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Abstract Many pattern recognition and machine learning
methods have been used in cancer diagnosis. In this study,
we propose a kernel orthogonal transform method for
breast cancer diagnosis. We test our method using the
widely used Wisconsin breast cancer diagnosis (WBCD)
dataset. The performance of the method is evaluated in
terms of the classification accuracy, specificity, positive
and negative predictive values, as well as receiver-operating characteristic curve (ROC). The experimental results
show that our method classifies more accurately than all of
the previous methods.
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Machine learning  Kernel method

1 Introduction
Most types of cancers affect people at all ages, and the risk
increases with age. It was reported that cancers caused
about 13% of all human deaths in 2007 [1]. It is known that
the cancer is generated from a group of cells that multiplies
out of control. The group of rapidly dividing cells may
form a lump or mass of extra tissue, i.e., tumors. Tumors
can be classified as either cancerous (malignant) or noncancerous (benign). Malignant tumors infract adjacent
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tissues and sometimes spread to other locations in the body
via lymph or blood [2]. Breast cancer is a class of deadly
disease and refers to a malignant tumor that has developed
from cells in the breast. Breast cancer is the leading cause
of death among women between 40 and 55 years of age
and is the second overall cause of death among women [3].
Early diagnosis of this disease is very crucial for treatment
of the patients.
We note that pattern recognition and machine learning
methods have been used in disease diagnosis and there is
promising performance. For the last decade, the kernel
method has shown good performance in solving classification and prediction problems [4]. In this study, we propose a novel kernel-based orthogonal transform method for
the diagnosis of breast cancer. As a novel kernel method,
our method has the following advantages: first, an ordinary
nonlinear method needs to explicitly implement the nonlinear mapping, whereas our method does not need to do so
[4]. Second, our method can be applied to the cases where
the dimensionality of the sample is larger than the sample
number, whereas the linear orthogonal transform method
described in Sect. 3.1 cannot be applied in these cases.
In this study, we also design a special classifier for
breast cancer diagnosis. The designed classifier obtains a
very high accuracy on the WBCD dataset with different
training–testing partitions. Besides the classification accuracy, we also use the specificity, positive and negative
predictive values, and receiver-operating characteristic
curve (ROC) to evaluate the diagnostic performance of our
method.
The rest of the paper is organized as follows. In Sect. 2,
we describe the WBCD problem and provide a brief
overview of related works on automatic diagnosis of breast
cancer. In Sect. 3, we present the kernel-based orthogonal
transform method for breast cancer diagnosis. In Sect. 4,
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we describe the performance evaluation results of our
method. The experimental results of our method on WBCD
are presented in Sect. 5. Finally, we offer our conclusion in
the last section.

2 Background
In 2002, Parkin et al. showed a study about global cancer
statistics in which the data are collected from 20 large areas
of the world [5]. According to this study, the high incidence of breast cancer in women makes it the most popular
cancer both in developing and developed countries among
all the cancer types, and the sum of the mortality cases of
breast cancer also occupies the top position. Figure 1
shows the estimated numbers of new cancer cases (incidence) and deaths (mortality) in 2002 [5].
2.1 WBCD problem
The WBCD dataset is collected by Wolberg at the University of Wisconsin–Madison Hospitals. It consists of 683
samples taken from fine needle aspirates from human
breast tissue, and each sample has nine features: clump
thickness, uniformity of cell size, uniformity of cell shape,
marginal adhesion, single epithelial cell size, bare nuclei,
bland chromatin, normal nucleoli, and mitosis. The measurements are assigned an integer value between 1 and 10.
Each sample has its class label, which is either benign or
malignant.
2.2 Related works
There have been a lot of literatures that apply pattern
recognition or machine learning methods to WBCD.
Fig. 1 Estimated numbers of
new cancer cases (incidence)
and deaths (mortality)
in 2002 [5]
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Quinlan used C4.5 decision tree method to solve WBCD
and obtained a classification accuracy of 94.74% with
10-fold cross-validation [6]. Abonyi and Szeifert employed
supervised fuzzy clustering (SFC) technique and obtained
an accuracy of 95.57% [7]. Nauck and Kruse reached
95.06% with neuro-fuzzy techniques [8]. Hamilton et al.
obtained an accuracy of 96% using the RIAC method [9].
Ster and Dobnikar applied linear discriminant analysis
(LDA) to WBCD and obtained an accuracy of 96.80%
[10], while Bennet reached an accuracy of 98.53% using
least square SVM [11]. Moreover, Akay combined F test
feature selection and support vector machines for breast
cancer diagnosis and achieved a high accuracy of 99.51%
with the 80–20% training-test partition [12].
3 Breast cancer diagnosis based on a kernel orthogonal
transform
In this section, we present the linear orthogonal transform
algorithm [13] and then describe our proposed breast cancer
diagnosis based on a kernel orthogonal transform. The proposed kernel orthogonal transform is established on the basis
of the linear orthogonal transform presented in Sect. 3.1.
3.1 A linear orthogonal transform method [13]
The linear orthogonal transform method can be described as
follows: first, we consider the WBCD problem as a two-class
classification problem. We refer to malignant and benign as
the first and second classes, respectively. We assume that
training samples x1 ; x2 ; . . .; xn1 are from the first class and the
others xn1 þ1 ; xn1 þ2 ; . . .; xn1 þn2 ðn1 þ n2 ¼ nÞ are from the
second class. Each sample xi consists of f components, i.e.,
h
iT
xi ¼ x1i ; x2i ; . . .; xfi . Let
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P ¼ ½x1 ; x2 ; . . .; xn1 T ;

ð1Þ

UP R ¼ 0; R ¼ ½r1 ; r2 ; . . .; rc0 :

and Q ¼ ½xn1 þ1 ; xn1 þ2 ; . . .; xn1 þn2 T :

ð2Þ

According to the reproducing kernel theory, each ri can be
represented by a linear combination of the samples in
feature space, i.e.,
X
ri ¼
wij /ðxj Þ:
ð9Þ

If f [ n1, then there must be c (c = f – rank(P)) orthogonal


vectors a1, a2, …, ac that satisfy Pa ¼ 0; a ¼ ½a1 ; a2 ; . . .; ac 


(0 is the n1 9 c matrix in which each element is zero). It is
clear that an arbitrary group of c-dimensional orthogonal
vectors b1, b2, …, bd satisfies


Pab ¼ 0;

ð3Þ

where b = [b1, b2, …, bd]. Superficially, we can obtain a by


solving the linear system Pa ¼ 0; however, there is no
unique solution.
If we apply the transform ab to both of the first and
second classes, then the samples of the first class and
second class will be transformed into Pab and Qab,
respectively. The linear orthogonal transform method aims
to obtain the b that satisfies the following formula:


J ¼ ðQabÞT ðQabÞ; s:t: : Pa ¼ 0 :

ð4Þ

If we can determine the a and b that satisfy (3) and (4),
then the transform results of the samples from the first and
second classes will have great difference. As a result, a
classification procedure can achieve a good classification
performance. In (4),
ðQabÞT ðQabÞ ¼ bT ðQaÞT ðQaÞb

ð5Þ

Equation (5) shows that b1, b2, …, bd should be the
eigenvectors corresponding to the first d largest eigenvalues of matrix (Qa)T (Qa). It is clear that the transform
ab is linear and possesses the property of orthogonality


(i.e., Pab ¼ 0, a1, a2, …, ac are orthogonal to each other,
and b1, b2, …, bd are orthogonal to each other), so it is
referred to as a linear orthogonal transform.

ð8Þ

j

On substituting (9) into (8), we obtain
KP ½w1 ; w2 ; . . .; wc0  ¼ 0;
ð10Þ
2
3
kðx1 ; x1 Þ . . . kðx1 ; xn Þ
6 kðx2 ; x1 Þ . . . kðx2 ; xn Þ 7
7 and wi ¼
where Kq ¼ 6
4 ...
...
... 5
kðxn1 ; x1 Þ . . . kðxn1 ; xn Þ
T
½wi1 ; wi2 ; . . .; win  : k(x1, x1) denotes (/(x2))T /(x2). If v1,
v2, …, vd0 is an arbitrary group of orthogonal vectors, then
we have
KP ½w1 ; w2 ; . . .; wc0 ½v1 ; v2 ; . . .; vd0  ¼ 0:

ð11Þ

Let W = [w1, w2, …, wc0 ] and V = [v1, v2, …, vd0 ]. If we
apply the transform WV to the samples of the first and
second classes in feature space, the samples from the two
classes will be transformed into PWV and QWV,
respectively.
If WV satisfies the following formulae


ðKQ WVÞT ðKQ WVÞ; s:t: : KP W ¼ 0;
ð12Þ
2
3
kðxn1 þ1 ; x1 Þ . . . kðxn1 þ1 ; xn Þ
6 kðxn1 þ2 ; x1 Þ . . . kðxn1 þ2 ; xn Þ 7
7; then WV
where KQ ¼ 6
4
5
...
...
...
kðxn1 þn2 ; x1 Þ . . . kðxn1 þn2 ; xn Þ
is what we want. The W and V that satisfy (10) and (12)
will enable in feature space the transform results of the two
classes to be as much different as possible. As a result, it is
very helpful for us to obtain a high classification accuracy.
In (12),

3.2 Kernel orthogonal transform method

ðKQ WVÞT ðKQ WVÞ ¼ V T ðKQ WÞT ðKQ WÞV

In this subsection, we present our kernel orthogonal
transform method derived from the linear orthogonal
transform shown in Sect. 3.1. Above all, let / be a nonlinear mapping and /ðx1 Þ; /ðx2 Þ; . . .; /ðxn1 þn2 Þ be the
mapping results of training samples x1 ; x2 ; . . .; xn1 þn2 : The
space spanned by /ðx1 Þ; /ðx2 Þ; . . .; /ðxn1 þn2 Þ is referred to
as feature space [14]. We define

It is easy to know optimal v1, v2, …, vd0 should be the
eigenvectors corresponding to the first d0 largest eigenvalues of matrix (KQW)T KQW. The above method is our
kernel orthogonal transform method. Our method can be
directly applied to the cases where the dimensionality of
the sample is larger than the sample number, whereas the
linear orthogonal transform method described in Subsect.
3.1 cannot do so.

Up ¼ ½/ðx1 Þ; /ðx2 Þ; . . .; /ðxn1 ÞT

ð6Þ

UQ ¼ ½/ðxn1 þ1 Þ; /ðxn1 þ2 Þ; . . .; /ðxn1 þn2 ÞT

ð7Þ

We assume that in feature space, there exist r1, r2, …, rc0
that satisfy

ð13Þ

3.3 Classification procedure
The classification procedure designed for our method is as
follows: first, the transform result y of testing sample x is

123

1868

Neural Comput & Applic (2012) 21:1865–1870

calculated using y = [k(x, x1), k(x, x2), …, k(x, xn)]WV. If
y is an m-dimensional vector, i.e., y = [y1 … ym], then we
P
use y ¼ m1 m
i¼1 jyi j to represent the transform result of
testing sample x. According to Sect. 3.2, the transform
result of the sample from the first class will approximate
the zero vector. Thus, if x is from the first class, then y will
also approximate zero. Our devised classification rule is as
follows:

malignant; if y\h
diagnosis decision ðxi Þ ¼
ð14Þ
benign,
otherwise

TP
 100
TP þ FP
TN
 100
Negative predictive value ð%Þ ¼
TN þ FN

ð19Þ

Positive predictive value ð%Þ ¼

ð20Þ

The ROC curve is also usually used for experimental
evaluation. The ROC curve simultaneously reflects the
values of true positives and false positives. Each point on
the ROC plot represents a sensitivity–specificity pair
corresponding to a particular decision threshold.

h is the threshold.
5 Experiments and results
4 Performance evaluation
In this section, we present the performance evaluation
indices including accuracy, sensitivity, specificity, positive
predictive and negative predictive values. These indices
will be used to evaluate our method. The classification
accuracy of the dataset is measured using
PN
assessðxi Þ
accuracy ¼ i¼1
;
ð15Þ
N

1; if diagnosis decision of xi is correct
assess ðxi Þ ¼
0; otherwise
ð16Þ
N is the number of testing samples of the dataset. We will
also show the accuracy of our performed k-fold crossverification (CV) experiment.
The confusion matrix contains four classification performance indices: true positive, false positive, false negative, and true negative as shown in Table 1. These four
indices are also usually used to evaluate the performance of
the two-class classification problem.
Sensitivity, specificity, positive predictive value, and
negative predictive value are defined as follows
TP
 100
TP þ FN
TN
 100
Specificity ð%Þ ¼
FP þ TN
Sensitivity ð%Þ ¼

ð17Þ
ð18Þ

Table 1 The four classification performance indices included in the
confusion matrix
Actual class

Predicted class

We conducted experiments on the WBCD dataset. We
adopted the Gaussian kernel function kðxi ; xj Þ ¼ exp
ðjxi  xj j2 =rÞ in our method. The setting of r is presented
in Table 2. For the setting of h in (14), we calculated the
feature extraction results of all the training samples using
the method presented in Subsect. 3.3. Then, we found the
maximum value (denoted as a) from the feature extraction
results of the training samples of the first class. Similarly,
we also found the minimum value (denoted as b) of the
feature extraction results of the training samples of the
second class. Then we selected a value, shown in Table 2,
from the interval (min(a, b), max(a, b)) for h. Because,
when h is selected in the above interval, our method
achieves higher classification accuracy on the training set
than the other choices. We believe this interval for h is also
appropriate for getting good classification performance on
the testing set. For the 50–50, 70–30, and 80–20% training–testing partitions, our method achieved accuracies of
98.53, 99.51, and 100%, respectively. Table 3 shows that
our method obtained a higher accuracy than all of the
previous methods mentioned in Sect. 2. We also performed
Table 2 Setting of r and decision threshold h
Case

r

h

50–50% training–testing partition

5

0.035

70–30% training–testing partition

5

0.035

80–20% training–testing partition

5

0.035

Fold 1 in 10-fold cv

300

0.003

Fold 2 in 10-fold cv

3

0.04

Fold 3 in 10-fold cv

55

0.5

Fold 4 in 10-fold cv

12

0.9

Fold 5 in 10-fold cv
Fold 6 in 10-fold cv

8
35

0.0005
0.2

Fold 7 in 10-fold cv

88

0.08

Fold 8 in 10-fold cv

88

0.15

Positive

Negative

Positive

True positive (TP)

False negative (FN)

Fold 9 in 10-fold cv

74

0.27

Negative

False positive (FP)

True negative (TN)

Fold 10 in 10-fold cv

12

0.8
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Table 3 Classification accuracies obtained using our method and the previous methods mentioned in Sect. 2
Author

Method (dataset partition)

Classification accuracy (%)

Setiono

Neuro-rule 2a (train: 50%-test: 50%)

Our method

Kernel-based orthogonal transform (train: 50%-test: 50%)

98.53

Mehmet Fatih Akay

F-score plus SVM (train: 70%-test: 30%)

99.02

98.10

Our method

Kernel-based orthogonal transform (train: 70%-test: 30%)

99.51

Mehmet Fatih Akay

F-score plus SVM (train: 80%-test: 20%)

99.51

Our method

Kernel-based orthogonal transform (train: 80%-test: 20%)

Quinlan

C4.5 (10-fold CV)

100

Hamilton et al.

RIAC (10-fold CV)

96.00

Ster and Dobnikar

LDA (10-fold CV)

96.80

Nauck and Kruse

NEFCLASS (10-fold CV)

95.06

Abonyi and Szeifert
Our method

Supervised fuzzy clustering (10-fold CV)
Kernel-based orthogonal transform (10-CV)

95.57
98.53

94.74

Table 4 Confusion matrixes obtained using our method on different training–testing partitions
Training–testing partition
50–50% training–testing partition

Actual
class

Number of
predicted ‘‘benign’’

Benign

260

2

3

81

45

0

1

160

Malignant
70–30% training–testing partition

Benign
Malignant

80–20% training–testing partition

Benign
Malignant

Number of
predicted ‘‘malignant’’

35

0

0

102

The meaning of the training–testing partition is as follows: 80–20% training–testing partition means that the 80% of the samples were used as
training samples and the remaining 20% of the samples were used as testing samples. Predicted ‘‘benign’’ and predicted ‘‘malignant’’ are referred
to as the sample that is classified into benign and malignant, respectively

Table 5 Sensitivity, specificity,
positive predictive value, and
negative predictive value
obtained using our method on
different training–testing
partitions

Measure

Accuracy
with 50–50%
training–testing
partition (%)

Accuracy
with 70–30%
training–testing
partition (%)

Sensitivity (%)

99.23

100

Specificity (%)

96.30

93.75

100

Positive predictive value (%)
Negative predictive value (%)

98.86
97.59

97.83
100

100
100

10-fold cross-validation experiments on the WBCD dataset. Table 3 also shows that the classification accuracy of
the 10-fold cross-validation experiment of our method is
also higher than all of the previous methods. Tables 4 and
5 present the confusion matrixes, sensitivity, specificity,
positive predictive value, and negative predictive value.
Figures 2, 3, and 4 show the ROC curve of our method
with different training–testing partitions. The closer the
ROC plot is to the upper left corner, the higher the area
under curve (AUC) and the classification accuracy is. With
80–20% training–testing partition, our method obtained a
perfect classification result. In this case, the value of AUC
reached the upper boundary 1, and the ROC plot passed

Accuracy
with 80–20%
training–testing
partition (%)
100

through the upper left corner. In other words, both sensitivity and specificity are 100%.

6 Conclusion
In this work, we propose a kernel-based orthogonal transform method. We apply this method to the breast cancer
diagnosis problem. Compared to previous breast cancer
diagnosis researches, our diagnosis result is very promising. According to the results, our method is the most
suitable automatic model for classifying WBCD data and it
is very helpful for the oncologists to make the ultimate
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Fig. 2 ROC curve with 50–50% training–testing partition (AUC =
0.9952)
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Fig. 4 ROC curve with 80–20% training–testing partition (AUC =
1.0000)
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