Satoh and Tabunoki BioData Mining 2011, 4:17
http://www.biodatamining.org/content/4/1/17

Comprehensive analysis of human microRNA
target networks

Jun-ichi Satoh™ and Hiroko Tabunoki

* Correspondence: satoj@my-
pharm.ac.jp

Department of Bioinformatics and
Molecular Neuropathology, Meiji
Pharmaceutical University, 2-522-1
Noshio, Kiyose, Tokyo 204-8588,
Japan

( ) BioMed Central

Abstract

Background: MicroRNAs (miRNAs) mediate posttranscriptional regulation of protein-
coding genes by binding to the 3’ untranslated region of target mRNAs, leading to
translational inhibition, mRNA destabilization or degradation, depending on the
degree of sequence complementarity. In general, a single miRNA concurrently
downregulates hundreds of target mRNAs. Thus, miRNAs play a key role in fine-
tuning of diverse cellular functions, such as development, differentiation, proliferation,
apoptosis and metabolism. However, it remains to be fully elucidated whether a set
of miRNA target genes regulated by an individual miRNA in the whole human
microRNAome generally constitute the biological network of functionally-associated
molecules or simply reflect a random set of functionally-independent genes.

Methods: The complete set of human miRNAs was downloaded from miRBase
Release 16. We explored target genes of individual miRNA by using the Diana-microT
3.0 target prediction program, and selected the genes with the miTG score 2 20 as
the set of highly reliable targets. Then, Entrez Gene IDs of miRNA target genes were
uploaded onto KeyMolnet, a tool for analyzing molecular interactions on the
comprehensive knowledgebase by the neighboring network-search algorithm. The
generated network, compared side by side with human canonical networks of the
KeyMolnet library, composed of 430 pathways, 885 diseases, and 208 pathological
events, enabled us to identify the canonical network with the most significant
relevance to the extracted network.

Results: Among 1,223 human miRNAs examined, Diana-microT 3.0 predicted reliable
targets from 273 miRNAs. Among them, KeyMolnet successfully extracted molecular
networks from 232 miRNAs. The most relevant pathway is transcriptional regulation
by transcription factors RB/E2F, the disease is adult T cell lymphoma/leukemia, and
the pathological event is cancer.

Conclusion: The predicted targets derived from approximately 20% of all human
miRNAs constructed biologically meaningful molecular networks, supporting the view
that a set of miRNA targets regulated by a single miRNA generally constitute the
biological network of functionally-associated molecules in human cells.

@ 2011 Satoh and Tabunoki; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative
Commons Attribution License (httpv//creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.
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Introduction

MicroRNAs (miRNAs) are a class of endogenous small noncoding RNAs conserved
through the evolution. They mediate posttranscriptional regulation of protein-coding
genes by binding to the 3’ untranslated region (3'UTR) of target mRNAs, leading to
translational inhibition, mRNA destabilization or degradation, depending on the degree
of sequence complementarity [1]. During the biogenesis of miRNAs, the primary miR-
NAs (pri-miRNAs) are transcribed from the intra- and inter-genetic regions of the gen-
ome by RNA polymerase 1, followed by processing by the RNase III enzyme Drosha
into pre-miRNAs. After nuclear export, they are cleaved by the RNase III enzyme
Dicer into mature miRNAs consisting of approximately 22 nucleotides. Finally, a sin-
gle-stranded miRNA is loaded onto the RNA-induced silencing complex (RISC), where
the seed sequence located at positions 2 to 8 from the 5’ end of the miRNA plays a
pivotal role in recognition of the target mRNA [2]. At present, more than one thou-
sand of human miRNAs are registered in miRBase Release 16 http://www.mirbase.org.
The 3'UTR of a single mRNA is often targeted by several different miRNAs, while a
single miRNA concurrently reduces the production of hundreds of target proteins [3].
Consequently, the whole miRNA system (microRNAome) regulate greater than 60% of
all protein-coding genes in a human cell [4]. By targeting multiple transcripts and
affecting expression of numerous proteins, miRNAs play a key role in fine-tuning of
diverse cellular functions, such as development, differentiation, proliferation, apoptosis
and metabolism. Therefore, aberrant regulation of miRNA expression is deeply
involved in pathological events that mediate cancers [5] and neurodegenerative disor-
ders [6].

Recent advances in systems biology have made major breakthroughs by illustrating
the cell-wide map of complex molecular interactions with the aid of the literature-
based knowledgebase of molecular pathways [7]. The logically arranged molecular net-
works construct the whole system characterized by robustness, which maintains the
proper function of the system in the face of genetic and environmental perturbations
[8]. In the scale-free molecular network, targeted disruption of limited numbers of cri-
tical components designated hubs, on which the biologically important molecular
interactions concentrate, efficiently disturbs the whole cellular function by destabilizing
the network [9]. Therefore, the identification of the hub in the molecular network con-
structed by target genes of a particular miRNA helps us to understand biological and
pathological roles of individual miRNAs. Recently, Hsu et al. studied the human micro-
RNA-regulated protein-protein interaction (PPI) network by utilizing the Human Pro-
tein Reference Database (HPRD) and the miRNA target prediction program
TargetScan [10]. They found that an individual miRNA often targets the hub gene of
the PPI network, although they did not attempt to characterize relevant pathways, dis-
eases, and pathological events regulated by miRNA target genes.

At present, the question remains to be fully elucidated whether a set of miRNA tar-
get genes regulated by an individual miRNA in the whole human microRNAome gen-
erally constitute the biological network of functionally-associated molecules or simply
reflect a random set of functionally-independent genes. To address this question, we
attempted to characterize molecular networks of target genes of all human miRNAs by
using KeyMolnet, a bioinformatics tool for analyzing molecular interactions on the
comprehensive knowledgebase.
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Materials and methods

MicroRNA Target Prediction

The complete list of 1,223 human miRNAs was downloaded from miRBase Release 16
http://www.mirbase.org. We searched the target genes of individual miRNA on the
Diana-microT 3.0 target prediction program (diana.cslab.ece.ntua.gr/microT), which
was selected because of the highest ratio of correctly predicted targets over other pre-
diction tools [11]. Diana-microT 3.0 calculates the miRNA-targeted gene (miTG) score
that reflects the weighted sum of the scores of all conserved and non-conserved
miRNA recognition elements (MRE) on the 3'UTR of the target mRNA. The miTG
score correlates well with fold changes in suppression of protein expression [11]. To
optimize the parameter of miRNA-target interaction, we considered the target genes
with a cutoff of the miTG score equal to or larger than 20 as the highly reliable tar-
gets, because we found that the targets with the miTG score < 20 exhibited the signifi-
cantly lower precision score, an indicator of correctness in predicted interactions [11],
compared with those having the score 2 20 (p = 2.78E-08 by Mann-Whitney's U-test).

Molecular Network Analysis

Ensembl Gene IDs of target genes retrieved by Diana-microT 3.0 were converted into
the corresponding Entrez Gene IDs by using the DAVID Bioinformatics Resources 6.7
program http://david.abcc.ncifcrf.gov[12], where non-annotated IDs were deleted.
Then, Entrez Gene IDs of miRNA target genes were uploaded onto KeyMolnet.

KeyMolnet is a tool for analyzing molecular interactions on the literature-based knowl-
edgebase that contains the contents on 123,000 molecular relationships among human
genes and proteins, small molecules, diseases, pathways and drugs, established by the
Institute of Medicinal Molecular Design (IMMD) (Tokyo, Japan) {13-15]. The core con-
tents are collected from selected review articles and textbooks with the highest reliability,
regularly updated and carefully curated by a team of expert biologists. KeyMolnet contains
a panel of human canonical networks constructed by core contents in the KeyMolnet
library. They represent the gold standard of the networks, composed of 430 pathways, 885
diseases, and 208 pathological events. Detailed information on all the contents is available
from IMMD http://www.immd.co.jp/en/keymolnet/index.html upon request.

We utilized the neighboring network-search algorithm that selects the set of miRNA
target genes as starting points to generate the network around starting points within one
path, composed of all kinds of molecular interactions, including direct activation/inactiva-
tion, transcriptional activation/repression, and the complex formation. By uploading the
list of Entrez Gene IDs onto KeyMolnet, it automatically provides corresponding mole-
cules and a minimum set of intervening molecules as a node on networks. The generated
network was compared side by side with human canonical networks described above. The
algorithm that counts the number of overlapping molecules and/or molecular relations
between the extracted network and the canonical network identifies the canonical network
showing the most statistically significant contribution to the extracted network. This algo-
rithm is essentially based on that of the GO::TermFinder [16]. The significance in the
similarity between the extracted network and the canonical network is scored following
the formula, where O = the number of overlapping molecules and molecular relations for
the pathway or overlapping molecules alone for the disease and the pathological event
between the extracted network and the canonical network, V = the number of molecules

— 157 —



Satoh and Tabunoki BioData Mining 2011, 4:17 Page 4 of 13
http://www.biodatamining.org/content/4/1/17

and/or molecular relations located in the extracted network, C = the number of molecules
and/or molecular relations located in the canonical network, T = the number of total
molecules and/or molecular relations of KeyMolnet, currently composed of approximately
15,700 molecules and 123,000 molecular relations, and the x = the sigma variable that
defines coincidence.

Min(C.V)

Score = —log, (Score (p)) Score (p) = Z f(x) fx) = cCx - -cCv—x/1Cv (1)
. x=0

Resuits

Molecular Network of MicroRNA Target Genes

Among 1,223 human miRNAs examined, Diana-microT 3.0 predicted the targets from
532 miRNAs (43.5%). Among the 532 miRNAs, 273 miRNAs contained a set of highly
reliable targets showing the miTG score 2 20. Among 273 miRNAs having reliable tar-
gets, KeyMolnet successfully extracted molecular networks from 232 miRNAs. They
are comprised of 19% of total human miRNAs (microRNAome). Then, the generated
network was compared side by side with human canonical networks of the KeyMolnet
library, composed of 430 pathways, 885 diseases, and 208 pathological events. We
found that not all 232 miRNAs contained entire categories of canonical networks
because several miRNAs comprised relatively small numbers of targets. See Additional
file 1 for all the information on 232 miRNAs and their target networks. When top
three pathways, diseases, and pathological events were individually totalized, the most
relevant pathway is ‘transcriptional regulation by RB/E2F’ (n = 39; 6.8% of total), fol-
lowed by ‘TGF-beta family signaling pathway’ (n = 32; 5.6%) and ‘transcriptional regu-
lation by POU domain factor’ (n = 24; 4.2%), the most relevant disease is ‘adult T cell
lymphoma/leukemia’ (n = 68; 12.1%), followed by ‘chronic myelogenous leukemia’ (n =
65; 11.5%) and ‘hepatocellular carcinoma’ (n = 51; 9.1%), and the most relevant patho-
logical event is ‘cancer’ (n = 97; 24.7%), followed by ‘adipogenesis’ (n = 46; 11.7%) and
‘metastasis’ (n = 36; 9.2%) (Figure 1 and Additional file 1). '
Next, we identified the large-scale miRNA target networks by uploading targets greater
than 100 per individual miRNA onto KeyMolnet (Table 1). Fifty-two miRNAs that
construct such a large-scale miRNA target network include let-7, miR-9, 17, 19, 20, 26,
27, 29, 30, 32, 92, 93, 96, 98, 101, 106b, 124, 137, 147, 153, 218, 372, 429, 495, 506,
519, 520, 603, and their closely-related family members. The targets of these miRNAs
established highly complex molecular networks, in which the pathways of ‘transcrip-
tional regulation by RB/E2F’, ‘transcriptional regulation by Ets-domain family’, and
‘transcriptional regulation by p53’, the diseases of ‘chronic myelogenous leukemia’ and
‘viral myocarditis’, and the pathological event of ‘cancer’ were notably accumulated
(Table 1). Importantly, distinct members belonging to the same miRNA family, for
example, five miR-30 family members ranging from miR-30a to miR-30e constructed a
virtually identical molecular network (Table 1).

Biological Implications of MicroRNA Target Networks
As described above, the present observations indicated that a set of miRNA target
genes regulated by an individual miRNA generally constitute the biological network of
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Figure 1 The pathways, diseases, and pathological events relevant to 232 miRNA target networks.
Among 1,223 human miRNAs examined, Diana-microT 3.0 identified the set of reliable targets from 273
miRNAs. Among them, KeyMolnet extracted molecular networks from 232 miRNAs. The generated network
was compared side by side with human canonical networks of the KeyMolnet library, composed of 430
pathways, 885 diseases, and 208 pathological events to identify the canonical network showing the most
statistically significant contribution to the extracted network (see Table St for all the information). After top
three pathways, diseases, and pathological events were individually totalized, the cumulated numbers of
top 10 of (a) pathway, (b) disease, and (c) pathological event categories are expressed as a bar graph.

functionally-associated molecules in human cells. Therefore, it is highly important to
obtain deeper insights into biological implications of miRNA target networks.

The protooncogene c-myb is a key transcription factor for normal development of
hematopoietic cells. A recent study showed that miR-15a targets c-myb, while c-myb
binds to the promoter of miR-15a, providing an autoregulatory feedback loop in
human hematopoietic cells [17]. Consistent with this study, we found ‘transcriptional
regulation by myb’ as the most relevant pathway to the miR-15a target network (the
score = 602; the score p-value = 7.39E-182) (Figure 2 and Additional file 1). These
observations propose a scenario that miR-15a synchronously downregulates both c-
myb itself and downstream genes transcriptionally regulated by c-myb, resulting in
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Table 1 The large-scale human microRNA target networks

MicroRNA Number Molecules Top Pathway  Score p-Value Top Disease Score p-Value Top Score p-Value
of in Pathological
Targets KeyMolnet Event
Networks
hsa-let-7a 244 1022 Transcriptional 593 269E-179 Viral 113 1.21E-34 Cancer 206 131E62
regulation by myocarditis
p53
hsa-let-7b 242 1016 Transcriptional 594 1.83E-179 Viral 113 932E-35 Cancer 206 766E-63
. regulation by myocarditis
P53
hsa-let-7c 243 1020 Transcriptional 593 2.49E-179 Viral 113 111834 Cancer 206 1.10E-62
regulation by myocarditis
P53
hsa-let-7d 145 885 Transcriptional 836 2.18E-252 Chronic 72 1.95E-22 Cancer 130 968E-40
regulation by myelogenous
RB/E2F leukemia
hsa-let-7e 236 1" Transcriptional 575 890E-174 Viral 116 1.20E-35 Cancer 175 1.86E-53
regulation by myocarditis
p53
hsa-let-7f 244 1022 Transcriptional 593 2.69E-179 Viral 113 1.21E-34 Cancer 206 1.31E-62
regulation by myocarditis
p53
hsa-let-7g 245 1022 Transcriptional 593 2.69E-179 Viral 113 1.21E-34 Cancer 206 131E-62
regulation by myocarditis
P53
hsa-let-7i 245 1022 Transcriptional 593 2.69E-179 Viral 113 1.21E-34 Cancer 206 131862
regulation by myocarditis
P53
hsa-miR-9 352 1115 Transcriptional 340 528E-103 Hepatocellular 72 1.69E-22 Cancer 171 3.50E-52
regulation by carcinoma
PPARa
hsa-miR- 195 961 Transcriptional 971 3.27E-293 Chronic 92 283E-28 Cancer 181 3.58E-55
17 regulation by myelogenous
RB/E2F leukemia
hsa-miR- 226 1094 Transcriptional 760 2.10E-229 Chronic 113 1.26E-34 Cancer 253 70477
19a regulation by myelogenous
RB/E2F leukemia
hsa-miR- 225 1094 Transcriptional 760 2.10E-229 Chronic 113 126E-34 Cancer 253 7.04E-77
19b regulation by myelogenous
RB/E2F leukemia
hsa-miR- 165 1038 Transcriptional 856 1.64E-258 Chronic 87 6.09E-27 Cancer 85 333E-26
20a regulation by myelogenous
RB/E2F leukemia
hsa-miR- 198 981 Transcriptional 962 . 2.35E-290 Chronic 98 339E-30 Cancer 183 698E-56
20b regulation by myelogenous
RB/E2F leukemia
hsa-miR- 148 672 Transcriptional 919 . 1.76E-277 Chronic 107 6.15E-33 Cancer 181 3.20E-55
26a regulation by myelogenous
RB/E2F leukemia
hsa-miR- 148 672 Transcriptional 919 1.76E-277 Chronic 107 6.15E-33 Cancer 181 3.20E-55
26b regulation by myelogenous
RB/E2F leukemia
hsa-miR- 229 1192 Transcriptional 1022 2.23E-308 Chronic 95 196E-29 Cancer 194  3.05E-59
27a regulation by myelogenous
CREB leukemia
hsa-miR- 261 1337 Transcriptional 1022 2.23E-308 Chronic 94 451E-29 Cancer 211 4ANE64
27b regulation by myelogenous
CREB leukemia
hsa-miR- 119 543 Transcriptional 430 4.36E-130 Glioma 85 346E-26 Cancer 139 141E-42
29 regulation by
Ets-domain
family
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Table 1 The large-scale human microRNA target networks (Continued)

Page 7 of 13

hsa-miR- 118 578 Transcriptional 422 1.15E-127 Glioma 82 1.55E-25 Cancer 146 144E-44
29b regulation by

Ets-domain

family
hsa-miR- 118 543 Transcriptional 430 4.36E-130 Glioma 85 346E-26 Cancer 139 141E-42
29¢ regulation by

Ets-domain

family
hsa-miR- 455 1494 Transcriptional 777 9.43E-235 Chronic 86 1.116-26 Cancer 195 2.39E-59
30a regulation by myelogenous

RB/E2F leukermia
hsa-miR- 455 1480 Transcriptional 781 1.086-235 Chronic 87 701E-27 Cancer 188 1.92E-57
30b regulation by myelogenous

RB/E2F leukemia
hsa-miR- 454 1495 Transcriptional 778 6.13E-235 Chronic 86 1.156-26 Cancer 191 3.63E-58
30c regulation by myelogenous

RB/E2F leukemia
hsa-miR- 452 1491 Transcriptional 778 7.28E-235 Chronic 86 101E-26 Cancer 195 1.96E-59
30d regulation by myelogenous

RB/E2F leukernia
hsa-miR- 455 1481 Transcriptional 780 1.29E-235 Chronic 87 7.25E-27 Cancer 188  205E-57
30e regulation by myelogenous

RB/E2F leukemia
hsa-miR- 261 905 Transcriptional 842 2.74E-254 Gastric cancer 80 885E-25 Cancer 157 4.19E-48
32 : regulation by

RB/E2F
hsa-miR- 219 642 Transcriptional 335 151E-101 Viral 59 1.62E-18 Epithelial- 83 7.76E-26
92a regulation by myocarditis mesenchymal

MEF2 transition
hsa-miR- 258 701 Transcriptional 328 1.59E-99  Viral 60 1.23E-18 Cancer 94 397E-29
92b regulation by myocarditis

MEF2
hsa-miR- 195 958 Transcriptional 972 2.37€-293 Chronic 92 247E-28 Cancer 181 2.77E-55
93 regulation by myelogenous

RB/E2F leukemia
hsa-miR- 142 688 Transcriptional 407  342E-123 Viral 36 106E-11 Cancer 106 1.37E-32
96 regulation by myocarditis

Ets-domain

family
hsa-miR- 162 671 Transcriptional 549 4.73E-166 Viral 85 266E-26 Cancer 126 142E-38
98 regulation by myocarditis

Myb
hsa-miR- 188 806 Transcriptional 492 1.10E-148 Hepatocellular 70 6.40E-22 Cancer 127 4.26E-39
101 regulation by carcinoma

AP-1
hsa-miR- 164 1028 Transcriptional 854 7.21E-258 Chronic 87 548E-27 Cancer 85 293E-26
106b regulation by myelogenous

RB/E2F leukemia
hsa-miR- 285 1346 Transcriptional 756 3.57E-228 Chronic 83 9.34E-26 Cancer 185  1.90E-56
124 regulation by myelogenous

RB/E2F leukemia
hsa-miR- 288 941 Transcriptional 339 1.19E-102 Adult T cell 66 1.308-20 Cancer 179 1.00E-54
137 regulation by lymphoma/

MITF family leukemia
hsa-miR- 199 867 Transcriptional 805  4.06E-243 Chronic 113 660E-35 Cancer 132 257E-40
147 regulation by myelogenous

RB/E2F leukernia
hsa-miR- 154 1019 Transcriptional 507 2.35E-153  Multiple 60 6.44E-19 Cancer 174 431E-53
153 regulation by myeloma

Myb
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Table 1 The large-scale human microRNA target networks (Continued)

Page 8 of 13

hsa-miR- 155 830 Transcriptional 344 228E-104 Hepatocellular 69 163E-21 Cancer 136 1.52E-41
218 regulation by carcinoma

AP-1
hsa-miR- 101 562 Transcriptional 1022 2.23E-308 Chronic 85 1.90E-26 Cancer 144 2.75E-44
372 regulation by myelogenous

RB/E2F leukemia
hsa-miR- 123 634 Transcriptional 918 2.45E-277 Chronic 76 171E-23 Cancer 130 528E-40
429 regulation by myelogenous

’ RB/E2F leukemia

hsa-miR- 156 601 Transcriptional 431 2.14E-130 Rheumatoid 77 5.90E-24 Adipogenesis 79 1.32E-24
495 regulation by arthritis

Ets-domain

family
hsa-miR- 394 1536 Transcriptional 317 469E-96  Viral 99 1.736-30 Cancer 172 143E-52
506 regulation by myocarditis

Ets-domain

family
hsa-miR- 281 1256 Transcriptional 811 5.32E-245 Chronic 106 1.34E-32 Cancer 220 8.03E-67
519a regulation by myelogenous

RB/E2F leukemia
hsa-miR- 281 1256 Transcriptional 811 532E-245 Chronic 106 1.34E-32 Cancer 220 803E-67
519b-3p regulation by myelogenous

RB/E2F leukemia
hsa-miR- 281 1256 Transcriptional 811 5.32E-245 Chronic 106 1.34E-32 Cancer 220 8.03E-67
519¢-3p regulation by myelogenous

RB/E2F leukemia
hsa-miR- 184 690 Transcriptional 1022 2.23E-308 Chronic 94 6.95E-29 Cancer 146 1.12E-44
520a-3p regulation by myelogenous

RB/E2F leukemia
hsa-miR- 182 690 Transcriptional 1022 2.23E-308 Chronic 94 6.95E-29 Cancer 146 1.12B-44
520b regulation by myelogenous

RB/E2F leukemia
hsa-miR- 182 690 Transcriptional 1022 2.23E-308 Chronic 93 9.28E-29 Cancer 145  1.77E-44
520c-3p regulation by myelogenous

RB/E2F leukemia
hsa-miR- 183 690 Transcriptional 1022 2.23E-308 Chronic 94 695629 Cancer 146 1.12E-44
520d-3p regulation by myelogenous

RB/E2F leukemia
hsa-miR- 184 690 Transcriptional 1022 2.23E-308 Chronic 94 6.95E-29 Cancer 146 1.12E-44
520e regulation by myelogenous

RB/E2F leukemia
hsa-miR- 252 1150 Transcriptional 344 326E-104 Multiple 84 436E-26 Cancer 161 4.24E-49
603 regulation by myeloma

Ets-domain

family

Among 1,223 human miRNAs examined, Diana-microT 3.0 predicted reliable targets from 273 miRNAs. Among them, KeyMolnet extracted molecular
networks from 232 miRNAs. The generated network was compared side by side with human canonical networks of the KeyMolnet library, composed of
430 pathways, 885 diseases, and 208 pathological events. The canonical pathways, diseases, and pathological events with the most statistically significant
contribution to the extracted network are shown. The table contains only the large-scale miRNA target networks generated by importing targets greater

than 100 per individual miRNA into KeyMolnet. See Additional file 1 for all the information on 232 miRNAs and their target networks.

efficient inactivation of the whole molecular network governed by the hub gene c-myb.
These results suggest a collaborative regulation of gene expression at both transcrip-
tional and posttranscriptional levels that involve coordinated regulation by miRNAs
and transcription factors.

The retinoblastoma protein Rb/E2F pathway acts as a gatekeeper for G1/S transition
in the cell cycle. The Rb/E2F-regulated G1 checkpoint control is often disrupted in
cancer cells. A recent study showed that miR-106b is directly involved in posttranscrip-
tional regulation of E2F1 [18]. E2F1 activates transcription of miR-106b, while miR-
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mitochondria nucleus

Figure 2 Molecular network of miR-15a targets. By the "neighboring” network-search algorithm,
KeyMolnet illustrated a highly complex network of miR-15a targets that has the most statistically significant
relationship with the pathway of ‘transcriptional regulation by myb’. Red nodes represent miR-15a direct
target molecules predicted by Diana-microT 3.0, whereas white nodes exhibit additional nodes extracted
automatically from the core contents of KeyMolnet to establish molecular connections. The molecular
relation is indicated by solid line with arrow (direct binding or activation), solid line with arrow and stop
(direct inactivation), solid line without arrow (complex formation), dash line with arrow (transcriptional
activation), and dash line with arrow and stop (transcriptional repression). The transcription factor myb is
highlighted by a blue circle.

106b targets E2F1, serving as a miRNA-directed negative feedback loop in gastric can-
cer cells [18]. Supporting these findings, we identified ‘transcriptional regulation by
Rb/E2F as the most relevant pathway to the miR-106b target network (the score =
854; the score p-value = 7.21E-258) (Figure 3, Table 1 and Additional file 1). The rela-
tionship between miR-106b and Rb/E2F would provide another example of coordinated
regulation of gene expression by miRNAs and transcription factors.

We found ‘transcriptional regulation by p53’ as the most relevant pathway to the tar-
get network of all let-7 family members except for let-7d (Table 1). It is worthy to
note that the tumor suppressor p53 regulates the expression of components of the
miRNA-processing machinery, such as Drosha, DGCRS, Dicer, and TARBP2, all of
which have p53-reponsive elements in their promoters [19]. Furthermore, Dicer and
TARBP2, along with p53, serve as a target of the let-7 family miRNAs, suggesting a
close link between p53 and let-7 in miRNA biogenesis [19]. The expression of let-7
family members was greatly reduced in certain cancer cells [20].

The micropthalmia associated transcription factor (MITF), a basic helix-loop-helix
zipper (PHLH-Zip) transcription factor, acts as not only a master regulator of melano-
cyte differentiation but also an oncogene promoting survival of melanoma. Recent stu-
dies indicate that MITF is a direct target of both miR-137 and miR-148b [21,22].
Again, we identified ‘transcriptional regulation by MITF family’ as the most relevant
pathway to both miR-137 (the score = 339; the score p-value = 1.19E-102) and miR-
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extracellular

nucleus

_mitochondria

Figure 3 Molecular network of miR-106b targets. By the “neighboring” network-search algorithm,
KeyMolnet illustrated a highly complex network of miR-106b targets that has the most statistically
significant relationship with the pathway of ‘transcriptional regulation by Rb/E2F. Red nodes represent miR-
106b direct target molecules predicted by Diana-microT 3.0, whereas white nodes exhibit additional nodes
extracted automatically from the core contents of KeyMolnet to establish molecular connections. The
molecular relation is indicated by solid line with arrow (direct binding or activation), solid line with arrow
and stop (direct inactivation), solid line without arrow (complex formation), dash line with arrow
(transcriptional activation), and dash line with arrow and stop (transcriptional repression). The transcription
factor E2F is highlighted by a blue circle.

148b (the score = 40; the score p-value = 3.91E-142) target networks (Table 1 and
Additional file 1).

Cellular responsiveness to glucocorticoids (GCs) is regulated by the delicate balance
of the glucocorticoid receptor (GR) protein, GR coactivators and corepressors, GR
splice variants and isoforms, and regulators of GR retrograde transport to the nucleus.
A recent study showed that miR-18a targets the GR protein, and thereby inhibits GR-
mediated biological events in neuronal cells [23]. Consistent with this, we found ‘tran-
scriptional regulation by GR’ as the most relevant pathway to the miR-18a target net-
work (the score = 1022; the score p-value = 2.23E-308) (Additional file 1).

Zinc finger transcription factors ZEB1 and ZEB2 act as a transcriptional repressor of
E-cadherin. A recent study showed that the expression of miR-200b, which targets
both ZEB1 and ZEB2, was downregulated in the cells that undergo TGF-beta-induced
epithelial to mesenchymal transition (EMT), and was lost in invasive breast cancer
cells [24]. We identified ‘transcriptional regulation by ZEB’ as the third-rank significant
pathway (the score = 155; the score p-value = 1.88E-47) and ‘EMT’ as the third-rank
significant pathological event relevant to the miR-200b target network (the score = 61;
the score p-value = 4.15E-19) (Additional file 1).

Discussion

In general, a single miRNA concurrently downregulates hundreds of target mRNAs by
binding to the corresponding 3'UTR of mRNA via either perfect or imperfect sequence
complementarity [3]. Such fuzzy mRNA-miRNA interactions result in the redundancy
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of miRNA-recognized targets. By targeting multiple transcripts and affecting expression
of numerous proteins at one time, miRNAs regulate a wide range of cellular functions,
such as development, differentiation, proliferation, apoptosis and metabolism. There-
fore, we have the question whether a set of miRNA target genes regulated by an indivi-
dual miRNA generally constitute the biological network of functionally-associated
molecules or simply reflect a random set of functionally-independent genes. If the for-
mer is the case, what kind of biological networks does the human microRNAome most
actively regulates?

To address these questions, first we identified the set of credible target genes for all
individual human miRNAs by using the Diana-microT 3.0 program. Then, we investi-
gated miRNA target networks by applying them to KeyMolnet, a bioinformatics tool
for analyzing molecular interactions on the comprehensive knowledgebase. Diana-
microT 3.0 identified highly reliable targets from 273 miRNAs out of 1,223 all human
miRNAs. Previous studies showed that the list of predicted targets for each miRNA
varies among different miRNA target prediction programs armed with distinct algo-
rithms, such as TargetScan 5.1 http://www.targetscan.org, PicTar (pictar.mdc-berlin.
de), miRanda http://www.microrna.org and Diana-microT 3.0 [25]. Therefore, miRNA
target networks are to some extent flexible, depending on the target prediction pro-
gram employed. Among the programs described above, we have chosen Diana-microT
3.0 because of the highest ratio of correctly predicted targets over other prediction
tools and the simplicity of setting a cut-off point for detection of reliable miRNA-tar-
get interactions based on the miTG score [11].

Here we found that highly reliable targets of substantial numbers of human miRNAs
actually constructed biologically meaningful molecular networks. These observations
strongly supported the theoretical view that miRNA target genes regulated by an indi-
vidual miRNA in the whole human microRNAome generally constitute the biological
network of functionally-associated molecules. A recent study showed that interacting
proteins in the human PPI network tend to share restricted miRNA target-site types
than random pairs, being consistent with our observations [26].

We also found that there exists a coordinated regulation of gene expression at the
transcriptional level by transcription factors and at the posttranscriptional level by
miRNAs in miRNA target networks. Recently, Cui et al. investigated the relationship
between miRNA and transcription factors in gene regulation [27]. Importantly, they
found that the genes with more transcription factor-binding sites have a higher prob-
ability of being targeted by miRNAs and have more miRNA-binding sites.

A recent study by miRNA expression profiling of thousands of human tissue samples
revealed that diverse miRNAs constitute a complex network composed of coordinately
regulated miRNA subnetworks in both normal and cancer tissues, and they are often
disorganized in solid tumors and leukemias [28]. During carcinogenesis, various miR-
NAs play a central role, acting as either oncogenes named oncomir or tumor suppres-
sors termed anti-oncomir, by targeting key molecules involved in apoptosis, cell cycle,
cell adhesion and migration, chromosome stability, and DNA repair [5]. Many miRNA
gene loci are clustered in cancer-associated genomic regions [29]. Furthermore,
miRNA expression signatures well discriminate different types of cancers with distinct
clinical prognoses [30]. In the present study, KeyMolnet analysis of miRNA target net-
works showed that the most relevant pathological event is ‘cancer’, when top three
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pathological events were overall cumulated. Furthermore, the highly relevant diseases
include ‘adult T cell lymphoma/leukemia’, ‘chronic myelogenous leukemia’, and ‘hepa-
tocellular carcinoma’. These observations suggest that the human microRNAome plays
a more specialized role in regulation of oncogenesis. Therefore, the miRNA-based ther- -
apy directed to targeting multiple cancer-associated pathways simultaneously might
serve as the most effective approach to suppressing the oncogenic potential of a wide
range of cancers.

Conclusion

The reliable targets predicted by Diana microT 3.0 derived from approximately 20% of
all human miRNAs constructed biologically meaningful molecular networks by Key-
Molnet. These observations support the view that miRNA target genes regulated by an
individual miRNA in the whole human microRNAome generally constitute the biologi-
cal network of functionally-associated molecules. In the human miRNA target net-
works, the most relevant pathway is transcriptional regulation by transcription factors
RB/E2F, the disease is adult T cell lymphoma/leukemia, and the pathological event is
cancer. In miRNA target networks, there exists a coordinated regulation of gene
expression at the transcriptional level by transcription factors and at the posttranscrip-
tional level by miRNAs.

Additional material

Additional file 1: KeyMolnet identifies microRNA target networks in 232 human miRNAs. The prediction of
target genes of individual miRNA was performed by Diana-microT 3.0. Entrez Gene IDs of miRNA target genes
were uploaded onto KeyMolnet. The generated network was compared side by side with human canonical
networks composed of 430 pathways, 885 diseases, and 208 pathological events of the KeyMolnet library. Top-
three pathways, diseases, and pathological events with the statistically significant contribution to the extracted
network are shown.
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SRIEB(LE (MS) &, PIRERRCARENSRL, EHRFEENTHR®BllRIMNET 2ECREBRETHDE
E£25NTHD, FEEEES LTTh1is £BICTh7HIMEESN TV, —7, REREBRISINIRRE
ek (NMO) ([Tl MARCF o FRUT4CHT 2ECHE GBAQPATE) DFEL, REEHICEST2LEA5N
TW3. MSEEDHRDLTHDIFN- B, ThiMEIROBEHTHEL CVSRECEMRIEFENSDD, Thi7{EiEbElu
mi“R? [(FEENTHDAEED DD, NMO (gﬁ?‘%’)?ﬁﬁ_ﬁﬁr BEEEUT, FICD20MFEEICRDRIEREEFNET
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FU®HIC

£ 5EE{LIE (multiple sclerosis ; MS) &, B#RERE
HaTHESBHBEFRELZEET A LI Y HERE
PELLFRBEZDOHCRERRTHSHEEZ LT
b, FREGHEMAERICE(AML, BE - EETHEIEL,
RIOETREGRELZ EOERFER IO, —7F, B
ZEBES (neuromyelitis optica ; NMO) &, TRZEHHLEHY
BHELFBCERL WS, DHEMSO—RELZ 2
LRTWd, BERBLFICT I 7THRY Y4(AQP4) &
VY IRF ¥ A VGFICHT 5 B EHE FLAQPAFLA) A
FETHIEFRERENTURY, MSLEERLHEETD
HEDEZFESETHA. FRETE, MS &£ NMO ORER
BBIUEN TN T 5 REFEOERZHIT 5.

.....................................................................................
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AT (Th) HREEEL L &b, FEOTAS A A
YEEMREAN ST A0 FERL ) BEERRERBICB VT
RThIMBEOERN 26 EPEET5L0ZAPELTHo
2. LPLEE fvF—ufFxY (L) -17T2EETHT
MAE (Th17#ikE) #*FH -2 ThlllAE & LTRE S,
MS®ZDEHWETVTHAIERNECREERETRLE
(experimental autoimmune encephalomyelitis ; EAE) ~
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MERBEEhTw5? . 44, Th17#E, ThiMkE L
E22THESE T, EAERBIIBWCTThIMRE LY
LEWREEEZETAAE L L CRBANZDS, FEIL-17
REAELTWATHIES, BICIEN- y BAEEEA LT
BTk, Wb AT (plasticity) 2 F$ 5 Z LATREE
nTwa?, I/, MSOFRBMPHEBEICBWTHIL-17E
EHBOEMPRESNTwEY. Z20—F 7T, ThiB i ¥
Th17HREOG{bd 2 W IREEOER LR TS 2 & %5
FENLIL-12 L IL23 OFAIHAR, BRICIIEN THo
7235 MSICBWITRERNHAMNEZZD o7z, LE
75, MSHRREEIC BT 5 ThiMifEs L O Thi7THE O EEXE
oW TIE, WELRERIZBLON T2, F/2, MSHHE
2B T, CD4" Foxp3 " fl#HE THifE (Treg) %2 £ D Treg
BEORFBIFESNTEY O, BEMEMMBE TregD /N5 v
AR, BREEEAMS ORESERINLTRESD 5.
—7, NMO OREREORED 123 AQPAHEDNE
ETHAH AQPAGFFIXHFHRMERSY THRT R bui
4 POREEREIFICEECHFEL TS, NMOZEM
BRT7TAPETA PERERFRICESL, EAEZHEL
727 ACNMO BEgG2& S Lz L 25, NMO B
LizREBGEIELN, BRERIEELALZZLS2L, T
AQPAEIEINMORE~Y— A — L E3 72T l, RER
BICECEL o TWwE EWVIBEXFTWENTHS. LHIRE
OFELIE, NMOEMS, BEEOREMBHEESEOE
ERREL, o028 L BN, NMO KBWTHESFME (7
GARTIAN)PERECENMLTwEZEERWELL,
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MSHRENOESHIRESNDREERS KU Treg EREFEEOEESNSERR (O~G) £R7.

25z, FIATTIA PIKREMLFDE 23 AQPATE
EAMETHY, 7IAITIA T OEFES X UHAQPAH
BEECIL6PEETHAUEEEERLEY . T2, BRE
AIZE AERL, BRHEAHBEOAFBERHICE SN AMS
FARE ST Y THEEICS {, Bk OSMS (opticospinal
MS) L FEEN TV 72235, OSMSD30~60% ixHt AQP4HT
EEETHAZLEFHELPLERY, FORBERRERR
NMOLEMPLTWELEEZLNTWE, O OSMSDHE
W2 B v T IL-17, IL-8, G-CSF (granulocyte colony-
stimulating factor) & Vo2 IL-177 7 3 J—&ZNITXY
SEINLFAL AL VOEMEREDONEY. T,
NMO OBEH Tz~ T AN ThlTHIRALICEER YA b A
LV THBIL-6HEML TS, INLOHERS, NMO
DFEHRCHERE L & b2 Thi7THlE P IL-6 25H 5 LT
WBHEEEIVRIBE LS.

.....................................................................................
.....................................................................................

MSBLIUNMODAKEEROEBEREE LTI, AFNV

T Vol.30 No.10 2011

- 169 —

LRV ury2E0RA7Fu4 FAESBEEERE OWVA
R RPMELTREBESAVORS., ThE Edic, MSEB
LTTNMO OBEICBWTIE, BEEZFH T BENSENN
THEBEENTFRE~NOBER2EILIATRDIDEETD
%, IFN- JREREBAEAMSOBERTHEEEL LTEDA
CHWBRTWS, FREELDICMSEFNI0~50%7°
IFN- f 7 Y VAR Y ¥ — (EHE) THAH LHRESN TS,
IFN- f O EFBER L LT, Thififa Thl7#la~D%
{LOEH, B 2\ IZIEEMRREE ICER 2 MMP-9 (matrix
metalloproteinase-9) D#fl% &, Bs RRRFEH SN T
Vw5, 4, MSTREEICET B IFN- f ORENRETERIC
DWTH - LRHMREDR D 072 Axtell b, BERERFEN
Th1#a CHEL - EAEICIXIFN- 2SEZITH Y, HICH
BEAESENThTHE CHEL-EAEIRIFN- fEEICE
DEROEESAR OIS L2HELL. ThHIMEZBAL
CTHEL7-EAE T, IFN- fHBESIC X VEBTOIFN- »
EEORS L, WEBET A4 A4 VIL-10EEDOEH2EN
BEDHLNIZ, TDXIRIL-10EETERZIFN-y /v 7
77 rYTACREAS N 2hol & d b, IFN- f 3°E
LR RETAROIEIFN-y YT VBLEEZEZL DN
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7. —7, ThITAFEHEAE T, IFN- S #5112 X Y B

TOIL-17TEERET T2, IL-10EEICEME R L, FH

TIL-17EEMBEI G LAEMLTwizZ &h 5, IEN- y B
EOTENZITIIIFN- S0k B IL-10EAEFEIE UF,
BESEFR A WEEZ LN &6, IFN-8/ L
ARV F -2, BEMOMEFIL-17F & IFN- B BEDS
VARY F— (BHE) L ERTE—BIEEL, Y9 AD
EBRLALL, Thi7IEE LT 2 RETIE, TEN- ST
PEFTHLZLARBENSZD . 20X, MSORKEEIC
B ThLICES L Twv 24REE & Thi7 1o RE L Tv 2 REEXE
ETHIEEMD D 5. BIEICIIIEN- JIBESER Th 275
BETICLARERZEMSETLE) WEEESH Y, B
PUETHB.

MS OEZREHFREL LTI, F0oMicd £EfREisiz
DIE7, MSIREBICH L - REEHEFFREZFLCHNS
NTwa. (1) FRBERNOREMBEOEE 2 I T 2%
. Q) HTEBETHRICX ABERECTESE HET 3
EH. Q)AEKLYBHREZERETIER, 2EThH2.

D ELTIE, 77V A TRFIYT205% 5. +5 U X<
TRe MR ad4 VF U YE) JU—FAFETHY, &
BERMBICIEL BE TS a4814 V5279 ¥ EVCAM-1
(vascular cell adhesion molecule-1) &\ 3 EESFOREE%

1062

BMETAEEF DY, PREAER~NOXELRREEZHEHE
THEEEET A MSOBRELZHERICETSE, BkT
BREEFEEMSOBERL LTERERTWA. FTY720i,
U YREIRTIRY YRR LD URBRORBICLER Y
FINVEEETAFHEEWTH S, UV HIrLDY V3
BOWHITIZ, A7 4 YTV 1Y B (SIP) 25 V58 b
DSIPEFMFICHEET 5 Z L HNERED, FIY720 4K T
U VBME I e, SIPIZA/BICTI=A e LTHET
A, INITL Y SIP1ZREOMEA Dinternalization
RHEL, R LTSIPIHEETE % SIP1 SHGEI
AL, VY NRBRESIPRISHEE 25, ZOEE, THIZZY
YNRBIIBOLNSZLIZRY, BRERCEETAY ¥
NEPBIL, REDIHEhELEZ NSO,

(2) £ LTIZEEBRY 7 F 5 = — (copolymer-1) 2% 5.
CHUIREEE S VR BD1OTH B I VIEEEY YRy
H (myelin basic protein ; MBP) & /] UHE CRA Shiz4
BEOTI/BROTVFARIT—Thb. BEESITTFT
T—@BYUVABIVTL FOFEMHCY SATSFREWT
TAZT4—TRAETAZEICIY, MBP 2 FOBEHE
B GANGFIEATA L 2 BAWICHET 5.

(3) XHLCD20HETH Y, EAEL )BT RET S
ET, PRIMSOEBERZ2FECETERLILIREN
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Twa (K1), .

NMO OREFEICE LT, MS & DEWIZIFN- ICH3
BEBETHSL. NMORBRENDIFN- fIREICBWT,
2o TEFELLAPHEEIN//20, BETIENMO &3]

EEINE, IFN- I ER L& v, IFN- f 2SNMO 3L
TESHTHHIERITFHETH 27, FN- pHREEE BV
T, MiEFBAFF (B cell-activating factor belonging to the
TNF family) IEH L5 & L BE S AT 5, BAFF
BBHMBEFESCTILZRETAIRFELCEEL D,
NMO B W TETHAQPAAELE L L ERELZH# L
T, EROBAZFIERBIITTRESEZ 61AT ., NMO
OEEMFEEL LTE, BE BOX 704 FEFFLT
B, MSH#, FLCD20HEIC & 2 BB EEENE
HCHoLBEESNTVS. Zhid, NMOBEIC B 51k
BREOEERLFETH/RTHL. Tz, BHEHTI
B, BEOMERRICETE, NMO T 2 HIL-6SA
GHEEREOBRRIIATEE L Tw5 (K2).
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MSITIZIFN- B D3B3 — B L B\ —FIFEL, 3E
Wi Th17 S IFN- B 3SR ERRICES LT3 TR
BHBH. FT, NMOKBWTH Thi7THE LERERENE
ERFRREINTEY, L3 IFN- f 3EZTH 5 ik
FEv. BEXY, MS, NMO 0fESEEICE T, E4
DEECBTHRERFERI L7229 2T, EEZERY
LBLULPEETHHEEZOLNA.
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FF 25 )VF 5 —T (natural killer T: NKT) i@ D51k & BERE

r=x/ ikl

TEERFEFREEE

NKTH#IRZIE, FIZCDIAMRMEICIEE TR 2

AT OTHEERTHD, NKY—H—% bRHT

BT, WEHRINKAAS, BEOTHIES, MREE LEMEICRRT 2 FEEBESHUR
(MHC) + R/ F FHFEIC K DEDBIRER TERT B DI L, NKTHIIZIM@EME L DCD1d +
EEFIRIC XD IEORIRICE DERT 2. BBBERMRIC K 52ROBE, NKTHIREIERRER
LU0 5—ROBHSEERBIZEL, BEA-BBEEROT vy TZBELT S, T - K
B SRR TEET, KE - SENE2HEL, HEEROERCERICS XIEREEE
52185, AR THE, NKTHAO L= — 7 iafket & REHIE OER 72 /REEICDOWTHEA L

7z,

Key words: E#R1) >/NBk, NKTHElE, CD1, Mafgmsre, BEEY TR

Eo®IC

FF a2 FI)bF T —T (NKT) #ifaid, +Fa2 )+
Z— (NK) fifgo~—h—2RB L Tldnsa, #E
FEBR TEUETHIEFEZ A/ (T-cell antigen
receptor: TCR) ZH § ATHIEO—HRHTH 5, PFEIZ
13, CDIMMIRMEICIERTF RIE (B A 7+ D/
JUROBEEYY VRB) FREERHEL, BETET
METhd, FEMABEEGHNEESHK (major
histocompatibility complex: MHC) #3RIEIC R TF R
FR(Tbby NI E) 2RBBT DAL A M) —LA
THER (LAF, THIRE) SI13EERHUR L /X— MU —ICHATE
RERNDHY, RERVETH B, FRFEIIT) LB
/=D, CD1d&FEEMHC class IH5F Tdh D5MRI
(MHC-related protein 1) #J5R{E DRGEEREE A >N 7 >
NTHIME (mucosa-associated invariant T cell: MATT)? HNK
N—H—EHETHERY DN TH O, NKTHIEHE
HELTHREMICOETRETH D720 TH S (Figure
Do 72720, RARELUTMAITE L THY OB TV —
O E L TIRAZEE PRIV ED, £BET
[EEIZCDIAHRIEDNKTHIfZ D A 28y, LUF, HIZ
NKTHEfE & 507

NKTHIfEE, VBSEEL L TVBR8ZERAT HCD48"
(double negative: DN) Mllf* & 2 W23, CD4*HE#T, IL-
AERPEAEMEY, TP EHBRBREAICHHT S &8,
RUAZRWETHOMETREENE. F D,

T cell

Mainstream T cell
MHC class Ia-restricted. CD8* T cell
MHC class H-restricted: CD4* T cell

MHC class I-like (class Ib)-restricted-
v8-T cell (TL, etc)
H2-M3-restricted CD8* T cell:

(ap type)
CDld-restricted NKT cells
type I NKT cell iNKT cell)
type Il NKT cell
MR1-restricted NKT cell

Figure 1. Two major subsets of T-lineage cells

T cells are basically classified as mainstream T cells and innate T
cells. Mainstream T cells contain class I-restricted CD8* T cells
and class Il-restricted CD4* T cells. Innate T cells that are class
Ib-restricted contain 7 0 - type T cells, H2-M3-restricted CD8* T
cells, and NKT cells. NKTcells (mostly & 3 type) contain CD1d-
restricted type I G(INKT) and type Il NKT cells, and MR 1-restricted
NKT cells as known as mucosa-associated invariant T (MAIT)
cells.
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NKTHIR OARFE Ve & U TVal4l o281 GRIETIX
Vald Jal8 EMEEN %) A S Mz X /=2, d7kb
B, VahiFEl— FRE=1NUT7 b)) THD, VBEH
HVES (HDWIT, D IRE> THEHAINTNSDT,
KL ONKTHIIEIE (2 3) 1 > NU 7 > FTCR (iTCR
=Val4lal8/VBS, 7, 2) ZFHR T HTHIME (¢« BEY) H
BEEZTEIN, TOF¥ A JONKT (INKT) HfidEs
WEDE, BT AHRSTF, JuobhyasSUHS
K, Bl BAEAORELLTIINFI—RHEIO—
R ENRER c BEINZ. Cho2FRTS 2
ET, TOI—UIRRECER S OB KR4 L
SEMICEN, RETIIEE - BRE - BECRERED
BEANOBANHHEINDIZES>TNBY,

772, NKTHilgz# D HaeELsMcid, RIZBICH
DI ICIE EIR VY, AR TIEINKTHIAE O fa iR
BIRSPUEGER, SR SERBORBESCER
IR 215, NKTHERIORHEZFIR L/ fiigia g o
 ETREMEIC D WTTHT « BRSOV T, BRAIER L%
D7,

1. NKTHIB D Ba RPN 5k & B gt
(1) BIEKAEA

THIAERH TH AN I — 7 g 2 H 9 5NKTH
g, EDEIHEREZWBEDTHA D 0. BIE
KEMDRDDEZAFND D, Tiabs, THIREFEL
BREEES, T2F LRBETEHBR TITCRE B
L, Sty H > RTEBIRI NS OANKTHIIIZ /25

ENWSEZIF (LI a BTV &, B EIER
B THIR AL DB 6 T 2 JIRE 285 & T
BEZH (VA MAYNETI) TH B, NKTH
fa I BB DEET (Runxl, ROR7t) ZCD4*8*
(double positive: DP) R /v 7 7 k (KO) T 5%
&, NKTHIFASMEHSRIRW T &, S8 ACED
7=DP /)i 58RI N TNKTHIlIZE L 5 2 & 2R
LTHRY, ELI2aEFhEZRHLTHnSE, —7F,
DP& D & 5K 53 Td BDN (CD48/CD44725",
lineage markers (Lin) 73 T & HDN4“, & 5I1IIKH
B & U CHIDNIEEIC B X 5 CD4-8/CDA44+25/Lin™Hi 43 TH))
DOFFIINKTHIAE % 43 2 s B A A Hi Hiske 5 D,
FLaAZY PAYMETINELRHTAHEETHD, @
EFIIVAHEIRYTH B0, NKTHESWTIO
BENSBERLED DM, BERBELZNTVHS,
(2) MR L & IE DRIRICE D B HIR

NKTHIRE®, A X hU—LATHE & RS D%
FRICHAEASHETH 55, NKTHIIIEHECDAS (BX
UCD4A8)Y 7=/ F 1 T2ETHMIATH B0, RN
BRI ECclass TT MHCH T Tid/a <18, #¥iiZclass I
MHCORHEEZRT B2 707107 > (B2m) KO
RYA TS adZ &nsY, L& —(E
OERICE B PUEMBEIR RS FEEHR-RP T4 Tt
Ly —ZBIIE Ly —E L) BmEatEn T —
T Belass IMHCH % Widclass b F—ThHh D T &
METHEA L. 51, BHFRREHEFASTIAD
EERN S BB E T FOS, 16 B8R O BUR SR HTE

| ]
| Thymic selection

Precursor
Bone marrow :

Infrath_y;ﬁié cgilular itn'téraéﬁbhg .

Thymocyte/thymic epithelial cell

Thymocyte/BM-derived cell

Periphery

S Positive
-\ selection

(NKT cell)

Negative selection

Figure 2. Intrathymic T cell selection

T cell precursors interact either with cortical thymic epithelial cells (cTEC) or bone marrow-
derived cells, such as CD4*8* (double positive; DP) thymocytes or dendritic cells in the
thymus to be positively or negatively selected. Mainstream T cells are positively selected with
¢TEC and NKT cells are positively selected with DP thymocytes. Negative selection could
basically be conveyed by any type of cells but efficiently be executed by dendritic cells.
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FF a2 Z)0F T —THIIE O3k & e —RTiRE—

MAgIc T2 <, RF—fICH 2RICIEDRIR 2520
B EMNGIo Tz (Figure 2)'8, ZHUITHIAEAS, Hafs
BE bR fAE _E Dclass T (CD8Y) & % Waldclass IT (CD4*)
MHCHURIC KD, EDOBREZTERT D E NS5
B EWBERNT, FEIREZLETHS,

D, ZOERHME EICRRENS BmES
73 FIECD1dTdHh DY, NKTHIFICDIMEMEICHIR 2
R TATHIRTH B Z EAMBHL /=, CD1dIZCD1
77 2U—IZBT SIEHMAICDIN T TH S (Figure
3A)2, KODEMEZIT S5, DPREME LD
CDIAZTIC R O BERE N2, AL L =NK L1
FHDPE THMENETT 2 EEFHRET T X (TCRu
KO) MfFfiia CRIE L 2 BRI IL-22 £ 9 508, DP
LRI E TUNDENET LR A IRHIAE (Ick
KO, TCRB KO) L OEETIIIL-2EEA LIz, 72
B, CD17 7 2 J—DHMAICDI (CDla~c) 1, b+
WIZELET 2, YUATIERIEBLTWS, HMH
CDLIZDWTH, ZECDUFRHTHBENEFEL, af
B, vy OROWMTMEZ SO, T SIINKTHIM & ¢
s,

Gy —UH > RENKTHIIEU H> R
NKT (B78%) #ifilZ, CDI1dic &V IEDEIR %2145

{358 L5 —Th3CDIdLIIERINTNS
EMOU AL R LTI —UH RERT) 2K
R L B EiTie b, TOT LKL, CDldEiCHE
BHURZ RS 5 7290 D 43T —microsomal triglyceride
transfer protein (MTP)2, saposinZ FOt w795
cathepsin LEDKO T, MARICH T HZNKTHIEAS
BEINDZENSHZTOFEENIFING, LY
Z—UH RAREFHTH D0, £THRKFAESN
T EREANKTHIBE OWE ALY > K (LAUFERICU 2R
EBYITDWTHEEICIRS, EL I —U T REY
A2 REIBTUBRE—Th 2 40ETR<, THIETIX
B2 (RTFR)EEBASNTNSN, NKTHIlETE
DX DIBIRICH 20EFMHAST N THIRN,
FRANKTHIBE DU 7 > R, HEEZREZEEKC
WHERRY D 5 RE I N/ZKRN7000 (agelasphin:
(28, 38, 4R)-1-0-(a-D-galactopyranosyl)-2-(N-
hexacosanoylamino)-1, 3, 4- octadecanetriol = ¢-GalCer)
2ICD1dICHEE L, NKTHlgZiE ks me L
THREAE SNz (Figure 4).  a-GalCerlIF N HMEKT <
TEUHAY R THBMN, U—MEamEL T, OCH(Th2
BURRA Y > Ry, a-C-GalCer (C-glycoside: ¥ AT
W3 Th1ZRR Y 7> R)YS, q-carba-GalCer (RCAI-56: Thl

A
Human
7 I T e T
C
hromosome 1 B Jlj-__[:'[ — |
Gene name: CD1D CD1A CD1iC CD1B CDIE
Previous name: R3 R4 R7 R1 R2
Protein name: CD1d CD1a CDic CD1b CDie
Mouse
—-> &= Gene name: CD1D1 CD1D2
Chromosome 3 .__D_'_.__..______ Previous name: mCD1.1 mCD1.2
Protein name: CD1d1 (CD1d2)
B
CD1 | human Ligands/function mouse
CDla + Dermal wax (Moody DB), Dideoxymycobactin (DDM) -
CD1b Glucose monomycolate (GMM) -
CDic + Mannosyl phosphomycoketide -
CDh1d + Sphingo/glycero glycolipids -phospholipids +
CDle + Lipid chaperone -

Figure 3. CD1 gene loci in human and mouse and the ligands for CD1 molecules

A. Gene loci of human and mouse CD1. Human CD1 loci contain three sets of classical CD1
molecules, CDla, CD1b, and CDlc, and two sets of non-classical CD1 molecules, CD1d and
CD1e.”® Mouse possesses only CD1d molecules, CD1dl and CD1d2. In B6 background,
CD1d2 contains premature stop codon and is not expressed. In other strains, such as BALB/c,
AKR,NOD, and 129, CD1d2 has (C—W) mutation in &2 domain that affects surface expression,
suggesting that the function could be limited.

B. Ligands/function for CDI molecules.
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