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Abstract

Type 2 diabetes mellitus (T2DM) is a complex disease that is caused by an impairment in the secretion of b-cell
insulin and by a peripheral resistance to insulin. Most patients suffering from T2DM and from obesity exhibit
insulin resistance in the muscles, liver, and fat, resulting in a reduced response of these tissues to insulin. In
healthy individuals, pancreatic islet b-cells secrete insulin to regulate the increase in blood glucose levels. Once
these b-cells fail to function, T2DM develops. Despite the progress achieved in this field in recent years, the
genetic causes for insulin resistance and for T2DM have not yet been fully discovered. The present study aims
to characterize T2DM by comparing its gene expression with that of normal controls, as well as to identify
biomarkers for early T2DM. Gene expression profiles were downloaded from the Gene Expression Omnibus,
and differentially expressed genes (DEGs) were identified for type 2 diabetes. Furthermore, functional analyses
were conducted for the gene ontology and for the pathway enrichment. In total, 781 DEGs were identified in the
T2DM samples relative to healthy controls. These genes were found to be involved in several biological
processes, including cell communication, cell proliferation, cell shape, and apoptosis. We constructed a protein–
protein interaction (PPI) network, and the clusters in the PPI were analyzed by using ClusterONE. Six func-
tional genes that may play important roles in the initiation of T2DM were identified within the network.

Introduction

Improvements in living standards and lifestyle changes
have brought about an increase in the morbidity of type 2

diabetes mellitus (T2DM), a disease that seriously endangers
people’s lives.1,2 According to the International Diabetes
Federation, 100 million patients suffered from diabetes in the
end of the 20th Century, and this number has grown rapidly to
382 million as of 2013. In 2035, the world is expected to have
592 million people affected by T2DM.3

T2DM is a complex multifactorial disorder that is character-
ized by insulin resistance and impaired b-cell functions.4–6 Nu-
merous multifactorial mechanisms are involved in the
development of insulin resistance and in the impairment of in-
sulin secretion, including genetic and environmental factors that
lead to a decline in insulin activity, followed by a chronic pan-
creatic b-cell dysfunction.7,8 However, insulin resistance alone
may not be a decisive pathogenic factor of T2DM because in-
sulin resistance often exists in many people without diabetes,
and, in fact, the pancreatic islets of the Langerhans play a more

important role in the development of T2DM.9 Prediabetes insulin
resistance does not always lead to diabetes because a consider-
able proportion of individuals with prediabetes do not develop
T2DM when the b-cells compensate for the insulin deficiency by
secreting insulin to maintain glucose homeostasis. When insulin
secretion by the b-cells cannot keep pace with the increase in
insulin resistance, high blood glucose levels will occur
throughout the body, and T2DM will develop.7,8,10,11 The in-
crease in blood glucose level in diabetes patients leads to a wide
variety of long-term complications, including retinopathy, ne-
phropathy, and cardiovascular disease. The complications asso-
ciated with diabetes result in chronic tissue damage—especially
of important organs of the central nervous system, the kidneys,
and the heart—as well as in chronic damage to other tissues,
seriously jeopardizing the normal functions of the human body.

In this study, the differentially expressed genes (DEGs) be-
tween those with diabetes and normal controls were identi-
fied, and the biomarkers of diabetes were screened based on a
protein–protein interaction (PPI) network. Our results may
contribute to the further understanding of diabetes.
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Materials and Methods

DNA microarray data

GSE25724 microarray data were downloaded from the
Gene Expression Omnibus database,12 and a microarray
analysis was performed to evaluate the differences in the
transcriptome of human T2DM islets samples in comparison
with those of samples from subjects without diabetes. Col-
lagenase digestion, followed by density gradient purification,
was used to isolate human islets from the pancreas of organ
donors, and the islets were then hand-picked and cultured for
2 days in M199 culture medium. A GeneChip� human ge-
nome U133A array (Affymetrix, Santa Clara, CA) was used
to process a total of 13 arrays that were available for further
analysis, including six arrays of T2DM and seven without
diabetes. Pancreata were obtained with the approval of the
local Ethics Committee and consent by donors’ relatives.

Human islets were isolated from seven organ donors
without diabetes (age, 58 – 17 years; gender, four males/
three females; body mass index, 24.8 – 2.5 kg/m2) and six
organ donors with T2DM (age, 71 – 9 years; gender, three
males/three females; body mass index, 26.0 – 2.2 kg/m2)
by collagenase digestion followed by density gradient
purification as previously reported.

Identification of DEGs and methylated sites

We use the Qlucore Omics Explorer version 3.0 software
program (Qlucore AB, Lund, Sweden) to analyze the data
from the microarray. Qlucore Omics Explorer is a next-
generation bioinformatics software that can analyze and ex-

plore datasets, including those obtained from gene expression
arrays, micro RNA arrays, protein arrays, and DNA methy-
lation arrays. Qlucore Omics Explorer uses state-of-the-art
mathematical and statistical methods to provide new methods
to perform data analysis and data mining.

Principal component analyses and hierarchical
clustering analysis of DEGs

A hierarchical clustering analysis was carried out for the
DEGS to identify the differences in gene expression in a more
intuitive manner. The Qlucore Omics Explorer version 3.0
software was used to generate the principal component anal-
yses, hierarchical clustering, and a heat map.

Function and pathway enrichment analysis of DEGs

The Database for Annotation, Visualization and Integrated
Discovery (DAVID) of bioinformatics resources consists of
an integrated biological knowledge base and analytical tools
aimed at systematically extracting biological meaning from
large lists of genes or proteins.13 DAVID was applied in order
to conduct the gene ontology analysis, and the Kyoto En-
cyclopedia of Genes and Genomes was used to carry out the
pathway enrichment analysis. A false discovery rate of
<0.05 and a count of >2 were chosen as the cutoff criteria.

PPI data

In order to obtain more reliable relationships, duplicate
edges and interactions with self-loops were deleted. Finally,
in total, 5,233 PPIs were obtained for further investigation.

FIG. 1. (A) Cluster analysis of differentially expressed genes. The colors from green to black and to red represent the
expression values of the differentially expressed genes that have increased. (B) Principal cluster analysis plots. The yellow
samples represent type 2 diabetes mellitus islets, and the blue samples represent islets from subjects without diabetes. Color
graphics are available online at www.liebertonline.com/dia.
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The PPI data were downloaded from the Biological General
Repository for Interaction Datasets (BioGRID), the Molec-
ular INTeraction database (MINT), the IntAct molecular
interaction database (IntAct), and the iRefIndex database.
BioGRID houses and distributes collections of protein and
genetic interactions from major model organism species. As
of August 1, 2013, BioGRID (a general repository for inter-
action datasets) contains 703,150 interactions from 32 dif-
ferent species, as derived from 41,099 high-throughput and
conventional focused studies. At present, the MINT team
focuses on the physical interactions between proteins, storing
information on molecular interactions in a structured format
in the MINT database by extracting experimental details
from studies published in journals. The data in the current
version of MINT include 241,458 experimentally verified
interactions. IntAct (an open source molecular and open in-
teraction database) is a comprehensive, open resource data-
base as well as an analysis system for protein interactions that
can promote consistency in the interaction datasets by using
the same infrastructure and annotation system. The iRefIndex
database (a consolidated protein interaction database with
provenance) provides an index of protein interactions avail-
able in several primary interaction databases, including
BIND, BioGRID, CORUM, DIP, HPRD, IntAct, MINT,
MPact, MPPI, and OPHID. These data include multiple in-
teraction types, including physical and genetic interactions
(mapped to their corresponding protein products) that are
determined through a multitude of methods.

PPI network analysis

The PPI information data were imported into Cytoscape (an
open source software platform), and a PPI network was easily
constructed. Clustering with overlap neighborhood expansion
(ClusterONE) was used in the Cytoscape network in order to
discover densely connected regions in the network with possible
overlap. A quality function can guide ClusterONE by growing
dense regions out of small seeds. The modules were identified to
have a minimum density of >0.05 and a degree of >6. A cluster

with a P value of <0.001 was determined to be a new network.
Several parameters from the nodes in the network were obtained
by using the Network Analyzer in Cytoscape, which can be used
to help us determine the hub nodes for the network.

Results

Identification of DEGs and methylated sites

The DEGs of the GSE25724 data for human T2DM islets
and those from subjects without diabetes were identified using
Qlucore Omics Explorer version 3.0. As shown in Figure 1, in
total, 781 genes were screened, including 741 down-regulated
genes, leaving 40 genes remaining up-regulated (P = 0.005,
q = 0.0037, fold change ‡2 times).

Hierarchical clustering analysis

As shown in Figure 1, the expression value for most DEGs
for islets from subjects without diabetes was higher (deeper)
than that for T2DM islets, suggesting that almost all the DEGs
in islets from subjects without diabetes were down-regulated.
These observations were consistent with the fact that DEG
analysis indicated 741 out of 781 genes were down-regulated.

Function and pathway annotation

In Table 1, in total, 10 functions were enriched; the most
significant function was that of intracellular transport
(P = 3.21E-16). In Table 2, the most significant pathway was
the proteasome signaling pathway (P = 2.16E-07). The dys-
regulated pathways in T2DM included pathways associated
with signal transduction, such as the proteasome pathway,
citrate cycle (tricarboxylic acid cycle) pathway, and the
ubiquitin-mediated proteolysis pathway.

Construction of PPI network and network clustering

The PPI network was constructed with 8,731 nodes and
35,456 edges, and the DEGs were mapped into PPIs of the

Table 1. Classification of Genes

in the Functional Modules According to Gene

Ontology Terms with P < 0.05 (Top 10)

Term ID Description Count P value

0046907 Intracellular transport 82 3.24E-16
0006511 Ubiquitin-dependent protein

catabolic process
41 1.78E-12

0032268 Regulation of cellular protein
metabolic process

51 4.26E-08

0044265 Cellular macromolecule
catabolic process

78 4.87E-12

0051438 Regulation of ubiquitin-
protein ligase activity

22 3.17E-11

0006084 Acetyl-coenzyme A
metabolic process

9 6.22E-05

0051340 Regulation of ligase activity 22 6.94E-11
0008135 Translation factor activity,

nucleic acid binding
17 7.02E-06

0031396 Regulation of protein
ubiquitination

23 7.61E-10

0005739 Mitochondrion 87 8.04E-08

Table 2. Classification of Genes in Functional

Modules According to Kyoto Encyclopedia

of Gene and Genomes Terms with False

Discovery Rate of <0.05 (Top 10)

Term Count P value

hsa03050:Proteasome 15 2.16E-07
hsa03010:Ribosome 16 1.17E-04
hsa00020:Citrate cycle (tricarboxylic

acid cycle)
9 2.85E-04

hsa04120:Ubiquitin-mediated
proteolysis

20 3.04E-04

hsa04114:Oocyte meiosis 15 0.004212
hsa03060:Protein export 4 0.0087
hsa03040:Spliceosome 15 0.013725
hsa05012:Parkinson’s disease 15 0.015611
hsa00510:N-Glycan biosynthesis 8 0.015655
hsa00071:Fatty acid metabolism 7 0.026233
hsa00620:Pyruvate metabolism 7 0.026233
hsa04110:Cell cycle 14 0.028226
hsa00640:Propanoate metabolism 6 0.03522
hsa03430:Mismatch repair 5 0.041016
hsa03022:Basal 6 0.04936
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network. The clustering analysis was conducted in the PPI
network by ClusterONE plugin in Cytoscape. The cluster
with a significant value of 0.001 remained in order to con-
struct a new network containing 295 nodes. The hub nodes
with betweenness centrality and closeness centrality more
than average, and a degree of more than twofold on average
was kept for further analysis after the network analysis. Six of
these are DEGs: ANAPC10, LAMTPR5, RRAGA, RRAGD,
UBE2D2, and YWHAQ (Fig. 2).

Discussion

In the past few decades, the development of bioinformatics
has enabled for targeted genetic and molecular treatments to
become an important part of disease therapy.14,15 In this
study, we analyzed the gene expression profiles to select
DEGs in normal subjects and T2DM patients at different
stages. In total, 781 genes were identified between normal
subjects and T2DM patients. Of these, 740 genes were down-
regulated, and 41 were up-regulated. DAVID was used to
conduct function and pathway enrichment. In addition, the
interaction network was constructed for the DEGs, and the
degrees of hub genes were calculated.16

The anaphase-promoting complex (APC) is a cell cycle-
regulated ubiquitin ligase (also referred to as a cyclosome)
that is composed of at least 11 subunits. ANAPC10 is a core
subunit of the APC, and the C-terminus of APC10 binds to
CDC27/AP3, playing a role in controlling progression
through mitosis and the G1 phase of the cell cycle. 17 The
subunit ANANC10/APC10 may have a function in ubiqui-
tination reactions due to the conserved core (residues of 22–
161 amino acids of all 185) in its structure that is homologous
to other founded domains in putative ubiquitin ligases. The
low expression of this gene in human b-cells may reduce the
secretion of glucagon, which results in the occurrence of
T2DM.18

The hepatitis B X-interacting protein (HBXIP/LAMTOR5)
is located at the human chromosome 1p13.3 and encodes a
9.6-kDa protein. It was originally identified as a result of its
interaction with the C-terminus of the hepatitis B virus X
protein, which negatively regulates the activity of hepatitis B
virus X protein.19 In hepatoma cells, hepatitis B virus X
protein plays a role in suppressing apoptosis initiated via the
mitochondrial/cytochrome c pathway. LAMTOR5 promotes
the proliferation of hepatoma cancer cells via the phospha-
tidylinositol 3-kinase/Akt pathway.20–22 In our study, the low

FIG. 2. The significant functional modules in the protein–protein interaction network. The yellow node represents
differentially expressed genes, and the green node represents normal genes. The edge represents the interaction relationship
among proteins. Color graphics are available online at www.liebertonline.com/dia.
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expression of this gene in T2DM patients may promote ap-
optosis in the pancreas islets. However, its potential role in
the development of T2DM should also be investigated.

The YWHAQ(14-3-3) family of proteins, including the
seven isoforms b, e, g, c, r, f, and s in mammals, belongs to a
family of highly conserved 30-kDa molecules23,24 that can
bind to target proteins depending on the phosphorylated Ser or
Thr residues mainly within the two 14-3-3 binding motifs,
RSXpSXP (mode I) and RXXXpSXP (mode II), of the target
protein (pS represents phosphoserine).25,26 The 14-3-3 pro-
teins have a wide range of potential functions and pathological
relevance,27–33 regulating the intercellular signal processes for
differentiation, development, and growth, and binding to many
important target molecules, including transcription cofactors.
In addition, they can prevent or mediate apoptosis and survival
by controlling the localization of the potential signaling mol-
ecules between the nucleus or the mitochondrion and the cy-
toplasm. In our study, 14-3-3 was down-regulated in T2DM
patients, and we could conclude that 14-3-3 plays an important
role in the development of T2DM.

The ubiquitination of proteins is mediated by a cascade of
enzymes, including E1 (ubiquitin activating), E2 (ubiquitin
conjugating), and E3 (ubiquitin ligases) enzymes. UBE2D2
encodes a member of the E2 enzyme family. Also, the tumor
suppressor protein p53 and the peroxisomal biogenesis factor
5 are the substrates of this enzyme. UBE2D2 is an essential

protein in the degradation of many regulatory and abnormal
proteins,34 and UbcH5A and UbcH5C together form one of
the most active classes of E2 enzymes related to UBE2D2.35

However, these could be associated with the degradation of
several important human transcription factors, such as p53,36

nuclear factor jB, and c-Fos.37 Recently, it has been noticed
that the ubiquitination of proteins could not be restricted to
protein degradation only, but could also contain other regu-
latory functions in, for example, signal transduction, tran-
scription regulation, chromatin remodeling, and DNA
repair.38 In our study, the low expression of this gene in
T2MD patients may result in the degradation of insulin.

RRAG A/Rag A is a functional homolog to yeast Gtr1p
and is a member of the Ras superfamily of small G proteins.
Moreover, while polymerase chain reaction methods were
used to isolate RRAGA/Rag A/FIP-1 during the search for
novel G proteins, RRAGA/RagA was observed to develop a
complex with other G proteins, RRAG C/RagC and RRAG
D/Rag D.39 RRAGD is a monomeric guanine nucleotide-
binding protein, or G protein, that acts as a molecular switch
in numerous cell processes and signaling pathways while
binding to GTP or GDP, which are small G proteins. Previous
studies indicated that RRAGA is closely related to RRAGD
and that both participate in the mammalian target of rapa-
mycin signaling pathway related to the insulin signaling
pathway. This suggests that RagD has a role in mTORC1
activation and that a molecular function for the FLCN tumor
suppressor could potentially exist. In our study, we can
conclude that the down-regulated expression of RRAGA and
RRAGD is a potential biomaker for early-onset T2DM.

From the above discussion, we could draw the conclusion
that the six genes (ANAPC10, LAMTPR5, RRAGA, RRAGD,
UBE2D2, and YWHAQ) are identified as differentially ex-
pressed and are all down-regulated in T2DM patients (Fig. 3).
Meanwhile, these six DEGs are hub nodes in the PPI network
(Table 3). Thus, we predict that all these six genes could be

FIG. 3. The line map of GSE25724 shows six genes that
are all down-regulated in type 2 diabetes mellitus. Color
graphics are available online at www.liebertonline.com/dia.

Table 3. The Six Differentially Expressed Genes

and Their 30 Hub Nodes

Hub node
Closeness
centrality Degree

Betweenness
centrality

ANAPC1 0.28416779 15 0.00161029
ANAPC10 0.36020583 18 0.08334712
ANAPC10P1 0.35897436 16 0.07459775
ANAPC13 0.33386328 15 0.02966666
ANAPC16 0.28340081 13 5.98E-04
ANAPC2 0.28074866 11 0.00957107
ANAPC4 0.28416779 16 0.01794462
ANAPC5 0.34201954 24 0.07845842
ANAPC7 0.28340081 14 0.00149308
BUB1B 0.26785714 14 0.03080296
CDC16 0.34768212 31 0.1242791
CDC20 0.2872777 22 0.07109287
CDC23 0.28493894 16 0.0116858
CDC26 0.28532609 16 0.00281479
CDC27 0.28649386 19 0.01848354
CTNNB1 0.40540541 42 0.34130418
LAMTOR1 0.59574468 9 0.03143739
LAMTOR5 0.8 22 0.77270723
MTUS2 1 14 1
RCHY1 0.328125 27 0.24110276
RRAGA 0.60869565 10 0.21375661
RRAGC 0.57142857 8 0.079806
RRAGD 0.44444444 8 0.08906526
UBE2C 0.32061069 8 0.02287318
UBE2D1 0.42424242 64 0.33524711
UBE2D2 0.43298969 69 0.45291098
UBE2E1 0.33653846 46 0.04686355
UBE2E3 0.328125 41 0.05150276
UBE2N 0.3030303 32 0.06705781
YWHAQ 1 39 1
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potential biomarkers of early T2DM. Furthermore, Figure 2
indicates that RRAGA, RRAGD, and LAMTOR5 are closely
related. All in all, we can regard the six genes to be bio-
markers for T2DM.

Conclusions

Overall, we have constructed a PPI network of T2MD and
have identified six functional modules that may play im-
portant roles in the initiation of early-onset T2MD. The hub
nodes of these six modules and the genes ANAPC10,
LAMTOR5, RRAGA, RRAGD, UBE2D2, and YWHAQ may
serve as biomarkers of early-onset T2MD and have the
potential to be targets for therapeutic intervention. How-
ever, further studies are still needed in order to confirm our
findings.
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