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Abstract

miRNAs are small endogenous non-coding RNA molecules that have a critical function in

suppressing genes and they also correlate with many diseases and cancers. Due to the impor-

tance of their effects in several cell activities, discovering their mechanisms is an important

task. Because the functionality of miRNAs tightly connected to the way they recognize their

targets miRNA target prediction has received a lot of attentions in research. Despite that,

most of current methods suffer from high false positive rates and they are not able to provide

much insight to the actual process of miRNA targeting.

In this dissertation, we present two novel approaches aimed at addressing existing issues

in miRNA target prediction; one approach to improve false positive rate and the other to

substantiate multiple hypotheses pertaining to biological mechanism of miRNA targeting

and to provide insight into the actual mechanism. To address the first issue, we present

Correlation Graph model that captures nucleotide correlations between miRNA sequence

and the target. This model makes it possible to characterize nucleotide correlations other

than Watson-Crick base pairings between two parts of the duplex. We designed an SVM

based algorithm and tested our model on human data and it achieved a sensitivity of 86%

with a false positive rate below 13% which is a significant performance improvement in



comparison to the state-of-the-art methods miRanda and RNAhybrid.

The second part of this dissertation addresses the issue of understanding the mechanism

of miRNA targeting. It contains a multi-hypothesis learner algorithm that utilizes features

collected from literature pertaining to the mechanisms of targeting. These features enable the

algorithm to partition data in a way very relevant to the biological features. The algorithm

uses these partitions to learn multiple hypotheses. Our evaluations on human and mouse

datasets show our method has comparable performance to that of high performance classifiers

such as RandomForest. Moreover, feature selection on the resulting partitions confirms that

the partitioning mechanism is compatible with biological mechanisms. These partitions could

be used for further in vivo experiments to verify the currently proposed targeting approaches

and to discover the new mechanisms.

Index words: miRNA target prediction, miRNA, Machine Learning, Graph Modeling,
Feature selection, Re-sampling
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Chapter 1

Introduction

In the last two decades, several hundred genes in mammalians and plants have been discov-

ered that contain a double-stranded RNA consisting of 60-80 nucleotides, called precursor-

microRNA (pre-miRNA). Pre-miRNAs form a hair-pin structure, which are cleaved by Dicer

after being transferred from nucleus to the cytoplasm. Mature miRNAs, or simply miRNAs,

are about 22 nucleotides length RNAs made from pre-miRNAs [7].

miRNA genes compose about 1%-2% of genes in eukaryotes [34]. miRNAs have been

correlated with many critical cell processes such as proliferation, differentiation, cell death,

growth control, and developmental timing. Therefore, discovering their functions is very

important [4].

1.1 miRNA Functionality Mechanism

miRNAs are thought to down-regulate the translation of messenger RNAs (mRNAs). Their

mechanism to regulate a gene includes complementarity binding to the 3'-untranslated re-

gions (3'-UTR) of the mRNA. This binding is complete in plants and partial in mammalians

[5]. Their mechanism for regulating genes is either through inhibiting translation of messen-

ger or cleaving the targeted gene [32, 17]. The exact mechanism of regulating repression is

not fully understood yet [32].

Binding between miRNA and mRNA gene prevents ribosomes from becoming associated

with the mRNAs, which blocks protein production by suppressing protein synthesis and/or

1



by initiating mRNA degradation [32]. Since most target sites on the mammalians mRNA

have only partial base complementarity with their corresponding miRNA, each miRNA may

potentially target about 300 to 400 different mRNAs [72]. In addition, each mRNA gene

may have multiple binding sites for different miRNAs.

1.2 miRNA Functionality Study

The study of miRNA functionality relies heavily on the identification of their targeted genes

and the location of site on the target gene. In spite of their significance, only about 1000

human miRNA target genes have been recognized in vivo. In comparison to the potential

number of human gene targets, mechanisms of most of miRNAs are still poorly understood

[77].

Using in vivo methods to recognize targets are very slow and costly; therefore it cannot be

the only source of miRNA target identification. This drawback of experimental methods can

potentially be remedied by computational and bioinformatics methods. In the last decade

dozens of algorithms, with a variety of approaches and techniques have been developed [75].

These methods are either specific for a few species or general for any species; Methods for

vertebrates are TargetScan and TargetScanS [48, 46], miRanda [20, 34], DIANA-microT [39]

and RNAhybrid [63] for flies. Some of general tools are miTarget [38] and MicroInspector

[68].

1.3 miRNA Target Prediction Is Difficult

Interaction of miRNA and mRNAs is a complex and largely unknown phenomenon and

researchers believe that just complementary sequence matching of miRNA and mRNAs may

not enough for target recognition. This problem can be even worse in vertebrates as they

do not have continuous binding and perfect base pairing in the duplex between miRNA and

target site. This makes computational prediction of miRNA targets a challenging task in

2



vertebrates causing almost all computational methods suffer from high false positive rate.

1.4 Current Approaches

To address this problem, one approach is to include more parameters such as UTR sequence

context, free energy of complexes, and evolutionarily related sequence comparison. The

idea for the later one, is that orthologous sequences of miRNA target sites are conserved in

evolutionarily distant species such as human, mouse or fish. Friedman et al. proposed that

conserved miRNAs have preserved sites in most of mammalian targets [24]. However, there

are two main critics to this approach. One, some conserved 3'-UTR might have a number

of non-conserved target sites. Second, there is a huge number of non-conserved miRNAs,

which indicates this method does not work.

Another approach is to feed computational methods with better and more comprehensive

datasets. This happens in light of the emergence of more advanced sequencing technologies

and high throughput experimental methods. Data driven methods, which mainly are based

on machine learning and statistical methods, could also be improved by development of more

accurate algorithms.

1.5 Data Set Selection

To choose our dataset, we searched for an experimentally validated and well-known database.

mirTarBase [30] with first release on 2010 and second on 2014, have been cited more than 600

times to date. mirTarBase contains more than three hundred and sixty thousand miRNA-

target pairs for about twenty species, such as human, mouse, rat, chicken, etc. Pairs are

selected from articles manually and with systematic text processing methods. Experimen-

tal methods used in articles for finding targets include iPAR-CLIP, PAR-CLIP, CLASH,

HITS-CLIP, reporter assay, qRT-PCR, western blot, microarray, next-generation sequenc-

ing experiments, pSILAC and others. mirTarBase may be the most up-to-date resource for

3



miRNA targets [29].

1.6 Contribution of The Dissertation

In this dissertation, we address two challenges regarding the miRNA target prediction prob-

lem, i.e, high false positive rate and lack of understanding of mechanism of miRNA targeting.

We present two novel approaches; one is Correlation Graph model that aims to improve false

positive rate and the other approach to learn multiple hypotheses pertaining to the biolog-

ical mechanism of targeting. The goal of this research is to provide insight into the actual

mechanism, in addition to improving prediction performance.

1.7 Dissertation Outline

We first review some preliminary terminologies in Chapter 2. In Chapter 3, we introduce

Correlation Graph model, which is a bipartite graph to characterize interactions across two

sequences miRNA and target. This model aims to capture nucleotide correlations beyond

RNA secondary structure base-pairs. The graph is used as input to an SVM model which,

together with a re-sampling approach, boosts the performance of the model. Chapter 4

introduces our Multi-hypothesis learner algorithm. The algorithm is designed for the cases

that there are several underlying and unknown hypotheses to be learned according to the

several patterns of the data. Moreover, we selected features from biology literature which

exist in different mechanisms of miRNA targeting. Given the fact that current hypotheses

for targeting are not well descriptive, it is expected that our model could help clarifying and

verifying the proposed ideas. In addition, the sequences provided by the model (which do

not correlate with proposed mechanisms) could be utilized for lab experiments to discover

new targeting methods. Chapter 5 concludes the dissertation.
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Chapter 2

Preliminaries

2.1 RNA

RNAs (Ribonucleic Acids) are biomolecules that are composed of nucleotides. Nucleotides

are building blocks of nucleic acids, which are in four types; Adenine (A), Guanine (G),

Cytosine (C), and Uracil (U) [61]. DNA, RNA and proteins are fundamental and vital

molecules for majority of living cells on the planet [35]. DNA sequences contain information

about the cell development and it's function. RNAs carry the information to biological

machines inside cell which produce proteins based on the RNA information. Here is an

example of an RNA sequence:

UGGGAUGAGGUAGUAGGUUGUAUAGUUUUAGGGUC

2.2 Base-pair

A nucleotide can interact and bind to other nucleotides through their chemical bonds, in such

a case, the two nucleotides form a pair, called base − pair. Pairing of A to U, C to G and

vice versa are called Watson−Crick base-pairs. Nucleotide G can bind to U to form Wobble

base-pair. Watson-Crick base-pairs are shown with a line connecting nucleotides, while for

Wobble base-pairs they are shown by a colon ∶, on the other words they are denoted with

A-U, C-G, G:U and vice versa. Figure 2.1 illustrates base-pairs within a sequence structure.

Watson-Crick and Wobble base-pairs are called canonical base-pairs. However, in vivo
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Figure 2.1: Secondary structure of an RNA sequence composed of stems and loops. It has
been created by RNAfold web-server.

nucleotides can pair with each other in all possible 16 combinations of these four nucleotides

A, C, G and U. Those other base-pairs beyond the canonical ones are named non−canonicals.

2.3 Hierarchy of RNA Structures

RNA structures are studied in three levels of abstractions: primary, secondary and tertiary.

Representation of a sequence, as a list of bases, is called primary structure. Base-pairs make a

sequence to fold over itself and represent additional information about the molecule related

to the sequence. If we allow just canonical base-pairs, the structure is called secondary

structure which contains loops and stems.

An stem is the part of structure with stacked base-pairs: i.e. adjacent base-pairs forming

a ladder shape. A loop is a subsequence that none of its bases is part of a base-pair [18]. An

example of secondary structure is depicted at figure 2.1.

In vivo, an RNA molecule forms a complex 3D shape. To model such a structure canonical
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base-pairs are not enough and we need to consider non-canonical interactions. The structure

of a sequence containing possible canonical and non-canonical interactions, is called tertiary

structure.

2.4 Minimum Free Energy (MFE)

Based on the second law of thermodynamics, closed systems tend to reach to an equilibrium

form which has minimum internal energy or so called Minimum Free Energy (MFE) [57]. It

is believed that a structure with minimum free energy is in stable state. The minimum free

energy structure of a sequence is the structure with the lowest value of Gibbs free energy;

and it is the most likely structure in theory and necessarily it is not the structure that is

formed in nature [23].

2.5 MicroRNA (miRNA)

MicroRNAs or miRNAs are small non-coding RNA molecules with about 22 nucleotides

which regulate genes in mammalians, plants and some viruses [58]. They bind and interact

with mRNAs to control proteins generated from the information in mRNAs, in other words

they regulate genes.

2.6 mRNA

Messenger RNAs (mRNAs) are RNA molecules that contain genetic information from DNA

to convey to the ribosomal RNA (rRNA), the protein-manufacturing machinery. The ribo-

some structure generates proteins based on the information from mRNA sequence [56].
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CUAUCCUAGAAGCCCCUGGGC

||| | | | | |

CAUUCGAUCCUAGGGGACCCC

seed

5’

5’

3’

3’

Figure 2.2: miRNA Seed; the eight consecutive nucleotides from second index starting on
5'side of the miRNA sequence is called seed.

2.7 miRNA Target and miRNA Duplex

miRNA sequence could bind through complementary base-pairs over several locations on

mRNA sequence. The subsequence of mRNA that a miRNA binds over is called the miRNA

target or miRNA target site. In this dissertation both terms are used interchangeably and

equivalently. When miRNA binds to a target site, they form a duplex, namedmiRNAduplex.

2.8 miRNA Seed

Eight consecutive nucleotides from position 2 to 9 on 5'end of the miRNA sequence is called

seed (Figure 2.2) [48]. Biologists believe that the process of binding start from seed part of

a miRNA [69]. When the binding in seed region is continuous and it is about 6 to 8 base-

pairs, it is called a canonical seed, otherwise it is called non-canonical [51]. Seed binding is

considered as the most important identifier for miRNA targets in mammals [62].

2.9 Current computational methods and algorithms

The early computational methods for target recognition were rule based, using a set of dis-

criminative rules derived from experimental and biological knowledge, such as MFE, duplex

8



binding pattern or target accessibility [77]. Some popular rule based tools are RNAhybrid

[63], TargetScan [48] and miRanda [20, 34]. In the last several years, data driven meth-

ods became popular due to advances in sequencing technology and emergence of relevant

data sets. These methods use sophisticated machine learning and statistical models to learn

more discriminative features for target identification [77]. Some of data driven methods are

TargetSpy [72], miRanda-mirSVR [9] and Avishkar [26].

In the last decade many research on animal's miRNA target prediction has been con-

ducted and a variety of statistical models such as Bayesian networks, hidden Markov models

and machine learning approaches have been applied, yet benchmark evaluations show they

have mediocre performances [16].

2.10 Tools and Programs Referred In This Dissertation

2.10.1 miRanda

miRanda is a program that detects potential miRNA target sites for a given miRNA sequence

and an mRNA sequence. Potential targets could be discriminated by two scoring values

provided by the tool; one is a minimum free energy value and the other is the miRanda

score. While the lower minimum free energy is a better identifier of targets, for the miRanda

score the higher is the stronger evidence for the target. Usually targets have a miRanda

score between 100 to 140 and beyond. The program outputs a list of potential candidates

sorted in descending order by miRanda score. Choosing some cut-off thresholds in program

options could shorten this list for large mRNA sequences [59].

2.10.2 RNAfold

RNAfold is a program that calculates the minimum free energy secondary structures for

a given RNA sequence. It has the ability to predict the secondary structure of several
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sequences; the structures are printed in dot − bracket notations. Pairing brackets show

nucleotides interacting with each other and a dot means the corresponding nucleotide does

not pair with any other bases. It is a very renown, powerful and flexible tool for RNA

secondary prediction. With a "constraints" input file, one can set certain conditions to

restrict some bases from interacting with others or with specific locations of the sequence.

Similarly, the user can force some nucleotides to pair and let the program to predict the

rest of structure. RNAfold can print out the structure in PostScript format too, given the

appropriate argument options [65].

2.10.3 RNAcofold

It is a variation of RNAfold which predicts the secondary structure of two RNA sequences as

a dimer structure. These sequences must be concatenated by the separator character "&".

The output options are similar to that of RNAfold [64].

2.10.4 RNAhybrid

RNAybrid finds the minimum free energy hybridization structure of a short and a long RNA

sequences. To do so, RNAhybrid finds the subsequence of the long RNA to unwrap its

hydrogen bonds, and let the short sequence to bind on the subsequence, such that the whole

structure reach to the lowest possible energy. The main purpose of this program is to predict

miRNA targets on a mRNA [41, 66].

2.11 Performance Evaluation methods and metrics

The problem of miRNA target prediction is a binary classification question. In other words

for a sample containing a pair of miRNA and a candidate sequence as target we are interested

to know if they bind or not, i.e. if the sample is labeled positive or negative. For evaluation

of a binary classification method usually two parameters sensitivity and specificity are used.
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2.11.1 Sensitivity and Specificity

Sensitivity also called the true positive rate, the probability of detection [71] or recall, is

the percentage of correctly predicted positives out of total number of available positives.

Specificity, also called the true negative rate as well, represents the proportion of negatives

correctly predicted as such, from the set of all available negatives in the evaluation set.

For some bioinformatics problems, such as miRNA target prediction two other parame-

ters also are used: the false positive rate and false negative rate. The former represents the

number of cases predicted as target while lab experiments reject them, and the latter mea-

sures the ratio of targets exist in vivo, which could not be predicted by the computational

method. In search for all potential targets for a given miRNA, having higher sensitivity and

tolerating larger false positive rate are preferred. On other hand, increasing specificity could

be helpful to check miRNAs regulating a single gene[53].

2.11.2 MCC (Matthews correlation coefficient)

MCC is used to measure the quality of a binary classifier and it can be used for very im-

balanced two-class datasets. The MCC is the correlation coefficient between observed and

predicted labels and it is a real value between −1 to +1. A value +1 means a perfect predic-

tion. On the other hand, −1 implies that the prediction method works completely in reverse:

all positives are predicted as negative and all negatives is labeled as positive. An MCC = 0

means the classifier is as good as random labeling of the evaluation set [55].

2.11.3 ROC (Receiver Operating Characteristic) Curve

ROC curve is a graphical plot that illustrates the performance of a binary classifier when

the separating threshold is varied. As depicted in figure 2.3, the vertical axis for the curve is

true positive rate versus the horizontal axis is false positive rate. These axes are also labeled

as sensitivity or recall versus (1-specificity). It is used for comparing the performance of
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Figure 2.3: ROC (Receiver Operating Characteristic) Curve, a graphical plot illustrating the
performance of a binary classifier in terms of true positive rate as a function of false positive
rate.

several classifiers while the discriminating threshold varies identically for all of them [42].

2.11.4 AUC

AUC is the abbreviation for Area Under the Curve of ROC. As true positive rate and

false positive rate, range from 0 to 1, then the maximum AUC is 1 for a perfect predictor;

a classifier with true positive rate one and zero false positive rate. An AUC value 0.5

implies a random classifier and any value < 0.5 shows that predictor works with some degree

of disagreement with the observed labels. AUC = 0 means a total disagreement between

predicted and observed labels [67].

2.12 Graph and Bipartite Graphs

In graph theory, graphs are represented as G = (V,E), where V is the set of vertices and

E is the set of edges connecting vertices. A graph is simple when there is no such an edge
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connecting a node to itself [15]. A simple graph G = (V,E) is a bipartite graph if E ⊆ V1×V2

where V1 ∪ V2 = V and V1 ∩ V2 = ∅. The bipartite graph G is weighted if every edge is

associated with a numerical weight ω ∶ E → R [11].

2.13 Machine Learning

Machine learning is the subfield of computer science that enables computers to do some jobs

without explicitly programmed. In the past decade, machine learning has found its way

to many research areas such as pattern recognition, image processing, speech recognition,

self-driving cars and bioinformatics [43]. There are two types of learning: Supervised and

Unsupervised.

2.13.1 Supervised Learning

Supervised learning is the task of calculating a function from labeled training data. In other

words, we have a set of samples which each sample is a vector of characteristics plus a label.

The supervised learning is about to learn a function that predicts the sample label based on

the characteristics. Some of the popular supervised learning algorithms are Support vector

machines (SVM), RandomForests, Artificial Neural Network (ANN), Decision Tree Learner,

Nave Bayes Classifier and etc [44].

2.13.2 Unsupervised Learning

Unsupervised Learners are types of machine learning algorithms aim to draw inferences

from a training dataset which samples are not labeled. The major method for unsupervised

learning is clustering and as examples of algorithms in this category, one can refer to K-Means

algorithm, Hierarchical clustering, Hidden Markov models and so on [45].
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2.13.3 Kernel Function

Generally, and in introductory level of machine learning, it is assumed that all samples

have a fixed-size feature vector. In reality we may face problems that samples could not be

represented by a fixed length of features, for example when samples are molecular structures,

protein sequences or evolutionary trees. One approach to solve this problem is using some

functions, so called KernelFunction, to map these variable length samples into a space with

a fixed dimension [60].

Another application of kernel functions is when a classifier such as SVM cannot find an

appropriate hyperplane hypothesis to separate classes. In such a case, a kernel function

could be used to transfer the data into higher dimensions so that the hyperplane with decent

performance could be calculated with the SVM tool [70]. A commonly used kernel with

SVMs is RBF (Radial Basis Function) [36].
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Chapter 3

ACCURATE PREDICTION OF HUMAN

MIRNA TARGETS VIA GRAPH

MODELING OF MIRNA-TARGET

DUPLEX1

1M. Mohebbi, L. Ding, R. L. Malmberg, C. Momany, K. Rasheed and L. Cai. Submitted to Journal of
Bioinformatics and Computational Biology, 04/19/2017.
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Abstract

miRNAs are involved in many critical cellular activities through binding to their

mRNA targets, e.g., in cell proliferation, differentiation, death, growth control, and

developmental timing. Accurate prediction of miRNA targets can assist efficient ex-

perimental investigations on the functional roles of miRNAs. The prediction, however,

remains a challenge task due to the lack of experimental data about the tertiary struc-

ture of miRNA-target binding duplexes. In particular, correlations of nucleotides in

the binding duplexes may not be limited to the canonical Watson Crick base pairs

as they have been perceived; methods based on secondary structure prediction (typi-

cally minimum free energy) have only had mix success. In this work, we characterized

miRNA binding duplexes with a graph model to capture the correlations between pairs

of nucleotides on a miRNA and its target sequences. We developed machine learning al-

gorithms to train the graph model to predict the target sites of miRNAs. In particular,

because imbalance between positive and negative samples can significantly deteriorate

the performance of machine learning methods, we designed a novel method to re-sample

available dataset to produce more informative data the learning process.

We evaluated our model and miRNA target prediction method on human miR-

NAs and target data obtained from mirTarBase, a database of experimentally veri-

fied miRNA-target interactions. The performance of our method in target prediction

achieved a sensitivity of 86% with a false positive rate below 13%. In comparison with

the state-of-the-art methods miRanda and RNAhybrid on the test data, our method

outperforms both of them by a significant margin.

The source codes, test sets and model files all are available at

http://rna-informatics.uga.edu/?f=software&p=GraB-miTarget.

3.1 Introduction

In the last two decades, several hundred genes have been characterized that contain a double-

strand RNA of length 60-80 nucleotides, called precursor-microRNA (pre-miRNA). Mature
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miRNAs, or simply miRNAs, are about 22 nucleotides long RNAs made from pre-miRNAs

[50]. miRNAs have been found to be involved in a number of critical cellular processes

such as proliferation, differentiation, cell death, growth control and developmental timing.

Therefore discovering their functions is very important [31].

miRNAs are believed to down-regulate the translation of messenger RNAs (mRNAs).

Their mechanism to regulate a gene, includes complementarity binding to the 3'-untranslated

regions (3'-UTR) of the mRNA. This binding is complete in plants and partial in mammals

[6]. Their mechanism for regulating genes is either through inhibiting translation of messen-

ger or cleaving the targeted gene [40]. Binding between miRNA and mRNA gene prevents

ribosomes from becoming associated with the mRNAs, blocking protein production by sup-

pressing protein synthesis and/or by initiating mRNA degradation [22]. Since most target

sites on the mammal’s mRNAs have only partial base complementarity with their corre-

sponding miRNA, each miRNA may potentially target about 300 to 400 different mRNAs

[72]. In addition, each mRNA gene may have multiple binding sites for different miRNAs.

In contrasts to the potential number of human gene targets, the functions of most miR-

NAs are still poorly understood. The study of miRNA functionality relies heavily on the

identification of their targeted genes and the location of the binding site on the target gene.

In spite of their significance, only about 1000 human miRNA target genes have been verified

in vivo [77]. In vivo methods to recognize targets are very slow and costly; therefore they

cannot be the only source of miRNA target identification. This drawback of experimen-

tal methods can potentially be covered by computational and bioinformatics methods. In

particular, in the last decade dozens of algorithms, with a variety of approaches and tech-

niques, have been developed. These methods are either specific for a few species or general

for any species. For example, methods for vertebrates include TargetScan [1], miRanda

[10], DIANA-microT [54], and RNAhybrid [63], while general tools for broader groups of

organisms include miTarget [38] and PITA [37].

Due to the lack of a full understanding of the biological process and mechanism in miRNA
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functioning, the state-of-the-art computational methods for miRNA target prediction have

largely been data-driven and machine learning based, with such representative tools as Tar-

getSpy [72], miRanda-mirSVR [9], and Avishkar [26]. This is indeed the case for organisms

like vertebrates where non-continuous bindings and non-perfect base-pairings between miR-

NAs and mRNA targets have often been found. Rules for such binding patterns remain

elusive. Though sophisticated machine learning techniques have been adopted with the goal

to overcome the difficulty of deterministic rules, these previous methods for miRNA target

prediction usually yield false positive rates much higher than expected.

Without doubt, the quality of modeling based on machine learning relies heavily on avail-

ability of pertinent data, typically positive and negative samples for classification. As more

and more efforts have been invested in miRNA research, the knowledge about miRNA and

their targets has grown dramatically. For example, mirTarBase [30] is an experimentally val-

idated miRNA target database that contains more than 360,000 miRNA-target interactions

for 18 species (including human), these duplexes are natural candidates for positive samples.

On the other hand, however, negative samples usually are not directly available. In theory,

any stretch other than the real target of an appropriate length in the 3'-UTR of a targeted

mRNA gene may be considered a negative target of the corresponding miRNA. The previous

work has mostly chosen sequences as negative targets which were randomly sampled in this

manner.

We have analyzed all such negatives for each positive target sample from mirTarBase in

terms of minimum free energy (MFE) and the number of canonical base pairs in the involved

secondary structure. Our study reveals a serious issue with such negative samples which

may explain the under-performance of the previous methods in miRNA target prediction.

Figures 3.1 and 3.2, respectively, show the distribution of MFE and the number of canonical

base pairs for the secondary structure of all negatives versus positives. These data show

that random selection of negatives is more prone toward selecting negatives with a higher

MFE or a fewer number of canonical base pairs involved. Such sequences are easier to be
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Figure 3.1: Minimum free energy (MFE) distribution of positive samples vs. all possible
negative samples. Positive samples are experimentally verified target sites from MirTarBase
and negative samples are all other locations on the corresponding mRNA sequences which do
not bind to a miRNA. MFE of binding duplex of miRNA sequence and a site were computed
by RNAcofold. The large overlap percentage of positive and negative samples demonstrates
the limit of MFE based methods for miRNA target prediction.
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Figure 3.2: Number of BPs (Base-Pair) distribution for positive samples vs. all possible neg-
ative samples. Positive samples are real target sites from MirTarBase and negative samples
are non-binding locations on corresponding mRNAs. For a given miRNA and site sequence,
RNAcofold predicts secondary structure of binding. The number of BPs in secondary struc-
ture of a binding were counted for real targets and non-binding sites. Overlap of positive
and negative bars shows the limitation of current secondary structure prediction methods
for target prediction.
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Figure 3.3: A result of miRanda on experimentally verified human target sites (from Mir-
TarBase) and non-binding locations on corresponding mRNAs. A large overlap of scores for
positive and negative sites shows that miRanda can also suffer from high false positive rate
on an experimental dataset.

distinguished from positives; we call such negative samples easy negatives. Nevertheless,

there are negatives with MFE and patterns of canonical base pairs much more similar to a

positive sample. Such samples prove very difficult to be distinguished from positive samples

as shown by the previous miRNA target prediction methods based on MFE or binding

pattern of miRNA-target duplex. We call such samples hard negatives. These hard negatives

have caused the previous methods to yield high false positive rates. For example, Figure

3.3 shows a large overlap of miRanda [10] scores between positive and negative samples.

Negative samples contributing to this overlap region apparently deteriorate the performance

of the prediction methods.

The computational prediction of miRNA targets in vertebrates is challenging due to the

non-continuous binding and non-perfect base-pairing in the duplex between a miRNA and its

mRNA target. It is likely the reason that almost all computational methods suffer from high
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false positive rate. The emergence of more advanced sequencing techniques, and therefore

better related data sets, along with recent advances in machine learning methods, could lead

to the development of more accurate algorithms.

The early computational methods for target recognition were rule based, i.e., they had

a set of discriminative rules derived from experimental and biological knowledge, such as

minimum free energy (MFE), duplex binding pattern, or target accessibility. Some popular

rule based tools are RNAhybrid, TargetScan, and miRanda. In the last several years, in light

of emerging relevant data sets, data driven methods became popular. These methods use

sophisticated machine learning and statistical models to learn more discriminative features

for target identification [77]. TargetSpy [72], miRanda-mirSVR [9] and Avishkar [26].

In this work, we introduce a new machine learning based method for accurate prediction

of human miRNA targets. This method consists of two novel components: the identification

of more informative, hard negative miRNA-target duplex samples and the extraction of

more relevant features from experimentally validated samples for machine learning. We

demonstrate that these strategies make it possible to yield effective prediction of human

miRNA targets with a performance exceeding those of the state-of-the-art methods by a

significant margin.

3.2 The Method and Model

Our method for target prediction for human miRNA is based machine learning where both

positive and negative samples are used to construct an effective model for the duplex between

miRNAs and their targets. In particular, our method has two main novel components:

negative sample identification and a graphical model for the duplex, upon which an effective

machine learning algorithm can be developed for miRNA target prediction.
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3.2.1 Identification of Hard Negatives

We established our dataset based on mirTarBase [30], an experimentally validated miRNA

target database. First released in 2010 and second in 2014, mirTarBase contains more

than 360,000 miRNA-target duplexes for 18 species. Duplexes were selected from research

publications via manual curation as well as systematic text processing methods. mirTarBase

may be the most up-to-date resource for miRNA targets and it has been cited more than 600

times to date. We extracted 3,684 experimentally supported human miRNA-target duplexes

whose secondary structures have been provided in research articles. Such duplexes were

selected as positive samples for our machine learning method.

Negative samples are not directly available from miTarbase. Based on our analyses in the

previous section, we have developed a novel method to generate effective negative samples.

Theoretically, any stretch of an appropriate length other than the real target in the 3'-UTR

of a targeted mRNA gene can be considered a negative target of the corresponding miRNA.

In most previous work, such negative targets were sampled randomly. To develop a more ef-

fective way for identifying negative samples, we analyzed all such negatives for each positive

target sample for MFE and the number of canonical base pairs of the involved secondary

structure. Figures 3.1 and 3.2, respectively, show the distribution of MFE and the number

of canonical base pairs for the secondary structure of all negatives versus positives. These

data show that random selection of negatives is more prone toward selecting negatives with

a higher MFE or a lesser number of canonical base pairs, which are easier to be distinguished

from positives. We call such negative samples easy negatives. Nevertheless, there are nega-

tives with MFE and patterns of canonical base pairs more similar to a positive sample. Such

samples prove very difficult for target prediction methods based on MFE or binding pattern

of duplex to distinguish from positive targets. We call such samples hard negatives. These

hard negatives cause rule-based methods, such as miRanda, to have high false positive rates.

Figure 3.3 shows a large overlap of miRanda scores between positive and negative samples.
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Negative samples related to this overlap deteriorate the performance of miRanda on the

current dataset. Our work has strived to include hard negatives as well as easy negatives.

Hard negatives are very important for two reasons. First, from a machine learning point of

view, more information can be learned from hard negative samples that appear similar to a

positive sample than from those easy negatives that are drastically different from positives.

Second, hard negatives have resulted in high false positive rates for most of the rule based

methods that use MFE or canonical base pair binding patterns for target identification.

Figures 3.1 and 3.2 suggest that more features are necessary and feature selections can

benefit greatly from hard negatives.

We define sequence dissimilarity between a positive target P and a negative site N of

the same length randomly sampled from the 3'-UTR of the corresponding targeted mRNA

gene such that P ∩N = ∅. In particular, formula (3.1) defines the dissimilarity as a weighted

distance function DIFF(P,N), where pi and ni are the ith nucleotide in P and N respectively,

1 ≤ i ≤ ∣P ∣, and the value of diff(pi, ni) is 1 if pi = ni, otherwise it is 0. The weight value

wi is the probability that the ith nucleotide in an miRNA target sequence is involved in a

canonical base pair. The DIFF function measures how different is the given negative site

from the positive site. Negative sites with lower DIFF values are harder to distinguish from

a positive site; they are hard negatives while easy negatives are those with high DIFF value.

The distribution of DIFF function values is shown in Figure 3.4. It shows the reason that

random selection of negatives might not be the best strategy, because easy negatives have a

much higher chance to be selected.

DIFF(P,N) =
∣P ∣

∑
i=1

diff(pi, ni) ×wi (3.1)

To ensure that harder negatives are also properly included for training purposes, we sort

all negative samples by the non-decreasing order of their DIFF values with the corresponding

positive target samples. The DIFF values are then partitioned into I intervals, where integer

I is a chosen parameter, with the intervals being indexed by k = 0,1, . . . , I − 1. Let N be the
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Figure 3.4: Distribution of DIFF values between the negative targets and the corresponding
positive targets. The negative samples were obtained based on the method introduced in
section II.A. This is a normal distribution with mean of 6.05 and standard deviation of 1.93.
We define hard negatives as those with 2 standard deviations away from the mean value.

number of negative samples per positive target site. To ensure to learn from all variety of

negatives, we choose at least two samples from every interval. The rest of (N −2×I) negative

samples are chosen by the Power Law distribution from the I intervals, with (N −2×I)/(4+k)

being the number of negative samples chosen from the interval with index k. This selection

approach favors hard negatives, i.e., those with lower DIFF values (with their corresponding

positives).

3.2.2 Correlation Graph Model

Our method exploits the informational data of experimentally validated miRNA-target du-

plexes to extract features correlations between nucleotides across a miRNA and its target.

The seed of a miRNA consists of the nucleotides 2-9 from the 5’ end of the miRNA [1]. It

is believed that the process of nucleotide binding between the miRNA and its mRNA target
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Figure 3.5: The correlation graph model for miRNA-target duplex: Each vertex represent a
nucleotide on miRNA or target site. Vertices are increasingly indexed from 5' to 3' for the
miRNA sequence and increasingly from 3' to 5' for the target site sequence. Vertices with
the same index in miRNA and target site, are across from each other. Each nucleotide i on
miRNA has edges to all nucleotides from i − 5 to i + 5 on target site to model all possible
interactions including Watson-Crick, wobble, and other tertiary interactions.

starts from the 3’ end of the target sequence [69]. When the binding in the seed region is

continuous for 6 to 8 bps, it is called a canonical seed; otherwise it is called non-canonical

[51]. Though the seed binding is considered the most important identifier for miRNA targets

in mammals [62], in our study we consider correlations that occur not just in the seed region

but also in all other regions across a miRNA and its target.

A simple graph G = (V,E) is a bipartite graph if E ⊆ V1 × V2 where V1 ∪ V2 = V and

V1 ∩ V2 = ∅. The bipartite graph G is weighted if every edge is associated with a numerical

weight ω ∶ E → R.

Definition A correlation graph model for miRNA target duplex is a weight bipartite graph

G = (V1 ∪ V2,E) in which V1 = {v1, . . . , vn} and V2 = {u1, . . . , um} such that vertices in V1

represent nucleotides in the miRNA sequence, indexed increasingly from the 5’ side, and

vertices in V2 represent nucleotides in the mRNA target site sequence, indexed increasingly

from the 3’ side. In addition, edges (vi, uj) ∈ E for every i and j that satisfy i− 5 ≤ j ≤ i+ 5.

We also generalize the notion of correlation graph to a profile correlation graph model

in which we associate every edge (vi, uj) with a probability distribution P (i, j), instead of a
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single value, between the ith nucleotide of a miRNA and the jth nucleotide of a target of the

miRNA. Technically, such a probability distribution can be calculated from any set of duplex

samples of interest, and it can be represented as a 4×4 matrix, detailing the joint probability

between every pair of the 4 nucleotide A, C, G, and U which may occur simultaneously in the

position i of the miRNA and position j of the target.

For any specific set of miRNA-target duplex samples, a profile correlation graph model

can be built for training a support vector machine (SVM) classifier that will predict target

sites for given miRNAs. In particular, for a pair (g, s), of a known miRNA g and an unknown

sequence s, a correlation graph Gg,s can be constructed in which the weight of every edge

(vi, uj) is drawn from the probability distribution of the corresponding edge in the profile

correlation graph. Then Gg,s will be evaluated by the SVM and s be predicted as either a

putative target site or otherwise. In the next section, we will describe the method in detail.

3.2.3 A SVM-Based Method

We developed a machine learning method for effective miRNA target prediction based on the

technique of support vector machine (SVM). We used the LibSVM package [13] and chose

RBF (Radial Basis Function) as the kernel function for its performance over others. Two

parameters γ and C need to be decided: γ is a kernel parameter and C is a cost parameter

for training. A large C results in a high performance on the training set and low on the test

set. By reducing C, we can generalize the model to improve performance on unseen data. To

find the best γ and C, we did a grid search [8] over these two parameters; as recommended in

the LibSVM manual, increasing C and γ exponentially leads to better parameter estimation.

We searched for Cx by x, starting from -5 with step +2 until 15 and for γy with y starting

from 3 step -2 and end -15. The optimum C and γ for each class of training sets are shown

in the table 3.1. With γ and C chosen, we trained a support vector regression (SVR) model

and then chose a threshold T , optimum for a false positive rate < 20 and the highest possible

recall rate.

27



3.2.4 Duplex Classification

We classified miRNA-target duplexes by their seed binding patterns. Recall that the seed of

an miRNA consists of nucleotides 2-9 from the 5’ end of the miRNA. A seed binding pattern

between the miRNA and its target refers to the pattern of the nucleotide interactions within

this region of 8 bps across the miRNA and the target. It is a canonical seed if and only if

the binding contains at least 6 contiguous canonical bps.

For duplexes containing canonical seeds, they can be classified into a minimally sufficient

set of six classes, which provide better recall and specificity for target recognition than the

previous prediction algorithms, as the earlier works considered seeds with length just seven

or eight to improve their performance [19]. Based on this classification, we obtained six

classes of duplexes with canonical seeds.

For duplexes with non-canonical seeds, i.e., seeds with patterns of fewer than 6 contiguous

canonical bps, we created the following classes. One class for duplexes of seeds with just

one mismatch bp in the binding region. For other duplexes of seeds with more than one

mismatch bp, we used the k-mean clustering algorithm [3] to classify them into another six

classes. The size of each of these classes is between 200 to 500 positive samples. For each

positive sample we have ten negatives for training, therefore training dataset for each class

has a size between 2200 to 5500 samples. Training time was about between 5 to 17 hours on

a Red Hat 4.8.2-7 server with 4 Intel Quad core X5550 Xeon Processors, 2.66GHz8M Cache

and 70GB Memory. In total, we divided our dataset into 13 classes. Figure 3.6 shows the

size distribution of positive duplex samples among the 13 classes.

In developing the k-mean based cluster algorithm, we represented each seed binding

structure with an eight dimensional binary vector. Each dimension of such a vector is either

zero or one, representing a canonical binding base pair or a mismatch in the corresponding
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Figure 3.6: Distribution of class sizes of experimentally validated miRNA target sites in the
13 classes, where the classes indexed from 0 to 5 are of canonical seeds, class 6 is non-canonical
with just one mismatch in the seed and the rest are non-canonicals with ≥ 2 mismatches.
The classes are the result of a k-mean clustering algorithm, with total 3,684 of samples.

position. The distance function between two such vectors X and Y is defined as

DistLPz(X,Y ) = (
8

∑
i=1

(xi − yi)z)
1
z

(3.2)

For the k-mean clustering algorithm, the parameter z is often chosen with the value of 2

for the general distance function in LP-spaces (see formula 3.2); z = 2 does not necessarily

work well in other dimensions than three, and surprisingly, some fractional values for z can

work better for classification purposes, depending on the data distribution [2]. To identify

the best parameter z for classifying our dataset, we examined values of z from 0.1 with step

0.1 up to 10. We defined the following heuristic scoring function (formula 3.3) between two
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clusters C0 and C1 based on every examined value of z,

Clustering scr(C0,C1) =DistLPz(c0, c1) − (r0 + r1) (3.3)

where c0 and c1 are the centers of two clusters C0 and C1, respectively, and r0 and r1 are the

radius of C0 and C1, respectively. Based on this objective function, the optimum value for z

is identified as 0.4 for the merge of classes 10 and 12. Therefore, our classification uses the

distance function DistLP0.4 .

3.3 Data and Tests

From mirTarBase, duplexes whose secondary structures have been provided in research ar-

ticles were selected as positive samples for our machine learning method. In each class of

miRNA-target duplexes, we partitioned positive samples into two sets; randomly we chose

80% of positive samples for training and the other 20% of positive samples for testing. We

generated negative samples for training and for testing in different ways. Specifically, we

generated negative samples for training according to the new technique we introduced in

Section 3.2 to achieve more informative learning. Negative samples for testing were chosen

randomly for performance evaluation.

To train an SVM model better, we used kernel functions to prepare data suitable to be

separated by a hyperplane. For our data, the RBF kernel function has the best results in

comparison to other kernel functions. For a kernel function to work the best, we identified

parameters γ and C such that the pipeline of RBF and SVM has the best performance in

training phase. To achieve this, we did a 10-fold cross validation on the training set.

We did a grid search for parameters γ and C in each class; Table 3.1 shows the optimum

parameter values for all 13 classes of duplexes. These parameter values were used to train an

SVR with all training data in each class. The reason for using SVR is to control sensitivity

and specificity by a chosen threshold. We evaluated our test data on these trained SVRs.
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Table 3.1: Optimal values of γ and C, and training accuracy for each of the 13 classes.

Class γ C Training
No. Accuracy
0 0.0000 32768 94.43
1 0.0000 32768 94.43
2 0.0000 2048 96.83
3 0.0000 8192 96.73
4 0.0000 32768 97.18
5 0.0000 2048 98.17
6 0.0000 8192 94.53
7 0.0020 8 93.09
8 0.0020 2 91.61
9 0.0020 8 91.49
10 0.0020 8 92.25
11 0.0000 2048 94.33
12 0.0020 2 92.31

Since the output of such an SVR is a single real value in the interval [0,1], a threshold value

T is needed for it to decide if a sample is positive or negative based on the output value of

the SVR which may be above or below the threshold T .

In our initial test, we chose the threshold T such that the false positive rate is below 20%

and with the sensitivity percentage being maximized on test sets in each class. Figure 3.7

shows sensitivity, specificity and MCC for the 13 classes on chosen threshold for each class,

and the averaged performance of all classes. In particular, the performance of our model

for all classes, except classes 10 and 12, was very decent with the sensitivity (> 71%), the

specificity (> 80%), and the MCC (> 35%).

Then we conducted the second test. For the two classes, 10 and 12, with a slightly low

performance, we merged them and re-clustered them into two in LP space with parameter

z=0.4, i.e. LP0.4. We did parameter search and training in these two new classes and the

performance was improved. In Figure 3.8 we see the performance of previous classification,

i.e., LP2 versus new classification with LP0.4. There are improvements in both of classes

10 and 12. These two classes contain samples that could not be clustered correctly by
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Figure 3.7: Initial test performance (sensitivity, specificity, accuracy and MCC values) for
each of the 13 classes. From left to right are classes 0, 1, . . . , 12, where the patterns of seed
binding are shown for the first classes 0-6, with class 6 having one mismatch (marked with
X and it can be everywhere across the seed). Threshold T for every class is also shown. The
rightmost is the average over all classes.
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Figure 3.8: Performance improvement with LP0.4 in the second test. Classes 10 and 12
include samples that k-mean algorithm could not classify them correctly with default distance
function in LP2 space. We reclassified these samples with distance function in LP0.4 space.
The improved results show that the new classification of classes 10 and 12 is more suitable.

LP2. Mapping these samples to space LP0.4 enables us to cluster them better based on our

objective function formula 3.3. The improved performance confirms the correctness of our

objective function.

We then replaced the previous classification of classes 10 and 12 with the new ones to

compute the final overall performance shown in Figure 3.9. The improved performance on

all classes has sensitivity 86%, specificity 87%, accuracy 87% and MCC 53%.

To compare our results with the state of the art methods, we ran miRanda and RNAhy-

brid [41] on the test set that we have drawn from [30]. The latter is a free energy based tool

for target prediction in long mRNAs. These programs are renown packages that their bina-

ries or source codes could be downloaded and run locally. Analyses of the test set by these

methods shows some large overlaps between positive and negative samples for RNAhybrid

MFE in Figure 3.12. The overlaps for miRanda energy in Figure 3.11 and miRanda score

in Figure 3.10 are similar to those in figures 3.1 and 3.3 respectively. The magnitude of

33



Figure 3.9: Performance improvement for each of the 13 classes, where classes 10 and 12
were obtained with distance function in LP0.4 space. Notations are the same as in Figure 3.7.

these overlaps can result in low Area Under the Curve (AUC) in Table 3.2 for RNAhybrid

MFE, miRanda MFE, and miRanda score. Our method surpasses these approaches with

high margins, in terms of AUC. The reason for this significant improvement is, in addition

to the novel ideas we used, that our method is data driven and the other two are rule based

methods. Comparing data driven target prediction tools were not possible because either

their entire training dataset and source codes were not available or they have been trained

based on different sets of data and features, other than merely miRNA and target sequences.

3.4 Discussion

While most of miRNA target prediction tools have a false positive rate 30% to 40% and

a recent work by [26] has a performance of 20% false positive rate and 70% sensitivity,

our results on mirTarBase outperform current tools with a false positive rate of 13% and
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Figure 3.10: We evaluated the performance of miRanda on test sets. This graph shows the
distribution of miRanda score for positive samples vs. negative samples. There is a signifi-
cant overlap between positive and negative bars, showing that any miRanda score threshold
chosen to separate positives from negatives, either suffers in specificity or sensitivity.
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Figure 3.11: When using miRanda for miRNA target prediction the user needs to determine
two thresholds; one for miRanda score and the other for its MFE. In Fig. S 2 we showed
we can’t have a threshold for miRanda score to maintain both high sensitivity and high
specificity. This graph demonstrates that an MFE threshold can not improve sensitivity and
specificity at the same time.
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Figure 3.12: RNAHybrid MFE (Minimum Free Energy) distribution of positive samples
vs. all possible negative samples in test sets. Positive samples are experimentally verified
target sites while negative samples are all other locations on mRNA sequences which are
not target sites. The MFE of binding duplex of miRNA sequence and a site were computed
by RNAHybrid. The huge overlap of positive and negative samples demonstrates why MFE
based target recognition methods have high false positive rate.

Table 3.2: Area Under the Curve (AUC) of our method vs. RNAhybrid MFE, miRanda MFE
and miRanda (miR.) score per class, and on average. Total test set size is 7,370 samples.

Class Our RNAhyb. miRanda miR. Test set
No. Method MFE MFE score size
0 0.98 0.53 0.5 0.55 154
1 0.98 0.53 0.5 0.55 121
2 0.81 0.52 0.53 0.49 399
3 0.97 0.44 0.43 0.53 433
4 0.81 0.52 0.5 0.5 494
5 0.92 0.52 0.48 0.46 509
6 0.9 0.44 0.44 0.5 532
7 0.83 0.51 0.54 0.5 596
8 0.87 0.49 0.5 0.49 641
9 0.86 0.5 0.49 0.5 652
10 0.97 0.53 0.54 0.5 878
11 0.98 0.43 0.43 0.52 943
12 0.99 0.49 0.5 0.52 1018
Average
AUC 0.92 0.5 0.5 0.5
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sensitivity of 86%. There are a couple of reasons for the better performance of our model;

first, we did a fine grain classification, which divides the database into 13 classes. Having a

good classification enables us to cluster and group samples which have the highest similarity

to each other, therefore machine learning tools can learn the parameters for such a class with

higher performance. Second, we developed a new way for selecting the most difficult negatives

to maximize learning, while most of other data driven methods perform a random selection

for choosing couple of negatives from all possibilities of negatives. Finally, our bipartite

graph model, helps the SVM to learn more and converge faster by providing background

information about the positive sample set in each class. Each sample has enough information

to tell the SVM how far is this sample from the background distribution of positives in its

class. Without our graph model and in most of other data driven works on target prediction,

such information is not encoded in each sample; it would be difficult for a machine learning

tool to figure out the distance of each sample from the background distribution except with

hundreds of training iterations.

To predict targets for unseen given miRNA and mRNA sequences, the following steps

need to be taken in the order; (1) Scan over mRNA with a window of length equal to

miRNA length. (2) For each new pair of miRNA and the sequence under window, find out

the class to which the pair belongs; To do so, one might use RNAcofold [27] to predict

the secondary structure of duplex and use the seed binding pattern to determine its class

and the corresponding model. (3) When the pair of sequences and its class are known, our

program builds its bipartite weighted graph and prints out the vector of graph features. (4)

We have a training model file for each class. We give the vector of features from step 3 and

corresponding model file to LibSVM predict in LibSVM package and it gives us an score.

(5) By comparing the score in previous step and the class threshold in Figure 3.7 we can

decide if the pair contains a target or not.

For the known miRNAs targets that we used to build our models, their secondary struc-

tures were predicted by RNAcofold. When a new and unknown sample is evaluated, we use
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the same secondary structure prediction tool, therefore it will fall in the same class as if it

were among the known and training samples.

3.5 Conclusion

miRNAs are small RNA sequences which regulate genes, and have important and diverse

functions. As a result, miRNA studies and specifically miRNA target prediction received

a lot of attention and many computational algorithms has been developed in the last two

decades. One main issue with these methods has been the high false positive rate. We

introduce the Correlation Graph, a bipartite graph to model any correlation between two

sequences, including tertiary interactions.

To evaluate the Correlation Graph, we used mirTarBase, a widely used and experimen-

tally verified database of miRNAs and their target genes. Our result shows a significant

reduction in false positives due to the novel negative selection strategy, graph model, and

machine learning approach.
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Abstract

MicroRNAs (miRNAs) are small non-coding RNAs that play a key role in regulating

genes and in many cell activities such as proliferation, differentiation, cell death and

growth control. Dysfunction of cells in these tasks is correlated with the development

of several kinds of cancer. The functionality of miRNAs depends on the location of

their binding to the miRNA targets, therefore miRNA target prediction received a

lot of attention for research in the last several years. Despite that, the underlying

process of how they recognize their targets on mRNA genes is poorly understood.

Computationally many machine learning methods have been applied on this problem

and some might have high performance on recognizing the targets, yet none of them

could give insight about different mechanisms for targeting. In this paper, we introduce

an algorithm that simultaneously learns multiple hypotheses for miRNA binding and

partitions the data accordingly. This multi-hypothesis learner not only improve the

performance but also provides subsets of training data very related to each hypothesis,

such that they could be used to discover new pathways in miRNA targeting. We

exploited biologically meaningful features for predicting targets, to help our algorithm

build hypotheses which can correlate with target recognition pathways.

Our results show that the algorithm can provide comparable performance to the

state-of-the-art machine learning tools such as RandomForest in predicting miRNA

binding sites. Moreover, feature selection on the partitions provided by our method,

confirms that the partitioning mechanism is compatible with biological pathways of

miRNA targeting. The resulting data partitions could be used for in vivo experiments

to aid in discovery of the targeting mechanisms.

4.1 INTRODUCTION

MicroRNAs (miRNAs) are short RNA sequences of length 22 nucleotides that inhibit mRNA

gene expressions. They perform as a guide to bind the RISC complex to the sequence specific

locations on mRNA genes to silence them [1]. These specific locations are called target sites
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and discovering the functionality of each miRNA depends on recognition of its target sites.

MiRNAs can control many critical cell processes such as proliferation, differentiation, cell

death, growth control and developmental timing [49]. Dysfunction of miRNAs could lead to

tumor development and cancer in organs such as lung, brain, colon and breast in addition

to causing hematopoietic cancers [33].

Despite the importance of miRNAs the detailed mechanism of miRNA target binding is

poorly known. Lab experiments for finding targets are very slow and costly, therefore there

is a huge demand for computational approaches. In the last decade dozens of algorithms,

with a variety of approaches and techniques, have been developed. These methods are either

specific for a few species or general for any kind. Methods for vertebrates are TargetScan

and TargetScanS [48, 46], miRanda [21, 34], DIANA-microT [39] and for flies RNAhybrid

[63]. Some general tools are miTarget [38] and MicroInspector [68].

The early computational approaches for target recognition were rule based, i.e., they had

a set of discriminative rules derived from experimental and biological knowledge, such as

MFE (Minimum Free Energy), duplex binding pattern, or target accessibility. Some popular

rule based tools are RNAhybrid, TargetScan, and miRanda. In the last several years, con-

sidering the emerging relevant data sets, data driven methods have become popular. These

methods use sophisticated machine learning and statistical models to learn more discrimina-

tive features for target identification [77]. Some of popular data driven tools are TargetSpy

[72], miRanda-mirSVR [9] and Avishkar [26]. Almost all computational methods suffer from

a high false positive rate. The innovation of more advanced sequencing techniques, and

therefore more precise data sets, along with recent advances in machine learning methods,

could lead to the development of more accurate algorithms.

The miRNA targeting process is not completely understood and biologists are especially

interested in approaches that could give insights about the mechanisms of target recognition.

Recent experimental studies of miRNA targeting reveal that there are multiple and different

pathways and mechanisms for this process, while the earlier belief was merely based on seed
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match of miRNA and target site sequences [14]. Currently, it is not even explicitly clear

how many different and exclusive pathways guide miRNA targeting, therefore any research

to compute models corresponding to biological hypothesis about targeting mechanism are

highly demanded. Some machine learning techniques such as Bagging and Boosting or

Random Forest aim to learn multiple hypotheses from the input data, but they do not

provide any clue to check if these hypotheses are biologically meaningful or not.

In this work, we introduce a multi-hypothesis learning algorithm that not only improves

the performance of a set of classifiers on miRNA targeting data by learning multiple hy-

potheses, but it also partitions the dataset per these learned models. These partitions could

be analyzed to find miRNA target duplexes belong to the currently known targeting mecha-

nisms. Moreover, data partitions not related to known mechanisms could be studied in vivo

to discover new targeting pathways. We also expect that a meaningful partitioning of our

dataset and learning a different hypothesis for each partition, could lead to a better overall

performance. Our evaluations on human and mouse data shows that the multi-hypothesis

learner can improve the performance of current state-of-the-art classifiers by a large margin.

4.2 DATA SETS

The success of data driven methods critically relies on the quality of the data. To build the

most accurate models and the most realistic evaluations, we stablished our data based on

mirTarBase [30], one of the most up-to-date data sets and the most referenced resource for

miRNA target prediction research. mirTarBase contains more than 360,000 experimentally

validated miRNA-target duplexes for 18 different species. We are interested in comparing

this approach with both human and mouse records.

From mirTarBase, human and mouse miRNA-target duplexes were extracted whose sec-

ondary structures have been provided in research articles. Such duplexes were selected as

positive samples for our machine learning method. However, negative samples are not di-
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rectly available. Theoretically, any stretch of an appropriate length other than the real target

in the 3'-UTR of a targeted mRNA gene can be considered a negative target of the corre-

sponding miRNA. We randomly selected ten locations in the 3'-UTR of a targeted mRNA

gene to pick up the negative samples for each positive sample with a ratio of ten to one.

Each sample is a pair of miRNA sequence of length 22 and a site sequence of length 25 which

is real target site for positive samples or a negative site that is not a target for the miRNA.

4.2.1 Test set and Training set

We have one training set and two tests. The human dataset is split 80% to 20% into the

training set and human test set. All mouse data composes our second test set. In the human

data extracted from mirTarBase, there are 322 unique miRNAs, 3651 target site sequences

and 3722 pairs of miRNA and target sites. On average, each miRNA has > 10 targets sites. If

we randomly select Test set samples from whole database, the odds of having many miRNAs

in both test and training sets is high. To avoid such overlaps and to have the most reliable

test set, we indexed pairs of miRNA and target sites by miRNA sequence. In addition, to

make a test set having similar distribution to that of the whole dataset, we sort samples by

miRNA sequences, put four consecutive (based on the sorting order) miRNA sequences and

all their target and non-target sites in the training set, then one miRNA sequence and all its

targets and non-targets into human test set and so on. In this way and in terms of miRNA

sequence, not only do the human test set and training set have no overlaps but also the test

set has very similar distribution to that of the whole database. Both test sets and training

sets have ratio of 1:10 for positive vs. negative. The human test set is composed of 6127

samples (557 positives vs. 5570 negatives), and the total size of the mouse test set is 517.
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4.3 THE MODEL AND METHOD

In this section, we explain a feature selection approach which not only is more efficient for

miRNA targeting than data mining features selection methods, but also it is biologically

meaningful too. Data mining algorithms could not be applied directly on this problem

because each sample composed of sequences of miRNA and target, and miRNA sequence

is identical among its positive(s) and its negative samples. Hence when we ran Weka [76],

a data mining package, to extract features, all miRNA sequence nucleotides were excluded

from selected features set. To cope with this problem, features must be defined based on

correlations of miRNA and target nucleotides rather than merely on sequences of nucleotides.

In addition, and to incorporate biological knowledge of miRNA targeting, we extract features

from secondary structure of a duplex associated to a sample.

RNAfold [52] is a widely used secondary structure prediction tool for RNA sequences

and molecules. It is a general tool and was customized in this work for miRNA and tar-

get duplexes. Based on the biology of miRNA targeting, sequences of miRNA and target

sites should not make base-pairs with themselves but with the other sequence. In general,

RNAfold could predict structures in which miRNA or target site sequences might bind to

themselves. To avoid this problem, and include information about in vivo process of miRNA

target binding, we tuned RNAfold to predict the structure of duplex based on rules we

collected from biological literature explaining the actual mechanisms of miRNA targeting.

The seed of an miRNA consists of the nucleotides number 2 to 9 from the 5' end of the

miRNA [48]. It is believed that the process of nucleotide binding between the miRNA and its

mRNA target starts from this part [69]. When the binding in the seed region is continuous

for 6 to 8 bps, it is called a canonical seed; otherwise it is called non-canonical [51]. Though

the seed binding is considered the most important identifier for miRNA targets in mammals

[62], a recent study shows it is not the only pathway for miRNA targeting [14]. To have a

more comprehensive model, we consider correlations that occur not just in the seed region
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but also in all other regions across a miRNA and its target.

4.3.1 RNAfold customization and feature selection

RNAfold for one given biomolecule sequence of nucleotides predicts the most stable secondary

structure of the molecule. To use it for predicting miRNA and target site duplexes, we

concatenate miRNA and target site sequences with a subsequence of length four ‘X’s in

between. This sequence of length four is the shortest sequence that does not change the

overall minimum free energy of the structure based on our experiments.

RNAfold can have a constraints file as an input parameter, to enforce the structure pre-

diction process to occur based on a user's domain knowledge. Here we set these constraints

for the miRNA targeting mechanism, to include rules for base-pairs which biologically ex-

pected to happen in seed, and rules prohibiting miRNA nucleotides from binding to miRNA

itself. Similarly, there are rules avoiding target site sequence to bind over itself. We apply all

these rules for duplexes with canonical seeds, while releasing seed base pairing constraints

for non-canonical seeds.

Biological experiments and in vivo methods reveals several pathways for miRNA target-

ing [14]. The earliest discovered and the most dominant method of targeting is based on

seed matching [47, 24]. In this mechanism, miRNA carried by Argonaute protein makes

initial base pairs in the seed area. These bindings open the groove of Argonaut molecule to

accommodate the target site [69]. To customize RNAfold for predicting duplexes in a similar

fashion, we align the seed part of miRNA with nucleotides 2 to 8 from 3' side of target and

pair these bases that can match to each other mutually; i.e. Adenine (A) to Uracil (U),

Cytosine (C) to Guanine (G), Guanine to Uracil and vice versa.

The secondary structure predicted by RNAfold, is a list of base pairs between nucleotides

in miRNA and target site. These base pairing features are nominal features, to convert

them to numerical values while maintaining their independence, we code them with One-

hot-encoding (OHE) approach [73]. Biologically there is no significance ordering among six
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different base pairs, to keep this independence, we encode each matching base pair with one

bit, totaling six bits, and one extra bit for mismatches or no base pairs. One and only one

of these seven bits is hot or one at a time. In addition, we have two integer values indicating

size of bulges on miRNA and on target site, adjacent to each nucleotide. These values are

zero if there is no bulge in the structure pertaining to the current nucleotide. In total there

are 9 features per each miRNA nucleotide.

Experimental studies on human miRNA targets show Adenine is a very frequent base at

the far most 3' end of a target site, ie at t1 [69, 47]. To consider this domain knowledge

preference into feature sets, we add four bits corresponding to A, C, G and U at t1. Another

study on the structural basis of miRNA targeting, revealed that the nucleotide in t1 goes into

a pocket inside AGO protein structure and does not pair to the corresponding nucleotide on

miRNA, ie g1. Therefore, to reduce the size of feature set, we exclude g1 from being encoded.

A factor indicating stability of a structural binding is MFE, we include it as the last feature.

We fixed the length of miRNAs to 22 nucleotides, but g1 is not considered, therefore the

total number of features for each sample is 194 or (1+4+21*9). This procedure has been

illustrated inside dashed area of Fig. 4.1. Our MHL (Multi-Hypotheses Learner) algorithm

which is explained in next section, treats each sample as a vector of these 194 features and

learns several hypotheses pertaining to different miRNA targeting mechanisms. Figure 4.1

shows all sections of our bundle algorithm including the feature selection part and the MHL

algorithm.

4.3.2 The Algorithm

The idea of the algorithm is to divide the dataset into two disjoint subsets sb1 and sb2

such that these two subsets have similar distributions of labels or classes. Learn the major

pattern in sb1 with classifier c1 and store it as model m1. Partition sb2 based on m1's

performance in to two parts can-decide or cannot-decide samples. The partition can-decide

contains instances where m1 can predict their labels with confidence while the other partition

46



Customized RNAfold 

for miRNA-Target 

site duplex

miRNA + XXXX + Target site

miRNA

Target site

Encode the structure as a 

vector of features

Multi-Hypothesis Learner (MHL) 

Algorithm

Figure 4.1: Our bundle algorithm; It gets two sequences of miRNA and target, predicts the
secondary structure of their duplex by our customized version of RNAfold. The structure is
encoded as a vector of features and passed down to MHL.
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includes those that m1 is not sure about their classification. Subsets cannot-decide and sb1

are merged to yield a new training set. The process is repeated recursively on this new set

until no further partitioning into can-decide and cannot-decide is possible.

The algorithm has two main parts; Trainer and Tester. Trainer gets the training set T0,

a classifier set C and a desired sensitivity and specificity, sen and spec. During a recursive

procedure, Trainer builds regression models, i.e. hypotheses, specific for different patterns

of data, which are observed in the input training set T0. It also stores each produced model

M along with two thresholds Tup and Tdown for Tester part. The model M guarantees the

desired sensitivity and specificity sen and spec for can-decide partition. For every sample

evaluated by M with a value >= Tup, it would be classified as positive while labeled as

negative if it's evaluation value is < Tdown. Where evaluation value is between Tdown and Tup,

then the model does not classify the sample and it would be added to cannot decide set.

4.3.3 Trainer

Trainer is composed of three functions; Splitter(),

Model Builder() and Threshold F inder().

The function Splitter(D,C) gets a dataset D and a set of classifiers C as input. It splits

the input set D into two subsets A and B by the Stratification method [74] to maintain the

same ratio of positive samples versus negatives in these subsets as it is in D. A and B are

disjointing and complement of each other corresponding to D, i.e. A ∪ B = D. By calling

the function Model Builder(ci,A,B), the model mi is built by classifier ci on dataset A.

In addition, the function splits B into can-decide and cannot-decide sets, merges A with

cannot-decide and returns as Dnew1. This is the new training set and the process recursively

is repeated on this new set. To avoid any bias toward the way we split the data by the

Stratification method, we swap the position of A and B then repeat the process.

Depending on how high the thresholds sen and spec are chosen, the Model Builder()

function may not be able to build such a model and might not return a new training set.
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In such a case, it returns the same set as the input training set, indicating it failed to build

the desired model. Given this condition, the Splitter() builds a model with ci on the input

training set and stops.

Algorithm 1: Splitter (D,C)

1 foreach classifier ci ∈ C do
2 Split D into two subsets A and B by the Stratification method;

3 Dnew1 = Model Builder(ci,A,B);
4 if ∣Dnew1∣ < ∣D∣ then
5 Splitter (Dnew1,C);
6 end

7 Dnew2 = Model Builder(ci, B, A);
8 if ∣Dnew2∣ < ∣D∣ then
9 Splitter (Dnew2,C);

10 end

11 if ∣Dnew1∣ == ∣D∣ OR ∣Dnew2∣ == ∣D∣ then
12 train ci with D, store and stop;
13 end

14 end

There are two thresholds associated with each trained model; Tup and Tdown. We compute

these thresholds such that the model mi has a given and desired sensitivity and specificity

sen and spec. The higher sensitivity and specificity results in larger cannot-decide subset

in B. Let's call this subset as β.

Algorithm 2: Model Builder(ci, sa, sb)

1 Train ci with set sa;
2 Evaluate set sb by model mia ;
3 Store the evaluations as a list Lb of Pair(sample.label, sample.evaluation);
4 Pair (Tdown, Tup) = Threshold Finder(Lb, sen, spec) ; /* find T's satisfying

sensitivity and specificity */

5 β = subset of sb that evaluated as >= Tdown and < Tup;
6 Store the model mia with (Tdown, Tup) ; /* sb − β is can decide subset */

7 Store (sb − β) as an ARFF file ; /* for further analysis */

8 Return sa ∪ β.
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Algorithm 3: Threshold Finder(Lb, sen, spec)

1 Tup =1, Tdown =0;
2 Votes [] = ∅;
3 do
4 foreach pi ∈ Lb do
5 if pi.evaluation >= Tup then
6 Votes[pi] = positive;
7 end

8 if pi.evaluation < Tdown then
9 Votes[pi] = negative;

10 end

11 end

12 Compute sentmp and spectmp for Votes[];
13 if sentmp < sen OR spectmp < spec then
14 stop and break;
15 end

16 Tdown+ = ; /* = 0.05 */

17 Tup− = ;

18 while Tdown < Tup;
19 Return Pair(Tdown, Tup);
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4.3.4 Tester

The Tester procedure loads all model files from the training step into the memory and when a

new and unlabeled sample is given for evaluation, all models examine the sample. If a model

evaluates the sample with a value between Tdown and Tup then it does not vote, otherwise it

votes with confidence as positive if the value is >= Tup and as negative for the value < Tdown.

Each vote associated with a weight, which is the size of the dataset used to build the model.

The weighted average of all votes is returned as the final prediction.

4.4 DISCUSSION

In the training set, there might be several patterns of targeting, denoted by circles, squares,

triangles and etc as shown in Fig. 4.2. Circles form the dominant pattern. Our MHL

algorithm divides it to subsets A and B. Classifier c learns Circles pattern when it runs over

subset A and create a model for circles, i.e. mc. Partitioning B with mc, removes circles

from B and add the rest of B to A to form a new training set. Now, in the new training

set squares are the dominant pattern and in next recursion step, a model is built for them.

This recursion will continue until learning all patterns or there are no dominant pattern left.

In later case, a model for the remaining samples is created by c and recursion stops.

4.4.1 Test of our Multi-Hypothesis Learning (MHL) bundle algorithm

To test the effectiveness of our algorithm, we compare the Area Under the Curve (AUC) of

different Machine Learning (ML) models from Weka package [76] versus our Multi-Hypothesis

Learning (MHL) bundle algorithm. Table 4.1 and Table 4.2 present these results on human

(HSA) test set and mouse (MMU) test set respectively. Columns of these tables are classi-

fier(s) name, desired sensitivity and specificity for MHL, AUC of ML models and AUC of

our algorithm when the same ML classifier used as underlying model in the MHL.
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Figure 4.2: The MHL recursion algorithm to learn several hypotheses from a training dataset
containing different patterns of data.

These tables show that our algorithm is effective, especially when the ML model does not

perform well on a test set. It has the best performance with Linear Regression; For human

test set, the AUC of this model for sequences of miRNA and target sites is 0.69 and when

the same samples are given to our algorithm, it increases the AUC to 0.93. The algorithm

improves the AUC by 0.24 which is the highest out performance over the ML model itself. It

seems the highest achievable AUC for our training and human test sets is 0.93 and Random

Forest is the only classifier that our algorithm does not have improvement over it as it already

performed very well with AUC of 0.92. The effectiveness of MHL algorithm is more obvious

when it enables mediocre-performed classifiers such as REPTree, Linear Regression and M5P

to beat Random Forest. Classifiers performing weak on this test set such as Random Tree,

Decision Stump and Artificial Neural Networks (ANN) can also be used in the MHL module

to deliver a performance of 0.75 to 0.83 in AUC. The AUC of ML models has an average of

0.73 with a standard deviation 0.13 while our algorithm can perform with AUC average of

0.87 and standard deviation 0.08. Our algorithm improves the average performance by 14%.
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Table 4.1: Test set: HSA (Human), ∣HSA∣ = 6129 samples

Classifier(s) Sen./ ML our MHL
Spec. models bundle

RandomTree 85/85 0.59 0.78
DecisionStump 85/85 0.58 0.75
REPTree 85/85 0.82 0.93
RandomForest 85/85 0.92 0.92
ANN 90/90 0.66 0.83
LinearRegression 85/85 0.69 0.93
M5P 90/90 0.85 0.93
Rand.Tree&DecisionStump 85/85 NA 0.84
REPTree&RandomForest 80/80 NA 0.93

Table 4.2: Test set: MMU (Mouse), ∣MMU ∣ = 517 samples

Classifier(s) Sen./ ML our MHL
Spec. models bundle

RandomTree 85/85 0.74 0.95
DecisionStump 85/85 0.48 0.61
REPTree 85/85 0.93 1
RandomForest 85/85 0.98 0.99
ANN 90/90 0.75 0.97
LinearRegression 85/85 0.52 0.99
M5P 90/90 0.95 0.97
Rand.Tree&DecisionStump 85/85 NA 0.94
REPTree&RandomForest 80/80 NA 1

To compute the averages, we did not consider combined classifiers, i.e., the last two rows in

both tables left blank.

We conjectured that there might be some subsets of data learn-able with a classifier better

than the other, therefore we recursively searched all possible combinations of partitioning

with different classifiers. To test this idea, we used combinations of RandomTree and Decision

Stump in MHL and surprisingly, the performance increased by 0.06 in AUC versus using these

classifiers individually in MHL. This combination outperformed these classifiers by 0.25 if

they were used individually and without MHL.

Human and mouse branched from a common ancestor about 80 million years ago. They
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have comparably similar genomes and virtually the same set of genes [25]. Therefore, it is

useful to train a model by human genomic data and test it on mouse data sets. Similarly we

ran the same model used for testing human data, for mouse dataset and the results are shown

in table 2. Our algorithm improves over all ML classifiers and the maximum improvement

is for Linear Regression again with increase of 0.47 in AUC. The average performance of our

algorithm is 0.93 with standard deviation 0.14 while ML models has an average of 0.76 and

standard deviation 0.14. The algorithm average performance surpasses over ML methods

average by 0.17.

Contrasting table 4.1 and table 4.2 shows that the ML models and our algorithm performs

slightly better on mouse than human data. The similar performance of these models on both

mouse and human test sets shows miRNA target duplexes and targeting mechanism features

are evolutionary conserved across both species. Some miRNAs are sequentially conserved

among human and mouse, consequently there might be an small portion of similar samples

in both the (human) training set and the mouse test set. This could be the reason for a tiny

better performance on the mouse test set over the human test set. In the human test set, we

reduced the chance of sequentially similar miRNAs in both training and test sets by sorting

miRNAs and dividing them between training and test sets alternatively with the given ratio.

In the mouse test set, samples belong to a different species and any correlation with human

training set is due to biological relevance. Therefore, a small portion of miRNAs which are

common between mouse and human, may lead to sample similarity between human training

set and mouse test set.

While some machine learning packages such as RandomForest can have comparable

AUC performance, the main advantage of MHL over all ML methods is to provide clue into

the dataset and partition the data into sets that are biologically meaningful clusters. For

this study MHL printed out five subsets of training data and we ran CFS (Correlation based

Feature Selection) subset feature selection [28] from Weka package over these subsets and

over all the training set, then the results are shown in table 4.3. Row one shows features
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from all training data and the rest of columns belong to the five resulting subsets.

Table 4.3: CFS feature selection on training data versus on subsets provided by MHL al-
gorithm. It shows that MHL can help to extract biological details from subsets while they
couldn’t be seen by running CFS on complete training set. In each feature the number
represents the miRNA nucleotide index.

Dataset Selected Features
All Training Data 2 AU, 2 UA, 2 MisMatch, 3 UA, 4 AU, 4 UA, 4 LoopLen miRNA,

5 AU, 5 UA, 6 AU, 6 LoopLen miRNA, 7 AU, 8 AU, 8 UA,
10 LoopLen target, 15 AU, 20 AU, 22 GU, MFE

Subset 1 2 AU, 2 UA, 2 GC, 3 UA, 4 AU, 4 UA, 4 LoopLen miRNA,
5 AU, 5 UA, 5 LoopLen miRNA, 6 AU, 6 LoopLen miRNA, 7 AU,
7 LoopLen miRNA, 8 AU, 8 UA, 13 AU, 13 GU, 15 AU, 19 UA,
20 LoopLen target, 21 GU, 22 AU, MFE

Subset 2 t1 A, 2 AU, 2 UA, 2 GC, 2 MisMatch, 2 LoopLen miRNA, 3 UA,
3 LoopLen miRNA, 4 AU, 4 UA, 5 UA, 6 AU, 6 GU, 7 AU, 8 AU,
8 UA, 9 GU, 10 GU, 16 AU, 17 UA, 21 AU, 21 UA, 22 AU, MFE

Subset 3 2 AU, 2 UA, 3 UA, 4 AU, 4 LoopLen miRNA, 5 AU, 6 AU, 6 UA,
7 AU, 8 AU, 8 UA, 9 LoopLen target, 10 LoopLen target, 15 AU,
21 UA, 22 AU, 22 GU, MFE

Subset 4 2 AU, 2 MisMatch, 4 AU, 7 GU, 8 LoopLen target, 19 UG, 20 AU,
20 LoopLen target, 22 AU, MFE

Subset 5 2 AU, 2 UA, 2 GC, 3 UA, 4 AU, 4 UA, 4 LoopLen miRNA,
5 AU, 5 UA, 6 AU, 6 LoopLen miRNA, 7 AU, 8 AU, 8 UA,
10 LoopLen target, 16 AU, 20 AU, 20 LoopLen target, 21 UA, MFE

By contrasting rows two to five versus row one, we can see that MHL algorithm could

partition the data in a more biologically meaningful way. The feature 2 mismatch separates

canonical seed samples from non-canonicals and MHL partitioned these two type of samples

into subsets 1, 3 and 5 for canonicals, versus subsets 2 and 4 for non-canonicals. The

appearance of Adenine in the first nucleotide position of target, i.e t1 A, is a major identifier

of targets for many cases and all such samples put in subset 2. GC is a strong base-pair and

one biological mechanism of targeting [69] claims base-pairs on positions 2, 3 and 4 make

the groove inside AGO protein to open and to accommodate target. MHL has been able

to cluster samples related to this mechanism into subsets 1, 2 and 5. Thermodynamically,

continuing base-pairs on 3' end of miRNA, provide more stable duplexes [12], this has been
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captured in subsets 1, 2, 3 and 4. These biologically interpretable details seen in table 4.3

within subsets 1 to 5 could not be extracted by the same feature selection algorithm on the

complete dataset, i.e. the first row of the table. This shows that the MHL algorithm could

provide subsets of the data which seems to have biologically correlated samples; because

only in these subsets, the feature selection algorithm could discover the biologically validated

target identifiers while not in the total training set. The subsets could be further studied to

figure out targeting mechanism of each sample and therefore each miRNA. Some subsets or

features may not have a known biologically interpretation based on the current understanding

of miRNA targeting mechanisms, but they could be used for in vivo experiments to discover

and verify new targeting mechanisms.

4.5 CONCLUSION

miRNAs are small endogenous non-coding RNA molecules that have a critical function in

suppressing genes and they also correlate with many diseases and cancers. Due to the

importance of their effects in several cell pathways, biologists are very interested to discover

their functionality. Their function may be correlated with the way they recognize their

targets. A lot of research has been going to develop algorithms for miRNAs' target prediction,

and in this work, we present a multi hypotheses learner algorithm, MHL that could provide

more accurate results by biologically meaningful partitioning of the miRNA target duplexes.

In addition, these partitions could be used for better understanding of targeting mechanisms

as well as providing sequences for in vivo experiments, to discover new pathways.

Our evaluations and results shows that the partitioning approach can significantly im-

prove the performance of a classifier. Moreover, feature selection in the resulting partitions

suggests that the partitioning mechanism is compatible with biological pathways of miRNA

targeting.
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Chapter 5

Conclusion

miRNAs play a key role in regulating genes and in many cell activities such as proliferation,

differentiation, cell death, and growth control. Dysfunction of cells in these tasks correlates

with several cancers and tumors development. Functionality of miRNAs varies depending on

the location of their bindings, therefore miRNA target prediction received a lot of attention in

the last several years of research. Despite that, the underlying process of how they recognize

their targets on mRNA genes is poorly understood. Accurate prediction of miRNA targets

can assist efficient experimental investigations on the functional roles of miRNAs. The

prediction, however, remains a challenge task due to the lack of knowledge about the actual

mechanism of miRNA targeting by having not adequate experimental data about the tertiary

structure of miRNA-target binding duplexes.

In this dissertation, we targeted two issues related to the most of computational methods

on miRNA target recognition; high false positive rates and lack of insight regarding the

actual mechanism of miRNA targeting. We proposed a graph model, called Correlation

Graph, to capture co-appearance of different nucleotides across two sequences of miRNA and

target. This graph enable us to get information beyond secondary structure bindings, which

includes tertiary interactions. Upon a Correlation Graph built for every duplex of miRNA

and target, an SVM machine learning model, learns graphs that contain a real target for a

given miRNA sequence. mRNA sequence can be very large while having just a few targets

per a miRNA, therefore there are many non-target locations versus each target. This makes

our binary dataset to be very imbalanced. Imbalance datasets could significantly deteriorate
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the performance of machine learning methods therefore we designed a novel method to re-

sample our dataset to reduce imbalance ratio while improving the learning process. We

evaluated our model versus other miRNA target prediction methods on human miRNAs and

target data obtained from mirTarBase, a database of experimentally verified miRNA-target

interactions. Our method achieved a sensitivity of 86% with a false positive rate below 13%

in predicting targets which is a significant improvement in contrast to other published works

with a 30% to 40% false positive rate. In addition, we compared our model with the state-

of-the-art methods miRanda and RNAhybrid on the test data, our method outperformed

both of them by a significant margin.

The second issue with the most of computational methods for miRNA target recognition

is the lack of insight into the actual mechanisms of targeting. To address this problem, we

introduce an algorithm that simultaneously learns multiple hypotheses and partitions the

data accordingly. This multi-hypothesis learner not only improves the performance but also

provides subsets of training data very pertinent to each hypothesis, such that they could be

used to discover new pathways in miRNA targeting. We exploited biologically meaningful

features for targeting mechanisms, to help our algorithm build hypotheses which could cor-

relate with target recognition pathways. Our results show that the algorithm can provide

comparable performance to the state-of-the-art machine learning tools such as Random-

Forest. In addition, our evaluations show that the partitioning approach can significantly

improve the performance of a classifier.

Performing feature selection on the partitions provided by our method confirms that the

partitioning mechanism is compatible with biological pathways of miRNA targeting. These

partitions could be used for better understanding of the currently known mechanisms or to

discover new pathways.
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