
Gene association study with SVM, MLP and cross-validation
for the diagnosis of diseases

Junying Zhang a,*, Shenling Liu a, Yue Wang b

a School of Computer Science and Engineering, Xidian University, 161 Postbox, Xi’an 710071, China
b Department of Electrical and Computer Engineering, Virginia Polytechnic Institute and State University, Alexandria, VA 22314, USA

Received 14 November 2007; received in revised form 26 November 2007; accepted 26 November 2007

Abstract

Gene association study is one of the major challenges of biochip technology both for gene diagnosis where only a gene subset is
responsible for some diseases, and for the treatment of the curse of dimensionality which occurs especially in DNA microarray datasets
where there are more than thousands of genes and only a few number of experiments (samples). This paper presents a gene selection
method by training linear support vector machine (SVM)/nonlinear MLP (multilayer perceptron) classifiers and testing them with
cross-validation for finding a gene subset which is optimal/suboptimal for the diagnosis of binary/multiple disease types. Genes are
selected with linear SVM classifier for the diagnosis of each binary disease types pair and tested by leave-one-out cross-validation; then,
genes in the gene subset initialized by the union of them are deleted one by one by removing the gene which brings the greatest decrease of
the generalization power, for samples, on the gene subset after removal, where generalization is measured by training MLPs with leave-
one-out and leave-four-out cross-validations. The proposed method was tested with experiments on real DNA microarray MIT data and
NCI data. The result shows that it outperforms conventional SNR method in the separability of the data with expression levels on
selected genes. For real DNA microarray MIT/NCI data, which is composed of 7129/2308 effective genes with only 72/64 labeled sam-
ples belonging to 2/4 disease classes, only 11/6 genes are selected to be diagnostic genes. The selected genes are tested by the classification
of samples on these genes with SVM/MLP with leave-one-out/both leave-one-out and leave-four-out cross-validations. The result of no
misclassification indicates that the selected genes can be really considered as diagnostic genes for the diagnosis of the corresponding
diseases.
� 2007 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

The advent of DNA microarray data has proven to be
of great practical assistance in the understanding of the
pathogenetic mechanism, disease diagnosis, drug explora-
tion and gene therapy, all on gene expression level [1]. Even
though biologists have not had a comprehensive under-
standing about which genes induce which diseases, the
advent of biochip, which is characterized with the high

throughput of DNA microarray profiles, e.g., hundreds
of thousands of genes’ expression levels obtained in only
one experiment, and more intelligent data processing
approaches in data analysis with computers, may help to
search for the relation between genes and diseases. In fact,
biologists have already made all the possible genes which
may cause some specific diseases into a biochip. Finding
the cause of some specific diseases is what we call gene
association study. Hence, for gene association study, what
follows should be data analysis with computer and intelli-
gent algorithms to search for the specific genes which cause
the diseases. This new challenging task to computer science
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is referred to as diagnostic gene selection, or simply, gene
selection.

By now, the study on the regulation between genes is just
in its beginning, which makes it difficult to utilize biology-
based relation between genes for understanding the cause
of a disease in gene expression level. Hence, similar to
almost all the related studies, in this study, genes are consid-
ered to be independent, i.e., each gene forms a dimension.
Due to the high throughput of a biochip, this means that
the dimensionality of the gene space, or feature space, is
very high, and will be even higher with the development
of gene microarray technology and the increase of biochip
integration level. On the contrary, the number of samples
(each sample corresponds to an experiment for a patient)
is seriously limited. This is because it is impossible for scien-
tists to collect so large enough patients/samples (more than
10 times of space dimensionality) [2,3] due to the cost of col-
lection and some other reasons. Hence, the so huge number
of dimensions and so the small number of samples in the
space definitely lead to very serious ‘‘curse of dimensional-
ity” [1,4]. For instance, given only 24 samples in a 12,000
dimensional space, we are required to perform disease
detection, clustering, gene profiling of some specific cancer,
as well as to identify genes or gene subsets that are suffi-
ciently informative to distinguish between the 24 different-
class samples with some generalization power. All these
problems above generate a brand-new challenge to data
processing: gene selection, i.e., to select those genes which
are substantially responsible to the diagnosis of diseases.
As a matter of fact, gene selection is to select a small subset
of genes from thousands of genes such that it can maximize
the separability among the different types of disease samples
and therefore, be used as diagnostic genes for the diagnosis
of the diseases. Two major problems are required to be
solved: (1) How many genes should be selected? (2) Which
genes should be selected? Taking into account that these
two are NP-complete problems [5,6], one generally turns
to work on a suboptimal subset of genes.

As a specific feature selection problem, gene selection
has the following characteristics compared with a general
feature selection problem: (1) the number of genes is much
more than the number of samples, i.e., only a few samples
(say, several tens) are in a huge dimensional space (say,
thousands). This is absolutely different from the general
feature selection problem where the dimensionality of the
space is only tens while the number of samples in the space
is hundreds or thousands; (2) gene selection is to select only
a subset of genes (say 10 genes) from a huge number of
genes (say 1000 genes), while general feature selection is
to select a subset of features from a few features (e.g., only
12 features were selected from 18 features [6,7]); (3) misdi-
agnosis of a disease will be very costly and not permitted,
and therefore, not only separability of different disease
classes, but also generalization performance of the classifier
is more required to be maximized. All the above character-
istics make gene selection a brand-new and challenging
topic in the related research area.

Recently, much work has been done on DNA micro-
array data analysis, such as clustering on gene data with
hierarchical incremental neural network [8], gene selection
with support vector machine [9,10], and biomarker identi-
fication with probabilistic principle component analysis
[11]. One of the representative studies in gene selection
was proposed by Javed Khan et al. [12], which deals with
the classification of gene expression data from cDNA
microarrays that contains 88 samples belonging to four
cancer types (each sample has expression levels of 6567
genes). In the study, genes with over-low expression levels
were filtered firstly, principal component analysis (PCA)
was used for further reduction of the dimensionality from
2308 retained genes to 10, 3-fold cross-validation was then
performed to train 1250 � 3 models of multilayer percep-
tron (MLP) with 10 inputs and 4 outputs (no hidden layer
was included). After integrating these MLPs, a model with
2308 inputs (each corresponds to a gene) and 4 outputs
(each corresponds to a cancer type) was obtained, followed
by a gene-ranking procedure according to the sensitivity of
the model’s outputs to different genes. Finally, 96 genes
were selected as diagnostic genes of the 4 cancer types.
Since gene selection is evaluated with classification perfor-
mance, gene selection and classification are closely related
in this study, and also in our study.

Gene selection on DNA microarray data is extracting
more and more interest in the analysis of DNA data.
SNR method [13,14] is a representative method simply
and widely used for gene selection by biologists, which
we also used and compared with our proposed method
in the experiment section of this paper. However, some
studies [14] performed data classification directly after
dimensionality reduction realized by PCA without any
gene selection procedure at all; some algorithms were
based on gene sensitivity [15], while Ref. [16] dealt with
feature selection problem only for binary logical function,
not for DNA data; the feature selection problem intro-
duced in Refs. [7] and [17] only discussed situations where
space dimensionality was far smaller than that of DNA
microarray data (12 features were selected from only 18
features therein). The branch and bound algorithm and
its various versions [6,7] cannot handle gene selection
problem due to its huge dimensionality of genes at hand,
either.

In this paper, we proposed an effective gene selection
method, for discriminating multiple disease types with
classifiers of not only strong separability but also strong
generalization power among samples belonging to separate
disease types for DNA microarray data. Experiments and
analysis on real DNA microarray MIT data (two disease
types) and NCI data (four disease types) validate the effec-
tiveness of the proposed method in that only 11 genes (for
MIT data) or 6 genes (for NCI data) are responsible for
the related diseases, which will greatly reduce the size of
the biochip for disease diagnosis and with an accurate pre-
diction of unseen microarray samples for their disease
types.
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2. Gene association study based on SVMs/MLPs

Suppose m experiments were conducted on m patients
with K diseases, leading to m gene expression level of
samples in an n-dimensional gene space, each belonging
to some disease type in the K disease types. Thus, the
data for gene selection is {(xj,yj), xj 2 Rn,
yj 2 {0,1, . . . ,K � 1}, j = 1, 2, . . . ,m}, where n is the
number of dimensions (genes) of the gene space, m is
the number of samples and K is the number of disease
types. In general, we have n >> m. In this section, we
limit our study to K = 2, i.e., there are only two disease
types for simplicity and therefore only a binary classifier
is required for the classification of the samples belonging
to these disease types.

2.1. Linear separability of a small number of samples in a
huge dimensional space

For there are only a few number of samples in a huge
dimensional gene space, i.e., m << n, and the samples
belong to only two disease types, it is not difficult to imag-
ine that only a linear classifier rather than a complicated
nonlinear classifier is enough for separating all the samples
in the space correctly. In fact, this is very easy to be guar-
anteed from the following theorem.

Theorem 1. m samples belonging to two classes in an n-

dimensional space, where m 6 n, can always be separated by
a linear classifier if the samples are linearly independent.

Proof. Without the loss of generality, suppose that the
first m1 samples belong to the first class (labeled with
y = 0), and the rest m � m1 samples belong to the second
class (labeled with y = 1). Hence, we need to prove that if
there exist a separation hyperplane l: (wT,b) which
satisfies

wTxi þ b P 0 i ¼ 1; 2; . . . ;m1

wTxi þ b < 0 i ¼ m1 þ 1; . . . ;m

�
ð1Þ

or equivalently

AW ¼ B ð2Þ

where xi is the ith sample; W ¼ðwT; bÞT; A¼
xT

1 1

..

. ..
.

xT
m 1

0
B@

1
CA;

B ¼ ðb1; b2; . . . ; bm1
;�bm1þ1;�bm1þ2; . . .� bmÞT, and bi P 0,

i = 1, 2, . . . , m. Since x1, x2, . . . , xm are linearly independent,
the rank of A is r(A) = m, and hence, we have r(A,B) = r(A).
Therefore, there must exists a separating hyperplane l:(wT,b)
for separating all the samples in the space correctly.

It is obvious that the condition in Theorem 1, i.e., ‘‘m
samples in n-dimensional space (m 6 n) are linearly inde-
pendent”, is easy to be satisfied with respect to general
DNA microarray data due to the fact that the number of

samples is much smaller than the number of genes. As a
result, a linear binary classifier can always be found to ful-
fill correct classification task for the binary disease classifi-
cation problem in gene space.

2.2. Gene association study based on SVMs for two disease
types

For classifying two disease types, only a few samples in a
huge dimensional gene space will readily lead to the fact
that the samples can be linearly separated from Theorem
1. Also, from the above proof process, the solution space
is of n + 1 � m dimensions due to r(A,B) = r(A) =
m < n + 1, i.e., the solution can be expressed by
W = (wT,b)T = g + k1n1+ � � � +kn+1�mnn+1�m, where n1,
n2, . . . , nn+1�m are the basis of the corresponding equation
AW = 0, g is a specific solution of Eq. (2), and k1,k2 , . . . ,
kn+1�m are arbitrary real numbers. This indicates that there
are infinite solutions as decision boundaries for separating
the binary classification problem. Notice that the objective
of gene selection is to select a subset of genes, which cannot
only separate the samples of the two disease types, but also
with the largest generalization power.

Support vector machine (SVM), which is a learning
algorithm [18], learns a linear or nonlinear binary classi-
fier minimizing structural risk for obtaining the largest
generalization power of the classifier. This makes it to
be one of the best choices for gene association study
and the classification of samples belonging to two disease
types.

Obviously, it is reasonable to describe the separability of
patterns and generalization performance of classifiers with
a margin yielded by classification hyperplane. To our
knowledge, with SVM, one can always find in gene space
G the maximum-margin hyperplane: l:(wT,b), which brings
the margin of 2

kwk with the direction from the first class to
the second class being w

kwk. Hence, if we represent the mar-
gin as a vector, the margin vector of l in G space is
MG ¼ 2

kwk � w
kwk. Projecting l to an r-dimensional gene sub-

space G0 consisting of any r genes, we get the projection
of l in G space to be l

0
:(w0T,b) in G 0 subspace, and

w0i ¼
wi if gene i is selected

0 if gene i is not selected

�
i ¼ 1; 2; . . . n ð3Þ

Our strategy for gene association study for two disease
types is to select r genes from all genes such that the margin
vector is obtained from the linear SVM, when projected to
the r-dimensional gene subset defined by these r genes, i.e.,

MG0 ¼ 2kw0k
kwk2 , is the maximum. Notice that finding this max-

imal margin is equal to finding the largest r absolute ele-
ments of w. Therefore, selecting r genes simply falls into
two steps: (i) training a linear SVM with data to obtain sep-
arating hyperplane (wT,b); (ii) finding the r dimensions in
which the absolute values of the elements of w are the larg-
est. Then, the resultant r dimensions are the genes selected
with this SVM-based approach.
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Fig. 1(a) demonstrates a simple example in which alto-
gether we have n = 2 genes and only one gene is selected,
and Fig. 1(b) demonstrates the case we have n = 3 genes
and one or two genes are selected. In Fig. 1, Mi indicates
the margin vector when gene i is selected, Mij indicates
the one when genes i and j are selected, and Mijk indicates
the one when genes i, j,k are selected. It is certain from
Fig. 1(a) that gene 2 should be selected due to the fact that
it brings the maximal margin; similarly, from Fig. 1(b),
gene 3 should be selected when only one gene is desired
to be selected, and gene 2 and gene 3 should be selected
when two genes are desired to be selected.

For any r-dimensional gene subspace, we always have
kMG0 k 6 kMGk. Since this approach is presented for the sit-
uation of a huge dimensional space and a small number of
samples, it is not suitable for general feature selection.

2.3. Gene association study based on MLPs for multiple

disease types

Now we consider the situation when there are multiple
disease types in the dataset. Our aim is to select genes such
that the samples belonging to separate disease types, if
measured with the expression levels of the only selected
genes, are the maximal discriminative and can be classified
by a classifier with the largest generalization power. The
main challenges of the problem include: (i) the number of
disease types is usually more than two; (ii) the number of
selected genes r is unknown in prior; and (iii) it is required
that the generalization ability be the largest and the com-
plexity be the lowest for the classifier defined on the
selected genes.

Denote the sample set be Ci in which samples belong to
the ith disease type. The idea of selecting genes in multiple
disease types situation is as follows: search gene subset Gij

which can linearly separate samples in Ci and those in Cj,
i 6¼ j with the largest generalization power; get the union
of all subset pairs Gij, i.e., G0 ¼ [i6¼jGij (it is evident that
the finally selected genes should be the subset of G0);
remove genes from the gene subset G0, the one each time
which mostly decreases the generalization power until
any of genes could not be removed further, otherwise, the

samples are not separable enough to be classified with some
classifier.

Leave-K-out cross-validation is a general approach for
understanding the generalization power of a classifier.
Consider the situation that the dataset includes N samples.
Leave-K-out cross-validation selects N � K samples at ran-
dom from the dataset as training data for the training of a
classifier and uses the retained K samples as test data to test
the generalization power of the classifier trained with the
N � K samples. Notice that K out of N classifiers in total,
i.e., CK

N classifiers, are required to be trained and tested for
the approach, which may induce huge computations when
N and K are large.

Support vector machine (SVM) and multilayer percep-
tron (MLP) are two typical classifiers which have been
widely applied to many real world applications. The former
is used as a linear or nonlinear binary classifier, and the lat-
ter as a nonlinear classifier in the study of microarray data
here. We use SVM + leave-one-out and MLP + leave-one-
out + leave-four-out to get the generalization power of
SVM and MLP classifier, respectively, for selecting genes
which are responsible for the separation of two disease
types and multiple disease types, respectively. In our study,
the ith SVM/MLP is denoted as SVMi/MLPi. Let mis-
classification rate of the ith classifier SVMi/MLPi be di(r),
that is,

diðrÞ ¼
100% if there exist misclassified

samples in training dataset

dtiðrÞ otherwise

8><
>:

where dti(r) is the misclassification rate of test samples
when r genes are selected, and di(r) measures the general-
ization power both for r selected genes. Since altogether
CK

N SVM/MLP classifiers are required to be trained in
leave-K-out cross-validation, the least generalization power
of all these classifiers, i.e.,

dðrÞ ¼ maxi¼1;2;...CK
N
diðrÞ ð4Þ

can give us a comprehensive knowledge on the generaliza-
tion power of the classifier with SVM/MLP structure, the

Fig. 1. Two demonstrations for SVM-based gene selection. (a) Selecting one gene from two; (b) selecting one or two genes from three.
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generalization power of it from arbitrary N � K samples to
the retained K samples.

According to the above discussion, we have the follow-
ing procedure for selecting genes in multiple disease type
situation.

1. Select genes such that samples belonging to any two dif-
ferent disease types are separable with the largest mar-
gin. This is performed via the steps that follow:

Step 1: Train a linear SVM with only the samples belong-
ing to class i and class j to obtain the weight vector
of the linear SVM classifier, w, with its ith element
denoted as w(i).

Step 2: Ranking genes in a decreasing order according to
their values of |w(i)|, and set the number of selected
genes r to be 1, i.e., r = 1.

Step 3: Select the first r genes as the selected gene subset,
and train C1

N ¼ N linear SVMs, i.e., SVMi,
i = 1,2, . . . ,N, with leave-one-out cross-validation
for getting the generalization ability measure d(r)
calculated according to Eq. (4).

Step 4: If d(r) 6¼ 0, then r r + 1 and goto step 3; other-
wise, store the selected gene subset to be Gij, i.e.,
G Gij.

2. Compute the union of all the gene subsets which can sep-
arate all class pairs Gij and set it to be the candidate sub-
set of selected genes, i.e., G0 ¼ [i6¼jGij, and let G G0,
r = |G|.

3. Get the subset of genes which can separate all the clas-
ses. This is divided into the following steps:

Step 1: Remove only one gene, e.g., the jth gene gj

(j = 1,2, . . . , r) from the gene subset G by perform-
ing MLP + leave-one-out in the retained r � 1
dimensional gene subspace and calculate the gener-
alization ability measure denoted as dj(r) with Eq.
(4), j = 1,2, . . . , r.

Step 2: Search for the gene k such that dj(r) ? min, and
remove gene k from G, i.e., G G � gk; let
r = |G|, d(r) dk(r).

Step 3: Go to step 1 if d(r) 6¼ 0; otherwise we get the final
selected gene subset to be G.

In the above algorithm, gene subsets, each for the sepa-
ration of samples belonging to two different disease types,
are at first extracted, with both the techniques of linear
SVM classifier and leave-one-out cross-validation, and
then the genes are deleted from the union of these gene sub-
sets one by one by removing the gene which brings the
greatest decrease of the generalization power of the MLP

classifier for the samples on the gene subset after removal.
Notice that both the two significant phases are computa-
tionally acceptable. In fact, for performance evaluation of
the selected genes, we used the following measures in our
experiments in the next section: (i) separability measure:
the separability of a binary classifier is measured with
Fisher/weighted Fisher criterion used in linear discrimina-
tory analysis; (ii) generalization ability measure: this is
measured with the maximal misclassification rate, obtained
by linear binary SVMs with cross-validation for the classi-
fication of two disease types and/or nonlinear MLPs with
cross-validation for the classification of multiple disease
types.

3. Experiments and results

The experimental data herein include original gene
expression data from patients of two leukemia types pro-
vided by MIT in USA (we call it MIT data here) and from
samples of four tumor types provided by the National Can-
cer Institute of America (we call it NCI data here) [8]. We
provide the experiments and comparison results of the for-
mer two disease types data due to their simplicity, and then
put our focus on the latter multiple disease types data.

Fig. 2. (a) The maximal misclassification rate of 64 MLPs for leave-one-
out cross-validation (dashed line) and that of 23 � 8 � 12 � 21 = 46248
MLPs for leave-four-out cross-validation vs. the number of selected genes,
for NCI data; (b) the maximal misclassification rate of 72 SVMs for leave-
one-out cross-validation vs. the number of selected genes, for MIT data.
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MIT data are obtained from patients suffering from
acute lymphoblastic leukemia (ALL) and acute myeloid
leukemia (AML), composed of gene expression levels of
7129 genes with altogether 72 samples in which 47 are from
ALL patient, and 25 are from AML patients. After gene
selection procedure on MIT data, 72 SVM classifiers were
trained with leave-one-out for the diagnosis of each binary
disease types pair. The relationship of the maximal mis-
classification rate with the number of selected genes is illus-
trated in Fig. 2(b). As we can see, it is most appropriate to
select 11 genes, with the corresponding maximal misclassi-
fication rate being 0. No curse of dimensionality occurs for
this result, which will be discussed in detail later. We also
performed a comparison with SNR gene selection method
[12,13] in terms of generalization power, on the selected
gene subset with the same dimensionality. Fisher and
weighted Fisher (wFisher) values [19] were used as the cri-
teria of generalization power too: the larger the Fisher/
wFisher value is, the more separable the samples of differ-
ent disease types will be. Table 1 illustrates the genes
selected by the two methods (in the 3rd column) and the
Fisher/wFisher values of samples on 11-dimensional
selected gene subspace (in the 4th column). For visualizing
the separability of samples on selected gene subspace, we
projected gene expression data on selected gene subspace
into the top two and top three principal components
extracted by discriminate component analysis (DCA) [19]
and weighted discriminate component analysis (wDCA)
[19], and the Fisher/wFisher values of samples on 2-dimen-
sional/3-dimensional projection space were calculated and
are shown in the last 4 columns of Table 1. Fig. 3 shows
the shatter plot of data after the projection from the
selected gene subspace to the top 2/3 wDCA space, where
Fisher refers to the value of Fisher Criterion, wFisher
refers to the value of Weighted Fisher Criterion. Both
Table 1 and Fig. 3 imply that the proposed method outper-
forms conventional SNR method in terms of separability
of selected gene subset.

Table 2 shows the minimal margin with respect to the
number of selected genes for the MIT data. It can be seen
that the minimal margin for the case when 11 genes are

selected is larger than those when 24, 30, 50, 100, 200
and 1000 genes are selected, respectively. Hence the gener-
alization power of the samples reaches the maximum when
11 genes are selected, implying that these 11 genes should
be considered as diagnostic genes for the diagnosis of
ALL and AML.

NCI data come from 88 patients suffering from neuro-
blastoma (NB), rhabdomyosarcoma (MS), non-Hodgkin
lymphoma (NHL) and the Ewing family of tumors
(EWS). Each microarray experiment was composed of gene
expression levels of 2308 genes. Among the 88 samples, 64
samples were labeled, with 12/21/8/23 from NB/RMS/
NHL/EWS patients, respectively, while all the other sam-
ples were not labeled. The experimental results and related
analysis included the following: (1) gene selection and its
result for the diagnosis of each pair of binary disease types;
(2) the membership relation between gene subset for the
diagnosis of each pair of binary disease types and that
for the diagnosis of all related disease types; (3) gene selec-
tion and ‘‘curse of dimensionality”; (4) visualization of
data on selected gene subspace for the knowledge of sepa-
rability; (5) functions of hidden layer and output layer of
an MLP classifier.

3.1. Gene selection for the diagnosis of two disease types

We perform gene selection for NCI data for each pair of
disease types by the proposed method. Fig. 4 shows a part
of gene selection procedure for separating each pair of dis-
ease types with SVM + leave-one-out. Ranking of genes in
descending order according to the absolute value of weight
coefficient of an SVM trained with samples belonging to
disease types i and j [14,15] is done, and the best gene selec-
tion result Gij in the sense of leave-one-out generalization is
yielded when the first minimal non-negative margin
appears with the rank of the genes. There is no necessity
that more genes be selected, since the larger the minimal
margin from SVM is, the better the classification perfor-
mance is. As shown in Fig. 4(a), when r = 5, the minimal
margin = 0.065671 > 0, and selected 5 genes (shown in
the row of G12 in Table 3) allow SVM to classify all the

Table 1
Comparison of the proposed method and conventional SNR method for gene association study (MIT data)

Method Genes (n) Indices of
selected genes

Fisher/wFisher of
samples in 11-D
gene subspace

Fisher/wFisher of
samples in 11-D
gene subspace
projected to top
2 DCA space

Fisher/wFisher of
samples in 11-D
gene subspace
projected to top
3 DCA space

Fisher/wFisher of
samples in 11-D
gene subspace
projected to top
2 wDCA space

Fisher/wFisher of
samples in 11-D
gene subspace
projected to top
3 wDCA space

SNR 11 1674, 1745, 1829,
1834, 2111, 2121,
2288, 3252, 3320,
4196, 4847

4.1142 3.7681 3.8119 4.2786 5.2057
17.7362 16.4848 16.6722 17.2518 18.9998

Proposed
method

11 1779, 1868, 2402,
1882, 5952, 5710,
2345, 6218, 6179,
1763, 6201

6.6756 8.9438 9.6703 8.5170 8.5299
25.4741 39.3764 40.8678 37.2610 37.2739
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samples correctly in the sense of leave-one-out cross-vali-
dation. But when r varies from 22 to 35, the minimal mar-
gin < 0, which will definitely lead to misclassification and
the loss of generalization power. Similarly, the selected
genes corresponding to Fig. 4(b)/(c) are shown in the row
of G13/G14 in Table 3, respectively. In Table 3, Gij(k) gives
the selected gene subset for separating disease type i and
disease type j, in which there are altogether k genes, with
their gene indices shown in the row of Gij(k) in Table 3.

3.2. Membership relation of selected gene subsets

For further understanding the relation between the
selected gene subsets for the separation of class pairs and
of all classes, we sorted the selected genes according to
the absolute value of the weight vector obtained from

SVM for the separation of a class pair to measure the
importance of the gene for this separation, which is
expressed in the superscript of each selected gene shown
in Table 3. We also divide the selected genes into 3-fold,
2-fold and 1-fold categories according to the overlap situa-
tion of the genes in the selected gene subset of G12, G13, G14,
G23, G24, G34. For instance, in the row of G12(5) in Table 3,
2463/19154/17502 represent that the gene of the index 246/
1915/1750 appears three times/twice/once in G12, G13, G14,
G23, G24, G34, and rank at 3/4/2 in G12, respectively (the
upper the ranking position of a gene is, the more significant
it is for classification). Then the question is if it is true that
the genes which are of more overlap situation in separation
of class pairs better for separation of all the classes. By
removing genes from 20 genes in G0 ¼ [i6¼jGij one by
one, we obtained only 6 genes with which the all 64 samples
were classified without any misclassification for leave-one-
out and leave-four-out cross-validations. This indicates
that only 6 genes, i.e., the genes in the last row in Table
3, were left as diagnostic genes. Notice that the
leave-one-out required 64 MLPs, while due to a huge
computation in their training process for theoretical
leave-four-out cross-validation which requires to train
C4

64 ¼ 15; 249; 024 MLPs, we left one out from each class

Fig. 3. Scatter plots of samples on the selected gene subset when projected to the top 2 (left column) and top 3 (right column) principal components with
wDCA, with the conventional SNR method (upper figures) and with the proposed method (lower figures) for MIT dataset.

Table 2
The minimum margins for selecting different number of genes (MIT data)

Number of
selected genes

11 24 30 50 100 200 1000

Corresponding
minimum
margin

1.999 1.945 1.692 1.669 1.483 1.358 1.309
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in the test data for our practical leave-four-out cross-vali-
dation, which requires to train only 23 � 8 � 12 � 21 =
46248 MLPs. The number of diagnostic genes obtained
here is less than what we found before, 9 genes in Ref.
[13] for this dataset.

From the above analysis, it is seen that the gene with
more serious overlap may not be the final selected gene.
As an example, genes 246, 545, 276 and 509 are all the 3-
fold genes, while gene 276 was not finally selected but gene
151, which is only a 1-fold gene, was finally selected. This
indicates that it is the union of these 6 selected genes that
makes the best separation of all the 4 disease types.

3.3. Gene selection and the curse of dimensionality

Fig. 2 shows the relationship between the number of
genes selected by removing a gene one by one from G0

for G and the maximal misclassification rate of
MLP + leave-one-out and leave-four-out/SVM + leave-
one-out. As is seen, for NCI/MIT data, when 6–11/11
genes are selected, maximal misclassification rates of
leave-one-out and leave-four-out/leave-one-out are 0, and
these rates increase when the number of selected genes is
too small or too large. This is just inconsistent with the
‘‘curse of dimensionality” mentioned in Refs. [1–4]. It is
known from Ref. [4] that when the distribution of data is
unknown in prior, the misclassification rate of a classifier
with respect to n/N (n is the number of dimensions and
N is the number of samples in the space) is shaped like a
U curve. Generally speaking, ‘‘curve of dimensionality”

does not occur when the number of samples N is more than
10 times the dimensionality of the space n. Evidently, only
64/72 samples in 2308/7129-dimensional gene space makes
the curse of dimensionality very serious. However, the

Fig. 4. The smallest margin of the linear SVM structure classifier among all the SVM classifiers, obtained from leave-one-out cross-validation, for
searching genes for the separation of (a) disease type 1 and type 2; (b) disease type 1 and type 3; (c) disease type 1 and type 4, for NCI data.

Table 3
Selected gene subsets for the separation of disease type pairs and of all disease types (NCI dataset)

Gene subset 3-Fold genes 2-Fold genes 1-Fold genes

G12 (5) 2463 5455 2761 19154 17502

G13 (3) 2461 5452 13893

G14 (15) 2463 5457 5091 13895 19554 1872 19546, 4698, 16459, 205010, 155711, 110512, 13513, 204614, 109315

G23 (3) 2762 19151 1513

G24 (3) 2763 5091 1872

G34 (3) 5092 19551 5233

G0 (20) 246 545 276 509 1389 1955 187 1915 1954, 469, 1645, 2050, 1557, 1105, 135, 2046, 1093, 1750, 151, 523
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finally selected only 6/11 genes while 64/72 samples in this
6/11-dimensional gene subspace makes no curse of
dimensionality.

3.4. Separability of data on selected gene subset

To visualize the separability of samples on initially
selected gene subset G0 and finally selected gene subset G

for NCI data, we project the gene expression levels of all
4-class disease samples on G0/G to top 2/3 principle com-
ponents by discriminate component analysis (DCA)
[19,20]. The left and right column of Fig. 5(a) and (b) show
these projected results, respectively, demonstrating that the
separability of samples does not deteriorate much when the
20 genes in G0 is reduced to 6 genes in G: each class is still

condensely clustered and classes are still well separated.
This verifies that the selected 6 genes are in fact effective
for the diagnosis of these 4 diseases, indicating the effective-
ness of the proposed method.

3.5. Functions of hidden layer and output layer of an MLP

Since the number of selected genes is 6, and the number
of disease types is 4, a 6-L-4 MLP, i.e., an MLP with 6
inputs, L hidden neurons and 4 outputs, was trained with
the samples on the selected gene subset G. It has been rec-
ognized that the hidden layer performs a nonlinear map
from input space to hidden space and the output layer real-
izes a linear classification of the projected data in the hid-
den space. Fig. 5(c) demonstrates the scattered plot of the

Fig. 5. Scattered plots of samples in (a) the initial gene subset G0 and (b) the final gene subset G projected with DCA projection onto the top two (left
column) and top three (right column) DCA principal components; (c) scattered plot of samples in MLP hidden space and the decision boundaries obtained
from the output neurons of the MLP (for NCI dataset).
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data on the hidden space of the trained 6-2-4 MLP after the
nonlinear projection and the linear decision boundaries in
the hidden space. By the comparison of the left figure in
Fig. 5(b) with Fig. 5(c), it is recognized that the hidden neu-
rons of the MLP realize a nonlinear projection which maps
the samples belonging to all the disease types to sector
regions originating from a common point in the hidden
space: each disease type takes one of the sector regions
and the sector region for a disease type is not overlapped
with those of the other disease types. The output neurons
generate decision boundaries which separate these sector
regions by the learnt radioactive lines each of which passes
this common point in the hidden space. Hence, sectoriza-
tion (mapping the input data into sectors with different
class within a different sector) and separating sectors with
linear decision boundaries are the functions of the hidden
neurons and output neurons, respectively, for an MLP to
solve a nonlinear classification problem.

4. Conclusions

Gene association study is to discover the genes associ-
ated with the diagnosis and prediction of the susceptivity
of diseases [21]. The advent of DNA biochip makes it pos-
sible to assay even thousands of genes simultaneously for
understanding the substantial association of genes with
complex diseases and/or cancers [11], while finding or dis-
covering genes which are really responsible for diseases
makes it great challenge to data processing scientists,
including the curse of dimensionality which is especially
serious in the DNA microarray data where the number
of samples is considerably small compared with thousands
of genes in a biochip – it is a vast combinatorial optimiza-
tion problem, even to search for its suboptimal solution is a
complex system engineering.

In this paper, a new method for gene association study is
proposed based on SVM, MLP and cross-validation tech-
niques. In the proposed method, linear binary SVMs and
leave-one-out are used for selecting genes with best class-
pair separation ability due to the best generalization per-
formance of SVM, and MLPs, leave-one-out and leave-
four-out cross-validation are used for finally obtaining
diagnostic genes for the diagnosis of diseases. We applied
our method to two real DNA microarray datasets, the
datasets with the expression levels of 2308/7129 genes for
64/72 tissue samples belonging to 4/2 disease types. The
6/11 genes which preserved separability of the samples in
different disease types well were finally selected for these
datasets without any prior knowledge on how many genes
are physically associated with the related diseases. Such 6/
11 genes are diagnostic genes for the 4/2 diseases in that it
is only required to make a biochip with 6/11 genes for the
diagnosis of the 4/2 diseases for a tissue sample. This will
make the cost of both biochip and diagnosis much lower
than that for making a biochip with 2308/7129 genes, while
still keeping correct diagnoses for the 4/2 diseases in an
acceptable separability generalization sense.
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