
An exhaustive search for intronic microRNAs in the cassava genome 

Amika Yawichai1, Tanawut Srisuk2, Saowalak Kalapanulak2,3, Chinae Thammarongtham4*, Treenut 
Saithong2,3*

1Bioinformatics and Systems Biology Program, School of Bioresources and Technology, and School of 
Information Technology, King Mongkut’s University of Technology Thonburi (Bang Khun Thian), Bangkok, 
10150, Thailand  
2Systems Biology and Bioinformatics Research Group, Pilot Plant Development and Training Institute, King  
Mongkut’s University of Technology Thonburi (Bang Khun Thian), 10150, Thailand 
3School of Bioresources and Technology, King Mongkut’s University of Technology Thonburi (Bang Khun 
Thian), Bangkok, 10150, Thailand 
4Biochemical Engineering and Pilot Plant Research and Development Unit, National Center for Genetic  
Engineering and Biotechnology at King Mongkut's University of Technology Thonburi (Bang Khun Thian),  
10150, Thailand 
*e-mail: Chinae@biotec.or.th; Treenut.sai@kmutt.ac.th

Abstract 

Intronic mircroRNAs are a class of miRNAs which locate in intronic regions of any genes. 
They are short RNAs which are about 18-25 nucleotide long. Similar to the other class of 
miRNAs, intronic miRNAs have been known as a gene regulator relevant to cell growth and 
development, and cell response to stresses. According to their significant roles in cellular 
regulation, experimental as well as computational studies have been performed by aiming at 
extensive identification of the miRNA in species of interest. However, the finding of intronic 
miRNA is still limited. In this work, we thus used an ab initio approach to exhaustively 
search for intronic miRNAs in cassava, a starchy root crop. The study identified 127,485 
putative intronic miRNAs partially overlapped with the result of deep sequencing method 
from the independent study. With the target analysis of these intronic miRNAs, it was 
suggested that the putative intronic miRNAs involved in essential cellular activity 
maintenance and stress response.  
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Introduction 

Decades of research on non-coding RNAs (ncRNAs) has turned the meaning of the non-coding 
region in a DNA sequence, from junk to a valued message inherited from the ancestors. 
MicroRNA (miRNA) is a class of ncRNAs that has been studied at most during the last decade. 
In plant, miRNAs are mainly located in intergenic regions (Tong et al. 2013). Most of them 
were firstly transcribed to very long primary miRNAs (pri-miRNAs) by RNA polymerase II 
enzyme. The transcripts that form stem-loops were then cleaved by Dicer-like1 enzyme 
(DCL1) in plants, and the remaining stem-loop precursor miRNAs (pre-miRNAs) were 
subsequently cleaved to 18-25 nucleotide (nt) long miRNA/miRNA* duplexs (Monteys et al. 
2010). The miRNAs are well known to regulate the fate of mRNA towards the translation 
through degradation process, whereby the guide strand of the duplex miRNAs complementary 
bound to the targeted mRNA resulting in the degradation or target translation inhibition 
(Saikumar and Kumar 2014). For the intronic miRNAs, some of their transcription related to the 
splicing mechanism of mRNAs (Tong et al. 2013).  

Many novel miRNAs have been identified in broad organisms where they were reported to 
play an important role in diverse cellular regulations, including cell growth, development, and 
differentiation (Liu et al. 2012; Dong et al. 2013). One interesting example of miRNA function 
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is plants was for miR397 (Zhang et al. 2013). Overexpression of miR397 was reported to 
promote grain size and panicle branching in rice. In addition, miRNAs have been evidently 
involved in the cellular responses to biotic and abiotic stresses. miR939 was found to silence 
auxin signaling when host cells were infected, resulting pathogen starvation  (Grant and Joes 
2009). Another example is miR159, which involves in seed germination under abiotic stresses 
through regulating abcisic acid (ABA) phytohormone (Saikumar and Kumar 2014).  

Conventional approaches have successfully identified miRNAs over a long period. 
However, advanced technology-aid approaches have been introduced to overcome the 
limitations of the current methods. With the advents of genome technology together with the 
thriving analytical techniques, many computational tools were developed for miRNA 
identification (Gomes et al. 2013). These tools were classified into two groups: (i) homology-
based approaches and (ii) ab initio approaches. (Allmer and Yousef 2012). Homology-based 
approaches take the advantage of the available known miRNAs data, which are used for 
inferring the miRNA from the genome of interest. Without the background knowledge, these 
approaches are unable to perform a prediction (Allmer and Yousef 2012; Tempel and Tahi 
2012; Gomes et al. 2013). On the contrary, ab initio approaches predicte the miRNAs from the 
characteristic features of miRNAs. Independent of the known miRNA datasets. These methods, 
thus, are able to provide the prediction of a novel miRNA through a machine learning protocol 
(Allmer and Yousef 2012; Lertampaiporn et al. 2013).   

“HeteroMirPred” is a recently published computational tool that helps predict miRNA 
based on ab initio. It constructed miRNA models from heterogeneous ensemble method, and 
later exploited them in the miRNA prediction. An overt advantage of HeteroMirPred tool 
over the other ab initio -based tools is, the uses of multiple algorithms to prevent the false 
positive (FP) prediction resulting from the over-fitting of single algorithms. Furthermore, the 
features included in this tool were claimed to sufficiently distinguish miRNAs from other 
RNA species (Lertampaiporn et al. 2013). 

Cassava (Manihot esculenta Crantz) is a staple crop plant, whose significance for being a 
carbohydrate source is at the world-class level. The huge demand on cassava starch is not 
only for food and feeds, but also for raw materials in a wide-range of industries: fuel, paper, 
textile, and adhesive (Howeler et al. 2013). Accordingly, the main focus on cassava research 
is to answer the question of sufficient production to serve the growing demand in the future. 
miRNA which play an important role in plant stress responses, has been considered as one 
key factors for crop yield improvement (Zhou and Luo 2013). However, the available 
knowledge of miRNAs in plants including cassava is very few, relative to their significance 
in controlling the yield of such crops under both biotic and abiotic stresses. 

Availability of cassava genome sequence supporting by the effective bioinformatics 
techniques has made the computational prediction of cassava miRNAs possible. In this study, 
miRNAs of cassava were predicted from the exiting genome sequence (Prochnik et al. 2012), 
focusing only on the intronic miRNA. HeteroMirPred tool was selected to screen putative 
miRNAs of cassava from intronic sequences. The predicted results yielded 132,732 pri-
miRNAs which were subsequently compared with the set of cassava intronic miRNAs 
identified by deep sequencing (Ballén-Taborda et al. 2013). Interestingly, the identified 
cassava miRNA herein may involve growth and development of cassava. 
 
Methodology  
 
Data sets 
  
Plant genomes. Cassava (Manihot esculenta Crantz) genome, transcript and annotation 
information (version 4.1) were downloaded from Phytozome database version 9.1 
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(http://www.phytozome.net/), and Arabidopsis thaliana annotation information (release 10) 
was downloaded from Phytozome database version 10.  
Published plant miRNA data. The published plant miRNA sequences were collected from two 
databases; 5,475 mature miRNAs belonging to 74 species in kingdom of Virisiplantae from 
miRBase Release 20 (http://www.mirbase.org/), and 597 mature miRNAs belonging to 128 
species from PMRD (plant microRNA database;- http://bioinformatics.cau.edu.cn/PMRD/).  

Softwares 

HeteroMirPred (Lertampaiporn et al., 2013), the pre-miRNA predictor was used for identifying 
the putative miRNAs in the genome. The predicted miRNAs were folded using Mfold version 
3.6 (Zuker et al. 2003) to evaluate the appropriateness of the pre-miRNA secondary structure. 
Blast (Nucleotide-Nucleotide BLAST 2.2.28+) was employed to assess the conservation of the 
predicted putative miRNAs. psRNATarget (http://plantgrn.noble.org/psRNATarget/) and 
Targetfinder 1.6 (Fahlgren et al. 2007) were used in the miRNA target prediction, in which the 
target genes of the miRNAs were classified based on biological network gene ontology (Bingo) 
application on Cytoscape version 3.1.1. 

Prediction of intronic-miRNAs in cassava 

Sequences of intron regions extracted from cassava genome were fragmented into 120-
nucleotide sliding windows with 20-nucleotide overlapping (Lertampaiporn et al. 2013; Xuan 
et al. 2011). The stem-loop, inferred from the secondary structures folded by Mfold, was 
identified according to the criteria presented by Thakur et al., (2011). The stem-loop 
containing sequences were predicted as a putative pre-miRNA, which were then undergone 
the conservation analysis by blasting against the plant mature miRNAs using the criteria of 
Meyers et al., (2008).  

Prediction of miRNA targets and Gene ontology (GO) enrichment analysis 

Potential targets of the putative miRNAs were predicted through the consensus results from 
two tools: psRNATarget and Targetfinder 1.6. The following parameters were used in 
prediction: 

1) For psRNATarget; maximum expectation = 3.0, hpsize = 20, target accessibility score
= 25.0, flanking length around target site = 17 bp for upstream and 13 bp for 
downstream, and range of central mismatch ~ 9-11 nucleotides.  

2) For Targetfinder; prediction score cutoff value = 4.
All predicted target genes of the putative intronic miRNAs were categorized based on 

functional enrichment using Bingo. 

Results and Discussion 

Putative intronic miRNAs in cassava genome sequence 

In this study, we exploited a computation pipeline (Figure 1) to identify intronic miRNAs 
from cassava genome sequence. A total of 716,588 intronic regions of cassava genome were 
screened for miRNAs by HeteroMirPred. After merging the overlapped regions, 132,732 
sequences which contain pre-miRNAs were acquired. Many miRNAs are evolutionary 
conserved in among plant species (Zhang et al. 2006; Jones-Rhoades 2012), consequently, 
homology based approach were employed to classify for conserved miRNAs (Griffiths-Jones 
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All input sequences from intronic region of cassava genome (716,588) 

  1. miRNA predicted by HeteroMirPred 

miRNA predicted sequences (145,670) 

  

pri-miRNAs (132,732) 

  

2. overlapped sequences merging 

1.   

pre-miRNAs (112,770) 

  

Stems containing miRNA (127,485 pairs) 

  

Conserved miRNA (1) 

  

Non-conserved miRNA (127,484) 

  

3. pre-miRNA selection 

2.   

4. stem finding 

3.   

5. conserved miRNA searching 

2004). Since mature miRNAs were processed from one arm of pre-miRNAs, therefore stem-
loop structures were a one of the important features for mature miRNA identification (Thakur 
et al. 2011, Meyers et al. 2008). pri-miRNAs were folded to stem-loop structures to select 
pre-miRNAs based on pre-miRNA structure characteristics described by Thakur et al., 
(2011). Based on secondary structure prediction, 127,485 sequences containing stem-loop 
structures were obtained from 112,770 putative pre-miRNAs. These stem-loop containing 
sequences were then searched against published plant mature miRNAs by blast to categorize 
them into two groups: conserved and non-conserved miRNAs. There was only one putative 
pre-miRNA that matched with a known miRNA sequence, miR398. A stress-responsive 
miRNA, miR398, was suggested to be involved in biotic and abiotic stress response in plants 
(Zhu et al. 2011). All other putative pre-miRNAs which did not match were assigned as non-
conserved miRNAs.  

However, there were 18,318 miRNA predicted sequences that their stem-loop structures 
could not be obtained. Generally, miRNAs needed to be folded into stem-loop structures 
before continuing process and functions (Saikumar and Kumar 2014). Many available 
miRNA prediction tools used this characteristic feature to distinguish miRNA from other 
non-coding RNAs (ncRNAs) by considering from their secondary structures (Washietl et al. 
2012; Rivas and Eddy 2000; Hamilton and Davis 2007). For HeteroMirPred, it is not only 
secondary structure feature, which is used in identifying pre-miRNAs but also other selected 
features, particularly “the Self Containment (SC)-derived features. Such features represent 
the intrinsic robustness of real stem-loop structures of pre-miRNAs (Lertampaiporn et al. 
2013). Consequently, some predicted sequences from HeteroMirPred cannot fit to secondary 
structure criteria. 

 
Figure 1: Intronic miRNAs identification work flow. The numbers in parenthesis are 

obtained miRNAs in each step. 
 

To support our prediction, we compared the resulting putative miRNAs with the deep 
sequencing data of cassava (Ballén-Taborda et al. 2013). It showed that 26 of obtained 
intronic miRNAs including one conserved intronic miRNA were matched. The statistical 
analysis was applied to indicate the level of confidence of the prediction result. To 
demonstrate the probability for obtaining 26 or more miRNAs from randomly selecting 
131,080 cassava intronic miRNAs without replacement from the total of 716,588 all input 
sequences, hypergeometric probability for obtaining equal or greater miRNA were calculated 
following the formula below. 
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푝(푥 ≥ 26) = 1 − 푝(푥 ≤ 25) 

 

푝(푥 ≤ 25) =

60
25 − 푖

716,528
131,055+ 푖

716,588
131,080

= 0.999998181911 

 
Whereas, the number of "successes" in the population (k) is 60 intronic miRNAs from 

deep sequencing, the number of "successes" in the sample (x) is 26 intronic miRNAs that 
were corresponded with intronic miRNAs from deep sequencing, the size of the population 
(N) is 716,588 input sequences from intronic regions, and the number sampled (n) is 131,080 
intronic miRNAs from this study. The hypergeometric probability showed that the 26 intronic 
miRNAs we predicted from all input sequences is a rare event, indicating the power of the 
prediction method. 

For the miR398 homologue predicted from our pipeline, we found mature miRNAs on 
both arm of pre-miRNA while deep sequencing can identify only one mature miRNA 
(Figure 2). In fact, one pre-miRNA can encode more than one mature miRNA (Tong et al. 
2013; Griffiths-Jones et al. 2006). It is possible that both mature miRNAs independently 
function in different conditions. 

 

 
 

 
 

Figure 2: miR398 structures. The yellow highlights on pre-miRNAs structures are mature 
miRNA locations. The secondary structures of miR398 homologue predicted in this work (A) 
and miR398 identified from deep sequencing data (B) were showed. 
 

Despite the positive results obtained, it need to be noted that computational approaches 
might include a huge FP in the results (Lertampaiporn et al. 2013). Therefore, experimental 
validation is required to confirm these results. 
 
Gene targets and function analysis 
 
miRNAs regulate gene expression by complementarily binding against targets gene. The 
biogenesis of miRNAs revealed that mature miRNA, a short sequence (~18-25 nt) from one 
arm of pre-miRNA formed complex with RISC (RNA-Induced Silencing Complex) and 
degraded or repressed gene target by degree of perfectly binding between mature miRNA and 
their target (Dai et al. 2010). Therefore, function of each miRNA can be investigated by gene 
that it bound. However non-conserved miRNA has no any mature miRNA report, therefore in 
this work gene targets were predicted from stems of pre-miRNAs.  

Almost available target predictors always set the cut off value that specific for plant model, 
A. thaliana, which may not be suitable for non-model plants such as cassava (Srivastava et al. 
2014). Srivastava et al., (2014) found that the combination of psRNAtarget and Targetfinder 
can improve performance by increasing true-positive (TP) for non-plant model organisms. 

(2) 

(1) 

A 

B 
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Therefore we employed these two tools for gene targets prediction. 4,272 gene targets from 
1,189 intronic miRNAs were obtained from the consensus result the two tools. 

GO analysis revealed that mostly gene target were significant enriched in ontology term of 
gene target associated with maintenance of basic cellular function e.g. transcription factors 
(Table 1). In addition, there are many reports on miRNAs contributed plant survival under 
adverse environmental conditions (Contreras-Cubas et al. 2012; Saikumar and Kumar 2014; 
Xia et al. 2014). miR398 is a miRNA proposed to be directly linked to the plant stress 
regulatory network and regulates plant responses to oxidative stress, water deficit, salt stress, 
abscisic acid stress, ultraviolet stress, copper and phosphate deficiency, high sucrose and 
bacterial infection. This review highlights recent progress in understanding the crucial role of 
miR398 in plant stress responses, and also includes a discussion of miR398-centered gene 
regulatory network. Interestingly, a gene target of miR398 in this work, phytochrome 
interacting factor 3 (PIF3) founded to involve in response to light stimulus (Figure 3). This 
observation was corresponding to a role of miR318 in Arabidopsis (Park et al. 2004; Liu et al. 
2013), PIF3 was showed negatively control chlorophyll biosynthesis and photosynthesis in 
etiolated seedling. Therefore, it is possible that the presence of miR398 may increase the 
ability of cassava growth in the darkness.  
 
Table 1 Gene ontology (GO) enrichment analysis: Top 10 ranks of significant target genes 
enriched. M=Molecular function, C=Cellular component, and B=Biological process. 

GO term p-value Gene 
number 

Total gene 
number in GO 

term 
Description Ontology 

44464 3.98E-87 462 11708 cell part C 
44238 2.34E-67 534 5719 primary metabolic process B 
44237 3.40E-60 501 5407 cellular metabolic process B 

166 5.56E-56 337 2085 nucleotide binding M 
16740 4.69E-41 338 2429 transferase activity M 
6793 1.83E-40 157 980 phosphorus metabolic process B 
1882 4.62E-37 227 1393 nucleoside binding M 
43170 4.82E-36 366 4086 macromolecule metabolic process B 
43227 2.82E-23 243 5767 membrane-bounded organelle C 
16787 9.93E-23 305 2632 hydrolase activity M 

 

 

Figure 3: GO enrichment analysis of target genes which were responding to stimulus. The 
colors of circle represented gene significant in GO-terms and the circle sizes represented gene 
number which enriched in GO-terms. 

* 

*miR 398 target enriched  
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However, the identification of non-conserved miRNAs by this method may lose many 
possible gene targets because: 1) these tools can only detect the end part of the sequence and 
2) the selection of consensus gene targets may lost some TP results from each tools.  
 
Conclusions  
 
miRNA identification is an active research in range of organisms, including plants. The 
studies in plants are mostly based on Arabidopsis and other model plants such as rice. Only a 
recent publication presented the study in cassava, though it is the obviously significant crops 
era. In this study, we used HeteroMirPred, an ab initio method, to exhaustively screen for 
miRNA in cassava, focusing on intronic miRNA-class of miRNA. Our study provided set of 
127,485 putative intronic miRNAs, one of which, miR398 homologous, was predicted to 
possess interesting function in normal growth of cassava. To increase the contribution of this 
finding, experimental validation, probably using high throughput technology, should be 
conducted. 
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