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Abstract — This article presents efficiency of self-containment 

index and its derivative features in back-propagation neural 

network in order to discover new viral miRNA precursors. This 

tool mainly discriminates the viral miRNA precursors from 

coding sequences and pseudo miRNA precursors. It was trained 

with known dataset from miRBase, pseudo miRNA precursors 

and coding sequences from ViralmiR and NCBI database 

respectively. Top 20 features were selected using GainRatio out 

of totally 115 features including sequence-based features, 

secondary structure, base-pair, triplet sequence-structure and 

structural robustness features. In particular, 6 out of top 20 

features ranked by GainRatio are found to be the derivatives of 

self-containment index feature. The results show that the back-

propagation neural network achieves up to 97% accuracy and 

only 1% false positive rate on the test set. It has been compared 

with ViralMiR and achieved higher in geometric mean which 

reflects compromising balance between sensitivity and 

sensitivity performances.   

Keywords - Virus miRNA precursors; Structural robustness 
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I.  INTRODUCTION  

Recently, non-coding RNAs (ncRNA) are found to play 
important role in regulation of gene expression, immunity 
pathway, posttranscriptional process, oncogenesis, and 
development of organisms [1]. MicroRNA (miRNA) is a 
major class of short ncRNAs which contains about 22 
nucleotide sequences. They function in inhibition of 
translational process or degradation of coding sequence of 
plants [2] and mammals [3]. Viruses also encode miRNAs that 
contribute to the complex interaction with their hosts. In 
addition, the first report of virus encoded miRNAs was found 
in herpesvirus family [4].  Viral miRNAs can function in both 
cis and trans by regulating accumulation of viral products and 
down regulating of host transcripts [5] such as evading 
immunity system of the host by indirectly decreasing levels of 
viral proteins and consequent antigenicity or suppressing 
components of immune systems to respond virus directly [6], 
regulating of virus replication, cell cycling, controlling of 
apoptosis pathway by targeting host genes related pro-
apoptotic and maintaining viral latency in the host [7]. 
Moreover, many researches have reported that human 
diseases associated with virus-encoded miRNA such as 
gastric cancer [8]. 

Computational methods play an important role in 
identification of novel miRNAs. The hairpin structure of 
miRNA precursor (pre-miRNA) is an important characteristic 
usually used in the computational identification of pre-
miRNAs. However, there is evidence that the viral pre-
miRNAs display rapid sequence evolution [11]. They also 
show low degree of conservation among the viral pre-
miRNAs [12]. Accordingly, computational comparative 
methods which relied only on sequence or structure alignment 
may not be sufficient. 

In addition to comparative methods which relied on 
conservation of alignment analysis [13], non-comparative or 
machine learning approaches are also employed to identify the 
pre-miRNAs. These techniques have been developed to 
discriminate pre-miRNAs from pseudogene, pseudo pre-
miRNAs, snoRNA and others using base-pair, sequence and 
structure features. Among these features, minimum free 
energy (MFE) or thermodynamic score of stem-loop hairpin 
pre-miRNA structure which based on calculation from 
MFOLD software [14] have been widely used as a main 
feature since pre-miRNAs have been reported to possess 
lower folding free energy than the random sequences [15]. 
However, the MFE feature is not sufficient to describe the 
characteristic of the pre-miRNAs. Therefore, other significant 
features should be taken in to account to improve the 
prediction performance. Currently, many machine learning 
tools that applicable to predict the pre-miRNAs including 
Triplet-SVM [16], MiPred [17], miPred [18], miR-KDE [19], 
microPred [20], MirenSVM [21], miR-BAG [22] and 
HeteromiRPred [23] have been constantly released. Recently, 
in 2015, a web based miRNAs identification tool specifically 
trained for viral pre-miRNAs using support vector machine 
called ViralmiR [24] has been proposed. ViralmiR uses 54 
features including triplet element features, sequential features, 
thermodynamic features, base-pair-related features and 
RNAfold-related features to predict the viral pre-miRNAs. In 
addition to these features, this research proposes to use 
additional structural robustness feature called self-
containment index (SCI) [25] as well as its derivative features 
[23] to identify viral pre-miRNAs using Back-propagation 
Neural Network (BNN). With the high mutation rates of RNA 
viruses, these additional SCI features were extracted by 
simulating of the intrinsic robustness characteristic of viral 



pre-miRNAs to improve the efficiency viral pre-miRNAs 
identification.   

The remaining sections of this paper are organized as 
follows. Research methodology, datasets and features are 
introduced in Section II. The results are discussed in Section 
III. Finally, Section IV concludes this work. 

 

II. METHODOLOGY 

A. Research Methodology 

The experiments are divided into two main experiments 
including tool research and development and tool verification. 
For the tool research and development, six classifier 
algorithms including Naïve Bayes (NB), Random forest (RF), 
K-nearest neighbors (KNN), Support Vector Machine (SVM), 
Decision Tree (C4.5) and Back-propagation Neural Networks 
(BNN) were selected using 5-fold cross validation. These 
classifiers are provided in the open source data mining 
software package celled Weka [26]. Each of them was trained 
and tested using the default parameters. In this process, the 
datasets are divided into training set and test set. The process 
begins with feature extraction and then feature selection, 115 
features from 5 group of features were selected using 
GainRatio [27]. Then, 5-fold cross validation were performed 
using the training set in order to select the best classifier in 
terms of accuracy (ACC), sensitivity (Sn), specificity (Sp), 
false positive rate (FPR) and receiver operating characteristics 
(ROC) area. The selected classifier was later used in 
verification process. It would be benchmarked on the test set 
against new 2015 released tool called ViralmiR. The work 
flow of these processes are illustrated in Figure 1.  

 

 

Figure 1. Work flow of tool research development and verification processes 

B. Datasets 

The datasets in this research can be divided into positive 
and negative datasets. The positive dataset is the viral pre-
miRNAs sequences obtained from miRBase version 19 [28], 
while the negative datasets were obtained from two data 
sources including non-viral pre-miRNAs and non- miRNA 
sequences from ViralmiR and coding sequence of virus from 
NCBI database. The training set includes 211 miRNA 
sequences randomly selected from the positive dataset and 
8,875 coding sequences randomly selected from the negative 
dataset. This covers 80% of each of the datasets. The 
remaining 20% data were reserved as the test data.  

C. Features and Feature Selection 

In this research, features are obtained from many ncRNA 
identification researches [16][17][18][19][20][21][22][23]. 
They can be grouped into 5 categories including sequence-
based features, secondary structure features, base-pair 
features, triplet sequence-structure features and structural 
robustness features as summarized in Table 1. To improve the 
performance of the classifiers, the feature selection was 
applied in order to filter the irrelevant and redundant features. 
The filtering method called GainRatio or the ratio of 
information gain and intrinsic value was used to select the top 
20 features and are reported in the following section. Detailed 
of all 115 features categorized in to 5 groups are described 
below. 

1. Sequence-based features 

This group of features include mononucleotide and 
dinucleotide calculated more detailed in [29]. 

2. Secondary structure features 

The secondary structure features include minimum free 
energy (mfe), the ratio of mfe to the length of the sequence 
(dG), the ratio of dG to GC content ratio (mfe1), the ratio of 
dG to Stem (mfe2 - see base-pair features section below for 
the definition of Stem) , the ratio of dG to number of loops 
(mfe3), the ratio of mfe to total number of base pairs (mfe4), 
the ratio of mfe and GC content to total number of base-pair 
in structure (mfe5) [18], the ratio of Shannon entropy to length 
(dQ), the compactness degree of tree-graph represent in the 
sequence (dF), structure entropy (dS), the ratio of structure 
entropy to length (dSL), the ratio of structure entropy to loop 
(dS/loop), the structure enthalpy (dH), the ratio of structure 
enthalpy to length (dHL), the ratio of structure enthalpy to 
loop (dH/loop), the melting temperature of the structure (Tm), 
the ratio of melting temperature of the structure to length 
(TmL), the melting energy of the structure to loop (Tm/loop) 
[20], ensemble free energy (efe), the ratio of efe to length 
(nefe), z score of X, where X is number of standard deviation 
in which X differs from the mean of all shuffled (X) sequences 
with same dinucleotide composition (zX), the probability of 
mfe given RNA sequence is different from a distribution 
computed with random sequences (Prob ) [14]. 
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TABLE I.  LIST OF 115 FEATURES USED IN THIS RESEARCH 

Feature groups No of 

features 

Feature symbols 

Sequence based – 
features 

20 %A, %U, %G, %C, %AA, %AU, 
%AG, %AC, %UA, %UU, %UG, 

%UC, %GA, %GU, %GG, %GC, 

%CA, %CU, %CG, %CC 

Secondary 

structure features  

26 MFE, efe, MFE1, MFEI2, 

MFE3,MFE4, MFE5,dG, dQ,dF, 

Prob, zG,zQ, nefe, Freq, diff, Tm, 
TmL, Tm/loop, dS, dSL, dS/loop, 

dH, dHL, dH/loop 

Base-pair features  26 dP, zP, div, tot_bp/loop, A-U/L, 

G-U/L, G-C/L, %A-U/stem, %G-
C/stem, %G-U/stem, Probpair1–

10, Avg_PP, NonBP A, NonBP C, 

NonBP G, NonBP U, Non BPP 

Triplet-sequence 

structure features 

32 A(((, A((., A(.., A(.(,A.((,A.(.,A..(, 

A. . . , C(((, C((., C(.., C(.(, C.((, 

C.(., C..(, C. . . , G(((, G((., G(.., 
G(.(, G.((, G.(., G..(, G. . . , U(((, 

U((., U(.., U(.(, U.((, U.(., U..(, U... 

Structural 

robustness 
features 

11 SCI, SC/non_tot, SCxMFE/Mean, 

SCxabsZG, SCxdP, SC/len, 
SC/auLgcLguL, 

SC/nonauLgcLguL, SC/1dP, 
SC/nonA, SC/nonU 

 

3. Base-pair features 

The base-pair features include the ratio of number of base 
pairs in secondary structure to loop (tot_bp/loop), the ratio of 
tot_bp to length (dP), the number of standard deviation from 
the mean of all shuffled dP with identical dinucleotide 
composition (zP), the distance of structural base-pair (Div), 
the number of base X paired with base Y in the secondary 
structure (X-Y), the percentage of X-Y (%X-Y), the number 
of all loops in secondary structures (Loop), the number of all 
stems found in the secondary structure (Stem), the sum of 
pairing probabilities for each pair of AA, AC, AG, AU, CC, 
CG, CU, GG, GU, and UU respectively (Probpair1-10), the 
non-pairing probability for nucleotide X, where X can be A, 
C, G or U (NonBp_X), and the overall non base-pairing 
probability (Non_BPP ) [30].   

4. Triplet sequence-structure features 

The triplet sequence-structure features are the local 
contiguous structure obtained by repeatedly counted the 
matched patterns found in every three adjacency nucleotides. 
The eight possible compositions are “(((“, “((.”, “(..”, “(.(“, 
“.((“, “.(.”, “..(“ and “…”, where an opening parenthesis “(“ 
denoted paired nucleotide while a dot “.” denoted unpaired 
nucleotide. Counting all the possible middle nucleotide, there 
are 32 possible structure sequence combinations, such as 
“G(((“, “A.((“, etc [21].  

5. Structural robustness features  

The features in this group include the self-containment 
index score (SC) and its derivative features. SC is calculated 
as followed: for each RNA sequence w of length L folding into 
a particular minimum free energy secondary structure, the 

original sequence then embedded in between randomly 
generated sequence x and y of equal length, forming a 
concatenated molecule xwy of length 3L. The embedded larger 
sequence is folded and measured the proportion of the original 
structure preserved in the larger structure. This process repeats 
1000 times to generate a single statistic value ranging from 0.0 
to 1.0, where 1.0 indicates a maximal degree of self-
containment. In particular, the characteristic of SC score of 
pre-miRNAs shows value is in the range between 0.85 – 0.98 
[25]. Derivative features of SC scores included SC/non_tot, 
SCxMFE/Mean, SCxabsZG, SC/1dP, SCxdP, SC/len, 
SC/auLgcLguL, SC/nonauLgcLguL, SC/nonA and SC/nonU 
[23].   

The triplet-sequence structures features are extracted using 
and Triplet-SVM [16] and structural robustness features are 
extracted using self-containment feature extraction program 
[25]. These programs require a secondary structural folding 
program called RNAFold [31] in the Vienna RNA package. 
Such features extraction programs were embedded in the 
classification tool using Java and Perl script [23]. 

D. Performance Measurement 

   In this research, the performance of classifier model were 
assessed using Accuracy (ACC), Sensitivity (Sn), Specificity 
(Sp) False positive Rate (FPR) and Geometric mean (GM). 
The performance matrices are calculated as followed:   

 ACC = (TP+TN) (TP+TN+FP+FN)⁄  

 Sn = TP/(TP+FN) 

 Sp = TN / (TN+FP) 

 FPR = FP / (TN+FP) 

 GM=√(SN×SP) 

,where TP, TN, FP, and FN are the numbers of true positive 
prediction, true negative prediction, false positive prediction 
and false negative prediction, respectively. In addition,   
receiver operating characteristic (ROC) curves were plotted in 
order to visualize the trade-off between the true positive and 
false positive rates for every possible cut off and area under 
the ROC curve (AUC) were also calculated to compare the 
performance of the classifiers. 

III. RESULTS 

When there are large number of features in the feature 

space, feature selection is an important step to select a smaller 

subset of informative and relevant features to build a better 

effective classification model. Among 115 features, top 20 

features obtained from GainRatio method are used in the 

model selection process including 7 secondary-based 

features, 4 base-pairing features and 9 structural robustness 

features as summarized in Table 2. According to the 

GainRatio, it can be seen that the features of the SC derivative 

features have achieved up to six of the top ranks. This implies 

that these set of features significantly contribute to identify 

the viral pre-miRNAs in the sequences.



 
Figure2. Box plots of six SC-derivative features. P and N represent positive and negative dataset, respectively. The Y axis shows the score. 

TABLE II.  TOP 20 FEATURES FROM GAINRATIO METHOD 

Features GainRatio 

SC/1dP 0.21434 

SCxdP 0.15199 

SCxMFE/Mean 0.1425 

SC/nonA 0.14123 

SC/nonauLgcLguL 0.12453 

SCxabsZG 0.11443 

Non_BPP 0.09831 

dP 0.09492 

Mfe1 0.09297 

zG 0.07895 

SC/non_tot 0.07606 

SCI 0.07595 

SC/len 0.07514 

zP 0.07149 

Prob 0.06733 

Mfe3 0.05394 

Tm/Loop 0.05314 

Mfe2 0.05044 

dG 0.04968 

MeanBP 0.04765 

 

   The top six ranks features based on gain ratio are 

SC/1dP, SCxdP, SCxMFE/Mean, SC/nonA, 

SC/nonauLgcLguL and ScxabsZG. To gain further insight 

into theses features, the score of the features were normalized 

such that the values range from 0 to 1 and then plotted using 

box plots. Figure 2 illustrates the discriminative power of 

these six features in discriminating between the positive and 

negative examples of viral pre-miRNAs.  

 

As shown in Figure 2, it is observed that the positive data 

of SCxdP, SCxMFE/Mean, SC/nonauLgcLguL and 

ACxabsZG have higher score than the negative data while the 

positive data of SC/1dP and SC/nonA has lower score than 

the negative data. These observations confirm the hypothesis 

that structural robustness features are informative features for 

classifying the viral pre-miRNAs.    

 

The results of 5-fold cross validation are shown in Table 

3. According to the results, RF and BNN algorithms show 

high accuracies, specificities and low false positive rates 

compared to the others. Moreover, both models offer 

comparable performance in ROC area. Thereby, to select 

between RF and BNN model, their performances were 

verified using another independent test set as shown in Table 

4. 

 

This test set has totally 359 sequences including non-viral 

pre-miRNAs, non-miRNA precursor and coding sequences 

in virus. The results of the performance of RF and BNN 

demonstrate that BNN has better performance in accuracy 

and sensitivity than RF while RF offers lower false positive 

rate. In order to measure the balance between classification 

performance on positive and negative class, the geometric 

mean was also calculated. BNN has greater geometric mean 

than RF, therefore the BNN can better detect the viral pre-

miRNAs and, at the same time, can better recognize negative 

data such as coding genes, pseudo genes and miRNA-like 

negative hairpins [32]. Therefore, BNN was selected as the 

proposed model according to its performance in accuracy, 

sensitivity and geometric mean. The proposed BNN adopted 

SC score and its derivative features to identify the viral pre-

miRNAs, while ViralMir does not include these features in 

its model. The results of the proposed BNN compared with 

ViralMir are shown in Table 5. With the less number of 

selected features, BNN shows higher accuracy, sensitivity, 

specificity, geometric mean values and less false positive rate 

compared to ViralMir.   

 

 



TABLE III.  PERFORMANCES OF C4.5, KNN, NB, BNN, RF AND 

SVM USING 5 FOLD CROSS VALIDATION 

Classifiers Performance Measurement 

ACC Sn Sp FPR ROC 

area 

C4.5 0.989 0.681 0.996 0.004 0.872 

KNN 0.985 0.676 0.992 0.008 0.834 

NB 0.955 0.91 0.957 0.043 0.975 

BNN 0.989 0.71 0.996 0.004 0.98 

RF 0.99 0.71 0.997 0.003 0.98 

SVM 0.988 0.571 0.999 0.001 0.785 

TABLE IV.  PERFORMANCES OF RF AND BNN ON THE TEST SET 

Classifiers Performance Measurement 

ACC Sn Sp FPR GM 

RF 0.973 0.792 1 0 0.889 

BNN  0.978 0.830 0.99 0.01 0.906 

TABLE V.  PERFORMANCE FOR DISCRIMINATING VIRAL MIRNA 

PRECURSOR FROM NON-VIRAL MIRNA PRECURSOR, NON MIRNA 

PRECURSOR SEQUENCES AND CODING SEQUENCE OF VIRUS 

Classifiers Performance Measurement 

ACC Sn Sp FPR GM 

ViralMir 0.80 0.69 0.82 0.18 0.752 

BNN  0.978 0.830 0.99 0.01 0.906 

IV. CONCLUSION 

In this research, a classification tool for viral pre-miRNAs 

has been developed based on the back-propagation neural 

network algorithm. The feature subset was selected 

specifically for virus-encoded pre-miRNAs in order to 

enhance the performance of the machine learning model. The 

results revealed that SC and derivative of SC scores features 

in associated with secondary structure features are 

informative features that can reflect the unique intrinsic 

genetic robustness characteristic of viral pre-miRNAs. As a 

consequence, the model achieved up to 0.96 accuracy and as 

low as 0.01 false positive rate. Moreover, this machine 

learning model could be a useful tool for researchers who 

study in the field of non-coding RNAs for discovering novel 

viral pre-miRNAs based on robustness features that simulate 

the intrinsic characteristics of viral pre-miRNAs. The feasible 

future work could be a simulation of a folding kinetic of viral-

encoded pre-miRNAs to reflect the underlying biological 

properties and utilize as a feature to distinguish biological 

function related information in viral pre-miRNAs subclasses. 
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