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Abstract. How each microRNA regulates gene expression is unknown
problem. Especially, which gene is targeted by each microRNA is mainly
depicted via computational method, typically without biological/
experimental validations. In this paper, we propose a new computational
method, MiRaGE, to detect gene expression regulation via miRNAs by
the use of expression profile data and miRNA target prediction. This
method is tested to miRNA transfection experiments to tumor cells and
succeeded in inference of transfected miRNA as only one miRNA with
significant P -values for the first time.
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1 Introduction

MicroRNAs (miRNAs) are post-transcriptional regulators of gene expression. It
binds to target messenger RNAs (mRNAs) through complementary sequences in
the three prime untranslated regions (3 UTRs) of the mRNA, and consequently
suppresses the expression of the mRNAs. miRNAs are short (19 ∼ 22 bases)
RNA molecules and abundant in many human cells. The human genome may
encode over 1,000 miRNAs, and the coverage by all possible miRNAs may be
about 60 % of mammalian genes.

On the other hand, how a miRNA regulates its target genes and which genes
are regulated by a miRNA is unclear. Especially, the later is mainly depicted via
computational prediction[1], without any biological/experimental validations.
There are some direct ways to investigate the bindings of mRNAs to the miRNA-
protein complexes, e.g., HITS-CLIP[2] but capability of these methods for iden-
tification of miRNA-mRNA relationship is limited since it is unlikely that all the
potential target mRNAs for a miRNA simultaneously express in a cell.

Another experimental way to detect miRNA target genes is to analyze the
difference of gene expression profiles with or without the transfection of the
miRNA to a cell line. However, it is unrealistic to test all the miRNAs with this
method because it is time and money consuming.

In this paper, we describe a computational method to detect miRNAs which
regulate the cellular transcriptomes in a cell in response to extracellular stim-
uli by analyzing the difference of gene expression profiles and computational
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miRNA target predictions. By this retrograde method, we can narrow down the
miRNAs that actually play some biological roles. Simple expression profiling
of miRNAs may not be efficient to find the critical ones. Moreover, we may
deduce potentially important miRNAs from the large accumulation of gene ex-
pression profile databases such as GEO by our method. It seems to be difficult
to go back to the RNA samples for obtaining the miRNA expression profiles
corresponds to those old profile data.

We would like to obtain the proof of concept for our methods through the
analyses of the gene expression profiles with or without the transfection of single
miRNAs, which actually induced cell cycle arrest in the human lung cancer cell
lines, and our algorithm can quite frequently predict the transfected miRNA.

2 Materials and Methods

2.1 Gene Expression Data for Transfection Experiment

We have downloaded transfection experiment[3] data set, CBX79, which is de-
posited and revised at CIBEX data base[4] at Center for Information Biology
and DNA Data Bank of Japan (DDBJ), National Institute of Genetics (Mishima,
Japan). It includes two biological replicates of negative, mir-107, 185, and let-7a
transfection experiments, one day and three days after the transfection. Expres-
sion of 45015 genes (probes) are listed.

Since our method is robust for the random noise of gene expression vari-
ance and the overall distribution of gene expression between technical replicates
should be within the acceptable range, we did not apply any normalization pro-
cedure.

2.2 Inference of miRNA which Regulates Target Genes Significantly

The way to detect miRNA whose target genes are significantly differently ex-
pressed between negative control and treated one is as follows. First, we have
downloaded a list of conserved seed match in 3’ UTRs of genes to each miRNA1[5].
This includes 162 miRNA families. The reason why we do not use major target
gene list, e.g., targetScan[6], PITA[7], pictar[8], miranda[9], and others, but use
seed match is because Alexiou et al[10] recently reported that simple seed match
often resuits in higher F -measure than more complicated estimations of target
genes (see e. g. Supplementary Data[10]). Then we have picked up genes which
has at least one seed match for any miRNAs in those 3’ UTRs. Then, 13270
genes remain.

Hereafter, we denote a set of these genes as G. Next, for each miRNA, m, we
have listed genes which has at least one seed match in 3’ UTRs. We denote this
set of genes as Gm, where m denotes one of miRNA families. Also we define a
set of genes, G′

m ≡ G \Gm, which is a set of genes included into G, but not into

1 http://hollywood.mit.edu/targetrank/hsa_conserved_miR_family_ranked_

targets.txt

http://hollywood.mit.edu/targetrank/hsa_conserved_miR_family_ranked_targets.txt
http://hollywood.mit.edu/targetrank/hsa_conserved_miR_family_ranked_targets.txt
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Gm. After denoting expression of gene g under transfection of miRNA m0, m0

is one of mir-107, 185, let-7a, and Negative Control (NC), as xm0
g , we compute

gene expression difference between post-miRNA transfection and NC,

Δxm0
g ≡ log xm0

g − log xNC
g .

Then we apply paired t-test between {Δxm0
g | g ∈ Gm} and {Δxm0

g | g ∈ G′
m}.

P -value, Pm, is computed for each miRNA, m. In the previous work[11], we have
employed two sided t-test. However, in this study, we employ one-sided t-test,
which checks if expression of genes in Gm is significantly suppressed than that of
genes in G′

m. After applying FDR correction (BH method[12]) to 162 P -values,
we have selected ms whose FDR corrected P -value is less than 0.05 as miRNA
which regulates target genes significantly. For t-test, we have used t.test module
in base package in R[13].

2.3 Coincidence between Biological Replicates

We have also checked if two biological replicates satisfy reproducibility in three
ways. Firstly, we employed Pearson correlation coefficients between log trans-
formed Pms and secondly, Spearman correlation coefficients between them. P -
values for these are computed as well as 95 percentile significant interval for the
form. Thirdly, we analyzed coincidence between significant miRNAs, ms between
two biological replicates. If the first(second) replicates have m1(m2) significant
miRNAs and m12 miRNAs are selected for both replicates, P -value computed
by binomial distribution P (m1,N,m2/N) or P (m2,N,m1/N), where P (x, N, p) is
the probability that x among N is selected when the probability of selection is
p. N is the number of genes in G.

We have used cor.test module in base package of R for P -values of correlation
coefficients and pbinom module for binomial distribution.

2.4 Significant Overlap between Target Genes

To compute P -values of accidental agreement between target genes, PO
m,m′ of miR-

NAs m and m’, we have employed binomial distribution P (nmm′ , nm, nm′/N),
where nmm′ is the number of co-target genes, nm(nm′) is the number of target
genes of m(m’).

3 Results

Independent of conditions, i.e., date and transfected miRNA, our method almost
always gets non-empty set of significant miRNAs, ms (see Table 1). Thus, in
principle, our method can detect miRNA regulation of gene expression. Table
1 shows which miRNA significantly regulates target genes. Most remarkably,
Pm has the strong tendency to become smallest when m = m0. If we compare
the number of the significant miRNAs found in the previous study[11], it is
clear that the drastic improvement took place. For example, all analyses of mir-
107 transfection experiment gave us several tens of significant miRNAs in the
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Table 1. All of significant miRNAs, one day or three days after trasnfection. Bold
characters are those transfected. The one in parentheses means not significant but
with the smallest P -values.

replicate 1 replicate 2
transfection day miRNA Pm miRNA Pm

mir-107 1 miR-103/107 1.32 × 10−8 miR-103/107 4.96 × 10−9

3 miR-103/107 3.31 × 10−5 — —

mir-185 1 miR-185 4.32 × 10−12 miR-185 8.74 × 10−18

miR-326 1.57 × 10−6 miR-326 2.42 × 10−6

miR-491 1.99 × 10−4 miR-491 1.05 × 10−4

miR-124.2/506 3.78 × 10−4 miR-34b 1.68 × 10−4

miR-7 6.15 × 10−4 miR-122 2.79 × 10−4

miR-485-5p 7.68 × 10−4 miR-124.2/506 6.77 × 10−4

miR-339 1.57 × 10−6 miR-331 9.34 × 10−4

— — miR-34/449 1.41 × 10−3

— — miR-485-5p 1.51 × 10−3

3 [miR-185 ] 5.48 × 10−4 — —

let-7a 1 let-7/98 2.18 × 10−14 let-7/98 4.77 × 10−16

miR-196 1.97 × 10−4 miR-196 1.40 × 10−4

3 let-7/98 2.66 × 10−8 let-7/98 5.47 × 10−5

previous study but only the transfected one in the present study, indicating
that the improvement in the present study does not deteriorate the sensitivity.
Hereafter, we name our present method as MiRaGE, which is, at present, only
method to detect transfected miRNA as unique miRNA whose target genes are
expressed significantly compared with non-target genes.

MiRaGE has two unique features compared with the previous methods.

1. Comparison between Gm and G′
m. In other method, comparison is done

between Gm and all other genes whose expression is measured.
2. Target gene table is obtained based upon only seed match.

The reason why these two are important will be discussed later.
Table 2 shows the results of several statistical tests for the coincidence be-

tween biological replicates. For all six cases, at least two out of three tests give
the significant P -values < 0.05. For most of cases, P -values is almost 0 within nu-
merical accuracy (P < 2.2× 10−16). Thus, biological replicates are good enough
for inference of miRNA transfection.

4 Discussion

Although Pm0 is mostly the smallest, Pm with m �= m0 also can sometimes
take the value as small as Pm0 . For example, for two replicates at one day after
mir-185 transfection (see Table 1) there are seven and nine significant miRNAs
respectively. The materials analyzed in this study are experimental. Hence it is
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Table 2. Comparison of two biological replicates. Bold numbers indicate significant
P -values (< 0.05). Bold asterisks (*) indicate P < 2.2 × 10−16.

Transfection mir-107 mir-185 let-7a

Time day 1 day 3 day 1 day 3 day 1 day 3

Pearson 0.94 0.25 0.89 0.54 0.95 0.74
95 % confidence interval

lower 0.92 0.39 0.92 0.64 0.96 0.81
upper 0.96 0.10 0.86 0.42 0.93 0.67

P -value * 0.0016 * 1.66 × 10−13 * *

Spearman 0.63 0.76 0.65 0.52 0.55 0.32

P -value * * * * * 4.73 × 10−5

# of significant miRNAs
common 1 0 5 0 2 1

replicate 1 1 1 7 1 2 1
replicate 2 1 0 9 0 2 1

P -value * — 1.96 × 10−7 — * *

clearly distinguishable the true and false positives. The seed sequences of false
positive miRNAs are different from that of the transfected one. The causes of
false positives may be the secondary effect of transfected miRNA. The downreg-
ulation of target messengers by miRNA transfection could cause downregulation
of other miRNAs targets or upregulation of false positive miRNAs. Alterna-
tively, co-targeting between transfected miRNA and other miRNAs could cause
the false positives: the miRNAs with overlapped targets with transfected one
would show smaller P -value than other endogenous miRNAs. Theoretically false
positives by co-targeting are unavoidable in our method. However, it will be
avoidable when the expression profiles of miRNA are available: the unexpressed
miRNAs showing small P -value can be filtered out from the list.

One may wonder that co-targeting among miRNAs results in more significant
regulation of target genes of non-transfected miRNAs than that of the trans-
fected miRNA. We calculated P -values of significant overlap of target genes
by P (nmm0 , nm, nm0/N). As a result, even after correction considering multiple
comparison, 156, 157 and 156 miRNAs among in total 162 miRNAs have signifi-
cant overlap (P < 0.05) with transfected miRNA of mir-107, mir-185 and let-7a
respectively. This means, almost all of non-transfected miRNAs have significant
large number of common target genes with those transfected miRNA. However,
the correlation coefficient between Pm and PO

m,m0
, do not show significant cor-

relations 11 out of 12 (i.e., two biological replicates × two time points (day 1
or day 3) × three transfection) cases (see Table 3). This means, significant reg-
ulation of target genes of non-transfected miRNA cannot be explained by the
accidental target gene overlap with those of transfected miRNA, m0. Only one
exception among total 12 cases is for let-7 day 3 replicate 2. Since the effects
of transfected miRNA become weaker at the day 3, the secondary effect may
become apparent and the some fluctuations in experimental conditions might
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Table 3. Significance of correlation between Pm and P O
m,m0 . Bold numbers are signif-

icant (P < 0.05).

Transfection mir-107 mir-185 let-7a
Date day 1 day 3 day 1 day 3 day 1 day 3

Replicates 1 2 1 2 1 2 1 2 1 2 1 2
correlation -0.049 -0.086 -0.11 -0.12 0.050 0.098 0.13 -0.11 -0.012 -0.14 -0.092 -0.24

P -value 0.54 0.28 0.15 0.13 0.52 0.22 0.10 0.16 0.88 0.07 0.25 0.0019

cause the significance in this case. Actually, Pm0 for three days after transfection
sometimes does not have small enough P -value (mir-107 replicate 2 and mir-185
replicate 2, see Table 1).

It is also interesting that miRNA target genes are generally more expressed
than the other genes in the present datasets (see Fig. 1 in the previous work [11],
there are peaks around log xg � 7, which is far from origin). This tendency can-
not be seen in genes not targeted by any miRNA. This fact may also be important
to understand how each miRNA regulate genes in cancer formation/suppression.

The reasons why MiRaGE works better than previous methods are worth
mentioning. For example, T-REX[14] can detect transfected miRNA as those
with the smallest P -value, but cannot avoid having other miRNAs with signif-
icantly small P -value. As T-REX, most of such methods compare target genes
of a miRNA with all others, while MiRaGE compares target genes with the
genes targeted by all the other miRNAs. Since genes targeted by miRNAs are
significantly different from genes not targeted by any miRNAs as mentioned
above, it is important to employ genes targeted by other miRNAs as negative
set. Other critical factor to improve the specificity is to employ simple seed
match as miRNA target gene table. Since this table also decides the negative
set, highly curated thus those with smaller genes mimic the size of negative set.
The success of MiRaGE demonstrates that choice of the negative set is critical
to estimate the important miRNAs during the biological processes.

5 Conclusion

In this paper, we have shown that gene expression profile combined with miRNA
target genes predicted computationally can often correctly infer transfected
miRNA. This suggests that we may be able to infer miRNA regulation of genes
solely from gene expressions without considering any other information than
computationally predicted target genes.
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