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MicroRNAs are single-stranded noncoding RNAs known to down-regulate target genes at the
protein or mRNA level. Computational prediction of targets is essential for elucidating the
detailed functions of microRNA. However, prediction speci¯city and sensitivity of the existing
algorithms still need to be improved to generate useful hypotheses for subsequent experimental
testing. A new microRNA binding-site representation method was developed, which uses four
^
symbols \j", \:", \", and \ " (indicating paired, unpaired, insertion, and bulge, respectively)
to represent the status of each nucleotide base pair in the microRNA binding site. New features
were established with the information of every two adjacent symbols. There are 12 possible
combinations and the frequency of each de¯nes a set of novel and useful features. A comprehensive training dataset is constructed for mammalian microRNAs with positive targets
obtained from the microRNA target depository in the miRTarbase, while negative targets were
derived from pseudo-microRNA bindings. An SVM model was established using the training
dataset and a new software called Min3 was developed. Performance of Min3 was assessed with
intensively studied examples of miR-155 and miR-92a. Prediction results showed that Min3 can
discover 47% of experimental conformed targets on average. The overlapping is above 20% on
average when compared with TargetScan and miRanda. Annotations of the public microRNA
datasets showed that there is a negative e®ect (up-regulation) of the Min3 targets for the knock
out/down of miR-155 and miR-92a. Six top ranked targets were selected for validation by wetlab experiments, and ¯ve of them showed a regulation e®ect. The Min3 can be a good alternative
to current microRNA target discovery software. This tool is available at https://sourceforge.
net/projects/mirt3.
Keywords: MicroRNA; target prediction; Min3; miR-155; miR-92a.

1. Introduction
MicroRNA is a special class of endogenic RNA molecules that can down-regulate the
expression of protein coding genes at the post-transcriptional level by means of
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incomplete complementary interactions.1 Bound with an Argonaute protein to form
a silencing complex, microRNAs function as a sequence speci¯c guides, directing the
silencing complex to transcripts, primarily through Watson–Crick pairing between
the microRNA and binding sites within the 3' untranslated regions (3' UTRs) of
target RNAs.2,3 Experimental detection of microRNA target sites is a costly and
time-consuming process. Estimates suggest that more than 50% of human protein
coding genes may be regulated by microRNAs and that each one binds to 300–400
target genes.4 The latest release of the miRTarBase database contains information of
324,219 human in vivo microRNA–gene interactions with 2619 distinct microRNAs
and 14,884 genes, covering a wide range of microRNA targeting.5
Critical for understanding microRNA biology is the accurate identi¯cation of
microRNA–target interactions. Computational prediction is the optional selection
for systematic genome-wide reconstruction of the complex combinatorial picture of
microRNA mediated target-binding. Although numerous advances have been made,
accurate and speci¯c target predictions remain a challenge. This is due to the di±culty of distinguishing true microRNA–mRNA hybrids against the noisy background
of millions of possible microRNA–gene combinations (and more generally, because
the basic mechanisms of microRNA target recognition remain largely unknown).
In recent years, many target prediction algorithms have been developed based on
di®erent principles, please see Ref. 6 for a review. The recurring parameters used with
the available methods are: (1) the existence of a seed match (continuous base
pairing between a 3' UTR and the ¯rst 6–8 bases of a microRNA 5' end), (2) site
position in the target sequence, (3) evolutionary conservation of the target site across
multiple species, (4) site accessibility in the target sequence, (5) multiple co-operability, (6) minimal free energy (MFE), (7) expression pro¯les and others. Utilization
of these powerful constraints in prediction algorithms leads to more reliable detection
of the functional duplexes containing microRNAs. The prediction output and performance evaluation vary widely between tools because only partial of those methods
have been applied. TargetScan,2,7,8 PicTar,9–11 miRanda,12,13 RNAhybrid14,15 and
PITA16 have applied the highest numbers of methods and frequently used for performance comparisons or as preprocessors for other tools to obtain initial
putative target sites. Of the ¯ve, TargetScan often shows the best performance
in comparison to others. TargetScan considers stringent criterial, however, and
therefore ignores many biologically relevant targets that do not ful¯ll these
requirements.
In this study, we developed a support vector machine (SVM) classi¯er to predict
microRNA target genes, and discovered new features with a high discriminative
ability for microRNA binding sites and pseudo-microRNA binding sites. Moreover,
we collected training data from the public microRNA target database to make a
biologically relevant simulation. The e±ciency and reliability of the new tool was
tested using public microRNA knockout experiment datasets and wet-lab luciferase
reporter assays. Our SVM classi¯er showed good results for predicting targets of
microRNAs.
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2.1. Quick scan: Watson–Crick pairing between microRNA
and 3' UTR sequences
An algorithm was developed to scan the 3' UTR sequence and identify regions for
potential paring with a microRNA. The sequence of the microRNA and 3' UTR was
aligned by the algorithm, so the pairing status of each nucleotide was identi¯ed.
A MFE score was assigned to the binding site from base pairing between the
microRNA and the 3' UTR. Algorithm details are described in what follows.
The algorithm based on the Smith–Waterman method17 was developed to quickly
scan the 3' UTR sequence to identify regions with high potential to be microRNA binding
sites. The algorithm includes two matrices represented as H1 and H2 . The dimensions of
the matrices correspond to the 3' UTR (Dx ) and the microRNA (Dy ), respectively. Two
dimensions of the matrix were represented as Dx ¼ Dx1 ; Dx2 ; Dx3 ; . . . ; Dxn and
Dy ¼ Dy1 ; Dy2 ; Dy3 ; . . . ; Dyn . An iterative process, the Smith–Waterman algorithm, was
introduced to ¯nd the most stable binding segments between the two sequences. A new
matrix measurement of binding ability between the two sequences was proposed on the
thermodynamic parameters of RNA.18,19 The algorithm proceeds in three steps.
Step 1: Calculate the values of H1 , which represent the pairing state (paired or unpaired) of each base pair in the secondary structure of the microRNA-UTR binding
site. We assign a value of 3, 2, and 1 to GC, AU, and GU base pairs, respectively,
and 0 for other base pairs.18,19 Values of H1 are obtained by the following formula:
8
3 Dxi ¼ 0 G 0 ; Dyj ¼ 0 C 0 or Dxi ¼ 0 C 0 ; Dyj ¼ 0 G 0
>
>
>
<2 D ¼ 0 A 0 ; D ¼ 0 U 0 or D ¼ 0 U 0 ; D ¼ 0 A 0
xi
yj
xi
yj
H1 ði; jÞ ¼
0G 0; D ¼ 0U 0
0U 0; D ¼ 0G 0
>
1
D
¼
or
D
¼
xi
yj
xi
yj
>
>
:
0
else
i 2 ½0; Lx  1;

j 2 ½0; Ly  1;

where Dxi represents the ith nucleotide of the 3' UTR sequence, Dyj represents the jth
nucleotide of the microRNA sequence, Lx represents the length of 3' UTR sequence,
and Ly represents the length of microRNA sequence. An example of H1 scoring matrix
was shown in Fig. 1(a).
Step 2: Values of H2 interpreted as H2 ði; jÞ represent the minimal score of the
sequence, ending at Dxi to Dyj , respectively. Each value of H2 ði; jÞ was determined
by a trace back procedure for consideration of each value of H2 ðm; nÞ. The formula
for calculation is described as follows:
8
minfH1 ði; jÞ þ H2 ðm; nÞ; 0gm þ n ¼ 0
>
>
>
>
<
H2 ði; jÞ ¼ minfH1 ði; jÞ þ H2 ðm; nÞ  Eb ði þ j  m  n  2Þ; 0g
>
>
>
>
:
minfH1 ði; jÞ þ H2 ðm; nÞ  Ei ðj þ j  m  n  2Þ; 0g

i  m  1 ¼ 0; j  n  1 > 0 or
i  m  1 > 0; j  n  1 ¼ 0
i  m  1 > 0 and j  n  1 > 0

i 2 ½0; Lx  1; j 2 ½0; Ly  1; m 2 ½0; i  2; n 2 ½0; j  2; H1 ðm; nÞ 6¼ 0;
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(a)

(b)

(c)
Fig. 1. Algorithm for quick scans Watson–Crick pairing between microRNA and 3' UTR sequences.
(a) H1 scoring matrix. (b) H2 scoring matrix and tracing back procedure for matched sequence (yellow).
(c) New syntax elucidates the information of the local secondary structure of microRNA to 3' UTR
bindings.
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in which, Eb ðlÞ and Ei ðlÞ represent the penalty score of the bulge loop and the interior
loop, respectively, with a length of l. Every possible value of Eb ðlÞ and Ei ðlÞ was
calculated and stored in the penalty score matrix.18,19 An example of H2 scoring
matrix was shown in Fig. 1(b).
Step 3: Return the nonoverlapped matched sequence with a minimal score by
Match ¼ minfH2 ði; jÞ; 0g; i 2 ½0; Lx  1; j 2 ½0; Ly  1, with each matched sequence starting from ðm; nÞ and ending at ði; jÞ. An example of matched sequence
was shown in Fig. 1(b) (yellow).
2.2. Vectors representing the features of microRNA to the mRNA
binding site
The Min3 tool improves the representation of sequence and structure features of
microRNA to 3'UTR binding sites. Previous investigation showed that the relationship between mutation patterns and secondary structures of microRNA to 3' UTR
binding sites are distinct from that of pseudo-bindings.20 According to most of the
literatures, the seed region su®ers the highest selective pressure, followed by the nonseeding region, and the °anking sequence. A mutation in the seeding region of the
microRNA binding site seldom happens.20,21 A preliminary survey revealed that 27 out
of 50 microRNA families in humans have sequence variations in the binding site (of the
nonseeding region compared with sequences in other species). Further analysis shows
that all nucleic acid variations have only slight changes in the secondary structure of
microRNA to 3' UTR binding, which are called neutral mutations. As a result, the
mutation frequency of the nucleotide acids at the matched region is lower than the
nonmatched region (Table 1 and Supplemental document 1, parameters 12–14). The
mutation frequency of the nucleotide acids at the °anking region is higher than the
microRNA region (Table 1, parameters 17–19). The mutation types in the microRNA
binding sites and their in°uence on the secondary structure are valuable features for
microRNA target prediction, but are rarely used in that manner.
Recent reports have shown that local sequence features, such as distribution of
the loops, are distinctly di®erent between that of microRNA binding sites and pseudo
microRNA to 3' UTR binding sites. We improved the syntax proposed in our previous study22 to further understand the information of the local secondary structure
of the microRNA to 3' UTR bindings. We introduced four symbols \j", \:", \", and
\ ^ " (indicating states of paired, unpaired, insertion, and bulge, respectively) to mark
the states of each nucleotide in the secondary structure prediction. The new syntax
focused on information of every two adjacent symbols, with the frequency of each
combination de¯ning a set of novel and useful features (Table 1 and Supplemental
document 1, parameters 0–11). Figure 1(c) illustrates a microRNA binding site
represented with new syntax.
A selection criterion, which has been used by Dror et al. is used to show the
discriminative power of these parameters23 (Table 1). The results show that these
parameters represent important features for microRNA binding-site predictions.
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Parameters

Real-binding sites

Pseudo-binding sites

Parameters test

ID

Symbol

Mean

Std. Deviation

Mean

Std. Deviation

F -value

T -test

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

jj
j:
j
j^
:j
::
:
:^
j

^j

15.25
1.69
1.36
0.11
0.52
0.21
1.02
0.15
2.37
5.59
0.26
0.14
0.61
0.47
0.51
0.82
36.72
0.60
0.56
0.57
0.95
0.78
0.86
0.94
0.96
0.57

1.56
1.00
1.19
0.32
0.71
0.46
0.91
0.38
1.31
4.49
0.48
0.45
0.18
0.27
0.25
0.23
2.95
0.18
0.19
0.19
0.16
0.37
0.32
0.25
0.20
0.49

12.51
2.80
1.47
0.11
0.79
0.37
1.74
0.27
3.21
6.74
0.37
0.17
0.58
0.57
0.57
0.99
29.21
0.58
0.57
0.58
1.00
1.00
0.99
1.00
1.01
0.04

1.70
1.10
1.16
0.33
0.85
0.62
1.08
0.49
1.35
4.65
0.58
0.51
0.18
0.21
0.20
0.15
2.54
0.18
0.19
0.19
0.13
0.21
0.19
0.18
0.19
0.21

0.84
0.53
0.05
0.00
0.18
0.15
0.36
0.13
0.31
0.13
0.11
0.03
0.08
0.20
0.13
0.47
1.37
0.05
0.05
0.02
0.19
0.38
0.27
0.14
0.13
0.76

0.000
0.000
0.004
0.988
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.124
0.000
0.000
0.000
0.000
0.000
0.003
0.004
0.161
0.000
0.000
0.000
0.000
0.000
0.000

^^

j CSV
: CSV
 CSV
(p13 + p14)/p12/2.0
MFE
! ^ CSV
L5 CSV
R5 CSV
(p18 + p19)/p17/2.0
p13/p12
p14/p12
p18/p17
p19/p17
Seed

Notes: The student's T tests are 2-tailed. The F value represents the discriminative power of the parameters. The 26 parameters were coded as 0–11: The frequency of the 10 possible secondary structure
elements (combinations of two adjacent characters) in the pseudo-code of the binding region (represented
by the new syntax); 12–14: The conservation frequency of the nucleotide with paired, unpaired, and
insertion status; 15: The ratio of conservation frequency between unpaired and paired nucleotides; 16:
Minimum Free Energy; 17–19: Mutation frequency of the nonmatched nucleotide acid, 5' end °anking
sequence, and 3' end °anking sequence; 20–24: The ratio between di®erent parameters; 25: seed pairing
between the microRNA and binding site. The calculation methods of the 26 parameters were available in
Supplemental document 1.

3. Implementation
3.1. Dataset preparation for SVM model training and testing
We collected our training datasets from the mirTarBase,5 which contains 936 biologically meaningful positive examples, described in Supplementary Table 2. The
creation of the positive dataset was based on microRNA–target interaction information of human from miRTarBase data repository.5 In most microRNA function
studies, microRNA target sites have often been seen as candidates for complementarity, without experimental veri¯cation of target sites. These data may include false
binding sites and were excluded from the dataset. In addition, we rechecked the
1950032-6
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Table 2. Prediction results of selected microRNA binding sites by di®erent tools.
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Target gene mirTarBase Min3 TargetScan miRanda
Tcf12
Foxn3
TNKS2
SMAP1
PTPLAD2
TCEB1




















Yes
Yes
Yes
Yes
Yes
Yes

Yes
















DIANA-micro miR
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Target2 PITA RNA22 miRDB
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Notes: A \Yes" indicated that the target gene was predicated have a candidate binding site in 3' UTR by
the prediction tool, where a \

" indicated that no binding site was found.

alignment of binding site reported in published papers, because illustrations of target
sequences were often ambiguous. We also examined the sequences of microRNA in
the miRBase database,24 as well as the existence of the binding site in the 3' UTR
alignment from the UCSC database.25 However, there were too few negative
examples to build an e®ective classi¯er. We needed more negative data, as these
usually contribute to the speci¯city of a classi¯er more signi¯cantly than positive
data. In this study, we did not use randomly generated negative examples, in that
such sequences often interact with microRNAs, as shown in the signal-to-noise ratio
experiments of previous studies.11,26 Instead, we inferred negative examples as described below. The microRNA can always bind to the target mRNA at multiple sites,
however, only a few of the binding sites are e®ective, thus the none®ective binding
sites can serve as good negative examples. We noted that some experiments, which
deleted binding sites on the target mRNA sequence, can give a large number of
negative examples. For example, let-7 relieved the repression of expression on LIN-41
after deleting the target sites of let-7 microRNA, the result also indicated that the
let-7 microRNA have no e®ect on the remaining regions of the LIN-41 3' UTR.27 In
another report, let-7 microRNA was inactivated by knocking out the target sites on
the same gene for the cold shock protein LIN-28, the result also indicated that let-7
microRNA have no e®ect with the remaining regions of the LIN-28 3' UTR.28 We
concluded that if all e®ective binding sites are deleted, other sites with favorable
pairings would be apposite as negative examples. After analyzing 228 microRNA
binding site deletion experiment, we were able to collect 5888 inferred negative
examples (Supplementary Table 2).
3.2. Development of new tool for microRNA target prediction
Utilizing the 26 parameters (Table 1), we developed a tool called Min3, to predict
microRNA binding sites in the multiple sequence alignment of 3' UTRs. There are
three major steps built into the program. An algorithm based on the Smith–
Waterman algorithm17 was developed to scan the 3' UTR sequence to ¯nd the
regions that have high potential to bind to a microRNA (see Sec. 2.1). The criteria
for the selection were: (a) a minimum length of the binding region of eight nucleotides
1950032-7
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(lowest number of base pairings between the microRNA and 3' UTR), and (b)
a maximum MFE score of 35.0. Good binding-site candidates without overlapping were calculated for secondary structures. The secondary structure was coded
by new syntax and the penalty scores (corresponding to the 26 parameters) were
calculated based on sequence information, MFE, secondary structure, and multiple
sequence alignments. Final classi¯cation of the microRNA binding site from pseudo
microRNA bindings was based on excluding nonrobust structures by SVM scoring.
The penalty scores of 26 proposed parameters of the training datasets (see
Sec. 3.1) were calculated to generate score datasets. The score datasets were split
into two subsets, one for training (TS1) and one for cross-validation (CV, 10 fold)
(TS2). Each subset included 400 positive samples and 2500 negative samples selected
from the score dataset with a random procedure. For each dataset, all parameters
were scaled linearly from 1 to 1. The TS1 dataset was used to train the SVM model.
An SVM classi¯cation program, LIBSVM,29 was trained to generate a model to
classify the candidate regions for microRNA binding sites or other sequences. The
CV technique showed that the most suitable parameters for training is g ¼ 9,
c ¼ 13. The model training yielded an accuracy rate of 98.8% (radial basis functionkernel, ¯ve-fold cross validation). According to Byunghan's method,30 the training
result shows that the accuracy of the SVM model is 97%, the sensitivity is 88.7%, the
speci¯city is 98.4%, the F-measure is 89.3%, the positive predictive value (PPV) is
89.9%, and the negative predictive value (NPV) is 98.2%. The accuracy, speci¯city,
PPV is higher than deepTarget, while the sensitivity, F-measure, NPV is lower. The
TS2 subset was used to test the model, with results showing it could correctly
assign 99.4% of the samples in TS2. The ROC curve analysis of the model show that
AUC is approximately equal to 0.98 (Supplemental document 3). Di®erent machine
learning technologies have been tested to ¯nd a better alternative of SVM using the
Java Weka GUI. The J48 (−C 0.25 –M 2, 10-fold cross validation) yield a precision of
97%, the recall is 97%, the F-measure is 97%, and the AUC of ROC curve is 0.959.
The random forest (−I 100 –K 0 –S 1, 10-fold cross validation) yield a precision of
97.3%, the recall is 97.3%, the F-measure is 97.3%, and the AUC of ROC curve is
0.994. These results indicated that SVM, J48, and random forest performed quite
similar, and any one of them could be used to train the microRNA binding site
classi¯cation model. Results show that our method demonstrates good performance in
distinguishing real- and pseudo-binding sites. We have also tried training the model
with features of every three adjacent symbols in the syntax, however these 64 features
only yield 0.3% improvement of accuracy thus were not included in the model.
4. Results
4.1. Tool testing with microRNA targets: Human targets
identi¯ed by competitors
To test the performance of the tool in actual prediction, Min3 was used to predict
microRNA binding sites from 3' UTRs, along with alignment of protein coding genes
1950032-8
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from di®erent species. The alignments were downloaded from the UCSC bioinformatics site.25 The program was run on an Amazon EC2 server (1.8 GHZ CPU,
Centos and 512 M RAM). We took two microRNAs, the miR-155 and miR-92a, as
examples to show the performance of Min3. It took 54 min 9 s to accomplish the
running task. A total of 2952 binding site candidates were obtained for miR-155 in
the pre-processing step. A total of 70 candidates matched the miR-155 binding sites
deposited in the miRTarbase (with the prediction covering rate being 45%). A total
of 10,822 binding site candidates were obtained for miR-92a in the pre-processing
step. A total of 13 candidates matched the miR-92a binding sites deposited in the
miRTarbase (with the prediction covering rate being 50%). After SVM scoring, a
total of 519 candidate targets (537 binding sites) were obtained for miR-155 with
score > 0.9 (Supplemental document 4). A total of 2331 candidate targets (2859
binding sites) were obtained for miR-92a with score > 0.9 (Supplemental document 4). These candidates were aligned to the experimental validated microRNA
binding sites from the miRTarBase.5 A total of 19 candidates matched the miR-155
binding sites (with 155 microRNA binding sites in the miRTarbase, yielding a prediction match rate of 12%). A total of seven candidates matched the miR-92a
binding sites (with 26 microRNA sites deposited in the miRTarbase, with the prediction match rate being 27%).
The miR-155 prediction result along with miRanda31 and TargetScan32 showed
that miRanda obtained 3295 candidates, the TargetScan obtained 552 candidates
(Fig. 2). There are 200 candidates overlapped between the Min3 and miRanda
prediction (the overlapping rate is 38.5%). In addition, there are 75 candidates
overlapping between the Min3 and TargetScan prediction (the overlapping rate is
14.5%). There are 118 miRanda candidates that match experimentally-con¯rmed
binding sites, with 78 TargetScan candidates matching as well. Comparing the miR92a prediction results with miRanda and TargetScan showed that miRanda obtained
2583 candidates, TargetScan obtained 1035 candidates, with 411 candidates

Fig. 2. Comparison of Min3 with TargetScan and miRanda. Prediction results for Min3 for miR-155 (left)
and miR-92a (right) were compared with real targets (experimentally-con¯rmed), TargetScan targets, and
miRanda targets.
1950032-9

J. Bioinform. Comput. Biol. 2019.17. Downloaded from www.worldscientific.com
by CITY UNIVERSITY LONDON on 01/09/20. Re-use and distribution is strictly not permitted, except for Open Access articles.

T. Huang, X. Huang & M. Yao

overlapping between Min3 and miRanda predictions (the overlapping rate is 17.6%),
and 258 candidates overlapping between Min3 and TargetScan predictions (the
overlapping rate is 11.1%); there are 14 miRanda candidates matching con¯rmed
binding sites, and 12 TargetScan candidates matching them as well.
The miRanda have the highest number of candidates, followed by Min3 and
TargetScan. The overlapping rate between Min3 and miRanda is higher than that
between Min3 and TargetScan. The experimental con¯rmation rate for miRanda is
higher than for TargetScan and Min3. The reason for the lower experimentally
con¯rming rate for Min3 could be that it is a recently developed program, and only
few experimental con¯rmation work was performed to date. The prediction results of
the miR-155 and miR-92a showed that the tool still has good performance. Because
di®erent prediction software were based on di®erent principle, of course will produce
di®erent results. It is di±cult to tell which prediction is more correct, but the true
candidates will always be discovered by multiple prediction software, so focus on the
overlaps is always helpful. In our experience, the Min3 is easy to operate and does
not demand much computing power, thus it may be used for high throughput
predictions.
4.2. Response of predicted mRNA targets to the knock-down/out
of microRNAs
We examined the response of the predicted mRNA targets to the knock-down/out of
microRNAs, using datasets published previously. Analyses of microRNA transfection datasets revealed signi¯cant regulation of mRNAs with the Min3 prediction
sites in the 3 0 UTR (Figs. 3(a)–3(d)). The ¯rst dataset examined was the response of
mRNAs in T cells to the miR-155 knockout mice.33 We found that levels of the
mRNAs have microRNA binding sites (predicted or experimentally validated) tended to increase in T cells lacking miR-155 (Fig. 3(a)). A statistical analysis of the
distribution of mRNA fold changes between mRNA with and without microRNA
binding sites revealed a di®erence between prediction tools. The cumulative distribution of fold changes for mRNAs with TargetScan32 and PITA11 sites diverge most
from the no-site distribution at the top of the curve, which represents the strongest
induction of mRNA targets, followed closely by Min3, miRanda,31 and miRDB.34 In
addition, the distribution of fold changes of the mRNAs harboring the miRTarget2,35 DIANA,36 and RNA2237 sites converged more with the no-site distribution at
the top of the curve than with other competitors. To investigate the mRNA targets
of miR-155 further, we examined their response to the miR-155 knockout in the
helper T cell, in which signi¯cant induction of miR-155 targets is observed in cells
lacking miR-155.38,39 In contrast to mRNAs with no-site, the mRNAs with microRNA binding sites showed signi¯cant induction in the knockout cells (Fig. 3(b)). The
cumulative distribution of fold changes for mRNAs with Min3, miRDB, TargetScan, and DIANA sites diverge most from the no-site distribution at the top of the
curve, which represents the most strongly inducted mRNA targets, followed closely
1950032-10
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(a)

(b)

(c)

(d)

Fig. 3. Response of predicted mRNA targets to the knock-down/out of microRNAs. Panels A
and B. Response of mRNAs to the loss of miR-155 in Th1 cells (a) or T cells (b), comparing mRNAs that
contain a miR-155 binding site to mRNAs that do not contain it. Panels C and D. Response of mRNAs to
either knockdown of miR-92a (c) or combined knockdown of miR-92a and 24 other microRNAs (d)
in HEK293 cells, focusing on mRNAs that contain binding sites to miR-92a. Plotted are cumulative
distributions of mRNA fold changes observed when comparing the predicted mRNA targets to
mRNAs without sites. Similarity of site-containing distributions to the no-site distribution was tested
(Kolmogorov–Smirnov test).

by PITA and miRanda. The fold changes of mRNAs harboring RNA22 and miRTarget2 sites better converged with the no-site distribution at the top of the curve
than with other competitors.
We next probed the functionality of predicted interactions between miR-92a and
their mRNA targets, using the datasets published by Helwak.40 Analysis results
indicate that the mRNAs with miR-92a binding sites tended to be slightly upregulated on knockdown of miR-92 in HEK293 cells (Fig. 3(c)). A closer look at the
mRNA fold change distributions revealed a signi¯cant di®erence in pattern for
mRNAs with a microRNA binding site compared to mRNAs without any microRNA
binding sites. The miRDB, TargetScan, DIANA, Min3, were signi¯cantly divergent,
followed closely by PITA, and miRanda, where the RNA22 and miRTarget2 converged at the no-site distribution. A second dataset monitoring mRNA changes
(after knocking down miR-92a and other microRNAs in HEK293 cells) was also
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examined.41 Again, mRNAs with microRNA interactions to miR-29a showed
signi¯cant induction when the microRNA was knocked down (Fig. 3(d)). It is
noticeable that in three out of the four experiments, the miRDB was ranked in the
top list.
4.3. Experimental support for predicted regulatory targets
Six top-ranked binding sites for miR-155 (TCF12, TCEB1, and FOXN3) and miR92a (TNKS2, SMAP1, and PTPLAD2) were selected for further analysis. Prediction
results of selected microRNA binding site by di®erent tools was shown in Table 2.
Analyses of motifs within clusters of 3' UTR sequence of mRNA targets for miR-155
and miR-92a corroborated that the binding sites to microRNA were enriched for
microRNA pairing (Fig. 4). Although one of the motifs identi¯ed within a 3' UTR
sequence cluster lacked a miR-92a site, and did not match the microRNA (Fig. 4(f)),
the top motif identi¯ed by MEME42 had striking complementarity to the microRNA
seed region (Figs. 4(a)–4(f), p < 0:0001). Inspecting these motifs revealed that the
most enriched nucleotides typically preserve Watson–Crick pairing in 10–14
nucleotides in the seed region, with tolerance to mismatches or G::U wobbles
(observed at varied positions, depending on microRNA).
Reporter assays were used to test six predicted targets in macrophage cells (RAW
264.7). The reporter vector containing the wild type and mutated 3' UTR (microRNA binding-site deleted) and expressing Renilla luciferase were transfected into

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 4. Motif discovery in the microRNA binding region of multiple alignment sequences. Sequence motifs
enriched in multiple sequence alignments are shown (top) and complimented with microRNA (bottom).
The right of each logo has the gene name of the mRNA sequence (top), the name of microRNA sequence
(bottom), and E-value of the motif matched the microRNA (middle).
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macrophages or HeLa cells. Of these 3' UTR sequences, binding-site deletion in ¯ve
microRNA binding sites signi¯cantly enhanced expression of the upstream reporter
luciferase (p < 0:05) indicating that the microRNAs could repress the expression of
the reporter gene by pairing with the predicted target sites (Fig. 5). Except for
PTPLAD2, all ¯ve mutated vectors showed signi¯cant induction of the expression
level of the upstream Renilla luciferase at 40, 44, and 48 h post transfection
(p < 0:05), indicating there is a regulation e®ect between microRNA and the target.
The mutated vector of FOXN3, TNKS2, and SMAP1 also show signi¯cantly induced
expression of the upstream Renilla luciferase at 36 h post transfection (p < 0:05).
However, it is problematic to use one mouse macrophage cell line (RAW 264.7) to
validate the potential targets of selected microRNAs identi¯ed from a multiple sequence alignment from di®erent species. Thus, another experiment using HeLa cells
from human was performed to further validate the hypothesis. Again, mutations in
microRNA binding sites in TCF12, TCEB1 TNKS2, and SMAP1 in the 3' UTR of
mRNAs signi¯cantly induced expression of the upstream Renilla luciferase at 40, 44,
and 48 h of post transfection (Fig. 6). The PTPLAD2 again shown no regulation
e®ect of the mutation of binding site in 3' UTR of mRNAs to the upstream Renilla
luciferase. One exception is FOXN3, with the di®erence only observed for the

Fig. 5. Experimental validation of predicted targets in macrophage cells. The wild type construct (red)
had the 3' UTR fragment of the target gene, containing the predicted microRNA binding sites inserted
within the Renilla luciferase 3' UTR. The mutated construct (black) was identical with the wild type
construct, except that the microRNA binding site was deleted. The line graphs show luciferase activity
after the reporter plasmids and synthetic microRNA were transfected into macrophages.
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upstream Renilla luciferase at 48 h of post-transfection. Compared with the macrophage cells (RAW 264.7), the luciferase reporter activity transfected with the wild
type vector was signi¯cantly lower than that in HeLa cells. Most importantly, the
luciferase reporter activity transfected with the wild type plasmid alone was significantly higher than that in cells co-transfected with the wild type plasmid and
synthetic microRNA, suggested that the expression level of endogenous microRNA
in HeLa cells was low and synthetic microRNA co-transfected with the wild type
plasmid enhanced the e®ect of endogenous microRNAs.
In ¯ve of the six cases tested (miR-155/TCF12, miR-155/TCEB1, miR-155/
FOXN3, miR-92a/TNKS2, and miR-92a/SMAP1), the sites identi¯ed by Min3
in°uenced expression of an upstream ORF in the same cells as the corresponding
microRNAs. One remaining gene (miR-92a/PTPLAD2) is either not a valid target
or has other targets where regulation would not be detected in our assays. Regulation would be missed in cases for which the required cell type's speci¯c factors
were not in macrophage and HeLa cells (or in cases in which additional target site
sequence environments were required, but not included in the 3' UTR segments
in our reporters). Thus, an alternative assay should be used to validate these
hypotheses.

Fig. 6. Experimental validation of predicted targets in HeLa cells. One wild type construct (containing the
predicted microRNA binding site in the 3' UTR fragment of the target gene), one mutant construct (does
not have the microRNA binding site in the 3' UTR fragment of the target gene) and synthetic microRNA
were investigated.
1950032-14
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5. Discussion
The ¯ne performance of Min3 can be attributed to the following two factors. First, a
comprehensive training dataset including a large number of veri¯ed positive microRNA binding sites and derived negative microRNA binding sites was constructed.
This training set possesses good coverage of di®erent characteristics of microRNA
binding site recognition. Second, due to the new microRNA binding site representation syntax, we could develop more sophisticated characteristics to better uncover
the di®erences between real and pseudo microRNA binding sites. The 26 parameters
were powerful in distinguishing the real and pseudo microRNA binding sites and can
be explained biologically. For example, high frequency of coded \jj" (Table 1 parameter 0) indicated that there were continuously parings between microRNA and
the binding site in the 3' UTR; appearance of code \j ^ " (Table 1 parameter 3)
indicated that there was a bugle in the microRNA:UTR duplex which seldom happen
in real microRNA–binding-site interactions; and high frequency of coded \::"
(Table 1 parameter 5) indicated that there were continuously mismatches between
microRNA and the binding site in the 3' UTR. The conservation frequency of the
nucleotide with paired, unpaired, and insertion status (Table 1 parameters 12–14) is
important to resolving the rules of mutation frequency of the nucleotide acids at the
matched region is lower than the non-matched region. Also the mutation frequency
of the nucleotide acids at the °anking region (Table 1 parameters 17–19) were calculated and compared to the microRNA region (Table 1 parameters 15). These
parameters were very useful in distinguish the real and pseudo microRNA binding
sites but seldom used in microRNA binding site prediction because of lack of e±cient
microRNA binding site representation syntax. As an accommodation of previously
widely used parameters, Minimum Free Energy (Table 1 parameters 16) and seed
pairing between the microRNA and binding site (Table 1 parameters 25) have also
been adopted. We showed that Min3 is in good performance while discovering miR155 and miR-92a targets. Our SVM classi¯er performed well on our dataset and
produced interesting results, while showing a stable performance compared with
existing tools. Six predicted targets were tested using wet-lab experiments and ¯ve
showed direct regulation e®ects, indicating that it has high reliability in practice.
According to a previous report,4 there should be three classes of microRNA target
sites: (1) canonical 5' end dominant, (2) seed dominant, and (3) 3' end compensatory.
The ¯rst two classes must have strong complementarity on the seed region. The 3'
end compensatory class must have a moderate level of complementarity in the seed,
while the 3' end part is well-matched. While most microRNA target predictions
concentrated on conservation of seed motifs as training data were extracted from
seed pairing-based wet-lab experiments, the Min3 prediction contains a large number
of binding sites that ful¯ll the third class which were 3' end compensatory. However,
the experiments on the 3' end part were rarely done and it is hard to investigate the
regulation e®ects of these predicted sites. Even though Min3 achieves excellent
performance, further improvement is needed. The model of MIN3 was only trained
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with human sequence so it cannot be used for other species. For a data-driven
algorithm, further improvements include: (1) increasing the quality and quantity of
the training dataset (compared with the number of potential genome-wide microRNA targets, our training dataset is relatively small in size); (2) collecting representative negative targets, although there are almost none reports about veri¯ed
negative targets, plus, the number of negative targets is larger than the positive
targets, making the training data highly imbalanced; and (3) training model using
data from species other than human. Since Min3 is able to achieve robust performance with the current training data, it is promising to achieve continued improvement whenever better training data are available.
Furthermore, applying new microRNA target features would also bene¯t the
performance of the prediction tool. For example, the secondary structure a®ects site
accessibility of microRNAs. An e®ective microRNA to mRNA interaction needs an
open structure on the target site to begin the hybridization reaction.6 Minimum free
energy is usually used to estimate the secondary structure and RNA hybridization.
However, calculating the minimum free energy of accessibility and hybridization
with the mRNA secondary structure requires analyzing di®erent mRNA folding
patterns which consumed enormous amounts of computing power.43 In this study, we
use multiple sequence alignment of the 3' UTR sequence as input for the prediction.
There is no algorithm currently available for folding the multiple sequence alignment, thus the site accessibility features were not applied to the tool and needs
further development.
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