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MicroRNA

• Small non-coding RNA of 21~23 nt

• Gene expression regulation at the post-
transcriptional level by degrading or repressing 
target mRNA

• Down-regulation during diverse cell processes: 

• Apoptosis, differentiation, or development

• Regulating more than half of human genes



MicroRNA

Nat Rev Cancer (2006) 5:259-269

biogenesis

Pri-miRNA

Drosha

Pre-miRNA

miRNA

Dicer RNase III



MicroRNA

! !

miRNA

mRNA

Seed

Protein

regulation of gene expression



From DNA to Life
Network plays important roles
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Figure 3 | Interaction network of disease-associated CCSB-HI1
proteins. The network has 121 OMIM disease-associated proteins (green
nodes) and 424 CCSB-HI1 interactions involving them (red edges), along
with known LC interactions (solid blue edges represent binary LCI
interactions and dashed blue edges represent non-binary interactions).

Proteins without an OMIMdisease association are depicted as yellow nodes,
and blue edges with increasing thickness indicate LCI-non-core, LCI-core
and LCI-hypercore interactions, respectively. We note that 94 out of the 424
CCSB-HI1 interactions involve the Ewing sarcoma related protein (EWSR1;
also known as EWS).

Table 1 | Overlap of protein interactions with other gene- or protein-pair characteristics

Protein pairs Share mouse phenotype Share upstream motif Have correlated expression

F(C) P-value F(C) P-value F(C) P-value

All possible within Space-I 0.128 NA 0.086 NA 0.063 NA
CCSB-HI1 0.257 2.53 £ 1023 0.115 1.14 £ 1024 0.130 2.14 £ 1027

LCI 0.336 4.91 £ 10243 0.146 9.05 £ 10220 0.204 5.45 £ 10256

LCI-core 0.471 7.53 £ 10220 0.137 3.77 £ 1023 0.243 3.57 £ 10212

LCI-non-core 0.306 2.54 £ 10227 0.147 3.65 £ 10218 0.198 7.78 £ 10246

Protein pairs Share GO component Share GO function Share GO process

F(C) P-value F(C) P-value F(C) P-value

All possible within Space-I 0.059 NA 0.021 NA 0.036 NA
CCSB-HI1 0.488 1.49 £ 10228 0.250 5.49 £ 10220 0.233 2.68 £ 10228

LCI 0.656 6.47 £ 102139 0.228 5.72 £ 102120 0.410 1.74 £ 102405

LCI-core 0.870 5.90 £ 10243 0.270 1.70 £ 10232 0.616 3.40 £ 102137

LCI-non-core 0.610 3.84 £ 102100 0.218 1.33 £ 10289 0.368 4.03 £ 102280

F(C) represents the fraction of gene- or protein-pairs (defined for each row) the given characteristic C. Assessed characteristics include shared mouse phenotype, shared upstream motif,
correlated expression30 and shared Gene Ontology annotation. ‘All possible within Space-I’ represents all possible gene- or protein-pairs in Space-I for which information regarding C is
available. For each analysis of a shared characteristic, only gene- or protein-pairs for which both members had some annotation for that characteristic were considered. For analysis of
correlated expression, only gene pairs with expression measurements for both genes were considered.

LETTERS NATURE|Vol 437|20 October 2005
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Rual et al., Nature (2005) 437:1173-78 Lin et al., J Proteome Res (2009) 8:1925-31



Characteristics of 
miRNA Regulation in 

Protein Interaction Network

PART I



Our Question

miRNA

PPI Network

How does miRNA regulate PPI Network?



Is there any biological meaning / significance of 
the structure of biological network?

Can we infer any biology from its network?



Network Analysis



Materials

• Human protein interaction network

• Human Protein Reference Database 
(HPRD):  >8000 proteins, >30000 PPI

• Human miRNAs & target genes

• TargetScan:163 conserved miRNAs w/ 
conserved targets

• >50% genes in PPI network



Network Analysis
Topological Properties

• Degree (connectivity)

• Number of links 
from the node to 
others

• Clustering coefficient

• Connectivity 
between neighbors
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Betweenness Centrality
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Network bottlenecks
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Yu H et al, PLoS Comput Biol 2007 3:e59



Results
Topological properties of target proteins
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Results

All miRNA targetsmiRNA targetsmiRNA targets

Degree

Between.

Closeness

Clust. coef.

Mean Mean Z p

7.46 10.87

3.74 x 10-4 6.41 x 10-4

0.241 0.248

0.1153 0.1152

Topological properties of target proteins



Statistical Analysis

• For each miRNA target subnetwork, 
generate 1000 random networks with 
the same size

• Calculate Z-score
Z =

X − µ

σ



Results
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• miRNA targets tend to be network hubs or 
network bottlenecks

Topological properties of target proteins



Results

All miRNA targetsmiRNA targetsmiRNA targets

Degree

Between.

Closeness

Clust. coef.

Mean Mean Z p

7.46 10.87 2.6 0.0132

3.74 x 10-4 6.41 x 10-4 1.9 0.0493

0.241 0.248 3.1 0.001

0.1153 0.1152 0.04 0.4589

Topological properties of target proteins



Results
Topological properties of target proteins

• Consistent with previous findings

• Liang & Li, RNA (2007) 13:1402-8
• protein connectivity is positively correlated w/ 

the number of miRNA target-site types
• interacting proteins tend to share more miRNA 

target-site types
• miRNA regulation complexity is negatively 

correlated with clustering coefficient



Positive correlation between 
protein connectivity and number of 

miRNA target-site types

RESULTS

Global correlation between miRNA regulation
and PPIN

The most important property of a protein node in a PPIN
is its connectivity, which is defined as the number of links
the node has to other nodes. In general, this statistic quan-
titatively measures functional complexity of a protein node
in the PPIN. To gain a global view of miRNA regulation on
PPIN, we studied the relationship between protein con-
nectivity and miRNA regulation complexity, using the
largest available human PPIN data set (CCBS1-LCI) (Rual
et al. 2005) and the miRNA target predictions from Tar-
getScanS (Lewis et al. 2005), a leading program in the field.
Interestingly, we found a highly significant positive cor-
relation between the connectivity of a protein and the
number of miRNA target-site types in the 39 UTRs of the
gene encoding the protein (Spearman’s rank correlation,
Rs = 0.30, P < 23 10!118, N = 6165). As shown in Figure 1,
the average number of target-site types for a group of genes
dramatically increases with their protein connectivity.

In view of considerable noise in current protein–protein
interaction data and miRNA target prediction, we carried
out further analyses to examine the validity of the above
correlation. First, to see whether the observation is robust
for different data sets, we performed the same analysis on
four different PPIN data sets (Rual et al. 2005; Stelzl et al.
2005) using two different sets of miRNA target predictions
(TargetScanS and PicTar) (Krek et al. 2005; Lewis et al.
2005). As shown in Table 1, all the analyses gave very con-
sistent results, supporting a strong positive correlation
between the number of miRNA target-site types and pro-
tein connectivity. Second, because the miRNA target pre-
diction programs we used strongly rely on the length and
sequence conservation of 39 UTRs, it is important to rule

out the possibility that the above correlation is a side effect
of variations in 39 UTR length and conservation across
genes in the PPIN. Through the analyses of 39 UTRs, we
found that the increasing tendency of number of miRNA
target-site types with protein connectivity cannot be ex-
plained by the corresponding variations in 39 UTR length
and conservation (Supplemental Fig. S1). Finally, using
independent mRNA expression data, we studied the rela-
tionship between mRNA tissue expression range and miRNA
regulation complexity, since tissue expression range can be
regarded as another index for functional complexity of a
gene. For this purpose, we extracted mRNA expression
profiles from the Human Expression Atlas (Su et al. 2004)
and calculated the number of tissues in which a gene is
expressed. Again, we found a highly significant positive
correlation between mRNA tissue expression range and the
number of miRNA target-site types (Spearman’s rank
correlation, Rs = 0.21, P < 2 3 10!140, N = 14,285). In
fact, for a group of proteins with a similar tissue expression
range (x), the average number of target-site types (y) in the
39 UTRs of their coding genes can be quantitatively pre-
dicted (y = 0.0225x + 1.774, R = 0.93, P < 23 10!3) (Fig. 2).
This observation is also consistent with a very recent study
showing a similar trend in fly and mouse (Yu et al. 2007).
Taken together, our results indicate that proteins with more
interacting partners tend to be regulated by more miRNAs.

Given the positive correlation between protein connec-
tivity and the number of miRNA target-site types, one
would expect that interacting proteins tend to share more
miRNA target-site types than a randomly chosen protein
pair, because across the whole PPIN, proteins with a higher
connectivity have, on average, more target-site types, and by
definition, are involved in more interactions than proteins
with a lower connectivity. With this in mind, we investi-
gated whether interacting proteins tend to be coregulated by
more miRNAs, compared with the situation where their
target-site patterns are randomized. For this purpose, we
constructed a Gene-by-TargetSite matrix for genes encoding
protein nodes in the PPIN, which contains the information
about whether a target site of a given miRNA family is
present in a given node. Then we introduced two indexes:
(1) the number of protein interacting pairs that share at
least one type of target site and (2) the total number of the
target-site types shared by interacting partners. To estimate
their statistical significance, we generated 10,000 control
Gene-by-TargetSite matrices by randomly shuffling the
miRNA-TargetSite profile for each gene. We found that,
compared with random expectation, both the number of
interacting pairs that share at least one type of target site
(observation 451 versus expectation 314, Z-score = 9.9, P <
10!24) and the total number of the target-site types shared
by interacting partners (observation 698 versus expectation
409, Z-score = 15.4, P < 10!54) are significantly higher.
These results suggest a role of miRNA regulation on the
coordination of interacting proteins in PPIN.

FIGURE 1. A positive correlation between protein connectivity and
number of miRNA target-site types. Error bars indicate the standard
deviations from the mean values.

MicroRNA regulation of protein interaction network
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Negative correlation between 
clustering coefficient and number of 
miRNA target-site types for hubs

across various data sets, this factor appears to have
no serious effects on our analysis. In fact, the strength of
large-scale data mining lies on reducing noise effect and
identifying general trends that would not have been dis-
covered otherwise. A similar comment applies to miRNA
target prediction data: although there is some uncertainty
in predicting miRNA targets for individual genes, the
overall signal inferred from thousands of genes would be
strong enough to reflect real biology. Finally, we note that
our study may significantly contribute to both PPIN and
miRNA research: On the one hand, by incorporating miRNA
targeting data, our results make important steps to reveal
the dynamic properties and organizational principles of
the human PPIN; on the other hand, this study also high-

lights the potential to improve current miRNA target pre-
diction by adding protein–protein interaction data.

MATERIALS AND METHODS

Analysis on miRNA regulation complexity and protein
connectivity in PPIN

We obtained protein–protein interaction data from Rual et al.
(2005). The authors used a stringent, high-throughput yeast two-
hybrid (Y2H) system to identify binary protein–protein interac-
tions in a ‘‘search space’’ (Space-I) defined by a z7200 3 7200
matrix of human protein-coding genes. Combining 2754 Y2H
interactions (CCSB-HI1) with 4067 literature-curated interactions
(LCI), they presented a PPIN containing 6726 edges (CCSB-
HI1+LCI). In the analysis, self-binding protein interactions were
excluded. We downloaded miRNA target gene predictions from
the TargetScanS Web server (version 3.1) (http://www.targetscan.
org/), which included miRNA target prediction for z17,000 genes
against 163 conserved miRNA families (corresponding to 238
miRNAs). In our analysis, we focused on those conserved miRNA
target sites (across human, mouse, rat, and dog), because (1) they
have been conserved in the long history of eutherian evolution
and may represent the most important target sites, (2) such a
requirement gives a relatively high signal-to-noise ratio (Lewis
et al. 2005), and (3) such a requirement largely reduces the
distraction of ‘‘neutral targets’’ (Bartel and Chen 2004), which
are under no selective pressure and are very likely to be non-
conserved. In the analysis, we used 6165 genes within the inter-
section between miRNA target prediction and PPIN data sets.
Since the underlying distributions of protein connectivity and
the number of miRNA target-site types were not normal, we
used Spearman’s rank correlation test to determine whether
there is a monotonic relation between two variables.
To test the robustness of our results, we performed the analysis

using additional PPIN and miRNA target data sets. (1) We used
CCSB-HI1 and LCI protein–protein data separately. These two
data sets have different merits and drawbacks: CCSB-HI1 is not
biased toward any particular biological interest, while LCI is
largely free of technical false positives. Our results appear not to
be influenced by these potential confounding factors. (2) We used
independent protein–protein interaction data from Stelzl et al.
(2005), which presents a PPIN of 1705 nodes using Y2H. (3) We
used another set of miRNA targets from PicTar, another leading
prediction program. We obtained PicTar targets from the UCSC
Genome Browser, which covered target prediction for z15,000
genes (after converting RefSeq transcripts into genes) against 178
miRNAs. We found very consistent results as using the Target
ScanS predictions. Through the rest of this study, we focused on
CCSB-HI1+LCI PPIN and TargetScanS miRNA target data sets,
since they are much more extensive.
For mRNA expression range analysis, we used the second

version of the Gene Expression Atlas (Su et al. 2004), which
contained the mRNA expression patterns of human genes across
73 normal tissues. We downloaded the data and its annotation
from the NCBI GEO database and calculated mRNA expression
level as described elsewhere (Farh et al. 2005). We used an AD
value of 200 as the threshold calling a gene ‘‘expressed in a given
tissue,’’ because a value below 200 largely reflects background

FIGURE 3. miRNA regulation of different types of hub proteins. (A)
An example of intra-modular hub. MCM3, which is a subunit of the
pre-replication complex, contains no miRNA target sites. (B) An
example of inter-modular hub. MAPK14, which is involved in a wide
variety of cellular processes, contains 11 types of miRNA target sites.
The interactions among proteins are shown as lines.

Liang and Li
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across various data sets, this factor appears to have
no serious effects on our analysis. In fact, the strength of
large-scale data mining lies on reducing noise effect and
identifying general trends that would not have been dis-
covered otherwise. A similar comment applies to miRNA
target prediction data: although there is some uncertainty
in predicting miRNA targets for individual genes, the
overall signal inferred from thousands of genes would be
strong enough to reflect real biology. Finally, we note that
our study may significantly contribute to both PPIN and
miRNA research: On the one hand, by incorporating miRNA
targeting data, our results make important steps to reveal
the dynamic properties and organizational principles of
the human PPIN; on the other hand, this study also high-

lights the potential to improve current miRNA target pre-
diction by adding protein–protein interaction data.

MATERIALS AND METHODS

Analysis on miRNA regulation complexity and protein
connectivity in PPIN

We obtained protein–protein interaction data from Rual et al.
(2005). The authors used a stringent, high-throughput yeast two-
hybrid (Y2H) system to identify binary protein–protein interac-
tions in a ‘‘search space’’ (Space-I) defined by a z7200 3 7200
matrix of human protein-coding genes. Combining 2754 Y2H
interactions (CCSB-HI1) with 4067 literature-curated interactions
(LCI), they presented a PPIN containing 6726 edges (CCSB-
HI1+LCI). In the analysis, self-binding protein interactions were
excluded. We downloaded miRNA target gene predictions from
the TargetScanS Web server (version 3.1) (http://www.targetscan.
org/), which included miRNA target prediction for z17,000 genes
against 163 conserved miRNA families (corresponding to 238
miRNAs). In our analysis, we focused on those conserved miRNA
target sites (across human, mouse, rat, and dog), because (1) they
have been conserved in the long history of eutherian evolution
and may represent the most important target sites, (2) such a
requirement gives a relatively high signal-to-noise ratio (Lewis
et al. 2005), and (3) such a requirement largely reduces the
distraction of ‘‘neutral targets’’ (Bartel and Chen 2004), which
are under no selective pressure and are very likely to be non-
conserved. In the analysis, we used 6165 genes within the inter-
section between miRNA target prediction and PPIN data sets.
Since the underlying distributions of protein connectivity and
the number of miRNA target-site types were not normal, we
used Spearman’s rank correlation test to determine whether
there is a monotonic relation between two variables.
To test the robustness of our results, we performed the analysis

using additional PPIN and miRNA target data sets. (1) We used
CCSB-HI1 and LCI protein–protein data separately. These two
data sets have different merits and drawbacks: CCSB-HI1 is not
biased toward any particular biological interest, while LCI is
largely free of technical false positives. Our results appear not to
be influenced by these potential confounding factors. (2) We used
independent protein–protein interaction data from Stelzl et al.
(2005), which presents a PPIN of 1705 nodes using Y2H. (3) We
used another set of miRNA targets from PicTar, another leading
prediction program. We obtained PicTar targets from the UCSC
Genome Browser, which covered target prediction for z15,000
genes (after converting RefSeq transcripts into genes) against 178
miRNAs. We found very consistent results as using the Target
ScanS predictions. Through the rest of this study, we focused on
CCSB-HI1+LCI PPIN and TargetScanS miRNA target data sets,
since they are much more extensive.
For mRNA expression range analysis, we used the second

version of the Gene Expression Atlas (Su et al. 2004), which
contained the mRNA expression patterns of human genes across
73 normal tissues. We downloaded the data and its annotation
from the NCBI GEO database and calculated mRNA expression
level as described elsewhere (Farh et al. 2005). We used an AD
value of 200 as the threshold calling a gene ‘‘expressed in a given
tissue,’’ because a value below 200 largely reflects background

FIGURE 3. miRNA regulation of different types of hub proteins. (A)
An example of intra-modular hub. MCM3, which is a subunit of the
pre-replication complex, contains no miRNA target sites. (B) An
example of inter-modular hub. MAPK14, which is involved in a wide
variety of cellular processes, contains 11 types of miRNA target sites.
The interactions among proteins are shown as lines.
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Topological Properties

For a graph G = (V, E) and a subgraph L = (V’, E’),

Individual proteins:

Protein subnetwork:



In-degree Ratio



Results
Topological properties of target subnetwork
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Results
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Topological properties of target subnetwork

• Target proteins by same miRNA are closer

• Target subnets show higher density



Results

All Target subnet L0Target subnet L0Target subnet L0

Chr. P.L.

Density

In-deg. R.

Mean Mean Z p

4.27 3.92 -3.2 0.0004

9.0 x 10-4 0.0023 3.2 0.0071

N.A. 0.031 2.1 0.0237

Topological properties of target subnetwork



Example subnetwork

miR-151

d = 0.021

d = 0.006

Target subnetwork
(L0)

Extended subnetwork (L1)

adding interacting proteins



Results
Topological properties of target subnetwork

Extended subnetwork (L1)
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Results
Topological properties of target subnetwork

Extended subnetwork (L1)

• miRNA targets and their interacting partners 
jointly show significantly higher modularity



Results

All Target subnet L0Target subnet L0Target subnet L0 Extended subnet L1Extended subnet L1Extended subnet L1

Chr. P.L.

Density

In-deg. R.

Mean Mean Z p Mean Z p

4.27 3.92 -3.2 0.0004 3.30 -25.5 < 10-5

9.0 x 10-4 0.0023 3.2 0.0071 0.014 -0.8 0.2142

N.A. 0.031 2.1 0.0237 0.448 2.0 0.0305

Topological properties of target subnetwork



Robustness
of the observed results
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• PPI data are incomplete 
or contain false-positive

• Randomly remove or 
add 5~10% of PPIs

• Repeat the analysis & 
obtain variations of 
results

• Sensitivity test shows 
robustness of our 
observations



Supple. Results

All miRNA targetsmiRNA targetsmiRNA targets

Degree

Between.

Closeness

Clust. coef.

Mean Mean Z p

7.46 23.65 1.65 0.0486

3.74 x 10-4 15.4 x 10-4 1.12 0.0514

0.258 0.269 0.11 0.1909

0.1153 0.1050 -0.19 0.6029

Experimentally validated miRNA targets (TarBase)



Supple. Results

All Target subnet L0Target subnet L0Target subnet L0 Extended subnet L1Extended subnet L1Extended subnet L1

Chr. P.L.

Density

In-deg. R.

Mean Mean Z p Mean Z p

4.27 1.68 -1.4 0.0759 2.13 -0.2 0.4747

9.0 x 10-4 0.0495 5.1 0.0040 0.215 -0.7 0.2880

N.A. 0.0023 1.2 0.0377 0.152 0.2 0.2837

Experimentally validated miRNA targets (TarBase)



Example: miR-21

• miR-21: upregulated in glioblastoma, breast cancer, ...

miRNAs can function as tumor suppressors & oncogenes

Nat Rev Cancer (2006) 5:259-269



miR-21
miR-21 regulated protein interaction subnetwork

Hubs: STAT3, BCL-2, RASA1, CDC25A
Most mediator proteins -- tumorigenesis



Summary

• By selectively targeting the hub proteins and 
bottleneck proteins, miRNA may regulate the 
protein interaction network in a larger scale

• Since the target genes and their interacting 
partners might form functional modules, 
miRNA could influence specific biological 
functions through regulating a smaller number 
of selected genes

Possible Interpretation

Hsu, Juan & Huang,  Proteomics 8, 1975 (2008)



Co-regulation of 
Clustered microRNA 

on PPI network
Yuan et al. BMC Syst Biol (2009) 3: 65



miRNA co-regulation 
on PPIsBMC Systems Biology 2009, 3:65 http://www.biomedcentral.com/1752-0509/3/65
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are temporarily not needed, then their expressions should
be reduced simultaneously. miRNAs in a cluster tran-
scribed as polycistron would provide a competent and
efficient mechanism to achieve this goal. Our further anal-
ysis reveals that connectivity is another factor that matters
only when proteins interact or are at least close in PPI net-
work. Interacting proteins, both with great connectivity,
usually connect two functional protein groups. They
would be under stronger selective pressure to consent to a
miRNA cluster's regulation. If one of them was not regu-
lated in time, the module it involved would likely be still
in function, and the coordination of the whole system
would be greatly impaired.

The finding that distance is more important than connec-
tivity suggests that sc-miRNAs preferentially co-regulate
proteins in close proximity of a PPI network. However,
this may also be due to the fact that PPI network are
mainly gathered from high-throughput experiments
which focus on physical interactions, such as yeast two
hybrid system and tandem affinity purification. Therefore,
for two proteins with long distance in PPI network, even
their concurrence in time and space could not be guaran-
teed. To overcome this limitation, other information,
such as signaling network or transcriptional regulatory
network, would be needed [46,47].

Conclusion
This study supports the putative hypothesis of internal
coordination among sc-miRNAs to regulate downstream
biological networks. The linkage of sc-miRNAs' functional
coordination and their targets' topological features we

found highlights the potential to further investigate their
subtle relationship.

Methods
Data sources
Datasets of PPI
Gold standard positive dataset: all the information in the
Human Protein Reference Database (HPRD) has been
manually extracted from the literature by expert biologists
who read, interpret and analyze the published data. It
contains 38,167 distinct interactions among 9,465 pro-
teins [48]. Our analysis focused exclusively on the giant
connected component of 9,134 proteins and 31,909 inter-
actions. The remaining proteins were tiny clusters with
sizes between two and eight. According to TargetScan's
prediction, 8,264 of the 9,134 proteins are targeted by
miRNAs. 6,737 of them are targeted by clustered miRNAs,
and 4,835 are targeted by miRNAs that appear in hetero-
clusters.

Gold standard negative dataset: it was generated by
Rhodes et al. [35], which includes all possible pair-wise
combinations between two sets of proteins that are
assigned a subcellular localization of the plasma mem-
brane (1,397 proteins) and the nucleus (2,224 proteins),
respectively, by the Gene Ontology (GO) Consortium.
There are 2633 overlapping proteins between GSP and
GSN.

miRNA target prediction
TargetScan's release 4.2 was downloaded from TargetScan
site http://www.targetscan.org/. miRanda's prediction for

The four possible ways two proteins can be regulated by a miRNA clusterFigure 4
The four possible ways two proteins can be regulated by a miRNA cluster.
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local regions in PPI network, does sc-miRNAs' target gene
set demonstrate some modularity? Xu and Wong [38]
have found three miRNA clusters involved in regulating
15 signaling pathways by filtering mouse Biocarta path-
way data. Pathway has been recognized as a common
form of modularity in network analysis. Here, we
explored another form of modularity, network community,
in sc-miRNAs' targets with respect to HPRD network.
Community structure in networks means the appearance
of densely connected groups of vertices, with only sparser
connections between groups [39]. We have found 32 net-
work communities of size no less than 10 from HPRD net-
work by joining cliques with size 3 to 7 together, using
CFinder 2.0 [40]. We selected those network communities
with at least 50% proteins targeted by a miRNA cluster
and at most 40% regulated by any member of the cluster
to guarantee that they are co-regulated by the cluster
rather than any single member. For the 8 community-
cluster pairs we obtained, the P-value was calculated
based on the overlap of each community with the targets
of one thousand simulated miRNA clusters of the same
size. Finally, we obtained 5 community-cluster pairs with
P < 0.03 (FDR < 0.2, Table 3). Among them, mir-17 clus-
ter's role in transcription regulation through this protein
community is well-known [41,42]. Xie et al. recently
reported mir-512 cluster's involvement in histone acetyla-
tion in embryonic stem cells [43]. Another interesting one
is mir-379 cluster. It targets a network community of ten
proteins that are involved in circadian rhythm (Figure 2).
Although there is no experimental report on it, circadian
rhythm is modulated by neural system while mir-379 clus-
ter is brain-specific and is required for dendritogenesis
[19].

Although our work mainly focus on protein-protein inter-
action data, for it is more complete and more suitable for
global analysis, we re-ran our analysis with KEGG human
pathway data, and presented the results in Additional
File 4.

Coordination and conservation
Cluster provides a neat mechanism to transcribe many
cooperative miRNAs simultaneously. It could hardly be
imaged that this exquisite coordination has been gener-
ated in a single event; rather, it should have been consoli-
dated through a long period of evolutionary process. To
investigate the relationship between coordination and
conservation, we have to calculate the target interactions
between miRNAs in a cluster.

A comparison between human, mouse and rat miRNA
clusters enables us to classify miRNAs in hetero-clusters
into two categories: one is conserved miRNAs, which are
observed in human, mouse and rat clusters; the other is
non-conserved miRNAs, which exist in human clusters
but are unobtainable in mouse or rat clusters. We counted
the target interactions irredundantly within and between

Table 2: A positive correlation between the sum of each two 
proteins' connectivity and the number of clusters regulating 
them.

Spearman GSP-HC GSN-HC GSP-RC GSN-RC

Hetero-Clusters Rs 0.11 0.062 0.055 0.031

P 3.136e-8 0.002 0.006 0.217

Ori-Clusters Rs 0.118 0.058 0.035 0.045

P 2.952e-9 0.019 0.165 0.025

Rs and P-value were from Spearman's rank test. For the test, 2500 
pairs were randomly sampled from GSP and GSN respectively. The 
last two columns show the results calculated on a random cluster set.

A network community of ten proteins is co-regulated by four miRNA families in mir-379 clusterFigure 2
A network community of ten proteins is co-regulated 
by four miRNA families in mir-379 cluster. This net-
work community is involved in circadian rhythm [KEGG path-
way:hsa04710] and is co-regulated by nine miRNAs (mir-494, 
mir-543, mir-495, mir-381, mir-539, mir-668, mir-485, mir-496, 
and mir-409) from four families in mir-379 cluster. We 
mapped these miRNAs to their families for the simplicity of 
illustration.
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miR-148a miR-768-3p miR-22

Integrin-mediated signaling 
pathway

negative regulation of cell growth actin cytoskeleton organization and 
biogenesis

Cell-matrix adhesion DNA replication actin filament polymerization

Wound healing cell cycle checkpoint negative regulation of endocytosis

Blood coagulation signal transduction

miR-141/200a miR-143 miR-26a
RNA elongation from RNA polymerase II 

promoter regulation of chemokine biosynthetic process RNA elongation from RNA polymerase II 
promoter

transcription initiation from RNA polymerase II 
promoter regulation of blood coagulation interphase of mitotic cell cycle

post-translational protein modification blood coagulation post-translational protein modification

interphase of mitotic cell cycle acute-phase response transcription initiation from RNA 
polymerase II promoter

ectoderm development positive regulation of transcription ectoderm development
intracellular signaling cascade wound healing intracellular signaling cascade

miR-142-3p let-7/98 miR-29abc
apoptosis Ras protein signal transduction Ras protein signal transduction

apoptotic mitochondrial changes anterior/posterior pattern formation phosphate metabolic process
regulation of protein homo-/hetero-dimerization 

activity interphase of mitotic cell cycle post-translational protein modification

regulation of mitochondrial membrane potential apoptosis intracellular signaling cascade

negative regulation of developmental process negative regulation of gene expression

Identified miRNA regulated functional modules



miRNA expression in GC
Gene name                Fold change (T/N) †       SE             
Upregulation                           
hsa-miR-663               7.379                2.076
hsa-miR-93           4.161              0.501
hsa-miR-801           3.777              1.056
hsa-miR-17-5p           3.776 0.730
hsa-miR-429          3.765 1.074
hsa-miR-214           3.290 0.403
hsa-miR-25          3.270 0.427
hsa-miR-223             3.066 0.535
hsa-miR-106a             2.923 0.581
hsa-miR-31                  2.801 1.382
hsa-miR-15b             2.677 0.583
hsa-miR-451           2.478 0.742
Down-regulation
hsa-let-7g             0.417 0.045
hsa-let-7c             0.410 0.067
hsa-miR-768-3p            0.358 0.043
hsa-miR-142-3p 0.352 0.108

hsa-miR-148a 0.293 0.052
hsa-miR-141 0.288 0.097
hsa-miR-29b 0.273 0.058
hsa-miR-494 0.261 0.042
hsa-miR-638 0.255 0.113
hsa-let-7f 0.197 0.019
hsa-miR-21 0.174 0.037
hsa-miR-26a 0.157 0.017
hsa-miR-29a 0.138 0.020
hsa-miR-let-7a 0.118 0.011
hsa-miR-let-7b 0.117 0.016
hsa-miR-29c 0.092 0.039
hsa-miR-143 0.065 0.019
hsa-miR-145 0.037 0.014



 p < 0.0001

n = 50

n = 50

miR-148a is Down-regulated in 
Tumor Tissues



5 year Survival Rate 
vs. miR-148a

High miR-148a (n = 38)

Low miR-148a (n = 12)

p = 0.0061 (log-rank test) 

Overall survival

High miR-148a (n= 38)

Low miR-148a (n = 12)

p = 0.048 (log-rank test)

     Recurrence-free survival
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The Relationship Between miR-148a 
and Gastric Cancer Progression ? 

?
miR-148a



miR-148a Regulated Network
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Red circle : target genes
Blue circle : interacting partners

The network is significantly turned on in 
tumor tissues (p = 0.044, Fisher’s exact test)



Wound healing

Integrin

Adhesion

GO Trees of Enriched Functions 
(p < 0.001, BINGO)
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                                      No. of Patients          %           Mean              
(2-ΔΔCt)               

p-value          

Fold change (T/N)                                50                                             0.447                                    
Gender                                                                                                              0.176                      
Male                                    31                62                   0.308                              
Female                                   19             38                0.661                          
Stage                                                                                 0.439            
I                                        10               20           0.882                           
II                                      14                 28             0.204                             
III                                           21                       42             0.439                               
IV                                  5                10                0.255                           
Depth of tumor invasion                                                                  0.249            
T1                                      7                     14              1.172                                 
T2                                   8                 16               0.249                       
T3                                   34                    68                    0.346                     
T4                                    1              2              0.394                         
Lymph node metastasis                                                              0.333          
N0                                  19                  38              0.198                            
N1                                   20               40           0.764                       
N2                                9           18             0.243                        
N3                                  2             4               0.297                               
Lauren classification                                                           0.137           
Intestinal-type                       23                46            0.632                       
Diffuse-type                             27              54               0.289                             
Organ invasion                                                                       0.034*          
Negative                             37                     86              0.502                             
Positive                               6              14             0.131                           
Vascular invasion                                                           0.237          
Negative                            15               29          0.730                    
Positive                               35               71             0.350                       
Peritoneal invasion                                                                        0.005*   
Negative                            48                 96           0.463                        
Positive                               2         4             0.058                      

miR-148a and Clinical Factors

32



miR-148a Reduced Cell Invasion  
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miR-148a Reduced Cell Migration  
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miR-148a Reduced Cell Adhesion 

35

      AGS            SC-M1          MKN-45

* *** ***

      AGS          SC-M1       MKN-45

**

NC

Precursor

NC
Inhibitor

*p < 0.05
**p < 0.01
***p < 0.001



36

GO Trees of Enriched Functions 
(p < 0.001, BINGO)



miR-148a and Their Target Genes
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Summary

Target genes
SERPINE1
VAV2
ITGA5
ITGB8

Interacting 
partners

AAAAA
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miR-148a



References
• Hsu et al. Characterization of microRNA-regulated 

protein-protein interaction network. Proteomics (2008) 
8: 1975-9

• Liang and Li. MicroRNA regulation of human protein 
protein interaction network. RNA (2007) 13: 1402-8

• Yuan et al. Clustered microRNAs' coordination in 
regulating protein-protein interaction network. BMC 
Syst Biol (2009) 3: 65

• Cui et al. Principles of microRNA regulation of a human 
cellular signaling network. Mol Syst Biol (2006) 2: 46



Homework

• Collect human protein interaction network 
data from HPRD (or other database)

• Find predicted target genes of your interested 
miRNA by TargetScan (or other tool or db)

• Compare the degree distributions of miR 
targets and of all proteins

• Perform randomization to calculate the Z-score 
for observed average degree of miR targets


