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Abstract— MicroRNAs (MiRNA’s) are ~22nt long; one of 

the types of non-coding RNA has an important role in the gene 

regulation network, either by termination of the translation 

procedure or sometimes activating the gene, actively or passively. 

Host-Parasite relationship largely depends on the gene 

regulatory network as the parasite has to survive in the host cell 

against the immune response of the host. So miRNA may have 

an important role in the host parasite relationship. The malarial 

parasite needs to survive in the human host cell during its life 

cycle. As it is well known to us today that the gene regulatory 

network is largely controlled by the non coding miRNA, here we 

are interested to find out potential miRNA in the parasite genome 

computationally. We have identified few putative miRNA genes 

in the chromosome 3 & 4 of Plasmodium vivax which need to be 

validated by experimental procedures. 

Keywords-component; miRNA prediction, non coding RNA, 

Host- Parasite relationship. 

I. INTRODUCTION 

MicroRNAs (miRNA’s) are ~22nt long; one of the types of 

non-coding RNA having an important role in the control of 

the gene regulation, more specifically termination of the 

translation procedure. But there are also evidences of 

activation of gene expression by miRNA’s [1]. MiRNAs are 

encoded by genes. They are first transcribed as long pri-

miRNAs and processed to 70 to ~110 nt precursors (pre-

miRNA) with stem–loop structure by the RNase III enzyme 

Drosha. Then, another RNase III enzyme Dicer processed 

the pre-miRNAs to release the 22 nt mature miRNAs. 

Mature miRNA molecules are partially complementary to 

one or more messenger RNA (mRNA) molecules. MiRNA’s 

were first described in 1993 by Lee and colleagues in the 

Victor Ambros lab, yet the term miRNA was only 

introduced in 2001 in a set of three articles in Science. [2] 

MiRNAs play an important regulatory role in many cellular 

and developmental processes like cell division [9], cell 

death [10], hormone secretion [11] neural development [12] 

tumor suppression [13], oncogenesis [14] etc. Since the 

discovery of the first miRNA lin-4 [15] and let-7 [16] in 

Caenorhabditis elegans, presence of miRNA’s in the 

genomes of various organisms [17,18] including insects 

[19], plants [20], higher vertebrates [21] and viruses [22] 

has been reported. MiRNAs are generally conserved in 

closely related species and to some extent in distantly 

related species as well [23]; e.g. about 10% of miRNAs 

identified in invertebrates are also conserved in mammals 

and other higher animals, suggesting cross-species 

conservation of their regulatory functions [24]. In case of 

parasites under Plasmodium genera, no data so far has been 

reported in the miRNA registry miRBase. In Plasmodium 

genera, currently over 200 species has been recognized and 

new species continue to be described. Of the 200+ known 

species of Plasmodium, at least 10 species infect humans. 

Among them four parasites are responsible for human 

malaria: Plasmodium falciparum, Plasmodium vivax, 

Plasmodium malaria, Plasmodium ovale. Plasmodium 

falciparum is the most deadly in the African region and 

Plasmodium vivax is mainly responsible for the malarial 

cases outside Africa, like India. This is one of the reasons to 

select P. vivax for our study. 

II. METHODS 

To design an algorithm for parasitic miRNA prediction 
may not give a very specific result, as there is no 
experimentally verified miRNA data from parasites. For this 
reason here we have adopted a procedural approach which 
has been classified in three categories. The part one is the 
pre-microRNA prediction from the chromosomes, the part 
two contains the filtering of collected sequences and the part 
three belongs to the similarity search with the miRNA 
database (miRBase).  

 
A. Pre- microRNA prediction 
 
As we stated before that there is no experimentally 

verified data about plasmodium (parasite), it may be 
erroneous approach to formulate algorithmic features 
considering the data from different organism. So other than 
defining an algorithmic feature set, we considered five 
available algorithms for miRNA prediction from different 
species. The objective is that collectively these algorithms 
contain number of features which will screen a number of 
miRNAs (including false positives), and then these putative 
miRNAs can be filtered using various miRNAs features. 

Firstly, we considered two kinds of approaches, ‘the two 
class approach’ and ‘the one class approach’ to identify the 
potential pre-miRNA prediction. In two class approach all 
the algorithms are trained with both positive and negative 
datasets. In one class approach all the algorithms are trained 
with only positive class of known miRNAs. 

 
Phase 1: (using of three different two class algorithms) 
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MirEval: MirEval [4] offers two separate structural 
analysis algorithms that use two different, non-redundant 
approaches. Input sequences are analyzed with a sliding 
window of 80 nt. Each window is evaluated for stable 
secondary structures by RNA-fold [25] and each hairpin 
shape (a helix of at least 15 nt with no internal hairpin) is 
then analyzed as follows. The first algorithm, ‘Triplet-SVM 
classifier’ [5], is based on support vector machines (SVM) 
and takes into account primary sequence and structural 
features to classify candidates. The features focus on the 
information of every 3 adjacent nucleotides, and named as 
triplet structure sequence features or triplet features. In the 
predicted secondary structure, there are only two statuses for 
each nucleotide, paired or unpaired, indicated by brackets 
("("or")") and dots ("."), respectively. The left bracket "(" 
means that the paired nucleotide is located near the 5'-end 
and can be paired with another nucleotide at the 3'-end, 
which is indicated by a right bracket")". As an example, 
Figure 1 illustrates how a hairpin is represented using triplet 
features. It’s exclude the terminal loop and external single 
stranded regions of the hairpin and only considers the stem 
portions. The number of appearance of each triplet element is 
counted for each hairpin (pre-miRNA or pseudo pre-
miRNA) to produce the 32-dimensional feature vector. It is 
normalized before being used as input features for SVM. It is 
able to distinguish pre-miRNAs from other hairpin shapes 
with 90% accuracy. 

 
As conserved stem–loops structures of miRNAs and other 

ncRNAs can be distinguished by their secondary structural 

features, this algorithm considered commonly used factors 

such as free energy and the number of consecutive base-

pairs as well as more specific information on the position 

and size of bulges and loops. The table 1 includes the values 

of different parameters which used as the cutoffs for 

miRNA prediction. 

 
TABLE 1 Different parameters which used as the cutoffs for miRNA 

prediction. 

 

 
 

The MirEval takes up to 10000 nt genome sequence as 

input. It provides a species selection option in which we 

have selected the “other species” option. The out put of this 

tool is shown in fig: 1. 
 

 
 

Figure1. MirEval output 
 

In output page the predicted pre-miRNA regions are 

blocked by different colours like, green colour indicates the 

region of the genome selected by the triplet SVM algorithm 

and dark red colour indicates selection of structure 

clustering algorithm [fig: 1]. We have scanned the entire 

two chromosomes of Plasmodium vivax by this tool and 

created a table containing all the potential pre-miRNAs with 

specific chromosome positions. B. ProMiR 2: Like MirEval 

we have used another very well known probabilistic 

statistical tool named ProMiR 2 [7], which is an upgraded 

version of ProMiR. ProMiR has been used successfully to 

predict a miRNA in a stem–loop sequence using a score 

generated by a probabilistic co-learning model. But this 

improved method was developed to identify the conserved 

and non-conserved miRNAs near known miRNAs or 

candidates. This strategy is very useful because more than 

half of the known miRNA genes are present as tandem 

arrays within operon-like clusters. This new version, 

ProMiR II, generates a list of nearby potential miRNAs 

according to score and to several filtering criteria such as 

conservation score, entropy, G/C ratio and free energy. This 

enhanced method allows for low- or high stringency 

prediction of conserved and non-conserved miRNA genes 

by adjusting the filtering criteria. ProMiR 2 is a completely 

statistical tool which provide three different programs, (a) 

ProMiR-v; search for potential miRNAs in the Vicinity of 

known miRNAs, (b) ProMiR-c; search for potential 

miRNAs in the vicinity of a Candidate, (c) ProMiR-g; 

predict miRNAs in a long sequence, a Generalized version 

of ProMiR. We have used ProMiR-g for pre- miRNA 

prediction. It takes 10000 nt genome sequence as a input. It 

does not have any option for other species. So we have 

chosen C.elegans from species selection option because 

C.elegans is taxonomically closer to the Plasmodium 

species than others. This tool uses the following filtering 

cutoffs for pre-miRNAs prediction: (a) Input parameters: 

window size: 100 nt; shift size: 10; ProMiR value: 0.033. 

(b) Filtering parameters: conservation score: >- 0.0; free 

energy: >=-25 kcal/mol; G/C ratio: 0.3~0.7; entropy: >= 1.8. 

Like results of MirEval we have created a table for ProMiR 
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2-g, which contains the predicted sequences with the 

specific positions.  
 

 
Phase 2: (using three different one class algorithms) in one 

class approach we have used “The One Class miRNA 

classifier program” [8]. It has five different one class 

classifier algorithms from which we have used following 

three algorithms. (a) OC-SVM, (b) OC-Gaussian, (c) 

OCKNN. All these three algorithms are trained by only the 

positive data sets of known miRNAs. After phase 1 we have 

created a combined table with sequences from all the two 

class algorithms. Then we have verified every pre-miRNA 

sequence by above mentioned one class algorithms. This 

classifier describes features of miRNAs extracted from both 

secondary structure and sequences. For the positive 

(miRNA) class, the 21 nt of the mature miRNAs are mapped 

into its associated stem-loop (generated by the mfold 

program) and then features are extracted as described below. 

For the structural features, 62 features are derived from 

three parts of the associated hairpin (stem-loop) (fig.4) – 

foot, mature, and head – and include the following for each 

of these parts: (1) the total number of base pairs (bp), (2) the 

number of bulges, (3) the number of loops, (4) the number 

of asymmetric loops, (5) eight features representing the 

number of bulges of lengths 1–7 and greater than 7, (6) 

eight 

 
 

Figure 2. Partition stem-loop into 3 parts, foot, mature and head features to 

determine potential stem-loops. 

 
features represents the number of symmetric loops of length 

1–7 and greater than 7, (7) the distance from the mature 

miRNA candidate to the first paired base of the foot and 

head part. For the sequence features, the classifier defines 

"words" as sequences having lengths equal to or less than 3. 

The frequency of each word in the first 9 nt of the 21 nt 

putative mature miRNA is extracted to form a 

representation in the vector space. This system of “words” 

has been done with all the one class algorithms 
 

Now, these three results of a single sequence describe the 

different approach of scoring the sequences. Otherwise, the 

selected portion represented as precursor is same. 

Nevertheless, the miRNA results are different. Therefore, it 

requires more detail study to find mature miRNAs. 

  

III. FILTERING STAGES 

After collecting predicted sequences from the two class 

algorithms and verified them by the one class algorithms 

finally we sorted out 571 potential pre-miRNAs from 1439 

pre- miRNAs by using a cutoff, which is the predicted pre-

miRNA has to be selected by minimum of two different 

algorithm from chrosome 3 and 4 . Then these 571 

sequences are passed to the following filtering stages. 

 

A. Cross species conservation search 

 

MiRNAs are conserved across species; to verify this we 

have used BLAST 2 alignment algorithm from NCBI. The 

individual pre-miRNA sequences are aligned to genome 

sequences of Plasmodium falciparum and Plasmodium 

knowlesi. We have set a cutoff that is 17 nt of predicted pre 

miRNA sequences should have a 100% match with the 

genome sequence of either P.falciparum or P. knowlesi. The 

other cutoffs are expect thresholds- 10, word size- 11, 

match/mismatch- 2,-3, Gap costs- existence5, extension2, 

and filtering the low complexity region.  

 

 

B. Coding sequence search 

MiRNAs are non-coding; to verify this we have used 

nucleotide BLAST algorithm of NCBI with reference 

mRNA sequence (refseq_rna) database. The hypothetical 

mRNA matches have been inferred as non coding sequences 

alone with the no match sequences. The cutoffs are just like 

the Blast2 except word size- 28, match/mismatch- 1,-2 and 

gap costs- Linear.  

 

As per n-Blast result, this sequence is having 100% matches 

with Plasmodium vivax Sal-1 calcium-dependent protein 

kinase coding sequence. Therefore, this sequence is not a 

pre-miRNA sequence. 

 

C. Structural filter for the following properties 

Structural filter; for this purpose, we have used a tool named 

RNA analyzer. It predicts the following features: Sm site or 

snRNP site; if yes the probability of having exon portion in 

test sequence or there is a presence of catalytic RNA GG-

pairs; if yes Influence of mis-pairing on DNA backbone 

conformation. Two or three stem structure: if yes probably a 

t-RNA structure. Protein A1 binding site; if yes the 

probability of having apoptotic regulatory protein binding 

site. AU rich region; if yes, an AU-rich element or "ARE" is 

a region with frequent A and U bases in an mRNA that 

targets it for degradation. Cleavage stimulation factor 

binding region (CstF); if yes probability of a pre-mRNA 

sequences. 

 

IV. MIRBASE SIMILARITY SEARCH 
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After filtering stages, 239 potential pre-miRNAs are 

compared with miRNA database. For this, individual 

sequences are aligned with the miRBase. We have chosen 

the stem loop sequence from search sequence option alone 

with search method BLASTN. The e-value cutoff sated at 

default 10. All the sequences having e-value <=1.0 are 

finally selected as most possible putative pre- miRNAs. 

There are 153 pre-miRNAs are sort listed. The flow diagram 

of this process has been shown in appendix 1. According to 

this result, the input sequence found match with E-value 

0.25. So, this sequence is considered as pre- miRNA 

sequence. 

 

 

 

V. RESULTS 

 

After analyzing chromosomes no. 3 & 4 of Plasmodium 

vivax genome by six algorithms a table has been prepared. 

A small part of the combined table 2 has  shown below: The 

combined table: 3 consists of chromosome number, specific 

codes for the selected sequences by MirEval and ProMiR 2, 

the respective positions and separate columns for 

algorithms. The different colour represents number of the 

algorithms like, orange coloured sequences were selected by 

minimum and maximum two algorithms, the green coloured 

sequences were selected by minimum three and maximum 4 

algorithms and the red coloured sequences were selected by 

minimum five and maximum six algorithms. These coloured 

sequences have been taken to the next level of filtering 

procedures. Up to now 1439 predicted pre-miRNA 

sequences have been verified by all six algorithms. The 

1439 pre-miRNA sequences consist of chromosome number 

3 and 4. We have sorted out 571 predicted pre-miRNA 

sequences for the filtering stages from these 1439 predicted 

pre miRNA sequences by a cutoff; every pre- miRNA 

sequence should be selected by minimum of two algorithms. 

 
TABLE 2 Describing the list of unfiltered putative pre-miRNAs and their 

different parameters 

 
The filtering stages and the procedures have previously 

mentioned. After filtering information we have created 

another table. A small portion of combine table 4 is 

presented below. 

 
 

 
TABLE 3. Selected list of miRNAs after phase 1 

 

 

 

 
 

 
TABLE 4.  Partial table showing selected candidates after filtering. 
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In table 4, the filtering type 1 consists of BLAST 2 results 

of Plasmodium falciparum and Plasmodium knowlesi. The 

conserved sequences are denoted as “Y” with the 

chromosome number. Other sequences are denoted as “N”. 

The filtering type 2 consists of nucleotide BLAST results 

and the filtering type 3 consists of RNA analyzer results. 

Till now we have tested 571 pre- miRNA sequences by the 

three filtering approaches. From 571 pre miRNA sequences 

we have filtered out 239 pre- miRNA sequences by 

considering the following point: all the conserved sequences 

are considered as pre-miRNA if they are non-coding and if 

they are not snRNP motif or 2-3 Stem structure. Because 

snRNP motif is the splisosome binding site and the 2-3 stem 

structures are consider as tRNA sequence. Then the 239 pre- 

miRNAs are aligned with miRBase and candidates having 

e-value (EV) <=1.0 are finally selected as pre miRNAs. The 

result in this stage is shown in the combined table 5. 

 
TABLE 5. Showing  partial list of  finally predicted putative miRNAs 
 

No. Chromosome 

No. 

Combine Position 

1 3 13871 to 13990 

2 3 35861 to 35940 

3 3 42781 to 42860 

4 3 50921 to 51020 

5 3 51811 to 51950 

6 3 64051 to 64220 

7 3 66841 to 66930 

8 3 67781 to 67870 

9 3 72171 to 72250 

10 3 86921 to 87040 

 

There are 153 sequences are selected as putative pre-

miRNAs. In the combine table 4, miRBase results are 

shown for every sequence. The sequence having EV <=1.0 

are denoted as “Y”. The entire predicted 153 pre- miRNAs 

are shown in appendix 2. 

 

 

VI. DISCUSSION 

 

There are many well known tools available for the miRNA 

prediction. But we used this two and one class combinations 

of six algorithms simply because the lack of knowledge 

about miRNAs from Plasmodium vivax. There is no such 

tool specific for this genera or species. We have used triplet 

SVM because of its ability to reduce the rate of false 

positives along with the structure clustering algorithm to 

introduce more structural parameters for pre-miRNA 

prediction. After that we have used proMiR 2-g for finding 

of both the clustered and non clustered pre miRNA 

sequences. Some of the parameters of these algorithms are 

some what same like stem loop free energy, conservation 

search etc. While doing the analysis of the predicted data we 

have seen the different number of predicted sequences by 

different tools or algorithms. Like 1439 pre- miRNA 

sequences has been predicted from chromosome number 3 

and 4, by triplet SVM algorithm of MirEval. Among them 

~571 sequences has been selected by structure clustering 

algorithm. On the other hand only 76 pre- miRNA 

sequences have been predicted by ProMiR 2. This vital 

difference in number of outputs is due to the prediction 

parameters. We have selected the other species option in 

MirEval. Because of this the system (triplet SVM) treats the 

inputs by general trained properties and user undefined 

cutoffs. Then it provides selected sequences when ever it 

finds matches like stem loop structures and etc. But in case 

of other algorithm it selects the sequences with the known 

cluster matches and by using structural parameter which are 

mainly found in terns of whether or not the sequence 

recognized by RNase 3 enzymes like Drosha and Dicer. On 

the other side in ProMiR 2, we have selected C. elegance 

from the species selection box. Because of this system try to 

find out the similar conserved sequences and cluster 

matches with the known data of C. elegance. This is the 

reason behind the huge number difference between 

algorithms. So there can be a high number of false positive 

sequences present in this 1439 predicted pre- miRNA 

sequences. On the other side ProMiR 2 should be missing 

many true positive sequences because of Plasmodium vivax 

has an undetermined negative class. To solve this problem 

we use another tool which is learned by only the positive 

class. We use three different algorithms to select the most 

possible pre- miRNA sequences. We have verified 

individual results by these three algorithms (a) OC-SVM, 

(b) OC-Gaussian, (c) OC-KNN. At first we have decided to 

take sequences which have been selected by minimum of 

four algorithms but in that case we have to lose some data. 

No. Chro 

No. 

MirEval 

Code 

ProMir 

Code 

Combine 

Position 

miRBase 

Search 
Results 

1 3 Me10 X2 13871 to 

13990 

Y 

2 3 Me28 No 35861 to 

35940 

Y 

3 3 Me42 X3 50921 to 

51020 

Y 

4 3 Me49 X4 64051 to 

64220 

Y 

5 3 Me52 No 67781 to 

67870 

Y 

6 3 Me67 X5 86921 to 

87040 

Y 

7 3 Me68 X6 87751 to 
87880 

EV=1.3 

8 3 Me105 no 134081 to 

134170 

Y 

9 3 Me123 X8 145201 to 
145300 

Y 

10 3 Me170 X12 200021 to 

200120 

Y 
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So finally we have taken the cutoff of only two algorithms 

and 571 sequences are taken to the filtering stages. In the 

filtering stages we have selected three types of filtering. All 

of them are dealing with the basic properties of miRNA. 

MicroRNAs are conserver between species. For that we 

have used primary sequence conservation search by BLAST 

2 between predicted sequences and genome sequences of P. 

f and P.k and we have found few highly conserved 

sequences. But many sequences are not selected as 

conserved. After that to find out the non coding sequences 

from the predicted pre – miRNAs we have used the n 

BLAST program against the known mRNA database. By 

this two filtering stages we have eliminated all the coding 

sequences and the non conserved sequences which are also 

coding sequence. But there are few structural properties 

need to be clarified like splisosome binding sites and tRNA 

sequences. The tRNA have stem loop structure but they 

contain more then one or two loops and the splisosome 

binding sites are very near to the exon and sometimes with 

in an exon. Though there is evidence of miRNAs within the 

exons but we avoid this property to make our study simple. 

To solve the above mentioned problems we have used RNA 

analyzer. It finds the tRNA s and splisosome binding sites. 

Finally we have sorted out 284 pre- miRNA sequences from 

the chromosome number 3 and 4. These 284 pre miRNAs 

are aligned with the miRBase sequences for similarity 

search. 153 pre miRNAs find matches with the database 

sequences. So we calculate 63% similarity with our final set 

of data. This may be because of the lack of data from 

Plasmodium genera. The other chromosomes will be tested 

soon and added to this data. The selected candidate pre 

miRNAs will be verified experimentally and we will reach 

our goal by finding out their targets in human genome. 

There is also a need of parasite or Plasmodium genus 

specific miRNA prediction tool for more accurate findings. 
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