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Abstract Noncoding RNAs (ncRNAs) are implicated in

various biological processes. Recent findings have

demonstrated that the function of ncRNAs correlates with

their provenance. Therefore, the recognition of ncRNAs

from different organelle genomes will be helpful to

understand their molecular functions. However, the weak-

ness of experimental techniques limits the progress toward

studying organellar ncRNAs and their functional relevance.

As a complement of experiments, computational method

provides an important choice to identify ncRNA in dif-

ferent organelles. Thus, a computational model was

developed to identify ncRNAs from kinetoplast and mito-

chondrion organelle genomes. In this model, RNA

sequences are encoded by ‘‘pseudo dinucleotide composi-

tion.’’ It was observed by the jackknife test that the overall

success rate achieved by the proposed model was 90.08 %.

We hope that the proposed method will be helpful in pre-

dicting ncRNA organellar locations.

Keywords Noncoding RNA � Organelle � Support vector
machine � Pseudo nucleotide composition � RNA structural

property

1 Introduction

Noncoding RNAs (ncRNAs) are the major products of

genome and have little or no protein-coding capabilities

[1]. Although ncRNAs are the genomic ‘‘dark matter,’’

multiple lines of evidences have demonstrated that they

play critical roles in many cellular processes such as pro-

liferation, migration, apoptosis, splicing and protein

localization [2–5]. In addition, ncRNAs are also implicated

in human diseases such as cardiovascular diseases and

neurological disorders [6, 7].

With the discovery of ncRNAs in subcellular organelles

such as kinetoplast, mitochondrion and chloroplast [8],

they are now revolutionizing the concept of gene regulation

in organelles. Since the function of ncRNAs correlates with

their subcellular localization, correctly identifying ncRNAs

from different organelles will be a great help to understand

their biological roles.

Because of the low abundance of ncRNAs and the fact

that ncRNAs expressed only at particular developmental

stages or tissues [9], experimental methods cannot pinpoint

the provenances of organellar ncRNAs. With the increase

in genomic sequences, there is an urgent need to develop

efficient computational tools for identifying ncRNAs from

different organelle genomes, which will facilitate our

understanding of the biological functions of ncRNAs.

& Wei Chen

chenweiimu@gmail.com

& Hao Lin

hlin@uestc.edu.cn

1 School of Public Health, North China University of Science

and Technology, Tangshan 063000, China

2 Department of Immunology, Zunyi Medical College,

Zunyi 563000, China

3 Department of Pathophysiology, Sichuan Medical University,

Luzhou 646000, China

4 Department of Physics, School of Sciences, and Center for

Genomics and Computational Biology, North China

University of Science and Technology, Tangshan 063000,

China

5 Key Laboratory for Neuro-Information of Ministry of

Education, Center of Bioinformatics and Center for

Information in Biomedicine, School of Life Science and

Technology, University of Electronic Science and

Technology of China, Chengdu 610054, China

123

Interdiscip Sci Comput Life Sci (2017) 9:540–544

https://doi.org/10.1007/s12539-016-0193-4

Author's personal copy

http://crossmark.crossref.org/dialog/?doi=10.1007/s12539-016-0193-4&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s12539-016-0193-4&amp;domain=pdf
https://doi.org/10.1007/s12539-016-0193-4


Keeping this in mind, a support vector machine-based

model was proposed to predict the organelle location of

ncRNAs, in which the RNA samples were encoded using

the pseudo dinucleotide composition. In the jackknife test,

the proposed model obtained an accuracy of 90.08 % for

identifying ncRNAs from different organelle genomes.

2 Materials and Methods

2.1 Benchmark Dataset

ncRNAs were downloaded from the database NONCODE

version 4.0 [1]. According to the annotation of NONCODE,

we obtained 356 ncRNAs from three kinds of organelle

genomes, including 148 ncRNAs from the kinetoplast gen-

ome, 145 from the mitochondrion genome and 63 from the

chloroplast genome. A high-quality benchmark dataset was

built according to the following procedures: (1) To get rid of

redundancy and sequence bias, the ncRNAs with high

similarity were removed by using the CD-HIT software [10]

with the cutoff threshold of 80 %. (2) Since the number of

ncRNAs from the chloroplast genome is less than 100, for

providing a significant statistics, only ncRNAs from kine-

toplast and mitochondrion genomes were retained. Finally, a

benchmark dataset containing 232 ncRNAs was obtained, of

which 126 ncRNAs from the kinetoplast genome and 106

ncRNAs from the mitochondrion genome, which are pro-

vided in Supplementary Information S1.

2.2 RNA Sequence Formulation

Suppose a RNA sequence with L nucleic acid residues,

R1R2R3…Ri…RL, where Ri is the residue at position i and

it can be adenine (A), cytosine (C), guanine (G) or uridine

(U). The straightforward method to formulate the sequen-

ces is using nucleic acid composition as follows,

R ¼ f ðA),f ðC); f ðG); f ðU)½ �T ð1Þ

where f(A), f(C), f(G) and f(U) are the frequencies of A, C,

G and U in RNA sequence, respectively. However, it

missed the sequence-order information. If using the dinu-

cleotide composition, i.e., f(AA), f(AC), f(AG), …, f(UU),

although the most contiguous local sequence-order infor-

mation is included, the global sequence-order information

still could not be reflected.

To deal with this problem, the pseudo nucleotide com-

position was proposed [11] and has been widely used in

computational genomics [12–19]. Recently, two flexible

web servers were developed to generate pseudo nucleotide

compositions [11, 20]. The pseudo nucleotide composition

of RNA sequences can be defined as [11],

R ¼ r1 r2 � � � r4k r4kþ1 � � � r4kþk½ �T ð2Þ

where

ru ¼

fu
P4k

i¼1 fi þ w
Pk

j¼1 hj
ð1� u� 4kÞ

whu�4k

P4k

i¼1 fi þ w
Pk

j¼1 hj
ð4k\u� 4k þ kÞ

8
>>><

>>>:

ð3Þ

In Eq. 3, fu ðu ¼ 1; 2; � � � ; 4kÞ is the frequency of the non-

overlapping k-tuple nucleotides in the RNA sequence. k is

the number of the total counted ranks of the correlations

along a RNA sequence, and w is the weight factor [11]. The

concrete values for k, w and k will be given in the fol-

lowing: The correlation factor hj represents the j-tier

structural correlation factor between all the jth most con-

tiguous k-tuple nucleotide Ti = RiRi?1…Ri?k-1 and is

defined as,

hj ¼
1

L� j� k þ 1

XL�j�kþ1

i¼1

HðTi; TiþjÞ

ðj ¼ 1; 2 ; . . .; k; k \ LÞ ð4Þ

For example, h1 is called the first-tier correlation factor that

reflects the sequence-order correlation between all the most

contiguous k-tuple nucleotide along a RNA sequence

(Fig. 1a); h2, the second-tier correlation factor between all

the second most contiguous k-tuple nucleotide (Fig. 1b);

h3, the third-tier correlation factor between all the third

most contiguous k-tuple nucleotide (Fig. 1c); and so forth.

The correlation function H(Ti, Tj) is given by

H Ti; Tj
� �

¼ 1

v

Xv

u¼1

Pu Tið Þ � Pu Tj
� �� �2 ð5Þ

where v is the number of RNA physicochemical properties.

2.3 RNA Physicochemical Properties

It has been reported that RNA structures are interrelated

with the functions of most ncRNAs [21, 22]. Since the

structure of RNA is determined by the complex pattern of

base–base interaction [23], the six RNA local structural

properties (Shift, Slide, Rise, Twist, Tilt, Roll) as reported

in [24] were used to define the pseudo nucleotide compo-

sition. The detailed values for the six local structural

property parameters are given in Table 1.

Therefore, k is equal to 2, meaning that the pseudo

dinucleotide composition (PseDNC) was used, and v is

equal to 6, indicating the number of RNA physicochemical

properties. PuðTjÞ is the value of the uth (u = 1, 2, …, 6)

property for the dinucleotide Ti at position i, and PuðTjÞ is
the value for the dinucleotide Tj at position j.
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Note that before substituting them into Eq. 5, all the

original values PuðTiÞ (u = 1, 2, …, 6) were subjected to a

standard conversion, as described by the following equation,

P0
uðTiÞ ¼

PuðTiÞ �\PuðTiÞ[
SDðPuðTiÞÞ

ð6Þ

where the symbol\[ is taking the average of the quantity

therein over the 16 different dinucleotides and SD is the

corresponding standard deviation.

2.4 Support Vector Machine

Support vector machine (SVM) is a classic machine

learning algorithm and has been successfully used in

computational genomics and proteomics [25–31]. In the

current study, the LibSVM package 3.18 was used to

implement SVM, which can be freely downloaded from

http://www.csie.ntu.edu.tw/*cjlin/libsvm/, and the radial

basis kernel function (RBF) was used to obtain the best

classification hyperplane in the current study. In the SVM

operation engine, the regularization parameter C and the

kernel width parameter c were optimized via an opti-

mization procedure using a grid search approach defined by

2�5 �C� 215 with step of 2

2�15 � c� 2�5 with step of 2�1

�

: ð7Þ

2.5 Performance Evaluation

Four metrics, namely sensitivity (Sn), specificity (Sp),

accuracy (Acc) and Matthew’s correlation coefficient

(MCC), are widely used to measure the performance of a

binary model [32, 33], which are expressed as

Sn ¼ TP

TPþ FN
� 100% ð8Þ

Sp ¼ TN

TNþ FP
� 100% ð9Þ

Acc ¼ TPþ TN

TPþ FNþ TNþ FP
� 100% ð10Þ

Mcc¼ TP�TN�FP�FN

ðTPþFNÞ� ðTNþFNÞ� ðTPþFPÞ� ðTNþFPÞ
ð11Þ

Fig. 1 Schematic illustration to

show the correlations of

dinucleotides along a RNA

sequence. a The first-tier

correlation reflects the

sequence-order mode between

all the most contiguous non-

overlapping k-tuple nucleotide.

b The second-tier correlation

reflects the sequence-order

mode between all the second

most contiguous non-

overlapping k-tuple nucleotide.

c The third-tier correlation

reflects the sequence-order

mode between all the third most

contiguous non-overlapping k-

tuple nucleotide

Table 1 Concrete values of the six local structure properties for

RNA dinucleotides

Dinucleotide P1(Ti) P2(Ti) P3(Ti) P4(Ti) P5(Ti) P6(Ti)

AA -0.08 -1.27 3.18 31.0 -0.8 7.0

AC 0.23 -1.43 3.24 32.0 0.8 4.8

AG -0.04 -1.50 3.3 30.0 0.5 8.5

AU -0.06 -1.36 3.24 33.0 1.1 7.1

CA 0.11 -1.46 3.09 31.0 1.0 9.9

CC -0.01 -1.78 3.32 32.0 0.3 8.7

CG 0.3 -1.89 3.3 27.0 -0.1 12.1

CU -0.04 -1.50 3.3 30.0 0.5 8.5

GA 0.07 -1.70 3.38 32.0 1.3 9.4

GC 0.07 -1.39 3.22 35.0 0.0 6.1

GG -0.01 -1.78 3.32 32.0 0.3 12.1

GU 0.23 -1.43 3.24 32.0 0.8 4.8

UA -0.02 -1.45 3.26 32.0 -0.2 10.7

UC 0.07 -1.70 3.38 32.0 1.3 9.4

UG 0.11 -1.46 3.09 31.0 1.0 9.9

UU 0.08 -1.27 3.18 31.0 -0.8 7.0

In this table, the following symbols were used to represent the six

physical structures of dinucleotide: P1 for ‘‘Shift,’’ P2 for ‘‘Slide,’’ P3

for ‘‘Rise,’’ P4 for ‘‘Twist,’’ P5 for ‘‘Tilt,’’ P6 for ‘‘Roll.’’ The data

were obtained from [24]
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where TP represents the number of true positive, TN rep-

resents the number of true negative, FP represents the

number of false positive and FN represents the number of

false negative, respectively.

3 Results and Discussion

3.1 Cross-Validation

As demonstrated in Ref. [34], the jackknife test is the least

arbitrary and most objective cross-validation method.

Therefore, the jackknife test was used to examine the

performance of the model proposed in the present work. In

the jackknife test, each RNA sequence in the benchmark

dataset is in turn singled out as an independent test sample

and all the rule-parameters are calculated without including

the one being identified.

3.2 Parameter Optimization

As shown in Eqs. 2–3, the performance of the present

model depends on the two parameters w and k. Generally
speaking, the greater the k is, the more global sequence-

order information the model contains. However, if k is too

large, it would reduce the cluster-tolerant capacity so as to

lower down the cross-validation accuracy due to over-fit-

ting or ‘‘high-dimension disaster’’ problem [35]. Therefore,

our searching for the optimal values of the two parameters

is in the range of w 2 [0, 1] and k 2 [1, 10] with the steps

of 0.1 and 1, respectively.

In order to save the computational time, the five fold

cross-validation method was used to optimize w and k. We

found that when w = 0.1 and k = 10, a peak of 90.09 %

was obtained for the Acc (Fig. 2). Accordingly, these two

numerical values, w = 0.1 and k = 10, were used for the

two parameters in the following analysis.

The jackknife test performance of the proposed method

in identifying ncRNAs from kinetoplast and mitochondrion

genomes is listed in Table 2. As given in Table 2, an

accuracy of 90.08 % was obtained with the sensitivity of

91.26 %, specificity of 88.76 % and MCC of 0.80.

3.3 Comparison with Other Methods

To further testify its superiority, the predictive results of

the proposed method were compared with that of other

commonly used classifiers, i.e., Naı̈ve Bayes, J48 Tree,

RBF network and Random Forest as performed in WEKA

[36]. The jackknife test results of different classifiers for

identifying ncRNAs in the benchmark dataset are also

reported in Table 2.

It is shown that the four metrics of the proposed model

are all higher than that of J48 Tree and RBF network.

Although the sensitivity and specificity of the proposed

method are lower than those of Random Forest and Naı̈ve

Bayes, respectively, its accuracy and MCC are all higher

than those of Random Forest and Naı̈ve Bayes. These

results suggest that the proposed SVM-based model can be

effectively used to identify ncRNAs from different orga-

nelle genomes.

4 Conclusions

By using the pseudo dinucleotide composition to encode

RNA sequences, we proposed a support vector machine-based

model to discriminate ncRNAs from kinetoplast and mito-

chondrion genomes. The high success rates obtained from the

jackknife test indicate that the model is very promising.

Although the current model is trained by the benchmark

dataset only containing ncRNAs from kinetoplast and

mitochondrion organelle genomes, it can also be extended

to identify ncRNAs from other organelle genomes with the

collections of ncRNAs from other organelles. Therefore,

we hope that the proposed method could provide some

novel insights into the research on organellar ncRNAs.
Fig. 2 3D graph to show the accuracies obtained in the fivefold

cross-validation with different values of w and k

Table 2 Comparison of different classifiers for identifying ncRNAs

by the jackknife test

Classifier Sn (%) Sp (%) Acc (%) MCC

J48 Tree 85.71 88.68 87.07 0.74

RBF network 86.51 62.26 75.43 0.51

Random Forest 92.06 83.01 87.93 0.77

Naı̈ve Bayes 23.81 94.34 56.03 0.25

SVM 91.26 88.76 90.08 0.80
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