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Abstract

Type-2 fuzzy set can control the uncertainty information more effectively than conventional type-1 fuzzy set because its
membership function is three-dimensional. In this paper we perform the identification of disease-related genes based on
DNA microarray by type-2 fuzzy set theory and established type-2 fuzzy membership function to describe the differences
of the gene expression values generated form normal people’s genes and patient’s. We also make a comparison between
our type-2 fuzzy method with the traditional fuzzy method. The results suggest the type-2 FM-d values are significantly
different, which make the identifications more reasonable and convincing than the original one.
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1. Introduction

A DNA microarray is a multiplex technology applied in
molecular biology. It consists of arrayed series of thousands
of microscopic spots of DNA oligonucleotieds, called
features, each containing picomoles of a specific DNA
sequence known as probes or reporters. Since an array can
contain tens of thousands of probes, a microarray experiment
can accomplish many genetic tests in parallel. Therefore,
microarray has dramatically accelerated many types of
investigation [1]. Microarray is considered as an important
tool for advancing the understanding of the DNA
information, molecular, mechanism, biology and
pathophysiology of critical illness. The expression of
thousands of genes can be assessed, complex pathways can
be more fully evaluated in a single experiment. Thus,
microarrays could lead to discovery of new gene involved in
disease processes.

Disease-associated gene identification is one of the most
important areas of medical research today. It is known that
certain diseases, such as cancer, are reflected in the change
of the expression values of certain genes. For instance, due
to genetic mutations, normal cells may become cancerous.
These changes can affect the expression level of genes. Gene
expression is the process of transcribing a gene’s DNA
sequence into RNA. A gene’s expression level indicates the
approximate number of copies of that gene’s RNA produced
in a cell and it is correlated with the amount of the
corresponding proteins made. Analyzing gene expression
data can indicate the genes which are differentially
expressed in the diseased tissues. Several important
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breakthroughs and progress have been made [2].

One effective approach of identifying genes that are
associated with a disease is to measure the divergence of two
sets of values of gene expression. Usually, they are patients’
and normal people’s expression data. In order to identify the
genes that are associated with disease, one need to determine
from each gene whether or not the two sets of expression
values are significantly different from each other (Liang et
al., 2006). The two most popular methods to measure the
divergence of two sets of values are t-test and Wilcoxon
rank sum test [3]. According to Liang et al.’s work, both of
these two methods have some limitations. The limitation of
t-test is that it cannot distinguish two sets with close means
even though the two sets are significantly different from
each other. Another limitation is that it is very sensitive to
extreme values. Although rank sum test overcomes the
limitation of t-test in sensitivity to extreme values, it is not
sensitive to absolute values. This might be advantageous to
some application but not to others [2]. The word “different”
itself is a fuzzy concept and fuzzy theory has many
advantages in dealing with data containing uncertainty;
therefore fuzzy approaches have been taken into
consideration to analyze DNA microarrays. Liang et al.
proposed the FM test and the experiment results suggests
fuzzy method perform well in some data analyzing.
However, some limitations still exist. The most obvious one
is when the values of gene microarray data are very similar
and lack over-expression, in which case the FM-d valves are
very close or even equal to each other. That made the FM-
test inadequate in distinguishing disease genes.

To overcome these problems, we introduce type-2 fuzzy
set theory into the research of disease-associated gene
identification. Type-2 fuzzy set is an extension of traditional
fuzzy set, introduced by Zadeh [4]. Of course, employment
of type-2 fuzzy sets usually increases the computational
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complexity in comparison with type-1 fuzzy sets due to the
additional dimension of having to compute secondary grades
for each primary membership. However, if type-1 fuzzy sets
would not produce satisfactory results, employment of type-
2 fuzzy sets for managing uncertainty may allow us to obtain
desirable results [5]. Mizumoto and Tanaka have studied the
set theoretic operations of type-2 sets, properties of
membership grades of such sets, and have examined the
operations of their algebraic product and algebraic sum [6].
Dubois and Prade have discussed the join and meet
operations between fuzzy numbers under minimum t-norm
[7]. Karnik and Mendel have provided a general formula for
the extended sup-star composition of type-2 relations [8] [9].
Type-2 fuzzy sets have already been used in a number of
applications, including decision making [10] [11], solving
fuzzy relation equations [12], and pre-processing of data
[13].

In this paper we establish the type-2 fuzzy membership
function for identification of disease-associated genes on
microarray data of patients and normal people. We call it
type-2 fuzzy membership test (type-2 FM-test) and apply it
to diabetes and lung cancer data. For the ten best-ranked
genes of diabetes identified by the type-2 FM-test, 7 of them
have been confirmed as diabetes associated genes according
to genes description information in Genebank and the
published literature. One more gene than original approaches
is identified. Within the 10 best ranked genes identified in
lung cancer data, 8 of them are confirmed by the literature
which is associated with lung cancer treatment. The type-2
FM-d values are significantly different, which makes the
identifications more reasonable and convincing than the
original FM-test. In the next section, we introduce the
theoretical background needed for a description of the type-2
FM-test which is detailed in Section III, and we will give our
results in Section V.

2. Theoretical Background

2.1 Type-2 Fuzzy set

Type-2 fuzzy set was introduced as an extension of a type-1
fuzzy set by Zadeh [8]. Mizumoto and Tanaka studied the
set theoretic operations and properties of membership grades
of such sets and examined their operations of algebraic
product and algebraic sum [6]. Karnik and Mendel extended
the algorithms for performing union, intersection and
complement for type-2 fuzzy sets [8]. Type-2 fuzzy sets and
tools have now been widely used in many fields.

In this paper, we use the following notation and
terminology: a type-2 fuzzy set in the universal set X,
denoted as A, can be characterized by a type-2 fuzzy
membership function u; (X, u) as

A={ _ uyx)/x= f[ o7 (uw} /X,Jx cro, (M

where u; (x) is the membership grade of x&X, which is
a type-1 fuzzy set in [0, 1]; J, is the primary membership of
x, a memberships of the primary membership of x is called a
secondary membership of x in 4, denoted as f,(u). Figure 1
shows an example of a type-2 fuzzy membership function.
The uncertainty in the primary membership, consisting of a
bounded region by upper and lower membership functions is
called the footprint of uncertainty (FOU) which can be
expressed as

FOU(A)=U,, .,/ ={(xu):u €/ C[0,1]}. ()
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Fig. 1. Illustration of a type-2 fuzzy membership function

Although type-2 fuzzy sets can be useful in modeling
uncertainty where type-1 fuzzy sets cannot, the operations of
type-2 fuzzy sets involve numerous embedded type-2 fuzzy
sets which include all possible combinations of secondary
membership values. Therefore, a large number of
computations are required. However, interval type-2 fuzzy
sets can reduce the computational complexity significantly
[15]. Due to this property, we apply the interval type-2 fuzzy
set instead of a general type-2 fuzzy set in this paper. An
interval type-2 fuzzy set is a specific type-2 fuzzy set when

Ffuu)=1,Y u€J,C [0, 1], and is expressed as

- fﬂ[ I 1/4 /x. 3)

Figure 2 shows the secondary membership function of an
interval type-2 fuzzy set at x = 4, in which the secondary
memberships are all equally weighted for each primary
membership of x = 4. Therefore, Jx can be expressed as

S ={(v,u):u €u;(x),7,(x)]} (4)
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Where # j(x) denote as lower bound of FOU and

u F (.v) denote as upper bound of FOU. Moreover, FOU in

(2) can be expressed as
FOU()= U [u,(x).7;(1)]}

Figure 3 is a 3D plot of a type-2 fuzzy set whose
secondary membership is a gauss function. As shown in the
figure, the membership function of type-2 fuzzy sets is
three-dimensional.
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Fig. 3. 3D illustration of type-2 fuzzy set.

2.2 Type-2 Fuzzy Membership

In this paper we apply interval Gaussian type-2 fuzzy sets to
identification of disease-related genes. The FOU can be
described in terms of upper and lower membership
functions. In the application we use upper and lower
membership functions to establish primary membership
functions of diabetes data and lung cancer data. For the
Gaussian primary membership function with uncertain

mean, the upper membership function 14 f X) is

N (m,,0,.x) x<m,
uo(x)= 1 m <X <m,
N (m,,05x) x>,

where, for instance, N(m,,0;x) = exp[— % (ﬂ)z]
(o}

The lower membership function U ; (x),is

N(m,,05x) xs= i 42-}712
()= .
m.
N(m,o0,x) x> '2”72

80

For the Gaussian primary membership function with
uncertain standard deviation, the upper membership

function, @ ,(x),is
()= NV (m 0,1),
and the lower membership function, u(x)s is

u;(x)=N(@m,o;x)-

These two examples illustrate how to define the upper
and lower membership functions so that it is clear how to
define them for other situations. However, for the problem in
this paper, the upper and lower membership functions we
established contain uncertainty both in mean and standard
deviation. The plot is close to Figure 1.

2.3 Type Reduction

In a type-1 fuzzy logic system, the output corresponding to
each rule is a type-1 set in the output space. To obtain the
final result, defuzzification is needed. For type-2 fuzzy logic
system, this step is considered as “type reduction” [15].
According to type reduction, a type-2 fuzzy set turns into a
traditional fuzzy set and then output a crisp number to
represent the combined output e.g., the centroid defuzzifier
finds the union of all the out put sets and uses the centroid of
the union as the crisp output. The traditional method to
obtain centroid of a type-1 set A, whose domain is
discretized into N points is given as

N

2 X, (x;)
c, =T
2 1,(x,)
3. Method

In this section, based on the FM-test of Liang’s work we
propose type-2 fuzzy membership test for disease-associated
gene identification. We also consider S1 and S2 as two sets
of values of a particular feature for two groups of samples
under two different conditions, but this time we will
establish type-2 fuzzy membership for the two

setsS1 and Sz' We choose the Gaussian function as the

primary membership function. To avoid computational
complexity, we apply the interval secondary membership
function for this problem, which means all the secondary
membership values are 1. Following the theoretical basis we
introduced above, we should establish the upper and lower
primary membership functions to describe the uncertainty in
the gene expression data. In particular, this method is
performed as follows:

1. Use the Gaussian function as the primary membership
function to compute the mean (u;, 1,) and standard deviation
(01, 02) of S} and S,.

2. For each set, we establish the upper and lower primary
membership functions. Here, both the mean and the
standard deviation will be uncertain. We use two parameters
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o and B which are in [0, 1] to control the uncertainty in mean
and standard deviation respectively. In this paper, we set
them all 0.5. Based on the FM-test and the rules of

establishing upper and lower primary memberships forj'1 ,

we obtain the upper primary membership as

oLt T [20+p)0f r<(l-au,

ﬁf.(x)= 1 (-, =xr=(1+o)u, °
e—[){—(l+a)y‘] [20148)07 x> (14 O‘)Ml
and the lower primary membership as
o o lrmrm T 20-prat u
us ()= :
=) e—[x—(l—a)yl]2/2(l—ﬁ)(7|2 x>

We can obtain the upper and lower primary membership

functions similarly for Sz :

o w204 5)03 x<(l-a)u,
gy (x) = 1 (I-a)u, sx=(l+a)u,
o (v P/20+8)02 x> (1 + a)y2

. e-[x—(lm)ﬂzlz/z(l‘ﬁ)"g X=su,
us (1) =
s, e—[l’—(1—0‘)#2]2/2(1_/3)022

x> U,
3. Use the upper and lower primary membership
functions ﬁs (x)and Us (x),i=1,2; and the secondary

membership values fx(u) to quantify the convergence of S
and S,. Type-reduction work is needed in this step. Here,
since we use the interval type-2 fuzzy set, fx(u)
=1, Vue J. C[0,1]- The secondary memberships are all

uniformly weighted for each primary membership of x.

4.Calculate the divergence degree between the two sets
based on the convergence degree.

Type-reduction is an important step for type-2 fuzzy sets.
In our application, Vx € X, a primary membership interval

[Us (x), ﬁs (.r) ] can be obtained. We discretize it into N
points, where @ = U, (x)and a, = ﬁs (x); then the

final membership of x can be obtained as

N

2

a;x f.(a)
p(x) =+ :

N

This type reduced membership M(x) maps each value x
in S; or S, into a membership value to quantify the degree

that x belongs to type-2 fuzzy set § or .S, . For simplicity,

81

we put a; = (a; + a;1) / 2,i= 2, ..., N-1, while fi(a;) = 1,
xeX, i=1,..., N. can be expressed as

u(x) = t () ; ASY ,

To compute the overall bond between S; and S,, we
define type-2 FM c-values and d-values based on Liang et al.

(2]

Definition 3.13 (Type-2 FM c-values): Given two sets Sl
and S2, the convergence degree between S1 and S2 in FM-
test is defined as

Dus (D+ Y g ()
, Sz) _ €S, JVES,

[sif+f5]

(S

1

We define the divergence value as follows:

Definition 3.14: Given two sets S; and S,, the divergence
degree between S1 and S2 in the FM-test is defined as

d(s,,S,)=1-¢c(S,,S,)

4. Result and Discussion

In this section, we apply type-2 FM-test to a diabetes
expression dataset and a lung cancer expression dataset,
respectively. Meanwhile, we make a comparison with the
results of traditional FM-test by Liang et al. The first dataset
is a diabetes dataset of microarray gene expression data. It
contains 10831 genes and is downloaded from [16]. For each
gene in this dataset, there are 10 expression values, five from
a group of insulin-sensitive (IS) people and five from a
group of insulin-resistant (IR) people. To make this data
more reliable, only the genes that have null expression
values are included in this analysis. Meanwhile, we also
require that, for a gene to be included, at least five out of its
ten expression values are greater than 100.

4.1 Analysis of Diabetes Dataset

Ten best-ranked genes of diabetes identified by the type-2
FM-test and the original FM-test are shown in Table I. From
this table we see that the results of the two methods are not
much different. We identified gene U61734 and gene
726491

by type-2 FM-test instead of gene U06452 and gene
X57959 identified by the FM-test. Gene U06452 and gene
X57959 are just candidate genes for diabetes mentioned in
some published papers, but no biological evidence was put
forward to confirm that they are related with diabetes [2,
16]. However, for gene 226491, the homo sapiens gene for
catechol o-methyltrans-fease (COMT), was found to be
differently expressed and helpful for treatment in diabetic
rats. Ref. [17] compared the activity of COMT in the livers
of diabetic rats with that in normal rats; the result suggested
the activity of COMT is lower in diabetic rats than in normal
rats. Lal et al [18] examined the effect of nitecapone, an
inhibitor of the dopamine-metabolizing enzyme COMT and
a potent antioxidant, on functional and cellular determinants
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TABLEI

TABLE II

Type-2 FM-test

Type-2 FM-test

Prob Set Gene Description T2 d-value
Human phosphatidylinositol
49573 (4,5) bisphosphate 0.9867
Homo sapiens transmembrane
U61734 emp24-like trafficking protein 0.9476
10
Homo sapiens gene for
226491 catechol o-methyltrans-fease 0.9126
X81003 Homo sapiens HCG V mRNA 0.8732
Human hydroxymethylglutaryl-
L07033 CoA lyase mRNA 0.8471
Homo sapiens mRNA for
D85181 fungal sterol-C5-desaturase 0.8426
homolog
L07648 Human MXII mRNA 0.8127
X53586 Human. mRNA for integrin 0.7851
alpha 6
M60858 Human. nucleolin gene 0.7662
Human alpha 2 type IX
M95610 collagen (COL9A2) mRNA 0.7565
FM-test
Probe Set Gene Description FM d-value
Human phosphatidylinostiol
u4s973 (4,5) bisphosphate 0.9988
Homo sapiens mRNA for
D85181 fungal sterol-C5-desaturase 0.9351
homolog
M60858 Human nucleolin gene 0.8918
Huamn alpha 2 type IX
M95610 0.8718
collagen (COL9A2) mRNA
Human mRNA for integrin
X53586 0.8513
alpha 6
L07648 Human MXII mRNA 0.8575
Human hydroxymethylglutaryl-
L07033 y y ve Y 0.8554
CoA lyase mRNA
X81003 Homo sapiens HCG V mRNA 0.7914
X57959 Ribosomal protein L7 0.7676
u06452 Melan-A 0.7566

of renal function in rats with diabetes. The results suggested
that the COMT inhibitory and antioxidant properties of
nitecapone provide a protective therapy against the
development of diabetic nephropathy [18]. These works
proved that gene Z26491 is related with diabetes or
treatment. In the remaining genes, U45973, M60858,
L07648, L07033, X53586, X81003 are diabetes associated
genes according to the current literature [2]. D85181,
M95610 and U06452 are recommended as candidate
diabetes genes by Liang et al.[2], while X57959 was
recommended in Yang et al. [12]. We recommended gene
U61734 as candidate gene for future research in this field.
From the comparison, one more disease-associated gene is
identified by the type-2 FM-test.

4.2 Analysis of Lung Cancer Dataset

Table II shows ten best-ranked genes of lung cancer
identified by the two approaches. The results are very
different. In the result obtained by the type-2 FM-test, 8
disease associated genes are identified. MFNG is a member

Prob Set Gene Description T2 d-value
NM_002405 MFNG: MFNG O- 0.8423
fucosylpeptide 3-beta-N-
acetylglucosaminyltransfera
se
NM_001335 CTSW: cathepsin W 0.8164
NM_0002694 ALDH3B1: aldehyde 0.7769
dehydrogenase 3 family,
member B1
NM_024830 LPCAT1: 0.7532
lysophosphatidylcholine
acyltransferase 1
AA888858 PDE3B: phosphodiesterase 0.7247
3B, cGMP-inhibited
BE789881 RAB31: member RAS 0.7211
oncogene family
NM_006079 CITED2: cbp/p300- 0.7062
interacting transactivator,
with Glu/Asp-rich carboxy-
terminal domain,2
AF026219 DLC1:deleted in liver 0.6985
cancer 1
AV728526 DTX4: deltex homolog 4 0.6932
(Drosophila)
NM_004415 DSP: Desmoplakin 0.6713
FM-test
Probe Set Gene Description FM d-value
NM_173086 KRT6E: Keratin 6E 1
NM_001723 DST: Dystonin 1
NM_002639 SERPINBS5: Serpin 1
peptidase inhibitor, clade B
(ovalbumin), member 5
AB010153 TP73L: Tumor protein p73 1
like
NM_023915 GPR87: G protein-coupled 1
receptor 87
NM_006536 CLCAZ2: Chloride channel, 1
calcium activated, family
member 2
NM_00100533 PKPI: Plakophilin 1 ( 1
ectodermal dysplasia/skin
7 -
fragility syndrome)
AF043977 CLCAZ2: Chloride channel, 1
calcium activated, family
member 2
NM_019093 UGTIA9: UDP 1
glucuronosyltransferase !
family, polypeptide A9
NM_004415 DSP: Desmoplakin 1

82

of the fringe gene family which also includes radical and
lunatic fringe genes. They all encode evolutionarily
conserved secreted proteins that act in the Notch receptor
pathway. The activity of fringe proteins can alter Notch
signaling [19]. Activation of the Notch 1 signaling pathway
can impair small cell lung cancer viability [20]. The protein

encoded by CTSW is found associated with the membrane
inside the endoplasmic reticulum of natural killer (NK) [19].
NK cells play a major role in the rejection of tumors and
cells infected by viruses [21]. ALDH3BI1 is highly expressed
in kidney and lung [19]. Marchitti et al. [22] found
ALDH3BI1 expression was upregulated in a high percentage
of human tumors; particularly in lung cancer cell the value is
highest. Increasing ALDH3B1 expression in tumor cells
may confirm a growth advantage or be the result of an
induction mechanism mediated by increasing oxidative
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stress [22]. LPCAT]1 activity is required to achieve the levels
of SatPC essential for the transition to air breathing [23] and
it is also upregulated in cancerous lung [24]. Gene PDE3B
was mentioned in [25] as the most significantly amplified
gene in the tumors. CITED2 is required for fetal lung
maturation [26]. Researchers found CITED2 was highly
expressed in lung cancer but not in normal tissues, which
demonstrates that CITED2 plays a key role in lung cancer
progression [27]. Gene DLC1 encodes protein deleted in
liver cancer [2]. This gene is deleted in the primary tumor of
hepatocellular carcinoma. It maps to 8p22-p21.3, a region
frequently deleted in solid tumors. It is suggested that this
gene is a tumor suppressor gene for human liver cancer, as
well as for prostate, lung, colorectal and breast cancers [19].

8 disease-associated genes are identified by the original
FM-test method [2]. However, when we applied the FM-test
on lung cancer data, there are more than 80 genes having the
same FM d-values; they are all equal to one, which made it
difficult to rank and distinguish disease associated genes
from others. We have to choose the overexpressed genes
from these 80 genes for analysis, which made the task more
complicated, and it may miss some important genes. The
reason is that the gene expression values in lung cancer
microarray data are very close to each other, and the original
data is noisy. The FM-test does not seem to be able to deal
with these factors suitably.

5. Conclusion

We proposed a type-2 FM-test approach based on the type-2
fuzzy set theory and the work of Liang et al. [2]. This
approach was then applied on diabetes and lung cancer
microarray data. For each data set, we analyzed 10 best-
ranked genes. In diabetes data, we identified 7 genes which
have been confirmed to be related to diabetes or treatment in
the published literature. In lung cancer data, we also
identified 7 genes. The type-2 FM d-values are significantly
different for each gene, which makes the ranking more
reasonable than from the original FM-test. The type-2 FM
test performs better than the original FM test when analyzing
microarray data containing similar expression values and
noise.
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