
mirAct: a web tool for evaluating microRNA
activity based on gene expression data
Zhi Liang1,*, Hong Zhou2, Zongxiao He1, Haoran Zheng2,* and Jiarui Wu1,3,*

1Hefei National Laboratory for Physical Sciences at Microscale and School of Life Science, 2School of
Computer Science and Technology, University of Science and Technology of China, 96 Jinzhai Road, Hefei,
Anhui 230027 and 3Key Laboratory of Systems Biology, Institute of Biochemistry and Cell Biology, Shanghai
Institutes for Biological Sciences, Chinese Academy of Sciences, 320 Yue-Yang Road, Shanghai 200031, China

Received January 18, 2011; Revised April 24, 2011; Accepted April 26, 2011

ABSTRACT

MicroRNAs (miRNAs) are critical regulators in the
complex cellular networks. The mirAct web server
(http://sysbio.ustc.edu.cn/software/mirAct) is a tool
designed to investigate miRNA activity based on
gene-expression data by using the negative regula-
tion relationship between miRNAs and their target
genes. mirAct supports multiple-class data and
enables clustering analysis based on computation-
ally determined miRNA activity. Here, we describe
the framework of mirAct, demonstrate its perform-
ance by comparing with other similar programs and
exemplify its applications using case studies.

INTRODUCTION

MicroRNAs (miRNAs) are small non-coding RNAs that
can bind to the 30 untranslated regions (UTRs) of their
target genes, leading to mRNA degradation or translation
repression (1). So far, several hundreds of miRNAs have
been identified in plants and animals, and shown to be
involved in the regulation of a broad range of biological
processes. The negative relationship between miRNAs and
their targets suggests that an increase in the expression
levels of a miRNA’s targets might imply the decrease of
its regulatory effect, or vice versa (2,3). Grounded in this
property, several programs, including miReduce (4), MIR
(5), Sylamer (6) and DIANA-mirExTra (7), have been
proposed to infer miRNA activity changes between two
biological states, of which the first three are stand-alone
applications and the last one is a web-based tool. These
methods summarize the expression differences between
two states by a (sorted) list of (logarithm) fold changes

for genes and correlate gene expression alterations with en-
richment of miRNA-recognized motifs in the 30-UTRs.
Here, we introduce mirAct, a web-based tool which im-
plements a distinct method that evaluates the activity
change of a miRNA by a two-step procedure: determining
the miRNA activity in a sample and analyzing the collect-
ive behavior of miRNA activity in different classes of sam-
ples. Besides, mirAct extends the analysis to multiple-class
data and supports clustering analysis based on the com-
putationally determined miRNA activity.

THE mirAct WEB SERVER

The workflow of mirAct

The mirAct web server implements the method proposed
by Cheng et al. (8) and extends it for analyzing data with
multiple classes and data with a limited number of
samples. Here, we briefly describe the workflow of
mirAct (Figure 1). Given the user-uploaded gene expres-
sion data, mirAct first transforms the values to ranks or
Z-scores. Then, mirAct infers the regulatory effect of a
miRNA via a two-step procedure. First, a sample score
measuring the activity of a miRNA in a sample is obtained
by comparing the expression levels of its non-targets with
those of targets. In the case of rank transformation,
the difference of the average ranks between a miRNA’s
non-targets and targets is used. In the case of Z-score
representation, the two-sample t-statistic is applied.
Then, the miRNA activity changes across different classes
of samples are investigated by examining the sample
scores via Kruskal–Wallis test (9), which tests the null
hypothesis that all classes have identical miRNA activity
and supports the analysis of multiple-class data. In addition,
Jonckheere–Terpstra trend test (9) is implemented to allow
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Figure 1. The workflow of mirAct.
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the examination of any trend presenting in the miRNA
activity, which may be useful for analyzing data with
multiple stages (e.g. disease progression). Multiple com-
parisons are corrected using the Benjamini and Hochberg
FDR method (10). It is the integration of information
within a single sample and across different classes of sam-
ples makes mirAct distinct from other tools. Furthermore,
based on the computationally determined miRNA sam-
ple scores, mirAct enables clustering analysis for samples
and miRNAs, which facilitates the visualization and
identification of miRNAs of interest.

Although successfully applied to miRNA activity deter-
mination, Cheng et al.’s method is not suitable for ana-
lyzing data in which each class contains a very limited
number of samples (e.g. only one) (8). In this situation,
Cheng et al.’s method gives poor results due to the small
sample size. To resolve this problem, mirAct provides
an alternative strategy, which pools together the rank/
Z-score transformed expression levels of a miRNA’s
targets class by class, and investigates the miRNA
activity change across different classes of samples by ex-
amining the pooled expression values via Kruskal–Wallis
test and Jonckheere–Terpstra trend test, which inspect the
equality of the average expression levels of the miRNA’s
targets in different classes and the existence of trend, re-
spectively (see Example 2 below and Supplementary
Figure S1). In other words, given a miRNA, for each
class of samples, we collect the expression values of its
targets into a set and compare the sets coming from dif-
ferent classes. Under the circumstances, the transformed
expression levels of the miRNA targets reflect the miRNA
activity directly and are reported to users instead of
sample scores.

Input and output

The mirAct web server requires as input a tab-delimited
file containing information of sample classification and
gene expression. Besides, several necessary options need
to be specified, including species, type of gene identifiers
and type of miRNA target predictions. Once a task is
submitted, a task ID will be returned to the user and the
task status reported. Using the task ID, a user can retrieve
the information of his or her task at any time. Once the
computation is finished, mirAct will provide a detailed
report on miRNA activity. If sample scores are available,
mirAct will prompt an additional panel for clustering
analysis. All the results are downloadable for further
investigation.

PERFORMANCE EVALUTION

We assessed the performance of mirAct by comparing it
with miReduce (4), MIR (5) and Sylamer (6). Due to the
dependence on its internal database for miRNA–gene
regulation relationships, the DIANA-mirExTra web
server (7) was excluded from the analysis. Since no bench-
marks are available, simulated data were used (see
Supplementary Data; performance evaluation based on a
real data set is also available in Supplementary Data). We
modeled the activity change of a miRNA mi by

introducing Dai (2[0,1]). The larger the Dai, the greater
the mi’s activity change. Besides, to investigate the per-
formance of the programs on noisy data, we perturbed n
of the samples by an additive noise modeled as N(�n=0,
�n). For more details, please see Supplementary Data.
First, we investigated the performance of the programs

under different extents of miRNA activity changes (Dai)
and different noisy sample numbers (n) (Figure 2). In the
case of sensitivity, mirAct performs as well as the other
programs when there are no noisy samples, however, out-
performs the others when noisy samples are present. In
contrast, under the situation with noisy samples, the per-
formance of the other programs drops sharply with the
decrease of miRNA activity change. While considering
specificity, the performance of mirAct is worse than the
others but still keeps higher than 80%.
Second, we investigated the impact of noise intensity

(�n) on performance. Figure 3 shows that when noise in-
creases, mirAct outperforms the other programs by
keeping a constantly high sensitivity which is not
influenced by the extent of miRNA activity change. On
the contrary, the sensitivity of the others decreases rapidly
with the increase of noise and the decrease of miRNA
activity change. However, mirAct exhibits the lowest spe-
cificity among the four, which maintains at a level of
above 85%.
The results suggest that mirAct is very sensitive to posi-

tives and is more robust to noise than the others. On the
other hand, all the programs have high specificity, which
seems immune to noise and miRNA activity change,
though mirAct underperforms the others slightly. In
addition, as demonstrated in Example 2 below, the alter-
native strategy implemented in mirAct performs better
than the original method proposed by Cheng et al. (8) in
the case of a limited sample size. All the above demon-
strate the competitive performance of mirAct in miRNA
activity inference.

APPLICATIONS

Example 1. Discovery of miRNAs involved in breast
cancer via activity inference

As an example, we applied mirAct to analyze the gene
expression data reported by Richardson et al. (11), in
which the gene expression in pathological tissues from
patients with basal-like breast cancer (BLC) and normal
breast tissues were measured with Affymetrix gene chips
(Affymetrix Human Genome U133 Plus 2.0). We down-
loaded the normalized gene expression data from Gene
Expression Omnibus (GEO) (12) under the accession
number GSE3744. We determined the miRNA activities
using mirAct by choosing ‘TargetScan 5.0’ as the miRNA
target prediction type, ‘rank across samples’ as the data
transformation type and ‘sample scores’ as the miRNA
activity inference method, respectively. The example can
be performed by clicking the ‘Example-1’ button on the
web page of mirAct.
We checked the top ten miRNAs returned by mirAct,

which were sorted according to their significance of
activity changes (Q-values). It was found that four
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miRNAs (miR-328, miR-34a, miR-128, miR-149) have
already been reported to be associated with breast
cancer. For example, miR-328 was demonstrated to
control the expression of breast cancer resistance pro-
tein and influence drug disposition in human cancer
cells (13); miR-128 was discovered to regulate stem-cell
like properties of breast tumor initiating cells (14). It
is expected that other miRNAs might also be involved
in breast cancer and be candidates for further
investigation.
Based on the activity profiles of the top 7 miRNAs with

the most significant Q-values, i.e. with the most substan-
tial activity changes, we performed a clustering analysis.
As shown in Supplementary Figure S2, the samples split
into two clusters, one for BLC samples and the other for
normal samples, which completely coincides with their
pathological classification. The result suggests that the
mirAct-determined miRNA activity profiles could
capture the differences between the two distinct classes

of samples and be a promising predictor for sample
classification.

Example 2. Identification of transfected miRNAs from
gene expression data

Here, we exemplify the application of mirAct in a situ-
ation in which multiple classes of samples are present
and each class has a very limited number of samples. In
the miRNA transfection experiments performed by Lim
et al. (2), wild-type miR-1, miR-124, their chimeras
(chimiR-1-124, chimiR-124-1) and mutants (miR-
124mut5-6) were transfected into Hela cells and gene ex-
pression measured. The data contains more than two
classes of samples and each class has only a single expres-
sion profile. We downloaded the normalized gene expres-
sion data from GEO (GSE2075) and delivered them to
mirAct for analysis by taking ‘TargetScan 5.0’ as the
miRNA target prediction type, ‘rank within a sample’ as

Figure 2. Program performance with different extent of miRNA activity change (Dai) and different number of noisy samples (n). (A) sensitivity and
(B) specificity of the tested programs (�n=10).
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the data transformation type, and, very important, ‘trans-
formed expression levels of miRNA targets’ as the
miRNA activity computation method.

As a result, miR-124 and miR-1 were identified as the
top two miRNAs with the most significant activity
changes in the transfection experiment. Compared with
their expression in other samples, the target genes of
miR-124 exhibited a much lower average expression level
in the samples transfected with miR-124 and chimiR-124-1
(Supplementary Figure S3). Similar observation was
obtained for miR-1 (Supplementary Figure S4). The
example can be performed by clicking the ‘Example-2’
button on the web page of mirAct.

To demonstrate the superiority of the alternative
strategy to the original one proposed by Cheng et al. (8)
in the case of a limited sample size, we repeated the above
analysis except that the miRNA activity determination is
based on ‘sample scores’. It was found that no miRNAs
show significant activity change, since the sample size is
too small for the original method to make an accurate and
reliable statistical judgment. In contrast, the alternative
strategy correctly identified the perturbed miRNAs,

which thanks to its increase of power via the increase of
sample size by pooling together transformed expression
values of miRNA targets from the same class.

CONCLUSIONS

The mirAct web server is valuable for biologists to explore
miRNA functions. First, since most biological specimens
are limited and unavailable after expression profiling ex-
periments, for instance, the samples from patients, mirAct
provides a powerful method to recover the information of
these samples at the miRNA level. Second, a large amount
of gene expression data have been deposited at public
databases, however miRNA regulation underlying the
corresponding biological processes is nearly unknown.
mirAct offers an effective way to investigate miRNA
activity by mining these wealthy gene expression data.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.

Figure 3. Program performance with different noise intensity (�n) and different extent of miRNA activity change (Dai). (A) sensitivity and (B)
specificity of the tested programs (n=2).
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