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Abstract The paper “Using Base Pairing Probabilities for MiRNA Recognition” by
Daniel Pasailă, Irina Mohorianu, and Liviu Ciortuz, that has been published in Pro-
ceedings of the International Symposium on Symbolic and Numeric Algorithms for
Scientific Computing (SYNASC) 2008, IEEE Computer Society, pp. 519–525, has
introduced a new SVM for microRNA identification, whose novelty is twofolded:
first, many of its features incorporate the base-pairing probabilities provided by Mc-
Caskill’s algorithm, and second the classification performance is improved using a
certain similarity (“profile”-based) measure between the training and test microR-
NAs and a set of carefully chosen (“pivot”) RNA sequences. Comparisons with
some of the best existing SVMs for microRNA identification proved that our SVM
obtains truly competitive results.

Here we add several significant extensions to the work reported in Daniel Pasailă
et al. Proceedings of the International (SYNASC) 2008, pp. 519–525: testing this
classifier on a more recent version of miRBase (12.0), evaluating the effect of using
probabilistic patterns instead of non-probabilistic ones, analysing the discriminative
power of different categories of features we used, and automatically searching for
good pivot RNA sequences, which are critical for classification in our approach.

1 yasMiR: The Approach and Main Results

MicroRNAs (henceforth abbreviated miRNAs) are short RNA molecules that play
important gene regulatory roles [1]. In the paper [3],1 we proposed a miRNA recog-
nition system based on a support vector machine [8], which was subsequently named
yasMiR.2 It was mainly built upon features using the base-pair binding probabilities

1 Daniel Pasailă and Liviu Ciortuz are joint first authors of both paper [3] and the present paper.
2 yasMiR is an abbreviation for yet another SVM for miRNA recognition.
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Table 1 Categories of features for yasMiR SVM. The rightmost column gives the number of
features in the respective (sub)category

A – Alignment scores against pivot sequences, where n is the number of pivots used n

B – The probabilistic mean for the number of occurrences for each triplet pattern 32

C – The mean base-pairing distance 1
– The overall non base-pairing probability 1
– The non-pairing probability for each nucleotide 4
– The sum of pairing probabilities for each pair of nucleotides a and b 10
– The folding minimum free energy (MFE) 1
– Dinucleotide frequencies 16
– The average frequency for each nucleotide 4

provided by McCaskill’s algorithm [6], supplemented with some other simple fea-
tures. yasMiR’s features are summarized in Table 1: profile similarity scores against
“pivot” RNA sequences (A), means of probabilistic triplet patterns (B), and finally
other probabilistic and non-probabilistic features (C).

The two remaining parts of this section will summarize the results that we have
obtained when comparing yasMiR to Triplet-SVM and miPred (previously detailed
in [3]) and when testing this classifier on miRBase 12.0. Section 2 will present the
effect of using probabilistic patterns instead of non-probabilistic ones in yasMiR,
and then it will analyse the discriminative power of different categories of features
we used. Section 3 will detail our work on the automatic search for good pivot RNA
sequences, which are critical for miRNA classification in our approach.

1.1 Comparisons with Triplet-SVM and miPred

We compared yasMiR first to the Triplet-SVM classifier [2], after having trained
our SVM on the same dataset as Triplet-SVM. The training set included 163 human
pre-miRNAs from miRBase registry version 5.0 and 168 pseudo pre-miRNA like
hairpins as negative examples. A fivefold cross-validation accuracy of 96.07% was
obtained on this training set. On the test datasets created by the authors of Triplet-
SVM, our SVM obtained significantly higher prediction results.

Then we made comparative tests with the miPred classifier [7], the best SVM-
based miRNA classifier up to our knowledge. Here, the training set included 200
human pre-miRNAs from miRBase version 8.2 as positive examples, and 400
pseudo pre-miRNA hairpins as negative examples. We obtained at fivefold cross-
validation an accuracy of 93.66% on this training set, compared to miPred’s 93.50%.
Running the same tests as miPred, our SVM obtained similar and sometimes signif-
icantly better specificity than miPred. Compared to miPred, one of the advantages
of our approach is that it makes no use of so-called normalized features which are
based on sequence shuffling; in turn it enables the feature computation in our ap-
proach to be much less time consuming.
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We also checked whether the Random Forests machine learning algorithm is
able to obtain comparable results to SVM (as suggested by MiPred, another SVM
for miRNA recognition) when using our set of features. While on many test datasets
that we used the answer was positive, the overall conclusion is that RF is not a good
enough candidate to replace SVM for pre-miRNA identification using our set of
features.

1.2 Results on miRBase 12.0

We have also tested our SVM on sequences from miRBase 12.0 (released in October
2008). For the training set, this time all 678 human miRNAs from miRBase 11.0
were used as positive examples, and also 1,256 sequences from the CODING dataset
as negative examples. The testing set includes 3,651 positive examples from miR-
Base 12.0 and 7,198 negative examples from the CODING dataset. The set of 3,651
positives was obtained by removing the positive training sequences from miRBase
12.0, and using the clustering algorithm presented in the supplementary material of
the miPred paper [7] for the removal of similar sequences. First, all the sequences
were sorted in decreasing length order, and the first one became the representative
of the first cluster. Then, each of the remaining sequences was compared with the
existing representatives and added into a cluster if the similarity measure with any
representative is above 90%. The remaining set of 3,651 sequences is the final set
of representatives, using the above algorithm on miRBase 12.0 (after the training
positives have been removed). The BLAST system was used for sequence compar-
ison. On this dataset, the yasMiR system obtained 89.64% sensitivity and 97.37%
specificity, with the resulting accuracy of 94.77%.

2 yasMiR’s Features Analysis

Since yasMiR uses features which are a probabilistic (McCaskill) version of the
features used by Triplet-SVM, one would question whether our design decision is
indeed justified. Therefore, we made a test in which we replaced the features re-
lated to the probabilistic triplet patterns with those taken from the Triplet-SVM
package. We used the same procedure as for the comparative test between yasMiR
and Triplet-SVM. The results we obtained for yasMiR (Table 2, first column) are
usually slightly (and even significantly) better than the ones we obtained with non-
probabilistic features computed for triplet patterns (Table 2, second column). This
is especially true for the TE-C (human) and CONSERVED-HAIRPIN datasets.

To further analyse yasMiR’s set of features, we also investigated what prediction
results are obtained when removing each one of the different categories of features
defined for our system (see Table 1).



20 D. Pasailă et al.

Table 2 Prediction accuracy (%) results obtained by yasMiR on the
Triplet-SVM datasets when the features for probabilistic triplet patterns
were replaced with their non-probabilistic (Triplet-SVM) counterpart

Test yasMiR
Using non-probabilistic
triplet patterns

TE-C: Human pre-miRNAs 100 96.67 (29/30)
TE-C: Pseudo pre-miRNAs 96.2 95.9 (959/1,000)
UPDATED 94.9 94.9 (37/39)
CROSS-SPECIES 95.2 95.87 (557/581)
CONSERVED-HAIRPIN 94.23 93.09 (2,275/2,444)

Table 3 Prediction results for yasMiR on miPred datasets (column 1), when removing one cate-
gory (A,B or C) of its features (columns 2–4). Bold faces designate values which are better than
those in column 1

yasMiR B∪C A∪C A∪B

Test Sen. Acc. Spec. Sen. Acc. Spec. Sen. Acc. Spec. Acc. Sen. Spec.

TE-H 87.80 93.77 96.74 83.73 93.22 97.96 89.43 94.30 96.74 81.30 91.32 96.34
IE-NH 90.35 94.11 95.99 88.58 92.64 94.68 93.32 94.26 94.73 84.04 92.26 96.37
IE-NC 82.95 78.94 59.84 91.77
IE-M 100 100 6.45 100

Using the same datasets as miPred, we investigated the effect on accuracy, sensi-
tivity and specificity when removing one of the three categories A, B, or C. It can be
easily seen in Table 3 that the prediction results with the complete feature set (found
in column 1 of Table 3) are in many cases significantly better than those that have
been obtained when a category of features is removed. This is especially true for the
IE-NC and IE-M datasets. Going into more details, one can see the following facts:

− Retracting the category A of attributes (see column 2 in Table 3) slightly im-
proves the specificity on TE-H (from 96.74% to 97.96%) at the significant cost
of sensitivity (from 87.80% down to 83.73%)

− Retracting the category B of attributes (see column 3 in Table 3) slightly improves
some of the statistics we obtained previously for yasMiR on TE-H and IE-NH but
drastically affects the performance on IE-NC (from 82.95% down to 59.84%) and
especially on IE-M (from 100% down to 6.45%)

− Retracting the category C of attributes (see column 4 in Table 3) improves the
specificity on IE-NC (from 82.95% up to 91.77%) and on IE-NH (from 95.99%
to 96.37%), but significantly affects the sensitivity on TE-H (from 87.80% down
to 81.30%) and IE-NH (from 90.35% down to 84.04%).

The above analysis implies that each of these categories of features has its own
contribution towards the overall good classification results produced by yasMiR.

It is also interesting to note that the categories A and C of attributes are more suit-
able for the TE-H and IE-NH datasets, while B is indispensable for the IE-NC and
IE-M datasets. These facts suggest that there are slightly specialized contributions
of these categories of features towards discriminating among different categories of
RNA sequences.
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For expressing the quality of the ith feature we used the F1 and F2 scores,
defined by the following expressions:
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i denote the means and standard deviations of the positive and
negative training datasets for the ith feature. After sorting the features in descending
order according to the F1 and F2 scores, we identified the first three features, and
they proved to be the same for both sorting measures:

− Feature D: the overall non base-pairing probability (F1 = 1.21 and F2 = 1.64)
− Feature E: the folding minimum free energy (F1 = 0.95 and F2 = 0.99)
− Feature F: the probabilistic feature corresponding to the triplet pattern “. . .” with

the nucleotide C on the middle position (F1 = 0.93 and F2 = 0.90)

The effects on yasMiR when each of these three features is removed are shown
in Table 4. It is interesting to note that removal of features D and E has a big impact
on the IE-NC and IE-M datasets, while feature F seems to be only slightly affecting
the result on the IE-NC dataset. Our opinion is that this last feature is made almost
redundant by other features.

We therefore tried feature selection applying the Kolmogorov–Smirnov filter [5]
for redundancy elimination on the full set of yasMiR’s 169 features including the 100
randomly chosen pivots used so far. The Kolmogorov–Smirnov filtering procedure
goes as follows: first we rank and sort the features according to the Symmetrical
Uncertainty (SU) score which is a normalized version of the mutual information
statistics, and then, starting from the top ranking feature that has not yet been fil-
tered, we eliminate all features of lower rank which are redundant to it, according
to the Kolmogorov–Smirnov test, up to a certain confidence level.

Using a 0.95 confidence level, the number of features gets reduced to 144 –
remarkably, all but one of the 26 eliminated features are pivots – most of the
classification statistics on the miPred’s test datasets get improved, as shown in
Table 5. At 0.90 confidence, things do not go so well, and unfortunately a 5.55%
specificity/accuracy loss is reported on the IE-NC dataset (from 82.95% down to
77.20%). However, it is worth noting that this time 31 pivots got eliminated, to-
gether with six non-pivot features.

Table 4 Prediction results for yasMiR on miPred datasets when removing one of the features D,E
or F. Bold faces designate values which are better than those in the first column of Table 3

A∪B∪C\{D} A∪B∪C\{E} A∪B∪C\{F}
Test Sen. Acc. Spec. Sen. Acc. Spec. Sen. Acc. Spec.

TE-H 86.17 93.76 97.56 86.17 93.49 97.15 87.80 93.49 96.34
IE-NH 91.24 94.99 96.87 90.45 94.40 96.37 90.45 94.14 95.98
IE-NC 67.68 61.95 79.74
IE-M 19.35 22.58 100
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Table 5 Prediction results of yasMiR on miPred’s test datasets using 144 features and respectively
132 features selected from the whole set of 169 features via Kolmogorov–Smirnov redundancy
filtering. Bold faces designate values that are better than those in the first column of Table 3

0.95 Confidence 0.90 Confidence

Test Sensitivity Accuracy Specificity Sensitivity Accuracy Specificity

TE-H 87.80 94.30 97.50 87.80 93.76 96.74
IE-NH 90.14 94.07 96.03 91.08 93.39 94.55
IE-NC 83.28 77.20
IE-M 100 100

3 Automatically Choosing the Pivots

Until now we performed several runs with yasMiR using different sets of randomly
generated pivots, and we retained the results for the set of pivots that produced
the best overall results on the Triplet-SVM and the miPred test datasets. However,
one could ask whether we could get better results by automatically selecting (or
improving) the set of pivots.

3.1 Using Clustering

Here we report on using choosing “representative” pivots among a pool of candi-
dates, using clustering and the Euclidean distance between the vectors associated
with pivots. For each candidate pivot, its vector was obtained by computing the pro-
file similarity measure between the pivot and each of the sequences in the training
set (e.g. TR-H).

The left column in Table 6 shows the results we obtained for 200 pivots automat-
ically selected from a pool of 2,000 randomly generated sequences. The k-means
clustering algorithm was used to get those 2,000 sequences grouped into 50 clusters,
and then we randomly selected four pivots from each cluster. The results show that
the obtained specificity for yasMiR SVM’s is slightly lower than that obtained with
the manually chosen pivots on miRBase 8.2 (on TE-H: from 96.74% to 95.53%, and
on IE-NH: from 95.99% to 94.97%), while the sensitivity decreased significantly
(TE-H: from 87.80% to 85.37%, and IE-NH: from 90.35% to 83.58%). Remark-
ably, the specificity/accuracy of yasMiR SVM was dramatically improved for IE-NC
(from 82.95% to 93.61%, while miPred reported only 68.68%), and for IE-M the
specificity/accuracy was kept at 100%.

These results make us conclude that automatically searching for better pivots is
worth further working on. In the following section, we will use the Kolmogorov–
Smirnov filter for searching among a large pool of randomly generated pivots.
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Table 6 Left column: prediction results of yasMiR on miPred’s test datasets using 200 pivots
selected via clustering from a pool of 2,000 randomly generated pivots. Right column: prediction
results of yasMiR on miPred’s test datasets using the best 13 pivots selected via Kolmogorov–
Smirnov filtering from 10,000 randomly generated pivots. Bold faces designate values which are
better than those in the first column of Table 3

SVM KS

Test Sensitivity Accuracy Specificity Sensitivity Accuracy Specificity

TE-H 85.37 92.14 95.53 85.37 92.53 96.74
IE-NH 83.58 91.17 94.97 86.24 91.35 93.90
IE-NC 93.61 87.44
IE-M 100 100

3.2 Using the Kolmogorov–Smirnov Filter

The probabilistic alignment scores to pivots used in describing sequences lead to a
distance-based description. It is clear that the pivots need not be chosen from posi-
tive or negative examples, but at a correct distance from members of these classes.
As such, we have tried to implement a non-linear feature selection algorithm to
choose a better set of pivots. Such a method is the Kolmogorov–Smirnov filter,
which has been reported to work well in conjunction with SVM’s. We have imple-
mented such a procedure following directions from [5].

The Kolmogorov–Smirnov filter is divided into two parts. The first part is con-
cerned with ranking the features according to a mutual information measure, and the
second part recursively eliminates redundant features. We used a confidence level
of 95% for determining whether two features were redundant.

The right column in Table 6 shows that when using the best 13 features selected
by the Kolmogorov–Smirnov filter from a large pool of randomly generated pivots,
the results obtained by yasMiR on the miPred datasets are comparable with those
reported in the previous section. On the TE-H dataset, we got a better specificity
(96.74%) compared to the one produced via clusterization, while on the IE-NH
dataset, the sensitivity improved (from 83.58% to 86.24%) but it still remained
significantly lower than the one obtained with hand-chosen pivots (90.35%). On
IE-NC, the specificity/accuracy is now at midway between the one obtained via clus-
terization (93.61%) and the original one, produced by hand-chosen pivots (82.95%).
On IE-M, the specificity/accuracy stayed at 100%.

Finally, we would suggest that this method would be best used in conjunction
with another feature selection method, where the initial bulk of features would be
removed by the Kolmogorov–Smirnov filter, and the final features would be selected
by the other, more complex method.
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4 Conclusions and Further Work

We proved that the base-pairing probabilities provided by McCaskill’s algorithm
combined with some other, simple statistical measures make an SVM classifier
achieve high pre-miRNA prediction accuracy rates, comparable to the best pub-
lished results up to our knowledge.

We plan to make direct comparisons with a quite recent kNN-based classifier
for non-coding RNAs [9]. Its results seem to be very competitive, due to the use of
certain topological features. We will see whether those features could be generalized
using again the base-pairing probabilities computed by McCaskill’s algorithm. If so,
we will check whether adopting them into yasMiR’s feature set will make it further
improve the quality of pre-miRNA prediction.

It will also be interesting to see whether a more recent work for identifying
miRNAs [10], which also used the Triplet-SVM patterns but replaced the automate
classifier with a ranking algorithm, will improve its results when replacing the sim-
ple triplet features with their enhanced counterpart McCaskill’s probabilities.
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