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Abstract. MicroRNAs (miRNAs) form a large functional family of small 
noncoding RNAs and play an important role as posttranscriptional regulators, by 
repressing the translation of mRNAs.  Recently, the processing mechanism of 
miRNAs has been reported to involve Drosha/DGCR8 complex and Dicer, 
however, the exact mechanism and molecular principle are still unknown. We 
thus have tried to understand the related phenomena in terms of the tertiary 
structure of pre-miRNA. Unfortunately, the tertiary structure of RNA double 
helix has not been studied sufficiently compared to that of DNA double helix. 
The tertiary structure of pre-miRNA double helix is determined by 15 types of 
dinucleotide step (d-step) parameters for three classes of angles, i.e., twist, roll, 
and tilt. In this study, we estimate the 45 d-step parameters (15 types by 3 classes) 
using an evolutionary algorithm, under several assumptions inferred from the 
literature. Considering the trade-off among the four objective functions in our 
study, we deployed a multi-objective evolutionary algorithm, NSGA-II, to the 
search for a nondominant set of parameters. The performance of our method was 
evaluated on a separate test dataset. Our study provides a novel approach to 
understanding the processing mechanism of pre-miRNAs with respect to their 
tertiary structure and would be helpful for developing a comprehensible 
prediction method for pre-miRNA and mature miRNA structures.  

1   Introduction 

The tertiary structure of RNAs is deeply related with their processing and functions, 
and knowing it helps to resolve their binding mechanisms with other molecules in cells. 
It can be described by several angle parameters, such as twist, roll, and tilt. However, 
the tertiary structure of RNA has not been studied much yet, compared to the secondary 
structure [1] or the tertiary structure of DNA [2]. Crystallography methods facilitated 
the elucidation of the structural parameters of DNA double helix [2, 3]. 

Recently, the known functional range of RNA has been expanded gradually since a 
new posttranscriptional regulator, (i.e., the microRNA (miRNA)), was found [10]. 
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miRNAs are defined as single-stranded RNAs of ~22 nucleotides (nt) in length, 
generated from endogenous transcripts that can form local hairpin structures [11]. 
The local hairpin structures are processed by the nuclear RNase type III enzyme, 
Drosha, releasing the hairpin-shaped intermediates (pre-miRNAs) which are 
typically 60-70 nt [12]. After exported to the cytoplasm, the pre-miRNAs are cleaved 
by another RNase III type enzyme Dicer and then are processed into the miRNAs 
[13]. However, the structural mechanism associated to the recognition and processing 
of pre-miRNA still remains unknown. Elucidation of the structural mechanism is one 
of the most crucial problems towards the understanding of molecular basis of miRNA 
processing. In a recent report on the structural mechanism, it is shown that the 
cleavage site by Drosha is distant from a terminal loop by about two-turn helices[14]. 
This biological knowledge can be used for the parameterization of tertiary structure 
of pre-miRNA. 

The parameterization of tertiary structure is a computationally intensive work 
involving a large number of parameters and several objectives. Conventional 
approaches to the parameterization include iterative algorithms and weighted linear 
sum methods. Iterative methods optimize each of the objectives one by one until a 
self-consistent state has been reached [4]. Weighted linear sum methods address the 
multiple objective problem by choosing suitable weighting parameters between 
objectives [5]. However, the choice of weighting parameters for different objectives 
becomes another challenging problem when the different objectives are dependent on 
each other. In this case, a priori knowledge about the dependency structure is needed 
for finding suitable weight values. 

An alternative method is to adopt a multi-objective optimization algorithm where all 
objectives are simultaneously optimized. Multi-objective optimization algorithms have 
widely been applied to the problems where the trade-off relation (dependency) among 
the objectives exists [6-8]. They produce not a single parameter set but a variety of 
parameter sets with various trade-offs for the objective functions. Multi-objective 
optimization algorithms find the optimal solution by comparing the candidate solutions 
based on the dominance relationship. When comparing two solutions with respect to 
the dominance relationship, the fitness value of each objective is considered together. 
Therefore, there is no information distortion in the multi-objective optimization 
algorithm, whereas the weighted linear sum method inevitably distorts some 
information while summarizing the individual fitness values  [9]. 

We introduce a novel approach for the parameterization of pre-miRNA structure 
using multi-objective evolutionary algorithms (MOEAs). In our knowledge, there has 
been no reported research on the parameterization of pre-miRNAs in terms of their 
tertiary structure. In specific, we focus on the dinucleotide step (d-step) parameters of 
double helix structure of pre-miRNA. Results of this study may help to understand the 
mechanism as well as can be used as an integral part for the prediction of pre-miRNAs. 
This paper largely consists of three parts; the first section describes the implementation 
of MOEAs for the parameterization of RNA tertiary structure; the second part 
demonstrates the results of a case study about pre-miRNAs; discussion and future work 
are given in the last part. 
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2   Materials and Methods 

2.1   Tertiary Structure of RNA 

The double helix structure of RNA is determined by three angle parameters; twist (W), 
roll (R), and tilt (T) as described in Figure 1. Twist is a main angle of the helix structure 
and decides whether it is left-handed or right-handed (Figure 1(b)). Roll is a rotation 
angle bending along the main groove and a minor groove, and it opens the grooves 
(Figure 1(c)). Tilt is a rotation angle where a plane of base pair moves up and down, and 
it destabilizes the stacking energy (Figure 1(d)). The angle parameters determine the 
position of each base and backbone in three dimensional spaces. They are basically 
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Fig. 1. The angle parameters of RNA tertiary structure. (a) The double helix structure of RNA; 
(b) Twist; (c) Roll; (d) Tilt. The rhombus denotes the plane of base pair. 

defined with dinucleotide step (d-step) parameters, as described in the following. Here, 
we can define three net angles as described in Equations (1)~(3) [15]. Net twist (
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where iW , iT , and iR are d-step parameters for twist, tilt, and roll angles, respectively. 

2.2   RNA Dinucleotide Step 

The secondary structure of a single RNA sequence can be predicted using the nearest 
neighbor model [16]. It considers thermodynamic interaction between base pair i and 
i+1, called dinucleotide step (d-step). Here, each d-step has three tertiary structural 
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Fig. 2. The net twist of 
pre-miRNA  

parameters: twist, roll, and tilt angles. The d-steps can be classified into the three types 
according to bases’ tendency or effect over geometric space. In this study, we use the 
following ten d-steps. 

 
- Pyrimidine(Py) – Purin(Pr) steps: UA(UA), CA(UG), CG(CG) 
- Pr – Py steps: AA(UU), AG(CU), GA(UC), GG(CC) 
- Pr – Pr steps: AU(AU), GU(AC), GC(GC) 

 

Here, the complement pair of a dinucleotide step is given in parentheses. Also, we need 
the following five additional d-steps for insertion or deletion. They represent an internal 
bulge in RNA structure. 

        
- -A(U-), -G(C-), -U(A-), -C(G-), -- 

 

Here, ‘-’ denotes deletion. To summarize, we have to consider 15 d-steps for each angle 
parameter (twist, roll, and tilt) and thus we should search for the 45 d-steps parameter 
values (15 d-steps by 3 angle classes). 

2.3   Description of the Objective Functions 

Here we present the four objective functions used to 
search for the optimal d-step parameters of double 
helix structure of pre-miRNA. For the optimization of 
the d-step parameters, we exploit some prior 
knowledge, which is specific to the pre-miRNAs. 
Since the same preprocessing mechanism is applied to 
all pre-miRNAs, their tertiary structures should be 
similar. The first function restricts the net twist should 
be similar across all miRNAs and the second implies 
the sense-antisense pair should have similar twist values. The third and fourth denotes 
that the net roll values and the net tilt values should be similar for all examples. All 
objective functions should be minimized here.  

2.3.1   Twist: Mean of Difference and Standard Error  
All net twists from a Drosha cleavage site to a Dicer cleavage site should be similar to 
be cropped by the same processing mechanism. A previous experiment reported that 
the net twist is about two-turn helices (4π) as depicted in Figure 2 [14]. Based on this, 
we can define the first objective function, which minimizes the difference from 4π and 
the standard errors of the net twists. If there are N pre-miRNAs, the mean of difference 
(MOD) and the standard error of the net twists are defined as: 
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where c
jW

~ is the net twist of the jth pre-miRNA calculated by a set of d-step parameters, 

C. From Equations 4 and 5, the first objective function can be defined as follow:  

WSEMODf +=1                                      (6) 

Here, WSE  was added because the net twist should be uniformly distributed around 

the two-turn helices. 

2.3.2   Twist: Mean of Difference Between Both Strands 
The stem structure of RNA is bi-directional: (1) from the stem-end of the mature 
miRNA to the loop-end of the mature miRNA and (2) vice versa. Thus, there are two 
net twists for a sense and an antisense strand, on a stem structure of pre-miRNAs. Here, 
a tuple ),( C

j
C
j SS specifies the net twists of the sense and antisense strands of the jth 

pre-miRNA calculated by a set of d-step parameters, C. We can assume that there is no 
difference of the net twists between both strands. Hence, we can define the second 
objective function 

2f  using the mean of difference between both strands (MDS). 
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2.3.3   Roll: Standard Error of Net Rolls 
The third objective function is designed to minimize the standard error of net rolls. The 
standard error of net rolls is defined as follow: 
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where, c
jR

~
 is the net roll of jth pre-miRNA calculated by a set of d-step parameters, C. 

2.3.4   Tilt: Standard Error of Net Tilts 
The last objective function minimizes the standard error of net tilts. The standard error 
of net tilts is defined as follow: 
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where c
jT

~
 is the net roll of the jth pre-miRNA calculated by a set of d-step parameters, C. 

2.4   Multi-objective Optimization 

A multi-objective optimization is to find a set of decision vectors ∗x  which minimize 
(or maximize) m objective vectors (functions) )(xf  at the same time. 
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))((minarg xfx
x

=∗                 (10) 
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where )(xf i
s are objective functions.  The decision vector (parameters) x  consists of n 

real values ( )nxxx ,...,, 21
 belong to the feasible region nS ℜ⊂  [8]. 

MOEAs find the optimal decision vectors, exploiting the dominance relationship for 
comparing the candidate solutions, not integrating the individual objective functions as 
a single function. The dominance relationship can be defined as follows [6].  

)()(},,...,2,1{ 21 xfxfmi ii ≤∈∀                                  (12) 

)()(},,...,2,1{ 21 xfxfmi ii <∈∃                                   (13) 

If a decision vector 1x  is not worse than 2x across all the objective functions, 1x  is 

said to dominate 2x . If there is no dominance between the decision vectors, they are 

said to be non-dominated each other. If a decision vector, 1x  is not dominated by all 

other decision vectors in the whole search space, the vector is defined as Pareto-optimal 
solution [6]. The non-dominated set of the entire search space is the Pareto-optimal set. 
The Pareto-optimal set in the objective space is called the Pareto-optimal front. 

2.5   Implementation of the MOEA 

We used non-dominated sorting genetic algorithm (NSGA-II), one of the most popular 
MOEAs, for the optimization of our d-step parameters [6]. NSGA-II can handle a number 
of objectives through ranking by non-dominated sorting procedure (Figure 3(a-1)).  
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Fig. 3. (a) Pseudo-code of the implemented NSGA-II, (1) creates n fronts; (2) produces parents of 
size N; (3) reproduce daughters of size M; (4) elitism strategy. (b) Flow chart for tertiary structure 
prediction using d-step parameters optimized by evolutionary algorithm. 
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It has shown good convergence and diversity performance on various problem domains. 
The crowding distance measure in NSGA-II overcomes a drawback of deciding the 
sharing parameter in the previous NSGA (Figure 3(a-2)). To handle multiple objectives 
more efficiently, we used the NSGA-II with the elitism strategy (Figure 3(a-4)). The 
entire NSGA-II procedure is summarized in Figure 3(a). 

3   Results  

3.1   Case Study: Pre-miRNAs 

For the d-step parameterization of pre-miRNA, we used 38 pre-miRNA sequence data 
where the cleavage site by Drosha/DGCR8 complex is experimentally validated by 
Northern blotting (http://microrna.sanger.ac.uk/). To extract d-steps of pre-miRNAs, 
their secondary structures should be known. Here, we applied the mfold package 
(http://ww.bioinfo.rpi.edu/applications/mfold) for the prediction of secondary 
structures, and converted the results as pairwise type (Figure 3(b)). We also prepared 
20 independent test examples using the same method. The proposed d-step parameter 
learning procedure is summarized in Figure 3(b). 

3.2   Experimental Setting 

To find the optimal parameters of dinucleotide steps using NSGA-II, we set several 
running parameter values as follows. Population size and the number of maximum 
generation were set to 1000, respectively. As genetic operators, we used the uniform 
 

 

Fig. 4. The relation between the fitness functions. Each graph shows the distribution of total front 
set of all functions on the pair of functions. The black dots are the front set of function f1 and 
function f2. The gray dots are all front set for all functions. 
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crossover and 1-point mutation. The rate of crossover was set as 0.9 and the rate of 
mutation was one over 45, which is the number of total d-step parameters. A 
chromosome consists of a string with real values of the 45 d-step parameters 
corresponding to the 3 tertiary structure parameters for each 15 d-steps. 

To reduce the search space, we imposed several constraints on the range of each 
angle (twist, roll, and tilt). For the range values, the angles discovered in DNA double 
helix were referred to. The twist of d-steps not including deletion is from 20° to 45° and 
the twist of d-steps including deletion is from 0° to 45°. Roll is from -10° to 10° and tilt 
is from -5° to 5°. 

3.3   The Relation Among the Objectives 

Given the running parameter set, we searched for the total front set for all given 
functions from f1 to f4. Figure 4 represents the total front set, a non-dominated set for 
four functions, which are plotted between pairs of functions. In the results, all pairs of 
functions excluding the pair of functions f3 and f4 show the trade-off relationship. 
However, the function pair f3 and f4 shows a liner relationship, which is reasonable 
because net roll and tilt are dependent on each other as in Equations 2 and 3. 

Among the total front set, we wished to select several sets that are appropriate for 
our specific purpose. In this study, we focused the twist angle because it is a main 
contributor of the RNA tertiary structure and thus we first selected the front set 
determined by functions f1 and f2 (black dots in Figure 4). They included 227 parameter 
sets. Next, we chose eight parameter sets in a specific range where the fitness value of 
function f1 is under 100 and the fitness value of function f2 is under 5 (a small dotted 
rectangle in the upper left plot in Figure 4). 

3.4   Learned Results 

The fitness values of the eight selected parameter sets are given in Table 1. Table 
1(a) describes the fitness values for the training dataset and Table 1(b) for the test 
dataset. We concluded that the front sets were optimized well with the given 
objective functions from the fact that the result on the test dataset is similar to that on 
the training dataset. 

Table 1. The fitness values of each selected front members for training and test datasets 

f1 f2 f3 f4

1  72.4  4.7  38.3 25.5 
2  72.1  4.9  39.7 24.7 
3  93.4  4.2  10.2 13.0 
4  76.2  4.3  32.1 24.0 
5  93.3  4.2  10.3 13.0 
6  94.2  4.1  10.2 12.8 
7  95.0  3.8  10.1 13.4 
8  73.0  4.4  35.0 27.2 

f1 f2 f3 f4

1 82.5 7.1 28.6 21.4 
2 83.7 7.7 32.6 18.5 
3 82.3 4.1 17.5 14.3 
4 90.9 6.0 30.8 20.9 
5 82.5 4.0 17.5 14.4 
6 82.2 4.2 17.2 14.2 
7 80.0 4.2 17.5 14.7 
8 82.4 6.8 30.4 20.0 

(a) Fitness values for the training dataset (b) Fitness values for the test dataset>  
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Table 2. The d-step parameter sets of DNA (*) and pre-miRNA. Row is the first nucleotide step 
and column is the second nucleotide step. 

Purine Pyrimidine Deletion 
A A* G G* U T* C C* - 

W 34.8 40.0  
R 7.2 2.6  T
T 4.8 0.0  
W 32.7 36.9 35.0 31.1
R 6.5 1.1 6.1 6.6

Pyrim
idine C

T -1.6 0.6 5.0 0.0
W 35.9 35.8 32.9 30.5 34.0 33.4  
R 6.8 0.5 0.6 2.9 10.0 -0.6  A
T 3.7 -0.4 3.3 -2.0 -0.1 0.0
W 34.9 39.3 34.9 33.4 34.3 35.8 37.6 38.3 
R 9.6 -0.1 10.0 6.5 9.5 0.4 10.0 -0.7

Purine

G
T 5.0 -0.4 4.2 -1.1 4.6 -0.9 2.8 0.0  
W 31.4 35.8 34.6 29.8 34.8
R 9.4 10.0 6.1 -10.0 9.4

D
eletion 

-
T 5.0 4.7 4.7 3.9 3.5  

3.5   The Representative Parameter Set 

Among the eight front parameter sets, we selected a representative parameter set (the 
fifth parameter set in Table 1) for comparing with the parameter set of DNA, estimated 
by the crystallography experiment (Table 2). Table 2 demonstrates the 45 d-step 
parameters of pre-miRNA and the 30 d-step parameters of DNA. It should be noted that 
there are no deletions in the structure of DNA double-helices and their physical and 
chemical characteristics are different from those of pre-miRNAs. Nevertheless, several 
parameters of pre-miRNA have similar values to those of DNA. 

3.6   Twist Change of Pre-miRNAs 

We drew the twist of pre-miRNAs using the fifth parameter set of Table 2 in the 
secondary dimension using a sine function (Figure 5). Figure 5(a) displays the twist 
change for 38 training examples and Figure 5(b) shows the twist change of 20 test 
examples. The net twists of the training are about 4.1π around 2-turn helices. In both 
datasets, the variance of net twists increases as the bp-step increases. We guessed that 
the difference may result from the consecutive deletions after the 10th d-step. For 
 

(a) 

(b) 

 

Fig. 5. Twist angles of the training and test datasets calculated using the fifth front parameter set. 
(a) Twist angles of the training examples (b) Twist angles of the test examples. 
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example, because ‘-A(A-)’ or ‘-C(C-)’ d-steps have relatively smaller angles than 
others, their consecutive d-steps will make more difference among twist angles of 
examples. 

4   Discussion  

In this study, we suggested an approach to the parameterization of pre-miRNAs using 
multi-objective evolutionary algorithms (MOEAs). In specific, we optimized the d-step 
parameters for twist, roll, and tilt angles, needed for predicting the tertiary structure of 
double helix of pre-miRNA, by introducing four fitness functions. The d-step 
parameter set of a representative front member had realistic values and shared similar 
patterns with that of DNA double helix. Also the results on the test dataset were 
consistent with those on the training dataset with respect to the fitness value and twist 
change. Combining these, our method has shown to be an effective tool for finding the 
Pareto-optimal front for this problem. 

Multi-objective evolutionary algorithms search for a front, non-dominated optimal 
set, for given functions. Thus, we should determine the representative results among 
non-dominated optimal sets in the front.  In this study, we mainly focused on the twist 
angle, a major component of tertiary structure, when choosing a representative front 
parameter set from the total front sets. 

The tertiary structure of a double-stranded RNA is determined by coordinates in the 
three dimensional space originated form the twist, roll, and tilt angles. In the future 
work, we will analyze the characteristics of pre-miRNAs on the tertiary structure and 
investigate the association with the processing mechanism of Drosha/DGCR8 and 
Dicer RNase III type enzymes. As a matter of fact, binding of proteins or complexes to 
the DNA or RNA double helices causes conformational changes. The d-step 
parameters should also be changed by physical or chemical effects of the protein. 
Hence, dynamic conformational changes can cause difficulties in finding the optimal 
d-step parameter set. Mitigating the above problem would be another research 
direction. 

Successful improvement of our study may help to understand the processing 
mechanism of pre-miRNAs as well as to be used as a crucial feature for the prediction 
of pre-miRNAs and mature miRNAs, which is one of the most challenging problems in 
miRNA study. These results can also be useful for designing an artificial short hairpin 
RNA as RNA interference system. 
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