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Background. MiRNA regulates cellular processes through acting on specific target genes.
Hundreds of miRNAs and their target genes have been identified, as are many miRNA-
disease associations. Cellular processes, including those related to disease, proceed
through multiple interactions, are often organized into pathways among genes and gene
products. Large databases on protein-protein interactions (PPIs) are available. Here, we
have integrated the information mentioned above to build a web service platform, miRNA
Disease Regulatory Network, or miRDRN, for users to construct disease and tissue-specific
miRNA-protein regulatory networks. Methods. Data on human protein interaction,
disease-associated miRNA, tumor-associated gene, miRNA targeted gene, molecular
interaction and reaction network or pathway, gene ontology, gene annotation and gene
product information, and gene expression were collected from publicly available databases
and integrated. A complete set of requlatory sub-pathways (RSPs) having the form (M, T,
G,, G,) were built from the integrated data and stored in the database part of miRDRN,

where M is a disease-associated miRNA, T is its requlatory target gene, G, (G,) is a
gene/protein interacting with T (G,). Each sequence (T, G,, G,) was assigned a p-value

weighted by the participation of the three genes in molecular interactions and reaction
pathways. Results. A web service platform, miRDRN ( http://mirdrn.ncu.edu.tw/mirdrn/),
was built to allow users to retrieve a disease and tissue-specific subset of RSPs, from which
a miRNA regulatory network is constructed. miRDRN is a database that currently contains
6,973,875 p-valued sub-pathways associated with 119 diseases in 78 tissue types built
from 207 diseases-associated miRNA regulating 389 genes, and a web tool that facilitates
the construction and visualization of disease and tissue-specific miRNA-protein regulatory
networks, for exploring single diseases, or for exploring the comorbidity of disease-pairs.
As demonstrations, miRDRN was applied: to explore the single disease colorectal cancer
(CRC), in which 26 novel potential CRC target genes were identified; to study the
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comorbidity of the disease-pair Alzheimer's disease-Type 2 diabetes (AD-T2D), in which 18
novel potential comorbid genes were identified; and, to explore possible causes that may
shed light on recent failures of late-phase trials of anti-AD, BACE1 inhibitor drugs, in which
genes downstream to BACE1 whose suppression may affect signal transduction were
identified.
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Abstract

Background. MiRNA regulates cellular processes through acting on specific target genes.
Hundreds of miRNAs and their target genes have been identified, as are many miRNA-disease
associations. Cellular processes, including those related to disease, proceed through multiple
interactions, are often organized into pathways among genes and gene products. Large databases
on protein-protein interactions (PPIs) are available. Here, we have integrated the information
mentioned above to build a web service platform, miRNA Disease Regulatory Network, or
miRDRN, for users to construct disease and tissue-specific miRNA-protein regulatory networks.
Methods. Data on human protein interaction, disease-associated miRNA, tumor-associated gene,
miRNA targeted gene, molecular interaction and reaction network or pathway, gene ontology,
gene annotation and gene product information, and gene expression were collected from publicly
available databases and integrated. A complete set of regulatory sub-pathways (RSPs) having the
form (M, T, G,, G,) were built from the integrated data and stored in the database part of
miRDRN, where M is a disease-associated miRNA, T is its regulatory target gene, G, (G,) is a
gene/protein interacting with 7' (G). Each sequence (7, G, G,) was assigned a p-value weighted
by the participation of the three genes in molecular interactions and reaction pathways.

Results. A web service platform, miRDRN (http://mirdrn.ncu.edu.tw/mirdrn/), was built to allow
users to retrieve a disease and tissue-specific subset of RSPs, from which a miRNA regulatory
network is constructed. miRDRN is a database that currently contains 6,973,875 p-valued sub-
pathways associated with 119 diseases in 78 tissue types built from 207 diseases-associated
miRNA regulating 389 genes, and a web tool that facilitates the construction and visualization of
disease and tissue-specific miRNA-protein regulatory networks, for exploring single diseases, or
for exploring the comorbidity of disease-pairs. As demonstrations, miRDRN was applied: to
explore the single disease colorectal cancer (CRC), in which 26 novel potential CRC target genes
were identified; to study the comorbidity of the disease-pair Alzheimer's disease-Type 2 diabetes
(AD-T2D), in which 18 novel potential comorbid genes were identified; and, to explore possible
causes that may shed light on recent failures of late-phase trials of anti-AD, BACE| inhibitor
drugs, in which genes downstream to BACE [ whose suppression may affect signal transduction

were identified.
Keywords: Diseases, database, service tool, disease-associate miRNA, disease and tissue-

specific miRNA-protein regulatory pathway, disease target gene, comorbidity gene, colorectal

cancer, Alzheimer's disease, Type 2 diabetes, anti-AD BACE! inhibitor drug
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Introduction

Protein-protein interactions (PPIs) are critical to almost all biological process, and a good
knowledge of the network of interacting proteins is crucial to understanding cellular mechanisms
[1]. Recent advances in biotechnology, such as high-throughput yeast two-hybrid screening, have
allowed scientists to build maps of proteome-wide PPI, or interactome. Conventionally, a PPI
map is a static network, in which each node represents a protein and an edge connecting two
proteins indicates that there is experimental evidence showing that, under certain circumstances,
the two proteins would interact. In reality, a PPI network (PPIN) should be viewed as a dynamic
entity: it is an interaction network that is intrinsically controlled by regulatory mechanisms and
changes with time and space [2], as determined by the physiological condition of the cell in
which the proteins reside. If there is a PPIN that includes all possible PPIs, then, under a specific

physiological condition only a specific sub-network of the PPIN is realized.

MicroRNAs (miRNAs) are small (~22 nucleotides) noncoding regulatory RNA molecules in
plants, animals, and some viruses. In a process known as RNA interference (RNAi1), a miRNA
regulates gene expression by destabilizing and/or disrupting the translation of fully or partially
sequenced mRNA [3, 4]. In this way a miRNA regulates the formation of all PPINs to which its
target is connected, and by extension all biological processes with which those PPINs are
involved. As well as acting as a tumor suppressor gene, a miRNA may also act as an oncogene,
say, by targeting a tumor suppressor gene [5]. The function of a specific biological process, or its
malfunction, such as associated with a disease, typically involves a complex composed of a set
of miRNA-regulated proteins, together with their interacting protein partners. The study of such
miRNA-protein complexes should be an integral part of understanding biological processes [6]

as well as diseases.

An understanding of the molecular and physio-pathological mechanisms of diseases is crucial for
the design of disease preventive and therapeutic strategies. The combination of experimental and
computational methods has led to the discovery of disease-related genes [7, 8]. An example is
the causal relation connecting the malfunction causing mutations in the enzyme phenylalanine
hydroxylase to the metabolic disorder Phenylketonuria [9]. Many human diseases cannot be
attributed to single-gene malfunctions but arise from complex interactions among multiple
genetic variants [10]. How a disease i1s caused and how it can be treated can be better studied on
the basis of a body of knowledge including all associated genes and biological pathways

involving those genes.

Diseases are usually defined by a set of phenotypes that are associated with various pathological

processes and their mutual interactions. Some relations between phenotypes of different diseases
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may be understood on the basis of common underlying molecular processes [11], such as when
there are genes associated to both diseases. It has been shown that genes associated with the
same disorder encode proteins that have a strong tendency to interact with each other [12]. More
specifically, one may consider two diseases to be related if their metabolic reactions within a cell
share common enzymes [13]. Networks of PPIs have also been studied in the context of disease

interactions [14, 15].

Here, we report on a web service platform, miRNA Disease Regulatory Network (miRDRN)).
The platform contains two parts, a database that, in its current form, contains 6,973,875 p-valued
miRNA regulatory sub-pathways associated with 119 diseases in 78 tissue types built from 207
diseases-associated miRNA regulating 389 genes; and a novel web-based tool that, using the
miRDRN database and public protein-protein database, facilitates the construction and
visualization of miRNA regulatory networks for user specified single diseases and, for
comorbidity studies, disease-pairs. We demonstrate three applications of miRDRN: to explore
the molecular and network properties of the single disease colorectal neoplasm; to study the
comorbidity of the disease-pair, Alzheimer’s disease (AD) and Type 2 diabetes; and, by using
miRDRN to construct a miRNA regulatory sub-network centered on the gene BACE, to look for
insights that may explain why several anti-AD, BACE inhibiting drugs that failed recent late-

phase trials worsened conditions of treatment groups.

Materials and Methods

Data integration

Data on human protein interaction (BioGRID [16]), disease-associated miRNA (HMDD [17]),
tumor-associated gene (TAG [18]), miRNA targeted gene (HMDD, TarBase [19]), molecular
interaction and reaction network or pathway (KEGG [20]), gene ontology, gene annotation and
gene product information (GO), and gene expression (GeneBank) were collected from publicly

available data bases (Table 1) and integrated.

Construction of miRNA regulatory sub-pathways

We define a regulatory sub-pathway (RSP) as a linked sequence (M, T, G, G;) (Figure 1), where
M is a miRNA, T is its regulatory target gene [18,19,20], G, is a gene whose encoded protein (p;)
interacts (according to PPI data) with the protein (p7) encoded by T, and G, is a gene whose
encoded protein (p,) interacts with p;. In what follows, when there is little risk of
misunderstanding, the same symbol will be used to represent a gene or the protein it encodes.

The idea of RSP construction is this: given a miRNA and a target gene 7, we use PPI data [17] to
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collect all RSPs by extending from 7 two levels of interaction. For a given disease, all such sub-
pathways emanating from every one of the known miRNAs associated with the disease [18] were

constructed.

Jaccard score of a regulatory sub-pathway

The Jaccard similarity coefficient base [23] were used to score the RSPs, based on the
assumption that there is a tendency for two directly interacting proteins to participate in the same
set of biological processes or share the same set of molecular functions. Given two sets S1 and
S2 (in the current application, a set will be either a list of biological processes (BP) or a list of
molecular functions (MF), both according to GO [21]), the Jaccard coefficient (JC) of S1 and S2
1s defined as,

1S1 N S2|

JC(S1,82)=———
1S1U S2|

Where M is the union (of two sets), U is the intersection, and |Z| is the cardinality of Z. JC,
which ranges from 0 to 1, is a quantitative measure of the similarity between two sets. For
example, when S1 ={a, b, ¢} and S2 ={ b, ¢, d}, JC (S1, §2) = 2/4=0.5.

Let (M, T, G, G;) be an RSP as defined in the previous section and denote by [G] the set of
biological processes (or pathways) [20,21] that involve the gene G. We define the Jaccard score,
or JS, of RSP as,

JSx (T, Gy, Ga) = 5(JC ([T, [Gi]x) +JC (Gilxs [Galx)

Where X may be BP or MF. If the pair [7] and [G;] do not share a common term, then the
corresponding JC has a zero value; similarly for the pair [G,] and [G;]. In either case the RSP,
(M, T, Gy, G»), whatever M is, is considered to be not viable and discarded. Note that the JS of an
RSP depends only on the genes in the pathway, not on the miRNA. There could be multiple
RSPs emanating from a miRNA associated with a disease, and these RSPs may be ranked by
their JS’s.

P-value of a sub-pathway

A p-value for an RSP (M, T, G, ), independent of M, was assigned as follows. Let the total
number of BP (or MF, as the case may be) terms be N, and the number of terms in [T, [G], [G2],
[T] N [Gy], [G1] N [G2] be x, v, z, ny, and n,, respectively, then the p-values, Py and P,, for (7, G)
and (G, G») are respectively
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The p-value for the RSP was set to be the greater of P, and Ps.

Construction of disease-associated miRNA regulatory network

A disease-associated miRNA regulatory network (RRN) is constructed as follows. Step 1. Select
a disease. Step 2. Collect all miRNAs (M’s) associated with the disease from HMDD [17]. Step 3.
Collect all target genes (7°s) of the collected miRNAs from HMDD [17] and TarBase [19]. Step
4. Construct all RSPs (having the from (M, T, G,, G,)) using PPI data (BioGRID) [16] and
compute the Jaccard coefficients (JCs) of the two PPIs in each of the RSPs. If either one of the
JCs has zero value discard the RSP, otherwise the Jaccard score of the RSP is taken to be the
mean of the two JCs. Compute the p-values of the RSPs. Step 5. Construct an RRN from entire
set of generated RSPs by linking (pairs of) genes from different RSPs whenever the proteins

coded by the genes have interaction according to PPI data (Figure 2).

Results and Discussion

miRNA Disease Regulatory Network (miRDRN) — A web service platform

We built miRDRN (http://mirdrn.ncu.edu.tw/mirdrn/), a web-based service that allows the user
to construct a disease and tissue-specific, p-valued, miRNA regulatory gene network, or miRNA
regulatory network (RRN). The current version of miRDRN contains 6,973,875 p-valued RSPs
constructed through 389 miRNA-regulated genes from 207 diseases-associated miRNAs
associated with 119 diseases (Table 2).

User may use miRDRN to explore a single disease, or the comorbidity of a disease-pair. In the

course of either type of study, all relevant miRNAs, genes, and RSPs are made accessible to the

user in tabulated form, and RRNs in the form of interactive maps, both of which may be
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downloaded by the user. Often a map is too large for practical visualization, and in such a case
the user may use options such as setting a p-value cut-off, or requiring a specific gene to be

present in the map, or both, to obtain a partial RRN.

The entrance interface of miRDRN (http://mirdrn.ncu.edu.tw/mirdrn/) asks the user to select
“Single Search” to explore a single disease or “Comorbidity Search” to explore the comorbidity
of a disease-pair (Figure 3). Next the user is asked to specify the disease or disease-pair to be
explored and tissue/tumor types, and p-value threshold for RSP evaluation, as well as several
optional inputs. The user may then click on “Query” to start the start the search engine (Figure 4).
Tabulated results of diseaseassociated miRNAs and their target genes (Figure 5), a multi-page
list of all RSPs (Figure 6) and, in the case of Comorbidity Search, a list of all comorbid genes
(Figure 7) will then automatically appear. After the first, automatic iteration, the user may reduce
the size of the RSP-list by using the “Gene filter” and “Show top ... sub-pathways” options
(Figure 6). The next interface (Figure 8), in ready mode on first appearance, waits for the user to
select one of three network layouts: “Tree”, “Circle”, or “Radial”. After “Go” is clicked on, the
platform displays an interactive map showing the RRN built from RSPs selected by user-
specified options (Figure 8). When the mouse is placed on a node (a miRNA or a gene) on the
map a small text window opens to show the name of the node and annotations from GO, OMIM,
KEGG and GeneBank databases.

Three applications of miRDRN

Case 1. A single disease study of colorectal neoplasm

Here we demonstrate a single disease application of miRDRN. After logging onto
miRDRN’s main interface (Figure 3), click on “Single Search” to see a new window and
select a disease and other options as desired. For the present case “colorectal neoplasms” (or
colorectal cancer, CRC), tissue type “colorectal tumor”, pathway ranking by “Jaccard index
(MF)”, and p-value < “0.001” were selected. Then click on “Query” to start. The query
yielded 33 associated-miRNAs, 37 miRNA regulated genes, and 45,565 RSPs involving
3,079 genes (Table 3).

By default, the interface “miRNA regulatory sub-pathways” (Figure 6) lists all the
constructed RSPs, namely all 45,565 of them in the present case and, if requested, would
present a drawing including all the RSPs which, however, would be difficult to visualize,
not to say interact with. On the same interface are two options for displaying/using a smaller
RSP set: “Gene filter”, where the user can restrict the set to only those RSPs containing a

specified gene; and “Show top ... sub-pathways”, where the user can ask for only the N-top
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RSPs having the smallest p-values be listed and used for network construction. The
interface “Disease specific miRNA regulatory network” then allows the user to choose one
among the layouts “Tree”, “Circle”, and “Radial”. Here a tree-map, with several

disconnected parts, built from the top-70 RSPs is shown (Figure 9).

In computer mode, when the mouse is placed on a node in the network, a small text window
opens showing the name of the node/gene and its weight, or the number of other nodes it is
connected to in the 45,565-node network. Its largest connected

sub-RRN, or “Network-1"" (Figure 10), is composed of six miRNAs targeting four genes
connected to 52 other genes, (Table 4). Of the 56 genes in Network-1, 22 have known CRC
connections (CORECG database, http://Ims.snu.edu.in/corecg) [24], and 26 other have
references linking them either directly or indirectly to CRC [25-52] (Table 5). Among these,
TNIK [31] and TNK?2 [51] have been used as drug targets for CRC treatment. We consider
the remaining eight genes - PRKACA, MAP3K12, LRRK1, RIOK2, OXSRI, CDK17,
EIF2AK1, TSSK4 — to be potential, novel CRC-related genes. Noticeably, Network-1 has
two parts, one 28 nodes (five miRNAs targeting three genes) and the other 34 nodes (one
miRNA targeting one gene), connected by a single link, or PPI. The three types of genes,
known CRC-related, reference-supported, and potential CRC-related, are more or less

proportionately distributed in these two parts.

The “Gene filter” option (Figure 6) allows the user to focus on a specific gene in RRN
construction. As example, TNK2, a key drug target for the treatment of metastatic CRC [51],
was selected as the filter, together with the “Show top 70 RSPs” option. The result was a
nine-node sub-RRN: the target gene AXL regulated by three miRNAs — hsa-mir-199b, hsa-
mir-34a, hsa-mir-199a — and linked (by PPI) to 7NK2, itself linked to four other genes
AXL(OCG), MAGI3, HSP90AB2P, MERTK(OCG), KATS (Figure 11).

Case 2. A Comorbidity study of AD and T2D

Here we demonstrate a two-disease application of miRDRN. After logging onto miRDRN’s
main interface (Figure 3), click on “Comorbidity Search” to see a new window urging the
user to select two diseases; for “Disease 1”7, “Alzheimer Disease” (AD) and tissue type
“brain” were selected and for “Disease 2”7, “Type 2”, which stands for type 2 diabetes (T2D),
and tissue type “pancreas”. Pathway ranking by “Jaccard index (MF)”, and p-value < “0.005”
for both diseases were selected. Both AD and T2D are complex diseases and share aging for
a risk factor; accumulated evidence indicates a connection between these two diseases at the

molecular level [53]. For this case the program yielded, for AD (T2D), three (one)
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associated-miRNAs, three (one) targeted genes, 644 (3908) RSPs, involving 633 (2187)
genes (Table 6).

Because the two did not have any common associated-miRNA target gene, they had distinct
sets of RSPs. However, with 500 genes, call “comorbid” genes, in the two sets of RSPs
being common, the two sets of RSPs had only 2320 distinct genes (Table 6). Among the
comorbid genes, 8 - ALOXS5, APP, BINI, CHGB, VWF, NEFL, LETMDI1, CELFI- were
identified as known AD target genes [56, 57, 58] and 14 - TCF7L2, APOAIL, VWF,
CDKN2B, CAT, ITGB2, ISL1, POLD3, APP, NFKBIB, GNA12, DEDD, LDLR, PRKABI- as
known T2D target genes [59], APP and VWF are known targets of both diseases (Table 7).
With the exception of three - LEMDI, POLD3, GNA12, the comorbidity of all the others
have literature support (Table 7).

Case 3. A sub-RRN centered on the AD-associated gene BACE1

In recent years a number of anti-AD drugs designed on the basis of the amyloid-beta

(AP) hypothesis of AD, which holds that A aggregate in the brain is the main causative
factor of AD, failed late-phase trials. These include the y-secretase inhibitor Semagacestat
[89] and two BACEI inhibitors, Verubecestat [90] and Atabecestat [91]. In all three cases
treatment groups scored worse than the control group on the ADCS-ADL (Alzheimer's
Disease Cooperative Study Activities of Daily Living Inventory) functional measure and
reported more anxiety, depression, and sleep problems than controls. In a “Single Search”
application on AD (tissue, brain; p-value threshold, 0.005), we had miRDRN construct a
partial RRN (Gene filter, BACE; Show top 70 sub-pathways; Network layout, Radial)
centered on BACE I, which is a regulatory target of hsa-mir-195. The result shows the genes
PSENI, NCSTN, RANBPY, PLSCRI, MMP2, and FURIN to be immediately downstream to
BACE]I in the RRN (Figure 12). PSENI and NCSTN encode proteins that are, respectively,
catalytic and essential subunits of the y-secretase complex; suppression of these genes are
presumably the purpose of BACE inhibition. On the other hand, RANBPY encodes a
protein that facilitates the progression of mitosis in developing neuroepithelial cells [92];
PLSCRI encodes a protein that acts in the control of intracellular calcium homeostasis and
has a central role in signal transduction [93]; MMP2 encodes a protein that promotes neural
progenitor cell migration [94]. Suppression of these genes (by BACE! inhibition) may
therefore adversely affect signal transduction and the nerve system, and could be part of the
reason why Semagacestat, Verubecestat, and Atabecestat worsened the ADCS-ADL

functional measure of treatment groups.

Peer] Preprints | https://doi.org/10.7287/peerj.preprints.27699v1 | CC BY 4.0 Open Access | rec: 2 May 2019, publ: 2 May 2019




287
288

289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318

Conclusion

This work describes a web service platform, miRDRN, composed of a new database and a web-
based tool, for constructing miRNA regulatory networks for the user to explore the molecular
and regulatory network properties of single diseases as well as for pairs of diseases. As
demonstration, miRDRN was applied to study the single disease CRC, where 34 potential target
genes were identified, 26 of which have literature support; to study the comorbidity of the
disease-pair AD-T2D, where 20 potential novel AD-T2D comorbid genes were identified, 17 of
which have literature support; and to construct a partial miRNA regulatory sub-network centered
on the AD-associated gene BACE, which in turn suggests a possible explanation why, in late-
phase trials that ended in failure, several y/B-secretase inhibiting anti-AD drugs worsened the
functional measure of treatment groups. We believe miRDRN is a useful tool for exploring the
molecular and network properties of single diseases and those connecting pairs of diseases, and
for discovering new insights on the molecular properties, including potential side effects, of

disease treating drugs.

Abbreviations

AD: Alzheimer's Disease

CRG: Cancer related gene

GO: Gene Ontology

KEGG: The Kyoto Encyclopedia of Genes and Genomes
miRDRN: The miRNA Disease Regulatory network web service platform
OCG: Oncogene

PPI: protein-protein interaction

PPIN: PPI network

RSP: Regulatory sub-network

RRN: Disease-associated miRNA regulatory network
T2D: Type 2 Diabetes

TSG: Tumor suppressor gene
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Table 1l(on next page)

Main sources for data integration
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Database Category Website Reference

Protein-protein interaction

BioGRID | = e https://thebiogrid.org/ [16]
Disease-associated
miRNAs, ) .

HMDD mMiRNA-associated http://www.cuilab.cn/hmdd [17]

targeted genes
TAG Tumor-associated genes http://www.binfo.ncku.edu.tw/TAG [18]
miRNA-associated

TarBase targeted genes http://www.microrna.gr/tarbase [19]

KEGG Biological pathways http://www.genome jp/kegg [20]
Gene ontology, gene .

GO annotation and product http://geneontology.org/ [21]

GeneBank  Gene expression data https://www.ncbi.nlm.nih.gov/genbank [22]
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Table 2(on next page)

Data contained in current version miRDRN
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Disease miRNA miRNA RSP
regulated gene

Number of 119 207 389 6,973,875
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Table 3(on next page)

Result for sample Single Search: disease, colorectal neoplasm; tissue type, colorectal
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Disease

Disease Name colorectal neoplasms

Tissue Filter colorectal tumor

Associated miRNAs hsa-mir-491, hsa-mir-185, hsa-mir-20a, hsa-mir-221, hsa-
(total:33) mir-199a, hsa-mir-34a, hsa-mir-199b, hsa-mir-34c, hsa-

mir-34b, hsa-mir-148a, hsa-mir-342, hsa-mir-21, hsa-mir-
4993, hsa-let-7c, hsa-mir-148b, hsa-mir-1915, hsa-mir-17,
hsa-mir-320a, hsa-mir-200c, hsa-mir-143, hsa-mir-139,
hsa-mir-103a, hsa-mir-103b, hsa-mir-107, hsa-mir-497,
hsa-mir-106a, hsa-mir-429, hsa-mir-7, hsa-mir-362, hsa-
mir-330, hsa-mir-367, hsa-mir-339, hsa-mir-133a

Targeted genes BCL2L1, RHOA, CDC42, BNIP2, CDKN1C, AXL, MYC, BCL2,

(total:37) DNMT1, RHOB, FOX0O4, PDCD4, MMP11, PBX3, CCKBR,
CCL20, RND3, NRP1, ZEB1, CTNNB1, MACC1, IGF1R,
DAPK1, KLF4, RAP1B, TGFBR2, SOX2, YY1, RBL2, E2F1,
USF2, PTPN1, RYR3, PLRG1, RFFL, DNMT3A, KRAS

No. of RSPs 45565

No. of distinct genes 3079
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Table 4(on next page)

Statistics and gene information in the Network-1, the largest connected sub-network of
the CRC-associated miRNA regulatory network
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Number [tem Set

hsa-mir-199a, hsa-mir-34a, hsa-mir-199b, hsa-

miRNAs 6 mir-139, hsa-mir-497, hsa-mir-106a
Target 4 AXL, IGF1R, RAP1B, TGFBR2
genes

AXL, CSK, TNKZ, LCK, PRKACA, FGR, MAPK15,
IGF1R, MERTK, ERBBZ, PTK2, EGFR, JAKZ,
JAK1, PRKCD, TEC, EPHB2, PHKGZ, ROR1, FES,
Gene Set MAP3K12, RAP1B, MST4, PAK1, LRRK1,
(including 56 MAP2K3, CDK11B, ACVR1, TGFBRZ, RIOK2,
target TGFBR1, MAP3K7, NEK8, NUAK2, OXSR1,
genes) CDK1, ACVRL1, MKNKZ2, STK35, CDK17,
EIF2AK4, DAPK2, EIF2AK1, TSSK4, ZAK,
MAP2KS®, SIK3, VRK2, PINK1, TAOK2, TNIK,
MAPK6, PRKACB, WNK1, PAK6, PKMYT1

Network-1

Peer] Preprints | https://doi.org/10.7287/peerj.preprints.27699v1 | CC BY 4.0 Open Access | rec: 2 May 2019, publ: 2 May 2019




Table 5(on next page)

Known, literature supported, and potential novel CRC-related genes
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w

[tem Set

Gene Set (Network-1)

AXL, LCK, FGR, IGF1R, MERTK, ERBBZ, PTK2,
EGFR, JAK2, JAK1, EPHB2, FES, PAK1, MAP2K3,
ACVR1, TGFBR2Z, TGFBR1, CDK1, EIF2AK4,
DAPK2, MAP2K6, PAK6

CSK, TNK2* MAPK15, PRKCD, TEC, PHKGZ,
ROR1, RAP1B, MST4, CDK11B, MAP3K7, NEKS,
NUAK?2, ACVRL1, MKNK2, STK35, ZAK, SIK3,
VRK2, PINK1, TAOKZ2, TNIK*, MAPK6, PRKACB,
PKMYT1, WNK1

Number
Known CRC 29
genes
Reference
supported 26
[25-52]
Potential
novel 3
cancer-

related gene

PRKACA, MAP3K12, LRRK1, RIOKZ, OXSR1,
CDK17, EIF2ZAK1, TSSK4

*Known target genes for the treatment in CRC
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Table 6(on next page)

Results for the AD-T2D comorbidity study
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Disease 1 Disease 2 Comorbidity

Disease Name AD T2D AD/T2D

Tissue Filter brain pancreas brain/pancreas
hsa-mi-292, peamir 195,

Associated-miRNA hsa-mir-195, hsa-mir-144 h ir-146 ’
hsa-mir-146a >a-mir-14oa,

hsa-mir-144

Targeted gene NAV3, BACE1, CFH IRS1 NAV3, BACE1, CFH, IRS1

Regulatory sub-

pathways 644 3908 4552

Total no. of genes 633 2187 2320

No. of common

genes ) ) 500
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Table 7(on next page)
Known, literature supported, and potential novel AD-T2D comorbid genes

The 210 known AD target genes were built by integrating gene lists from AlzGene
(http://www.alzforum.org/genetics) [54], AlzBIG (http://alz.big.ac.cn/) [55] and AlzBase
(http://alz.big.ac.cn/alzBase/home) [56]; the 497 known T2D targets contains 497 genes were
from T-HOD (http://bws.iis.sinica.edu.tw/THOD/) [57]. *Known AD and T2D target; #No

literature support.
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Number of targets
in comorbidity gene

Comorbid Genes (references in square

set (500) brackets)
© taéDet 3 ALOX5 [58-60], APP*, BIN1 [61], CHGB [62],
5 (21g0) VWF*, NEFL [63,64], LETMD1¥, CELF1 [65,66]
©
§ T2D TCF7L2 [67-70], APOA1 [71-73], VWF*, CDKN2B
O iiroet 14 [74], CAT [75-77], ITGB2 [78,79], ISL1 [80],
< (49g7) POLD3* APP*, NFKBIB [81], GNA12* DEDD

[82,83], LDLR [84,85], PRKAB1 [86-88]

Peer] Preprints | https://doi.org/10.7287/peerj.preprints.27699v1 | CC BY 4.0 Open Access | rec: 2 May 2019, publ: 2 May 2019




Figure 1

A regulatory sub-pathway (RSP)

Given a disease-associated miRNA, M, and its target gene T, the linked sequence (M, T, G,,
G,) is an RSP associated with M, where G, is a protein interacting (according to PPI data) with

T, and G, is a protein interacting with G,. In the text, G, (G,) is said to have a level 1 (level 2)

PPl with T.
O O, (&)
Level 1 Level 2
miRNA o Target gene —> miRNA-gene regulatory

@ Gene —— Protein-protein interaction pair
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Figure 2

Schematic construction of disease specific miRNA regulatory network (RRN)

For a given disease there may be more than one miRNA associated with it, and each disease-
associated miRNA may have one or more target genes. After all the RSPs having the from (M,

T, G,, G,) are constructed, an RRN is built from entire set of constructed RSPs by linking (pairs

of) genes/proteins from different RSPs whenever they interact according to PPI data.

a) Disease-associated miRNAs. b) Extension of the regulatory network with miRNA-target gene.
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Figure 3

Entrance page of miRDRN

User may select “Single Search” to explore a single disease or “Comorbidity Search” to

explore a disease-pair.

N
i

e

miRDRN @. Comorbidity Search Single Search Contact Us

miRDRN (miRNA Disease Regulatory Network) is a useful platform for
discovenng potenual novel disease networks and comorbidity genes by disease-
associated miRNAs targeting pathways. Meanwhile, we provide a powerful
visualization tool to present information.

We offer all possible sub-pathways from muRNA target protein by using protein-
protein interactions. Qur database integrated various data sources such as Disease-
associated miRNAs, miRNA-associated targeted gene, Tumor-associated gene,
Gene annotation and expression data.

version 1.0

Statistics Visualization
Protein Entries 15,001
Protein-Protein Interactions 165,502
Disease Association 380
KEGG Pathways 274
miRNA Entries 932
$iRNA Entries 11,221

ek ool ol g B e RR e
Cimesesissseseseis e

POAWER by Cyvioacsips
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Figure 4

Query interface of Comorbidity Search

User is required to select two diseases, Disease 1 (“Alzheimer’s Disease” selected) and
Disease 2 (“Type 2" selected), their respective tissue/tumor types (“bran” and “pancreas”,
respectively), pathway ranking method (by biological processes (BP) or molecular functions
(MF)), and p-value threshold (0.005 for both diseases). There are also four optional filters

regarding gene property (none selected).

miRDRN Comorbidity Search Single Search Contact Us

Disease 1 Disease 2
Alzheimer Disease v Type 2 v
Tissue/Tumor type : | brain v pancreas v
Common expression of target gene,
gene 1 and gene 2 nodes in KEGG Yes Yes
(optional);
Target Gene Gene 1 Gene 2 Target Gene Gene 1 Gene 2
Selection of cancerous protein
{optional):
related gene (CRG v v v v v v
Tumor suppressor gene SG
Filter out receptor protein (optional):
Selectoin of transcription factor
{optional):
Pathway ranking by: == Jaccard index (MF) == v
P-Value < 0.005 (ex: 0.001) P-Value <[0.005 (ex: 0.001)
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Figure 5

Result for miRNAs in Alzheimer's Disease-Type 2 Diabetes Comorbidity Search

Search result for miRNAs associated with Disease 1 (Alzheimer's Disease in this example)
and Disease 2 (Type 2 Diabetes) and literature source (blue area) and list of gene(s) targeted
by each miRNA (green area). For each gene the gene symbol and its OMIM id are given, as
well as information on whether the protein it encodes has a cancerous protein tag: CRG,

cancer related gene; OCG, oncogene; TSG, tumor suppressor gene.

Disease 1 associated miRNAs

Total: 3

miRNA - Pubmed
hsa-mir-29a, hsa-mir-195, hsa-mir-146a 20202123, 22721728, 18801740
Disease 2 associated miRNAs

Total: 1
Pubmed

Target genes by miRNAs

Total: 4

Cancerous protein OMIM ID

hsa-mir-29a
hsa-mir-195
hsa-mir-146a
hsa-mir-144
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Figure 6

Result on RSP in Alzheimer's Disease-Type 2 Diabetes Comorbidity Search

RSPs are listed in descending order (column 1) by p-value (column 6). Columns 2-4 give the
symbols of genes in the sequence (T, G,, G,). Column 5 gives known pathways, such as a
KEGG pathway, of which (T, G,, G,) is a part. On first appearance, all RSPs (4552 in this
example) are listed on multiple pages. There are two options for displaying/using a smaller
RSP set: “Gene filter”, where user can restrict the set to only those RSPs containing a
specified gene, and “Show top ... sub-pathways”, where user can ask for only the N-top RSPs

having the smallest p-values be listed and used for network construction.

Peer] Preprints | https://doi.org/10.7287/peerj.preprints.27699v1 | CC BY 4.0 Open Access | rec: 2 May 2019, publ: 2 May 2019




miRNA regulated sub pathways

Total: 4552

List view: Gene filter [ NN (°'ease input a gene symbol, exBCL2),
Sort by [EVTTIEE] , Show fop sub-pathways BNl (Number of list4552)

Target Gene Gene 1 Gene 2 Common Pathway P-Value
BACE1 @ S| RC 9.443511e-14
9.443511e-14
2.761702e-10
5.522146e-10
hsa04151  7.887880e-10
9.661552e-10
3.310267e-9
3.310267e-9
8.731441e-9
1.125868¢-8
1.125868e-8
1.125868e-8
1.125868e-8
1.125868e-8
1.790201e8
1.790201e-8
1.790201e-8
1.790201e-8
1.790201e-8
1.790201e-8
1.790201e-8
1.790201e-8
1.790201e-8
Fes B 3.808482e-8
MOK 3.808482¢-8
meB2@  hsa05150 60607878
pikaces @ 9565237e-8
BBS10 2.251149e-7
TANK 3.116147e-7
SOCS2 hsa04930, hsa04910 4.327160e-7
FYB 6.060787e-7
PARD3 6.489754e-7
cocs. EE1 @ 6.489754e-7
DOK1 7.787705e-7
MMmpP2s @ 9.084275¢-7
Mmp17 @ 9.084275e-7
ARHGEF16 9.084275e-7
LR @
BTK @

1
2
3
4
5
€
7
&
9
10
"
12
13
14

-h
o

i
@

=
-

-
w

E§88YUBLLBLEVBIZIRINNS

Peer] Preprints | https://doi.org/10.7287 rj.preprints.27699v1 | CC BY 4.0 Open Access | rec: 2 May 2019, publ: 2 May 2019



Preprints NOT PEER-REVIEWED

Figure 7

Result on comorbidity genes in Alzheimer's Disease-Type 2 Diabetes Comorbidity
Search

Genes common to some RSPs of both diseases are listed, together with information on

cancer genes status, OMIM Id, and KEGG pathway.

Comorbidity Gene

Total: 500

Cancerous OMIM ID

o protein

hsa04610

hsa00564, hsa04725
hsa00020, hsa00630. hsa00300

AFG3L1P 603020
" _ hsa04726, hsa05145, hsa(0590,
ALOX5 152390 hsa04013

BIN1 601248

ANXA11 02572
APBB1 02709 hsa05010
APBB2 02710

APLP1 104775
hsa03320, hsa04977, hsa04975,
APOA1 107680 hsa05143
APP 05378, 100070, 104760 hsa04726, hsa05010
ARL4D 00732
ASS1 603470 hsa00250, hsa00330

RERE 605226

hsa05012, hsa05016, hsa00190,
ATP5A1 164360 hsa05010
hsa00260, hsa00380, hsa00330,
hsa00280, hsa00410, hsa00300,
ALDHTA1 107323 hsa00561, hsa00310, hsa00340,
hsa00640, hsa00053, hsa00620,
hsa00071, hsa00010
hsa05110, hsa04966, hsa05323,
ATPBV1E1 108746 hsa04721, hsa05120, hsa00190,
hsa04145

T~ o oswn=

-
ha

-t
w

-
=

-
o

-
o

-
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BLMH 602403
BNIP1 503291, 612478 hsa04130

BTF3 13595
MRPL49 06866
CARS 123859 hsa00970

hsa05014, hsa00380, hsa00630,
CAT 115500, 607424 hsa04146
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Figure 8

Display of a sub-RRN built from a subset of RSPs determined by the user using options
available in the interface shown in Figure 6

The option "Show top-70" RSPs (by p-value) was used. When the mouse is placed on a node
in the displayed RRN, a small text window opens showing the name of the node/gene and

annotations from GO, OMIM, KEGG, and GeneBank databases.
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Disease specific miRNAs regulated network

Cancerous gene : < /OCG AITSG [/ BOTH
Color labeling : I miRNA | Target Gene | Comorbidity Gene

Layout I T .
(If you re-sefling the sub-pathways list view, please select this layout again)

Gene:

Cancerous protein

OMIM ID

KEGG pathway: a04722  Neurotrophin signaling pathway - Homo sapiens (human)

3 PI3K-Akt signaling pathway - Homo sapiens (human)

Type |l diabetes mellitus - Homo sapiens (human)
mTOR signaling pathway - Homo sapiens (human)
Adipocytokine signaling pathway - Homo sapiens (human)

plasma membrane
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Figure 9

A partial miRNA regulatory network (RRN) for colorectal neoplasm

The RRN is constructed from the top 70 RSPs by p-value for colorectal neoplasm, tissue type,
colorectal tumor. A link indicates a miRNA-target relation or a PPI; red circle, miRNA; blue
circle, miRNA target gene; yellow circle, non-target gene; diamond, oncogene; triangle,

tumor suppressor gene.
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Figure 10

The sub-RRN Network-1

This largest connected sub-RRN for colorectal neoplasm (constructed from the top 70 RSPs
by p-value), containing six miRNAs targeting four genes connected to 52 other genes, is itself
composed of two parts, one 28 nodes (five miRNAs targeting three genes) and the other 34

nodes (one miRNA targeting one gene), connected by a single link.
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Figure 11

A sub-RRN of CRC obtained by using TNK2 as a gene filter

The RRN contains the target gene AXL regulated by three miRNAs, hsa-mir-199b, hsa-
mir-34a, hsa-mir-199a, and linked by PPl to TNK2, itself linked by PPI to four other genes
AXL(OCG), MAGI3, HSP90AB2P, MERTK(OCG), KATS.

All pathways ¥ || Export Data

TNK2
P-Value v 70 GO
Next ==
1 AXL @ TNK2 @ MERTK @ 2 99851918
2 AXL @ TNK2 @ HSPYOAB2P 7.8754316-7
3 AXL @ TNK2 @ MAGI3 @ 1.574368¢-6
& AXL @ TNK2 @ KAT8 1.438571e-5

KAT8
hsa-mir-199b
MERTK .
e _ hsa-mir-34a
TNK2 -
; hsa-niii-199a
HSP90AB2P

MAGI3
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Figure 12

A miRNA regulatory sub-network centered on the AD-associated gene BACE1

The genes PSEN1, NCSTN, RANBP9, PLSCR1, MMP2, and FURIN are shown to be immediately

downstream to, i.e., have level 1 PPl with, BACE1.
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