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Abstract

MicroRNAs (miRNAs) are posttranscriptional regulators which act by specifically binding to sites
in their target messenger RNAs (mRNAs). They are present in nearly all eukaryotes, in particular in
plants, where they play an important role in developmental and stress response processes by targeting
mRNAs for cleavage or translational repression. Recent developments in high-throughput sequencing
technologies have enabled the identification of a large number of new miRNAs whose function is un-
known. A crucial step for proper functional annotation of miRNAs is the systematic identification of
their targets. Most existing tools for target prediction were designed for animal miRNAs and, despite
their similarities, the features of miRNA:target pairs in plants differ significantly from those found in
animals. The need for miRNA target prediction tools specifically designed for plants has led to the
development of a small number of widely used programs with a focus on sensitivity. But given that
the determinants of an effective miRNA:target interaction remain elusive, existing methods produce an
excess of predictions which are likely false positives.We present Pinetree – an efficient target prediction
method, which we use to identify 133 of 167 validated targets in Arabidopsis thaliana. We compare its
performance against TAPIR and psRNATarget. We show that Pinetree attains comparable sensi-
tivity while reducing the number of predictions. Additionally, we present a novel approach to miRNA
functional annotation based on the identification of anti-targets – transcripts which are much less likely
to contain functional targets, for a given miRNA, than what would be expected by chance.
Keywords: plant microRNA, algorithm for target prediction, complementarity matching, target-site
accessibility, anti-targets

1. Introduction

MicroRNAs (miRNAs) are a class of 20 to 24-nt
small RNAs (sRNAs) found in both animals and
plants. They share some effector mechanisms with
other sRNAs but are distinguishable by their bio-
genesis [14]. In plants, miRNAs are key regulators
involved in the response to stress conditions and
various developmental and cellular processes [29].

It has been shown that one miRNA may regu-
late multiple targets and vice-versa, and they are
thus likely to be master switches in many biological
pathways [11, 21]. The identification of a growing
number of miRNAs across different species presses
for the need to unravel their regulatory roles, which
can only be accomplished through the systematic
identification of bona fide miRNA targets.

Target prediction is challenging, partly due to the
many different mechanisms by which miRNAs reg-
ulate their targets, such as mRNA destabilization,
translational repression or even activation of gene
expression [16], and the corresponding variation in
the determinants for an effective miRNA:target as-
sociation.

Plant miRNAs generally regulate their targets by
a cleavage-dependent mechanism, requiring a near-
perfect alignment between the miRNA and the tar-
get site. This mechanism, however, does not ac-
count for many known targets [8]. MiRNA tar-
get site accessibility has also been suggested as
an effective feature for target prediction. Func-
tional targets are expected to be more accessible,
with less self-hybridization present around the tar-
get site [15]. However, functional sites can be found
across a wide range of accessibility levels. Addi-
tionally, very few mRNAs have been experimentally
shown to be subject to miRNA regulation, limit-
ing the number of examples from which the basic
rules governing miRNA:target associations can be
deduced. [9].

Even though there are many tools predicting
miRNA targets [27], most were developed for an-
imal miRNAs, which have target recognition speci-
ficities different from those seen in plants. More-
over, many plant target prediction methods were
designed to predict targets focusing in Arabidopsis,
leaving a gap for target prediction in other plant
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species.

miRU [30] was the first tool designed specifi-
cally for plant miRNA target prediction, adopt-
ing a Smith-Waterman algorithm to retrieve the
optimal alignment, and providing a user-friendly
web interface. However, miRU only accepted one
miRNA sequence at a time, making it unsuitable
for a genome-wide systematic study, and limited its
search to target candidates found in preloaded li-
braries.

Later on, miRU was updated to psRNATar-
get [10], where these shortcomings were addressed,
introducing also the RNAup program [22] as a
means to evaluate target site accessibility. It is cur-
rently a widely-used tool for plant miRNA target
prediction and the only one assessing target accessi-
bility and attempting to predict whether the silenc-
ing is done via cleavage or translational inhibition.

TAPIR[7] allows the user to choose between two
options: a fast search using the well-known FASTA
algorithm (version 34) [26], and a precise search us-
ing the RNAhybrid [24] program from the Vienna
Package [22]. TAPIR is implemented both as a
web-server and a standalone tool, but there is a
limit on the number of sequences/file size that the
web-server accepts for the fast search. There is also
a limit for the number of comparisons in the precise
search in the web-server, and the standalone version
is very slow in that mode, hindering a genome-wide
analysis.

TargetFinder [12] also implements the FASTA al-
gorithm (version 35) differing from TAPIR in its
scoring scheme and FASTA parameters. According
to its authors, it is thus better suited for Arabidop-
sis targets.

As with miRNA target prediction programs for
animals, these methods are all plagued, to a vary-
ing degree, by an excess of predictions believed to
be false positive targets. Most of these tools were
only tested in the model species A. thaliana and,
importantly, the available implementations are gen-
erally slow and thus ill-suited for systematic studies
in large genomes.

It has been suggested that the identification of
anti-targets – transcripts that avoid being targeted
by certain miRNAs – may well be as important as
target prediction for a proper functional annotation
of miRNAs [5, 19, 4], and thus a complete under-
standing of their regulatory role. To the best of our
knowledge, no publicly available tool to-date offers
the possibility to search for these miRNA-avoiding
transcripts.

Here we present Pinetree, a fast and cus-
tomizable plant miRNA target prediction tool
which features four important aspects: (i) reverse-
complementary matching between a target tran-
script and a miRNA, (ii) target-site accessibility

Figure 1: Overview of the processing pipeline for
the target prediction mode of Pinetree. The block
on the left illustrates the complementarity analysis
module, whereas the optional block on the right il-
lustrates the target accessibility analysis module.

assessment, by calculating the opening energy of
the secondary structure around the miRNA target
site on the mRNA, (iii) anti-target prediction mode,
aiming to identify transcripts subject to evolution-
ary pressures against having targets for particular
co-expressed miRNAs, and (iv) the possibility of
easily extending the approach by incorporating ad-
ditional filters.

2. Methods

In order to predict potential miRNA targets, we run
a pipeline that combines two different approaches.
The first is a search by complementarity, using the
FASTA local alignment program. Then, an accessi-
bility analysis is performed, using the RNAup pro-
gram, that calculates locally stable secondary struc-
tures. A third module, developed separately, in-
troduces a novel approach, giving a score to each
miRNA:mRNA pair based on their sequence char-
acteristics with the aim of detecting anti-targets.
The pipeline (see Fig. 1), developed in the C lan-
guage, gives users the flexibility to set various pa-
rameters relevant for each processing step.

2.1. Datasets

We gathered miRNA and transcript datasets and
compiled a set of validated targets for two well-
studied species: Arabidopsis thaliana and Oryza
sativa. The miRNAs were obtained from miRBase
(release 21) [18] and the transcript data was ob-
tained from Phytozome (version 10) [20, 25]. For
A. thaliana, we obtained the experimentally vali-
dated targets from the literature [2, 1, 3, 13], and
from a manually curated database, TarBase (ver-
sion 6.0) [28]. The validated targets of O. sativa
were also obtained from TarBase. Some of the re-
ported targets on TarBase had interactions contain-
ing miRNAs that are not present in the current
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Figure 2: Precision / recall curve for different ex-
pectation values in the A. thaliana dataset.

release of miRBase, thus being removed from our
analysis.

2.2. Complementarity

When predicting targets in plants, complementarity
is considered a key principle, since the stability of
a miRNA:mRNA association is largely determined
by the complementarity between the miRNA and
the target site [23].

Pinetree assesses complementarity between the
candidate target transcript and a miRNA using the
FASTA program (version 36.3.6) [26]. In order to
improve the precision of the predictions while re-
trieving at least as many targets as those predicted
by other tools, we calculated the results for multi-
ple expectation values (see Figure 2) for A. thaliana,
setting the cutoff to 30. The remaining parameters
were set to their default values.

In our pipeline, the FASTA program outputs mul-
tiple alignments, which are then analyzed to search
for potential targets. To each of these alignments
Pinetree assigns a Smith-Waterman-type score,
applying a scoring scheme which has shown good
results in evaluating the likelihood of functional
miRNA:target pairs [2]. The scoring scheme distin-
guishes different portions of the hybridization site,
including the “seed” region, which is set to occur at
positions 2− 12.

Our score relies on the local alignment deter-
mined by FASTA but then extends the alignment to
the full length of the miRNA. A perfect alignment
has score 0, all other possibilities have positive val-
ues according to the following sum of penalties:

S = Smis +
Swob

2
+ Sgap + 2

(
S∗
mis +

S∗
wob

2
+ S∗

gap

)
(1)

where Smis, Swob, and Sgap represent the number
of mismatches, G:U wobbles and gaps outside the

Figure 3: Precision and recall curves for different
cutoffs of the alignment score in the A. thaliana
dataset.

seed region, respectively, and S∗
mis, S

∗
wob, and S∗

gap,
the same counts in the seed region.

The alignment score is then used to filter the
most promising target candidates by introducing
another cutoff (here, set to 3.5), which maximizes
the weighted harmonic mean between recall and
precision, giving recall twice as much weight (see
Fig. 3).

When mismatches occur in the central region of
the miRNA:mRNA duplex, at positions 9− 11, the
cleavage-dependent regulatory process is disabled,
but the miRNA effector mechanism might still be
functional, inhibiting translation instead [8]. Pine-
tree is able to identify and report such potential
translational inhibition events.

2.3. Accessibility
Pinetree evaluates target site accessibility using
RNAup [24], which is part of the Vienna Pack-
age [22]. RNAup calculates the thermodynamics of
RNA-RNA interactions. In particular, it can calcu-
late the opening energies associated with exposing
a stretch of a potentially structured portion of an
RNA molecule.

To serve our purposes, the tool was modified to
only output relevant information. Here we are in-
terested only in calculating the opening energies of a
stretch of n consecutive nucleotides around the can-
didate target site, which directly translates to our
accessibility score. In our case, n corresponds to the
size of the miRNA:mRNA alignment determined
previously, plus an upstream and downstream re-
gion. These flanking regions account for the bulk of
the RNA-induced silencing complex (RISC), which
benefits from encountering an unstructured region
for a more favourable hybridisation. We follow the
recommendations in the literature, stating that the
size of these regions should correspond to 17-nt up-
stream and 13-nt downstream [17].

Using the same rationale as before, with the aim
of reducing the number of false positive predictions

3



Figure 4: Precision and recall curves for different
cutoff values of the accessibility score in the A.
thaliana dataset.

with a minimal impact on the number of validated
targets retrieved, we computed the results, for mul-
tiple cutoff values, of adding a filter by the accessi-
bility score (see Fig. 4), thereby setting the cutoff
to 15.5. This means that target sites requiring 15.5
kcal/mol or less to become unstructured are deemed
accessible.

Since computing the accessibility for each puta-
tive interaction is a computationally expensive pro-
cedure, we allow the user to choose to disable this
feature by turning off the accessibility module.

2.4. Anti-targets

Anti-targets are transcripts that have evolved to
avoid miRNA-mediated silencing, presumably be-
cause such negative regulation would have a delete-
rious effect. Any attempt at identifying these anti-
targets must then find a strategy to detect an unex-
pected depletion of potential target sites for a par-
ticular miRNA.

In our case, this strategy consists of comparing
the sequence characteristics of each individual tran-
script against the background of the whole tran-
scriptome. Thus, for each miRNA, we propose to
determine how likely is the occurrence of a per-
fect target site (reverse-complementary sequence)
in a given transcript compared to the same measure
taken in the set of all transcripts. This way we can
mitigate the influence of sequence biases unrelated
to the miRNA milieu each transcript is exposed to.
An anti-target will then be a transcript that is much
less likely to harbour a target site for a particular
miRNA than what the sequence characteristics of
the transcriptome would suggest.

Our assessment is based on the notion of affinity
between a miRNA, µ and a transcript, t ∈ T (T is
the set of all transcripts), given a sequence model
for the transcript (Mt) and the transcriptome (MT).
The affinity, α, is expressed as a log-odds score:

α(µ, t) = logP (µ̄ |Mt)− logP (µ̄ |MT) (2)

P (µ̄ | M) is the probability that the sequence
model M generates the reverse-complementary se-
quence of µ.

Here, sequence models correspond to Markov
chains of order n, which are learnt from the cor-
responding sequences. To account for the zero-
frequency problem, pseudo-counts are introduced
for unobserved transitions, i → j, by adding 1 to
the frequency of all transitions exiting state i, and
to the initial probabilities of all states.

Let S = S1..k be a sequence of length k, M a
Markov chain of order n (with 0 < n ≤ k), π0(i)
the initial probability of state i, and π(i → j) the
transition probability from i to j, then P (S |M) is
given by:

P (S |M) = π0 (S1..n)

k−n∏
i=1

π (Si..i+n−1 → Si+1..i+n)

(3)
The best anti-target candidates correspond to

miRNA:mRNA pairs with the lowest affinity.

2.5. Normalization
The model species A. thaliana has served as a basis
for the development of the majority of existing tools
for miRNA target prediction [27]. This is justified
by the fact that there is much more data available
about this species compared to other plants, in par-
ticular, on validated miRNA targets.

For the same reason, we used an A. thaliana
dataset to determine the best cutoffs for each mod-
ule. For these cutoffs to be meaningful in other
plant species, whose genome has different charac-
teristics and will thus present a different range of
scores (due, inter alia, to GC content disparities or
different sequence biases) we introduce a score nor-
malization procedure for the complementarity and
accessibility modules. Our normalization consists
in replacing the raw score, x, by the corresponding
Z-score, i.e. z = (x− x̄)/σ.

3. Implementation
Pinetree uses a pipeline-based architecture, fully
implemented in the C programming language which
facilitates the integration with the FASTA [26] tool
and the RNAup [24] program present in the Vien-
naPackage [22].

The FASTA program is called using the popen

command, which allows Pinetree to process its
results as they are being produced. We also take
advantage of the parallelization mechanisms present
in the FASTA program, using the -T flag when cre-
ating the FASTA process.
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Figure 5: Output for target prediction execution
mode

Since the RNAup program only accepts one se-
quence at a time as input, we do not call the pro-
gram directly, but we link the relevant libraries
with Pinetree instead. We parallelize the calls to
RNAup using the fork system call, which creates a
new process. Despite the fact that it is more costly
to create new processes, an approach using shared
memory space is not possible since RNAup is not
reentrant.

For the calculation of the complementarity score,
for each score normalization procedure, as well as
for the anti-target search, we take advantage of
multi-core systems to balance the workload via the
OpenMP (open multi-processing) API (v3.1).

The created sub-tasks never communicate with
each other because each miRNA:mRNA evaluation
does not depend on any other data, and therefore it
is trivial to distribute the workload among available
cores using OpenMP directives.

The complete user guide is provided as Supple-
mentary Materials.

3.1. Output

The output of Pinetree is stored in a text file
in either a tabular or human readable format, and
presents all predicted pairs with a complementarity
score not below the complementarity threshold and
with an accessibility score not above the accessibil-
ity threshold. The same applies to the anti-targets
module, which outputs the miRNA:mRNA interac-
tions with a miRNA:mRNA affinity score not above
the affinity threshold.

For the complementarity module, Pinetree will
additionally output the miRNA and binding site se-
quences, the corresponding alignment and its start
position in the target. Figures 5 and 6 depict the
output for the two execution modes of Pinetree.

The parameters for the score calculation (seed po-
sition) and for translational inhibition events (cen-
tral region position) can be modified through a con-
figuration file read by Pinetree. They can also be
modified using command-line options, which will

Figure 6: Output for anti-target search execution
mode

override the values in the configuration file. If a
configuration file is not provided, then Pinetree
will run with default values.

When provided with a transcript annotation file,
Pinetree will also include this information in the
output.

4. Results

In this section we present the result of using Pine-
tree to predict miRNA targets in A. thaliana and
O. sativa. We compare the performance of our
tool with two other widely used methods for plant
miRNA target prediction – TAPIR [7] and psR-
NATarget [10]. Additionally, we summarize the
results of using our tool to search for anti-targets.

We use the standard definition for recall, pre-
cision, and the F1 measure, having Recall =
TP/P, Precision = TP/(TP + FP), and F1 =
2[(1/Recall) + (1/Precision)]−1. The gold standard
for our evaluation (positive set) is the set of vali-
dated targets described in section 2.1.

It is important to highlight that the validated
set may not be representative of the universe of
bona fide targets, since the experimental conditions
in which these interactions are observed frequently
do not match physiological conditions. In addition,
most targets are validated by detecting the occur-
rence of cleavage events, which only take place when
cleavage-dependent silencing is the effector mecha-
nism. This introduces a bias against targets which
are silenced through translational repression. As
a result, the false positive rates will inevitably be
overestimated.

The results for all tools using default parame-
ters for the datasets of A. thaliana and O. sativa
are summarized in Table 1. In addition, Venn dia-
grams showing the predictions of Pinetree with-
out accessibility assessment, TAPIR, psRNATar-
get and the targets in the validated set are pre-
sented in Figure 7.

Using default parameters, Pinetree is able to
predict 133 out of 167 validated targets for A.
thaliana, with a precision and recall rates higher
than other tools.

Results show that for the A. thaliana dataset,
the accessibility analysis leads to worse results than
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A. thaliana O. sativa

Figure 7: Venn diagrams showing the comparison of target predictions for A. thaliana and O. sativa
amongst the evaluated tools and the corresponding set of validated targets.

A. thaliana

Tool Total Recall Precision F1 score Time

TAPIR / FASTA 652 0.78 0.20 0.32 49m53s
psRNATarget 1434 0.77 0.09 0.16 N/A
Pinetree 647 0.80 0.21 0.33 2m28s
Pinetree w/ accessibility 636 0.79 0.21 0.33 4m50s

O. sativa

Tool Total Recall Precision F1 score Time

TAPIR / FASTA 1007 0.63 0.14 0.23 125m48s
psRNATarget 2159 0.50 0.05 0.09 N/A
Pinetree 1011 0.62 0.14 0.22 6m44s
Pinetree w/ accessibility 956 0.62 0.14 0.23 12m15s

Table 1: Comparison of plant miRNA target pre-
diction tools for a set of 167 validated targets of
A. thaliana and 224 validated targets of O. sativa,
showing the total number of predictions, and pre-
diction performance in terms of precision, recall, F1

measure and running time. Best performances are
highlighted.

standard execution – few candidates are eliminated
but those that are include validated targets.

On the other hand, an accessibility analysis can
further refine the set of putative targets on O.sativa,
marginally outperforming the standard execution
results. However, the decrease in predicted tar-
gets comes at the cost of extra computational time
needed to perform such analysis. The time required
to perform these calculations increases the running
time approximately twofold compared to the stan-
dard execution.

When comparing these results to the other evalu-
ated tools we conclude that psRNATarget has the
worst results, while Pinetree has a slightly better
performance than TAPIR for A.thaliana and com-
parable results for O. sativa.

It is important to highlight that Pinetree
is much faster than the standalone version of
TAPIR (a comparison to psRNATarget was not
made, since no standalone version is currently
available). All the tests were performed on an
AMD Opteron(TM) Processor 6276 @ 2.3GHz, with

Pinetree using 20 cores of the machine.

The results for the anti-target search were ob-
tained using Markov chains of order 3. In Figure 8
(on the left panel) we observe that a few transcripts
have a noticeable avoidance pattern against a num-
ber of miRNAs, illustrated by the spikes on the plot
elongated towards the left.

A different perspective is given by the panel on
the right. We can see that some miRNAs have very
similar affinity profiles across the transcriptome.
This is due to the fact that they belong to the same
miRNA family and have thus similar sequences. In-
terestingly, many miRNAs with a greater number
of transcripts showing avoidance profiles (spikes on
the left), typically exhibit a number of transcripts
with greater propensity of harbouring target sites
(spikes on the right). With hindsight, this is what
might be expected of a master switch: targeting a
number of transcripts for silencing, while other mes-
sages involved in the same biological process are
left intact. Sequences might have evolved so that
the former group is much more likely to conserve
multiple potential target sites, while the latter is
actively avoiding targeting.

5. Discussion

The identification of miRNA targets is a major chal-
lenge, but it is a fundamental step towards their
functional annotation. It stands in the way of a
more complete understanding of gene regulatory
networks, since miRNAs are known to regulate the
expression of many genes, hence influencing the dy-
namics of several biological pathways.

MiRNA-mediated gene regulation can be oper-
ated by different mechanisms, which will either pro-
mote target destabilization or translational repres-
sion. The diversity of effector mechanisms and the
different impacts they have on target mRNA abun-
dance presents challenges both at computational
and experimental levels.
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Figure 8: Plot showing the distribution of affinities in A. thaliana of each transcript against all miRNAs
(on the left), and of each miRNA against all transcripts (on the right).

Experimentally, it is more difficult to find evi-
dence of regulation via translational repression be-
cause it can only be directly observed by measuring
protein levels. This influences the design of com-
putational methods insofar as it introduces a bias
on the number of examples to generalize from when
trying to characterize the rules governing functional
miRNA:mRNA interactions. Examples which, in
any case, are still very few, even for model plant
species, and being produced by a variety of ex-
perimental protocols that may or may not provide
us with an experimentally-verified binding site for
the miRNA. The same can be said of a lack of ex-
perimental evidence about non-functional would-be
miRNA:mRNA interactions – possibly suggested by
computational methods but experimentally invali-
dated.

Bearing these issues in mind, it is important
to develop methods that can accommodate biases
while trying to mitigate their effect on the predic-
tions. One important aspect to consider is that,
since experimentally-confirmed interactions are cur-
rently insufficient, and experimentally-confirmed
non-interactions are all but nonexistent, conclusions
drawn by their analysis are necessarily provisional.
Our best current knowledge has provided us with
default parameters for all steps of Pinetree, but
experimentalists must be able to tweak the param-
eters and make sense of the results for their objects
of study. In light of this need, we made an effort
to make parameters have straightforward effects on
the predictions and produce an output which is easy
to interpret.

MiRNA:target complementarity is considered –
and our results again confirm it – a key factor for
predicting functional interactions. However, it fails
to account for all validated targets.

Alignment-based complementarity assessment
can be seen as a simplified energy model

for miRNA:mRNA hybridization, so we used
RNAup [24] as a tool for complementarity assess-
ment to see whether a more accurate energy model
could improve on the results. We found that if we
relax parameters sufficiently, we can recover all val-
idated targets at the expense of a substantial in-
crease of the false positive rate and a noticeable
degradation of the running time (data not shown).

Recent studies [15] suggest that target accessibil-
ity is also an important factor for target prediction,
but our results seem to indicate otherwise. It is
possible that the accessibility parameters used (e.g.
folding temperature, length of the assessed region)
are not well-adjusted or may not be uniformly suit-
able for every putative interaction. We tested both
RNAplfold [6] and RNAhybrid [24] from the Vienna
Package [22] as surrogate tools to assess accessibil-
ity, but could not find any score threshold that sig-
nificantly improved upon the predictions obtained
through complementarity assessment alone, espe-
cially for A. thaliana. We thus made the accessibil-
ity module optional.

In addition, we sought to compare the comple-
mentarity and accessibility scores against corre-
sponding empirical distributions obtained from a
set of randomized sequences exhibiting the same
dinucleotide frequencies of the original transcripts,
hence obtaining p-values for each miRNA/mRNA
pair. We failed, however, to show that validated
targets have statistically significant scores (data not
shown).

Pinetree also provides a means to search for
anti-targets – transcripts whose sequence show signs
of having evolved in such a way that they are de-
pleted from potential target sites of particular, pre-
sumably co-expressed, miRNAs. The detection of
anti-targets offers a new perspective on miRNA
functional annotation, and one which is not limited
nor biased by current target prediction techniques,
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and which may help unravel the regulatory role
of miRNAs. Our results show varying patterns of
affinity between miRNAs and each transcript, illus-
trating that different mRNAs have uneven propen-
sities to harbouring targets for particular miRNAs.
When the affinity is strongly negative, we deem the
pair an anti-target. There are cases, however, of val-
idated targets with weakly negative affinities. This
can be interpreted as a bias against multiple targets
for the same miRNA. On the off side, there is no
clear way to experimentally determine the validity
of these anti-targets, which may explain the disin-
vestment in developing tools to specifically search
for these miRNA/transcript pairs.

6. Conclusions

Predicting plant miRNA targets is not as easy a
task as was initially thought, showing much of the
complexities that were recognized early on for the
same endeavor in animals. The determinants for an
effective regulation are not completely understood,
and thus computational methods are only left with
a limited set of constraints to apply, struggling to
enhance sensitivity at the expense of risking an ex-
cess of false positive predictions.

Hoping to improve upon previous tools we devel-
oped Pinetree, and indeed we obtain slightly more
accurate results, providing the community with a
piece of software that is faster and more flexible
than pre-existing programs.

In addition to predicting targets, it can also be
used to identify transcripts which may be actively
avoiding miRNA-mediated regulation. An insight
which is useful in unraveling the regulatory inter-
play between miRNAs and mRNAs.

Pinetree results from chaining different mod-
ules in a processing pipeline. It is simple to cus-
tomize and can easily be extended with new mod-
ules. Parameters such as the size of the seed region,
location of the central region, or the order of the
Markov chain in the anti-target module, are mean-
ingful and can be modified by the users to better
serve their
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