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Abstract—In general, molecular signatures of diseases are
estimated by comparing the two sets of molecular data measured
for the samples with distinctive phenotypes, and then molecular
functions of the diseases are characterized by the following analyses of the signatures. Unfortunately, ambiguous relationships
between molecular signatures and functions are observed in some
cases, due to a posteriori justification from molecular level to
phenotype level. Here, we propose a method for detecting molecular functions of the disease by a deductive justification from
phenotype level to molecular level, and illustrate its performance
by applying our method to the gene expression and phenotype
data sets for diabetes progression in Goto-Kakizaki rat. By our
method, the functions identified by the previous studies were
well covered, and furthermore, some implications for molecular
mechanisms were obtained. Our phenotype-difference oriented
method provides some clues to bridge directly a gap between
molecular signatures and phenotype data in diabetes.
Index Terms—Disease phenotype; molecular signature; disease
progression; systems biology; diabetes.

I. I NTRODUCTION
The advance of technology for measuring various properties of molecules is remarkable. For example, followed
by microarray, recently devised deep-sequencer enables us
to simultaneously measure the amount of mRNA and the
methylation state of DNA in a genomic scale. The assessment
of the information on the molecules promises the extensive
investigation of the disease mechanisms at the molecular level,
especially by correspondence with the phenotype level.
The huge information on the molecules measured accelerates to investigate the causes of diseases at the molecular level
from the phenotype view point. For instance, the amount of
mRNA measure by the microarray and the deep sequencer
is generally utilized to estimate the mechanisms of diseases
by comparing between two different phenotype groups, such
as normal and patients. Indeed, the gene signature for the
difference between the two groups is obtained from the highthroughput molecular data, and then it is characterized by
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gene function analyses, such as GO term [1] and Gene Set
Enrichment Analysis [2]. By the above procedure, overall
molecular difference between two different sets of normal
and patient is first estimated, and then the gene functions
in the molecular difference are attributed to the difference of
phenotype data such as normal and patient. Unfortunately, it
is difficult to characterize the gene functions caused disease
in some cases, by the above posteriori justification from
molecular level to phenotype level. This may be partially
because the molecular difference first obtained shows some
degrees of heterogeneity in each gene set responsible for the
gene functions.
Here, we propose a method for detecting molecular functions responsible for the phenotype difference, by a deductive
justification from phenotype level to molecular level. First, the
molecular data are divided into subsets of data by the known
classification scheme of gene function, and then the subsets
are selected by statistical tests for phenotype data, to evaluate
the causal relationship of gene function to subsets in terms
of the phenotype. Thus, the phenotype difference is directly
related to the gene functions by a deductive justification from
the phenotype level to the molecular level. In particular, the
heterogeneity of gene expression in the detected gene sets
is promisingly reduced by estimating the difference between
each gene set, instead of the overall difference between two
entire sets. The performance of our method was tested by the
gene expression data measured for two kinds of rats, GotoKakizaki (GK) and Wistar-Kyoto (WKY) rats [3]. GK rats,
which are originally developed in the early 1970s in Japan
from multiple-generation breeding of WKY rats selected for
high population values of glucose intolerance, are a polygenic
diabetic rat model, and have been widely used as a surrogate
in type 2 diabetes studies. The gene functions detected by our
method were discussed in terms of the diabetes progression,
in addition to the merits and pitfalls of our method.
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II. M ETHODS
A. Overview of phenotype-difference oriented method
Our method is composed of 4 steps and is schematically
shown in Fig. 1. First, the measured data are divided into
subset of data according to the classification scheme of gene
functions, such as GSEA [2]. Second, each subset of gene
functions is classified into two groups by a clustering technique. Thirdly, the phenotype data of the samples for the
two groups in each set is statistically tested, such as χ2
test for cross-table. The above three steps are performed for
different stages along the time, such as disease progression.
Finally, a set of probabilities for the stages are combined as
a probability for each set, to identify the gene sets with a
combined probability less than a specialized threshold. Each
step above is also described in details in the next subsection.

2) Numerical classification of molecular data into two
groups: Then, the genes for each of 880 gene set are classified
into two groups by a numerical classification method, based
on the gene expression profiles of the constituent genes ([II]
in Fig. 1). Here we adopt k-means among the clustering
techniques.
3) Phenotype-difference test for the two groups: We performed statistical tests for the two gene groups in 880 gene
set, in terms of their phenotypes, and obtain the difference
probabilities of each gene group ([III] in Fig. 1). Here we
adopt χ2 test for 2x2-cross table for the numbers of GotoKakizaki (GK) and Wistar-Kyoto (WKY) for each of the two
clusters. In summary, 880 cross tables are tested.
4) Combined Probability of phenotype-difference test: The
probabilities of phenotype difference for the four periods in
each gene set is evaluated by a combined probability ([IV]
in Fig. 1). The combined probability is calculated by the
following equation.
C = −2Σ4i=1 loge (pi ).
The number of probabilities, pk, for each period is 4 in the
present study. The statistics Fisher’s C follows χ2 distribution
with 2k degree of freedom [5], [6]. Thus, four probabilities
of cross-tables in each period for phenotype difference are
combined in 880 gene functions, respectively. Among 880
gene functions, the functions are selected with a combined
probability less than specified threshold (p < 10−4 ).
C. Data analyzed in this study

Fig. 1.

Workflow of phenotype-difference oriented method.

Along the above procedure, the phenotype difference is
more positively utilized to estimate the gene functions of
disease than the standard analyses. Our method can deductively identify the molecular functions with reference to the
significance probability of phenotype data, while the standard
procedure frequently estimate the molecular function by a
posteriori correspondence between the molecular functions
and the probabilities of phenotype difference between the
groups.
B. Details of our method
1) Classification of molecular data according to gene functions: We first classify the data sets measured by various
techniques, such as gene expression, into gene sets, according
to a gene classification scheme ([I] in Fig. 1. Here, we adopt
MSigDB [2] as the classification scheme, where gene sets are
gathered from well-known established pathway databases such
as BIOCARTA [4]. In total, all of the genes are classified into
880 sets by correspondence between the genes in the data
analyzed in this study and the database.
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We analyzed the gene expression data, which is
cited from the National Center for Biotechnology
Information (NCBI) Gene Expression Omnibus (GEO;
http://www.ncbi.nlm.nih.gov/projects/geo/) database (GSE
13271). The data are composed of 31,099 probes measured
by using Affymetrix Microarray Suite 5.0 (Affymetrix),
which are reduced into 14,506 genes, for 5 samples of male
GK spontaneously diabetic rats and WKY rats at each of 5
time points (4, 8, 12, 16, and 20 weeks of age).
Clear difference between GK and WKY rats in plasma
glucose and plasma insulin is observed from the period of 8w
[3], and we used the microarray data measured in the periods
of 8w, 12w, 16w, and 20w, as the molecular data.
III. R ESULTS
A. Gene sets
The gene sets with a significance probability are listed in
Table I. We found 7 gene sets with the combined probability
less than 10-4. Most of the probabilities of each period show
less than 0.05 in the 7 sets. The exceptional cases were
found in only two probabilities: the probability of 8w in
“BIOCARTA ARF PATHWAY”, and that of 12w in BIOCARTA IGF1R PATHWAY. This indicates that the gene sets
continuously contribute to generate the differences of gene
expressions between GK and WKY rats, during 8w to 20w.
In the following, the macroscopic relationships between the
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gene sets listed in Table I and the diabetes will be described
more detailed, by the reference to the previous knowledge.
ACH PATHWAY involves nicotinic acetylcholine receptors
regulate death of a broad range of neurons via the PI3
kinase/AKT pathway. It is well known that PI3 kinase/AKT
pathway is also central in insulin signaling pathway. Disturbing the function of this pathway will cause insulin resistance,
one of the two main characters of type 2 diabetes [7].
TABLE I
G ENE SETS WITH SIGNIFICANT PROBABILITY. P B

AND P C ARE
PROBABILITY OF CROSS TABLE FOR EACH PERIOD WITH B ONFERRONI
CORRECTION AND A COMBINED PROBABILITY.
Pathway
BIOCARTA
BIOCARTA
BIOCARTA
BIOCARTA
BIOCARTA
BIOCARTA
BIOCARTA

ACH PATHWAY
CREB PATHWAY
CTCF PATHWAY
CTLA4 PATHWAY
ARF PATHWAY
IGF1R PATHWAY
BLYMPHOCYTE PATHWAY

8w
9.5E-03
9.5E-03
9.5E-03
9.5E-03
1.1E-01
9.5E-03
9.5E-03

12w
9.5E-03
9.5E-03
9.5E-03
9.5E-03
9.5E-03
1.1E-01
9.5E-03

pB

16w
9.5E-03
9.5E-03
9.5E-03
9.5E-03
9.5E-03
9.5E-03
9.5E-03

20w
2.7E-03
2.7E-03
2.7E-03
2.7E-03
2.7E-03
2.7E-03
3.0E-02

pC
3.6E-06
3.6E-06
3.6E-06
3.6E-06
2.8E-05
2.8E-05
2.8E-05

Cyclic AMP response element binding protein (CREB),
the key transcriptional factor of CREB PATHWAY, binds
a specific DNA element and activates a large number of
genes, implicating in a variety of biological signaling cascades.
The activation of CREB associated with the phosphorylation
at Ser133. Several protein kinases are able to perturb this
phosphorylation, thus either increase or decrease the activity
of CREB. Those kinases includes PKA (Protein Kinase-A),
PKC (Protein Kinase-C), CSNK (Casein Kinases), CaMKs
(Calmodulin Kinases), GSK3 (Glycogen Synthase Kinase-3)
and p70S6K. Phosphorylation at Ser133 can also be driven
directly via PI3 kinase/AKT [8]. As previously described,
PI3 kinase/AKT is the main intracellular insulin signaling
pathway. GSK3 and p70S6K, two kinases decreasing CREB
DNA binding activity, inhibit insulin receptor substrate (IRS),
thus negatively regulate upstream molecular activity of PI3
kinase/AKT. Therefore, the cAMP/CREB signaling pathway
has been strongly implicated in the regulation of glucose
homeostasis.
CTCF(CCCTC-binding factor) PATHWAY promotes B
cells mature by presenting the Ig BCR (B cell receptor).
BCR ligation also induces PTEN (Phosphatase and Tensin
Homolog), a known PI3K activation opponent. Activated PI3
kinase catalyzes phosphatidylinositol 4, 5-Bisphosphate (PIP2)
to phosphatidylinositol 3, 4, 5-Trisphosphate (PIP3), the latter
phosphorylates AKT and PKC to decrease blood glucose,
for example enhance glucose uptake by promoting glucose
transporter 4 (GLUT4) translocation to the membrane. PTEN,
on the contrary, transform PIP3 to PIP2. Knockdown PTEN
in muscle, relieving repressors of PI3K, protects mouse from
high fat diet induced diabetes [9].
The previously described CTCF PATHWAY involved in
humoral immunity B cell activation, while CTLA4 Pathway
is part of cell immunity T-cell activation. For a T cell to
be activated by a specific antigen, it needs two stimulatory
signals. One is the T cell receptor recognize complexes of
MHC with a specific antigen, the other is the interaction
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of CD28 on the T cell with CD80 or CD86 (B7 family
genes) on the antigen-presenting cell. PI-3 kinase is one of
the main pathways following CD28 activation [10]. In order
to control excess T cell activation, CTLA4 (Cytotoxic TLymphocyte Antigen 4) also known as CD152 (Cluster of
differentiation 152) is expressed that down-regulate T cell
activation, probably through PI3 kinase inhibition.
AFR PATHWAY intersects with insulin signaling cascade
in P53. ARF is encoded by beta Cyclin-dependent kinase
inhibitor-2A (CDKN2A). It is able to elicit a p53 response,
with the synergy effect in the present of increased MDM2,
and resulting in a distinctive G1 or G2/M phase cell cycle
arrest. Loss of P53 function is linked to tumor. Recently
emerging data indicates the hidden pivotal role of increased
P53 activity in diabetes. P53 not only controls pancreatic beta
cell proliferation, but also critically regulates insulin resistance
possible through many intersections between P53 pathways
and insulin cascade [11].
The Insulin-Like Growth Factor (IGF) receptors are expressed on surfaces of a broad range of cell types. Activation of the IGF-1R is a particularly important survival
promoting signal; in the meanwhile inhibition of IGF-1R
and its downstream pathways presents some strategies for
the development of cancer drugs. Up regulation of IGF-1R
signaling leads to several important anti-apoptotic pathways.
The best-defined pathway activated by IGF-1R stimulates PI3
kinase. One of its downstream signaling is activated AKT,
which prevents apoptosis by inactivating BAD. Activated IGF1R also enhances RAS mediated activation of MAP kinase,
which interacts with insulin receptor substrate (IRS), thus also
participate in glucose metabolism.
BLYMPHOCYTE PATHWAY is another significant pathway picked by our probability of phenotype-difference test
involving antigen recognition by B cell. The importance of costimulatory signals in the B cell-T cell interaction in insulin
signaling pathway has been described in CTCF PATHWAY
and CTLA4 PATHWAY, thus we are not repeating here. In
summary, the gene sets listed in Table I were well consistent with those indicated in the previous studies of diabetes
progression.
B. Gene ensemble
Our selected significant pathways have been strongly implicated in the regulation of glucose metabolism. They also share
some similarities, for instance, crosstalk with insulin signaling
pathway. PI3 kinase is repeatedly shown in our picked 7 gene
sets. Therefore, we further take a closer look at the genes in
the 7 gene sets. The genes of the 7 gene sets are in total 91
genes. Among 91 genes, 24 genes emerged in more than 2
gene sets in Fig. 2. Most of them emerged in two gene sets
(20 of 24 sets), and the remaining genes emerged in three sets
(Pik3cg, Akt1 and Grb2) and 6 sets (Pik3r1). We will focus on
the genes listed in Fig. 2 and will examine the details of the
relationships between them and the diabetes, with reference to
the previous reports.
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Myc
T p53
Cdkn2a
Pik3cg
Rps6ka5
Rac1
Ywhah
Bad
Akt1
Prkar2b
Prkar1b
Prkar2a
Mapk3
Rps6ka1
Mapk1
Prkacb
Hras
Adcy1
Sos1
Pik3r1
Grb2
Cd80
RT 1-Da
RT 1-Db1

+
+
+
+

+
+
+
+
+
+

+

BLYMPHOCYTE

CTLA4

IGF1R

+
+
+
+
+
+

+

CREB

ACH

ARF

CTCF

Phosphatidylinositol 3-kinases (PI3-kinases) are a family
of enzymes divided into three different classes, with the
capability to phosphorylate the 3 position hydroxyl group
of the inositol ring of phosphatidylinositol (PtdIns). Pik3cg
and Pik3r1, which have merged in 3 and 6 pathway gene
sets, belong to PI3 kinase class I family. With the strong
relation of PI3 kinase to insulin signaling pathway, there is
always a great interest in the role of PI3-kinase pathway in
diabetes mellitus [12]. AKT, MAPK, SOS1, BAD and Grb2
are important knots of this signaling cascade, while Rps6Ka5
negatively regulate this pathway by inhibiting insulin receptor
substrate via mTOR. CD80 enhance PI3 kinase via CD28.
Prkar1b, 2b, 2a and Prkacb encode different subunits of the
protein kinase A (PKA), an important regulator of cyclic
adenosine monophosphate (cAMP) signaling in most cells.
That increased PKA activity reduces sensitivity of target cells
to insulin though a variety of molecules were identified.

+

+
+
+
+
+
+
+
+
+
+
+
+
+

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

ity complex (MHC) family members. They are strongly related
to occurrence of type 1 diabetes mellitus and thought to be so
far the most associated gene markers of the susceptibility to
the disease [15]. The MHC antigens are primarily expressed
on immune system. Due to non-insulin dependent diabetes GK
rats data we analyzed, the more or less association of MHC
with type 2 diabetes mellitus needs further confirmation.
The rest molecules, Rac1, Hras and Adcy1 are all implicated in oxidative stress, a critical underlying mechanism of
metabolic disorders. Rac1 has been shown to be with NADPH
oxidase. In diabetes, the Rac1/NADPH system is known
to activate various signal transduction pathways particularly
the MAPK and Akt/ protein kinase B knots. Hras belongs
to Ras superfamily of G-proteins. It not only triggers the
insulin signaling molecular MAPK and PI3 kinase, but also
initiates its effecter Raf-1 by forming the Hras/Raf complex, which can cause the induction of intracellular oxidative
stress. Adenylyl Cyclases (AC) 1 belongs to AC family, that
convert adenosine-5’-triphosphate (ATP) into 3’,5’-adenosine
monophosphate (cAMP). AC1 is Ca2+-calmodulin-sensitive.
Adenylyl cyclases perturbation has been implicated in brain
diseases such as in alcholol and opioid addiction, etc, because
of its high expression level in the brain. Recently, Furman
et al. reported stable activated AC1, ACVIII and soluble AC,
decrease insulin content and regenerate insulin-secreting cells
against serum starvation induced apoptosis in Beta TC cell line
[16]. In this paper, we suggested a role of AC1 in development
of insulin resistance in hepatocytes. The hypothesis needs
further experimental verification.
C. Gene mapping to insulin pathway

+
+
+
+
+

+
+
+

Genes emerged in more than 2 sets among
Fig. 2. Genes emerged in more than 2 sets among 7 gene sets. The symbol
“+” indicates that the gene at the first column is included in the gene set at
the first row.

Myc, P53, and Cdkn2a are traditional important factors
controlling cell proliferation and apoptosis, currently more
and more researchers realized their implications in glucose
homeostasis. YWHAH, also known as 14.3.3 proteins, are
a group of highly conserved proteins that are phosphoserine/phospho-threonine binding proteins having a diverse
array of partners including transcription factors, biosynthetic
enzymes, cytoskeleton proteins, signaling molecules, apoptosis
factors and tumor suppressors [13]. YWHAH may act as
metabolism regulator via its coordination with p53 [14].
RT1-Da and RT1-Db1 molecules are major histocompatibil2011 IEEE International Conference on Systems Biology (ISB)
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Because the genes we found are in intimate relationship
with insulin downstream pathway, we mapped our new 7
pathway PPI network to known insulin pathway. The idea is
to expand our current knowledge about insulin action and the
development of insulin resistance. We first manually collected
rat protein interactions from main databases and important literatures. After removing duplicate protein pairs, there are 4382
proteins and their 30944 interactions in final curated data noted
as CPPI. Given 7 pathways significantly related to diabetic GK
rat phenotypes, the member proteins of all pathways, noted as
P7, are mapped to CPPI. The network component conducted
by protein set P7 is further extracted from CPPI and shown in
Fig. 3 (drawn by software Cytoscape v2.6.0). The 72 nodes in
this graph represent all and only the proteins in P7, and they
use different colors to illustrate which pathway the specific
protein/node belongs to. The 180 edges in such graph just
represent all interactions in CPPI that can directly connect
proteins in P7. Therefore, Fig. 3 demonstrates the merged
physical relation network among 7 relevant pathways, which
covers internal protein interactions in pathway and external
interactions between pathways simultaneously.
Then we further mapped this P7 network to insulin signaling
pathway. And indeed we expanded the current insulin signal
regulation. For instance, we know that PTEN reversely regulate PI3K activity. Recently, more and more scientists realize
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Fig. 3. Protein-protein interactions of 72 genes emerged in 7 gene sets. The
gray color is presenting molecules involved in multiple pathways.

that P53 is an important regulator of glucose homeostasis, due
to large number of molecules that P53 regulate, it is difficult
to know how it executes its metabolism effects [14]. Here,
we propose that P53 regulates insulin resistance mainly via
PTEN, MDM2 and MAPK in GK rat liver.
Insulin binding to insulin receptor activates AKT, which
phosphorylated BAD, a powerful cell proapoptotic protein
[17]. In Fig. 3, we found important insulin signaling regulation
genes, shown by gray color in the figure, and BAD inactivated
by AKT to promote cell survival, is also shown in gray,
which implies its importance in insulin sensitivity. As we
realize that cell metabolism and tumor are essentially linked,
we hypothesize that BAD may exerts its effects to insulin
signaling, as the lesson from P53, Indeed, BAD knockout mice
have hyperglycemia and insulin resistance [18]. BAD regulate
glucose production via G6pas as a motoconcdrial component
has been reported. Until now, we have not seen any reports
about the mechanism of how BAD regulate insulin sensitivity.
From our figure, we propose that BAD in turn influences
insulin signaling probably by YWHAH and P53.
IV. D ISCUSSION
This study presents a method to detect the molecular functions by using molecular and phenotype data. Our method is
designed to reverse the standard approach for the identification
of molecular causes in diseases. The features of the method
are summarized as the following two points. The first one is
the performance guaranteed by a deductive justification from
the phenotype level to the molecular level. This is distinctive
from the standard method that is by a posteriori justification
from molecular level to phenotype level. The second one
is the homogeneity of the molecular data for the detected
gene sets. This is contrast to the heterogeneity of gene sets
obtained by the comparison between two sets of entire genes.
As illustrated in the data of Goto-Kakizaki rat, our method
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detected sharply molecular functions of diabetes progression,
which imply new functional relationships in addition to known
gene relationships.
Among the present results, some gene sets and the constituent genes imply new molecular relationships of diabetes
progression. AC1, which predominantly expressed in brain,
may be also active during the progress of diabetes and contribute to insulin resistance in the liver. RT1-Da and RT1-Db1,
may be also related to occurrence of type 2 diabetes mellitus.
P53, an important cell apoptosis molecular, plays a pivotal
effect in metabolism as well, may perturb insulin signaling
mainly via PTEN, MDM2 and MAPK.
In the present study, our method was designed to analyze
one kind of phenotype-difference between the two groups that
are classified by one kind of molecular data, gene expression
profiles. Our method can be easily extended to analyze more
complex data of many kinds of phenotypes and molecular data
by calculating the combined probability. Although biological
data frequently are dependent each other, the extended method
may provide some clues of molecular functions identified from
various viewpoints of phenotype differences and the integrated
molecular data.
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