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Transcriptome profiling of prostate tumor
and matched normal samples by RNA-Seq
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Abstract. - BACKGROUND: RNA-Sequencing
(RNA-Seq) has greatly influenced cancer re-
searches, and it provides an unprecedented res-
olution in estimating gene expression and has
less signal noises compared to cDNA microarray.

AIM: We aimed to identify a list of protein-
coding genes and lincRNAs that are expressed
differentially between tumor and normal tissues.

MATERIALS AND METHODS: In this study,
we analyzed including 10 human prostate tu-
mor tissues and their matched normal tissues
transcriptome dataset generated by recently
developed RNA-Seq technology.

RESULTS: By aligning short reads to human
RefSeq genes and lincRNAs, we identified 10
RefSeq genes that were differentially expressed
between tumor and normal samples with a p-val-
ue < 0.05, which were sufficiently enough to dis-
tinguish these two groups. Further loosing the
p-value cutoff to 0.1 identified an lincRNA which
is antisense to Cullin-associated and neddula-
tion-dissociated 1 (CAND1), whose expression is
repressed in prostate tumor cells. By examining
the expression of CAND1 and its antisense lin-
cRNA in the transcriptome dataset, we found an
interaction between them as high expression of
CAND1 and low expression of lincRNA is normal
samples, and verse visa in tumor samples.

CONCLUSIONS: These findings suggest the
important usage of RNA-Seq in cancer studies
for biomarker development and functional in-
vestigation.
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Introduction

Prostate cancer is one of the most prevalent
male malignancies in developed countries!, with ~
220,000 new diagnosed cases and 32,000 deaths
occurred in 20102, Although the underlying mecha-
nism for prostate cancer still remains largely un-

known, a number of factors, such as genetic back-
ground, age, ethnicity and a family history have an
impact on the risk of this cancer’. In the last ten
years, there are a lot of studies that demonstrated
gene expression profiling is a useful approach to
identify prostate cancer candidate genes that be-
have differently between tumor tissues and adja-
cent normal tissues*®. The main method used in
these studies is cDNA microarray, which, however,
is subject to various sources of noise. Array effect,
efficiency in reverse transcription and hybridiza-
tion, etc., could introduce variability to the result
and complicate later on analysis’®, which may re-
sult in a certain proportion of false positive result.

The rapid development of next generation se-
quencing (NGS) technologies in recent years has
greatly influenced cancer researches, as it be-
comes available to perform a whole transcriptome
profiling at an affordable cost. This method,
termed as RNA-Seq, provides an unprecedented
resolution in estimating gene expression and has
less signal noises compared to cDNA microar-
ray'®!!, Hence, it is commonly applied to identify
differentially expressed genes!*!3, though
RNAseq can also be used to detect fusion genes
in tumor tissue'*!¢, allele-specific expression'”!3,

It has been displayed that a large proportion of
human genome is transcribed. Besides long pro-
tein coding mRNA and short regulatory RNAs, a
new class of RNA has been characterized as long
non-coding RNA (lincRNA), which is longer
than 200 base pairs!®?!. Similar to short regulato-
ry RNAs, lincRNAs have been showed to be
functioning during cellular development and
their dysfunctions are suggested in prostate can-
cer development?>%.

Here we presented a study that used RNAseq
to characterize the transcriptome profile of cod-
ing genes and lincRNAs in a cohort of prostate
cancer samples. By comparing the expression
pattern to adjacent normal tissues, we identified a
list of protein-coding genes and lincRNAs that
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are expressed differentially between tumor and
normal tissues, which could be helpful for further
functional dissection or biomarker development.

Materials and Methods

Transcriptome sequencing data

We retrieved from European Nucleotide
Archive (ENA) the transcriptome sequencing da-
ta of 10 prostate cancer and matched benign
prostate tissues (C02, C03, C06, C08, C09, CI11,
C13, C15, C19, C23, N02, NO3, N06, NO8, NO9,
NI11, N13, N15, N19, and N23), where the acces-
sion number is SRP002628. According to the
original study?, all samples were radical prosta-
tectomy tissue and obtained from the Baylor
Prostate Specialized Programs of Research Ex-
cellence (SPORE) Tissue Core. Samples were
collected from fresh radical prostatectomy speci-
mens and informed consent was obtained under
an institutional review board-approved protocol.
Before sample processing, the pathological status
was further validated, and all tumor samples
were reported to have >80% of tumor cells with
Gleason scores of 6-9. Then RNAs were extract-
ed from each sample to prepare paired-end se-
quencing libraries and were sequenced by Illumi-
na Genome Analyzer II.

Human coding gene
and lincRNA transcripts

We downloaded transcripts of the Reference
Sequence (RefSeq) genes under current human
genome assembly (hg19) from http://genome.uc-
sc.edu/. This gene set is manually curated and
represents a comprehensive, integrated, non-re-
dundant, well-annotated set of sequences. Se-
quences for human lincRNAs were also down-
loaded from http://genome.ucsc.edu/, using the
“lincRNA Transcripts” track.

Estimate of transcript expression

To estimate the transcription level of protein-
coding genes and lincRNAs, we first mapped
RNA-Seq reads back to the reference genome
(hg19) by TopHat®, which is a fast splice junc-
tion mapper using the ultra high-throughput short
read aligner Bowtie®*. We provided a combined
annotation file of both RefSeq genes and lincR-
NAs, and set the minimal intron size as 20%’, and
remained all other parameters as default. Next,
we feed TopHat result to Cufflinks®® with tran-
script annotation file, and estimated the relative

abundances of each transcript by counting the
number of reads that mapped to the genomic lo-
cation of that transcript. Biases in library prepa-
ration have been taken into account and the tran-
scription level is measured by the number of
fragments per kilobase of transcript per million
fragments mapped (FPKM)?.

Identification of differentially expressed
RefSeq genes and lincRNAs

To find genes and lincRNAs which are differ-
entially expressed between tumor and normal
samples, we used t-test with unequal variation.
Multiple-test correction was performed using
Benjamini and Hochberg’s method?.

Supervised clustering analysis

Hierarchical clustering of gene expression was
performed by R. For each row (gene), we sub-
tracted each value by the mean of the row and
then divided by the standard deviation. Distance
between samples was calculated by Euclidean
method, and clusters were decided by the com-
plete linkage method, which identifies similar
clusters.

Functional annotation and pathway
analysis

We used the Database for Annotation, Visual-
ization and Integrated Discovery (DAVID) bioin-
formatics resource to annotate gene functions
and pathways®**!. Enrichment tests were per-
formed using tools embedded in DAVID.

Results

Data summary

The prostate cancer RNA-Seqtranscriptome
dataset contains 347 million reads in 10 tumor
samples and 10 normal samples, averaging ~17.3
million reads in each sample. To align these
reads back to the human reference genome, we
used TopHat®, which can efficiently map reads
that span exon junctions is thus specifically help
in RNA-Seq analysis. The default parameter set
was used, except for setting a small intron size as
20 bp?’. About 311 million reads were success-
fully aligned to the human reference genome,
and the alignment percentage for each sample
ranges from 82% to 93.8% (Table I). There is no
discrepancy observed for alignment percentage
between tumor and normal samples, so all sam-
ples were included in further expression analysis.
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Table I. Read alignment summary.

SamplelD Tumor Normal
Total Aligned
(Million reads) (Million reads) Ratio Total Aligned Ratio
2 10.75 9.70 0.90 8.17 7.36 0.90
3 8.10 7.34 0.91 8.01 7.25 0.91
6 13.14 12.08 0.92 8.00 7.17 0.90
8 8.38 7.34 0.88 5.29 441 0.83
9 7.56 6.63 0.88 5.64 4.93 0.88
11 21.99 18.03 0.82 29.52 25.89 0.88
13 31.06 28.55 0.92 29.50 26.59 0.90
15 32.55 30.54 0.94 28.47 25.67 0.90
19 32.61 30.59 0.94 23.83 21.10 0.89
23 30.43 28.55 0.94 29.35 27.25 0.93

Expression analysis

To estimate the expression level for a given
transcript, we next processed the TopHat align-
ment result using Cufflinks, which derives likeli-
hood for the abundance of given transcripts from
aligned reads based on a statistical model of
paired-end sequencing experiments, and gives a
fragment per kilobase of exon per million (FPKM)
value for each transcript. For reads that were
mapped to more than one transcript, a weighted
number is given for counting the final expression
level. To avoid bias, we combined coding gene
transcripts and lincRNA transcripts and estimated
the expression at the same time. Among 60723
transcripts in total, 18914 (31.1%) transcripts have
a FPKM value > 1 in more than 10 samples,
which were used as the working dataset to identify
differentially expressed transcripts. After multiple
test correction by Benjamini and Hochberg’s
method®, we found 10 transcripts with a p-value <

0.05, all of which were RefSeq genes. Supervised
clustering analysis showed that these genes were
sufficient to distinguish tumor and normal samples
(Figure 1). Since the resulting number is small and
may lack of statistical power in further analysis,
we decided to loose the p-value cutoff to 0.1,
which led to 55 differentially expressed tran-
scripts, with 50 RefSeq genes and 5 lincRNAs,
and were either up-regulated or down-regulated in
tumor samples compared to normal samples (Fig-
ure 2). And all downstream analyses were per-
formed on transcripts with p < 0.1.

Functional and pathway analysis of
differentially expressed RefSeq genes

To understand the significance of these statisti-
cally differentially expressed RefSeq genes, we
used DAVID tools to annotate genes and tested for
enrichment. We first interrogated the enrichment of
gene ontology (GO) categories of these 50 RefSeq

40

Figure 1. Supervised clustering based on
differentially expressed genes. Samples
starting with ‘C’ are tumor samples, and
samples starting with ‘N’ are normal sam-
ples. 10 most significantly differentiated
RefSeq genes (with p-value < 0.05) were °
used for this supervised clustering, and tu-
mor and normal samples are clearly separat-
ed as two distinguish clusters.
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genes. 174 terms of biological process were found
among these RefSeq genes, and the most enriched
terms are transport related, such as “vesicle-medi-
ated transport” and “Golgi vesicle transport”, how-
ever, none of the terms reached the statistical sig-
nificance level (p < 0.05). In comparison, there
were 68 terms of molecular function found in these
RefSeq genes, and the most significant ones are re-
lated to binding, such as nucleic acid binding, nu-
cleotide binding and ribonucleotide binding. Al-
though no terms reached a statistical significance,
probably due to the small number of genes used
here, we still found some interesting cases. On top
of this list is the term “translation factor activity,
nucleic acid binding”, genes in this category were
reported to play a critical role in ovarian cancer de-
velopment®, suggesting that the differentially ex-
pressed genes we identified here may also be relat-
ed to cancer. We further investigated pathway an-
notations of our differentially expressed genes, and
4 pathways were identified. Interestingly, 2 of 4
identified pathways were signaling pathway
(“Adipocytokine signaling pathway” and “Insulin
signaling pathway”), both were annotated as path-
ways in cancer by Kyoto Encyclopedia of Genes
and Genomes (KEGG) and reported to be involved
in different types of cancers®*-*°. Due to the data
limitation, these pathways were not shown to be
statistically enriched in our candidate genes, but
our detailed analysis on roles of these pathways in
cancer development may suggest certain genes in
our list are cancer related.

Figure 2. Heatmap of gene
expression profile. 55 most dif-
ferentially expressed RefSeq
genes and lincRNAs (with p-
value < 0.1) were demonstrat-
ed. For each gene, expression
signals in samples were nor-
malized to obey a standard
normal distribution. Color bars
above the heatmap represented
sample groups, as red for nor-
mal and blue for tumor. The
dendrogram above was con-
structed the same as Figure 1.
Gene IDs were plotted on the
right of the heatmap.

Functional analysis of differentially
expressed lincRNAs

As lincRNAs are commonly involved in tumor
development, it is also of interest to study the
functional consequence of the 5 lincRNAs that
were differentially expressed between tumor and
normal samples in this study. We first used Basic
Local Alignment Search Tool (BLAST)* to search
for similar hits of our candidate lincRNAs in a
comprehensive non-coding RNA sequence data-
base (http://www.ncrna.org/frnadb/index.html),
using an E-value 0.0001, and found hits for 2 lin-
cRNAs (TCONS_00013855 and TCONS_12_
00018657). Further investigation showed that
both hits were annotated as human antisense
RNAs, and one (TCONS_12_00018657 OR
FR321700 IN ncRNA database) is overlapped
with cullin-associated and neddylation-dissociat-
ed 1 (CANDI). A few recent studies have shown
that CANDI gene plays an important role in
prostate cancer carcinogenesis, as its expression
frequently suppressed in prostate cancer®®3°. In
our dataset, we found the expression of the
CANDI antisense RNA FR321700 is higher in
tumor samples compared to normal samples, and
the expression of CAND] is reversed, with a sig-
nificantly different CANDI/FR321700 ratio be-
tween two groups (Figure 3). Considering that
antisense RNAs regulate can couple with their
sense RNAs and thus down-regulate their expres-
sion, the over-expression of FR321700 in tumor
samples is consistent with previous findings, and
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Figure 3. The expression pattern of
CANDI1 and its antisense lincRNA. The ratio
was plotted as the expression of CANDI ver-
sus its lincRNA. Tumor samples were repre-
sented as red bars, and normal samples were
represented as blue bars. Expression was es- -
timated as FPKM value, and t-test was used
to compare these two groups with the as-
sumption of unequal variation.
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suggests an important role that lincRNAs play in
human prostate cancer, as well as other cancers.

Discussion

Prostate cancer, along with other cancers, is
caused by a series of genetic and environmental
factors. Thus, a better understanding could be
achieved for the genetic mechanism of prostate
cancer by detailed genetic analyses. For a long
time, whole-gene expression profiling has been
used for molecular diagnosis, clinical outcome
prediction or candidate gene identification**-4!.
However, data generated from micro-arrays are
subject to several limitations, such as signal satu-
ration, hybridization efficiency or array effects,
which introduce additional difficulties to data
analysis and may mask informative signals. Re-
cently, RNA-Seq technology has provided a su-
perior method to characterize the transcriptional
activities of an entire set of genes, and is widely
applied in cancer studies'*?**2, In this study, we
sought to characterize whole-gene expression
pattern between 10 prostate tumor samples and
their matched normal samples, using data gener-
ated by RNA-Seq. By carefully examining the
dataset, we found most genes were not differen-
tially expressed between these two groups, but
there were weak signals for handful genes, which
could clearly distinguish tumors from normal
controls. Further functional dissection also found
that these genes were involved in functional cate-
gories or pathways related to carcinogenesis,
suggesting that these genes may play a possible
role in tumor development and may worth further
investigation.

Emerged recently and still largely unknown,
lincRNAs have become a new aspect of current
biological research. Among limited knowledge,
lincRNAs have been shown to be an essential
contributor to numerous systems and play an im-
portant role in cancer biology*#. By coopera-
tively repressing epigenetic gene expression
through chromatin-modification mechanisms*¢’,
lincRNAs can interact with known cancer genes
in tumorigenesis®. Due to the advantage of
RNA-Seq, information of most lincRNAs is pre-
served in the dataset. Therefore, we further com-
pared the expression pattern of more than ten
thousands lincRNAs available in University of
California Santa Cruz (UCSC) database between
tumor and normal populations. At a relatively
low statistical level, we identified a few lincR-
NAs with distinguishing expression pattern. By
comparing to a list of annotated lincRNAs, 2 lin-
cRNAs were identified as antisense RNA. Of
them, one is complementary to CANDI gene,
which has been reported as an important gene in
prostate cancer development. In one study, Mura-
ta et al®* found that growth of prostate cells is
promoted when the expression of CANDI is re-
pressed. And in our dataset, we found that the
CANDI] expression is abundant and the expres-
sion of its corresponding lincRNA is scarce in
normal samples, while in tumor samples an op-
posite pattern is observed, which is consistent
with previous findings and confirm the functional
role of lincRNAs in cancer biology.
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