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Abstract Breast cancer is a common to females world-
wide. Today, technological advancements in cancer treat-
ment innovations have increased the survival rates. Many
theoretical and experimental studies have shown that a
multiple classifier system is an effective technique for
reducing prediction errors. This study compared the particle
swarm optimizer (PSO) based artificial neural network
(ANN), the adaptive neuro-fuzzy inference system
(ANFIS), and a case-based reasoning (CBR) classifier with
a logistic regression model and decision tree model. It also
applied three classification techniques to the Mammo-
graphic Mass Data Set, and measured its improvements in
accuracy and classification errors. The experimental
results showed that, the best CBR-based classification
accuracy is 83.60%, and the classification accuracies of
the PSO-based ANN classifier and ANFIS are 91.10%
and 92.80%, respectively.
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Introduction

Breast cancer is a globally prevalent cancer among women.
Currently there are three methods to diagnose breast cancer:
mammography, FNA (fine needle aspirate) and surgical
biopsy. Mangasarian et al. pointed out a linear-programming-
based machine learning approaches to the prognosis of breast
cancer. The problem considered in this research is that of
prognosis, the prediction of the long-term behavior of the
disease [1]. Data mining and statistics analysis is the search
for valuable information in large volumes of data. It is now
widely used in health care industry [2].There are many data
mining technologies, and the common ones include the
artificial neural network (ANN), adaptive neuro-fuzzy
inference system (ANFIS), case-base reasoning (CBR),
decision tree (DT), support vector machine (SVM), and
rough set theory (RST). In medical applications, CBR and
machine learning have been successfully used for decision
support in tasks such as patient diagnosis [3].

Depending on problem in hand, the proportionality
between data and knowledge varies. The knowledge domi-
nant computing model, CBR is a multi-disciplinary subject
that focuses on the reuse of experiences [4]. The data
dominant computing models: ANN and ANFIS have been
deployed in time to time and problem to problem by many
researchers in medical domain [5]. CBR is a knowledge
system, which can be used for special knowledge expression
of cases from past experience and problems, and it possesses
the technologies to develop a knowledge base system,
including a case-based explanation system and a problem-
solving system. In recent years, ANN has been developed to

M.-L. Huang (*) :Y.-H. Hung : T.-H. Wang
Department of Industrial Engineering and Management,
National Chin-Yi University of Technology,
35, Lane 215, Section 1, Chungshan Road, Taiping,
Taichung 411 Taiwan, Republic of China
e-mail: huangml@ncut.edu.tw

Y.-H. Hung
e-mail: hys502@ncut.edu.tw

W.-M. Lee : R. K. Li
Department of Industrial Engineering & Management,
National Chiao Tung University,
1001 Ta Hsueh Road,
Hsinchu, Taiwan 300, Republic of China

W.-M. Lee
e-mail: wunming@mail.hit.edu.tw

R. K. Li
e-mail: rkli@cc.nctu.edu.tw

J Med Syst (2012) 36:407–414
DOI 10.1007/s10916-010-9485-0



mimic the behavior of biological neural nets, and have
successfully solved problems through the generalization of
limited quantities of training data and overall trends in
functional relationships [6, 7]. For each liner problem and for
a variety of constraint integration methods, three popular
heuristic search procedures are particle swarm optimization
(PSO), genetic algorithms (GA), and simulated annealing
(SA), which are applied, tuned, and compared [8]. In recent
years, the particle swarm optimization algorithm, which is a
simple, easy to implement, and highly effective evolutionary
algorithm, has been used for the purpose of ANN evolution.
An ANFIS is not only a theory integrated with the fuzzy
theory and neural networks, but also a fuzzy system with
learning abilities. It can obtain fuzzy rules, which cannot be
obtained by a common fuzzy system by regulating synaptic
weights of a neural network, summarizing the relevant input
and output relations, and then obtaining the fuzzy rules [9]
from the synaptic weights of the network. The advantage of
this system is that no accurate mathematical model is needed,
therefore, if proper experimental data is given, an applicable
and effective prediction model can be constructed. However,
due to complementary advantage and disadvantage of CBR
andANN sometimes, in medical domain, it is difficult to solve
problem independently with either. But, if their advantages are
exploited and disadvantages are removed then their combina-
tion offers significant benefits. Many approaches to case based
reasoning exploit feature weight setting algorithms to reduce
the sensitivity to distance functions.

This paper compares the performance of three different
hybrid algorithms, (1) Assigning attribute weights to be used
in a CBR prediction model. The generation of the attribute
weights is performed by decision tree and logistic regression
(LR). (2) A hybrid PSO-Backpropagation (PSO-BP) algo-
rithm combines the population-based evolutionary searching
ability of PSO to improve the NN algorithm’s capability of
finding out the global optimal solution. (3) The ANFIS
classifiers learned how to differentiate a new case in the
domain by given a training set of such records. The proposed
ANFIS model combined the neural network adaptive capa-
bilities and the fuzzy logic qualitative approach. The study
and observation would help the biomedical engineers to know
the applicability of a particular method in different medical
domains of practice and research.

Material and methods

Mammographic mass data set

Mammography is the most effective method for breast
cancer screening currently available. In the mammogram
report, includes many technical details, and one section will
shows a breast imaging reporting and data system (BI-

RADS) score. BI-RADS was developed by the American
College of Radiologists as a standard of comparison for
rating mammograms and breast ultrasound images. It
indicates the radiologist’s opinion of the absence or
likelihood of breast cancer [10]. The data used in this study
is provided by a UCI Machine Learning Repository
Mammographic Mass Data Set [11], which contains a BI-
RADS assessment, the patient’s age, and three BI-RADS
attributes, together with the ground truth (the severity field)
of 516 benign and 445 malignant masses that have been
identified through full field digital mammograms collected
at the Institute of Radiology of the University Erlangen-
Nuremberg, from 2003 to 2006 [12]. The database contains
information regarding BI-RADS, Age, Shape, Margin, and
Density variables. The classification output is binary: malig-
nant (0) or benign (1) tumors (see Table 1). The initial
database was pre-processed to remove cases with missing
values and to standardize the variables. After removing
records with missing values the database contains 815 cases.

Case-Based Reasoning (CBR)

CBR has been successfully applied to medical diagnosis. It
is an inference technique developed in the field of artificial
intelligence, originating from the script model proposed by
Schenk and Abelson (1977) [13]. CBR is a problem solving
paradigm in artificial intelligence, where new problems are
solved based on previously experienced similar problems. It
is regarded as the most effective way to construct an expert
system [14]. The common case-based reasoning operations
mainly include 4 cyclic processes, which are retrieving
similar cases, reusing cases, revising cases, and retaining
[15]. There are three main retrieval techniques of case
retrieval in CBR, such as nearest neighbor retrieval,
inductive approach, and knowledge-guided approach.

However, how to maintain a set of appropriate feature
weights applicable to solving future problems effectively
and efficiently are key factors in determining the success of
case-based reasoning applications [16]. Many approaches
to CBR exploit feature weight setting algorithms that
reduce the sensitivity of distance functions. These machine
learning techniques, such as case adaptation, decision trees

Table 1 Description of the initial data set

Variables Variable description Value

A1 BI-RADS assessment 1–5

A2 Age 18–96

A3 Shape 1–4

A4 Margin 1–5

A5 Density 1–4

A6 Severity malignant (0) or benign (1)
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[17], and LR, can be combined with CBR to set attribute
weights in a CBR prediction model. The generation of the
attribute weights is performed by considering the presence,
absence, and positions of the attributes in a decision tree.
The provision of feature rankings provides the user with a
sense of how each of the feature values contributes to a
particular prediction. Nearest-neighbor retrieval is a simple
approach that computes the similarity between stored cases
and new input cases, based on weight features. In this
study, CBR use the k-nearest neighbor algorithm for total
holdout data set. Generally, the technique of the nearest
neighbor uses Euclidean distance, as follows:

DISxy ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X

n

i¼1

wi fxi � fyi
� �2

s

i ¼ 1; 2; . . . ; k ð1Þ

where DISxy is distance x, and y, fxi and fyi are the values for
attribute x and y of the input and retrieved cases, n is the
number of attributes, wi is the importance weighting of
attributes x, y. In this study, CBR use the k-nearest neighbor
algorithm for total holdout data set. This produces a
formulation equivalent to [18] and the reader should consult
that paper for more details.

CBR weight set ranked by decision tree

A node represents a pattern observed among instances,
which is the path of the node from the root. A decision tree
holds all patterns that provide better classification accuracy
within an optimum height. The number of defective/good
instances classified under a node can be used to measure
the support and confidence of the pattern causing a
defective/good case. The first step to inducing a decision
tree is to rank the attributes according to their importance in
classifying the data. The C4.5 algorithm ranks using an
entropy measure [17]. However, if the information gain is
taken as the classification rules, the attributes with many
attribute values will be selected to improve the information
gain by the Shannon entropy gain Gain(A) [17]. The C4.5
pruning trees are the conditions for judgment based on the
predicated error rate. This study adopted the Classification
and Regression Trees (CART) algorithm from SPSS
Answertree 3.1 software to determine the maximum gain,
and executed 10-fold cross-validation.

CBR weight set ranked by Logistic Regression

Logistic Regression has been successfully applied to
classifying high-dimensional cancer datasets [19]. However,
we use the LR model as a feature selection (feature ranking)
method. Hosmer and Lemeshow [20] provides a detailed
survey and overview of the existing methods for LR model.
The maximum likelihood estimation procedure is used to

obtain estimates of the coefficients, and to maximize the
value of a function called log-likelihood function [20]. The
approach implementing LR in each node presents some
peculiarities. The feature selection process is performed
concomitantly with the estimation of decision functions for
the classification procedure. The methodology for feature
selection is known as stepwise forward, and it is based on
Wald’s test of significance. The equation for calculating the
value of Wald is Eq. (2), as follows:

wald ¼ b1
S:E:

� �2

ð2Þ

where β1 denotes the output regression coefficient and S.E.
denotes the standard error.

PSO-based ANN

ANN has the special capacity to approximate dynamics of the
nonlinear systems of many applications, in a black box
manner. The multi-layered, feed-forward neural networks of
supervised training types, trained with a BP learning
algorithm, are the most popular networks applied in different
fields. Similar to all neural network models, three layered,
feed-forward neural networks must be trained to obtain
predicting ability with a training set. Concerning the training,
the BP algorithm is usually used to perform such a task, that is
to minimize an average sum squared error term by performing
a gradient descent in the error space. The BP neural network,
as a gradient search algorithm, has some limitations associated
with over fitting, local optimum problems, and sensitivity to
the initial values of weights [7, 21].

However, building an optimal prediction model from
nonlinear problems is complicated by the presence of many
training factors. Several different attempts have been proposed
by various researchers to solve this training problem, which
include imposing constraints on the search space, restarting
training at random points, adjusting training parameters, and
restructuring the ANN structure [7]. Recently, a new evolu-
tionary computation technique, PSO, is proposed [22]. In
order to improve training performance, the PSO technique has
been used to train multi-layered feed-forward neural networks
to discriminate between different operating conditions. The
global or local best solutions in PSO are reported only to the
other particles in a swarm. Therefore, evolution only looks for
the best solution, and the swarm tends to converge to the best
solution quickly and efficiently, thus increasing the probability
of global convergence [23, 24]. There are several articles
focused on the PSO [21, 23–26]. These references indicate
that NN training with PSO algorithms are successful in
evolving ANN, and achieve a generalization performance
comparable to or better than those of the standard BP
networks. It is called PSO-Based ANN classifier.
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PSO-based ANN classifier

A typical three-layer feed-forward neural network consists of
an input layer, a hidden layer, and an output layer. The nodes
are connected by weights and output signals, which are a
function of the sum of the inputs to the node, and modified by
a simple nonlinear activation function. Learning involves
adjustments of the synaptic connections (i.e. weights) among
the neurons. Every neuron model consists of a processing
element with synaptic input connections and a single output.
Demuth and Beale [6] provides detailed information about
the theory and applications of NN structures.

During neural network training, the weight and bias values
are adjusted to minimize training errors, which are a measure
of the correlation between the NN model output and training
data. The PSO is a population-based stochastic optimization
technique inspired by the social behavior of flocking birds
[26]. The system is initialized with a population of random
solutions, then searches for the optima solution by updating
generations. A swarm consists of a set of particles, where
each particle represents a potential solution. In particular,
each particle remembers its best position from among those
it occupied, which is referred to as pbest, as well as the best
position of its neighbors [24]. The velocity vector drives the
optimization process, and reflects social exchange informa-
tion. Moreover, two main algorithms regularly used in PSO

are a local best algorithm (lbest) and a global best algorithm
(gbest). Each individual of the population has an adaptable
velocity (position change), according to which it moves
within the search space. In the simplest form, position~Pi and
velocity~vi of each particle are represented by the following
equations, and consider lbest rather than gbest as the best
position of the particle referred to the neighbors:

~Pt
i ¼ ~Pt�1

i þ~vti ð3Þ
The gbest algorithm only maintains one single best

solution, and each particle simultaneously moves towards
its previous best position, and the best particle of the whole
swarm. Eventually all particles will converge to this position.
In our proposed method, the neural network is a neural
network, the learning process is a supervised type, and the
learning paradigms are the BP method and the PSO
technique. Both BP and PSO training processes require
bounded and differentiable activation functions, therefore, a
sigmoid function is used.

Network training can be more efficient when certain
preprocessing steps are performed on network inputs. The
returned normalized input variables will all fall within the
interval of [0, 1], Eq. (4) illustrates the use of this function,
as follows.

Fi ¼ Xi �min X1;X2; � � � ;Xnð Þ
max X1;X2; � � � ;Xnð Þ �min X1;X2; � � � ;Xnð Þ ð4Þ

ANFIS classifier

The adaptive neuro-fuzzy inference system is capable of
approximating any real continuous function in a compact set
to any degree of accuracy [27, 28]. Specifically, the ANFIS
system is functionally equivalent to the Sugeno first-order

Fig. 1 Equivalent ANFIS
architecture

Mammographic Mass Data Set 

Data Pre-Processing 

  CBR-DT 

       Classifiers Accuracy Evaluation 

  CBR-LR  PSO-Based   ANFIS ANN

Fig. 2 Experimental process step representation

Table 2 Weight ranked by CART algorithm

Variable A1 A2 A3 A4 A5

Weight 0.077 0.735 0.136 0 0
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fuzzy model [9]. ANFIS and ANN models perform similarly
in some cases, but the ANFIS model predicts better than the
ANN model in most of the cases. A key feature of the
ANFIS approach is the ability to capture knowledge from
data that is inherently imprecise, and maintain a high level of
performance in the presence of uncertainty. ANFIS combines
the advantages of neural networks and fuzzy systems, which
is important because medical tests and data are inherently
imprecise due to individual differences, measurement errors,
and noise [18]. In other words, ANFIS techniques with
reasoning problems under uncertainty and ambiguity circum-
stances, and they directly exploit expert knowledge bases
[29]. ANFIS has been successfully used in modeling, control,
and different areas of biomedicine, including breast cancer
and diabetes [30, 31].

In this study, ANFIS was used to develop a pavement
performance prediction model. Using a given input/output
data set, ANFIS applies a hybrid-learning rule combining
back-propagation, gradient-descent, and a least-squares algo-
rithm to identify and optimize the Sugeno system’s parame-
ters. The equivalent ANFIS architecture is depicted in Fig. 1.
As can be seen, the ANFIS consists of five layers. The first
layer is used to generate the membership grades for each set
of input data vectors. Layer 2 implements the fuzzy AND
operator, while Layer 3 acts to scale the firing strengths. The
output of Layer 4 is comprised of a linear combination of the
inputs, multiplied by the normalized firing strength w:

Y ¼ w pX þ rð Þ ð5Þ
where p and r are adaptable parameters. Layer 5 is a simple
summation of the outputs of Layer 4.

Training the ANFIS is a two-pass process over a number of
epochs. During each epoch, the node outputs are calculated up
to Layer 4, and then, at Layer 5, the consequent parameters are
calculated using a least-squares regressionmethod. The output
of the ANFIS is calculated and the errors propagated back
through the layers in order to determine the premise parameter
(Layer 1) updates.

The simulation for CBR, PSO-Based ANN and ANFIS
classifiers was performed by MATLAB® software. The
system configuration of the computer used for training both
models was as follows: operating system Windows XP;
processor, Intel Core 2 Duo T7500; total physical memory
was1.5 GB.

Structure of experimental steps

The Mammographic Mass Data Set was used separately for
CBR-DT, CBR-LR, PSO-Based ANN and ANFIS. The
classification result from each method was recorded for
further comparisons. P-value was used to demonstrate the
difference between each pairwise comparison for classifi-
cation performance. Fig. 2 schematically represents the
experiment process steps evolving in such four ways.

Results

Assessment of predictive accuracy is a critical aspect of
evaluating and comparing models, algorithms or technolo-
gies that produce the predictions. In the field of medical
diagnosis, receiver operating characteristic (ROC) curves
have become the standard tool for this purpose [32]. A
common method is to calculate the area under the ROC
curve, abbreviated AROC [33]. Since the AROC is a
portion of the area of the unit square, its value will always
be between 0 and 1.0.

Table 3 Chi-square tests of coefficients results

Chi-square df Sig.

Step

Step1 515.068 5 .000

Block 515.068 5 .000

Model 515.068 5 .000

Table 4 Results of the Wald significance analysis

B S.E. Wald df Sig. Exp(B)

Step 1(a)

BIRADS 2.219 .229 93.986 1 .000 9.202

Age .047 .009 29.987 1 .000 1.048

Shape .410 .114 12.976 1 .000 1.507

Margin .278 .092 9.075 1 .003 1.320

Density −.026 .289 .008 1 .929 .975

Constant −14.255 1.332 114.520 1 .000 .000

A denotes Variable(s) entered on step 1: BIRADS, Age, Shape,
Margin, Density

Table 5 Weight ranked by logistic regression algorithm

Variable A1 A2 A3 A4 A5

Weight 0.643 0.205 0.089 0.062 0.001

Table 6 The control parameters used for running PSO

Parameter Value

# of Population 30

# of Generation 1000

Learning factor 0.3

Inertia weights 0.45 and 0.8

Fitness Misclassification Error
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CBR systems

Decision Tree weight ranked

According to the gains of the decision tree, it screened the
gains of three attributes, BI-RADS, Age, and Shape, which are
33, 336, and 58, respectively. After CART conversion, the
weights, and their order are A2(0.735), A3(0.136), and A1
(0.077) respectively, as shown in Table 2. According to the
experimental results, the AROC of the ROC curve is 83.60%.

Logistic Regression weight ranked

This study is based on Severity variables, divided into
two categories, benign diagnosis (0) and malignant tumor
(1). Table 3 is omnibus tests of model coefficients, from
which we find that when χ2=515.068, and significance is
below 0.05, it indicates that the overall adaptation of the
LR model is favorable. Table 4 is the results of the Wald
significance analysis, based on which, the ordering of
influences regarding whether patients suffer from the
diseases is: BI-RADS, Age, Shape, Margin, and Density.
Finally, the value of Wald is converted into weights,
according to its proportion of the total number, as the
reference for CBR weights input. The converted weights

are as shown in Table 5. The experimental results show
that the AROC of ROC curve is 79.90%.

PSO-based ANN classifier

The combinations of control parameters used to run the
PSO are as shown in Table 6. The fitness function of the
PSO process, also called the target function, is used to
decide the degree of fitness of a chromosome under an
environmental condition, namely, measuring the perfor-
mance of every chromosome. The experiments were
repeated ten times to ensure that any misclassification
errors (ME) converged to a minimum value. The PSO-
Based ANN experimental results show that the AROC of
ROC curve is 91.10%.

ANFIS system

The Sugeno model is adopted by ANFIS system, using
the IF-THEN rules and fuzzy reasoning. A similar
function is employed by the regression function or
conversion function of the nodes of the same layer to
construction the main framework of ANFIS. This model
takes A1, A2, A3, A4, and A5 as input variables, and A6
as output variable, with 80% (651) of the observations
used for training, and the remaining 20% (164) observa-
tions used for testing; then, load the ANFIS tool kit of
MATLAB by training data, select the regression function,
set up the times of network training, and carry out

Fig. 3 Convergence curves of ANFIS

Table 8 Pairwise comparison of ROC curves

P-value ANFIS PSO-based ANN CBR-DT CBR-LR

ANFIS – 0.482 0.007 0.000

PSO-Based ANN 0.482 – 0.030 0.001

CBR-DT 0.007 0.030 – 0.305

CBR-LR 0.000 0.001 0.305 –

Table 7 AROC values of the proposed models

Model Input variables AROC

CBR-DT A2, A3 and A1 83.6%

CBR-LR A1, A2, A3 and A4 79.9%

PSO-Based ANN All Variables 91.1%

ANFIS All Variables 92.8%

ANFIS
CBR-DT
CBR-LR
PSO-Based ANN
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Fig. 4 Comparison of ROC curve
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training until complete. After obtaining the results, load
the testing data, and verify the accuracy. The network
learning cycles are set at 5,000 times, mean squared error
is (MSE)=0.00, and then select Gbellmf membership
functions. The results of convergence training from the
processes of the experiments are as shown in Fig. 3. The
experimental results of ANFIS show that AROC of ROC
curve is 92.80%.

Performance comparison of classifiers

The results of modeling for breast cancer prediction using a
CBR-DT, CBR-LR, PSO-Based ANN, and ANFIS are
computed and reported in Table 7. We found that the PSO-
Based ANN and ANFIS has better performance than the
CBR-based classification, and the AROC performance of
ANFIS is the highest, achieving 92.80%.

The CBR-DTapproach resulted in the AROC=83.60%, the
CBR-LR approach in AROC=79.90%, the PSO-Based ANN
in AROC=91.10% and the ANFIS approach in AROC =
92.80%. From Table 8, the classification performance from
ANFIS is significantly different from both CBR-DT and
CBR-LR. The P-values are 0.007 and 0.000, respectively.
And the classification performance from PSO-Based ANN is
also significantly different from both CBR-DT and CBR-LR.
The P-values are 0.030 and 0.001, respectively. However, the
difference between ANFIS and PSO-Based ANN is not
significant (P-value=0.482). The comparisons of ROC
curves for CBR-DT, CBR-LR, PSO-Based ANN and ANFIS
are shown as Fig. 4.

Discussion

Breast cancer is one of the most common cancers in
women around the world. Therefore, identifying patients
within the system, that may contribute to the develop-
ment of the automatic diagnostic system of breast cancer.
Mammography is the most effective method for breast
cancer screening available today. However, the low
positive predictive value of breast biopsy resulting from
mammogram interpretation leads to approximately 70%
unnecessary biopsies with benign outcomes. In this
paper, a CBR system with two feature ranking algo-
rithms, PSO-Based ANN and ANFIS were proposed for
breast cancer classification application.

The CBR system aims at the improvement of retrieval
speed. Meanwhile, the objective and subjective factors
are considered comprehensively, the similar cases can be
extracted rapidly and accurately from case base. The
major advantage of ANN is the flexible capability of
nonlinear modeling. An ANN-Based classifier is an
effective way to extract hidden knowledge from breast

cancer register, but the resulting model is not clear and
could not be easily understood. The ANFIS is a
developed model of ANN by combining the benefits of
ANN and fuzzy inference system in a single model. The
ANFIS shows characteristics of fast and accurate learning
with the ability of using both linguistic information and
data information and good generalization capability.
ANFIS is a rule-based step to map previously extracted
terms and events from files easily and can be used to
support less experienced oncologists in decision-making.
For the mammographic mass data set, although the result
shows that the POS-Based ANN and ANFIS approach
perform significantly better than the CBR approach, the
application of PSO-Based ANN and ANFIS on other
data sets should be cautious.
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