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The eukaryotic genome contains varying numbers of non-coding RNA (ncRNA) genes. “Computational RNomics” takes a 
multidisciplinary approach, like information science, to resolve the structure and function of ncRNAs. Here, we review the 
main issues in “Computational RNomics” of data storage and management, ncRNA gene identification and characterization, 
ncRNA target identification and functional prediction, and we summarize the main methods and current content of “computa-
tional RNomics”. 
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The Human Genome Project revealed that less than 2% of 
the high-mammal genome codes are used for proteins, 
whereas the other 98% is non-protein coding DNA. The 
vast majority of regions are not “junk DNA” but contain 
varying numbers of transcriptional control elements and 
non-coding RNA (ncRNA) genes. After 4 years of work, the 
ENCODE project proposed by the National Human Ge-
nome Research Institute has completed a pilot project for 
identifying all of the functional elements in a limited (~1%) 
region of the human genome, providing convincing evi-
dence that most of the human genome is transcribed and 
contains a large number of ncRNA genes [1]. In the second 
phase, the ENCODE project will seek to annotate all types 
of sequence-based functional elements [2]. The Functional 
Annotation of the Mammalian Genome Project has started 
the FANTOM4 project, which focuses on building a regula-
tion network of transcriptional regulation elements and 
functional RNAs in mammals [3]. There is an “RNA world” 

hidden in higher organism cells. RNomics has become a 
new frontier in the post-genomic era [4]. 

As a key component of “RNomics”, which aims at re-
vealing the structures and functions of ncRNAs on a ge-
nome-wide scale, “computational RNomics” takes a mul-
tidisciplinary approach, comparable to information science, 
for resolving the structures and functions of ncRNAs, 
mainly focusing on 3 problems:  

(1) ncRNA data storage and management. Numerous 
ncRNAs and their related molecules have been detected by 
experimental or computational methods. In particular, deep 
sequencing technology has resulted in the generation of a 
massive amount of data. The first step of RNomics research 
is to effectively manage and store such sequence data. 
“Computational RNomics” uses databases to accomplish the 
storage and categorization of data and the mining of internal 
relationships, thus facilitating usage of the information by 
researchers. 

(2) ncRNA gene identification and characterization. 
There has been uncertainty regarding the exact number and 
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categories of ncRNAs within any organism. The classifica-
tion of these ncRNA genes into various kinds of species and 
their annotation is one of the main aims of RNomics. 
“Computational RNomics” develops algorithms for the pre-
diction and annotation of ncRNAs on genome scale. 

(3) ncRNA target identification and functional prediction.  
The final purpose of identifying ncRNA genes is to reveal 
their function in the cell and to clarify their biological pur-
pose. ncRNAs serve regulatory function by either directly 
or indirectly interacting with other molecules. “Computa-
tional RNomics” develops a series of algorithms to find the 
target molecules that bind to ncRNAs, predicting their func-
tion and establishing the regulation network. 

In this paper, we classify current methods and software 
and summarize the main problems associated with “compu-
tational RNomics”.  

1  Data resources for ncRNA 

NcRNA databases are typically divided into 3 categories: 
general ncRNA databases, specialized ncRNA databases, 
and ncRNA databases which utilize deep-sequencing results. 
Some of the frequently used ncRNA databases and their 
websites are shown in Table 1, from which users can choose 
an appropriate database according to their own needs. 

1.1  General ncRNA database 

This kind of database collects all types of ncRNAs, includ-
ing long ncRNAs and short ncRNAs, and stores them in 
accordance with certain criteria. Data generally originates 
from literature mining, experimental results and computer 
predictions. Such databases include the following:  

RNAdb. This database contains information about se-
quences and the annotation of mammalian ncRNA. The data 
is from a comprehensive literature review, the Functional 
Annotation of Mouse (FANTOM) and the H-Invitational 

databases, the human chromosome 7 annotation project, the 
miRNA registry, and public sequence databases at NCBI, 

Ensembl and UCSC [5]. Users search for their sequence of 
interest in a variety of ways, including casually browsing 
the collection, searching queries by keywords or applying 
filters across nominated fields. Users also use BLAST tools 
to locate regions of similarity between sequences of interest 
and those stored in the database. Entire datasets and 
user-specified queries are available for download in FASTA 
and XML format for local viewing or for conversion into 
the BED format for directly loading into the UCSC Genome 
Browser.  

NONCODE. This database collects almost all types of 
ncRNAs, except tRNAs and rRNAs, and includes a novel 
classification system based on the cellular process and func-
tion of a given ncRNA to integrate existing classification 
systems [6]. The current release of NONCODE (v2.0) con-
tains 212527 sequences from 861 organisms, including eu-
karyotes, eubacteria, archaebacteria, viruses and viroids. 
ncRNA data are from 3 sources: (i) manual extracts from 
the relevant literature, (ii) automatically filtered and manu-
ally confirmed GenBank sequences, and (iii) biological ex-
perimental data from Chen’s laboratory [6]. Users browse 
the database by class of species or ncRNA and search 
ncRNAs by their GenBank ID or other keywords. It also 
supports BLAST searches as well as the conversion of data 
into the BED format for UCSC genome browsing. The en-
tire dataset is available for downloading in FASTA format 
for local viewing. 

Rfam. This database is a collection of RNA sequence 
families represented by multiple sequence alignments and 
covariance models (CMs) [7]. Users browse the database by 
RNA family and search for a sequence of interest against 
the Rfam model library using BLAST. In addition, files in 
Rfam are downloadable by anonymous ftp (ftp: //selab. jan-
elia.org/pub/Rfam/), and the alignments are in the Stock-
holm format, which is parsable by the HMMER package. 

1.2  Specialized ncRNA database 

This kind of database stores specialized types of ncRNAs, 
e.g. microRNAs or snoRNAs. Other databases that contain  

Table 1  Data resources for ncRNA 

Database Website Feature Reference 

RNAdb http: //jsm-research.imb.uq.edu.au/rnadb/ Mammalian ncRNA database [5] 

NONCODE http: //www.noncode.org/ Database contain Eukaryotes, Bacteria, Archea, Viruses data [6] 

Rfam http: //rfam.sanger.ac.uk/ Collection of RNA families [7] 

fRNAdb http: //www.ncrna.org/frnadb/ A comprehensive non-coding sequence database [8] 

miRBase http: //www.mirbase.org/ MicroRNA database [9,10] 

snoRNABase http: //www-snorna.biotoul.fr/index.php Human snoRNA database [11] 

microrna.org http: //www.microrna.org/microrna/home.do Resource for predicted microRNA targets and expression [12] 

Tarbase http: //diana.cslab.ece.ntua.gr/tarbase/ Database of experimentally supported microRNA targets [13] 

deepBase http: //deepbase.sysu.edu.cn/ Database for deeply annotating and mining deep sequencing data [14] 
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resources for the target sequences of microRNA have been 
available, and the microRNA expression data has been inte-
grated, allowing users to look up the expression profile of 
the ncRNA of interest in different tissues. We briefly de-
scribe the principal features of a few databases:  

miRbase. A searchable database of both hairpin and ma-
ture miRNA sequences that includes annotation as well as 
information about the miRNA target. The database supports 
the prediction of miRNA targets across species. Users 
search and browse by names, keywords, references, and 
annotations, and all data in the miRbase is available for 
download.  

microRNA.org. The database contains resources for mi-
croRNA target prediction and expression profiles. Users 
search and view the expression profile of their microRNA 
of interest in different tissues and cell lines of normal and 
disease origin and download the results by heat map or bar 
graph. Target information predicted by the miRanda algo-
rithm is also available for download. 

snoRNABase. A special resource for human C/D box and 
H/ACA modification guide snoRNAs. Users search by the 
name of the snoRNA, HGNC approved symbol and Gen-
Bank accession number for their snoRNA of interest. They 
also find guide RNAs for rRNAs and snRNAs. The data-
base is linked to the UCSC Genome Browser for users’ 
convenience. 

1.3  ncRNA database that applies deep-sequencing re-
sults  

Deep-sequencing sequencing technology facilitates the se-
quencing of the transcriptome and the high-throughput gen-
eration of massive data sequences. Therefore, it is essential 
to effectively store and manage this data. Our laboratory has 
integrated data from current transcriptome sources to de-
velop a database, deepBase, with high-throughput and the 
deep annotation of ncRNAs to facilitate the comprehensive 
annotation and discovery of small RNAs. 

deepBase. Figure 1 shows the basic framework for 
deepBase. Yang et al. [14] collected deep sequencing data 
from 230 small RNA libraries from diverse tissues and cell 
lines of 7 organisms: human, mouse, chicken, Ciona intes-
tinalis, Drosophila melanogaster, Caenhorhabdites elegans 
and Arabidopsis thaliana. The RNA libraries contain ~14.6 
million unique reads which perfectly map onto more than 
284 million genomic loci. Many known and novel ncRNAs 
were identified, and the mapped reads have been grouped 
into about 1.2 million RNA clusters. The results are 
downloadable in FASTA and BED format for local viewing 
and mining. DeepBase provides a user-friendly interface, 
many convenient mining and search tools and substantial 
statistical information from the database, including the dis-
tribution of read length, the distribution of nucleotides at the 
5′ end, and ncRNA expression profiles in different libraries. 
Users conveniently exchange information with such other 

websites as UCSC.  

2  ncRNA gene finding algorithm 

The development of a variety of model organism genome 
projects provides an unprecedented opportunity for ncRNA 
discovery and identification at the entire genome scale. This 
requires individuals to adopt computational methods for 
developing a suitable algorithm for the large-scale, high- 
throughput identification of ncRNAs. A challenge for com-
plete genome ncRNA identification is that ncRNAs do not 
possess such clear characteristics for coding sequences as 
Open Reading Frames, start and stop codons, or special 
splice sites. Therefore, conventional gene prediction algo-
rithms are unsuitable. It is necessary to develop new predic-
tion algorithms according to the characteristics of ncRNA 
genes. “Computational RNomics” has developed a number 
of ncRNA gene prediction algorithms. According to their 
characteristics, they are divided into 3 main categories: 
structure-based prediction, sequence signal-based prediction 
and deep-sequencing results-based prediction. 

2.1  Structure-based prediction 

Early prediction algorithms were based on the assumption 
that the ncRNA sequence folded into a more stable secon-
dary structure than a simple nucleotide. Therefore, se-
quences that have a stable secondary structure in the ge-
nome are considered to be ncRNAs. There are many soft-
ware packages for RNA secondary structure prediction, e.g. 
Mfold [15,16], RNAfold [17], Sfold [18–20], which are used 
in ncRNA identification. However, subsequent studies have 
found that this feature is not a sufficient criterion for 
ncRNA prediction because many random sequences also 
fold into a lower free energy state [21]. A conserved secon-
dary structure was therefore added as a new parameter. A 
consensus secondary structure is found by multiple se-
quence alignment. Algorithms that are based on structural 
features mainly use a combination of the 2 above parame-
ters. 

In 2001, Eddy et al. [22] developed QRNA, which is a 
comparative sequence analysis algorithm for structural RNA 
gene identification. Based on covariance variance theory, 
they built 3 probabilistic “pair-grammars”: a pair of sto-
chastic, context-free, grammar modeling alignments con-
strained by structural RNA evolution, a pair of hidden 
Markov models that models alignments constrained by 
coding sequence evolution, and a pair of hidden Markov 
models modeling a null hypothesis of position-independent 
evolution [22]. When a pairwise sequence alignment is en-
tered, it is classified by the algorithm as coding, RNA, or 
null class according to the posterior probability of each 
class. When using QRNA to test the Escherichia coli ge-
nome by comparisons to the related genome of Salmonella  
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thyphi, the results indicated that the sensitivity of the pro-
gram is largely dependent upon the availability of appropri-
ate comparative sequence data [22]. Using multiple com-
parative genome alignment results will improve the sensi-
tivity. 

QRNA has been used to identify ncRNAs in bacteria and 
yeast but is not suitable for screens of large genomes. This 
is because of its limited pairwise alignments, such that its 
reliability is low, especially if the evolutionary distance be-
tween the 2 sequences lies outside the optimal range [23]. 
Several software packages have been developed that also 
detect a limit to the prediction of ncRNAs. Faced with these 
problems, Stadler et al. [23] developed RNAz in 2004, 
which combines comparative sequence analysis and struc-
ture prediction. The algorithm consists of 2 basic compo-
nents: (i) a measure for RNA secondary structure conserva-
tion based on computing a consensus secondary structure, 
and (ii) a measure for thermodynamic stability by a z score 
that is normalized with respect to both sequence length and 

base composition but is calculated without sampling from 
shuffled sequences. RNAz analyzes 2 and more sequence 
alignment results. RNAz is used to screen alignments in the 
conserved noncoding elements in the upstream regions of 
orthologous genes from human, mouse, rat, Fugu, and ze-
brafish and has found all known ncRNAs and cis-acting 
elements as well as many other novel conserved RNA sec-
ondary structures. 

With the gradual completion of the genome project, an 
increasing number of species’ genome sequences have been 
acquired, which has provided more data for the construction 
of evolutionary relationships to find ncRNA through com-
parative genomics. The Haussler laboratory developed 
Evofold in 2006, which is based on phylogenetic, stochastic, 
context-free grammars for identifying functional RNAs en-
coded in the human genome [24]. An eight-way, ge-
nome-wide alignment of the human, chimpanzee, mouse, rat, 
dog, chicken, zebrafish, and puffer-fish genomes was used 
as input for deeply conserved functional RNA identification. 

 
Figure 1  The basic framework for deepBase. 
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Finally, a large number of known functional RNAs and 
various types of known genetic recoding elements were 
identified, and the authors also found new candidate se-
lenocysteine insertion sites, RNA editing hairpins, RNAs 
involved in transcript auto regulation, and many folds which 
form singletons or small functional RNA families of com-
pletely unknown function [24]. 

Table 2 lists several structure-based ncRNA prediction 
software packages. These packages primarily use structural 
stability and structure conservation across species as pa-
rameters. They achieved a stable recognition effect for both 
long and short ncRNA, with the method serving as a general 
ncRNA identification technique. However, the predicted 
results may be elements that are conserved in both mRNA 
and ncRNA. For instance, the mRNA 5′ and 3′ UTR regions 
that bind regulatory proteins contain abundant conserved 
local secondary structures [25]. In addition, this method 
cannot find ncRNAs that do not possess a conserved secon-
dary structure. The method cannot determine the particular 
class to which the predicted ncRNA belongs. Therefore, 
programs based on secondary structure prediction might 
lead to significant false positive and false negative discov-
eries [26] and cannot predict particular classes of ncRNA. 

2.2  Sequence signal-based prediction method 

Structure-based prediction methods are generally used but 
are not suitable for the identification of specialized ncRNAs. 
Considering the large number and complexity of ncRNA 
types, finding a commonality among them is in itself a 
daunting task. The understanding of ncRNA remains in its 
infancy. Therefore, programs have been developed for the 
specialized identification and annotation of ncRNAs using 
specific categories of known ncRNA sequence analysis to 
establish models for the identification of novel ncRNAs on 
the genome scale.  

With increased understanding of ncRNA, thousands of 
small ncRNAs have been identified, including microRNAs, 
snoRNAs, siRNAs, and piRNAs. In addition, hundreds of 
thousands of long ncRNAs have been identified through 
full-length cDNA cloning and genomic tilling array tech-

nology. The sequence features of long and short ncRNAs 
show significant differences and require different ap-
proaches for their identification. Here, we describe the 
methods proposed for ncRNA prediction for both long and 
short ncRNAs.  

2.2.1  Long ncRNA prediction algorithm 
A great number of transcript data is available as a result of 
experimentation (cDNA or EST data), and both pro-
tein-coding and non-coding sequences are contained in such 
data. Protein-coding sequences possess a clear open reading 
frame (ORF), a certain range of length, and ORFs are con-
served between different species. Therefore, sequences are 
recognized as coding or non-coding according to their 
characteristics. For example, some programs use ORF 
length as a criterion. The FANTOM consortium originally 
used 300 nt (100 codons) as a cutoff, and transcripts that 
were below this value would be considered non-coding se-
quences [29]. However, this criterion could pose problems. 
For example, certain long ncRNAs possess ORF characters. 
H19, Xist, Mirg, Gtl2, and KcnqOT1 all have putative 
ORFs>100 codons [30]. By contrast, other short coding 
sequences are regarded as ncRNAs, e.g. the tal (tarsal-less) 
gene, which was initially classified as a ncRNA [31]. 
Therefore, more characteristics are integrated, e.g. the con-
served sequence domain, specific receptor/donor site, amino 
acid composition, and polyadenylation signals. There are 
many programs which discriminate coding RNAs from 
ncRNAs, such as ESTScan [32], CSTminer [33], and 
CRITICA [34]. Mattick et al. [35] applied 10 such software 
packages to the 102801 FANTOM mouse cDNA sequences 
to discriminate mRNAs from ncRNAs, and after compari- 
son, CRITICA, which combined comparative analysis with 
statistical analysis of coding sequences, showed the highest 
degree of concordance with the other methods and made the 
fewest recognizable errors. 

Some algorithms use machine-learning methods to dis- 
tinguish between coding potential and putative ncRNAs. 
Given confirmed ncRNA and mRNA sequences as input, 
the method first extracts the characters and uses ma-
chine-learning or statistical methods to train and test new  

Table 2  Structure-based ncRNA prediction software 

Software Website Web-based Downloadable Reference 

Mfold http: //mfold.bioinfo.rpi.edu/ √ √ [15,16] 

RNAfold http: //rna.tbi.univie.ac.at/cgi-bin/RNAfold.cgi √ √ [17] 

QRNA ftp: //selab.janelia.org/pub/software/qrna/  √ [22] 

RNAz http: //www.tbi.univie.ac.at/~wash/RNAz/ √ √ [23] 

Randfold http: //bioinformatics.psb.ugent.be/software/details/Randfold  √ [27] 

RNAstrand http: //www.bioinf.uni-leipzig.de/Software/RNAstrand/  √ [28] 
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sequences. Many methods use support vector machines 
(SVM) to distinguish coding and non-coding RNAs. CONC 
classifies transcripts according to features, including peptide 
length, amino acid composition, predicted secondary struc- 
ture content, predicted percentage of exposed residues, 
compositional entropy, number of homologs from database 
searches, alignment entropy and nucleotide frequencies [36]. 
The authors used eukaryotic proteins and known ncRNAs as 
a true positive and true negative training set to train the 
SVM model. Using 102801 pieces of mouse cDNA data for 
prediction, over 14000 ncRNAs were identified. In addition, 
cross-validation suggested that the specificity and sensitiv-
ity of the software were respectively 97% and 98%. The 
total number of CONC input extract features was 180, while 
a subsequent software package, CPC, that was developed by 
Peking University and was also based on an SVM model 
but used 6 extract features, achieved a comparable per-
formance with CONC in less time [37].  

2.2.2  Short ncRNA prediction algorithm 
The general length of a short ncRNA is no more than 200 nt, 
including microRNAs, snoRNAs, siRNAs, and piRNAs, 
and each type has special characteristics. Algorithms used to 
predict these ncRNAs are mainly based on the following 
parameters: special length, position in the genome, structure, 
free energy, sequence pattern, GC content, and sequence 
and structure homology information.  

Searching ncRNAs at the genome scale according to 
structure produces many results, but many sequences which 
fold into a stem-loop structure are not true ncRNAs. As real 
ncRNAs fold into a secondary structure with a lower free 
energy than randomly generated stem-loop structures and 
miRNA genes are more conserved in their secondary struc-
ture than in their primary structure, the free energy character 
and conservation is considered. Wang et al. [38] from 
Tsinghua University developed MiRAlign, which is based 
on both sequence and structure alignment, to detect 
miRNAs in animals. They identified 59 new miRNA genes 
in the genome of Anopheles gambiae. MiPred extracted 

sequence features of the secondary structure of the mini-
mum free energy and used machine-learning methods to 
distinguish between real and random miRNA precursor 
stem-loop structures, obtaining 95.09% sensitivity and 
98.21% specificity [39]. MiRFinder compared 2 genomes 
and used SVM to conduct genome-wide microRNA precur-
sor prediction, achieving more than a 99% accuracy rate 
[40].  

SnoRNA prediction has proved to be complex, because 
snoRNA contains 2 types of modifications to the target 
RNA molecules—box C/D snoRNA and box H/ACA 
snoRNA. Early snoRNA prediction programs were Snoscan 
[41] and snoGPS [42], which mainly searched for guide 
snoRNA, e.g. the target for rRNAs or snRNAs. Subse-
quently, Yang et al. [43], in our laboratory, have developed 
snoSeeker, which is carried out at the genome scale to 
search for various types of snoRNAs, including orphan 
snoRNAs that do not have target molecules. The algorithm 
also predicts the snoRNA target. There are 2 programs in 
the snoSeeker package, CDseeker and ACAseeker. The al-
gorithm first removes repeat sequences in the genome. 
Based on comparative genomics, it identifies homologous 
sequences as candidates for snoRNA and uses a series of 
features to build statistical models. Using this method to 
screen the human genome, 266 known snoRNAs were 
found, as well as 54 new snoRNAs that include 26 orphan 
snoRNAs. Another program, snoReport [44], used secon-
dary structure prediction information and machine learning 
methods to predict both types of snoRNAs. The program 
does not rely on alignment or homology information but 
searches for new snoRNAs at the genome scale and verifies 
the snoRNAs predicted by other methods. 

2.2.3  Summary of the sequence signal-based prediction 
method 
Several software packages based on sequence signals for 
predicting both long and short ncRNAs are listed in Table 3. 
It is feasible to use this method to predict special types of 
ncRNAs, but there are some points which must be ad- 

Table 3  Sequence signal-based ncRNA prediction software 

Software Website Web-based Downloadable Reference 

ESTScan http: //www.ch.embnet.org/software/ESTScan2.html √ √ [32] 

CSTminer http: //t.caspur.it/CSTminer/ √  [33] 

CRITICA http: //rdpwww.life.uiuc.edu/ √ √ [34] 

CPC http: //cpc.cbi.pku.edu.cn/ √ √ [37] 

MiRAlign http: //web.archive.org/web/20080803072157/bioinfo.au.tsinghua.edu.cn/miralign/ √  [38] 

Snoscan http: //lowelab.ucsc.edu/snoscan/ √ √ [41] 

snoGPS http: //lowelab.ucsc.edu/snoGPS/ √ √ [42] 

snoSeeker http: //genelab.zsu.edu.cn/snoseeker/ √ √ [43] 

snoReport http: //www.bioinf.uni-leipzig.de/Software/snoReport/  √ [44] 
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dressed. First, it is difficult to unequivocally annotate an 
RNA as protein coding or noncoding [30] because some are 
bifunctional and serve as a regulatory RNA and are also 
translated into protein [45]. In addition, one decisive factor 
in using transcription data is the completeness of the input 
data, which calls for the full-length status of sequences. 
However, there is a wide range of experimental variables 
that make this requirement difficult to attain, such as in- 
complete reverse transcription, internal priming of pre- 
mRNAs and genomic DNA contamination [26]. These 
variables are likely to generate spurious or truncated tran-
scripts that would be difficult to annotate [46]. Second, the 
homologous sequence analysis method only finds new 
members of known ncRNAs, not new classes or non-con-   
servative ncRNAs. Due to restrictions on experimental 
methods, there are certain difficulties inherent in the predic-  
tion and verification of some low or tissue-specific expres-  
sion ncRNAs. 

2.3  Deep-sequencing results-based prediction method 

Deep-sequencing technology generates thousands of se-
quence fragments at one time, which are used by various 
programs to map these fragments against the reference ge-
nome for small ncRNA identification. Figure 2 shows the 
pipeline for microRNA identification using deep-sequenc-  
ing results [9,10]. Large-scale reads are acquired using 
deep-sequencing technology. After a preliminary treatment 
in which these reads are mapped onto the reference genome, 
the reads that are mapped to multiple loci are filtered. Then, 
other known RNAs are filtered, e.g. mRNAs, tRNAs, 
snoRNAs, and snRNAs. According to such characteristics 
as secondary structure or free energy information to extract 
possible microRNA precursors, these sequences are next 
aligned with the known microRNAs to find novel micro- 
RNAs. miRDeep [47] uses Illumina/Solexa sequencing re- 
sults according to the locations and the abundance of reads 

 

Figure 2  Scheme of the algorithm using deep-sequencing results to detect miRNAs. 
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that match the microRNA precursor sequence to establish a 
probabilistic model for novel microRNA prediction. Data 
from Caenorhabditis elegans, human and dog transcriptome 
sequencing were used for analysis, and ~230 previously 
unannotated miRNAs were found, some of which were 
validated by using Northern blot analysis. 

Researchers on the FANTOM4 project team have used 
deep-sequencing technology results and have obtained sev-
eral significant results. Mattin et al. [48] analyzed human, 
chicken and Drosophila large-scale sequencing data, and 
discovered a type of tiny RNAs with an 18 nt conserved 
sequence pattern in the −60 to +120 region of the gene 
transcription start site. They called these RNAs transcription 
initiation RNAs (tiRNAs) and suggested that they may be a 
general feature of transcription in metazoa and possibly all 
eukaryotes [48]. Another research result was obtained by 
Carninci et al. [49], which used Cap Analysis Gene Expres-
sion (CAGE) data from FANTOM3 to find 6%–30% of the 
RNA transcription start sites in humans and mice that con-
tain repetitive elements. They identified 23000 candidate 
regulatory regions derived from retrotransposons, together 
with more than 2000 examples of bidirectional transcription, 
and they concluded that retrotransposon transcription has a 
key influence upon the transcriptional output of the mam- 
malian genome [49]. 

Several software packages that use deep-sequencing re-
sults to predict ncRNAs are listed in Table 4. Deep-    
sequencing technology provides a reliable data resource for 
ncRNA prediction. Using this data in combination with the 
biological characteristics and processing mechanisms of 
ncRNAs could have an efficient and accurate effect on 
ncRNA gene identification.  

2.4  Summary of the ncRNA gene-finding algorithm 

Using ncRNA identification programs, new ncRNA types 
may eventually be discovered, and their function in the 
regulation of gene expression will be investigated. While 
there is no one universal tool that enables the accurate iden-
tification of all ncRNAs, the majority of the computer 
methods have been developed for specific ncRNA predic-
tion. For known ncRNA types, specific methods according 
to the character of the RNA categories or a combination of 
several approaches are used to predict a higher sensitivity. 
However, because a large number of ncRNA classes remain 

unknown, it is necessary to develop a common universal 
prediction approach. In addition, with the development of 
experimental techniques, there will be many new categories 
added to the ncRNA family. Finding these ncRNA features 
and establishing appropriate algorithms for genome-wide 
identification will be a future direction of development. At 
present, the role of small RNAs and their function has been  
gradually understood. The development of deep-sequencing 
technology which provides a reliable transcript analysis 
resource has enabled considerable advances in the identifi-
cation of small RNAs. By contrast, long ncRNA research is 
somewhat slow and needs further exploration. Many tissue- 
or organism-specific ncRNAs remain to be discovered. 
Therefore, the development of more accurate and faster 
recognition algorithms remains a critical direction for future 
development. 

3  ncRNA target prediction algorithm 

A major step in ncRNA gene annotation is the identification 
of molecules with which ncRNA interacts and the clarifica-
tion of the effects it has on regulating the course of the en-
tire pathway. Many ncRNAs directly interact with other 
molecules. In addition, the silencing mechanism is deter-
mined by the degree of complementarity between the 
ncRNA and its target molecule. When nearly perfect com-
plementarity is achieved, e.g. plant siRNAs or miRNAs, 
target molecules are cleaved. However, most animal 
miRNAs are only partly complementary with their target 
molecules, and this mainly represses mRNA translation. The 
interaction between the miRNA and its target also depends 
on the location and local secondary structure of the target 
molecule. Therefore, the discovery of ncRNA target mole-
cules is the basis and a key step for revealing the ncRNA 
function. 

microRNAs, due to their critical biological functions and 
target specific combination mechanisms, have become the 
main object for target prediction algorithms. microRNA 
biological functions include the control of cell proliferation, 
cell death, lipid metabolism, and the control of leaf and 
flower development in plants. It is predicted that more than 
30% of human genes are regulated by microRNAs. 
microRNAs regulate gene expression primarily by binding 
to the 3′ UTRs of their target mRNAs for either cleavage or  

Table 4  Deep-sequencing, results-based prediction software 

Software Website Web-based Downloadable Reference 

snoSeeker http: //deepbase.sysu.edu.cn/ √  [14] 

miRDeep http: //www.mdc-berlin.de/en/research/research_teams/systems_ 
biology_of_gene_regulatory_elements/projects/miRDeep/  √ [47] 

MiRanalyzer http: //web.bioinformatics.cicbiogune.es/microRNA/ √  [50] 
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translational repression, thereby affecting cell proliferation, 
apoptosis, differentiation, metabolism, growth, metastasis 
and other biological processes. Therefore, it is an essential 
step to find the miRNA target in revealing the microRNA 
function. However, due to the diversity of interaction styles 
and characteristics of the target secondary structure, identi-
fication is problematic. The binding mechanisms in plants 
and animals are quite different. Plant microRNA prediction 
is rather straightforward because plant microRNAs usually 
bind their targets with nearly perfect complementarity. 
Consequently, most researchers have focused their attention 
on the problem of animal microRNA target identification. 
Dozens of prediction software packages are available and 
sum up many interaction rules. Based on the different prin- 
ciples of target identity, the algorithms are divided into 3 
categories: generalized principle-based strategies, breaking 
generalized rules strategies, and integrative principle strate-
gies. 

3.1  Generalized principle-based strategies 

Most microRNA target identification programs are based on 
3 basic principles: (i) the base complementarity between the 
miRNA 5′ seed region with the target site in the mRNA 3′ 
UTR, (ii) the thermodynamic stability of the predicted 
miRNA-mRNA duplex, and (iii) the degree of conservation 
of the target sites of related species. Figure 3 shows the ba-
sic process of microRNA target identification using gener-
alized principles.  

In 2003, Enright et al. [51] developed a microRNA target 
prediction algorithm, miRanda, which is based chiefly on 
the 3 general principles: sequence complementarity, the 
thermo-dynamic stability of RNA-RNA duplexes, and the 
conservation of target sites in related genomes. They used 
73 available D. melanogaster miRNAs as probes and 
scanned the 3′ UTRs of 9805 D. melanogaster genes for 
possible complementarity matches, eventually finding 535  

 

Figure 3  The basic process of microRNA target identification using 
general principals. 

potential target genes. Due to the strong conservation of 
miRNA sequences between D. melanogaster and A. gam-
biae [52], the same procedure was used for a subset of tar-
gets that were also conserved in the 3′ UTRs of A. Gambia 
genes, and 150 potential targets were found, among which 
40% exhibited more than 60% conservation identity to the 
corresponding D. melanogaster site. In addition, they con-
structed randomized microRNA data to perform control 
calculations and used a simple estimate of the rate of false  
positives (R–/R+), where R– represents the number of targets 
predicted for randomized miRNAs, and R+ is the number of 
targets predicted for the actual miRNAs, to obtain a 35% 
false positive rate. They further analyzed the predicted tar-
get molecules according to their biological process and mo-
lecular function derived from the Gene Ontology [53] data-
base to elucidate the miRNA function, and they concluded 
that miRNAs target the control of gene activity at multiple 
levels, specifically transcription, translation and protein 
degradation [51].  

Lewis et al. [54] developed the TargetScan program to 
predict vertebrate miRNA targets. They provide not only an 
accurate calculation for false-positives but also experimen- 
tal evidence for the predicted target. The approach also con-
siders complements of the RNA duplex and conservation of 
target sites between different species. In the calculation of 
the process of matching complements, they suggested that 
the 5′ portion of the miRNA, particularly nucleotides 2–8, 
appears to be the most critical sites for target recognition, 
and they referred to this segment as the “miRNA seed” [54]. 
Therefore, they initially sought for segments of mRNA 3′ 
UTRs that were ideally matched with the 7-nucleotide 
length “seed” region and extended each match with addi-
tional complementary base pairs as far as possible in each 
direction until mismatches were encountered. For the re-
maining 3′ portion of the miRNA, they optimized the 
base-pairing of the 35 bases of the UTR immediately pre-
ceding the 5′ of each seed match and used the RNAfold 
program to extend each seed match to a longer “target site”. 
They searched the 3′ UTRs of orthologous human, mouse, 
and rat data derived from the Ensembl database and found 
451 putative miRNA: target interactions, with an average of 
5.7 targets per miRNA. They used this data as their signal, 
while another group of sequences, which were predicted 
through randomly permuted miRNAs, were used as noise. 
On average, every shuffled miRNA had 1.8 targets. There-
fore, the signal: noise ratio was 3.2:1 (5.7/1.8), for a false- 
positive rate of about 31% (1.8/5.7). In addition, 11 of the 
15 predicted targets were experimentally validated. They 
analyzed the molecular function by gene ontology (GO) and 
found that the predicted mammalian miRNA target genes 
were significantly involved in the “transcription” and 
“regulation of transcription” GO process categories. 

In 2005, Lewis et al. [55] refined the TargetScan algo-
rithm and developed TargetScanS. The algorithm differs by 
starting with whole-genome alignments, thereby require- 
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ing the conserved seed matches to be at conserved positions 
within the UTRs [55]. The definition of a seed region also 
changed. Previously defined as the 7-nt segment of the 
miRNA 5′ portion, the improved algorithm emphasizes the 
pairing to a 6-nt miRNA seed flanked by either an m8 
match or a t1A anchor. They used the algorithm to predict 4 
vertebrate genome 3′ UTRs, discovered about 13000 inter-
actions and concluded that more than 30% of human  
genes are regulated by microRNAs. 

Krek et al. [56] developed the PicTar program, which 
uses probability methods to predict common targets of mi-
croRNAs by calculating the probabilities for mRNA se-
quences to function as a binding site for microRNAs. The 
software is divided into 2 parts; the first part identifies sin-
gle microRNA target sites given a single microRNA and 
calculates the probabilities for an mRNA sequence to be a  
target site. The second part, for a given RNA sequence  
(typically a 3′ UTR), calculates the maximum likelihood  
score that a fixed set of microRNAs binds the sequence. The  
PicTar algorithm follows the conclusion by Doench et al.  
[57] that microRNAs competitively bind to the target gene. 
Using genome-wide alignments of 8 vertebrate genomes to 
test the algorithm, the result specifically recovered known 
microRNA targets. The false-positive rate of the algorithm 
has been estimated to be around 30%. In addition, Krek et 
al. suggested that vertebrate microRNAs each target roughly 
200 transcripts. 

Researchers used PicTar in multiple species for miRNA 
target identification. In 2005, Grün et al. [58] used this pro-
gram to exploit cross-species comparisons to show that 
there are generally 54 targeted genes per microRNA above 
noise in Drosophila melanogaster. In 2006, Lall et al. [59] 
used a new version of PicTar to predict microRNA targets 
in C. elegans. Using sequence alignments of 3 nematodes, 
they predicted that miRNAs regulate at least 10% of C. 
elegans genes, and a number of nematode miRNAs seem to 
regulate biological processes by targeting functionally re-
lated genes. Chen et al. [60] used the program to analyze 
microRNA targets in the human genome and showed that 
negative selection in humans is stronger for computationally 
predicted conserved miRNA binding sites than for other 
conserved sequence motifs in 3′ UTRs. For nonconserved 

miRNA binding sites, they estimated that 30%–50% of 
these are functional when the mRNA and miRNA are 
endogenously coexpressed, which indicates that polymor- 
phisms at predicted miRNA binding sites are likely to be 
deleterious, and are thus candidates for causal variants of  
human disease. 

Table 5 lists several software packages using the general 
principle-based identification strategy, together with their 
supported organisms. The algorithms using general princi-  
ples reliably predict, but some researchers think that these 
features are not always sufficient for miRNA target predic- 
tion determination. Andrew et al. [61] combined computa- 
tional and experimental approaches to suggest 5 other 
characteristics of the site context that boost site efficacy: (i) 
AU-rich nucleotide composition near the site, (ii) proximity 
to sites for coexpressed miRNAs, (iii) proximity to residues 
pairing to miRNA nucleotides 13–16, (iv) positioning 
within the 3′ UTR at least 15 nt from the stop codon, and (v) 
positioning away from the center of long UTRs [61]. 
Therefore, many programs have made some improvements  
and breakthroughs concerning the general principles. 

3.2  Breaking general rules strategies 

Although most target miRNA binding mechanisms follow 
the 3 generalized principles, many other features also are 
factors in miRNA target gene identification. For example, 
the number of target sites, AU content near target sites, and 
expression levels of miRNA and mRNA are used as certain 
standards for miRNA target determination. Many research-
ers found that there are some exceptions to these general-
ized principles and conclude that target selection mecha-
nisms vary from species to species [65], creating a number 
of new criteria. These criteria serve, in addition to the gen-
eral principles, with some possibly superseding the conven-
tional principles.  

3.2.1  3′ UTR rule 
Most prediction algorithms follow a general rule that animal 
miRNAs target the 3′ UTR region of mRNAs. Therefore, 
many researchers have searched in this region and have 
found a large number of real targets. However, it has been  

Table 5  Software packages using general principal-based identification strategy 

Software Supported organism (s) Website Web-based Downloadable Reference

miRanda Vertebrate http: //www.microRNA.org/ √ √ [51] 
TargetScan  
TargetScanS Vertebrate http: //www.targetscan.org/ √  [54] 

[55] 
PicTar Vertebrate, fly, worm http: //pictar.mdc-berlin.de/ √  [56] 

DIANA-microT Mammals http: //diana.cslab.ece.ntua.gr/microT/ √  [62] 

RNAhybrid Mammals http: //bibiserv.techfak.uni-bielefeld.de/rnahybrid/ √ √ [63] 

miTarget2 Human, mouse, rat, chicken, dog http: //mirdb.org/miRDB/  √ [64] 
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reported that miRNAs can bind promoter regions [66], cod- 
ing regions [67] and 5′ UTR regions of mRNA [68]. 

Forman et al. [69] developed a computational algorithm 
to find conserved sequence motifs within coding regions 
and analyzed a multiple-sequence alignment of 17 genomes. 
They first searched for conserved motifs of 8-bp length in 
coding regions and assigned the motifs a Sequence Level 
Conservation Score (SLCS) that represents the degree of the 
motif at the sequence level over the amino acid level. By 
matching these SLCS motifs against known miRNAs, they 
found that high-scoring sequence motifs matched the 
miRNA target sites. They experimentally demonstrated that 
the let-7 miRNA directly targets the miRNA-processing 
enzyme Dicer within its coding sequence, thus establishing 
a mechanism for an miRNA/Dicer autoregulatory negative 
feedback loop [69]. They used RNAcofold to computation- 
ally fold the secondary structure of let-7 and its seed 
matches in the coding regions, 3′ UTRs and 5′ UTRs. 
Through a comparison, they revealed that the results for the 
3′ UTR show a preference for looping at base pairs 10–12, 
followed by a preference for binding at positions 13–16, 
whereas the results for the coding regions showed a statisti-
cally significant preference for binding in positions 13–15 
and 17–19 and no preference for looping, suggesting dif-
ferent mechanisms of miRNA targeting in coding regions 
and 3′ UTRs. 

3.2.2  “Seed” region rule 
The rule of seed pairing is a fundamental criterion used in 
miRNA target prediction. In an early study, the complete 
sequence complementary to the 6-nt sequence of the 
miRNA 5′ region was found to be significant for target rec-
ognition [70]. Through mutation analysis using human, 
Drosophila, and Arabidopsis thaliana cells, it was con-
cluded that mismatches could occur [57,71,72]. The next 
study further improved the rules. The 2–7 position of the 
miRNA 5′ end was considered to be the “seed” region, and 
the matching extent with this region determined the recog-
nition of the target molecule [55]. Most miRNA target pre-
diction algorithms follow the “seed” region rules and iden-
tify the actual target molecules. In addition, high- 
throughput transcript and proteomics research has shown  
that in miRNA overexpression or inactivation of human  
cells, a large number of genes are enriched in the regions  
that match the “seed” sequences [73–75]. Although numer- 
ous studies have shown that the “seed” region is a vital fac-
tor in miRNA target identification, other characteristics also 
serve to specify target molecules. For example, earlier stud-
ies found that let-7 miRNA has many non-seed binding tar-
get sites on the lin-41 and lin-14 genes [18,76]. Therefore, 
the seed match rule is not always sufficient for repression. 

Zhang et al. [77], using vascular endothelial growth fac-
tor (VEGF) as a model, examined the effect of the central 

loop region in the miRNA: MRE duplex in miRNA- medi-
ated gene regulation. In the 2.0 version of their predic-  
tion program, FindTar, the central loop law was involved 
such that 3 elements were considered: loop position, loop 
size and loop priority. The results showed that central loops 
in miRNA: MRE duplexes affect efficiency in miRNA tar-
get identification. They suggested the addition of a loop 
score that combines both the location and the size as new 
criteria for predicting MREs. Their cognate miRNAs sig-
nificantly decreased the false positive rates and increased  
the specificity of MRE prediction. 

3.2.3  Target site conservation rule 
The conservation of target sites between species is an essen-
tial rule that is a factor in miRNA target prediction algo-
rithms. However, researchers have demonstrated that many 
of the nonconserved target sites, which outnumber the con-
served sites 10 to 1, also mediate repression [78]. Using this 
rule, nonconserved target sites may be missed. Therefore, a 
number of algorithms have been developed that do not rely 
on the conservation of target sites and that provide satisfac-
tory functions. 

In 2006, Miranda et al. [79] changed the ideas of their 
predecessors. They developed a microRNA target gene pre-
diction software package, RNA22 which is a pattern-  
based approach that does not rely upon cross-species con-
servation and is therefore utilized for the analysis of any 
single genome. Another unique feature of the algorithm is 
that it does not proceed from the known microRNAs to the 
search for their binding targets but starts from the sequence 
of interest, determines whether it might be a microRNA 
target, and finally determines the microRNAs which regu-
late it [80]. They used several species, and their experi- 
mental results challenge many of the previous conclusions 
about microRNA target prediction. They suggested that the 
number of microRNA precursors in mammalian genomes 
may possibly number in the tens of thousands. They also 
suggested that in addition to 3′ UTRs, numerous binding 
sites may exist in the 5′ UTRs and CDSs of mRNA, which 
has since been proved to be the case [69,81]. The software 
also predicted microRNA precursors, and the results sug-
gested that the number of precursors is more than that cur-
rently estimated. Several software packages that use the 
principle strategies to predict microRNA targets are listed in  
Table 6.  

3.3  Integrative principle strategies 

More features have been integrated into microRNA target 
prediction algorithms, including the secondary structure of 
target molecules, the expression levels of miRNAs and tar-
get genes, and other information about the target molecule, 
e.g. gene function, the role of the pathway, and 
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Table 6  Software packages that use breaking conventional principle strategies to predict microRNA targets  

Software Supported organism (s) Website Web-based Downloadable Reference

FindTar Human, mouse, rat, chimpanzee, cow http: //bio.sz.tsinghua.edu.cn/findtar/ √  [77] 

RNA22 Mammals http: //cbcsrv.watson.ibm.com/rna22.html √ √ [79] 

microTar Worm, fly, mouse http: //tiger.dbs.nus.edu.sg/microtar/  √ [82] 

 
associated diseases. 

The generalized principles have been introduced for the 
analysis of secondary structure by predicting the structure of 
the miRNA-mRNA duplex, calculating their free energy, 
and choosing the more stable structure. However, the actual 
situation is more complicated than expected. Studies have 
shown that although a given molecule might constitute a 
good match and have a stable secondary structure with the 
miRNA, because the sequence itself may constitute a stem 
loop structure, the regulation by miRNA may be abrogated 
[83]. Therefore, the secondary structure upstream and 
downstream of the binding site region is used as one of the 
factors considered by an miRNA target prediction algori- 
thm. 

Long et al. [84] analyzed the effect of the target second- 
dary structure on the efficacy of repression by miRNAs. 
They used Sfold software to predict the mRNA secondary 
structure and to establish a two-step hybridization reaction 
model of the interaction between an miRNA and a target. 
They used the model to analyze the interaction of let-7 with 
various mutant forms of the Caenorhabditis elegans lin-41 
3’ UTR region and also tested miRNA-target interactions in 
C. elegans and Drosophila melanogaster. The results sug-
gested a fundamental effect of target structure on target 
recognition and established a structure-based framework for 
the genome-wide identification of animal miRNA targets  
[84].  

PITA software, developed by Michael et al. [83] provides 
a parameter-free model for microRNA-target interaction by 
computing the difference between the free energy gained 
from the formation of the microRNA-target duplex and the 
energetic cost of unpairing the target to make it accessible 
to the microRNA [83]. For each given microRNA, the au-
thors calculated the target score to represent its ability to be 
combined with the predicted target molecules. The experi-
mental results revealed that the mutation of target sites 
would reduce target accessibility, which is a critical factor 
in microRNA function. 

Several software packages that use integrative principle 
strategies to predict miRNA targets are listed in Table 7. 
The ultimate aim of the target prediction was to reveal the 
function of microRNAs. Therefore, new methods for the 
integration of more information about target molecules, 
including their expression profile, functional categories and 
the pathways in which they are involved are needed. 

3.4  Summary of ncRNA target prediction 

Determining the target molecules for ncRNAs is crucial for 
revealing their functions and the specific associated mecha-
nism. Although a wide range of ncRNAs have been found in 
various species, few functions have been fully elucidated, 
indicating the disconnection between gene iden- 
tification and functional prediction. At present, microRNA 
target prediction is the focus of much research. Most micro 
RNA target prediction algorithms combine the complemen- 
tarity between the miRNA 5′ seed region and the target site 
in the mRNA 3′ UTR, the thermodynamic stability of the 
miRNA- mRNA duplex, and the conservation of target sites 
across species. Although these characteristics are essential 
for the combination of the miRNAs and their target mole-
cules, the relationship between these features and how they 
affect the miRNA and target combination remains unclear 
[26]. Other features are considered, with the searching scale 
expanded to include other regions, such as the coding re-
gions or the 5′ UTRs of mRNA. The miRNA target predic-
tion algorithm has a high specificity and sensitivity for 
known miRNAs. However, various programs do not yield 
the same prediction for unknown target genes, and the 
false-positive rate is high [86]. Achieving consistent predic-
tions requires a more in-depth study of the interaction 
mechanism of miRNAs and target molecules, establishing 
more credible parameters and thus improving the prediction 
accuracy rate. With the development of new experimental 
techniques, the validated miRNA target data may continue 
to accumulate, providing a workable training set for recog-
nition algorithms, thereby continually improving and opti-
mizing prediction algorithms. 

4  Opportunities and challenges  

Such next generation sequencing technology as Roche/454, 
Illumina/Solexa, and ABI/SOLiD, substantial amounts of 
sequencing data will be added to databases, which may pro-
vide a driving force for ncRNA research in the post- ge-
nomic era as well as new opportunities and challenges. 

The development of new experimental techniques has 
expanded the field of research in “computational RNomics”. 
In addition to model organisms, a large number of non- 
model organisms are utilized for genetic and developmental 
studies. They are also employed to design various studies  
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Table 7  Software packages that use the Combination Principle Strategies to predict miRNA targets 

Software Supported organism(s) Website Web-based Downloadable Reference

PITA Fly, worm, mouse, human http: //genie.weizmann.ac.il/pubs/mir07/mir07_prediction.html √ √ [83] 

GenMir++ Human www.psi.toronto.edu/genmir  √ [85] 

 
 

for the transcriptome of normal cells or tissue samples with 
pathological analysis, revealing the genetic characteristics 
or pathological mechanism with which they are associated. 
Comparative genomics and comparative transcriptomics 
studies will be at different levels and on a larger scale to 
reveal the function of ncRNAs and the genetic information 
regulated by them in the biological evolution process. In 
addition, the results of the different sequencing technologies 
combined with genomics and proteomics data may serve to 
establish an overall regulatory network. Ultimately, inte-
grating the full range of computational methods to solve 
complex biological problems is the goal of “computational 
RNomics”. 

Genomic and transcriptome sequence data are exponen- 
tially expanding, posing new requirements for computer 
hardware (such as the continued expansion of computing 
and greater storage capacity). How to effectively enhance 
the capacity of the database interaction, reduce costs for 
maintenance, and improve the transmission efficiency and 
protection of information security represent major chal-
lenges for “computational RNomics”.  

RNomics constitutes a major frontier in the post-geno-  
mics era. The combination of “computational RNomics” 
and “experimental RNomics” may facilitate the exploration 
of ncRNAs to be more extensive and in-depth, thereby re-
vealing the full expression of genetic information and its 
regulatory network in life and the evolution of the “RNA 
World”. 
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