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Abstract
Background: Ultra-high throughput sequencing technologies provide opportunities both for discovery of novel 
molecular species and for detailed comparisons of gene expression patterns. Small RNA populations are particularly 
well suited to this analysis, as many different small RNAs can be completely sequenced in a single instrument run.

Results: We prepared small RNA libraries from 29 tumour/normal pairs of human cervical tissue samples. Analysis of 
the resulting sequences (42 million in total) defined 64 new human microRNA (miRNA) genes. Both arms of the hairpin 
precursor were observed in twenty-three of the newly identified miRNA candidates. We tested several computational 
approaches for the analysis of class differences between high throughput sequencing datasets and describe a novel 
application of a log linear model that has provided the most effective analysis for this data. This method resulted in the 
identification of 67 miRNAs that were differentially-expressed between the tumour and normal samples at a false 
discovery rate less than 0.001.

Conclusions: This approach can potentially be applied to any kind of RNA sequencing data for analysing differential 
sequence representation between biological sample sets.

Background
Since the discovery that small RNA effectors define a
number of developmental transitions and biological
defence mechanisms [1,2], sequencing efforts in a variety
of organisms have led to the recognition of several dis-
tinct small RNA sub-classes. These small RNAs (~18-30
nucleotides in length) function by guiding sequence-spe-
cific gene silencing at the transcriptional and/or post-
transcriptional level and have been shown to play impor-
tant regulatory roles in diverse biological processes [3-5].
Among the small RNA classes, microRNA (miRNA) is
the most abundant class in mammals. Over the past 5
years, more than 8000 different miRNA genes have been
identified in animals and plants (miRBase release version

12.0 [6]), and the number is expected to continue grow-
ing.

miRNA genes were first discovered by forward genetic
methods. These methods led to the identification of sev-
eral miRNA genes associated with developmental pheno-
types in Caenorhabditis elegans (for example, lin-4, let-7
and lsy-6) [2,7-9] and programmed cell death in Droso-
phila melanogaster (for example, miR-14 and bantam)
[10,11]. Forward genetics approaches are relatively ineffi-
cient for miRNA gene discovery, in part because of a
small mutagenic target size and in part due to functional
redundancy. The development of large-scale RNA
sequencing methods [12-15] has greatly facilitated
miRNA discovery, with thousands of miRNAs now iden-
tified from various cell lines and tissues from a variety of
organisms. Apart from serving as a tool for novel small
RNA discovery, the small RNA sequencing approach
offers the potential to quantify and detect variation in
mature miRNAs, including RNA editing [16-18] and 5'/
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3'-end variations [19-21]. Recent developments in ultra-
high throughput sequencing technology greatly augment
this approach, providing the possibility of a near-com-
plete view of miRNA profiles.

Small RNA profiling by deep sequencing has been
applied in an increasing variety of biological situations
(for example, [22-31]). While greatly expanding the possi-
bilities for precise expression profiling, sequencing-based
profiling methods also raise new quantitative issues in
recognizing and representing variation and significance
in the resulting data sets. Many parallel questions were
addressed in the early days of microarray analysis.
Although sequence count data is analogous in some ways
to microarray data, the two data types differ in numerous
ways. First, microarray data provides an analogue mea-
sure of sequence prevalence while sequencing is inher-
ently digital. Second, microarray analyses generally
operate above a low background level of non-specific and
off-target probe-array binding that can complicate the
analysis of low-abundance molecular species (particular
in cases where a related highly abundant product is pres-
ent). With large enough sample sets, sequence-based
analysis can avoid these background problems, allowing
exquisite sensitivity. Still, rare molecular species are cer-
tainly subject to stochastic fluctuations in sequence data
sets and these fluctuations can be large components of
the total signal in cases where the counts of individual
species are small. Microarray and sequence-counting
based approaches share certain challenges, including bio-
logical and non-biological contamination and sample
quality and reliability. Finally, it should be pointed out
that microarray and sequencing procedures each give rel-
ative (and not absolute) measures of sequence abun-
dance. Thus, the most informative comparisons look at
changes in an expression ratio (involving at least two
sequences) between two samples. This makes absolute
comparisons of RNA abundance for different sequences
problematic. Comparisons of relative RNA levels avoid
such challenges and have been the focus of many analyti-
cal processes in both areas. In this work, we generate and
analyse a large dataset of small RNA sequences in cervical
cancer/normal sample pairs. We show that this approach
provides an extensive coverage of miRNAs expressed in
human cervical cancer tissues and normal cervices,
including the detection of many previously known
human miRNAs and their respective miRNA* sequences,
as well as the identification of a number of novel miR-
NAs. Based on this sequence data we describe a statistical
approach for cancer classification and we propose a new
method for the identification of diagnostic miRNAs using
sequencing-based miRNA profiling data. This approach
should have general utility in analysing differential
sequence representation between biological sample sets.

Results
miRNA profiling by small RNA cDNA library sequencing
We captured, amplified and sequenced 58 small RNA
libraries prepared from 29 pairs of cervical cancer tissues
and matched normal tissues (Additional File 1). In addi-
tion, the capture, amplification and sequencing for two
small RNA libraries (G699N and G761T) were repeated
in order to determine the reproducibility of the results. A
total of 42,348,326 independent small RNA sequences
(25,007,613 from normal cervices and 17,340,713 from
cervical cancer samples) were obtained (Additional File
1). The average library coverage was 705,805 sequences
(ranging from 29,848 to 2,624,426 for individual libraries)
with the sequenced population containing 32.4%
(13,710,440) miRNA sequences representing 626 distinct
mature miRNAs (Additional File 2). Of these, 210 miRNA
genes produced sequencing reads corresponding to both
arms of the miRNA precursors. As expected, a majority
of miRNA genes displayed strand bias. The relative abun-
dance of most of the star forms (miRNA*) was lower than
that of their corresponding miRNAs. However, six miR-
NAs (miR-17, miR-202, miR-425, miR-493, miR-624 and
miR-625) had a higher number of sequencing reads origi-
nating from the annotated miRNA* strand than the
mature miRNA sequence across majority of the libraries
(Additional File 3). Some miRNA genes demonstrated a
nearly equal number of sequencing reads originating
from the 5' and 3' arms of the miRNA precursor.

The sequence data reveal a very broad range of expres-
sion levels for known miRNAs (based on sequence
counts): ~6% of miRNAs were detected at high sequence
counts (>104), 14% were in the intermediate range (103-
104), and the remaining were at low sequence counts
(<100) (Additional File 3).

Novel miRNA genes
To search for novel candidate miRNAs, we used criteria
as previously described [32]: (i) at least 20 consecutive
bases (measured from the start of the small RNA) aligned
to human genome without any gaps; (ii) formation of a
sufficiently low-energy (<-20 kcal/mol) secondary fold-
back hairpin structure with small internal bulge(s) within
the miRNA region and (iii) complete containment of the
cDNA sequence within one arm of a hairpin. The result-
ing set of hairpin-derived small RNAs was further analy-
sed to distinguish genuine miRNA precursors from other
RNAs with similar structures.

Sixty-four novel miRNA genes (88 distinct mature miR-
NAs) were identified from a total of 45,299 novel
sequence reads (Additional File 4). Twenty-three of these
newly identified miRNA candidates were represented
both in 5' and 3' arms of the hairpin precursor, providing
strong evidence for biogenesis from a hairpin precursor.
Two of the miRNA candidates were classified as mirtrons
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(intronic miRNA precursors that bypass Drosha process-
ing) [33-35]. A distinct characteristic of a mirtron is that
the miRNA precursor is directly adjacent to the splice
sites. Among the novel candidate miRNAs, we identified
eight putative antisense miRNAs (referring to those miR-
NAs derived from the antisense strand of annotated
miRNA genes). Seven of these are antisense to known
miRNA genes, while the eighth is antisense to a novel
miRNA identified in this study (miR-3622a and miR-
3622b). All new miRNAs (except one, miR-1323-3p) were
observed more than once and detected in more than one
library (Additional File 2). Although the majority of the
newly identified miRNAs was detected at low abundance
(as reflected by low sequence count across all the librar-
ies), some were rather prominent (Additional File 2).
Among these, miR-1246 was the most abundant with
>13,000 sequencing reads detected.

Forty-one of the new miRNAs were located in introns,
one in an exon, and five in the 5'/3' untranslated regions
of known genes; 17 were found in the intergenic regions.
Notably, miR-3608 is located adjacent to a vault RNA,
HVG-2 (Additional File 5). Vault RNAs are a noncoding
RNA family as part of the vault ribonucleoprotein com-
plex that has been suggested to be involved in multidrug
resistance [36]. Interestingly, this candidate was only
detected in cervical cancer samples (G547T, G659T and
G026T) (Additional File 2).

miRNA data analysis
Sequencing-based miRNA profiling does not provide
absolute measurements of miRNA expression, but rather
the relative counts of different miRNAs within each sam-
ple. As described in the previous section, miRNA-seq
data are typically characterized by variances in total
counts for each sample. These, as well as sequence counts
for individual miRNAs, will be subject to large sampling
noise. Moreover, in contrast to microarray data, the
miRNA-seq data involve non-negative counts.

All statistical analyses were performed on the cube-
rooted data, unless otherwise specified. The raw data had
a very skewed distribution, with many large values.

The cube-root transformation reduced this skewness
and gave the resultant data an approximate Poisson dis-
tribution, which was important for our log-linear model-
ling. The standard approach for testing differential
expression of genes measured on microarrays is to com-
pute a t-statistic for each gene; a permutation distribution
is then used to estimate false discovery rates. The use of a
t-statistic is justified if the data are approximately nor-
mally distributed with equal variances, as is the case for
microarray data after suitable transformations. However,
since sequencing data involve non-negative counts, the
assumption of normality is not appropriate. We instead

develop a new method to identify differentially-expressed
sequences based on a Poisson log linear model.

In order to evaluate reproducibility between replicates,
we prepared two additional (duplicate) libraries for which
small RNA capture, amplification and sequencing were
carried out independently (and at a different time) from
the respective original samples. The two samples for
which this was done were G699N and G761T. From the
raw data, we saw correlations of 0.8966 between the two
libraries from G699N and 0.7836 for the two libraries
from G761T. For reference, the mean correlation between
pairs of different normal tissue samples was 0.6708, with
the mean correlation between pairs of samples from dif-
ferent tumours being 0.5735. The observed duplicates are
by no means perfectly concordant between replicate sam-
ples; in addition, we noted that some non-replicate pairs
show more correlation with each other than do the pairs
of replicates.

In order to visualize the 714-dimensional vectors of
miRNA expression in a lower-dimensional subspace, we
performed principal components analysis (PCA). The
principal components are the linear combinations of the
miRNAs that have the largest variance and provide infor-
mative axes for projection of the data. The analysis
revealed clear separation between tumour and normal
samples, but not between tumour types (Figure 1).

In order to assess the difference between normal and
tumour samples, we performed an unsupervised hierar-
chical clustering of the samples using complete linkage
and correlation-based distance. Hierarchical clustering
groups the samples by their similarity, in a bottom-up
fashion. As shown in Figure 2A, the clustering analysis
resulted in the identification of two major subgroups that
show an almost perfect separation between normal and
tumour samples. Recently, Berninger et al. also presented
a method for defining distances between samples for
miRNA expression profiling based on small RNA cloning
data [37]. For comparison, we also performed clustering
using the distance measure defined in Berninger et al.
and the results revealed two subgroups with good separa-
tion (Figure 2B).

In order to classify samples based on miRNA expres-
sion levels, we applied the nearest shrunken centroids
(NSC) method [38]. This method classifies samples by
computing an average miRNA expression vector for each
class; these average expression vectors are then shrunken
towards the overall miRNA expression mean across the
classes in order to avoid over-fitting and to obtain a clas-
sifier that makes use of only a subset of the miRNAs.
Cross-validation (CV), a process in which samples are
repeatedly split into training and test sets, was performed
in order to select the optimal number of miRNAs to use
in the classifier and to assess its accuracy. Applying NSC
for: (i) normal versus tumour resulted in 4/58 CV errors
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(P < 0.002); (ii) normal versus adenocarcinoma (ADC)
versus squamous cell carcinoma (SCC) resulted in 7/56
CV errors (P < 0.002); and (iii) ADC versus SCC resulted
in 4/27 CV errors (P = 0.064). The two adenosquamous
carcinoma (ASC) samples were excluded from analyses
(ii) and (iii). The miRNAs used in the three NSC classifi-
ers are shown in Additional Files 6, 7, 8.

In order to further explore the performance of NSC for
normal versus tumour samples, we randomly split the

samples into a training set of 40 samples and a test set of
18 samples. We trained NSC on the training set and
tested on the test set; this was repeated 100 times. This
resulted in an average of 1.77 errors for normal versus
tumour classification. The samples that were most fre-
quently misclassified were G529N, G696T, G701T,
G850N and G871T. Not surprisingly, the samples are
located near the boundary of the tumour and normal

Figure 1 Distinctive patterns of miRNA expression between cervical cancer and normal samples revealed by principal component analysis. 
microRNA incidence values from each sample were projected onto the first two principal components, using cube-rooted data. This two-dimensional 
representation of the ~714 dimensional primary data resulted in evident separation between normal and tumour samples but not between adeno-
carcinoma (ADC) and squamous cell carcinoma (SCC) samples. The first principal component explains 21.2% of the variation present in the data and 
the second explains 11.6%. ASC, adenosquamous cell carcinoma; T, tumour; N, normal.
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Figure 2 Clustering analyses of normal and tumour samples based on microRNA expression. (a) Samples were clustered using cube-rooted 
data and correlation-based distance (as described in Additional File 9). Two large subgroups and one small outgroup resulted, with separations 
1N:1T, 29N:1T and 0N:28T, respectively. The small outgroup consisted of tumour and normal samples from patient G428. The remaining samples were 
partitioned among the two larger subgroups, one of which consisted of the other 29 normal samples and one tumour sample, and the other consisted 
of the remaining 28 tumour samples. (b) Samples were clustered using the distance metric defined in Section 4.1 of Berninger et al. [37]. Again, an 
outgroup and two major subgroups resulted, with separations 0N:2T, 25N:2T and 5N:26T, respectively. For both panels, 'N' indicates a normal sample 
and 'T' indicates a tumour sample. Note: the duplicates of G699N and G761T are clustered near each other in both methods.

(a)

(b)
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samples in the principal component analysis (PCA) plot
(Figure 1).

In order to identify miRNAs that are differentially

expressed between tumour and normal tissue, we needed

to address the fact that the data were characterized by a

high variance in sequence counts between samples as

well as between miRNAs, and the fact that the data were

discrete. For this purpose, we propose the use of a Pois-

son log-linear model. In this model, the cube-rooted

counts for each miRNA for each sample are taken as Pois-

son random variables and the logs of the means of these

Poisson variables are estimated using a linear model (see

Additional File 9). We allow a separate term for each

miRNA (since different miRNAs have different frequen-

cies) and for each sample (since some samples have much

higher counts of all miRNAs). An additional term for

each miRNA quantifies the extent to which each miRNA's

counts differ between tumour and normal tissue. That is,

we model 1 + Xij ~ Poisson(μij), where X denotes the cube-

rooted data matrix, iindexes the miRNAs, j indexes the

samples, and log(μij) = βi + γj + ρi(1jεTumour -1jεNormal). Here,

we are using indicator variable notation: 1A equals 1 if A

is true and 0 otherwise. In order to test how well the

model fits the data, we binned the observations based on

their fitted mean value in the Poisson model and esti-

mated the mean and variance of the observations in each

bin. As expected, under the Poisson model, the mean and

variance of the observations within each bin are approxi-

mately equal (Additional File 9). In our model,  can

be thought of as a score for the extent to which miRNA i

is differentially expressed between tumour and normal

samples. Here, the denominator se (ρi) indicates the stan-

dard error of ρi. In order to estimate the false discovery

rates (FDRs) for these scores, we randomly permuted

tumour and normal sample labels and compared the

observed  scores to the null distribution of these

scores obtained by permutations. For comparisons, we

also computed FDRs resulting from the log-linear model

on raw data, t-statistics on raw data, and t-statistics on

cube-rooted data. We found that our log-linear model on

cube-rooted data resulted in extremely low FDRs (Figure

3). Based on the permutation results, only ~4 of the 200

miRNAs with highest estimated absolute  are false

positives. The miRNAs with highest absolute 

scores are shown in Table 1. (A list of all miRNAs with

estimated absolute  scores and FDRs is available in

Additional File 10). All computations were carried out

using the R statistical package version 2.6.2.

Dependence of analysis on sequencing scale
Variation in overall sequence depth for different samples
will be present in any analysis of independent biological
specimens due to differences in tissue makeup and abun-
dance, with some additional variation due to technical
aspects of library construction and sequencing. Our dis-
cussions above make use of datasets with numbers of
sequence reads for the different samples that range from
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Table 1: miRNAs with significant changes determined by our Poisson log-linear model

miRNA
†

FDR§

miR-205 10.8525 0

miR-143 -8.292 0

miR-10b* -7.6723 0

miR-31 6.7684 0

miR-203 6.4009 0

miR-145* -6.2416 0

miR-944 6.1095 0

miR-1 -5.9363 0

miR-1246 5.7935 0

miR-204 -5.7914 0

miR-1303-3p 5.7469 0

miR-31* -5.6673 0

miR-126* -5.6346 0

miR-7 5.4282 0

miR-10b -5.3186 0

miR-425 5.2653 0

miR-200a* 5.1818 0

miR-125b -5.1426 0

miR-140-5p -5.0996 0

miR-21* 5.0897 0

miR-126 -5.0092 0

miR-183* 4.9398 0

miR-147b 4.9109 0

r
r
i

se i( )
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tens-of-thousands to over a million (Additional File 1). In
order to characterize the effect of sequencing scale on the
statistical results obtained, we generated resampled data
sets with various numbers of miRNAs. That is, for n =
103,104,105 and 106, we sampled with replacement n miR-
NAs from each of the 58 samples. We fit an NSC classifier
in order to distinguish between normal and tumour sam-
ples using the resampled data sets. Regardless of the value
of n in this range, around 4/58 cross-validation errors
resulted. This suggests that the extent of library coverage
does not greatly affect the classifier. We also computed
the number of miRNAs found to be differentially-
expressed at a given FDR threshold for each of the resam-
pled data sets. The results can be seen in Additional File
11. As n increases, so does the number of miRNAs (as
expected, particularly with a stringent FDR threshold). As
n becomes quite large, the benefit of further increasing n
in terms of new miRNA identification becomes marginal.

These results indicate that conclusions can be drawn at
a variety of experimental scales, with deeper library cov-
erage resulting in more power for some statistical analy-
ses but with biological factors (for example, number and
uniformity of specimens) eventually exerting the major
limitations on interpretation as sequencing depth
increases.

Analysis of clustered miRNA expression
We defined a miRNA cluster as a set of miRNAs located
(i) within a 1 kb region or (ii) in close proximity (<4 kb),

with the same orientation and not separated by a miRNA
in the opposite orientation. Our data contained 56
miRNA clusters consisting of 236 miRNAs (Additional
File 12). In order to determine whether the clustered
miRNAs showed significant co-expression, we calculated
the average correlation of miRNA pairs within each clus-
ter. As shown in Additional File 12, we observed that
many clusters contain miRNAs that have more correlated
expression than one would expect due to chance. Twenty-
three miRNA clusters show significantly correlated
expression (P < 0.05). Of these, eight clusters are highly
correlated (P < 0.001). These include miR-200b~429,
miR-34b~34c, miR-503~424, miR-29c~29b, miR-15b~16,
miR-200c~141, miR-99b~125a and miR-25~106b clus-
ters.

In order to determine whether any of the 56 clusters
contain miRNAs that are significantly associated with the
cervical cancer versus normal class labels, we applied the
log linear model and calculated the median scores for the
expressed miRNAs in each cluster. We found that 30 clus-
ters contain expressed miRNAs that are significantly
associated with the disease (P < 0.05; Additional File 13).
Seventeen of the 30 clusters are associated with increased
expression in cervical cancer and the remaining 13 clus-
ters are associated with reduced expression in cancer.
Interestingly, the two clusters that are most associated
with the cervical cancer versus normal class labels both
belong to the miR-200 family.

miR-155 4.7346 0

miR-25* 4.6551 0

miR-450a -4.584 0

miR-142-3p 4.5778 0

miR-99b -4.427 0

miR-424 -4.3806 0

miR-141* 4.3352 0.0001

miR-96 4.3028 0.0001

miR-3614-5p 4.2005 0.0001

† can be considered as a score for whether microRNA i is differentially expressed between tumour and normal: a large positive value indicates 
higher expression in tumour than normal.
§ Only microRNAs with low FDR (≤ 0.0001) are shown.
FDR = false discovery rate.

Table 1: miRNAs with significant changes determined by our Poisson log-linear model (Continued)
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Assessment of miRNA expression patterns
We compared the expression level of miR-21 and miR-
143 in all cervical cancer samples and matched normal
cervices used in this deep sequencing experiment with
previously published Northern blot results of the same
materials [32]. As shown in Additional File 14, both miR-
21 and miR-143 expression patterns obtained from the
sequencing data correlate well with the Northern data.
Modest differences, observed for a number of the sam-
ples, could be indicative of non-linearity in either assay;
alternatively such differences may be due to RNA cross-
hybridization (an ability to pick up alternate miRNAs
with the same probe), uncertainty in loading controls (in
some cases the ribosomal bands are difficult to quantitate
due to low levels) and to gel exposure artifacts (some
Northern bands are difficult to distinguish from optical
noise on the filters.).

Discussion
In this work, we used high throughput sequencing
approaches combined with statistical analysis in order to
comprehensively characterize miRNA expression profiles
of 29 matched pairs of human cervical cancer and normal
cervical samples. Our results reveal a large number of
miRNAs detected in all libraries and provide quantitative
measures for a broad range of miRNA expression levels.

miR* and antisense miR sequences
One aspect of miRNA diversity comes from the ability to
produce two distinct miRNAs (termed miR-X and miR-
X*) from a given hairpin precursor RNA. In this case, the
two RNAs are distinct products of the same initial pro-
cessing product (pre-RNA), one located 5' and one 3' on
this precursor. The standard nomenclature for miRNAs
assigns the asterisk to the less abundant of the two forms
found in the first identifying study. In this work, we
detected a large number of miR* sequences, as well as
mature miRNAs from both 5' and 3' arms of the hairpin
precursor. For six miRNAs, we detected a higher number
of miR* sequence than the annotated mature miRNA
sequence in a majority of the libraries. This may indicate
that both 5' and 3' arms of the pre-miRNA can be
expressed in specific tissues/cells and that they may have
a functional relevance. Consistent with such a dual role,
reversals of abundance between miR and miR* have been
observed in several recent miRNA transcriptome analy-
ses [20,25,39] and miR/miR* strand selection have also
been shown to be different among different Argonaute
complexes [40,41]. Furthermore, Okamura et al. recently
demonstrated that some miRNA* species can associate
with the RNA-induced silencing complex and have inhib-
itory function [42]. These findings suggest that there are
additional levels of complexity in miRNA processing
which remain to be determined.

Three recent studies demonstrate that sense and anti-
sense miRNAs can be generated by bidirectional tran-
scription of the Drosophila Hox miRNA locus miR-iab-4
[43-45]. Interestingly, these sense and antisense miRNAs
are expressed in non-overlapping spatial domains and
have different targets. This phenomenon is not restricted
to the Hox loci in flies. Many more sense-antisense
miRNA pairs have also been identified in flies and mam-
mals [44,45]. Here, we provide further evidence for the
existence of sense-antisense miRNA pairs in human tis-
sues. Although these antisense miRNAs are low in abun-
dance (<100 copies in all libraries), their low
concentration does not rule out their possible biological
relevance. Further investigations are warranted in order
to assess the biological significance of these sense-anti-
sense miRNA pairs for a complete understanding of the
complexity of gene regulation by miRNAs.

miRNA complexity
Given that our small RNA libraries were prepared from a
single tissue type (cervical tissues), we unexpectedly
found a large number of miRNAs (ranging from 156 to
555) in each library, with the number depending on the
depth of sequencing. The data suggest that many miR-
NAs may lack complete tissue specificity, instead show a
continuum of expression variability in different tissues/
cells and physiological/pathological states. Alternatively,
a small population of distinct cell types may be present in
the samples used for the analysis and contribute to the
low-level detection of large numbers of miRNAs. Data
with cell lines, which have more homogenous cell popula-
tions, are of relevance to this issue. Consistent with the
hypothesis of extensive diversity in a single cell type,
Friedländer et al. recently detected a total of 213 known
miRNAs in a single HeLa sample [46].

miRNA expression in cervical cancer and matched controls
We used two statistical techniques to develop an under-
standing of the differences in miRNA expression between
normal and tumour cervical tissue.

First, we used NSC [38], a method originally developed
for microarray data analysis, to construct a classifier that
performs cancer class prediction from sequencing-based
miRNA expression profiling. The method successfully
classified the normal and tumour samples in approxi-
mately 16 of 18 test samples. Second, in order to identify
miRNAs that are differentially expressed between
tumour and normal tissue, we developed a simple log lin-
ear model for data from ultra-high throughput sequenc-
ing. This model is analogous to using a t-statistic to
identify differentially expressed genes in the case of
microarray data. Unlike the t-statistic, it is appropriate in
cases where the observations take on discrete values and
where variation occurs between samples as well as
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between genes or miRNAs. This model resulted in the
identification of a set of miRNAs that distinguish tumour
from normal samples, with low FDRs (≤ 0.0001; Table 1
and Additional File 10). The model can potentially be
applied to any kind of sequencing data that produce
count data. Software implementing this log linear model
will be made freely available.

In agreement with our [32] and other previous findings
[47,48] with smaller data sets, the expression of miR-143
was significantly lower in cervical tumours as compared
to their matched normal controls. Importantly, miR-143
has been shown to inhibit cell growth in HeLa cells [48],
supporting its critical role in cervical carcinogenesis.
Also, a suppressor role of miR-143 has also been impli-
cated in different tumour types [49-51].

Among the most abundant miRNAs in the cervical can-

cer tissues, miR-205 has the highest estimated 

score in the log linear model. Its increased expression has

also been observed in a variety of carcinomas, including

cervical cancer [48], endometrioid endometrial adeno-

carcinoma [52], ovarian cancer [53], bladder cancer [54],

head and neck squamous cell carcinoma [55] and non-

small cell lung cancer [56]. Very recently, Yu et al. demon-

strated that the lipid phosphatase SHIP2 (SH-2 contain-

ing inositol 5'-phosphatase 2) can serve as a target of

miR-205 in SCC cells [57], with down-regulation of miR-

205 in SCC cells leading to a marked increase in apopto-

sis and cell death [57]. This will certainly provide an

important lead in investigating roles for miR-205 in cervi-

cal cancer.
An additional miRNA demonstrating strong regulation,

miR-944 (identified from small numbers of sequences in
an earlier study; [32]), was significantly more abundant in
the cervical cancer tissues than in their normal counter-
parts. This miRNA seems to be cervical tissue specific in
that it had not been previously observed in other tissues
or cell types [20]. miR-944 is located in the intron of TP63
(a member of the p53 family) and maps to chromosome
3q27-28, a region frequently amplified in cervical carci-
nomas [58-60]. It will be of interest to test for potential
roles of miR-944 in cervical carcinogenesis and/or pro-
gression.

Clustered miRNA expression
An analysis of clustered miRNA expression revealed
strong positive correlations among the closely neighbour-
ing miRNAs, suggesting that these miRNAs may be con-

trolled by common regulatory factor(s). The data are in
consistent with several previous findings [61-63]. Inter-
estingly, we found that the miR-200 family of miRNAs
(miR-200a/b/c, miR-141, and miR-429) was highly co-
expressed in cervical cancer. These miRNAs are located
at two different genomic loci: the miR-200b~429 cluster
is located on chromosome 1, and the miR-200c~141 clus-
ter is located on chromosome 12. The co-expression of
these miR-200 loci suggests that these miRNA clusters
might be co-regulated by common regulator(s) and func-
tion together. In line with such hypothesis, Bracken et al.
recently demonstrated that both miR-200b~429 and miR-
200c~141 clusters are encoded by single polycistronic
primary miRNA transcripts [64]. Furthermore, the E-
cadherin transcriptional repressor ZEB1 was found to
directly suppress transcription of both clusters [64,65].
As the five miR-200 family members contain very similar
seed sequences, these miRNAs are likely to regulate some
common targets. In support, several independent studies
showed that two transcriptional repressors of E-cadherin,
ZEB1 and ZEB2, are the direct targets of the miR-200
family miRNAs [66-68]. Although the expression of miR-
200 clusters is reduced in mesenchymal and invasive
cells, its over-expression has also been observed in ovar-
ian [69] and cervical [70] cancers.

A unique small RNA downstream of the Vault transcript
Among the novel miRNAs discovered here, miR-3608 has
the unique feature of sitting immediately downstream of
vault RNA, HVG-2 (Additional File 5). Vault RNAs are
small non-coding RNAs produced by RNA polymerase
III [71]. The possibility that miR-3608 might be produced
from the HVG-2 promoter suggests a type of dicistronic
heterologous Pol III transcript similar to tRNA-miRNA
dicistronic transcripts that have been identified in the
mouse gammaherpesvirus 68 [72] and in the C19MC
cluster of the human genome [73].

Conclusions
Our approach illustrates the high value of ultra-high
throughput sequencing data for novel miRNA discovery
and quantitative analysis of miRNAs. The statistical
approach described in this study is broadly applicable to
the analysis of any RNA sequencing data.

Methods
Clinical samples
Twenty-nine pairs of snap-frozen cervical tumour and
matched normal tissue were obtained from the Gyneco-
logic Oncology Group Tissue Bank (PA, USA). Of these
29 cases with paired specimens, 21 patients had a diagno-
sis of SCC, six had ADC and two had an intermediate
diagnosis of adenosquamous cell carcinoma (ASC)
(Additional File 1). All matched normal cervical tissues
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were obtained from the same patients and had been his-
topathologically verified. This study was approved by the
Institutional Review Board of Stanford University.

Small RNA library construction and Solexa sequencing
Small RNA isolation was performed using mirVana
miRNA isolation kit (Applied Biosystems/Ambion, TX,
USA). The capture and amplification procedure was done
as previously described [32], with slight modifications.
Purified small RNAs were ligated to the 3'-adaptor
["Linker-1", IDT Inc., IA, USA] and 5' adaptor [5'-
ACGCTCTTCCGATCTv-3' (uppercase, DNA; v = bar-
codes with triple RNA molecules: aaa, ggg, ccc or uuu;
IDT Inc, IA, USA)] oligonucleotides. Products from the
second ligation were gel-purified and reverse transcribed
using the reverse transcription primer [5'-ATTGATG-
GTGCCTACAG-3']. cDNA was amplified with 16-20
polymerase chain reaction cycles, using a forward primer
5'-GAT ACG GCG ACC ACC GAG ATC TAC ACT CTT
TCC CTA CAC GAC GCT CTT CCG ATC T-3' and a
reverse primer 5'-CAA GCA GAA GAC GGC ATA CGA
GCT CTT CCG ATC TAT TGA TGG TGC CTA CAG-
3', to produce sequencing libraries that were subjected to
Solexa/Illumina sequencing platform (Illumina 1G
Genome Analyzer, CA, USA). Details of small RNA
library preparation protocol are available upon request.
The sequencing data have been deposited at Gene
Expression Omnibus (accession No. GSE20592).

Sequencing analysis
Individual sequence reads were initially generated follow-
ing sequencing using the Solexa software pipeline (Illu-
mina Inc, CA, USA). Reads from each of the pooled
libraries were then separated based on their barcode
sequence and mapped against human genome using
ELAND (Solexa, Illumina Inc, CA, USA). Perfectly
aligned sequences with at least 20 consecutive bases were
analysed further. Aligned sequences were then further
analysed with BLAST (blastn, [74]) and BLAT in order to
exclude other known structural RNAs.

In order to identify sequence reads that match previ-
ously identified miRNAs, we aligned sequences against
miRNA data from miRBase release version 10.1 [6] using
BLAT [75]. miRNAs with varying 3' terminal were
grouped together for tag counts. In order to uncover
novel miRNA genes, we identified hairpin-like RNA
structures in a window of 80 bases around recovered
small RNA sequences using mfold (version 3.2 [76]). All
predicted hairpin-like precursors were analysed carefully
in order to distinguish genuine miRNA precursors from
other RNA classes that may contain similar RNA struc-
tures (for example, snoRNAs, vault RNAs and tRNA-
derived repeat elements).

Statistical analysis
All statistical analyses were performed using the statisti-
cal software language R (version 2.6.2), freely available at
http://cran.r-project.org/[77].

The miRNA count data are characterized by very large
variances in both the total counts for each miRNA and
the total counts for each sample. Total miRNA counts
ranged from 1 to 2,253,073 (with a mean of 19,189), and
total sample counts ranged from 1,322 to 1,227,057 (with
a mean of 236,227). Because the row and column totals of
the data matrix vary by many orders of magnitude, cube-
rooted miRNA counts were used for almost all statistical
analyses. Let X denote the matrix of cube-rooted data,
where the rows denote the miRNAs and the columns
denote the samples. In order to visualize the samples, we
performed PCA after standardizing each column of X to
have mean zero and standard deviation 1.

NSC [38] is a classification method intended for the
case where the number of samples is small relative to the
numbers of features or variables. A centroid (or mean
vector) is computed for each class; the centroids are then
'shrunken' towards the overall centroid for the full data
set. New observations are then classified to the shrunken
centroid to which they are nearest. Depending on the
amount of shrinkage performed, only a subset of the fea-
tures will differ between the shrunken centroids. The
number of features that differ between the shrunken cen-
troids is treated as a tuning parameter for the method,
and is selected by CV. NSC was performed using the R
library 'pamr' on the cube-rooted data, after scaling each
column of the cube-rooted data by the total for that col-
umn. NSC classifiers were constructed to distinguish
between the following sets of classes: (i) tumour versus
normal; (ii) tumour versus ADC versus SCC; and (iii)
ADC versus SCC. For each classifier, the tuning parame-
ter value (controlling the number of miRNAs used by the
classifier) was selected by 10-fold CV. In order to obtain a
P-value for each classifier, CV errors were computed on
the real data and on null data obtained by randomly per-
muting the class labels for the samples. The P-value is
given by the fraction of null data sets resulting in CV
errors less than, or equal to, the CV error of the real data
set. To further explore the performance of NSC for nor-
mal versus tumour, we randomly split the samples into a
training set of 40 samples and a test set of 18 samples. We
trained NSC on the training set and tested it on the test
set; this was repeated 100 times. Only the first replicate in
each pair was used in the NSC analysis.

We also took an unsupervised approach to assess the
difference between normal and tumour samples: we used
complete linkage and correlation-based distance to hier-
archically cluster the cube-rooted data using the R lan-
guage function 'hclust'. For comparison, we performed

http://cran.r-project.org/
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clustering using the distance metric defined in Berninger
et al. [37].

In order to identify miRNAs that were differentially

expressed between normal and tumour samples, we

developed a Poisson log-linear model. The model

assumes that 1 + Xij ~ Poisson(μij) and log(μij) = βi + γj +

ρi(1jεTumour - 1jεNormal); that is, βi is the miRNA-specific

term, γj is the sample-specific term and ρi is the difference

between tumour and normal for miRNA i. We fit this

model in two steps, using an offset. The quantity

can be considered as a 'score' for whether miRNA i is dif-

ferentially expressed between tumour and normal; a large

positive value indicates higher expression in tumour than

in normal. FDRs were estimated by permutations:

tumour and normal sample labels were randomly per-

muted, and the estimated distributions of  for real

and permuted data were compared. Details are given in

Additional File 9. For comparison, we also computed

FDRs resulting from our log-linear model using raw,

rather than cube-rooted data, as well as FDRs resulting

from computing a paired two-sample t-statistic for each

miRNA (using both raw and cube-rooted data). Note that

the first replicate from each pair of duplicate libraries was

arbitrarily chosen for fitting the log linear model.

Analysis of miRNA clusters
In this analysis, we considered any two miRNA precur-
sors on the same chromosome strand (i) within 1 kb or
(ii) within close proximity (<4 kb), but not separated by a
miRNA in the opposite orientation as the same miRNA
cluster. Using this cutoff, we identified 56 miRNA clus-
ters, which contain 236 miRNAs from our datasets
(Additional File 15).

In order to determine whether the miRNAs in cluster k
have correlated expression, we computed the average cor-
relation of miRNA pairs within the cluster. We estimated
a null distribution for this average correlation by ran-
domly sampling nk miRNAs from the full set of miRNAs
and computing the average correlation of the pairs within
this null cluster. The null distribution was used to esti-
mate P-values for the extent to which the miRNAs in a
single cluster are correlated with each other.

In order to determine whether the miRNAs in cluster k
were significantly associated with the tumour/normal

phenotype, we fitted the log linear model mentioned pre-
viously and computed the median of the resulting scores
for the miRNAs in cluster k. We also permuted the
tumour/normal labels repeatedly and each time re-fit the
log linear model and recorded the resulting median
miRNA score for cluster k. These median scores for the
permuted data served as a null distribution, which we
used to obtain a P-value for the extent to which each clus-
ter k's miRNAs are associated with tumour/normal.

Additional material

Abbreviations
ADC: adenocarcinoma; SCC: squamous cell carcinoma; CV: cross validation;
FDR: false discovery rate; miRNA: microRNA; NSC: nearest shrunken centroids;
PCA: principal components analysis.

Authors' contributions
WOL and AF conceived and designed the experiments. WOL performed the
experiments. WOL, DW, RT, SG and AF analysed the data. WOL, DW, RT and AF
contributed reagents/materials/analysis tools. WOL, DW, RT and AF wrote the
manuscript. All authors have read and approved the final version of the manu-
script.

Acknowledgements
We thank: the members of the Fire Lab for their help and suggestions; the GOG 
Tissue Bank in Columbus, Ohio, for frozen tissue specimens; Dave Johnson, 
Norma Neff, Elizabeth Anton, Tim Reddy, Rick Myers, Ziming Weng, Cheryl 
Smith, Anton Valouev, Phil Lacroute, Arend Sidow and Ayelet Lamm for their 
sequencing help and expertise; Anton Valouev, Phil Lacroute, Arend Sidow and 
Jay Maniar for bioinformatics advice; and Mihaela Zavolan for C code imple-

r
r
i

se i( )

r
r
i

se i( )

Additional file 1 Small RNA sequences obtained from 29 pairs of human 
cervical cancer tissues and matched normal tissues.
Additional file 2 Known and novel microRNAs expressed in human cervi-
cal cancer tissues and matched normal tissues.
Additional file 3 Distribution of sequence counts for number of unique 
microRNAs expressed in cervical cancer tissues and normal cervices.
Additional file 4 Novel candidate microRNAs identified from human cer-
vical cancer and normal cervices.
Additional file 5 A unique small RNA downstream of the Vault transcript.
Additional file 6 microRNAs (miRNAs) used in the nearest shrunken cen-
troid classifier for normal versus tumour, as well as the standardized cen-
troids for each of those miRNAs in each class.
Additional file 7 microRNAs (miRNAs) used in the nearest shrunken cen-
troid classifier for normal versus adenocarcinoma versus squamous cell car-
cinoma, as well as the standardized centroids for each of those miRNAs in 
each class.
Additional file 8 microRNAs (miRNAs) used in the nearest shrunken cen-
troid classifier for adenocarcinoma versus squamous cell carcinoma, as well 
as the standardized centroids for each of those miRNAs in each class.
Additional file 9 Supplementary description of statistical analysis.
Additional file 10 The false discovery rate of all microRNAs as determined 
by our Poisson log-linear model.
Additional file 11 The number of microRNAs found to be differentially-
expressed at a given false discovery rate threshold for each of the resam-
pled data sets.
Additional file 12 Average correlation of microRNAs within each cluster, 
and corresponding P-values.
Additional file 13 Median score of microRNAs within each cluster in log 
linear model, and corresponding P-values.
Additional file 14 Comparison of sequencing and Northern data of the 29 
cervical cancer samples studied.
Additional file 15 The correlation matrix for each microRNA cluster and its 
P-value.

http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S1.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S2.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S3.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S4.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S5.pdf
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S6.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S7.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S8.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S9.pdf
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S10.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S11.pdf
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S12.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S13.xls
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S14.doc
http://www.biomedcentral.com/content/supplementary/1741-7007-8-58-S15.xls


Witten et al. BMC Biology 2010, 8:58
http://www.biomedcentral.com/1741-7007/8/58

Page 13 of 14
menting a method described in Berninger et al. [37]. This work was supported 
by grants from the Developmental Cancer Research Award (Stanford Compre-
hensive Cancer Center), Department of Pathology, Stanford University School 
of Medicine, National Science Foundation Grant DMS-9971405, National Insti-
tutes of Health Contract N01-HV-28183, Swedish Research Council, Karolinska 
Institutet Research Fund, Åke Olsson's Foundation for Haematological 
Research and King Gustaf V Jubilee Fund.

Author Details
1Department of Statistics, Stanford University, Stanford, California 94305-4065, 
USA, 2Department of Health Research and Policy, Stanford University, Stanford, 
California 94305-5405, USA, 3Department of Pathology, Stanford University 
School of Medicine, Stanford, California 94305-5324, USA, 4Department of 
Genetics, Stanford University School of Medicine, Stanford, California 94305-
5324, USA and 5Department of Molecular Medicine and Surgery, Karolinska 
University Hospital-Solna, Stockholm 17176, Sweden

References
1. Hamilton AJ, Baulcombe DC: A species of small antisense RNA in 

posttranscriptional gene silencing in plants.  Science 1999, 286:950-952.
2. Lee RC, Feinbaum RL, Ambros V: The C. elegans heterochronic gene lin-4 

encodes small RNAs with antisense complementarity to lin-14.  Cell 
1993, 75:843-854.

3. Birchler JA, Kavi HH: Molecular biology. Slicing and dicing for small 
RNAs.  Science 2008, 320:1023-1024.

4. Chapman EJ, Carrington JC: Specialization and evolution of 
endogenous small RNA pathways.  Nat Rev Genet 2007, 8:884-896.

5. Stefani G, Slack FJ: Small non-coding RNAs in animal development.  Nat 
Rev Mol Cell Biol 2008, 9:219-230.

6. miRBase   [http://microrna.sanger.ac.uk/]
7. Johnston RJ, Hobert O: A microRNA controlling left/right neuronal 

asymmetry in Caenorhabditis elegans.  Nature 2003, 426:845-849.
8. Reinhart BJ, Slack FJ, Basson M, Pasquinelli AE, Bettinger JC, Rougvie AE, 

Horvitz HR, Ruvkun G: The 21-nucleotide let-7 RNA regulates 
developmental timing in Caenorhabditis elegans.  Nature 2000, 
403:901-906.

9. Wightman B, Ha I, Ruvkun G: Posttranscriptional regulation of the 
heterochronic gene lin-14 by lin-4 mediates temporal pattern 
formation in C. elegans.  Cell 1993, 75:855-862.

10. Brennecke J, Hipfner DR, Stark A, Russell RB, Cohen SM: bantam encodes 
a developmentally regulated microRNA that controls cell proliferation 
and regulates the proapoptotic gene hid in Drosophila.  Cell 2003, 
113:25-36.

11. Xu P, Vernooy SY, Guo M, Hay BA: The Drosophila microRNA Mir-14 
suppresses cell death and is required for normal fat metabolism.  Curr 
Biol 2003, 13:790-795.

12. Hoth S, Morgante M, Sanchez JP, Hanafey MK, Tingey SV, Chua NH: 
Genome-wide gene expression profiling in Arabidopsis thaliana 
reveals new targets of abscisic acid and largely impaired gene 
regulation in the abi1-1 mutant.  J Cell Sci 2002, 115:4891-4900.

13. Lagos-Quintana M, Rauhut R, Lendeckel W, Tuschl T: Identification of 
novel genes coding for small expressed RNAs.  Science 2001, 
294:853-858.

14. Lau NC, Lim LP, Weinstein EG, Bartel DP: An abundant class of tiny RNAs 
with probable regulatory roles in Caenorhabditis elegans.  Science 
2001, 294:858-862.

15. Lee RC, Ambros V: An extensive class of small RNAs in Caenorhabditis 
elegans.  Science 2001, 294:862-864.

16. Blow MJ, Grocock RJ, van Dongen S, Enright AJ, Dicks E, Futreal PA, 
Wooster R, Stratton MR: RNA editing of human microRNAs.  Genome Biol 
2006, 7:R27.

17. Habig JW, Dale T, Bass BL: miRNA editing--we should have inosine this 
coming.  Mol Cell 2007, 25:792-793.

18. Kawahara Y, Zinshteyn B, Sethupathy P, Iizasa H, Hatzigeorgiou AG, 
Nishikura K: Redirection of silencing targets by adenosine-to-inosine 
editing of miRNAs.  Science 2007, 315:1137-1140.

19. Azuma-Mukai A, Oguri H, Mituyama T, Qian ZR, Asai K, Siomi H, Siomi MC: 
Characterization of endogenous human Argonautes and their miRNA 
partners in RNA silencing.  Proc Natl Acad Sci USA 2008, 105:7964-7969.

20. Landgraf P, Rusu M, Sheridan R, Sewer A, Iovino N, Aravin A, Pfeffer S, Rice 
A, Kamphorst AO, Landthaler M, et al.: A mammalian microRNA 
expression atlas based on small RNA library sequencing.  Cell 2007, 
129:1401-1414.

21. Wu H, Neilson JR, Kumar P, Manocha M, Shankar P, Sharp PA, Manjunath N: 
miRNA profiling of naive, effector and memory CD8 T cells.  PLoS ONE 
2007, 2:e1020.

22. Aravin A, Gaidatzis D, Pfeffer S, Lagos-Quintana M, Landgraf P, Iovino N, 
Morris P, Brownstein MJ, Kuramochi-Miyagawa S, Nakano T, et al.: A novel 
class of small RNAs bind to MILI protein in mouse testes.  Nature 2006, 
442:203-207.

23. Czech B, Malone CD, Zhou R, Stark A, Schlingeheyde C, Dus M, Perrimon 
N, Kellis M, Wohlschlegel JA, Sachidanandam R, et al.: An endogenous 
small interfering RNA pathway in Drosophila.  Nature 2008, 
453:798-802.

24. Girard A, Sachidanandam R, Hannon GJ, Carmell MA: A germline-specific 
class of small RNAs binds mammalian Piwi proteins.  Nature 2006, 
442:199-202.

25. Glazov EA, Cottee PA, Barris WC, Moore RJ, Dalrymple BP, Tizard ML: A 
microRNA catalog of the developing chicken embryo identified by a 
deep sequencing approach.  Genome Res 2008, 18:957-964.

26. Kawamura Y, Saito K, Kin T, Ono Y, Asai K, Sunohara T, Okada TN, Siomi MC, 
Siomi H: Drosophila endogenous small RNAs bind to Argonaute 2 in 
somatic cells.  Nature 2008, 453:793-797.

27. Lau NC, Seto AG, Kim J, Kuramochi-Miyagawa S, Nakano T, Bartel DP, 
Kingston RE: Characterization of the piRNA complex from rat testes.  
Science 2006, 313:363-367.

28. Morin RD, O'Connor MD, Griffith M, Kuchenbauer F, Delaney A, Prabhu AL, 
Zhao Y, McDonald H, Zeng T, Hirst M, et al.: Application of massively 
parallel sequencing to microRNA profiling and discovery in human 
embryonic stem cells.  Genome Res 2008, 18:610-621.

29. Okamura K, Chung WJ, Ruby JG, Guo H, Bartel DP, Lai EC: The Drosophila 
hairpin RNA pathway generates endogenous short interfering RNAs.  
Nature 2008, 453:803-806.

30. Pak J, Fire A: Distinct populations of primary and secondary effectors 
during RNAi in C. elegans.  Science 2007, 315:241-244.

31. Watanabe T, Totoki Y, Toyoda A, Kaneda M, Kuramochi-Miyagawa S, Obata 
Y, Chiba H, Kohara Y, Kono T, Nakano T, et al.: Endogenous siRNAs from 
naturally formed dsRNAs regulate transcripts in mouse oocytes.  
Nature 2008, 453:539-543.

32. Lui WO, Pourmand N, Patterson BK, Fire A: Patterns of known and novel 
small RNAs in human cervical cancer.  Cancer Res 2007, 67:6031-6043.

33. Berezikov E, Chung WJ, Willis J, Cuppen E, Lai EC: Mammalian mirtron 
genes.  Mol Cell 2007, 28:328-336.

34. Okamura K, Hagen JW, Duan H, Tyler DM, Lai EC: The mirtron pathway 
generates microRNA-class regulatory RNAs in Drosophila.  Cell 2007, 
130:89-100.

35. Ruby JG, Jan CH, Bartel DP: Intronic microRNA precursors that bypass 
Drosha processing.  Nature 2007, 448:83-86.

36. Scheffer GL, Wijngaard PL, Flens MJ, Izquierdo MA, Slovak ML, Pinedo HM, 
Meijer CJ, Clevers HC, Scheper RJ: The drug resistance-related protein 
LRP is the human major vault protein.  Nat Med 1995, 1:578-582.

37. Berninger P, Gaidatzis D, van Nimwegen E, Zavolan M: Computational 
analysis of small RNA cloning data.  Methods 2008, 44:13-21.

38. Tibshirani R, Hastie T, Narasimhan B, Chu G: Diagnosis of multiple cancer 
types by shrunken centroids of gene expression.  Proc Natl Acad Sci USA 
2002, 99:6567-6572.

39. Kuchenbauer F, Morin RD, Argiropoulos B, Petriv OI, Griffith M, Heuser M, 
Yung E, Piper J, Delaney A, Prabhu AL, et al.: In-depth characterization of 
the microRNA transcriptome in a leukemia progression model.  
Genome Res 2008, 18:1787-1797.

40. Mi S, Cai T, Hu Y, Chen Y, Hodges E, Ni F, Wu L, Li S, Zhou H, Long C, et al.: 
Sorting of small RNAs into Arabidopsis argonaute complexes is 
directed by the 5' terminal nucleotide.  Cell 2008, 133:116-127.

41. Takeda A, Iwasaki S, Watanabe T, Utsumi M, Watanabe Y: The mechanism 
selecting the guide strand from small RNA duplexes is different among 
argonaute proteins.  Plant Cell Physiol 2008, 49:493-500.

Received: 21 April 2010 Accepted: 11 May 2010 
Published: 11 May 2010
This article is available from: http://www.biomedcentral.com/1741-7007/8/58© 2010 Witten et al; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.BMC Biology 2010, 8:58

http://www.biomedcentral.com/1741-7007/8/58
http://creativecommons.org/licenses/by/2.0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=10542148
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8252621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18467555
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17943195
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18270516
http://microrna.sanger.ac.uk/
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=14685240
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=10706289
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8252622
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12679032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12725740
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12432076
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11679670
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11679671
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11679672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16594986
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17386255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17322061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18524951
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17604727
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17925868
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16751777
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18463631
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16751776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18469162
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18463636
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16778019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18285502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18463630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17124291
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18404146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17616659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17964270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17599402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17589500
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=7585126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18158128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12011421
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18849523
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18342361
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18344228


Witten et al. BMC Biology 2010, 8:58
http://www.biomedcentral.com/1741-7007/8/58

Page 14 of 14
42. Okamura K, Phillips MD, Tyler DM, Duan H, Chou YT, Lai EC: The 
regulatory activity of microRNA* species has substantial influence on 
microRNA and 3' UTR evolution.  Nat Struct Mol Biol 2008, 15:354-363.

43. Bender W: MicroRNAs in the Drosophila bithorax complex.  Genes Dev 
2008, 22:14-19.

44. Stark A, Bushati N, Jan CH, Kheradpour P, Hodges E, Brennecke J, Bartel DP, 
Cohen SM, Kellis M: A single Hox locus in Drosophila produces 
functional microRNAs from opposite DNA strands.  Genes Dev 2008, 
22:8-13.

45. Tyler DM, Okamura K, Chung WJ, Hagen JW, Berezikov E, Hannon GJ, Lai 
EC: Functionally distinct regulatory RNAs generated by bidirectional 
transcription and processing of microRNA loci.  Genes Dev 2008, 
22:26-36.

46. Friedlander MR, Chen W, Adamidi C, Maaskola J, Einspanier R, Knespel S, 
Rajewsky N: Discovering microRNAs from deep sequencing data using 
miRDeep.  Nat Biotechnol 2008, 26:407-415.

47. Martinez I, Gardiner AS, Board KF, Monzon FA, Edwards RP, Khan SA: 
Human papillomavirus type 16 reduces the expression of microRNA-
218 in cervical carcinoma cells.  Oncogene 2008, 27:2575-2582.

48. Wang X, Tang S, Le SY, Lu R, Rader JS, Meyers C, Zheng ZM: Aberrant 
expression of oncogenic and tumor-suppressive microRNAs in cervical 
cancer is required for cancer cell growth.  PLoS ONE 2008, 3:e2557.

49. Chen HC, Chen GH, Chen YH, Liao WL, Liu CY, Chang KP, Chang YS, Chen 
SJ: MicroRNA deregulation and pathway alterations in nasopharyngeal 
carcinoma.  Br J Cancer 2009, 100:1002-1011.

50. Iorio MV, Ferracin M, Liu CG, Veronese A, Spizzo R, Sabbioni S, Magri E, 
Pedriali M, Fabbri M, Campiglio M, et al.: MicroRNA gene expression 
deregulation in human breast cancer.  Cancer Res 2005, 65:7065-7070.

51. Michael MZ, O'Connor SM, van Holst Pellekaan NG, Young GP, James RJ: 
Reduced accumulation of specific microRNAs in colorectal neoplasia.  
Mol Cancer Res 2003, 1:882-891.

52. Chung TK, Cheung TH, Huen NY, Wong KW, Lo KW, Yim SF, Siu NS, Wong 
YM, Tsang PT, Pang MW, et al.: Dysregulated microRNAs and their 
predicted targets associated with endometrioid endometrial 
adenocarcinoma in Hong Kong women.  Int J Cancer 2009, 
124:1358-1365.

53. Iorio MV, Visone R, Di Leva G, Donati V, Petrocca F, Casalini P, Taccioli C, 
Volinia S, Liu CG, Alder H, et al.: MicroRNA signatures in human ovarian 
cancer.  Cancer Res 2007, 67:8699-8707.

54. Gottardo F, Liu CG, Ferracin M, Calin GA, Fassan M, Bassi P, Sevignani C, 
Byrne D, Negrini M, Pagano F, et al.: Micro-RNA profiling in kidney and 
bladder cancers.  Urol Oncol 2007, 25:387-392.

55. Fletcher AM, Heaford AC, Trask DK: Detection of metastatic head and 
neck squamous cell carcinoma using the relative expression of tissue-
specific mir-205.  Transl Oncol 2008, 1:202-208.

56. Markou A, Tsaroucha EG, Kaklamanis L, Fotinou M, Georgoulias V, Lianidou 
ES: Prognostic value of mature microRNA-21 and microRNA-205 
overexpression in non-small cell lung cancer by quantitative real-time 
RT-PCR.  Clin Chem 2008, 54:1696-1704.

57. Yu J, Ryan DG, Getsios S, Oliveira-Fernandes M, Fatima A, Lavker RM: 
MicroRNA-184 antagonizes microRNA-205 to maintain SHIP2 levels in 
epithelia.  Proc Natl Acad Sci USA 2008, 105:19300-19305.

58. Heselmeyer K, Schrock E, du Manoir S, Blegen H, Shah K, Steinbeck R, Auer 
G, Ried T: Gain of chromosome 3q defines the transition from severe 
dysplasia to invasive carcinoma of the uterine cervix.  Proc Natl Acad Sci 
USA 1996, 93:479-484.

59. Narayan G, Bourdon V, Chaganti S, Arias-Pulido H, Nandula SV, Rao PH, 
Gissmann L, Durst M, Schneider A, Pothuri B, et al.: Gene dosage 
alterations revealed by cDNA microarray analysis in cervical cancer: 
identification of candidate amplified and overexpressed genes.  Genes 
Chromosomes Cancer 2007, 46:373-384.

60. Yang YC, Shyong WY, Chang MS, Chen YJ, Lin CH, Huang ZD, Wang , Hsu 
MT, Chen ML: Frequent gain of copy number on the long arm of 
chromosome 3 in human cervical adenocarcinoma.  Cancer Genet 
Cytogenet 2001, 131:48-53.

61. Baskerville S, Bartel DP: Microarray profiling of microRNAs reveals 
frequent coexpression with neighboring miRNAs and host genes.  RNA 
2005, 11:241-247.

62. Kim YK, Yu J, Han TS, Park SY, Namkoong B, Kim DH, Hur K, Yoo MW, Lee HJ, 
Yang HK, et al.: Functional links between clustered microRNAs: 
suppression of cell-cycle inhibitors by microRNA clusters in gastric 
cancer.  Nucleic Acids Res 2009, 37:1672-1681.

63. Lu M, Zhang Q, Deng M, Miao J, Guo Y, Gao W, Cui Q: An analysis of 
human microRNA and disease associations.  PLoS One 2008, 3:e3420.

64. Bracken CP, Gregory PA, Kolesnikoff N, Bert AG, Wang J, Shannon MF, 
Goodall GJ: A double-negative feedback loop between ZEB1-SIP1 and 
the microRNA-200 family regulates epithelial-mesenchymal transition.  
Cancer Res 2008, 68:7846-7854.

65. Burk U, Schubert J, Wellner U, Schmalhofer O, Vincan E, Spaderna S, 
Brabletz T: A reciprocal repression between ZEB1 and members of the 
miR-200 family promotes EMT and invasion in cancer cells.  EMBO Rep 
2008, 9:582-589.

66. Gregory PA, Bert AG, Paterson EL, Barry SC, Tsykin A, Farshid G, Vadas MA, 
Khew-Goodall Y, Goodall GJ: The miR-200 family and miR-205 regulate 
epithelial to mesenchymal transition by targeting ZEB1 and SIP1.  Nat 
Cell Biol 2008, 10:593-601.

67. Korpal M, Lee ES, Hu G, Kang Y: The miR-200 family inhibits epithelial-
mesenchymal transition and cancer cell migration by direct targeting 
of E-cadherin transcriptional repressors ZEB1 and ZEB2.  J Biol Chem 
2008, 283:14910-14914.

68. Park SM, Gaur AB, Lengyel E, Peter ME: The miR-200 family determines 
the epithelial phenotype of cancer cells by targeting the E-cadherin 
repressors ZEB1 and ZEB2.  Genes Dev 2008, 22:894-907.

69. Wyman SK, Parkin RK, Mitchell PS, Fritz BR, O'Briant K, Godwin AK, Urban N, 
Drescher CW, Knudsen BS, Tewari M: Repertoire of microRNAs in 
epithelial ovarian cancer as determined by next generation 
sequencing of small RNA cDNA libraries.  PLoS One 2009, 4:e5311.

70. Lee JW, Choi CH, Choi JJ, Park YA, Kim SJ, Hwang SY, Kim WY, Kim TJ, Lee 
JH, Kim BG, et al.: Altered MicroRNA expression in cervical carcinomas.  
Clin Cancer Res 2008, 14:2535-2542.

71. Kickhoefer VA, Emre N, Stephen AG, Poderycki MJ, Rome LH: 
Identification of conserved vault RNA expression elements and a non-
expressed mouse vault RNA gene.  Gene 2003, 309:65-70.

72. Pfeffer S, Sewer A, Lagos-Quintana M, Sheridan R, Sander C, Grasser FA, 
van Dyk LF, Ho CK, Shuman S, Chien M, et al.: Identification of microRNAs 
of the herpesvirus family.  Nat Methods 2005, 2:269-276.

73. Borchert GM, Lanier W, Davidson BL: RNA polymerase III transcribes 
human microRNAs.  Nat Struct Mol Biol 2006, 13:1097-1101.

74. BLAST   [http://www.ncbi.nlm.nih.gov/blast/]
75. BLAT   [http://genome.ucsc.edu]
76. Zuker M: Mfold web server for nucleic acid folding and hybridization 

prediction.  Nucleic Acids Res 2003, 31:3406-3415.
77. The Comprehensive R Archive Network   [http://cran.r-project.org/]

doi: 10.1186/1741-7007-8-58
Cite this article as: Witten et al., Ultra-high throughput sequencing-based 
small RNA discovery and discrete statistical biomarker analysis in a collection 
of cervical tumours and matched controls BMC Biology 2010, 8:58

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18376413
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18172161
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18172160
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18172163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18392026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17998940
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18596939
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19293812
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16103053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=14573789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19065659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17875710
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17826655
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19043531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18719201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19033458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8552665
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17243165
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11734318
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15701730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19153141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18923704
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18829540
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18483486
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18376396
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18411277
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18381893
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19390579
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18451214
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12758122
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15782219
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17099701
http://www.ncbi.nlm.nih.gov/blast/
http://genome.ucsc.edu
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12824337
http://cran.r-project.org/

	Abstract
	Background
	Results
	Conclusions

	Background
	Results
	miRNA profiling by small RNA cDNA library sequencing
	Novel miRNA genes
	miRNA data analysis
	Dependence of analysis on sequencing scale
	Assessment of miRNA expression patterns
	Discussion
	miR* and antisense miR sequences
	miRNA complexity
	miRNA expression in cervical cancer and matched controls
	Clustered miRNA expression
	A unique small RNA downstream of the Vault transcript
	Conclusions
	Methods
	Clinical samples
	Small RNA library construction and Solexa sequencing
	Sequencing analysis
	Statistical analysis
	Analysis of miRNA clusters

	Additional material
	Abbreviations
	Authors' contributions
	Acknowledgements
	Author Details
	References



