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Introduction
In recent years, cancer has become a major disease endangering 

human health, lots of data show that about 9.6 [1] million people 
die of cancer every year. Among them, about 630 [1] thousand 
people died of Breast cancer. It has become an important issue to 
distinguish benign cancer from malignant cancer. There are many 
evaluation indicators affecting the classification of cancer such as 
clump Thickness, Uniformity of Cell Size, Uniformity of Cell Shape, 
Marginal Adhesion, Single Epithelial Cell Size, Bare Nuclei, Bland 
Chromatin, Normal Nucleoli, Mitoses and etc. In-depth study of 
them is of great significance.

Machine learning and deep learning have become the hottest 
AI learning nowadays [2]. Clustering algorithm is widely used in 
machine learning [3-5]. Traditional clustering algorithms have to  

 
set the weight for different attributes and then fit it, in order to get 
more accurate conclusions and deeper characteristics of the data. 
They need to define a scale to measure similarity. There are many 
methods to measure the similarity between two notes. The first 
way is to define the distance between data, and the second way is to 
directly define the similarity between data. One of the most common 
methods is the Euclidean distance. K-means algorithm is the most 
commonly clustering algorithm which takes K as parameter and 
divides n nodes into k clusters. It is very important to exploit the 
mutual agreement of diverse views information to obtain better 
clustering performance than using any single data view [6].

 Multi-view data are existing everywhere [7,8]. For example, 
a new can be reported by multiple articles in different languages; 
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ARTICLE INFO abstract

Considering the high cost and time-consuming of biomedical experiments, people 
are increasingly paying attention to computational methods to solve biomedical problem. 
In this paper, the multi-view clustering method is used to classify breast cancer. Unlike 
the previous machine learning method which assign weights to each attribute. In this 
paper, a multi-view clustering method is proposed to predict the category of Breast 
Cancer. Here ten attributes of breast cancer are regarded as ten different views. But in 
ten different views, they have a common consensus. We learn a consensus graph with 
minimizing disagreement between different views. Then we analyzed the attributes 
which affected the performance and analyzed the effect of parameters. Research shows 
that our algorithm can achieve good performance which reached about 96.88% accuracy.
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A person can be identified by fingerprint, signature, face, and 
voice. A paragraph of text can be expressed in a variety of fonts. 
An image can be represented by different types of descriptors. 
With the increasing number of multi-view data, people pay more 
attention to multi-view methods, people find that it is more and 
more widely used. In this paper, a multi-view clustering method 
is proposed to predict the category of Breast Cancer. The author’s 
opinion is that, each attribute of Breast cancer can form a graph. 
Each graph reflects the association between Breast cancer from a 
different view. There exists a common consensus between different 
views. We learn a consensus graph with minimizing disagreement 
between different views. Then we can find deeper connections 
between Breast cancer through so many different graph views. This 
article is organized as following section. In section 2, we introduce 
the data materials. In section 3, we show the multi-view method in 
detail. Then we can see the good performance in section 4 and the 

parameter sensitivity in section 5. In section 6, it is the evaluation 
index. Finally, it is the conclusion section.

Data Materials
The data materials in this paper come from the famous UCI 

machine learning database, which has a large number of AI mining 
data. The database is constantly updated. The types of databases 
cover all fields, such as life, engineering and science. The data set 
selected in this paper is Breast Cancer Wisconsin (Original) Data 
Set. These data were collected from clinical case reports of the 
University of Wisconsin Hospital in the United States. There were 
569 data records. The class distribution was 357 benign (value= 2), 
accounting for 63%, and 212 malignant (value= 1), accounting for 
37%. Each record has 12 attributes. Following Table 1 shows the 12 
attribute names and descriptions of the data set (Table 1).

Table 1: Descriptions of the data set.

Attribute ID Attribute names Descriptions

none Node number Patient ID number

1 clump Thickness Range 1-10

2 Uniformity of Cell Size Range 1-10

3 Uniformity of Cell Shape Range 1-10

4 Marginal Adhesion Range 1-10

5 Single Epithelial Cell Size Range 1-10

6 Bare Nuclei Range 1-10

7 Bland Chromatin Range 1-10

8 Normal Nucleoli Range 1-10

9 Mitoses and etc. Range 1-10

10 Diagnostic results (Classification) benign (value = 2), malignant (value = 1)

The attribute of Patient ID number and Diagnostic results 
have only one real value. The other 10 attributes have 3 real value 
separately, which express mean, standard error, and “worst” or 
largest (mean of the three largest values) of these features were 
computed for each image, resulting in 30 features. For instance, 
field 3 is Mean Radius, field 13 is Radius SE, field 23 is Worst Radius. 
We can think of these 10 real-value attributes as 10 views. Each 
view has 3 features.

Model Formulation
The Breast Cancer data set will be denoted by 1 2 10{ , ,......, }X X X X=

and it has 10-attribute views. Each view of i d nX R ×∈ has d 
dimension and n data points. Here, d=3 and n=569. All of the data 
points have 2 clusters. The goal of spectral clustering is to partition 
data points into k clusters [6, 9, 10]. Firstly, we use the Euclidean 

metric to compute the distance between the notes pairwise ix

and jx . Then we can construct the similarity matrix [ ] n n
ijW w R ×= ∈ . 

Secondly, we normalize the W matrix to the Laplacian matrix L [11]. 
1 1
2 2L I D WD

− −
= − , where I is an identity matrix, and D is a diagonal 

matrix with each diagonal element 1
n

ij i ijd w==∑ . Then the 
eigenvectors H of the normalized Laplacian matrix L are regarded 
as the low dimensional embedding of the raw data X. Finally, the 
objective function is given by,

2

,
min ( )T

FH W
Tr H LH Wα+

. . , 1n k
Ts t H R H H×∈ =

                                          0, 1 1W W≥ =                                            (1)

Where α is a regularization parameter, and W is constrained by 
1 1W = so that a normalized Laplacian matrix L=I-W will be obtained. 

For view number i=1 to v, each view of graph ( )iW  are learned by the 
Eq. (1). Firstly, we use the graphs ( )iW to learn the different embedding 
matrices ( )iH . Secondly, we use a global graph S to minimize the 
disagreement between each view ( )iH , where ( ) ( )( )i i TH H I= . Then, 
we optimize the overall objective function.

( )

2
( ) ( ) ( ) ( ) ( )

1
, 1 1

min (( ) ) 2 ( )
i

v v
i T i i i i T

H S i i F

Tr H L H S H Hβ
= =

+ −∑ ∑
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( ) ( ) ( ). . , ,
Ti n k i is t v H R H H I×∀ ∈ =

                             0, 1 1, ( )SS S rank L n k≥ = = −                    (2)

where SL  is the normalized Laplacian matrix since S is 
constrained by 1 1S = . 

Firstly, we are updating ( )iH  to fix S, 1 0β > , then let 1 2ββ = . 
Then Eq. (2) becomes

( )

( ) ( ) ( )

1
min (( ) ( 2 ) )

i

v
i T i i

H i
Tr H L S Hβ

=

−∑

                          ( ) ( ) ( ). . , ,
Ti n k i is t v H R H H I×∀ ∈ =                            (3)

Secondly, we are updating S to fix ( )iH , Then Eq. (2) becomes

 
2 ( ) ( )

1
min 2 ,

T
v

i i
Fs i

S H H Sβ

=

− ∑

                       . . 1 1, ( ) .s t S S rank Ls n k≥ = = −                    (4)

We repeat the above two steps until S has 2 connected 
components.

Experimental Results

There are only two types of data set results, so we test it in 
two categories. We can see that different colors denote different 
cluster labels. We have ten views so corresponding to 10 figures. 
To be more intuitive, we visualize the data points and the clustering 
results with t-distributed stochastic neighbor embedding (t-SNE) 
[12] in different views as shown in Figure 1. If we take all 10 views 
into account, the overall accuracy rate is 93.69%. It will be better 
than consider only one view. In terms of classification accuracy 
and results, this algorithm can make accurate judgments on breast 
cancer data sets. However, in order to improve the accuracy, 
some attributes may interfere with the classification results. We 
analyzed that if we drop some attribute views from our data and 
only considers the combination of the other attributes view, will the 
accuracy be improved? (Figure 1).

Figure 1: Visualization of the clustering results of UCI Breast Cancer data with t-SNE in different views.

Experiments show that our thinking is right. When we drop 
one of the views and only use nine of them, the accuracy will be 
improved. The results are shown in the following Figure 2. The 
accuracy will variety between 0.913 to 0.947. If we drop the number 
6 attribute the accuracy will be improved to 0.947 (Figure 2).

When we drop two of these views and using only eight views of 
them. We can see that the accuracy will variety between 0.9 to 0.96. 
It can be shown in the following Figure 3.

When we drop three of these views and using only seven of 
them, our results are as follows (Figure 4). 

Finally, we found that if we drop attribute 6, attribute 7, 
attribute 10, and only keep the combination of the other 7 attribute 
views, our classification results of accuracy will be best. This shows 
that whether the Breast cancer is benign or malignant have little 
relevance to attribute 6, attribute 7, attribute 10. There is only one 
parameter β  in the objective function Eq (2). If we drop attribute 
6, 7, 10, the accuracy varies with β on our dataset. It can be seen 
from Figure 4 that the performance is stable when it varies in a 
range of [0.958, 0.968] (Figure 5). We can get the conclusion from 
Table 2 that if β=0 we can get the highest accuracy and the best 
performance of all the other evaluate metrics (Figure 6).

http://dx.doi.org/10.26717/BJSTR.2019.18.003116
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Figure 2: The accuracy verified if we drop one attribute view from 10 attribute views.

Figure 3: The accuracy verified if we drop two attribute views from 10 attribute views.

Figure 4: The accuracy verified if we drop three attribute views from 10 attribute views.
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Table 2: Drop attribute 6,7,10, and verify the parameter β, the performance of six metrics values.

Percentage β =0 β =1 β =2 β =3 β =4 β =5 β =6 β =7 β =8

accuracy 96.88 96.13 95.78 95.78 96.13 96.66 95.78 95.78 95.78

NMI 80.78 75.43 73.59 73.56 75.42 77.95 73.82 73.82 73.82

Purity 96.88 96.13 95.78 95.78 96.13 96.66 95.78 95.78 95.78

Precision 92.77 92.07 91.64 92.10 93.00 94.14 92.94 92.94 92.94

Recall 95.94 94.09 93.29 92.73 93.00 93.67 91.75 91.75 91.75

F-score 94.32 93.07 92.46 92.41 93.00 93.90 92.34 92.34 92.34

ARI 87.65 85.02 83.73 83.74 85.05 87.02 83.76 83.76 83.76

Figure 5: The accuracy verified if we verify the parameter 
β.

Figure 6: The object function performance if we increase 
the iterating times.

As we can see from the figure above, the iterations only need to 
be iterated twice, and our object function has been optimized to the 
minimum loss. If the number of iterations increasing, the objective 
of the optimization results will not be lower.

Evaluation

Six metrics are used to evaluate the performance: clustering 
accuracy (ACC), Purity, Precision, Recall, F-score [13], and adjusted 
rand index(ARI). For these widely used metrics, the larger value 

indicates the better clustering performance. These metrics are 
calculated by comparing the obtained label of each sample with the 
ground-truth labels provided in datasets.

ACC measures clustering accuracy and is defined by

                              1
( , ( ))n

i ii
map r

ACC
n

δ τ
== ∑                       (5)

where n data points are belonging to k clusters, iτ  denotes the 

ground-truth label of the thi sample, ir denotes the corresponding 
learned clustering label, and δ(·,·) denotes the Dirac delta function:

1, ;( , ) {0, ;
ifx yx y otherwiseδ ==

                             
1

1 max ( )
k

i j
i

purity
n

map r τ
=

= ∩∑                             (6)

and ( )imap r  is the optimal mapping function that permutes the 
obtained labels to match the ground-truth labels. The best mapping 
is found by the Kuhn-Munkres algorithm [14].

Purity is the percentage of correct labels and is defined by:

Precision and Recall [3] are defined by:

                                       Pr ecision
TP

TP FP
=

+                                        (7)

                                    Re call
TP

FP FN
=

+
                                         (8)

where TP, FP, and FN denote the number of items correctly 
labeled as belonging to the positive cluster, wrongly labeled as 
belonging to positive cluster, and wrongly labeled as belonging to 
negative cluster, respectively.

F-score is then defined by calculating the harmonic mean of 
Precision and Recall.

                               2
Pr .Re

Pr Re
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ecision call
ecision call

− =
+                    (9)

ARI is defined by:
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where combination operation n
mC is defined as a selection of m 

items from a collection n.
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Conclusion

Unlike previous machine learning clustering methods, previous 
clustering algorithms assign a weight to each feature and adjust the 
weight parameters of each feature to fit the results. This approach 
may result in better fitting. As long as a set of most suitable 
weights is obtained, a suitable function can be obtained to fit the 
desired results, but there is no doubt that there is cheating. From 
the medical point of view, we construct 10 views according to 10 
different attributes of breast cancer. There is a common consensus 
between different views. With each case as the vertex, the number 
of vertices in 10 views is fixed. The distance between each two 
points constitutes a similarity matrix. Each view is relatively 
correlated and independent, and only a single weight β parameter 
is used to fit the experiment. Although we have only one parameter, 
the experiment proves that we have achieved good experimental 
results, and multi-view fusion should be a trend in the future. 
Our disadvantage is that all edges and nodes in the graph have 
only one type. In the future, we intend to extend our algorithm to 
heterogeneous network graphs. 
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