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Abstract 
MiRNA is a biological short sequence, which plays a crucial role in almost all important biological process. 
MiRNA patterns are common sequence segments of multiple mature miRNA sequences, and they are of 
significance in identifying miRNAs due to the functional implication in miRNA patterns. In the proposed 
approach, the primary miRNA patterns are produced from sequence alignment, and they are then cut into 
short segment miRNA patterns. From the segment miRNA patterns, the candidate miRNA patterns are 
selected based on estimated probability, and from which, the potential miRNA patterns are further selected 
according to the classification performance between authentic and artificial miRNA sequences. Three 
parameters are suggested that bi-nucleotides are employed to compute the estimated probability of segment 
miRNA patterns, and top 1% segment miRNA patterns of length four in the order of estimated probabilities 
are selected as potential miRNA patterns. 
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1. Introduction 

MicroRNAs (miRNAs) are short RNA sequences which regulate mRNA translation, play a crucial 
regulation role in nearly all important biological processes [1,2], and make fine-scale adjustments to 
protein outputs by regulating target mRNAs [3]. Identification of novel miRNAs are pivotal to 
understand the development mechanism of an organism and explore the pathogen of complex diseases. 
MiRNA computational identification methods have been improved unprecedentedly in sensitivity due 
to deep sequencing technologies, but many of them are still compromised by substantial false positives 
and low efficiency [4,5]. MiRNA identification methods based on high-throughput sequencing 
technologies regularly encompass the two steps: mapping the reads into genome or RNA database and 
analyze the stem-loop structure of a candidate sequence. The former is a heavy computational burden 
[5-7],  and the latter is difficult to remove the pseudo-miRNAs with similar stem-loop structure [8]. A 
fast filtration of reads to remove spurious miRNA sequences will reduce the mapping time and false 
positives in the miRNA identification process. 

Sequence patterns are a widely used feature for classification and they could be used to discover the 
specific sequences for the conservative knowledge implied in these patterns. MiRNA patterns are a set 
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of distinguishing subsequences of authentic miRNA sequences which appear frequently in the authentic 
miRNA sequences, yet infrequently in non-miRNA sequences [9], and they are the features selected by 
some miRNA identification methods for higher accurate classification, less computational time [10]. 
There has been many different supervised feature selection techniques for sequence analysis, such as 
content analysis focusing on the broad characteristics of sequences [11], signal analysis concentrating 
on identification of sequence motifs [11], automatic feature generation for sequences integrating feature 
construction and feature generation in a systematic way [12]. Due to the short length and little 
construction information, it is a challenging take to extract patterns from mature miRNA sequences. 

In this paper, we propose an approach to discover miRNA patterns from sequence alignment and 
suggest three parameters to select the potential miRNA patterns. We first extract the common letters of 
multiple mature miRNA sequences as a primary miRNA pattern [13-15]. The primary miRNA patterns 
are then cut into short segments, from which we select the segments which appear in more authentic 
mature miRNA sequences than in non-miRNA ones as potential miRNA patterns. For balancing 
computation burden and classification performance, three parameters for selecting miRNA patterns are 
suggested that employing bi-nucleotides to compute the probability of a segment miRNA pattern, and 
selecting top 1% segment miRNA patterns of length four as potential miRNA patterns. 

This paper is organized as follows: Section 2 introduces the materials and suggested approach to 
produce and select miRNA patterns. In Section 3, we analyze and discuss the classification performance, 
computation burden and significance of the potential miRNA patterns. Section 4 concludes this paper. 

 
 

2. Materials and Methods 

The proposed approach includes two stages: pattern discovery and pattern selection (Fig. 1). 
 

 

Fig. 1. Flowchart of the approach. 
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2.1 Data Preparation 
 

Mature miRNA sequences of nematode (Ascaris suum, Brugia malayi, Caenorhabditis briggsae, 
Caenorhabditis remanei, and Pristionchus pacificus) are downloaded from miRBase (miRNA database, 
release 17) and used to produce patterns. The test data contains 100 randomly chosen authentic mature 
miRNAs of Caenorhabditis elegans and 113 artificial ones which are chosen randomly from the reads of 
Caenorhabditis elegans downloaded from miRDeep (a software to identify miRNAs from deep 
sequencing) [5]. 

 

2.2 Pattern Discovery 
 
2.2.1 Production of primary miRNA patterns 
 

Primary miRNA patterns are the common letters of multiple mature miRNA sequences. Here, 
Needleman-Wunsch (NW) alignment algorithm is employed to produce a primary miRNA pattern of 
any two miRNA sequences. We adopt NW algorithm, rather than some multiple sequences alignment 
methods, such as HandAlign [16], Phylo [17], and SINA [18], for the simplicity and global optimality of 
NW algorithm. The alignment results of two miRNA sequences are primary miRNA patterns which 
present in the forms that comprise a combination of literals (any one of bases A, C, G, and U) and 
wildcards (each denoted by "."). One such primary miRNA pattern is “AC..U”, all instances of which 
have their first and second positions occupied by bases A and C, the third and fourth positions by any 
two bases, and the fifth position by the base U. 

 
2.2.2 Production of segment miRNA patterns 
 

The liberals in a primary miRNA pattern are the common letters in the specific positions of the two 
mature miRNA sequences, but they might be non-conservative bases because the two mature miRNA 
sequences might happen to have the same letters in some positions. For extracting the true conservative 
bases, primary miRNA patterns are cut into short segments which contain m (m=2, 3, ..., 24) literals 
where 24 is the maximum of literals in a primary miRNA pattern. We define the short segments as 
segment miRNA patterns and pattern length as the number of literals in such a segment. We thus get 24 
groups of segment miRNA patterns (23 groups of segment miRNA patterns whose length is from 2 to 
24 and the group of primary miRNA patterns). 

 
2.2.3 Probability estimation of segment miRNA patterns 
 

We employ the method in reference [19] to compute estimated probability of a segment miRNA 
pattern. First, the frequency of x-nucleotides is computed based on mature miRNA sequences. X-
nucleotides could be bi-nucleotides containing two literals, or tri-nucleotides containing three literals, 
etc. The frequencies of all bi-nucleotides are computed in the following forms: 

"AA" 
"A.A" 
... 
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"U........................U" 
And the frequencies of all tri-nucleotides are computed: 
"AAA" 
"A.AA" 
... 
"AA..A" 
... 
"UU.....................U" 
 
Second, the probability of a given segment miRNA pattern is estimated by Bayes’ theorem and second 

order Markov chain. 
Based on the frequencies of bi-nucleotides, the probability of a segment miRNA pattern “AU.CG” is 

computed as follows: 

Pr(AU.CG)=Pr(AU/A])*Pr(U.C/U)*Pr(CG/C)=#(AU)/(#(AA)+#(AC)+#(AG)+#(AU))* 
#(U.C)/(#(U.A)+#(U.C)+#(U.G)+#(U.U))*#(CG)/(#(CA)+#(CC)+#(CG)+#(CU)) 
Based on tri-nucleotides, its probability is computed: 
Pr(AU.CG)=Pr(AU.C/AU])*Pr(U.CG/U.C)=#(AU.C)/(#(AU.A)+#(AU.C)+#(AU.G)+#(AU.U))* 
#(U.CG)/(#(U.CA)+#(U.CC)+#(U.CG)+#(U.CU)) 

 

2.3 Pattern Selection 
 
2.3.1 Selection of candidate miRNA patterns 
 

For each group, the segment miRNA patterns are sorted in the order of the estimated probabilities, 
and those whose estimated probabilities above a given threshold are selected as candidate patterns. The 
threshold of each group is determined in the following steps: 

First, we compute the negative base-10 logarithms of the estimated probabilities of all the segment 
miRNA patterns, and all the estimated probabilities constitute the threshold space.  

Second, we count respectively authentic and artificial miRNA sequences which contain a segment 
miRNA pattern.  

Third, we compute separately true positive (TP), false negative (FN), true negative (TN), false positive 
(FP) [20] for each group of segment miRNA patterns. In each group, TP, FP, TN and FN are firstly 
initialized to 0. When the negative logarithm of estimated probability of a segment pattern is less than a 
given threshold, we increase TP by one if the segment pattern is contained in more authentic miRNAs, 
otherwise increase FP by one. Similarly, we compute TN and FN. After traversing all the segment 

miRNA patterns in a group, true positive rate (��� =
��

�����
), and false positive rate (��� =

	�

	���

) of 

the threshold can be calculated. We walk through the whole threshold space of a group and compute 
TPR and FPR based on every threshold, then a ROC curve can be drawn for this group. In a ROC curve, 

the point which is nearest to the upper left corner (��1 − ����� + ����) is selected as the final 
threshold, and the segment patterns whose negative logarithm is less than the final threshold are 
selected as candidate miRNA patterns of the group. Thus, we get 24 groups of candidate patterns. 
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2.3.2 Selection of potential miRNA patterns 
 

The candidate miRNA patterns in the 24 groups are the patterns which contain most conservative 
knowledge in a specific length, from which we need to further select the group that has the highest 
classification performance between authentic and artificial miRNAs as the potential miRNA patterns. 

We also use ROC curve to compare the classification performance of the 24 groups of candidate 
miRNA patterns. For each group, we firstly count candidate miRNA patterns contained in each 
sequence in the test data. We then divide the number of candidate miRNA patterns contained in a 
sequence by the length of the sequence to eliminate the deviation that longer sequences have higher 
possibility to contain more patterns. The all the quotients of a group of candidate miRNA patterns 
constitute the threshold space of classification performance, and we also compute the TP, FP, TN, FN, 
TPR, and FPR and draw the ROC curve of the group. We obtain the threshold which present the 
highest classification performance from the ROC curve of each group, then select the group with the 
highest classification performance as potential miRNA patterns from the 24 ROC curves. 

 
 

3. Results and Discussion 

The following three parameters should be selected prudently for balancing computation burden and 
classification performance. 

 
3.1 X-nucleotides of Estimating Probabilities of Segment Patterns 
 

The estimated probability of a segment miRNA pattern is computed according to the frequencies of 
the x-nucleotides. X-nucleotides could be bi-nucleotides, tri-nucleotides, etc. In fact, only bi-/tri-
nucleotides can be used to estimate the probabilities because the frequencies of most x-nucleotides is 0 
when x≥4. Take 4-nucleotides for example, more than half 4-nucleotides have a frequency of 0 which 
results in the probabilities of many segment miRNA patterns are also 0. As for bi-nucleotides and tri-
nucleotides, the former is better because the number of bi-nucleotides (400) is far less the number of 
tri-nucleotides (20800) and the classification performance of the former is also a little better than the 
latter (Table 1). 

 
3.2 Percentage of Candidate miRNA Patterns 
 

The higher estimated probability a segment miRNA pattern has, the more conservative knowledge 
the segment miRNA pattern contains. The top segment miRNA patterns in the order of estimated 
probabilities in a group present higher classification performance between authentic and artificial 
miRNA sequences, and we need to determine the percentage of selected segment miRNA patterns. 
TPR, FPR and ��1 − ����� + ����  of the top n% segment miRNA patterns in the groups whose length 
range is from four to seven are shown in Tables 2–5 and Figs. 2–5.  

From the Figs. 2–5, we find the top 0.5%–60% segment miRNA patterns in all the groups are good 
and stable in classification performance. Taking computation burden into account, we suggest selecting 
top 1% segment miRNA patterns as potential miRNA patterns. 
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Table 1. Classification performance of miRNA patterns based on bi-/tri-nucleotides 

Length of segment 
miRNA patterns 

bi-nucleotides tri-nucleotides 

TPR FPR 22)1( FPRTPR +−
 TPR FPR 22)1( FPRTPR +−

 

Full length 0.6 0.5 0.60 0.71 0.54 0.61 

2 0.8 0.3 0.31 - - - 

3 0.8 0.4 0.43 0.65 0.25 0.43 

4 0.8 0.3 0.36 0.68 0.24 0.40 

5 0.7 0.2 0.34 0.69 0.29 0.42 

6 0.7 0.2 0.35 0.61 0.22 0.45 

7 0.8 0.2 0.30 0.66 0.21 0.40 

8 0.6 0.1 0.41 0.71 0.38 0.48 

9 0.5 0.0 0.50 0.52 0.07 0.49 

10 0.4 0.0 0.60 0.37 0.00 0.63 

11 0.2 0.0 0.79 0.23 0.00 0.77 

12 0.2 0.0 0.80 0.19 0.00 0.81 

13 0.1 0.0 0.88 0.15 0.00 0.85 

14 0.1 0.0 0.90 0.11 0.00 0.89 

15 0.0 0.0 0.96 0.08 0.00 0.92 

16 0.0 0.0 0.98 0.02 0.00 0.98 

17 0.0 0.0 0.99 0.00 0.00 1.00 

18 0.0 0.0 1.00 0.03 0.00 0.97 

19 0.0 0.0 1.00 0.01 0.00 0.99 

20 0.0 0.0 1.00 0.00 0.00 1.00 

21 0.0 0.0 1.00 0.00 0.00 1.00 

22 0.0 0.0 1.00 0.00 0.00 1.00 

23 0.0 0.0 1.00 0.00 0.00 1.00 

22)1( FPRTPR +−
 in the table is the distance of the point nearest to the upper left corner in a ROC curve.  

The rows shown in bold and italic present good differentiation performance.  
 

Table 2. Classification performance of candidate patterns of length four 

# of candidate patterns Percentage of candidate patterns (%) TPR FPR 22)1( FPRTPR +−
 

5 0.011 0.35 0.09 0.66 

18 0.04 0.5 0.21 0.54 

178 0.4 0.66 0.21 0.40 

333 0.7 0.79 0.31 0.37 

3688 8.2 0.63 0.17 0.41 

25509 56.6 0.63 0.14 0.39 

45058 100 1 0.79 0.79 
The percentage of candidate miRNA patterns is calculated as n/45058 where 45058 is the number of total segment 
miRNA patterns of length four. 
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Fig. 2. Classification performance of candidate miRNA patterns of length four. 
 

Table 3. Classification performance of candidate miRNA patterns of length five 

# of candidate patterns Percentage of candidate patterns (%) TPR FPR 22)1( FPRTPR +−  

19 0.01 0.22 0.07 0.78 
61 0.02 0.39 0.10 0.62 

261 0.10 0.69 0.20 0.37 
3166 1.24 0.84 0.30 0.34 

17328 6.80 0.79 0.26 0.33 
33849 13.29 0.74 0.19 0.32 
59477 23.36 0.80 0.22 0.30 

130704 51.32 0.78 0.20 0.30 

The number of total segment miRNA patterns of length five is 254662. 
 

 

Fig. 3. Classification performance of candidate miRNA patterns of length five. 
 

Table 4. Classification performance of candidate miRNA patterns of length six 
# of candidate patterns Percentage of candidate patterns (%) TPR FPR 22)1( FPRTPR +−

 
7 0.00001 0.22 0.07 0.78 

386 0.06 0.43 0.06 0.57 
5790 0.90 0.69 0.15 0.34 

21004 3.27 0.76 0.25 0.35 
41870 6.52 0.88 0.30 0.32 

100079 15.59 0.84 0.22 0.27 
361387 56.30 0.86 0.20 0.24 

The number of total segment miRNA patterns of length six is 641908. 

22
)1( FPRTPR +−

percentage of selected candidate patterns in total patterns 

22)1( FPRTPR +−

percentage of selected candidate patterns in total patterns 
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Fig. 4. Classification performance of candidate miRNA patterns of length six. 
 

Table 5. Classification performance of candidate patterns of length seven 

# of candidate patterns Percentage of candidate patterns (%) TPR FPR 22)1( FPRTPR +−  

4 0.00 0.01 0.00 0.99 

754 0.09 0.31 0.05 0.69 

3768 0.44 0.56 0.10 0.45 

8854 1.05 0.72 0.23 0.36 

18769 2.22 0.86 0.36 0.39 

67484 7.97 0.79 0.21 0.30 

457573 54.03 0.80 0.18 0.27 

The number of total segment miRNA patterns of length seven is 846854. 
 

 

 

Fig. 5. Classification performance of candidate miRNA patterns of length seven. 
 

3.3 Length of Potential miRNA Patterns 
 

Figs. 2–5 also tell us that there is the difference of classification performance between the groups of 
different lengths. Fig. 6 shows the ROC curve of top approximately 50% segment miRNA patterns in 
the groups whose length range is from two to twelve and full length, and we find that the groups whose 
length range is between two and eight present better classification performance than others.  

22)1( FPRTPR +−

percentage of selected candidate patterns in total patterns 

22)1( FPRTPR +−

percentage of selected candidate patterns in total patterns 
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Fig. 6. ROC curves of top approximately 50% segment miRNA patterns in different groups. TPR and 
FPR are computed based on bi-nucleotides and the brown diagonal line is the random guess line. The 
figure does not show the ROC curves of the segment miRNA patterns whose length is larger than 12 
because the ROC curves are either a straight line on y-axis or a point below the diagonal line. 
 

We list the best TPR, FPR, and  22)1( FPRTPR +− of top approximately 50% segment miRNA 

patterns in Table 6 and find that the patterns in the groups whose length range is from five to nine are 
best in classification performance. Table 1 shows that the top 1% segment miRNA patterns in the 
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groups whose length range is from four to seven are best in classification performance. Although the 
classification performance of top approximately 50% segment miRNA patterns is a little better than that 
of top approximately 1% segment miRNA patterns, the number of top approximately 1% segment 
miRNA patterns (300–9000) is far less than the number of top approximately 50% segment miRNA 
patterns (4500–450000), therefore we select the top approximately 1% segment miRNA patterns in the 
groups of length range is from four to seven as potential miRNA patterns. 

 
Table 6.  Classification performance of top 50% of segment miRNA patterns  

Length of segment patterns TPR FPR The shortest distance to the upper left 
corner in ROC curve 

Full length 0.4  0.0  0.60  
2 0.8  0.1  0.28  
3 0.8  0.3  0.37  
4 0.6  0.1  0.40  
5 0.8  0.2  0.30  
6 0.8  0.2  0.28  
7 0.8  0.1  0.23  
8 0.8  0.1  0.23  
9 0.7  0.1  0.30  

10 0.5  0.0  0.50  
11 0.7  0.1  0.34  
12 0.5  0.0  0.49  
13 0.5  0.0  0.54  
14 0.4  0.0  0.57  
15 0.4  0.0  0.65  
16 0.3  0.0  0.71  
17 0.2  0.0  0.81  
18 0.2  0.0  0.85  
19 0.1  0.0  0.91  
20 0.1  0.0  0.91  
21 0.1  0.0  0.92  
22 0.0  0.0  0.98  
23 0.0  0.0  1.00  

The shortest distance to the upper left corner in ROC curve is computed by �(1 − ���)� + ����. 
 
Moreover, Fig. 7 shows the classification performance of top 1% segment miRNA patterns in all the 

24 groups based on bi-nucleotides and tri-nucleotides and the top 50% segment miRNA patterns in all 
the 24 groups based on bi-nucleotides. We find that the trend of the three curves is similar and the 
groups whose length range is from four to seven are good and stable. Therefore, taking the computation 
burden into account, we suggest computing estimated probabilities of segment miRNA patterns based 
on bi-nucleotides and selecting top 1% segment miRNA patterns of length four as potential miRNA 
patterns. 
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Fig. 7. The smallest value of 22)1( FPRTPR +−  of the top 1% and 50% segment miRNA patterns. 

 

3.4 Significance Analysis 
 

3.4.1 Significance of potential miRNA patterns 
 

The potential miRNA patterns are the set of subsequences which capture most conservative 
knowledge of mature miRNA sequences. There are 450 potential miRNA patterns, and we produce 
approximately 450 fake miRNA patterns randomly chosen from the 45058 segment miRNA patterns of 
length four. 

Based on the test data, we use fake miRNA patterns to compute the 22)1( FPRTPR +− . We repeat 

the steps above 10,000 times and compute the difference significance of 22)1( FPRTPR +−  between 

potential miRNA patterns and fake ones. The results show that the values of 22)1( FPRTPR +−  of fake 
miRNA patterns are significantly larger than that of potential miRNA patterns (p-value=0). 

We also investigate the classification performance of the potential miRNA segments on other 
specifies. We download the mature miRNA sequences form miRBase (release 21) of Drosophila 
melanogaster, Homo sapiens, and Mus musculus, and produce the test data of the three species 
separately. The test data includes 100 randomly selected authentic mature miRNA sequences and 100 
artificial miRNA sequences generated in the following two steps: 

First, generate the 100 random numbers which subjects to a normal distribution (mean is 22 and 
variance is 3) as the lengths of the 100 artificial miRNA sequences; 

Second, choose randomly one letter from the four literals (A, U, G, C) for each position in each 
artificial miRNA sequence. 

We separately count the number of potential and fake miRNA patterns contained in the each 
sequence of the test data (Figs. 8–13). The number of potential miRNA patterns contained in authentic 
and artificial miRNAs is significantly different—the p-values of the three species are separately 5.248e-5 
(Mus musculus), 0.007065 (Homo sapiens) and 6.801e-5 (Drosophila melanogaster). Simultaneously, the 
number of fake miRNA patterns contained in authentic and artificial miRNAs has no significant 
difference—the p-values are separately 0.8451 (Mus musculus), 0.08646 (Homo sapiens) and 0.08724 
(Drosophila melanogaster). 
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Fig. 8. Potential miRNA patterns contained in authentic and artificial miRNA sequences (Mus musculus). 

 
 

 
Fig. 9. Potential miRNA patterns contained in authentic and artificial miRNA sequences (Homo sapiens). 

 
 

 
Fig. 10. Potential miRNA patterns contained in authentic and artificial miRNA sequences (Drosophila 
melanogaster). 
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Fig. 11. Fake miRNA patterns contained in authentic and artificial miRNA sequences (Mus musculus). 

 
 

 
Fig. 12. Fake miRNA patterns contained in authentic and artificial miRNA sequences (Homo sapiens). 

 
 

 
Fig. 13. Fake miRNA patterns contained in authentic and artificial miRNA sequences (Drosophila 
melanogaster). 
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Table 7.  Comparison of Classification performance in three specifies 

species TP FP TN FN Sensitivity 
(%) 

Specificity 
(%) 

Precision 
(%) 

Accuracy 
(%) 

Homo sapiens 66 35 65 34 66 65 65.35 65.5 

Mus musculus 69 53 47 31 69 47 56.56 58 

Drosophila melanogaster 73 48 52 27 73 52 60.33 65.5 

 
 

3.4.2 Classification performance of potential miRNA patterns on other test data 
 

According to the numbers of potential and fake miRNA patterns included in the authentic and 
artificial miRNA sequences, we list the measures of TP, FP, TN, FN, sensitivity, specificity, precision 
and accuracy of the three specifies in Table 7 [21,22].   

We also investigate the false positive artificial miRNA sequences and find there are separately 13, 11 
and 8 artificial miRNA sequences correspond to authentic mature miRNAs (Table 8).  

 
 

4. Conclusions 

MiRNA pattern is a nucleotide sequence motif conjectured to have biological significance [15]. 
miRNA pattern discovery is a challenging task due to the small length and few structure information of 
mature miRNA sequences. The proposed miRNA pattern discovery approach is a fast way to produce 
the sequence patterns containing as much information as possible, reduce the output size and remove 
redundancy from the short mature miRNAs [23]. In addition, the discovered miRNA patterns are 
proved to implicate conservative knowledge of mature miRNA sequences and can be used to identify 
the authentic mature miRNAs. 

 

Table 8.  Artificial miRNA sequences corresponding to authentic miRNAs 

Species Artificial miRNA sequences MiRNA ID 

Drosophila 
melanogaster 

auggaccauacacuuc mdo-miR-7386m-3p 

agaguggaucgcuaucaagugcu nve-miR-2046-5p 

agcucuguaugaggccgcuga 

chi-miR-423-3p, hsa-miR-423-3p, mmu-miR-423-3p, 
bta-miR-423-3p, rno-miR-423-3p, mml-miR-423-3p, 
ptr-miR-423, eca-miR-423-3p, ssc-miR-423-3p, hsa-
miR-3184-5p, ppy-miR-423-3p, tch-miR-423-3p, cgr-
miR-423-3p 

auaugaaggguaugaaugcug bmo-miR-3362 

aucgaugguuaaucaa aly-miR4225 

ggucgagucggguucacca osa-miR5077 

uacggguguguuaaccucuga mtr-miR5213-5p 

ucuggcaagguauaaaacuguca gra-miR8743b 
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Table 8.  (Continued) 
Species Artificial miRNA sequences MiRNA ID 

Mus musculus 

agcgggcccggcugug rno-miR-666-5p 

agguuguauggcgcggaaua ppc-miR-8347-5p 
aucccuagucguccauguugagg atr-miR8613 
cgggagauaugagcccuc cel-miR-8200-3p 
cgggaugcugaaaugugguuuua dme-miR-9372-5p 
cguaaguuggauacacucgc str-miR-7880a-3p 
cucucuccgugcuauaaggagu bdi-miR5174d-3p 

ucgacucguguaucgggaguaug cel-miR-59-3p, crm-miR-59 
uggauacacucgcugaua dre-miR-7148-5p 
uuccauguugagcgggcccg bmo-miR-3378-5p 
uugccuuuuuccucccaug hsa-miR-4423-5p 

Homo sapiens 

aacuucugcgcagcuaaa tca-miR-3818-3p 
agcauuggugcgcucugug gga-miR-1737 

ccgccggucagaauacuug hsa-miR-4465 
ccggucagaauacuugcacca gra-miR8759 
cgcucugugcugcaaguugag dre-miR-2196 
cuuauauugcgacucgucu cte-miR-2686a-5p 
gcgugggauugugcacggc lja-miR7527 
guugcaagcgguug gsa-miR-2b-5p 
Uaagcgugauuauggcguu
 
 

hsa-miR-122-3p, mmu-miR-122-3p, rno-miR-122-3p, 
hsa-miR-3591-5p, aca-miR-122-3p, ola-miR-122, gga-
miR-122-3p, tgu-miR-122-3p, ssa-miR-122-2-3p 

ugaaccgcgucaau zma-miR171j-5p 
ugccgccggucagaauacuugcacc bmo-miR-3382-3p 
ugugcugcaaguugagcguguu spu-miR-4849 
uucacuccgacaaagaacau gga-miR-6693-3p 

Search algorithm: BLASTN, cutoff: 10 
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