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INTRODUCTION

Numerous methods exist to charac-
terize transcriptomes and to measure 
gene expression at both the transcript 
and exon level (1–5), and recent work 
(6–8) indicates that much more of the 
genome is transcribed than previously 
thought. Techniques to map transcrip-
tional start sites (9–11), quantitatively 
measure splicing events (12,13), and 
discover mutations in the transcriptome 
(14) have been described. Analysis of 
full-length cDNA data generated from 
capillary sequencing generally assists 
in gene discovery and refinement of 
gene annotations (15), but this approach 
is limited by the high costs and 
throughput challenges associated with 
capillary sequencers. Next-generation 
sequencing-by-synthesis approaches 
now provide an effective way to 
inexpensively and rapidly produce 
billions of bases of sequence data 
(16–19). As a result, these approaches 
have the potential to characterize the 
transcriptome in a genome-wide and 
therefore comprehensive manner.

Here we used short (31 nt) sequence 
reads from an Illumina Genome Analyzer 
1 (Illumina, San Diego, CA, USA) to 
characterize the transcriptome of the 
human cervical carcinoma-derived cell 
line, HeLa S3 (National Cell Culture 
Centre, Minneapolis, MN, USA). Using 
these data, we assessed: (i) transcript 
abundance at the exon level and transcript 
level; (ii) transcriptional start and termi-
nation sites; (iii) exon-exon linkages in 
mature transcripts; (iv) the spectrum of 
base changes (both known and novel 
variants); and (v) the potential to identify 
novel exons belonging to known genes.

MATERIALS AND METHODS

Construction of HeLa Whole 
Transcriptome Libraries

We constructed a total of four 
libraries for whole transcriptome shotgun 
sequencing (WTSS). For the first two 
libraries, a 75 μg aliquot of HeLa S3 total 
RNA (Ambion, Applied Biosystems, 
Foster City, CA, USA) was separated 

into polyA+ and polyA- fractions using + and polyA- fractions using +
the MACS mRNA Isolation kit (Miltenyi 
Biotec, Bergisch Gladbach, Germany). 
The nonribosomal polyA- RNA was 
enriched in the latter fraction using two 
iterations of the RiboMinus Human/
Mouse Transcriptome Isolation kit 
(Invitrogen, Carlsbad, CA, USA). Double-
stranded cDNAs were made from 200 
ng of each of the polyA+ and ribosomal + and ribosomal +
RNA-depleted polyA- fractions (4 μM; 
Stratagene cDNA Synthesis kit, Agilent, 
Santa Clara CA, USA) and random 
hexamer primers (8 μM; Invitrogen). For μM; Invitrogen). For μ
the second two libraries, 25 ng of HeLa 
S3 total RNA was used to synthesize 
full-length single-stranded cDNAs using 
the SMART PCR cDNA Synthesis kit 
(Clontech, Mountain View, CA, USA). 
Here, a modified oligo(dT) primer primes 
the first strand synthesis reaction, and a 
template-switching mechanism generates 
full-length single-stranded cDNAs 
containing the complete 5′ end of the 
mRNA and universal priming sequences 
for end-to-end PCR amplification. 
Four 50 μL PCR amplifications were 
performed each from 1/10 of a single first 
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strand synthesis reaction using 18 cycles 
of 95°C for 5 s, 65°C for 5 s, and 68°C 
for 6 min. The products were pooled, 
purified on a QIAquick PCR Purification 
kit (Qiagen, Valencia, CA, USA), and 
eluted in 30 μL of Tris-EDTA buffer 
(10:0.1). The quality and quantity of the 
resulting double-stranded cDNAs were 
assessed using an Agilent DNA 7500 
Series II assay (Agilent, Mississauga, 
Ontario, Canada) and NanoDrop ND-
1000 spectrophotometer (NanoDrop, 
Wilmington, DE, USA). Two 14 μL 
aliquots containing ∼200 ng amplified 
cDNA were each diluted with water to 
100 μL and sonicated, one aliquot for 5 
min and the other for 20 min. Sonication 
was performed in an ice-water bath using a 
Sonic Dismembrator 550 (Fisher, Ottawa, 
Ontario, Canada) with a power setting of 
“7” in pulses of 30 s interspersed with 30 

s of cooling. Total sonication times refer 
to active sonication time only and do not 
include the rest periods in between each 
pulse.

The resultant cDNAs from all four 
libraries were size-fractionated on 8%
polyacrylamide gels, and the 100 to 300 
bp fractions excised. Gel-purified cDNA 
products were modified for Illumina 
sequencing using the Illumina Genomic 
DNA Sample Prep kit as follows: size-
selected cDNAs were end-repaired by 
T4 DNA polymerase and phosphory-
lated by T4 DNA polymerase and T4 
polynucleotide kinase. The cDNA 
products were incubated with Klenow 
DNA Polymerase (Illumina) to generate 
3′ adenine overhangs followed by ligation ′ adenine overhangs followed by ligation ′
to Illumina adapters, which contain 5′
thymine overhangs. The adapter-ligated 
products were purified on QIAquick spin 

columns (Qiagen), then PCR-amplified 
with Phusion DNA Polymerase (Illumina) 
in 10 cycles using Illumina’s genomic 
DNA primer set. PCR products were 
purified on QIAquick MinElute columns 
(Qiagen) and the DNA quality-assessed 
and quantified using an Agilent DNA 
1000 Series II assay and NanoDrop ND-
1000 spectrophotometer and diluted to 10 
nM. Cluster generation and sequencing 
was performed using the Standard Cluster 
Generation kit and the 36 Cycle Solexa 
Sequencing kit on the Illumina Cluster 
Station and Illumina Genome Analyzer 
I following manufacturer’s instructions. 
Six lanes of the flow cell were applied 
to the first polyA+ library and two lanes + library and two lanes +
were used to sequence the polyA- library. 
A single lane from a subsequent flow 
cell was used to sequence each of the 
latter two full-length libraries. Sequences 
were extracted from the resulting image 
files using the Firecrest and Bustard 
applications (Illumina) run with default 
parameters. A per-read error rate for 
each position in our reads was computed 
and showed a median error of less than 
1% and a maximal error (at 31, the final 
position) of ∼1.6%.

Defining “Mappability” of Exonic 
Sequences

Due to the presence of repetitive 
sequences in the human genome, in 
many cases, the short reads produced by 
Illumina sequencing cannot be unambigu-
ously mapped to a single locus. We deter-
mined the expected “mappability” of all 
annotated exons to aid us in interpreting 
the significance of regions with lower (or 
no) representation in our libraries. This 
computation, described in detail in the 
Supplementary Material (available online 
at www.BioTechniques.com), first assigns 
a mappability score to each nucleotide in 
the genome. This value represents the 
fraction of all possible Illumina reads 
derived from that position that could 
theoretically  be mapped unambiguously 
back to that position. For latter calcula-
tions, exons with average mappability 
(over all their nucleotides) of <0.5 were 
considered low-mappability exons and 
were ignored in some calculations (see 
next section).

Figure 1. Average coverage depth of all Ensembl exons and genes. (A) The number of exons with 
coverage depth ranging from 0 to over 2000×, considering either all exons (blue), scaled exon coverage 
based on mappability of exons (green), or ignoring exons with average mappability <0.5 (yellow). (B) 
The number of genes with various coverage depths considering the average coverage of all their exons 
(blue), including scaled coverage based on mappability of each individual exon (green), or ignoring 
genes with average mappability <0.5 (yellow).

                                     Table 1. Summary of Gene and Exon Coverage

Number of Exons Number of Genes

Raw 
Coveragea

Corrected 
 Coverageb

Raw 
Coverage

Corrected 
Coverage

1× or better 143,749 145,343 10,864 11,246

5× or better 65,701 67,071 5684 5881

10× or better 36,445 37,457 3432 3590
aRaw coverage refers to the unadjusted depth of coverage for the exon or average of all exons for a gene.
bCorrected coverage refers to the adjusted depth when mappability is taken into consideration.
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Alignment, Peak Discovery, and 
Exon and Transcript Abundance 
Calculation

We aligned the Illumina WTSS 
sequences to the human reference 
genome (NCBI Build 36.1) using the 
Eland aligner (Illumina), which produced 
a summary and alignment position for 
each unambiguously mapped sequence 
(allowing up to two mismatches). This 
process flagged both the sequences where 
the best alignments mapped to multiple 
locations and sequences that failed to align 
to the reference genome. Only sequences 
with unambiguous alignments to a 
single genomic site were retained for this 
analysis. Reads that aligned fully within 
the boundaries of an annotated exon 
(Ensembl, version 48; www.ensembl.
org) were considered for coverage calcu-
lations. The average coverage of an exon 
was computed as the sum of the read 

depth aligned across each individual base 
divided by its length (Supplementary 
Table S1). Corrected exon coverage was 
calculated by dividing average coverage 
by the average mappability value for that 
exon. A summary value for each gene was 
calculated using the mean coverage for all 
exons comprising a representative gene 
model (the one with the most unambigu-
ously mapped reads). Notably, short reads 
do not provide enough information for us 
to discern individual transcripts; hence 
these numbers represent a summary of 
the net transcriptional activity of each 
gene locus (Supplementary Table S2). All 
genomic regions in which more than one 
aligned read overlapped was considered 
a peak, with peak height defined by the 
maximum number of overlapping reads 
at any position in that peak. For known 
exons, height (or depth) was considered 
a metric for exon abundance, while for 
nonexonic peaks, height was considered 

stronger evidence for its potential to 
represent a novel exon. Cap analysis of 
gene expression (CAGE) data was treated 
in the same way, producing CAGE peaks.
The CAGE dataset used in this work 
consisted of 24 libraries from 14 tissue 
types (http://fantom31p.gsc.riken.jp/
cage/hg17/). A UCSC wig-formatted file 
for visualization of the HeLa peaks is 
available for download (ftp://ftp03.bcgsc.
ca/public/HeLa/).

Discerning Exon-Exon Splicing Events

A database of exon-exon junction 
sequences was constructed by combining, 
for each gene, the last 30 nt of an exon with 
the first 30 nt of each of its downstream 
exons. Those exon-exon junctions 
present in at least one annotated Ensembl 
transcript were considered “known” events 
whereas the remainder were considered 
“putative” events. These ∼3.5 M junction 
sequences were then queried with all 
reads that failed to align to the human 
genome, enforcing perfect alignments 
with no mismatches. We retained the reads 
aligning with at least 6 nt on either side of 
the junction and excluded those mapping 
to multiple junctions. A junction was 
considered present if at least two distinct 
reads mapped uniquely across it.

Novel cryptic exons were identified by 
first creating a database representing the 
most likely possible exon-intron splicing 
events. These were identified by searching 

Figure 2. Measuring transcript abundance and confirming transcript 
ends. Shown (A) is a sum of transcript coverage (relative to transcript ends) 
based on all Ensembl transcripts. The x-axis represents strand-corrected posi-
tion scaled to transcript length (0%–100%), with up- and downstream regions 
also shown (+/-20%). The y-axis shows the number of reads that overlap any 
given portion of the transcribed region (including introns). A clear overrepre-
sentation of reads at transcript ends is apparent. Comparison of CAGE tag–de-
rived peaks to peaks identified from HeLa transcriptome shotgun reads (HeLa 
peaks) showed a strong correspondence (B and C). Increased confidence (peak 
height) CAGE peaks showed a stronger correspondence with HeLa peaks (B, 
blue). HeLa peaks of all heights overlapped with CAGE peaks as a function of 
increasing HeLa peak height (C).

Table 2. Results of Enumeration of Observed Exon-Exon Splicing Events between 
either Two Known Exons or a Single Known Exon and a Nonannotated Exon

 Total (Unique)

Aligning reads (known exon junctions) 306,562 (137,707)

Aligning reads (putative exon junctions) 3339 (2114)

Known exon junctions with at least one read 57,854

Putative exon junctions with at least one read 1599

Known exon junctions with strong support 31,618

Putative exon junctions with strong support 379

Cryptic novel exons spliced to a known exon 37
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the downstream introns for each exon 
(to a maximum distance of 50 kb) for all 
canonical splice acceptor sequences (AG), 
and creating a putative exon junction with 
the latter 30 bases of this exon and the first 
30 bases following the acceptor sequence. 
The same procedure was done using the 5′
end of each exon and its upstream introns, 
but involved searching for the canonical 
splice acceptor sequence (GT). These 
junctions were created using the preceding 
30 nucleotides from that intron and the first 
30 nucleotides of that exon. Reads were 
mapped to a database of these junctions 
(as described in the previous paragraph)
to identify evidence for splicing of cryptic 
exons to known exons.

Identification of Single-base Changes

All reads were aligned to the human 
genome using the MAQ multiple 
alignment software (http://maq.source-
forge.net/maq-man.shtml), which 
considers the phred-like Illumina read 
quality scores (produced by Bustard) 

for building consensus sequences and 
robustly identifying high quality discrep-
ancies. Candidate single-base changes 
identified by MAQ were filtered for those 
with consensus quality scores >20 and 
coverage depth of at least 6 reads. These 
parameters were chosen to minimize 
the number of false positive mutations 
discovered in an in silico simulation of 
WTSS sequences. To determine the effect 
of candidate mutations on gene products, 
we replaced the discrepant nucleotide in 
all corresponding Ensembl transcripts 
and compared the resulting amino acid 
sequence to that produced by the reference 
transcript.

RESULTS

Transcript Identification and 
Quantitation

A total of 28.6 million 31 nt reads 
were generated using eight flow-cell 
lanes to sequence randomly primed 

cDNA libraries prepared from polyA+
and polyA- fractions of HeLa S3 RNA 
(see Construction of HeLa Whole 
Transciptome Libraries section above). Of 
these sequences, 18.9 million reads were 
unambiguously aligned to yield 3 million 
peaks representing more than 125 Mbp 
(4.1%) of the reference human genome 
sequence, and 15.6 million of these 
reads mapped to regions of the genome 
annotated as exons (20). Using only the 
reads mapping within these exons, we 
calculated the average coverage depth 
and total reads mapped to every exon. A 
total of 143,749 exons had an average of 
one read covering each nucleotide (1×
coverage) while 36,445 of these showed 
an average coverage of at least 10× (Table × (Table ×
1). Many exons in the genome contained 
low-mappability bases (see Defining 
“Mappability” of Exonic Sequences 
section and Supplementary Material). 
These numbers were re-examined 
ignoring all exons with mappable fractions 
<0.5 to determine the effect of mappa-
bility on exon coverage—we identified 
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a small number of exons (6527) showing 
<1× coverage that could be explained by × coverage that could be explained by ×
such mapping issues, while the remainder 
were likely expressed at low levels. For 
those exons with imperfect mappability, 
we computed a corrected coverage 
depth to better gauge their abundance. 
A summary of exon coverage depth is 
shown, indicating coverage depth for all 
exons with their unadjusted and adjusted 
coverage values as well as the subset of 
exons with mappable fractions of at least 
0.5 (Figure 1A).

To assess the extent to which entire 
genes were sequenced, we considered the 
coverage of all exons for a gene, choosing 
the gene model with the most mapped 
reads (Figure 1B). It is apparent that a 
large fraction of the reads produced in this 
study corresponded to a few extremely 
abundant genes (>2000× coverage), 
mainly those encoding ribosomal proteins. 
As indicated in Table 1, 5684 genes 
demonstrated coverage of at least 5× for × for ×
every exon. This number increased to 
5881when exons with low (<0.5) mappa-
bility were ignored. Our analysis revealed 
an overrepresentation of sequence reads 
aligning to transcript termini compared 
with internal regions. We also noted 
that the 5′ ends of transcripts were 
overrepresented 2:1 compared with 3′
ends (Figure 2). Comparison of our four 
HeLa-derived libraries reveals that the 
library preparation procedure affects 
the extent of this bias and that is likely a 
technical artifact that can be addressed 
with improvements to library preparation. 
In support of this notion, the two libraries 
produced using the SMART cDNA 
synthesis method (see Construction of 
HeLa Whole Transciptome Libraries 

section) have offered much more uniform 
coverage of transcripts (Supplementary 
Figure S1). We have since found that a 5 
min sonication of random-primed cDNA 
fragments reduces the end-bias observed 
in the first two libraries; this procedure is 
now included in our standard protocol.

As the number of reads should corre-
spond to the abundance of transcripts, 
these data should allow us to individually 
quantify the abundance of each exon in 
the transcriptome, providing a digital 
alternative to tiling arrays. As part of the 
ENCODE project, the HeLa transcriptome 
was profiled using custom tiling arrays 
produced by Affymetrix (Santa Clara, 
CA, USA), providing means for direct 
comparison between these methods 
(7). The 4633 Ensembl exons in the 
ENCODE regions showed a strong rank 
correlation between these platforms (R2

= 0.693) (Figure 3). To exclude the effect = 0.693) (Figure 3). To exclude the effect =
of the overrepresented reads deriving 
from transcript ends, we compared the 
abundance of the 3908 internal exons in 
these regions (Figure 3A). This resulted in 
an enhanced Spearman correlation (R2 =
0.713). This level of significance is similar 
to comparisons of different array platforms 
(21) and is striking when we consider that 
these two experiments were performed 
on HeLa RNA purified in separate 
laboratories. A plot of the array-based 
and sequence-based measures of exon 
levels is shown (Figure 3A) along with 
an example demonstrating the correspon-
dence between all exons for a represen-
tative gene (Figure 3B). We demonstrated 
method reproducibility by comparing 
the two libraries produced with different 
sonication times (see Construction of 
HeLa Whole Transciptome Libraries 

section). This comparison revealed a 
strong correlation of exon coverage and 
quantitation between replicates (R2 =
0.976) (Supplementary Figure S2).

Discerning Exon-Exon Splicing Events

We assessed the ability of this method 
to identify exon-exon junctions to infer the 
presence of alternative transcript isoforms. 
As discussed, we first searched all reads 
that could not be mapped directly to the 
genome against the theoretical junctions 
of all possible combinations of exons 
within and between neighboring genes 
(see Discerning Exon-Exon Splicing 
Events section in Materials and Methods). 
Using this approach, 31,618 of the 
284,873 known exon-exon junctions and 
379 unannotated exon-skipping events 
were supported by multiple unambigu-
ously mapped reads. Another 26,232 and 
1220 annotated and novel within-gene 
junctions (respectively) were supported 
either by a single read or by ambiguously 
mapped reads. The novel exon-skipping 
events (e.g., Figure 4A) occurred within 
1355 different genes (Supplementary 
Table S3) with a slight enrichment 
among highly abundant genes (mean read 
depth = 29). Finally, we found a single = 29). Finally, we found a single =
example of distinct reads spanning a pair 
of exons from neighboring genes, which 
suggests some transcripts result from co-
transcription (22) of FAM24b along with 
its downstream neighbor CUZD1.

Following this fairly conservative 
approach for identifying reads spanning 
splice junctions, many reads (∼9.7 million) 
still remained unmapped. We expected 
that some of the unmapped reads likely 
corresponded to the exonic or junction 

Figure 3. Measurement of exon abundance using sequence data and exon tiling arrays. (A) A scatter plot comparing the abundance of exons within 
all ENCODE regions as measured by Affymetrix tiling array (x-axis) and WTSS sequence coverage (y-axis). This comparison of 4633 exons resulted in a 
Spearman correlation of 0.693. An example is shown (B) to illustrate the correspondence between exon signal from array (black) and sequence data (blue). Affy, 
Affymetrix. Plier, probe logarithmic intensity error. 

AA B
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sequence belonging to exons not currently 
annotated. We extended our attempt 
to use these sequences by including 
candidate splicing events represented 
in the trome transcript database, a much 
larger resource where automated annota-
tions are driven by cDNA sequence (23). 
Another 156,563 reads could be mapped 
to 34,895 junctions described in trome, 
providing additional empirical evidence 
that these should be added to gene 
models (see Figure 4A for an example). 
A further 32,829 unique reads could be 
mapped to 7195 transcripts within the 
trome transcript database, indicating the 
presence of novel exons. These included 
both known structures, which are present 
in other databases such as RefSeq but 
missing from Ensembl, as well as novel 
events, some of which are supported 
by EST evidence only. This highlights 
the still underappreciated diversity of 
the transcriptome as reflected in current 
annotations and promises a means for 
rapid and robust advancements of annota-
tions in the near future.

Identification of Transcriptional Start 
and Termination Sites

In addition to our current limited 
understanding of alternative splicing, 
correct definition of the boundaries of 
a gene or transcription unit is still inher-
ently difficult. We assessed the utility of 
our approach for refining the transcrip-
tional start (TSS) and termination sites 
(TTS) of annotated genes. A TSS or TTS 
was considered confirmed if one of our 
WTSS peaks started (or ended) within 
30 bp of the annotated TSS/TTS. Using 
these criteria, we confirmed the TSS of 
12,177 and TTS of 11,906 transcripts by 
this approach. We further investigated 
our ability to refine or identify a TSS by 
comparing our results to CAGE data. As 
CAGE tags are derived from the first 20 
nt from the 5′ end of an mRNA transcript ′ end of an mRNA transcript ′
(9,10), we would only expect the HeLa 
peaks corresponding to initial exons to 
overlap CAGE peaks. However we would 
expect most CAGE peaks to overlap 
HeLa peaks as long as they derive from a 

gene expressed in HeLa. CAGE tags were 
realigned to the latest human genome 
build (see Alignment, Peak Discovery, 
and Exon and Transcript Abundance 
Calculation section) yielding 102,823 
distinct CAGE alignment peaks. Due 
to the reported presence of alternate 
promoters for many genes (11), we 
checked for the overlap of a CAGE peak 
at any position within HeLa exons. A total 
of 37,054 (36.1%) of these overlapped 
with HeLa peaks. Of the weakest CAGE 
alignment sites (supported by only two 
CAGE tags), 13,081 (27.8%) overlapped 
with one of our HeLa peaks (regardless 
of peak strength) while 9140 (59.6%) 
of alignment sites with ≥10 CAGE tags 
corresponded to a HeLa peak (Figure 2B 
and Supplemental Table 4).

A strong relationship between HeLa 
peak height and CAGE overlap was 
also observed (Figure 2C). Nearly all 
(27,495) of the sites matched by CAGE 
tags and HeLa peaks corresponded to 
known exons, supporting the notion that 
these regions are likely to represent real 
transcriptional start sites. The remaining 
CAGE sites that lacked supporting reads 
in this library may have been due to 
either inactive or low expression of genes 
in HeLa. Conversely, the 9559 sites co-
occupied by both HeLa peaks and CAGE 
peaks but not overlapping annotated 
exons likely represent unannotated 
exons. As expected, some of these sites 
(1927, 20%) corresponded to exons in 
the UCSC “known genes” while a larger 
proportion (6722, 70%) also overlapped 
with an exon from an AceView EST-
based gene model (24).

Discovery of Novel Expressed 
Elements

Although the majority (54.6%) of the 
reads that mapped to the genome were 
localized to exons, only 1% of the 3 
million peaks were exonic. Following our 
previous observation of the correspon-
dence between HeLa transcription peaks 
and potential novel transcription start 
sites, we considered the possibility that 
the large number of nonexonic genomic 
loci highlighted by HeLa peaks might 
represent novel transcribed elements. To 
assess this possibility, we again leveraged 
the Affymetrix tiling array generated from 
HeLa RNA spanning all the ENCODE 
regions. The ENCODE data includes 
4377 transfrags, or contiguous regions 

A

B

Figure 4. Novel alternative events supported by exon junction-spanning reads. Shown are two ex-
amples of unannotated splicing events supported in our library. The first example (A) involves an exon 
skip in which the middle exon is not included (shown in black in the top track). The second example 
shows a known exon joined to a putative novel cryptic exon (B). The linkage of this exon to the intronic 
peak (upper right, blue) is supported by multiple exon junction-spanning reads (shown in black below 
the peaks). The later event involves a known tumor suppressor gene (Bin1), which is known to produce 
many distinct isoforms. This event is supported by ESTs from tumors and embryonic stem cells, sug-
gesting this event is restricted to cells with unique properties.
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of the genome believed to be transcrip-
tionally active, based on these arrays 
(25), and only 2584 (59.0%) of these 
overlap known UCSC genes. A total of 
14,906 HeLa peaks resided within the 
ENCODE regions, and comparison to 
the set of HeLa transfrags revealed that 
3523 (23.8%) of these sites overlapped 
with 2311 (52.7%) of the transfrags. Of 
the 1736 highest confidence ENCODE-
situated HeLa peaks that did not corre-
spond to exons, 1285 (74.0%) overlapped 
with 1060 (24.2%) transfrags.

To further assess the relationship 
between transfrags and peaks, we 
compared the median signal strength of 
all probes of a transfrag that overlap with 
a peak to the median signal strength of 
all probes not overlapping the peak. This 
analysis revealed that, even for peaks 
comprising single reads, the median 
signal strength was increased on average 
from 0.26 to 2.22 (8.5×). Focusing on 
the highest confidence HeLa peaks (with 
height of at least 10) revealed a median 
increase of probe signal strength from 
0.29 to 15.67 (54×). These results indicate 
that the sequences derive from transcribed 
regions of the genome and that even 
mapped singleton reads may be derived 
from bona fide transcripts.

Considering the number of reads 
mapping to introns, we sought evidence 
that some intronic peaks corresponded 
to novel cryptic exons. This was accom-
plished by searching for reads derived 
from the junction between an intronic peak 
and a known exon within the same gene. 
Using the 2846 genes with prominent 
intronic peaks (height 10 or greater), we 
created a database of sequences repre-
senting all possible junctions between 
known exons and intronic canonical splice 
sites (see Discerning Exon-Exon Splicing 
Events section). Searching all unmapped 
reads against this database identified 37 
putative novel exons (in 32 genes) with 
redundant support. Many additional 
events were unannotated in Ensembl but 
were present in either RefSeq or UCSC 
gene annotations. An example of a partic-
ularly interesting event is shown in Figure 
4, which demonstrates a novel exon in the 
MYC-interacting tumor suppressor gene 
Bin1 (26). This putative exon showed 
greater coverage than many of the other 
exons in this gene, suggesting it may be 
included in most of the transcripts deriving 
from this locus. The known cancer genes 

(27) with evidence for novel alternative 
isoforms are included in Table 4.

Identification of Single-base Changes

A deep sampling of expressed 
sequences offers the attractive possi-
bility of identifying single-base variation 
in coding elements. This variation could 
correspond to inherited polymorphisms 
as well as mutations. To determine 
the extent of this type of variation 
in HeLa, we used publicly available 
short-read alignment software (see 
Identification of Single-base Changes 
section in Materials and Methods) to 
identify and assign confidence scores 
to nucleotides discrepant from the 
reference genome. Using our empiri-
cally derived thresholds, a variant must 
be covered by at least six reads of suffi-
cient quality and at least two of them 
must represent the nonreference allele. 
After this filtering, 2230 putative novel 
single-base mutations (1474 genes) and 
3895 known variants remained (Table 
3). The profile of MAQ consensus 
scores for these sites was signifi-
cantly distinct from that of the known 
SNPs, suggesting that these candidate 

mutations likely comprise some degree 
of false positives (Kolmogorov-Smirnov 
test). Applying more stringent filtering 
criteria reduced the representation of 
novel mutations but did not remedy the 
disparity between confidence scores, 
which suggests that all false positives 
cannot be eliminated based solely on 
their confidence score. Considering 
the heterozygous mutations and known 
SNPs, the ratio reads representing each 
allele was generally different than 1:1, 
suggesting the potential to detect allelic 
expression differences. The mean ratio 
of less abundant to more abundant alleles 
was 0.68 for known SNPs and 0.63 for 
novel mutations (Supplementary Figure 
S3). Of the genes containing candidate 
mutations, approximately 3/4 (1123) 
contained a single variant, with a small 
number (34) containing more than 4 
candidate mutations. As one might 
expect, many of the latter are annotated 
as pseudogenes, which are subject to 
neutral selection. One hundred genes 
had at least one nonsynonymous novel 
mutation, including nine genes with 
apparent truncating mutations. Using 
the GeneTrail software (genetrail.
bioinf.uni-sb.de) (28), we found an 
enrichment of genes involved in the 

Table 3. Known SNPs and Novel Single-base Mutations Detected by WTSS Reads

Chromosome Total Single-base 
Changes

Known 
SNPs

Novel 
Mutations

Novel 
Nonsynonymous

1 648 420 228 19
2 390 229 161 3
3 320 196 124 8
4 166 90 76 2
5 338 187 151 4
6 306 183 123 3
7 282 178 104 8
8 223 128 95 2
9 227 141 86 7
10 242 164 78 2
11 280 169 111 6
12 354 246 108 5
13 113 70 43 4
14 221 144 77 3
15 222 153 69 4
16 363 226 137 4
17 368 248 120 8
18 82 59 23 2
19 382 301 81 5
20 182 115 67 7
21 75 52 23 0
22 121 82 39 3
X 197 102 95 2
Y 23 12 11 0

Total 5928 3895 2230 111

Nonsynonymous mutations include 102 amino acid substitutions as well as 9 truncating mutations. 
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cell cycle (P = 6.47 × 10-5) as well as 
those involved in the E2F transcriptional 
module (P = 0.0286) in this list (29). 
Among these were 17 genes that reside 
in the COSMIC database (www.sanger.
ac.uk/genetics/cgp/cosmic), hence are 
known to acquire somatic mutations 
in some types of cancer. These genes, 
their observed alterations, and genes 

containing novel exon skipping events 
are included in Table 4.

DISCUSSION

Here we describe a new approach 
for sequence analysis of transcriptomes, 
which involves generating multiple 

random-primed cDNA libraries, followed 
by sequencing using the Illumina 1G 
sequencer. Analysis of those <20 million 
randomly derived sequence reads 
aligned to the human genome revealed 
that the approach can be used to study 
gene expression and to identify novel 
gene structures as well as to genotype 
polymorphisms and discover novel 

Table 4. Genes of Interest with Nonsynonymous Mutations or Novel Alternative Splicing Events

Gene 
Symbol

Novel Splicing 
Events

Novel Synonymous 
Mutations

Novel Nonsynonymous 
Mutations

E2F 
Module

Cell Cycle 
Gene

COSMIC 
Database

ANAPC7 0 0 1 yes yes

ASPM 0 2 1 yes yes

CDC2L2 0 2 1 yes

CENPF 0 0 1 yes

BRD3 0 0 1 yes

CDK5RAP1 0 0 1 yes

EIF2AK1 0 0 1 yes

GPI 0 1 1 yes

GSPT2 0 0 1 yes

INPPL1 0 0 1* yes

MARK3 0 1 1 yes

NUP210 0 0 1 yes

PER1 0 0 1 yes

PKN3 0 0 1 yes

RB1 0 2 1 yes yes yes

SMC3 0 1 1 yes

SMC4 0 1 1 yes yes

STAG2 0 4 1 yes yes

ULK1 0 0 1 yes

YWHAE 0 1 2* yes yes

CDC25C 1 0 0 yes yes

CDKN3 1 0 0 yes yes

CHEK2 1 0 0 yes yes

EIF4A2 1 0 0 yes

FANCD2 1 0 0 yes

PCSK7 1 0 0 yes

SDHC 1 0 0 yes

SUFU 1 0 0 yes

TAF15 1 0 0 yes

YWHAZ 1 0 0 yes

CDK4 1 0 0 yes yes

GNAS 1 0 0 yes

PLK1 1 1 0 yes

PSMD4 1 0 0 yes

RAF1 1 0 0 yes yes

RAP1D 1 0 0

BTRC 1 0 0 yes yes

MLLT3 1 0 0 yes

*One of these mutations results in a truncated protein.
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single-base mutations in a transcriptome-
wide fashion.

The results presented here derive 
mainly from analysis of data produced 
from a single flow cell. A strong 
advantage of this approach, and of digital 
gene expression profiling in general, is 
that the sensitivity of detection is limited 
in principle only by the methods used 
to prepare the sample for analysis and 
by the depth of sequencing used. If a 
single unambiguously mapped read is 
considered equivalent to a SAGE tag for 
measuring the transcriptional activity of 
a gene, we identified 28,613 genes in the 
largest of the four libraries, suggesting the 
potential for detecting changes in their 
expression across libraries of equivalent 
depth. Though the bulk of these (23,460) 
were sequenced to less than 5× coverage, × coverage, ×
on average (Figure 1), additional “deeper” 
sequencing from the same library would 
allow a larger proportion of these to 
be fully sequenced for genotyping 
and improved detection of mutations 
and alternative splicing. Alternatively, 
sequencing libraries produced from 
normalized cDNA, in which the relative 
representation of abundant transcripts 
is reduced, may provide a more cost-
effective option for expanded coverage 
of low-abundance genes. Production 
of paired end reads, deriving from both 
ends of fragments with defined lengths, is 
also currently in development and should 
assist in placing reads in low-mappability 
regions, providing improvements in 
mutation detection and quantitation.

In our description here of some of 
the first transcriptome shotgun libraries 
sequenced by this method, we identified a 
strong bias in representation of 5′ and 3′ and 3′ ′
ends relative to internal transcript regions. 
Though these biased regions account 
for approximately 55% of the reads 
aligned to a transcript, we have shown 
with subsequent libraries that this bias is 
a direct result of the library construction 
method (Supplementary Figure S2) 
and is remedied by a 5 min sonication 
step (see Construction of HeLa Whole 
Transciptome Libraries section above). 
Future development of the approach will 
focus on further reduction of this bias, in 
effect seeking to distribute reads randomly 
across transcripts. This should improve 
the proportional coverage of internal 
exons and improve the overall efficiency 
and reproducibility of this approach, 
improving quantitation of each exon within 

a given transcriptome. More powerful 
analyses will likely be possible once this 
level of uniformity has been achieved. 
For example, short informative regions 
of different transcript isoforms (either 
junctions or portions of exons unique to 
a given transcript) should enable quanti-
tative discrimination of these isoforms. We 
have also shown that selection for polyad-
enylated transcripts significantly depletes 
noncoding RNA transcripts, which can 
be recovered from eluate (Supplementary 
Figure S4), and may be of interest for 
investigation into the noncoding RNA 
component of the transcriptome. We show 
that this fraction contains evidence for 
some novel noncoding RNA (ncRNA) 
genes as well as transcriptional activity 
induced by the integrated HPV18 genome 
(Supplementary Material).

We have demonstrated that the exons 
from a large number of genes can be 
sequenced to considerable depth (Figure 
1, Table 1), allowing us to identify distinct 
exon junctions that can differentiate alter-
native transcript isoforms (Table 2, Figure 
4). Not all splicing events identified here 
corresponded to annotated transcripts 
(Table 2), and may include exons and 
alternative events unique to HeLa S3 
cells or certain cell types (Figure 4). That 
such events were detected here suggests 
the possibility of a digital approach for 
quantifying differences in alternative 
splicing between tissues and samples, 
previously only feasible using arrays 
(12,13). Differences in alternative splicing 
have been shown to be useful as prognostic 
markers in various cancers (30,31) and may 
relate to chemotherapy resistance (13).

Another potential application of this 
technique is the concurrent detection of 
mutation and aberrant gene expression 
events in cancers. Several studies (32,33) 
have described efforts in which directed 
exon sequencing has been used to identify 
cancer-associated mutations. Appropriate 
statistical techniques may allow differ-
entiation of passenger mutations from 
driver mutations, or those responsible 
for transformation. Due to the use of 
the Illumina system, which involves 
sequencing molecules clonally derived 
from single DNA molecules, we suspect 
that transcriptome shotgun sequencing 
has the potential to facilitate detection of 
rare, but possibly critical, mutations in 
sub-populations of cells (34).

While primarily sequencing the most 
prevalent, or highly expressed, transcripts 

in this study, we have revealed 100 genes 
with apparent changes to their proteins 
caused by single-base changes as well 
as potentially many more, due to novel 
alternative splicing events (Table 4). In 
the context of cancer, it is noteworthy that 
we observed a significant enrichment of 
genes involved in the cell cycle and the 
E2F signal transduction pathway. The 
latter has been linked to many cancers 
(35), particularly in the formation of 
cervical cancer and the transformation 
of primary cells to immortal cell lines 
(36–38). From this analysis we suggest 
that further profiling of other cell lines 
and primary tumor samples will likely 
reveal single-base mutations as well as 
alternative splicing events involving both 
known and potentially undiscovered 
exons, which will aid us in better under-
standing the underlying mechanisms 
of cancer biology and could lead to 
improved methods to combat the disease.
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