IEEE/ACM TRANSACTION ON COMPUTATIONAL BIOLOGY AND BIOINFCRMATICS, VOL. X, NO. Y, OCTOBER 2006 1

Data-dependent Kernel Machines for Microarray

Data Classification

Huilin Xiong, Ya Zhang, and Xue-Wen CheBgnior Member, IEEE

Abstract

One important application of gene expression analysis @assify tissue samples accord-
ing to their gene expression levels. Gene expression datéypically characterized by high
dimensionality and small sample size, which makes the ifileeston task quite challenging. In
this paper, we present a data-dependent kernel for miayaata classification. This kernel
function is engineered so that the class separability oftthming data is maximized. A
bootstrapping-based resampling scheme is introducediteceethe possible training bias. The
effectiveness of this adaptive kernel for microarray ddtsdgification is illustrated with a
k-Nearest Neighbor (KNN) classifier. Our experimental gtstiows that the data-dependent
kernel leads to a significant improvement in the accuracydNkclassifiers. Furthermore, this
kernel-based KNN scheme has been demonstrated to be ctwepiet] if not better than, more
sophisticated classifiers such as Support Vector Machi®€b§) and the Uncorrelated Linear

Discriminant Analysis (ULDA) for classifying gene exprass data.
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ICROARRAY technology, which simultaneously measures tk@ession levels
IVI of tens of thousands of genes, represents an efficient wakiamcterize cells
at the molecular level. In recent years, microarray teamgwphas found many important
applications, ranging from fundamental biological stsdclinical studies. For example,
genes’ expressions are monitored at different conditiandifferent cellular stages to
reveal the functions of genes [1] as well as their regulatotgractions [2]. Gene
expression of disease tissues may be use to gain a betterstardbng of many diseases
such as different type of cancers [3], [4]. Gene expressliem i@veals cellular responses
to drug treatment [5]. For example, microarray experiméige been increasingly used
to identify drug responsive genes [6], predict treatmerit@mes, and select potential
drug targets [7].

Compared with small-scale gene expression study (e.gherortblotting analysis)
where only a few genes’ expression levels are measuredoanierly experiments are high-
throughput in nature. Typically, thousands of genes arelwad in a single microarray
experiment. The large volume of microarray data makes nmamaysis of the data
impractical, if not impossible. Computer-aided data asialyespecially machine learning
techniques, has been widely used for gene expression adlygeneral, three types of
machine learning techniques have been applied to micrpaata analysis: clustering,
classification, and feature selection. Clustering tealnesq[8] group genes according to
similarity in their expression profiles, aiming at discangrgenes that are co-regulated or
members of the same regulatory network. Examples of clagtézchniques are hierarchi-
cal clustering [9], self-organizing maps [10], and k-meahsstering [11]. Classification
techniques are generally applicable when we have a knowofssamples (with their
gene expression profiles) and want to predict some type ofbaeship for new unknown
samples based on their expression profiles. We defer aetb@igcussion of microarray
classification to latter part of the paper. Feature select@thods [12], [13], [14] are
usually used in combination with classification techniquekere the aim is to choose
a small subset of features (genes) as the most distinctamacteristics among different
types of samples.

In this study, we investigate the problem of microarray sifé&sation where gene

expression profiles are used as the basis for classifyirigreift types of samples. For
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the rest of the paper, we will use cancer tissue classifica®an illustrating example.
Specifically, given a collection of gene expression proffastissue samples belonging
to various cancer types, our goal is to build a classifier tmraatically determine the
cancer type to a new sample at high precision. Classifyimgeratissue based on their
gene expression profiles have the promise of providing neliabdle means to diagnose
and predict various types of cancers. However, it is wortbyng that the classification
scheme we proposed here is designed for general microaaagifccation and should
by no means be limited to cancer tissue classification tasks.

Gene expression data are typically characterized by higtedsionality (i.e. a large
number of genes) and small sample size. The curse of dinralgiois one of the major
challenges in microarray data classification. Kernel gicpresent one way to cope with
the curse of dimensionality in many machine learning taskisernel function implicitly
maps data from input space into a new feature space. The ntapimplicit because
the inner product of two feature mappings is evaluated witHomowing the actually
feature mapping. Due to their appealing features, kernghods have attracted a lot
of attentions in pattern recognition and machine learnioigummunity. Many application-
specific kernels have been engineered for various compuotdtbiology and bioinfor-
matics applications [15].

In the literature, a number of methods have been applied veloleed to classify
microarray data [3], [4], [16], [17], [18], [19], [20]. Thesmethods include k-nearest-
neighbor (KNN), boosting [18], linear discriminant anatyd_DA) [17], [21], and SVMs.
Most of them require a predefined similarity or distance mgtand their performances
rely largely on how well the metric reflect the real relatibipsamong samples. Popularly
used metrics include Euclidean distance, Manhattan distaand Pearson-correlation.
However, in practice, it is desirable that the metric be dk#pendent or adaptive to the
input data. The notion of adaptive distance metric, whichethels on the local feature
of the data, is introduced in [22], where the authors callrttexal LDA-based metric
as discriminant adaptive nearest neighbor (DANN) metriowklver, this metric does
not address the issue for the curse of dimensionality andisapplicable directly to
the microarray data classification problem, since the deedwithin sum-of-square

matrix” [22] is always singular in the case of gene exprassiata.
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Kernel function can be thought of as a similarity measurevbenh the input objects.
Adaptive similarity metrics may be achieved through kerdesign. In this paper, we
present an adaptive similarity metric for microarray datssification. This similarity
metric is obtained by optimizing a data-dependent kernglirg at increasing the class
separability of the training data. We illustrate the efiiemess of this adaptive metric
associated with the k-Nearest Neighbor (KNN) classifierckmmcer classification. Consid-
ering the high dimensionality and relatively small sampie $sn gene expression data, a
bootstrapping-based resampling scheme is introducedltaeethe possible training bias.
The proposed kernel-based KNN algorithm, denoted by Kerisldpplied to several sets
of cancer expression data. The experimental results shaivikiérNN always achieves
remarkable improvement over the conventional KNN methoth viuclidean distance
metric in classifying gene expression data. Compared watrersl other well-known
methods, the KerNN classifier achieves comparable restitet better, on nine public
microarray data sets.

The rest of the paper is organized as follows. Section Il iokes/ a brief review of
some related work. In Section Ill, after introducing a ddépendent kernel model, we
develop an efficient way to optimize the kernel. The kernelrimelerived from the opti-
mized kernel is formulated. Section IV presents the expemiial results on nine publicly
available gene expression data sets. Section V gives sotadedenformation about the
experimental settings and parameter tuning, illustrates the kernel optimization can
substantially improve the class separability of the daii@alfy, Section VI concludes the

paper.

Il. RELATED WORK

Numerous methods for tissue classification using gene ssijome data have been
reported in literature. In this section, we briefly reviewfavell-known methods, which
is used to compare with our method.

K-Nearest Neighbor (KNN)The KNN method is the simplest, yet useful approach
to general pattern classification. Its error rate has beeweprto be asymptotically at
most twice that of the Bayessian error rate [23]. Howeverpirformance deteriorates

dramatically when the input data set has a relatively lovalaoelevance [24].
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Diagonal Linear Discriminant Analysis (DLDADLDA is the simplest case of the
maximum likelihood discriminant rule, in which the classdities are supposed to have
the same diagonal covariance matrix. In the special casenainb classification, the
DLDA scheme can be viewed as the “weighted voting schemepgsed by Goluket
al. in [19].

Linear Discriminant Analysis (LDA)LDA is an important method in general pattern
classification. The classical LDA method works by searchimg most discriminatory
projection directions of the input data and classifies th& da the projected space.
A major problem in employing the classical LDA scheme to sifgsgene expression
data is that the so-called scatter matrices are always lsingdue to the nature of
high dimensionality and relatively small sample size in mo&ray data. To handle this
problem, generalized linear discriminant analysis (GLD23] and uncorrelated linear
discriminant analysis (ULDA) [21] are developed recentfyusing more delicate matrix
techniques to modify the classic LDA into a more general ieersThe ULDA scheme
is applied to classify microarray data in [21].

Support vector machines (SVMjhe support vector machines work by searching a
hyperplane that separates the classes of the input dataheitmaximum margin. SVM
has been recognized as the most powerful classifier in \aragplications of pattern
classification. It has been shown to perform well in a wideyeaaf tasks in computational
biology, including but not limited to classifying gene egpsion data [26], detecting
remote protein homologies [27], recognizing translatioitiation sites [28], functional
classification of promoter regions [29], prediction of @iotfunction from phylogenetic
profiles [30], protein subcellular localization predictif81], recognizing splice sites [32],
predicting signal peptide cleavage sites [33], discogefumnctional RNASs in prokaryotes
[34], secondary structure prediction [35], and predictadnprotein-protein interactions
[36]. In this paper, we follow the way in [37] to implement SValgorithm.

IIl. K ERNEL-BASED ADAPTIVE DISTANCE METRIC LEARNING
A. Data-dependent kernel model

Let {z;,(;} (i =1,2, ..., m) bem d-dimensional training samples of the given gene

expression data, wherg = +1 represent the class labels of the samples. We engineer
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a data-dependent kernel to capture the relationship anfengdta in this classification

task. This data-dependent kernel is formulated as,

k(z,y) = q(z)q(y)ko(z,y) (1)

wherez,y € R, ko(z,y), called the basic kernel, may be any kernel function such as

Gaussian kernel or a polynomial kernel, ay(d), the factor function, takes the form of
q(xr) = ap + iaikl (x, ;) (2)

in which k; (2, ;) = e ml#=%1” ,’s are the combination coefficients. This kernel model

was first introduced in [38], and called “conformal transfation of a kernel”. However,

the authors in [38] did not consider as to how to optimize temkl model.

Let the kernel matrices correspondingi@, y) andky(x, y) be K and Kj. It is easy to
verify K = [g(x;)q(x;)ko(xi, )| mxm = QKoQ, whereQ is a diagonal matrix with diag-
onal elementg(z;), q(x2), . .., q(x,,). Let us denote the vecto(g(z1), ¢(z2), - - ., ¢(xm))T
and @, a1, as, ..., a,)T by ¢ and«, respectively. We have = K,a, where K, is an

m x (m+ 1) matrix

1 ky(xy,x1) - ka(xn, )

L Ei(wo, 1) -+ kw2, 2m)
1= . ) , .

1 k‘l({lj'm, l’l) e l{?l(l'm, IL’m)

B. Kernel optimization

The optimization of the data-dependent kernel in (1) is talse value of combination
coefficient vectorn so that the class separability of the training data in magpature
space is maximized. For this purpose, Fisher scalar is adamt the objective function
of our kernel optimization. Fisher scalar measures thesctaparability of the training
data in the mapped feature space and is formulated as

. tr(Sb)
—tr(S,)

where S, represents the “between-class scatter matrix”, &pd“within-class scatter

3)

matrix”.
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Suppose that the training data are grouped according to thess labels, i.e., the
first m; data belong to one class, and the remainimgdata belong to the other class
(my1 + mo = m). Then the basic kernel matrik, can be partitioned as

o [ KR
K3 K
where the sizes of the submatric&y,, K%, K2, and K3, respectively aren; x my,
my X maq, My X My, andmsy X my. A close relation between the class separability measure
J and the kernel matrices has been established [39].
B o Moo

N = e

WherEMQ = K{BQKL Ny = K{WQK:[, in which

(4)

L KO 0 1
By = m — Ko
0 oK) ™
L K0 0
WO - d|an’?1, k(2)27 ey k?nm) — mi 11
0 m%Kz%

It is easy to verify that, if matrixV, is nonsingular, the optimal that maximizes the

J(«) in (4) is the eigenvector corresponding to the maximum eiglere of the system
M(]Oé = )\N(]Oé

Unfortunately, in practice, especially in analyzing gex@ression data, the matri¥,
is frequently singular, which makes the eigen-decompmsithethod not applicable. A
gradient-based learning algorithm was proposed in [40bbgesthe optimization problem.
However, this approach is generally associated with twadliantages: 1) two extra
parameters (the learning rate and the total iteration nundre introduced and need to
be specified in advance; and 2) the solution may be trappedanah optimal point.

An alternative way to handle this problem is to introducegutation parameten > 0,
and substitute the matri¥/y by Ny + I, where ! denotes the unit matrix. Therefore,
the optimala that maximizes the class separability measiife) is determined by the

eigenvector corresponding the maximum eigenvalue of tiseery

Moo = AN(Noy + pl)ax (5)
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C. kernel distance metric and data resampling

Given two samples, y € R, the inner product is defined as:y =< z,y >= k(z,y);

therefore, their derived distance can be calculated
dlz,y) = <z,x>+<y,y>-2<z,y>

Using our data-dependent kernel model, the distance caxfressed as

d(z,y) = () + ) — 2q(x)q(y)ko(z,y)

= [q(z) — q)* + 2¢(x)q(y) (1 — ko(z,y))

where we assume that the basic kernel function satisfy:, z) = 1.

The optimized kernel maximizes the class separability & ttaining data in the
feature space. Assuming the testing data have the samibutistn as the training data,
intuitively, this kernel metric should adapt better to thédled data than the Euclidean
metric. Hence classification methods based on this datardigmt kernel are expected
to perform significantly better than their counterpart witle Euclidean metric. In the
cases that we have enough training samples, the aboveiontgitays true. However,
for the task of microarray data classification, changes aemill get a very small set
of training samples in high dimensions. Because the kerpginization is performed
with the training data only, in the case of small training #eis possible that the kernel
optimization increases the class separability of the imgirdata remarkably, however,
does not improve, sometimes even decrease, that of the atst This training bias is
essentially caused by some outliers in the training datshéncase of small training set,
the effect of one outlier on training could be significant.réduce the adverse effect of
the training bias, a bootstrapping-based resampling seheatled disturbed resampling,
is interlaced in our KerNN scheme. The disturbed resampsngssentially a scheme of
“bootstrapping with noise” [40].

Suppose thafz;, (;} (i = 1,2,...m) are the training data({ = +1), we construct a
new set of training datdy;, &} (1 =1,2,...,3m)

T if 1<i<m
Yi = L (6)
r,+e ifi>m
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in which z,. is a sample randomly selected from;,} with replacement, and represents
a random disturbance with uniform or normal distributiomattis,s ~ N(0,0?). The
class labels are determined as

¢ = G f1<i<m

¢ fi>m

IV. EXPERIMENTS

We performed a set of experiments to compare the perfornsasfaaur KerNN scheme
to some well-known classification algorithms, i.e., KNN, DA, ULDA, and SVM. Nine
publicly available microarray data sets are chosen for phipose. In the experiments,
each data set is first normalized to zero mean and unity \aiah the gene direction.
The data set is then randomly partitioned into two disjoutisets with equal number of

samples, one for training, and the other for testing.

A. Data sets

1) ALL-AML Leukemia Datalhis data set is available at http://sdmc.lit.org .sg/@ERets/.
It contains 72 samples of human acute leukemia. These saraptecategorized
as acute lymphoblastic leukemia (ALL) and the acute myeleikemia (AML),
representing two different types of leukemia. Each samptgains the expression
levels of 7129 genes. For the detailed information, one eéar ito [19].

2) Embryonal Tumors of Central Nervous System (CN®js data set is available
at http://sdmc.lit.org.sg/GEDatesets/. It contains 6@0ep&a samples, of which 21
are survivors of a treatment, and 39 are failures. Expredsiels of 7129 genes
are contained in the data set. More information about thia dat may be found
in [41].

3) Breast Cancer Datalhe data are available at http://mgm.duke.edu/genoraafda
ro/work/. The expression matrix monitors 7129 genes in 4a&trtumor samples.
There are two response variables respectively describegtatus of the estrogen
receptor (ER) and the lymph nodal (LN) status. Accordinghte ER status, 25

samples are ER+, whereas the remaining 24 samples are E&ed Ba the LN

We only consider Gaussian kernel function in the proposetS¥iM algorithms.
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variable, there are 25 positive samples and 24 negative lsamphe detailed
information about this data set can be found in [20].

4) Colon Tumor DataThis data set is downloaded from http://sdmc.lit.orgGfDatasets/.
It contains 62 samples collected from colon-cancer patieAtmmong them, 40
samples are from tumor tissues, and 22 are from healthy pérthe colons
of the same patients. Expression levels are measured fdr §é0es. Additional
information about this data set may be obtained from [42].

5) Lung Cancer DataThis data set is downloaded from http://sdmc.lit.orgGigDatasets/.
It contains 181 tissue samples, which are classified intactagses: malignant pleu-
ral mesothelioma (MPM) and adenocarcinoma (ADCA). Eachpdans described
by the expression level of 12533 genes. More informatioruaititis data set can
be found [43].

6) Lymphoma Data he data set is available at http://www.broad.mit.edu/ipmphoma.
It contains 77 tissue samples, of which 58 are diffuse largelBlymphomas (DL-
BCL) and the remaining are follicular lymphomas (FL). Eaeimgle is represented
by the expression levels of 7129 genes. The detailed inftomabout this data
set can be found in [44].

7) Ovarian Cancer DataThis data set, available at http://sdmc.lit.org.sg/GtbBats/,
is to distinguish ovarian cancer from non-cancer. It cor#@53 samples, and each
sample has 15154 features. More details can be found in [45].

8) Prostate Cancer Datarlhis data set is downloaded from http://www.broad.mit/ed
It contains the gene expression levels of 12600 genes fords2gie tumor samples
and 50 normal prostate samples. One can refer [3] for thelsletaout this data

set.

The basic information about these data sets is summarizédble I.

B. Gene selection

Because the sample size is much smaller than the dimenigyoitad many genes may
not be helpful, sometimes may even be harmful, for the cléssichination. Selecting
the most discriminatory genes and removing the rest not tedyce the computational

complexity, but also substantially improve the perfornmesof many classifies.
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TABLE |

THE BASIC INFORMATION ABOUT THE GENE EXPRESSION DATA SETS

Average Test Error Rate

sample size number of genes

ALL-MAL 72 7129
Breast-ER 49 7129
Breast-LN 49 7129
CNS 60 7129
Colon 62 2000
Lung 181 12533
Lymphomal 77 7129
Ovarian 253 15154
Prostate 102 12600
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Fig. 1. The average test error rate as a function of featunebeu for theALL-MAL microarray data

In this paper, we use the BW ratio in [17], which is essentiallFisher discriminant
measure, to select genes. For a ggnthe BW score (or ratio) on gengis calculated

as

‘ Yo e (Tr(5) — T(5))?
9(j) = 0 (7)
D) S Yo, @) —mG)P?
where(C), denotes the index set of theth class k£ = 1, 2), m,, is the number of samples
in Cy, (XCi_, mp = m), andz,(j) andz(j) represent the average expression levels within

the k-th class and of the entire training samples on gemespectively.
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C. Experimental results

We now present our experimental results for the five classifieerNN, KNN, DLDA,
ULDA, and SVM) with the nine data sets. In the experiments,dlassification for KNN,
ULDA, and KerNN is performed by the K-nearest-neighbor (KN&gorithm with K=3.

1) Comparisons with different number of gené® investigate the influence of the
selected gene numbeé¥, on the five classification algorithms, we compare their perfo
mances when different number of genes are used in the otadwifi. For each data set,
experiments are carried out witki; respectively set to 10, 20, 40, 60, 80, 100, 200, 400,
600, 800, 1000, 1200, 1400, 1600, 1800, and 2000. For eacte N, we choose
the N; most discriminatory genes according to the BW score caledldy (7). Each

experiment is repeated 100 times, and the average test rates and their standard
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TABLE Il

COMPARISONS IN TERMS OF THE AVERAGE TEST ERROR RATE%) AND THE STANDARD VARIANCE (IN

PARENTHESH
KNN DLDA ULDA SVM KerNN
ALL-AML | 5.78 (3.58) | 4.16(2.57) | 6.92 (4.13) | 5.24 (3.20) | 5.14 (3.10)
Breast-ER| 10.32 (5.12)| 7.04(5.63) | 9.76 (6.86) | 7.36 (4.07)| 7.84 (5.11)
Breast-LN | 14.16 (5.89) 9.74 (5.61) | 15.52 (8.35)| 9.76 (6.91) | 8.08(5.08)
Colon 17.03 (4.66) 14.00 (4.59)| 20.90 (8.04) 13.55 (5.05)| 12.90(4.47)
CNS 21.94 (5.37)| 23.61 (6.47)| 17.10 (8.65)| 15.94(7.24) | 16.02 (6.36)
Lung 1.56 (1.20)| 1.23 (0.91)| 1.87 (1.59)| 1.21 (0.81)| 0.84(0.75)
Lymphoma 4.10 (3.88) | 8.36 (3.90) | 5.59 (7.27)| 3.38(3.33) | 3.38(2.95)
Ovarian 1.15(1.30) | 1.98 (1.05)| 0.39(0.77) | 0.44 (1.02) | 0.44 (0.92)
Prostate | 8.63 (3.43)| 6.78 (3.00) | 7.57 (5.59)| 6.78 (3.02) | 6.43(4.10)

variances over the 100 experiments are reported. The exgetal results for the nine
data sets are shown in Fig. 1 to Fig. 9, respectively, whezentrizontal axis represents
the number of the selected genes and the vertical axis pomes to the average test
error rates of the classifiers over 100 experiments.

As can be seen from these plots, our kernel-based KerNN skgnificantly outper-
forms the conventional KNN classifier; moreover, comparath whe other methods,
KerNN performs favorably in most cases. Different from th€DA scheme, which
usually performs poorly in the case of small gene number Fsgd (a) to Fig.9(a)), and
the DLDA scheme, whose performance often degrade in theafaséatively large gene
number (see Fig.3(b), Fig.4(b), Fig.5(b), Fig.7(b), and.®{b)), the proposed KerNN
scheme perform more stable when the number of selected gbaeges.

2) Comparisons with the number of genes determined by ced&ation: This time,
we use the leave-one-out cross validation to choose the euofbgenes. Considering
there are two other parameters need to be tuned for the SVIVKandN classifiers,
to reduce the computational complexity involving in the ssovalidation, we choose
the gene number only fronf10, 20, 40, 60, 80, 100, 200, 400, 600, 800, 1000, 1200,
1400, 1600, 1800, 2000 Given a training/testing split of a microarray data set,dach
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classifer, after the number of genes is determined on tli@ngadata, the error rates on
the testing data is calculated.

Table Il presents the average test error rates and the sthwaidances over 100 trials
for the five classifiers on the nine microarray data sets. $aalize the distributions of
the test error rates of different algorithms, we presentbibreplots of the test error rates
in Fig. 10 to Fig. 13. It can be seen that, in five out of the niagdets, KerNN algorithm
achieves the lowest average test error rates. On the othed#&ba sets, the performances
of KerNN are almost close to the best. More importantly, thet fthat the proposed
KerNN classifier significantly outperforms the KNN clasgifieth the Euclidean metric
suggests that the kernel optimization induces a more aaagistance metric than the

Euclidean metric to the gene expression data.

V. DISCUSSION

Here we have presented a novel cancer classification metsatilon data-dependent
kernel. The experimental results of nine data sets have dsinaved the robustness of
our proposed KerNN algorithm in classifying different tgpef cancer expression data.
Although the KerNN algorithm is evaluated favorably in masises, a drawback of
the method is that there are more parameters to tune thanttiee methods being
compared. For DLDA algorithms, no parameter need to be BpdciThe number of
nearest neighbor& are specified as 3 for KNN and ULDA. For SVM, two parameters,
the v in the Gaussian kernel function and the regulation constgnteed to be set in
advance. As to the KerNN algorithm, there are four parametgrfor the basic Gaussian
kernelkq(x,y) in (1), v, for the functionk; (z, a;) in (2), the regulation parametgrin (5),
and the parameter in the disturbed resampling. To reduce the computatiortehsity
in tuning these parameters, we empirically sgt= % v = Nﬂf, where N, is the
number the selected genes, and= 0.1. Therefore, only two parameters and i, are
tuned for the KerNN method.

In the experiments, we employ the leave-one-out technigquia® training data to tune
these parameters. For SVM classifier, we follow [37] to impéait the SVM algorithm,
in which the parametet’ is chosen from{1.0e+00, 1.0e+01, 1.0e+02, 1.0e+03, 1.0e+04,
1.0e+05, 1.0e+06, 1.0e+P7and v from {1.0e-07, 5.0e-07, 1.0e-06, 5.0e-06, 1.0e-05,
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Fig. 11. Boxplots of error rates fddreastLNand Colon data sets.

5.0e-05, 1.0e-04, 5.0e-04, 1.0e-03, 5.0e-03, 1.0et@Ng the leave-one-out cross val-
idation. For our KerNN algorithm, the parametefsand ;. are selected from a same
set {0.0001, 0.001, 0.01, 0}1 Note that only the training samples are used for setting
parameters. Test samples are independent of this process.

A. The effect of the kernel optimization on class sepaitgbili

The goal of the kernel optimization is to maximize the measufr class separability
(3) of training data. It is certain that the class separgbiif the training data in the
feature space should be remarkably improved with the opéchkernel. However, the
guestion is whether this data-dependent kernel increaseseparability of testing data.
We here illustrate the effect of the data-dependent kemmétaoning data and testing data

with two dimensional embedding of the data points. Pnestatedata set with 200 genes
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Fig. 13. Boxplots of error rates faDvarian and Prostatedata sets.

selected {Vy = 200) is used as an example to show the effect. Fig. 14 (a) shows the
projection of the training data and test data onto their fisgt significant dimensions as
determined by multidimensional scaling (MDS) techniqué[§47]. Fig. 14 (b) illustrates

the corresponding projection with the optimized data-delpat kernel function. These
figures indicate that the class separability of the testidatabstantially improved together
with that of the training data, although the kernel optirticaa is only performed with

the training data.

B. The effect of the disturbed resampling

Due to the lack of enough training samples, the proceduréekernel optimization
may lead to serious bias in training the classifier. As disedsn Section IlI-C, to reduce

this bias, the strategy of disturbed resampling is adoptethis section, we demonstrate
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Fig. 14. Kernel optimization improves the class separgbfior both training and test data. (a) Two-dimensional
embedding of the training and test data. (b) The correspgntivo-dimensional embedding after the optimized kernel

function is used.
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Fig. 16. The effect of adopting the technique of disturbeshnepling on theProstatedata set. (a) Results on the

training data. (b) Results on the test data.

that effectiveness of this strategy.

In the cases where there are relatively large training sesnpghe adverse effect of

the training bias usually can be ignored, and the kernedda&\N classifier without

using the strategy of disturbed resampling, denoted by KéNcan achieve as good

classification results as those of the KerNN scheme, on bahraining and test data.

Fig. 15 demonstrates this point on thang data set, which contains 181 samples. On
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Fig. 17. The effect of adopting the technique of disturbeshnepling on theBreast-ERdata set. (a) Results on the

training data. (b) Results on the test data.

the other hand, in the case of relatively small sample slze,KkerNNO algorithm has
a relatively higher risk being impaired by the training bthsin the KerNN scheme.
We illustrate this point with thérostatedata set (Fig.16), which includes 102 samples,
and with theBreast-ERdata set (Fig.17), which contains only 49 samples in total. |
can be seen from Fig.16(b) that the performance of the kdrasdd KNN classifier can
be significantly improved when the disturbed resamplindiégue is adopted in the
scheme. In Fig. 17, we see that, although KerNNO works quék en the training data,
its performance degrades remarkably on the test data (evesevthan KNN in some

cases, see Fig.17(b)).

VI. CONCLUSIONS

In this paper, a novel data-dependent kernel is proposedafuecer classification. This
data-dependent kernel is learned through maximizing thescteparability of the training
data in the kernel-induced feature space. Our experimergalts show that this optimized
kernel also helps to increase the class separation for #timdedata. When this data-
dependent kernel is incorporated into KNN classifier, aifigant improvement of the
performance is achieved compared to KNN classifier basedushdean distance metric.

This classification scheme is applied to cancer classifioatiith gene expression data.
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The data are characterized by high dimensionality and ssaatiple size. This kernel-

based method, together with a disturbed resampling syrdatedemonstrated to be capable
of alleviating the problem of overfitting. Compared with ee other cancer classification
schemes including SVM, ULDA, DLDA and KNN, the K-nearestgiéor classifier

based on the data-dependent kernel achieves competitif@mpance, if not the best.
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