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Lymph Node Metastasis (LNM) has become one of the most important prognostic factors regarding
long-term survival in gastric cancer. As it is difficult for doctors to integrate multiple factors for a com-
prehensive analysis, Clinical Decision Support System (CDSS) is used to help the analysis. In this paper, a
new Cooperative Belief Rule Based (CBRB) prototype CDSS is proposed. CBRB consists of two independent
Belief Rule Base (BRB) systems and the final output is combined by the Evidential Reasoning (ER)
approach. A corresponding new Cooperative CoEvolutionary Algorithm (CCEA) is proposed to train the
proposed CBRB model that is nonlinear. A case study demonstrates that the proposed CDSS prototype
can obtain the better performance than other CDSS.

� 2015 Elsevier B.V. All rights reserved.
1. Introduction

Gastric cancer has become one of the leading causes for
cancer-related death around the world [1]. Lymph Node
Metastasis (LNM) is one of most important prognostic factors
regarding long-term survival [2–5]. As such, diagnosing LNM accu-
rately is very important. Currently, doctors diagnose LNM mainly
according to the size of lymph node. However, large lymph nodes
may be caused by inflammation, while small ones may be meta-
static [6]. So a single lymph node size is not a strong predictor
and more factors should be considered by applying Clinical
Decision Support System (CDSS).

In previous research, several CDSSs have been proposed for
LNM diagnosis, such as Artificial Neural Network (ANN) based
CDSS [7], and Support Vector Machine (SVM) based CDSS [8].
However, both of them have some limitations. First of all, since
they are black-box modeling methods, the reasoning process can-
not be seen and doctors do not know which factors are more
important for diagnosis. Moreover, as doctors play a critical role
in diagnosis, it is important to diagnose LNM by using both clinical
data and doctors’ knowledge [9].

According to the above analysis, a knowledge-based CDSS
which can capture human judgments is more suitable for LNM
diagnosis. In [9], a Bi-level Belief Rule Based (BBRB) CDSS was pro-
posed by the authors. That CDSS is constructed based on a recently
developed belief Rule-based Inference Methodology using the
Evidential Reasoning approach (RIMER) [10]. The CDSS consists
of two parts: (1) a Clinical domain knowledge base modeled by
Belief Rule Base (BRB) and (2) a reasoning process supported by
the Evidential Reasoning (ER) approach [11–15]. Compared to
other knowledge based CDSSs, BBRB have some advantages as
described in [9].

In BBRB, however, only the number and size of lymph nodes are
utilized for LNM diagnosis. In fact, LNM is not only related with
lymph node factors, but also with tumor factors [16–20]. To fully
utilize the above factors, a Cooperative Belief Rule Based (CBRB)
prototype CDSS is proposed in this paper. CBRB consists of two
independent BRBs. One is used for modeling lymph node factors,
while the other is used for modeling tumor factors. The final result
is obtained by integrating the output of two BRBs, which is
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implemented by the ER approach. Meanwhile, as manually con-
structed belief rule may not be accurate, it is necessary to train
CBRB. In this paper, a corresponding new Cooperative
CoEvolutionary Algorithm (CCEA) is designed, which can be used
to optimize the two BRBs and weight coefficients simultaneously.

The rest of the paper is organized as follows. The problem for-
mulation is shown in Section 2. In Section 3, the CBRB CDSS proto-
type is presented. A new CCEA based method for optimizing CBRB
is developed in Section 4. In Section 5, the proposed CDSS proto-
type for diagnosing LNM is presented. The validation of BBRB is
discussed in Section 6. This paper is concluded in Section 7.

2. Problem formulation

Suppose that T ¼ ½T1; T2; . . . ; TM � is the set of diagnostic factors
which are extracted from tumor, while L ¼ ½L1; L2; . . . ; LN� is the
set of factors from lymph nodes, where M and N are the number
of attributes for the two type of factors respectively. Suppose that
PT and PL are the corresponding parameter vectors for the two
BRBs, x ¼ ½x1;x2� is the set of weight coefficients that represent
the relative importance for each BRB. In other words, the problem
is in essence to construct a causal relationship between the medi-
cal attributes and the output. As there are two types of factors, two
independent BRBs are constructed for them at first, which are rep-
resented as follows:

DT ¼ f TðT; PTÞ ð1Þ

DL ¼ f TðL; PLÞ ð2Þ

where f T is a diagnostic function for tumor factors, and f L is the
function for lymph node factors. DT and DL are the outputs of the
two functions. Since there are four stages in LNM diagnosis, DT

and DL can also be represented by the following belief distributions:

DT ¼ fðD0
T ; b

0
TÞ; ðD

1
T ;b

1
TÞ; ðD

2
T ; b

2
TÞ; ðD

3
T ;b

3
TÞg ð3Þ

DL ¼ fðD0
L ; b

1
L Þ; ðD

1
L ;b

1
L Þ; ðD

2
L ;b

2
L Þ; ðD

3
L ;b

3
L Þg ð4Þ

where bi
Tði ¼ 0; . . . ;3Þ and b j

Lðj ¼ 0; . . . ;3Þ are the corresponding
belief degrees for tumor and lymph node at each stage. Then the
final output D can be obtained by combining the above two outputs,
which is given as follows:

D ¼ f ðDT ;DL;xÞ ð5Þ

where f is in general a function of DT ;DL and x. The final output can
also be represented by the following belief distribution:

D ¼ fðD0;b0Þ; ðD1;b1Þ; ðD2; b2Þ; ðD3;b3Þg ð6Þ

where Diði ¼ 0; . . . ;3Þ represents the final stage. biði ¼ 0; . . . ;3Þ is
the belief degree, which should satisfy the following constraints:

X3

i¼0

bi ¼ 1 and 0 6 bi
6 1; i ¼ 0; . . . ;3 ð7Þ

As tumor factors and lymph node factors are utilized simultane-
ously, CBRB is presented in the following section. In addition, the
parameters PT ; PL are initialized by experts and may not be accu-
rate. Therefore, a new CCEA based method is proposed, which will
be described in Section 4.

3. CBRB prototype CDSS

As CBRB is constructed on the basis of BRB, BRB will be briefly
described at first. Then the proposed CBRB model will be
presented.
3.1. A brief description of BRB and ER

BRB consists of belief rules for domain knowledge representa-
tion. A typical belief rule is defined as follows [10]:

Ri
k : If x1 is Ak

1 ^ x2 is Ak
2 � � � ^ xM is Ak

M ; Then D1;b1;k

� �
; . . . ; DN ;bN;k

� �� �
With a rule weight hk and attribute weight d1;k;d2;k; . . . ;dM;k

ð8Þ

where x1; x2; . . . ; xM represents the antecedent attributes in the kth
rule. The referential value of the jth antecedent attribute in the

kth rule is denoted by Ak
j j ¼ 1; . . . ;M; k ¼ 1; . . . ; Lð Þ and ‘‘^’’ repre-

sents the ’’AND’’ relationship, where M is the number of medical
antecedent attributes, and L represents the number of rules.
Djðj ¼ 1; . . . ;MÞ represents the stage of LNM, and
bj;k j ¼ 1; . . . ;N; k ¼ 1; . . . ; Lð Þ is the corresponding belief degree.

Note that the kth rule is complete if
PN

j¼1bj;k ¼ 1; otherwise, it is
incomplete. hk k ¼ 1; . . . ; Lð Þ represents the relative weight of the
kth rule, while dj;k j ¼ 1; . . . ;Mð Þ is the relative weight of the jth ante-
cedent attributes in the kth rules, which demonstrates the relative
importance of each medical attribute.

The inference of BRB and the final integration is implemented
by the ER approach, which was originally proposed to deal with
Multiple Attribute Decision Analysis (MADA) problems [11,12].
The kernel of the ER approach is the ER algorithm which is devel-
oped based on the Dempster–Shafer (D–S) theory of evidence
[20,21] and the decision theory. It is utilized to aggregate nonlinear
information under uncertainty, which consists of the following two
steps.

(1) Calculating the activation weight.
The activation weight of the kth rule xk is calculated as:
xk ¼ hk

YM
i¼1

ak
i

� ��di;k

,XL

l¼1

hl

YM
i¼1

al
i

� ��di;k and

�di;k ¼ di;k

,
max

i¼1;...;M
di;k

� �
ð9Þ

where �di;k ði ¼ 1; . . . ;MÞ represent the normalized attribute
weights. ak

i ði ¼ 1; . . . ;MÞ, which is named as the individual
matching degree, is the degree of belief to which the input
for the ith antecedent attribute belongs to its jth referential

value Ak
i in the kth rule. It can be generated using various

ways [22]. ak is the normalized combined matching degree,
that is:

ak ¼
YM
i¼1

ðak
i Þ

�dki ð10Þ
(2) Combining rules by the ER approach.
The final conclusion D which is generated through aggregat-
ing all rules using the ER analytical algorithms [23] is repre-
sented as:
D ¼ f ðxÞ ¼ fðDj; b̂jÞ; j ¼ 1; . . . ;Ng ð11Þ

where b̂j denotes the belief degree in Dj, and is calculated as
follows,

b̂j ¼ l�
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3.2. Proposed CBRB model

The proposed CDSS prototype is shown in Fig. 1. Tumor factors
T1; . . . ; TM and lymph node factors L1; . . . ; LN are the inputs of the
BRB models. BRB_T represents BRB for tumor factor, while BRB_L
represents BRB for lymph node. Then the corresponding outputs
DT and DL can be obtained as the outputs of the two models. The
final result D can be obtained by combining the outputs of the
two BRBs using the ER approach.

Suppose that the evaluating result for one patient in BRB_T is
DT ¼ fðD0

T ;0:00Þ; ðD1
T ;0:70Þ; ðD2

T ; 0:30Þ; ðD3
T ;0:00Þg, while the output

for BRB_LN is fðD0
T ; 0:00Þ; ðD1

T ;0:60Þ; ðD2
T ;0:40Þ; ðD3

T ;0:00Þg. The
weight for the two BRBs is fx1 ¼ 0:4;x2 ¼ 0:6g. Then the ER
approach which will be shown in Section 3.2 is employed for com-
bining the two outputs. After calculation, the final output is given
by D ¼ fðD0;0:00Þ; ðD1;0:6601Þ; ðD2;0:3399Þ; ðD3;0:00Þg. The result
shows that the prediction is mainly stage 1. Moreover, it shows
the changeable tendency of the illness because the degree of stage
2 is 0.3399, which means that the condition may become worse in
the future. As such, doctors should consider both stage 1 and stage
2 when creating a treatment plan for the patient that Pi; i ¼ 1;2
represents a vector composed of the above parameters in the
two BRBs. Pi includes rule weight, attribute weights and conse-
quent belief degrees as follows:

Pi ¼ ½hi
1; . . . ; hi

L; d
i
1; . . . ; di

M;b
i
1;1; . . . ;bi

N;L�
T
; i ¼ 1;2 ð14Þ

They should satisfy the following constraints:

0 6 hi
k 6 1; 0 6 di

m 6 1; 0 6 bi
j;k 6 1;

XN

j¼1

bi
j;k ¼ 1; k

¼ 1; . . . ; L; m ¼ 1; . . . ;M; j ¼ 1; . . . ;N ð15Þ

In addition to the above parameters, there is a weight vector
x ¼ ½x1;x2�, which represents the relative importance of the two
BRB models under the following constraints:

0 6 xi 6 1;
X2

i¼1

xi ¼ 1; i ¼ 1;2 ð16Þ

The initial parameters Pi; i ¼ 1;2 and x ¼ ½x1;x2� in CBRB are
given using clinical domain knowledge and may not be accurate.
Therefore, it is necessary to adjust them. In the following section,
a new CCEA based optimization method is proposed to fine-tune
these parameters for obtaining the optimal performance.

As is well-known, cooperative system is defined to be a system
of multiple dynamic entities which share information or tasks to
achieve a common object [36]. In CBRB, the objective of the two
BRBs is to diagnose LNM. To improve the final diagnostic
TD

LD

D
1ω

2ω

1T

MT

1L

NL

Fig. 1. The CBRB CDSS prototype.
performance in CBRB, when constructing the two models, they
share the trained parameters between each other, which can be
seen in the following section.

There are other inference methods, such as Bayesian inference
and fuzzy inference. In Bayesian inference, complete knowledge
on all parameters and prior distribution are required, which can
be time consuming and over-ambitious in the sense that it can
be difficult to get appropriate prior distribution. In fuzzy inference,
it always needs a fuzzifization and de-fuzzification steps, which
causes controversial in most fuzzy logic based inference system.
However, the ER approach can overcome the above drawback
and is regarded to be more suitable for LNM diagnosis as investi-
gated in this paper.

4. New optimization model and CCEA for training CBRB

In this section, a new optimization model for training CBRB and
a corresponding CCEA based optimization algorithm is proposed.

4.1. Optimization model for training CBRB

The objective is to find a set of parameters which can lead to
better diagnostic performance. Fig. 2 shows the corresponding

model. T; L are the given input, bO is the observed output, and O
is the simulated output. f is the objective function, which repre-
sents the diagnosing error rate, that is:

min
Pi ;x
ffðPi;xÞg; i ¼ 1;2 ð17Þ

As Pi; i ¼ 1;2 and x are two types of parameters which affect each
other, they cannot be optimized simultaneously. So a new CCEA is
proposed, which will be described in the following subsection.

4.2. The proposed CCEA

Several methods for training a single BRB have been proposed.
The typical method for training a single BRB was proposed by
Yang et al. [22]. Then a recursive online optimal method for updat-
ing BRB was proposed [24–26]. The above strategies are sensitive
to initialization and may achieve local optima. Therefore, a Clonal
Selection Algorithm (CSA) based method was proposed by the
authors [9], which can obtain better performance. However, in
CBRB, multiple BRBs and the corresponding weight coefficients
should be optimized cooperatively, while the parameters in each
BRB model and the weight coefficients of the two BRB model will
affect each other. So, the current available methods cannot be used
to train CBRB., and new methods which can optimize multiple
BRBs and their weight coefficients need to be developed.

CCEA is an extended method which was proposed for improving
the performance of Evolutionary Algorithms (EAs) for problems
with multiple subcomponents [27]. It is suitable for optimization
problems having certain structures which can be described by its
nature of decomposition [28]. In CBRB, there are two BRBs which
, 1,2;iP i ω=

O

O

( , ), ,1, 2iP iξ ω =,T L

Fig. 2. Optimization model for training CBRB.
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should be optimized, separately. Nevertheless, the objective func-
tion for each BRB is the same. As CCEA can solve the problems by
partitioning potential solutions into smaller components that can
be solved separately, it is suitable for optimizing CBRB. According
to the nature of the CBRB, a new CCEA is proposed in this paper.

It is known that CCEA should initialize the population at first. In
CBRB, two BRBs and the corresponding weight coefficients need to
be optimized. Therefore, three initial populations should be gener-
ated. Currently, most existing CCEAs initialize population ran-
domly. However, the clinical expert knowledge can be embedded
into CBRB, which can improve the diagnostic performance. And
the initial populations for two BRBs are suitable places to embed
clinical domain knowledge.

In this paper, initial rules in two BRBs are extracted through
expert knowledge. To obtain enough individuals, other individuals
are generated based on the individuals provided by experts.
Assume that the generated population for BRB_T is:

PopTðjÞ ¼ fI
1
T;j; I

2
T;j; . . . ; INum

T;j g; j ¼ 0 ð18Þ

The generated population for BRB_L is:

PopLðjÞ ¼ fI
1
L;j; I

2
L;j; . . . ; INum

L;j g; j ¼ 0 ð19Þ

where Num is the population number. Besides these, we need to ini-
tialize the weight coefficient. As the number of parameters is small,
it is initialized randomly. The generated population for weight vec-
tor is represented as:

PopxðjÞ ¼ fI1
x;j; I

2
x;j; . . . ; INum

x;j g; j ¼ 0 ð20Þ

Assume that the number of iteration is I, and G is the maximum
number of evolutionary generation in each iteration.

In the following steps, the parameters in weight coefficients,
BRB_T and BRB_LN will be trained step by step, which means that
a corresponding training algorithm in each step is needed, espe-
cially for training BRB. In [22], a method for training BRB was pro-
posed. However, this method is sensitive to initialization and is
only capable of searching for local optimal solutions. To overcome
this problem, a new Clonal selection Algorithm (CSA) which is also
one of the evolutionary computation methods was proposed in [9],
which can improve the performance greatly. In this paper, to keep
a better performance, CSA is also utilized for training weight coef-
ficients and model parameter in BRB. The whole process is shown
as follows.

Step 1: The weight coefficients are trained. When training the
weight coefficients, we need the optimal parameters from two
BRBs. In the first iteration, the best individuals in the two BRBs
are obtained by calculating the following objective function:

nðPÞ ¼ C
M

ð21Þ

where M is the number in training set, and C is the number of error
prediction samples. P is the parameters in each BRB, respectively. It
is shown that the optimal individuals are obtained by calculating
the single BRB. Assume that the best individuals from the two
BRBs are denoted by BT ;BLN . Then weight coefficients are optimized.
Table 1
Training weight coefficient in CBRB.

Input: Initialize population PopxðjÞ and calculate f j using Eq. (24), Set j ¼ 0
while j < G

Each individual in PopxðjÞ is cloned CS times
Perform mutation operator on the cloned population
Compute the objective-function values for each individual in the cloned populati
Select individuals and form next PopxðjÞ; j ¼ jþ 1

End while
Output: the x with minimal objective-function value and PopxðjÞ
Assume that output of BRB_T is obtained from the following
equation,

nT ¼ f TðBTÞ ð22Þ

where nT is the objective-function. Similarity, the output of BRB_LN
is:

nLN ¼ f LNðBLNÞ ð23Þ

where nLN is the fitness value. Therefore, the final objective-function
is:

n ¼ x1 � f TðBTÞ þx2 � f LNðBLNÞ ð24Þ

where n is the final object-function value. If Eq. (24) is represented
by f, the objective is to minimize the following Eq., that is:

min
x

f ðBT ;BLN;xÞ ð25Þ

At first, the fitness is calculated for each individual in popula-
tion PopxðjÞ according to Eq. (24). Then clonal operator is executed
and the clonal scale is denoted by CSw. So each individual in PopxðjÞ
is cloned CSw times. In the third step, Mutation operator is operated
on the cloned population. Several individuals are selected for
mutation with probability 1=CSw. In the following step, the selected
individuals are replaced by the randomly generated new individu-
als, which also satisfy the constraint in Eq. (16). Then the popula-
tion is updated and Num best individuals are selected. A cloned
individual is replaced only when its fitness is smaller than the orig-
inal individual. The above three steps are executed iteratively until
j ¼ G and the individual with minimal objective-function value is
considered as output which is denoted by Bx. Meanwhile, Bx is
used for training two BRBs. The corresponding algorithm is shown
in Table 1.

Step 2: The parameters in BRB_T are trained. In this step,
another CSA based method is proposed, which is similar to the
training method in [9]. The objective-function is Eq. (24).
However, as the training parameters are different, the optimization
function is also different, which is shown as follows:

min
BT

f ðBT ;BLN;xÞ ð26Þ

The clonal operator is the same as step 1 and the Group based
Mutation Operator (GMO) [9] is employed in the second step.
Then the new population is also selected. The three steps are exe-
cuted repeatedly until j ¼ G. The best individual is kept for training
the other BRB and weight coefficient.

Step 3: The parameters in BRB_LN are trained. The only differ-
ence between this step and step 2 is the objective-function, which
is shown as:

min
BLN

f ðBT ;BLN;xÞ ð27Þ

Step 4: Step 1–3 are executed iteratively until the number of
iteration equals I. The corresponding algorithm is given in
Table 2. Based on CBRB and new CCEA, the process for LNM diag-
nosis is described in section 5.
on



Table 3
The referential points of TLD in BRB_T.

Linguistic terms Z SS VS S LS M LL L VL GL SL

Numerical values 0 26 30 36 40 45 50 60 65 80 130

Table 4
The referential points of TT in BRB_T.

Linguistic terms Z VS S LS M LL L VL GL

Numerical values 0 9 11 12 13 14 16 20 50

Table 5
The referential points of LNsize in BRB_LN.

Linguistic terms Z SS VS S LS M LL L VL GL SL

Numerical values 0 5 6 7 8 9 10 12 17 21 50

Table 2
CCEA for training CBRB.

Input: Initial population Popx; PopT ; PopLN , Set i ¼ 0; j ¼ 0
while i < I

Training x using CSA based method until j ¼ G. The best individual is used for training two BRBs
Training BT using another CSA based method until j ¼ G. The best individual is used for training x and BRB_LN
Training BT using the above CSA based method until j ¼ G. The best individual is used for training x and BRB_T

End while
Output: the Bw;BT ;BLN with minimal objective-function value
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In step 2, when training the parameters in BRB_T, the current
best parameters in BRB_LN are needed, which means the two
BRBs share the information. Step 3 is also the same as the last step.
These two BRBs are trained in a cooperative way and the perfor-
mance of CBRB can improve greatly.

5. CBRB prototype CDSS for diagnosing LNM

In this section, the proposed CBRB CDSS prototype is utilized for
LNM diagnosis. It consists of two parts: (1) constructing each BRB
model in CBRB system and (2) the training process for optimizing
CBRB.

5.1. Generating the initial belief rules in CBRB

5.1.1. Referential points for the antecedents and consequence
In CBRB, both tumor factors and lymph node factors are used for

LNM diagnosis. According to the clinical domain knowledge, the
Tumor Longest Diameter (named as TLD) and Tumor Thickness
(named as TT) are the two important diagnostic factors in tumor,
while the size of Lymph Node (LN) (named as LNsize) and the num-
ber of LN (named as LNnumber) are the two important diagnostic
factors in lymph node. Therefore, they are chosen as the medical
antecedent attributes, which are described as follows:

(1) Tumor Longest diameter: The longest diameter of tumor is
measured at the axial CT images.

(2) Tumor thickness: The maximal thickness of tumor is mea-
sured at the axial CT images [29].

(3) The number of LN: The number of all visible gastric regional
lymph nodes in CT images by groups is counted.

(4) The size of LN: The short axis of the largest lymph node
detected in CT images is measured.

Two BRBs in CBRB are constructed for tumor and LN factors,
respectively. To represent the clinical expert knowledge in each
BRB, the reference points should be provided. The set of the num-
ber and value of the referential points are based on the clinical
domain knowledge [30,31]. Since there are two BRBs in CBRB,
two groups of the referential points are given, which is described
as follows.

For TLD in BRB_T, eleven referential points are used, including
zero (Z), super small (SS), very small (VS), small (S), a little small
(LS), middle (M), a little large (LL), large (L), very large (VL), greatly
large (GL), and super larger (SL), which is:

T1 2 fZT ; SST ;VST ; ST ; LST ;MT ; LLT ; LT ;VLT ;GLL; SLTg ð28Þ

For TT in BRB_T, nine referential points are used, and they are zero
(Z), very small (VS), small (S), a little small (LS), middle (M), a little
larger (LL), large (L), very large (VL), and greatly large (GL), that is:

T2 2 fZT ;VST ; ST ; LST ;MT ; LLT ; LT ;VLT ;GLLg ð29Þ

There are four referential points in BRB_T, which is shown as
follows:
DT ¼ ðD0
T ;D

1
T ;D

2
T ;D

3
TÞ ð30Þ

Meanwhile, all the referential points need to be quantified.
Tables 3 and 4 shows the quantified value of TLD and TT,
respectively.

Then the referential points for LN in BRB_LN are presented. The
referential points of LNsize are the same as TLD, while the referen-
tial points of LNnumber are the same as TT. They are represented
as:

LN1 2 fZLN ; SSLN;VSLN; SLN; LSLN;MLN; LLLN; LLN;VLLN;GLLN; SLLNg ð31Þ

LN2 2 fZLN ;VSLN; SLN; LSLN;MLN; LLLN; LLN;VLLN;GLLNg ð32Þ

There are also four referential points in output for BRB_LN, that
is:

DLN ¼ ðD0
LN;D

1
LN;D

2
LN;D

3
LNÞ ð33Þ

The corresponding quantified values are shown in Tables 4 and
5.

The final outputs are obtained by integrating the output of
BRB_T and BRB_LN, which also have four referential points, that is:

D ¼ ðD0;D1;D2;D3Þ ð34Þ
5.1.2. Constructing the rule base
Based on the above analysis, two BRBs in CBRB are generated. A

belief rule in BRB_T is described as:

RT
k : IF TLD is Tk

1 AND TT is Tk
2

THEN stage is fðD0
T ;b

0
T;kÞ;ðD

1
T ;b

1
T;kÞ;ðD

2
T ;b

2
T;kÞ;ðD

3
T ;b

3
T;kÞg;

X3

i¼0

bi
Tk 6 1

 !
with a rule weight hT

kðk¼ 1;2; . . . ;99Þ and attribute weight dT
1;d

T
2

ð35Þ



Z.-G. Zhou et al. / Knowledge-Based Systems 85 (2015) 62–70 67
where T1
k and T2

k are the referential values in BRB_T. As there are
eleven terms in TLD and nine terms in TT, 99 rules are generated
totally in BRB_T after combining the two factors. Similarly, the
belief rule in BRB_LN is represented as:

RLN
k : IF LNsize is LNk

1 AND LNnumber is LNk
2

THEN stage is fðD0
LN ;b

0
LN;kÞ; ðD

1
LN; b

1
LN;kÞ; ðD

2
LN;b

2
LN;kÞ; ðD

3
LN ;b

3
LN;kÞg;X3

i¼0

bi
LN;k 6 1

 !
with a rule weight hLN

k ðk ¼ 1;2; . . . ;99Þ and attribute weight

dLN
1 ; d

LN
2 ð36Þ

where LN1
k and LN2

k are the referential values in BRB_LN. The num-
ber of generated rules is also 99. In CBRB, it is assumed that all the
belief rules have equal rule weight and all the antecedent attributes
have equal weight. Meanwhile, the initial belief degrees which are
assigned to each stage are based on the expert knowledge.

After obtaining the output of two BRBs, the final output D can be
obtained by using the ER approach. This is more informative as ER
can provide a distributed clinical conclusion, which can show an
overall view of the prediction result.
Table 8
Feature description of data.

Patient data Stage 0 Stage 1 Stage 2 Stage 3

Tumor
longest
diameter

35.54 ± 24.46 48.7 ± 81.3 46.72 ± 74.38 56.36 ± 53.14

Tumor
thickness

6.98 ± 5.08 13.15 ± 7.85 15.34 ± 11.66 21.72 ± 23.28

The size of LN
(mm)

6.3 ± 18.4 9.6 ± 43 9.7 ± 23 10.7 ± 32

The number
of LN

6.4 ± 16.0 8.5 ± 32 11.9 ± 37 13.9 ± 41

Table 7
Patient characteristics.

Clinic pathological features Value

Number of patients 255
Average age(y) 57(29–85)
Ratio of men to women 185:69
Lymph node metastasis
Stage 0 46(18.1%)
Stage 1 49(19.2%)
Stage 2 88(34.5%)
Stage 3 72(28.2%)

Table 9
Confusion matrix of CBRB.
5.2. CCEA for training CBRB

The parameters in two BRBs and weight coefficient are indepen-
dent, while the objective function for them is the same. So they
have to be optimized iteratively. The parameters in the two BRBs
are needed to be optimized are shown in Eq. (15), and the weight
coefficient x shown in Eq. (16) should be trained.

The inputs for BRB_T are TLD and TT, that is

T ¼ ðTLD; TTÞ ð37Þ

and the inputs for BRB_LN are

L ¼ ðLNsize; LNnumberÞ ð38Þ

The training process is outlined as follows.
Step 1: Set initial parameters.
Initial populations are generated for two BRBs and weight coef-

ficient. To fully utilize the clinical domain knowledge, the initial
belief degrees in BRB_T and BRB_LN are generated according to
the expert knowledge. Meanwhile, to simplify the calculation pro-
cess, the fminmax function which is from the optimization toolbox
in MATLAB is used to generate the individuals. Note that different
generated individuals are considered as the individuals in a popu-
lation. As the number of parameters in x is small, the initial pop-
ulation is generated randomly. In each iteration, the maximum
number of evolutionary generation is considered as 20. The num-
ber of iteration is 5, which means the total number of evolutionary
generation is 100.

Step 2: Transforming the input data.
Since the input data is quantitative, a rule-based transformation

technique is utilized [32]. For BRB_T, the input T is transformed
and represented in terms of the referential values which are
defined in Tables 3 and 4. Meanwhile, the input L in BRB_LN is also
transformed and represented according to Tables 5 and 6.

Step 3: Combining the outputs of the two single BRBs.
Table 6
The referential points of LNnumber in BRB_LN.

Linguistic terms Z VS S LS M LL L VL GL

Numerical values 0 5 7 9 12 16 20 30 50
After getting the output of each BRB and corresponding weight
coefficient, the final output is obtained by using the ER analytical
algorithm [23].

Step 4: Calculating the predicting error rate.
After obtaining the belief degrees for each stage, the predicting

error rate is calculated using Eq. (21).
Step 5: Updating all the parameters.
The proposed CCEA is used for updating the parameters in two

BRBs and weight coefficient. Step 2–Step 5 are executed iteratively
until the maximum number of iteration is achieved. To show the
performance of CBRB and the proposed CCEA, a case study is given
in the following section.
6. An experimental case study

In this section, CBRB is validated using a set of real patient data.
Just as in [9], the 2-cross-validation approach is used. To better
analyze the performance, Confusion Matrix (CM) is utilized to
show the results. In this matrix, each column represents the
instances in a predicted stage, and each row represents the
instances in an actual stage. In CM, two evaluated indexes are used,
that is: (1) User Accuracy (UA); (2) Procedure Accuracy (PA). UA
represents the ratio of the number of corrected predicted stage
to the number of test sample in this stage, while PA is the ratio
of the number of the correct predicted stage to the number of a
part of test data whose result is this stage.

In this section, the real patient data set is described at first. Then
CBRB is validated. The new CCEA based optimization method is
validated in the following subsection. Finally, a comparative study
is shown.
Stage 0 Stage 1 Stage 2 Stage 3 Total UA (%)

Stage 0 44 5 0 1 50 88.00
Stage 1 3 48 6 3 60 80.00
Stage 2 2 4 63 7 76 82.89
Stage 3 0 0 5 64 69 92.75
Total 49 57 74 75 255
PA (%) 89.80 84.21 85.14 85.33 85.88



Fig. 3. PA and UA for CBRB and BBRB. (a) is the PA and (b) is the UA.
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6.1. Data set description

255 real patient data are utilized, which are provided by Beijing
Cancer Hospital (Beijing, PR China). Note that the informed consent
from all selected patients was obtained prior to the routine clinical
course. Table 7 shows the patient characteristics, and Table 8
shows the details of the four medical antecedent attributes, which
shows the average value and changing range.
Table 11
Confusion matrix of CANN.

Stage 0 Stage 1 Stage 2 Stage 3 Total UA (%)

Stage 0 44 4 2 0 50 88.00
Stage 1 6 26 25 3 60 43.33
Stage 2 0 5 65 6 76 85.53
Stage 3 0 0 7 62 69 89.86
Total 50 35 99 71 255
PA (%) 88.00 74.29 65.66 87.32 77.25
6.2. Validation of CBRB

In this experiment, the proposed CCEA is used for optimizing
CBRB. Meanwhile, the experimental result of CBRB which was pro-
posed in [9] is also shown. Table 9 shows the corresponding CM. It
can be seen that the overall correct rate is 85.88%, while the BBRB
in [9] is lower. Fig. 3 shows the PA and UA of CBRB and BBRB. The
results show that CBRB is more effective than CBRB for LNM
diagnosis.
Table 10
Confusion matrix of CBRB-pre.

Stage 0 Stage 1 Stage 2 Stage 3 Total UA (%)

Stage 0 35 12 2 1 50 70.00
Stage 1 4 35 20 1 60 58.33
Stage 2 0 4 61 11 76 80.826
Stage 3 0 0 4 65 69 94.20
Total 39 51 87 78 255
PA (%) 89.74 68.63 70.11 83.33 76.86

Fig. 4. PA and UA for training algorithm
6.3. Validation of CCEA

To show the effectiveness of the proposed CCEA based training
algorithm (represented as CBRB-CCEA), we compare it with the
diagnostic performance in test set before training (represented as
CBRB-pre). The initial belief degree and other initial parameters
are the same.
s. (a) is the PA and (b) is the UA.

Table 12
Confusion matrix of CSVM.

Stage 0 Stage 1 Stage 2 Stage 3 Total UA (%)

Stage 0 47 2 1 0 50 94.00
Stage 1 11 39 10 0 60 65.00
Stage 2 2 12 61 1 76 80.26
Stage 3 0 0 21 48 69 69.57
Total 60 53 93 49 255
PA (%) 78.33 73.58 67.03 97.96 76.47



Fig. 5. PA and UA of the six models. (a) is the PA and (b) is the UA.
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Table 10 shows the CM of CBRB-pre. The overall correct rate is
76.86%, which is greatly lower than CBRB-CCEA. Fig. 4 shows the
PA and UA. Meanwhile, three conditions for BBRB in [9] are also
compared, that is: (1) CSA based training algorithm (represented
as BBRB-CSA). (2) Minmax based training algorithm (represented
as BBRB-minmax). (3) The diagnostic performance in test set
before training (represented as BBRB-pre). According to Fig. 4,
the performance after CCEA based training is better in most cases.
It demonstrates that CCEA is effective for improving the prediction
results. It is also shown that it is very necessary to train CBRB.

6.4. Comparative study

Since SVM and ANN have been applied to diagnose LNM, a com-
parative study is presented in the subsection. To make fair compar-
isons, the same cooperative systems for SVM (represented as
CSVM) and ANN (represented as CANN) are developed. The final
output is also combined using the ER approach. For CSVM, the type
of SVM is LibSVM2.91 [33] and the kernel function is Radial Basis
Function (RBF) which the regularization and kernel parameters
are set to f2�3;2�2; . . . ;210g. The lowest error rate is considered
as the output. The feed forward neural network [34,35] in
MATLAB tool box is used for CANN. Each ANN has a single hidden
layer and the number of node is 5. In addition, the best result in 10
different runs is taken as the predicting result. Training and testing
data in 2-fold cross validation is same. Meanwhile, BBRB, Bi-level
ANN (BANN) and Bi-level SVM (BSVM) in [9] are also presented
to make a comparison.

Tables 11 and 12 shows the CM of CANN and CSVM. The overall
correct rate is 77.25%, 76.47%, respectively. These results are
greatly lower than CBRB. Fig. 5 shows the PA and UA of the six
models. In most cases, CBRB performs the best. This may be due
to that the expert knowledge is embedded into the CBRB and more
factors are introduced.

Compared with CANN can CSVM, CBRB is an open box system
whose internal structure and parameters are transparent to the
users. However, CBRB can have more parameters to be trained.
This could be a cause of concern in dynamic training for real time
diagnosis, although an iterative training scheme can be designed
for such purposes [25]. Once CBRB is trained, the updating and pre-
diction is easy to execute.

7. Conclusions

In this paper, a Cooperative Belief Rule Based (CBRB) CDSS pro-
totype was proposed for LNM diagnosis in gastric cancer. CBRB
consists of two independent BRBs and the final output is obtained
by using the ER approach. In addition, a corresponding CCEA based
method was proposed for training CBRB. By utilizing both the
tumor and lymph node features, CBRB can obtain better diagnostic
performance. A comparative case study on current CDSSs showed
that CBRB performed better than other methods, needless to say
that a CDSS is an open box system which is easy for expert valida-
tion and scrutiny.

Besides tumor and lymph node features, there are other fea-
tures. It is hoped that more useful features can be introduced into
a CBRB model, and more accurate diagnostic results can be
obtained. In addition, the proposed CCEA was used for training
two BRBs in this paper. In fact, the new training algorithm is a gen-
eral method which can optimize multiple BRBs, which is also con-
sidered in the future work.
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