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Abstract—In recent years, cancer can be detected and recognized
by analyzing the sample's expression profile. The cancer gene
expression data are high dimensional, high variable dependent,
and very noisy. The dimension reduction method is often used for
processing the high dimensional data. In this study, a new
statistical dimension reduction method called Expressive Value
Distance (EVD) is developed and proposed for the practical
high-dimensional gene expression cancer data. The feature genes
data extracted by EVD are arranged for training the optimally
trained Artificial Neural Network (ANN). The trained ANN is
then used to classify whether the unseen gene data is cancer or
not. In comparison of ANN classification with and without EVD,
it is found that both of the ANN can classify the cancer data in
good accuracy. With the EVD method, the great amount of data
(2000 genes) can be effectively reduced to 16 genes. Therefore,
EVD is an effective dimension reduction method. Even the EVD
method is not used, the optimally trained ANN is also an
advanced method for classifying the high dimensional and
complicated cancer data. Briefly, it proves that optimally trained
ANN is a very robust classification technique.

Keywords-Gene expression profile; Dimension reduction;
Artificial neural network; Expressive value distance; Classification
of cancer;

I. INTRODUCTION

Classification has become one of the most promising
learning techniques. It is crucial in many applications such as
cancer classification [1]. Such classifications have an immense
impact on cancer prognosis and therapy. In contrast with
clustering, classification techniques start with a collection of
labeled (pre-classified) expression patterns. The purpose is to
train a classification model that would be able to classify a
new expression pattern. In recent years, the development of
microarray technology has allowed the simultaneous
monitoring of thousands of genes [2, 3], which have motivated
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the progress in cancer classification by using gene expression
[4, 5, 6].

Known as a parallel distributed processing network,
artificial neural network is a robust tool recently used as
classification. It has been applied to a very broad range of
tasks in many different disciplines. It consists of
interconnected processing elements called nodes or neurons
that work together to produce an output function. The output
of a neural network relies on the cooperation of the individual
neurons within the network.

It becomes a reality to apply neural network with
bioinformatics technology to cancer diagnosis for the
development of DNA microarray technology. It has attracted
tremendous interest in both the scientific community and in
industry. Several studies have recently reported on the
application of microarray gene expression analysis for the
classification of cancer [7]. Most of these applications
assumed a predefined network architecture (including
connectivity and node transfer functions) and used a training
algorithm to the learn weights.

In this study, 62 colon cells with 2000 genes expression
data are analyzed (22 normal and 40 cancer cells). On the basis
of the feature of gene expression data (high dimensional, high
variable dependent, and very noisy), feature extraction by
dimension reduction is necessary before the classification from
the original data set [8, 9]. To classify the high dimensional
gene expression cancer data, the dimension reduction methods
were often used, such as principal component analysis (PCA),
generalized topographic mapping, projection pursuit and so on
[10]. After the dimension is reduced, the feature genes can be
obtained and analyzed more easily. A new dimension reduction
method (EVD) based on the concept of probability distribution
and hierarchical clustering method is proposed for cancer data.
After the feature gene data is obtained, the feature genes data
will be arranged as the input for training the optimal trained
Artificial Neural Network (ANN) [11]. The trained ANN is
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used to classify whether the unseen gene data is cancer or not.
The benchmark classification tests have been performed to
show that the EVD can yield a slightly better result than that of
the optimally trained ANN method. For computational
complexity comparison, it is obvious that the optimally trained
ANN has less computational complexity than that of EVD, and
yet provides a very robust classification technique with good
accuracy.

II. THE ALGORITHMS

2.1 Classification method

The structure of two layers ANN is shown in Fig. I, which
will be used as a cancer gene classifier in this paper.

Fig. I. Two-layers ANN

Where
r=[r,1,..,1n]T €RE 2.1
is the input vector of the network
w = [wy,wy, ..., w, ]T € R (2.2)

is the weighting vector y € R is the network output, and “7”
is the transpose operator of matrices.
Hence, according to the structure of the two layers ANN,

we obtain the following formula
L

y= Zrlwl =r'w

=1
Given a training dataset with P samples

(s, (2 ) o (5 ),
We define the sum of square error which is a function of
the weight vector w by

JwW) =55(r-2) (- )

(2.3)

1 T
=—(R"'w—d) (R"w—d) (2.4)
Where
R =[r,15 .., 1p| € REXP (2.5)
X = [yIJYZ! '"ryP] € RP (26)
d = [dy,d,,...,dp] €RP (2.7)

Indeed to train the ANN is to minimize the error
function J(w) in equation (2.4). The classical approach to find
the minimum weight vector is using steepest descent method.
Precisely, we will construct an iteration sequence which is
expected to converge to the minimum weight vector as below:

0J (w)
wit+1) =w®) - ﬁ(f)W

— lw(®

(2.8)

Where t denotes the t th iteration and the number B (t)is

a
the learning rate. By chain rule, the gradient % is equal
to=R(RTw — d). Hence, we have
o ®
we+ D =wo L2 RE WO ~d) (29)

It was shown that the relatively large or small learning
rates may affect the learning progress and even may lead to
failure of the process [12]. So, to avoid these situations,
dynamic optimal learning rate training for ANN is employed
to train the two layers ANN in this paper. It is not only
guaranteed that the maximum error reduction can be achieved
by choosing the optimal learning rate for the next training
iteration, but also that the initial choice of the weights become
not essential. According to Theorem 1 in [11], the optimal
learning rate f,,.(t) can be found from the minimum of a
quadratic polynomial AB? + BB where

1 T TpT
A= WR Re,e; R'R
B = %RT eleR
e = R'w(t)—d (2.10)

The dynamic optimal learning rate training is summarized
as follow:

Algorithm 1: Classification by using ANN with Dynamic
Optimal Learning Rates
1) Training the classifier
stepl.  Given P training data and obtain R and d as above.
step2.  Set the iteration counter # = 0 and the initial weight

to be w(0). Find the optimal learning rate S,,,(0). Start

the steepest descend to the error function J(w).
step3.  Find if the error function J(w) is smaller than a

given tolerant £? If yes, go to Step 7.
step4.  Update the weighting matrix to yield w(t + 1)

according to (2.9)
stepS.  Find the optimal learning rate S, (t + 1) for the

next iteration.
step6. Set # = ¢ + 1.Go back to Step 3.
step7. Store the current w() to w,,; and end.

2)  Testing the classifier:

step8.  Given another set of testing data and form R;.g and
diese as ifin step 1 of the training process.

step9. Obtain the trained network output vector y ;o5 by
using the formula y;or = RT Wy

step10. Convert the output y,.; into the classification

label (1/-1).
stepll. Compare Y. and dg.s; and have the diagnostic

accuracy.
stepl2. End.

2.2 Dimension reduction method

Gene expression profile of a DNA is very complicated and
it can be represented by a high dimensional vector. For
example, in this paper, the dimension of such vector is up to
2000. However, most the genes within DNAs are not relevant
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for cancer classification and they should be eliminated [13, 14].
Besides, the rest of the genes can be grouped into clusters. The
genes within a cluster actually are highly correlated. Therefore,
one of the genes in a cluster can be chosen as its representative.
Based on this theory, we are able to reduce the dimension of
the gene expression profile vectors. In our study, we have
actually implemented such dimension reduction by vertical
process and horizontal process. The vertical process is to
eliminate those irrelevant genes by using EVD method, while
the horizontal process is to classify the resulted genes from
vertical process into clusters by the hierarchical clustering
method and to choose one representative gene from each
cluster [15].

A. Vertical process

First of all, we assume that the condition distribution of a
gene expression given that it is from a normal DNA (or a
cancer DNA) follows normal distribution. Therefore, the
conditional probability density function of a gene expression is

f(xInormal) B
x|normal) = e 2 01
o1V2m
and
f(x|cancer) =Y
x|cancer) = e 2 o2
o,V2m

Note that practically, the mean and the variance can be
replaced by its sample mean and sample variance respectively
in order to obtain the above density functions.

Definition 1: The expressive value distance between
f(x|normal) and f(x|cancer) of a gene expression is
defined to be EVD:

max(x)+8
EVD = f |f (x|normal) — f (x|cancer)|dx (2.11)
min(x)—6
Where § is called the generalization error of the
distribution area and
5= min(x) . min (x) 2.12)
Algorithm 2: Vertical process of EVD
stepl. Calculate the EVD of all the gene expressions by
using equation (2.11).
step2. Set the EVD threshold a.
step3.  Select the /" gene if its EVD is bigger than a to
form a new feature gene set and its size is denoted by L.
step4. End.

B. Horizontal process

In order to have further reduction of the numbers of genes,
we are going to group the genes with similar gene expression.
Assume a gene expression profile x; of the resulted dataset
of vertical process. Therefore,

X = (X, Xpzy s Xpr, ) € R

Where k = 1,2, ...,n and » is the number of samples.

The correlation between i genes and /™ gene is defined as
below

_ =1k — %) (xyj — X))
rij

(k=1 G

- (2.13)
— %)% Xieer (i — X)2]2
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Where X, and X, are the sample means of the gene
expression of /™ and /™ genes respectively.

Then, we get the relation matrix of the feature genes as
below (2.14):

1 Tz o T,
Ty, T e T

RM=| 2 [ O h (2.14)
"1 Tig2 TiL,

The average related value represent as (2.15)
— 1
RM(Cy,Cy) = —— Z Z 2.15
(€, Cy) ne, X ng, Tiem ( )

XKECT Xm€ECy
Where €; and C, stand for two classes of genes and  nc,
and ng, are the sizes of C; and C, respectively.

Algorithm 3: Horizontal process of EVD

stepl.  Fix a integer number L,

step2.  Clustering the output gene set of vertical process by
classical hierarchical clustering method (bottom-up), refer
to [15], with distance function RM(Cy,C,) and K= L,.

step3. Choose one gene from every sample of the final
L, clusters to form a reduce list of genes for ANN
classification.

step4.  End.

III. EXAMPLE

In this paper, the expression of colon dataset of 62 cells
were used, 22 normal cells and 40 cancer cells (Fig. II and
Table I). The dataset was free for download in the website
[16].

Normal

Cancer

Fig. II. Colon cancer dataset

TABLE [
COLON CANCER DATASET
M€ 1 1 Has.3004 2000 Hsa.9683

Sample

S1 N 12.77219 5.888287

S2 N 10.90289 4.252098

S3 N 11.83636 4.942221
S61 C 13.15361 5.007476
S62 C 12.60609 4.540089

Then 6 of 22 normal cells and 16 of 40 cancers randomly
was selected as the training set. The remains were arranged
into the testing set (see Fig. III).



Randomly Training set

Normal

Testing set
16

Fig. III. Colon cancer dataset

For comparison purpose, we did two kinds of methods
experiments with ANN for classification in this study. The
first method, the ANN was treated as the classifier directly.
The second method, apply the dimension reduction method
EVD before classification by ANN. (See Fig. IV).

Start

High-
dimensional
data

Dimension
reduction

Without dimension
reduction

Low-
dimensional
data

A

Classification

Fig. IV. Flow chart of two groups of classification

By using algorithm 1, the variables were listed as below:

R: refers to the expression dataset matrix of colon cancer,
treated as the input matrix. And L = 2000, P = 22.

d : refers to the desired output vector. d = [dy,d,, ..., dp]
d,~dg equal to 1, d;~d,, equal to —1. 1 stand for normal,
and —1 stands for cancer.

Riese : refers to the testing data. And L = 2000, Pyese =
40.

diese: refers to desired output of the testing input Ryeg;.
drese = [d'1,d'5, o, d'so], d'y~d'16 equal to 1, d'y7~d'4g
equal to —1.

The tolerant €=0.008, i.e. when ](w)<:0.008, d and y
are closed enough. Then, the current w(z) was stored to W,,;.

Thus, we test the classifier by comparing ¥ tesr and deege
we have the diagnostic accuracy of classification using ANN
listed in Table I'V.

By using dimension reduction method mentioned as EVD,
we get the EVD bar chart (see Fig. V) of the initial genes.

EVD bar chart

Total number of genes in the sarme interval

12 3 4 &5 B 7 8 9 1MW 1 12
Serial numnber of EYD bar chart

Fig. V. Statistical graph of EVD

Considering the statistical result of the EVD, in Table II,
the threshold of the genes was set as a=0.8. Thus, L,
(Ly =330) genes (EVD>0.8) were selected and form the
feature dataset in the vertical process.

TABLE II

THE STATISTICAL DATA OF EVD

EVD 0~0.1 | 0.1~02 | 0203 | 03~04
Numberof | ;o 180 257 283

genes

EVD 04-05 | 0506 | 06~0.7 | 0.7~08
NumBEROLY ), 248 188 159

genes

EVD 0809 | 0910 | 1.0~1.1 | 11~15
Numbenoty |, 91 60 57

genes

In horizontal process, dimensions of the feature genes from
the vertical process were reduced by using algorithm 3. Here,
L, was set to be 16. That is to say, 16 clusters were clustered
in the final. Then, choose the gene, whose EVD is the largest
in each cluster.

Since the indexes of the genes have been stored in every
step, the sequence number of the genes was lain out in Table
II1, i.e. these 16 genes form the feature genes dataset.

Then we apply algorithm 1 by using ANN as a cancer gene
classifier. Here, d' and d';.;; are same with d and d;.
in the first experiment. However, L has been reduced to L,
applying the EVD algorithm. Then, the variables were listed
as below:

R': refers to the expression dataset matrix of colon cancer,
treated as the input matrix. And L, = 16, P’ = 22.

d’' : refers to the desired output vector. d’' = d

R';pst : refers to the testing data. And L, = 16, Plrost =
40.
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d'tese: refers to desired output of the testing input R0,

' test = drest-

Thus, the trained network output VeCtOI”L’ test can be
obtained by using the formula y'ioe =R"W,p . By
comparing Y ;o; and d'ie;;  we have the diagnostic

accuracy of classification using ANN with EVD. (Refer to
Table IV).

TABLE IIT

SEQUENCE NUMBER OF THE FEATURE GENES IN THE INITIAL DATASET

sequence 1 6ep) 177 1559 260
number
name | Hsa.1380 | Hsa.8831 Hsa.1731 i
sequence 1 geg 1792 1655 1895
number
name | Hsa 1920 | Hsa.1057 | Hsa.30310 | Hsa.8192
sequence |-y 55 715 673 1636
number
name | Hga 3215 | Hsa.44686 | Hsa.10908 | Hsa.345
sequence 765 1505 1504 1732
number
name | Hsa.692 Hsa.862 Hsa.44244 | Hsa.888
TABLE IV

THE ACCURACY FOR CLASSIFICATION OF THE TWO METHODS

Accuracy of Accuracy of
ethod . . . . .
classification use classification using
. ANN ANN with EVD
Test times
1 0.9000 0.9500
2 0.9000 0.9750
3 0.9500 0.9000
4 0.8500 0.8750
5 0.9500 0.9500
6 0.9000 0.9000
7 0.9500 0.9500
8 0.8750 0.8750
9 0.8500 0.9000
10 0.9000 0.9500
11 0.9500 0.9000
12 0.8750 0.8750
13 0.9000 0.9250
14 0.9500 1.0000
15 0.9000 0.9500
16 0.8500 0.9000
17 0.9250 0.8500
18 0.9000 0.9500
19 0.9250 0.9250
20 0.8750 0.8750
Average 0.9038 0.91875
accuracy

IV. EXPERIMENTAL RESULTS

The program in this study was written in the Matlab® code
and operated in the laptop PC with Windows® platform. The
accuracy of classification is described as Table I'V.

We compute 20 times by using optimal trained Artificial
Neural Network (ANN) and ANN method with the Expressive
Value Distance (EVD) algorithm separately. Then we get the
results of the accuracy respectively (see Table IV). It suggests
that both of the two kinds of methods could be used for colon
cancer classification efficiently. By the comparison of these
two ways of training methods, we found that the average
accuracy is slightly better by using EVD. So, it has been
shown that EVD is an effective method in the area of
dimension reduction. For computational complexity
comparison, it is obvious that the optimally trained ANN has
less computational complexity, and yet provides a very robust
classification technique with good accuracy.

V. CONCLUTION

In this study, the new statistical dimension reduction
algorithm EVD is developed successfully. It is applied to the
practical colon cancer dataset. After using the EVD method,
the dimension of the input data to ANN was largely reduced
from 2,000 to 16. The reduction of the number of inputs does
not affect the subsequent optimally trained ANN approach
because both of the ANNs with or without the EVD method
can provide the very accurate classification results. It is also
represented that the important feature of the data can be
extracted by the EVD method, although the optimally trained
ANN approach can provide less computational complexity.
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