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RNA-seq by poly(A) selection is currently the most common protocol for whole transcriptome sequencing as it provides a
broad, detailed, and accurate view of the RNA landscape. Unfortunately, the utility of poly(A) libraries is greatly limited
when the input RNA is degraded, which is the norm for research tissues and clinical samples, especially when specimens are
formalin-fixed. To facilitate the use of RNA sequencing beyond cell lines and in the clinical setting, we developed an exome-
capture transcriptome protocol with greatly improved performance on degraded RNA. Capture transcriptome libraries
enable measuring absolute and differential gene expression, calling genetic variants, and detecting gene fusions.
Through validation against gold-standard poly(A) and Ribo-Zero libraries from intact RNA, we show that capture
RNA-seq provides accurate and unbiased estimates of RNA abundance, uniform transcript coverage, and broad dynamic
range. Unlike poly(A) selection and Ribo-Zero depletion, capture libraries retain these qualities regardless of RNA quality
and provide excellent data from clinical specimens including formalin-fixed paraffin-embedded (FFPE) blocks. Systematic
improvements across key applications of RNA-seq are shown on a cohort of prostate cancer patients and a set of clinical
FFPE samples. Further, we demonstrate the utility of capture RN A-seq libraries in a patient with a highly malignant solitary
fibrous tumor (SFT) enrolled in our clinical sequencing program called MI-ONCOSEQ. Capture transcriptome profiling
from FFPE revealed two oncogenic fusions: the pathognomonic NAB2-STATé inversion and a therapeutically actionable

BRAF fusion, which may drive this specific cancer’s aggressive phenotype.

[Supplemental material is available for this article.]

Despite advances in tissue preservation and handling, it remains a
challenge to obtain RNA of sufficient integrity from clinical spec-
imens (Medeiros et al. 2007; Turashvili et al. 2012). Oncological
tissues procured via needle core biopsies and preserved as forma-
lin-fixed paraffin-embedded (FFPE) blocks remain problematic
for the most commonly used RNA-seq protocols (Lister et al.
2008; Mortazavi et al. 2008; Nagalakshmi et al. 2008), which con-
trasts with their routine use in cell lines. Due to the utility of ex-
pression profiles in the diagnosis, prognosis, and therapy of
cancer, there is a growing clinical need for methods that produce
reliable data from samples that vary in source material and quality
(Bittner et al. 2000; Armstrong et al. 2002). To date, no protocol
has been shown to robustly and accurately measure absolute
gene expression from degraded RNA, which has impeded the use
of RNA-seq to profile the expression of clinical samples. As neither
mRNA enrichment “poly(A)” nor rRNA depletion “Ribo-Zero”
(Zhang et al. 2012) libraries can be reliably generated from degrad-
ed and cross-linked RNA, novel protocols are needed to unlock
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these valuable data for precision medicine approaches or retrospec-
tive studies.

An alternative approach is to directly select for known tran-
scripts using complementary capture probes. Direct target enrich-
ment protocols were initially designed to capture the exome from
the total genomic DNA for the purpose of cost-effective clinical
resequencing (Choi et al. 2009) and were next adapted for cDNA
targets (Ravo et al. 2008; Ueno et al. 2012). In capture sequencing,
each transcript of interest is targeted with an excess of probes at
multiple positions, which makes transcript recovery possible
even if the poly(A) tail was lost. Recently, targeted RNA sequencing
was suggested as a method to comprehensively sample low-abun-
dance isoforms (Mercer et al. 2012; Halvardson et al. 2013; Fu et al.
2014) and even measure gene expression (Cabanski et al. 2014).
However, the recommendation of a novel transcriptome profiling
protocol for routine use in a clinical or research setting requires
careful examination of its relative merits on a wide range of metrics
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Capture RNA-seq for degraded and clinical RNA

(Mullins et al. 2007; Zeng and Mortazavi 2012; Adiconis et al.
2013; Zhao et al. 2014). It is critical that the recommended method
is largely compatible with poly(A) RNA-seq and Ribo-Zero libraries
as these are most commonly used for research and by The Cancer
Genome Atlas (TCGA) (The Cancer Genome Atlas Research
Network 2008).

Results

We developed the exome-capture (short “capture”) RNA-seq li-
brary preparation protocol as a modification to our clinical poly(A)
selection (short “poly(A)”) RNA-seq procedure (Fig. 1A). The proto-
cols share a number of steps but differ at two important stages
(Methods). Briefly, for poly(A) selection, oligo(dT) beads are used
at the beginning of the workflow to enrich for spliced and polya-
denylated mRNAs. This step is omitted for capture transcriptomes;
for which, alternatively, enrichment is done after the main enzy-
matic steps of library construction. Unique to capture transcrip-
tomes is an overnight capture reaction (RNA-DNA hybridization)
using exon-targeting RNA probes, followed by a washing step,
and an additional set of PCR cycles. After the final PCR reaction,
both types of libraries are ready for clustering on an Illumina
flow-cell (Fig. 1A).

Concordance of capture and poly(A) transcriptomes
from intact RNA

To assess the similarity, consistency, and efficiency of transcrip-
tomes obtained using the exome-capture and poly(A)-selection
protocols, we prepared a total of 12 libraries (technical triplicates)
from perfectly intact RNA (RIN 10.0, RNA degradation level 0) (Fig.
1B; Supplemental Fig. S1). Total RNA was extracted from VCaP
prostate cancer cells treated with dihydrotestosterone (DHT) or

A total RNA i B VCaP celis
i cobA | DHT 1 l MOV
sﬁcﬂoni
. b I
fragmentation ‘rpu"ﬂ’- Ireated calle
specific freeze
ds-cDNA thaw
synthesis
whole cell lysate
blunt
o o s
A-tailing incubation time in 37C >
adaptor H / E
e i RNA Alsotation :
¥ L
capture PCR intact RNA  degraded RNA degraded RNA
"‘.:A_p_e'cuﬂ_c 11-14 cycles) (level 0) (level 1) (level 7)
! library construction
o
o o o
9: £3 23
sequencing aé ] & 8 8 bid

Figure 1. The exome-capture transcriptome protocol. (A) Flow-chart of
library preparation protocols. Steps unique to each protocol are highlight-
ed. Enrichment for mRNA occurs at the RNA or cDNA stage, respectively,
for poly(A) and capture RNA-seq. (B) Controlled in vitro degradation
through cell lysis and warm incubation. VCaP cells were treated with
DHT or MDV3100. Intact RNA, RNA integrity number (RIN) 10, was ex-
tracted, and libraries were prepared in technical triplicates. In parallel,
RNA was degraded by warm incubation for increasing amounts of time.
Paired poly(A) and capture libraries were prepared from the same RNA
at each degradation level.

enzalutamide (MDV3100, short MDV). First, we looked at align-
ment rates and the degree of strand-specificity (Parkhomchuk
et al. 2009; Levin et al. 2010), or “strandedness.” We found that li-
braries from both protocols have high and reproducible alignment
rates (~85%) and almost perfect strandedness (Fig. 2A). Next, we
computed genomic distributions of the aligned fragments to gauge
the on-target performance of the protocols. For both protocols, at
least 95% of all aligned fragments were shown to overlap known
exons (Fig. 2B, left). Since the reference genome does not include
rRNA coding loci, we conclude that the protocols are equivalent
in providing approximately the same number of useful reads for
a given depth of sequencing.

We estimated the amount of tRNA by aligning reads to the
rRNA precursor sequences (Methods). Positive selection for
poly(A) is an efficient method for the removal of tRNA sequences
as these are never polyadenylated. As expected, poly(A) libraries
were found to be virtually free of IRNA (<1%), while capture librar-
ies were found to contain ~10% rRNA (Fig. 2C), which makes
them superior to those from alternative RNA-seq protocols, e.g.,
DSN (40%) and Ribo-Zero (23%) in Langevin et al. (2013)
(Supplemental Fig. S2). In contrast, enrichment using oligo(dT) in-
troduces a strong and reproducible 7.5-fold overrepresentation of
adenine homopolymers (Fig. 2D). In total, the genomic origin
can be determined for 95% of reads from capture compared to
<90% from poly(A) libraries.

Next, we computed the overlap between poly(A) and capture
libraries for detectably expressed genes and single nucleotide vari-
ants (SNV) within all exons (Fig. 2E; Methods). The majority of
genes, 80% (over 11,000 genes), can be detected in both, 15%
(2452 genes) are unique to poly(A), and 4.5% (688 genes) are
unique to capture libraries. Conversely, of the total 14,271 vari-
ants, 6% (857) were unique to poly(A) and 12% (1646) to capture.
Protein coding genes are currently the most clinically relevant and
actionable gene “biotype” (Harrow et al. 2012), while noncoding
RNAs are emerging as robust biomarkers. To test whether these
are adequate, we tallied aligned reads in capture, poly(A), and
Ribo-Zero libraries by gene biotype (Fig. 2F). We observed no differ-
ences in the proportion of reads originating from protein coding
genes between poly(A) and capture. Compared to poly(A), capture
libraries contained more reads from long noncoding RNAs.

In summary, capture and poly(A) transcriptomes from identi-
cal and intact RNA are similar. They cover similar genomic regions
and detect overlapping sets of SNVs. Differences in coverage are
observed within introns, intergenic regions, and for non-protein-
coding genes. As expected, noncoding genes are mostly nonpolya-
denylated and are enriched in Ribo-Zero libraries (Cui et al. 2010).
Importantly, capture transcriptomes are more sensitive in calling
variants within exons (Fig. 2B, right; Fig. 2E).

Quantitative gene expression profiles from exome-capture
transcriptomes

Next, we sought to establish whether capture transcriptomes pro-
vide precise estimates of absolute gene expression. We tested
whether quantification was limited to genes included in the probe
design (Methods) and found that genes that are captured are de-
tected at the same rate in poly(A) and capture libraries (~11,000
in VCaP), whereas genes (~2000 in VCaP) that are not captured
are largely missing. Hence, we decided to focus all subsequent
quantitative analyses on the captured genes.

First, we benchmarked the protocols in terms of technical re-
producibility and found that both show excellent agreement
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that expression estimates from both li-
brary types are within a factor of two for
the majority of genes (>87%). Genes
with higher expression levels in the cap-
ture libraries were identified as histones
and small nucleolar RNAs (Fig. 3B;
Supplemental Table S1), which was re-
ported for Ribo-Zero and DSN libraries
(Miller et al. 2013; Zhao et al. 2014) and

is explained by their unique biology:
Histone mRNAs in metazoans are not
polyadenylated (Yang et al. 2011), while
polyadenylation of snoRNAs is a signal
for their degradation (LaCava et al.
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2005). A small number of genes were
found to be underestimated in capture li-
braries. The majority of those were inad-
equately captured (see below).

Next, we focused on quantitative es-
timates of differential gene expression.
To identify androgen receptor (AR)-regu-
lated genes, we estimated log, fold-
changes (Smyth 2005; Law et al. 2014)
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between dihydrotestosterone- and enza-
lutamide-treated cells (Methods). Both
the estimated log, fold-changes (Fig.
3C) and differential expression P-values
(Supplemental Fig. S8) are in excellent
agreement between capture and poly(A)
libraries. The log, fold-changes estimated
from both protocols match closely across
10 orders of magnitude (Fig. 3C), while P-
values of differential expression are pre-
cise even for genes with small effect sizes
(Supplemental Fig. S8). Known AR tar-
gets were found among the most up-
and down-regulated genes including
TMPRSS2 (>10-fold up) and MYC (greater
than twofold down) (Supplemental
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Figure 2. Similarity of poly(A) and capture transcriptomes from intact RNA.
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(Supplemental Figs. S3, S4). We also plotted mean-variance trends
(Supplemental Figs. S5, S6) and expression-level histograms
(Supplemental Fig. S7) and found, respectively, no significant dif-
ferences in variability and dynamic range between the two library
types. We compared the distributions of gene expression levels
from capture, poly(A), and Ribo-Zero libraries using Q-Q plots
and observed only small deviations for the most highly expressed
genes (Fig. 3A).

Finally, we directly compared expression estimates between
capture and poly(A) libraries (Fig. 3B) and found them in very

content (Risso et al. 2011) and gene

length (Oshlack and Wakefield 2009),
and also a factor unique to capture libraries, the “capture ratio,”
i.e., the percentage of targeted exonic bases. Our results indicate
that capture efficiency is not significantly biased by GC content
(Fig. 3D), gene length (Fig. 3E), or capture ratio (Fig. 3F). Only mi-
nor trends were revealed; a small proportion of genes with low cap-
ture ratio (<25%) were inadequately captured, resulting in the
underestimation of their expression levels (Fig. 3F). Conversely,
long genes are underestimated in poly(A) libraries (Sigurgeirsson
et al. 2014), which can be attributed to a loss of 5 transcript
ends clearly present even in RIN 10 RNA (Fig. 3E). Altogether, these
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Figure 3. Agreement of absolute and differential gene expression. Expression levels were quantified by counting the number of aligned fragments within
captured exonic regions and converted to the log, of counts per million (log,[cpm]). Treatment log, fold-changes were estimated through linear mod-
eling. (A) Pairwise Q-Q plots comparing the distributions of gene expression levels. (B) Agreement of absolute levels of transcript abundance log,(cpm).
(C) Agreement of differential gene expression between DHT-treated and ablated cells (MDV treatment) (log, fold-changes). (D-F) Observed differences
between capture and poly(A) expression estimates are not driven by GC content, gene length, or fraction of exon bases with target probes.

results suggest that exome-capture RNA-seq provides precise and
largely unbiased estimates of gene expression for the majority of
captured genes.

Improved performance of capture libraries from
low-quality RNA samples

Our initial experience with capture RNA-seq libraries accrued
through the clinical MI-ONCOSEQ project (Roychowdhury et al.
2011) indicated their improved performance for fusion calling
and greater reliability in samples of low RNA quality. To test this
rigorously, we performed controlled in vitro degradation of RNA
(Fig. 1B) by preparing paired capture and poly(A) libraries at in-
creasing levels of RNA degradation (RIN 2-9) (Fig. 1B; Supplemen-
tal Fig. S1; similar to Thompson et al. 2007; Opitz et al. 2010;
Sigurgeirsson et al. 2014).

To detail how RNA degradation affected estimates of gene ex-
pression, we first compared degraded (level 7) capture, Ribo-Zero,
and poly(A) libraries with reference poly(A) transcriptomes (level
0). We observed good agreement (R > 0.85) for the majority of pair-
wise comparisons (Fig. 4A; Supplemental Fig. S9). Importantly, the
highest correlation with reference poly(A) was observed for degrad-
ed capture, not poly(A), transcriptomes (R=0.96). Degraded sam-
ples correlated less well, which suggests that degradation is
associated with significant technical variability. To assess this fur-
ther, we quantified the average variability of gene expression (co-
efficient of variation, CV) across libraries from the same RNA but
a range of degradation levels (Fig. 4B). As expected, we found
that capture libraries were significantly more precise (less variable).

We performed unsupervised clustering of DHT- and MDV-treated
samples to assess whether technical variation from RNA degrada-
tion obscured biological differences (Fig. 4C). If technical variation
is sufficiently low, samples will cluster by treatment “DHT/MDV”
and not by RNA quality “(0-9).” This was the case for capture li-
braries, which partitioned by treatment first and RNA quality sec-
ond. On the contrary, poly(A) libraries were inadequately
controlled and clustered predominantly by RNA quality, obscur-
ing the treatment (Fig. 4C). Next, we assessed the impact of RNA
degradation on the sensitivity of calling SNVs. For each sample,
we computed the fraction of SNVs that were successfully detected
(Fig. 4D; Methods). We observed that the recall of variants rapidly
declined with RNA degradation for poly(A) but not for capture li-
braries (Fig. 4D). We reasoned that the poor performance of
poly(A) libraries is likely due to a decrease in coverage of the variant
positions. To test this, we computed the fraction of unique frag-
ments (Fig. 4E) and the distribution of fragments along the gene
body (Fig. 4F). As expected, we found that library complexity
was negatively correlated with RNA quality. The deterioration
was relatively mild in capture libraries but very strong in poly(A)
libraries, for which up to ~90% of the fragments were duplicates
(Fig. 4E). Uniformity of fragment distribution and coverage along
the gene body is critical for identifying full-length transcripts and
calling variants at the 5’ or 3’ transcript ends. We found that intact
poly(A) samples have a 3’ bias (Fig. 4F), which, as reported previ-
ously (Popova et al. 2008; Opitz et al. 2010; Sigurgeirsson et al.
2014), is associated with degradation. Conversely, capture libraries
have higher coverage at the 5’ end, and gene coverage is robust to
RNA degradation. This bias is “by design” since hybridization
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tion coverage).

probes are placed infrequently within long 3' UTR regions
(Supplemental Fig. S10).

Finally, we compared the two library types for their ability to
detect splice junctions and gene fusions. We quantified the cover-
age of known splice junctions as a proxy for their likelihood of
being de novo discovered (Fig. 4G). We found that the coverage
of splice junctions was highest in capture libraries independent
of RNA quality. Next, we assessed whether the differences in splice
junction coverage actually influenced our ability to detect
TMPRSS2-ERG, a known gene fusion (Tomlins et al. 2005). In
DHT-treated samples, TMPRSS2-ERG is induced and expressed at
avery high level. Correspondingly, the fusion was detected regard-
less of RNA quality and library type (Fig. 4H, left). In MDV (bicalu-
tamide)-treated samples, where TMPRSS2-ERG is repressed, the
fusion was reliably detected in all capture libraries, but only two
out of seven degraded poly(A) libraries (Fig. 4H, right).

Application of capture transcriptomes in a rapid autopsy
prostate cancer cohort

To confirm the in vitro results in a clinical setting, we extended
the evaluation of capture RNA-seq to flash frozen tissue and FFPE
blocks from an autopsy cohort of 13 prostate cancer patients.
We sequenced a total of 29 samples divided into three types

of libraries: capture FFPE, capture frozen, and poly(A) frozen
(Supplemental Table S3). Chiefly, we wanted to establish if capture
FFPE allowed for precise estimates of gene expression and whether
the capture protocol provided a substantial improvement over
poly(A) in frozen samples.

To begin with, we probed if the patient libraries were suffi-
ciently depleted of ribosomal RNA (Fig. 5A). Levels of rRNA were
found to be variable (2%-24%) in capture libraries and, as expect-
ed, very low (~1%) in poly(A) libraries. As previously reported for
Ribo-Zero (Zhao et al. 2014), we observed that capture libraries
from FFPE contained significantly less rRNAs compared to libraries
from frozen tissue. The lower TRNA content was also reflected in
higher alignment rates (Fig. 5B). We developed a compound mea-
sure of library quality, which we term “fragment diversity.” This
normalized score is sensitive to library complexity, 3’ bias, cover-
age, and insert size (Methods). We found capture libraries to be
more diverse (P-value<1x107!°) than poly(A) in frozen tissue
(Fig. 5C). As anticipated, FFPE libraries were of lowest quality due
to their limited size distribution (Supplemental Fig. S11) and com-
plexity (Supplemental Fig. $12).

We next assessed the consistency of gene expression between
matched libraries from the same patient. For one patient, all three
library types were made, including duplicates of capture FFPE.
Technical reproducibility of capture FFPE libraries was very high
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Figure 5. Assessment of capture transcriptomes from clinical frozen and FFPE samples. (A-C)
Comparative analysis of paired capture and poly(A) libraries (grouped by patient) derived from FFPE
blocks and frozen tissue: (A) efficiency of rRNA depletion; (B) alignment rates; (C) fragment diversity
(FD)—a compound measure of transcriptome quality sensitive to coverage, complexity, and insert
size; more complex and well-covered libraries have higher FD values. (D) Within patient correlation of
gene expression (log,[cpm]) by library type (poly(A) vs. capture) and source material (frozen vs.
FFPE). (EF) Sensitivity of libraries for detecting genetic changes by patient from frozen libraries: (E) num-
ber of called variants; (F) number of called candidate fusions. (G,H) Robustness of fusion detection: (G)
average read support per fusion; (H) number of supporting reads for each cohort patient with the
TMPRSS2-ERG fusion detected. (/,/) Paired capture and Ribo-Zero libraries from FFPE: (/) number of de-
tected splice junctions; (J) number of called candidate fusions. (K) Selected candidate oncogenic fusion
for each patient (read support).

high correlations (R>0.80) for all but
two comparisons (Fig. 5D) and only
small differences in variability between
the types of compared libraries. The cor-
relation of capture and poly(A) libraries
was as good as the correlations between
frozen libraries (Fig. 5D). Libraries from
FFPE were also highly correlated with li-
braries from frozen tissue, irrespective of
frozen library type. In summary, useful
gene expression data was obtained from
all frozen and all but one FFPE samples.

Finally, we compared capture and
poly(A) libraries in terms of their ability
to call variants (SNVs) and detect fusions
from frozen clinical samples. For each
patient, we computed the number of var-
iants (Fig. SE) and fusions (Fig. 5F) found
in either library type. Informing our in
vitro cell line results (Fig. 4D,H), we
found that SNV calling was more sensi-
tive in capture libraries, with thousands
of variants called reliably only in capture
libraries. Similarly, we nominated signif-
icantly more candidate fusions in cap-
ture libraries. Since fusion junctions are
likely artifacts if they are supported by a
small number of fragments, we also cal-
culated the average number of spanning
reads per junction (Fig. 5G). We found
that fusions in capture libraries had
threefold higher read support. The ETS
gene family fusions are detected in over
50% of prostate cancer patients (Tomlins
et al. 2005). We detected one of the ETS
fusions (Supplemental Fig. S14A)
four out of eight (50%) patients from fro-
zen capture compared to three from poly
(A) (Fig. SH). Importantly, the junction
read support was significantly higher
for capture libraries (Fig. SH). These
data are consistent with our observations
from anti-androgen-treated VCaP cells
(Fig. 4H), considering that many prostate
cancer patients receive anti-androgen
treatment.

Capture transcriptomes for robust
fusion discovery from FFPE

To determine the sensitivity of capture
for the detection of fusions from FFPE,
we prepared matched capture and Ribo-
Zero libraries for nine patient samples
with putative oncogenic fusions. First,
we assessed transcriptome coverage and
uniformity by comparing numbers of de-

(R=0.95), as was the correlation between capture FFPE and capture tected splice junctions (Fig. 5SI). Coverage of Ribo-Zero libraries was
frozen (R=0.93). The capture frozen library was in excellent agree- poor on average and inconsistent across samples, whereas capture
ment with the poly(A) frozen library (R=0.93), despite systematic libraries showed excellent reproducibility. Next, we looked at the
differences in read distribution (Supplemental Fig. S13). Next, we total number of putative fusions. For all patients, significantly
compared matched libraries from all cohort patients. We observed more fusions were nominated in capture libraries (Fig. 5]). To
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assess the clinical implications, we identified a known or candidate
oncogenic fusion for each patient and counted the number of
reads spanning the chimeric junction (Fig. 5K). Critically, the on-
cogenic fusion was detected in only three of nine Ribo-Zero librar-
ies and with low number read support. Robust detection of fusions
is necessary if driver fusions are functional at a low level of expres-
sion, such as EML4-ALK (Soda et al. 2007) and BRAF (Tian et al.
2011) fusions. Previously, we have identified the NAB2-STAT6
fusion as the defining characteristic of solitary fibrous tumors
(SFT) (Robinson et al. 2013). An unusually aggressive case of SFT
was referred to us for clinical cancer sequencing as part of the
MI-ONCOSEQ program (Roychowdhury et al. 2011). The soft
tissue mass metastasized within 6 mo to the lungs (Fig. 6A), and
pathology revealed that the tumor lacked characteristics of SFT,
such as low mitotic rate, rich vascularization, and CD34+ spin-
dle-shaped cells. Mimicking a small cell sarcoma, it comprised
closely spaced sheets of uniform, small undifferentiated cells,
which were interspersed by rich vascular stroma and large zones
of necrosis (Fig. 6B). We readily detected the NAB2-STAT6 fusion
expressed at a very high level (over 2000 spanning reads) (Fig.
6C; Supplemental Fig. S14B). A more detailed look at the tran-
scriptome revealed an in-frame BBS9-BRAF fusion (Fig. 6D;
Supplemental Fig. S$14B) with an intact kinase domain and recur-
rent truncation of the Ras binding domain (Poulikakos et al.
2011). Together, it is plausible that the BBS9-BRAF fusion is activat-
ing, contributes to the malignancy, and may be sensitive to either
sorafenib or MEK inhibitors (Palanisamy et al. 2010). In summary,
capture RNA-seq allows for robust yet unbiased detection of fu-
sions from clinical FFPE specimens including rare and lowly ex-
pressed fusions.

Discussion

Our data suggest that capture RNA-seq provides distinct advantag-
es over poly(A) and Ribo-Zero RNA-seq in the clinical setting. A
major difficulty in clinical RNA sequencing is the low quality of
RNA isolated from clinical fresh frozen and FFPE samples. We
and others have shown that even minimal RNA “nicking” has a
profound negative effect on poly(A) libraries that is not addressed
by the typical recommended threshold of RIN 8 (Zeng and
Mortazavi 2012; Sigurgeirsson et al. 2014). Capture libraries are
more robust to input RNA quality; splice-junctions, fusions, and
variants can be comprehensively detected in the most degraded
samples, while gene expression estimates remain precise and high-
ly concordant with those from poly(A) and Ribo-Zero RNA-seq. We
expect that the better success rate of capture RNA-seq will further
the detection of expression signatures from frozen clinical samples
and FFPE specimens. In agreement with previous studies in cell
lines, we show on clinical specimens that target capture signifi-
cantly improves the sensitivity of gene fusion detection (Ueno
et al. 2012).

Limited amounts of starting material from clinical specimens
represent a barrier to complex transcriptomes (Gertz et al. 2012;
Ramskold et al. 2012). We found that capture RNA-seq can accom-
modate the average RNA yields from five FFPE slides (0.5-40 ng),
which is sufficient for good coverage and complexity. Even
when frozen tissue is available, target capture outperforms poly
(A) for SNV calling, thanks to its excellent coverage and complex-
ity within coding regions (Zhao et al. 2014). Finally, capture RNA-
seq opens up the possibility for clinical expression profiling of
transcripts that are not predominantly polyadenylated, such as cir-
cular, enhancer, and long-noncoding RNAs.

1kb  2kb TPl 4 sk

BBS9 BRAF

Figure 6. Clinically relevant gene fusions from FFPE in a case of solitary
fibrous tumor. (A) MRI of the spine reveals a spinal canal mass with extra-
dural extension from T10-T12 with mass effect and compression along the
spinal cord (arrowhead). Recurrent disease caused cord compression at
the T12-L1 right neural foramen. (B) The tumor mass comprises sheets
of highly mitotic undifferentiated cells with rich vascular stroma and exten-
sive zones of necrosis (upper left). High-power micrograph (bottom) illus-
trates the cytological features of pleomorphic small round cells with ill-
defined eosinophilic cytoplasm, prominent nucleoli, and numerous mitot-
ic figures (arrow). (C) NAB2-STAT6 is the defining oncogenic fusion in SFT.
The trans-activating domain of STAT6 is highlighted in red, the EGRT bind-
ing domain of NAB2 in green. (D) The BBS9-BRAF fusion is likely oncogenic
as it retains the kinase domain of BRAF (yellow) and has a truncation of the
Ras binding domain. BRAF fusions are typically expressed at a lower level,
and this rearrangement was detected with 16 reads.

Methods

Clinical samples

Samples were collected with informed consent and prior institu-
tional review board approval. Prostate tissues were from the radical
prostatectomy series and the Rapid Autopsy Program, which are
both part of the University of Michigan Prostate Cancer
Specialized Program of Research Excellence (SPORE) Tissue Core.
The solitary fibrous tumor sample was obtained as archival tissue
FFPE blocks. All CPRC specimens were obtained at rapid autopsy
from men who died of lethal castrate resistant metastatic disease.
Hematoxylin and eosin (H&E)-stained FFPE and frozen sections
were reviewed to identify blocks with highest tumor content, a lev-
el was taken for H&E staining, and consecutive 3 x 10 ym sections
were cut for RNA isolation. All H&E-stained levels were reviewed to
confirm tumor/normal content before RNA isolation. RNA was iso-
lated using the Qiagen RNeasy FFPE kit (cat. no. 73504).
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Cell culture

The immortalized prostate cancer VCaP cell line was obtained
from the American Type Culture Collection and was grown in
DMEM (Invitrogen) and supplemented with 10% fetal bovine se-
rum (FBS) with 1% penicillin-streptomycin. Before the treatments,
cells were grown in androgen-depleted media lacking phenol
red and supplemented with 10% charcoal-stripped serum and
1% penicillin-streptomycin. After 24 h, cells were treated either
with androgen (1 nM Sa-dihydrotestosterone) or anti-androgen
(enzalutamide). Cells were harvested for RNA isolation at 24 h
post-treatment. RNA was isolated using the Qiagen AllPrep kit
(cat. no. 80404).

RNA degradation

For controlled in vitro RNA degradation, after harvesting cells were
frozen and thawed two times. The whole-cell lysate was incubated
at 37°C for increasing amounts of time from 5 min to 6 h, after
which RNA integrity was measured (Supplemental Fig. S1) and
RNA was isolated as for the intact libraries.

Library preparation and sequencing

Details of the capture RNA-seq and poly(A) RNA-seq library prepa-
ration protocols are provided as Supplemental Material. Briefly, for
capture libraries, we start with 0.1-3 g of total RNA and proceed
through first-strand synthesis, second-strand synthesis, end repair,
A-tailing, adapter ligation, size selection on a 3% agarose gel, uri-
dine digestion, hybridization to capture probes, washing, and a fi-
nal PCR step. The stranded capture and poly(A) libraries were
sequenced on an Illumina HiSeq 2500 using V3 chemistry.

Alignment

All the paired-end reads were aligned to the human reference
GRCh37 augmented by splice junctions from Ensembl (Flicek
etal. 2012) 75 using STAR 2.3 (Dobin et al. 2013) with default set-
tings in two-pass alignment filtering mode “-outFilterType
BySJout.” Only primary alignments were kept, duplicate fragments
were marked using SAMtools (Li et al. 2009), and BAM files were
sorted using novosort (http://www.novocraft.com/products/
novosort/). The number of reads spanning each splice junction
was obtained from the “SJ.out.tab” file provided by STAR.

Fragment quantification

All fragment quantifications were computed using featureCounts
(Liao et al. 2013) (in stranded “-2,” paired-end, and “intersection_
nonempty” mode) (Anders et al. 2015). Briefly, in this method a
fragment is assigned to a gene if it overlaps features of that gene
only. Features are typically exons, and this definition was used
for defining which genes are expressed (Figs. 2E, 3A). We also de-
fined features as the genomic intersection between reduced/flat-
tened exons (GenomicRanges) (Lawrence et al. 2013) and the
captured regions. The latter definition was used for quantification
of absolute and differential gene expression levels. Ensembl 75 an-
notations for exon type (“CDS” or “UTR”) and gene “biotype”
(“protein_coding,” etc.) were used for all quantifications.

Strand-specificity (strandedness)

To estimate the strandedness of the library, the total number of
assigned reads was counted for the correct “-s 2" and for flipped
“-s 1” orientation, and strandedness was computed as: correct/
(correct + flipped).

Ribosomal content

To estimate the fraction of ribosomal RNA (rRNA) fragments
in each library, we aligned reads (using STAR) to a small reference
including ribosomal sequences (NR_003286.2, NR_003287.2,
NR_023379.1, NR_003285.2, NR_046235.1). The fraction of
rRNA was estimated from the number of fragments aligning to
the ribosomal reference from a random sample of 1 million frag-
ments from each library.

Gene expression

Counts for each gene were transformed into cpm (counts per
million) values using the “voom” (Law et al. 2014) function. To
identify differentially expressed genes and calculate log, fold-
changes between the triplicate DHT- and MDV-treated libraries
or capture and poly(A) libraries (see experimental design, Fig.
1B), we employed the standard limma (Smyth 2005) approach
with cpm + precision values as input, with all default parameters.
For calculations of dynamic range (Supplemental Fig. S7), frag-
ments per kilobase per million (FPKM) were calculated using
edgeR (Robinson et al. 2010) and gene lengths as reported by
featureCounts.

Sub-exon path calculations

Tools necessary for the following computations were released as
part of the sepath package (https://github.com/mcieslik-mctp/
sepath/) implemented using the HTSeq library (Anders et al.
2015). These tools allow for the analysis of RNA-seq data in terms
of sub-exon paths, as in casper (Rossell et al. 2014).

Fusion detection

We used two different fusion callers for the analyses presented
in this manuscript. For the patient samples, we used our
MI-ONCOSEQ pipeline, which is based on a modified version of
TopHat-Fusion (Kim and Salzberg 2011) version 2.0.4, GRCh37
(excluding unplaced contigs), Ensembl 66, with the follow-
ing nondefault settings “-keep-fasta-order —no-coverage-search
—fusion-min-dist 0 —fusion-anchor-length 13 —fusion-ignore-chro-
mosomes chrM.” For the cell line samples, we used FusionCatcher
(https://code.google.com/p/fusioncatcher/) 0.99.2b, GRCh37,
Ensembl 74, with all default settings.

Variant calling

Picard Tools (http://broadinstitute.github.io/picard) was used
to remove duplicates, sort, and index the BAM files. The
SplitNCigarReads tool in GATK (Van der Auwera et al. 2002;
McKenna et al. 2010; DePristo et al. 2011) version 3.1 was
used to split reads spanning splice junctions into exon segments
and to hard-clip the sequences overhanging into introns.
BaseRecalibrator, HaplotypeCaller, and VariantFiltration from
GATK3.1 were used to recalibrate, call variants, and filter the can-
didates based on Fisher Strand values (FS>30.0) and Qual By
Depth values (QD<2.0). We further applied filtering steps in
SNPiR (Piskol et al. 2013; Ramaswami and Li 2014) to remove mis-
matches at 5 read ends, sites in repeat regions (UCSC Genome
Browser), and sites in homopolymer runs, and to remove known
RNA editing sites. Repeat regions annotated by RepeatMasker
were obtained through the UCSC, and the known RNA editing
sites were downloaded from the RADAR database. ANNOVAR ver-
sion-2013-08-23 (Wang et al. 2010) was used for annotation based
on gene models from Ensembl.
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Data access

The cell line data (40 libraries) generated as part of this study
have been submitted to the NCBI Gene Expression Omnibus
(GEO; http://www.ncbi.nlm.nih.gov/geo/) under accession num-
ber GSE64113. Patient transcriptomes (30 libraries) are appended
to the database of Genotypes and Phenotypes (dbGaP; http://
www.ncbi.nlm.nih.gov/gap) study numbers phs000554.v1.p1l
and phs000567.v1.pl.

Acknowledgments

This work was supported in part by the Prostate Cancer
Foundation (PCF351883), the National Institutes of Health
S.P.O.R.EE. (PS0CA69568), a Clinical Sequencing Exploratory
Research (CSER) Consortium grant (1UM1HGO006508), and an
EDRN grant (U0O1CA111275). M.C. is supported by Young
Investigator Awards from the Prostate Cancer Foundation.
AM.C. is supported by the Prostate Cancer Foundation and is
an American Cancer Society Professor and A. Alfred Taubman
Scholar.

Author contributions: D.R., M.C., and A.M.C. conceived the
study and analyses. D.R. and Y.-M.W. developed the capture tran-
scriptome protocol. M.C. performed the data analysis with assis-
tance from M.W., C.B., and R.L. D.R. and Y.-M.W. performed
RNA in vitro degradation. D.R., Y.-M.W., ES., RW., and X.C. pre-
pared and/or sequenced the RNA-seq libraries. J.S. and R.M. per-
formed prostate autopsies and pathology review. R.C. and D.L.
referred the SFT patient and provided case samples and data. D.L.
reviewed the SFT pathology. M.C. and A.M.C. wrote the manu-
script. All authors discussed results and commented on the
manuscript.

References

Adiconis X, Borges-Rivera D, Satija R, DeLuca DS, Busby MA, Berlin AM,
Sivachenko A, Thompson DA, Wysoker A, Fennell T, et al. 2013.
Comparative analysis of RNA sequencing methods for degraded or
low-input samples. Nat Methods 10: 623-629.

Anders S, Pyl PT, Huber W. 2015. HTSeq: a Python framework to work with
high-throughput sequencing data. Bioinformatics 31: 166-169.

Armstrong SA, Staunton JE, Silverman LB, Pieters R, den Boer ML, Minden
MD, Sallan SE, Lander ES, Golub TR, Korsmeyer SJ. 2002. MLL translo-
cations specify a distinct gene expression profile that distinguishes a
unique leukemia. Nat Genet 30: 41-47.

Bittner M, Meltzer P, Chen Y, Jiang Y, Seftor E, Hendrix M, Radmacher M,
Simon R, Yakhini Z, Ben-Dor A, et al. 2000. Molecular classification of
cutaneous malignant melanoma by gene expression profiling. Nature
406: 536-540.

Cabanski CR, Magrini V, Griffith M, Griffith OL, McGrath S, Zhang ],
Walker J, Ly A, Demeter R, Fulton RS, et al. 2014. cDNA hybrid capture
improves transcriptome analysis on low-input and archived samples. |
Mol Diagn 16: 440-451.

The Cancer Genome Atlas Research Network. 2008. Comprehensive geno-
mic characterization defines human glioblastoma genes and core path-
ways. Nature 455: 1061-1068.

Choi M, Scholl UL, Ji W, Liu T, Tikhonova IR, Zumbo P, Nayir A, Bakkaloglu
A, Ozen S, Sanjad S, et al. 2009. Genetic diagnosis by whole exome cap-
ture and massively parallel DNA sequencing. Proc Natl Acad Sci 106:
19096-19101.

Cui P, Lin Q, Ding F, Xin C, Gong W, Zhang L, Geng J, Zhang B, Yu X, Yang
J, et al. 2010. A comparison between ribo-minus RNA-sequencing and
polyA-selected RNA-sequencing. Genomics 96: 259-265.

DePristo MA, Banks E, Poplin R, Garimella KV, Maguire JR, Hartl C,
Philippakis AA, del Angel G, Rivas MA, Hanna M, et al. 2011. A frame-
work for variation discovery and genotyping using next-generation
DNA sequencing data. Nat Genet 43: 491-498.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P,
Chaisson M, Gingeras TR. 2013. STAR: ultrafast universal RNA-seq align-
er. Bioinformatics 29: 15-21.

Flicek P, Amode MR, Barrell D, Beal K, Brent S, Carvalho-Silva D, Clapham P,
Coates G, Fairley S, Fitzgerald S, et al. 2012. Ensembl 2012. Nucleic Acids
Res 40: D84-D90.

Fu GK, Xu W, Wilhelmy ], Mindrinos MN, Davis RW, Xiao W, Fodor SPA.
2014. Molecular indexing enables quantitative targeted RNA sequenc-
ing and reveals poor efficiencies in standard library preparations. Proc
Natl Acad Sci 111: 1891-1896.

Gertz ], Varley KE, Davis NS, Baas BJ, Goryshin IY, Vaidyanathan R, Kuersten
S, Myers RM. 2012. Transposase mediated construction of RNA-seq li-
braries. Genome Res 22: 134-141.

Halvardson J, Zaghlool A, Feuk L. 2013. Exome RNA sequencing reveals rare
and novel alternative transcripts. Nucleic Acids Res 41: e6.

Harrow J, Frankish A, Gonzalez JM, Tapanari E, Diekhans M, Kokocinski F,
Aken BL, Barrell D, Zadissa A, Searle S, et al. 2012. GENCODE: the refer-
ence human genome annotation for The ENCODE Project. Genome Res
22:1760-1774.

Kim D, Salzberg SL. 2011. TopHat-Fusion: an algorithm for discovery of nov-
el fusion transcripts. Genome Biol 12: 1-15.

LaCava J, Houseley J, Saveanu C, Petfalski E, Thompson E, Jacquier A,
Tollervey D. 2005. RNA degradation by the exosome is promoted by a
nuclear polyadenylation complex. Cell 121: 713-724.

Langevin SA, Bent ZW, Solberg OD, Curtis DJ, Lane PD, Williams KP,
Schoeniger JS, Sinha A, Lane TW, Branda SS. 2013. Peregrine: a rapid
and unbiased method to produce strand-specific RNA-Seq libraries
from small quantities of starting material. RNA Biol 10: 502-515.

Law CW, Chen Y, Shi W, Smyth GK. 2014. voom: precision weights unlock
linear model analysis tools for RNA-seq read counts. Genome Biol 15:
R29.

Lawrence M, Huber W, Pages H, Aboyoun P, Carlson M, Gentleman R,
Morgan MT, Carey VJ. 2013. Software for computing and annotating ge-
nomic ranges. PLoS Comput Biol 9: €1003118.

Levin JZ, Yassour M, Adiconis X, Nusbaum C, Thompson DA, Friedman N,
Gnirke A, Regev A. 2010. Comprehensive comparative analysis of
strand-specific RNA sequencing methods. Nat Methods 7: 709-715.

Li H, Handsaker B, Wysoker A, Fennell T, Ruan ], Homer N, Marth G,
Abecasis G, Durbin R. 2009. The Sequence Alignment/Map format
and SAMtools. Bioinformatics 25: 2078-2079.

Liao Y, Smyth GK, Shi W. 2013. featureCounts: an efficient general purpose
program for assigning sequence reads to genomic features.
Bioinformatics 30: 923-930.

Lister R, O’Malley RC, Tonti-Filippini J, Gregory BD, Berry CC, Millar AH,
Ecker JR. 2008. Highly integrated single-base resolution maps of the epi-
genome in Arabidopsis. Cell 133: 523-536.

McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K, Kernytsky A,
Garimella K, Altshuler D, Gabriel S, Daly M, et al. 2010. The Genome
Analysis Toolkit: a MapReduce framework for analyzing next-genera-
tion DNA sequencing data. Genome Res 20: 1297-1303.

Medeiros F, Rigl CT, Anderson GG, Becker SH, Halling KC. 2007. Tissue han-
dling for genome-wide expression analysis: a review of the issues, evi-
dence, and opportunities. Arch Pathol Lab Med 131: 1805-1816.

Mercer TR, Gerhardt DJ, Dinger ME, Crawford J, Trapnell C, Jeddeloh JA,
Mattick JS, Rinn JL. 2012. Targeted RNA sequencing reveals the deep
complexity of the human transcriptome. Nat Biotechnol 30: 99-104.

Miller DFB, Yan PS, Buechlein A, Rodriguez BA, Yilmaz AS, Goel S, Lin H,
Collins-Burow B, Rhodes LV, Braun C, et al. 2013. A new method for
stranded whole transcriptome RNA-seq. Methods 63: 126-134.

Mortazavi A, Williams BA, McCue K, Schaeffer L, Wold B. 2008. Mapping
and quantifying mammalian transcriptomes by RNA-Seq. Nat Methods
5:621-628.

Mullins M, Perreard L, Quackenbush JF, Gauthier N, Bayer S, Ellis M, Parker
J, Perou CM, Szabo A, Bernard PS. 2007. Agreement in breast cancer clas-
sification between microarray and quantitative reverse transcription
PCR from fresh-frozen and formalin-fixed, paraffin-embedded tissues.
Clin Chem 53: 1273-1279.

Nagalakshmi U, Wang Z, Waern K, Shou C, Raha D, Gerstein M, Snyder M.
2008. The transcriptional landscape of the yeast genome defined by
RNA sequencing. Science 320: 1344-1349.

Opitz L, Salinas-Riester G, Grade M, Jung K, Jo P, Emons G, Ghadimi BM,
Beifibarth T, Gaedcke J. 2010. Impact of RNA degradation on gene ex-
pression profiling. BMC Med Genomics 3: 36.

Oshlack A, Wakefield MJ. 2009. Transcript length bias in RNA-seq data con-
founds systems biology. Biol Direct 4: 14.

Palanisamy N, Ateeq B, Kalyana-Sundaram S, Pflueger D, Ramnarayanan K,
Shankar S, Han B, Cao Q, Cao X, Suleman K, et al. 2010. Rearrangements
of the RAF kinase pathway in prostate cancer, gastric cancer and mela-
noma. Nat Med 16: 793-798.

Parkhomchuk D, Borodina T, Amstislavskiy V, Banaru M, Hallen L,
Krobitsch S, Lehrach H, Soldatov A. 2009. Transcriptome analysis by
strand-specific sequencing of complementary DNA. Nucleic Acids Res
37:e123.

1380 Genome Research
www.genome.org


http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap
http://www.ncbi.nlm.nih.gov/gap

Capture RNA-seq for degraded and clinical RNA

Piskol R, Ramaswami G, Li JB. 2013. Reliable identification of genomic var-
iants from RNA-seq data. Am ] Hum Genet 93: 641-651.

Popova T, Mennerich D, Weith A, Quast K. 2008. Effect of RNA quality on
transcript intensity levels in microarray analysis of human post-mortem
brain tissues. BMC Genomics 9: 91.

Poulikakos PI, Persaud Y, Janakiraman M, Kong X, Ng C, Moriceau G, Shi H,
Atefi M, Titz B, Gabay MT, et al. 2011. RAF inhibitor resistance is medi-
ated by dimerization of aberrantly spliced BRAF(V60OE). Nature 480:
387-390.

Ramaswami G, LiJB. 2014. RADAR: a rigorously annotated database of A-to-
I RNA editing. Nucleic Acids Res 42: D109-D113.

Ramskold D, Luo S, Wang Y-C, Li R, Deng Q, Faridani OR, Daniels GA,
Khrebtukova I, Loring JF, Laurent LC, et al. 2012. Full-length mRNA-
Seq from single-cell levels of RNA and individual circulating tumor cells.
Nat Biotechnol 30: 777-782.

Ravo M, Mutarelli M, Ferraro L, Grober OMYV, Paris O, Tarallo R, Vigilante A,
Cimino D, De Bortoli M, Nola E, et al. 2008. Quantitative expression
profiling of highly degraded RNA from formalin-fixed, paraffin-embed-
ded breast tumor biopsies by oligonucleotide microarrays. Lab Invest
88: 430-440.

Risso D, Schwartz K, Sherlock G, Dudoit S. 2011. GC-content normalization
for RNA-Seq data. BMC Bioinformatics 12: 480.

Robinson MD, McCarthy DJ, Smyth GK. 2010. edgeR: a Bioconductor pack-
age for differential expression analysis of digital gene expression data.
Bioinformatics 26: 139-140.

Robinson DR, Wu Y-M, Kalyana-Sundaram S, Cao X, Lonigro RJ, Sung Y-S,
Chen C-L, Zhang L, WangR, SuF, et al. 2013. Identification of recurrent
NAB2-STAT6 gene fusions in solitary fibrous tumor by integrative se-
quencing. Nat Genet 45: 180-185.

Rossell D, Stephan-Otto Attolini C, Kroiss M, Stocker A. 2014. Quantifying
alternative splicing from paired-end RNA-sequencing data. Ann Appl Stat
8: 309-330.

Roychowdhury S, Iyer MK, Robinson DR, Lonigro RJ, Wu Y-M, Cao X,
Kalyana-Sundaram S, Sam L, Balbin OA, Quist M]J, et al. 2011.
Personalized oncology through integrative high-throughput sequenc-
ing: a pilot study. Sci Transl Med 3: 111ral21.

Sigurgeirsson B, Emanuelsson O, Lundeberg J. 2014. Sequencing degraded
RNA addressed by 3'tag counting. PLoS One 9: €91851.

Smyth GK. 2005. limma: linear models for microarray data. In Bioinformatics
and computational biology solutions using R and Bioconductor (ed.
Gentleman R, et al.), pp. 397-420. Springer, New York.

Soda M, Choi YL, Enomoto M, Takada S, Yamashita Y, Ishikawa S, Fujiwara
S, Watanabe H, Kurashina K, Hatanaka H, et al. 2007. Identification of

the transforming EML4-ALK fusion gene in non-small-cell lung cancer.
Nature 448: 561-566.

Thompson KL, Pine PS, Rosenzweig BA, Turpaz Y, Retief J. 2007.
Characterization of the effect of sample quality on high density oligo-
nucleotide microarray data using progressively degraded rat liver RNA.
BMC Biotechnol 7: 57.

Tian Y, Rich BE, Vena N, Craig JM, MacConaill LE, Rajaram V, Goldman §,
Taha H, Mahmoud M, Ozek M, et al. 2011. Detection of KIAA1549-BRAF
fusion transcripts in formalin-fixed paraffin-embedded pediatric low-
grade gliomas. ] Mol Diagn 13: 669-677.

Tomlins SA, Rhodes DR, Perner S, Dhanasekaran SM, Mehra R, Sun X-W,
Varambally S, Cao X, Tchinda J, Kuefer R, et al. 2005. Recurrent fusion
of TMPRSS2 and ETS transcription factor genes in prostate cancer.
Science 310: 644-648.

Turashvili G, Yang W, McKinney S, Kalloger S, Gale N, Ng Y, Chow K, Bell L,
Lorette J, Carrier M, et al. 2012. Nucleic acid quantity and quality from
paraffin blocks: defining optimal fixation, processing and DNA/RNA ex-
traction techniques. Exp Mol Pathol 92: 33-43.

Ueno T, Yamashita Y, Soda M, Fukumura K, Ando M, Yamato A, Kawazu M,
Choi YL, Mano H. 2012. High-throughput resequencing of target-cap-
tured cDNA in cancer cells. Cancer Sci 103: 131-135.

Van der Auwera GA, Carneiro MO, Hartl C, Poplin R, del Angel G, Levy-
Moonshine A, Jordan T, Shakir K, Roazen D, Thibault J, et al. 2002.
From FastQ data to high confidence variant calls: the Genome
Analysis Toolkit best practices pipeline. Curr Protoc Bioinformatics 11:
11.10.1-11.10.33.

Wang K, Li M, Hakonarson H. 2010. ANNOVAR: functional annotation of
genetic variants from high-throughput sequencing data. Nucleic Acids
Res 38: e164.

Yang L, Duff MO, Graveley BR, Carmichael GG, Chen L-L. 2011.
Genomewide characterization of non-polyadenylated RNAs. Genome
Biol 12: R16.

Zeng W, Mortazavi A. 2012. Technical considerations for functional se-
quencing assays. Nat Immunol 13: 802-807.

Zhang Z, Theurkauf WE, Weng Z, Zamore PD. 2012. Strand-specific libraries
for high throughput RNA sequencing (RNA-Seq) prepared without
poly(A) selection. Silence 3: 9.

Zhao W, He X, Hoadley KA, Parker JS, Hayes DN, Perou CM. 2014.
Comparison of RNA-Seq by poly (A) capture, ribosomal RNA depletion,
and DNA microarray for expression profiling. BMC Genomics 15: 419.

Received January 14, 2015; accepted in revised form July 15, 2015.

Genome Research 1381

www.genome.org



