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Abstract

We implement structural risk minimization and cross-validation in order to optimize kernel and parameters of a sup-

port vector machine (SVM) and multiclass SVM-based image classifiers, thereby enabling the diagnosis of genetic

abnormalities. By thresholding the distance of patterns from the hypothesis separating the classes we reject a percentage

of the miss-classified patterns reducing the expected risk. Accurate performance of the SVM in comparison to other

state-of-the-art classifiers demonstrates the benefit of SVM-based genetic syndrome diagnosis.
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1. Introduction

Since introduced to the machine learning com-

munity by Vapnik (1995) and especially in the

recent years (Burges, 1998; Cristianini and
Shawe-Taylor, 2000), the support vector machine

(SVM) has been studied extensively for classifica-

tion, regression and density estimation. Based on

the principle of structural risk minimization
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(SRM), the SVM upper bounds the expected risk

(mean error rate measured on the test set) using

the sum of the empirical risk (mean error rate

measured on the training set) and a bound, called

the VC confidence. In order to construct an opti-
mal decision hypothesis, the SVM holds the empir-

ical risk fixed and minimizes the VC confidence by

limiting the flexibility of the set of candidate func-

tions searched by the machine (classifier). The

minimum of this upper bound is reached by max-

imizing the margin between the decision hypothe-

sis and the classes as defined using support

vectors, thereby enabling the improvement of the
ed.
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classifier generalization ability. A quick survey of

publications in Pattern Recognition Letters of

the last four years alone, reveals a variety of appli-

cations the SVM is applied to, spanning from tex-

ture (Barzilay and Brailovsky, 1999) and face
recognition (Déniz et al., 2003; Pang et al., 2003)

to ultrasonic image segmentation (Kotropoulos

and Pitas, 2003) and text detection (Lee et al.,

2003). Additional applications studied are object

detection in real-time streaming video (Genov

and Cauwenberghs, 2003), spam message filtering

(Drucker et al., 1999) and classification of cancer

tissues (Furey et al., 2000). The SVM, having supe-
rior generalization capability and reputation of a

highly accurate paradigm, is applied in this study

to the classification of cytogenetic images.

In recent years, fluorescence in situ hybridiza-

tion (FISH) has emerged as one of the most sig-

nificant new developments in the analysis of

human chromosomes. FISH offers numerous

advantages compared with conventional cyto-
genetic techniques since it allows detection of

numerical chromosome abnormalities during nor-

mal cell interphase. An important application of

FISH is dot counting, i.e., the enumeration of sig-

nals (dots) within the nuclei, as the dots in the

image represent the inspected chromosomes. Dot

counting is used for diagnosing numerical chro-

mosomal aberrations in, e.g., haematopoietic neo-
plasia, solid tumors and prenatal diagnosis

(Tanke et al., 1995). However, a major limitation

of the FISH technique for dot counting is the

need to examine large numbers of cells. This is re-

quired for an accurate estimation of the distribu-

tion of chromosomes over cell population,

especially in applications involving a relatively

low frequency of abnormal cells. As visual evalu-
ation by a trained cytogeneticist of large numbers

of cells and enumeration of hybridization signals

is expensive and time consuming, FISH analysis

for dot counting can be expedited by automating

the procedure.

A neural network (NN) two-class classifier

has recently been proposed (Lerner et al., 2001)

in order to discriminate between real signals and
artifacts resulting from noise and out-of-focus

images, thus enabling FISH dot counting. Aiming

at clinical diagnosis we are interested here in
improving the NN classification accuracy by stud-

ying an SVM classifier. To achieve the highest

SVM accuracy for the cytogenetic problem, we

empirically investigate using the SRM principle

and the cross-validation methodology, not so com-
monly applied in SVM experimentation, the con-

figuration, parameters and normalization method

most appropriate for the SVM. Since clinical diag-

nosis requires studying a several genetic syndromes

simultaneously, we also extend the suggested

framework to investigate multiclass SVM-based

FISH signal classification. Furthermore, we

threshold the distance of tested data points from
the optimal separating hypothesis in order to reject

a user-defined percentage of the miss-classified

patterns, allowing reduction of the SVM expected

risk. Finally, we compare classification of cyto-

genetic images using the SVM to that based on

other state-of-the-art machine learning paradigms.

This study is an extension of a previous one

(David and Lerner, 2004).
The SVM classifier and principles are described

in Section 2. The cytogenetic domain represented

by FISH images is illustrated in Section 3. The

experimental methodology for evaluating the

SVM and its results in classifying FISH signals

are, respectively, given in Sections 4 and 5, before

a discussion concluding the paper is provided in

Section 6.
2. Support vector classifiers

2.1. Structural risk minimization

In statistical learning theory (Vapnik, 1995), we

bound the difference between the expected risk (or
risk), R(a), and the empirical risk, Remp(a), when

both training and test sets are assumed to be gen-

erated from the same underlying probability distri-

bution P(x,y). The empirical risk is calculated by

RempðaÞ ¼
1

2l

Xl
i¼1

jyi � f ðxi; aÞj; ð1Þ

where l is the size of the training set, a are the

model parameters and f(xi,a) is the classifier out-

put for a training vector (pattern) xi having a cor-



A. David, B. Lerner / Pattern Recognition Letters 26 (2005) 1029–1038 1031
responding label yi 2 {�1,1}. The risk for an un-

seen test vector x is

RðaÞ ¼
Z

1

2
jy � f ðx; aÞjdP ðx; yÞ: ð2Þ

Vapnik (1995) showed that with probability

(confidence level) 1 � g for some 0 6 g 6 1 a

bound on the risk can be calculated as
Fig. 1. An example of a decreasing function empirical risk, VC

confidence and the sum of these two risks for increasing VC

dimensions, 100 training patterns and 0.95 confidence level. The

valley in the sum suggests the VC dimension value providing

the best generalization for the SVM.
RðaÞ 6 RempðaÞ

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½hðlogð2l=hÞ þ 1Þ � logðg=4Þ�l�1

q
ð3Þ

trading between tight and reliable bounds for g
close to 1 and 0, respectively. The parameter h is
a non-negative integer called the Vapnik–Chervo-

nenkis (VC) dimension defined as the largest num-

ber of patterns that can be separated (shattered) in

all possible ways using the family of functions f(a)

implemented by the classifier. Thus, the VC dimen-

sion is a measure of the capacity (complexity) of

the class of functions in relation to the available

amount of data. Bounding the risk manifests a well
known pattern recognition trade off where a highly

complex hypothesis is able to discriminate between

much more complex data structures but at the cost

of increasing the difference between the empirical

and the expected risk, i.e., the VC confidence, in

a phenomenon usually referred to as ‘‘over fit-

ting’’. To find an optimal hypothesis reducing the

VC confidence, the concept of SRM is introduced.
It establishes nested subsets of hypotheses in which

each subset has a smaller VC dimension than that

of its outer subset. The concept builds upon find-

ing the hypothesis subset that minimizes the bound

on the risk while training the machine for each

subset to minimize the empirical risk. The machine

having the minimal sum of empirical risk and VC

confidence is then being selected (Fig. 1).
Furthermore, the SVM selects the optimal

hypothesis as the one yielding the maximum mar-

gin of separation between two classes (Vapnik,

1995). A large margin leads the SVM to an error

bound depending on an ‘‘effective’’ VC dimension

smaller than the VC dimension, thus providing a

classifier having higher generalization capability

(Cristianini and Shawe-Taylor, 2000).
2.2. Linear and non-linear SVM classifiers

In the separable case, the linear SVM achieves

the optimal separating hypothesis (hyperplane),

i.e., the one maximizing the margin, by minimizing
kwk2/2 while keeping

yiðw � xi þ bÞ � 1 P 0; i ¼ 1; . . . ; l; ð4Þ
where w is the vector of hyperplane coefficients

(orientation), b is a bias term and b
kwk indicates

the distance of the hyperplane from the origin.

Training an SVM is a quadratic optimization

problem (Burges, 1998) in which

LD ¼
Xl
i¼1

ai �
1

2

Xl
i;j¼1

aiajyiyjðxi � xjÞ ð5Þ

is maximized w.r.t. ai P 0 subject to
Pl

i¼1aiyi ¼ 0,

where the constraint on the Lagrange multipliers

ai P 0 are derived from the Lagrangian formaliza-

tion (Burges, 1998). When the optimization com-

pletes, the normal to the optimal hyperplane, w,
is computed by

w ¼
Xl
i¼1

aiyixi ð6Þ

and the bias b is computed from the Karush–

Kuhn–Tucker conditions ai Æ [yi((xi Æw) + b) � 1] = 0



Fig. 2. Achieving linear separation by projecting non-separable

one-dimensional data onto a two-dimensional space.
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for any i for which ai 5 0, or averaged over all

training points. Because the problem is quadratic,

thereby convex, the optimization process always

results in a global maximum. The maximal margin

classifier is then derived using

f ðxÞ ¼ sgn
Xl
i¼1

yiaiðx � xiÞ þ b

 !
: ð7Þ

The support vectors, i.e., the vectors defining
the maximal margin during training, are the only

vectors necessary for shaping the decision bound-

ary and they cannot be overlooked during classi-

fier training. Correspondingly, their Lagrange

multipliers are the only coefficients which do not

vanish during training and thus participating in

shaping the solution (6). The fewer the number

of support vectors the better generalization can
be expected (Cristianini and Shawe-Taylor, 2000).

For the non-separable case, no particular sepa-

rating hyperplane can be found as some of the ai�s
will get increasingly large values. The solution for

this problem is to allow errors of the SVM in cer-

tain amount ni P 0, i = 1, . . . , l in (4), i.e.,

yiðw � xi þ bÞ � ð1� niÞ P 0; i ¼ 1; . . . ; l ð8Þ
and penalize each error by a user-defined parame-

ter C determining the degree of penalty assigned to

an error. The optimal hyperplane is then deter-

mined by minimizing

kwk2=2þ C
Xl
i¼1

ni

 !k

; k > 0: ð9Þ

Repeating the optimization procedure as for the

linear separable case leads to similar equations and

constraints except that 0 6 ai 6 C, and the support

vectors can now lie either on the margin

(yif(xi) = 1) having 0 < ai < C or inside the margin

area (yif(xi) < 1) having ai = C.

A powerful approach to gain linear separation
in the non-separable case is to map the original

data vectors and all resulting vector inner products

needed for the above training algorithm into a

higher-dimensional (even infinite) space, where lin-

ear separation may be achieved by a maximal mar-

gin classifier. A motivating example is shown in

Fig. 2 in which non-separable one-dimensional

data are mapped onto a two-dimensional space
using the mapping x # {x2,x} before being sepa-

rated linearly.

Vapnik (1995) showed that if there exists a ker-

nel function K in the original space that describes
the inner product between vectors xi and xj in

the space projected by U

Kðxi; xjÞ ¼ UðxiÞ � UðxjÞ ð10Þ
then the SVM formalization leads to the same

training procedure and solution as for the linear

case independently of feature space dimension.

The kernel replaces the inner product modifying

LD (5), as well as the decision boundary (7)

f ðxÞ ¼ sgn
Xl
i¼1

yiaiKðx; xiÞ þ b

 !
: ð11Þ

Again, the (support) vectors having non-zero ai
are the only vectors to shape the decision bound-

ary, i.e., a non-linear optimal separating hypothe-

sis. The choice of a kernel function for the SVM

has been researched extensively in the literature

although usually the implementation is being per-

formed in an ad-hoc fashion. An empirical evalua-

tion of three kernel types for the cytogenetic
domain is described in Section 4.2.

2.3. Multiclass SVM

The SVM is a binary classifier which can be ex-

tended by fusing several of its kind into a multi-

class classifier. In this study, we fuse SVM

decisions using the error correcting output codes
(ECOC) approach, adopted from the digital com-

munication theory (Dietterich and Bakiri, 1995).

In the ECOC approach, up to 2n�1 � 1 (where n

is the number of classes) SVMs are trained, each

of them aimed at separating a different combina-
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tion of classes. For example, if we have 3 classes A,

B and C we need three classifiers; One SVM classi-

fies A from B and C, a second SVM classifies B

from A and C and a third SVM classifies C from

B and A. The multiclass classifier output (target)
code for a pattern is a combination of targets of

all the separate SVMs. That is in our example, vec-

tors from classes A, B and C have codes

{1,�1,�1}, {�1,1,�1} and {�1,�1,1}, respec-

tively. If each of the separate SVMs classifies a pat-

tern correctly, the multiclass classifier target code

is met and the ECOC approach reports no error

for that pattern. However, if at least one of the
SVMs misclassifies the pattern, the class selected

for this pattern is the one its target code closest

in the Hamming distance sense to the actual out-

put code and this may be an erroneous decision.

Table 1 gives an example of an ECOC for the

four-class classifier employed in Section 4 in FISH

signal discrimination using seven SVMs creating a

7-bit-code.

2.4. Rejection

Since most of the classification errors occur

near the separating hypothesis where classes over-

lap, rejecting patterns located at this region can re-

duce the overall risk. However, this method rejects

both wrongly and correctly classified vectors, thus
reducing both the error and correct classification

rates. This general pattern recognition principle al-

lows regulating the number of rejected patterns in

order to meet an error requirement. In this study,

we apply this principle to the SVM by thresholding

its output (the distance of patterns from the sepa-

rating hypothesis), thus rejecting wrongly classified

patterns close to the separating hypothesis. More-
over, changing the threshold provides a means to

adjust the SVM to different requirements.
Table 1

The ECOC used in FISH signal classification

Class Bit 1 Bit 2 Bit 3 Bit 4 Bit 5 Bit 6 Bit 7

A �1 �1 �1 �1 �1 �1 �1

B �1 �1 �1 1 1 1 1

C �1 1 1 �1 �1 1 1

D 1 �1 1 �1 1 �1 1

‘‘Bit i’’ represents the ith SVM.
3. The FISH domain

One approach to automatic FISH dot counting

relies on an auto-focusing procedure (Netten et al.,

1996) to select the �clearest� two-dimensional pro-
jected image of the three-dimensional nuclei. How-

ever, basing dot counting on auto-focusing

mechanisms has some shortcomings and it has

been recently proposed (Lerner et al., 2001) to base

FISH dot counting on a classifier discriminating

between in and out-of-focus images taken at differ-

ent focal planes of the same field-of-view (FOV)

composing a stack of images. Each stack image
is analyzed and its signals are discriminated by

the classifier as valid (real) data or artifacts, which

are the result of out-of-focusing. Following this

discrimination in each stack image, an image con-

taining no artifacts is selected to represent the

stack (FOV). The procedure is then repeats itself

for other FOVs until the entire slide is covered

or the required number of (in-focus) images (or
nuclei) is obtained. Proportion estimation of the

number of cells having a specific number of signals

(chromosomes) can be then performed using these

images in order to reflect possible numerical

abnormalities identifying a genetic disease.

Indeed, previous research (Lerner et al., 2001;

Lerner and Lawrence, 2001) has already indicated

the accuracy of FISH signal classification for dot
counting using machine learning classifiers. The

preparation of the FISH data as well as image

acquisition and analysis are described in (Lerner

et al., 2001) and thus avoided here. Over 3000 sig-

nals are segmented from 400 FISH images and

represented by twelve features of size, shape, inten-

sity and color before being introduced to the SVM

classifying the signals as real or artifact of two ge-
netic syndromes—trisomies 21 (Down syndrome)

and 13 (Patau syndrome).
4. The empirical study

4.1. Methodology

We have studied and applied an SVM in

classifying real and artifact FISH signals of two ge-

netic syndromes. SRM for the SVM is explored
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empirically by employing different families of func-

tions, characterized by their kernels and different

settings of classifier parameters. The SVM parame-

ters are usually determined as those minimizing the

expected risk (Kotropoulos and Pitas, 2003) or an
upper bound on the expected risk measured on the

training set using leave-one-out cross-validation

(Cristianini and Shawe-Taylor, 2000; Kotropoulos

and Pitas, 2003). However, parameters determined

using the test set are biased and may lead to overfit-

ting that set at the expense of satisfactory generali-

zation ability. Furthermore, the use of a bound

established using the training set cannot guarantee
reliable estimation of the risk (measured on the test

set). Thus, in this study we evaluate the SVM

parameters using a third set, a validation set, as part

of a cross-validation (CV) procedure. Although

both validation and cross-validation are uncom-

mon in the experimentation of SVM, they achieve

reliable error estimation (Dietterich, 1998). That

is, training and validating SVMs having different
combinations of kernels and settings of parameters

are evaluated on a partition of the data including

70% of the signal patterns using a 5-fold cross-vali-

dation (CV5) experiment. The setting correspond-

ing to the SVM achieving on average the

minimum risk on the validation set is employed to

train an SVM on that partition and then to test it

on the other partition of the data containing the
remaining 30%of the patterns.Measured on the test

set, the SVM risk is compared to that of other ma-

chine learning state-of-the-art classifiers.

4.2. SVM model selection

In exploring the projection best suitable for the

FISH data, we have evaluated three different
models (kernels). The linear kernel composes of

an inner product between data vectors

Kðxi; xjÞ ¼ xi � xj ð12Þ
leading to a separating hyperplane. The only

parameter that should be set for this kernel is the

cost parameter C. A more complicated kernel is

a polynomial of degree D in the data

Kðxi; xjÞ ¼ ðxi � xj þ 1ÞD ð13Þ
leading to a polynomial of degree D separating

hypothesis. D is determined independently of the
dimensionality of the data. The third kernel used

is a symmetric hyper Gaussian, called a radial

basis function,

Kðxi; xjÞ ¼ exp �kxi � xjk2

2r2

( )
: ð14Þ

The separating hypothesis is a linear combina-

tion of symmetric hyper Gaussians which their

widths are controlled by r.
The SVM parameters are usually selected in an

ad-hoc manner (Cristianini and Shawe-Taylor,

2000; Kotropoulos and Pitas, 2003; Déniz et al.,

2003). Here we optimize these parameters for the

cytogenetic data simultaneously over a grid of val-

ues. For example, values for C, D and r are

checked in the [1,10,000], [0.5,10] and [0.5,1000]

ranges, respectively. Fig. 3 shows an example of
this simultaneous optimization for the Gaussian

SVM through the presentation of contours of

equal risk for different (C,r) parameter settings.

4.3. Implementation

Training an SVM is mainly solving a quadratic

optimization problem. However, for large dat-
abases it is computationally demanding causing

slow convergence of the optimization process. Ap-

proaches to reduce the computational demands di-

vide the problem into smaller problems, solving

each one separately and combining the results into

a complete solution. We examine here two of these

approaches. The first approach is a MATLAB

wrapper (Schwaighofer, 2002) to SVMlight

(Joachims, 1999) and the second is a routine

(Schwaighofer, 2002) utilizing the MATLAB opti-

mization toolbox. The first approach has been

found superior both in the classification error it

achieves and speed of convergence.
4.4. Data normalization

Three data normalization methods have been

checked in comparison to no normalization. The

first method (�scaling�) normalizes the data to have

zero mean and unit variance in each dimension.

The second method (�linear�) maps the data linearly

onto the [�1,1] range. The third normalization



Table 2

Comparison of the Gaussian SVM risk for different normali-

zation methods of the cytogenetic data, each utilizing an

optimal setting of (C,r)

Normalization method Expected risk (%) C r

None 13.77 10,000 50

Scaling 12.82 100 5

Linear 13.03 100 1

Whitening 13.24 100 5

Table 3

Error rates achieved by the KNN classifier having different k

values

k Error rate (%)

1 18.75

3 13.98

5 14.19

7 13.24

9 14.41

Fig. 3. Optimization using the risk with respect to (C,r) of the Gaussian SVM for the cytogenetic data.
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method (�whitening�) applies to the data a whiten-

ing transformation A = K�1/2UT, where U and K
are the matrices of eigenvectors and eigenvalues

of the data covariance matrix, respectively, coin-

ciding the transformed data coordinates with the

principal axes (similar to the well-known principal

component analysis (PCA) Fukunaga, 1990) and
also turning the covariance matrix to the identity

matrix. Our experiments revealed that the �scaling�
normalization method fitted the data to each of the

kernels better than the other normalization meth-

ods, as reflected in Table 2 for the Gaussian kernel.

4.5. Nearest-neighbor classifier

To establish a reference classifier to the SVM,

we implement the k-nearest-neighbor (KNN)
model classifying a test data vector according to

the most frequent class label of the k closest train-

ing vectors. Based on Table 3, showing the KNN

classification error of the cytogenetic data for dif-

ferent k, we choose the 7-nearest-neighbor classi-

fier as a reference for the SVM.
5. Results

5.1. Binary classification

First we test the SVM in classifying FISH sig-

nals as real or artifacts. For each of the evaluated

kernels, we optimize the relevant parameters as



Table 4

The SVM risk for FISH signal classification using different

kernels and corresponding optimal settings

Kernel Kernel parameter C Expected risk (%)

Linear – 10 15.45

Polynomial D = 3 7 13.14

Gaussian r = 5 100 12.82
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described before. Table 4 depicts the SVM risk for

the optimal parameters of each of the kernels.

Since the Gaussian kernel demonstrates superior

performance over the other kernels, it is the kernel

of choice for the remaining experiments.

5.2. Four-class classification

Extending previous experiment and according

to Section 2.3, we employ seven SVMs and the

ECOC algorithm to discriminate signals as real

or artifact of two genetic syndromes indicated in

the FISH images by red and green signals. Each

of the seven SVMs of the four-class classifier uses

a Gaussian kernel and an optimal setting for the

parameters of that SVM. Table 5 gives the confu-
sion matrix of the resulted SVM-based classifier

for the four classes. The classifier overall risk is

15.77%.

5.3. Rejection

As explained in Section 2.4, we increase the

number of rejected patterns leading to a reduced
risk by raising the threshold on the SVM output.

Fig. 4 demonstrates this procedure for the binary

Gaussian SVM and threshold values in the range
Table 5

A confusion matrix for the accuracy of the SVM-based four-

class classifier of FISH signals

True class SVM-based classifier

Real

red

Artifact

red

Real

green

Artifact

green

Real red 90.79 9.2 0.00 0.00

Artifact red 13.45 84.26 0.00 2.28

Real green 0.62 0.00 81.13 18.24

Artifact green 0.42 5.02 12.55 82.00
[0, 1]. This range of threshold values is selected
since ‘‘0’’ corresponds to no rejection and ‘‘1’’ to

the maximum absolute value of the SVM output

for the support vectors in the separable case,

although other upper values having less intuitive

meaning may do as well.

5.4. Comparison to other machine learning

classifiers

A comparison of the Gaussian SVM optimized

to the FISH problem with other state-of-the-art

classifiers for the two-class classification problem

is provided in Table 6. The 7-nearest-neighbor,

which is the most accurate KNN according to

Table 3, as well as a multilayer perceptron neural

network, Bayesian neural network, naı̈ve Bayesian
classifier and linear classifier are the compared
Table 6

Comparison of the Gaussian SVM to other machine learning

classifiers, all optimized to the FISH domain

Classifier Error rate (%)

Gaussian SVM 12.8

7-Nearest-neighbor 13.2

Multilayer perceptron neural network 13.6

Bayesian neural network 11.8

Naı̈ve Bayesian classifier 17.0

Linear classifier 15.9
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classifiers. These four latter classifiers were

optimized to the problem previously (Lerner and

Lawrence, 2001). Besides the Bayesian neural

network, the SVM is the most accurate classifier

achieving higher than 87% accuracy in classifying
over 3000 FISH signals into real and artifact

classes.
6. Discussion

We have suggested an SVM for the classifica-

tion of images required for genetic syndrome
diagnosis. Using the principle of SRM and cross-

validation procedure we selected a model for the

SVM evaluating linear, polynomial and Gaussian

kernels. Having the most accurate separating

hypothesis, the SVM utilizing the Gaussian kernel

was optimized to the FISH domain. The SVM,

extended to multiclass problems using the ECOC

algorithm, accurately classified FISH signals as
real or artifacts of two genetic abnormalities.

Thresholding the SVM output provided a

mechanism of trading off erroneous decisions with

rejecting a fraction of the data. This rejection

mechanism, rarely employed in the SVM litera-

ture, opens an opportunity to further hierarchical

increase of model precision.

Accurately discriminating FISH signals, the
SVM classifier is a major contribution to genetic

syndrome diagnosis. The classifier outperforms

most of other machine learning classifiers and is

inferior only to the Bayesian neural network, the

latter having pronounced computational require-

ments. As the superiority of the Bayesian neural

network is attributed to the exploitation of a-priori

knowledge additionally to that acquired from the
data, we are interested in ways to combine this

knowledge within the SVM framework in order

to improve the classifier performance.
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