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Abstract

and forecasts the probable situation in the future.

existing maps of SCM.

Objectives: A new artificial intelligent method ‘Support Center Machines’ (SCM) for helping diagnosis and
prognosis is applied to a medical system. Methods In data processing, SCM seeks the true centers of each class
during machine learning. For application in the medical system, it makes these centers as health-situation models
and translates all the health records into a map. All the models, like non disease and diseases, are labeled in this
map. Thus, the evolution of patient’s health records can be supervised with the map. On the basis of the evolution of
the distances from the recent record data to the centers, the system estimates the tendency of the healthy evolution

Results: SCM was tested on ‘Wisconsin Breast Cancer Data’ and compared with LDA and SVM methods.
Twenty centers were found to define the healthy map. Based on the test results of four hundred and fifty random
data selection for train, SCM has shown a better performance, whose means of correct detection ratios of the breast
cancer varied from 91.4% to 95.6%, which were corresponding to 10% of data and 90% of data used to do machine
learning. These ratios have increased by 1% to 5%, than SVM and LDA. In addition, the variance of correct detection
ratios of SCM results has decreased by 0.8% to 3.0%, compared with SVM and LDA. Even if there were only 10%
data for the training, the ratio stayed around 87% with only 3 principal components. When the system used 50% data
for the training and tests the others, the mean of ratio was 93% and the best was 95%.

Conclusions: SCM successfully build a disease diagnosis/prognosis system and works out a healthy map.
It could display the health record on 2D or 3D map, which allows the clinician to appropriate the interpretation. In
addition, if a new situation (symptom / disease) occurs, the practitioner can visualize it and analyze it according to

Keywords: Decision support systems; Computer-assisted diagnosis;
Machine learning; Support center machines; Disease prognosis

Introduction

During recent years, with the rapid development of the computer,
the clinical decision support systems (CDSSs) play an important role
in the medical system [1]. Its goal is to quickly treat the huge massive
of biomedical information, so as to get a rapid and accurate help for
diagnosis. Those systems may find the undetectable symptom and could
deduce the possible disease for people in the future. Several approaches
and models have been developed since earliest 60’s [2]. Generally, the
experts-doctors experience is integrated in a computer-based diagnosis
and prognosis system. For example in [3], Wang evaluated drug safety
risks by FDA experts, which have been successfully applied to predict
the potential safety liabilities of new drugs. In addition, experts-
doctors experience could be translated to mathematical models by
artificial intelligence or statistics tools in order to realize computer-
aided medical diagnosis. For example, [4] used feed forward neural
network constructive algorithm (MFNNCA) for medical diagnosis [5];
used decision and probability theory to construct diagnosis systems from
a database of typical cases [6]; built a system of computer-aided diagnosis
using a Bayesian analysis and displayed diagnostic probabilities in an
adaptable format. Typically, recent prognostic methods rely on explicit
physiological models [7], which may be combined with traditional models
of life expectancy. These models are calculated by the analysis of life tables
according to a particular experience of being attacked by a disease.

The method Support Center Machines (SCM) is a novel concept
in artificial intelligent field for classification and prediction. It was first
applied to faults diagnosis and prognosis of complex system, such as
advanced aircraft [8]. It belongs to supervised learning methods that

analyze data and recognize patterns. In theory, SCM seeks the support
vectors of true center and sub-centers of each class during the machine
learning. The sphere of influence of each center is adjusted by its
variance. If the testing data fall in one sphere, they would be attached
to the center of this sphere. The sub-centers would deal with some
complex condition, such as a sphere within a sphere of other class.
Therefore, SCM could resolve the superposition problem of the spheres
of influence of different classes. SCM makes each abnormal situation as
a dysfunctional model and draws them in the map. Each model has one
or more centers and spheres of influence. Additionally, the evolution
tendency of the testing data could be monitored in this map. SCM
here is different from ESCM, which was proposed by Z Lin in 2008
[9]. ESCM is a complementary algorithm of Support Vectors Machine
(SVM), which can tune kernel parameters adaptively and control the
number of kernels. SCM in this paper is an independent method to do
classification and forecasting of the evolution of data.

In design, SCM owns obvious advantages in comparison with the
classical classification methods. In the respect of the practicability, it
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can be combined with Principal Component Analysis (PCA) or Linear
Discriminant Dimensionality Reduction (LLDR) to reduce high-
dimensional data [10] and create a visualization of the data. It can
help doctors to intuitively understand the clinical results and to find
the nature of disease. In the respect of the system structure, SCM is a
supervised and suggestive method. Unlike neural networks [11] and
decision tree [12], which distinguishes only the situations known by
learning, SCM can detect the strange situation during tests, and add it
into database after the verification. It does not need to re-learn all the
rules, nor resolving the conflict of new rules and old rules. It is very
useful in the medical system, because nobody can assure that all the
disease types are already found until today. Even for expert doctors, it
is difficult to discover the new disease type without obvious phenotype
of patient. In the respect of the algorithm, SCM is also different from
the classical forecasting systems, which often focus on researching
regression line or hyper-plan, like Support Vector Machines (SVM)
[13], based on the different biomedical attributes [14]. SCM could
resolve the non-differential problem. In addition, it would monitor
the evolution of patient’s health records with the map, and deduce
the healthy tendency in order to forecast the probable situation in the
future. At last, in the respect of the compatibility, the kernel methods
(KMs) could be used in this algorithm if the present feature space is
not satisfactory to do the classification. KMs approach the problem by
mapping the data into a high dimensional feature space, where the data
might be more easily classified and each coordinate corresponds to one
feature of the data items. SCM would be introduced in the following
section.

Methods
Data

The work was tested by the well-known data set Wisconsin Breast
Cancer Data [15]. This dataset consists of 569 breasts masses with 357
benign and 212 malignant cases [16].

Support centers machine

The inspiration of SCM was from the astronomy. As in the Galaxy,
although there are milliard stars inside, each galaxy has its center and
the stars are grouped around their center, such as the solar system. In
a philosophical point of view [17], the center theory is ubiquitous and
indubitable. Everything has its own center, like atom, cell, and universe
and so on. SCM would find the centers by machine learning and use
them to distinguish and classify the testing data.

As shown in Figure 1, the algorithm of SCM contains ten steps for
the machine training. At first, the data should be normalized for the
sake of organizing the fields to minimize redundancy and dependency
[18]. The choice of the normalized method is determined by the data
condition, Z-Score was used in this paper. But if the variances of
different attribute-vectorsare too large, Z-Score should not be proposed,
because the distribution and the maximum and the minimum of the
normalized data are due to their variance [19]. If the boundaries of the
vectors of normalized data are quite different, it would be too complex
to define a unitary diameter of the sphere of influence for the whole
attribute-vectors. Thus, the system should consider other normalized
methods in this case, for example ‘unity-based normalization’ can be
generalized to restrict the range of values in the dataset between two
any arbitrary points.

Dimensionality reduction of data could be done before or after
the normalization, if necessary. The commonly used dimensionality
reduction methods include supervised approaches such as linear

discriminant analysis (LDA) [20-21], and unsupervised ones such
as principal component analysis (PCA) [22]. When the class label
information is available, supervised approaches, such as LDA, are
usually more effective than unsupervised ones such as PCA for
classification.

According to the results of pre-classification (detailed in next
section), the system finds the principal centers and the first group
of sub-centers by the confusion matrix. In the field of machine
learning, confusion matrix is a specific table layout that allows
visualization of the performance of an algorithm. Each column of
the matrix represents the instances in a predicted class, while each
row represents the instances in an actual class. On the basis of the
first confusion matrix of the pre-classification results, the principal
centers and first group of sub-centers would be found. If there is still
the misclassification by the centers found, the system would start
the iteration to find more useful sub-centers to perfectly classify
these data. During the learning, the real and useful centers are
reserved, and the pseudo or useless centers are deleted. Therefore,
the core of the training is to find the principal centers and sub-
centers, which constitute the model of SCM. The test data would
be used for evaluation. It needs to be emphasized that the rules of
normalization must be the same for the training data and the test
data. The program flow could be summarized as:

(1) Normalization of data and treatment of data by PCA or LDA in
order to reduce the high dimensionality of data

(2) Pre-classification

(3) Calculation of the first confusion matrix from the classification
results of pre-classification

(4) Searching of principal centers and the first group of sub-centers
via the first confusion matrix

(5) Classification by principal centers and the first group of sub-
centers

(6) Re-calculation of confusion matrix

(7) Calculation of the ratio of misclassification, if the ration is less
than or equal to the threshold o, then go to 8; if the ratio is
greater than o, then goto 9

Figure 1: Schemas of SCM algorithm.
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(8) Elimination of Redundant centers by cross-validation

(9) Searching for new sub-centers from the confusion matrix and
adding the new sub-centers into dataset of centers, then go to
5 - iteration

(10) Training completed.

As presented in the preceding text, all the centers are calculated
by the confusion matrix of the results of the previous classification.
Whereas, before all of this, the problem of origin should be resolved:
Where does the first confusion matrix come from? The simplest is that
the system can make some random centers to do the first classification,
like K-means method. But here, as a supervised method, there are two
ways suggested to complete the pre-classification. The first one is to
use the training targets to calculate the principal centers. The system
could use them to classify the training data and gain the first confusion
matrix of the diagnosis results. The second one is that the system could
use other classification methods to accomplish the pre-classification,
such as Neural Networks, Gaussian Models Mixture and so on. SCM
can either only use their classification results to find the principal
centers and the first group of sub-centers, or be used as a complement
system to improve the diagnosis performance.

Classification

In comparison with the well-known method SVM, which requires
support vectors on the boundary to distinguish different classes? The
target of the learning in SCM is to find the centers of each class, and
to classify the data by distances between them and all the centers. In
general, there is more than one center for each class Figure 2. It means
that is necessary to find the sub-centers in order to control the different
areas which have distances between themselves but belong to the same
class.

As presented in Formula 1, there are k centers Cf k=1,2,...,nof
class C. Point p belongs to class C, if its nearest center belongs to class
C, and it is in the sphere of influence D/ of the center. If the point p is
out of the sphere, it would be considered as an unknown particular. It
means the training doesn’t cover this zone. Thus, the system would take
it as unknown situation and send a report to users.

peC, < Jkargmin, (p-C)=Ci&&|p-C/ |<D} (1)

As an example shown in Figure 3, the data need to be classified
into three classes (A, B and C). Each class has 20 points. According
to the distribution of the data, only one center for each class is not
enough to completely classify all the data. Obviously, if there is only
one center defined for each class, the points in the small spheres might
be misclassified, because they are likely to be closer to other principal
centers than to their own ones. These enclaves might be under the
sphere of influence of the different class. It is very clear that the points
in sphere A2 are closer to the center of class B than to class A. Therefore,
the system would automatically add the sub-centers according to the
needs. In order to contain more points, the principal centers normally
have a big diameter (like spheres Al, B1 and C1 in Figure 3), though
they contain some points which do not belong to them. Then, in order
to deal with the misclassified points, sub-centers would be established
during the iteration and distinguish these points by their spheres of
influence, like spheres A2, B2, B3, B4 and C2 in Figure 3. Finally, a
series of centers are established.

Principal center and sub-centers with confusion matrix

SCM are primarily based on confusion matrix of the classification
results. The principal centers are researched by the diagonal of pre-

classification (or called as first classification) confusion matrix and the
sub-centers are found out in the no-diagonal elements of confusion
matrix afterwards. It is different from K-means [23] clustering which
is an unsupervised algorithm and does not use any information from
confusion matrix to find the location centers [24], since SCM could
have supervisors in the training. In addition to this, the amount of
centers depends on the need, which can be more than the dimension
of the matrix. In fact, a new confusion matrix would be studied at
every iteration, and the new sub-centers would be found for the no-
diagonal cells of the matrix. As shown in Formula 3, a pre-classification
is realized to find N principal centers for N classes, which are according
to N diagonal cells of the confusion Matrix (M, ). Then, the sub-centers
are found in the no-diagonal cells of Matrix. If none of the no-diagonal
cells of Matrix is empty, there would be N-1 sub-centers for each class
via the pre-classification.

3 C onf usion M atrixMnn via P re — classif ication
Principal C enters € Mij, withi =j, Vi,j=1; (2)
Sub - centers € Mij, withi =j, Vi,j=1,2,3,...,n. (3)

Finally in the first iteration, the principal centers and the first group
of sub- centers are found by confusion matrix, and the system could do
the classification with them. But if the error of the classification cannot
be ignored, the system needs to do the second iteration so as to add sub-
centers for improving the classification. In this way, sub-centers can be
added until the performance goal is achieved. As shown in Figure 4,
after the pre-classification, there are 13 points incorrectly classified. In
the confusion matrix, 5 points of class A are misclassified into the class
B. Thus, a sub-center had to be added to deal with these five points,
which is shown as ‘sphere of A2’ in Figure 3. For the same reason,
‘spheres of B2, B3 and C2’ are determined by the no-empty items of the
no-diagonal of this confusion matrix. With these centers found in the
pre-classification, the classification result is improved and presented in
the matrix of ‘Tteration 1°. But there still remain 4 misclassified points,
because some points are influenced by the sub-centers of the other class.
For example, there are 3 points of class A close to the sub-center B3 in
Figure 3. That is why the item (1,2) of the confusion matrix Iteration 1
displays ‘3’. Thus, it needs to add a new sub-center of class A for these 3
points, as the sphere of A3. Finally, all the points are correctly classified
in the second iteration. All the items of no-diagonal of the confusion
matrix ‘Tteration 2’ are empty. In addition, the sphere of influence of
each center could be automatically defined as the distance between the
center and the farthest one among the points which are according the

Figure 2: Schema of SCM program flow.
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Figure 3: Schemas of SCM classification example.

confusion matrix element. Certainly, the spheres could be also man-
made or adjusted by some parameters.

However, it needs to emphasize that the diagonal of confusion
matrix is not considered any more after the pre-classification, because
the diagonal of the confusion matrix during the iteration represents the
corrected-detection results with all the precedent centers. If the system
still uses the diagonal to calculate new principal centers, it would cause
big problems of classification. For example in Figure 3, the points of
class B are distributed in three different zones. The system could not
combine the spheres of Bl, B2 and B3 into only one sphere, though
they are correctly classified at the ‘Tteration 1’. The spheres of B2 and
B3 are ‘enclaves’ of class B. If they are forced to be fused, the points of
classes A and C, which are distributed between the three zones of class
B, would be misclassified, and the sub-centers found in previous steps
would be meaningless. So the rules of research of sub-centers after the
pre-classification could be concluded as Formula 4.

3 Confusion Matrix M k,

During kst classification,k=2,3...,n

Sub — centerse Mk,i=j,Vi,j=1,2,3,...,n (4)
True centers and pseudo-centers

In general case, a center of a class is calculated from the average of
the coordinates of the points in the class. In SCM, the centers cannot
be considered as the averages. Pseudo-centers might appear during the
learning if the system only uses the averages. As illustrated in Figure 3:
the real average of all the points of class A is located in the sphere of
B1, not in the sphere of class A. This point is called as pseudo-center of
class A (PA). If the system considers PA as the center of A, some points
of class B would be certainly misclassified into the class A, because
they are too close to PA. In fact, this center is only a production of
average, not a true point. Thus, after the calculation of the average, the
system has to find a true point (A’) of class A, which is the nearest one
(belonging to class A) to (PA). (A’) is a temporal center. The system
needs to find (A1) from (A’), and (A1) is located at heartland of this
data zone. Normally, data are more densely populated at the heartland,
thus the distances between the data here are shorter than the distances
between the data around the periphery. Therefore, beginning with the
point (A’), the system finds the nearest point (A”) to (A’), then finds
the nearest point (A1) to (A”). From the point (A1), the system finds

the nearest point of (A1) is back to (A”), thus the system considers the
point (A1) as a true center of class A. At the next iteration, the system
would find another true center A2 for the points at left below in Figure 3.

Elimination of redundant centers by cross validation

In fact according to theory, SCM can get 100% corrected detection
of the training data. When there is a special point which is isolated and
far away from the centers, it could be considered as a center for itself,
as the centers B3 and B4 in Figure 3. Thus, redundant centers might
appear, and lead to over- fitting: the model fits the training set perfectly,
but it can’t be generalized at all to new data. It is a phenomenon
frequently happening in machine learning, such as neural network
and SVM. Whereas it is possible that the system is already over fitting,
the method Cross Validation (CV) is needed to avoid this problem
[25]. As shown in Figure 5, the corrected detection depends on the
amount of centers. According to theory, more centers bring more
correct classification. Although 100% corrected detection (CD) could
be gained with the training data at the end of learning, it cannot assure
a high CD of the test-data. Normally the CD of the test-data would
decrease after a threshold because of the over-fitting. Figure 5 shows an
example of SCM cross validation on Wisconsin Breast Cancer Dataset.
SCM seeks out a part of data as training samples and another part as
test data. These training samples are randomly partitioned into k sub-
samples of equal size (k is 3 here). Then, a single sub-sample is retained
as the validation data for testing the model, and the remaining k - 1
sub-sample are used as training data. The cross-validation process is
then repeated k times, with each of the k sub-samples used exactly as
the validation data. The k resulting from the folds can then be averaged
to produce a single estimation. Finally, the system finds 55 centers in
total. According to the different number of centers, the system tests the
centers with the training samples and the test samples. It is clear that
the CD on training data rises to 100% with all the centers. But the CD
on test data decreases from the 21st center. It means the over fitting
appeared. Thus, the system selects 20 centers rather than 55 centers at
last to form the model. The rest 35 centers are considered as redundant
centers and eliminated.

Prognosis system and visualization of the dysfunctional mod-
els map

In a general way, the majority of prognosis systems are based on
regression methods, like stepwise logistic regression [26], Kalman filter
[27], Regression Linear [28], Neural Network [29], Support Vector
Regression (SVR) [30]. But sometimes these regression tools are not
very suitable for the forecasting case. At first, in the prognosis case, the
symptoms are not easily perceived. Normally, more attributes of bio-
information collected and analyzed, the prognosis result would be more
affirmed and convinced. It is not easy to find the correct linear relation
among a mass of attributes. Second, the linear relation does not exist
sometimes. The same disease might have different phenotypes, some of
them are undetectable. As an example shown in Figure 6, each situation
of cancer might have three phenotypes which are presented as the
centers and their influence sphere. It is difficult to find any regression
relation between the three phenotypes of the same cancer. On contrary,
SCM could resolve these problems. On the basis of the result of

SCM training, the system could draw a map of all the dysfunctional
models, whether the relation of the data is linear or not. In addition
to this, with the help of PCA or LDA, the system can reduce the high
dimensionality. With the two or three principal components via PCA
or LDA, the system could easily visualize the map in 2D or 3D. It can
visually explain the progress of the disease and we can intuitively
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Figure 4: Schema of SCM classification process with confusion matrix.

Figure 5: Schemas of cutting the centres by cross validation.

Figure 6: Schemas of prognosis principal of SCM and topological spaces.

understand the prognosis results. As the example shown in Figure 6,
there are three situations to study: Normal Situation, Cancer Situation
1 and Cancer Situation 2. After the machine training, each class finds
three centers. The data collected from the periodic physical examination

can be drawn at this map, as the cloud of data. Based on the physical
examinations of different period, the system can find the evolution of
data. As the example shown, if the cloud of data moves to some center
of cancer situation, it means this risk situation occurs with higher
possibility later. In this case, the prognosis system would send an alarm
to the doctor, so as to prevent it. In fact, the system would calculate the
mean distance or the minimum distance between the cloud of data and
each center, and infer the prognosis conclusion.

In order to obtain results in form of probability, the system
could calculate the probability of each situation occurrence from the
distances measured from the sample data to each situation center.
As shown in Equation 5, there are n situations considered. P, is the
probability of situation i occurrence, the distance from sample data
to the center of situation i is d. The sum of all the probabilities of all
situations occurrences is 1. It should be noted that the probability of
occurrence could be calculated by mathematic model, for example
Gaussian model. SCM offers the centers and the variances which are
indispensable in Gaussian model. But not all the data distribute as the
form of Gaussian. It is simple and clear to use distances to calculate the
probability of occurrence which is applied in this paper.

)

Detection of unknown situation with topological space

The performance of the system largely depends on the reliability of
the training data. Nevertheless, there are not all-embracing data. From
time to time, new virus or cancer situation appears, new phenotype
appears and new disease appears. It is difficult to find these new risks in
time, let alone forecast them. Thus, an intelligence system is expected
to have the ability to detect the unknown situations. In order to achieve
this, topological s- pace is introduced [31]. As the example shown in
Figure 6, the whole space is regularly divided into 54 sub-spaces. The
highlight areas mean that the training data appeared in these sub-spaces.
The gray areas are strange. Certainly, the points which appear in gray
areas can be classified by comparison of distance. Nevertheless, if they
appear in some area in high frequency, it might be an important signal,
which contains some hidden information. It may be a new situation or
phenotype of cancer. However, it is meaningful and noteworthy.

If 3K :d, > max(d;)* A,then K €{unknown} (6)
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As shown in Equation 6, if the distance (d,) from sample (K) data
to centers of situation known is farther than the maximum of distances
(d) which were saved during the machine learning, the sample (K)
should be considered in an unknown zone. X is a multiple factor, which
could adjust the boundary of zone known. In general, A is considered
as 1. If the machine learning is based on small samples, it might lead
to the deficiency of learning. Thus A could be adjusted as a parameter
>1, which can amplify the boundary of zone known. On contrary, if
it might occur over-fitting, then A could be adjusted as a parameter
between (0, 1), which can give up some ‘enclaves’ of centers, so as to
reduce the over-fitting. After the judge of Equation 6, the decision
system would make a report to the user, so as to analyze its nature. All
the process can be done during the test, therefore the system is semi-
supervised. It can update itself during the test without any supervisor.

Material and Application

Wisconsin Breast Cancer Dataset consists of 569 samples in total.
For each sample, there are thirty characteristics derived and described
as radius, perimeter, area, compactness, smoothness, concavity,
concave points, symmetry, fractal dimension and texture [32]. In order
to verify the robustness of SCM, the dataset were divided into 9 groups
randomly according to different proportion of training data and test
data. As shown in Figure 7, from 10% to 90%, different proportion of
data were selected for the training in the different groups, the system
tests the rest of data. In addition, for each group, the test would be
repeated for 50 times. The selection of training data for each test was
random. Therefore, there was (50 x 9) 450 times of test in total. At last,
the system would calculate the mean and the variance of each group
test. Thus, the performance of SCM would be shown from the small
samples of training to relative large samples of training.

In order to confirm the classification capacity of SCM, two different
series comparison tests were made as shown in Figure 7. One was to
compare SCM with SVM, where SCM uses targets of training data
to find the principle centers in the pre-classification; the other was
to compare SCM with LDA, where SCM use discriminant analysis to
find the principle centers in the pre-classification. As a well-known
method, SVM was already used to diagnosis this database and gave a
good accuracy [33]. It is necessary to confirm that if SCM could work
as well as SVM. Another raison to do this comparison test is that SVM
generally combine PCA for the sake of reduction of the high dimension
of data, so SCM does. It would be interesting to compare them by
using the same pretreatment of data. Thanks to PCA, three principal
components were instead of 30 original vectors to do the test. The sum
of variance explained about the three principal components was about
72.63%, which is shown in Figure 8a. In addition, it should be noted
that the effectiveness of SVM depends on the selection of kernel, the
kernel’s parameters, and soft margin parameter C. A common choice
Gaussian kernel was used in SVM here, which has a single parameter
yin&(x,xp)=exp(- || ;— ;I). The best combination of C and y were
selected by a grid search with exponentially growing sequences C € 23,
272,..,2,2%andy€ 279,27, . ..,24, 2%

Atlast, the best combination C =1 and y = 0.1 were taken to be used
in the comparison test with SCM. The second series of tests were to
compare SCM with LDA. SCM would use LDA as a pretreatment tool.
Except for PCA, SCM can also use discriminant analysis to accomplish
the data pretreatment. As shown in Figure 9a, 5 principal vectors via
LDA were selected for the sake of reducing the dimension of data. It is
clearly that the ratio of correct detection arrived at gentle zones from
the 5st vector. This is a small test to find how many vectors via LDA are
appropriate, neither more nor less. Indeed, the correct detection ratio

could be increased with more vectors, but it would spend more time on
calculation. After the step of reduction of data dimension, SCM would
aid the LDA to analyze and classify the data. Normally, LDA uses linear
regression (LR) methods to classify the data. But not all the data have
obvious regression relation; they might be distributed in some isolated
zones as the example in Figure 3. Thus, SCM would be used here to find
the enclaves. At last, the diagnosis results of the cooperation ‘LR+SCM’
would be compared with the results of the system ‘LR’ independent.

Based on the diagnosis model, which was formed during the
machine learning, the system would forecast the risk of future for
the patients with benign tumors. The probability of risk would be
evaluated by the distances from their data to the malignant centers and
shown in a table. If the data is far away from the zones known where
are determined by the spheres of centers, the prognosis system would
consider it as a case unknown and make a report. In addition, the time
training would be compared among the different systems.

Results

The comparison between SCM and SVM is shown in Figure 8b.
On basis of different proportions of the training data, the mean and
variance of the correct detection ratio of the two methods are presented.
Firstly, the well- known method - SVM confirmed the availability of
the new method - SCM. The means of correct detection ratios by SCM
varied form 91.4% to 95.6%, it showed a little better than SVM (86.4%
- 92.5%). From the view of the means, SCM had 2% to 3% advantage;
from the view of the variance, SCM variance interval (1.9% - 3.1%) was
a little smaller than SVM (2.1% - 4.86%), so the performance of SCM
was more stable. Secondly, the behavior of the correct detection (CD)
ratios reveals the robustness of SCM. Even if there were only 10% data
for the training and 90% data for the test, the CD ratios of the tests
stayed around 87% in SVM and 91% in SCM. The comparison between
‘LDA + SCM’ and LDA is shown in Figure 9b. Obviously, the regression
method was not quit sensitive to the proportion of training data. The
CD ratio stayed around at 90% - 92.5% for every proportion of training
data. On contrary, SCM was sensitive to the proportion of training data.
The mean of CD ratios was increased with more training data, from
92.4% (with the data set which contained 10% training data) to 96.93%
(with the data set which contained 90% training data). Consequently,
SCM made the CD ratios to increase 1% to 5%. It demonstrated that
SCM worked well as a complement system for LDA to improve the
diagnosis results. In addition, the variances of 'SCM+LDA’ system
(1.9% - 3.2%) were smaller than LDA system (2.7% - 4.9%). In another
word, the LDA system became more stable with SCM.

Figure 7: Schemas of the comparison steps A- SCM vs. SVM; B- SCM vs. LDA.
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Figure 8: A: Principal component analysis on database. B: SCM vs SVM on correction detection ratio according to the proportion of training data with 3 principal

vectors via PCA.

Figure 9: A: Ratio of correct detection according to number of vectors via LDA. B: SCM vs. LDA on correction detection ratio according to the proportion of training

data (with 5 first vectors via LDA).

Some examples of prognosis results are shown in Table 1. Although
the tumors in 357 patients are benign, the tumors have the risk to
become malignant. Thus the patients need to be supervised and taken
care of carefully. SCM could take out results of distances to Benign
and to Malignant, which could be used to forecast the probability of
malignant risk. In Table 1, the first column is the id of patients which
are benign in the targets and in the diagnosis results. There are 11
examples of patients presented in the table. The second column is the
distance between the samples data and the center of benign, and the
third column is the distance between the samples data and the center
of malignant. Obviously, the samples data are close to Benign than to
Malignant, but there are some signals of dangerous. The fourth column
presents the probabilities of cancer occurrence, which was calculated
by Equation 5 explicated in Section 2. For example, the patients ID
8510426 and ID 861853. They had more than 40% probability to be
transformed to malignant according to the prognosis results. It is
important to note that the probability here is relative. For example,
although the distance to malignant of patient ID 8510653 (distance =
2.6155) was smaller than ID 8510426 (distance = 3.1994), patient (ID
8510653) had no risk of malignant. Because his data was much more
close to benign, even at the center of benign class.

Obviously, when the patient data are were from the centers, the
uncertainty becomes more important. Thus the risk was raised. During
the machine learning, the maximum of distances saved was 5.6934
to benign center and 6.1816 to malignant. As shown in Table 2, there
were three patients whose data was too far to the centers. As a result,
the situations of the three patients were considered as unknown, the
system SCM sent out a report to warm the users (clinician). These
calculated results are valuable to aid the clinicians to monitor the
patient’s condition and discover unknown condition. The probabilities
of risk are quantitative indicators. They are easy to be understood by
clinicians who are not data miner. The final decision or diagnosis report
is made by clinicians. With a normal computer (Inter(R) Core(TM) i3
CPU 2.27GHz and RAM 4.0G), SVM needed 2160 seconds to complete
the whole training (540 times running - 50 times random selections of
data x 9 data sets of different proportions of training data) and LDA
independent system cost 966 seconds. But SCM needed 6640 seconds
to accomplish the training.

Discussion

SCM is a flexible method. It can be either combined with PCA or
LDA, which can reduce the dimension of data and make a visualization
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ID D to Benign D to Malignant Risk
8510426 2.5428 3.1994 44.28%
8510653 0.0000 2.6155 0.00%
857373 1.6665 2.6661 38.46%
8610908 0.9878 2.3273 29.80%
8612080 1.9527 3.0430 39.09%
861597 0.0000 2.1852 0.00%
861598 2.3861 3.6812 39.33%
861648 0.0000 2.2334 0.00%
861853 2.0836 2.9106 41.72%
862009 1.2492 2.2688 35.51%

D: Distance.

Table 1: Risk prognosis of transformation to Malignant.

ID D to Benign D to Malignant Report
8710441 13.1465 17.8973 unknown
89143602 7.9523 9.1428 unknown
894047 8.0938 8.5146 unknown

D: Distance

Table 2: Detection of unknown situation.

of data with the principal vectors. In fact, LDA is not really a tool of data
compression. It includes label information of the data and maximally
separates the distribution of different classes in the new feature space.
Its principle is to maximize the ratio of between class variance to the
within class variance in any particular data set thereby guaranteeing
maximal separability [34]. It means that SCM could work in the new
feature space of LDA to accomplish the classification, where is already
maximally separated the data of different classes.

On contrary PCA does not include label information of the data, it
makes a good dimensionality reduction. But it cannot consider that it
is less useful for classification [35]. It remains the main characteristics
in a low-dimensions feature space. SVM and SCM accomplished the
classification on this feature space and the best precision given was
about 95%, in which case we used 50% of data for machine learning
and test the others.

According to the diagnosis results with the comparison with SVM
and LDA, SCM was confirmed by the test of Wisconsin breast cancer
data. As presented in [36], SCM was also confirmed in the test of fault
diagnosis and prognosis for aircraft, which is a huge dataset included
more that millions flight records. Thus, SCM is a practical method to
diagnosis and prognosis different types and different volume of data.

In the prognosis results, although the probabilities of malignant
risk in future for the patients, who actually have benign tumor, are
taken out clearly, there isn’t any record of these patients in the database
to confirm the prognosis results. But at least, the prognosis results can
propose the doctors to pay attention to the patients who have a great
probability of malignant risk. The report of distances to malignant and
to benign clearly shows the breast healthy map of each patient. Doctors
can monitor the distances to evaluate the situation of patient.

At last, SCM costs much more time on machine learning. As a
novel method, it could not roundly surpass the classic method which
is used for several decades. However, it needs time to develop and
improve. On contrary, one advantage of SCM must be pointed here. If
there are some new data, for example new phenomenon of the disease
appears, SCM does not need to relearn the total database. It could be
trained only by the new data and add the new centers in the map. Thus,
although it costs more time on the first machine learning, it saves much

more time if the system needs to add new rules in order to deal with
new cases. As in the tests, the system used only 10% of data for machine
learning and built the model at the first step. If the system needs to
learn 10% data to improve itself, it doesn’t need to relearn the previous
10% data. It can find the new centers from new data, and fuse them into
old centers if they are too close.

Conclusion and Perspectives

The aim of this paper is to introduce a novel diagnosis and
prognosis method SCM, which can be used for both complex system,
and medical system. In the last section, SCM has shown the robust and
advantages from the comparisons with SVM and LDA. SCM can work
independently as well as a complement system for other classification
systems. The diagnosis results of the tests on the data set “Wisconsin
Brest Cancer Data” have shown a good performance of SCM in the
comparisons with SVM and LDA. In fact, SCM can not only make a
diagnosis, but also a prediction of disease with a healthy map, which
was made during the machine learning. Based on this map, the risk
probability of malignant in future is presented in the prognosis report.
In addition, this map is possible to be visualized on 2D or 3D, which is
intuitive and useful to study the disease progresses.

As a novel artificial intelligent method, SCM has many rooms for
improvement and it is worthy of further investigation. At first, Kernel
Methods (KMs) can be combined in the system. KMs approach the
problem by mapping the data into a high dimensional feature space,
where each coordinate corresponds to one feature of the data items
[37], transforming the data into a set of points in a Euclidean space
[38]. In this new feature, the data might be classified more easily.
In SCM, KMs can be used in two places: one is in LDA, which can
combine KMs and manipulate LDA in a new feature space; the other
is about calculation of the distances between the centers and data in
algorithm of SCM. Secondly, the pre-classification can be done with
other methods, like classification tree [39] or neural networks. Finally,
there are many topological spaces forms to choose. On basis of the
different database, a suited topological form could be used to improve
the utilization of space.
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