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Abstract

Problem: One important problem in data analysis is to effectively
measure the divergence of two sets of values of a feature, each from a

roup of samples with a particular condition. Such a measurement is the
oundation for identifying critical features that contribute to the
difference between the two conditions.

Methods: we propose an innovative approach based on fuzzy set theory,
the Cluster Misclassification test (CM-test), to quantify the divergence
directly and robustly.

Results: we applied CM-test to diabetes differential gene expression data
analysis and identified ten genes. While eight of them have been
confirmed to be associated with diabetes in the literature, the remaining
two genes, M95610 and M88461, are suggested as two potential diabetic
genes for further biological investigation.

Introduction

One important problem in data analysis is to effectively measure the
divergence of two sets of values of a feature, each from a group of samples
with a particular condition. Such a measurement is the foundation for
identifying critical features that contribute to the difference between the two
conditions.

A motivating example is shown in Table I, which records the microarray
gene expression values of five genes for two groups of people: five insulin-
sensitive humans and five insulin-resistant humans. In order to identify the
genes that are associated with diabetes, one needs to determine for each gene
whether or not the two sets of expression values are significantly different
from each other.

The main contributions of this paper are:

1) We propose an innovative approach based on the fuzzy set theory, the
Cluster Misclassification test (CM-test), which quantifies the divergence of
two sets directly.

2) We validate CM-test on synthetic datasets and show that it is effective and
robust.

3) We apply CM-test to a real diabetes dataset and identified 10 significant
genes (see Table I1), eight of which have been know to be associated with
diabetes, with the remaining two genes suggested for further biological
investigation.
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Methodology

In this section, based on the fuzzy set theory [8], we present our innovative approach, the Cluster
Misclassification test (CM-test), to quantify the divergence of two sets of values directly and
robustly.

Let S1 and S2 be two sets of values of a particular feature for two groups of samples under two
different conditions. The basic idea is to consider the two sets of values as samples from two
different fuzzy sets. We examine the membership value of each element with respect to each
of these two fuzzy sets. If an element belongs more to the other fuzzy set, then we say that
the element is misclassified. BY counting the number of misclassified elements and
quantifying the degree of misclassification, we measure the divergence of the original two
sets. In particular, we perform the following steps:

Compute the sample mean and standard deviation of
S1and of S2 respectively.
Characterize S1 and S2 as two fuzzy sets FS1 and FS2 whose fuzzy membership functions
are defined with the sample means and standard deviations. The fuzzy membership function
maps each value x to a fuzzy membership value that reflects the degree of x belonging to the
fuzzy set.
Using the two fuzzy membership functions to quantify the misclassification degree between
these two sets.
Finally, define the cluster misclassification divergence degree (CM d-value) between the
two sets based on the misclassification degree.

The details of each step is elaborated in the sequel.

The sample mean of S1 is calculated as
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The sample standard deviation of S1 is calculated as
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as Since the fuzzy membership functions can overlap, one element can belong to more than one
fuzzy set with a respective degree for each. For an element in S1, we measure the degree
that it belongs to FS1 by applying its value to f.o,. Similarly we can apply its value to f, to
measure the degree that it belongs to FS2. We say an element in S1 is misclassified if i
belongs more to FS2 in the sense of fuzzy membership value, and vice versa. The idea of
CM-test is to aggregate the number of misclassified elements as well as the degree of
misclassification of elements in both S1 and S2. First, we define the notion of element
misclassification degree.

Definition (Element misclassification degree): Given two sets S1 and S2 and their
corresponding fuzzy set FS1 and FS2, the element misclassification degree of an element e
in S1 with respect to FS2 is defined as
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We then define the convergence degree of two S1 and S2 as a linear interpolation of two terms:
the number of misclassified elements and the mutual misclassification degrees. Finally, the
CM-test d-value of the two sets are defined as 1 minus the convergence degree.
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Experimental results and discussion

To validate our approach, first, we conducted CM-test on a synthetic dataset to study the
relationship between CM d-value and its empirical p-value. We also conducted CM-test on
a real microarray dataset of diabetes gene expressions to identify genes that are related to
diabetes and insulin metabolism.

Svatue
Fig. 1. The relationship between CM d value and empirical p-value

Suppose two sets S1 and S2 are drawn from the same normal distribution, then what is
the probability that they have a CM d-value equal to or greater than a particular D? And as
D increases, will this probability decrease?

To answer the above questions, we studied the relationship between CM d-value and
empirical p-value as follows: 1) We generated N = 10000 pairs of sets of values, with each
set containing 5 values. As shown in Figure 2, each value in both sets is randomly
generated from the standard normal distribution N(O; 1). 2) We calculated the CM d-value
for each pair of sets. 3) For each pair of sets S1 and S2 with CM d-value D,

we calculated its empirical p-value as n=10000 where n is the number of pairs in these
10000 pairs that have a CM d-value equal to or greater than D. 4) Finally, we drew the
relationship between CM d-value and empirical p-value in Figure 1.

From Figure 1, we can see that as CM d-value increases, the p-value decreases. In
particular, when D >= 0:8136, p-value <= 0.05. Therefore, given two sets S1 and S2
drawn from the same normal unit distribution, the chance that the pair has a CM d-value
equal to or greater than 0.8136 is very low. On the other hand, if we observe that two sets
have a CM d-value equal to or greater than 0.8136, then there is a strong evidence that
these two sets are drawn from two different distributions. Therefore, they should
considered as significantly divergent.

To apply CM-test to differential gene expression data analysis, a dataset of Microarray
gene expression for a total of 10831 genes is used in this experiment. For each gene,
there are ten expression values, five from a group of insulin-sensitive (IS) people and five
from a group of insulin-resistant (IR) people. Only the genes that have no null expression
values are included in this analysis. We also require that, for a gene to be included, at
least five out of its ten expression values are greater than 100. This eliminates the genes
whose expression values are noisy and not reliable.The results of CM-test are compared
with the results of t-test and rank sum test. As we can seen in Table Il, although the orders
of ranking are different for different methods, all three methods identify these genes as
significantly differentially expressed between the IS and IR groups. Furthermore, 10 worst
ranked genes in CM-test shown in Table Il are also consistent with the result of the other
two methods. However, gene U49835 is identified by FM-test as the 21st ranked
significant gene with p-value 0.0258, neither t-test (with p-value 0.0768) nor rank sum test
(with a p-value 0.1522) identifies this gene as significant.

Conclusions and future work

We proposed an innovative approach based on the fuzzy set theory, CM-test, that
quantifies the divergence of two sets directly. We have validated CM-test on synthetic
datasets and show that it is effective and robust. We also applied CM-test to a real diabetes
dataset and identified 10 significant genes. While eight of them have been confirmed to be
associated withdiabetes in the literature, the remaining two genes, M95610 and M88461,
are suggested as two potential diabetic genes for further biological investigation. Further
investigation is needed to identify the properties of d-distribution and the precise formula to
calculate its p-value.




