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Computerised systems are one of the fastest growing areas
within medicine at present, both in the clinical setting in
hospitals and in research and development (R&D). The
importance of such systems for patient management is
growing steadily and plays an increasingly important role in
treatment and diagnosis. Intelligent systems are becoming
the core for such system where they provide more rapid and
precise patients’ management, aid diagnosis, and improved
outcome. Furthermore, intelligent systems benefit the health
care system through improved accuracy and more cost-
effective solutions.

Initially, singular approaches were used, but increasingly
this has moved towards hybridisation, in particular that
of artificial intelligence techniques. The current emphasis
is on hydride models (quantitative/qualitative) and hybrid
intelligent algorithms (fuzzy logic, neural networks, and
neurofuzzy systems) applied into biomedical applications.
The purpose of this special issue is to promote research
and developments of the best work in the field of hybrid
intelligent systems for biomedical applications.

One paper in this special issue addresses an improved
intuitionistic fuzzy cross-entropy for medical pattern recog-
nition. The improved nonprobabilistic entropy approach
supports doctors examining the work of the preliminary
diagnosing. Another paper is concerned with classifying
high-dimensional patterns using fuzzy logic discriminate
network. The technique is based on an adaptive network of
fuzzy logic connectives to combine class boundaries gen-
erated by sets of discriminate functions. Another different
paper investigates the use of an intelligent dynamic MRI

(DMRI) system for automatic nasal tumour detection. The
dynamic MRI is one of the major tools for diagnosing nasal
tumours in recent years. The purposed system detects and
enhances the tumour region in DMRI automatically by using
Adaboost, SVM, and Bayes-Gaussian classifier.

One other paper presents a novel technique for identi-
fying patients with ICU needs using hemodynamic features.
The system can classify the types of patients and their ICU
need based on hemodynamic features such as heart rate and
blood pressure. Further analyses are done based on the initial
measurements such as circle criterion, estimation error
criterion, Poincare plot deviation, and autonomic response
delay criterion. All the features are utilised to classify the
patient using a fuzzy system. There is a paper that investigates
the effect of the initial random weight of the neural network
on the accuracy of the trained model. Hip fracture data
were used to generate a model to predict the patient status
using a neural network model. The initial weights of the
neural network have been optimised using genetic algorithm.
Results show that the initialisation process has a big effect on
the accuracy of the trained model. Another paper addresses
the use of neural networks for PET volume analysis and
segmentation; different images were used to train neural
network for classifying tumour data on PET images. The
developed classifier shows that the system has a high accuracy
such that a single tumour pixel can be detected and classified
accurately.

Maysam Abbod
Jiann-Shing Shieh

Hak-Keung Lam



Hindawi Publishing Corporation
Advances in Fuzzy Systems
Volume 2012, Article ID 951247, 9 pages
doi:10.1155/2012/951247

Research Article

Optimization the Initial Weights of Artificial
Neural Networks via Genetic Algorithm Applied to
Hip Bone Fracture Prediction

Yu-Tzu Chang,1 Jinn Lin,2 Jiann-Shing Shieh,1, 3 and Maysam F. Abbod4

1 Department of Mechanical Engineering, Yuan Ze University, 32003 Chungli, Taiwan
2 Department of Orthopaedic Surgery, National Taiwan University Hospital, Taipei, Taiwan
3 Center for Dynamical Biomarkers and Translational Medicine, National Central University, Taoyuan City, Taiwan
4 School of Engineering and Design, Brunel University, London, UK

Correspondence should be addressed to Maysam F. Abbod, maysam.abbod@brunel.ac.uk

Received 25 December 2011; Accepted 23 January 2012

Academic Editor: Hak-Keung Lam

Copyright © 2012 Yu-Tzu Chang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

This paper aims to find the optimal set of initial weights to enhance the accuracy of artificial neural networks (ANNs) by using
genetic algorithms (GA). The sample in this study included 228 patients with first low-trauma hip fracture and 215 patients
without hip fracture, both of them were interviewed with 78 questions. We used logistic regression to select 5 important factors
(i.e., bone mineral density, experience of fracture, average hand grip strength, intake of coffee, and peak expiratory flow rate)
for building artificial neural networks to predict the probabilities of hip fractures. Three-layer (one hidden layer) ANNs models
with back-propagation training algorithms were adopted. The purpose in this paper is to find the optimal initial weights of neural
networks via genetic algorithm to improve the predictability. Area under the ROC curve (AUC) was used to assess the performance
of neural networks. The study results showed the genetic algorithm obtained an AUC of 0.858 ± 0.00493 on modeling data and
0.802±0.03318 on testing data. They were slightly better than the results of our previous study (0.868±0.00387 and 0.796±0.02559,
resp.). Thus, the preliminary study for only using simple GA has been proved to be effective for improving the accuracy of artificial
neural networks.

1. Introduction

With increment of the life expectancy among the world,
osteoporosis becomes more and more prevalent and may
lead to disastrous pathological fractures. For the year 2000,
there were an estimated 9 million new osteoporotic fractures,
1.6 million at the hip, 1.7 million at the forearm, and 1.4
million at the vertebrae. Europe and the Americas accounted
for 51% of these osteoporotic fractures, while most of the
remainder occurred in the Western Pacific region and South-
east Asia [1]. Hip fractures cause the most morbidity with a
reported mortality rate up to 20–24% in the first year after
a hip fracture [2, 3], and greater risk of dying may persist
for at least 5 years afterwards [4]. Hip fractures are invari-
ably associated with severe chronic pain, reduced mobility,

disability, and an increasing degree of dependence [5]; even
if the patients survive after the incidence, some of them
still suffer its subsequent complications [6]. Furthermore,
the patients have to shoulder the huge health and economic
burdens that caused a high health care expenditure.

In order to reduce the occurrence of this preventable
injury and its subsequent complication, we expected to find
out the risk factors that are important for fracture prevention
and health promotion and then build a predictor for the
probability of hip bone fracture. Recently, support vector
machines (SVMs) have been applied in machine learning
techniques and are state-of-the-art machine learning tech-
niques for risk minimization [7]. Since their invention,
research on SVMs has exploded both in theory and appli-
cations. In practice, SVMs have been successfully applied to
many real-world domains [8, 9]. However, in dealing with
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highly nonlinear and complex system like hip fracture, artifi-
cial neural network (ANN) is still better than SVMs because
so many hidden layers, nodes, and parameters (e.g., learning
constant, learning algorithms, initial weights, etc.) can be
adjusted in ANN. Also, in previous study [10], although
many potential risk factors for hip fracture have been
identified, these risk factors may vary geographically and
combined effects of different risk factors have not been
well understood. Then, they established the artificial neural
network (ANN) to predict the risk of hip bone fracture ac-
cording to the advantages of nonlinearity, fault tolerance,
universality, and real-time operation.

ANNs are computer programs that simulate some of the
higher level functions of the human brain. There are neurons
and synapses in the brain, with various synaptic con-
nection strengths—called “weights”—between the con-
nected neuron pairs. The so-called input and output neurons
for each problem correspond to the inputs and to outputs
from a traditional computer program. The other, called
“hidden” neurons, along with the synapses and weights,
comes between the input and output neurons corresponding
to the instructions in a traditional program. Use of ANNs as
clinical prediction models has been explored in many
areas of medicine, including nephrology, and microbiology,
radiology, neurology.

Backpropagation is a topology of artificial neural net-
work; it adjusts the network’s weights and biases by calculat-
ing the gradient of the error. Usually, backpropagation neural
networks are applied with random initial weight setting
because of symmetry breaking [11]. However, training the
neural networks with random initial weights may cause two
main drawbacks: trapping into local minima and converging
slowly [11, 12]. In view of these limitations of back-propa-
gation neural networks, global search techniques (e.g.,
genetic algorithm and particle swarm optimization) have
been presented to overcome these shortcomings [13, 14]. So
far a number of works compare the evaluation between back-
propagation neural network and genetic algorithm for train-
ing neural networks [15, 16], both of them are techniques for
optimization and learning.

Genetic algorithms (GAs) developed to mimic some of
the processes observed in natural evolution are a class of
global search algorithms techniques. They have been shown
in practice to be very effective at function optimization,
and searching large or complex (multimodal, discontinuous,
etc.) spaces to find nearly global optimum efficiently [11].
Therefore, this study tried to find the optimal initial weights
of artificial neural network via genetic algorithm so that the
predictor could enhance the ability of predicting the risk of
hip bone fracture.

This paper is arranged as follows. Section 2 gives an
overview of artificial neural networks and genetic algorithm.
The materials and the artificial neural network prediction
model are used in Section 3. In Section 4, the proposed ge-
netic algorithm model is explained. Results and discussion
are in Section 5. Conclusions and future work are in
Section 6.

∑
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x2

x3

x4
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Figure 1: The diagram of one neuron.

2. An Overview of Neural Networks and
Genetic Algorithm

2.1. Artificial Neural Networks. Artificial neural networks
are a system that emulates the process of biological neural
networks. Artificial neural networks generally consist of five
components.

(1) The directed graph of the ANN topology.

(2) A state variable associated with each neuron.

(3) A real-valued weight associated with each link.

(4) A real-valued bias associated with each neuron.

(5) The output of each neuron f (
∑
wixi−b), which is the

input for next layer, where f is the transfer function,
wi are the weights connected with each neuron at the
last layer, xi are the input values of the neurons, and
b is the bias of the neuron (Figure 1).

Artificial neural networks have become very popular for
a few reasons. Firstly, they have the capability of learning
what adjusts the weights and biases between the nodes. If the
prediction is correct, the weights of the connections will be
increased and vice versa [17]. Secondly, artificial neural net-
works are a parallel system that can deal with missing data
that the linear program cannot deal with. Thirdly, with
multiple layers, artificial neural networks can process non-
linearity even though the relationships between multifactor
variables have not been exactly understood.

Feedforward network is one of the artificial neural net-
work topologies. It usually consists of multiple layers, and the
information will just be communicated to the next layer (i.e.,
output nodes have no arcs away from them). By different
tactics for modifying the weights in training networks, some
types of feedforward are presented such as back-propagation
neural network. Back-propagation neural network is one that
calculates the gradient of the error and then propagates error
backward through the network to modify the weights and
biases.

2.2. Genetic Algorithm. Genetic algorithms are developed to
mimic some of the processes inspired by natural evolution.
There are five components that we should define first [18,
19]:

(1) a way of coding solution to the problem on chromo-
somes;
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(2) a fitness function which returns a value for each
chromosome given to it;

(3) a way of initializing the population of chromosomes;

(4) operators that may be applied to parents when they
reproduce to alter their genetic composition standard
operators are mutation and crossover;

(5) parameter settings for the algorithm, the operators,
and so forth.

With these definitions, genetic algorithm operates in the fol-
lowing steps.

(1) Encode the problem in a string and generate the ini-
tial population using initialization procedure.

(2) Reckon the fitness value for each chromosome. It will
directly react on the distance to the optimum.

(3) Reproduce until a stopping criterion is met; repro-
duction consists of iterations of the following steps.

(a) Choose a number of parents to reproduce; se-
lection is stochastic, but the individuals with the
highest evaluations are favored in the selection.

(b) Apply the genetic algorithms (e.g., crossover,
mutation) to the parents.

(c) Accumulate the children and evaluate the fit-
ness value. Insert children into the population
to replace worse individuals of the current
population.

In genetic algorithm, fitness function will evaluate the
adaptation of each individual; it is a key point to decide if the
outcome is good or not. Selection operator will choose adap-
tive parents depending on their fitness values. By this step,
the population tends towards better individuals. Crossover
operator and mutation operator make the chromosomes
reach a wider search space [20].

3. Materials and Prediction Model

3.1. Study Sample. The sample data were gathered in the
previous case-control matched study for the analysis of risk
factors of hip fracture for older adults aged 60 and older
[21] and predicting the risk of hip bone fracture for elders in
Taiwan by ensemble backpropagation neural networks [10].
The sample included 228 cases who were the patients admit-
ted to the National Taiwan University Hospital with first
low-trauma hip fracture and 215 patients in the same hos-
pital, but without hip fracture.

Both cases and controls were interviewed by trained
interviewers with the same standardized questionnaire,
which included questions about basic and social demog-
raphy, history of diseases and conditions, self-rated overall
health, health habits, intake of food and nutritional supple-
ments, falls and fracture experiences, living environment and
potential home hazards, physical functioning and use of
assistive devices, and cognitive, and other functions. Athro-
pometric measures and physical assessments less influenced
by lower extremity function were performed after the ques-

tionnaire interview, including body height, weight, handgrip
strength, peak expiratory flow, and coordination test. Bone
mineral density (BMD) was examined at the nonfractured
side of proximal femur for cases and the same side for
matched controls by dual-energy X-ray absorptiometry
(DXA) using the same machine of DEXA (Model: QDR
4500A; Hologic, Waltham, MA, US), and read by the same
radiologist in 153 cases and 197 hospital controls. Leisure-
time physical activity in the health habits was measured
using total energy expended on all leisure-time activities in
a week. The physical functions were measured by questions
on the level of difficulty in performing 5 ADL, 6 IADL, and
8 mobility tasks. Cognitive function was measured with the
Mini-Mental State Examination (MMSE). Height and weight
were measured using electronic scales. BMI was calculated as
weight in kg/height in m2. Grip strength was measured with a
hand-held hydraulic dynamometer (Model: NC70142; North
Coast Medical, Morgan Hill, CA, US). The participants
used the dominant hand, and three maximal values were
averaged. Peak expiratory flow was assessed by using a peak
flow meter (Model: Standard Mini Wright; Clement Clarke
International, Harlow, Essex, UK). The participants took a
deep breath and blew as fast and vigorously as possible.
The maximum of three trials was chosen as the peak flow.
The finger-nose-finger test was conducted by asking the par-
ticipants to use their finger to alternately touch their own
nose and the interviewers’ finger as quickly as possible for as-
sessing the coordination. A total of 78 variables were
measured.

Because the number of variables was too large to be
collected rapidly in clinic, logistic regression was applied
to filter out irrelevant factors with two steps: univariable
analysis and multivariable analysis. After these analyses, five
significant factors (i.e., bone mineral density, experience of
fracture, average hand grip strength, intake of coffee, and
peak expiratory flow rate) remained to be the variables of
neural networks. Typically, the data for artificial neural net-
works were divided into two parts: modeling set and testing
set. Then the modeling set was further divided into training
group and validation group.

However, artificial neural networks were unstable predic-
tors that, with small changes in training data, may result in
very different models. To reduce the influences from unstable
predictors, k-fold cross-validation method was applied here
[19]. The study divided the database into five equal parts.
One part was for testing (i.e., testing data), and the other four
parts were combined to be modeling. This cross-validation
procedure was repeated five times so that we got five data
sets with different testing data.

3.2. Architecture of Prediction Model. Back-propagation neu-
ral network is the most popular training algorithm with
gradient techniques [22]. In previous study [7], back-
propagation neural network comprised an input layer (with
5 input variables), a hidden layer (with 10 nodes), and an
output layer (with 1 nodes). The ensemble artificial neural
networks method was utilized to improve the generalization
of the back-propagation neural network [23]: the previous
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Table 1: Standard parameter set for training.

Parameter Value

Transfer function of the hidden neurons Tan sigmoid

Transfer function of the output neurons Log sigmoid

Training function Trainscg

Maximal fail 1

Encoding Real (decimal)

Chromosome length 71

Population size 30

Weight initialization routine Rand

Initial range −1 ∼ 1

Fitness function Mean square error

Selection operation Roulette whe5el

Crossover BLX − 0.5

Mutation Non-uniform

Elitist 2

Stopping criterion 100 iterations

study structured 20 neural networks with different training
data and validation data then trained each of them for
15 times with random initial weights and then ensem-
bled all the neural networks with the best performance
(Figure 2). In this study, genetic algorithm tried to find
the optimization initial points instead of 15 random ini-
tial weights for back-propagation neural networks training
(Figure 3).

4. The Proposed Genetic Algorithm Model
in This Case

During the study, there were many methods, operators, or
ideals that tried to reach the optimum. The processes would
be presented below and the parameter set was listed in
Table 1.

4.1. Modeling Strategy. The modeling strategy was the
skeleton about how to optimize the initial weights of
the artificial neural network model and the study tried
two types. At the beginning of the study (i.e., type 1),
the genetic algorithm would evolve the population each
iteration with different training data (validation data is
also) and then choose 15 the best chromosomes into each
artificial neural networks instead of 15 random initial
weights (Figure 3(a)). However, neural network is unstable
with different results because of a small change in training
data. Therefore, the second strategy (i.e., type 2) was
presented: the training data were defined for each artificial
neural network, and then the genetic algorithm would
find the optimum initial weights of ANNs, respectively
(Figure 3(b)).

4.2. Initial Population. In genetic algorithms, the binary-
code and the real code are the primary schemes to describe
a chromosome. But, because the binary-coded scheme is
neither necessary nor beneficial [22, 24], and according to

the advantages of intuitiveness, resolution, and facility (i.e.,
need not to decode) for real code, the study used the real-
coded method for describing the chromosomes. There were
30 chromosomes generated in each generation, and each
of chromosomes consisted of 60 weights and 11 biases
represented by one digit. The range for the initial population
will affect the search efficiency, so we tried three levels. At
first, the range between −2 and 2 was used, because all of the
weights fell in this range after training by back-propagation
neural network. But later, the study tried to set the value
between −1 and 1 to compare with back-propagation neural
network. And last, because the crossover operator could
search over the initial range, we tried to narrow the range
again between −0.5 and 0.5.

4.3. Evaluation. Each member of the current population was
evaluated by fitness function based on the mean square error
value to assign the probability of being selected in matting
pool. The fitness function here was the back-propagation
neural network. The study inserts the solutions into the
networks and then calculated the error after the training. The
mean square error value represents how the solution is fit for
the problem, but it does not mean the solution is suitable for
being redrawn in the next generation. The reason is that it is
not difficult to find the optimal chromosomes with minimal
errors for training data, but it is difficult for validation data.
In other words, because the lowest mean square error in
training data was the goal of the networks, but the mean
square error in validation data used for preventing overfitting
of the neural networks should also be considered.

To avoid the above state, the study sets the limitation: no
matter how lower the mean square error was, if the error
resulted from validation data is higher than the threshold,
the chromosome would not be chosen. The threshold was
defined as with the optimal solution in last generation, the
network would not stop training until the validation error
went up, and the error was the threshold of the next
generation [25].

4.4. Reproduction. A mating pool of 30 chromosomes was
created by Roulette wheel selection operator according to the
probability of each chromosome in the current population.
The steps of the procedure were as follows: firstly, select the
random number between 0 and 1. Secondly, chose the chro-
mosome whose cumulative probability is a little more than
the random number into the mating pool. Finally, repeat
above steps until 30 new chromosomes are created in the
population.

4.5. Crossover. The process was described as below: firstly,
randomly select two chromosomes from the matting pool.
Secondly, choose four random positions and exchange genes
between the first two positions and two last positions.
Thirdly, randomly choose the numbers of the interval [cmin−
I · 0.5, cmax + I · 0.5] for four positions separately, where
cmin is the minimal value between two parents, I is the
range between cmin and cmax [26]. The last two springs were
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Figure 4: Comparison of the MSE between BPNN and GA-based BPNN for different data: (a) training data, (b) testing data, (c) database
(including training and testing data).

generated into matting pool. The step was repeated until
four-fifth of population was altered.

The features of the operator were that using four
crossover points could match uniformly, in other words, the
beginning of the string would not always separate from the
end of the string. Secondly, chromosomes might include
genes that never appear; it was because our paper used the
blend crossover method (α value = 0.5) [27].

4.6. Mutation. The mutation operator used in this study was
nonuniform mutation [28]. Compared with random muta-

tion, the nonuniform mutation could change the interval
for mutating depending on iterations. The genes would be
mutated by (1)

c′i =
{
ci + Δ(t, bi − ci), if τ = 0

ci − Δ(t, ci − ai), if τ = 1,
(1)

where t is current generation, ai and bi are the initial ranges
of lowest and highest limits, τ is a random number which
may have a value of zero or one, and calculate Δ using (2)

Δ
(
t, y
) = y

(
1− r(1−(t/gmax))b

)
, (2)
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Figure 5: The ROC curves of the original BPNN and the GA-based BPNN for different ranges, (a1) and (a2) −0.5 to 0.5 range for the
training and testing data, (b1) and (b2) −1 to 1 range for the training and testing data, (c1) and (c2) −5 to 5 range for the training and
testing data.

where r is a random number from the interval [0,1], gmax is
the maximum number of generations, and b is a parameter
which determines the level of dependency on the number of
iterations (it is equal to five here) [29].

The feature of the operator was as follows: the operator
would make a uniform search in the initial space when t was
small and become narrower in later generations.

4.7. Stopping Criterion. The algorithm would terminate after
100 generations, because it had almost converged.

5. Results and Discussion

In this paper, the normal backpropagation algorithm has
been used in ANN. Regarding the learning rate chosen 0.01,
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the chosen 10 nodes for hidden layer and using 20% dataset
for testing, have been reported in our previous study [10].
Moreover, in order to avoid the overfitting, the neural
network would stop training when the validation error
started to go up (see Figure 4, the point signed with green
point). In these figures, we could make sure that the neural
networks converged rapidly with pretraining by genetic
algorithm.

The paper calculated the area under ROC curve (AUC)
with different initial range (Figure 5). The differences
between Figure 5 (a1) and (a2) (AUCmodeling = 0.858 and
AUCtesting = 0.802), and Figure 5 (b1) and (b2) (AUCmodeling

= 0.849 and AUCtesting = 0.831) seemed to be similar, but
pretty different in Figure 5 (c1) and (c2) (AUCmodeling = 0.778
and AUCtesting = 0.849). It means that if the initial range
of GA parameter is smaller it is able to get better testing
result.

To find the optimal initial weights however was a
difficult task. Firstly, it had misgivings about not only the
over-fitting from backpropagation in neural networks but
also the tendency toward minimal mean square error in
training data only without consideration of validation data in
genetic algorithms. Secondly, the searching space of genetic
algorithm might be limited by the initial range of the initial
weights. Last, the advantages of using genetic algorithms
compared with our previous study [10] should be based
on the performance of the neural networks on the testing
datasets, instead of the minimal square error only in the
modeling datasets.

Another consideration of minimal improvement of
genetic algorithms in this study was the ratio between the
number of chromosomes in a generation (i.e., population
size) and the length of a chromosome was small. It might be
the reason why the genetic algorithm cannot search exten-
sively to reach the optimum.

6. Conclusions and Future Work

The study results showed that the genetic algorithm obtained
a good result of AUC of 0.858 ± 0.00493 on modeling data
and 0.802 ± 0.03318 on testing data for small range of
initial parameter. They were slightly better than the results of
our previous study (0.868 ± 0.00387 and 0.796 ± 0.02559,
resp.). Thus, the preliminary study for only using simple GA
has been proved to be effective for improving the accuracy
of artificial neural networks. However, the genetic algorithm
should be further modified to improve the performance
because of the data of our hip fracture cases were highly non-
linear and complex. Our future work is to try different ways
of coding schemes to increase the efficiency of genetic oper-
ations, change the ratio between chromosome length and
population size to extend the searching space, and investigate
the effects of different initial ranges of initial weights on the
network performance.

The works that should be done to improve the algo-
rithms in the future are as follows: firstly, a better fitness
function is designed to prevent the overfitting in genetic
algorithm. Secondly, the criterion of stopping the algorithm

can try some other methods, for example, to stop when the
best chromosome does not change for a certain number of
generations or the chromosomes with similar minimal mean
square errors reach a certain number. Finally, other classifi-
cation methods, such as neurofuzzy algorithms [30], support
vector machines [9], and particle swarm optimizations [31]
would be a good candidate for improving this prediction
accuracy.
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The increasing number of imaging studies and the prevailing application of positron emission tomography (PET) in clinical
oncology have led to a real need for efficient PET volume handling and the development of new volume analysis approaches to aid
the clinicians in the clinical diagnosis, planning of treatment, and assessment of response to therapy. A novel automated system for
oncological PET volume analysis is proposed in this work. The proposed intelligent system deploys two types of artificial neural
networks (ANNs) for classifying PET volumes. The first methodology is a competitive neural network (CNN), whereas the second
one is based on learning vector quantisation neural network (LVQNN). Furthermore, Bayesian information criterion (BIC) is used
in this system to assess the optimal number of classes for each PET data set and assist the ANN blocks to achieve accurate analysis
by providing the best number of classes. The system evaluation was carried out using experimental phantom studies (NEMA IEC
image quality body phantom), simulated PET studies using the Zubal phantom, and clinical studies representative of nonsmall
cell lung cancer and pharyngolaryngeal squamous cell carcinoma. The proposed analysis methodology of clinical oncological PET
data has shown promising results and can successfully classify and quantify malignant lesions.

1. Introduction

Positron emission tomography (PET) volume analysis is vital
for various clinical applications including artefact reduction
and removal, tumour quantification in staging, a process
which analyses the development of tumours over time, and
to aid in radiotherapy treatment planning [1, 2]. PET has
been progressively incorporated into the management of
patients. Results of clinical studies using fluorodeoxyglucose
(FDG)-PET have demonstrated its added value in the
diagnosis, staging, and evaluation of response to therapy [3–
5]. The utilisation of advanced high performance analysis
approaches will be useful in aiding clinicians in diagnosis
and radiotherapy planning. Although the task of medical

volume analysis appears simple, the reality is that an indepth
knowledge of the anatomy and physiology is required to
perform such task on clinical medical images. Essentially,
the expert observes a particular slice, determines borders
between regions, and classifies each region. This is commonly
completed slice by slice for a 3D volume and requires a
reslicing of data into the transaxial, sagittal, and coronal
planes. In addition to this, identifying smaller slice features
and contrast modifications are often required. Although, for
a typical 3D data set, the entire expert manual analysis can
take several hours to complete, this approach is perhaps
the most reliable and accurate method of medical volume
analysis. This is due to the immense complexity of the human
visual system, a system well suited to this task [6–9].
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The main challenges associated with PET are the statisti-
cal noise and the low resolution which results in a significant
partial volume effect. This effect should be reduced to the
minimum level so that the required information can be
precisely extracted from the analysed volume. Analysing
and extracting the proper information from PET volumes
can be performed by utilising analysis and classification
approaches which provide rich information compared to
what can be extracted from visual interpretation of the
PET volumes alone. The need for accurate and fast analysis
approaches of imaging data motivated the exploitation
of artificial intelligence (AI) technologies. Artificial neural
network (ANN) is one of the powerful AI techniques that has
the capability to learn from a set of data and construct weight
matrices to represent the learning patterns. The ANN is a
mathematical model which emulates the activity of biological
neural networks in the human brain.

ANNs had great success in many applications including
pattern classification, decision making, forecasting, and
adaptive control [10]. Competitive neural networks with
wavelet invariant moments have been used in [11] to detect
the arbitrary pose of the face and verify the candidate face
regions. In this work, the user selects some wavelet invariant
moments and feed them into the neural network. There is
just one active output out of three outputs of the network
which correspond to frontal face, nonface, and profile face.
Therefore there is no full classification for the whole image
since it is just restricted to some selected features. Supervised
competitive learning algorithm has been used to train com-
petitive learning neural network with the extracted features
set for handwritten Chinese character recognition [12]. A
number of research studies has been carried out in the
medical field utilising ANN for image segmentation and
classification using various medical imaging modalities.
Multilayer perceptron (MLP) neural network have been
used in [13] to identify breast nodule malignancy using
sonographic images. A multiple classifier system using five
types of ANNs and five sets of texture features extraction for
the characterisation of hepatic tissue from CT images was
presented in [14]. Kohonen self-organising neural network
for segmentation and a multilayer backpropagation neural
network for classifying multispectral MR images have been
used in [15]. Kohonen ANN was also used for image segmen-
tation in [16]. Computer-aided diagnostic (CAD) scheme to
detect nodules in lung using multiresolution massive training
artificial neural network (MTANN) is presented in [17].

Many other approaches were used for medical image
segmentation. A fuzzy locally adaptive Bayesian (FLAB)
segmentation for automatic lesion volume delineation has
been proposed in [18]. The FLAB approach was compared
with a threshold approach as well as fuzzy hidden Markov
chains (FHMCs) and the fuzzy C-Means (FCM) algorithms.
In this comparison, phantom data sets were used to validate
the performance of the proposed algorithm. A new fuzzy
segmentation technique adapted to typical PET data was
also recently proposed [19]. First, PET images smoothed
using a nonlinear anisotropic diffusion filter are added as a
second input to the FCM algorithm to incorporate spatial
information. Thereafter, a methodology was developed to

integrate the a trous wavelet transform in the standard
FCM algorithm to allow handling of heterogeneous lesions’
uptake. An unsupervised MRI segmentation method based
on self-organising feature map has been reported in [20]. An
extra spatial information about a pixel region was obtained
using a Markov random field (MRF) model. The utilisation
of MRF term improves the segmentation results without
extra data samples in the training set. The cooperation of
MRF into SOFM has shown its great potentials as MRF term
models the smoothness of the segmented regions. It verifies
that the neighboring pixels should have similar segmentation
assignment unless they are on the boundary of two distinct
regions. However, it is not clear how the proposed approach
is able to differentiate between two regions.

This paper aims to develop a robust PET volume analysis
system using ANN combined with Bayesian information
criterion (BIC). The initial investigation of this system was
published in [21]. Two methodologies have been investigated
using the competitive neural network (CNN) and the
learning vector quantisation neural network (LVQNN) for
classifying PET volumes. BIC has been used in this system to
select the optimal number of classes for each PET data set and
feed it into the ANN blocks. The CNN and LVQNN outputs
have been evaluated using two PET phantom data sets, a
clinical PET volume of nonsmall cell lung cancer patient, and
PET volumes from seven patients with laryngeal tumours.

This paper is organised as follows. Section 2 presents
theoretical background for the main system components
including BIC, CNN, and LVQNN. The proposed medical
volume analysis system is described in Section 3. Results and
analysis are illustrated in Section 4, and finally conclusions
are presented in Section 5.

2. Theoretical Background

2.1. Bayesian Information Criterion. Bayesian information
criterion (BIC) is employed to approximate the Bayes factor
which is consequently used to compare a series of rival
theories. BIC is one hypothesis testing approach which
uses Bayesian inference. BIC has gained notoriety as a
significant approach for model selection and has been used
in contexts varying from image processing and analysis [22],
to biological and sociological research [23, 24]. Although the
BIC does not allow for spatial correlations between voxels
to be considered, it does provide a useful strategy for the
comparison of contesting models. The model which applied
to the data set is denoted by MK and is defined from the
Gaussian distribution utilised and its associated parameters
θK , where K is a prior number of classes. To compare
two competing hypotheses MK and MK ′ , the posterior
probability of each model with voxel labelling Y is computed
as follows [23]:

p(MK | Y) = p(Y |MK )p(MK )
∑K

l=1 p(Y |Ml)p(Ml)
, (1)
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p(MK ) is the prior probability of model MK , and in this case
the number of classes considered is taken to be equally likely
a priori, therefore,

p(MK ) = 1
Kmax

(K = 1, 2, . . . ,Kmax). (2)

The ratio of posteriors, p(Y | MK )/p(YML), is com-
monly referred to as the Bayes factor for model MK versus
model ML. This factor equates to the posterior odds of one
hypothesis when the prior probabilities of the two hypothe-
ses are likely to be equal. This also provides a measure of
evidential weight provided for the data or against the null
hypothesis. p(Y | MK ) represents the integrated likelihood
of model MK rather than the maximised likelihood and is
given by:

p(Y |MK ) =
∫

p(Y | θK ,MK )p(θK )dθK , (3)

p(Y | θK ,MK ) is the usual likelihood, and p(θK ) is the
prior assumed to be equally probable for all MK . Evaluating
this integral is combinatorially difficult; however, a good
approximation to the integrated likelihood is given by the
BIC:

BIC = 2 log p
(
Y | θ̂K ,MK

)
−DK logN , (4)

where θ̂K is the maximum likelihood estimator of θK
obtained from Gaussian mixture fitting:

p
(
Y | θ̂K ,MK

)
=

N∏

i=1

K∑

j=1

P̂ jΦ j

(
Yi | θ̂ j

)
, (5)

where N is the dimensionality of the data vectors, and DK

is the cardinality of the parameter set employed. The Bayes
factor shown in (6) can be approximated by computing the
difference of BIC terms, which are the results of model fitting
for different numbers of classes, K and L [23]:

2 log
p(Y |MK )
p(Y |ML)

≈ BIC(K)− BIC(L). (6)

Although the absolute value of the BIC is not individually
informative due to comparison with the null hypothesis, the
disparity between BIC values for competing models provides
evidence specifying the use of one model against another.

Expectation maximisation (EM) algorithm is used to find
the maximum likelihood estimation for each class in the
processed PET volume. The maximum likelihood estimation
of X (MLE) based on the incomplete observed data Y can be
defined as follows:

MLE = argmax
{

log p(Y | X)
}

, (7)

where log p(Y | X) is the log likelihood of Y given X .
The maximum likelihood estimation is calculated first based
on Gaussian distribution, which is a continuous probability
distribution that is often used as a first approximation to

describe real-valued random variables that tend to classify
around a single mean value:

f (x) = 1
σ
√

2π
e−(x−μ)2/2σ2

, (8)

where μ is the mean for each class, and σ is the standard
deviation.

The maximum likelihood estimation for each segment
is finally obtained utilising this probability beside the
histogram of each level in the processed slice. The mean
and standard deviation, for each class are also calculated
based on histogram calculation, and according to these
statistical details mthe signal-to-noise ratio (SNR) for each
class is obtained as well to evaluate the level of the signal in
each segment [25]. SNR can be calculated according to the
following equation:

SNR = μ

σ
. (9)

2.2. Competitive Neural Network. Competitive neural net-
works can learn to detect regularities and correlations in
their input and adapt their future responses to that input
accordingly. The neurons of competitive networks learn to
recognise groups of similar input vectors. Self-organising
maps learn to recognise groups of similar input vectors in
such a way that neurons physically near each other in the
neuron layer respond to similar input vectors.

CNN consists of a single layer, the N neurons in this
competitive layer distribute themselves to recognise fre-
quently presented input vector. The weights are applied to
the input vector using negative Euclidean distance approach.
The layer’s net input is calculated by combining its weighted
inputs and biases. CNN is trained using two approaches:
the first one is sequential order incremental training which
trains the network with weight and bias learning rules with
sequential updates. The other approach is random order
incremental training which trains a network with weight
and bias learning rules with incremental updates after each
presentation of an input. Where in this type of neural
network inputs are presented in random order [26].

2.2.1. Competitive Learning. The learning rule used for CNN
is based on Kohonen rule [27, 28], the neuron, whose weight
vector was closest to the input vector I , is updated to be
even closer. The result is that the winning neuron is more
likely to win the competition the next time a similar vector is
presented, and less likely to win when a very different input
vector is presented. As more and more inputs are presented,
each neuron in the layer closest to a group of input vectors
soon adjusts its weight vector toward those input vectors.
Eventually, if there are enough neurons, every class of similar
input vectors will have a neuron that outputs 1 when a vector
in the class is presented, while outputting a 0 at all other
times. Thus, the competitive network learns to categorise the
input vectors it sees each time. The weight Wi of a neuron i
at iteration q is adjusted as follows:

Wi
(
q
) =Wi

(
q − 1

)
+ α
(
I
(
q
)−Wi

(
q − 1

))
, (10)
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Figure 1: Proposed system for oncological PET volume analysis.

where the learning rate α is set in the proposed PET appli-
cation to 0.6. This value has been chosen by experiment, as
the learning rate value near zero results in slow learning,
however, values near one result in faster learning, but the
weight vector stays unstable. To solve the problem of the
number of classes in the CNN, BIC has been utilised to
determine the optimal number of classes for each type of the
processed data set.

2.3. Learning Vector Quantisation Neural Network. Learning
vector quantisation neural network is a hybrid network,
it uses unsupervised and supervised learning to form the
classification. LVQNN has two layers: the first layer calculates
weighted inputs using negative Euclidean distance approach.
The second layer has neurons with pure-line activation
function and calculates weighted input using dot product
weight approach. There are no biases used in LVQNN.
LVQ learning in the competitive layer is based on a set of
input/target pairs. Each target vector has a single 1, and the
rest of its elements are 0. The 1 tells the right classification of
the associated input.

LVQNN is more efficient than CNN in case of large
number of inputs. The optimisation procedure implicitly in
this network yields the class means by estimating optimised
assignment for each class [29].

2.3.1. LVQ Learning Rule. The learning rule in LVQNN
combines competitive learning with supervised learning
approach [30, 31], which requires a set of examples of the
suitable network behavior as follows:

{I1, t1}, {I2, t2}, . . . ,
{
IQ, tQ

}
. (11)

Each of these target vectors should contain all zeros except
for a single 1. This 1 indicates the class to which the assigned
input vector belongs. At each iteration, an input vector I is

presented to the LVQNN, and the distance from I to each
prototype vector is calculated. After competition, one neuron
wins, and the ith element of the competition outputs vector is
set to 1, then this outputs are multiplied by the weight matrix
to get the final output, which has one nonzero element
indicating the vector class. Kohonen rule is used as a learning
rule; so if the input vector I is classified correctly, then the
weight of the winning neuron needs to be moved toward I as
follows:

Wi
(
q
) =Wi

(
q − 1

)
+ α
(
I
(
q
)−Wi

(
q − 1

))
, (12)

however, if I is classified incorrectly then the weight of the
winning neuron needs to be moved away from I as follows:

Wi
(
q
) =Wi

(
q − 1

)− α
(
I
(
q
)−Wi

(
q − 1

))
. (13)

3. The Proposed System

The proposed medical volume analysis system is illustrated
in Figure 1. The 3D PET volume acquired from PET scanner
goes through the preprocessing block, where thresholding,
histogram equalisation, and median filter are utilised to
remove external artefacts and enhance the quality of each
slice features. The EM algorithm is then used to find
the maximum likelihood estimation for each class in the
enhanced volume. The normal Gaussian density is then
calculated according to (8) for the values 0–255 of each class.
The mean standard deviation and the class probability (CP)
for each generated class are also calculated, according to these
statistical details, the SNR for each class is also obtained. The
classes probabilities must add up to one. The BIC values
are calculated and plotted against different values of K to
determine the optimal number of classes for each processed
slice. This number is fed to CNN and LVQNN, where the
processed volume can be then classified. The outputs of
these approaches are compared in the next step, and the best
classified outputs are selected and displayed.
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Table 1: Statistical information about the best class number for
experimental phantom data set.

CN μ σ SNR CP

1 1.000986 0.250000 4.003944 0.469466

2 3.528585 1.602465 2.201973 0.240734

3 13.024477 7.048304 1.847888 0.247406

4 57.982584 45.253936 1.281271 0.042394

4. Results and Analysis

4.1. Phantom Studies

4.1.1. Experimental Phantom Studies. The first data set used
in this study is obtained using the NEMA IEC image quality
body phantom which consists of an elliptical water filled
cavity with six spherical inserts suspended by plastic rods
of volumes 0.5, 1.2, 2.6, 5.6, 11.5, and 26.5 mL. The inner
diameters of these spheres are 10, 13, 17, 22, 28, and
37 mm. The PET image volume consists of 168 × 168 × 66
voxels, each voxel has dimensions of 4.07 mm × 4.07 mm
× 5 mm corresponding to voxel volume of 0.0828 mL. This
phantom was extensively used in the literature for the
assessment of image quality and validation of quantitative
procedures [32–35]. Other variants of the multisphere phan-
toms have also been suggested [36]. The PET scanner used
for acquiring the data is the Biograph 16 PET/CT scanner
(Siemens Healthcare, Erlangen, Germany) operating in 3D
mode [37]. Following Fourier rebinning and model-based
scatter correction, PET images were reconstructed using
two-dimensional iterative normalised attenuation-weighted
ordered subsets expectation maximisation (NAW-OSEM).
CT-based attenuation correction was used to reconstruct
the PET emission data. The default parameters used were
ordered OSEM iterative reconstruction with four iterations
and eight subsets followed by a postprocessing Gaussian filter
(kernel full-with half-maximal height, 5 mm).

To choose the optimal number of classes for each slice
in the processed PET phantom volume, different values of K
have been used. For the proposed application, BIC values are
calculated incrementally increasing from K = 2 to K = 8.
K is not further increased, as in this medical application,
any additional separation is unnecessary. BIC values tend to
increase indefinitely as the number of components increases.
An increase in BIC value indicates improved model fit;
however, these values typically stabilise on an approximate
curve plateau, the beginning of which is usually taken to
indicate the optimal K value. The plot of BIC values with
K for experimental phantom data set shows that the best K
value can be obtained at 4, as illustrated in Figure 2.

The mean standard deviation, SNR, and class probability
(CP) for each slice have been calculated to analyse all the
recommended classes in each slice. Table 1 presents these
values for the optimal class number (CN) for experimental
phantom data set.
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Figure 2: Plot of BIC values for experimental phantom data set,
scaled by a factor of 1000.

Table 2: Tumours characteristics for the second data set with 2
types of voxels.

Tumours
Isotropic voxels Nonisotropic voxels

Position Size Position Size

1 Slice 68 2 voxels Slice 142 2 voxels

2 Slice 57 3 voxels Slice 119 3 voxels

3 Slice 74 2 voxels Slice 155 2 voxels

4.1.2. Simulated Phantom Studies. The second data set con-
sists of Monte Carlo simulations of the Zubal anthropomor-
phic model where two volumes were generated. The first
volume contains a matrix with isotropic voxels, the size of
this volume is 128 × 128 × 180 voxels. The second volume
contains the same matrix of the first one but without
isotropic voxels, it has a size of 128 × 128 × 375 voxels.
The voxel size in both volumes is 5.0625 mm × 5.0625 mm
× 2.4250 mm. The second data volume has 3 tumours in the
lungs whose characteristics are given in Table 2 [38].

For isotropic voxels in simulated phantom data set, the
optimal class number obtained from BIC plot is 5 classes,
as shown in Figure 3. The plot of BIC values flattens to an
approximate plateau at K = 5, and for this reason, this
statistical model selection test determines 5 to be the most
appropriate number of labels for classifying this data set.
The optimal number of classes is the same for tumours 1, 2,
and 3. For volume with nonisotropic voxels in the simulated
phantom data set, the optimal number of classes obtained
from BIC plot is also 5 classes for all the three tumours.

Table 3 shows the statistical information about the best
number of classes for simulated phantom data set, tumour
1, with isotropic voxels. While the statistical details about
tumour 2 are presented in Table 4.

Analysing the statistical details about tumour 3 shows
that there is a small difference between the SNR values
calculated for classes 2, 3, 4, and 5, as presented in Table 5.
Similar analysis has been performed for the simulated
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Figure 3: Plot of BIC values for isotropic phantom data set, scaled
by a factor of 1000.

Table 3: Statistical information about the best class number for the
simulated phantom data set, tumour 1.

CN μ σ SNR CP

1 1.003849 0.250000 4.015396 0.409114

2 16.288944 6.399162 2.545480 0.247941

3 26.890255 9.694972 2.773628 0.197655

4 48.774962 18.579216 2.625243 0.120429

5 137.468019 57.911212 2.373772 0.024862

Table 4: Statistical information about the best class number for the
simulated phantom data set, tumour 2.

CN μ σ SNR CP

1 1.003102 0.250000 4.012408 0.399154

2 14.181862 6.814574 2.081107 0.207690

3 26.481251 9.468495 2.796775 0.227157

4 51.409594 19.963755 2.575146 0.142332

5 133.638905 56.426063 2.368389 0.023667

Table 5: Statistical information about the best class number for the
simulated phantom data set, tumour 3.

CN μ σ SNR CP

1 1.002889 0.250000 4.011556 0.407105

2 14.616784 6.508255 2.245883 0.207151

3 25.914234 8.984076 2.884462 0.223710

4 47.367310 18.536074 2.555412 0.136315

5 141.792551 60.934125 2.326980 0.025720

phantom data set with nonisotropic voxels. Table 6 compares
the SNR and class probability for tumours 1, 2, and 3 with
nonisotropic voxels.

The optimum chosen class number is fed to both CNN
and LVQNN, where both have clearly classified all spheres
in experimental phantom data set, as illustrated in Figure 4.
Clear classes have been also obtained for the simulated phan-
tom data set with isotropic and nonisotropic voxels. For

example, Figure 5 presents the original and classified slice
for the simulated phantom data set with isotropic voxels and
tumour 1.

Better performance has been achieved using LVQNN
rather than CNN; however, the required time for classifying
each slice in the processed volume using LVQNN is higher
than the time required for processing each slice using CNN.

Two performance metrics have been employed to eval-
uate the performance of the proposed ANNs. A confusion
matrix is a visualisation tool typically used in supervised and
unsupervised learning approaches. Each row of the matrix
represents the instances in a predicted class, while each col-
umn represents the instances in an actual class. One benefit
of a confusion matrix is that it is easy to see if the system
is confusing two classes: (the tumour and the remaining
tissues in case of clinical PET data sets). The other perfor-
mance metric approach is receiver-operating characteristic
(ROC). This approach can be represented by plotting the
fraction of true positives rate (TPR) versus the fraction of
false positives rate (FPR), where the perfect point in the ROC
curve is the point (0,1) [39]. Both ANNs have performed well
in classifying both experimental and simulated data sets.

4.2. Clinical PET Volume

4.2.1. Clinical Data Set 1. Clinical PET volume of patient
with histologically proven NSCLC (clinical Stage Ib-IIIb)
who has undertaken a diagnostic whole-body PET/CT scan
was used for assessment of the proposed classification
technique. Patient fasted not less than 6 hours before PET/CT
scanning. The standard protocol involved intravenous injec-
tion of 18F-FDG followed by a physiologic saline (10 mL).
The injected FDG activity was adjusted according to patient’s
weight using the following formula:

A
(
MBq

) = weight∗ 4 + 20, (14)

where MBq (megabecquerel) is the international system
of units for radioactivity. As One Bq is defined as the
activity of a quantity of radioactive material in which one
nucleus decays per second. After 45 min uptake time, free-
breathing PET and CT images were acquired. The data were
reconstructed using the same procedure described for the
phantom studies. The maximal tumour diameters measured
from the macroscopic examination of the surgical specimen
served as ground truth for comparison with the maximum
diameter estimated by the proposed classification technique.

The optimal number of classes obtained from BIC plot
for clinical PET volume of nonsmall cell lung cancer patient
is 5 classes, as illustrated in Figure 6. While Table 7 shows
the statistical information about these classes. A subjective
evaluation based on the clinician knowledge has been carried
out for the output of the proposed approaches. The classified
slice using the proposed approaches has clear detection of the
region of interest (ROI) as illustrated in Figure 7.

4.2.2. Clinical Data Set 2. The second clinical data set used
in this study is PET volumes from seven patients with
T3-T4 laryngeal squamous cell carcinoma. Prior to treat-
ment, each patient underwent an FDG-PET study. Patients
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(a) (b)

Figure 4: Experimental phantom data set: (a) original PET image and (b) classified image.

(a) (b)

Figure 5: Simulated phantom data set (tumour 1): (a) original PET and (b) classified image.
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Figure 6: Plot of BIC values for clinical PET volumes of nonsmall
cell lung cancer patient, scaled by a factor of 1000.

were immobilised with a customised thermoplastic mask
(Sinmed, Reeuwijk, The Netherlands) fixed to a flat table-
top to prevent complex neck movements. First, a 10 min
transmission scan was obtained on the Siemens Exact HR
camera (CTI, Knoxville, USA). Immediately after intra-
venous injection of 185–370 MBq (5–10 mCi) of FDG, a 1h
dynamic 3D emission scan was performed. It consisted of
eight frames with variable duration ranging from 90 to 600 s.

Table 6: SNR and CP for tumours 1, 2 and 3 in the simulated
phantom data set with nonisotropic voxels.

CN
Tumour 1 Tumour 2 Tumour 3

SNR CP SNR CP SNR CP

1 4.016184 0.407899 4.013160 0.402693 4.012848 0.396036

2 2.504101 0.239490 2.110565 0.190559 1.962133 0.176196

3 2.814225 0.205216 2.846712 0.222405 2.965170 0.237096

4 2.671825 0.123275 2.557056 0.158497 2.515199 0.161232

5 2.488246 0.024121 2.286361 0.025846 2.224181 0.029441

Table 7: Statistical information about the best class number for
clinical PET volume of nonsmall cell lung cancer patient.

CN μ σ SNR CP

1 1.000840 0.250000 4.003360 0.509741

2 2.911473 1.142062 2.549312 0.163043

3 9.035780 4.213254 2.144608 0.146897

4 32.665878 16.455158 1.985145 0.078470

5 167.509276 52.633532 3.182558 0.101848

All images were corrected for dead time, random, scatter
attenuation and decay and then reconstructed using a 3D
OSEM algorithm, as used in the clinics for patients with
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(a) (b)

Figure 7: Clinical PET data: (a) original PET image and (b) classified image.
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Figure 8: Plot of BIC values for clinical PET data set 2, scaled by a
factor of 1000.

head and neck tumours [40–42]. The size of this data set is
128× 128× 47 voxels for each patient.

In the case of clinical data set, the plot of BIC values
flattens to an approximate plateau at K = 5, and for this
reason, this statistical model selection test determines 5 to be
the most appropriate number of labels for the classification
of this data set. For the data set in question, the K determined
by the BIC plot corresponds precisely to the number of clas-
sification levels recommended by clinicians specifically for
tumour quantification. The BIC provides a useful objective
methodology for classification level selection. In particular,
the BIC works efficiently for tumour quantification in
oncological PET data and can be computed very rapidly.
In the case of a volume with dimensionality 128 × 128 ×
47 voxels, histogram computation takes approximately 1.9
seconds, and thereafter, one BIC value associated with a
specific value of K can be calculated every 1.2 seconds. The
total BIC model selection procedure takes approximately 8.4
seconds (for K = 2, . . . , 8). The model timings are obtained
using a single processor, 2.66 GHz, with 3 GB of RAM.

Using the proposed approach the optimum CN for
each patient has been chosen. According to Figure 8 which
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Figure 9: Clinical PET data set 2: the μ values for classes one to five.

illustrates the BIC values for different K values (from 2–8),
the best CN for this data set is 5 classes. This CN is fed to
both CNN and LVQNN to do the classification for each slice
in the processed clinical data set.

All the statistical information about each class in this
data set has been calculated, Figure 9 illustrates the μ values
for each class of clinical data set 2 from patient number
one to patient number seven. The calculated SNR was
important to refer to the class which contains the ROI. A
subjective evaluation based on the clinician knowledge has
been carried out for the output of the proposed approach.
The classified volumes using the proposed approaches have
a clear detection of ROI. Laryngeal tumours from seven
patients were clearly classified, Figure 10 illustrates the
original and classified slice for patient 1 data set.
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(a) (b)

Figure 10: Clinical PET data set 2 (patient 1): (a) original PET (128× 128) and (b) classified slice (128× 128).

5. Conclusion

An artificial intelligent statistical approach based on CNN
and LVQNN was proposed for 3D oncological PET volume
analysis. Experimental, simulated, and clinical PET studies of
nonsmall cell lung cancer and pharyngolaryngeal squamous
cell carcinoma were used to evaluate the performance of the
proposed system. BIC and EM approaches were deployed
to obtain the optimal number of classes, which was used
by CNN and LVQNN to classify each slice in the processed
PET volume. The mean, standard deviation, signal-to-noise
ratio, and class probability were also calculated for each
class. A detailed objective assessment together with subjective
evaluation based on clinical knowledge was performed to
characterise the performance of the proposed approach.
Promising results were obtained, and the system appears
to successfully classify and quantify lesions from clinical
oncological PET studies.
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Although many classification techniques exist to analyze patterns possessing straightforward characteristics, they tend to fail when
the ratio of features to patterns is very large. This “curse of dimensionality” is especially prevalent in many complex, voluminous
biomedical datasets acquired using the latest spectroscopic modalities. To address this pattern classification issue, we present a
technique using an adaptive network of fuzzy logic connectives to combine class boundaries generated by sets of discriminant
functions. We empirically evaluate the effectiveness of this classification technique by comparing it against two conventional
benchmark approaches, both of which use feature averaging as a preprocessing phase.

1. Introduction

Biomedical spectroscopic modalities produce information-
rich but complex, voluminous data [1]. For instance, mag-
netic resonance spectroscopy, which exploits the interaction
between an external homogenous magnetic field and a nu-
cleus that possesses spin, is a reliable and versatile spectro-
scopic modality [2, 3]. Coupled with robust multivariate
discrimination methods, it is especially useful in the inter-
pretation and classification of high-dimensional biomedical
spectra (patterns) of tissues and biofluids [4]. However, the
ratio of the number of features to the number of patterns
for these data is typically very large; the feature space dimen-
sionality is O(103-104) while the number of patterns is
O(10–100). This “curse of dimensionality” [5, 6] is a
serious challenge for the classification of complex biomedical
spectra: the excess degrees of freedom tend to cause overfit-
ting, which significantly affects the reliability of the chosen
classifier by diminishing its capability to determine effective
generalizations.

We present a pattern classification technique, an exten-
sion to a method described in [7], that attenuates the con-
founding effects of the curse of dimensionality using an
adaptive network of fuzzy logic connectives to combine

pattern class boundaries generated by sets of discriminant
functions based on sets of feature regions possessing high
discriminatory power. We empirically evaluate the effective-
ness of this classification technique by comparing it against
two conventional benchmark approaches, both of which use
feature averaging as a preprocessing phase.

Section 2 presents a brief discussion on pattern classifi-
cation including pattern mapping, validation, discriminant
analysis, and dimensionality reduction approaches. Details
of our technique are presented in Section 3. Datasets, experi-
ment design, and results are discussed in Section 4 followed
by some concluding remarks.

2. Biomedical Pattern Classification

2.1. Mappings and Validation. We begin by defining some
formal notation to precisely describe the problem of pattern
classification where N is the number of patterns (samples,
vectors, individuals, or cases), n is the number of features
(dimensions, attributes, or measurements), and c is the nu-
mber of classes (groups). Let X = {(xk,ωk), k = 1, 2, . . . ,N}
be a set of N labeled patterns where xk ∈ �n and ωk ∈ Ω.
Typically, Ω = {1, 2, . . . , c}; however, it is often advantageous
[8] to use 1-of-c encoding for the class labels for iterative
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classifiers such as artificial neural networks [2]; namely, Ω =
{γ1, γ2, . . . , γc}, where, for xi, γωi = 1 and γωj = 0 (∀ωi /=ωj).
A classifier is a system that determines a mapping, f : X →
Ω. Using f , if a classifier predicts that the class label for xi

is ωp, then a correct classification occurs when ωp = ωi.
It is considered a misclassification (a classification error) if
ωp /=ωi.

Unfortunately, many investigations involving pattern
classification are biased as they use the entire dataset to
determine the mapping. This approach leads to overly
optimistic pattern classification results and do not take into
account the possibility of overfitting; that is, the mapping
becomes a simple table lookup between the given patterns
and class labels, thereby possessing no generalized predictive
power for new (unseen) patterns. To compensate for this
bias, it is essential to perform some type of validation [9, 10].
For instance, patterns in X may be randomly allocated to a
design (training) subset, XD containing ND patterns, or a
validation (test) subset, XV containing NV patterns (ND +
NV = N). Now, a mapping is determined using only design
patterns, f ′ : XD → Ω, but the classification performance is
measured using f ′ with the validation patterns.

Classification performance is measured using the c ×
c “confusion matrix” of the desired class labels versus
the predicted class labels. If the class prediction for xi is
ωp, then the element, [ωp,ωi], of the confusion matrix is
incremented by one (perfect accuracy is reflected by zeroes
on the off-diagonal and nonzeroes on the diagonal). The
conventional performance measure is the ratio of correctly
classified patterns to the total number of patterns, PO =
(
∑

i rii)/NV (i = 1, 2, . . . , c), where ri j is the number of class
i validation patterns predicted, by the mapping f , to belong
to class j. While other measures exist, such as the average
class-wise accuracy, receiver operating characteristics graphs
(ROC curves) [11], or the kappa score (a chance corrected
measure of agreement) [12], for the sake of clarity during the
discussion of the experiment results, we will use PO.

2.2. Discriminant Functions. Linear discriminant analysis
(LDA) [13] is a conventional classification approach that
determines linear boundaries between c classes while taking
into account inter class and intra class variances. If the
error distributions for the classes are the same (identical
covariance matrices), LDA constructs the optimal linear
boundary between the classes. In real-world situations, this
optimality is seldom achieved since different classes typically
give rise to different distributions.

LDA allocates a pattern, x, to class i for which the prob-
ability distribution, pi(x), is greatest. That is, x is allocated
to class i, if qi pi(x) ≥ qj pj(x) (∀ j = 1, 2, . . . , c [ j /= i]),
where qi is the class’ prior (or proportional) probability. The
discriminant function for class i is

Di(x) = log qi + µT
i W−1

(

x − 1
2
µi

)

, (1)

where µi is the mean for class i and W is the covari-
ance matrix of the patterns in X. The feature space
hyperplane separating class i from class j is defined
by Fi j(x) = Di(x) − Dj(x) = 0. Figure 1 illustrates
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Figure 1: Class boundaries defined by linear discriminant functions
for three classes of 2-dimensional patterns.

the class boundaries defined by a set of linear dis-
criminant functions for a two-dimensional dataset with
three classes (N = 33,n = 2, c = 3). As men-
tioned in Section 2.2, when LDA is used for pattern class-
ification, it is imperative to define the discriminant functions
using the design patterns, XD, but to validate the perfor-
mance using the validation patterns, XV .

The support vector machine (SVM) [14, 15] is an im-
portant family of supervised learning algorithms that select
models that maximize the error margin of a training subset.
This approach has been successively used in a wide range of
data classification problems [16]. Given a set of patterns that
belong to one of two classes, an SVM finds the hyperplane
leaving the largest possible fraction of patterns of the same
class on the same side while maximizing the distance of either
class from the hyperplane. The approach is usually formu-
lated as a constrained optimization problem and solved us-
ing constrained quadratic programming. While the original
approach [17] could only be used for linearly separable
problems, it may be extended by employing a “kernel trick”
[18] that exploits the fact that a nonlinear mapping of
sufficiently high dimension can project the patterns to a
new parameter space in which classes can be separated by
a hyperplane. In general, it cannot be determined a priori
which kernel will contribute to producing the best classi-
fication results for a given dataset, and one must rely on
heuristic (trial and error) experimentation. Common kernel
functions K(x, y), for patterns x and y, are power, (x · y)d;
polynomial, (ax · y + b)d; sigmoid, tanh(ax·y+b); Gaussian,
exp(−0.5|x − y|2/σ).

2.3. Feature Reduction. As with any pattern classifier, LDA
becomes unreliable when there are a large number of
features. Even when using stable methods such as singular
value decomposition, the inversion of W in (1) becomes
unstable, so it becomes imperative to preprocess the features.
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A preprocessing strategy to use when n/N is very large (curse
of dimensionality) is to reduce the dimensionality of the
feature space of the patterns; that is, we find a mapping
(transformation) f ′ : X → Y = {(yk,ωk)} where yk ∈
�m and m � n. Now, the classification mapping becomes
f : Y → Ω. A standard approach to feature space reduc-
tion is to take the averages of a fixed number of contiguous
feature regions. Although this type of averaging may often
work well in attenuating the effects of the curse of dimen-
sionality, it also has a tendency to sometimes wash away
information content. Other feature reduction approaches do
not transform the original feature space but rather attempt
to find those features that possess the greatest discriminatory
power [19–22]. One example of this type of approach is
stochastic feature selection.

2.4. Stochastic Feature Selection. Stochastic feature selection
(SFS) [23] is a feature selection/reduction preprocessing stra-
tegy that may be used with any homogeneous or heteroge-
neous set of classifiers (e.g., LDA, artificial neural networks,
support vector machines). Essentially, SFS iteratively pre-
sents, in a highly parallelized fashion, many feature regions
(contiguous subsets of pattern features) to the set of clas-
sifiers retaining the best set of classifier/region pairs. While
SFS has a rich set of parameters to control many different
aspects of the classification process, here we present only
those aspects that are relevant to this discussion and refer the
reader to [23] for a thorough description of this strategy. For
a pattern x = [x1, x2, . . . , xn], we define a region to be a con-
tiguous subset of its features, xrs = [xr , xr+1, . . . , xs] (1 ≤
r ≤ s ≤ n). The user specifies the minimum and maximum
number of regions to be selected for each classification
iteration as well as the minimum and maximum length for
a feature region (s − r + 1). SFS exploits the quadratic com-
bination of (disjoint or overlapping) feature regions. The
intent is that if the original feature space has nonlinear
boundaries between classes, the new (quadratic) parameter
space may have boundaries that are more linear. Given the
feature region xrs = [xr , xr+1, . . . , xs], SFS has three categories
of quadratic combinations: using the original feature region,
xrs; squaring the feature values for xrs [x2

r , x2
r+1, . . . , x2

s ], or
using all pair-wise feature cross products from two regions,
xrs and xtu = [xt, xt+1, . . . , xu] (1 ≤ t ≤ u ≤ n), produc-
ing the result [xrxt, xrxt+1, . . . , xrxu, . . . , xsxt, xsxt+1, . . . , xsxu].
The fitness function (classification performance measure) is
PO. In this study, the only classifier that is used is LDA. When
SFS is finished, it returns the best set of classifier results (the
cardinality of the set is user-specified) where each result con-
tains (i) the value of PO, (ii) the indices (to the original fea-
tures) of the set of feature regions selected, and (iii) the dis-
criminant functions for each class as determined by LDA
using the selected feature regions.

2.5. Fuzzy Adaptive Logic Network. Our approach builds
upon the fuzzy adaptive logic network (cf. [24] for a thor-
ough description). This approach, which can be used for pat-
tern classification, combines two different subsystems within
its general architecture. A neurocomputing subsystem uses a
set of perceptrons to construct class boundaries to delineate

patterns from different classes. Via a set of respective weights
and inputs, a perceptron is defined as P(x, w) = f (

∑
i wixi +

w0) where f is a transfer function (any sigmoid function
but often the logistic function), which describes an n-di-
mensional hyperplane. This geometric information is then
presented to the logic processing subsystem that comprises
a layer of fuzzy conjunctions (“and” elements) and another
layer of fuzzy disjunctions (“or” elements). The intent is to
use these fuzzy logic connectives to combine the hyperplanes
from the neurocomputing subsystem to form convex hull-
like topologies. For instance, a convex region delineated by p
perceptrons may be represented by the compound logic pre-
dicate, Q = P1(x, w1),P2(x, w2), . . . ,Pp(x, wp), which pro-
duces values close to one (meaning it becomes true) when all
contributing predicates are true (i.e., the respective percep-
trons produce high outputs). To capture the geometric
notion of disjoint regions, one may take a union (in the
set theoretic sense) of the individual regions described by
the Q’s: V = Q1 or Q2 or . . . or Qq. To implement
these fuzzy predicates, one uses t-norms to model the and
logic connectives and s-norms to model the or logic con-
nectives. A t-norm, ∧, is a function [0, 1]2 → [0, 1] that
is commutative, symmetric, monotonic, and satisfies the
boundary conditions x t 0 = 0 and x t 1 = x, while the
boundary conditions for the s-norm, ∨, are x s 0 = x and
x s 1 = 1. The fuzzy or and and connectives may now be
defined as

OR(x; w) = ∧i(wi ∨ xi),

AND(x; w) = ∨i(wi ∧ xi),
(2)

where x is the input and w are the corresponding adjustable
weights (connections) confined to the unit interval. In the
case of OR(x; w), the greater the weight value the more
relevant the respective input (if all weights are 1, it becomes
a standard or gate). In the case of AND(x; w), the greater
the weight value, the less relevant the respective input (if all
weights are 0, it becomes a standard and gate). If we restrict
ourselves to differentiable t- and s-norms, a gradient descent
strategy can be used to train a fuzzy adaptive logic network
(cf. [24] for details).

3. Fuzzy Logic Network with
Linear Discriminants

Building upon the concepts described in Section 2, we now
describe our pattern classification algorithm, FLND (fuzzy
logic network with discriminants). There are four major
steps to the FLND algorithm: (i) use SFS to find the best
κ sets of feature regions using the patterns from the design
subset, XD; (ii) for each set of feature regions, compute the
linear discriminant function for each class and then compute
the discriminant values for each design pattern; (iii) use a
genetic algorithm to determine the optimal weights for the
fuzzy logic network given the design pattern discriminant
values found in (ii); (iv) use the patterns from the validation
subset, XV , to assess the classification performance, PO, using
the selected feature regions and discriminant function values.
Figure 2 illustrates the architecture of the FLND system.
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Figure 2: FLND architecture.

Let us now look at each algorithmic step in more detail.
In the experiments described in Section 4, SFS uses LDA
as the sole classifier and PO is the performance measure.
After a set number of iterations, SFS returns κ sets of feature
regions, Rα (α = 1, 2, . . . , κ), and the respective discriminant
functions for each class, Dα

i (i = 1, 2, . . . , c), using the feature
regions (feature regions are sorted by PO). The set of feature
regions is of the form Rα = {r1, r2, . . . , rβα} where βα is the
total number of regions for set α and r is a single contiguous
feature region as described in Section 2.4. The discriminant
functions are computed using R rather than all n features.
The input space is now no longer the original n features
but rather the respective values of D(R) for each class and
each feature region set, which is a significant reduction in the
dimensionality of the input space (c × α� n).

The fuzzy logic network component of FLND uses the
product (x1 × x2) and probabilistic sum (x1 + x2 − x1 × x2)
for the t- and s-norms, respectively, with p (user selected)
AND connectives and cOR connectives. There are two de-
ficiencies with this component that does not exist with the
fuzzy adaptive logic network described in Section 2.5. First,
while perceptron output maps onto the unit interval (due
to the sigmoidal nature of its transfer function), which is
necessary for input into a fuzzy logic AND connective, values
from linear discriminant functions map onto �. This can
be easily dealt with by rescaling the linear discriminant
values prior to presentation to the fuzzy logic network
((x − min) ÷ (max−min), where min and max are the re-
spective minimum and maximum for all discriminant func-
tion values).

The second, more serious, issue is that a gradient descent
strategy cannot be used to minimize the network error
(i.e., optimize the weights) since the weight adjustments
are now based on discrete sets of discriminant functions
rather than differentiable perceptron output. We deal with
this issue by using a straightforward implementation of a
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Figure 3: Plot of the first two features of the second synthetic
dataset.

genetic algorithm (GA) [9, 25, 26] to perform the structural
optimization of the network. While much slower than a
gradient descent approach, it still provides more than ade-
quate computational performance. We implemented a con-
ventional genetic algorithm as described in [27], but other
more sophisticated GA variants could certainly be explored.
The crossover rate was set to 0.10, and the mutation rate was
set to 0.007 for all experiments listed in Section 4.

Finally, all performance results, using PO, are based on
the class predictions of FLND using the patterns from the
validation subset. Further, the results are also benchmarked
against conventional applications of LDA and SVM.

4. Experiments and Discussion

4.1. Synthetic Datasets. We begin our experiments with the
two-dimensional exclusive-or problem (n = 2, c = 2,N = 4).
Intuitively, one expects that LDA would perform poorly in
this case as no hyperplane can act as a class boundary to
perfectly separate the two classes of patterns ({{0, 0}, {1, 1}}
versus {{0, 1}, {1, 0}}). Using LDA, this is actually the case
with PO = 0.5 (one pattern misclassification for each class).
As this is a strictly pedagogical experiment, we skip the vali-
dation exercise and do not bother with SFS and move directly
to the fuzzy logic network. Setting the initial GA popu-
lation to 200, the number of iterations to 100, and the num-
ber of AND connectives to 2, we now get perfect accuracy,
PO = 1.0. The weights for the two AND connectives are
{0.09, 0.04} and {0.0, 1.0}. The weights for the subsequent
two OR connectives are {0.37, 0.04} and {0.08, 0.25}.

This synthetic dataset is a variant of the exclusive-or
dataset described above (n = 10, c = 2, N = 500, ND =
NV = 250, x ∈ [0, 1]n). A pattern belongs to the first class, if
all of its features are identical; otherwise, it belongs to the
second class. Figure 3 is a plot of the first two features of
this dataset. The initial GA population is 800, the number
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Table 1: Confusion matrices for LDA and FLND using XV .

Desired versus predicted
LDA (PO=0.5) FLND (PO = 0.8)

Class 1 Class 2 Class 1 Class 2

Class 1 65 60 88 37

Class 2 63 62 14 111

Table 2: FLND confusion matrices for patterns XD (ND = 80) and XV (NV = 70).

Desired versus predicted
Design patterns (PO = 0.84) Validation patterns (PO = 0.83)

Normal Abnormal Normal Abnormal

Normal 33 7 40 9

Abnormal 6 34 3 18

of iterations is 100, and the number of AND connectives is
10 (as with the previous experiment, we do not use SFS). In
this case, LDA again performed extremely poorly, PO = 0.51,
while FLND produced a significantly superior classification
accuracy, PO = 0.80. Table 1 lists the confusion matrices for
LDA and FLND using this dataset. For completeness, we also
list the weights for the AND connectives, {0.06, 0.34}, {0.04,
0.15}, {0.11, 0.07}, {0.05, 0.08}, {0.04, 0.08}, {0.09, 0.09},
{0.04, 0.08}, {0.05, 0.20}, {0.04, 0.05}, {0.12, 0.20}, and the
OR connectives, {0.07, 0.04, 0.08, 0.05, 0.50, 0.04, 0.04, 0.05,
0.03, 0.25}, {0.04, 0.05, 0.15, 0.20, 0.04, 0.04, 0.05, 0.40, 0.25,
0.04}.

4.2. Magnetic Resonance Spectra. Magnetic resonance spectra
(patterns) of a biofluid (n = 4255) were acquired and used
to measure the effectiveness of FLND for the classification of
a complex, voluminous, “real world” biomedical dataset. In
this case, N = 150 with 89 spectra belonging to class 1 (“nor-
mal”) and 61 spectra belonging to class 2 (“abnormal”).
These spectra were randomly allocated to the design subset
(ND = 80 with 40 normal spectra and 40 abnormal spectra)
or the validation (NV = 70 with the remaining 49 normal
spectra and 21 abnormal spectra) subset.

For this dataset, the following SFS parameters were used
with FLND: the range for the number of feature regions, 2–
5; the range for the number of features within a region, 2–20;
κ = 10; 104 iterations. The fuzzy logic network parameters
were p = 7; crossover rate, 0.10; mutation rate, 0.008; size of
GA population, 1200; 50 GA iterations.

Table 2 lists the confusion matrices for FLND with the
design patterns and validation patterns. For the design pat-
terns, PO = 0.84, while PO = 0.83 for the validation patterns.
Moreover, 82% of the normal (class 1) validation patterns
were correctly classified and 86% of the abnormal (class 2)
validation patterns were correctly classified. The latter result
is especially advantageous as, for many confirmatory bio-
medical data analysis problems, it is important to have a low
false positive rate (i.e., predictions for abnormal conditions
should be as accurate as possible).

Table 3 lists the κ = 10 best sets of discriminatory feature
regions, R, found by FLND. For each entry, we list the specific
regions selected, how those regions were combined, and

the total number of individual features used. Interestingly,
over half of the selected discriminatory regions fell in the
approximate range 3050–3850, which likely indicates that
the biological metabolites represented by this spectral region
are particularly germane in distinguishing between normal
and abnormal states for the underlying biofluid being inves-
tigated. Also important to note is that most of the entries
used quadratic combinations of the corresponding feature
regions, with the top three results using the pair-wise cross
products of the respective regions. Finally, the dimensionality
of the feature space is only 4% that of the original space (180
quadratically combined features versus 4255 original spectra
features).

4.3. Benchmark Comparisons. We now compare the FLND
results from Section 4.2 with two classifier benchmarks, SVM
and LDA. First, we use SVM and LDA to construct mappings
using all n = 4255 features. Subsequently, for each classifier,
feature averaging is used as a preprocessing technique, which
is a typical strategy for voluminous biomedical spectra, in
order to reduce the complexity of the classification problem
[28–31]. By reducing the dimensionality of the feature space,
we hope to address the curse of dimensionality. Furthermore,
averaging has a tendency to attenuate noise signatures. In our
specific case, the original features are contiguously averaged
using varying window sizes (with no overlap) to produce six
sets of averaged features of size 851, 185, 115, 37, 23, and 5,
respectively. We use proportional class probabilities for LDA
and all SVM kernels listed in Section 2.2. For clarity, in the
case of SVM, we report only the best results for each averaged
feature set. Table 4 lists the validation subset classification
results (confusion matrices and PO) using the benchmarks
with feature averaging. In no case did the benchmarks
outperform FLND. Using all of the original features, both
benchmarks performed poorly: PO = 0.64 for SVM and PO =
0.60 for LDA. For each benchmark, the best results occurred
with 185 averaged features: PO = 0.77 for SVM and PO =
0.74 for LDA. We also note that classification results begin
to degrade as the window size increases (i.e., the number of
averaged features decreases). This is not uncommon as fea-
ture averaging can cause a washing away of information con-
tent present in biomedical spectra.
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Table 3: Discriminatory feature regions selected by FLND.

κ Feature regions, R1–R10 No. of Features Combination

1 [x1948 · · · x1962][x3642 · · · x3653] 180 Cross product

2 [x1207 · · · x1223][x3058 · · · x3073] 272 Cross product

3 [x987 · · · x1005][x3544 · · · x3559] 304 Cross product

4 [x3817 · · · x3835] 19 Square

5 [x3198 · · · x3216] 19 Square

6 [x2175 · · · x2193][x3233 · · · x3252][x3849 · · · x3868] 59 Original

7 [x3408 · · · x3424][x3441 · · · x3459] 323 Cross product

8 [x2349 · · · x2364][x2993 · · · x3004][x3836 · · · x3854] 47 Original

9 [x3635 · · · x3649][x3912 · · · x3928] 255 Cross product

10 [x3107 · · · x3125][x3782 · · · x3799][x3849 · · · x3868] 57 Original

Table 4: Validation patterns (XV ) confusion matrices for benchmark classifiers using averaged features.

No. Features
Desired versus
Predicted

SVM LDA

Normal Abnormal PO Normal Abnormal PO

4255
Normal 33 16

0.64
30 19

0.60
Abnormal 9 12 9 12

851
Normal 35 14

0.70
35 14

0.71
Abnormal 7 14 7 14

185
Normal 38 11

0.77
37 12

0.74
Abnormal 5 16 6 15

115
Normal 37 12

0.76
37 12

0.73
Abnormal 5 16 7 14

37
Normal 35 14

0.70
36 13

0.69
Abnormal 7 14 9 12

23
Normal 35 14

0.70
35 14

0.71
Abnormal 7 14 7 14

5
Normal 30 19

0.60
30 19

0.60
Abnormal 9 12 9 12

5. Conclusion

We have empirically demonstrated the effectiveness of a clas-
sification technique that uses an adaptive network of fuzzy
logic connectives to combine class boundaries generated by
sets of discriminant functions based on collections of feature
regions possessing high discriminatory power. Using a com-
plex, voluminous “real world” biomedical dataset, FLND
outperformed all classifier benchmarks in the classifica-
tion of patterns from a validation subset. It achieved an
8% improvement in classification accuracy compared against
the best benchmark result (0.83 versus 0.77 for SVM using
feature averaging with a window size of 23). This increase
in classification accuracy is achieved by taking the class
boundaries described by the discriminant functions and
using layers of fuzzy logic connectives to combine these
boundaries into convex, nonlinear boundaries. This new
method also significantly reduces the dimensionality of the
input space as the original set of spectral features is replaced
by a much smaller set of class discriminant values. This is a
particularly useful characteristic when dealing with the curse

of dimensionality (large feature to sample ratio), which is a
prevalent property of many complex biomedical datasets ac-
quired using current spectroscopic modalities.

While this classification technique has demonstrated the
utility of merging fuzzy logic connectives with multivariate
statistical discrimination, the investigation has also led to
the identification of future areas of research to potentially
improve its overall effectiveness and computational perfor-
mance. First, rather than setting the number of fuzzy and
connectives by the user a priori, it would be worthwhile to
investigate a cascade approach to determining an optimal
number of and connections that would be completely data-
driven. Second, alternate structural optimizations to the
fuzzy logic network need to be examined beginning with
more sophisticated evolutionary computational approaches
or exploiting recent advances in stochastic optimization tech-
niques. Finally, a more intelligent rescaling strategy for the
discriminant function values needs to be investigated. For
instance, this may include a fuzzified (weighted) distance
measure based on the proximity (belongingness) of a sample
to all class boundaries.
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Identification of patients requiring intensive care is a critical issue in clinical treatment. The objective of this study is to develop a
novel methodology using hemodynamic features for distinguishing such patients requiring intensive care from a group of healthy
subjects. In this study, based on the hemodynamic features, subjects are divided into three groups: healthy, risky and patient.
For each of the healthy and patient subjects, the evaluated features are based on the analysis of existing differences between
hemodynamic variables: Blood Pressure and Heart Rate. Further, four criteria from the hemodynamic variables are introduced:
circle criterion, estimation error criterion, Poincare plot deviation, and autonomic response delay criterion. For each of these
criteria, three fuzzy membership functions are defined to distinguish patients from healthy subjects. Furthermore, based on the
evaluated criteria, a scoring method is developed. In this scoring method membership degree of each subject is evaluated for the
three classifying groups. Then, for each subject, the cumulative sum of membership degree of all four criteria is calculated. Finally,
a given subject is classified with the group which has the largest cumulative sum. In summary, the scoring method results in 86%
sensitivity, 94.8% positive predictive accuracy and 82.2% total accuracy.

1. Introduction

Hemodynamic instability is most commonly associated
with abnormal or unstable blood pressure (BP), especially
hypotension, or more broadly associated with inadequate
global or regional perfusion. Inadequate perfusion may
compromise important organs, such as the heart and the
brain, due to limits on coronary and cerebral autoregulation,
and may cause life-threatening illnesses or even death.
Therefore, it is crucial to identify patients who are likely
to become hemodynamically unstable for early detection
and treatment of these life-threatening conditions [1].
The modern intensive care units (ICUs) typically employ
continuous hemodynamic monitoring (e.g., heart rate (HR)
and invasive arterial BP measurements) to track the state of
patients. However, clinicians in a busy ICU are overwhelmed
with the task of assimilating and interpreting the tremendous
volumes of data into working hypotheses. Consequently, it is
important to have automated algorithms that can accurately

process and classify the large amount of monitoring data and
identify patients who are on the verge of becoming unstable
[1].

Modern ICUs are equipped with a large array of alarmed
monitors and devices which are used in an attempt to detect
clinical changes at the earliest possible moment, so as to
prevent any further deterioration in a patient’s condition.
The effectiveness of these systems depends on the sensitivity
and specificity of the alarms as well as on the responses of
the ICU staff to the alarms. However, when large numbers
of alarms are either technically false, or true, but clinically
irrelevant, response efficiency can be decreased, reducing the
quality of patient care and increased patient (and family)
anxiety [2].

Medical and technical progress has extended the ther-
apeutic possibilities of ICUs tremendously. A multitude of
devices are available for monitoring and treatment in an
individual assembly according to the requirements of the
situation [3]. Due to limited physiological monitoring and a



2 Advances in Fuzzy Systems

patient’s individual pathophysiology, intensive care medicine
has to cope with a high amount of uncertainty. Unusual
circumstances caused by patients, clinicians, and technology
occur frequently and must be controlled and managed
adequately to prevent a bad outcome and to achieve system
reliability [3].

Cao et al. [1] have used ICU minute-by-minute heart rate
(HR) and invasive arterial blood pressure (BP) monitoring
trend data collected from the MIMIC II database to predict
hemodynamic instability at least two hours before a major
clinical intervention. They derived additional physiological
parameters of shock index, rate pressure product, heart
rate variability, and two measures of trending based on
HR and BP, and they applied multivariable logistic regres-
sion modeling to carry out classification and implemented
validation via bootstrapping, resulting in 75% sensitivity
and 80% specificity. Eshelman et al. [4] have developed an
algorithm for identifying ICU patients who are likely to
become hemodynamically unstable. Their algorithm consists
of a set of rules that trigger alerts and uses data from
multiple sources; it is often able to identify unstable patients
earlier and with more accuracy than alerts based on a
single threshold. The rules were generated using the machine
learning techniques of support vector machines and neural
network and were tested on retrospective data in the MIMIC
II ICU database, yielding a specificity of approximately 90%
and a sensitivity of 60%.

Several investigations have been reported in the liter-
ature in the area of cardiovascular fault diagnosis using
hemodynamic features. Javorka et al. [18] compared heart
rate and blood pressure variability among young patients
with type I diabetes mellitus (DM) and control subjects by
using Poincare plots, which are the standard tools of non-
linear dynamic analysis. They found significant reduction
of all HRV Poincare plot measure in patients with type I
diabetes mellitus, indicating heart rate dysregulation. The
study carried out by Pagani et al. [5] concerned patients
suffering from hypertension. They showed that baroreflex
gain decreases with the presence of hypertension. Blasi et al.
[6] studied the effects of arousal from sleep on cardiovascular
variability. They performed time-varying spectral analyses of
heart rate variability (HRV) and blood pressure variability
(BPV) records during acoustically induced arousals from
sleep. They found that arousal-induced changes in parasym-
pathetic activity are strongly coupled to respiratory patterns,
and that the sympathoexcitatory cardiovascular effects of
arousal are relatively long lasting and may accumulate if
repetitive arousals occur in close succession.

Advances in knowledge-based systems have also en-
hanced the functionality of intelligent alarm systems and
ICU needed patient detection. Using the knowledge of a
domain expert to formulate rules or an expertly classified
data set to train an adaptive algorithm has proven useful for
intelligent processing of clinical alarms [2]. Expert systems
such as neural network [7], knowledge-based decision trees
[8, 9], and neurofuzzy systems [10] that encode the decisions
of an expert clinician all show significant statistical improve-
ment in the classification of alarms and ICU needed patients.
Singh and Guttag [11] proposed a classification algorithm

based on a decision tree method for cardiovascular risk strat-
ification. They have shown that the decision tree method
can improve the performance of the classification algorithm.
They have reported that the decision tree models outperform
the radial basis function (RBF) kernel-based support vector
machine (SVM) classifiers. Timms et al. [12] have used a
Mock circulation loop for hemodynamic modeling of the
cardiovascular system in order to test cardiovascular devices,
which are used in the ICU and can provide a better indication
of patient’s condition for the nursing staff. Also, Laramee
et al. [2] have described an integrated systems methodology
to extract clinically relevant information from physiological
data. Such a method would aid significantly in the reduction
of false alarms and provide the nursing staff with a more
reliable indicator of patient condition.

Regarding suitable classifier structures, several studies
have been reported in the literature. Ghorbanian et al.
[13] proposed an algorithm based on a neural network
classifier for heart arrhythmias detection. Their results show
that the multilayer perceptron neural network (MLPNN)
structure is a strong and precise classifier. They used several
preprocessing techniques in their algorithm to improve
the performance of the NN classifier. Rajendra Acharya
et al. [14] proposed an algorithm based on a neural
network classifier and fuzzy cluster for classification of
heart arrhythmias. They compared these two classifiers and
they reported that the fuzzy cluster is a better classifier in
comparison with the neural one. Also, Özbay et al. [15]
proposed a comparative study of the classification accuracy
cardiovascular diseases using a well-known neural network
architecture, a multilayered perceptron (MLP) structure, and
a new fuzzy clustering NN architecture (FCNN) for early
diagnosis. Based on their test results, they suggested that a
new proposed FCNN architecture can generalize better than
ordinary MLP architecture and also learn better and faster.

The method for classification of subjects into two
categories of normal and abnormal subjects, as described in
this paper, is based on the hypothesis that there should be
differences between the hemodynamic data collected from
normal subjects and abnormal patients. This hypothesis
is constructed on the same foundation as all developed
scoring methods for ICU patients. The idea behind all
patient scoring methods in ICU is that critically ill patients
in ICU are typically characterized by disturbance of the
body’s homeostasis. These disturbances can be estimated by
measuring to what extent one or many physiologic variables
differ from the normal range [16].

2. Methodology
While this paper shares some fundamental ideas with
traditional scoring methods, the proposed method differs
from them in two key areas. The first difference comes from
fact that the patient scoring methods are based on the wide
variety of data ranging from cardiovascular and respiratory
systems to neurologic and renal systems variables. However,
in our method we use a small subset of hemodynamic data,
namely, HR and SBP. The principal objection to this could
be that such a small amount of data could be insufficient
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for identifying the patient state; the answer to this objection
leads us to the second major difference of the proposed
method with the scoring methods. Scoring methods just
look at the data as they are being collected in the ICU;
they ignore information hidden in the different time scales.
In our proposed method on the other hand, this hidden
information is extracted which gives us better insight into the
patient’s physiological condition.

The data used in this study is collected from the
Physionet database. Data are collected from two databases:
MIT-BIH Polysmonographic and MIMIC II databases within
Physionet archive. Twenty-five subjects from these databases
were collected for training. For each subject, ECG signal and
blood pressure waveform, in a five-hour range of the total
data were collected. For the first part of the study, the HR
and SBP series for each subject are derived from ECG and
arterial pressure waveforms, respectively.

The algorithm of the method developed in this study
is shown in Figure 1. The proposed algorithm consists of
two stages: training and testing stages. In the training stage,
25 subjects’ data are used for the training purpose of the
algorithm. In this stage and after collecting the data, four
features which highlight the differences between normal
subjects and patients, are extracted from data. We then define
four criteria based on the extracted features. These four
criteria which form the basis of our classification algorithm
are: circle criterion, estimation error criterion, Poincare care
plot deviation, and autonomic response delay criterion. In
the next step and for the task of classification, we define
three groups, namely, healthy, high risk, and patient. Then we
design three fuzzy membership functions for each criterion
to find the subject degree of membership to each group.
Finally, a scoring method is developed based on the degree
of membership of each case, and subjects are classified based
on this scoring method.

In the following sections, we provide a step-by-step
description of our method, beginning with the definition of
the proposed criteria.

2.1. Circle Criterion. To evaluate the differences between
healthy and patients, the SBP against HR diagram for each
subject is plotted. Figure 2 shows these plots for healthy and
patient cases. Clearly, the plots show a significant difference
between normal subjects and abnormal patients: the data for
normal subjects are concentrated, while those of the patients
are scattered.

The mean value of SBP and HR for each normal subject
and abnormal patient is then calculated and plotted in one
diagram. Figure 3 shows the mean values for all the subjects
in one diagram. The principal difference between the two
groups is quite clear. This diagram reveals the fact that there
are differences between the HR and SBP data in normal
subjects and abnormal ones. The plot shows that the data
for the normal subjects is clustered and limited in a specific
area, while those of the patients are spread out through the
whole plot. The first criterion is named the “circle criterion”.
The center of the circle is located at point “O” where its
coordinates are the mean values of HR and SBP of normal
patients and, in this case, is (83, 120). The radius of this circle

Collecting data

Training data

Feature extraction

Setting criterion

Training stage

Testing stage

Designing fuzzy

membership

functions

Testing data

Calculating score

Final decision

Figure 1: Schematic of the proposed algorithm. The proposed
algorithm consists of two stages: training and testing. In the training
stage 25 subjects’ data are used to extract features to classify patients
from healthy subjects. In the test stage, subjects will be divided into
three predefined groups of healthy, high risk, and patient, based on
their assigned score.

is calculated based on Euclidian distance between the center
and the outer limit of the circle.

A given subject would be considered to be a patient if
its corresponding mean (HR and SBP) point is out of the
healthy subject’s circle (the limited area).

2.2. Estimation Error Criterion. As the second feature, a
system identification method is used for the prediction of the
next HR based on the current and previous HR and SBP data.
A nonlinear ARX or NARX model is employed to estimate
HR series [17]. NARX models in general are represented by
the following equation:

y(t) = F
(
y(t − 1), y(t − 2), . . . , y(t − na),u(t − nk), . . . ,

u(t − nk − nb + 1)),
(1)

where, y(t) and u(t) are the output and input of the system,
respectively. In (1) the matrix [na nb nk] is the same as the
order of the model. Model order is selected by use of the A-
Information Criterion (AIC) method. This is the traditional
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Figure 2: SBP against HR for a healthy (a) and an abnormal (b) case.
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Figure 3: Mean values of SBP versus HR for all subjects.

method for model order selection in cardiovascular system
identification research. Model order for data in this research
has been calculated to be [9 6 3].

In this criterion, an artificial neuro fuzzy inference system
(ANFIS) structure is employed for the identification pur-
pose. The model has 15 inputs and one output. Membership
functions for inputs are designed based on physiological
facts. Since the nervous system consists of sympathetic and
parasympathetic nerves, for each input, two generalized bell-
shaped membership functions are assigned to designate the
sympathetic and parasympathetic functions.

The system identification results are described in Table 1.
The results in this table show that differences exist in the
normalized root mean square error (NRMSE) with respect
to the estimation of the HR for the two groups under study.
In particular, the results indicate that NRMSE is smaller for
normal subjects than for patients. These differences are due
to the fact that the model is designed for normal subjects,

Table 1: Error estimation for identification of HR baroreflex.

Group Mean Max Min

Normal 0.193 0.238 0.119

Abnormal 0.367 0.473 0.263

Table 2: Deviation from line y = x in Poincare plot.

Group Mean Max

Healthy 8% 13%

Patient 19% 24%

thus, the output of the model for patients has higher errors
than that for normal subjects.

Based on these results and noting that the maximum
error for healthy subject is 0.238, while the minimum error
for patient is 0.263, we define a second criterion called
“estimation error criterion.” According to this criterion, the
subject would be flagged as abnormal if the calculated error
in HR estimation raise is more than 0.25.

2.3. Poincare Plot Deviation. A Poincare plot, named after
Henri Poincare, is used to quantify self-similarity in pro-
cesses which are usually characterized by periodic functions.
This plot is commonly used in heart rate variability (HRV)
analysis. The Poincare plot is a graph in which each heart
rate episode is plotted as a function of previous HR, and then
the line y = x is fitted to the data. In [18], this method
is also applied to classify patients with type I DM from
healthy subjects. Drawing the Poincare plot for healthy and
abnormal subjects, it is found that the deviation from the
mentioned line is less in healthy subjects than in abnormal
subjects. These plots are shown in Figure 4.

The deviation from the line y = x in the Poincare
plot for the two groups under study is shown in Table 2.
Therefore, we define the third criterion using this deviation
to characterize abnormality. Based on this criterion, subjects
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Figure 4: Poincare plots of HR for two healthy (up) and two abnormal (down) cases. The Poincare plot is plot of HR(n + 1) versus HR(n).
Line y = x is illustrated in all pictures.

would be called abnormal if deviation from line y = x is
more than 15%.

2.4. Autonomic Response Delay Criterion. The normally
occurring delay in the autonomic response to a stimulus
has its origins in the parasympathetic nervous system.
Calculating the delay for healthy subjects and patients, we
can infer that response delays in abnormal subjects are
remarkably higher than in healthy subjects. The results of
calculating the delay in the autonomic response are shown in
Figure 5. Fifteen abnormal patients and ten healthy subjects
were involved in the training group.

The results of the delay calculations in the autonomic
response are also presented in Table 3. Based on the above
results, we define the fourth criterion where the subject
is characterized as abnormal if the calculated delay in the
autonomic response increases to more than 0.021 second.

After deriving the four criteria discussed above, an
algorithm is designed to classify healthy subjects from
patients. In the following section, we describe the proposed
algorithm.

Table 3: Delay in autonomic response for two groups.

Group Mean delay (sec) Max delay (sec)
Healthy 0.015 0.02
Patient 0.038 0.06

3. Scoring Method and
Classification Algorithm

Based on the evaluated criteria from training data, an algo-
rithm is developed to automatically distinguish patients from
healthy subjects. The algorithm is based on a fuzzy decision-
making method. First, for each criterion, three Gaussian
bell membership functions are designed as an indicator of
three major groups: healthy, high risk, and patient. Since this
algorithm is designed for clinical use and since there exists a
high degree of uncertainty in clinical applications, we added
the high-risk groups to our predefined healthy and patient
groups, to account the cases that do not completely belong
to the healthy or patient groups. For the training part, we
first made a general guess for the shape of the membership
functions. The membership functions during the training
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Table 4: Results of algorithm testing on the first group. The CS is abbreviation for cumulative sum.

Case Number Status Healthy CS High-risk CS Patient CS Category

1 Patient 0.4 0.7 2.8 Patient

2 Patient 0.2 0.6 3.1 Patient

3 Healthy 3.2 0.9 0.1 Healthy

4 Healthy 2.5 1.4 0.2 Healthy

5 Patient 0.1 1.1 2.6 Patient

6 Patient 0.3 0.4 3.4 Patient

7 Patient 0.3 2.2 1.6 High risk

8 Patient 0.5 0.8 2.9 Patient

9 Healthy 3.6 0.4 0.1 Healthy

10 Patient 0.2 2.2 1.7 High risk

11 Patient 0.2 0.6 3.0 Patient

12 Healthy 2.7 0.9 0.3 Healthy

13 Patient 0.3 0.6 3.2 Patient

14 Patient 0.1 0.3 3.5 Patient

15 Patient 2.9 0.7 0.3 Healthy

Table 5: Results of algorithm testing on the second group.

Case Number Status Healthy CS High-risk CS Patient CS Category
1 Healthy 2.7 0.6 0.6 Healthy
2 Patient 0.3 0.8 2.9 Patient
3 Patient 0.2 0.8 3.0 Patient
4 Patient 0.3 0.4 3.3 Patient
5 Healthy 2.8 0.9 0.4 Healthy
6 Patient 0.3 0.4 3.4 Patient
7 Patient 0.4 0.8 2.8 Patient
8 Healthy 1.5 1.9 0.6 High risk
9 Patient 0.5 0.8 2.8 Patient
10 Patient 0.4 0.6 3.1 Patient
11 Patient 0.1 0.9 3.1 Patient
12 Patient 0.2 2.5 1.2 High risk
13 Patient 0.1 0.9 3.1 Patient
14 Patient 0.4 0.5 3.1 Patient
15 Healthy 3.1 0.8 0.2 Healthy

Table 6: Results of algorithm testing on the third group.

Case Number Status Healthy CS High-risk CS Patient CS Category

1 Patient 0.1 0.7 3.2 Patient

2 Patient 0.3 0.8 2.9 Patient

3 Healthy 1.3 2.4 0.3 High risk

4 Patient 0.2 0.7 3.1 Patient

5 Patient 0.4 1.9 1.6 High risk

6 Patient 0.4 0.8 2.9 Patient

7 Healthy 2.7 0.9 0.3 Healthy

8 Patient 0.1 0.4 3.5 Patient

9 Patient 0.3 2.2 1.6 High risk

10 Patient 0.4 0.6 3.1 Patient

11 Healthy 3.0 0.7 0.3 Healthy

12 Patient 0.4 0.8 2.7 Patient

13 Patient 0.7 1.0 2.8 Patient

14 Healthy 3.2 0.6 0.2 Healthy

15 Patient 0.5 0.8 2.8 Patient
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Table 7: Results of testing the algorithm on Physionet database.

Group I II III All

All 15 15 15 45

TP 12 13 12 37

FN 3 1 2 6

FP 0 1 1 2

Se (%) 80 92.8 85.7 86

PPA (%) 100 92.8 92.3 94.8

TA (%) 80 86 80 82.2

round then adapt their shape parameters to the incoming
data for best classification performance. Now, the classifier is
designed and ready for the testing stage. Figure 6 represents
the adapted membership functions for each criterion based
on the training data.

To test the developed algorithm, in the first step for each
subject, all the mentioned features that form the basis of
four criteria are extracted and used as an input for the four
abnormality criteria. Then, for each criterion, the subject’s
degree of membership to all groups is evaluated. In this step,
for each subject, we have 12 degrees of membership to the
designed three groups, meaning four degrees of membership
for each group. After evaluating the degree of memberships,
the cumulative sum of the four degree of memberships of
each group is calculated. In this stage, we have three numbers
indicating the subject’s degree of membership to each group.
We call these numbers the subject’s “score” for each group.
A given subject will belong to the group whose score is the
largest.

4. Results

From a total of seventy subject data which were collected
from MIMIC II database, the algorithm was first trained
with twenty-five subjects including ten healthy and fifteen
patients. The training data was selected randomly to avoid
bias towards a specific disease. Then, three groups of
subjects were tested with each group consists of four healthy
individuals and eleven patients.

The results of the test are presented in Tables 4, 5,
and 6. The proposed method was applied to 45 cases from
Physionet database, containing 12 healthy subjects and 33
patients. From all cases, 37 cases were accurately detected,
while there was one false detection. Furthermore, in five cases
a patient subject was classified as high risk and, in two cases,
a healthy subject was classified as high risk.

To assess the accuracy of the classifier, sensitivity (Se),
positive predictive accuracy (PPA), and total accuracy (TA)
have been calculated. These are defined as follows.

Se = TP
(TP + FN)

,

PPA = TP
(TP + FP)

,

TA = TP
(TP + FN + FP)

.

(2)
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Figure 5: Delay in autonomic response.

Here, TP is the number of true positive detections, FN
stands for the number of false negative detections, and
FP stands for the number of false positive misdetections.
Table 7 shows the overall result of the classification for all
45 cases of the 3 groups. The FP is the healthy subject who
is misclassified as a high-risk subject, and FN is the patient
who is misclassified as a high-risk subject. According to this
table, the scoring method of the proposed algorithm results
in 86% sensitivity, 94.8% positive predictive accuracy, and
82.2% total accuracy.

A comprehensive comparison between the results of
different studies in the field of identified ICU needed patients
by the use of hemodynamic features is very difficult since
the database, signals under study, the algorithm structure,
and the data processing methods are not the same in the
various studies. However, in order to present an estimate of
the performance of our algorithm and our classifier we show
the results of this study versus the reported results of two
other well-known studies in the area of ICU needed patients
identifying in Table 8. As seen from this table, the algorithm
in the present study shows reasonably accurate results and
compares favorably with other studies. The goal of this study,
which was identifying patients with ICU needs by use of the
hemodynamic features, has clearly been achieved.

5. Discussion and Conclusions

In this paper a scoring method based on fuzzy logic
and feature extraction is proposed to distinguish patients
from healthy subjects. The method is based on the same
principle that the ICU scoring methods follow: that of
finding differences between hemodynamic data of healthy
subjects and patients. Four different criteria are proposed
to detect and identify patients from a group of subjects.
For each criterion a fuzzy classifier is designed such that
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Figure 6: The designed membership functions for each criterion.

Table 8: Comparison of several classifier performances on MIMIC
II ICU database (blank boxes have not been reported).

Study Se (%)

Cao et al. [1] 75

Eshelman et al. [4] 60

This study 86

the individuals are classified into the healthy, high risk, and
patient fuzzy groups. In other words, a given person may
have a membership grade in all three classes. A score is
assigned to the subject for a group as being equal to the
sum of degree of memberships. The algorithm calculates a
combined criterion based on the results of the four criteria
to arrive at a classification decision for each individual.

It is shown that the algorithm is highly reliable and has
been able to detect correctly all members of the first group.

It is also able to detect all eleven patients in each of the next
two groups correctly. Only one of the healthy members in the
second and third was classified as high-risk.

In this study, four different criteria were proposed and
used in the proposed algorithm in order to detect the
abnormalities in testing subjects. From each testing subject,
various features were extracted and used as input for the
criteria, and based on the results of all four criteria, a decision
was made about the type of subject, as to whether he/she is
normal, a high risk subject or a patient.

The proposed algorithm gave reliable results in detecting
the ICU needed patients, but still needs to be improved.
The difference between the proposed method in this study
and other similar research in this field of study is that by
using the presented algorithm in this study, existence of any
abnormality in a patient will be found, while in most of
similar studies in this area, a specific abnormality is found
in a patient or among a database of subjects. Therefore, our
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results are more general and more useful from the point of
view of clinical applications.

This method tends to be more detective rather than
predictive, and this could be one drawback of the algorithm.
Further investigations need to be carried out to improve its
predicting ability.
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Dynamic magnetic resonance images (DMRIs) are one of the major tools for diagnosing nasal tumors in recent years. The purpose
of this research is to propose a new method to be able to automatically detect tumor region and compare three classifiers’ tumor
detection performance for DMRI. These three classifiers are AdaBoost, SVM, and Bayes-Gaussian classifier. Three measurable
metrics, sensitivity, specificity, accuracy values, match percent, and correspondence ratio, are used for evaluation of each specific
classifiers. The experimental results show that SVM has the best sensitivity value, and Bayesian classifier has the best specificity
and accuracy values. Moreover, the detected tumor regions that are marked with red color are shown by using each of these three
classifiers.

1. Introduction

MRI provides a variety of different cross-section digital im-
ages, showing the structure of the nasopharynx and the
source of the disease. Nasopharyngeal carcinoma (NPC) is
a malignant tumor, located in the skull base and often oc-
curs in South Asia. The capacity of the tumor for the NPC
is a major harbinger of indicators. Therefore, it is necessary
to estimate the capacity of the tumor. DMRI is a major
nasal tumor detection tool, which has been widely used
for radiation research [1]. Huang et al. [2] apply an RSI
(relative signal increase) curve to identify these recurrent
tumors. Hsu et al. [3] use pharmacokinetic analysis to
identify NPC region. Zhou et al. [4] propose a fuzzy
clustering method to filter out normal tissue region in T1-
weighted (T1W) and contrast-enhanced T1W (CET1W)
images. Lee et al. [5] uses Bayesian probability calcula-
tion and local histogram in T2-weighted images, com-
pared to T1W’s intensity variety to detect NPC region.
Huang and Chang [6] use Fuzzy C-means (FCM) [7] and
grey prediction to separate the tumor and normal tissues.
Zhou et al. [8] use knowledge-based fuzzy clustering
(KBFC), maximum likelihood, and seed growing to identify
tumor region and analyze each method’s accuracy.

Support Vector Machines (SVMs) [9, 10] have been
widely used in tumor segmentation. Zhang et al. [11] com-
pare the tumor segmentation results with one-class SVM
and two-class SVM. They use MP (Match Percent) and CR
(Correspondence Ratio) to evaluate their performance. The
results showed that one-class SVM is superior to two-class
SVM. Zhou et al. [12] use two-class SVM and kernel trick
[13] to derive a new algorithm called query-based two-class
SVM classifier, which is better than traditional MLP-based
classifier [14]. It is available for radiologist to use as a pre-
operative diagnostic tool. Ritthipravat et al. [15] use region
growing method and probabilistic map to find some candi-
date tumor region. Zhou et al. [12] also mentioned that so
far, in the current diagnostic imaging or radiation therapy, a
radiologist or radiation therapists need to manually describe
the scope of the tumor. Therefore, we propose this new algo-
rithm to be able to detect tumor and draw the candidate
regions automatically for radiologists.

2. System Framework

In the training process, a tumor ROI is extracted by hand
as a ground truth. Therefore, we have two parts of data—
normal and tumor. Three classifiers, AdaBoost, SVM, and
Bayes-Gaussian, are used to classify these two groups of
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Table 1: The number of slices of each DMRI group.

DMRI E1322 E1563 E1971 E2074 E6618 E6632

Number of slices 15 7 6 8 8 12

data. After training process, the proposed system is capable
of distinguishing tumor region automatically and the
performance of each classifier is provided.

2.1. System Framework. The dynamic nuclear magnetism
radiography (DMRI) [16] is a sequence of MRI by injecting
Gadolinium developing agent into patient’s nasal region after
every 0, 5, 30, 60, 120, 300, . . . seconds. After injecting Gado-
linium developing agent, the gray level intensity of patient’s
tumor spot will be gradually increased, finally reaching a
stable state. This continuous MRI-scanned technology, mak-
ing the tumor region and normal tissues have different gray-
scale value changes. The changes in the tumor region than
normal tissue are larger as well as faster. According to this
characteristic we can do a preliminary observation of tumor’s
size and region. However, it is very difficult to identify the
tumor region by the naked eye. Therefore, the development
of an effective detection system to help doctors make the
diagnosis is necessary. Each MRI image has 256∗ 256 pixels.
This research used 6 groups of patient’s materials to make
the training and the testing. The numbers of slices of each
MRI group are not all the same. Table 1 shows these 6 groups
of materials, respectively, by E1322, E1563, E1971, E2074,
E6618, and E6632.

As the reagent, after injection, tumor location at different
times with the grayscale value of image intensity will be
different. Therefore, we will first have to act according to
these DMRI intensity difference. Our method definition is
as follows:

Di = Ai − A0, (1)

Ai is the MRI which is obtained in the different time spots,
but A0 is in the DMRI’s first chart (before injecting agents).

As the tumor over time made some of grayscale intensity
values increased, while the distribution of grayscale value
is between the ranges of 0 and 255 where 0 represents the
black and 255 is white. A threshold value is set up ac-
cording to histogram distribution. The purpose of setting up
threshold is to remove background and some unlikely tumor
regions, therefore, to increase the detection accuracy. After
computing the intensity difference between the ith DMRI
and the first DMRI,N consecutive stacks of images are shown
as

stack(d1,d2,d3,d4,d5, . . . dN ). (2)

Then ROI is chosen. ROI is the tumor area. Otherwise,
the region belongs to a normal tissue area. These two distinct
data are used for training and testing by several classification
tools based on the ground truth [16]. Some evaluation
parameters are used for the accuracy confirmation. Overall,
the flowchart of the system framework is shown in Figure 1.

2.2. Evaluation Parameters. This paper has used sensitivity,
specificity, accuracy, MP (Match Percent), and CR (corre-
spondence ratio) as five kinds of evaluation parameters. They
are defined as follows:

TP + FP = 1,

FN + TN = 1,

Sensitivity = TP
TP + FN

,

Specificity = TN
TN + FP

,

Accuracy = TP + TN
TP + TN + FP + FN

,

Match Percent (MP) = TP
GT

(%),

Correspondence Ratio (CR) = TP− 0.5∗ FP
GT

(%),

(3)

where positive represents the tumor region and negative
represents the normal tissue. TP, FP, TN, FN, and GT
definitions are as follows: TP: true positive when system de-
termines a tumor region in fact as tumor region, FP: false
positive when system determines what is not tumor region
actually as a tumor region), TN: true negative when system
determines what is normal tissue in fact as normal tissue),
FN: false negative system when determines what is not
normal tissue in fact as normal tissue), and GT: ground truth
(standard tumor region, doctor thought there is a tumor
region).

2.3. AdaBoost. AdaBoost is evolved by Boosting. Boosting
means the promotion and is proposed by Valiant [17]. It be-
longs to PAC (Probably Approximately Correct) architecture
of machine learning domain. Kearns and Valiant [18] pro-
posed a weak learning ability concept and has improved the
concept of Valiant. The weak learning ability concept is that,
after several iterations, a weak learner with the voting mech-
anism (majority vote) is better than a strong learner. Such a
concept is confirmed by Schapire [19]. Freund and Schapire
[20] unify the above concept to propose the AdaBoost meth-
od. AdaBoost is that in the training process after several
iterations, a weak learner becomes a strong learner by
constantly upgrading.

In the training process, given an equal weight, first re-
sult is obtained through a weak learner. Then after voting
mechanism, the misclassified data are given bigger weight
and the correct classified data are given lower weight. In
this way, those data which have worse classifier are forced to
have more training. Therefore, a training error is gradually
decreased through several iterations. Eventually, a weak
learner becomes a strong learner. Many recent AdaBoost
researches focus on the choice of weak learner. According to
many research reports, the accuracy of weak learner cannot
be too high, about 50% is the maximum. Leshem and Ritov
[21] proposed a new AdaBoost method was treated as the
weak learner with Random Forests [22], such algorithm
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Figure 1: The proposed system framework.

achieves very good classified effect and reduces classified
error rate. We adopt Leshem’s method [21] as the AdaBoost
classifier in this paper.

2.4. Support Vector Machines (SVMs). Support vector ma-
chines are proposed by Cortes and Vapnik [10] and are based
on the statistical learning theory, mainly with binary classi-
fication. It is also widely used in a variety of practical prob-
lems, such as pattern recognition, document classification,
and biological information. The concept of SVM is through
the data to construct an optimal hyper plane. This hyper
plane is used as an interface to classify two different groups
of data. In recent years the related SVM research focuses
on searching for the parameter of cost and gamma, because
parameters with the correct classification rate have a great
relationship. Lin et al. [23] proposed new SVM classified tool
(http://www.csie.ntu.edu.tw/∼cjlin/ libsvmtools/#4). Libsvm
improves the original SVM concept and provides the tool to
search for the best SVM’s parameter automatically. Libsvm
achieves the extremely good classified accuracy. Therefore,
we use Libsvm to carry on the classification to work and to
analyze the result.

2.5. Bayes Classifier for Gaussian Pattern Classes. In medical
image segmentation, Bayes classifier is widely used. It is
originally from Bayesian theorem and is used to judge the
unknown category through the probability of statistical
analysis to minimize a classification error. The use of super-
vised learning, classification must be prior knowledge of
classification of patterns, and training through the train-
ing sample study, to effectively deal with the future data
classification. It is based on Bayesian theorem that the
exchange prior and posteriori probabilities with the decision
of classification characteristics among the various attributes
are conditional independence assumptions, to predict the
outcome of classification. The principle of Bayes classifier is
to use the attribute’s relationship, through the training sam-
ple, to study the classification mechanism. Bayesian classifi-
cation theory is based on the statistical principle of the clas-
sification; each type of sample comes to its average value and

Table 2: The sensitivity, specificity, and accuracy values after
AdaBoost classifier.

Data 1322 1563 1971 2074 6618 6632 average

Sensitivity 0.9885 0.8958 0.9807 0.9985 0.9705 0.9839 0.9697

Specificity 0.7283 0.5725 0.6546 0.9440 0.6615 0.6896 0.7084

Accuracy 0.8112 0.6225 0.7340 0.9696 0.7404 0.7725 0.7750

standard deviation. Under normal distribution, the variable
x with variable probability of emergence of P(x) is defined as
follows [24]:

P(x) = 1√
2πσ

exp

[

−1
2

(x − u)2

σ2

]

, (4)

where σ is the standard deviation and u is the mean value.

3. Experimental Results

This section shows experimental results based on three clas-
sifiers: AdaBoost, SVM, and Bayes-Gaussian classifier.
Table 2 shows the sensitivity, specificity and accuracy values
after AdaBoost classifier. Table 3 shows the MP and CR values
after AdaBoost classifier. Figure 2 shows the detection result
images after AdaBoost classifier, where (a) is for ground
truth, and in (b) color blue is for true positive and color red
is for false negative. Table 4 shows the sensitivity, specificity
and accuracy values after SVM classifier. Table 5 shows the
MP and CR values after SVM classifier. Table 6 shows the
sensitivity, specificity, and accuracy values after Bayes-
Gaussian classifier. Figure 3 show the detection result images
after SVM classifier, where (a) is for ground truth, and in
(b) color blue is for true positive and color red is for false
negative. Table 7 shows the MP and CR values after Bayes-
Gaussian classifier. Figure 4 shows the detection images after
Bayes-Gaussian classifier, where (a) is for ground truth (b)
shows the detection result by color white, and (c) color blue
is for true positive and color red is for false negative.
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Case 1322 ground truth

Case 1563 ground truth

Case 1971 ground truth

Case 2074 ground truth

Case 6618 ground truth

Case 6632 ground truth

(a)

Case 1322 blue (TP), red (FN)

Case 1563 blue (TP), red (FN)

Case 1971 blue (TP), red (FN)

Case 2074 blue (TP), red (FN)

Case 6618 blue (TP), red (FN)

Case 6632 blue (TP), red (FN)

(b)

Figure 2: AdaBoost detection results. (a) Ground truth; (b) color
blue is for true positive and color red is for false negative.

Case 1322 ground truth

Case 1563 ground truth

Case 1971 ground truth

Case 2074 ground truth

Case 6618 ground truth

Case 6632 ground truth

(a)

Case 1322 blue (TP), red (FN)

Case 1563 blue (TP), red (FN)

Case 1971 blue (TP), red (FN)

Case 2074 blue (TP), red (FN)

Case 6618 blue (TP), red (FN)

Case 6632 blue (TP), red (FN)

(b)

Figure 3: SVM detection results. (a) Ground truth; (b) color blue
is for true positive and color red is for false negative.
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Case 1322 ground truth

Case 1563 ground truth

Case 1971 ground truth

Case 2074 ground truth

Case 6618 ground truth

Case 6632 ground truth

(a)

Case 1322 Bayes result

Case 1563 Bayes result

Case 1971 Bayes result

Case 2074 Bayes result

Case 6618 Bayes result

Case 6632 Bayes result

(b)

Case 1322 blue (TP), red (FN)

Case 1563 blue (TP), red (FN)

Case 1971 blue (TP), red (FN)

Case 2074 blue (TP), red (FN)

Case 6618 blue (TP), red (FN)

Case 6632 blue (TP), red (FN)

(c)

Figure 4: Bayes-Gaussian detection results. (a) Ground truth; (b) detection result shown by color white; (c) color blue is for true positive
and color red is for false negative.

4. Conclusions

The probability of tumor recurrence in nasopharyngeal
carcinoma is high, and relapse after the effects of the use of
radiation therapy is far less than that used for the first time.

Through the use of surgical resection, preoperative diagnosis
becomes extremely important. This study proposed a new
method and used this method in the data of multiple
operations and training, testing, then to improve the tumor
identification rate. It is based on this foundation to build
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Table 3: The MP and CR value after AdaBoost classifier.

No. #TP #FP #FN #GT MP CR

E1322 255 150 82 405 0.63 0.44

E1563 365 951 257 1316 0.28 −0.08

E1971 285 312 120 597 0.48 0.22

E2074 254 16 12 270 0.94 0.91

E6618 361 367 172 728 0.50 0.24

E6632 154 124 81 278 0.55 0.33

Average 0.56 0.34

Table 4: The sensitivity, specificity, and accuracy values after SVM
classifier.

Data 1322 1563 1971 2074 6618 6632 Average

Sensitivity 0.9938 0.9855 0.9870 1 0.9916 0.9987 0.9927

Specificity 0.8484 0.8328 0.7839 0.5466 0.8947 0.9788 0.8142

Accuracy 0.9086 0.8949 0.8587 0.5852 0.9379 0.9886 0.8623

Table 5: The MP and CR value after SVM classifier.

No. #TP #FP #FN #GT MP CR

E1322 333 72 57 405 0.82 0.73

E1563 1055 261 94 1316 0.80 0.70

E1971 434 163 122 597 0.73 0.59

E2074 46 224 0 270 0.17 −0.24

E6618 643 85 86 728 0.88 0.82

E6632 272 6 11 278 0.98 0.97

Average 0.73 0.59

Table 6: The sensitivity, specificity, and accuracy values after Bayes-
Gaussian classifier.

Data 1322 1563 1971 2074 6618 6632 Average

Sensitivity 0.9310 0.9050 0.9207 0.8551 0.9050 0.9581 0.9125

Specificity 0.9791 0.9435 0.9481 0.9825 0.9507 0.9888 0.9655

Accuracy 0.9538 0.9234 0.9340 0.9091 0.9266 0.9730 0.9367

Table 7: The MP and CR value after Bayes-Gaussian classifier.

No. #TP #FP #FN #GT MP CR

E1322 397 8 813 405 0.98 0.97

E1563 1245 71 791 1316 0.95 0.92

E1971 567 30 1044 597 0.95 0.92

E2074 266 4 1382 270 0.98 0.98

E6618 694 34 1144 728 0.95 0.93

E6632 275 3 387 278 0.99 0.98

Average 0.97 0.95

the medical use of nasopharyngeal tumor recognition sys-
tem, to ensure compatibility with the physician for the
disease diagnosis, treatment, and pathology monitoring.
This study proposes AdaBoost algorithm, support vector
machines, and Bayesian classification classifiers to distin-
guish the tumor region with the normal region. The tumor
detecting validation comparisons on the three classifiers are

through MP value, CR value, sensitivity, specificity, and
accuracy of five parameters. Final results show that SVM has
the best sensitivity value, and Bayesian classifier has the
best specificity and accuracy values. Some morphology tech-
niques, such as open and close, are used to make a more
complete regional cancer identification. The proposed sys-
tem has no intention to replace the physician’s diagnosis
job. By using visual aids of this recognition system the
physicians’ misjudgment to enhance the overall diagnosis
accuracy reduces.
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One of the toughest challenges in medical diagnosis is the handling of uncertainty. Since medical diagnosis with respect to the
symptoms uncertain, they will be assumed to have an intuitive nature. Thus, to obtain the uncertain optimism degree of the doctor,
fuzzy linguistic quantifiers will be used. The aim of this article is to provide an improved nonprobabilistic entropy approach to
support doctors examining the work of the preliminary diagnosing. The proposed entropy measure is based on intuitionistic fuzzy
sets, extrainformation regarding hesitation degree, and an intuitive and mathematical connection between the notions of entropy
in terms of fuzziness and intuitionism has been revealed. An illustrative example for medical pattern recognition demonstrates
the usefulness of this study. Furthermore, in order to make computing and ranking results easier and to increase the recruiting
productivity, a computer-based interface system has been developed to support doctors in making more efficient judgments.

1. Introduction

Medical diagnostic investigations are very important and
complex. Uncertainty is an inseparable aspect of medical
diagnosis problems. A symptom is an uncertain indication
of a disease as it may or may not occur with or as a result
of the disease. Uncertainty characterizes a relation between
symptoms and diseases [1, 2]. Hence, coping efficiently with
uncertainty leads us to more accurate decision making, and
this is considered as a fundamental challenge in medicine.

The fuzzy set framework has been utilized in several
different approaches to model the diagnostic process. In the
approach formulated by Sanchez [3] in 1979, he adopted
the compositional rule of inference by Zadeh [4] as an
inference mechanism. It accepts fuzzy descriptions of a
patient’s symptoms and infers fuzzy descriptions of patient’s
diseases by means of the fuzzy relationships described before.

With S, a set of symptoms, and a fuzzy relation R from
S to D, where D is a set of diseases. And with P, a set of
patients, and a fuzzy relation Q from P to S, and by “max-

min composition,” we get the fuzzy relation T = Q × R with
the membership function

μT
(
p,d

) = max
s∈S

(
min

{
μQ
(
p, s
)
,μR(s,d)

})
,

s ∈ S, d ∈ D, p ∈ P.
(1)

Furthermore, based on the concepts of fuzzy sets (FSs)
theory, numerous fuzzy approaches to medical diagnosis
have been addressed, and the readers can refer to [3, 5–13].

In addition, several investigations in medical diagnosis
have addressed these issues based on intuitionistic fuzzy sets
(IFSs), such as Shannon et al. [14] developed an intuitionistic
fuzzy logic approach for decision making in medicine; De
et al. [1] used intuitionistic fuzzy sets to apply to medical
diagnosis; Ahn et al. [15] have also presented a medical
diagnostic method by applying intuitionistic fuzzy set to
perform classification of solution sets and linear regression
approach; Innocent and John [16] presented a new method
for computing a diagnostic support index which uses vague
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symptom and temporal information in a clinical diagnosis
context; Szmidt and Kacprzyk [17] provided a measure
method for intuitionistic fuzzy sets and showed its usefulness
in medical diagnostic reasoning; Xu [18] proposed a new
method for deriving the correlation coefficients to the
interval-valued intuitionistic fuzzy set theory and showed its
application in medical diagnosis; Todorova et al. [19, 20]
provided two algorithms by intuitionistic fuzzy Voronoi
diagrams (IFVDs) mechanism to estimate the classification
in medicine; Khatibi and Montazer [21] take an intelligent
approach towards the bacteria classification problem by
using five similarity measures of FSs and IFSs to examine
their capabilities in encountering uncertainty in the medical
pattern recognition. Currently, Ye [22] also presents a cosine
similarity measure and a weighted cosine similarity measure
based on the concept of the cosine similarity measure for
IFSs.

Furthermore, Vlachos and Sergiadis [23] presented an
intuitionistic fuzzy cross-entropy (IFCE) approach to dis-
crimination measures for IFSs and their application in
medical diagnosis. Zhang and Jiang [24] have also proposed
two kinds of new vague information entropy measures which
are vague entropy and vague cross-entropy to solve medical
diagnosis problem.

Among the IFCE approach, this paper also provides
an improvement to examine their capabilities to cope with
uncertainty in the medical pattern recognition.

The remainder of this study is organized as follows. In
Section 2, the relative basic concepts including IFSs, fuzzy
cross-entropy, and IFCE methods are described. Section 3
presents an improved IFCE approach, illustrates an example
for medical diagnosis, and provides some discussions in
Section 4. A computer-based interface has developed in
Section 5. Finally, a conclusion is drawn in Section 6.

2. Related Works

2.1. IFSs Theory. Fuzzy sets theory, proposed by Zadeh [4]
in 1965, has shown successful applications in various fields.
In this theory, the membership of an element to a fuzzy set
is a single value between zero and one. But in reality, it may
not always be certain that the degree of nonmembership of
an element to a fuzzy set is just equal to 1 minus the degree
of membership, that is, there may be some hesitation degree.
Thus, as a generalization of fuzzy sets, the concept of IFSs was
introduced by Atanassov [25] in 1983. Burillo and Bustince
[26] showed that this notion coincides with the notion of
vague sets (VSs).

The IFSs is as an extension of fuzzy sets. An IFSs A in a
fixed set E is an objective with the expression

A = {〈x,μA(x), νA(x)
〉 | x ∈ E

}
, (2)

where the functions μA : E → [0, 1] and νA : E →
[0, 1] denote the degree of membership and the degree of
nonmembership of the element x ∈ E, respectively. For every
x ∈ E,

0 ≤ μA(x) + νA(x) ≤ 1. (3)

Membership Hesitation Nonmembership

μ(x) π(x) A(x)

1− μ(x)

Figure 1: The descriptions of membership, nonmembership and
hesitation degree.

When μA(x) + νA(x) = 1, for every x ∈ E, then the IFSs
will degenerate to a fuzzy set. Hence, we can consider a fuzzy
set with its membership function μA(x), having the IFSs
expression as

A = {〈x,μA(x), 1− μA(x)
〉 | x ∈ E

}
, (4)

under the condition of νA(x) = 1− μA(x), for every x ∈ E.
For each IFSs A in E, “hesitation degree” has considera-

tion. We call the hesitation degree of an element x ∈ E in A
by the following expression:

πA(x) = 1− μA(x)− νA(x), (5)

and we can consider πA(x) as a hesitancy degree of x to A.
From (5), it is evident that

0 ≤ πA(x) ≤ 1, ∀x ∈ E. (6)

The illustration of these degrees has been exhibited in
Figure 1.

Therefore, to describe an intuitionistic fuzzy set com-
pletely, we need at least two functions from the triplet [27,
28]: (1) membership function, (2) nonmembership func-
tion, and (3) hesitation degree.

2.2. FCE Method. Let us recall the definition of the cross-
entropy by Kullback [29]. Let p and q be two probability
distributions of the discrete random variable X . Then, the
cross-entropy measure of p from q can be obtained as

I
(
p, q
) =

∑

x∈X
p(x) ln

p(x)
q(x)

, (7)

which measures the amount of discrimination of p from q.
Lin [30] pointed out that (7) is undefined if q(x) = 0 and
p(x) = 0 for any x ∈ E. To overcome this drawback, He
proposed a modified cross-entropy measure described

K
(
p, q
) =

∑

x∈X
p(x) ln

2p(x)
p(x) + q(x)

, (8)

which is well defined and independent of the values of p(x)
and q(x), x ∈ E.

Based on (8), Shang and Jiang [31] defined the FCE
between two sets Ã, B̃ ∈ U(X), where hereinafter X denotes
the finite universe of discourse. Thus, they provided the
definition of FCE approach as the following.
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Definition 1 (see [31]). Let Ã and B̃ be two FSs defined on X .
Then,

EFS

(
Ã, B̃

)
= K

(
μÃ,μB̃

)
+ K

(
1− μÃ, 1− μB̃

)
(9)

is called fuzzy cross-entropy, where n is the cardinality
of the finite universe X . The equation (9) is the degree
of discrimination of A from B. However, EFS(Ã, B̃) is not
symmetric with respect to its arguments. Thus, Shang
and Jiang [31] also proposed a symmetric discrimination
information measure based on EFS(Ã, B̃), given by

DFS

(
Ã, B̃

)
= EFS

(
Ã, B̃

)
+ EFS

(
B̃, Ã

)
. (10)

Moreover, they showed that DFS(Ã, B̃) ≥ 0 and DFS(Ã, B̃) = 0
if and only if Ã = B̃.

2.3. IFCE Method. Let us consider two sets A,B ∈ U(X).
In order to derive a cross-entropy measure for IFSs, we have
to exploit the information carried by both the membership
and the nonmembership function. In an analogous manner
to Bhandari and Pal [32], we consider the following quantity:

Iμ(A,B; xi) = ln
μA(xi)
μB(xi)

, (11)

as the amount of information for discrimination of μA(xi)
from μB(xi). Therefore, the expected information for dis-
crimination of A against B, based solely on the membership
function, is given by

Iμ(A,B) =
n∑

i=1

μA(xi) ln
μA(xi)
μB(xi)

. (12)

Similarly, considering the nonmembership function that we
have,

Iν(A,B) =
n∑

i=1

νA(xi) ln
νA(xi)
νB(xi)

. (13)

Hence, the information for discrimination in favor of A
against B is obtained as the sum of the quantities Iμ(A,B)
and Iν(A,B), that is,

I′′IFS(A,B) = Iu(A,B) + Iν(A,B). (14)

In order to overcome the drawback of (14) being undefined
if μB(xi) = 0 or νB(xi) = 0 for any xi ∈ X , a modified version
of (14) is introduced based on (8) and is given by

IIFS(A,B) = K
(
μA,μB

)
+ K(νA, νB). (15)

According to Shannon’s inequality, Lin [30] pointed out that
one can easily prove that IIFS(A,B) ≥ 0 and IIFS(A,B) = 0
if and only if A = B. A similar measure for FSs, denoted
by IFS(Ã, B̃), was defined by Bhandari and Pal [32]. For
FSs in general IFS(Ã, B̃) /= IFS(Ãc, B̃c). However, for IFSs, the
following equality holds:

IIFS(A,B) = IIFS(Ac,Bc), (16)

where Ac and Bc are the complementary sets of A and B,
respectively. Therefore, in analogy with (9), we proceed to the
following definition of the intuitionistic fuzzy cross-entropy.

Definition 2. For two sets A,B ∈ U(X), IIFS(A,B) is the
intuitionistic fuzzy cross-entropy between A and B. IIFS(A,B)
can also be called discrimination information for IFSs.

However, one can observe that IIFS(A,B) is not symmet-
ric with respect to its arguments. Therefore, a symmetric
measure is defined as follows.

Definition 3. For two sets A,B ∈ U(X),

DIFS(A,B) = IIFS(A,B) + IIFS(B,A) (17)

is called a symmetric discrimination information measure
for IFSs.

It can easily be verified that DIFS(A,B) ≥ 0 and
DIFS(A,B) = 0 if and only if A = B. Moreover, IIFS(A,B)
and DIFS(A,B) degenerate to their fuzzy counterparts when
A and B are FSs.

3. An Improved IFCE Approach

It is easy to see that cross-entropy proposed by Vlachos
and Sergiadis [23] only involve the first two parameters,
that is, the membership degree and nonmembership degree
of IFSs. Furthermore, it does not take the third parameter
(hesitation) into account in the above derivation and
discrimination measure of IFSs.

Furthermore, Szmidt and Kacprzyk [33] have showed
that omitting one of the three parameters may lead to
incorrect results, and thus all the three parameters should be
taken into account when calculating association or distance
between two IFSs.

Motivated by the idea of Szmidt and Kacprzyk [33], we
improve the feasibility of original IFCE by adding the third
parameter (hesitation degree) consideration. Therefore, a
modified formulation is improved to reach better discrimi-
nation measure of IFCE approach.

Following (12) and (13), we may keep considering hes-
itation function for discrimination measure similarly. Thus,
we can obtain

Iπ(A,B) =
n∑

i=1

πA(xi) ln
πA(xi)
πB(xi)

. (18)

Next, the information for discrimination in favor ofA against
B can be calculated as the sum of the quantities Iμ(A,B),
Iv(A,B), and Iπ(A,B). The equation (14) can be revised as

I′IFS(A,B) = Iu(A,B) + Iν(A,B) + Iπ(A,B). (19)

To avoid the drawback of (19) being undefined if μB(xi) = 0,
νB(xi) = 0 or πB(xi) = 0 for any xi ∈ X , an improved version
of (19) is introduced based on (15) and is given as

IIFS(A,B) = K
(
μA,μB

)
+ K(νA, νB) + K(πA,πB). (20)
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Table 1: Symptoms characteristic for the diagnoses considered.

Viral fever Malaria Typhoid
Stomach
problem

Chest
problem

Temperature (0.4, 0.0, 0.6) (0.7, 0.0, 0.3) (0.3, 0.3, 0.4) (0.1, 0.7, 0.2) (0.1, 0.8, 0.1)

Headache (0.3, 0.5, 0.2) (0.2, 0.6, 0.2) (0.6, 0.1, 0.3) (0.2, 0.4, 0.4) (0.0, 0.8, 0.2)

Stomach pain (0.1, 0.7, 0.2) (0.0, 0.9, 0.1) (0.2, 0.7, 0.1) (0.8, 0.0, 0.2) (0.2, 0.8, 0.0)

Cough (0.4, 0.3, 0.3) (0.7, 0.0, 0.3) (0.2, 0.6, 0.2) (0.2, 0.7, 0.1) (0.2, 0.8, 0.0)

Chest pain (0.1, 0.7, 0.2) (0.1, 0.8, 0.1) (0.1, 0.9, 0.0) (0.2, 0.7, 0.1) (0.8, 0.1, 0.1)

Table 2: Symptoms characteristic for the patients considered.

Temperature Headache Stomach pain Cough Chest pain

Al (0.8, 0.1, 0.1) (0.6, 0.1, 0.3) (0.2, 0.8, 0.0) (0.6, 0.1, 0.3) (0.1, 0.6, 0.3)

Bob (0.0, 0.8, 0.2) (0.4, 0.4, 0.2) (0.6, 0.1, 0.3) (0.1, 0.7, 0.2) (0.1, 0.8, 0.1)

Joe (0.8, 0.1, 0.1) (0.8, 0.1, 0.1) (0.0, 0.6, 0.4) (0.2, 0.7, 0.1) (0.0, 0.5, 0.5)

Ted (0.6, 0.1, 0.3) (0.5, 0.4, 0.1) (0.3, 0.4, 0.3) (0.7, 0.2, 0.1) (0.3, 0.4, 0.3)

One can also prove that IIFS(A,B) ≥ 0 and IIFS(A,B) = 0
if and only if A = B, according to Shannon’s inequality. A
similar measure for IFSs, the following equality also holds:

IIFS(A,B) = IIFS(Ac,Bc), (21)

where Ac and Bc are the complementary sets of A and B,
respectively. Therefore, in analogy with (20), we can also
proceed to the symmetric discrimination definition of the
proposed intuitionistic fuzzy cross-entropy

DIFS(A,B) = IIFS(A,B) + IIFS(B,A). (22)

4. Medical Diagnosis Example and Discussions

4.1. Illustrative Example for Medical Diagnosis. We will illus-
trate an application using the improved IFCE approach for
medical pattern recognition problem.

Let us consider the same example in De et al. [1] and
Szmidt and Kacprzyk [34, 35]. They consist of a set of
patients P = Al, Bob, Joe, Ted, a set of diagnoses D =
viral fever, malaria, typhoid, stomach problem, chest pain,
and a set of symptoms S = temperature, headache, stomach
pain, cough, chest pain. Table 1 presents the characteristic
symptoms for the diagnoses considered. The symptoms for
each patient are given in Table 2. Each element of the tables
is given in the form of a pair of numbers corresponding
to the membership, nonmembership, and hesitation values,
respectively, for example, the temperature for viral fever is
described by (μ, ν,π) = (0.4, 0, 0.6) in Table 1.

In order to find a proper diagnosis, we calculate for
each patient pi ∈ P, where i ∈ {1, . . . , 4}, the symmetric
discrimination information measure for IFSs DIFS(s(pi),dk)
between patient symptoms and the set of symptoms that are
characteristic for each diagnosis dk ∈ D, with k ∈ {1, . . . , 5}.
Based on (20) and (22), we assign to the ith patient the
diagnosis whose symptoms have the lowest symmetric dis-
crimination information measure from patient’s symptoms.
The diagnosed results for the considered patients are given
in Table 3. We assign to the ith patient the diagnosis whose

symptoms have the lowest symmetric discrimination infor-
mation measure from patient’s symptoms. The diagnosed
results for the considered patients are given in Table 3.

According to Table 3, we know that Al, Joe, and Ted
maybe suffer viral fever whereas Bob faces a stomach pain
problem.

4.2. Discussions. Through this study, some issues can be
raised and depicted as follows.

(1) From the practical case of medical diagnosis study,
the proposed method can provide a useful way to
help doctors perform preliminary diagnosis. The
proposed method differs from previous methods for
medical diagnosis decision making due to the fact
that the proposed method considers the degree of
hesitation compared to other existing approaches.
In the future, the proposed method may be a merit
for the preliminary diagnosed models to solve the
medical diagnosis problem using IFSs.

(2) Sometimes, the difference between two adjacent
ranking scores is very close. Observing Table 3, the
suffered outcomes of AL, the scores of viral fever and
malaria are close. Joe suffered from viral fever and
typhoid, of which the scores are close. If it appears
in the first and second rank, doctors require making
an advanced diagnosis with their expert knowledge
to evaluate the values of two IFSs because the doctor
process allows little deficiency caused by the practical
case study among uncertain environment and usage
to achieve the optimal judgment. Therefore, the
purpose of advanced medical diagnosis is to reduce
the risk which may occur in medical diagnosis.

5. A Computer-Based Interface

As more and more decisions in real organizational settings
are made, applying IFSs into medical diagnosis analysis
to deal with imprecision, uncertainty, and fuzziness in
decision making may become a popular research topic in
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Table 3: The diagnosed results by the improved IFCE approach.

Viral fever Malaria Typhoid
Stomach
problem

Chest
problem

Al 0.7873 0.7885 0.8902 2.1573 2.5384

Bob 1.6195 2.6886 0.9896 0.2886 1.8327

Joe 1.0441 1.5938 1.0668 2.2708 2.8497

Ted 0.4997 0.8992 0.9952 1.4273 1.9536

Figure 2: The functional interface of IFSMDS.

Figure 3: Input intuitionistic diagnosed value on each symptom for
patient.

the current uncertain environment. The application of IFSs
in supporting doctors can provide a useful way to help the
decision analyzer make his/her decisions efficiently.

In this paper, in order to make computing and ranking
the results much easier and to increase the recruiting pro-
ductivity, we have developed an information system called
intuitionistic fuzzy sets medical diagnosis system (IFSMDS)
as shown in Figure 2. This prototype system is developed
by Visual Basic 6 and ACCESS on a N-tier client server
architecture. In IFCEDSS, doctors need to key in the patient’s
name and symptoms data, respectively. The intuitive values
of each patient on each relation between symptoms and
diseases have showed, as illustrated in Figure 3. The system
can calculate the assessment value of each patient on each
symptom. The diagnosed results are shown as Figure 4. If
ranking score is the lowest, then the patient is more likely
to suffer from the disease.

Figure 4: The outcomes and ranking of medical diagnosis.

6. Concluding and Remarks

In this paper, an improved IFCE approach is presented
based on IFSs. The idea of improvement is to add the
hesitation degree and reveal an intuitive and mathematical
connection between the notions of entropy for IFSs in terms
of fuzziness and intuitionism based on this entropy measure.
Illustrative examples have demonstrated the usefulness of the
proposed discrimination information measure for medical
diagnosis. In addition, in order to prevent misjudgment, we
have suggested that when the diagnosed results between the
diseases are very close, an advanced diagnosis is necessary to
avoid some error risks of the medical diagnosis.
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