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ABSTRACT 
Motivation: MicroRNAs (miRNAs) are involved in many diverse 
biological processes and they may potentially regulate the functions 
of thousands of genes. However, one major issue in miRNA studies 
is the lack of bioinformatics programs to accurately predict miRNA 
targets. Animal miRNAs have limited sequence complementarity to 
their gene targets, which makes it challenging to build target predic-
tion models with high specificity.  
Results: Here we present a new miRNA target prediction program 
based on support vector machines (SVMs) and a large microarray 
training dataset. By systematically analyzing public microarray data, 
we have identified statistically significant features that are important 
to target downregulation. Heterogeneous prediction features have 
been non-linearly integrated in an SVM machine learning framework 
for the training of our target prediction model, MirTarget2. About half 
of the predicted miRNA target sites in human are not conserved in 
other organisms. Our prediction algorithm has been validated with 
independent experimental data for its improved performance on 
predicting a large number of miRNA downregulated gene targets. 
Availability: All the predicted targets were imported into an online 
database miRDB, which is freely accessible at http://mirdb.org. 
Contact: xwang@radonc.wustl.edu 
Supplementary information: Supplementary data are available at 
Bioinformatics online. 

1 INTRODUCTION  
Thousands of microRNAs (miRNAs) have been identified in re-
cent years. These miRNAs are involved in many diverse biological 
processes, such as development, differentiation, apoptosis, and 
viral infection (Ambros, 2004; Miska, 2005). miRNAs function 
primarily through negative regulation of the expression level of 
their gene targets. Both computational and experimental studies 
have suggested that thousands of human genes are likely to be 
regulated by miRNAs (Lewis, et al., 2005; Lim, et al., 2005; 
Miranda, et al., 2006). Because of their critical roles in gene ex-
pression regulation, the functional characterization of miRNAs has 
become one of the most active research fields in biology in recent 
years. However, one major issue facing miRNA research is the 
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lack of computational tools for accurate target prediction. Al-
though multiple computational approaches have been proposed 
recently (Brennecke, et al., 2005; Enright, et al., 2003; Kim, et al., 
2006; Kiriakidou, et al., 2004; Krek, et al., 2005; Lewis, et al., 
2005; Miranda, et al., 2006; Rehmsmeier, et al., 2004; Stark, et al., 
2003; Wang and Wang, 2006), this remains a major challenge for 
bioinformatists because of very limited sequence complementarity 
between miRNAs and their targets, as well as the scarcity of ex-
perimentally validated gene targets to guide bioinformatics design 
(Rajewsky, 2006).  

One strategy for target prediction is to use machine learning ap-
proaches. Machine learning methods, such as support vector ma-
chines (SVMs), attempt to extract relevant information from data 
automatically using computational and statistical methods. Ma-
chine learning has been applied to many diverse fields including 
biological research, but has not been applied to miRNA target 
prediction with great success to date. One major obstacle is the 
lack of high quality training data, upon which to build robust pre-
diction models. There is only a limited number of validated 
miRNA targets from literature (Sethupathy, et al., 2006); in addi-
tion, most of these targets were validated because they were pre-
dicted miRNA targets by existing programs. As a result, the valida-
tion data are biased toward these algorithms and are less useful for 
developing new target prediction algorithms. One SVM approach 
has been proposed recently for miRNA target prediction based on 
validated miRNA targets from literature survey (Kim, et al., 2006); 
however, the algorithm comparison analysis indicates that it un-
derperforms another non-machine learning based algorithm, Tar-
getScan for prediction specificity (Kim, et al., 2006).  

miRNA can regulate gene expression at both the mRNA and the 
protein levels. A general model has been that miRNA function 
primarily through suppressing the protein expression of their tar-
gets (He and Hannon, 2004). However, many recent studies have 
convincingly demonstrated that miRNAs can also commonly de-
crease the target transcript expression level (Bagga, et al., 2005; 
Jing, et al., 2005; Lai, 2002; Lai, et al., 2005; Lee and Dutta, 
2007). Consistent with these observations, miRNAs and their pre-
dicted target transcripts are found to have mutually exclusive ex-
pression profiles in different tissues (Farh, et al., 2005; Stark, et al., 
2005); and overexpression of miRNA leads to the downregulation 
of hundreds of mRNA transcripts in cell lines (Lim, et al., 2005). 
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The majority of these transcripts have miRNA seed pairing sites, 
implying direct regulation by miRNAs. All these studies indicate 
that regulation of mRNA expression level is a common mechanism 
for miRNA function (Sontheimer and Carthew, 2005). This opens 
a new door to high-throughput target validation by transcriptional 
profiling, such as microarrays. We have previously demonstrated 
that microarrays are a reliable approach to quickly identify a large 
number of miRNA downregulated genes, and many of these down-
regulated genes are also miRNA targets as predicted by bioinfor-
matics (Wang and Wang, 2006). A more recent study by Linsley  
et al. (Linsley, et al., 2007) has studied the functions of 24 
miRNAs by systematically analyzing their downregulated genes 
with microarrays. This study has characterized the specific 
miRNAs of interest by miRNA overexpression and at the same 
time has made available a large experimental dataset to guide bio-
informatics target prediction in general. 

While this manuscript was in preparation, a new version of Tar-
getScan (release 4.0) was published (Grimson, et al., 2007). By 
performing microarray experiments with miRNA overexpression, 
the authors have identified five general features that boost target 
site efficacy and a linear regression model has been developed to 
combine these features for miRNA target prediction. Another 
study was also reported recently for identifying several miRNA 
targeting determinants from microarray data analysis (Nielsen, et 
al., 2007). 

Here we present a new strategy to predict miRNA targets with 
machine learning. The Linsley microarray transcriptional profiling 
dataset (Linsley, et al., 2007) was used for algorithm training. Sta-
tistically significant features were identified by comparing genes 
downregulated or unaffected by miRNA overexpression. We con-
firmed that several widely used prediction features, such as perfect 
seed pairing and target site conservation, were very significantly 
associated with genes downregulated by miRNA. In addition, new 
significant sequence features have been identified for their prefer-
ential association with miRNA downregulated genes. An SVM 
based machine learning algorithm has been developed by combin-
ing heterogeneous prediction features in the algorithm training 
process and the prediction model has also been validated with in-
dependent experimental data.  

2 METHODS 
2.1   Data retrieval 
All mRNA sequences and gene mapping index files were downloaded from 
the NCBI ftp site (Benson, et al., 2007). The 3’-untranslated region (UTR) 
sequences were then parsed with BioPerl (http://www.bioperl.org) using 
the GenBank annotations. Orthologous gene relationships were predicted 
based on NCBI HomoloGene. Transcript 3’ UTR sequences from human 
orthologs in mouse, rat, dog and chicken were also prepared and included 
in our computational analysis. 

Microarray data were downloaded from the NCBI GEO database 
(Barrett, et al., 2007) for two published miRNA studies (accessions 
GSE6838 and GSE6207). In the Linsley study, multiple miRNAs were 
transfected in two cell lines and the global effect of miRNA overexpression 
was examined by microarrays (Linsley, et al., 2007). In the Wang study, 
miR-124a was transfected in HepG2 cells and changes in global gene ex-
pression profiles were evaluated by microarrays at different time points 
(Wang and Wang, 2006). 

Predicted miRNA targets by several published algorithms were retrieved 
from the public websites (TargetScan, http://targetscan.org; PicTar, 

http://pictar.bio.nyu.edu; miRanda, http://microrna.sanger.ac.uk; MirTarget 
version 1, http://nar.oxfordjournals.org/cgi/content/abstract/34/5/1646). 
The target IDs from all these algorithms were mapped to NCBI Gene IDs. 
For the analysis using the Linsley dataset, the training sequences were pre-
selected for their seed matching sites. Thus, predicted targets without seed 
matching sites or without representing array probes were not included in 
our analysis. For the algorithm comparison using the Wang dataset, all 
predicted targets with representing array probes were included in the analy-
sis. 

 
2.2   Identification of downregulated genes by miRNA overexpression 
Two cell lines (HCT116 Dicerex5 and DLD-1 Dicerex5) were included in the 
Linsley study. Most of the miRNAs were transfected in both cell lines to 
evaluate changes in global gene expression profiles [for more experimental 
details, please refer to (Linsley, et al., 2007)]. Probe IDs were mapped to 
NCBI gene IDs with NCBI gene index files, and multiple probe signals for 
the same gene were averaged to represent the expression level of the gene. 
A gene was defined as downregulated if compared to mock transfection, its 
expression level was reduced by at least 40% with p-value <0.001 in either 
cell line; a gene was defined as unaffected (normal) if its gene expression 
level was at least 95%, but no more than 120% with p-value >0.3 in both 
cell lines. 

Six miRNAs from the Linsley dataset, let-7c, miR-103, miR-106b, miR-
141, miR-15a and miR-215 were selected for model training and testing. 
These miRNAs were selected for their non-redundant seed (positions 2-8) 
sequences. In this way, the potential bias associated with any specific 
miRNA sequence was expected to be reduced. All except one miRNA were 
transfected in both HCT116 Dicerex5 and DLD-1 Dicerex5 cells, and candi-
date transcripts were selected by analyzing microarray data from both cell 
lines. There were 1401 downregulated genes and 16761 normal (unaf-
fected) genes identified in this way.  

We also analyzed a dataset that we published previously (Wang and 
Wang, 2006). This was a temporal study evaluating the effect of miR-124a 
overexpression on global transcriptional profiles. The downregulated genes 
at each time point were identified with the same criteria as described previ-
ously (Wang and Wang, 2006).  

 
2.3   Computational analysis 
The SVM package LIBSVM was used to construct miRNA target predic-
tion models (http://www.csie.ntu.edu.tw/~cjlin/libsvm/). Training optimiza-
tion was performed according to the recommended protocol by the pro-
gram. SVM is a universal constructive learning procedure based on statisti-
cal learning theory.  SVM has been applied in many diverse applications 
such as pattern recognition, computational biology, and in our previous 
work on medical image analysis (El-Naqa, et al., 2002), in  which its supe-
rior performance to competing methods was demonstrated. The basic con-
cept is to maximize the separation between two data groups in a nonlinear 
feature space. 

RNA secondary structure stability, represented by the ∆G value, was 
calculated with RNAfold (Hofacker, 2003). Secondary structures predicted 
by RNAfold were analyzed to identify nucleotides that were base-paired in 
these structures. Statistical computing was performed with MATLAB 
(Mathworks, Inc., Natick, MA) and the R package (http://www.r-
project.org/). Statistical significance (p-value) for the training features was 
calculated with independent t test or χ2 test. The seed enrichment analysis 
was performed with the hypergeometric test using all the genes represented 
on microarrays as the background. We used the DREES package 
(http://radium.wustl.edu/drees), which is built with MATLAB, for extract-
ing the top relevant training features. The software applies step-wise logis-
tic regression analysis in conjunction with resampling methods to identify 
the most predictive features. 

3 RESULTS 
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