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METHOD FOR MULTE-LAYER CLASSIFIER
BACKGROUND OF THE INVENTION

1.Field of the lnvention

The present invention relates to a method for multi-layer classifier
and, more particularty, to a method for classifier, which can be used to built
a multi-layer discriminant analysis model, and determine attributes and
cut-points.
2.Description of Related Art

Classification methods are widely applied in various fields. For
example, in the financial industry, the classification method can be used for
predicting the probability of exerting irrecoverable loans when examining on
an applicant for credit cards. In the medical practice, the classification
method can be used for determining whether the tissue is normal or not.
Furthermore, in the marketing research, the classification method can
determine whether the marketing strategy can attract consumers’ attention
and increase consumption of goods or not. Hence, the classification methods
piay an important role in the research on data mining.

Among ali of the classification methods, proper attributes must be
selected to build a classification model. During the process of classification
model building, the data are classified into two groups, wherein one group
consists of raining samples, and the other group consists of independent test
samples. In addition, the training samples are used to build a classification
model, and the independent test samples are used to verify the robustness of
the classification medel.

Currently, there are two kinds of common classification methods. One

method is Fisher linear diseriminant analysis (FLD), and the other one is
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classification and regression trees (CART). However, since parts of
attributes can only be used to determine specific classes, the accuracy of the
aforementioned classification method is decreased. The accuracy is probably
decreased because of different combination of attributes selection, and lacks

of evaluating a performance of the discriminant analysis model,

Hence, it is desirable to provide a novel method for multi-layer
classifier to solve the aforementioned problems.

SUMMARY OF THE INVENTION

The object of the present invention is to provide a method for
multi-layer classifier, which classifies the samples into 1 or 2 classes in each
faver by selecting one or two cut-points. Furthermore, a2 linear combination
of multiple attributes by the Fisher linear discriminant analysis can be used
at each layer.

To achieve the object, the present invention provides a method for
multi-layer classifier, applying on a computer readable medium for
classifying multiple image samples including a processor, an input device,
and a storage device, the method at least comprising the following steps:

(a) receiving a plurality of samples;

{(b) providing a plurality of attributes, and evaluating a significance
of the samples to the attributes by a selection criterion;

{c) selecting at least one cut-point to establish a discriminant
analysis model, which is established by providing a criterion to determine
the at least one cut-point in one of the samples which is significant

according to the step (b), and classifying the samples into at least one class,
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wherein the at least one class comprises a first class (Node,), a second class
(Nodeg), and an undefined third class (Nodey);

(d) proceeding a step of evaluating a performance of the
discriminant analysis model when adding the attributes into the
discriminant analysis model, wherein the discriminant analysis model
further classifies into a next layer when the performance of the discriminant
analysis model is improved by adding the attributes, and the next layer of
the discriminant analysis model is established by providing the criterion to
determine the at least one cut-point of the samples which is significant
according to the added attributes, and continuously classifying the samples
into the first class (Node,), second class (Nodeg), and undefined third class
(Nodey); and

{e) providing a stop criterion, in which the discriminant anatysis
model stops classifying into the next layer when there is no significant
attributes can be found at next layer; or in which the discriminant analysis
mode! stops classifying into the next layer when proceeding the step of
evaluating the performance of the discriminant analysis modsl cannot be
improved by adding the attributes to the discriminant analysis model under
a condition of a rejected null hypothesis.

The present invention also provides a computer readable medium
for classifying multiple image samples, which storing a program to classify
the multiple image samples by performing the method for multi-laver
classifier therein, the computer readable medium including & processor, an

input device, and a storage device,

(R4
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The method for multi-layer classifier of the present invention,
wherein the number of the samples of the undefined third class (Nodey) is
zero in the last layer of the discriminant analysis model when adding the
stop criterion. That is, the final result of the multi-layer classifier, all of the
samples must be classified into the first class (Node,) and/or the second
class (Nodeg}.

The method for multi-layer classifier of the present invention, the
attribute selection criterion preferably 1s, Wilk’s lambda or Gini index, but
not limited thereto. The atiributes preferably are, ringPDVimax,
VeinCentralVimin, VeinTDCentralVimax, TDVimax, CI, RMV, CIZ,
MCI3, or MI2, but not limited thereto. The criterion to determine at least
one cut-point preferably is, Gini index, Mahalanobis distance, or Youden’s
Index, but not limited thereto. The regression analysis preferably comprises,
but not limited to, a partial F-test of a forward selection method. In addition,
the step of evaluating the performance is based on a p-value caleutated from
a F-statistic, or 1s determined by a impurity criterion;

wherein the F-statistic represents as the following equation:

n-p-1 1-A

( A )N pa—p-l

1]

F=

wherein n is the sample size, p is the number of attributes, and A is Wilk’s

iambda (see EQ-1); and

the impurity criterion represents as the following equation:

N, xGini(t, )+ N,, x Gini{t,, )+ N, x Gini(t, )
(N, +N,, +N,)

4

Impurity =
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wherein Nj 15 the sample size of Node,, Ny 18 the sample size of Nodey, Ny
is the sample size of Nodeg, t; 18 the gmi value in Node,, ty is the gini value
in Nodey, and tg 1s the gini value in Nodeg.

| The method or multi-iayer classifier of the present invention,
wherein the step of evaluating the performance further comprises the
foliowing considerations:

(1) adding the attributes into the same layver of the discriminant
analysis model established by the step (¢), so that tmproves the differential
power of the same layer of the discriminant analysis model; (2) adding the
attributes into the undefined third class (Nodey) and creating a layer for
establishing a model, the model continuously classifies the samples into the
first class (Nodey ), second class {Nodeg), and undefined third class (Nodey)
by providing the criterion to determine the at least one cut-pomt of the
residual samples; (3) defining the first class (INode, ) as an undefined class,
and then adding the attributes into the combination of the first class (Node )
and undefined third class (Nodey) and creating a layer for establishing a
model, the model contimuously classifies nto the first class (Node,),
second class (Nodep), and undefined third class (MNodey} by providing the
criterion to determine the at least one cut-point of the residual samples; or
(4) defining the second class (Nodeg) as an undefined class, and then adding
the attributes into the combination of the second class (Nodep) and
undefined third class (Nodey) and creating a layer for establishing a modei,
the model continuously groups nto the first class (Node,), second class

{Nodeg), and undefined third class (Nodey) by providing the criterion to

5
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- determine the at least one cuf-point of the residual sampies.

The present invention provides a new classification method as
aforementioned, which has a mode! similar to the classification and
regression trees (CART), splitting the samples Zeiyer by laver. The
difference between the model of the present invention and CART is that the
model classifies the samples into 1 or Z classes in each layer and the
unclassified samples left over to next laver for further classification. In
addition, a linear combination of multiple attributes by the Fisher linear
discriminant analysis can be used as the classifier at each fayer. In order to
construct the classifier method, the present invertion provides a systematic
methodology to select relevant attributes and proper cut-points. Adding the
attributes into the mode! will be evaluated by the full model’s performance
to decide whether the model grows or not. To avoid the over-fitting probiem,
the present mvention proposes a stopping criterion. Furthermore, the
present invention also provides a method for selecting the attributes and
deciding the cut-points. Therefore, the present invention can Improve the
accuracy of the method for classifier.

Other objects, advantages, and nove!l features of the mnvention will
become more apparent from the following detailed description when taken
In conjunction with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1a is a flow chart of the multi-layer discriminant analysis
method of the present invention;

FIG. 1b is a scheme of a multi-layer discriminant analysis mode

6
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established by the multi-layer discriminant analysis method of the present
invention;

FIG. 2 1s a scheme of 2 computer readable medium;

FIG 3 is a scheme of selecting cut-points based on Gini index
according to one preferable embodiment of the present invention;,

FIG. 4ato 4b are schemes of correcting the Mahalanobis distance by
using Gini index of the present invention;

FIG 5 is a scheme of the four cases for evaluating the model
performance;

FIG. 6 is a detailed flow chart of the multi-laver discriminant
analysis method of the present mvention;

FIG. 7a to 7d are schemes of the embodiment | of the present
invention;

FIG. 8a to 8¢ are schemes of the embodiment 2 of the present
invention;

FIG. 9a 10 9d are schemes of the embodiment 3 of the present
invention;

FIG. 10a to 10c are schemes of the embodiment 4 of the present
invention; and

FIG. 11a to 11d are schemes of the embodiment 5 of the present
inventiorn.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT
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Tig. 2 shows a schematic graph of a computer readable medium for
executing the mulfi-layer discriminant analysis method of the present
mvention.

As shown i Fig.2, the computer readable medium 1 comprises a
display device 13, a processor 12, a memory 11, an input device 14, and a
storage device 15. The input device 14 is used for the input of the data such
as image, words characters, and commands to the computer readable
medium. The storage device [5 may be a hard disc, an optical disk drive, ora
remote database connected by Internet and is used for system programs,
application programs, and user’s data information storage. The memory 11
is used for temporarily data storage or program execution. The processor 12
is used for calculation and data processing. The display device 13 is used for
output data dispiaying.

The execution of various application programs such as a document
processing program, a graphics program, a science operation program, a
browser, or electronic mail software in: the computer readable medium
shown in Fig.2 may be progressed under an operating system. In the present
example, the program for executing the multi-layer discriminant analysis
method is firstly stored in the storage device 15, and the program is then
loaded to the memory 11 when the multi-layer discriminant analysis mathod
begins to be executed by the processor 12 of the computer readable medium.
Finally, the resulted discriminated data is displayed on the display device 13
or is stored in a remote database.

Reference with Fig. la, a processing flow chart of the multi-layer
discriminant analysis method of the present invention is shown. Also, a
discriminant analysis model constructed from the discriminant analysis
method shown in Fig. la is shown in Fig. 1b. The discriminant analysis

model of the present invention has a continuous data discrimination
8
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processing structure as a conventional discriminant tree does. However,
according to the present invention, the discrimination is made either on part
of the samples or on the whole samples at each layer, in which the
discriminated ciass {Node, or Nodeg) and the samples thereof will not enter
the next layer but only the un-discriminated class (Nodey) and the sample
thereof will enter the next layer, and subseguently the un-discriminated class
(Nodey) that entered the next laver will be discriminated with a new atribute.
In the present invention, single class or two classes may be ciassified from
the discrimination at each layer. If only single class is obtained from the
discrimination at a layer, only single cut-point is determined for two parts
division, in which one part remains at the present layer and the other part
enters the next layer. If two classes are obtained from the discrimination at a
layer, two cut-points are required for three parts division, in which one part
is named the first class (Node,), another part is named the second class
(Nodeg), and the other un-discriminated part is named the third class
(Nodey). When a new attribute is added to the discriminant model, it can be
progressed by adding and combining the new attribute with the attribute for
increasing the discriminant accuracy at the layer, or by adding the new
atiribute ic the next layver for discriminating the un-discriminated sampiles.
New attributes are continuously added to the model until a stop criterion is
satisfied.

Hereafter, the multi-layer discnmuinant analysis method and a
discriminant analysis model constructed from the same of the present
imvention will be described in detail.

A plarality of sample is provided first, and an atiribute is determined
from a plurality of attributes depends on the significance obtained from the
discrimination of the sample. Preferably, an attribuiz with the highest

significance is chosen. Then, after the significance evaluation, af least one
9
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cut-point is provided from the criterion to determine at least one cut-point for
determine of the belonging class (Node,, Nodeg, or Nodey) of the sample or
determine of the sample being forward to the next layer. Therefore, the
selection of the attribute and the cut-point is eritical to the present invention.
Model performance evaluation then proceeds by adding the attributes to the
model and subsequently following with processing of significance
evaluation. For example, an attribute is added 1o the original discriminant
analysis model and followed by the data processing with the Fisher linear
discriminant Analysis (FLD), or another layer is added to the model.
{Selection nf attribute and selection criterion]

RingPDVImax, VeinCentral Vimin, VeinTDCentral Vimax,
TDVImax, CI, RMV, CI2, MCI3, or MI2 may be usad as the atiribute. As for
the selection criterion, two rules can be used for attribute selection, one is
Will’s lambda that is usually applied to verify the difference between
classes mean in a multi-variant statistical method, the other one is Gini index
usually used as a measurement of impurity in the discriminant tree.

Wilk’s tlambda
~N (¢ . Zhk=12,..,¢g

o

Assume there are g classes, p attributes, and *i

jﬁ'u CHTER, E L EH,
(4, 1 H, 15 not true , wherein Hg is the null hypothesis, H, is the
alternative hypothesis, and U | is the mean of class k.

Wilk's lambda : _ EW% 1

LI
CB+W! [FWOUBl H 1+ A

L EQD
wherein W is the within classes covariance matrix; B is the between ciasses
covariance matrix; I is identity matrix, and

10



% is the eigenvalue of W'B |
If Hu is true, A follows F-distribution (EQ-2) after transformation

test statistic

F=iXm g
J; m} 14780
l z [ gt zm
v=A*, . ;S(G E}‘? 4
pr{g-1 =5
m = p(g-1), mz=5[ﬁ—(p~g+2}/2}..£(§ﬁlﬁ
2 (EQ-2)

5 When P2Lg=2 s=l.m=p, mgtn—p——}a? and F-statistic can

be reduced to
. n-p-1 1-A
Fx P ( }w pp—p-l
p A

Wilk’s lambda can also be transfer to chi-square (¥ 2 ) distribution.

10 F-statistic is preferred when classes number is small. Herein, F-statistic is
used because only two classes are preferably taken for the muhi-layer
discriminant analysis.

The p-values calculated from the above F-statistic represent the
differences between the classes mean of the awributes, whereas the

15  between-classes has a high significance when the p-value is small. Hence, an
attribute with the highest significance can be chosen by comparing the
p-values thereof.

Gint Indey
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A discrimination rule is required to evaluate the efficiency of the
attribute and the cut-point because preferred or most preferred atribute and
cut-point are demanded at each discrimination step. Gini index is a
commonly used discrimination rule, which represents the evaluation of
impurity, and therefore a small Gini index is preferable herein. Gini index 1s
obtained from the combination of an atiribute and a corresponding cut-point,
in which a preferred cut-point can be found from 2 selected aturibute.
Therefore, the selection of the variable can be carried out by comparing the
Gini mdexes of each combination of an awmribute and 2 corresponded
cut-point first and subsequently following with choosing a most preferred

attribute and cut-point in the discrimination.

The Gini Index should be:
Gini(r) =3 Pi|DHP(ji6)
g (BQ-4};

the impurity is represented as

e .. i ..

—£ Gini(t, y+—2 Gini(z, )
N N ;

wherein

1 is Node,, Nodey or Nodeg;

Piiir) represents the conditional probability of i in Node,;

Pt
11 represents the conditional probability of 7 in Node,;

n; represents the number of the sample at the left side of the cut-point t;

ng represents the number of the sample at the right side of the cut-point t; and

N=ny+n; , N represents the total number of the sample

In a conventional discriminant tree method, division comprising
single cut~point for two parts is proceeding at each layer. In the contrast, two

12
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cut-points are required at each layer in the present invention, and therefore
the tmpurity can be represented as:
N, xGini(t, )+ N, x Gini(t , )+ N, x Gini(t )

(N, + N+ ) (BQ-5)

Impurity =

In the present invention, an attribute with a minimum impurity can be
obtained by comparing each impurity of the combinations of attributes and
the corresponded cut-points.

When a new attribute is added to the same layer, the Impurity can be
calculated from the discriminant efficiency of the combination of the new
attribute with the original attribute by the FLID, Therefore, an attribute with
the lowest impurity is obtained.

IThe selection of cut-point]

in the present invention, three methods are available for the selection
of cut-point, which comprises Gini index, Mahalanobis distance, and
Youden's Index.

Gini Index

During the selection of attributes, a couple of cut-points is required for
each attribute to obtain its impurity, and therefore a method is required to
find out the couple of cut-pomts with minimal impurity. However, In a
discriminant tree method, since only single cut-point is used, each possible
cut-point can be tested for the impurity calculation to find a proper cui-pomt
having minimal impurity. For example, if a sample size of N is provided,
there exist N kinds of possible cut-points waiting for testing while a single
cut-point 15 required for a two classes division, Alternatively, N (N-1)/2
kinds of possible cut-points should be tested when a couple of cut-points is
required for a three classes division. However, when the sample sizes goes
very large, the process of cut-points searching will take a very large effort

and very long time for completion. In contrast, the present invention
13
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problem illustrated above.

First, a cut-point (¢, ) that divides the sample into two classes (Node,,
and Nodey} having minimal impurity 15 found. Then, another cut-point (¢, )
in the Node, to divide the Node,, into two classes having nunimal impurity is
found, and aiso a cut-point (¢, ) in the Nodeg fo divide the Nodeg into two
classes having minimal impurity is founc. In this way, three cut-points, ¢,
¢,» and ,, are obtained as shown in Fig.3, and these three cut-points can be
combined mto three cut-poimnt sets, (¢,, ¢ ), {¢,, ¢}, and (¢, ¢ ). The

sample is classified into three classifies by these three cut-point sets, and the
impurity of each group is compared to reach a most favored cut-point set, in
which samples with high homogeneity are preferably placed in the same left
or right group. Therefore, some limitations should be set while searching for

the cut-point ¢, for the sample that is divided by ¢ and far from the
cut-point ¢, to have a higher impurity than the other sample does. Alse,
some limitations, for example, Gini(i,,) < Gini(t,,) Gini(ty,) < Ginity) s

should be set while searching for the cut-point &, Base on the above method,
only 2N times for searching the three cut-points (&, &, and &) and
following with comparing the three cut-point sets after determine of the three
cut-points should be taken.

Makalanobis distance

In the present invention, another method used for the cut-point

gelection is Mahalanobis distance. The difference between Mahalanobis

distance and the Buclidean distance is that not only consider the difference
from the sample to class mean, but also consider the distribution of each

class in the Mahalanobis distance. For example, in the case that the variance
14
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of class A is larger than that of class B, and the distribution of the class B is |
more concentrated than that of the class A, when the distance from the class
mean of the class A is the same as that to the class mean of the class B,
Mahalanobis distance from the sample to the class A is less than that to the
class B. Hence, this sampie 1s considered to be classified into the class A.
The application of Mahalanobis distance to the classification is

described in detail hereafter. First, when there are two classes, Mahalanobis

distance of a sample point x from class A is defined as:

DA(x)——*x/{xmyA}TS:il{:CwyA') , and Mahalanobis distance of the

sample point x from a class B 15 defined as

B To-1. _ o 4l
Dylx)= ‘\f[{x'—"#b’> Splx—pip). p.= (ﬂA;.aﬂA:}»"'ﬂAp) is the mean of
the class A, and §, is the covariance matrix of the class A.
2 :(/Umﬁ ,uﬁz,-",ﬁlgp)is the mean of class B, and g, is the covariance

matrix of class B. Inthe case of D, {x} < D {x), the sample x is considered
to be classified into the class A; and in the case of D, (x)> D, (x), the

sample x is considered to be classified into the class B,
In a multi-layer discmiminant analysis model, plural samples are
classified m to three groups, 1.e. class A {Node,), class B (Nodey), and

undefined class (Nodey). Hence, the samples classified mto the class A
(D, (x) < D,(x)) are used to calculate a new set of 1, 4, S, ., and Sy,

and then the samples classified into the class A are calculated again with the

new set of means and variances to obtain the Mahalanobis distance:

Dy(x)= \/(x - ﬂAI)TS;;{x — ) , and Dy (x)= «\/{x =ty ) S5 (x piy) .
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In the case of Pa(¥) < Dy(x) , the sample x is considered to be classified

into the class A; and in the case of Dy(x) 5 Dglx) , the sample x is
considered to be classified nto the undefined class.

Stmilarly, the samples classified into the class B (D, (x) > D, (x) ) ars
used to calculate a new setof 4, u,,, S,, and 5, and then the samples

classified into the class B are calculated again with the new set of means and

vartances to obtain the Mahalanobis distance:

Dp(xy= (o= p15) S (2=t ) , and Dy () = (= gty ) 55 (5= pigs ) .
In the case of £ 42(%) > Dy (%) , the sample x is considered to be classified

into the class B; and in the case of £ (%) < Dy (%) , sample x is considered
to be classified into the undefined class.

In a muiti-layer discriminant analysis model of the present invention,
when Mahatanobis distance is used to seiect cut-points to classify the
samples into two classes, i.e. the class A and the class B. Then, the subset of
these two classes is used to select the desired cut-points. However, when the
subset of these two classes in & condition shown in FIG. 4a, the selection of
cut-points may decrease the accuracy of the undefined class. In order to
solve the problem that the uncertainty of the cut-points caused by the
extreme differsnces between the sample size of classes, Gini index can
further be used to correct Mahalanobis distance (as shown in FIG. 4b}. First,
Gini index is used to define a cut-point, and the samples are classified into
two sub-classes by thus cut-point. Then, the proportions of each class
contained in these two sub-classes are compared. When the proportion of the
class A contained in the lefi sub-class is larger than that contained in the right
sub-class, the samples contained in the right sub-class is removed. On the
contrary, when the proportion of the class A contained in the right sub-~class

16
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is larger than that contained in the left sub-class, the sampies contained in the
left sub-class is removed. Similarly, the proportions of the class B contained
in these two sub-classes are also compared in the same way, and the samples
contained in the sub-class with less proportion is removed. Finally, the
means and the variances of the remained sarmples of the classes A and B are
calculated again, and Mahalanobis distance corrected by Gini index is
obtained.

Youder’s Index

First, the definition of Youden's index is “Youden's index =
specificity + sensitivity — 17, wherein the “specificity” means the

proportion that the samples of the class A (benign) in plural samples
determined accurately, and the “sensitivity” means the proportion that the
samples of the class B (malignant) determined accurately. Hence, Youden's
mdex with high value would be preferred.

Herein, the method for selecting a cut-point is similar @ the method

using Girs index. First, all the poinis able w divide the sample it two
groups are calculated, and the poimt with maximum Youden's index, Lo, the
cut-point, ¢, 18 found. Then, the sampie 18 classified o Node, ani Node,
by using ¢ . Likewise, & new point with maximum Youden’s index, e the

EW  CUl-DOIN, ¢, » which can classify Node, ic twe groups is found

through similar computation. Subsequently, another new Youden’s index,

i.e. the cut-point ¢,» which can classify Node, Ito two groups, can be found.
In this way, three cut-points, ¢, ¢,. and ¢, are obtained, and these three
cut-peints can be combined into three cut-point sets, i.e. (¢, ¢ ) (¢ G

and (¢, ¢ ). The sample is classified into three groups by these three
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cut-point sets. By comparing Youdenr’s index of the three groups, a preferred
cut-point set can be obtained.

When the samiple is classified into three groups, the calculation of
specificity and sensitivity has to be correct since there is an undefined group.
The correction is shown as follow:

Specificity = (number of correct samples in the ciass A + §.5%number of
undefined samples in the class A)/number of total samples in the class A;
and
Sensifivity = (number of correct samples in the class B + 0.5%number of
undefined samples in the class B)/number of total samples in the class B.
Then, a cut-point set with maximum Youden’s index is selected.

[Evaluation of the model performance)

‘ In a multi-layer discriminant analysis model, when each attribute is
added inte the model, an evaluation is performed by the following four
different cases.

First, as shown in FIG. 5, a layer of the model consisting of x is
provided, and the sample is classified into three groups by x, . These three

groups are a class A { Node A_), a class B (Nodeg), and an undefined class

( Node,, 5
Case 1:

A new attribute % is added into the original layer, and is combined
with by use of FLD to increase the discrimination of the original layer.
Case 2: |

A new atiribute %, is added into the Nodey 1o build a model, and the
model is used to distinguish the sample, which cannot be distinguished by

the origmal layer.

Case 3:



10

15

20

The sample in No®¢, and the sample in N9« are combined, and the
combined sample is represented by Nodeu . The model consisting of 41 is
only used to differentiate the class B, Then, a new attribute 4+ is added into

Nodey: to build 2 new medel. Herein, the new model can be used to
distinguish the sample, which cannot be distinguished by the original layer.

Case 4:

The sample in Nodts | apd the sample in Nodey are combined, and the
combined sample is represented by Noden  The model consisting of 41 is
only used to differentiate the class A. Then, a new atfribute *» is added into

Nodegy,. to build a new model, Herein, the new model can be used to
distinguish the sample, which cannot be distinguished by the original layer,
[Stop criterion}

In a multi-layer discriminant analysis model of the present invention,
the stop criterion can be classified into two types. One type of the stop
criterion is to determine whether the undefined sample is kept on
classification or not. The other type of the stop eriterion is to determine
whether a new attribute 15 added into the original layer or not.

The discrimination, which is used to determine whether the undefined
sample iz kept on classification or not, can be performed by use of Wilk's
lambda mentioned in the attribute selection. If a null hypothesis is not
rejected, it means that an attribute, which can differentiate clagses
specifically, is found in the remained sampie.

The other type of the stop criterion is to determine whether a new
attribute is added into the original layer or not. The original model already
has some significant attributes. Hence, when a new attribute is added into the
original layer, the most important factor is to consider the variances

interpreted by the new added attribute, not to consider the significance of the
19
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entire model after adding the new attribute. Herein, the partial F-test used in
the forward selection of the regression analysis can be taken into reference.
According to the partial F-test, the difference between the original model
and the new model with an atiribute added therein is examined. If 2 null
hypothesis is rejected, it means that there is no significant modification after
a new attribute is added into the original model. In this case, this attribute
will not be added into the onginal model. The examined modsl 1s
represented by (E{-6):

H,:y=pf,+BX + X, (full model)

\Hy iy =B+ B X, (reduce model)

_ SSR(X,.X,)~SSR(X,) _SSE(X,,X,) SSR(X,|X,) SSE(X,X,)

F 0
dfy, —dfy df dfy — df; fr (EQ-6)

wherein, 95 is a degree of freedom of the full model; 9% is a degree of

freedom of the reduce model;
B ., B ., B ,are coefficients of variables; and

SSR represents explained sum of square and SSE represents residual sum of
square.
According to the forward selection of the regression analysis, the
mode] is represented by (EQ-7):
If a null hypothesis is rejected, it means that it does not have to add a new
attribute into the original model.
(H,:d=0X +a,X, (full model)
H i y=o X, (reduce model)
SN Xy S,(X))
Sp (X1, 4s) (EQ-7);
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wherein W 1 and W2 are coefficients of variables, Sy is between group

variability, and Sy is within group variability.

If the new added attribute is significant enough, & method for
evaluation of the model effectiveness has to be performed to compare the
effectiveness of the entire model before and after a new atiribute is therein
added. If the effectiveness of the enfire model is not improved after a new
atribute is therein added, the addition of new attribute is stopped. It should
be noted that, in the method for multi-layer classifier of the present invention
and the multi-layer discriminant analysis modei built by the method for
multi-layer classifier, the last layer of the model is forced to classify all
samples, and no undefined sample remains,

According to the aforementioned parameters and conditions, the
detailed flow chart using the multi-layer discriminant analysis model of the
present invention is shown i FIG. 6.

First, plural samples are provided (not shown in the figure), and the
most significant atiribute is selected by Wilk’s lambda or Gini index, Then,
this attribute 1s examined to find out whether it can discriminate each class or
not. If a null hypothesis is rejected, it means that this attribute has an
interpretation. After that, a best cut-point set in this attribute is found by use
of Mahalanobis distance or Gini index, and the samples are classified into a
first class {class A, Node,), a second class (class B, Nodegy), and an
undefined third class (Nodey). The sampiles in these three classes can be used
to evaluate the effectiveness of the model.

When & second atiribute 1s selected, the location where the second
attribute added therein has to be evaluated. The evaluation can be performed

by the aforementioned four cases: (case 1) finding the best atiribute and &
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cut-point after those combined with the original variances in the original
layer; (case 2} finding the most suitable atiribute and a cut-point from the
original undefined samples; (case 3) taking the class A into undefined
samples, and using the samples in the class A and the original undefined
samples to find the mest suitable attribute and cut-point; and {case 4) taking
the class B into undefined samples, and using the sample in the class B and
the original undefined samples to find the most suitable atribute and
cut-point.

After the attribute is selected into each case, the significance of each
case has to be examined by use of Wilk’s lambda. If a case is not considered
significant encugh, this case should be abandoned. Then, the
aforementioned evaluation of mode! performance is performed to evaluate
the model performance in each case. I the mode! using the case | has best
performance, the new attribute is added into the original layer. If the model
using the case 2 has best performance, the remained undefined sample in the
upper layer is used to build a new layer model. If the mode! using the case 3
or 4 has best performance, the class A or the class B in the upper layer is
taken into undefined, and all the remained undefined samples are used to
build a new layer model. In addition, the upper layer model is transferred to a
mode! with only one cut-point for determining the class A or the class B, and
not determining two classes in one layer. If a new atiribute is added into 2
model with n layers, n kinds of conditions are generated when the new
attribute is added into n layers. Furthermore, when the model is evaluated by
the cases 2, 3, and 4, there are n+3 kinds of conditions generated totally. If
the new variances generated in these nt+3 kinds of condition are not
significant, the model should be stopped. If several cases satisfy the
significant requirement, a case with best model performance is selected.

Then, an evaluation is performed on the entire model after an attribute is
22
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added info the selected case, to check whether the model performance is
improved or not. If the model performance is not improved, the step of
adding new attributes is stopped. If the model performance is improved, new
attributes are kept on adding into the model, until the performance of the
model cannot be improved by adding new attributes.

In conclusion, the present invention provides a method for selecting
attributes systemically, based on a multi-layer discriminant analysis model.
According to the method of the present invention, 1t 1s possible to select
attributes by using Gini index or the p value, wherein the p value is generated
by transforming Wilk's lambda into F distribution. In the determination of
cut-points, the present invention aiso provides methods using the

Mahalanobis distance, and Gini index. In the conventional method, during

‘the process of determining a cut-point by Gint index, at least one cut-point

has to be searched. Hence, searching for all possible cut-points leads to the
process very time-consuming. Therefore, the present invention also provides
a faster method for searching a desired cut-point. In addition, when
Mahalanobis distance 1s used to determine at least one point, all sampies are
classified into a class A and a class B and used to determine the cut-points.
However, when the samples are classified into two classes by the
Mahalanobis distance, the differences between the classes sample size are
great, and these big differences may cause the uncertainty of the cut-points
determined by Mahalanobis distance. Hence, the present invention provides
method to solve the aforementioned problem by using Gini index to correct
Mahalanobis distance. Furthermore, according to the method of the present
invention, not only the performance of a model with one layer is considered,
but also the performance of the entire model is considered when each new
attribute is added info the model. After the performance of the entire model

1s considered, which layer the new atiribute added in is determined. Besides,
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with regard to the stop criterion of the model, the present invention also
provides a raethod used Wilk’s iambda to prevent the over-fitting probiem.
Hence, the method of the present invention can greatly improve the accuracy

of the ciagsification,

(Example 1}

In the present example 1, a sample having two classes, five attributes
(X1, Ko, v, X5), and a sample size of 100 is used, wherein the sample

distribution is as shown in Fig. Th. A preset model is as shown in Fig. 7a.
Herein, X; represents the first layer, and the other samples that cannot be
classified are taken to a next layer, X,.

The results after the classification by the multi-layer classifier are
shown in- Fig. 7c. The results obtained by gini index and Mahalanobis
distance for searching the cut-point applied in the multi-layer discriminant
analysis model are shown respectively. Besides, the result obtained by using
the CART is shown in Fig. 7d. Comparing the two methods of multi-layer
discriminant analysis using gini index and CART, it is shown that the rules
for searching the cut-points there between are the same. Reference with Fig.
7c (left), according to the multi-layer discriminant analysis, a class (0) and a
class (1) are output at the first layer, in which the class (0) comprises 24
sub-classes (0} and zero sub-classes (1), the class (1) comprises 3 sub-classes
(0} and 35 sub-classes (1). Reference with Fig. 7d, according to the method
of CART, a class (1) comprising 3 sub-classes (0) and 35 sub-classes (1) is
divided at the first layer using X1, and then a class (1) comprising 24
sub-classes (0) and zero sub-classes (1) is divided at the second layer using
X2, Though the same results are obtained, the discriminabiiity for two

classes using one atfribute at the same layer is revealed by using the
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muliti-layer discriminant analysis method of the present invention. In the
contrast, two and more layers are required in the method of CART because
only single class can be discriminated at each layer using one attribute,
another ciass should be discriminated at the next layer using the same
attribute.

The results of different methods used are shown in table 1. in which
the result of the muiti-layer discriminant analysis method using gini index

and the result of CART are similar.

Table 1
Multi-layer Multi-layer
FLD cutpoint: | FLD cutpoint: CART FLD
Gini index MD
Accuracy 0.89 0.85 £.89 0.83
[Exampie 2]

In the present example 2, a sample having two classes, ten attributes
(X3, Xo, -+, Xyp), and a sample size of 200 is used, wherein each attribute

satisfies N(0,1}. A preset model is shown in Fig, §a, in which a combination
of X; and X, is selected to form a FLD model at the first layer, the samples
which cannot be classified at the first layer will be further classified at the
second layer by using the FLD model with the combination of X5 and X,y

The result obtained by the multi-laver discriminant analysis method is
shown in Fig.8b, and the result obtained by the CART method is shown in
Fig.8c. ‘

According to the results shown in the table 2 of the present exampie 2,
the accuracy of the multi-layer discriminant analysis method using either
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gini index or Mahalanobis distance is higher than the accuracy of the CART

or FLI methods.

Table 2
i Wulti-layer |
Multi~layer
FLD
FLD cutpoint: _ CART FLD
o cutpomt:
Gini index
MD
accuracy 09 0885 083 | 088
[Exampie 3]

Ir: the present example 3, a sample having two classes, five attributes
L1 S0, e, os) and a sample size of 1000 is used, wherein each attribute
P

satisfies N(C,1}. A preset model is shown in Fig. 9a, in which at the first layer
the sample is classified by X;. Because only the sub-class () can be
discriminanted at the first layer by X, the other sample that cannot be
classified at the first layer with X, is taken to the next second layer for
further classification with X.

The result obtained by the multd-layer discriminant analvsis method is
shown in Fig.8¢, and the result obtained by the CART method is shown int
Fig.9d. The preset model can be taken as the tree structure with single
variable, and therefore the result using gini index as the cut-point and that
using CART are the same.

According to the table 3 of the present example, the result of
multi-layer discriminant analysis method using gini index and the result of
CART are similar.

Table 3
] ; Multi-layer Multi-layer ; CART FLD
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FLD cutpoint: FLD
Gini index cutpoint:
MD i
Accuracy 0.84 0.835 | 0.84 0.785

[Exampie 4]

In the present exampie 4, a sample having two classes, five atiributes
(X, X2, .., Xy), and a sample size of 1000 is used, wherein -each atribute

satisfies N(C,1). A preset model is shown in Fig. 10a, in which at the first
layer the sample is classified by X,;. Because only the sub-class (0) can be
discriminanted at the first layer by X, the other sample that cannot be
classified at the first layer with X is taken to the next second layer for
further classification with X, and X..

The result obtained by the multi-layer discriminant analysis method is
shown 1 Fig.10b, and the result obtained by the CART method is shown in
Fig.10c.

According to the table 4 of the present example 4, the result of

multi-layer discriminant analysis method using gini index is betfer than the

others.
Table 4
J | Multi-layer
. Multi-layer
FLD
FLD cutpoint: . CART FLD
cutpoint:
Gini index
MD
Accuracy 0.865 0.795 0.85 0.79

[Example 5]

3
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In the present example, an ulirasonic scanning analysis is applied to
obtain some guantified atiributes of the tumor image and subsequently a
discriminant mode! is constructed by those attributes. Herein, 160 of umor
image samples are used, in which 108 benigfl tumors of them are represented
as class (0) and the others 52 malignant tumors are represented as class (1).

The five atwributes including CI, B, Mi, HI, ringPDVimax are first
taken into analysis. The accuracy is 0.793 when the Fisher discriminant
analysis is used when combining the above five attributes, but the accuracy
is 0.8 when the multi-layer discriminant analysis is applied. As shown in Fig.
1 1a, only four variables required to be used in the multi-layer discriminant
analysis and the accuracy obtained is higher than that from the Fisher
discriminant analysis.

Except the above five attributes, other attributes may also be applied
in the present example for the analysis. The result of multi-layer
discriminant analysis with gini index for determine of the cut-point is shown
in Fig.11b, and the accuracy is 0.906. The result of multi-layer discriminant
analysis with Youden’s index for determine of the cut-point is shown in
Fig.11c, and the accuracy is 0.8012. The result of CART is shown in Fig.11d,
and the accuracy is 0.868. Nine atiributes comprising ringPDVimax,
VemCentral Vimin, VemnTDCentralVimax, TDVimax, CiI, RMV, CI2,
MCI3, MI2 are used in the FLD, wherein the resulted accuracy is 0.843.
Among the above results, the accuracy of multi-layer discriminant analysis

is the highest, which can be seen in the table 5 below.

Table 5
Multi-layer | Multi-layer
| FLD cutpoint: | FLD cutpoint: | CART FLD
| Gini index Youden’s 3
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index

Accuracy

0.9006

0.801

0.8638

0.8

38

According tw the present invention, the multi-layer discriminant

analysis method can be executed by computer programs that can be stored in

a micro processing unit, a media allowed for recognition or reading, or a

stuff or device comprising the said media. The stuff is not specially Imited,
and may be a hard disc, soft disc, optical disk, ZIP, MO, IC chip, RAM

(random-access memory), or any stuff that is able to store a computer

program. Since the multi-layer discriminant analysis method of the present

invention has been detailed described above, the writing methods of the

computer program for the multi-layer discriminant analysis method of the

present invention can be realized by anyone with the reiated skill and

therefore is not detailed described here.

Although the present invention has been explained in relation to its

preferred embodiment, it is to be understood that many other possible

modifications and variations can be made without departing from the scope

of the mvention as heremafter claimed.
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WHAT IS CLAIMED I8:

1. A method for multi-layer classifier, applying on a computer
readable medium for classifying multiple image samples inciuding a
processor, an input device, and a storage device, the method at least
comprising the following steps:

{(a) receiving a plurality of samples;

(b) providing a plurality of attributes, and-evaluating a significance
of the samples to the attributes by a selection criterion;

(c} selecting at least one cui-point to establish a discriminant
analysis model, which is established by providing a criterion to determine
the at least one cui~point in one of the samples which is significant
according to the step (b), and classifying the sampies into at least one class,
wherein the at least one class comprises a first class (Node,), a second class
(Nodeg), and an undefined third class (Nodey);

(d) proceeding a step of evaluating a performance of the
discriminant analysis model when adding the attributes into the
discriminant analysis model, wherein the discriminant analysis model
further classifies mto a next layer when the performance of the discriminant
analysis model is improved by adding the attributes, and the next layer of
the discriminant analysis mode! is established by providing the criterion to
determine the at least one cut-point of the samples which is significant
according to the added attributes, and continuousty classifying the samples
into the first class (Node, ), second class (Nodeg), and undefined third class

{Nodey); and
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(e) providing a stop criterion, in which the discriminant analysis
mode] stops classifying into the next layer when there is no significant
attributes can be found at next layer; or in which the discriminant analysis
model stops classifying into the next layer when proceeding the step of
evaluating the performance of the discriminant analysis mode! cannot be
improved by adding the attributes to the discriminant analysis model under
a condition of a rejected null hypothesis.

2. The method as claimed in claim 1, wherein the number of the
samples of the undefined third class (Nodey) is zero in the last layer of the
discriminant analysis model when adding the stop criterion.

3. The method as claimed in ¢laim [ or 2, wherein the selection
criterion is Wilk’s lambda or Gini index.

4. The method as claimed in any one of claims 1 to 3, the step of
evaluating the performance is based on a p-value calculated from a
F-statistic, or is determined by a impurity criterion;
wherein the F-statistic represents as the following equation:

p-11-A

pﬂ““ﬁ"“i

A

wherein n is the sample size, p is the number of atiributes, and A 1s Wilk’s
lambda (see BEQ-1); and
the impurity criterion represents as the following equation:
N, xGini(t, )+ N,, xGini(t, Y+ N, xGini(t,)
(N,+ N, +N,)

Impurity =
wherein Ny is the sample size of Node,, Ny ts the sample size of Nodey, Ny
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is the sample size of Nodeg, ;. is the gini value in Node,, ty is the gini value
in Nodey, and i is the gini value in Nodeg.

5. The method as claimed in any one of claims 1 1o 4, wherein the
attributes are ringPDVImax, VeinCentralVimin, VeinTDCenwalVimax,
TDVImax, CI, RMV, CI2, MCI3, or MIZ2.

6.  The method as claimed in any one of claims 1 to 5, wherein the
criterion to determine the at least one cut-point is Ginl index, Mahalanobis
distance, or Youden's Index.

7. The method as claimed in any one of claims | 1o 6, wherein the
step of evaluating the performance further comprises: adding the atfributes
into the same layer of the discriminant analysis model established by the
step (c), so that improves the differential power of the same layer of the
discriminant analysis model.

8.  The method as claimed in any one of claims ! to 7, wherein the
step of evaluating the performance further comprises: adding the attributes
into the undefined third class (Nodey) and creating a layer for establishing a
model, the model continuously classifies into the first class (Node,), second
class (Nodeg), and undefined third class (Nodey) by providing the criterion
to determine the at least one cut-point of the residual samples.

9. The method as claimed in any one of claims 1 to 8, wherein the
step of evaluating the performance further comprises: defining the first
class (Node,) as an undefined class, and then adding the attributes into the
combination of the first class (Node,) and undefined third class (Nodew)

and creating a layer for establishing a model, the model continuously
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classifies into the first class (Node,), second class (Nodep), and undefined
third class {Nodey) by providing the criterion to determine the at least one
cut-point of the residual samples.

10. The method as claimed in any one of claims [ to 9, wherein the
step of evaluating the performance further comprises: defining the second
class (Nodeg) as an undefined class, and then adding the attributes into the
combination of the second class (Nodeg) and undefined third class (Nodey)
and creating a layer for establishing a model, the model continuously
classifies into the first class (Nodey), second class (Nodeg), and undefined
third class (Nodey) by providing the criterion to determine the at least one
cut-point of the residual samples.

11. The method as clazmed iz any one of claims 1 to 10, wherein
the regression analysis comprises a partial F-test of a forward selection
method.

12. A computer readable medium storing a program to classify
multiple image samples, by performing the steps of:

(&) recetving a plurality of sampies;

(b) providing a plurality of aftributes, and evaluating a significance
of the samples to the attributes by a selection criterion;

(c) selecting at least one cut-point to establish a discriminant
analysis model, which is established by providing a criterion to determine
the at least one cut-point in one of the samples which is significant
according to the step (b), and ciassifving the samples into at least one class,

wherein the at least one class comprises a first class (Nodey). a second class
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{Nodeg), and an undefined third class (Nodey);

(d) proceeding a step of evaluating a performance of the
discriminant analysis mode! when adding the attributes into the
discriminant analysis model, wherein the discriminant analysis modei
further classifies into a next layer when the performance of the discriminant
analysis model is improved by adding the attributes, and the next layer of
the discriminant analysis model i1s established by providing the criterion to
determine the at least one cut-point of the samples which is significant
according to the added atfributes, and continuously classifying the samples
into the first class (Node, ), second class (Nodeg}), and undefined third class
{Nodey); and

(e} providing a stop criterion, in which the discriminant analysis
model stops classifying into the next layer when there is no significant
atiributes can be found at next layer; or in which the discriminant analysis
model stops classifying into the next layer when proceeding the step of
evaluating the performance of the discriminant analysis model cannot be
improved by adding the atiributes to the discriminant analysis model under
g condition of a refected null hypothesis.

[3. The computer readable medium as claimed i claim 12,
wherein the number of the saruples of the undefined third class (Nodey) is
zero in the last layer of the discriminant analysis model when adding the
stop criterion.

14. The computer readable medium as claimed in claim 12 or 13,

wherein the selection criterion is Wilk’s lambda or Gini index.
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15. The computer readable medivm as claimed in any one of
claims 12 to 14, the step of evaluating the performance is based on a p-value
calculated from & F-statistic, or is determined by a impurity criterion;

wherein the F-statistic represents as the following equation:

Fardl (2 F

A p—=p-l

i

wherein n is the sample size, p 1s the number of atiributes, and A 15 Wilk's
lambda (see EQ-1); and
the impurity criterion represents as the following equation:

N, xGini(t, )+ N,, xGini(z,, }+ N, x Gini(l,)
(N, +N, +N;}

Impurity =

wherein N is the sample size of Node,, Ny 18 the sample size of Nodey, Ng
is the sample size of Nodeg, t; s the gini vaiue in Node,, tv is the gini value
in Nodey, and tg 15 the gini vaiue in Nodeg.

16. The computer readable medium as claimed in any one of
claims 12 1o 15, wherein the attributes are ringPDVImax,
VeinCentral Vimin, VeinTDCentralVImax, TDVImax, CI, RMV, CI2,
MCI3, or MIZ.

17. The computer readable medium as claimed in any one of
claims 12 to 16, wherein the criterion to determine the at least one cut-point
is Gini index, Mahalanobis distance, or Youden’s Index.

18. The computer readable medium as claimed in any one of
claims 12 to 17, wherein the step of evaluating the performance further

comprises: adding the attributes into the same layer of the discriminant
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analysis model established by the step (c), so that improves the differential
power of the same layer of the discriminant analysis model.

19. The computer readable medium as claimed in any one of
claims 12 to 18, wherein the step of evaluating the performance further
comprises: adding the attributes into the undefined third class (Nodey) and
creating @ layer for establishing a model, the model continuously classifies
into the first class (Node,), second class (Nodey), and undefined third class
(Nodey) by providing the criterion to determine the at least one cut-point of
the residual samples.

206. The computer readable medium as claimed in any one of
claims 12 to 19, wherein the step of evaluating the performance further
comprises: defining the first class (Node,) as an undefined class, and then
adding the atfributes into the combination of the first class (Node,) and
undefined third class (Nodey) and creating a layer for establishing a model,
the model continuously classifies into the first class (Node,), second class
(Nodeg), and undefined third class (NodeN) by providing the criterion to
determine the atf least one cut-point of the residual samples.

21, The computer readable medium as claimed in claims 12 to 20,
wherein the step of evaluating the performance further comprises: defining
the second class (Nodep) as an undefined class, and then adding the
attributes into the combination of the second class (Nodeg) and undefined
third class (Nodey) and creating a tayer for establishing a model, the model
continuously classifies into the first class (Node,), second class (Nodep),

and undefined third class (Nodey) by providing the criterion to determine
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the at least one cut-point of the residual samples.
22. The computer readable medium as claimed in any one of
claims 12 to 21, wherein the regression analysis comprises a partial F-test of

a forward selection method.
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