
MicroRNA Target Recognition from Compositional Features of Aligned 

microRNA-mRNA Duplexes 
 

 

Hasan Oğul
1
, Çiğdem Beyan

1
, Öykü Eren Özsoy

1
, Kerem Yıldız

1
 

Tülin Erçelebi Ayyıldız
1
, Arzu Burçak Sönmez

2
 

 
1
Department of Computer Engineering, Başkent University 

Eskişehir Road 20.km, Bağlıca Campus, 06810, Ankara 
2
Department of Computer Engineering, Çankaya University 

Öğretmenler Street, 06530, Balgat, Ankara 

{hogul,cbeyan,oeren,kyildiz,ercelebi}@baskent.edu.tr, aburcak@cankaya.edu.tr 

 

 

Abstract 
 

 The discovery of microRNAs (miRNAs), small 

non-coding RNAs that regulate gene expression at 

the post-transcriptional level, has led to a shift in 

our understanding of the complexity in gene 

regulatory networks. One key question in 

understanding the effect of an individual miRNA is 

to identify its potential targets in a local or 

genome-wide regulation process. We define here a 

novel algorithm for computational prediction of 

miRNA target genes using solely the sequence 

information for mature miRNA and potential 

target mRNAs. Our method considers the aligned 

miRNA-mRNA duplex as a new sequence and 

extracts compositional features from newly 

constructed sequence to be fed into a Naive Bayes 

Classifier. A rigorous analysis in a common 

benchmark set reveals that, in terms of prediction 

accuracy, the new algorithm outperforms most of 

the available methods, while being competitive 

with more complex and relatively inefficient 

methods. 

 

1. Introduction 
 

MicroRNAs (miRNAs) are small, stable ~22 

nucleotide non-coding RNA molecules that found 

in bacteria, animals and plants. They take role in 

posttranscriptional gene regulation and have 

distinct mechanism to down-regulate gene 

expression. Moreover, they play crucial roles in 

cellular processes including cell proliferation [1], 

apoptosis [2], development [3], differentiation [4], 

and metabolism [5]. Hence, identification of 

miRNAs‟ targets is an important step to 

understand miRNA functions.  

Till date, many methods have been developed 

for the prediction of miRNAs and miRNAs‟ target 

genes. The majority of these methods are based on 

sequence alignment or minimum free energy of 

the hybridization [6]. Partial complementarity 

between miRNA‟s 5‟ end (seed of length 6-8 nt) 

and 3‟ untranslated region (3‟ UTR) of the target 

mRNA, thermodynamic duplex stability, multiple 

target sites in the 3‟ UTRs of target mRNA and 

evolutionary conserved target sites are also 

parameters of many target prediction methods [7]. 

In addition, [8] proposes miRNA‟s out-seed 

segment to determine targets.  

TargetScan [9] and PicTar [10] are examples 

of miRNA target prediction methods based on 

sequence complementarity to target sites with 

base-pairing in the seed region. TargetScan [9] in 

general focuses on aligned seed matches and their 

conservations. The score of an mRNA is 

calculated according to level of conservation, the 

position that it binds, and the distance from the 3‟ 

UTR end. PicTar [10] is a computational method 

that identifies miRNA-target interactions by 

complementarity between seed region of miRNA 

and 3‟ UTR target site and also considers bulge, 

mismatch, G: U wobble. To score the likelihood of 

a 3‟ UTR a Hidden Markov Model is used. 

RNAHybrid [11] on the other hand based on 

calculations of mRNA secondary structure and 

energetically favorable hybridization between 

miRNA and target mRNA. miRanda [7] is also a 

method to find the miRNA:mRNA duplexes by 

focusing on the alignment scores, conserved 

miRNA target sites and free duplex energy. 

Similar to [10], miRanda [7] also considers 

mismatch, G: U wobble pairs and matching 

position while identifying the sequence 

complementarity scores. Another miRNA:mRNA 

duplex detection approach is RNA22 [12]. As a 

pattern-based approach, RNA22 uses known 

miRNA sequences to obtain sequence features of 

miRNA binding sites. These features are 

represented by patterns and the reverse 

complement of these patterns are used to detect 

the miRNA:mRNA duplexes. Unlike the methods 

[9, 10], RNA22 approach does not depend on the 

sequence conservation. 



     In this study, to predict miRNA targets, we 

applied a Naive Bayes Classifier using 

computational features extracted from 

miRNA:mRNA duplexes which are aligned with 

respect to their sequence complementarity.  

 

2. Materials and Methods 
 

2.1. Experimental setup 
 

We used the same experimental setup with a 

common protocol provided by [14] to discern the 

prediction ability of our method in a validated set. 

The data set is composed of 824 miRNA-mRNA 

pairs which contain 289 negative train, 289 

positive train, 187 positive test and 59 negative 

test examples. A set of miRNA dataset which 

contains 695 human mature miRNA sequences are 

extracted from miRBase database 

(http://microrna.sanger.ac.uk/sequences). The 

3‟UTR sequences for target or non-target mRNAs 

are extracted from the University of California, 

Santa Cruz (UCSC) Genome Bioinformatics site 

(http://genome.ucsc.edu).  

The training dataset was extracted from 

miRecords database [13]. The positive examples 

which construct the most part of training dataset 

were experimentally verified samples. The test 

dataset, which is totally independent from the 

training dataset, was used to evaluate the 

prediction performance of the proposed method. 

The test dataset were obtained from TargetMiner 

[14], miRecords database [13] and NCBI‟s 

(National Center for Biotechnology Information) 

genebank site (http://www.ncbi.nlm.nih.gov).  

The negative examples are composed of 

verified and predicted samples. Verified samples,  

which contain 59 miRNA:non-target pairs, were 

collected from TarBase database [15]. Predicted 

samples which contain 289 examples were 

biologically validated pSILAC experiments and 

obtained from [16].  

 

2.2. Construction of a duplex sequence 
 

Given a mature sequence of mRNA, 

approximately 22-nt length, and a windowed 

subsequence of mRNA 3‟UTR sequence, with at 

least 6-nt length perfect complementarity in seed 

region, the duplex sequence is constructed by 

aligning two sequences with respect to their 

complementarity. The alignment algorithm 

employs well-known dynamic programming 

algorithm of Smith and Waterman [17]. In 

resulting alignment, each miRNA-mRNA 

nucleotide pair is represented by a new letter from 

an alphabet of 18 letters, shown in Table 1.  

 

 

Table 1. The alphabet for duplex sequence 

miRNA mRNA miRNA-mRNA 

duplex 

A A A 

A G B 

A T C 

A C D 

G A E 

G G F 

G T G 

G C H 

C A I 

C G J 

C T K 

C C L 

U A M 

U G N 

U T O 

U C P 

A,G,C or U - Q 

- A,G,C or T R 

 

 An example duplex structure is shown in 

Figure 1. The figure illustrates that 5‟ end of the 

mature miRNA binds to mRNA from 3‟ end with 

an at least 6-length perfect complementarity in the 

seed region of mRNA. The resulting alignment is 

translated into a new duplex sequence, with an 

equal length as the aligned structure, defined over 

the alphabet shown in Table 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1. Building miRNA-mRNA duplex 

sequence 

 

2.3. Classifier 
 

We adopt a Naive Bayes Classifier to separate 

between target and non-target samples. The Naïve 

Bayes Classification method is based on the so-

called Bayesian theorem and is particularly suited 

when the dimensionality of the input vectors is 

high. Despite its simplicity, it can often 

outperform more sophisticated competitor 

methods. 

miRNA sequence 

3' UUGAUAUGUUGGAUGAUGGAGU 5' 

 

mRNA sequence 

5' GGGUGUUAAGACUUGACACAGUACCUCG 3' 

 

Alignment result 

5' GGGUGUUAAGACUUGACACAGUACCUCG 3'  

   .. |.| | .||.| ||    ||||||.  

3' UUGAUA-UGUUGGA-UG----AUGGAGU 5' 

 

Duplex sequence 

    NNFCNCRMENMHGCRMHRRRRCMHHCHN 

 

 



 Given a set of variables, X = {x1,x2,...,xd}, it is 

desired to construct the posterior probability for 

the class Cj among a set of possible outcomes C = 

{c1,c2,...cd}. In a more familiar language, X is the 

predictors and C is the set of categorical levels 

present in the dependent variable. Using Bayes' 

rule: 

)()|,...,,(),...,,|( 2121 jjddj CpCxxxpxxxCp     (1) 

where p(Cj | x1,x2,...,xd) is the posterior probability 

of class membership, i.e., the probability that X 

belongs to Cj. Since Naive Bayes assumes that the 

conditional probabilities of the independent 

variables are statistically independent we can 

decompose the likelihood to a product of terms: 

 

d

k jkj CxpCXp
1

)|()|(                          (2) 

 

and rewrite the posterior as: 

 

d

k jkjj CxpCpXCp
1

)|()()|(                    (3) 

 

 Using Bayes' rule above, we label a new 

sample X with a class label Cj that achieves the 

highest posterior probability. Although the 

assumption that the variables are independent is 

not always accurate, it does simplify the 

classification task dramatically, since it allows the 

class conditional densities p(xk | Cj) to be 

calculated separately for each variable, i.e., it 

reduces a multidimensional task to a number of 

one-dimensional ones. In effect, Naive Bayes 

reduces a high-dimensional density estimation 

task to a one-dimensional kernel density 

estimation. Furthermore, the assumption does not 

seem to greatly affect the posterior probabilities, 

especially in regions near decision boundaries, 

thus, leaving the classification task unaffected. 

 In our problem, we adopted the classifier for 

target (C1) and non-target (C2) classes by feeding 

it with compositional features of input duplex. 

Dimer and trimer compositions, i.e., the 

frequencies of all possible 2-length and 3-length 

subsequences respectively, are used to represent 

the input vector X = {x1, x2,...,xd}. 

 

2.4. Evaluation 
 

The metrics for effectiveness of the methods 

used in this study are given in the following 

equations. The sensitivity in (4) represents the 

ratio of correctly predicted positive miRNAs. In 

equation (5), specificity value is calculated, which 

represents the ratio of the correctly predicted 

negative miRNAs. The accuracy based on the ratio 

of correctly predicted miRNAs is computed as 

defined in equation (6). MCC (Matthew‟s 

Correlation Coefficient) value in equation (7) is 

computed by using TP, FN, TN, and FP in the 

contingency table, which is number of true 

positives, false negatives, true negatives, and false 

positives, respectively.  
TP

Sensitivity
TP FN




                                          (4) 

TN
Specificity

TN FP




                                               (5) 

TP TN
Accuracy

TP FP TN FN




  

                                    (6) 

( )( ) ( )( )

( )( )( )( )

TP TN FP FN
MCC

TP FP TP FN TN FP TN FN




               (7) 

 

3. Results 
 

3.1. Notable features in duplex sequences 
 

 The best ten frequency results are shown in 

Table 2 to 5. In Table 2 and 4, the frequencies of 

the patterns in positive trains are given in 

descending order. Similarly, frequencies of the 

patterns in negative trains are given in descending 

order in Tables 3 and 5. 

 

Table 2. Dimer composition frequencies sorted 

with respect to aligned positive data 

Dimer Composition 

on aligned dataset 
Positive Negative 

CH 0,762 0,549 

HJ 0,593 0,395 

MH 0,565 0,526 

MM 0,521 0,511 

JC 0,517 0,596 

RM 0,465 0,423 

QM 0,460 0,347 

HM 0,451 0,401 

JM 0,406 0,385 

MQ 0,403 0,344 

 

Table 3. Dimer composition frequencies sorted 

with respect to aligned negative data 

Dimer Composition 

on aligned dataset 
Positive Negative 

JC 0,517 0,596 

CH 0,762 0,549 

MH 0,565 0,526 

MM 0,521 0,511 

MJ 0,250 0,455 

RM 0,465 0,423 

HM 0,451 0,401 

HJ 0,593 0,395 

JM 0,406 0,385 

JJ 0,161 0,383 

 

As it is seen from Table 2, the most frequent 

dimer composition in positive data is „CH‟, which 



consists of A-T and G-C pairs. „CH‟ is also the 

second frequent dimer in negative data.  

On the other hand, according to Table 3, „JC‟, 

which includes C-G and A-T pairs, is the most 

frequent dimer in negative data, having almost 

same frequency in positive data. 

 

Table 4. Trimer composition frequencies sorted 

with respect to aligned positive data 

Trimer Composition 

on aligned dataset 
Positive Negative 

CHJ 0,331 0,159 

HJC 0,330 0,188 

JCH 0,244 0,199 

CHM 0,201 0,116 

MCH 0,198 0,080 

HJM 0,192 0,087 

MHJ 0,152 0,107 

HMH 0,149 0,046 

JMM 0,139 0,155 

CCH 0,130 0,097 

 

Table 4 and Table 5 list the trimer frequencies 

in positive and negative data respectively. „CHJ‟ is 

the trimer which has the highest frequency in 

positive data. However, the frequency of this 

trimer is nearly three times lower in negative data. 

„JCH‟ is the most frequent trimer in negative data 

(Table 5), while it has almost same frequency in 

positive data. 

  

Table 5. Trimer composition frequencies sorted 

with respect to aligned negative data 

Trimer Composition 

on aligned dataset 
Positive Negative 

JCH 0,244 0,199 

MJJ 0,070 0,195 

HJC 0,330 0,188 

JCJ 0,113 0,173 

MMM 0,117 0,166 

CHJ 0,331 0,159 

MMJ 0,086 0,157 

JMM 0,139 0,155 

MMH 0,101 0,155 

CJC 0,073 0,149 

 

3.2. Performance of Method 
 

The performance of the proposed method in 

target prediction is summarized in Table 6 whose 

columns of Sen, Spe, Acc, and MCC indicate 

sensitivity, specificity, accuracy and Matthew‟s 

correlation coefficient values, respectively.  The 

row shown in bold case gives the best result 

calculated by the applied methods. It reveals from 

the experimental results that best accuracy is 

obtained when dimer composition is used as a 

feature representation.  

 

Table 6. Performance evaluation 

Experiment Sen Spe Acc MCC 

Using dimmer 

composition 
0.74 0.35 0.677 0.08 

Using trimer 

composition 
0.21 0.84 0.312 0.04 

Using dimer and 

trimer composition 
0.37 0.63 0.411 0.00 

 

3.3. Comparison with other methods 
 

In Table 7, results of existing target prediction 

methods and the proposed approach are shown in 

terms of Acc. As it is seen from the table, our 

proposed method provide better Acc than the 

methods; miRanda [7], PicTar [10], RNA22 [12] 

and TargetScan [9]. On the other hand, it can be 

easily said that this method is competitive with 

TargetMiner [14] since TargetMiner has a more 

complex structure in terms of the machine learning 

method that it uses and the number of parameters 

and features that it utilized.  

 

Table 7. Performance of proposed method and 

existing target prediction methods 

Experiment Acc 

miRanda [7] 0.589 

PicTar [10] 0.518 

RNA22 [12] 0.357 

TargetScan [9] 0.601 

TargetMiner [14] 0.713 

Proposed Method 0.677 

  

 The main difference between TargetMiner and 

our approach is that seed and non-seed sites of 

sequences are used separately in TargetMiner and 

features such as frequency of single nucleotides, 

dinucleotides and two consecutive base pairing are 

extracted while our method uses only 

compositional features from duplex sequences. 

Furthermore, TargetMiner uses a supervised 

learning method support vector machine (SVM) 

which is incontestably more complex than Naive 

Bayes classifier.  

  

4. Conclusion 
 

 To understand the effect of individual 

miRNAs, it is required to place miRNAs in the 

overall network of gene regulation and to discover 

the system level role of miRNAs. One key step in 

this effort is the identification of target genes of 

individual miRNAs. In this study, we present a 

naive Bayes approach to predict miRNA target 

genes using dimer and trimer frequency features 



extracted from putative miRNA-mRNA duplex. 

Instead of extracting a large set of sequential, 

structural or evolutionary features from two 

separate objects, we consider putative duplex as a 

new sequence and use only compositional features 

in classification. Despite its simplicity, new 

algorithm outperformed more sophisticated 

classification methods in a common experimental 

setup. The results demonstrate that the information 

of dimer frequencies in RNA duplex is an 

important determinant of miRNA-mRNA binding. 

We also report significant dimer and trimer 

frequencies, which might be useful in both 

theoretical and experimental research on the 

problem. 
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