1H4), regulation of viral life cycle
(ISG20, SLPI) and regulation of phagocytosis (AZU1,
SIRPB1). Genes encoding MHC class II protein complex
(HLA-DMA, HLA-DRA, HLA-DPA1) are also hypometh-
ylated at the promoter region. Further, the protein tyrosine
phosphatase receptor PTPRN2 and the transcription factor
CUX1 are hypomethylated at multiple CpGs (19 and 9)
located at gene body.

Relationship between gene expression
and methylation

We studied the link between methylation patterns and gene
expression across normal and tumor samples. The correla-
tion between DMCs with Imean beta differencel > 0.2 and
their corresponding genes was computed. The relative distri-
bution of correlation (g-value <0.01) with respect to DMCs’
location is shown in Fig. 4. A larger proportion of DMCs
located at promoter region shows negative correlation while
those located at gene body shows both positive and negative
correlation with the gene expression. Further, DMCs located
at promoter CpG Islands and shores also show large num-
ber of negative correlations (Fig. S3). On the other hand,
DMC:s located at gene body CpG Islands show large num-
ber of positive correlations (Fig. S4). Overall, a significant
number of negative correlations between methylation and
gene expression is observed. This might explain our previous
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73
a
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1.5
21.0
2
53
fa)
0.5
0.0

-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75
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Fig.4 Correlation distribution of gene-CpG pairs for all DMCs with
Imean beta differencel > 0.2 and ¢ value <0.01
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observation that genes are predominantly downregulated in
PRCC compared to normal samples (Singh et al. 2018).

We identified candidate genes that show promoter hyper-
methylation and downregulated gene expression with respect
to normal samples. 445 (1098) gene-CpG pairs show signifi-
cant (r<— 0.5, g-value <0.01) correlation between methyla-
tion and gene expression with mean beta difference > 0.2
(0.1) and log,FC<— 1. We found genes (ATP1Al,
ATP6V0A4, GGT6, KCNQI1, PROM2, CYFIP2) that have
been previously associated with ccRCC to be hypermeth-
ylated and downregulated in PRCC (Fig. S5). Further, we
also found several novel candidate genes that have not been
reported in PRCC (Fig. 5). FAM83F, CNKSR1 and IL17RE
are hypermethylated at multiple promoter CpGs and their
expression is downregulated in PRCC compared to normal
samples. In some PRCC samples, these genes are upregu-
lated and show similar pattern to normal samples, which
suggests heterogeneity in gene expression and methylation
within the tumor samples. PXDNL, FYB2, NECTIN4 and
PYGM are hypermethylated at multiple promoter CpGs and
their expression is downregulated in most cancer samples.
LYNXI is hypermethylated and downregulated in graded
pattern in tumor samples. It is hypermethylated at 6 CpG
islands probes in the promoter with this pattern also pre-
sent in the more aggressive late-stage samples. Therefore,
LYNXI1 is a possible CpG island methylator phenotype
(CIMP) gene.

We also identified candidates which show promoter
hypomethylation and upregulation of gene expression with
respect to normal samples. 137 (436) gene-CpG pairs show
significant (r < — 0.5, g-value <0.01) correlation between
methylation and gene expression with mean beta differ-
ence<— 0.2 (— 0.1) and log,FC>1. Genes (TNFAIP6,
CHI3L2, C3, EHBPILI, IFI16, CMTM3) associated with
ccRCC are also hypomethylated and upregulated in PRCC
(Fig. S6). Figure 6 shows several novel candidates that have
not been reported previously in PRCC. Most tumor sam-
ples show hypomethylation and upregulated expression of
CNTN6, SPATA12, HHLA2, SIRPA, APOL1 and HAVCRI1.
In the case of ARL4C, the expression and methylation
showed a graded pattern within tumor samples. SPATA12
and APOLI1 are hypomethylated at multiple CpGs.

Further, we studied the correlation between gene body
hypomethylation and gene expression. Interestingly, we
found MET, which is known to be mutated in PRCC, to be
hypomethylated and upregulated in tumor samples compared
to normal samples (Fig. 6). PVT1 and ABC33 are also hypo-
methylated in tumor samples compared to normal samples.
Within tumor samples, we found that gene body of RRM2,
NCAPG and SLC7A11 to be hypomethylated and upregu-
lated in late-stage samples. Although we observed a large
number of CpG-gene pairs to have a negative correlation,
there also exist pairs with strong positive correlation. These
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Fig.5 Scatter plot showing the correlation between downregulated genes and their corresponding hypermethylated CpGs in PRCC. Green repre-
sents normal samples, red matched tumor samples and blue remaining tumor samples

include SPI1, SATB2, PLEKHNI1, TNFSF9 and MNX1
mostly hypemethylated at gene body. The significance of
such a relationship is yet to be explored in PRCC.

Machine learning models for tumor stage prediction
We observed that DMCs, which distinguish normal and

tumor samples, failed to distinguish tumor samples based
on tumor stages (Fig. 2). Therefore, we performed further

analysis using machine learning techniques to distinguish
early (stage I and II) and late (stage III and IV) stages of
PRCC. We applied SC and varSelRF on each of the three
representations of methylation training data to extract fea-
tures between early and late stages of PRCC (see “Materials
and methods”). The number of features obtained for each
representation is shown in Table 3. Most of the features
obtained across all the representations are hypermethylated
in the late stage of tumor. Different models were trained
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Table 3 Number of features extracted for different representations of
methylation data

Representation/feature CpgM GeneM BmpM
selection

varSelRF 14 (14, 0) 74 (71, 3) 14 (14, 0)
Shrunken centroids 79 (79, 0) 109 (109, 0) 192 (192, 0)

The numbers in the bracket denotes hyper- and hypo-methylated fea-
tures in late stage samples
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using these features sets to distinguish the tumor stages of
PRCC and their performance (MCC and PR AUC) on the
test dataset were compared. The MCC and PR AUC values
range from 0.41 to 0.61 and 0.57 to 0.73 for CpgM repre-
sentation, from 0.38 to 0.50 and 0.57 to 0.72 for GeneM
representation and from 0.32 to 0.55 and 0.44 to 0.70 for
BmpM representation, respectively (Fig. S7).

The best performing models are shown in Table 4 (Tables
S1, S2). The best MCC of 0.61 and PR AUC of 0.72, 0.68
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Table 4 Best performing models on the test dataset for the CpgM
representation of methylation data

Classifier Feature set ~MCC PR AUC Accuracy
(%)

RF varSelRF 0.606 0.720 84.6

KNN varSelRF 0.606 0.676 84.6

GL varSelRF, 0.606, 0.558 0.722,0.699 84.6, 82.7
SC

BEMKL varSelRF 0.558 0.733 82.7

Linear SVM  varSelRF, 0.551,0.502 0.708, 0.713 82.7, 80.8
SC

and 0.72 are obtained for CpgM representation with RF,
KNN and GL using varSelRF features, respectively. BEMKL
has the highest PR AUC of 0.733. Most models have MCC
greater than 0.55 and PR AUC greater than 0.65 for this
representation with both varSelRF and SC feature sets. The
performance with respect to GeneM and BmpM representa-
tions is lower with best MCC of 0.50 (multiple models) and
0.55 (KNN), and best PR AUC of 0.717 and 0.695 (both
GL), respectively. These results indicate, irrespective of
the feature sets, CpgM representation provides better per-
formance than the other feature representations. Figure 7
shows the heat map of varSelRF and SC features obtained
for CpgM representation on the entire data (Tables S3, S4).
The features obtained are a subset of DMCs (g-value <0.05
and Imean beta differencel > 0.1) between the early and late
stages of PRCC.

Multi-omics data integration for tumor stage
prediction

In our previous study, we showed that 104 features extracted
from RNASeq can predict the stages of tumor (Singh et al.
2018). The performance of various models using 104 fea-
tures are shown in Table S5. We have extended our pre-
vious study to include GL and BEKML models. The best
performing models are SC, GL and BEMKL with MCC of
0.71, 0.72 and 0.66 and with similar PR AUC of around
0.8, respectively. The performance of models using RNASeq
data is superior compared to models using methylation data
in terms of both MCC and PR AUC.

Further, we studied the effect of integrating features
extracted from both RNASeq and each representation of
methylation data on the model performance. The concat-
enation-based integration approach was used for the mod-
els KNN, NB, RF, SC and SVM, and respective MKL-
based integration method was used for the models GL and
BEMKL. Multi-omics data integration with CpgM repre-
sentation improves the performance with increase in the
MCC value of GL and RF using varSelRF features to 0.77
in comparison to RNASeq or DNA methylation data (Fig. 8

and Table 5). The PR AUC decreases for SVM, BEMKL and
GL models while for other models it increases with the SC
model having a higher PR AUC of 0.813. On the other hand,
MCC value of most models using SC features decreases with
only GL showing an increase (0.77) (Fig. 8 and Table 5). PR
AUC follows a similar trend as MCC but a higher PR AUC
of 0.82 is obtained for GL. Further, for both GeneM and
BmpM representations, the best performance is observed
with GL using SC features (Figs. S8, S9 and Tables S6, S7).
The MCC value increases to 0.77 without much change in
PR AUC value. Thus, the GL model shows the overall best
performance across different representations of methylation
data and feature sets.

We also integrated clinical features such as age, sex,
weight and race and analyzed the performance of the mod-
els. There is no change in the performance of best models
obtained using multi-omics data. However, we observed
an improvement in the performance of KNN and BEMKL
with the inclusion of clinical features. MCC and PR AUC
values increase across representations for the different fea-
ture sets. An improvement in the performance of SVM and
RF models is also observed for CpgM representation with
SC features. Further, we performed the analysis on another
three different training (80%) and test (20%) datasets using
CpgM representation to study how the performance of mod-
els can be affected depending on the split of training and
test datasets. Although a variation in performance is seen
across partitions, we observed that the integration of multi-
omics data mostly increases the performance of models (GL,
BEMKL) in comparison to RNASeq or methylation features
(Table S8). An overlapping set of features are obtained from
at least two partitions of data. We obtained with varSelRF
only 11 CpGs that are common since it selects only very
few features (10 to 20) across different partitions. However,
a significant number of common features (107) are obtained
with shrunken centroid. The performance metrics for other
models across different partitions are provided in the GitHub
repository.

Discussion

In this study, we performed an integrative analysis of DNA
methylation and gene expression to characterize the pat-
terns of DNA methylation in PRCC. Our analysis showed
that most probes are hypermethylated in PRCC, and both
hyper- and hypo-methylated probes can distinguish nor-
mal from cancer samples. The differentially methylated
probes map to genes of various cancer signaling pathways,
immune response, cell adhesion, gene families and ECM and
are located at gene promoter, body or both. Several novel
candidate genes including immune checkpoint genes show
significant correlation between DNA methylation and gene
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Fig. 7 Heatmap of CpGs a
obtained as features between

early and late stages of PRCC

for CpgM representation using |1l |
a varSelRF and b Shrunken ]
Centroids feature selection _[ \
algorithm

l I\

H MIIII

expression. Further, we developed machine learning models
that integrate features of DNA methylation and gene expres-
sion to distinguish early and late stages of PRCC. This study
provides a comprehensive framework for data integration
to improve the accuracy of classification of tumor stages,
which can be extended to other cancer datasets as well.

We found several candidate genes that function as
tumor suppressors to be hypermethylated suggesting that
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epigenetic inactivation might play a role in PRCC. Nega-
tive regulators of Wnt, Sonic Hedgehog and Ras signaling
pathway are hypermethylated (HHIP, ZIC1, ZIC4, RASAL2,
RASSF1, FRZB, SFRP5 and TMEMSS). This might lead to
the enhanced transcriptional activity of f-catenin and Glil,
which are linked to cell proliferation, migration and EMT
(Wils and Bijlsma 2018). Hypermethylation of HHIP, ZIC1
and ZIC4 of sonic hedgehog pathway have been reported
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Table 5 Best performing models on the test dataset obtained by inte-
grating features from RNASeq and CpgM representation of methyla-
tion data and clinical data

Classifier Feature set MCC PR AUC  Accuracy (%)
RF varSelRF 0.77 0.79 90.4

GL varSelRF, SC  0.77,0.77 0.79,0.82 90.4,90.4
Linear SVM  varSelRF 0.72 0.78 88.5

SC varSelRF, SC  0.71,0.66 0.81,0.80 88.5, 86.5
BEMKL? varSelRF 0.71 0.78 88.5
BEMKL?® e 0.71 0.81 88.5

KNNP varSelRF 0.72 0.78 88.5

Tmplies the performance is observed by integrating RNASeq and
methylation data

*Implies the performance is observed by integrating RNASeq, meth-
ylation and Clinical data, otherwise similar performance is observed
with or without clinical data

for gastric cancer and hepatocellular carcinoma, but not
in renal cancer (Wils and Bijlsma 2018; Paluszczak et al.
2017). RASAL2 and RASSF1 are tumor suppressors, known
to be epigenetically silenced in many cancers including RCC
(Morrissey et al. 2001; McLaughlin et al. 2013). RAS effec-
tors RIN1 and PAKG6 are also hypermethylated in PRCC.
They have been implicated in the prognosis of ccRCC
patients (Feng et al. 2017; Liu et al. 2014). Other ccRCC
associated genes that are also hypermethylated in PRCC
include DLEC1, RUNX3 and TNFRSF10C (Ricketts et al.
2012; Chen et al. 2013). RUNX3 is involved in suppression
of migration, invasion and angiogenesis.

Our study revealed that hypermethylation of gene families
as another feature of PRCC. This includes clusters of cadher-
ins and protocadherins. Interestingly, most genes of PCD-
HGs cluster showed hypermethylation of many CpGs at gene
body. We also found homeobox genes clustered on different
chromosomes (7 and 17) to be hypermethylated at promoter
and gene body. These genes are shown to be hypermethyl-
ated in lung and pancreatic cancers (Vincent et al. 2011).
Polycomb group of proteins promote hypermethylation of
homeobox proteins and can facilitate the efficient coordi-
nation of chromatin modifications during carcinogenesis
(Vincent et al. 2011; Soshnikova and Duboule 2009). In this
context, we found JARID2 that controls Polycomb machin-
ery (Sanulli et al. 2015) to be hypermethylated at gene body.
We also found microRNAs (MIR10B, MIR125B1 and MIR-
429) associated with cancer to be hypermethylated in PRCC.
MIRI10B is a tumor suppressor in ccRCC while MIR125B1
has been known to modulate PI3K/AKT and MAPK/ERK
signaling pathways (He et al. 2015; Wang et al. 2017). MIR-
429 suppresses tumor migration and invasion (Guo et al.
2018). Hypomethylated genes in PRCC are associated with
immune function, which is consistent with previous stud-
ies on ccRCC (Lasseigne et al. 2014; Wozniak et al. 2013).
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PTPRN?2 is overexpressed in various cancers while another
candidate CUX1 is involved in cell cycle progression, dif-
ferentiation and regulates tumor invasiveness (Ripka et al.
2010; Sorokin et al. 2015).

Although we found several genes to be differentially
hypermethylated, only a small proportion showed evidence
of downregulation in gene expression. Therefore, aber-
rant methylation might not be always linked to selection-
driven gene silencing. However, we found novel candidates
including FAMS83F, CNKSR1, IL17RE and NECTIN4 to
be hypermethylated and downregulated in PRCC. Several
studies have found FAMS83 family to be associated with poor
prognosis (Snijders et al. 2017; Bartel et al. 2016). Recently,
FAMB&3F downregulation is shown to decrease DNA-dam-
age induced response and increase cell proliferation (Salama
et al. 2019). CNKSRI1, a kinase suppressor of Rasl, and
IL17RE, a receptor for interleukin-17C, are linked to poor
survival in pancreatic cancer and hepatocellular carcinoma,
respectively (Quadri et al. 2017; Liao et al. 2013). NECTIN4
is a prognostic biomarker for breast cancer while PYGM is
downregulated in colon, breast, bladder and head and neck
cancers (Nishiwada et al. 2015; Smutna et al. 2014).

We found genes including HHLA2, HAVCR2, SIRPA,
APOL1 and CMTM3 to be hypomethylated at the promoter
and upregulated in PRCC. HHLA?2 is an immune checkpoint
gene that is known to be upregulated in ccRCC (Chen et al.
2019). However, we found that HHLA?2 is both hyper- and
hypo-methylated in tumor samples compared to normal
samples suggesting immune suppression only in hypo-
methylated samples. HAVCR2 is a T-cell immunoglobulin
and like HHL A2 is an immune checkpoint gene (Anderson
2014). SIRPA encodes proteins that are expressed on the
surface of macrophages and serves as an immune checkpoint
(Weiskopf 2017). These genes encoding proteins are targeted
by cancer immunotherapy. APOLL is linked to autophagy
induction and postulated to protect against RCC (Hu et al.
2012). CMTM3 is upregulated in PRCC but is known to
inhibit migration and invasion in gastric cancer (Su et al.
2014). Further, we found a correlation between gene-body
hypomethylation and gene expression for MET, PVT1 and
ABCC3. The upregulation of long noncoding RNA PVT1 is
known to inhibit apoptosis and is associated with poor prog-
nosis in many cancers including ccRCC while upregulation
of ABCC3 is related to cell proliferation, drug resistance
and aerobic glycolysis (He et al. 2018; Liu et al. 2016a).
This gene body correlation also exists for RRM2, NCAPG
and SLC7A11. RRM2 is upregulated in various cancers and
is linked to chemoresistance (Lu et al. 2012). We have also
shown that RRM?2, NCAPG and SLC7A11 are biomarkers
for distinguishing the early and late stages of PRCC in our
previous study (Singh et al. 2018).

Further, predictive models were developed to distinguish
between early and late stages of PRCC. A comparative
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study of different feature selection algorithms, predictive
models, data integration techniques and representations of
methylation data was performed. The feature selection using
varSelRF yielded least number of features that are mostly
hypermethylated in the late stage of PRCC compared to SC
features (Fig. 7). The CpgM representation of DNA meth-
ylation yielded the best performance with varSelRF features
across multiple models (Fig. S7). The extracted features
from CpgM representation also include probes from the
gene body, which perhaps explain the drop in performance
using GeneM representation. This also suggests that BmpM
representation can yield better performance with appropriate
choice of bin size and quantifying summary such as median
for aggregating the probes. Both varSelRF and SC extracted
features from at least two partitions of data map to the pro-
moter (TSS200) of CDO1, BHLHE23 and CLDNG6 and body
of GDF6. CDOL is part of taurine biosynthesis pathway and
its methylation is associated with poor survival of ccRCC
patients (Deckers et al. 2015). Hypermethylation of CLDN6
is linked to breast cancer cell migration and invasion (Liu
et al. 2016b). Further, varSelRF features also map to the pro-
moter (TSS200) of GPR150 and body of SCRT?2, while SC
features map to the promoter of PROM1, SLC6A3, MIR375,
TTBK1, RGS22, C2CD4B, PTGDR and ESRRG, 1* exon
of TRH, BARHL?2, TOX2, ASCL2, ASCL4 and EPHX3,
and body of TNFRSF10C, BAGALNT1 and CYP26C1. We
found both PROM1 and PROM?2 (Figure S5) to be hyper-
methylated. Their expression levels are associated with clini-
cal prognosis of cancer (Saha et al. 2019). SLC6A3 encodes
dopamine transporter and is known to be overexpressed in
ccRCC (Hansson et al. 2017). ESRRG, RGS22 and MIR375
are known to act as a tumor suppressor (Yan et al. 2014; Hu
et al. 2011; Kang et al. 2018). EPHX3 and PTGDR (prosta-
glandin D2 receptor) are hypermethylated in the advanced
stage of cancers (Sugino et al. 2007; Stott-Miller et al. 2014).
ACSL2 is associated with the aggressive CIMP phenotype
(Arai et al. 2012).

This is the first attempt to build integrative models for
PRCC. Integration of methylation and gene expression data
improved the performance for multiple models across dif-
ferent feature selection algorithms. The increase in MCC
with data integration is due to the increase in either speci-
ficity, sensitivity or both. Although we observed a higher
performance with integrated models, there is still scope for
improvement, especially with respect to the late-stage clas-
sification. It is a complex problem since the sample size
is small which in turn is compounded by class imbalance
and heterogeneity within PRCC. The availability of more
samples will aid in further testing and improving the per-
formance of the models. Integrating the other available data
such as CNVs, SNPs and miRNAs might also help towards
improving the performance.
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