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Although the optimal margin distribution machine (ODM) has better generalization performance in pat-
tern recognition than traditional classifiers, ODM as well as traditional classifiers often suffers from data
imbalance. To address this, this paper proposes a kernel modified ODM (KMODM) to eliminate the side
effect of imbalanced data. According to the mechanism of ODM, a novel conformal function is designed
to scale the kernel matrix of ODM, this can increases the separability of the training data in the feature
space. In addition, to eliminate the skew of the separator toward minority class, KMODM introduces two
free parameters in conformal function to balance the influence of different training data on separating
hyperplane. Experimental results on two-dimensional visualization data show that KMODM can alleviate
the skew of the separating hyperplane caused by imbalanced data. For most of ten UCI data sets, KMODM
can broad the margin of the minority class and achieve the highest average G-mean and F1 score. This
means that KMODM has more balanced detection rate and better generalization performance compared
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to other baseline methods, especially in presence of heavily imbalanced training data.
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1. Introduction

In data mining and pattern recognition tasks, data imbalance is
a common problem that the examples of a certain class are out-
numbered by another class or all other classes [1-3]. In this case,
if adopting the conventional classification algorithms such as the
support vector machine (SVM), the detection rate of a majority
class is much higher than that of a minority class. The conventional
classifiers aim at improving the overall classification accuracy even
in presence of imbalanced data. The majority classes are treated
equally with the minority class. This leads to the separating hyper-
plane skewed toward minority classes [4], and results in a decrease
of the detection accuracy of the minority class and deterioration of
generalization performance of classifiers [5]. Therefore, one of the
key issues is how to balance the detection accuracy of each class
and obtain better generalization performance of classifier simul-
taneously in imbalanced data classification. At present, the com-
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monly used methods to balance the detection rate can be simply
divided into four categories: kernel modification, data resampling,
cost sensitive and post-processing methods. A brief introduction of
these methods is given below.

To obtain a balanced training data, the resampling methods
either oversample the minority classes [6-7], or undersample
the majority classes [8], or synthesize them both. The difference
among these methods is that the strategies used in the resampling
process. For example, to improve the synthetic minority over-
sampling technique (SMOTE) [6], a weighted kernel-based SMOTE
(WKSMOTE) was proposed in [7] to increase the number of mi-
nority examples by oversampling the minority examples in kernel
space. In [8], clustering technique was introduced to balance the
number of training data in the undersampling process. However,
the data resampling process is unavoidable to introduce noise
(oversampling) to or eliminate some useful information (under-
sampling) from the training data. It thus leads to the performance
degradation of the classifier. Instead of balancing the number of
training data directly, the cost-sensitive methods balance the in-
fluence of imbalanced data by assigning different misclassification
penalty factors to the training data with different labels [9-12].
Base on cost-sensitive strategy, a lot of classifiers have been pro-
posed including Cost-Sensitive SVM (CSSVM) [9-10], Cost-Sensitive
Extreme Learning Machine (CSELM) [11] and Large Cost-Sensitive
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Margin Distribution Machine (LCSDM) [5], which have achieved
great successes. In particular, the LCSDM proposed in [5] combines
cost-sensitive method with the latest LDM classifier, which can
obtain a more balanced detection rate by increasing the margin
distribution of the minority class. The cost sensitive based meth-
ods are aimed at minimize the misclassification costs without
changing the spatial distribution of the training data, it determines
the influence weight of training data by adjusting the Lagrange
multiplier « of the classifier. In fact, the effect of this method is
limited because the penalty factor is used only as the upper bound
of a according to the KKT conditions [13]. This increase of the
misclassification penalty does not necessarily affect . Recently, a
post-processing method [14] is proposed to eliminate the skewness
of separator toward minority class by adjusting the trained bias
according to the imbalance rate of training data. Since this method
neither introduces new parameters nor changes the optimization
process of the original classifier, it is relatively easy to imple-
ment. However, once the separator is determined, this method
controls the separator position instead of optimizing separator
shape.

Unlike the above-mentioned techniques, the kernel modifi-
cation methods change the distribution of training data in the
feature space to eliminate the skewness of the separator by mod-
ifying the kernel function or the kernel matrix of the classifier.
The conformal transformation of the kernel function is one of the
most common kernel modification methods [15-16], because it can
increase the space resolution in the area of the class boundary and
improve separability of training data in the feature space. In recent
years, various revisions of conformal functions were proposed to
improve the kernel modification method for imbalanced data
classification [4,13,17-18]. These conformal functions can enhance
the mapping ability of kernel function. For example, a simple form
of conformal function which only considers the margin and im-
balance rate of training data is proposed in [17]. Consequently, it
has excellent performance for imbalanced data classification when
combined with SVM. The kernel modification method avoids the
operations that may decrease the overall performance and compu-
tation efficiency of classifiers. These operations include resampling
training data and assigning misclassification penalty factors. Thus,
it is more suitable for improving classifiers for imbalanced data.

However, since the conformal function of kernel modification
method generally designed for conventional classifiers like SVM.
From the margin theory [19-20], only learn the minimum mar-
gin without optimizing the margin distribution always leads to the
poor generalization performance of SVM. Thus, the optimal margin
distribution machine (ODM) [21-23] is proposed to optimize the
margin distribution. It was proved that ODM has better generaliza-
tion performance in the balanced data classification than conven-
tional classifiers. However, ODM still fails to deal with imbalanced
data and the conformal function of kernel scaling method designed
for SVM is not suitable for ODM.

To improve the performance of ODM on imbalanced data clas-
sification, this paper proposes a novel ODM algorithm based on
kernel modification (KMODM). We design a new conformal func-
tion to improve the kernel modification methods for ODM. Tun-
ing two free parameters in the new conformal function, KMODM
is able to increase the space resolution of class boundary and the
influence of the minority class on final separator. For simplicity, we
discuss only the binary classifier for imbalanced data in this paper.
This paper is organized as follows. The related works are reviewed
in Section 2, including a brief introduction to the ODM and ker-
nel scaling method. The proposed conformal function and KMODM
are described in Section 3. The experiment results of KMODM and
comparison with other methods are presented in Section 4. In
Section 5, conclusions are drawn and some suggestions of the fu-
ture work are given.

2. Related works

The ODM classifier and kernel scaling method will be briefly
reviewed in this section.

2.1. Optimal margin distribution machine (ODM)

For the nonlinear separable case, the conventional classifiers
like SVM, introduce a kernel function K(x;, x;) = ¢ (x;)¢(x;) to map
the training data in the input space to a high-dimensional feature
space for better data separability, where ¢ is a mapping function.
The core of conventional classifiers (such as SVM) is to maximize
the minimum margin. For a given classifier y = w”¢(x), where w
is a linear classifier, the margin between example (x; y;) and the
separator is defined as:

fx) =vi=yioox), Vi=1,2,....m, (1)

where, m is the number of training examples. The object function
of SVM is given as:
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Where £ is the slack variable denotes the loss of examples, C is
misclassification penalty factor. Since the SVM optimizes only the
minimum margin and ignores the margin distribution of training
data, it may have poor generalization performance and cannot ob-
tain the optimal separating hyperplane. According to the margin
theory in [20], optimizing the margin distribution is more im-
portant than optimizing the minimum margin for improving the
performance of a classifier. According to the margin definition in
Eq. (1), the margin mean y and margin variance y can be formu-
lated as:
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where X =[@(x1),....0&xm)].y =[y1.....ym]". To reach better
generalization performance, optimal margin distribution machine
(ODM) [22] minimizes the margin variance while maximizing the
margin mean to obtain the optimal margin distribution. Its objec-
tive function is formulated as:
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Where &, ¢; represent the deviation between the margin and mar-
gin mean, S is the sparse parameter determining the number of
support vectors, C; and C, are the parameters for trading-off the
margin variance of the support vectors located in different areas.
The margin mean of ODM is set to 1 by scaling ||| in Eq. (4). In-
troducing sparse parameter S and optimizing margin distribution
allows ODM to be better generalization performance than SVM.
However, ODM still fails to consider the influence of imbalanced
training data. This paper aims to address this defeat.
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2.2. Kernel scaling

The kernel function of classifier can also be written as
K(x;,x;) = (X))@ (x;). Using the mapping function ¢, the training
data in the input space I are embedded into a curved Riemannian
manifold S in a high dimensional feature space F [4]. The Rieman-
nian metric of S is defined as:

92K (x, x')
gij(x) = (axiax/j>xx,’ (5)

gij(x) represents the local volume expansion coefficient of the ad-
jacent area of example (x, y) in the feature space. It can be seen
in Eq. (5) that the expansion coefficient g;(x) is closely related to
the kernel function K(x, X').g;(x) can be changed indirectly by ad-
justing K(x, x'). A new kernel K(x,x') can be obtained using the
conformal transformation and the original kernel function. In or-
der to increase the separability of train data in kernel space, it is
expected to assign a larger g;;(x) to the boundary examples to mag-
nify the spatial resolution of the class boundary [4]. The conformal
transformation of kernel function can be written as [4]:

K(x,x') = D(X)D(x)K(x,x) (6)

The conformal function D(x) reaches its maximum near the sep-
arating hyperplane. In the case of using RBF as the kernel function,
[4] proposed a conformal function to adjust the kernel of SVM ac-
cording to the distance between the example and support vectors:

D(x) =) exp <_|x><k|) (7)

2
keSV n rk

where SV represents the support vector set, 1 is the parameter
which reflects the imbalance rate of training data. Parameter rk2 re-
flects the relative position of support vectors in the feature space.
It can be calculated by:
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In which M is the average distance between support vectors
and ¢(x;). We can see that the conformal function in Eq. (7) is
complicated and sensitive to the distribution of support vectors.
Therefore, a simple form of the conformal function was proposed
in [18]:

D(x) = e K@’ 9

Where f(x) is the margin of example (x, y) defined in Eq. (1), k is a
positive constant which controls the value of D(x). Since the value
ofD(x) decreases with the increase of the margin f{(x), the confor-
mal function in Eq. (9) can amplify g;(x) in the area near to the
separator while reducing it in the area far away from the separa-
tor, thus can magnify the spatial resolution of class boundary.

3. Kernel modification of ODM

This section proposes a novel classifier called kernel modified
ODM (KMODM) to inherit the excellent generalization performance
of ODM while effectively handling imbalanced data.

3.1. Construction of the conformal function

The basic idea of the kernel scaling method is to adjust the ker-
nel function according to the margin between the training data and
initial separator in the feature space. It ensures that the data close
to the initial separator have a larger g;(x), increasing the influence
of such data to the final classification result. In the implementa-
tion of kernel scaling method, conformal function is the key factor
to determine whether the algorithm is effective or not.
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Fig. 1. Illustration of support vectors of (a) SVM. (b) ODM. green examples repre-
sent support vectors, h,, represents the margin mean hyperplane.

The conformal function in Eq. (7) and Eq. (9) were proposed
for modifying the kernel function of SVM. In these functions, the
distance between the example and initial separating hyperplane or
support vectors is considered since the separator learned by SVM
is determined by the examples with the smallest margin (support
vectors, SVs). Unlike SVM, in order to optimize the margin vari-
ance, ODM treats the data whose deviation from margin mean is
larger than S as a support vector to determine the separating hy-
perplane, as shown in Fig. 1. Therefore, the conformal functions in
Eq. (7) and Eq. (9) are not suitable to modify the kernel function
of ODM.

From Fig. 1(b), we can see that the margin mean hyperplane
is used as a baseline to define support vectors of ODM. Since the
space of ODM'’s support vectors is not continuous, it can be divided
into two subspaces f(x) < (1 —S)m and f(x) > (1 +S)m according
to the margin f(x). The purpose of kernel modification for ODM is
to gather the training data to hp. In other words, D(x) should en-
sure that the examples in f(x) < (1 —S)m have a larger expansion
coefficient and that the examples located in f(x) > (1 +S)m have
a smaller one. Thus, in this paper, we construct a piecewise con-
formal function as follows:

Jx) = (1 -5m
Jx) = (1 4+S)m (10)
,else

e—Kn/(m=f(x))
oK (Fx)—m)
e—l(f»m

D(x) =

where S is the sparse parameter of KMODM which is the same
as that of ODM in Eq. (4), f{x) and m are the margin and margin
mean of training examples obtained by ODM respectively, K, and
Ky are parameters to control the volume expansion coefficients of
different areas in feature space. When the training data x is located
in the area near to the separating hyperplane (f(x) < (1 —S)m),
the value of D(x)gradually reduces from 1 to exp(—K;/(1—S)m)
with the margin of x approaching (1 — S)m. However, when x is lo-
cated in the area far away from the separating hyperplane (f(x) >
(14 S)m), D(x) gradually reduces from exp(—K;(1 +S)m) to 0 with
the margin of x approaching co. Because the separator obtained by
ODM skews toward the minority class, the margin of most minor-
ity examples are smaller than the margin mean. That is, minority
examples are generally located in f(x) < (1 — S)m. In order to ob-
tain a large expansion coefficient in the area in which minority ex-
amples are located, Ky should be greater thanky,. In this paper, grid
search and cross validation are used to search the optimal values
of these two parameters.

Generally speaking, The advantages of using D(x) constructed in
Eqg. (10) to adjust the ODM kernel function are as follows:

(i) D(x) amplifies the spatial resolution of the area near to the
class boundary while improving the separability of the train-
ing data in feature space. The examples with a small margin
are generally located at the class boundary. D(x) can increase
the expansion coefficient of the area around these examples.
That is, the spatial resolution of the class boundary can be
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increased indirectly. The data separability can be improved
effectively.

(ii) There is no need to consider the problem of data imbalance.
The separator learned by ODM skews toward the minority
class, resulting in that the margin of minority examples is
smaller than the margin mean. Optimizing parameters Kj
and Ky in D(x), the expansion coefficients of minority exam-
ples will be set to large values automatically, increasing the
influence of minority examples on the final separator.

3.2. KMODM

According to Egs. (6) and (10), a new kernel function can be
obtained. The original kernel matrix is denoted as K= (k;;), the
new kernel matrix obtained by the conformal transformation is:

l~( = (INCij) = D(Xi) X D(Xj) X k,‘j (11)

According to the Mercer theorem, to prove that K is a valid ker-
nel function, we simply prove that the kernel matrix K is positive
(semi) definite. The rationality of our work can be verified by the
following corollary.

Corollary 1. When given a valid kernel matrix K, the new kernel
matrix K defined in Eqs. (10) and (11) is positive (semi) definite
and a valid kernel matrix.

Proof. From Eq. (10), since the range of conformal function is
D(x)>0, we have D(x;)D(x;) = D(x;)D(x;). It is a symmetric func-
tion. For training data xq,X,...,xp € X and oq, a5, ..., 0 € R, we
have:

Z ajo;D(x;)D(x;) = Z%’D(Xi) Z%‘D(Xj)
i1 j=1

ij=1

2
n

Y aD(x) ) =0

i1

Thus D(x;)D(x;) is also a positive (semi) definite function. De-
noting d = (dy,ds,...,dp)T as an n-dimensional vector with d; =
D(x;),i=1,2,...,n. According to the training data set and positive
(semi) definite function D(x;)D(x;), a matrix dd’ is also a positive
(semi) definite matrix. The new kernel matrix K in Eq. (11) can be
rewritten as the Hadamard product of dd” and K:

K=dd" «K

K is a valid kernel matrix, which means a positive (semi) definite
matrix. Then according to Schur product theorem, K is a positive
(semi) definite matrix, and is thus a valid kernel matrix.

The details of the KMODM algorithm are given in Fig. 2. We
first apply ODM to the training data to obtain their margin and
the margin mean. The corresponding D(x) of each training exam-
ple is calculated by Eq. (10) to adjust the original kernel matrix K.
The new kernel matrix K is then obtained. K is used as the new
kernel matrix of ODM to learn the final separator, resulting in the
KMODM classifier.

4. Experiments

The experiments mainly focus on two parts: (1) classifier visu-
alization on two-dimensional data; (2) performance comparisons
with baseline algorithms on UCI data sets. It is worth noting that,
for simplicity, all kernel functions in this section adopt the RBF
function. In fact, when using other kernel functions, similar con-
clusions can also be reached.

Input :

KXirain, K

Output:

OC; /* output classifier */

Variables :

S; /* sparse parameter of ODM */

x; /* a train example * |

m; /* margin mean of X iyain ™/

K., K;; /* trade —off parameter of D(x)*/
Function:

ODM Train( X i, K); /* train classifier C*/
Extractf (X, C); /* extract margin of X under C*/
ComputeM( f(x)); /* compute margin mean™®/
ComputeD (f(x), S, m, K,,, K );/* compute D(x) of example x*/
Begin

1) C < ODM Train( X yuin, K);

2) f(x) « Extractf (X ain, C);

3) m < ComputeM( f'(x));

4)  for each x € Xyrain {

5) D(x) < ComputeD(f(x), S,m, K., K,)}
6) for each k; in K{

7 ky=D@)XD0x)xk,

8) OC « ODM Train(X o, K);

9) return OC

End

Fig. 2. The KMODM algorithm.

4.1. Assessment metrics and experiment data

We usually denote the minority class as a positive class, and
majority class as a negative class. The purpose of a classifier de-
signed for imbalanced data is to balance the detection rate of posi-
tive and negative classes. G-mean is generally used to synthetically
evaluate the performance of these classifier, it can be formulated
as:

TP N
G_Mean:\/TP+FN * TN+ FP

It can also reflect the balance degree of the detection rates of
different classes. In addition, F1 score is widely used to compare
the performance of different classifiers on imbalanced data, and it
is formulated as follows:

TP TP

recall = 75—pN> P =75 1 pp

2pre x recall

1= pre + recall

This paper uses G-mean and F1 score to compare the perfor-
mance of KMODM and other classifiers.

The standard UCI data sets used in our experiments are shown
in Table 1. The number after the name of the data set represents
the positive class that we select in the original data set. #exam is
the number of examples in whole data set; #attri represents the
data dimension; #posi and #nega denote the numbers of positive
and negative examples, respectively; and IR indicates the imbal-
anced rate of the data set. According to the imbalance rate, all UCI
data sets in Table 1 are divided into two categories: the lightly im-
balanced data set and heavily imbalanced data set.
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Table 1
UCI data sets.

Dataset # exam  #attri # posi | # nega IR
Lightly breast 683 9 239/444 1.86
imbalanced german 1000 24 300/700 233
haberman 306 3 81/225 2.78
glass123 214 9 51/163 3.20
glass7 214 9 29/185 6.38
glass3 214 9 17/197 11.60
Heavily ecoli6 336 7 20/316 15.8
imbalanced car3 1728 24 69/1659 24.04
yeast 1484 8 51/1433 28.10
abalone19 4177 8 32/4145 129.53

4.2. Visualization experiments on two-dimensional data

In order to illustrate the optimization effect of KMODM to
the separating hyperplane, we generate two-dimensional data with
the normal distribution to construct imbalanced training examples.
Moreover, to verify that the D(x) proposed in this paper is more
effective for the ODM algorithm, the two existing conformal func-
tions in Egs. (7) and (9) are combined with the ODM respectively,
named as ODM-7 and ODM-9. Fig. 3 gives a comparison of the sep-
arating hyperplanes learned by ODM [22], ODM-7, ODM-9, CSSVM
[9], AKSSVM [17], WKSMOTE [7], LCSDM [5] and KMODM when
the imbalanced rate of training data is IR=10.

As can be seen from Fig. 3, the separating hyperplane of ODM
seriously skews toward the minority class, resulting in a large
number of the misclassified positive examples. Several other
baseline algorithms adopt different technologies to optimize the
conventional classifier to alleviate the skew of the separating
hyperplane in a certain extent. However, due to the shortcomings
of conventional classifiers and the technologies their adopted, the
performances of these classifiers are not as good as expected.
For example, the conformal functions of ODM-7 and ODM-9 are
originally designed for SVM, in which the difference between the
mechanism of SVM and ODM has not been considered. Further
more, the conformal function of ODM-9 does not take into account
the effects of data imbalance, thus the two separators in Fig. 3(b)
and (c) are worse than our method. In Fig. 3(f), the separating
hyperplane of WKSMOTE [7] seems to be ideal, but WKSMOTE is
sensitive to the distribution of training data and its performance
is not stable during the experiment. LCSDM [5] is to learn the
classifier and to optimize the margin distribution based on the
least misclassification loss. The skew of its separating hyperplane
toward the minority classes still exists. In Fig. 3(h), the proposed
KMODM inherits the advantages of the kernel scaling and ODM
and alleviates the skew of the classifier. Compared with ODM and
other baseline algorithms, KMODM achieves better generalization
performance and higher classification accuracy of positive classes.

Fig. 4(b)-(e) compares KMODM, ODM and LCSDM on imbal-
anced data with different IRs. Fig. 4(a) shows the separator learned
by ODM when training data are balanced (IR=1). It can be seen
that the separating hyperplane of ODM can correctly detect most
of the data except for several data located in the overlapped
area between two classes. By under sampling the positive class in
Fig. 4(a), we can get a series of imbalanced train data with dif-
ferent IR. Therefore, we consider the ODM on balanced data in
Fig. 4(a) as an approximated ideal classifier. When the IR of the
training data increases, the closer the separator approaches the
ideal classifier, the better robustness the separator is. Fig. 4(b)-
(e) compare the separators of ODM, LCSDM and KMODM when
IR changes from 5 to 30. It is obvious that, with the increase of
IR, the separating hyperplane of KMODM is closer to that of ideal
classifier than that of other classifiers. This means that KMODM is
more robust to the change of IR of training data compared to other

+ positive example
« negative example

+ positive example
* negative example

8 6 4 =2 0 2 4 6 8 8
X
(a) ODM

= positive example
* negative example

+ positive example
« negative example

NoBE o o

S b L o

o

--8-6-4-2024688-642)(()2468
X
(c) ODM-9 (d) CSSVM
107 — 10 =
+ positive example + positive example
8 * negative example 8 * negative example
6- 6
4 4
20 2
>
0 0

X
(f) WKSMOTE

+ positive example

* negative example
X

h-3

X
(e) AKSSVM

107 — 10,
+ positive example
8 « negative example| *

X X
(g) LCSDM (h) KMODM

Fig. 3. Generated imbalanced data and visualized separators (IR=10).

methods. Similar conclusions can be obtained by the change of the
G-mean score when IR increases as shown in Fig. 4(f). The G-mean
is the average result of 10 repeated experiments.

4.3. Experiments on UCI data sets

Before reporting the experiment results, all features were nor-
malized into the interval of [0, 1]. For each UCI data set, half exam-
ples are randomly selected to compose the training data, and the
rest is used as the test data. It is guaranteed that the proportion of
negative and positive examples is equal to IR in both the training
data and test data.

4.3.1. Comparative study

In order to verify the performance of KMODM, all classifiers
mentioned in Section 4.2, are selected to compare with KMODM.
For ODM, ODM-7, ODM-9 and KMODM, the regularization parame-
ters Cq, G, are selected from [29, ..., 210] while their sparse param-
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Table 2
Means and standard deviations of G-mean with RBF kernel.

ODM[22] ODM-7 ODM-9 CSSVM[9]  AKSSVM[17] = WKSMOTE[7]  LCSDM[5] KMODM
breast 61.2+4.0 65.3+3.1 625+20 658+40 655+15 66.7 £2.1 663+3.5 68.9+2.0
german 73.5+31 754+£24 741+£29 742+1.6 76.0+2.0 759+19 754+14 77.6 1.1
haberman  64.7+24  675+17 645+23 662+20 66.5+0.9 65.8+2.2 681+19 71.8+1.6
glass123 870+ 1.6 89.0+21 87.7+1.6 88.5+1.7 893+54 92.7+1.6 895+2.7 919+£20
glass7 89.8+4.1 922415 90.0+19 91.2+31 934+1.1 91.8+23 91.1+£15 953+14
glass3 210425 574+28 251431 482423  751+6.7 76.5+2.0 688+49 762+39
ecoli6 649427 831+25 73.6+23 782431 96.5+2.5 95.5+3.1 98.0+ 1.6 98.9+11
car3 985+19 98.0+23 974+11 98.2+15 98.6+2.1 99.2+13 98.7+£33 991421
yeast 56.9+3.1 784+18 713+22 682+24 815+32 789+17 793+14 83.6 1.8
abalone19 51432 532422 13.3+41 542+3.0 63.9+81 59.7+5.2 68.1+5.2 729+6.3

8 -

*+ positive example
* negative example
—LCSDM

not obtained from other data sets, these results are suboptimal in
most cases. This indicates that KMODM is superior to other meth-
ods on most data sets. On the heavily imbalanced data sets such
as ecoli6, car3, yeast, and abalone19, KMODM obtains the signif-
icantly improved performance compared with other methods ex-
cept WKSMOTE. It is worth noting that on abalone 19, since the IR
of training examples reached 129.53, it is difficult to detect mi-

+ positive example - ODM nority examples when using ODM, this caused a lower G-mean
s * negative example| et —KMODM score of it. The experimental results show that when RBF is used
. . _ldealsdaSSlﬁer 1 —ideal classifier as a kernel function, KMODM has better performance than other

X
(a) IR=1

classifiers in most data sets, especially on heavily imbalanced data
sets. In other words, KMODM has higher classification accuracy
and higher balanced detection rates than other classifiers in most
cases.

4.3.2. Margin distribution

* positive example \ Fig. 5 shows the cumulative margin distributions of all compet-

liecgsgﬁexample o N ) l’;ecgsag‘l’\iexample ing classifiers with the RBF kernel on German. The similar results

ODM 4 e ODM can be obtained on other data sets as well. In Fig. 5, MD represents

P —KMODM o —KMODM the margin distribution of total examples, PMD represents the mar-

A . —idealsclassiﬁer 1 . —idealﬁ classifier | gin distribution of pos@tive examples, and the inter'sectio'n_point

’ © 110 ’ @m0 of thfe curve and x axis represent§ Fhe correqundmg minimum

8 1 : . oo margin. The larger value of the minimum margin and the more

o 205 oo right the curve represent the better generalization performance of
4l -~ CSSVM a classifier.

. ) 0.99) % e As we can see from Fig. 5, compared with ODM, KMODM suf-

. g LCSDM fers from a certain loss of overall generalization performance, but

P s TN\ ¢ positive example ] E1 —KMODM it has better positive generalization performance. This is because

2 "7 ¢ N ¢ negative example -, the proposed kernel modification method increases the spatial

4 te 7 _é%il/?M e resolution of the regions \{vhere positive examples are lqcated. It

“ —KMODM o also results in the separating hyperplane offset to negative class.

: ; —idealS classifier 1 ooy T Cpmpared wi.th.the Ipargin distributions (?f qther algorithms in

o0 ’ ® c-meanlalfongwnhm Fig. 5(b)-(g), it is obvious that the generalization performance of

Fig. 4. The influence of different IR of generated data on classifier.

eters are fixed to 0.2. The parameters that control the space expan-
sion coefficients of KMODM are optimized by the grid search and
5-fold cross validation from [10->,...,10°]. The number of syn-
thetic examples of WKSMOTE is equal to the difference between
the number of the majority class and minority class. The balance
point of LCSDM is fixed to 0.6. Other parameters are set as the
same values as [5]. The parameter selection methods of CSSVM and
AKSSVM are as the same as [9] and [17], respectively. The width of
the RBF kernel for all methods is selected by 5-fold cross validation
from [2-10, ..., 2°]. The experiments on each data set are repeated
30 times and the means and standard deviations of G-mean and
F1 score are reported in Tables 2 and 3. The bolded data are the
best results.

From the experiment results, we can see that KMODM has
the highest average G-mean and F1 score on breast, Haberman,
glass7, ecoli6, yeast and abalone19. Although the best results are

KMODM is better. In Fig. 5(g), the LCSDM algorithm also broads
the margin of the minority class. Since the LDM algorithm adopted
in LCSDM also optimizes the margin distribution like ODM,
LCSDM and KMODM have a slight difference in generalization
performance.

4.3.3. CPU time cost

All experiments in this paper are performed with matlab2014a
on the computer with 2 x3.3GHz CPUs and 4GB memory. We
compared CPU time of ODM, ODM-7, ODM-9, CSSVM, AKSSVM,
WKSMOTE, LCSDM and KMODM on different UCI data sets. With-
out the time of grid search and five-fold cross-validation to search
the optimal value of parameters, the average time cost of each al-
gorithm is shown in Fig. 6. Since ODM is executed two times in
KMODM, the computation cost of KMODM is higher than that of
ODM. However, compared with other baseline algorithms, espe-
cially ODM-7, CSSVM and LCSDM, KMODM shows a significantly
low computation cost. These results also illustrate that KMODM is
computationally efficient.



X. Zhang, D. Wang and Y. Zhou et al./Pattern Recognition Letters 125 (2019) 325-332 331
Table 3
Means and standard deviations of F1 score with RBF kernel.
Dataset ODM[22]  ODM-7 ODM-9 CSSVM[9]  AKSSVM[17]  WKSMOTE[7]  LCSDM[5] KMODM
breast 721+£23 782+1.1 72.0+3.0 69.4+2.1 742421 76.6+2.5 75.4+24 79.7+2.0
german 746+2.4 76.9+2.5 73.2+21 763+18 778+23 784+19 782+2.7 774+£22
haberman 65.7+2.2 68.7+1.8 66.0+2.4 67.2+2.0 69.5+1.8 69.4+2.5 703 +1.7 71.6+19
glass123 834+15 86.6+2.3 84.5+23 85.6+2.8 86.8+24 86.4+2.2 881+23 87.7+2.5
glass7 88.0+3.1 92.7+2.2 89.8+2.7 883 +21 925+23 93.1+2.0 929+13 94.7+2.0
glass3 68.4+2.6 751+1.7 744+3.2 731+19 76.8+1.2 771+3.2 76.0+2.9 78.3+31
ecoli6 73.5+2.7 952+24 82.8+25 90.9+2.7 92.6+24 984+2.5 95.6+1.9 983+14
car3 83.9+33 88.4+3.6 82.7+14 85.0+1.6 843+34 924426 91.1+21 93.7+19
yeast 71.7+25 879+2.1 80.3+2.2 824+21 870+ 1.6 89.1+19 893+24 91.7+2.7
abalone19 475+23 56.5+24 53.9+21 52.7+22 58.7+2.7 60.1+24 65.5+2.0 68.7+3.2
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Fig. 5. Cumulative frequency (y-axis) with respect to margin (x-axis) of ODM,
ODM-7, ODM-9, CSSVM, AKSSVM, WKSMOTE, LCSDM and KMODM on German data

set using RBF kernel.

Fig. 6. CPU time cost on UCI data sets.
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5. Conclusions

In this paper, we proposed a classification method named
KMODM based on optimal distribution learning for imbalanced
data. The kernel scaling method was introduced to modify the ker-
nel function of KMODM, and a new conformal transform function
was constructed to improve kernel scaling method for KMODM.
In the conformal function, two free parameters were introduced
to adjust the spatial expansion coefficients of different areas, thus
eliminating the influence of imbalanced data on the performance
of KMODM. The experiment results show that, compared with the
baseline classifiers, the proposed KMODM not only has the higher
detection accuracy of the minority class and more balanced detec-
tion rate, but also inherits the better generalization performance
and higher computation efficiency of ODM. Especially facing heav-
ily imbalanced data, KMODM has obvious superior performance.

The relationship between two free parameters in conformal
function and training data as well as its estimation methods
are two directions in the future study. Data imbalance is more
common in multi classification tasks, it will be worth in the
future to using kernel scaling method to improve multi-class
ODM.
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