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Abstract

Motivation: Although many machine learning techniques have been proposed for distinguishing
miRNA hairpins from other stem-loop sequences, most of the current methods use supervised
learning, which requires a very good set of positive and negative examples. Those methods have
important practical limitations when they have to be applied to a real prediction task. First, there is
the challenge of dealing with a scarce number of positive (well-known) pre-miRNA examples.
Secondly, it is very difficult to build a good set of negative examples for representing the full spec-
trum of non-miRNA sequences. Thirdly, in any genome, there is a huge class imbalance (1: 10 000)
that is well-known for particularly affecting supervised classifiers.

Results: To enable efficient and speedy genome-wide predictions of novel miRNAs, we present
miRNAss, which is a novel method based on semi-supervised learning. It takes advantage of the
information provided by the unlabeled stem-loops, thereby improving the prediction rates, even
when the number of labeled examples is low and not representative of the classes. An automatic
method for searching negative examples to initialize the algorithm is also proposed so as to spare
the user this difficult task. MiRNAss obtained better prediction rates and shorter execution times
than state-of-the-art supervised methods. It was validated with genome-wide data from three
model species, with more than one million of hairpin sequences each, thereby demonstrating its
applicability to a real prediction task.

Availability and implementation: An R package can be downloaded from https://cran.r-project.org/
package=miRNAss. In addition, a web-demo for testing the algorithm is available at http:/fich.unl.
edu.ar/sinc/web-demo/mirnass. All the datasets that were used in this study and the sets of pre-
dicted pre-miRNA are available on http://sourceforge.net/projects/sourcesinc/files/mirnass.
Contact: cyones@sinc.unl.edu.ar

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Over the last decade, a number of experimental and computational
approaches were used to identify novel miRNAs. Experimental
methods such as direct cloning are capable of detecting only
abundant miRNAs (Kleftogiannis et al., 2013). Moreover, those
expressed exclusively in certain stages of an organism, or in specific
tissues, usually remain undetected. Most widely used approaches
are hybrid computational/experimental methods, which take also

advantage of the available deep sequencing data (An et al., 2013).
The computational approaches used for pre-miRNA identification
may be divided into two groups: homology search methods and
machine learning methods. The first ones rely on the conservation of
miRNAs between closely related species and thus cannot be used for
miRNAs that are specific to one species (Ng and Mishra, 2007).
Machine learning methods use a different approach, which involves
first extracting features from the well-known pre-miRNAs, the
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sequences that are used as negative examples, and the unknown/
unlabeled sequences to be classified. The features that are used to
represent RNA sequences were widely studied (Lopes et al., 2014;
Yones et al., 2015). After feature extraction, many types of different
classifiers were applied to this problem: support vector machines,
random forest, classifier ensembles and hidden Markov models,
among others (Kleftogiannis et al., 2013). The existing methods
based on this supervised approach of machine learning have many
drawbacks. In the first place, although the number of non-miRNA
sequences that can be found in any genome is large, a recent study
(Wei et al., 2014) analyzed the importance of representative nega-
tive samples in miRNA prediction and how this limits the perform-
ance of state-of-the-art methods. In most cases, the negative sets that
are used to fit classification models are defined mainly with sequen-
ces taken from protein coding regions, mRNAs, or other regions
where miRNAs are not expected to be found (Peace et al., 2015).
Nothing can ensure that these sequences are good representatives of
all possible non-miRNA sequences, or that they are close enough to
the boundaries of the true miRNA class. For example, if the predic-
tion power of a classifier is tested on a dataset having miRNAs and
ncRNAs, what is actually being measured is the capability to differ-
entiate miRNAs from ncRNAs, but the classifier may still fail to cor-
rectly discard other non-miRNA sequences. To the best of our
knowledge, no current state-of-the-art method has reported error
rates considering this crucial point. Moreover, if sequences from
these well-known sources of negative examples could be discarded a
priori with a set of simple rules, training a model to differentiate
between these two groups of sequences would be useless. To address
this issue, some methods used sequences taken from random posi-
tions of a genome as negative examples (Gudy$ er al., 2013;
Wenyuan et al., 2013). However, in this case, nothing can ensure
that any really novel miRNA would not be wrongly taken as a nega-
tive example. In both negative set construction strategies, the nega-
tive examples are not representative of the whole negative class;
and, what is even worse, some of them might actually be false
negatives.

Another issue is that the existing tools are generally built using a
classifier trained with a model species (Batuwita and Palade, 2009)
or a mixture of sequences from several species (Gudys et al., 2013);
however, the miRNA prediction problem is a species-dependent task
(Lopes et al., 2016). Therefore, using pre-trained models cannot
ensure acceptable results when predicting novel pre-miRNAs in
other species that are different from the ones that were used for
training. Although some tools can be re-trained, this presents some
difficulties. As discussed above, negative examples are hard to
define. Besides, the number of well-known positive examples is very
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Fig. 1. Prediction example: supervised (a, b) versus semi-supervised (c, d)
approaches

low, since a very small proportion of true miRNAs is expected in a
genome. This is an important problem in novel and non-model spe-
cies, where the number of annotated pre-miRNAs might be even
lower. Therefore, regardless of how negative examples are obtained
or defined, and because of the natural class imbalance in any
genome, thousands or even millions of unlabeled sequences are
expected to be negative. This poses a high class imbalance problem,
which most machine learning algorithms cannot face correctly.

In order to appropriately address these issues, we present a new
method named miRNAss, which uses a semi-supervised approach to
learn the latent distribution of hairpin features of the genome under
analysis. This method takes advantage of unknown sequences to
improve the prediction rates, even when there are just a few positive
examples, and when the negative examples are unreliable or are not
good representatives of its class. Furthermore, it can automatically
search for negative examples if the user is unable to provide them. In
addition, miRNAss automatically optimizes the threshold that
defines the class boundaries and thus can separate the pre-miRNAs
from other groups of sequences, in spite of the high class imbalance.
Finally, we will show that the method can handle large volumes of
data.

2 Materials and methods

2.1 Semi-supervised and transductive learning
Semi-supervised learning not only uses labeled training examples
but also learns from unlabeled examples to improve the classifica-
tion performance. As the unlabeled examples provide extra informa-
tion about the latent distribution of the data, good classification
rates can be achieved even when the amount of labeled data is very
low compared with unlabeled data, or when it is unrepresentative of
its class (Chapelle ez al., 2006).

Figure 1 shows a very simple scenario with four labeled examples
for training: three negative examples (in red) and one positive example
(in green). If a classic supervised method is used here, a decision boun-
dary like the dashed line in Figure 1a is obtained. This classifier fails
over the unknown sequences (Fig. 1b), because the training sequences
are very few and actually unrepresentative of each class. If a semi-
supervised scheme is employed instead (Fig. 1c), it is observed that it
has access to both labeled and unlabeled sequences, all together at the
same time, where two real groups are hidden beneath the latent distri-
bution of the data. Thus, the semi-supervised predictor can success-
fully separate the two classes (Fig. 1d).

The concept of transductive learning is closely related to semi-
supervised learning. In this setting, specific training cases are used to
directly make inferences on test cases. Unlike most common inductive

(a) Training (b) Prediction
labels labels
Training Training slinﬁg‘g:s
sequences sequences q

Inductive Transductive
classifier classifier

prediction prediction
Unknown
sequences Unknown Unknown
sequences sequences
Prediction

Fig. 2. Inductive and transductive learning. (a) Traditional inductive scheme
with two separate stages; (b) Transductive scheme with only one stage
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Fig. 3. Evolution of the graph, the label vector, and the vector of prediction
scores in the two steps of miRNAss: (a) Graph construction and negative set
initialization; (b) Estimation of prediction scores and thresholding

methods, where the algorithm has two stages (training and testing),
transductive methods have only one stage, as shown in Figure 2. In
the inductive scheme (a), the learning algorithm uses training sequen-
ces, all labeled, to fit a model. In the second stage, the fitted model is
used to make a prediction over unknown sequences. In the transduc-
tive scheme (b), both labeled and unlabeled sequences are processed
together, in the same stage. As a result, a prediction over the unlabeled
sequences is obtained, but no decision function, trained model, or
classification rule are returned as output. Although an inductive
method infers a decision function that can be used to predict labels of
any sequence, the transduction model directly estimates the set of
labels for the unknown sequences (Chapelle et al., 2006).
Nevertheless, a transductive classifier can be analyzed after training
similarly to an inductive one. For example, in a graph based method,
the adjacencies among the samples labeled in the transductive stage
could be used for knowledge extraction (Enright and Ouzounis, 2001;
Novak et al., 2010). The semi-supervised method proposed in this
work uses such transductive scheme. Therefore, training examples
and unknown sequences are processed together, every time a predic-
tion has to be made. This is not a problem in pre-miRNA prediction,
because it is preferable for the model to be fed with all the sequences
from the species under study (or a closely related one) in order to learn
its specific characteristics (Lopes et al., 2016). It should be noted that
the validation of any transductive method is quite different from a
standard (inductive) one. Since training and prediction are combined
in one stage, training sequences are provided with labels, and test data
are also given but without labels. This special kind of validation is
used in all semi-supervised algorithms (Chapelle ez al., 2006), where
the labels of test cases are never used in any step of the prediction
stage.

2.2 The miRNAss method

Over the last decade, one of the most active areas in semi-supervised
learning has been based on graphs, where each node represents a
data point, and an edge connects nodes if they are in some way simi-
lar. Then, using the labeled nodes, predicted labels are obtained for
the rest of the unlabeled nodes. These methods have shown good
prediction rates (Joachims et al., 2003) and have been able to handle
large volumes of data, because they can be implemented using a
sparse matrix in O(n) memory, with # number of analyzed
sequences. The most computationally expensive part is the graph
construction; however, this can be done by brute force in

Algorithm 1 Automatic search for negative examples

Input: adjacency matrix A, label vector ¢ with zeros and positive
values only and the number of negative examples to label T.
Output: the vector ¢ with T negative labels assigned.

1 if 4>0
1: Si =
0 inothercases
2: repeat
3: S; = MaXy;+; {s;,a,-,s,»}, Vi
4: until there are no changes in s
S:pi=el™i—1, Vi
6: Sample T elements of ¢ using p as selection weights
7: Label selected elements as negative class
8: return ¢

O(n? logn), calculating the distances between all sequences and
searching for the smallest & for each one in O(logn). MiRNAss
receives as input a set of m-dimensional feature vectors x;, which
represent sequences, and a corresponding vector of labels £. The i-th
element in the vector of labels has a positive value y_ if the i-th
sequence is a well-known pre-miRNA, a negative value y_ if it is not
a pre-miRNA, and zero if it is an unknown sequence that has to be
classified (predicted) by the method. The method has four steps:
(i) construction of a graph where each node represents a sequence;
(i) search for negative examples, if they are not provided; (iii) esti-
mation of the prediction scores for each node in the graph; and
(iv) estimation of an optimal threshold to finally separate the
sequences into two classes. Each step is explained in detail in the fol-
lowing subsections.

Figure 3 shows an example of the evolution of the method. In
this example, 15 sequences are true pre-miRNAs and the rest are
non-miRNA sequences. In Figure 3a, the graph is constructed and £
has positive values (y,), representing the well-known pre-miRNAs
examples. In addition, some nodes that are topologically far from
the positive examples are labeled as negative examples (y_). The
nodes of the graph are colored according to the values in the £ vec-
tor. In Figure 3b, prediction scores are estimated for all the sequen-
ces, taking into account that: (i) they have to be smooth; that is,
topologically close sequences in the graph must have similar predic-
tion scores; and (ii) the scores have to be similar to the non-zero val-
ues given in the label vector £. Finally, using the prediction scores
assigned to the labeled examples, an optimal threshold is estimated
in order to separate the pre-miRNAs from the other sequences. The
sequences that pass the threshold are colored in green; the rest, in

red.

2.2.1 Graph construction

To build the graph, each node represents a sequence, and an edge
joins two nodes if the sequences can be considered similar. The
euclidean distance between the feature vectors is used to make this
measurement. If a feature does not really help to discriminate
between classes, it may worsen the performance of the classifier.
Therefore, it is important to pre-process the feature vectors to
properly weight each feature according to its prediction power. An
algorithm that has shown to improve results in classifiers that
are sensitive to distance function is the RELIEF-F algorithm
(Kononenko, 1994; Wettschereck et al., 1997). Furthermore, it is
computationally efficient and can be used for large volumes of data.
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It works as follows: starting with a vector of weights with m zeros,
for each example it searches for the closest same-class example and
the closest different-class example. Then, it increases the weights of
features that are similar to the same-class example and different to
the different-class example. Conversely, the weights of features that
are different to the same-class example or similar to the different-
class example are decreased. The result is called relevance vector
and has high values for the most discriminative features. If the rele-
vance of a feature is negative, it does not help to discriminate
between classes; therefore can be removed. The rest of the features
are scaled by their relevance score in order to give more weight to
the most discriminative ones.

For graph construction, a common choice is the k-nearest neigh-
bors (KNNs) algorithm, because it is simple, fast, memory-efficient,
and easily parallelizable. KNN constructs a similarity-weighted

matrix

— A ifx e K(x) and 44 >0
ay = { Bt Ixi = x| (1)

0 in other cases,

where x; is the feature vector corresponding to the i-th sequence,
K(x;) is the set of the KNNs of x;, and yu is the mean of the distances
between the connected sequences used to normalize the edge
weights.

2.2.2 Automatic search for negative examples

If only positive examples are provided, the graph adjacency matrix
can be used to label a set of sequences as negative. The key idea is to
randomly select some unlabeled sequences among the most dissimi-
lar from the positive examples. That way, the probability of incor-
rectly labeling a well-known pre-miRNA as a negative example will
be low. For that purpose, a measure of the similarity of each
sequence to the positive examples is calculated using the topological
distance. This similarity vector, called s, is defined +1 in the ele-
ments corresponding to positive examples. The unlabeled nodes are
initialized to 0. Then, an iterative method can be used to update the
similarities in s (see Algorithm 1). In each iteration and for every
node, the corresponding similarity of each neighbor is multiplied by
the corresponding edge weights that connect them. The maximum
value from the results obtained for each neighbors is then compared
with the current similarity value of the node. If it is higher, the simi-
larity value of the node is updated. When there are no more changes
in s, T sequences are sampled using p; = ¢!~ — 1 and labeled as
negative examples.

2.2.3 Estimation of the prediction scores

In the third step, the prediction scores are calculated by solving an
optimization problem (Joachims et al., 2003). As stated earlier, two
points should be considered: (i) the prediction scores must be topo-
logically smooth; and (ii) the predictions must be similar to the
known labels. To make prediction smooth, the square of the differ-
ences between the prediction scores of adjacent sequences is mini-
mized. A convenient representation for easily calculating these
differences is the normalized Laplacian graph (Shi and Malik,
2000), defined as L =1—D~Y2AD "2 where D is the degree
matrix defined as dj; = >",_ ai if i = j, and zero in other cases. The
Laplacian graph has a useful property for measuring the smoothness
of the solution. Suppose z € RN, with one prediction for each node
of the graph. Then,

'Lz =2"Iz — TD’I/ZTAD’”ZZ =

=Yrd-Yiyy '
o @

3 Y e T

This last expression shows that z” Lz measures the squared differ-
ence between predictions z; and z;, weighted by a;;. If sequences i
and j are similar, and thus a;; has a relative high value, any difference
between the two predictions will have a high cost. If there is no edge
connecting the two sequences, a; = 0 and the difference between
predictions is ignored. Furthermore, it should be noted that predic-
tions are weighted by the inverse of the square root of the node
degree. As a result, nodes with a small degree are considered as
important as highly connected nodes.

To minimize the inconsistency between predictions and well-
known labels, the squared difference between predictions and non-
zero labels in € is also required in the objective function. Therefore,
it has two terms: the first term measures the non-smoothness of the
solution using the normalized Laplacian matrix (unsupervised com-
ponent), and the second term is the squared difference between pre-
dictions and non-zero labels in £ (supervised component). To take
full advantage of the semi-supervised learning, there should not be
strong overlap between the classes to be separated. Nevertheless, if
this prerequisite is not fulfilled, the method behaves as any other
supervised method in the same conditions. If there is not any clear
separation, the first term of the objective function will not have any
sharp minimum. Therefore, the second term of the equation (the
supervised one) will lead the search. The full optimization problem
is defined as

arg min 2TLz+c(z—£)7C(z — )
‘ 3)

s.t. 271 =0,2Tz=n,

where the combination of both restrictions avoids trivial solutions.
In the first restriction, the sum of elements of z is required to be
zero; that is, the prediction labels need to have both negative and
positive values. The second restriction eliminates scaled versions of
the solution that, for our purpose, are all equivalent. The values ;
are set to 7, y_, or zero, depending on whether the i-th sequence is
a positive, a negative, or an unknown example, respectively. As the
objective function forces the values of z to be close to y, or y_, these
constants have to be defined such that the optimal solution z* be
able to satisfy both restrictions of the problem. If 7, and 7_ are the
true numbers of positive and negative nodes in the solution, defining
vy =+/n_/n; and y_ = —y/n,/n_ makes z* satisfy both restric-
tions. This can be observed by replacing z* in the restrictions and
assuming that this vector has 7, elements equal to y, and n_ equal
to y_. The numbers 7, and 7_ are usually unknown, but they can be
easily estimated from the training examples. If positive and negative
examples are provided for training, miRNAss will estimate 7. /n_
as the proportion of examples given. If there are only positive exam-
ples, 7, is estimated as twice the number of training sequences and
n_ =n—mny. This estimation could be improved using domain
knowledge that is, using the expected number of well-known
miRNAs for a given species; however, it is not necessary as
miRNAss is not sensitive to these parameters (see Supplementary
Fig. S1). Therefore, any value between the number of positive train-
ing sequences and four times this number can be used without
impact in performance. By default, twice the number of positive
training sequences is used as an intermediate value. The constant ¢

202 1dy B} U0 189NB Aq ££9222 /L ¥S//¥E/910IMe/SONeULIo}UIOIg/ W0 dNo"dIWapEedE//:SdNY Wolj papeojumoq


Deleted Text: k-nearest neighbor
Deleted Text: &hx2009;
Deleted Text: <italic>&hx2009;</italic>
Deleted Text: <italic>&hx2009;</italic>
Deleted Text: &hx2009;
Deleted Text: &hx2009;
Deleted Text: -
Deleted Text: ,
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx612#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx612#supplementary-data

Genome-wide pre-miRNA discovery from few labeled examples

545

in the objective function can be used to set the relative weight of the
second term compared with the first one. A large value of ¢ gives a
higher penalization to the misclassifications, pushing the prediction
scores to values similar to the non-zero labels £. Conversely, if a low
value of ¢ is used, the misclassifications are less penalized and the
first term dominates the objective function, thus producing a
smoother solution. Matrix C in the second term is a diagonal matrix
that is zero-valued in the elements corresponding to unknown
sequences. This way, the unlabeled sequences are ignored in this
term. In the non-zero elements (corresponding to the labeled exam-
ples), the value assigned allows different misclassification costs per
sequence. This weighting can be used, for example, to assign lower
values to pre-miRNAs that have not been experimentally validated
or that are unreliable negative examples. It can also be used to avoid
misclassification of labeled examples. In Section S2 (of the
Supplementary Material) it is proved that if C;; > (nny)/(cn_), mis-
classifying the i-th sequence will have a greater penalization than
any penalization in the not supervised term. Then, it cannot be mis-
classified. As a default value, the non-zero elements of C are set to 1,
for both positive and negative examples.

To solve this optimization problem, we first calculate the spec-
tral decomposition of the Laplacian L = ULUT. Next, we introduce
a new parameter vector w and replace z = Uw. Since the eigenvector
corresponding to the lowest eigenvalue is always constant, the first
constraint of the optimization problem becomes equivalent to
wy = 0. If we define V as the matrix with all the eigenvectors except
the first one, and H as the diagonal matrix with all eigenvalues
except the lowest one, we get the following optimization problem

argmin  wTHw + ¢(Vw — £)TC(Vw — £)
v (4)
s.t. wliw =n.

Defining Q = H+¢VTCV and b = c¢VTCe, this problem can be
rewritten as

arg min wlOQw + 26w + c£T Ce
¥ (%)

S.L. wlw = n,

where the last term can be dropped since it is constant. Using
Lagrange multipliers, the global minimum of this function occurs in
w' = (0 — Z*I)flb. Now, using the results of (Gander et al., 1989),
/% can be calculated as the lowest eigenvalue of

o -1
M= pb" : (6)
W @

*

From this solution, the predicted labels are calculated as z* = Vw*.

2.2.4 Thresholding the prediction scores

Given the high imbalances that are present in genome-wide data,
increasing the misclassification cost of the positive class is manda-
tory. Although matrix C can be used to assign different misclassifi-
cation costs in the optimization process, estimating the threshold to
be applied in z may be a more flexible and efficient method for max-
imizing a given performance measure. Since the prediction scores
are expected to rank sequences properly, thresholding the results of
the prediction scores is equivalent to classifying with weighted costs
(Mease et al., 2007). In addition, depending on the user’s needs, dif-
ferent performance measures may be selected for optimization after

the prediction scores are calculated.

A common assessment metric that is used in class imbalanced
problems is the geometric mean (G) of the sensitivity and the specif-
icity G = v/S+S- (Batuwita and Palade, 2009; Gudys et al., 2013),
where S* is the proportion of positive sequences correctly classified
as positive (sensitivity), and S~ is the proportion of negative sequen-
ces correctly predicted as negative (specificity). This measure has the
advantage of giving the same importance to both negative and posi-
tive classes, regardless of the number of elements in each class, and
it will be used for a fair comparison with previous method. A better
metric is the F-measure F; =2 PS* /(P 4+ S*), where P is the preci-
sion, that is, the proportion of true positives within the sequences
classified as positive. When F; is used for threshold optimization, it
gives a better P at the cost of a lower S*. Given the large class imbal-
ances in the pre-miRNA prediction problem, it is important to take
into account the number of false positives. Therefore, F; is a better
measure for this problem. To find a threshold, the prediction scores
obtained for labeled examples may be used to estimate the target
measure of performance. It should be pointed out that this is only an
estimation, since the unlabeled sequences cannot be used. For this
reason, between two consecutive labeled examples in z* increasingly
sorted by the estimated performance measure, there is a constant
region. If the number of labeled examples is low, these constant
regions can be relatively wide and cannot be neglected. Therefore,
the final threshold is set as the midpoint between the highest and the
lowest scores in z* which maximizes the performance measure (see
Supplementary Fig. S3). Once a prediction is made, new nodes can
be added to the labeled graph using fast algorithms to find the KNN
(Malkov et al., 2014). This allows making predictions over new
sequences or extract information from raw data by analyzing their
adjacencies (Chapelle et al., 2006).

3 Results and discussion

This section presents a set of experiments for testing the perform-
ance of miRNAss under different conditions. In the first subsection,
a group of experiments performed by other authors were reproduced
to compare miRNAss with state-of-the-art supervised methods
under controlled conditions. The negative sets were artificially
defined by the original authors and the proportion of labeled exam-
ples was very high. In the second subsection, the percentage of
labeled examples was gradually reduced so as to move a step closer
to a real pre-miRNA prediction task. Additionally, miRNAss was
tested in a one-class scheme, where no negative examples were
known in advance. In the last subsection, miRNAss was applied to a
real prediction task from genome-wide data, with no negative exam-
ples and only a low number of positive examples available. In this
case, there was a huge class imbalance and there were more than
one million input sequences to process.

3.1 Comparison on full labeled datasets

The experimental conditions in this section are the same than the
state-of-the-art methods used for comparisons. The objective meas-
ure used for threshold optimization in all methods was set to Fj.
Since datasets were designed for supervised learning, the majority of
sequences are artificially labeled for training, and only a 10% per-
centage is left unlabeled. Therefore, it is important to point out that
the main advantage of our semi-supervised method, which is
exploiting unlabeled data to improve results, remained unused here.
For a fair comparison, in these experiments the classifiers use the
same features. This set is composed by 7 features from miPred (Ng
and Mishra, 2007), plus 14 from microPred (Batuwita and Palade,
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Table 1. Time comparison between miRNAss and HuntMi

Number of Time

sequences comparison
Dataset Total miRNA  non-miRNA HuntMi miRNAss Speedup
Virus 1076 237 839 38s 1s 38.00
Arabidopsis 28590 231 28359 18195 129s 14.10
Human 82634 1406 81228 9873s 462s 21.37
Plants 117101 2172 114929 21561s 714s 30.19

Animals 225207 7053 218154 65762s 18345 35.85

2009) and 7 added by Gudys et al. (2013). For more details on the
feature set see Supplementary Material Section 4.

A stratified 10-fold cross-validation (CV) was run over five data-
sets against HuntMi (Gudys et al., 2013). The partitions were ran-
domly constructed using a fixed seed in order to have fully
reproducible experiments. Three datasets contained a mixture of
sequences from different species, which were grouped into animals
(10 species), plants (7 species), and viruses (29 species). The other
two datasets contained sequences from Homo sapiens and
Arabidopsis thaliana. The parameters used in miRNAss were the
same in all the tests: ¢ = 1 and k = 10 (for both RELIEF-F and graph
construction). MiRNAss was tested with and without RELIEF-F, to
measure its impact on performance. This feature weighting was cal-
culated for each fold, using the corresponding training partition.

The elapsed times measured (Intel Core i5-4460 CPU @
3.20 GHz, 8 GB of RAM) on each fold were averaged and are pre-
sented in Table 1. The first column shows the total number of
sequences. The second and third columns indicate the number of
pre-miRNA and non pre-miRNA sequences on each dataset. The
fourth and fifth columns present the elapsed times for each method.
The last column shows the times miRNAss was faster than HuntMi.
The greatest difference was observed in the smallest dataset (virus):
miRNAss was 38 times faster than HuntMi. The Arabidopsis is the
second smallest dataset, and here miRNAss was 14 times faster. In
the following three datasets, the computing time differences between
miRNAss and HuntMi increased as the number of sequences
increased. These results show that not only is miRNAss many times
faster but also that the difference becomes greater as the number of
sequences increases. Such differences are irrelevant in small datasets
like the ones used in this subsection, but they can be very important
in a real genome-wide prediction task, with several millions of
sequences. For example, the time needed to train HuntMi with a 1.7
million sequences (one of the genome-wide datasets used in Section
3.3) can be estimated to be 37 days, whereas miRNAss only requires
18 h.

Regarding prediction measures, both methods performed simi-
larly in this experiment. A Friedman test was applied (Friedman,
1937), resulting in a P-value of 0.179. This demonstrates that the
proposed method can obtain equivalent results to a state-of-the-art
method for the supervised setup, although in less time (as shown in
Table 1). Additionally, it was possible to verify that RELIEF-F
improved the results on all tests, although in some of them the dif-
ferences were small. This was expected, given that the features used
in these datasets are the result of previous processes of feature selec-
tion. A Friedman test on this comparison results in a P-value of
0.025, which proves that the differences are significant. More details
about these results can be seen in the Supplementary Figure SS5.
Another similar test with labeled data was conducted using
scrambled pre-miRNAs as negative examples, since this could easily

ola mmu  ~® HuntMi mtr e~ HuntMi
MicroPred PlantMIRNAPred
—8- miRNAss —# miRNAss

Fig. 4. Sensitivity obtained with several state-of-the-art classifiers in: (a) ani-
mal species, and (b) plant species. The distance of each point to the center
measures the sensitivity obtained on each species

solve the problem of scarce negative examples for the supervised
methods. The 1406 known pre-miRNAs from human were
scrambled to create 1406 artificial non-pre-miRNA examples for
training. Tests on human dataset had a low performance, with no
significant differences for HuntMi and miRNAss (P-value =
0.2059).

To test the capacity of miRNAss to predict novel pre-miRNAs in
different species, the well-known pre-miRNAs of animals and plants
that were included in mirBase v17 were used for training, and
the pre-miRNAs that were added in v18-19 were used for testing. In
the case of animal species, microPred (Batuwita and Palade, 2009)
was added for comparison purposes, since it was the best software
for human miRNA prediction at the time of its publication.
For plant species, the method added was PlantMiRNAPred (Xuan
et al., 2011), because it is specifically designed for plants. It
should be noted that, again, the percentage of unlabeled sequences
in the dataset is very low: less than 0.3% in animals and <1.3% in
plants.

The S* obtained on each species is shown in Figure 4, where
each classifier is mapped with a different color across a radar plot.
In the animals dataset, miRNAss outperformed microPred in almost
all the species. In the human dataset, miRNAss obtained higher $*
than microPred, which, as mentioned above, was specifically
designed for humans. When compared with HuntMi, miRNAss
obtained higher S* in four species, HuntMi produced better results
in four species, and the results obtained were the same in three spe-
cies. In plants, miRNAss outperformed PlantMiRNAPred in almost
all the species. When compared with HuntMi, miRNAss had a bet-
ter ST in eight species, while HuntMi slightly outperformed
miRNAss in only two species (Cucumis melo and Sorghum bicolor).
To analyze if there were significant differences between classifiers,
Nemenyi tests (Nemenyi, 1962) were conducted for animals and
plants datasets (P < 0.05). In animals species, HuntMi and
miRNAss produced equivalent results, but both performed better
than microPred. In plant species, miRNAss obtained the lowest rank
(the best) and a significant difference with PlantMiRNAPred; how-
ever, the difference with HuntMi was not statistically significant.

Supervised methods make extensive use of labeled data, not only
for training but also for finding the optimal hyper-parameters and
thresholds. On the contrary, miRNAss was built over the hypothesis
that labeled examples are scarce, unreliable, and not representative
of the whole class, which is actually a more realistic scenario for this
prediction task. Therefore, it should be noted that, even under these
disadvantageous conditions, miRNAss obtained significantly better
results than MicroPred and PlantMiRNAPred, and equivalent
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human arabidopsis
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Fig. 5. Curves of F; obtained by decreasing the percentage of labeled sequen-
ces. Shaded regions represent confidence intervals of the estimation with
local regression at P < 0.05

results to those produced by HuntMi, being, however, many times
faster.

3.2 Few labeled examples

In order to depict a more realistic scenario, in which the number of
known examples is very low, the five datasets used in the last tests
were sampled in a train-test validation scheme with a varying per-
centage of labeled sequences. The percentage of labeled examples
was reduced from 20 to 2%, with a step of 2%. The labeled exam-
ples were randomly selected and the tests were repeated 200 times
for each percentage to estimate confidence intervals. In the Figure 5,
curves of expected F; with confidence intervals of 0.05 were esti-
mated for comparison. In the human dataset, the F; is almost 10%
higher for miRNAss, regardless of the percentage of labeled sequen-
ces. In the Arabidopsis dataset, where the number of positive exam-
ples sequences was lower, the differences in favor of miRNAss were
the highest at the lower percentages of labeled examples, which indi-
cates that miRNAss can effectively identify the positive class
even with a very low number of labeled examples. The same
trends are observed in the animals, plants, and virus datasets (see
Supplementary Fig. S6). These results not only show that miRNAss
is capable of outperforming supervised methods when the number
of labeled examples is low, but also that the error rates estimated
using a high proportion of labeled examples are very different from
those obtained in more realistic scenarios.

A further step towards a more realistic prediction task consists in
using only positive examples. Under these conditions, miRNAss was
compared with miRank (Xu et al., 2008), which was designed to
work with an extremely small number of positive examples.
Datasets provided by the original author were used: 533 human pre-
miRNAs and 1000 non-miRNA sequences. To make a fair compari-
son, both method used the feature set of miRank. This set is com-
posed by 32 triplets (Xue ez al., 2005), normalized MFE, normalized
base pairing propensities of both arms and normalized loop length.
A varying number of positive examples (1, 2, 4, 8, 16, 32, 64 and
128) were labeled and the rest of the sequences were left unlabeled
in order to measure the error rates. As the results depend on a ran-
dom sampling of the sequences, this procedure was repeated 1000
times for each number of labeled examples. MiRank provides as
output a continuous score; therefore, the prediction scores obtained
with miRNAss were not thresholded. The area under the precision-
recall curve was calculated (AUCPR), since it takes all possible
thresholds into account (Bradley, 1997).

In this test, the 5% of the estimated 7_ is automatically labeled
by miRNAss as negative examples to initiate the algorithm. As it is
shown in the Supplementary Figure S1, miRNAss is not sensitive to
this parameter. Figure 6 presents a box plot with the distribution of

B3 MiRank
B3 miRNAss

075##TFTFF

0.00

128 64 32 16
Labeled examples

Fig. 6. Box plot of the areas under the curve obtained by miRNAss and
miRank, with a different number of positive training samples

AUCPR obtained by each classifier with a different number of
labeled examples. MiRNAss maintained an almost constant
AUCPR, irrespective of the number of labeled pre-miRNAs, while
the performance of miRank decreased markedly. In addition, the
values of AUCPR for miRNAss showed a little dispersion compared
with miRank, which becomes very unstable when the number of
labeled examples decreases. This instability may be produced by
positive examples that are close to the frontier of the class, causing
miRank to fail to set the decision boundary. The semi-supervised
miRNAss algorithm correctly found the low-density regions that
separate miRNAs from the rest of the sequences, regardless of the
examples provided.

3.3 Real prediction in whole genomes

MiRNAss was tested with the genome-wide data of three well-
known genomes: A. thaliana, Caenorbabditis elegans and Anopheles
gambiae, to reproduce all the conditions of a real prediction task.
Previous works tested methods on genome-wide data from single
species (Adai et al., 2005; Bentwich et al., 2005; Billoud et al., 2014;
Huang et al., 2007; Lai et al., 2003), but in this study we have proc-
essed three complete genomes and made all genome-wide datasets
available for testing machine learning methods in pre-miRNAs
prediction. The whole genomes were processed to extract all the
existing stem-loops. For this purpose, all the chromosomes and
mitochondrial genes were split in 600-nt-long windows, with a 100-
nt overlap. The secondary structure of these sequences was predicted
with RNAfold (Lorenz et al., 2011). Then, all stem loops of at least
60nt in length and 16 matched base pairs found in these structures
were pruned and saved, taking care of deleting duplicated cases.
This process left a total of 1356616 stem-loops of A. thaliana;
1698859 stem-loops of C. elegans; and 4276 188 stem-loops of A.
gambiae. BLAST (Camacho et al., 2009) was used to match all the
well-known pre-miRNAs annotated in mirBase v21 with the
extracted stem-loops. This defined a total of 304, 249 and 66 hair-
pins as positive set for A. thaliana, C. elegans, A. gambiae, respec-
tively. Two sets of features were extracted from the three genomes.
The first one (FS1) is the same used in Section 3.1, to make a fair
comparison with one of the methods. The second feature set (FS2) is
an extended set composed by almost all features proposed for pre-
miRNA prediction in literature. FS2 was calculated with miRNAfe
(Yones et al., 2015) and each feature vector resulted in 79 elements.
For more details on the feature sets see Supplementary Material
Section S4. A 10-fold CV scheme was used to measure miRNAss
performance with averaged ROC curves.

Many pre-miRNA prediction algorithms were tested on these
datasets to compare their performance with miRNAss. We have
tried eleven predictors, but most of them failed with genome-wide
data or their servers are not working. The only five predictors that

202 1dY B} U0 18aNB A ££9222 /L ¥S/b/1E/910IME/SOeULIOUIOIq/ W0 dNo"dlWapEedE//:SdNY Wolj papeojumoq


Deleted Text: &hx0025;
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx612#supplementary-data
Deleted Text: ,
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx612#supplementary-data
Deleted Text: <italic>rabidopsis</italic>
Deleted Text: ; Bentwich <italic>et<?A3B2 show $146#?>al.</italic>, 2005; Adai <italic>et<?A3B2 show $146#?>al.</italic>, 2005; Huang <italic>et<?A3B2 show $146#?>al.</italic>, 2007; Billoud <italic>et<?A3B2 show $146#?>al.</italic>, 2014
Deleted Text: &hx2009;
Deleted Text: , 
Deleted Text: , 
Deleted Text: , 
Deleted Text: , 
Deleted Text: ,
Deleted Text: ,
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx612#supplementary-data
Deleted Text: cross-validation (
Deleted Text: )

548

C.Yones et al.

Arabidopsis thaliana

Caenorhabditis elegans

Anopheles gambiae

e 2 | 2 |
- rident - fent - HuntMi
o o o
S 7 S 7 S 7
o
s
°
2 < | < | < |
‘B o o o
3
8
o
2
£ 4 <« 3
g o 7 S 7 S 7
g
]
g
<
o | ~ | — miRNAss FS1
< °© ° — miRNAss FS2
miRPara
= miR-BAG
o o o
= = = — HHMMIR
T T T T T T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

False positive rate

False positive rate

Fig. 7. ROC curves for comparisons with state-of-the-art methods on genome-wide data from three species. The points show the performance achieved by meth-

ods that only return hard class assignments

could be used for these comparisons were HuntMi, Mirident (Liu
et al., 2012), HHMMiR (Kadri et al., 2009), MiRPara (Wu et al.,
2011) and miR-BAG (Jha ez al., 2012). The first two methods pro-
duce hard class assignments (not scores), and that is why they
are points in ROC figures. Instead, since MiRPara, miR-BAG,
HHMMIR and miRNAss provide a score for each sequence, com-
plete ROC curves can be drawn. MiR-BAG was not run on A. thali-
ana because it does not provide a model for plants. The output
scores obtained with this method can only take four possible values,
therefore, the ROC curves have straight lines. These results can be
seen in Figure 7. In the A. thaliana genome, it can be seen that the
miRNAss ROC curves are above miRPara and HHMMIR curves for
all threshold values. It should be noted that Mirident, in spite of
having the highest true positive rate (sensitivity), it also has the high-
est false positive rate. HuntMi is more balanced, having a high true
positive recognition and a moderate number of false positives.
Anyway, it is below miRNAss with both feature sets. In the C. ele-
gans genome, a similar analysis can be done for HuntMi and
Mirident. In this dataset, miR-BAG generates a ROC curve similar
to the curve of MiRPara, both below the rest of the curves.
HHMMIR presents a better performance than these methods, but
again it is outperformed by miRNAss. In the case of the A. gambiae
genome, performance of miRNAss with FS1 is more distant to the
FS2. MiR-BAG and HHMMIiR generate a curve similar to the
obtained by miRNAss with FS2, far below the one obtained with
FS1. The ROC curve with FS1 shows that, in the upper left corner,
miRNAss can provide the best balance between sensitivity and false
positive rate. In fact, this is nearly an ideal ROC curve.

Finally, as a summary of the comparative analysis, Table 2
presents more results of practical interest. The same methods and
species of Figure 7 are here analyzed according to global perform-
ance and the total number of candidates that each method returns
using their default threshold values, that is, the sum of true positives
and false positives (TPFP). It can be seen that miRNAss outperforms
all the methods in the three genomes. Mirident is the method with
the lowest performance, for all species. This is because it labels as
positive almost all examples, which is reflected in a very high sensi-
tivity, but without practical utility given the number of candidates
provided. MiR-BAG has a better but still poor performance in both
species. HHMMIiR and miRPara predict very few candidates, with
high specificity at the cost of a very low sensitivity. HuntMi, instead,
allows obtaining more balanced results, with the second best per-
formance. However, for example in A. gambiae, it returns a number
of false positives more than five times higher than those returned by
miRNAss.

Table 2. Geometric mean of sensitivity and specificity (G) and TPFP
on the three whole genome test

A. thaliana C. elegans A. gambiae

Classifier ~TPFP G TPFP G TPFP G

Mirident 1294648 22.05% 1617221 21.29% 4068431 21.86%
miR-BAG —_ — 375011 63.14% 495231 57.62%
miRPara 2755 47.95% 11712 53.79% 283232 72.48%
HHMMIiR 45104 69.07% 40318 73.29% 91093 74.07%
HuntMi 173906 84.00% 462203 82.00% 1456590 80.20%
MiRNAss 134369 84.82% 164557 87.61% 258096 93.34%

The best score is highlighted in bold.

These results allow us to state that miRNAss outperforms super-
vised methods in a realistic classification setup. Artificially defined
negative examples are used to train supervised models and, since
these examples are not representative of the vast diversity of the neg-
ative class, the models fail to discard non-miRNA sequences cor-
rectly. In contrast, miRNAss can better take advantage of the very
large number of unlabeled sequences to more tightly fit the decision
boundary around the pre-miRNAs, discarding the rest of the
sequences.

4 Conclusions

In this study, we presented a new pre-miRNA prediction method
called miRNAss, which uses a semi-supervised approach to face the
problem of scarce and unreliable training samples. The experiments
conducted in a forced supervised setup showed that miRNAss can
achieve the classification rates of the best state-of-the-art methods in
standard CV tests, in shorter times. The proposed method was also
tested under conditions that are closer to a real prediction task,
where the number of labeled sequences is decreased. In these tests,
miRNAss clearly outperformed the best available state-of-the-art
supervised method, producing better results than a method that was
specially designed to work under these conditions. The automatic
search for negative examples proved to work well. The final test
over all the stem-loops of three genomes using two different sets of
features raises many important considerations. First of all, miRNAss
widely outperforms the classification rates of supervised approaches.
In addition, miRNAss proved to be efficient and scalable for han-
dling over four million sequences. The results on this test also
proved an important hypothesis made at the beginning of this study:
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the negative examples that are used to train many state-of-the-art
prediction methods are not representative of the whole non-miRNA
class. Although those methods achieved very high error rates in CV
tests with an artificially defined negative class, the performance falls
when they have to face the wide range of sequences that can be
found in any genome. In contrast, miRNAss automatically searches
for a wide variety of negative examples to initiate the algorithm.
Then, miRNAss strives to take advantage of the distribution of unla-
beled samples. As a result, it is capable of fitting tight decision boun-
daries around the pre-miRNAs using only a few positive examples.
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