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Abstract Breast tissue classification is an important and
effective way for computer aided diagnosis of breast
cancer. We present Semi-supervised Locality Discrimi-
nant Projections with Kernels for breast cancer classifi-
cation. The contributions of this work lie in: 1) Semi-
supervised learning is used into Locality Preserving
Projections (LPP) to enhance its performance using
side-information together with the unlabelled training
samples, while current algorithms only consider the side-
information but ignoring the unlabeled training samples.
2) Kernel trick is applied into Semi-supervised LPP to
improve its ability in the nonlinear classification. 3) The
framework of breast cancer classification with Semi-
supervised LPP with kernels is presented. Many experi-
ments are implemented on four breast tissue databases to
testify and evaluate the feasibility and affectivity of the
proposed scheme.
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Introduction

As definition of breast cancer from National Cancer
Institute, U.S. National Institute of Health, Cancer that
forms in tissues of the breast, usually the ducts (tubes that
carry milk to the nipple) and lobules (glands that make
milk). And breast cancer occurs in both men and women,
although male breast cancer is rare. According to the
statistical data from American National Cancer Institute, in
2004, the estimated new breast cancer cases was near
215000, but the deaths was estimated more than 40000 [1].
In 2010, the estimated cases and deaths from breast cancer
in U. S. are 207,090 (female) and 1,970 (male) respectively,
but the population of deaths are 39,840 (female) and 390
(male) respectively. In addition, National Cancer Institute of
U.S. estimates that 13.4 percent of women born today will
be diagnosed with breast cancer in future [2]. For the
diagnosis and prognosis of the breast cancer cases, many
techniques have been discussed in the previous work [3-6,
42]. The breast cancer data analysis contains the following
three cases: one is to make the decision the health status
from the breast tissue data, second is to make the diagnosis
to provide a distinction between the malignant and benign
breast masses, third is prognostic prediction where the
patient is classified as a “recur” case or “non-recur” case.
Machine learning is a feasible method for breast cancer
classification based computer aided diagnosis. In the past
research, many methods are presented including Principal
Component Analysis (PCA) [7] and Linear Discriminant
Analysis (LDA) [8]. PCA seeks a linear optimal transfor-
mation matrix to minimize the mean squared error criterion,
and the optimal matrix is constituted by the largest
eigenvectors (called principal components) of the sample
covariance. Unlike PCA which has little done with the class
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information, LDA seeks the optimal projection matrix
based on Fisher criterion and the class labels are taken into
account for dimensionality reduction. Moreover, PCA is
generalized to form the nonlinear curves such as principal
curves [9] and principal surfaces [10]. Principal curves and
principal surfaces are the nonlinear generalizations of
principal components and subspaces respectively. It has
turned out that discretized principal curves are essentially
equivalent to self-organizing maps (SOM) [11, 12]. Thereof
the conception of principal curves provides a new possible
viewpoint to the properties of SOM. SOM is a nonpara-
metric latent variable model with a topological constraint,
such as lines, squares, or hexagonal grids and its mapping
is similar to a discrete self-similarity principle for a
principal manifold. SOM is a data driven method to reduce
dimensionality and the reduced modes are not always
interpretable. SOM serves of an approximation to the
principal surface, which converges to it for a large enough
number of nodes. As an extended SOM, the visualisation-
induced SOM (ViSOM) algorithm directly preserves the
distance information on the map along with the topology
[13]. ViSOM represents a discrete principal curve or surface
and produces a smooth and graded mesh in the data space
and captures the nonlinear manifold of data [14]. Other
nonlinear manifold algorithms, such as Isomap [15] and
Locally Linear Embedding (LLE) [16], were proposed in
recent years. The biggest difference between Isomap and
LLE lies in the way of dimensionality reduction and data
representation. Isomap regards dimensionality reduction
problem as a graph problem where data are represented as
connected graphs and relationship among data is described
through geodesic distances, while LLE views dimensional-
ity reduction as purely geometrical perspective. However,
LLE and Isomap are both concerned with preserving the
neighborhoods and their geometric and graph relationships
respectively. Moreover, Isomap and LLE were well studied
on map of the training data but rarely on the test data, while
Locality Preserving Projection [17] may be simply applied
to any new data point and locate it in the reduced
representation space. All these algorithms are based
supervised learning or unsupervised learning, while in
many applications only few of samples are labeled with
the class information or side-information. In these cases,
supervised and semi-supervised learning methods do not
perform well on classification task. Based on this back-
ground, side-information based semi-supervised learning is
the popular research topic in machine learning and pattern
area, which only knows whether two samples come from
the same classes or the different classes but without
knowing the class label information. Many algorithms are
proposed in the previous work. Shental correlation compo-
nent analysis based positive constrain information [18], and
Bar-Hiller proposed the constrain-based Fisher discriminant
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analysis [19]. Above two algorithms only use the positive
constraint information but ignoring the unlabeled data.
Xing [20] and Tang [21], use the positive and negative
constraint information but ignoring the unlabeled data.
Zhang [22] proposed a semi-supervised dimensionality
reduction method through considering the constraint struc-
ture and low-dimensional manifold structure, but this
method does not consider the local structure. Locality
Preserving Projection and its improved methods are used in
many areas, such as object recognition [25, 29], face
recognition [26-28, 41]. With the applying of the kernel
methods in many areas [23, 24], other researchers improved
LPP with kernels in the previous works [30-32].

A novel breast cancer classification method based on
Semi-supervised Locality Discriminant Projections with
Kernels is presented. Semi-supervised learning is used into
Locality Preserving Projections (LPP) with side-information
together with the unlabelled training samples, and we use
Kernel trick to improve the ability of semi-supervised LPP in
the nonlinear classification. We propose one framework of
breast cancer classification with Semi-supervised Locality
Discriminant Projection (SLDP) with kernels. We test the
feasibility of the framework on popular four breast tissue
databases, and evaluate the classification performance
compared with other popular classification methods.

Semi-supervised locality discriminant projection
with kernels

In this section, we review the Locality Preserving
Projection (LPP) algorithm firstly, and then we extends
it to Semi-supervised Locality Discriminant Projections
(SLDP) with side-information and the unlabelled sample
data, finally we enhance SLPP on the nonlinear feature
extraction with kernels.

Review of LPP

In this section, we introduce Locality Preserving Projection
(LPP) [17], which projects high-dimensional input data into
a low-dimensional subspace through preserving the local
structure. The definition of LPP is defined as follows.

min |z — 2’8y, = 1,2,....n (1)
ij

where S is a weight similarity matrix the similarity of two
points, and z; = w”x; is the one-dimensional representation
of x with a projection vector w. Given the original input
data, dimensionality reduction is to find a transformation
matrix W to project these input data into the low-
dimensional data with one optimal projection criterion.
Through minimizing the objective function, the local
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information of the original space will be preserved under
the dimension reduction. The local structure of data in the
original space is preserved in the lower dimension space.
The definition of LPP is written as

D Mz = 21|y = whxLxTw 2)
ij

where X = {x1, x5, ..., x,,}, L= D-S is Laplacian matrix, and

D is a diagonal matrix with its entries being the column or

row (S is symmetric) sums of S. D is the local structure of

the data in the original space. With the optimization
constraint w XDX7w = 1, then

arg max w/ XLXTw

S - (3)
Subject to w XDX'w =1

The transformation vector w minimizes the objective
function through solving the following eigenvalue problem.
LPP is a very important approach to extract the feature
vector with dimensionality reduction, but it suffers small
sample size (SSS) problem, i.e., XDX” is singular. In order
to overcome the singularity of XDX”, LPP employs PCA to
reduce the dimensionality. Firstly, the input vector is
transformed to a low-dimensional PCA-transformed vector.
Secondly, the nearest-neighbor graph and the similarity
matrix S is calculated with the PCA-transformed vectors
with nearest-neighbor criterion. Finally, the projection
matrix is obtained through solving eigenvalue problem.

Semi-supervised locality discriminant projection

As discussion in “Review of LPP”, both PCA and LPP are
unsupervised learning methods, LDA is supervised learning
method. One of the differences between PCA and LPP lies in
the global or local preserving property, that is, PCA seeks to
preserve the global property while LPP preserves the local
structure. The locality preserving property leads to the fact
that LPP outperforms PCA. Also as the global method, LDA
utilizes the class information to enhance its discriminant
ability which causes LDA to outperform PCA on classifica-
tion. But the objective function of LPP is to minimize the
local quantity, i.e., the local scatter of the projected data. This
criterion cannot be guaranteed to yield a good projection for
classification purposes. So it is reasonable to enhance LPP on
classification using the class information like LDA. In many
applications, we must use the semi-supervised learning
method to training the samples. So, we proposed semi-
supervised locality preserving projection method based
graph-based viewpoint including intrinsic graph and cost
graph. The intrinsic graph demonstrates the relation of two
samples belonging to the same classes, and the cost graph
demonstrates the different classes of samples which denotes
by the constraint or the non & nearest neighbor. Firstly, we

apply the side-information to construct the intrinsic graph and
cost graph, and secondly in order to use enough the unlabeled
samples we also apply the nearest neighbor criterion to
construct the intrinsic graph based & nearest neighbor and the
cost based non k nearest neighbor. Finally, we construct the
constraint equation through combining the graph of side-
information and k nearest neighbor with the weight value.

Firstly, we consider the side-information of samples for
training and develop the SLDP-1 (SLDP with side-
information training samples). The intrinsic graph is created
by positive constraint, and the cost graph is constructed
with the negative constraint. We expect to shorten the
distance of data points in intrinsic graph and lengthen the
distance between the data points in the cost graph. The
mathematic expression is shown as follows.

Supposed that P is the positive constraint and N is the
negative constraint, P denotes that two samples belong to
the same class but the class labels are not known, and N
denotes that two different classes of samples. From P and
N, we can not know the class labels of samples.

Within-class compactness of samples M is defined as

M= > (waifwaj)z

(xix;)€P
=2 Z,: (wain;x,-w) -2 %: (wangij) (4)
=2wTX (D — SP)XTw
= 2w XLPXTw
P 1 (xl',xj') S P o P
where § _{0 e Dﬁ—;Slj, and

LP =D - SP.
Between-class compactness of samples is defined as
B= (wai — Wij)z
(xix)eN
=2 Z (waiDQ/xiw) -2 Z (wa,-Sfj\.’xjw) (5)
= 2WITX(DN —SMXTw '

=2wTXINXTw
1 (x- x~)€N
N i N
where S —{0 ejlse , Dg—% Sy, and

LN =DV sV,

The objective function is defined as

wl XLPX Tw

—_— 6
wIXINXTw (6)

w* = arg maxE = arg max
w M w

The above equation aims to maximize the distance
between the samples belongs to the different classes but
minimize the distance within the samples from the same
classes. This equation only consider the side-information
but without using the non-labeled data. In order to make
enough use of a large of unlabeled samples, we regard the
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samples belonging to the k nearest neighbor as the positive
constraint and the negative constraint if non k nearest
neighbor. SLDP-2 (SLDP with both side-information and
unlabeled training samples) algorithm is proposed. Then
supposed that the samples will be closed in the low-
dimensional projection space where its samples are closed
in the high-dimensional input space. The improved objec-
tive function is defined as

% B+ aBknn
w* =argmax —————
w M+ DMy,
wIXLPXTw + aw" XLY XTw

WIXINXTw + bwT XL XTw

(7)

= arg max
W

where By, = w/ XL, XTw, My, = w' XLY X"w. The
Ly, and LY are calculated with the positive and negative
graph created by the k nearest neighbor criterion. The
samples belongs to the k nearest neighbors each other. a
and b are weight parameter.

SLDP algorithm is shown as follows.

Input: the samples set X = {xy,x2,...,%,} € RP*"
with the positive constraint P and the negative
constraint N.

Output: the transformed feature vector y with projec-
tion matrix W € RP*4(d < D).

Step 1. Implement PCA to reduce the dimension of
the samples.

Step 2. Construct the positive and negative graph.

Step 3. Determine the weight parameter « and /3, and
solve the transformation vector w*.

Step 4. Calculate the linear transformation matrix.
Supposed the linear transformation matrix
W= {wi, wa, ..., wg}, where wi, wa, ..., wy
are the eigenvectors corresponding to the d
largest eigenvalues.

Step 5. Reduce the input vector x to the low-dimensional

vector y with y = WTx.

Kernel based SLDP (K-SLDP)

Above algorithm is based on the linear projection, and we
apply the nonlinear mapping to embedding the nonlinear
mapping ¢(x) is used to map the input data space R into the
feature space F. Correspondingly, a pattern in the original
input space R is mapped into a potentially much higher
dimensional feature vector in the feature space F with
z = w{,6(x). Kernel SLPP aims to seek a set of data points
{z1, 2o, ..., z,} with the same local neighborhood structure
as {P(x1),P(x2),...,P(x,)} in the nonlinear mapping
space. The transformation matrix wy., is that minimizes
the objective function can be obtained by solving a
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generalized eigenvalue problem. According to the defini-
tion of kernel method, & (x;,x,) = ¢(x;)" ¢ (x;), we can have

wIKLPKw + aw" KLY Kw

knn
wIKINKw + bwTKLY Kw

knn

(8)

*
Wiy = arg max
w

With this method, the nonlinear classification is realized
based on the Semi-supervised Locality Dicriminant Projec-
tion (SLDP). The procedure of Kernel SLDP (K-SLDP) is
divided into two stages, KPCA+SLDP. K-SLDP algorithm
procedure is shown as follows.

Input. the samples set X = {x1,xz,...,x,} € RP*"
with the positive constraint P and the negative
constraint N.

Output: the nonlinear transformation vector y.

Implement KPCA to reduce the dimension of
the samples, and transform the input vector x
into the KPCA-transformed vector z.
Construct the positive and negative graph.
Determine the weight parameter o and 3, and
solve the transformation vector w*.

Calculate the linear transformation matrix.
Supposed the linear transformation matrix
W= {wy, wy, ..., wg}, wWhere wy, wa, ..., Wy
are eigenvectors corresponding to d largest
eigenvalues.

Reduce the input vector to the low-dimensional
vector y with y = W1z,

Step 1.

Step 2.
Step 3.

Step 4.

Step 5.

From the above algorithm procedure, two problems should
be emphasized including computing efficiency and the
practical applications ability. On the computation efficiency,
constructing the positive and negative graph is the main time
consuming procedure. The computation time is increasing
with the total number of training samples. The dimension of
features also is other influence factors for the computing
efficiency of construct positive and negative graph, but this
influence is not so heavy compared with positive and negative
graph construction. Then on the practical applications, it
should be emphasize the ability of the construction of
positive/negative samples from unlabeled data with the k-
nearest neighbor criteria. Because the construction of positive
and negative graph is implemented with off-line mode, this
method is applicable to the general pattern recognition. The
high time consuming of constructing the positive and negative
graph has not so heave influence on the on-line application of
the proposed algorithm in the practical applications.

Experimental results

In this section, we implement four sets of experiments to
testify and evaluate the algorithm compared with the other
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Table 1 Class description and number of the database

Class No. Class decription Class number
Class 1 Carcinoma 21
Class 2 Fibro-adenoma 15
Class 3 Mastopathy 18
Class 4 Glandular 16
Class 5 Connective 14
Class 6 Adipose 22

popular algorithms on breast tissue classification. For semi-
supervised learning, we construct the positive and negative
constraints with half number of these training samples
according to the labeled class information, and the rest
training samples are considered the unlabeled training
samples. After training the classifier, we implement the test
experiments on the test samples.

Firstly, on the parameters of experimental procedure
are selected or set. On kernel function select kernel and
its parameters, in current research all most research
papers apply the cross-validation method to choose the
kernel function including Gaussian kernel and other
kernels. The parameters of the kernel function are
selected with the same methods. On the dimensionality
of PCA and KPCA, in the practical applications, the
detail number values in the following experiments on
four databases are listed as follows. In the first set of
data classification on breast tissue dataset, the dimen-
sionality of KPCA and PCA is 8, and 8-dimensional
feature of PCA and KPCA is chosen on Wisconsin
Breast Cancer (WBC) Database. The dimensionalities of
PCA and KPCA on Wisconsin Diagnostic Breast Cancer
(WDBC) dataset and on Wisconsin Prognostic Breast
Cancer (WPBC) dataset are 31 and 8. Moreover, in
practical applications, we use the signal processing

Table 2 Description of each feature vector

Elements of Element Detail description

feature vector  description

V[1] 10 Impedivity (ohm) at zero frequency

V[2] PA500 Phase angle at 500 KHz

VI[3] HFS High-frequency slope of phase angle

V[4] DA Impedance distance between spectral
ends

VI[5] AREA Area under spectrum

V[6] A/DA Area normalized by DA

VI[7] MAX IP Maximum of the spectrum

VI[8] DR Distance between 10 and real part of
the maximum frequency point

V[9] P Length of the spectral curve

90.00%

O Accurac

80.00% =

70.00% [~
60.00%
50.00% —— —

40.00% -
30.00%
20.00% —— —

10.00% |-

0.00% . . .
PCA LPP SLDP-1 SLDP-2

K-SLDP

Fig. 1 Data classification performance on Breast Tissue Dataset

method to de-noise and other relative preprocessing.
Our method pays the research emphasis on classification
and feature extraction. On the preprocessing procedure,
such as denoise, we apply the current method to deal
with it.

Data classification on breast tissue dataset

There are 106 samples on breast tissue dataset with
electrical impedance measurements of freshly excised tissue
samples from the breast [33, 34]. 6 classes of samples are
contained in the database. In the sampled dataset, imped-
ance measurements of freshly excised breast tissue were
made at the following frequencies: 15.625, 31.25, 62.5,
125, 250, 500, 1000 KHz. In the experiments, the dataset is
used for predicting the classification, and the above
measurements plotted in the plane constitute the impedance
spectrum from where the breast tissue features are
computed. In the above experiments, there are 6 classes,
each class description and number of each class of samples
is described in Table 1. In the experiments, we randomly
choose half number of training samples from the databases

99.00%

O Accurac

98.00%

97.00%

96.00%

95.00% /
d

94.00%

93.00%

PCA LPP SLDP-1  SLDP-2  K-SLDP

Fig. 2 Data classification performance on Breast Tissue Dataset
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Fig. 3 Example images
(a) Benign, (b) Malignant [36]

as the training samples. For semi-supervised learning, we
construct the positive and negative constraints with half
number of training samples according to the labeled class
information. And the rest training samples are considered
the unlabeled training samples.

In the experiments, we construct positive and negative
graph with k and non-k nearest neighbor criterion. And the
rest samples from the databases as the test samples. We use
the positive graph to evaluate the classification performance
of the compared algorithm. The dimension of feature vector
is 9, Feature = [10,PAS00,HFS,DA,AREA,A/DA,MAX,IP,
DR,P], and the corresponding elements of feature vector are
described in Table 2.

For the purpose of comparison, we also implement the
other semi-supervised and unsupervised learning algorithm,
including Principal Component Analysis (PCA), Locality
Preserving Projection (LPP) and Semi-supervised Locality
Preserving Projection (SLPP). Since there is no labeled
class information, we have not implemented the supervised
learning for the comparison in the experiments for
comparison. The experiment parameters including the
weight parameters «, § and k are determined with the
cross-validation method, moreover other algorithms
achieves their optimal procedural parameters with cross-
validation method.

As shown in Fig. 1, the proposed algorithm outperforms
other algorithm for the same training and test sets.
Although the recognition rate is not high, it indicates that
it is feasible to improve the performance with unlabeled
classes together with the side-information. Moreover, semi-
supervised learning methods perform better than the
unsupervised learning methods, for example, SLPP outper-
forms LPP, where SLDP-1: SLDP with side-information
training samples), SLDP-2: SLDP with both side-information
and unlabeled training samples.

Table 3 Data classification per-

formance on WPBC dataset Algorithms Accuracy
PCA 90.34%
LPP 91.25%
SLDP-1 92.37%
SLDP-2 93.25%
K-SLDP 95.67%
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Diagnostic experiments on Wisconsin Breast Cancer
(WBC) database

Wisconsin Breast Cancer (WBC) Database [35] was obtained
from the University of Wisconsin Hospitals in 1992. These
samples from this database are collected periodically in the
clinical cases, and therefore it reflects this chronological
grouping of the data. The original data contains 699 samples,
but the elements of feature vector of 16 samples are empty, so
we delete these samples in our experiments. That is, there are
683 samples in the database in our experiments. There are
two classes, i.e., Benign and Malignant, in the experiments.
The features of these images are extracted, and the dimension
of the feature is 9. Each elements of the feature are Clump
Thickness, Uniformity of Cell Size, Uniformity of Cell Shape,
Marginal Adhesion, Single Epithelial Cell Size, Bare Nuclei,
Bland Chromatin, Normal Nucleoli, Mitoses. The data
classification performance is shown as Fig. 2. Kernel based
SLDP achieves the highest recognition accuracy compared
with other algorithms including SLDP-1 (SLDP with side-
information training samples), SLDP-2 (SLDP with both side-
information and unlabeled training samples), LPP (Locality
Preserving Projection) and PCA (Principal Component
Analysis) under the same training and test set. The kernel
parameters of K-SLDP are chosen with the cross-validation
methods. Also, the side-information using is feasible to
enhance the recognition performance compared with the
unlabeled information with the unsupervised learning.

@Accuracy
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Fig. 4 Data classification performance on WPBC Dataset
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Diagnostic experiments on Wisconsin Diagnostic Breast
Cancer (WDBC) dataset

In 1995, Wisconsin Diagnostic Breast Cancer (WDBC)
dataset [36] consist of 569 instances including 357 benign
samples and 212 malignant samples. And each one
represents FNA test measurements for one diagnosis case.
For this dataset each instance has 32 attributes, where the
first two attributes correspond to a unique identification
number and the diagnosis status (benign / malignant). The
rest 30 features are computations for ten real-valued
features, along with their mean, standard error and the
mean of the three largest values (“worst” value) for each
cell nucleus respectively. These ten real values, which are
depicted at Table 1, are computed from a digitized image of
a fine needle aspirate (FNA) of breast tumour, describing
characteristics of the cell nuclei present in the image and
are recorded with four significant digits. Figure 3 depicts
two images, which were taken from fine needle biopsies of
breast tumours [36]. As shown in Table 3, the highest
recognition accuracy is 95.67% with the proposed algo-
rithm. Note: SLDP-1 (SLDP with side-information training
samples), SLDP-2 (SLDP with both side-information and
unlabeled training samples).

Prognostic experiments on Wisconsin Prognostic Breast
Cancer (WPBC) dataset

In this section, we evaluate the proposed algorithm and the
relative algorithms on Wisconsin Prognostic Breast Cancer
(WPBC) dataset, which contains 198 samples and each
sample represents one breast cancer case from 1984 to
1995, developed from University of Wisconsin Hospitals.
In our experiments, we divide all these samples into
recurrent and nonrecurrent classes. In the database, there
are 198 samples, and 151 samples are nonrecurrent and the
others are recurrent. The feature extraction methods on
these images were proposed in the previous work [37—40].
Following this fruits, we also choose the following feature
elements including Radius, Texture, Perimeter, Area,
Smoothness, Compactness, Concavity, Concave points,
Symmetry and Fractal dimension. As shown in Fig. 4, K-
SLDP outperforms PCA, LPP, SLDP-1 and SLDP-2.

Conclusion

In this paper, we present an improved Semi-supervised
Locality Discriminant Projections with Kernels and apply
it into breast tissue classification for computer aided
diagnosis of breast cancer. Firstly, we extend LPP with
semi-supervised learning to enhance the classification
performance and this method uses both side-information

and unlabelled training samples. Secondly, we improve
Semi-supervised LDP on the nonlinear classification
performance with kernel trick. Finally, the breast tissue
classification framework is presented based kernel based
SLDP, and its feasibility is testified and performance is
evaluated compared other popular methods. The proposed
algorithm is also used in other research area, such as face
recognition, image retrieval, video classification, and so on.
Moreover, the procedural parameters of the proposed
algorithm are chosen with cross-validation methods, so
whether there are other methods to choose these parameters.
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