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Epigenetic modifications are associated with the regulation of co/post-transcriptional processing and
differential transcript isoforms are known to be important during cancer progression. It remains unclear how
disruptions of chromatin-based modifications contribute to tumorigenesis and how this knowledge can be
leveraged to develop more potent treatment strategies that target specific isoforms or other products of the
co/post-transcriptional regulation pathway. Rapid developments in all areas of next-generation sequencing
(DNA, RNA-seq, ChIP-seq, Methyl-CpG, etc.) have provided new opportunities to develop novel
integration and data-mining approaches, and also allows for exciting hypothesis driven bioinformatics and
computational studies. Here, we present a program that we developed and summarize the results of applying
our methods to analyze datasets from patient matched tumor or normal (T/N) paired samples, as well as cell
lines that were either sensitive or resistant (S/R) to treatment with an anti-cancer drug, 5-Azacytidine
(http://sourceforge.net/projects/chiprnaseqpro/). We discuss additional options for user-defined approaches
and general guidelines for simultaneously analyzing and annotating epigenetic and RNA-seq datasets in
order to identify and rank significant regions of epigenetic deregulation associated with aberrant splicing
and RNA-editing.

of modification nor is it a summation of the
activities of regulating methyltransferases. Rather, it
is dependent upon the interplay of both DNA and

Deregulation of epigenetic modifications either
mimics the effects of genetic changes, or provides
additional heritable alterations that contribute to the
development and progression of many cancers
(Feinberg et al., 2006). Epigenetic regulation is not
dependent upon simple binary states of a single type

histone level modifications that make up complex
“combinatorial codes” (Jin et al., 2012; Cieslik and
Bekiranov, 2014). Epigenetic modifications have a
profound impact on  co/post-transcriptional
processes, which also have been identified as having
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an important role in cancer progression. For
example, modulation of the levels of the histone
modification H3K36me3 (trimethylated histone H3
lysine 36) either by overexpression, or by silencing
of the SETD2 methyltransferase directly effects
alternative splicing of associated exons (Luco et al.,
2010; Simon et al., 2014). One of these alternatively
spliced mRNAs, FGFR2, commonly undergoes an
isoform switch from a “normal IIIb” FGFR2
transcript isoform to a mesenchymal “Illc” form in
~90% of kidney renal clear cell carcinomas (ccRCC)
(Zhao et al., 2013). The mechanisms determining
how epigenetic modifications influence differential
mRNA splicing are unknown and may involve
modified histone protein mediated recruitment of
components of the splicing machinery, or on the
DNA level, may involve a regulatory role of mobile
sequence elements (e.g. Alu) that are known to
mediate “exonization” (Makalowski et al, 1994;
Ast, 2004). Alu elements are reportedly enriched for
DNA-methylation as well as active (e.g.
H3K36me3) and repressive associated histone
methylation marks (Huda et al., 2010). It is known
that in some cases, histone modifications involved in
transposable element regulation serve as a “seed
region” from which the marks can spread into
adjacent genes (Kidwell and Lisch, 2000; Feschotte,
2008). Alu elements are also involved in mediating
the post-transcriptional process of RNA-editing and
if oriented in opposition, are a favored substrate for
the ADAR enzymes (Athanasiadis er al., 2004
Bazak et al., 2014). Computational comparative
studies have revealed that >90% of all A->I
substitutions occur within Alu elements present in
mRNAs (Kim ef al., 2004; Levanon et al., 2004;
Athanasiadis ef al., 2004), and there are over a
hundred million sites (Bazak et al., 2014). Although
the functional implications of Alu-associated RNA
editing are still largely unknown, it is known that
these variations influence splice site modification
(Rueter et al., 1999), mRNA stability (Wang et al.,
2013), and may affect transport. In addition, RNA-
editing sites have a known role in regulating cell
proliferation during the progression of cancer (Paz et
al., 2007; Choudhury et al, 2012; Chen et al.,
2013). Deeper understanding regarding how aberrant
epigenomic modifications regulate gene expression
and co/post-transcriptional changes during the
development and progression of many cancers
continues to unfold. Here, we present methods
packaged as a Python program used for comparative
analysis of paired patient matched tumor or normal
(T/N) samples, as well as cell lines that were either
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sensitive or resistant (S/R) to treatment with the anti-
cancer drug, 5-Azacytidine in order to: 1) identify
regions exhibiting shifts in epigenetic modification
peaks between two paired samples, 2) classify
indicators of co/post-transcriptional mis-regulation
associated with epigenetic deregulation as the
abundance of aberrant splicing events and frequency
of RNA editing variations within identified regions
and, 3) assess the significance of differences for 1)
and 2) between paired samples in order to prioritize
regions for further clinical studies.

2 METHODS AND RESULTS

2.1  Source of Material for
Comparative Studies of Epigenetic
Deregulation and
Co/Post-Transcriptional
Modifications

Comparative epigenetic and transcriptional datasets
can come from a number of sources. The two most
commonly studied epigenetic modifications involve
the binding of proteins (e.g. histones) to DNA and
the methylation of cytosine nucleotides (e.g. CpG
dinucleotide). Differential library preparations are
used to characterize diverse types of histone
methylation patterns that are commonly associated
with repressive or enhanced states of chromatin and
gene expression. Transcriptome datasets are
typically generated by either microarray or RNA-seq
technologies. RNA sequencing is more suitable for
studies focused on assessing the effects of aberrant
epigenetic regulation on transcriptional processing
since it enables assessment of the presence and
abundance of novel transcript isoforms, in addition
to known transcripts (Zhao et al, 2014). Read
counts also provide a means to calculating more
absolute levels of expression and reduce signal-to-
noise ratios that are often problematic when
assessing hybridization experiments (Zhao et al.,
2014). DNA sequencing (either at the genome or
exome level) can be used to do comparative filtering
from RNA variation datasets when identifying
known or novel candidate RNA editing sites. With
regard to parameters influencing studies of
epigenetic regulation of co/post-transcriptional
processes, we discuss below some of the key issues
for dataset generation and processing.
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Figure 1: Workflow to expedite identification of diagnostic biomarkers or clinical targets (Champion, 2014).

2.2 Complying with the
“Garbage-In-Garbage-Out”
Concept

Each additional data source used for broad

comparative analysis increases the demand to
comply with the Garbage-In-Garbage-Out (GIGO)
concept. The percentage and distribution of millions
of sequencing reads successfully aligned to a
reference genome greatly impacts predictions of
peak enrichment (ChIP-seq), differential transcript
isoform modeling and abundance (RNA-seq), and
sequence variation identification (DNA and RNA-
seq). Standardizing thresholds for sequencing
quality, number of mismatches allowed per
alignment, and placement of reads mapping to
multiple genomic locations are steps to introducing
consistency that reduces noise when comparing
diverse datasets. Along these lines, community
established “best practices” optimize each
independent workflow, which translates to high
quality comparative datasets when interpreting
convergence of diverse variables (The Encode
Project Consortium, 2011; Landt ef al., 2012; The
Broad Institute of MIT and Harvard, 2014).
Different categories of ChIP-seq tag enrichments, or
“peaks”, determine which algorithms or parameter
settings are best for optimization of true signal
prediction. Narrow peaks are -characteristic of
sequence specific transcription factor binding or
RNA polymerase I transcription start site specificity

whereas broader peak domains are characteristic of
most histone marks that span a nucleosome sized
region or larger chromatin domain (Pepke et al.,
2014). In our studies (Figure 1A), SICER was used
to identify extended domains of ChIP enrichment by
adjusting the window scan with gaps allowed
parameter to the recommended size of
approximately one nucleosome and linker (~200
bps) (Zang et al., 2009). Number of read pairs from
each peak region in IP and that from the
corresponding region in input was normalized to a
library size of 10 million (FPTM) and the input-
subtracted FPTM values were used for differential
binding analysis. False Discovery Rates (FDRs)
were determined from poisson p-values and
enrichment predictions were further filtered
according to a threshold cutoff (FDR<0.01). For our
genome-wide DNA methylation studies, we used the

Infinium  Human  Methylation450  BeadChip
(Illumina, 2014) and normalized results using subset
quantile  within-array  normalization (SWAN)

(Maksimovic et al., 2012). Since there are known
gender specific epigenetic modifications, many
studies typically remove all X/Y associated data
points in order to analyze them separately. However,
we recommend doing this as a final step in the
analysis process since the inclusion of these data
points allow for a more accurate p-value adjustment
for multiple testing. Comparisons of epigenetic
deregulation and co/post-transcriptional processes
are at the gene level, such that the total region of
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epigenetic ~ modification  affecting  identified
transcript  isoforms, sequence elements, and
variations is a summation of all significant peaks
within the ORF (Figure 1A).

Differences in alignment methods are also
fundamental to ensuring “best practices” of variant
calling in DNA versus RNA sequencing datasets
(The Broad Institute of MIT and Harvard, 2014).
Correct processing of RNA splice junctions,
avoidance of wusing soft-clipped bases, and
specialized confidence thresholds minimizes false
positive or negative variation calls. In addition,
RNA-seq library preparation protocols for creating
cDNA from RNA commonly use random hexamers
for the priming step, thus increasing the likelihood
of errors in the terminal 6bp of the read. A
combination of existing GATK parameters (e.g.
FisherStrandFilter, ~ ReadPosRankSumTest (The
Broad Institute of MIT and Harvard, 2014)) provide
best practice filtering approaches instead of
customized methods that likely remove true positive
RNA editing sites (RVboost (Wang et al., 2014)).
Aggressive removal of shared sequence variations
between RNA and comparative DNA datasets is a
first step to identifying known and novel RNA
editing sites (Figure 1B). In addition to variations
identified using DNA sequencing generated from
same individual/cell line collections, DNA SNPs
were also identified from public population
databases (1000 Genomes, HapMap, dbSNP,
BGI200/Danish, ESP6500 European and African
datasets) (dbSNP, 2014; HapMap, 2010; ESP6500,
2014; 1000 Genomes, 2014). Mapping identified
RNA sequencing variations to existing or
customized RNA editing databases and resources
expedites identification of known RNA editing sites
(Champion, 2014; Ramaswami and Li, 2014; Kiran
and Baranov, 2010; Li et al, 2009) (Figure 1C).
Computational prioritization of candidate novel
RNA editing sites includes evaluation of the
proximity of identified RNA sequencing variations
to splice sites or paired Alu elements in opposite
orientation.

RNA-seq alignment methods, such as Tophat
(Trapnell et al., 2010), have been developed to
handle mapping of reads spanning exon-exon splice
junctions (Pepke et al., 2014). Cufflinks uses a
bipartite graphing method to assess a “minimum-
cost-maximum-matching” of bundled fragments
from Tophat read alignments in order to build a
parsimonious set of transcript models (Trapnell et
al., 2010). Cufflinks then also provides an
estimation of expression levels using established
methods (Li et al., 2010; Jiang and Wong, 2009).
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We also binned predicted transcript isoforms
according to their scored minor FPKM/major FPKM
ratio in order to identify and compare differences in
transcript isoform abundances (Figure 1A). Unlike
other available algorithms, cufflinks also allows for
the identification of novel as well as known
transcripts, and exhibits superior estimates of
accuracy as measured by the median value of
relative errors in percentage across all genes when
compared to other methods (Nicolae et al., 2011).
Novel transcript predictions are essential for studies
of aberrant co/post-transcriptional — processes.
Identifying novel transcripts associated with
epigenetic deregulation is useful for the discovery of
“isoform-switching” events that are associated with
drug resistance or cancer progression, similar to the
mesenchymal “Illc” FGFR2 isoform abundant in
ccRCC. Correlating the abundance of novel
transcripts identified with regions of epigenetic
deregulation is useful for assessing levels of aberrant
transcription  (e.g. = “transcriptional-noise”), and
exploring possible regulatory roles of the Nonsense-
Mediated-Decay (NMD) pathway during cancer
progression (Gardner, 2011; Frischmeyer and Dietz,
1999). In addition to evidence that epigenetic
deregulation mediates aberrant splicing, these
processes also affect the rate of transcription (Veloso
et al., 2014; Eswaran et al., 2013); although, the
functional implications of differences in transcript
isoform abundances with regards to tumorigenesis or
drug response are largely unknown. Differences in
“methodological-flow” can also be used to expedite
specific outputs from these types of studies. For
example, transcriptome-profiling studies aimed to
characterize global regulatory shifts in transcript
splicing or abundance would be better done using a
transcriptome-to-peak analysis workflow.
Conversely, identification of diagnostic biomarkers
or potential clinical targets is expedited by starting
with epigenetic deregulated regions (Figure 1A) in
order to identify aberrant target transcript isoforms,
or RNA-editing site variations associated with
phenotype progression.

2.3 Bioinformatics Methods to
Integrate Epigenetic and
Co/Post-Transcriptional Datasets

Historically, methods that integrate epigenetic and
microarray expression datasets were developed to
characterize transcriptional regulons. There are
many available tools and methods available for
comparative analysis via correlative clustering of
significant shifts in epigenetic modification patterns
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with differential gene expression (e.g. Rcade,
TransView (Bioconductor Software Packages,
2014)). However, unique to our approach is the
inclusion of additional variables of co/post-
transcriptional — mis-regulation associated with
changes in epigenetic modifications. Although
important biological relationships between the
variables used to evaluate epigenetic influences on
transcriptional processes exist, we find that pairwise
Spearman correlations (R Development Core Team,
2011) between most of the variables assessed in our
studies are not significant (Figure 2, Frequency of
non-Alu (A.) and Alu (B.) repeats, C. Frequency of
RNA editing sites, D. Adjusted Peak Length Shift,
E. ORF size, F. Frequency of novel transcript
isoforms). An exception is the expected positive
correlation between the distribution of Alu elements
(B.) and RNA editing sites (C.) within a given
region (Figure 2).
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Figure 2: RNA-editing sites and A/u-elements are the only
two variables that are significantly correlated in regions of
epigenetic modification shifts.

Therefore, application of any multi-variable co-
clustering approaches would likely be inadequate
and unnecessarily exhaust computational resources.
Rather, we find that first clustering independent
variables followed by a comparative assessment of
significant differences between two conditions (e.g.
T/N, R/S) across a given region using the Student
unpaired t-Test followed by estimation of FDR using
a beta-uniform mixture model (R Development Core
Team, 2011), provides biologically meaningful
results and is useful for ranking the identified
regions of aberrant epigenetic modification and
co/post-transcriptional ~ deregulation (Figure 3).
Finally, functional clustering of candidate clinical
targets identified by our comparative studies into
predicted interaction networks and biological
pathways identified several genes regulating cell

and RNA-editing
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Figure 3: P-values equal to or less than 0.01 are within the
range of desired false discovery rate as estimated by a
beta-uniform mixture model. Significant p-values were
used to select regions for further functional analysis using
network interaction and biological pathway prediction
algorithms.

cycle progression and mRNA processing, which
further supports the validity of our methodologies
and provides an additional level of prioritization for
future diagnostic biomarker or clinical target
development (Table 1).

3 CONCLUSIONS AND

PERSPECTIVES
Advanced sequencing techniques and well-
considered  bioinformatics  methods  provide
unprecedented  opportunities for in  depth

comparative studies of paired (T/N or R/S) datasets
in order to understand the regulatory roles of
epigenetic modifications on co/post-transcriptional
processes, and how deregulation of these functional
relationships  promotes drug resistance and
contributes to the progression of cancer. Our studies
using a developed program to identify regions
exhibiting significant epigenetic =~ modification
changes and aberrant co/post-transcriptional
processing exemplifies one of the workflows we
presented and provides evidence that studies such as
these yield meaningful results of potential high
impact for subsequent diagnostic biomarker or
therapeutic target design endeavors.
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Table 1. Genes exhibiting significant epigenetic
modification shifts associated with aberrant co/post-
transcriptional processing in a 5-Azacytidine resistant
human erythroleukemia cell line, but not in a myeloid
progenitor cell line, cluster into predicted interaction
networks and functional biological pathways.

Frequency
Biological of Genes in
Pathway p-value FDR Pathway
Mitotic
Metaphase and <1.00E-
Anaphase 0 03 10
Mitotic <5.00E-
Prometaphase 0 04 8
Processing of
Capped Intron-
Containing Pre- 3.33E-
mRNA 0 04 8
1.48E-
RNA transport 0.0001 02 oA
PLK1 signaling 2.06E-
events 0.0003 02 4
IL6-mediated 2.22E-
signaling events | 0.0003 02 4
Deadenylation-
dependent 2.24E-
mRNA decay 0.0004 02 4
mRNA
surveillance 2.15E-
pathway 0.0004 02 5
Role of
Calcineurin-
dependent
NFAT signaling 1.97E-
in lymphocytes 0.0005 02 4
Regulation of
retinoblastoma 3.95E-
protein 0.001 02 4
IL2 signaling
events mediated 3.87E-
by STAT5 0.001 02 3
Mitotic G2- 4.66E-
G2/M phases 0.0013 02 5
IFN-alpha
signaling 4.74E-
pathway 0.0015 02 2
EPO signaling 491E-
pathway 0.0016 02 3
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