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ABSTRACT

MicroRNAs (miRNAs) are small non-coding RNAs
that mediate gene expression at the post-
transcriptional and translational levels by an imper-
fect binding to target mRNA 30UTR regions. While
the ab-initio computational prediction of miRNA–
mRNA interactions still poses significant chal-
lenges, it is possible to overcome some of its
limitations by carefully integrating into the analysis
the paired expression profiles of miRNAs and
mRNAs. In this work, we show how the choice of a
proper probe annotation for microarray platforms is
an essential requirement to achieve good sensitivity
in the identification of miRNA–mRNA interactions.
We compare the results obtained from the analysis
of the same expression profiles using both gene
and transcript based custom CDFs that we have
developed for a number of different annotations
(ENSEMBL, RefSeq, AceView). In all cases,
transcript-based annotations clearly improve the
effectiveness of data integration and thus provide
a more reliable confirmation of computationally pre-
dicted miRNA–mRNA interactions.

INTRODUCTION

MicroRNAs (miRNAs) are a family of small non-coding
RNAs, derived from hairpin precursors, abundant in
animals, plants and viruses (1–8). miRNAs play central
roles in cell differentiation, in the development of tissues
and organs, in the pathogenesis of human diseases (9,10)
and tumors (11–13). At the molecular level miRNAs influ-
ence the stability and translational efficiency of target
RNA messengers (mRNAs), mainly by an imperfect
binding to their 30UTR regions (14). More than 800

miRNAs have been identified in human and mouse (15);
computational predictions provide even higher figures
(16). Recent works estimate that, on average, each
miRNA can regulate �200 target genes (17–19), suggest-
ing that a wide proportion of mammalian genes and bio-
logical processes respond to miRNA control mechanisms.
The computational prediction of miRNA targets is

extremely challenging due to the lack of a sufficiently
large group of experimentally validated targets to be
used as a robust training set, and of high-throughput
experimental methods for validating results (16). Tools
like miRanda, TargetScan, PicTar, PITA and
RNAhybrid (19–25), though based on different algorithms
and philosophies, all suffer from the limited understanding
of the molecular basis involving miRNA-target pairing,
that probably, in turn, leads to a reduction of their pre-
dictions specificity (26,27). The integration of in-silico pre-
dictions with other genomic data may overcome the limits
of computational predictors and facilitate the identifica-
tion of functional interactions. In particular, the combi-
nation of target predictions with paired miRNA–mRNA
expression profiles has been proposed as an efficient way
to refine results obtained from methods based on
sequences alone.
Although miRNAs may stabilize transcriptional regula-

tion through complex feed-forward and feed-back loops
(28), integrative approaches postulate that miRNAs
down-regulate mRNAs and that the expression profiles
of genuinely interacting miRNA–mRNA pairs are
anti-correlated. The standard integrative approaches
comprise three steps: (i) prediction of miRNA targets
through sequence-based algorithms, (ii) quantification of
target expression levels and (iii) assessment of the
anti-correlation among miRNAs and their predicted
targets. The anti-correlation can be quantified through a
variational Bayesian model (29,30) or by computing a cor-
relation coefficient among miRNA and mRNA expression
signals (31–33).
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Given that miRNA interactions depend on specific
sequences in the 30UTR regions of their targets and that
alternative transcripts of a same gene may differ in such
UTRs, integrative analyses of expression profiles must
take into account the entire length of a transcript. This
has been clearly shown by Legendre and colleagues (34)
who studied 30UTRs containing multiple EST-supported
poly(A) sites, and looking for known miRNA targets and
other phylogenetically conserved motifs, highlighted
that motif-containing and motif-free isoforms were
differentially represented in specific tissues. In addition,
other studies demonstrated that the same miRNA target
prediction algorithm produces significantly different
results when applied to genes/transcripts defined by
distinct annotations: for example, Rajewsky et al. (25)
reported a 20% variability in the predicted regulatory
relationships moving from RefSeq transcripts to UCSC
‘known genes’. Target identification, moreover, was
affected by alternative adenylation and multiple polyA
sites in terminal exons (25,35).
The choice of a transcript-based (TB) approach influ-

ences the analysis right from the quantification of target
expression. It is well known that a considerable fraction of
microarray probes can be (i) entirely mis-assigned (not
associated to any gene/transcript in a recent genome anno-
tation), (ii) non-gene-specific (i.e. matching multiple genes)
or (iii) non-transcript-specific (matching multiple alterna-
tive transcripts of a gene). Several groups have explored
the effects of using alternative microarray annotations to
quantify gene expression (36,37) and proposed the
adoption of custom Chip Definition Files (CDFs)
(38–41). The importance of the annotation increases
when we consider the integration of miRNA and
mRNA expression data because of the role played by
alternative 30UTRs. Unfortunately, the computational
procedures developed so far seem to overlook this aspect
and adopt gene based CDFs to correlate miRNA-target
profiles. The matter is further complicated by the ambig-
uous definition of a gene 30UTR region, which may be
taken as the union of all 30UTRs of its transcripts or as
the longest one (42).
In this work we investigate how different microarray

probe annotations affect the integrative analysis of
miRNA-mRNA expression. The analysis has been per-
formed through a computational pipeline that (i)
re-annotates microarray probes into GB (gene based)
and TB custom CDFs; (ii) predicts miRNA targets
starting from transcripts and miRNA sequences; (iii) inte-
grates miRNA target predictions with paired miRNA–
mRNA expression signals. In particular, we explore the
degree of specificity of miRNA seed pairing to alternative
30UTR splicing variants and then compare the miRNA–
mRNA expression correlation obtained from GB and TB
probe annotations. The entire procedure has been tested
on paired expression data originally collected to investi-
gate the role of perineural invasion pathway (PNI) in
prostate cancer (43). Results clearly show that microarray
probe annotations have a substantial impact on the
integrative analysis and that TB annotations outperform
their GB counterparts.

MATERIALS AND METHODS

We have developed a computational pipeline (Figure 1) to
compare the efficiency of GB and TB annotations in the
integrative analysis of miRNA–mRNA data. Such
pipeline is composed of three major steps: (i)
re-annotation of microarray probes to design GB and
TB custom CDFs; (ii) prediction of miRNA targets
using the sequences of transcripts and miRNAs; (iii) inte-
gration of miRNA target predictions with paired
miRNA–mRNA expression signals.

In the first step we used the sequences of Affymetrix
microarray probes and those of transcripts and genes
derived from several annotations (ENSEMBL, RefSeq,
AceView) to build custom CDFs. We then obtained
miRNA sequences from the mirBase database and used
the miRanda, PITA and PicTar algorithms to predict their
targets (both at the gene and at the transcript level). In the
last step we evaluated gene and transcript expression
profiles, and we integrated each with the corresponding
miRNA expression signals to refine the predicted
miRNA–mRNA interactions.

Transcript sequences and annotations

Transcript sequences and annotations were obtained from
three databases, i.e. ENSEMBL (version 52), RefSeq
(version 33) and AceView (UCSC hg18). Some RefSeq
transcripts were associated to multiple UTRs of different
extension; to remove redundancy, we defined a single
30UTR as the region going from the first base after the
end of the coding sequence to the first annotated polyA
site.

Construction of custom CDFs

GB and TB custom CDFs have been built for a number of
human Affymetrix arrays (i.e. HG95v2, HG133A 2.0,
HG133plus2, and Human Exon 1.0 ST) using the
ENSEMBL, RefSeq and AceView annotations.
Specifically, the custom CDFs were generated (i)
matching gene/transcript sequences with all the probes
of the microarray, (ii) filtering out all non-specific
probes, i.e. those matching more than one gene/transcript,
(iii) grouping probes into meta-probe sets with at least
four entries, and finally, (iv) discarding all those probes
not belonging to any meta-probe set. Details on the
number of specific probes and of recognized genes and
transcripts are reported in Supplementary Table S1.

Prediction of miRNA targets

Human miRNA sequences were obtained from the
miRBase::Sequences repository (version 12). We updated
target predictions using three different algorithms,
characterized by different target identification strategies
(miRanda, PITA and PicTar). We ran miRanda and
PITA over the ENSEMBL, RefSeq and AceView annota-
tions; PicTar target predictions, based on RefSeq
sequences, were downloaded as provided by PicTar devel-
opers since the software is not freely available.

The thresholds for miRanda and PITA were defined
applying the two algorithms to artificial sequences
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generated through a permutational approach, i.e. shuffling
30UTR sequences. miRanda scores were all smaller than
200 when applied to shuffled data, while PITA did not
recognize any target at all. As a result, the threshold
score of miRanda was set to 200 while targets predicted
by PITA were further limited to those with the top 10%
scores.

Integrative analysis of mRNA and miRNA
expression data

We obtained from the GEO database matched mRNA
and miRNA expression data of 57 prostate cancer
samples [GSE7055 (43)] generated using Affymetrix
HGU133A 2.0 microarrays and OSU-CCC MicroRNA
custom arrays, respectively.

Figure 1. Computational pipeline. Detailed scheme of the pipeline implemented for the construction of our custom CDFs and for the miRNA–
mRNA expression profiles integration.
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The Robust Multichip Average model with quantile
normalization and HG133A 2.0 custom-CDFs were used
to generate and normalize mRNA expression signals.
miRNA expression levels were pre-processed using the
approach adopted in the original publication (43). Briefly,
spots having signal/background ratio below a specific
threshold (calculated as the average of blank spots) were
filtered out; each experiment was normalized dividing the
expression values by their corresponding median level;
replicate signals within the array were averaged. This pro-
cedure resulted in a matrix containing the expression levels
of 426 miRNAs, 236 of which were human-specific.
To evaluate the impact of GB and TB annotations on

the integration of miRNA–mRNA expression data, we
used only those probe sets of the HG133A 2.0 GB-CDF
that measured genes having at least one transcript repre-
sented by a probe set in the HG133A 2.0 TB-CDF. In
addition, we filtered out genes having a single transcript
(the choice of the type of annotation does not affect the
quantification of their expression signal). The filtering pro-
cedure resulted in 1715 genes and 1818 transcripts using
ENSEMBL, 621 genes and 746 transcripts with RefSeq
and 12 184 genes and 4599 transcripts considering the
AceView annotation. These genes and transcripts were
then used as targets to predict miRNA-target interactions
with miRanda, PITA and PicTar (the latter is limited to
RefSeq sequences only; see Supplementary Table S2).
We calculated the correlation among all miRNA and

mRNA expression profiles using both parametric
(Pearson) and non-parametric (Spearman) coefficients.
To quantify the impact of different annotations we
defined the delta correlations (�c) as the differences
between the correlation levels of a miRNA-gene pair
and all of the corresponding miRNA-transcript pairs.
The significance of the �c was assessed comparing the
observed �c with �c*, the distribution of �c calculated
by randomly permuting 100 times the mRNA expression
levels. Specifically, since the maximum absolute value of
�c* resulted equal to 0.2, a |�c|> 0.2 was considered as
an indication of a significant impact of the type of probe
annotation (GB or TB) on the correlation of miRNA–
mRNA expression data.

Functional enrichment

We calculated the functional enrichment of target genes
obtained through TB and GB approaches using the
hypergeometric distribution (Fisher exact test) and the
GSEA (44,45). The hypergeometric test was performed
in DAVID (46) with KEGG (47) and Biocarta pathways
(EASE score less than 0.1), while we used the Java appli-
cation of the Broad Institute (http://www.broadinstitute.
org/gsea/) for the GSEA.

RESULTS AND DISCUSSIONS

Analysis of 30UTR alternative transcripts

The transcript annotation databases, ENSEMBL (v.52),
AceView (UCSC hg18) and RefSeq (v.33), provided a
total of 54 617, 260 113 and 46 417 transcripts (respec-
tively), resulting in 39 680, 210 003 and 33 518 sequences

with annotated 30UTR regions. The distribution of the
number of transcripts per gene according to ENSEMBL,
RefSeq and AceView showed that a significant fraction of
genes (30% for ENSEMBL, 20% for RefSeq and 29% for
AceView) have at least two alternative transcripts (Figure
2A and Table 1). Moreover, as different transcripts may
share the same 30UTR, transcripts with the same 30UTR
have been considered as putative targets of the same set of
miRNAs. We define a 30UTR equivalence class as a set of
transcripts of a gene sharing exactly the same 30UTR
sequence. A significant fraction of genes (71% for
ENSEMBL, 36% for RefSeq and 94% for AceView) has
two or more equivalence classes (Figure 2B and Table 2);
such variability in the proportions may be ascribed to dif-
ferences in terms of annotations of the human genome
(48). For instance, predicted alternative transcripts with
different 30UTRs are more numerous and longer in
ENSEMBL than in RefSeq. On the contrary AceView,
that has been developed to provide a strictly
cDNA-supported view of the human transcriptome and
to summarize all quality-filtered cDNA data from
GenBank, dbEST and RefSeq, is characterized by a
larger number of alternative transcripts within the same
gene, most of which have different 30UTR sequences
(Figure 2B).

We used the miRanda, PITA and PicTar algorithms to
evaluate the specificity of miRNA target predictions with
respect to 30UTR equivalence classes. We computed for
each putative miRNA-gene pair the percentage of equiva-
lence classes recognized by the miRNA. Figure 2C and D
and Supplementary Figure S2A shows the distribution of
the average percentage of 30UTR equivalence classes per
miRNA over all its putative target genes using miRanda,
PITA and PicTar, respectively. These findings indicate that
the heterogeneity of alternative 30UTRs results in miRNAs
highly specific in their targeting 30UTR equivalence classes.
Indeed, while using ENSEMBL and RefSeq approximately
half of all 30UTR equivalence classes of a protein-coding
gene are recognized by a specific miRNA; with AceView
this quantity drops to <20%, indicating a greater miRNA
specificity.

Considering that 26% of genes have more than one
transcript (taking the average over the three annotation
databases), GB data integration could be deceptive for a
significant proportion of protein-coding genes. Indeed,
71% of ENSEMBL genes with more than one transcript
exhibit more than one 30UTR equivalence class; a GB data
integration would have been ambiguous for at least 18%
of them (9 and 23% for RefSeq and AceView, whose pro-
portions of genes having more than one 30UTR equiva-
lence class are 36 and 94%, respectively). As an example,
the BAIAP2 gene (brain-specific angiogenesis inhibitor-1,
ENSG00000175866, a secretin receptor family member
whose expression is induced by p53) is associated to
three different transcripts which differ in their 30 region
(30CDS and 30UTR) and encode different isoforms of an
insulin receptor tyrosine kinase substrate of the secretin
receptor family (49). Figure 3 shows the alternative tran-
scripts of BAIAP2 that are characterized by the same
50 region and their regulating miRNAs. Among the 95
miRNAs regulating BAIAP2, only 7 (7%) are shared by
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all transcripts, while 45% of them (9% for
ENST00000321300, 36% for ENST00000321280 and
none for ENST00000321238) are transcript-specific. This
evidence supports the hypothesis that using GB instead of
TB annotation for miRNA–mRNA data integration could
lead to misleading results.

Construction of custom CDFs

Several groups have explored the effect of using alternative
microarray annotations to improve the estimation of
expression values. For instance, Dai and colleagues peri-
odically update several custom CDFs for various

Figure 2. The 30UTRs transcript variability. (A) Distribution of the number of transcripts per gene. (B) Distribution of the number of different
30UTRs per gene (hereafter called 30UTR equivalence classes) with at least two alternative transcripts. (C) Distribution of the average number of
30UTR equivalence classes per gene targeted by miRNAs using ENSEMBL, RefSeq and AceView databases with miRanda target prediction algo-
rithm. (D) Distribution of the average number of 30UTR equivalence classes per gene targeted by miRNAs using ENSEMBL, RefSeq and AceView
databases with the PITA target prediction algorithm.

Table 1. Distribution and cumulative distribution of the number of genes with transcript variants according to ENSEMBL (v 52), RefSeq (v.33)

and AceView (UCSC hg18)

Number of transcript
variants within a gene

ENSEMBL RefSeq AceView

Frequency
(%)

Cumulative frequency
(%)

Frequency
(%)

Cumulative frequency
(%)

Frequency
(%)

Cumulative frequency
(%)

1 69.9 69.9 80.4 80.4 70.8 70.8
2 13.7 83.6 13.3 93.7 5.0 75.8
3 7.3 90.9 3.5 97.2 3.1 78.9
4 3.9 94.8 1.4 98.6 2.7 81.6
5 2.0 96.8 0.5 99.1 2.3 83.9
>5 3.2 100 0.9 100 16.1 100
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Affymetrix platforms (38). In their annotation pipeline,
however, probes of a given meta-probe set may match dif-
ferent transcripts. As such transcripts may have different
expression profiles, the use of non-specific probes in the
process of signal quantification could bias the expression
value estimates by increasing expression variability. To
overcome this limitation, we have developed an alternative
annotation scheme and, as suggested by Moll et al. (41),
eliminated all non-specific probes. In particular, we recon-
structed TB custom CDFs for the most commonly used
Affymetrix arrays using ENSEMBL, RefSeq and AceView
sequences. Table 3 and Supplementary Table S1 shows the
details, in terms of number of genes, probes and transcripts
contained in the custom CDF for the HGU133A 2.0
platform based on the three different annotation databases.

Integrative analysis of paired miRNA–mRNA
expression profiles

We have used the computational pipeline of Figure 1 for
the analysis of paired miRNA–mRNA expression data

from 57 prostate cancer samples (43) in order to
evaluate the impact of TB annotations on the identifica-
tion of miRNA targets. The comparative evaluation of
GB and TB approaches focused only on those genes
having at least two alternative transcripts, i.e. on those
cases where the TB annotation should improve data inte-
gration. In particular, we evaluated the distributions of
differences between correlation estimates (�c), i.e. the
impact of the annotation adopted for expression signal
quantification (GB or TB), as a function of the algorithm
used for the prediction of miRNA targets (miRanda,
PITA or PicTar) and of the type of correlation
(parametric or non-parametric coefficients). Figure 4A–C
shows the distribution of �c using the miRanda algorithm
for the prediction of miRNA targets and similar results
are reported in Supplementary Figures S1A and S2B when
using PITA and PicTar, respectively. �c distributions are
centered on zero for all annotation databases and for all
type of correlations, but are interestingly characterized by
strong kurtosis levels (fat distribution tails), suggesting the

Figure 3. Differences between gene and transcript-based annotation approaches. miRNAs regulating the three alternative transcripts of the gene
BAIAP2. Triangles represent transcripts and circles miRNAs. The Venn diagram highlights the fact that only 7% of the 95 miRNAs regulating
BAIAP2 are shared by all transcripts, while 45% of them (9% for ENST00000321300, 36% for ENST00000321280 and none for ENST00000321238)
are transcript-specific.

Table 2. Distribution and cumulative distribution of the number of 30UTR equivalence classes per gene with at least two alternative 30UTRs

according to ENSEMBL (v 52), RefSeq (v.33) and AceView (UCSC hg18)

Number of 30UTRs
within a gene

ENSEMBL RefSeq AceView

Frequency
(%)

Cumulative frequency
(%)

Frequency
(%)

Cumulative frequency
(%)

Frequency
(%)

Cumulative frequency
(%)

1 29.0 29.0 64.0 64.0 6.0 6.0
2 45.7 74.7 30.8 94.8 17.7 23.7
3 15.7 90.4 4.2 99.0 10.8 34.5
4 5.7 96.1 0.9 99.9 9.5 44.0
5 2.5 98.6 0.02 99.92 8.2 52.2
>5 1.4 100 0.08 100 47.8 100
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presence of feed-forward and -back transcriptional regu-
lation (28). The significance threshold for �c has been
assessed through a permutational approach and set
equal to 0.2 (see ‘Materials and methods’ section for
details and Supplementary Figure S3 for the distributions
of delta correlations of real and randomly permuted data).
This threshold allowed us to select those genes/transcripts
whose correlation coefficient with at least one miRNA is
affected by the choice of the annotation (GB or TB).
Specifically, 7% of ENSEMBL and AceView gene/tran-
scripts and 14% of RefSeq ones resulted in delta correla-
tions exceeding the threshold of 0.20 (|�c|> 0.2 at a
FDR< 0.1, Supplementary Figure S4). Among this
remaining fraction of interactions, we further considered
only those miRNA–mRNA pairs having the top 1%
anti-correlation coefficients. As expected, the adoption of

GB or TB annotations severely affects the number of
miRNA–mRNA interactions, as well as the number of
relevant miRNAs and target genes involved in putative
interactions (Figure 4D), irrespective of the considered
database. Although the aim of Legendre et al. study (34)
was different from our goal (they do not perform
integrative analysis with microarray data and do not
evaluate the impact that chip annotation has on correla-
tion calculation), their findings on few specific miRNAs
were concordant with our results. For instance, among the
248 most significant anti-correlated mRNA–miRNA pairs
identified using miRanda and ENSEMBL, only 151 (60%)
are shared between GB and TB lists. Forty-eight miRNA–
mRNA pairs, on the other hand, are specific to the GB
and 49 to the TB annotations, respectively. Differences in
the top 200 anti-correlated interactions identified through

Figure 4. miRNA–mRNA correlations. Differences in parametric and non-parametric correlation estimates obtained using transcript and gene-based
annotations, respectively, using ENSEMBL (A), AceView (B) RefSeq (C) sequences and miRanda algorithm. (D) Number of miRNA–mRNA
interactions, miRNAs and target genes involved in the putative 1% most relevant interactions detected using gene- and transcript-based annotations.

Table 3. Number of unique probes covering genes and transcripts for the construction of our custom CDFs for the Affymetrix platform

HG133A 2.0

Platform ID ENSEMBL RefSeq AceView

Number of genes 12 136 12 011 12 184
Number of unique probes covering genes 186 624 185 315 193 901
Number of transcripts 6583 8842 4599
Number of unique probes covering transcripts 86 756 124 420 51 227
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the PITA and miRanda are reported in Supplementary
Figure S1 (panel B).
Figure 5 shows some examples of miRNA–mRNA

interactions together with their GB and TB delta correla-
tions; this highlights the bias introduced by the GB anno-
tation. As an example, all three transcripts of the BAIAP2
are putative targets of miR-328, but the anti-correlation of
expression signals is not significant (e.g. �0.06) using the
GB approach. Using TB annotations, on the other hand,
ENST00000321300 and miR-328 show a significant
negative correlation (e.g. �0.3), whereas expression data
indicate no correlation between ENST00000321280 and
ENST00000321280 and miR-328 (�0.02 and 0.03,
respectively).

Enrichment analyses

An optimal approach should identify, among the sup-
ported miRNA–mRNA interactions, a significant propor-
tion of targets and miRNAs with a known role in the
pathological processes under examination. As such, we
verified the functional enrichment of the most significant
anti-correlated mRNA-miRNA pairs among those pre-
dicted by miRanda on the ENSEMBL database and con-
firmed using GB and TB annotations (Figure 4).
Specifically, we performed gene set enrichment analysis
on GB and TB lists of targets and a literature search on
the identified miRNAs. The list of targets obtained

through the TB annotation led to highly enriched meta-
bolic pathways using both the hypergeometric and the
GSEA approaches (Table 4 and Supplementary Table
S3). Both enrichment statistics identified several
oncogenes involved in pancreatic and prostate cancer
pathways, like CDC42 (associated to human miR-214),
EGFR (associated to human miR-134), RELA (associated
to miR-205), SMAD4 (associated to miR-200c),
CREB3L2 (associated to miR-187), ERBB4 (associated
to miR-31) and several other genes involved in the ErbB
and GnRH signaling pathways. ERBB2, ERBB4 and
EGFR have been implicated in the development of
many types of human cancer (50), while the
gonadotropin-releasing hormone (GnRH) receptor activa-
tion has been demonstrated to inhibit cell proliferation
in vitro and in vivo in prostate cancer (51–53) and
GnRH agonists have been used as therapeutical treatment
in prostate cancer clinical trials since the early 1980s (54).
Interestingly, only some of these interesting pathways
were found enriched using the list of targets obtained by
the GB annotation.

Among the miRNAs shared by both approaches, 20 out
of 32 are highly involved in prostate carcinogenesis [such
as miR-221, miR-222 (55,56) and miR-145 (57,58)], in
bladder cancer, [miR-23a, miR-23b and miR-205 (59)]
and in testis cancer [miR-373 (60)]. Among the
miRNAs identified only through the TB annotation,

Figure 5. Differences between gene and transcript-based annotation. Selected cases of correlations obtained between mRNA and miRNA with a
gene-based (black bars) and a transcript-based (red bars) annotation (only for genes with more than one 30UTR alternative transcript). The symbol
of the gene is reported at the top of the panel, the name of the miRNA targeting at least one transcript is reported in the x-axis and the numbers 1, 2
and 3 on the red bars represent the alternative transcripts of the same gene.
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29% (8 out of 28) are still cancer related, e.g. miR-106a
and miR-106b are known to be involved in prostate cancer
(58,61), miR-223 is involved in bladder cancer (59),
miR-200 in hepatocellular carcinoma (62), miR-15b in
chronic lymphocytic leukemia (63,64) and miR-17 in
lung cancer and lymphomas (65). Finally, among the
miRNAs identified using the GB annotation, only
miRNA (miR-184) has been reported to be involved in
prostate cancer development (58,66). These results
become even more intriguing if considering that correla-
tion and enrichment analyses have been performed on a
subset of all possible transcripts, i.e. those belonging to
genes with more than one alternative 30UTRs. This
suggests that the use of a GB annotation results in a sig-
nificant loss of information about post-transcriptional reg-
ulation, thus impairing the effectiveness of integrative
analyses in the identification of real miRNA targets.

CONCLUSIONS

The ENCODE consortium recently completed the charac-
terization of 1% of the human genome showing a striking
picture of its complex molecular activity. While the human
genome sequencing revealed a number of protein-coding
genes lower than previously estimated (<21 000, according
to ENSEMBL), ENCODE identified an extensive
transcriptional activity of the genome and highlighted
the complexity of the RNA transcriptome (67). At the
same time, the miRNA revolution in cell-biology and
functional genetics has deeply changed the scenario of
gene expression regulation, assigning an increasing impor-
tance to post-transcriptional mechanisms in development,
physiology and disease. Thus, in the light of these new
insights, the definition of gene should be somehow
revised (67). Recently Gerstein et al. (67) proposed an
alternative definition of gene as the ‘union of genomic
sequences encoding a coherent set of potentially
overlapping functional products’. This definition pays par-
ticular attention to 50 and 30 UTRs whose key roles in
translation, regulation, stability and localization of
mRNAs is widely accepted. Neglecting UTRs from the
definition of a gene, one can avoid the problem of

multiple 50 and 30 ends. Most of the longer protein-coding
transcripts identified by ENCODE, differ only in their
UTRs (67), thus reinforcing the Gerstein’s new suggested
definition of gene. This is particularly important when
studying post-transcriptional regulation, where the
30UTRs is the key region for a miRNA–mRNA seed
pairing.
Integrative approaches that aim at improving miRNA

target identification through the integration of miRNA
and mRNA expression profiles seem to underestimate
this problem. GB annotation (which ignores the issue of
alternative transcripts) is usually adopted to quantify
mRNA expression and to calculate miRNA–mRNA
expression correlation. Here, we evaluated the impact of
using a GB annotation approach rather than a more
appropriate TB one. Using prostate cancer as a case
study, we demonstrated how TB array annotation shows
more consistent results with the pathological state
investigated, even when limiting the analysis to genes
with multiple alternative transcripts. We identified a con-
siderable number of miRNA–mRNA interactions whose
GB anti-correlations show strong biases due to the
presence of alternative 30UTR transcripts with highly dif-
ferent expression profiles. Furthermore, the TB approach
was able to predict new putative miRNA–mRNA interac-
tions involving known oncogenes such as EGFR, RELA
and ERBB4 whose regulators, i.e. miR-134, miR-205 and
miR-31, respectively, could represent valid candidates for
further experimental validations. Unfortunately, the use
of a TB annotation lead to loss of information in
terms of filtered non-specific probes, thus reducing the
possibility of an exhaustive exploration of the
transcriptome regulation. In this perspective, alternative
technologies such as new generation deep-sequencers,
Affymetrix Exon Arrays or custom arrays, such as
Combimatrix, Agilent, Nimblegen (68), would provide a
wider coverage.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.

Table 4. Enriched metabolic pathways of the GB and TB significantly anti-correlated miRNA–mRNA interac-

tions (using ENSEMBL and miRanda)

TB GB

Pathway P-value Pathway P-value

Pancreatic cancer 0.016 Wnt signaling pathway 0.05
Adherens junction 0.016 GnRH signaling pathway 0.1
Dorso-ventral axis formation 0.018 beta-Alanine metabolism 0.15
ErbB signaling pathway 0.024 MAPK signaling pathway 0.18
Neuroregulin receptor degredation protein-1

Controls ErbB3 receptor recycling
0.06

Regulation of actin cytoskeleton 0.07
Wnt signaling pathway 0.09
Adipocytokine signaling pathway 0.1
Prostate cancer 0.1
GnRH signaling pathway 0.1
Focal adhesion 0.1
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