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T2DM is complex in its dynamical dependence on multiple tissues, disease states, and factors’ interactions.
However, most existing work devoted to characterizing its pathophysiology from one static tissue,
individual factors, or single state. Here we perform a spatio-temporal analysis on T2DM by developing a new
form of molecular network, i.e. ‘differential expression network’ (DEN), which can reflect phenotype
differences at network level. Static DENs show that three tissues (white adipose, skeletal muscle, and liver) all
suffer from severe inflammation and perturbed metabolism, among which metabolic functions are seriously
affected in liver. Dynamical analysis on DENs reveals metabolic function changes in adipose and liver are
consistent with insulin resistance (IR) deterioration. Close investigation on IR pathway identifies ‘disease
interactions’, revealing that IR deterioration is earlier than that on SlC2A4 in adipose and muscle. Our
analysis also provides evidence that rising of insulin secretion is the root cause of IR in diabetes.

T
ype 2 diabetes mellitus (T2DM), which is mainly a glucose metabolism disorder closely associated with
modern life style, has become one of the leading health problems in the world1. It is widely believed that
T2DM is a heterogeneous disease resulting from the complicated interplay of multiple tissues and various

factors (genetic, epigenetic, and environmental factors) in a dynamical manner. For instance, one of the main
challenges stemming from studying T2DM is to reveal the mechanism of insulin resistance (IR), which is
associated with complex interactions of liver, adipose tissue, skeletal muscle, pancreas, kidney, and even brain,
and in particular, dynamically affects various biological processes, metabolic networks, and signaling pathways at
different stages during the disease progression. However most published works focused on analyzing disease
pathophysiology mainly by individual tissues, factors, or states in a static manner, which clearly cannot char-
acterize the essential spatio-temporal features and complex gene-phenotype associations of T2DM2.

Genes are tightly regulated to execute the proper biological functions in a cell for responding internal or
external perturbations3, and thus their expression variations during disease deterioration process are causally
associated with the phenotype changes. Recent rapid advance on high-throughput technologies provides unpre-
cedented opportunities to measure dynamical behaviors of various tissues at a genome-wide level4,5. To date, gene
expression profiling has been widely used for complex diseases research and a variety of methods have been
proposed to identify molecular biomarkers or select features out of the gene expression profiling. Considering the
large volume of the data obtained through high-throughput techniques and the negative influence from noise, a
natural strategy is to look for those genes that are dramatically different in disease state and normal state.
Traditional methods use statistical techniques, such as t-test or fold change, to find ‘differential genes’ (DGs)
showing significantly differential expressed patterns between case samples and a control group6–8. Though DGs
are considered as candidates to play a pathogenic role, they are usually picked out individually, and the output is a
ranked list of genes, while dependences or interactions among genes are ignored3,9.

On the other hand, network-based systems biology offers a quantifiable description of the molecular networks
that characterize the complex interactions and the intricate interwoven relationships that govern cellular func-
tions, among those tissues and disease related genes to explain the molecular processes during disease develop-
ment and progression10–13. Network-based approaches have been developed to extract informative genes relying
on bio-molecular networks (e.g., PPI network and gene regulatory network), rather than individual genes. The
hypothesis underlying these methods is that genes associated with the same disorder tend to share common
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functional features, reflected in that their protein products have a
tendency to interact with each other. The popular way is based on co-
expression relationship to identify the disease-related genes whose
expressions are highly correlated through the whole dataset9,14.
However, genes which show highly correlated patterns (e.g., edges)
of expression in one biological state, but not in another, may not be
highly correlated across the entire dataset, and therefore would not
be picked out by co-expression based methods15,16. To overcome this
problem, recently, ‘differential network’ (DN)4 has been developed to
extract disease related edges in a construct-then-compare manner
through comparing occurred interactions across different static net-
works under different conditions.

Different with DG and DN paradigm, here we propose the ‘dys-
functional interaction’ concept to model underlying disease develop-
ment and progression. Since genes and gene products function not in
isolation but as biochemical or physical interactions, we assume that
molecular interactions are perturbed by genetic or epigenetic factors
will cause final molecular dysfunctions underlying human disease.
Therefore, ‘dysfunctional interaction’ is defined as the molecular
interaction which is significantly changed from wild-type to disease
condition. This is very similar to the concept of differentially
expressed gene. However a molecular interaction consists of two
nodes and one edge, quantitative assessment of its change in different
conditions is not straightforward. Here we combine two types of
perturbations to define ‘dysfunctional interaction’ as illustrate in
Figure 1 (Part I). Type I dysfunctional interaction is resulting from
node perturbations, i.e., differentially expressed nodes will lead to the
interaction perturbation. Type II dysfunctional interaction is result-
ing from edge perturbations, i.e., the co-expression relationship of
the molecular interaction is differentially changed. Type II is also
referred as ‘differential interactions’ by directly affect interactions
while type I is called ‘non-differential interactions’ by indirectly
changing interactions via node changes. Furthermore, if one dys-
functional interaction directly linked at least one disease genes
(reported T2DM related genes), then we define it as ‘disease
interaction’. Therefore, disease interaction is an interaction who
owns close connection with the corresponding disease. Actually, by

treating the known disease genes as gold standard, we find that
‘differential interactions’ and ‘non-differential interactions’ are com-
plementary in studying T2DM, shown in Figure 1 (Part II).

Given these backgrounds and the dysfunctional interaction con-
cept, this paper aims to conduct an integrative spatio-temporal ana-
lysis on cross-tissue interactions of T2DM so as to gain a system-wide
understanding for diabetes, by developing a new type of molecular
network, i.e., ‘differential expression network’ (DEN). To construct
DEN (Figure 2 A–G), we extract ‘differential interactions’ and ‘non-
differential interactions’, which are capable of characterizing the
initiation and progression of T2DM. In contrast to the traditional
‘differential genes’ (DG, Figure 2 C) or ‘differential network’ (DN,
Figure 2 D), the DEN is able to better describe phenotype differences
at the network level. From the network viewpoint, DEN (Figure 2 G)
actually not only covers DG and DN, but also includes disease-
related ‘non-differential interactions’ (Figure 2 E) which are missed
in DN. Note that a non-differential interaction is defined as an edge
without significant differential strength, but both of its two linked
genes have differential expressions between case and control sam-
ples, thereby highly associating with the biological process.

To analyze T2DM of Goto-Kakizaki rat (an animal model of
T2DM) based on the time-course gene expression profiles (five time
points), we first reconstruct the DEN across three classical insulin
target tissues, i.e., white adipose, skeletal muscle and liver, at several
time points based on the protein-protein interaction (PPI) network
combined with gene expression profiles. The three tissues are gen-
erally considered as three most important metabolic tissues. As a
result, the characterization of T2DM inside each tissue at molecular
level is represented by its DEN. Based on these DENs, the commons
and differences are identified among these tissues. We are able to
demonstrate that DENs provides rich biological insights at gene,
interaction, pathway, and even global network structure level.

Results
Proof-of-concept study on dysfunctional interactions. We use
animal model of diabetes, Goto-Kakizaki (GK) rat, and its control,
Wistar-Kyoto (WKY) rat to study the development and progression

Figure 1 | Dysfunctional interactions and disease interactions. (A) Schematic illustration of Type I disease interaction resulting from node

perturbations (differentially expressed nodes, red node: up-regulated, green node: down-regulated). (B) Schematic illustration of Type II disease

interaction resulting from edge perturbations (differentially expressed edges, red line: positive expressed edge, green line: down expressed edges).
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of T2DM, and the detailed time-course data of gene expressions on
three tissues are described in Materials and methods.

The dysfunctional interaction model underlying disease develop-
ment and progression is shown in Figure 1. As a proof-of-concept
example, we firstly identified the ‘dysfunctional interactions’ of
T2DM to demonstrate its usage. Specifically, we picked out all the
existing protein-protein interactions. Each interaction was assigned a
strength value by the correlation of its linked two genes. Then by
comparing the gene expression level in case and control samples,
each differential interaction was detected based on its differential
strength of the edge, whereas each non-differential interaction was
identified based on differential expressions of its two linked genes.
Since there is no existing gold-standard for dysfunctional interac-
tions, we validate the identified dysfunctional interactions by check-
ing whether its connecting nodes are known disease genes in Rat
Genome databases. In adipose, we predict 56 dysfunctional interac-
tions (1 type I non-differential interactions and 55 type II differential
interactions) and they contain 28 know disease genes in all. In mus-
cle, there are 39 dysfunctional interactions (2 type I non-differential
interactions and 37 type II differential interactions), and these inter-
actions cover 21 disease genes. While in liver, there are 30 dysfunc-
tional interactions (4 type I non-differential interactions and 26 type
II differential interactions) which involve 18 known disease genes.
Figure 2 shows the Venn diagram of three sets of genes from ‘non-
differential interactions’, ‘differential interactions’, and ‘disease
genes’. It is easy to see that the differential interactions may cover
more disease genes, and the covered disease genes due to ‘non-dif-
ferential interaction’ and ‘differential interaction’ appear to be com-
plementary on a certain degree.

As mentioned in introduction and illustrated in Figure 1, if one
dysfunctional interaction can cover at least one disease genes
(reported T2DM related genes), then it is labeled as ‘disease
interaction’ in our work. Eventually, we obtain 56/39/30 disease
interactions for adipose/muscle/liver respectively. All the disease
interactions and the covered disease genes (covered_DG) are listed
in the Supplementary Table 1 (Supplementary Table 1A for adipose,
Supplementary Table 1B for muscle, and Supplementary Table 1C
for liver). We then perform literature search for those disease inter-
actions. Indeed, these disease interactions are closely related to the
T2DM. The following are some given examples. (1) The interaction
between ACP5 and ENPP1 is identified as type 1 dysfunctional
interaction for these two genes are both significantly differentially
expressed across case and normal conditions in adipose tissue.
Indeed, ACP5 has been approved related with diabetes for human
and mouse, and remaining to be confirmed for rat. According to our
numerical computation, it is significantly down regulated in GK
compared with WKY which is consistent with the results published
in 201117. ACP5 is associated with macrophages, the lower express-
ion in GK likely means the higher inflammation in GK population.

ENPP1, also known as PC-1, is not involved in T2DM related in RGD
database released in 2009 used in this paper, but it is considered to be
a likely candidate gene for insulin resistance and type 2 diabetes18.
Therefore, the interaction between ACP5 and ENPP1 is an inter-
action that show close association with T2DM. Besides, in this tissue,
many differential interactions contain gene GSTT1, although this
disease gene does not show significant differential expression pat-
tern. While actually, GSTT1 has been reported to play a vital role in
the development of T2DM19. (2) In skeletal muscle, GSTM1 is over-
expressed. This gene is known for its broad range of detoxification
and in the metabolism of xenobiotics. It plays a vital role in the
development of T2DM19. GSTA4 is downregulated under case con-
dition compared to normal state. Though it has not been identified
exactly related to T2DM, it may contribute to the development of
insulin resistance and type 2 diabetes20. Thus, the interaction
between GSTM1 and GSTA4 is reasonably considered to be per-
turbed due to T2DM. Interestingly, the interaction between ACP5
and ENPP1 is also identified in muscle, the different thing is that,
here, it is identified for the co-expression of them is significantly
changed. The correlation coefficient is 0.8085 under normal state
while is reduced to 20.2208 under diabetics, which means that the
co-participated function between the corresponding two proteins
dysfunctions. (3) In liver, the gene expression of PIK3R1 and
NGFR are both significantly down-regulated in GK rats compared
to WKY subjects, so the interaction between them is regarded as non-
differential interaction. Thus it should own close connection with
T2DM. Actually, this viewpoint is reasonable and the supported
information is shown as follows. PIK3R1 is a heterodimer containing
a regulatory subunit and a catalytic subunit, and has been identified
as a T2DM related genes in RGD database. Decreased expression of
this gene suggests a possible decrease in insulin signaling at the level
of PI3-kinase. NGFR is a nerve growth factor receptor. Its decrease in
the genetic expression might be responsible for the pathogenesis of
diabetic cystopathy, while hyperglycaemia is part of the cause of these
changes21. The interaction between GSTM1 and GSTA3 is shown
here as another example. This interaction is identified as type 2
dysfunctional interaction since the correlated coefficient is changed
from 0.3200 (control) to 0.7231 (case). Among the linked genes,
GSTM1 has been approved a T2DM related gene, and as reported
in the previous study22, GSTA3 may be a contributing factor to the
increased oxidative stress and incidence of hepatic disease that may
occur during diabetes. In addition, it should be noted that the inter-
action between GSTM1 and GSTA4 is detected as dysfunctional
interaction in skeletal muscle, while in liver, the interaction between
GSTM1 and GSTA3 is identified. This reflects the common and
specific among the two tissues to some degree.

Constructing differential expression network (DEN). We have
constructed a tissue-dependent ‘differential expression network’

Figure 2 | Venn diagram of three sets of genes from ‘non-differential interactions’, ‘differential interactions’, and ‘disease genes’.
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(DEN) by complementarily considering both individually genes
and dysfunctional gene pairs. The detailed procedure to construct
DEN is illustrated in Figure 3, where the comparison of DEN with
traditional schemes is also shown. A DEN is composed of ‘non-
differential interactions’ (Figure 3 E) and ‘differential interactions’
(Figure 3 F), which cover both ‘differential genes’ (DG, Figure 3 C)
and ‘differential network’ (DN, Figure 3 D). In particular, a DEN
includes the non-differential interactions which are missed in the
DN.

Specifically, by combining a molecular network (e.g. a PPI net-
work) and gene expression profiles, we first constructed the molecu-
lar network under case or control condition, where the strength of an
edge can be given by the correlation of its linked two genes. Then by
comparing case and control samples, each differential interaction
was detected based on its differential strength of the edge, whereas
each non-differential interaction was identified based on differential
expressions of its two linked genes. Note that a non-differential
interaction is not a differential edge, but both of its two linked genes
have differential expressions, thereby relating to the disease process.
We will show that our scheme outperforms both ‘differential genes’
and ‘differential network’ schemes in T2DM study.

Extracting differential genes and non-differential interactions. We
adopted a commonly employed technique to identify significant
differentially expressed genes noted as ‘differential genes’ by com-
paring case and control samples, i.e., GK and WKY rats in our study.
We identified 700, 751, and 907 significantly differentially expressed
genes (with multiple testing adjustment cutoff 0.05), for adipose,
muscle, and liver respectively, covering 6, 4 and 8 out of the 143
known disease genes (literature reported T2DM related genes).
Furthermore, we filtered the unreliable differential expressed genes
through discarding some trashy differential genes by protein inter-
action information, since protein-protein network was steadily con-
structed experimentally characterizing the physical interactions
between proteins. Specifically, we mapped the differential genes from
different tissues to PPI network respectively. Only the edges whose
two nodes are all differentially expressed were further considered and
denoted as ‘non-differential interactions’, which are not incorpo-
rated in the DN. Consequently, we obtained 46/55/138 ‘non-differ-
ential interactions’ among 30/48/70 proteins for each tissue (adipose/
muscle/liver), covering 1/2/2 disease genes. It is clearly that the cov-
erage for disease genes is raised due to the incorporation of PPI
network information.

Figure 3 | Scheme of constructing ‘differential expression network (DEN)’. The new form of network named DEN is based on both molecular

network (e.g. PPI network) and gene expression profiles to characterize biological process (Fig. 2A), in contrast to traditional ‘differential genes’

(DG; Fig. 2C) or ‘differential network’ (DN; Fig. 2D). DEN is composed of ‘non-differential interactions’ and ‘differential interactions’. In Fig. 2 B, the

gene is labeled in green if it is down regulated compared to Case or Control, while red if up regulated. The gene is labeled in black if there is no significant

difference between Case and Control. In Fig. 2 C–G, the gene is labeled in green if its differential value is negative, while red if positive. The gene is labeled

in black if its differential value is around zero. As a result, DEN is constructed for each tissue. In addition, the comparison of our DEN scheme with

traditional schemes is also can be shown. DG only considers those individual genes whose expressions have significant differences under two different

conditions, while DN is composed of the differential interactions that have significant differences in different states, without consideration of

disease-related non-differential interactions.
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Figure 4 | Systems analysis for tissue specific DENs. (A) Showing the largest component of DEN for each tissue. (B)Venn diagrams show the overlap of

genes perturbed in three tissues. (C) Main topological parameters for each tissue’s DEN and corresponding giant connected component. (D) Similarity

between any two tissues measured by using mutual information. (E) Percentage of enriched pathways in three major functional classes.
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Extracting differential interactions. Instead of choosing genes indi-
vidually, here we chose genes in a pairwise way, i.e., interactions. An
interaction (corresponding to an edge in a network) will be picked
out if its two directly linked genes are strongly correlated (the
Spearman correlation coefficient is greater than or equal to some
threshold, such as 0.7) under one strain while not (e.g. less than
0.5) in the other condition. The difference embodied in co-
expression implicates that the interaction between this gene pair is
perturbed due to the disease, and such an interaction is named as
‘differential interaction’. Through screening all edges in PPI network,
we have identified 623/741/340 differential interactions among 733/
723/382 proteins for adipose/muscle/liver respectively, containing
27/19/16 disease genes.

Interestingly, there is no overlap between the two sets of covered
disease genes picked out by our ‘non-differential interactions’ and
‘differential interactions’ respectively. This fact indicates that the two
type interactions are complementary (see the Venn diagrams in
Figure 2).

Integrating differential and non-differential interactions. Since the
aforementioned two types of interactions to identify disease related
gene candidates are complementary, here, by combining them
together we propose a new form of molecular network, ‘differential
expression network’ (DEN), which is capable of characterizing each
tissue’s alterations between case and normal samples. Specifically,
the DEN is built by taking the union edges of non-differential inter-
actions and differential interactions.

For each tissue, we obtained a differential expression network
composed of 749 (662), 753 (794), and 425 (469) nodes (edges),
respectively, which contained 28/21/18 (adipose/muscle/liver) dis-
ease genes. The high coverage for disease genes confirms the hypo-
thesis that more accurate disease related information can be captured
by our DENs. Figure 4A displays the largest component of three
tissue-dependent DENs.

Static analysis on tissue-dependent DENs. In the following, we
performed systematic analyses on these DENs from global to local
level.

Macroscopic topology analysis. Firstly, we studied the main topo-
logical measurements of each tissue’s full DEN (denoted as ‘full’)
and its giant connected component (denoted as ‘comp’). The main
topological measurements are average degree (,k.), average length
of shortest paths (,l.), and average clustering coefficient (,c.).
The detailed information is shown in Figure 4C, where the numbers
of nodes are all listed to provide a reference for the topological
parameters from different tissue’s DENs.

From the global picture of network and the topological measures,
we conclude that muscle and adipose present a consistent tendency,
while liver shows distinct characters. Liver’s DEN has a higher
average degree ,k. than those from other two tissues, which is
especially notable when we calculate ,k. on giant connected com-
ponents. Again on average, the ,l. of DENs from adipose and
muscle are comparable, while the liver’s DEN displays the lowest
value for ,l.. This fact indicates that two proteins in the DEN of
liver tend to be closely connected. In addition, higher average clus-
tering coefficient (,c.) was observed in DEN of liver, which indi-
cates a stronger tendency of proteins in liver to form tight clusters or
groups. All the topological observations suggest that there are no big
differences in the macroscopic topological properties among the
DENs from adipose and muscle, indicating the certain homogeneity
between these two tissues during the disease progression.

Gene level analysis. To find possible relationships among the three
tissues under T2DM, we simply counted the number of correspond-
ing disease gene sets inside each tissue and checked their pairwise
overlaps. The Venn diagrams are shown in Figure 4B. It shows that

every two tissues have significantly overlapped genes (p-value , 1e-
32) in their DENs. This demonstrates that three tissues are tightly
associated by sharing common T2DM phenotype. However, we
found that the overlap between adipose and muscle is significant
(p-value , 0.01) when we refined all the identified genes into 143
disease genes, which can represent the biological processes in T2DM
more accurately.

Furthermore, we compared three tissues more concretely by
investigating the changes in gene expression patterns. For this pur-
pose, we introduced a notion named relative expression which can
display the changes of gene expression from control condition to
disease condition. Then we calculated the mutual information
(MI) of the same gene between different tissues. In this way we
quantitatively measured the similarity of tissues on the relative
expression pattern level for one specific gene. Accumulating the
mutual information of 93 common genes allows us to measure the
overall similarity of pairwise tissues. The mean and standard error
for the MIs of 93 common genes from three tissues are shown in
Figure 4D. Consistent with previous findings, the most similar pat-
terns of expression are observed between adipose and muscle, as
shown in Figure 4D.

Functional analysis. Next, we performed functional analysis on the
DENs underlying T2DM. The pathways enriched in each tissue’s
DEN were picked out by the online software DAVID. Then we com-
pared the pathway enrichment results among different tissues.

As a result, we found 53, 52, and 34 significantly enriched path-
ways (Bonferroni-adjusted p-value , 0.05) in adipose, muscle, and
liver respectively. All these pathways were manually classified
according to the KEGG pathway database, and the percentages of
pathways that fell into the same (or different) categories were
counted. As shown in Figure 4E, the detected pathways mainly
belong to three major classes, i.e., metabolism, immune, and cancer.
The percentages of the enriched pathways in metabolism class are
30.19%, 15.38%, and 61.76% for adipose, muscle, and liver. This
indicates that the metabolic related functions of liver are disturbed
most severely due to T2DM. On the other hand, the percentages of
the enriched pathways in immune class of the three tissues are com-
parable, which implies that the severities of inflammation displayed
in these tissues are almost at the identical level.

Gene expression profile analysis. Unsupervised hierarchical cluster-
ing of the gene expression data across the three tissues reveals inter-
esting patterns in the gene expression heat map (Figure 5A). First, the
adipose, muscle, and liver are clearly distinguishable. Second, the
adipose is more close to muscle. Thirdly, the gene expression profiles
of GKs and WKYs are closely grouped together for each tissue, while
the expression profiles from different disease states are clustered
more closely with each other than with the profiles from the corres-
ponding GK and WKY.

The main sources of variation in the patterns of gene expression
samples can be visualized as 2D maps (Figure 5B) using principal
components analysis (PCA), in which each dimension represents a
group of coordinately regulated genes. Principal components (PCs)
are a mathematical abstraction. In brief, given a matrix of gene
expression, the first PC is the set of genes that accounts for most of
the variation among the samples. The second PC is the next set of
gene that account for most of the remaining variation, in a manner
that is independent of the first PC. Additional PCs account for fur-
ther variation. In this way, PCA can mathematically identify the
main sources of variation in a complex matrix. Figure 5B nicely
shows that the first two PCs appear to have meaningful biological
associations. Principal component #1 represents the tissue specificity
of the samples and the principal component #2 indicates the T2DM
state. Using this analysis, samples from one tissue are clearly sepa-
rated with those from another tissue, based on the tissue specific
genes that make up the first PC (PC1). Intriguingly, PC2 divides

www.nature.com/scientificreports
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the samples into T2DM and normal classes according to the disease
state. The first class consists of cells from WKY samples, and the
second class contains GK samples. Basically, there are two main
sources of variance in the gene expression data. One is the tissue
specificity and another one is the disease state. This highlights the
motivation of this study to consider tissue specificity in T2DM study,
and gene expression analysis also supports our previous finding that
liver is different from adipose and muscle during the progression of
T2DM.

Local analysis on insulin resistance pathway. In addition to the global
characterization, we also checked the similarities and differences
among three key tissues at local pathway level. We focused on the
insulin resistance (IR) pathway (from KEGG), which is known as a
major player in adipose tissue, skeletal muscle, and liver for diabetes
subjects23. Although the molecular mechanism of IR pathway has
been firmly established, it is unclear if there are tissue-specific differ-
ences24. For example, though it has been recognized that insulin
receptor substrates (IRSs, including IRS1, IRS2, IRS3, and IRS4)
are a family of adaptor proteins that are crucial for the action of
insulin, it is still not clear whether or not different IRSs play redund-
ant or selective roles in insulin action in different tissues25. Our
spatial analysis may provide clues for the important interactions
leading to insulin resistance.

We characterized tissue’s states under two contrast conditions by
labeling differentially expressed genes and rewriting interactions.
Specifically, one gene is labeled in green, if it is significantly down-
regulated in insulin resistant state (corresponding to the subfigures at
the bottom in Figure 6). Alternatively, a gene is labeled in red if it is
up-regulated. Similarly, a green edge means that the corresponding
two genes are strongly and negatively correlated, while red indicates
strongly and positively correlated. The results for three tissues are
shown in Figure 6.

Again, similarities were observed in adipose tissue and skeletal
muscle. Firstly, more changes were detected with respect to node
IRS1 in both adipose and muscle tissues from the top subfigures in
Figure 6. This indicates the fact that IRS1 contributes to mediating
the effect of insulin on glucose transport26,27. Consequently, the

functions of SLC2A4 have been disordered in these two tissues, while
not in liver. As reported, this gene encodes the insulin-regulated
glucose transporter (GLUT4) found in adipose tissue and skeletal
muscle, which is responsible for insulin-regulated glucose transloca-
tion into the cell28.

More tissue specific alterations were observed by a closer check.
(1) We can see from the two pathways in adipose and muscle tissue
under normal condition that IRS1 is the main docking protein for the
binding and activation of phosphatidylinositol 3-kinases (PI3K).
While in GK samples, IRS2 was significantly up-regulated and
became the main docking protein which requires a higher insulin
concentration than that is needed for a similar binding to IRS129. This
confirms that IRS1 and IRS2 are structurally similar and have com-
plementary functions30. In addition, we found that the functions of
IRS3 were also influenced, possibly due to its corresponding protein
to activate the metabolic action of insulin and to promote transloca-
tion of GLUT431. (2) IRS1 appears to have its major role in skeletal
muscle which corresponds to the viewpoints based on the mice
model32. As shown in subfigures B1-B2 in Figure 6, a disturbed
interaction appears between insulin receptor (INSR) and IRS1, and
the IRS1-associated PIK3R1 is significantly decreased (indeed,
PIK3R1 is observed significantly down-regulated across three tis-
sues). In addition, the insulin signaling at the level of IRS1/PIK3R1
is disrupted from GK rats compared with that of WKY animals,
which has been detected in mice models with T2DM33. (3) In liver,
only IRS3 seems to have significant alterations. Previous studies have
reported that in contrast to IRS1 and IRS2, IRS3 is a smaller molecule
and has fewer phosphorylation sites30. Therefore, IRS3 might func-
tion differently from IRS1 and IRS2, which are capable of mediating
insulin’s action to promote translocation of GLUT4 glucose trans-
porters. Since GLUT4 is the insulin-regulated glucose transporter
found in adipose tissue and skeletal muscle while not in liver, it is
reasonable to consider that IRS3 also undertakes other distinctive
functions from IRS1 and IRS2 in GK liver.

Dynamical analysis on tissue-dependent DENs. Furthermore, we
made a pilot investigation from the spatio-temporal (that is, tissue

Figure 5 | Global analysis of the gene expression profiles. (A) Unsupervised hierarchical clustering of the gene expression data across the three tissues

reveals patterns in the gene expression. (B) The main sources of variation in the patterns of gene expression samples can be visualized as plot using

principal components analysis (PCA), in which each dimension represents a group of coordinately regulated genes.
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and age) perspective to study and compare the dynamic changes
occurred in three tissues during the development of T2DM.

Temporal analysis on global DENs. For each tissue, we constructed
one differential expression network (DEN) at each time point. As a
result, 5 DENs in different periods, which span the stages from 4 wk
(i.e., week) to 20 wk, are created with the interval 4 weeks. In other
words, we have constructed 5 time-course differential expression
networks for each tissue to characterize the dynamical changes.
These networks are spatio-temporal dependent since they are based
on the gene expressions localized on corresponding stage from cor-
responding tissue.

We firstly analyzed the dynamic topological properties of these
time-course DENs. The results are summarized in Figure 7. It shows
that the size of time-course differential networks from the same
tissue was relative steadily except for three singular points (adipose
at the last stage, muscle and liver at the first stage (Figure 6A)).
Further observations from Figure 7B–D indicate that, (1) for adip-
ose, both the average degree and clustering coefficient increase from
4 wk to 12 wk and then decrease; while the shortest path shows a
peak value at 4 wk, then decline in the next stage and keep steadily
in the following stages. (2) For muscle, both the average degree and
the clustering coefficient subject to a parabola with time, and touch
the bottom at 12 wk or 16 wk. The shortest path varies slightly from
8 wk to 20 wk. (3) For liver, the average degree, the clustering
coefficient, and the shortest path all fluctuate, specifically, three
parameters increase from 8 wk to 12 wk, then decrease from
12 wk to 16 wk and again increase from 16 wk to 20 wk. These
results suggest that the dynamic changes underlying topological

properties of time-course DENs are similar to a certain degree in
adipose and muscle.

Next we investigate the dynamical changes of the biological func-
tions underlying T2DM. The percentages of enriched pathways were
taken as the index to characterize functions underlying each differ-
ential networks. Genes in the 5 time-course differential networks
were used to reveal enriched KEGG pathways. Dynamic functional
indexes regarding to metabolism and immune are shown in
Figures 7E and Figure 7F. We found that the dynamic changes upon
metabolism and immune seem to be complementary in adipose, also
in liver. In these two tissues, the dynamic metabolic index increases
from 4 wk to 12 wk and then decreases by reaching its peak value at
12 wk. Interestingly, this change tendency is consistent with the
dynamic changes of HOMA-IR index (one index that is generally
accepted as a measure of whole body insulin resistance) examined by
Almon group34. This indicates a positive correlation between the
insulin resistance and affected metabolic functions in adipose and
liver. However, an unexpected arise occurs in liver at 20 wk. It might
be due to the increased size of differential network at that time. In
addition, muscle shows its minimum in metabolism index while its
maximum in immune index at 12 wk, which is different from the
other two tissues.

Temporal analysis on IR pathway. Again we focused on the IR
pathway and screened every existed interaction in IR pathway at
each stage for three tissues. We aim to check if the interaction is
disturbed at some stage in each tissue. To reduce the impact from
noise, we only counted those disturbed interactions whose dynamic
changes are stable in two or more continuous time points. Similar to

Figure 6 | Different states of insulin resistant pathway under two contrast conditions in three tissues. From left to right, the subnetworks correspond to

adipose, muscle, and liver respectively. The subnetworks in the top level correspond to normal condition (WKY), and the subnetworks in disease

condition (GK) are listed at the bottom level. Genes from WKY tissues are colored in white, while in green/red according to down/up-regulated sitations

in GK. Given one tissue, all the differential interactions in IR pathway are casted to normal or disease strain. A green edge means that the corresponding

two genes are strongly and negatively correlated, while red one indicates strongly positive correlation. The gray edges mean that though they are not

differential interactions, but their two nodes (genes) are simultaneously differentially expressed.
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the definition in static DEN, such interactions are defined as
‘dysfunctional interactions’, which are considered to be a stable
form to distinguish disease and normal samples in contrast to the
traditional ‘disease genes’. Here, ‘stable change’ means that the
direction (up or down) of regulating is consistent in different time
points, regardless of the absolute value of gene expression level for
single gene and correlation coefficient for gene pair. We list the
dysfunctional interactions and corresponding time points in
Figure 8 and label them using different colors corresponding to
different tissues. We found some interesting facts: (1) In adipose,
the abnormal perturbations related to IRS1 and IRS3 occur in the
earlier stages, compared with perturbations related to IRS2. (2) The
perturbations associated with SLC2A4 appear in the later stages
(from 12 weeks on), as well in skeletal muscle. (3) The interaction
between IRSs and PI3K was disrupted as shown in IR pathway map
from KEGG. In adipose, the disruption between IRS2 and PIK3R1
occurred from 16 weeks to 20 weeks. In muscle, the interaction
between IRS1 and PIK3R1 was disrupted through all the 5 points
in time. In liver, the interaction was disordered at the first 2 time
points.

In addition, our temporal analysis supports that rising of insulin
secretion is the root cause of insulin resistance in diabetes. It has been
a long standing problem in diabetes study for the relationships
between insulin secretion and insulin resistance41. It’s well-known
for the strong relationship between basal insulin levels and diabetes.
Increasing fasting insulin levels have been documented as factor to
impaired glucose tolerance and severe diabetes. However, this cor-
relation provides no information on causation. Our temporal ana-
lysis in a tissue-specific manner may provide some hints for this
important problem. We check the insulin receptor substrate 1
(Irs1) to represent insulin resistance, since it plays a key role in
transmitting signals from the insulin and insulin-like growth fac-
tor-1 (IGF-1) receptors to intracellular pathways PI3K/Akt and
Erk MAP kinase pathways42. For insulin secretion, transcription fac-
tor 7-like 2, also known as TCF4, is chosen since its critical role in
insulin secretion and linkage to higher risk to develop type 2 dia-
betes43. As shown in Figure 9, our data support that hypersecretion of
insulin can precede and cause insulin resistance. Specifically, the
peak of insulin resistance (characterized by Irs1) occurring at D16
lags behind the peak of insulin secretion (characterized by Tcf4)

Figure 7 | Topological properties of time-course DENs for three tissues. (A) Number of nodes of the corresponding DENs. (B) Average degree of the

corresponding DENs. (C) Clustering coefficient of the DENs. (D) Length of the shortest path of the DENs. (E) Percentages in metabolic function class

enriched in DENs. (F) Percentages of the enriched pathways in immune function class enriched in DENs.
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occurring at D12. This fact supports the model of b-cell secretion of
insulin leading to hyperinsulinemia and causing insulin resistance41.

Discussion
In this paper, we developed a new form of molecular network to
characterize the phenotype differences of samples as well as inter-
action rewiring, and provided not only evidence for the tissue spe-
cificity at the molecular level, but also biological insights into the
development and progression of T2DM at the network level.
Specifically, we present a macroscopic relationship among the three
key tissues during diabetes progression at molecular level. Various
evidence, i.e., differential expression network, gene overlap, func-
tional analysis, gene expression profile, and IR pathway, all indicates
that these three tissues are involved in T2DM progression but play
their roles in different ways. Adipose and muscle are two similar
tissues in terms of those features, which are slightly different from
liver. The dynamical analysis reveals that adipose dysfunctions at an
early stage, while liver and muscle dysfunction in all periods.

Type 2 diabetes has long been viewed as a metabolic disease linked
to obesity and a sedentary lifestyle. We believe that the traditional
disease-causing mutations based model is limited in fully reconcile
with the increasingly appreciated prevalence of complex genotype-
to-phenotype associations. Here we start from the biomolecular net-
work perturbation model and uncover the differentially changed
molecular interactions. Our DEN model cover the edgetic perturba-
tion35, which mainly cares about the distinct network perturbations
by mutation resulting from complete loss of gene products (node
removal) or specific alterations in distinct molecular interaction(s)
(edgetic perturbation). While our DEN model is general to any driv-
ing forces to rewire molecular interactions including genetic and
epigenetic factors. Our results demonstrate its advantages in study-
ing T2DM.

In the conventional method, the genes are used to characterize the
cells, called gene expression signatures. They are first clustered into
some groups based on their expression values, and then each gene list
of the groups is characterized by the previous knowledge of biological
functions, such as the GO terms. Finally, the terms of the biological
functions are interpreted to consider the cellular relationship. In
contrast, we developed a new framework by constructing ‘differential
expression network’ (DEN) to investigate the functional relation-
ships between distinctive tissues and further to characterize the spa-
tial-temporal differences under T2DM at network level. Based on
these constructed DENs, we firstly performed a systematic compar-
ison analysis across several key target tissues. The results based on
static DENs suggest a higher similarity between adipose tissue and
skeletal muscle at the level of gene expression and network topology.
Such results indicate that the molecular mechanisms underlying
T2DM of these two tissues are similar to some extent. In addition,
we found that metabolic related functions were affected severely in
liver, moderately in adipose and weakly in muscle. Moreover, we also
detected that these three tissues were subjected to serious inflam-
mation at nearly identical level. Focusing on the insulin resistance
pathway, we found that some proteins belonging to the same family
show tissue-specific characteristics, such as IRS1, IRS2, IRS3, etc.
Furthermore, analysis based on dynamic DENs implicates many
interesting biological phenomena. At the stage when GK rats show
most serious insulin resistance, our measured metabolic functions
related to T2DM also reach a peak in adipose and liver. Interestingly,
the dynamic changes are consistent between the insulin resistance
and the affected metabolic function in these two tissues. Observing
the dynamic changes in insulin resistance pathway, we found that in
adipose and muscle, the functions linked to IRSs (insulin receptor
substrates) seem to be affected earlier than those linked to SLC2A4 (a
gene encodes a protein that functions as an insulin-regulated facil-
itative glucose transporter). All these results enable us to further

Figure 8 | Temporal dysfunctional interactions and their corresponding time points in IR pathway in three tissues.
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experimentally understand the disease, and we expect the emergence
of tissue-specific and isoform-specific gene (specifically genes from
IRs) knockout studies to corroborate our conclusions.

It should be noticed that our DEN scheme provides a novel way to
predict disease genes and further disease interactions. We already
demonstrated that this scheme can cover 3–4 folds more known
disease genes than traditional differential expressed genes. The
research on this area is expected to further demonstrate the effec-
tiveness of DEN framework and is in progress36,37. One step further,
DEN can be directly applied to the identification of network biomar-
kers for disease prognosis. Our DEN framework is similar to the
network biomarker identification procedure proposed in38 by integ-
rating PPI and gene expression data. However, the constructed net-
work in38 only includes a group of genes and the connection pattern
among these genes, and co-expression changes in protein interac-
tions, i.e., non-differential interactions are not used in disease clas-
sification. In contrast, our differential expression network fully
explores all disease-related interactions including non-differential
interactions, among the proteins and therefore is able to identify
disease genes and disease interactions in an accurate manner.

Methods
Collecting data. We obtained gene expression profiles of three rat tissues (white
adipose, skeletal muscle, and liver) from the National Center for Biotechnology
Information (NCBI) Gene Expression Omnibus database (GSE 13271)17,34,39. The
gene expression data was measured from normal (WKY) and diseased rats (GK) aged
from 4 weeks (4 wk) to 20 wk, and the time interval was 4 weeks. The microarray was
composed of 31,099 probes. Our first filter eliminated the probe sets without
corresponding official symbol, leaving 25,345 genes for further consideration.

We downloaded the T2DM related genes (referred to as ‘disease genes’ for con-
venience in this paper) from the Rat Genome Database (http://rgd.mcw.edu/wg/
home). Only those genes whose expressions have been measured in GSE17271 were
considered in our analysis. In total, 143 disease genes were analyzed.

The rat protein-protein interaction network (rat PPI) used in this study was
integrated from KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway and
BioGrid (Biological General Repository for Interaction Datasets). The integrated PPI
network contains 24,503 edges (interactions) among 4,082 nodes (proteins).

Identifying differentially expressed genes. It is well confirmed that the propensity of
many diseases can be reflected in a difference of gene expression levels in particular
cell types40. For this reason, genes showing a different expression levels in control
crowds (i.e. WKY rats in this paper) and case strains (i.e. GK rats in this paper) are
likely related to the disease.

Here the student’s t-test was utilized to identify differentially expressed genes or
simply differential genes. For normal or abnormal group, gene expressions from
different samples were taken as replicated experiments. For a gene, whether there
is a significant difference in log2 expression level from GK versus WKY can be
estimated by t-test. The logarithm transformation is to make the data approximately
subjected to normal distribution. To get a more powerful and less subject to bias,
multiple testing was employed in this work. The threshold for adjusted p-value was set
to 0.05.

Identifying differential and non-differential interactions. In addition to disease
related genes by screening genes individually, we further detected candidate genes
and interactions from the network perspective since genes usually do not function in
isolation. Genes associated with the same disorder tend to share common functional
features, reflected in the fact that their protein products have a tendency to interact
with each other. If some genes have close connections with one disease, it is
reasonable to assume that perturbations would invade into the interactions among
them. We identified such interactions based on ‘differential interactions’ and ‘non-
differential interactions’, i.e., interactions with or without differential changes in this
work.

A differential interaction is an edge whose strength has significantly changed under
different conditions (e.g., GK and WKY). On the other hand, a non-differential

Figure 9 | Our temporal analysis supports that rising of insulin secretion is the root cause of insulin resistance in diabetes. The peak of insulin

resistance (characterized by Irs1) occurring at D16 lags behind the peak of insulin secretion occurring at D12. This fact supports the model of b-cell

secretion of insulin leading to hyperinsulinemia and causing insulin resistance41.
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interaction is an edge that has no significant change on edge strength but its linked
two genes or corresponding coded proteins are both differentially expressed. Their
specific schemes are shown in Figures 3E and 3F, respectively.

Co-expression using correlation coefficient is a popular method to describe the
interaction or edge strength between genes, and the Spearman correlation coefficient
was used here. Firstly, all genes were mapped to the compiled rat PPI network to filter
some unnecessary interactions. As a result, 24,503 edges among 4,082 genes were
selected. Then for each remaining edge, we separately computed its correlation
coefficient under two contrast conditions. If it is strongly correlated
(the Spearman correlation coefficient is greater than or equal to threshold 0.7) under
one condition, while not in other conditions (the Spearman correlation coefficient is
lower than 0.5), then this edge is defined as ‘differential interactions’. With regard to
non-differential interactions, they are detected based on differential expressions on its
linked two genes. Specifically, if two endpoints (linked genes or coded proteins) of an
edge are both differentially expressed, then this edge is noted as ‘non-differential
interactions’.

More importantly, from these detected ‘non-differential interactions’ and ‘differ-
ential interactions’, we are able to further detect ‘disease interactions’, in contrast to
the traditional ‘disease genes’ (see Figure 1).

Measuring significant overlapping of two gene sets. We measured the significant
overlapping of two gene sets based on the hyper-geometric probability. When one
gene set is composed of k genes, and l genes are detected in the other gene set, the
probability is obtained by

P Xƒlð Þ~1{
Xl

i~0

M

i

� �
N{M

k{i

� �

N

k

� �

where M and N are the total number of genes in the two gene sets, respectively. In this
study, we set the significance probability to 0.01.

Computing relative expression value. To characterize the differential expression
levels between case and control, the relative gene expression was introduced and
computed by normalizing the GK data on the basis of corresponding WKY value.
Given one gene, its relative expression from the ith GK sample at the tth time point can
be computed as follows:

relativei,t~log2
GKi,tPn

i~1
WKYi,t

�
n

In the above formula, n means the number of samples used in the tth time point.
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