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1. Introduction

The advent of the information age, also commonly known
as the digital age, has made a profound impact on health
sciences. Vast amounts of datasets now flow through the
different stages of healthcare organizations, and there is a
major requirement to extract knowledge and employ it to
improve these centres in all respects.

Intelligent computer systems provide support to health
professionals involved both in the medical and managerial
contexts. Amongst these systems, computational intelligence
approaches have gained increasing popularity given their
ability to cope with large amounts of clinical data and
uncertain information.

The goal of this special issue is to offer a broad view of this
exciting field, the ever-growing importance of which is driven
by the increasing availability of data and computational
power.

2. Computational Intelligence

Computational intelligence is based on biologically inspired
computational algorithms. The key pillars that compose this
field are neural networks, genetic algorithms, and fuzzy
systems. Neural networks are algorithms that can be used
for function approximation or classification problems [1, 2].
They include supervised, unsupervised, and reinforcement
learning [3]. Genetic algorithms, however, [4] are search

algorithms inspired by biological genetics. They rely on two
main operators, cross-over and mutation. Populations of
individuals representing solutions to the problem are created
over several generations. The algorithm uses a random-
guided approach to optimize problems based on a fitness
function. Fuzzy logic [5] is based on fuzzy set theory [6] in
order to encompass reasoning that is fluid or approximate
rather than fixed and exact. Fuzzy logic variables have “truth”
values ranging in degree between 0 and 1 which can also
handle “partial truth”.

Computational intelligence techniques have been suc-
cessfully used in many “real-world” applications in a variety
of engineering problems.They can also be used in themedical
research domain.

3. Organisation and Plan of the Special Issue

This special issue presents a compilation of research papers
describing novel recent strategies and developments on the
use of computational intelligence techniques in medicine.
It will be of interest to researchers interested in industry,
academics, and also to postgraduate students interested in
the latest advances and developments in the field of computa-
tional intelligence in medicine. Its contents are summarized
next.

One of the best-known application fields of these tech-
niques is computer-aided diagnosis (CAD). At this point, two
types of methods must be distinguished: those which aim
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at providing clinicians with enhanced diagnostic procedures
that can lead to improved human decisions, and those that
intend to provide a second opinion; that is, given a set of signs,
they can indicate or confirm one or more possible disease
processes.

Many methods belonging to the first type correspond
to image processing algorithms. Indeed, the automated
segmentation of magnetic resonance images (MRI) of the
brain is employed to determine pathological regions and
to plan image-guided surgery. On the other hand, high-
resolution computed tomography has become a standard tool
to diagnose diffuse lung diseases, and sparse representations
can help to identify abnormal patterns. Segmentation is also
useful at the microscopic scale, where intracellular calcium
variation can be measured by a marked controlled watershed
transform. Additionally, the emergence of a number of
differing medical imaging techniques brings our attention
to the problem of fusing these images. An approach based
on the Nonsubsampled Contourlet Transform, which is a
directional multiresolution image representation method, is
also proposed.

Other diagnostic enhancement procedures are not related
to image processing. In this issue, the most relevant criteria
to diagnose Guillain-Barré syndrome are studied by the
Partitions around Medoids clustering algorithm, which is
able to manage both categorical and numerical data since
it only requires the distance matrix amongst the samples.
The reactivity of blood pressure (BP) to talking episodes is
predicted by a hybrid system composed of several soft com-
puting approaches, specifically neural networks, an adaptive
neurofuzzy inference system, and support vector machines
(SVMs). This increases the precision of BP measures for
clinical and research purposes. Screening for prediabetes is
carried out by means of a combination of neural networks
and SVMs, which is aimed at early intervention to avoid the
serious complications associated with the disease. Validation
procedures for electroencephalographic (EEG) signal pro-
cessing by principal component analysis (PCA) are also pro-
posed, which is a valuable tool for many neurological studies.
EEG signals are also analyzed by mixed-norm regularization
for sensor selection in brain computer interfaces. Finally,
the problem of privacy preservation in self-helped medical
diagnosis is addressed, where secure two-party computation
in wireless sensor networks is ensured in order to develop
a system where the patient inserts a health card into an
automated teller machine and obtains a diagnostic report.

The second class of methods includes classification sys-
tems which are most useful for the early diagnosis of diseases
for which there is currently no definitive diagnostic test.
Computer-aided screening for Alzheimer’s disease based on
neuropsychological rating scales is carried out by a hybrid
approachwhich combines rough sets, genetic algorithms, and
Bayesian networks, and an expert system for multicriteria
decision support in psychotic disorders is proposed. Clinical
decision support systems are not limited to diagnosis, as
noted in the osteoporosis case, where the system can also
recommend treatments and assess the fracture risk.

Management and planning represent the other sec-
tions of healthcare organizations that can also benefit from

the applications of computational intelligence. Particle swarm
optimization can be employed to enhance blood assignment
in blood banks, whilst social network simulation can help
to develop effective preventative and interventional strategies
for AIDS epidemics.

Last but not least, computational intelligence techniques
are also useful tools for probing the improvement of drug
manufacturing processes, as demonstrated in another pro-
posal where neural networks are applied to drug tablet visual
tracking for high speed mass production.

Ezequiel López-Rubio
David A. Elizondo
Martin Grootveld

José M. Jerez
Rafael M. Luque-Baena
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We applied and optimized the sparse representation (SR) approaches in the computer-aided diagnosis (CAD) to classify normal
tissues and five kinds of diffuse lung disease (DLD) patterns: consolidation, ground-glass opacity, honeycombing, emphysema,
and nodule. By using the K-SVD which is based on the singular value decomposition (SVD) and orthogonal matching pursuit
(OMP), it can achieve a satisfied recognition rate, but too much time was spent in the experiment. To reduce the runtime of the
method, the K-Means algorithm was substituted for the K-SVD, and the OMP was simplified by searching the desired atoms at
one time (OMP

1
). We proposed three SR based methods for evaluation: SR1 (K-SVD+OMP), SR2 (K-Means+OMP), and SR3 (K-

Means+OMP
1
). 1161 volumes of interest (VOIs) were used to optimize the parameters and train each method, and 1049 VOIs were

adopted to evaluate the performances of the methods. The SR based methods were powerful to recognize the DLD patterns (SR1:
96.1%, SR2: 95.6%, SR3: 96.4%) and significantly better than the baseline methods. Furthermore, when the K-Means and OMP

1

were applied, the runtime of the SR based methods can be reduced by 98.2% and 55.2%, respectively. Therefore, we thought that
the method using the K-Means and OMP

1
(SR3) was efficient for the CAD of the DLDs.

1. Introduction

Diffuse lung diseases (DLDs) refer to a series of abnormalities
that spread out in large areas of the lungs [1]. With the devel-
opment of the medical imaging technology, at present the
high-resolution computed tomography (HRCT) is thought
to be the best tool for the diagnosis of the DLDs, because
the pulmonary patterns can be accurately analyzed on the
HRCT images [2–4]. However, the interpretation of the
DLD patterns mainly depends on the radiologists’ individual
experiences. It is reported that the agreements between the
radiologists’ first choices were only moderate [5]. So, the
subjective differences between the radiologists may lead to
the misdiagnosis. Furthermore, the HRCT produces large
numbers of axial slices in each scan, which is a big burden for
the radiologists. Considering the above reasons, a computer-
aided diagnosis (CAD) method is required to provide the
radiologists with a “second opinion” for the diagnosis of the
DLDs [6–8].

In the past ten years, researchers have proposed several
CAD systems to classify the DLD patterns, and most of
the conventional methods aim to develop the discriminative
features for the classification. For example, Park et al. adopted
the statistical moments of the histograms and gray-level run-
length matrices (GLRLM) to represent the textural infor-
mation of the pulmonary patterns [9]. Wang et al. thought
that the GLRLM could be partitioned into four areas with
clear physical meaning, which can be used to measure the
pulmonary textures [10]. Although the features based on the
textural information have an excellent performance on the
classification of the DLD patterns, these features are still
difficult to recognize the pulmonary patterns with inhomo-
geneous textures. Therefore, researchers have combined the
texture-based measures with the geometrical information
to design the features with higher discriminative power.
In the study [11], the pulmonary patterns were determined
by six kinds of physical features, three based on the CT
values (mean and standard deviation of CT values, air
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EMPCON GGO HCM NOD NOR

Figure 1: Images of six kinds of pulmonary patterns: consolidation (CON), ground-glass opacity (GGO), honeycombing (HCM), emphysema
(EMP), nodule (NOD), and normal tissues (NOR).

density components) and three based on the geometrical
information (nodular components, line components, and
multilocular components). Uppaluri et al. adopted the texture
features and geometric fractal dimension (GFD) to classify
the pulmonary patterns, where the GFDwas used to measure
the roughness of textures [12]. In the work [13], the measures
based on the histogram, gradient, gray-level cooccurrence
matrix (GLCM), and GLRLM were used for texture analysis,
and the measures based on the top-hat transformation and
clusters of low attenuation areas were used to analyze the
shape information. Besides, the local binary pattern (LBP)
was employed to quantitatively measure the normal tissues
and two subtypes of the emphysema [14].

In this paper, the sparse representation approaches were
introduced to recognize the DLD patterns. The main idea
of the sparse representation is to approximate the example
by a weighted linear combination of a small number of key
features (atoms), which are selected from an overcomplete
dictionary. It is thought that the sparse representation can
improve the performance of the image classification [15–17].
Firstly, the images could be treated as a distribution of a set
of representative features, so the sparse representation can
encode the semantic information of the images. Secondly,
the number of atoms in the dictionary is greater than the
dimensionality of the input examples, which means that
the approximation of the example is not unique. So, it
can find a relative better approximation among the various
combinations of atoms. Thirdly, the sparse representation
is shown to be robust in the presence of the noise. Due
to these advantages, the sparse representation approaches
have been applied in the CAD recently. For example, Liu
et al. developed a sparse representation based method to
detect the colon polyp and lung nodule [18]. Vo and Sowmya
trained discriminative dictionaries to classify four kinds of
the pulmonary patterns [19]. In the work [20], the dictionary
of the texton was learned and used to recognize the normal
tissues and three subtypes of the emphysema.

In this work, by adopting the two of the most popular
algorithms, the singular value decomposition (SVD) based
K-SVD algorithm [21] and orthogonal matching pursuit
(OMP),we proposed a sparse representation basedmethod to
classify the normal tissues (NOR) and five kinds of the DLD
patterns, including the consolidation (CON), ground-glass
opacity (GGO), honeycombing (HCM), emphysema (EMP),
and nodule (NOD). Figure 1 gives the images of the six kinds
of the pulmonary patterns. According to our knowledge,

there is no work aimed at applying the sparse representation
approaches to analyze these six kinds of the pulmonary
patterns. The proposed method using the K-SVD and OMP
achieved a high classification accuracy (greater than 95%) in
the experiments, which was thought to be of great potential
by the radiologists. However, the runtime of this method was
relatively long.Therefore, we also tried to reduce the runtime
of the sparse representation based method. Considering that
the operation of the K-SVD and OMP spent the most time
on the training and testing, respectively, we employed the K-
Means to replace the K-SVD and used a simple version of the
OMP which was named OMP

1
in the paper. Experimental

results show that the replacement of the K-SVD and OMP
by the K-Means and OMP

1
can reduce the runtime of the

method while keeping the classification accuracy.
There are two major differences against a preliminary

version of this work [23]. Firstly, we not only adopted the
sparse representation approaches for the classification but
also optimized the dictionary learning and sparse coding in
this work. Secondly, we changed the experimental data to
make the number of training and testing samples approxi-
mately equal. This paper is organized as follows. In Section 2,
we describe the proposed methods. The experimental results
are given and discussed in Section 3. Finally, we conclude the
paper in Section 4.

2. Proposed Methods

In this research, we adopted and optimized the sparse
representation approaches to classify the normal tissues and
five kinds of the DLD patterns on HRCT images. Figure 2
gives the framework of our methods. In the training stage,
firstly huge numbers of local features were extracted from
the training volumes of interest (VOIs) and used to train an
overcomplete dictionary. Secondly, the sparse representation
of the local features was calculated according to the given
dictionary, and theVOI-level descriptors of the trainingVOIs
were generated by the procedure named spatial pooling.
Finally, the descriptors were used to train a support vector
machine (SVM) classifier. In the testing stage, after extracting
the local features on the testing VOI, the learned dictionary
was adopted to calculate the sparse representation of the local
features, and then the VOI-level descriptor was generated.
At last, the descriptor was fed into the trained classifier and
the result was given. In order to easily understand the paper,
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Figure 2: The framework of our methods.

we introduce the sparse representation and its optimization
at first, and then we describe the other parts of our methods.

2.1. Sparse Representation. Let 𝑚 examples and the normal-
ized overcomplete dictionary be y

𝑖
∈ R𝑛, 𝑖 = 1, 2, . . . , 𝑚, and

D ∈ R𝑛×𝑘, 𝑛 ≪ 𝑘, respectively, the sparse representation of𝑚
examples a

𝑖
∈ R𝑘can be formulated as

min
D,a

𝑚

∑

𝑖=1





y
𝑖
−Da
𝑖






2

2
subject to 


a
𝑖




0
≤ 𝑇, (1)

where the ‖ ⋅ ‖
0
means the 𝑙0-norm indicating the sparsity

of the vector (number of nonzero entries in the vector),
and 𝑇 is the threshold of the sparsity. It could be found
that the a

𝑖
can be thought of as the coefficients of the

atoms.There were twomain components in the operation: (1)
training an overcomplete dictionaryD (dictionary learning);
(2) calculating the sparse representation of the input example
a according to a given dictionary (sparse coding).

By adopting the K-SVD and OMP for the dictionary
learning and sparse coding, respectively, we proposed a
method that was called SR1 in the paper. The K-SVD trained
the dictionary by alternatively updating the coefficients with
the fixed dictionary (sparse coding stage) and then updating
the dictionarywith the fixed coefficients (dictionary updating
stage) until the stop condition was met.

(1) In the sparse coding stage, it was recommended to use
the OMP, a greedy technique [21]. In the beginning,
the solution support was empty and an initial residual
vector was evaluated by the input example. At each
iteration, the atom that had the largest inner product
with the residual vector was added to the support.
Then the sparse approximation of the example was
calculated according to the support, and the residual
was updated. These processes were repeated until

the number of atoms in the support was greater than
the sparsity threshold.

(2) In the dictionary updating stage, the columns of the
D (atoms of the dictionary) were updated sequen-
tially. When the 𝑖th atom was being updated, the
reconstruction matrix except the current atom was
restricted by choosing the examples which were
reconstructed by using the current atom and then
decomposed by the SVD.The first left-singular vector
was adopted to update the atom.

After training the dictionary by the K-SVD, the SR1 also
used the OMP to calculate the sparse representation of local
features, the same as the sparse coding stage in the K-SVD.
There were two parameters in the sparse representation, the
number of atoms and the sparsity in the approximation. We
adjusted the number of atoms from 500 to 3000 with an
interval of 500 and the sparsity from 2 to 14 with an interval
of 2 in the experiments.We present the way of optimizing the
parameters in Section 3.2.

2.2. Optimization of Sparse Representation. The runtime of
the CAD method is also an important criterion in the
clinical practice. The SR1 that uses the K-SVD and OMP (see
Section 2.1) can achieve a high classification accuracy, but
the runtime of the SR1 was relatively long (see Section 3.3).
Considering that the dictionary learning and sparse coding
spent the most time on the training and testing, respectively,
another aim of our research was to optimize these two steps.

Although it might be useless in the clinical workflow,
we thought that the optimization of the dictionary learning
can be convenient for the developers to update the existing
methods. It is reported that the K-Means algorithm can
achieve a competitive performance on the natural image
classification with the K-SVD when the same number of
atomswas used [24].Moreover, the K-Means could be treated
as a simple version of the K-SVD. In the dictionary updating
stage, the average operation and SVDwere adopted to update
the atoms by the K-Means and K-SVD, respectively. And in
the sparse coding stage, the K-Means set the coefficient of
the closest atom to 1 (the values of other coefficients were
0), while the sophisticated OMP algorithm was adopted in
the K-SVD. It can be deduced that the K-Means would need
a shorter runtime than the K-SVD to train the dictionary.
Furthermore, the K-Means can be efficiently implemented by
using the 𝑘-dimensional tree (𝑘-d tree) technique. Due to the
above reasons, we tried to adopt the K-Means as a substitute
of the K-SVD to train the dictionary.

In the SR1, the OMP was adopted as the solver of
the sparse coding, which iteratively calculated the sparse
approximation of examples, and only one atom was added
to the support at each iteration. It can be deduced that the
runtime of the method may be reduced by selecting enough
atoms at one time. So, this approach was named OMP

1
in the

paper. After arranging the inner products of the atoms and
example in a descending order, the first sufficient numbers
of atoms were treated as the solution support and then
used to calculate the sparse representation of the example.
Algorithm 1 gives the OMP

1
. Although the residual error of
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Input: The example y ∈ R𝑛 and normalized dictionaryD ∈ R𝑛×𝑘, 𝑛 ≪ 𝑘
Output: The sparse representation of the example vector a ∈ R𝑘
Initialization:

Initial solution supportΩ = 𝜙, and sparsity constraint 𝑇
Computation:
(1) Choose 𝑇 atoms that have the largest inner products with example

y ⋅ d
1
≤ y ⋅ d

2
≤ ⋅ ⋅ ⋅ ≤ y ⋅ d

𝑇
≤ ⋅ ⋅ ⋅ ≤ y ⋅ d

𝑘

(2) Add the selected atoms to the solution support
Ω = {d

1
, d
2
, . . . , d

𝑇
}

(3) Compute the sparse representation of the input example
a = (Ω𝑇Ω)−1Ωy

Algorithm 1: The OMP1 algorithm.

Table 1:Three proposed methods for evaluation of sparse represen-
tation approaches.

(a) Proposed methods

Method Dictionary learning Sparse coding
SR1 𝐾-SVD OMP
SR2 𝐾-Means OMP
SR3 𝐾-Means OMP1

(b) Experiments on the evaluation of sparse representation approaches

Evaluation Comparison of methods
𝐾-SVD versus 𝐾-Means SR1 and SR2
OMP versus OMP1 SR2 and SR3

the OMP
1
would be larger than the OMP, the performance

of this approach can be ensured under a certain sparsity
constraint [25].

In order to examine the performances of the sparse rep-
resentation approaches, we constructed another two sparse
representation based methods: SR2 (K-Means+OMP) and
SR3 (K-Means+OMP

1
) in this work. The replacement of the

K-SVD by the K-Means was evaluated by comparing the SR1
and SR2 (both of the two methods adopted the OMP for
the sparse coding), and the substitution of the OMP by the
OMP
1
was evaluated by comparing the SR2 and SR3 (both

of the two methods adopted the K-Means for the dictionary
learning). Table 1 summarizes the three sparse representation
based methods and the experiments on the evaluation of the
sparse representation approaches.

2.3. Calculation of Local Features. It is thought that the DLD
patterns can be featured by a combination of CT values and
measures based on the geometrical information. In this work,
we used the local features proposed in the work [26] which
adopted the eigenvalues of the Hessian matrix to measure the
geometrical information.The local features were calculated at
each sampling point on the VOI as the following procedures.
Firstly, a cubic-shape patch was constructed by sampling on
the VOI whose center was located on the sampling point,
and four kinds of the statistical moments were calculated on
this patch: mean, standard deviation, skewness, and kurtosis.

Then the eigenvalues of the Hessian matrix were calculated
for each voxel within the patch. Let the eigenvalues be 𝜆

1
, 𝜆
2
,

and 𝜆
3
, 𝜆
1
≥ 𝜆
2
≥ 𝜆
3
. We arranged the eigenvalues in the

order of the position. So, three new patches were constructed
whose components were 𝜆

1
, 𝜆
2
, and 𝜆

3
respectively, and the

same moments were calculated on these three eigenvalues
based patches. Finally, the moments calculated on all four
patcheswere concentrated into a 16-dimensional vector as the
feature vector. In the experiments, the step of the sampling
points was set to 4 × 4 × 4. And the size of the patch was a
parameter, which was adjusted from 2×2×2 to 6×6×6. The
way of tuning the parameter is described in Section 3.2.

2.4. Spatial Pooling. The procedure of the spatial pooling
was used to summarize the sparse representation of the local
features over the regions into a VOI-level descriptor for each
VOI. These descriptors were used as the input vectors of
the classifier. We adopted one of the most popular choices,
the average pooling in the work, which could be seen as an
average operation of the vectors. Let z ∈ R𝑘 be the VOI-level
descriptor, let a ∈ R𝑘 be the sparse representation vectors,
and let {⋅}

𝑡
be the 𝑡th element of the vector. The average

pooling of𝑚 vectors is given by

z
𝑡
=

1

𝑚

𝑚

∑

𝑖=1

a
𝑖𝑡
, 𝑡 = 1, 2, . . . , 𝑘. (2)

2.5. Classification. In the research, we adopted the support
vector machine (SVM) as the classifier to recognize the
descriptors generated in the spatial pooling. We used a
version named LIBSVM [27]. It is reported that the sparse
representation based classification with the linear kernel can
achieve a competitive performance and smaller computa-
tional cost than the nonlinear kernels [16]. So, we employed
the LIBSVM with a linear kernel. The kernel is given by

𝐾(x
𝑖
, x
𝑗
) = x𝑇
𝑖
x
𝑗
, (3)

where x
𝑖
and x

𝑗
are both descriptors. Because the SVM was

originally designed as the binary (two-class) classifier, the
LIBSVM adopted the one-against-one technique to extend
the binary SVM classifier for themulticlass tasks.There is one
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parameter in the classifier: soft-margin penalty 𝐶. The way of
adjusting the parameter is described in Section 3.2.

3. Experiments and Results

3.1. Data. We obtained 117 scans from 117 subjects from
Tokushima University Hospital in Japan. All HRCT scans
were acquired by Toshiba Aquilion 16-row multislice CT
when edge-enhanced filtering was not applied. A tube voltage
of 120 kVp and current of 250mAs were used. The resolution
of scans was 512×512, and the in-plane resolution was about
0.6mm.The slice thickness was 1mm.

The VOIs were constructed according to the following
procedures. (1) All scans were reviewed by a radiologist, and
a maximum of three axial slices was selected from the top,
middle, and bottom parts of the lungs, respectively, in each
scan. Only one kind of the pulmonary pattern dominantly
existed on each selected slice, and the radiologist should
indicate what the dominant texture was and where it existed.
(2) Another two radiologists reviewed the results of the first
radiologist. Only the slices which were thought to be correct
by both radiologists were selected. (3) The regions of the
pulmonary patterns on the selected slices were marked by
all three radiologists, respectively, and the common regions
chosen by the radiologists were saved. (4)Thegridswith a size
of 32 × 32 were overlaid on the slices, and the square-shaped
patches were constructed where the regions marked by the
radiologists should take more than 70% area of the patches.
(6)The VOIs with a size of 32×32×32were constructed.The
patches were treated as the central-axial slice of VOIs.

3.2. Experimental Setting. In the experiment, we separated
the VOIs into two independent sets. One set (1161 VOIs) was
adopted as the training set to optimize the parameters of
the methods and then train the methods with the optimal
parameters.The other set (1049 VOIs) was used as the testing
set to evaluate the performances of the methods. There
was no cross subject between the two sets. The number of
VOIs of each type of patterns for the training and testing is
summarized in Table 2. All methods were operated on the
server with a 2.8GHz Intel Core i7 CPU and 24GB RAM.

There were four kinds of parameters in the proposed
methods: the size of cube-shape patches, the number of
atoms, the sparsity of the sparse representation, and the
parameter related to the classifier. We tuned the values of
the patch size from 2 × 2 × 2 to 6 × 6 × 6 with a step
of 1 × 1 × 1, the number of atoms from 500 to 3000 with
an interval of 500, and the sparsity from 2 to 14 with an
interval of 2. The parameter of the SVM classifier was set to
2
−2
, 2
−1
, . . . , 2

11
, 2
12. These parameters were simultaneously

optimized by a 20-fold cross-validation test on the training
set. The combination of the parameters which achieved
the best overall accuracy in the cross-validation test was
chosen as the optimal parameters.The results of the proposed
methods in the cross-validation were given in Figure 3.
Figure 3(a) shows that when the patch size was nearly to the
step of sampling point (4 × 4 × 4), the overall accuracy was
near its maximum. Figure 3(b) illustrates that the raising of

Table 2: Number of VOIs in the training and testing set.

CON GGO HCM EMP NOD NOR Total
Training set 49 170 221 323 113 285 1161
Testing set 45 160 204 275 92 273 1049

the number of atoms can improve the performance of the
methods. Figure 3(c) shows that, with the increasing of the
sparsity, the overall accuracy of the SR1 and SR2 remained,
but the SR3 was decreased.

3.3. Three Kinds of Baseline Methods. We compared the pro-
posed methods with three kinds of state-of-the-art published
techniques, which were called SDF [11], CSE [28], and BOW
[29], respectively. The parameters of the baseline methods
were optimized in the same way as the proposed methods.

(1) In the work [11], the pulmonary patterns were deter-
mined by the six kinds of specially designed features.
So, this method was called SDF in the paper. These
six features were mean and standard deviation of CT
values, air density components, nodular components,
line components, and multilocular components. A
three-layered artificial neural network (ANN) with
back-propagation algorithm was adopted as the clas-
sifier. In the work [11], the number of hidden units in
the ANN was empirically set to 10. We adjusted the
number of hidden units from 5 to 30 with an interval
of 5 in the experiments. Because 2D regions of interest
(ROIs) were required by the SDF, we used the central
slices in the axial direction of the VOIs as the ROIs in
the experiments.

(2) In the work [28], the signature of the VOI was used
for the classification.The signature was defined as the
centroids and the weights of the clusters (number of
voxels in the clusters), and the K-means algorithm
was used to calculate the centroids of the clusters. In
order to reduce the computational cost, the canonical
signatures for each class were generated by combin-
ing and reclustering the signatures of the training
data. The earth mover’s distance (EMD) approach
was adopted to measure the similarity between the
two signatures, and the nearest neighbor (NN) was
employed as the classifier. In the classification, the
VOIs were recognized by comparing the signatures
of the VOIs with the canonical signatures. Because
the canonical signatures and earth mover’s distance
(EMD) were used, this method was called CSE in
the paper. The CSE had only one parameter: the
number of clusters. Considering that the large value
was suggested to be avoided, we adjusted the number
of clusters from 5 to 60 with a step of 5.

(3) The work [29] adopted a model named “bag-of-
words” (also named bag-of-features) to generate the
VOI-level descriptors, so this method was called
BOW in the paper. The main idea of the bag-of-
words was to train a code-book (dictionary) at first
and then use the histograms of the words (atoms)
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Figure 3: Overall accuracy of the proposed methods in the cross-validation; (a) the patch size was adjusted when the number of atoms and
sparsity parameters were fixed; (b) the number of atoms was adjusted when the patch size and sparsity were fixed; (c) the sparsity was adjusted
when the patch size and number of atoms were fixed.

in the code-book to represent the images. These
histograms could be used as the input vectors of the
classifier. In the experiments, the K-Means algorithm
was adopted to cluster the local features, and the
centers of the clusters were saved as the words of
the code-book. The number of words was adjusted
from 50 to 400 with an interval of 50. The local
features adopted in the work [29] were the same as
the proposed methods, so we adjusted the values of
the patch size from 2 × 2 × 2 to 6 × 6 × 6 with a step
of 1 × 1 × 1, the same as proposed methods.The SVM
was adopted as the classifier. Considering that the 𝜒2

kernel achieved the best result in the work [29], the
LIBSVM was employed with the 𝜒2 kernel. Equation
(4) gives the 𝜒2 kernel, where 𝛼 is the parameter for
the kernel and x

𝑖
and x

𝑗
are both histograms with 𝑘-

bins:

𝐻(x
𝑖
, x
𝑗
) = exp[

[

−𝛼

𝑘

∑

𝑡=1

(x
𝑖𝑡
− x
𝑗𝑡
)

2

x
𝑖𝑡
+ x
𝑗𝑡

]

]

. (4)

The possible values of the soft-margin penalty and 𝛼 were set
to be 2−2, 2−1, . . . , 211, 212 and 2−10, 2−9, . . . , 21, respectively.
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Figure 4: Sensitivity and specificity of each method for the pulmonary patterns with optimal parameters.

Table 3: Overall accuracy of each method with optimal parameters.

Method Overall
accuracy Optimal parameter

SR1 96.1% Patch size: 4 × 4 × 4, number of
atoms: 2000, sparsity: 8, 𝐶: 0.5

SR2 95.6% Patch size: 5 × 5 × 5, number of
atoms: 2000, sparsity: 2, 𝐶: 0.25

SR3 96.4% Patch size: 3 × 3 × 3, number of
atoms: 3000, sparsity: 2, 𝐶: 16

SDF 75.8% Number of hidden units: 10
CSE 65.1% Number of clusters: 25

BOW 85.5% Patch size: 3 × 3 × 3, number of
atoms: 300, 𝑔: 1.0, 𝐶: 4.0

3.4. Experimental Results. Table 3 gives the overall accuracy
of each method with the optimal parameters on the testing
set.The sparse representation based methods achieved better
results than the baseline methods (SR1: 96.1%, SR2: 95.6%,
SR3: 96.4% versus SDF: 75.8%, CSE: 65.1%, BOW: 85.5%).
Figure 4 shows that the sensitivity and specificity of the
proposed methods for each pulmonary pattern were all
beyond 90%, better than the baseline methods. Additionally,
Table 4 shows that the 𝑃 values of the statistical differences
(calculated by theMcNemar’s test) for the proposed methods
against the baseline methods were all smaller than 0.0001,
which means that there were significant differences between
the methods.

On the other hand, Table 5 compares the runtime of
the proposed methods with the optimal parameters. When
the K-SVD was replaced by the K-Means, the runtime of
the dictionary learning can be decreased by 98.2% (SR1:
13520 s versus SR2: 241 s). When the OMP

1
was substituted

for theOMP, the average runtime of recognizing one VOI can
be decreased by 55.2% (SR2: 0.29 s versus SR3: 0.13 s).

3.5. Discussion. Experimental results show that the sparse
representation based methods had a good performance on
the classification of the six kinds of the pulmonary patterns,
which were thought to be of great potential for the clinical
application by the radiologists. Furthermore, the replacement
of the K-SVD and OMP by the K-Means and OMP

1
can save

the runtime of the method while keeping the classification
accuracy. Therefore, we thought that the SR3 which adopted
the K-Means and OMP

1
was efficient in the CAD of the

DLDs.
It is thought that the images could be treated as a

distribution of a set of representative features, so the sparse
representation can extract the important information of
examples while removing the irrelevant details, which is
advantageous for the classification. Although the textures
of the DLD patterns on the HRCT images are complex,
the sparse representation approaches are able to produce
the descriptors with enough discriminating power. So, the
proposed methods achieved good results in the experiments.

However, the performance of the sparse representation
based methods on the classification of the GGO and NOD
was relatively worse. The appearance of the GGO on the
HRCT image is a hazy increased in the pulmonary attenu-
ation (“whiter” than the normal pulmonary parenchyma, but
“blacker” than the soft tissues such as vessels). So, the extent of
the GGO would affect the recognition. Figures 5(a) and 5(b)
give two examples of the GGOwhich were misclassified to be
NODandEMP, respectively. Comparedwith the surrounding
normal tissues, the abnormal extent is relatively low in the
VOIs. For the NOD, the recognition would be affected by the
number of nodular opacities. Figure 5(c) shows an example of



8 Computational and Mathematical Methods in Medicine

Table 4: 𝑃 value of statistical difference between pairs of methods.

SR1 SR2 SR3 SDF CSE BOW
SR1 — 0.57 0.75 <0.0001 <0.0001 <0.0001
SR2 0.57 — 0.31 <0.0001 <0.0001 <0.0001
SR3 0.75 0.31 — <0.0001 <0.0001 <0.0001
SDF <0.0001 <0.0001 <0.0001 — <0.0001 <0.0001
CSE <0.0001 <0.0001 <0.0001 <0.0001 — <0.0001
BOW <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 —

(a) (b) (c)

Figure 5: Misclassified examples by the proposed methods. (a) An example of the GGO which was misclassified to be the NOD. (b) An
example of the GGO which was misclassified to be the EMP. (c) An example of the NOD which was misclassified to be the NOR.

Table 5: Runtime of proposed methods with the optimal parame-
ters.

Methods Time of dictionary
learning

Time of recognizing
one VOI

SR1 13520 s (𝐾-SVD) 1.27 s (OMP)
SR2 241 s (𝐾-Means) 0.29 s (OMP)
SR3 350 s (𝐾-Means) 0.13 s (OMP1)

the NOD which was misclassified to be the NOR.The reason
may be the few nodular opacities in the VOI.

For the CAD system, it is also important to reduce
the runtime of the method while keeping the classification
accuracy. Considering that the dictionary learning and sparse
coding spent the most time on the training and testing,
respectively, we tried to optimize these two stages. In order to
reduce the runtime of the dictionary learning, we used the K-
Means to train the dictionary, which could be seen as a simple
version of the K-SVD. Figure 6 compares the SR1 (using
the K-SVD) and SR2 (using the K-Means). It can be found
that the two methods had similar classification accuracies.
Furthermore, the runtime of the dictionary learning by the
K-SVD was nearly 50 times as long as the K-Means when the
same number of atoms was used. It is demonstrated that the
replacement of the K-SVD by the K-Means can considerably
decrease the runtime and not affect the classification accu-
racy.

For the optimization of the sparse coding, although
the runtime of recognizing one VOI in our experiment
seemed not very long, the CAD system will be used to
analyze the whole lungs of patients in the clinical practice,
which can be divided into tens of thousands of VOIs. So, a
small reduction of the runtime in the experiment (classify

the individual VOIs) is meaningful which can lead to a
remarkable decrease in the actual practice (recognize the
whole lungs of patients). In order to reduce the runtime of
the sparse coding, we applied a simple version of OMP, which
selected the desired number of atoms at one time instead
of the iterative calculation (OMP

1
). Figure 7 compares the

SR2 (using the OMP) and SR3 (using the OMP
1
) when the

same parameters were used. The recognition rates of the SR3
were similar to the SR2 when the sparsity was small (2 and
4). And the SR3 spent shorter runtime than the SR2. It is
demonstrated that the application of the OMP

1
with a high

sparsity can achieve a good result and reduce the runtime of
the method.

We compared the proposed methods with the SDF due
to the two reasons. The first one was that the SDF had
been successfully applied to classifymost kinds of pulmonary
patterns, including normal tissues and six kinds of the DLD
patterns.The second one was that the features extracted from
the images were directly used as the input vectors of the
classifier without a “sparse coding” step. Unfortunately, the
performance of the SDF was not satisfied in the experiments.
We thought that the classification may be affected by detect-
ing the geometrical-based components (nodular, linear, and
multilocular component), which is still a difficult problem in
the CAD, especially for the images of the severe DLDs.

The CSE was slightly similar to the SR2 and SR3. Firstly,
the K-Means algorithm was adopted in all three methods.
Secondly, the signatures of the VOIs, which were used as the
input vectors of the classifier, were generated according to the
local features. It could seem as a “coding” step, but not the
sparse coding. Therefore, the CSE was used to compare with
the proposed methods.The CSE produced the worst result in
the experiments.The reason for the bad performance may be
that the NN classifier is naive comparing to the SVM.
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Table 6: Comparison of SR3 and BOW.

Overall accuracy Time of dictionary learning Time of recognizing one VOI
SR3 96.4% 350 s (𝐾-Means) 0.13 s
BOW 85.5% 70 s (𝐾-Means) 0.013 s
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Figure 6: The classification accuracy and runtime of the dictionary learning of SR1 (K-SVD+OMP) and SR2 (K-Means+OMP). The patch
size was 4×4×4 and the number of nonzero entries was 8. Replacement of the K-SVD by the K-Means can reduce the runtime of the method
while keeping the classification accuracy.
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Figure 7: The classification accuracy and runtime of recognizing one VOI (except feature extraction) of SR2 (K-Means+OMP) and SR3 (K-
Means+OMP

1
). The patch size was 3 × 3 × 3 and the number of nonzero atoms was 3000. Replacement of the OMP by the OMP

1
can reduce

the runtime of the method and achieve good performance when the value of the sparsity is small.

The bag-of-words is a popular model for the image
classification, and the bag-of-words based methods have
achieved good results in the previous works. The bag-
of-words model could be treated as a special version of
the sparse representation, which was implemented with an
extremely strict constraint on the sparsity. In the bag-of-
words, only one atom was used to approximate the example,
and the coefficient of the selected atom was fixed at 1. The
work [16] thought that this constraint was too restrictive,
so it would produce a large reconstruction error. For the
sparse coding strategy, the sparsity constraint was relaxed by
allowing a small number of atoms to describe the examples.

Although more time would cost, the sparse coding approach
can achieve a fine reconstruction. Therefore, it can reserve
more important information of the examples, which was
advantageous for the classification. On the other hand, the
experimental data adopted in our experiments was different
from the previous work [29]. It also would affect the classifi-
cation of the BOW.Table 6 compares the overall accuracy and
runtime of the SR3 and BOW. The BOW spent little time on
both the dictionary learning and recognizing. However, the
SR3 achieved a significantly better overall accuracy. Figure 8
shows two example images of the NOR which were correctly
classified by the SR3 but falsely recognized as the NOD by



10 Computational and Mathematical Methods in Medicine

Figure 8: Example images of the NOR which were classified to the
NOD by the BOWmethod.

the BOW.The reason of the misclassification may be that the
appearance of these two VOIs was similar to the NOD.There
were many structures with high CT values (“whiter” than the
normal pulmonary parenchyma) such as vessels in the VOIs.

4. Conclusion

In this research, the sparse representation approaches were
applied and optimized for the classification of the normal
tissues and five kinds of the DLD patterns. By using the K-
SVD and OMP, it achieved a satisfied recognition rate but
spent too much time in the experiment. So, we tried to
replace the K-SVD by the K-Means and substitute the OMP
by a simple version of the OMP, which selected a sufficient
number of atoms at one time (OMP

1
). Experimental results

showed that the performances of the sparse representation
based methods were significantly better than the baseline
methods (SR1: 96.1%, SR2: 95.6%, and SR3: 96.4% versus SDF:
75.8%, CSE: 65.1%, and BOW: 85.5%). Furthermore, when
the K-SVD was replaced by the K-Means, the runtime of the
dictionary learningwas reduced by 98.2% (SR1: 13520 s versus
SR2: 241 s). Andwhen theOMP

1
was substituted for theOMP,

the average runtime of recognizing oneVOIwas decreased by
55.2% (SR2: 0.29 s versus SR3: 0.13 s).Therefore, we concluded
that the method using the K-Means and OMP

1
(SR3) was

efficient for the CAD of the DLDs. We will apply the SR3 in
the clinical practice in future research.
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Psychotics disorders, most commonly known as schizophrenia, have incapacitated professionals in different sectors of activities.
Those disorders have caused damage in a microlevel to the individual and his/her family and in a macrolevel to the economic
and production system of the country. The lack of early and sometimes very late diagnosis has provided reactive measures,
when the professional is already showing psychological signs of incapacity to work. This study aims to help the early diagnosis
of psychotics’ disorders with a hybrid proposal of an expert system that is integrated to structured methodologies in decision
support (multicriteria decision analysis: MCDA) and knowledge structured representations into production rules and probabilities
(artificial intelligence: AI).

1. Introduction

Psychological disorders have been identified among themain
causes of absence from work environments, in view of the
influence that those disorders may have on the immune
systemof people, generating diseases to them.However, some
factors hinder a proper diagnosis; for example, a person
suffering from psychological disorder offer resistance to
accept such a situation, while a healthy person can simulate
some symptoms, in an attempt to circumvent a situation to
their advantage [1].

In the set of psychological disorders, the psychotic dis-
orders are more incapacitating, characterized by behaviors
as those at schizophrenia. A terrible consequence for an
individual who is suffering from psychotic disorders is the
image of invalidity that the individual presents for the society
in which he lives. By more than the, individual strives to
erase the negative image formed in respect of his person, the
prejudices and the damage are difficult to reverse.

It is usually observed in the workplace as people react
with a teammate who suffers from a psychotic disorder.
Even if renowned experts are treating him or he/she is

ingesting drugs of last generation, many of his work team
observes him/her with suspicion. A mutilation of a limb,
a serious infection controlled by medication, and even a
cancer eradicated can provide chances for reinstatement of an
individual to social life and to the work. However, the stigma
of being a carrier of a psychotic disorder usually invalidates
the professional who suffers from it. Aiming at the propose of
a system for early diagnosis of psychotic disorders, a hybrid
model is presented by combining multicriteria methodology
for decision support and expert system. Importantly, hybrid
models have been used to support decision-making and
finding diagnostics for diseases [2–5].

Considering the greater organicity proportioned as well
as being a version of the experience of mental health profes-
sionals, it was decided to use the model of the fourth edition
of the Diagnostic and Statistical Manual of Mental Disorders,
DSM-IV, recommended by the American Psychiatric Associ-
ation. Also, in the study relations of forces between symptoms
and causes of psychotics disorders were established, in order
to form a classification, aiming at formatting rules to be used
in knowledge base of expert system to assist in establishing
the desired diagnostic process.
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2. A Methodology for Classification of Diseases

2.1. Diagnostic and Statistical Manual of Mental Disorders,
Fourth Edition. As previously mentioned, this study was
based on the fourth edition of the Diagnostic and Statistical
Manual of Mental Disorders (DSM-IV); due to this manual,
much is already known in the area ofmental health, in several
parts of the world, and thus, it itself constitutes a reference
book for many. The DSM-IV describes typical patterns of
behavior, thought, and emotion, allowing categorizing the
diagnosis. The categories are prototypes. A patient who
is suffering events related to the prototype is said to be
having the disorder relating to that prototype. Qualifiers are
sometimes used, to moderate or severe form of the disorder.
Each category of disorders has a numeric code that is used
by providers of health services for administrative purposes.
The structure of the DSM-IV is axial; that is, it shows the
diagnostic types of mental disorders arranged in five axes, as
listed below:

(i) Axis I: clinical disorders, mental disorders, develop-
mental disorders, and learning disorders are included
here;

(ii) Axis II: personality disorders and mental retardation;
(iii) Axis III: medical conditions or acute physical disor-

ders;
(iv) Axis IV: psychosocial or environmental factors that

are correlated with the disturbances;
(v) Axis V: global assessment of function (global assess-

ment of functioning) or global assessment scale for
children (children’s global assessment scale) for youth
under the age of 18 (on a scale of 0 to 100).

2.2. A Classification of Diseases Applied to Psychological
Contextualization. Based on the premise that it is possible
to identify causes and symptoms to psychotic disorders, we
seek early diagnosis of these disorders. To this end, in this
study related “control events” that correlate with symptoms
and causes that show mentioned psychotic disorders were
presented [5]. For each of these “control events” that appear
in psychotic disorders, a confidence factor that indicates
the degree of influence on the outcome of the indicative
diagnosis of these disorders is assigned. The tree shown in
Figure 1, formatted using the HiView software, summarizes
themajor psychological disorders that affect people. Specified
disorders represent some classes presented in the DSM-IV,
among which the category of psychotic disorders stands out
in Figure 2, subject of this paper.

2.3. Psychotic Disorders. More commonly known as
schizophrenia, term of Greek origin, that means “split mind,”
for the individual who suffers this disease there is dissociation
between his/her thinking and the reality in which he/she
lives. Thus, the individual with this psychological disorder
acts as if he lived in a world that exists only in his mind,
disconnected from reality. Psychotic disorders are considered
the most severe and disabling form of mental disorders.
These disorders usually emerge in adolescence or early

adulthood and rarely after 45 years of age [1]. For this
type of psychological disorder, in this paper itself, DSM-IV
(Diagnostic and Statistical Manual of Mental Disorders,
Fourth Edition) is used, which contemplates two groups:
positive symptoms and negative symptoms. Many experts
and scholars have proposed this system of categorization into
two groups of schizophrenia on the subject, among which
worth mentioning [7–11]. The DSM-V version, released by
the American Psychiatric Association (APA) in May 2013,
which presents a different categorization for this disease, will
be used in future works.

2.3.1. Positive Symptoms Psychotic Disorders. This disorder
type’s main characteristics are as follows [1]:

(i) Frequent manifestations of delusions or bizarre
thoughts, that is, outside the sociocultural context
of the individual, and as much as it itself argues
against using including corroborative veracity of the
delirium’s elements, the individual who suffers from
this disorder does not accept the explanations;

(ii) hallucinations or sensory perceptions without the
presence of a being or object relative to themanifested
sense, such as voices and sounds directed only to the
individual who is suffering from the disorder;

(iii) laughing and crying easily, without explanation;
(iv) manias to be suffering persecution;
(v) disorganization of thought, barring participation in

dialogues or expressions of related ideas.

In Figure 3, the main control events, which correlate with
psychotic disorders positive symptoms, are provided. The
numerical values in Figure 3 represent the importance of each
event in the occurrence of this disorder; that is, the higher the
value is, the more influence this event has in establishing the
diagnosis for this disorder. These values were assigned based
on a scale of importance of each event to the occurrence of
each disorder.That scale, detailed in Table 1, was created from
reports made by experts in the psychiatry and psychology
areas, about the degree of importance of the events of control
in psychological disorders, object of the present study.

2.3.2. Psychotic Disorders Negative Symptoms. People suffer-
ing from this disorder exhibit behavior with the following
characteristics [1]:

(i) the search for the life in closure, total isolation, and
avoiding social interaction;

(ii) affective flattening, that is, gradual reduction of affec-
tive relationships;

(iii) abulia, or loss of willingness to engage in any activi-
ties; reaching the extreme situation of stayingmotion-
less, the individual eyes are fixed at anything;

(iv) poor thoughts of ideas manifested by monosyllabic
vocabulary.

In Figure 4, it is possible to observe control events associated
with psychotic disorders negative symptoms. In the scale,
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Table 1: Range of influence of events in psychological disorders.

0 25 50 75 100
Indifference Little influence Moderate influence Much influence Decisive influence
Source: idealized by the author from reports of experts in psychiatry and psychology.

Psychotic disorders

C5: positive symptom

C7: Posttraumatic stress disorder

C7: obsessive compulsive disorder

C7: phobias

C7: panic disorder

C7: generalized anxiety disorder

C4: substance dependencies

C10: multiple personality disorder

C16: antisocial personality disorder

C5: negative symptom

C6: bipolar disorder

C6: major depressive disorder
Mood disorders

Anxiety disorders

Other disorders

DSM-IV : categories 4, 5, 6, 7, 10, and 16

Figure 1: Psychological disorders. Source: formatted by the author from HiView software.

Figure 2: Psychotic disorders. Source: http://www.shutterstock.com

as shown in Table 1, the numerical values represent the
percentage of importance of each event in the occurrence of
this disorder; that is, the higher the value is, the greater the
influence of this event in establishing the diagnosis for this
disease is.

3. A Model for Decision Support in Early
Diagnosis of Psychotic Disorders

This study aims to help the early diagnosis of psychotics
disorders with a hybrid proposal of an expert system that

is integrated to structured methodologies in decision sup-
port (multicriteria decision analysis: MCDA) and knowl-
edge structured representations into production rules and
probabilities (artificial intelligence: AI). Figure 5 presents the
flow of this hybrid model of “multicriteria decision analysis”
with an “expert system.” Therefore, this study shows that
the “control events” and their “confidence factors” listed in
Figures 6 and 7 are exported to the expert system, to compose
the database of this system and thus aid in the diagnosis of
psychotic disorders classified in DSM-IV and described in
Figures 3 and 4.

3.1. Stages in the Process of Decision Support. Main stages of
the decision support process, according to [12], are as follows.

(i) Structuring: it deals with the problem formulation
and identification of goals. This phase seeks to iden-
tify, characterize, and organize the factors considered
important in the decision support process.

(ii) Evaluation: it allows the subdivision on a subphase
partial evaluation of actions (alternatives) according
to each point of view (criteria) and an overall evalua-
tion considering several partial reviews.
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Figure 3: Events correlated psychotic disorders positive symptoms.
Source: formatted by the author from HiView software.

Figure 4: Events correlated psychotic disorders negative symptoms.
Source: formatted by the author from HiView software.

Expert systemMulticriteria

Figure 5: Simplified view of the system architecture, based on a
hybrid model of information technologies. Source: formatted by the
author.

(iii) Recommendation: in this phase sensitivity analyses
and robustness are made to verify those changes, in
the parameters of the evaluation model, affecting the
final result. It is a key phase that helps to generate
knowledge about the problem and thus increases
confidence in the results obtained from the decision-
maker.

3.2. Decision Support in the Area of Mental Health. Initially,
it would be worth noting that, searching the literature of
decision support in health, some studies reported hybrid
models used to aid decision-making and finding diagnostics
for diseases; among these studies highlight the following:
[3, 5, 13, 14].

According to [14], decision analysis is intended to
enhance the quality of decisions and communication among
physicians, patients, and other healthcare professionals.
Unquestionably, many decisions in healthcare are complex,
with multiple factors affecting the decision of a particular
outcome. It has been heard or has had the experience of some
of the deficiencies caused by a decision taken improperly.
People of all ages and all states of health have been affected
by this type of practice of establishing a diagnosis [15].

It is clear therefore that the decision-making in seeking
diagnosis for a health disorder should not be treated infor-
mally, practice somewhat common these days, most likely
due to the short time spent in search processes diagnosis,
especially in the public health service. This line may lead
to risks of compromising the quality of diagnosis as well as
the health of sick individuals and, consequently, the health
system as a whole, generating waste resources and increasing
spending. In this trail of problems, it can also raise a culture
of self-diagnosis, where lay people self-medicate, because
the patients observe that health professionals do not give
proper attention to their problems and act by trial error/hit.
Therefore, individuals are induced to mimic the health area
professionals, through the use of the practice of the error/hit,
complicating the search by the diagnostic process.

This work aims, among other things, to show the
positive impact of the use of information technology in
support-establishing clinical diagnoses of psychotic disor-
ders. Szolovits [16] describes various approaches that try
to present a great way of using information technology in
healthcare, particularly through systems supporting diagno-
sis of mental disorders. The motivations for the development
of such studies, as also described by Szolovits [17], are readily
visible because excellence in health care is of paramount
importance to society.

3.3. Problems of Decision Support andMethodologiesMulticri-
teria. To establish a diagnosis of psychology and psychiatry,
studies are needed, experiments and observations which
are aware of the symptoms that lead to the cause of the
disorder evidenced. A major difficulty in reaching a correct
diagnosis is the complexity of factors evidenced, for, besides
the large amount of information, the expert needs to take
into account cultural, biological, psychosocial issues, quality
of information, signs, and symptoms common to many
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Figure 6: Matrix of judgment and values difference in attractiveness between the “control events” of the psychotic disorders positive
symptoms. Source: formatted by the author from HiView software.

Figure 7: Matrix of judgment and values difference in attractiveness between the “control events” of the psychotic disorders negative
symptoms. Source: formatted by the author from HiView software.



6 Computational and Mathematical Methods in Medicine

diseases.This complicates the decision process, turning it into
something complex, and it also takes into account unstruc-
tured information. The methodology to aid multicriteria
decision-making hasmuch to add to the diagnostic process in
psychology and psychiatry. In order to put at the disposal of
the decision-maker, methods and tools enable them to design
the control events in question as well as prioritizing these
events for proper classification.

3.4. Multicriteria Methodology

3.4.1. Basics Multicriteria Decision Aiding. Problems involv-
ing multiple criteria have several agents and concepts, rea-
soning its definition which is merely didactic [18]. Some of
them are discriminated bellow. Decision-maker agent has
the power and responsibility to ratify the decision, assuming
the consequences of this act, whether positive or negative.
The decision-maker can be an individual or a group of
people establishing the boundaries of the problem, specifying
the objectives to be achieved and issues opinions. Not all
decision-makers have the power of choice. So it is important
to distinguish the degree of influence on the decision-makers’
process [6, 19].

Analyst is an agent who interprets and quantifies the
opinions of decision-makers, conducts the structuring of the
problem, formulates a mathematical model, and presents
the results to the decision. The analyst has a duty to act in
continuous dialogue and interact with decision-makers, in a
constant learning process.

Model is a simplified representation or interpretation of
reality through rules and mathematical operations that allow
transforming preferences and opinions of decision-makers in
quantitative result.

Alternative is known as potential action. The subject of
the decision or that is directed to support the decision [20]. It
is identified early in the decision process or during this and
could become a solution to the problem under study [6].

Criterion represents the preferences of the decision-
maker under certain viewpoint of him/her. It is presented as
a function 𝑔, defined on a set 𝐴, which assigns value’s sort of
set 𝐴 [21].

According to [21], when a problem has multiple criteria,
they are defined as 𝑔

1
, 𝑔
2
, . . . , 𝑔

𝑗
, . . . , 𝑔

𝑛
. The evaluation of

an action “a” according to the criterion “j” is represented
by 𝑔
𝑗
(𝑎). The representation of different viewpoints (aspects,

factors, and characteristics), with the help of a family 𝐹 =
{𝑔
1
, . . . , 𝑔

𝑗
, . . . , 𝑔

𝑛
} of criteria, constitutes one of the most

delicate parts in formulation of decision problems.
Relation of dominance is a relationship that occurs when

two elements “a” and “b” belong to the set 𝐴; “a” dominates
“b” (𝑎𝐷𝑏) if and only if 𝑗 = 1, 2, . . . , 𝑛 wherein at least one
of the inequalities is preferably narrow. It may be noted that
the dominance relation of “a” and “b” is characterized by
being a strict partial order, being an asymmetric relation and
transitive. If “a” dominates “b,” “a” is greater than “b” in all
criteria of the problem [21].

Efficient Action—The action (or alternative) “a” is con-
sidered efficient if and only if no other action set A, dom-
inates. The efficient set of actions 𝐴, where 𝐴 maybe the
dominance relation is empty and is generally regarded as a set
that contains the interesting actions, to be analyzed in greater
depth, even though they lack good reasons to disregard the
inefficient [21].

Decision matrix termed as the evaluation matrix, where
each row explicitly measures evaluations of alternative 𝑖
with respect to 𝑛 criteria considered. Each column in turn
expresses evaluations of the measurements of the 𝑚 alterna-
tives with respect to criterion 𝑗. Assuming that 𝑎

𝑖𝑗
represents

the evaluation of alternative (or action)𝐴
𝑖
, then belonging to

the set of potential actions𝐴, ⌊𝑎
𝑖𝑗
⌋, according to the criterion

𝑔
𝑗
, one could construct a similar matrix to that shown in

Table 2 [6].

3.4.2. Multicriteria Decision Aiding. ThemethodMACBETH
(Measuring Attractiveness by a Categorical Based Evaluation
Technique) is an approach to multicriteria decision support.
The research that initiated the method was performed by
Antonio Carlos Bana e Costa and JC Vansnick in the early
90s [12]. This methodology has emerged in response to the
question of how to build an interval scale of preferences
from a set of options without forcing decision-makers to
produce their preferences numerically directly.This approach
allows you to assign scores to each alternative through a
paired comparison. Given two alternatives, the decision-
maker must express the most attractive in the case have
greater confidence, and what degree this attractiveness on a
scale that has semantic correspondence with an ordinal scale.
The program itself makes the analysis of cardinal consistency
(transitivity) and semantics (relations between differences),
suggesting, in the event of inconsistency, how to resolve
it. It is still available to the decision-maker to graphically
adjust the value of the scores assigned, within permitted
ranges. According to [12], the construction of cardinal value
scale is only after this adjustment, with the introduction of
specialist expertise, which is characterized. The difference of
attractiveness is very important in this methodology.

According to [22], the MACBETH method, when the
decision-maker is asked to value judgments about potential
actions (alternatives) in a given situation are realized, it will
do in terms of attraction he feels for this alternative.This task
is defined on the construction of the role, criterion V

𝑗
, such

that

(i) for 𝑎, 𝑏 ∈ 𝐴, V(𝑎) > V(𝑏), if and only if, for the
evaluator, 𝑎 is more attractive (locally) than 𝑏 (𝑎𝑃𝑏);

(ii) any positive difference, V(𝑎) > V(𝑏), represents the
numerical difference in value between “𝑎” and “𝑏,”
with “aPb” being always in terms of a fundamental
point of view 𝑗 (𝐹𝑃𝑉

𝑗
) or criterion “𝑗”;

(iii) Then, for each “𝑎,” “𝑏,” “𝑐,” “𝑑” ∈ A, being judged a
more attractive than “𝑏”, and “𝑐” more attractive than
“𝑑”, it is clear that V(𝑎)−V(𝑏) > V(𝑐)−V(𝑑), if and only
if the difference of attractiveness between 𝑎 and 𝑏 is
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Table 2: Decision matrix.

Criteria→ 𝑔
1

𝑔
2
⋅ ⋅ ⋅ 𝑔

𝑗
⋅ ⋅ ⋅ 𝑔

𝑛

Limit→ 𝑞
1
, 𝑝
1
𝑞
2
, 𝑝
2
⋅ ⋅ ⋅ 𝑞

𝑗
, 𝑝
𝑗
⋅ ⋅ ⋅ 𝑞

𝑛
, 𝑝
𝑛

Alternatives↓
𝐴
1

𝑎
11

𝑎
12
⋅ ⋅ ⋅ 𝑎

1𝑗
⋅ ⋅ ⋅ 𝑎

1𝑛

𝐴
2

𝑎
21

𝑎
22
⋅ ⋅ ⋅ 𝑎

2𝑗
⋅ ⋅ ⋅ 𝑎

2𝑛

.

.

.
.
.
.

.

.

.
.
.
.
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.

𝐴
𝑖

𝑎
𝑖1

𝑎
𝑖2
⋅ ⋅ ⋅ 𝑎

𝑖𝑗
⋅ ⋅ ⋅ 𝑎

𝑖𝑛

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.

𝐴
𝑚

𝑎
𝑚1

𝑎
𝑚2
⋅ ⋅ ⋅ 𝑎

𝑚𝑗
⋅ ⋅ ⋅ 𝑎

𝑚𝑛

Source: [6].

greater than the difference in attractiveness between
“𝑐” and “𝑑”.

For the MACBETH method is important, the following is
reasoning. Given the impacts 𝑖𝑗 (𝑎) and 𝑖𝑗 (𝑏) of two potential
actions “𝑎” and “𝑏,” according to a fundamental point of view
FPV
𝑗
, being judged a more attractive than “𝑏,” the difference

in attractiveness between “𝑎” and “𝑏” is judged as “null,”
“very weak,” “weak,” “moderate,” “strong”, “very strong,” or
“extreme.” It introduced a scale formed by different semantic
categories in attractiveness; the size is not necessarily equal,
to facilitate the interaction between the decision-maker and
analyst. The semantic categories, 𝐶𝑘, 𝑘 = 1, . . . , 6, are
represented as follows [12]:

(i) 𝐶1 is very weak difference of attractiveness (or
between zero and weak) → 𝐶1 = [𝑠1, 𝑠2] and 𝑠1 = 0;

(ii) 𝐶2 is weak difference of attractiveness → 𝐶2 =
]𝑠2, 𝑠3];

(iii) 𝐶3 is moderate difference of attractiveness (or
between weak and strong) → 𝐶3 =]𝑠3, 𝑠4];

(iv) 𝐶4 is strong difference of attractiveness → 𝐶4 =
]𝑠4, 𝑠5];

(v) 𝐶5 is strong difference of attractiveness (or between
strong and extreme) → 𝐶5 =]𝑠5, 𝑠6];

(vi) 𝐶6 is extreme difference of attractiveness → 𝐶6 =
]𝑠6, +[.

To facilitate the expression of absolute judgments of differ-
ence in attractiveness between the pairs of alternatives, it is
useful to construct the arrays of value judgments [23].

Considering one software to support multicriteria deci-
sion, the M-MACBETH allows the structuring values of
trees, construction of the rating criteria, the development
of functions values, the weight of criteria, and extensive
sensitivity analyses and robustness on value intrinsic and
relative options.

3.4.3. Application of MACBETH Method and Software
HiView. In this paper the following concepts, techniques,
methods, and tools have been applied. Method MACBETH
(Measuring Attractiveness by a Categorical Based Evaluation
Technique)was applied in supporting decision-making. It has

been chosen because it is a method that has been special-
izing in the use of hierarchy of importance of components
of multicriteria events, printing speed in decision-making,
especially in the area of human health. The MACBETH
method has been used for defining the existing attractiveness
between events of control psychological disorders, to simplify
the professional judgment of the decision-maker since the
entire set of alternatives does not need to be evaluated
simultaneously. It is notable, however, that the difficulty for
a decision-maker to remain consistent is, mainly, when the
number of alternatives and criteria increases. To circumvent
this problem, themethodmakes analysis cardinal consistency
and semantics and also suggests, when necessary, the contour
shape.

To facilitate the handling of the concepts of the MAC-
BETH method, there are two software programs to imple-
ment and run the MACBETH method: the HiView software
and the M-MACBETH software. The HiView software was
chosen for the generation of arrays of judgment of the prob-
lem, to conduct several sensitivity analyses and robustness
of the results of the model application, offering numerous
graphical representations that facilitate the preparation of
a report justifying the recommendations developed. Built
from theMACBETH approach, the HiView tool is crucial for
evaluation ofmodels based on thismethod.Thus, theHiView
software executes the functionalities of the M-MACBETH
software, with the objective of verifying the consistency of the
information and the potential of the methodology employed.
Analyze the trend of local and global results of actions
when it does vary replacement rates [24, 25]. The HiView
provides decision-makers with professional confirmation of
their judgments or even allows some values that are not in
line with their expectations, validating the data model and
consolidating the credibility of this being changed.

3.4.4. Application of the Control Events into the Methodology
to Support Decision-Making. After undergoing methodology
to support decision-making (MCDA—multicriteria decision
aid), implemented in this work through HiView software,
which also runs theMACBETHmethod, the “control events”
retro mentioned, were adjusted so as to obtain the matrix
of constant value judgment of Figures 6 and 7, which
allows the visualization of degrees of attractiveness between
events as well as the “current scale” of “confidence factors,”
besides indicating if the results are coherent states “consistent
judgments.” As for “confidence factors,” Figure 8 gives an
idea of how the decision-maker can adjust these degrees of
attractiveness between “control events,” pointing a ruler at the
boundaries between the various degrees of attractiveness of
these events.The new levels of attractiveness indicated on the
ruler are reflected in the current range of the matrix as well
as adjustments in the confidence of control events factors, as
can be seen in Figure 8.

In the present work, the export of the control events and
degrees of confidence will be made indirectly and through
the collection of answers to questions correlated to each
control event. That is, the control events analyzed using
the MACBETH methodology, implemented in the HiView
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Figure 8: Control events with a new degree of confidence within allowed ranges. Source: formatted by the author from HiView software.

software, are associated with the variables treated by expert
system, which can be of two quantities: common variables
and objective variables.The common variables correspond to
the symptoms and causes of the disorders studied. Already,
the objective variables correspond to the final diagnosis to be
found for the disorder.

Furthermore, as stated in the analysis of disorders seen in
this study, each control event has a percentage of influence in
relation to the disorder and in relation to the other control
events.This percentage, derived from the scale discriminated
in Table 1, will compose the degree of confidence in expert
system, which will use the control event as an important
part to the diagnosis. Thus, for each set of answers to the
questions that appear in the user interface, the expert system
links this set of responses to the degree of confidence of
the control events in order to point the diagnosis. After
constructing the array of value judgment, it is possible to
do in the HiView software a sensitivity analysis as presented
in Figure 8. This analysis allows changing the values of the
degrees of confidence of the events of controls.

4. Specialist System Applied to the Diagnosis
of Psychological Disorders

4.1. Specialist System: Contextualization. Expert systems are
associated with the term artificial intelligence (AI). This
expression was first used at a summer conference at Dart-
mouth College, USA, when researchers John McCarthy,
Marvin Minsky, Nathaniel Rochester, and Claude Shannon

met in order to conduct a study on this subject, which had
been baptized with the expression that generated warm and
controversial debates during the aforementioned conference
and beyond it. Mentioned expression stayed, however, with-
out a formal definition because, first of all, it was imperative
to define, too, and formally, what intelligence would be.
There are two main strands of research for the intelligent
building systems: connectionist and symbolic. The first aims
at the modeling of human intelligence by simulating the
components of the brain, that is, their neurons and their
interconnections. This proposal was first formalized in 1943,
when the neuropsychologistMcCulloch and, the logical, Pitts
proposed a first logical mathematical model for a neuron.
In turn, the second part followed the logic tradition and
took McCarthy Newell and his principal investigators. Thus,
knowledge-based systems, or expert systems, are built mainly
with rules that reproduce the knowledge of experts in the
fields of human knowledge and are used to solve particular
problems in specific domains. The area of human health has
been one of the most allotted portions by expert systems,
due to being possessed by classic problems that need systems
with these potentialities. It is important to note that there are
characteristics that indicate whether a given problem should
be solved by this information technology or not. To facilitate
the process of analyzing a given problem, certain conditions
must be met so that they can add value in identifying and
choosing which expert systems technology as follows:

(i) Expert systems that require professional experts in
knowledge related to the problem, considering that
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this knowledge will form the knowledge base that will
be used in solving problems;

(ii) activities to be performed that require the participa-
tion of groups of expertswho,when alone, donot have
sufficient knowledge to perform them;

(iii) activities that require knowledge of the details that, if
overlooked, cause degradation of performance;

(iv) activities that show large differences in performance
between experts from the group study the problem;

(v) number of experts available to solve the problem
which is insufficient.

The criteria referenced in the previous paragraph provide
important respects, for example, a significant increase in the
productivity of a business decision maker, in performing
specialized tasks when assisted by an intelligent system. It is
noteworthy that the portability of these expert systems, being
capable of developing and being used in microcomputers, is
currently deciding factor.This characteristic causes these sys-
tems to become accessible and affordable. In general, systems
with automated reasoning can be used banks incorporating
existing data in the organization, or being incorporated into
the set of tools available in the databases. Many work areas
can be helped by structured expert systems solutions as
these are efficient applications for information management.
Providing tools to support decision-making in this case goes
further than providing graphs and tables to the user, provide
them a north in the identifying of their needs, simulating
scenarios and allowing greater accuracy and reliability in the
solutions of their problems. Expert systems are, therefore,
computer programs that provide solutions to certain prob-
lems, in the same way that human experts offer under the
same conditions. The most common architecture of expert
systems involves production rules structuring simply a set of
conditions in the IF. . . THEN. . . style, with the possibility of
inclusion of logical connectives relating the attributes within
the scope of knowledge and the use of probabilities.

4.2. The Expert SINTA. The software Expert SINTA was
created by a group of scholars at the Federal University of
Ceará (UFC), and the StateUniversity ofCeará (UECE) called
Group SINTA (Sistemas INTeligentes Aplicados or Applied
Intelligent Systems) [26, 27]. It was developed using Borland
Delphi technology. That is a computational tool that uses
artificial intelligence techniques for automatic generation of
expert systems. It uses a knowledge representation model
based on production rules and probabilities, with the main
objective of simplifying the construction work of expert
systems through the use of a shared inference machine. The
automatic construction of screens and menus, treatment of
probabilistic rules production, and use of sensitive expla-
nations to the context of the knowledge base modeled. An
expert system based on this type of model is very useful
in classification problems. The user responds to a sequence
of menus, and the system provides answers that fit the
framework identified by the user. Someof themain features of
the Expert SINTA are use of backward chaining; use of con-
fidence factors; tools for debugging; opportunity to include

online help for each knowledge base. The expert systems
are generated in the Expert SINTA using the architecture
described in Figure 9.

The Expert SINTA aims to simplify the steps of creating
a full expert system. For this, a basic inference engine is
already offered, based on backward chaining. The backward
chaining excels in problems where there are a large number
of conclusions that can be achieved, but the number of ways
in which they can be reached is not great, in problems where
it cannot meet an acceptable number of facts before starting
to search for answers. The backward chaining is also more
intuitive for the developer, because it is based on recursion,
an elegant and efficient way of programming, where the logic
programming itself is directed. At no time, however, it ceases
to recognize that the forward chaining has advantages in
certain occasions. Moreover, the calculations of values of
differences in degree of attractiveness and judgment needed
to build the array of values generated by the MACBETH
method, as shown in Figures 6 and 7. In Figures 10 to 19
the steps to building an expert system, with aim at assisting
in the final diagnosis are presented. In Figure 10 there is an
illustration of how the user in the Expert SINTA should
proceed to set the precedence of the logical operators that will
be used by the inference machine, that is, if (𝐴 and 𝐵) or 𝐶/𝐴
and (𝐵 or 𝐶).

The choice of the minimum value for the confidence fac-
tor is shown in Figure 11. Besides this, there is the possibility
of placing a password for the database that will be created.
This option is most commonly used as the basis of expert
knowledge is confidential.

Figure 12 presents information about the knowledge base
to be built.This windowwill appear after the user starts using
the expert system.

On the other hand, Figure 13 shows how to define the
variables in the Expert SINTA. These variables will feed the
expert system knowledge base and, in the specific case, for
each control event detailed variable will be created.

It is possible to see in Figure 14 the definition of objective
variables, that is, those which point the final diagnosis in the
expert system.

Moreover, Figure 15 shows how the interface is defined in
the expert system for collecting eventswith respective degrees
of confidence. For each variable, an issue that aims to collect
symptoms of the disorder as well as a degree of confidence
about this symptom felt by the patient is created.

At the time of creation of each rule, the Expert SINTA
allows this rule to be inserted for desired preference. More-
over, Figure 16 shows the list of logical rules constructed from
the rule editor of the Expert SINTA.

The editor of rules, which constitute the logical reasoning
of the expert system, can be seen in Figure 17. Mentioned
rules point the final diagnosis to the user of system. Note that
the rules follow the following structure: IF. . . THEN. . . (SE. . .
ENTÃO. . .).

During the execution of the expert system developed
with Expert SINTA, the user can interact through graphical
interfaces as shown in Figure 18. The interaction through
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Figure 9: Simplified architecture of Expert SINTA. Source: adapted by the author from information of the LIA-UFC. Knowledge base
comprises representative information of facts and rules that the expert uses. Editor of bases is the means by which the shell allows the
implementation of desired knowledge bases. Inference machine is the part of the expert system responsible for logical deductions about
the knowledge base. Global database consists of the evidence presented by the expert system user during a consultation.

Figure 10: Precedence of logical operators. Source: formatted by the
author from software Expert SINTA.

Figure 11: Setting minimum and indicative password. Source:
formatted by the author from software Expert SINTA.

these interfaces enables the collection of values, which will
feed the variables and factors of trust used in the system
specialist.

Figure 12: General information about the knowledge base of the
expert system. Source: formatted by the author from software Expert
SINTA.

Figure 19 shows the diagnosis reached by the expert
system after inferring the information supplied to him by the
fed interfaces as well as preexisting knowledge bases in their
information.

The Expert SINTA provides for each expert system
the path of logical reasoning trod of the execution of the
respective expert system. Figure 20 provides an overview of
this track, which helps in analyzing the results after obtaining
a diagnosis.

5. Conclusion and Future Works

Many smart techniques were incorporated into the decision-
making process. These methods are based on technologies
that use concepts of artificial intelligence (AI), such as
systems expert’s genetic algorithms [26, 27], neural networks
[28], intelligent agents, reasoning based on case studies [2,
29], and fuzzy logic [30].

Despite these technological advances, much more needs
to be done to automate decision-making, especially when it
involved a multicriteria analysis.
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Figure 13: Definition of variables in Expert SINTA. Source: format-
ted by the author from software Expert SINTA.

Figure 14: Definition of variables goal. Source: formatted by the
author from software Expert SINTA.

In the present study, we observed that the information
generated in themulticriteria analysis methodology was used
in the algorithm in order to transform them into variables
with respective degrees of confidence, which were processed
by the expert system inference engine through use of IF. . .
THEN. . . rules, with the aim of using this information,
pointing your diagnosis, incorporating it to their knowledge
base. The automation of this process of transition between
multicriteria methodology and expert system is a challenge

Figure 15: Creating user interfaces. Source: formatted by the author
from software Expert SINTA.

Figure 16: Creating logical rules. Source: formatted by the author
from software Expert SINTA.

Figure 17: Definition of logical rules. Source: formatted by the
author from software Expert SINTA.
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Figure 18: Input data through the user interface. Source: formatted
by the author from software Expert SINTA.

Figure 19: Possibility of diagnosis. Source: formatted by the author
from software Expert SINTA.

that remains to be solved by the construction of a bridge that
enables this integration. Unfortunately, such a task was not
possible within this study, given the limited resources of time
and availability of technical staff. Thus, the test performed in
this study tried to show a hybrid model, using a connection
manually.Therefore, we tried to present the feasibility of inte-
gration between the mentioned technologies: multicriteria
methodology to support decision-making and expert system
generated by Expert SINTA.With this proposal it is expected
to have contributed to the quality of automated diagnosis.

Finally, it was realized that this field of work is still largely
unexplored, fitting entities related to research, encouraging
greatly having more concrete results, emphasizing compen-
satory be returns on that investment, because organizations
have required based expert systems solutions.

It is suggested, therefore, in order to improve the model
proposed in this paper, to take the following measures:

(i) Use of some other multicriteria methodologies, such
as influence diagram and Bayesian networks;

(ii) Improved interface with the user, the Expert SINTA
including among its features the export and import
of data files containing control events and degrees of
confidence;

(iii) Formatting and automation of generic questionnaires
covering control events and degrees of confidence.

On the other hand, given that the psychiatry proves to be one
of the specialties of medicine that formalized consciously and
comprehensively the diagnostic process for the disorders of
his study and domain and by virtue, the interest of the current
DSM-V formulators, in categories and dimensional classifica-
tion of mental disorders be compatible with neuroscientific

Figure 20: Trail to assist in analysis of outcomes after diagnosis.
Source: formatted by the author from software Expert SINTA.

and genetic foundations that itself want to consolidate,
the authors plan in future work, include in the proposal
hybrid information technology, beyond recommendations
contained in theDSM-V, quantitative and dimensionalmodel
with image processing and scales of values, as a way to
enhance the diagnostic process currently based on catego-
rization of types of schizophreniawith events of control based
in symptoms, causes and historical of this disease.
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Neuropsychological testing is an effective means for the screening of Alzheimer’s disease. Multiple neuropsychological rating scales
should be used together to get subjects’ comprehensive cognitive state due to the limitation of a single scale, but it is difficult to
operate in primary clinical settings because of the inadequacy of time and qualified clinicians. Aiming at identifying AD’s stages
more accurately and conveniently in screening, we proposed a computer-aided diagnosis approach based on critical items extracted
from multiple neuropsychological scales. The proposed hybrid intelligent approach combines the strengths of rough sets, genetic
algorithm, and Bayesian network. There are two stages: one is attributes reduction technique based on rough sets and genetic
algorithm, which can find out the most discriminative items for AD diagnosis in scales; the other is uncertain reasoning technique
based on Bayesian network, which can forecast the probability of suffering fromAD.The experimental data set consists of 500 cases
collected by a top hospital in China and each case is determined by the expert panel.The results showed that the proposed approach
could not only reduce items drastically with the same classification precision, but also perform better on identifying different stages
of AD comparing with other existing scales.

1. Introduction

Alzheimer’s disease (AD) is a degenerative senile demen-
tia characterized by memory loss and cognitive functions
disorders, and it is also one of the main types of senile
dementia [1]. As AD has a slow onset and no highly specific
diagnostic indicators at the early stage of the disease, it is
particularly challenging for primary clinicians to identify
transition points (from the asymptomatic phase to the symp-
tomatic predementia phase to dementia onset) for individual
patients [2, 3]. It is, nevertheless, important to identify these
transition points between different stages, because studies [4]
have proved that targeted therapies may help slow down the
progress of the disease and improve quality of life for patients
and their families.

Due to the lack of advanced medical facilities (advanced
imaging and cerebrospinal fluid measures), the screening

of AD usually depends on the use of neuropsychological
rating scales in primary clinics. Various neuropsychological
rating scales, which are considered as a reliable and valid
standardized testing tool, have been designed for cognitive
abilities screening, and many of them have yielded good
results as decision-making tools, such as minimental state
examination (MMSE) [5], clinical dementia rating (CDR)
[6], Montreal Cognitive Assessment (MoCA) [7], Geriatric
Depression Scale (GDS) [8], andActivity ofDaily Living Scale
(ADL) [9]. Table 1 and Figure 1 are twomost commonly used
rating scales (the MMSE and the MoCA) in clinical practice.

However, each neuropsychological rating scale has its
emphasis and limitation. A previous study has shown some
scales do not perform well in one or more cognitive domains
[10]. Multiple neuropsychological rating scales can cover
more comprehensive cognitive domains. Therefore, multiple
scales should be used together in order to get patients’
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Table 1: Minimental state examination (MMSE).

Orientation Year Month Day Date Time /5
Country Town District Hospital Ward /5

Registration Examiner names 3 objects (e.g. apple, table, and penny). Patient asked to repeat (1 point for
each correct answer). THEN patient to learn the 3 names repeating until correct. /3

Attention and calculation Subtract 7 from 100 and then repeat from result. Continue 5 times:
100 93 86 79 65 Alternative: spell “WORLD” backwards-“DLROW” /5

Recall Ask for names of 3 objects learned earlier. /3

Language

Name a pencil and watch /2
Repeat “No fits, ands, or buts” /1
Give a 3-stage command. Score 1 for each stage. E.g., “Place index finger of right hand on your
nose and then on your left ear” /3

Ask patient to read and obey a written command on a piece of paper stating “Close your eyes” /1
Ask patient to write a sentence. Score if it is sensible and has a subject and a verb /1

Copying

Ask the patient to copy a pair of intersecting pentagons:

/1

Total /30

comprehensive cognitive status, which can help doctors to
make correct diagnosis. However, this will bring two chal-
lenges: (1) neuropsychological testing requires highly trained
assessors [11], while most primary clinicians are not qualified
to conduct a full mental status examination or interpret a
battery of scales’ score; it is difficult for them to offer exact
judgments about the examinee’s cognitive state [12]. (2)Neu-
ropsychological testing is quiet time consuming; the elders
cooperate well only for short periods with the limitation of
vitality and cognition [13], so long-time testing will bring
negative impact on the quality of neuropsychological testing.
Thus, we can conclude that the screening of AD in primary
clinics should be based on the criteria that can get maximum
accuracy in a convenient way within limited time.

To solve the above-mentioned challenges, identifying
the items with the best ability to distinguishing AD (called
critical items for short) from a battery of commonly used
rating scales may help improve the efficiency of cogni-
tive abilities screening. Then, a well-performance decision-
making model, while the previously selected items can be
taken as its input, may help primary clinicians improve
diagnostic accuracy in routine clinical practice. So in this
paper, we suggest dealing with the screening of AD by
means of a two-stage hybrid intelligent approach based
on multineuropsychological rating scales analysis: in Stage
1, use a genetic algorithm-rough sets (GA-RS) model to
identify critical items, and in Stage 2, use a Bayesian network
to develop a diagnosis assisting model of AD based on
the selected items. This hybrid intelligent technique takes
the advantage of attributes reduction of rough set theory
requiring no prior knowledge and the uncertain reasoning
ability of Bayesian network to build a relatively convenient
and accurate decision-making model for primary clinicians.

The rest of this paper is organized as follows: Section 2
introduces the related work; Section 3 introduces basic
concepts behind rough set theory, genetic algorithm, and
Bayesian network; Section 4 presents the proposed approach
including the proposed GA-RS attributes reduction algo-
rithm applied in AD and the Bayesian network model
constructed for AD diagnosis; Section 5 describes the eval-
uation results of the proposed model; then in Section 6, the
discussions on some benefits and limitations of the proposed
approach in the clinical environment are made; Section 7
draws conclusions and future work.

2. Related Work

Since the application of multiple neuropsychological rating
scales is very time consuming and challenging for primary
care physicians,many researchers have been trying to find out
the most effective screening method for clinical application.
For example, some scholars have tried to simplify theMMSE,
which is the most widely used scale for screening dementia.
Lou et al. [14] reported a 16-item simplified version of the
originalMMSEwith high sensitivity and specificity. Callahan
et al. [15] designed a six-item screener, which derived from
the MMSE, the Blessed Dementia Rating Scale (BDRS), and
the Word List Recall. And its sensitivity and specificity for a
diagnosis of dementia reached 88.7% and 88.0%. In addition
to the study of theMMSE, some researchers also have studied
the combination ofmultiple neuropsychological rating scales.
For example, Chen et al. [16] proposed an eight-item test,
subtracted from the MMSE, the Clock Drawing Test (CDT),
and the Instrumental Activities of Daily Living Scale (IADL).
The evaluation result revealed that it was a sufficient and
simple tool for the screening of early dementia in primary
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Figure 1: Montreal Cognitive Assessment (MOCA).

care clinics. Besides, other studies [17–20] have reported
various screening methods such as instruments designed
for detection of memory, attention-executive function, visu-
ospatial ability, and interview with reliable informants. After
a general survey of the above studies, we found that all

these researchers selected items according to their own clin-
ical intuition regarding domains of impairment commonly
encountered in AD rather than objective data analysis based
on past cases. This selection was influenced by subjective
factor easily. After selecting discriminative items, a large
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number of experiments need to be done for confirming
weight coefficient of each item. For instance, the MoCA team
spent over 5 years modifying the MoCA for clinical use [7].
So a method based on data mining may bring a new thought
to searching the most discriminative items from multiple
neuropsychological rating scales. It is based on large-scale
objective clinical evidences, and, moreover, it can not only
improve efficiency of identifying critical items but also adjust
weight coefficient of items automatically.

The computer-aided diagnosis of AD is always the hot
topic of research in the last few years. DeFigueiredo et
al. [21] presented an algorithm based on the analysis of
computer tomography image (CT) data from brain. This
algorithm used an optimal interpolative neural network to
classify individuals into four different groups (i.e., clinically
diagnosed groups of elderly normal, demented, AD, and
vascular dementia subjects). Ramı́rez et al. [22] showed a
computer-aided diagnosis (CAD) system for the diagnosis
of AD. His method is based on partial least squares regres-
sion model and a random forest predictor. The analyzed
data is from single photon emission computed tomography
(SPECT). Further works on SPECT data have reported high
AD classification accuracy [23–25]. Duchesne et al. [26]
presented their work on automated computer classification
in Alzheimer’s dementia using the context of cross-sectional
analysis ofmagnetic resonance images (MRI). Daliri [27] also
presented an automated method for diagnosing AD from
brain MR images. In addition to volumetric MRI, diffusion
tensor imaging (DTI) has increasingly been used to detect
microstructural brain differences in AD. Graña et al. [28]
obtained discriminant features from two scalar measures
of DTI data and used support vector machine (SVM) as a
classifier. From the view point of methodology, most of the
studies focused on finding the microstructural differences
using image analysis based on supervised machine learn-
ing algorithms. Although the analysis based on imaging is
becoming an important research trend of AD studies, the
technique is difficult to be applied in primary clinical settings
because access to imaging equipment may be limited there.

Based on above-mentioned analysis, we proposed a
computer-aided quick screening method for AD based on
multiple neuropsychological rating scales.We especially used
data mining technique to reduce the items of scales and
lower the barriers to applying this method in primary clinical
settings.

3. Preliminary

This section addresses some basic concepts needed for the
remainder of the discussion. We introduce rough set theory
first and then discuss genetic algorithm and Bayesian net-
work, so as to set up a necessary context for describing our
approach.

3.1. Rough Set Theory. Rough set theory [29–31] is a math-
ematical approach to deal with imprecision, vagueness, and
uncertainty. The main difference between rough set theory
and other mathematical tools for dealing with uncertain

problems is that rough set theory does not need any prior
information beyond the problem itself. Rough set theory is an
important method for attribute reduction, where attributes
that do not contribute to the classification of the given
training data can be identified and removed.

Rough set theory is based on the establishment of equiva-
lence classes within the given training data. All the data tuples
forming an equivalence class are indiscernible; that is, the
samples are identical with respect to the attributes describing
the data. Formally, the indiscernibility relation is defined as
follows:

IND (𝐵) = {(𝑥, 𝑦) ∈ 𝑂2 | ∀𝑎 ∈ 𝐵, 𝑓 (𝑥, 𝑎) = 𝑓 (𝑦, 𝑎)} , (1)

where 𝐴 is a nonempty finite set of attributes and 𝑂 is a
nonempty finite set of objects. Given any 𝐵 ⊆ 𝐴, relation
IND(𝐵) induces a partition of 𝑂, which is denoted by
𝑂/IND(𝐵), where an element from 𝑂/IND(𝐵) is called an
equivalence class.

It is common that some classes cannot be distinguished
by given real-world data in terms of the available attributes.
Rough sets can be used to approximately or “roughly” define
such classes. A rough set definition for a given class 𝑋, 𝑋 ⊆
𝑂, is approximately by two sets—a lower approximation of𝑋
and upper approximation of 𝑋. The lower approximation of
𝑋 consists of all the data tuples that, based on the knowledge
of the attributes, are certain to belong to𝑋without ambiguity.
The upper approximation of 𝑋 consists of all the tuples that,
based on the knowledge of the attributes, cannot be described
as not belonging to𝑋. So the lower and upper approximation
of𝑋, is defined, respectively, as

𝑋 (𝐵) = {𝑥 ∈ 𝑈 | [𝑥]𝐵 ⊆ 𝑋} ,

𝑋 (𝐵) = {𝑥 ∈ 𝑈 | [𝑥]𝐵 ∩ 𝑋 ̸= Φ} ,
(2)

where 𝑥 ∈ 𝑂 and the pair (𝑋(𝐵), 𝑋(𝐵)) is called the rough set
with respect to𝑋.The set 𝐵𝑁

𝐵
(𝑥) = 𝑋(𝐵)−𝑋(𝐵) is called the

boundary region of 𝑋. Let [𝑥]
𝐵
denote the equivalence class

of relation IND(𝐵) that contains element 𝑥.
An important concept in attributes reduction is depen-

dency of attributes, which can be defined in the followingway.
For 𝐴 and 𝐵, 𝐵 depends on 𝐴 in degree 𝛾

𝐵
,

𝛾
𝐵
=

𝑃𝑂𝑆𝐴 (𝐵)


|𝑂|
, (3)

𝑃𝑂𝑆
𝐴
(𝐵) = ⋃

𝑋∈𝑂/IND(𝐵)
𝑋
𝐴
, (4)

where 𝛾
𝐵
= 1 means 𝐵 depends totally on 𝐴. 0 < 𝛾

𝐵
< 1

indicates 𝐵 depends partially on 𝐴, and if 𝛾
𝐵
= 0, 𝐵 is totally

independent on 𝐴.
Formally, a reduct is a subset of attributes which can fully

characterize the knowledge in the database. Let RED(𝐵) be
the minimal subset of 𝐴 and CORE(𝐵) the set of attributes
which cannot be eliminated and the intersection of all
reducts. If the attribute in CORE(𝐵) is removed, the ability to
classify objects into the elementary classes of 𝐵 will decrease:

CORE (𝐵) = ⋂
𝑅𝑖∈RED(𝐵)

, 𝑖 = 1, 2, 3, . . . . (5)
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3.2. Genetic Algorithm. The genetic algorithm (GA) [32–
34] is an optimized algorithm based on the Darwinian
principle of natural selection. It can be used with other
data mining techniques for optimization and performance
amelioration. The genetic algorithm process starts with the
randomly generated and encoded initial population, which
includes several hundreds or thousands of potential solutions
to the problem. Each encoded individual in the population
is called chromosome and each bit in the chromosome is
called gene and has a value. The next step is called genetic
operators. The most widespread genetic operators include
selection, crossover, and mutation. Each chromosome in the
population is evaluated by user-defined fitness function. The
higher a chromosome’s fitness value is, the more likely it is
to produce offspring. In this way the overall fitness of the
population is guaranteed to increase and those with weak
fitness will be eliminated gradually. Crossover forms new
chromosomes for the population by exchanging a fixed part
between two chromosomes. The chromosomes most often
used for crossover are those destined to be eliminated from
the population.Mutation can be applied by randomly flipping
bits (or attribute values) within a single chromosome to avoid
the local optima. New offspring is reevaluated by fitness
function to search the solution.Thewhole process is repeated
until reaching the prespecified number of generations or the
desired level of fitness.

3.3. Bayesian Network. Bayesian network is an acyclic direct-
ed graph for representing probabilistic relationships among
a set of random variables [35]. Trained Bayesian networks
can be used for classification. There are two key elements
of a Bayesian network: (1) a directed acyclic graph (DAG)
encoding the dependence relationships among a set of vari-
ables and (2) a probability table associating each node to its
immediate parent nodes. Each node in the directed acyclic
graph represents actual attributes given in the data. Each arc
represents a probabilistic dependence. If an arc is drawn from
a node 𝑋 to a node 𝑌, then 𝑋 is a parent of 𝑌, and 𝑌 is a
descendant of 𝑋 [36]. Bayesian network has one conditional
probability table (CPT) for each node. The CPT for a node
𝑌 specifies the conditional distribution 𝑃(𝑌 | Parents(𝑌)),
where Parents(𝑌) are the parents of 𝑌. A node within the
network can be selected as an “output” node, representing
a class label attribute. There may be more than one output
node. Given a set of variables, the network can be used to
compute the probabilities of the presence of various classes,
rather than return a single class label. There have been some
works with applications using Bayesian network in diagnosis
of AD [37, 38].

4. Methods

4.1. Overview. In this section, we present the formation
process of AD diagnosis assisting model with the proposed
hybrid intelligent method, which consists of two steps: in
Step 1, use a genetic algorithm-rough sets (GA-RS) model to
identify critical items, and in Step 2, use a Bayesian network
to build a diagnosis assisting model of AD based on selected
items.

In the first step, finding critical items from multi-
ple neuropsychological scales is the problem of attributes
reduction, which is also a classical problem in machine
learning. Rough set theory is a useful attributes reduction
method in machine learning. It can find the shortest or
minimal reducts while keeping high-quality classification
performance [39]. However, current rough set approaches to
attributes reduction are inadequate to findoptimal reductions
as no perfect heuristic can guarantee optimality. Optimal
attribute reduction has been proved to be a NP-hard problem
[40]. So, stochastic approaches provide a promising attributes
reduction mechanism, like genetic algorithm (GA). GA is
an effective and robust method for solving both constrained
and unconstrained multiparameter optimization problems
that is based on natural selection. Many literatures have
combined rough set theory and genetic algorithm for solving
machine learning problems in a variety of domains [41–44].
We present a genetic algorithm for reduct set computation
which is very fast and gives a good approximation in the AD
field.

As exact causes and the mechanism of AD remain uncer-
tain, there is currently no method to ensure the AD presence
except for an autopsy. Clinicians can only make the diagnosis
called “probable or possible AD” in clinical environment,
especially in the early stage of this disease. The proposed
approach applies Bayesian network that has strong reasoning
ability in solving uncertain problems to build the decision-
making model and predict the AD probability rather than
offer a definitive diagnosis. So it is more conducive to the
practical application of the proposed approach.

4.2. Attributes Reduction Based on Genetic Algorithm and
Rough Set Theory. As mentioned above, GA-RS is used to
identify critical items froma battery of rating scales. Each step
of the algorithm is described as follows.

4.2.1. Chromosome Representation. Because genetic algo-
rithm cannot deal with data in solution space directly, we
must represent them as binary strings of length 𝑀 which
is the number of the condition attributes by encoding.
Binary encoding is simple and easy to operate. Each binary
string is called a chromosome, in which “1” means that
the corresponding attribute is selected and “0” means not.
Attributes in Core should take “1”, and remain the same in the
whole process of evolution, since genetic search starts from
the Core.

4.2.2. Fitness Function. Fitness function is a user-defined
function which is used to measure each chromosome’s opti-
mization calculation in the groups. The fitness value of each
chromosome represents suitability for the environment. In
this paper, we expect the “best” chromosome could have the
minimal length and the strongest classification performance
as the algorithm proceeds. So the fitness function is defined
as follows:

𝐹 (𝑥) = 𝛽 ⋅ 𝑓 (𝑥) + 𝑝 (𝑥)

= 𝛽 ⋅ (1 −
card (𝑥)
card (𝐶)

) +
card (𝑃𝑂𝑆

𝑋
(𝐷))

card (𝑃𝑂𝑆
𝐶
(𝐷))

,
(6)
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where card(𝑥) is the number of “1” in chromosome, which
means the number of condition attributes contained by
chromosome; card(𝐶) is the length of chromosome, which is
the total number of condition attributes; 𝑓(𝑥) = 1 − card(𝑥)/
card(𝐶) indicates the chromosome 𝑥 that is not included
in the proportion of condition attributes. 𝑝(𝑥) indicates the
distinction ability of attribute 𝑥.

4.2.3. Selection Method. Select chromosomes based on their
fitness values from the current population to produce off-
spring for the new population. Tournament selection is used,
which means the higher the fitness value is, the higher
probability of that chromosome is selected for reproduction.
This step is repeated until the number of chromosomes
selected is equal to the number of the population.

4.2.4. Crossover and Mutation. One-point crossover method
is used to reproduce with a probability of 𝑃

𝑐
. In mutation

process, we first select a chromosome to be mutated with
probability 𝑃

𝑚
and then replace a single gene of the chromo-

some from “1” to “0” or from “0” to “1” randomly.

4.2.5. Elitist Strategy. We take the elite strategy [45] to
preserve the best individual of the fitness function value.
Copy the individual of highest fitness value in the current
generation to the next generation, unaltered.

The detail of the whole algorithm is as follows.

Input. Decision table 𝐼𝑆 = ⟨𝑂,𝐴, 𝑉, 𝑓⟩;𝑂 is a nonempty finite
set of objects. 𝐴 is a nonempty finite set of attributes: 𝐴 =
𝐶 ∪ 𝐷, 𝐶 is the set of condition attributes, and 𝐷 is the set
of decision attributes. 𝑉 = ⋃

𝑎∈𝐴
𝑉
𝑎
; 𝑉
𝑎
is the set of values of

attribute 𝑎 ∈ 𝐴. 𝑓 : 𝑂 × 𝐴 → 𝑉 is an information function
so that, for any 𝑎 ∈ 𝐴 and 𝑥 ∈ 𝑂, 𝑓(𝑥, 𝑎) ∈ 𝑉

𝑎
.

Output. There is an attributes reduction 𝑅 of decision table.

Steps

Step 1. Calculate the dependency 𝛾
𝑐
(𝐷) between decision

attributes set𝐷 and condition attributes set 𝐶 by formula (3).

Step 2. Let Core(𝐶) = 𝜑, to get rid of each attribute 𝑐 ∈ 𝐶
one by one, if 𝛾

𝐶−𝑐
̸= 𝛾
𝐶
, Core(𝐶) = Core(𝐶) ∪ {𝑐} which

means the core is Core(𝐶); if 𝛾Core(𝐷) = 𝛾𝐶(𝐷), then the core
is minimal attributes reduction and if not, go to Step 3.

Step 3. Generate 𝑚 binary strings with length 𝑛 randomly,
which can be seen as the initial population. 𝑛 is the number
of the condition attributes. “1” means that the corresponding
attribute is present, and “0” indicates not. For attributes in
core, corresponding position is “1” and for others, corre-
sponding position is “1” or “0” randomly.

Step 4. Calculate the fitness value for each individual by
formula (6) and select individuals by tournament selection.

Step 5. Perform crossover operation according to the
crossover probability 𝑃

𝑐
, using single-point crossover mode.

Table 2: Parameter settings of GA.

Population size 1000
Number of generations 500
Initialization method Binary method
Percentage of elite 0.2
Selection method Tournament selection
Crossover method Uniform crossover
Crossover ratio 0.5
Mutation method Single-point mutation
Mutation ratio 0.03

Step 6. Perform mutation operation according to the muta-
tion probability 𝑃

𝑚
. We basically bit mutation strategy while

the corresponding bit of attributes in the Core does not
change.

Step 7. Select the individuals with the best fitness values to
be offspring of the current generation. This strategy is to
guarantee the best chromosome could carry over to the next
generation.

Step 8. Repeat the genetic operation until either one of the
following conditions is satisfied: (1) the maximum number
of generations is achieved or (2) the fitness value of the
best individual for the present generation no longer changes
during several successive generations.

Step 9. Convert the best individual to condition attribute and
get the final result.

The whole computation steps are shown in Figure 2.
Parametric settings of genetic algorithm are as follows:

population scale𝑁 = 1000, crossover ratio𝑃
𝑐
= 0.5,mutation

ratio 𝑃
𝑚
= 0.03, and the largest number of iterations is 500,

just as demonstrated in Table 2.
The fitness function employed in this paper controls the

chromosomes that evolve in the direction of the minimum
reduction while keeping the classification performance: the
higher the card(𝑥) is, the smaller the 𝑓(𝑥) is; the larger
𝑝(𝑥), the more dependence between the condition attribute
𝐶 and decision attribute 𝐷. This algorithm ensures the two
requirements, so the result is the optimal solution of the
problem.

In our approach, attributes reduction mentioned above
is not the final goal but an intermediate process and core
technology of AD diagnosis assisting for clinician in primary
clinic. An uncertainty inferencemodel for AD should be built
after attributes reduction, which will be discussed in next
section.

4.3. Bayesian Network Model for AD Diagnosis. Based on the
above step, we attempt to construct the structural model for
AD diagnosis. These selected items can be represented as
input variables of the model. Since there is strong diagnostic
uncertainty earlier in the disease process, an uncertainty
inference model must be built. A popular modeling tool for
complex uncertain domains is a Bayesian network.
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Figure 2: Detailed algorithm flow of GA-RS.

5. Experiment and Results

5.1. Data Collection. The experimental data set is composed
of 500 consecutive historical cases collected by the neurology
department of a certain top hospital in China from 2009 to
2014. Each case is a series of scale scores belonging to one
subject, and each subject has only one case. All neuropsycho-
logical tests were conducted by trained neuropsychologists
and administered on the same day.Themean age of subjects is
74.4 (range, 51–92); 59.5 of the subjects’ percent were female.
These 500 historical cases have the following characteristics.

(1) All these 11 neuropsychological rating scales are
selected from a large number of scales by lead-
ing experts in neurology, including the MMSE, the

MoCA, the CDR, the GDS, the ADL, the Word-
List Learning, the figure copying, the new word dis-
criminating, the trail making test, the similarity, and
the perception. All these neuropsychological rating
scales are commonly used instruments for screening
cognitive or noncognitive impairment in the clinical
diagnosis.

(2) Each scale consists of a series of items. In total, there
are 101 testing items in these scales. Some items are
straightforward Q & A pattern, for instance, “What is
the date?” Some others need the subject to do some
actions, “Please read this and do what it says. (Show
subjects the following words on the stimulus form:
Close your eyes.)” Each of the tests scores points if it
is answered correctly.

To ensure the correctness of diagnosis of each case, an
expert panel group composed of three neuropsychologists
was set up, and the diagnosis of each case was determined by
the panel. The diagnosis of experts not only depended on an
objective neuropsychological testing, but also on the history-
taking from the patient and a knowledgeable informant.Their
diagnosis was regarded as the gold standard. In the current
study, the diagnosis of cases could be divided into three types:
patients with AD, patients meeting criteria for mild cognitive
impairment [46] (called MCI for short, which is regarded as
the predementia stage of AD), and the elderly subjects with
normal cognition, inwhich, the number of each type is 33.5%,
37.7%, and 28.8%, respectively.

Parts of cases are given in Table 3. In the table, each
column is one testing item of scales, for instance, Time
Orientation, Place Orientation and Repetition belong to the
MMSE while Visuospatial Skills belongs to the MoCA. They
are regarded as the condition attributes. The last column,
Result, is the decision attribute (the diagnosis of each patient).

5.2. Experimental Design and Results. To verify the feasibility
and validity of the proposed approach, the performance of
proposed approach can bemeasured by the following evalua-
tions: (1) reduction ratio on testing duration and reduction
ratio on quantity of items; (2) comparison with multiple
classifiers; (3) comparison of classification accuracy before
and after reduction; (4) the performance of classification
compared with two existing cognitive screening scales.

We applied two evaluation methods to prove the reli-
ability of our experimental results, one was 10-fold cross-
validation, and the other was 0.632 bootstrap. Obtain com-
puting results by averaging after executing 10 times. Recall
rate, precision rate, and accuracy were selected as the per-
formance evaluation metrics. The obtained results of the
experiment are to be presented and discussed in the next
section.

5.3. Reduction Result. After attributes reduction, 10 items
were selected finally, which are listed in Table 4.

Some items represent one test, such as Figure Copy,
Figure Short Memory, Figure Delay Memory, Word Delay
Recall, and Reading Comprehension, while others are a set
of several tests, which cannot be separated (because these
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Table 3: Part of AD dataset.

Fact Time orientation Place orientation Repetition Visuospatial skills ⋅ ⋅ ⋅ Result
1 5 5 1 5 ⋅ ⋅ ⋅ Normal
2 4 5 1 5 ⋅ ⋅ ⋅ Normal
3 4 5 1 3 ⋅ ⋅ ⋅ MCI
4 1 4 0 3 ⋅ ⋅ ⋅ AD
...

...
...

...
...

...
...

500 0 0 1 1 ⋅ ⋅ ⋅ AD

Table 4: Reduction results by GA-RS.

Result Source
Reading Comprehension MMSE
Visuospatial Execution MoCA
Naming MoCA
Attention MoCA
Figure Copy Figure copying test
Figure Short Memory Figure copying test
Figure Delay Memory Figure copying test
IADL ADL
Word Delay Recall Word-List Learning test
Word AVG Word-List Learning test

tests significantly correlate with one another and must be
performed together), such as Visuospatial Execution, IADL,
Naming, Attention, and Word AVG.

5.3.1. Reduction Ratio. We used reduction ratio including the
reduction ratio of testing duration and the reduction ratio
of quantity of items as measurable metrics. Assume that the
number of condition attributes before and after reduction is
𝑚 and 𝑛, respectively. The reduction ratio 𝑟 is defined:

𝑟 =
(𝑚 − 𝑛)

𝑚
× 100%. (7)

Before reduction, the number of items is 34, while only
10 items left after reduction using the proposed method,
so we can conclude that the reduction ratio is 70.59%. The
experimental results indicate that using GA-RS to select
subset can reduce items dramatically.

Similarity, the reduction ratio of testing duration can
also be calculated using formula (7). In clinical practice, the
duration of finishing these scales varies a lot, which depends
on the subject’s state of cognitive impairment. According to
[47, 48], the performance time for the MMSE and the MoCA
is 13.4 minutes and 14.8 minutes on average, respectively.
Based on the past experience, a skilled clinician administers
the scale for more than one hour to complete all the 11 scales
mentioned above. By using the proposed model, clinicians
do not have to fiish all the scales but only need to complete
the selected testing items. Hence the test duration is reduced
greatly and ranges from 12 to 15 minutes with a mean time of
13.5 minutes and a standard deviation of 2.3 minutes.

5.3.2. Comparison with Multiple Classifiers. The constructed
Bayesian network structure is presented in Figure 3.

We compared some common used classifiers with
Bayesian network in order to select the well-performed
classifier. All these classifiers had the same input items (the
items selected by the above step). The result of comparison is
as shown in Table 5.

From Table 5, we could see that the Bayesian network
performed best in the four classifiers. Then, in order to fur-
ther prove the effectiveness of results, we compared the four
groups using Friedman test to see if a significant difference
emerged (Table 6). Table 6 shows the mean rank for each
classifier and Table 7 shows the result of the Friedman test.

In Table 7, 𝑃 = 0.001 < 0.05, there was a significant
difference between these four classifiers. However, the cross-
validation estimate of prediction error may lead to a high
variability in results. In order to validate the result further,
0.632 bootstrap was used to evaluate the performance, as
shown in Table 8.

Similar result came from Table 8 when compared with
Table 5. It suggested that Bayesian network performed better
than other three classifiers. And Friedman test was also
performed, as shown in Tables 9 and 10. We found that there
existed a significant difference between the four groups as
well. Because of low variance with only moderate bias, the
result got by 0.632 bootstrap was selected as the final result.

5.3.3. Classification Performance before and after Reduction.
In order to evaluate the validity of attributes reduction, we
used Bayesian network algorithm to compute the classifi-
cation performance before and after attributes reduction,
respectively, and to check whether or not the classification
performance had changed.

Each subject had been given the probability of each
classification. The highest probability was regarded as the
diagnosis of the model. Table 11 presents a summary of the
classification results before and after reduction.

From the variance of recall rate and precision rate after
attributes reduction as shown in Table 11, we found that
the recall rate and precision rate of each group decreased
a little, but less than 3.05%. We analyzed the result data
using Wilcoxon Signed-Rank Test. The calculated 𝑃 value
was 0.853 and larger than 0.05, so the null hypothesis was
true, which means that there was no significant statistical
difference between these two methods. In conclusion, the
comparative experimental results indicated that the proposed
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Figure 3: AD-related diagnosis assisting model.

Table 5: The comparison of classifiers by 10-fold validation.

Normal MCI AD ACC%
𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%)

BN 85.41 87.23 78.95 73.17 90.7 95.12 85.27
NN 77.27 79.07 69.05 64.44 86.05 90.24 77.52
C4.5 81.82 63.16 42.86 48.65 72.09 88.57 65.89
SMO 86.36 74.51 64.29 77.14 93.02 93.02 81.35
𝑅: recall rate; 𝑃: precision rate; ACC: accuracy; BN: Bayesian network; NN:
neural network.

Table 6: Ranks in Friedman tests.

Mean rank
Bayesian network 2.58
Decision tree (C4.5) 2.27
Neural network 2.50
SMO 2.66

Table 7: Test statistics in Friedman tests.

Chi-square 15.789
df 3
Asymp.Sig. 0.001

method could find the shortest or minimal reducts while
keeping high-quality classification performance.

5.3.4. Comparison with Comprehensive Cognitive Screening
Scales. Comprehensive cognitive screening scales measure
all important aspects of cognitive function, such as mem-
ory, language, visuospatial skills, attention, and executive
function.Themost commonly used comprehensive cognitive
screening scales include the MMSE and the MoCA. Our
computer-aided model also covers multiple aspects of cogni-
tive screening, so the comparison of recall rate and precision
rate between our model and these two scales is needed based
on the same dataset in order to evaluate the validity of our
model.

Table 8: The comparison of classifier by 0.632 bootstrap.

Normal MCI AD ACC%
𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%)

BN 84.55 84.91 75 76.39 91.94 89.81 83.73
NN 78.99 71.76 60.63 67.68 91.55 91.98 76.94
C4.5 71.90 66.67 46.45 50.26 79.15 80.29 66.24
SMO 84.71 79.46 63.03 69.63 89.57 87.91 79.61
𝑅: recall rate; 𝑃: precision rate; ACC: accuracy; BN: Bayesian network; NN:
neural network.

Table 9: Ranks in Friedman tests.

Mean rank
Bayesian network 2.59
C4.5 2.30
Neural network 2.54
SMO 2.57

Table 10: Test statistics in Friedman tests.

Chi-square 48.694
df 3
Asymp.Sig. 0.000

Table 11: Comparison of the classification performance before and
after attributes reduction by Bayesian network.

Normal MCI AD ACC%
𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%)

Before 86.36 84.44 76.19 76.19 90.7 92.86 84.50
After 84.55 84.91 75 76.39 91.94 89.81 83.73
𝑅: recall rate; 𝑃: precision rate; ACC: accuracy.

The MMSE is a questionnaire test that is used to screen
cognitive impairment. The total score is 30. If the score is
greater than or equal to 27 points, it means the subject has
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Table 12: Comparison with the MMSE and the MoCA.

Normal MCI AD ACC%
𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%) 𝑅 (%) 𝑃 (%)

MMSE 93.88 67.65 45.83 61.11 84.29 93.65 74.29
MoCA 68.89 86.11 81.82 60.00 80.39 93.18 77.14
Model 84.55 84.91 75.00 76.39 91.94 89.81 83.57
𝑅: recall rate; 𝑃: precision rate; ACC: accuracy.

a normal cognition. Below 27 points, scores can be divided
into several stages: severe cognitive impairment (≤9 points),
moderate cognitive impairment (10–18 points), andmild (19–
24 points) cognitive impairment [49]. The MoCA is also a
one-page 30-point test developed as a brief cognitive screen-
ing tool to detect mild-moderate cognitive impairment. The
suggested cut-off score onMoCA is 26, which yielded the best
balance between sensitivity and specificity for the MCI and
AD groups. We applied these criteria to our dataset, and the
result is showed in Table 12.

From Table 12, we found that the MMSE did not perform
well as a screening instrument for MCI due to the lack of
sensitivity to MCI [50]. Some researchers believe the low
sensitivity of the MMSE comes from the emphasis placed
on language items and a paucity of visuospatial items [51].
However, visuospatial skills and executive function had been
retained through our attributes reduction algorithm. So our
model performed much better than the MMSE on detecting
MCI, which is a very significant stage of AD. In general, our
model is a more effective tool for identifying different stages
of AD than the MMSE.

The MoCA is designed for the detection of MCI; that
is to say, it is developed to screen patients who has cog-
nitive impairment complaints but still performed in the
normal range on the MMSE. The MoCA is more sensitive
on detecting MCI than the MMSE, because the MoCA
focuses more on tasks of frontal executive functioning and
attention. Our model retained these key parts of the MoCA,
so its performance on detecting MCI was close to that of
the MoCA. Above all, our model was advantageous when
identifyingmultiple transition points betweendifferent stages
of AD, and it was not only designed for screening MCI.
Compared with the MoCA, our model had distinct advance
on differentiating normal and AD while almost keeping
the sensitivity of detecting MCI. This was more helpful for
primary clinicians to take target care and therapies.

We also performed Friedman test on these three groups
and the actual result of the Friedman test is shown in Tables
13 and 14. From the result, we can see that there is an overall
statistically significant difference between the mean ranks of
these three groups.

6. Discussion

This study proposed a computer-aided diagnosis model of
AD applied in primary clinics. In order to solve especially
the problem that cognitive screening based on multiple
neuropsychological scales was time consuming, GA-RS algo-
rithm was used to identify the most related items from
numerous rating scales while ensuring a satisfactory accuracy

Table 13: Ranks in Friedman tests.

Mean rank
MMSE 1.94
MoCA 1.98
Model 2.08

Table 14: Test statistics in Friedman tests.

Chi-square 3.756
df 2
Asymp.Sig. 0.043

of classification. The experimental results validated the effec-
tiveness of the proposed approach.

The benefits of this study are listed as follows.

(i) The proposed approach is suitable to be applied in the
primary clinics, because the clinician’s day is labor-
intensive, and the mean time of clinical interviewing
is limited for each patient. Clinicians are eager to have
a tool for the screening of AD without spending too
much time. The proposed approach reduces the test-
ing time for each patient while keeping classification
accuracy. Hence, such computer-aided approach is
applicable in clinical practice.

(ii) As an important merit of the proposed approach, it is
a computer-aided diagnostic tool based on multiple
neuropsychological rating scales, rather than neu-
roimaging, or biomarker. To the best of our knowl-
edge, there exist few reports providing a computer-
aided diagnosis method that is completely based
on multiple neuropsychological rating scales. Thus
our approach is suitable to be popularized in the
primary clinics which have no advanced imaging and
biological molecular equipment.

(iii) It is estimated by the specialists that there are 68
relevant AD scales in the world [52], most of which
have established the normative data and interpreta-
tion of scores in different countries. However, there
have been seldom studies on how to employ so many
rating scales to give a comprehensive diagnosis. For
instance, if a patient “MMSE = 27”, “MoCA = 23”, and
“ADL = 26,” then what is the comprehensive status of
the patient? It is relatively difficult for young general
practitioners to make diagnosis in primary clinics.
Our approach provides a new thought to solve this
problem in hopes of supplementing the research in
this field.

(iv) The proposed approach is based on neuropsycholog-
ical rating scales. Any disease that has no specific
golden criteria and needs a long test by rating scales
can try this method.

It should also bementioned that there remain some limits
to the approach proposed in this paper.

First of all, the chosen data might be bias, as all the cases
of the study were collected only in one hospital. Secondly,
there are some other types of dementia, such as Lewy body
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dementia and vascular dementia, which are difficult to be
distinguished from AD for young practitioners. The cases of
these diseases are not included in our dataset, so clinicians
must differentiate diagnosticmethods for these diseaseswhen
using our model. Thirdly, the classification performance of
Bayesian Network does not perform as well as expected,
moremachine learning algorithm can be tried to improve the
classification performance. Finally, the number of subjects
is still limited and more subjects are necessary in order to
generalize the results to a larger population.

7. Conclusion and Future Work

The increasing aging population has led to a high increase
in the prevalence of AD. Due to the fact that targeted care
and therapies may slow down the progression of disease, the
identification of different stages of AD is very important. In
this paper, we proposed a computer-aided diagnosis method
forADbased on analyzing the practical scores of rating scales.
We especially identified the most discriminative items based
on rough set theory and genetic algorithm.The selected items
cover multiple cognitive domains and can be administered
generally within 15 minutes. So it is user-friendly and is
quickly administered, it may be appropriate use in primary
clinics where assessment time is often limited. By comparing
the classification performance, the result showed that the
approach can effectively reduce the representation space of
the attributes whilst hardly decreasing classification preci-
sion.The data also indicated that it has satisfactory reliability
for bothMCI andAD comparing with other existed cognitive
screening scales.

Without doubt, opportunities for future research are
abundant. First, we plan to further evaluate the built model
with a perspective study in a real clinical setting. Second,
more rating scales for specific dementias are going to be
involved in the training set data and more comprehensive
model for senile dementia will be built in the future work.
Based on above work, a “three-level medical service network”
for AD is going to be built in the near future and different
computer-aided diagnosis tools for each level hospital will be
developed; for example, the simple cognitive screening tool
helps clinicians in primary clinics to judge whether patients
suffer from cognitive impairment; the advanced cognitive
assessment tool helps clinicians in second class hospitals to
estimate the severity of cognitive impairment; the compre-
hensive assisted diagnosis tool is designed for clinicians in top
hospitals to differentiate the types of dementia. The setup of
such network will improve diagnosis accuracy of AD greatly
and reduce the burden on public health care resource.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This work was supported by the National High Technology
Research andDevelopment Program of China (863 Program)

under Grant no. 2012AA02A601 and the National Science
and Technology Major Project of China under Grant no.
2013ZX03005012.

References

[1] C. S. Porto, H. C. Fichman, P. Caramelli, V. S. Bahia, and R.
Nitrini, “Brazilian version of the mattis dementia rating scale:
diagnosis of mild dementia in alzheimer’s disease,” Arquivos de
Neuro-Psiquiatria, vol. 61, no. 2B, pp. 339–345, 2003.

[2] R. A. Sperling, P. S. Aisen, L. A. Beckett et al., “Toward defining
the preclinical stages of Alzheimer’s disease: recommendations
from the National Institute on Aging-Alzheimer’s Association
workgroups on diagnostic guidelines for Alzheimer’s disease,”
Alzheimer’s & Dementia, vol. 7, no. 3, pp. 280–292, 2011.

[3] G.M.McKhann, D. S. Knopman, H. Chertkow et al., “The diag-
nosis of dementia due toAlzheimer’s disease: recommendations
from the National Institute on Aging-Alzheimer’s Association
workgroups on diagnostic guidelines for Alzheimer’s disease,”
Alzheimer’s and Dementia, vol. 7, no. 3, pp. 263–269, 2011.

[4] J. Rhodes-Kropf, “Palliative care for patients with Alzheimer’s
dementia: advance care planning across transition points,” in
Choices in Palliative Care, pp. 144–156, Springer, 2007.

[5] M. F. Folstein, S. E. Folstein, and P. R. McHugh, ““Mini-mental
state”: a practical method for grading the cognitive state of
patients for the clinician,” Journal of Psychiatric Research, vol.
12, no. 3, pp. 189–198, 1975.

[6] C. P. Hughes, L. Berg, and W. L. Danziger, “A new clinical scale
for the staging of dementia,” The British Journal of Psychiatry,
vol. 140, no. 6, pp. 566–572, 1982.

[7] Z. S. Nasreddine, N. A. Phillips, V. Bédirian et al., “The Mon-
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[22] J. Ramı́rez, J. M. Górriz, F. Segovia et al., “Computer aided
diagnosis system for the Alzheimer’s disease based on partial
least squares and random forest SPECT image classification,”
Neuroscience Letters, vol. 472, no. 2, pp. 99–103, 2010.

[23] R. Chaves, J. Ramı́rez, J. M. Górriz et al., “SVM-based
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Image segmentation is one of the most important tasks in medical image analysis and is often the first and the most critical
step in many clinical applications. In brain MRI analysis, image segmentation is commonly used for measuring and visualizing
the brain’s anatomical structures, for analyzing brain changes, for delineating pathological regions, and for surgical planning
and image-guided interventions. In the last few decades, various segmentation techniques of different accuracy and degree of
complexity have been developed and reported in the literature. In this paper we review the most popular methods commonly used
for brain MRI segmentation. We highlight differences between them and discuss their capabilities, advantages, and limitations.
To address the complexity and challenges of the brain MRI segmentation problem, we first introduce the basic concepts of image
segmentation. Then, we explain different MRI preprocessing steps including image registration, bias field correction, and removal
of nonbrain tissue. Finally, after reviewing different brain MRI segmentation methods, we discuss the validation problem in brain
MRI segmentation.

1. Introduction

Over the last few decades, the rapid development of nonin-
vasive brain imaging technologies has opened new horizons
in analysing and studying the brain anatomy and function.
Enormous progress in accessing brain injury and exploring
brain anatomy has been made using magnetic resonance
imaging (MRI). The advances in brain MR imaging have
also provided large amount of data with an increasingly high
level of quality. The analysis of these large and complex MRI
datasets has become a tedious and complex task for clini-
cians, who have to manually extract important information.
This manual analysis is often time-consuming and prone
to errors due to various inter- or intraoperator variability
studies.These difficulties in brain MRI data analysis required
inventions in computerized methods to improve disease
diagnosis and testing. Nowadays, computerized methods
for MR image segmentation, registration, and visualization
have been extensively used to assist doctors in qualitative
diagnosis.

Brain MRI segmentation is an essential task in many
clinical applications because it influences the outcome of
the entire analysis. This is because different processing steps
rely on accurate segmentation of anatomical regions. For
example,MRI segmentation is commonly used formeasuring
and visualizing different brain structures, for delineating
lesions, for analysing brain development, and for image-
guided interventions and surgical planning. This diversity
of image processing applications has led to development of
various segmentation techniques of different accuracy and
degree of complexity.

In this paper we review the most popular methods
commonly used for brain MRI segmentation. We highlight
differences between them and discuss their capabilities,
advantages, and limitations. To introduce the reader to
the complexity of the brain MRI segmentation problem
and address its challenges, we first introduce the basic
concepts of image segmentation. This includes defining 2D
and 3D images, describing an image segmentation prob-
lem and image features, and introducing MRI intensity
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Figure 1: Illustration of image elements in the MRI of the brain. An image pixel (𝑖, 𝑗) is represented with the square in the 2D MRI slice and
an image voxel (𝑥, 𝑦, 𝑧) is represented as the cube in 3D space.
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Figure 2: Illustration of image elements in 2D and 3D space. (a) In 2D space image elements (pixels) are represented with lattice nodes
depicted as a square. (b) In 3D space image elements (voxels) are represented with lattice nodes depicted as a cube.

distributions of the brain tissue. Then, we explain dif-
ferent MRI preprocessing steps including image registra-
tion, bias field correction, and removal of nonbrain tissue.
Finally, after reviewing different brain MRI segmentation
methods, we discuss the validation problem in brain MRI
segmentation.

2. Basic Concepts

2.1. 2𝐷 and 3D Images. An image can be defined as a function
𝐼(𝑖, 𝑗) in 2D space or 𝐼(𝑖, 𝑗, 𝑘) in 3D space, where 𝑖 =

0, . . . ,𝑀 − 1, 𝑗 = 1, . . . , 𝑁 − 1, and 𝑘 = 0, . . . , 𝐷 − 1

denote spatial coordinates. The values (or amplitudes) of
the functions 𝐼(𝑖, 𝑗) and 𝐼(𝑖, 𝑗, 𝑘) are intensity values and are
typically represented by a gray value {0, . . . , 255} inMRI of the

brain; see Figure 1. Every image consists of a finite set of image
elements called pixels in 2D space or voxels in 3D space. Each
image element is uniquely specified by its intensity value and
its coordinates (𝑖, 𝑗) for pixels and (𝑖, 𝑗, 𝑘) for voxels, where 𝑖
is the image row number, 𝑗 is the image column number, and
𝑘 is the slice number in a volumetric stack; see Figure 2.

To each image element is assigned a single value based
on the average magnetic resonance characteristics present
in the tissue corresponding to that element. The size of the
element determines the spatial resolution, or the fineness of
detail that can be distinguished in an image. Voxel/pixel sizes
vary depending on imaging parameters, magnet strength, the
time allowed for acquisition, and other factors, but often in
standard MRI studies voxel sizes are on the order of 1-2mm.
Greater spatial resolution can be obtained with a longer
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Figure 3: An example of the brain MRI segmentation with an original MR image (a) and segmented image with three labels: WM, GM, and
CSF (b).

scanning time, but this must be weighed against patient
discomfort. In adult brain MRI studies image acquisition
time is around 20min, while in pediatric MRI studies image
acquisition time is limited to between 5 and 15min.

2.2. Image Segmentation. The goal of image segmentation
is to divide an image into a set of semantically meaning-
ful, homogeneous, and nonoverlapping regions of similar
attributes such as intensity, depth, color, or texture. The
segmentation result is either an image of labels identifying
each homogeneous region or a set of contours which describe
the region boundaries.

Fundamental components of structural brain MRI anal-
ysis include the classification of MRI data into specific
tissue types and the identification and description of specific
anatomical structures. Classification means to assign to each
element in the image a tissue class, where the classes are
defined in advance. The problems of segmentation and
classification are interlinked because segmentation implies a
classification, while a classifier implicitly segments an image.
In the case of brain MRI, image elements are typically clas-
sified into three main tissue types: white matter (WM), gray
matter (GM), and cerebrospinal fluid (CSF); see Figure 3.The
segmentation results are further used in different applications
such as for analyzing anatomical structures, for studying
pathological regions, for surgical planning, and for visualiza-
tion.

Image segmentation can be performed on 2D images,
sequences of 2D images, or 3D volumetric imagery. Most
of the image segmentation research has focused on 2D
images. If the data is defined in 3D space (e.g., obtained
from a series of MRI images), then typically each image
“slice” is segmented individually in a “slice-by-slice” manner.
This type of segmenting 3D image volumes often requires a
postprocessing step to connect segmented 2D slices into a 3D
volume or a continuous surface. Furthermore, the resulting
segmentation can contain inconsistencies and nonsmooth

surface due to omitting important anatomical information
in 3D space. Therefore, the development of 3D segmentation
algorithms is desired for more accurate segmentation of
volumetric imagery. The main difference between 2D and
3D image segmentation is in the processing elements, pix-
els/voxels, respectively, and their 2D or 3D neighborhoods
(see Section 2.3) overwhich image features are calculated (see
Section 2.4). In practice, 2D image segmentation methods
can be extended to 3D space, but often with the cost of an
increased complexity of the method and slower computa-
tional time.

2.3. Modeling the Spatial Context. The use of spatial con-
text or neighborhood information is of great importance
in brain MRI segmentation. Unless the image is simply
random noise, the intensity of an image pixel/voxel is highly
statistically dependent on the gray intensities of its neighbors
(surrounding pixels/voxels). Markov random field (MRF)
theory provides a basis for modeling local properties of an
image, where the global image properties follow the local
interactions. MRF models have been successfully integrated
in various brain MRI segmentation methods to decrease
misclassification errors due to image noise [1–3].

First, let us introduce some notations. As has been
described in Section 2.1, every pixel (or voxel) in an image
can be represented with one node in the lattice P. Let 𝑥

𝑖

represent an intensity value of a single pixel (or voxel) with
a position 𝑖 in an image ⃗𝑥 = (𝑥

1
, . . . , 𝑥

𝑚
) defined over a finite

lattice P, where 𝑚 is the total number of image elements
(𝑚 = 𝑀𝑁 for a 2D image and 𝑚 = 𝑀𝑁𝐷 for a 3D image).
Let N = {N

𝑖
| ∀𝑖 ∈ P} denote a neighboring system for a

lattice P, where N
𝑖
represent a small neighborhood around

𝑖, not including 𝑥
𝑖
.

The nodes (pixels/voxels) in a latticeP are related to one
another via neighborhood systemN that can be defined as

N = {N
𝑖
| ∀𝑖 ∈ P} . (1)
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(a) (b)

Figure 4: (a) 2D and (b) 3D neighborhood configuration for the first, second, and third order, respectively.

The neighboring relationship has the following properties:

(i) a node 𝑖 does not belong to its own neighborhood: 𝑖 ∉
N
𝑖
;

(ii) the neighboring relationship is mutual:

𝑖 ∈ N
𝑖
 ⇐⇒ 𝑖


∈ N
𝑖
. (2)

The set of neighbors of 𝑖 can be defined as the set of
surrounding nodes within a radius of√𝑟 from the center 𝑖 :

N
𝑖
= {𝑖

∈ P | [dist(pixel

𝑖
, pixel

𝑖
)]
2
≤ 𝑟, 𝑖

̸= 𝑖} , (3)

where dist(𝑎, 𝑏) is the Euclidean distance between neighbor-
ing pixels 𝑎 and 𝑏 and 𝑟 ∈ Z : 𝑟 ≥ 0 is an integer number.

The first and the second order neighborhoods are the
most commonly used neighborhoods in image segmentation.
The first order neighborhood consists of 4 nearest nodes in a
2D image and 6 nearest nodes in a 3D image, while the second
order neighborhood consists of 8 nearest nodes in a 2D image
and 18 nearest nodes in a 3D image; see Figure 4.

Markov random field model can be represented with a
graph G ≜ (P,N), where P represents the nodes and
N determines the links (also called edges) that connect
the nodes according to the neighborhood relationship. Such
graph structure corresponds to an image, where nodes
correspond to pixels (or voxels) and the links connecting the
nodes represent the contextual dependency between pixels
(or voxels). More reading about MRF can be found in [4].

2.4. Image Features. Image features represent distinctive
characteristics of an object or an image structure to be seg-
mented. Features rely on numerical measurements, including
quantitative visual appearance and shape descriptors, that can
help to discriminate between the structures of interest and
their background.Theoutcomeof image segmentation highly
depends on appropriate feature selection (choosing the most
relevant features) and accurate feature extraction.

Typically, statistical approach is used for feature extrac-
tion and classification in MRI, where pattern/texture is
defined by a set of statistically extracted features represented
as a vector in multidimensional feature space. The statistical
features are based on first and second order statistics of gray
level intensities in an image. First order features are derived
from the image grey value histogram and include the inten-
sity,mean,median, and standard deviation of the pixel values.

Since these features do not incorporate any information on
the spatial distribution of the pixel values, they are often used
in combination with second order features. Second order
descriptors are used to describe image texture and are typi-
cally computed using gray level cooccurrencematrix [5]. First
and second order features are often called appearance features
in the literature. This is because the visual appearance of an
object of interest is typically associated with its pixel or voxel
intensities (gray values in brain MRI) and spatial interaction
between intensities (intensity cooccurrence) in an image.

Image segmentation based on individual pixel/voxel
intensities (first order features) is feasible only when inten-
sities of an object of interest and its background differ to
a large extent. Then, the complete object or the majority
of its pixels/voxels can be separated from the background
by simply comparing the intensity values to the threshold
(the intensity value that clearly separates the object from
the background). The threshold is derived from the overall
intensity distribution of the image. In the presence of image
noise and other imaging artifacts, first order features are not
sufficient for accurate brain MRI segmentation. In this case
more powerful second order discriminative features have to
be used that include spatial interaction between intensities.
For instance, the appearance of tumour lesion in brain MRI
can be associated with spatial patterns of local pixel/voxel
intensity variations or empirical probability distributions of
intensity cooccurrences. In the spatial interaction models
each intensity depends on a subset of the neighboring
intensities; see Figures 5 and 4.Themost popular models that
can capture local spatial interactions between pixels/voxels
intensities are MRF models [4].

Additionally, image segmentation performance can be
also improved by incorporating probabilistic prior shape
models, which have been extensively used in medical image
segmentation [6–10]. The probabilistic prior shape models
specify an average shape and variation of an object of interest
and are typically estimated from a population of coaligned
images of the object (training data sets) [11].

One of the most popular features for image segmentation
is edges. Edges refer to boundaries of an object surface where
the intensities change sharply [12]. Such changes are typically
detected by thresholding the first and second order spatial
derivatives of the intensities (the intensity gradient and
Laplacian). However, edges detected in this way are sensitive
to image noise [13] and often require image smoothing as a
preprocessing step [14, 15].
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Figure 5: Illustration of 2D (a) and 3D (b) spatial interactions between neighboring pixel/voxel intensities.

Another more robust method for edge detected is the
phase congruency method [16, 17], which is a frequency-
based method for feature detection. This feature detection
method, using local phase and energy, is based on a plau-
sible model of how mammalians detect edges suggested
by Morrone and Owens [18] and successfully explains the
psychophysical effect of human feature perception. Instead of
searching the pixels/voxels in the image with sharp intensity
changes, features such as step edges, lines, and corners are
detected at points where the Fourier components of the image
are maximally in phase.

2.5. Intensity Distribution in Brain MRI. The intensity of
brain tissue is one of the most important features for
brain MRI segmentation. However, when intensity values
are corrupted by MRI artifacts such as image noise, partial
volume effect (PVE), and bias field effect, intensity-based
segmentation algorithms will lead to wrong results. Thus,
to obtain relevant and accurate segmentation results, very
often several preprocessing steps are necessary to prepare
MRI data. For instance, it is necessary to remove background
voxels, extract brain tissue, perform image registration for
multimodal segmentation, and remove the bias field effect;
see Figure 6.

In the case when the bias field, nonbrain structures
(e.g., the skull and the scalp) and background voxels are
removed, the histogram of the adult brain MRI has three
main peaks corresponding to the threemain tissue classes; see
Figure 8(a). In the healthy adult brain, the intensity variation
within tissue is small and the intensities inside the brain can
be considered to be a piecewise constant intensity function,
corrupted by noise and PVE. The PVE describes the loss of
small tissue regions due to the limited resolution of the MRI
scanner. It means that one pixel/voxel lies in the interface
between two (ormore) classes and is amix of different tissues.
This problem is even more critical in imaging of the small

neonatal brain. The correction of PVE will be addressed in
Section 4.6.

It has been shown that the noise in the magnitude images
is governed by a Rician distribution, based on the assumption
that the noise on the real and imaginary channels is Gaussian
[19].Theprobability density function for a Rician distribution
is defined as

𝑓Rice (𝑥) =
𝑥

𝜎2
exp(−

(𝑥2 + ]2)
2𝜎2

)𝐼
0
(
𝑥]
𝜎2
) , (4)

where 𝑥 is the measured pixel/voxel intensity, ] is the image
pixel/voxel intensity in the absence of noise, 𝜎 is the standard
deviation of the Gaussian noise in the real and the imaginary
images, and 𝐼

0
is the zero-order modified Bessel function of

the first kind. The Rician probability density function (PDF)
is plotted in Figure 7(a) for several values of the signal-to-
noise ratio (SNR), where the SNR is defined as ]/𝜎 (the power
ratio between the signal and the background noise).

A special case of the Rician distribution is in image
regions where only noise is present and SNR = ]/𝜎 = 0 (e.g.,
in the dark background areas of anMRIwhere noNMRsignal
is present). This special case of the Rician distribution where
] = 0 and 𝐼

0
= 1 is also known as the Rayleigh distribution:

𝑓Rayleigh (𝑥) =
𝑥

𝜎2
exp− 𝑥2

2𝜎2
. (5)

In the image regions where the NMR signal is present
and SNR ≥ 3, the noise distribution approximates a Gaussian
distribution; see Figure 7. Thus, the problem of Rician noise
in the brain MRI is often simplified in practice by assuming
the Gaussian distribution for the noise:

𝑓Gauss (𝑥) =
1

𝜎√2𝜋
exp(−

(𝑥 − 𝜇)
2

2𝜎2
) , (6)
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Figure 6: Preprocessing steps: (a) the original T
1
-W MR image of the adult brain; (b) the brain tissue image after removing nonbrain

structures; (c) the bias field; (d) the brain tissue image after bias field correction.
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Figure 7: (a) The PDF for the Rician distribution. (b) The PDF for the Gaussian distribution.
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Figure 8: (a) Histogram of a bias-corrected T
1
-WMRI of an adult brain. Histograms of the tissue classes are based on manual segmentation

and distributions slightly differ from the Gaussian distribution due to partial volume effect. (b) Histogram of a 1.5 T T
1
-WMRI of a neonatal

brain. The difference between the neonatal and the adult brain histogram is the existence of the myelinated and nonmyelinated WM in
neonates, which are separated with GM intensities. Since nonmyelinated WM is more dominant than myelinated WM, T

1
-W MRI shows

inverted WM/GM intensities in neonates in comparison to adults.

where 𝑥, 𝜎, and 𝜇 are the intensity, the standard deviation,
and the mean value, respectively. Due to this approximation,
the histogram of a bias-corrected brain MRI in the presence
of noise can be described with a Gaussian mixture model
(GMM), where each tissue class (WM, GM, and CSF) is
modeled by aGaussian distribution.However, in the presence
of partial volume effects the tissue intensity distributions
slightly diverge from a Gaussian distribution, as can be seen
from the histogram in Figure 8(a) where histograms of the
tissue classes are based on manual segmentation. Recently,
the 𝛼-stable distribution mixture model is also suggested as
an alternative to the Gaussian mixture model to model the
histogram of MRI data for more complex MRI segmentation
[20]. Note that the 𝛼-stable distribution is a generalization of
the Gaussian distribution.

The MRI intensity distribution of the neonatal brain is
more complex because the intensity variability within tissue
cannot be neglected due to the process of myelination. The
histogram of 1.5 T T

1
-W MRI of the neonatal brain is shown

in Figure 8(b). The difference between the neonatal and the
adult brain histogram is the existence of the myelinated and
nonmyelinated WM in neonates, which are separated with

GM intensities. Since nonmyelinated WM is more dominant
than myelinated WM, T

1
-W MRI shows inverted WM/GM

intensities in neonates in comparison to adults.

2.5.1. 𝑇
1
-W and 𝑇

2
-W Intensity Distribution. It can be noted

from the 1D histogram of the bias-corrected T
1
-W MRI of

an adult brain in Figure 8(a) that there is an overlap between
different tissue classes. Also, it can be seen that an overlap
between WM and GM tissue is higher than between GM
and CSF. This overlap between the class distributions can
cause ambiguities in the decision boundaries when intensity-
based segmentation methods are used [21]. However, many
researchers showed that adding additional MRI sequences
with different contrast properties (e.g., T

2
-W MRI, Proton

DensityMRI) can improve intensity-based segmentation and
help separate the class distributions [22–24]; see Figure 13.

3. MRI Preprocessing

After MRI acquisition several preprocessing steps are neces-
sary to prepare MR images for segmentation; see Figure 6.
The most important steps include MRI bias field correction,
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image registration (in the case ofmultimodal image analysis),
and removal of nonbrain tissue (also called a brain extrac-
tion).

3.1. Bias Field Correction. The bias field, also called the inten-
sity inhomogeneity, is a low-frequency spatially varying MRI
artifact causing a smooth signal intensity variation within
tissue of the same physical properties; see Figure 6. The bias
field arises from spatial inhomogeneity of the magnetic field,
variations in the sensitivity of the reception coil, and the
interaction between the magnetic field and the human body
[25, 26]. The bias field is dependent on the strength of the
magnetic field.WhenMR images are scanned at 0.5 T, the bias
field is almost invisible and can be neglected. However, when
MR images are acquiredwithmodern high-fieldMR scanners
with a magnetic field strength of 1.5 T, 3 T, or higher, the bias
field is strong enough to cause problems and considerably
affect MRI analysis. In practice, trained medical experts
can make visual MRI analysis to certain levels of intensity
inhomogeneity (10%–30%) [26]. In contrast, the performance
of automatic MRI analysis and intensity-based segmentation
methods decreases greatly in the presence of the bias field; see
Figure 9.This is becausemost of the segmentation algorithms
assume intensity homogeneity within each class. Therefore,
the correction of the bias field is an important step for the
efficient segmentation and registration of brain MRI.

The bias field is typically modeled as low-frequency
multiplicative field [26, 27]. Suppose that we place all image
elements 𝐼(𝑖, 𝑗, 𝑘), 𝑖 = 0, . . . ,𝑀 − 1, 𝑗 = 0, . . . , 𝑁 − 1, and 𝑘 =
0, . . . , 𝐷 − 1, into an m × 1 column vector ⃗𝑥 = (𝑥

1
, . . . , 𝑥

𝑚
),

where 𝑥
𝑖
, 𝑖 = 1, . . . , 𝑚, represents the observed intensity of

the 𝑖th voxel and 𝑚 = 𝑀𝑁𝐷 is the total number of image
elements. The degradation effect of each image voxel 𝑥

𝑖
can

be expressed as

𝑥
𝑖
= 𝑥


𝑖
𝑏
𝑖
, 𝑖 = 1, . . . ,𝑀𝑁𝐷, (7)

where 𝑥
𝑖
is an ideal intensity of the 𝑖th voxel and 𝑏

𝑖
is

an unknown smoothly varying bias field. The problem of
eliminating the bias field is the task of estimating 𝑏

𝑖
.

If the intensities of MRI are logarithmically transformed,
the multiplicative bias field becomes an additive bias field as
follows:

log (𝑥
𝑖
) = log (𝑥

𝑖
) + log (𝑏

𝑖
) . (8)

This simplifiedmultiplicativemodel is used inmost state-
of-the-art bias correction methods to represent the bias field
[26–28]. However, in reality there are certain limitations to
the correctness of this model. Even though the model is
consistent with the variations arising from the sensitivity
of the receiver coil, the relationship between the measured
and true intensities in MRI is more complicated. This is
due to nonuniformity of the induced currents and spatial
inhomogeneity of the excitation field, which depends on the
geometry and electromagnetic properties of the subject as
well as the coil polarization and pulse sequence [26]. In
spite of these difficulties, the multiplicative low-frequency
model is successfully used in practice to model the intensity
inhomogeneity in brain MRI.

In the literature, various methods have been proposed to
correct the bias field in MRI. One of the earliest methods
proposed to correct the bias field is based on the manual
labeling of the brain tissue voxels, which are then used to
reconstruct the bias field in form of a parametric surface.
The main disadvantage of this surface fitting method is
the need for manual interaction. The bias field can be also
estimated and corrected by using low-pass filtering [29], but
this approach can introduce additional artifacts in the image
because it also removes the low-frequency component of the
true image data. Both the surface fitting method and the low-
pass method can be improved and made fully automatic if
they are coupled with automatic segmentation of the brain
[30, 31]. Other approaches for the bias field correction include
minimizing the image entropy [32], fitting the histogram of
the local neighbourhood to global histogram of the image
[28], maximizing the high-frequency content of the image
[26], and using a registered template image [27].

The template is an image/volume which encodes the
average probability of finding different kinds of tissues at
each spatial location. The anatomical template is obtained by
normalizing, aligning, and averaging of anatomical images
from several different subjects. All the images are normal-
ized in a standard stereotaxic space such as the Montreal
Neurological Institute (MNI space) [33]. MNI is widely used
to provide a common reference for the 3D localization of
functional activation foci and anatomical structures, enabling
the comparison of results obtained across different studies.
The standard probabilistic atlas of the human brain consists
of a template and three tissue probability maps forWM, GM,
and CSF [33]. The tissue probability maps are obtained by
normalizing and averaging a number of segmented subjects.
The probabilistic atlas then describes the anatomical variabil-
ity of the brain.

Image registration is a necessary step for the inclusion
of probabilistic atlases as a prior knowledge of the brain
anatomy into the segmentation method. A probabilistic atlas
is often used to initialize and constrain the segmentation pro-
cess. The prior knowledge of the brain anatomical structures
can increase the robustness and accuracy of a segmentation
method; see Section 4.3.

3.2. Image Registration. Image registration is the process of
overlaying (spatially aligning) two or more images of the
same content taken at different times, from different view-
points, and/or by different sensors. Registration is required in
medical image analysis for obtainingmore complete informa-
tion about the patient’s healthwhen usingmultimodal images
(e.g., MRI, CT, PET, and SPECT) and for treatment verifi-
cation by comparison of pre- and postintervention images.
In medical image registration the term coregistration is
used for intrasubject registration (the alignment multimodal
images of the same subject), realignment is used for motion
correctionwithin the same subject, and normalization is used
for intersubject registration when several population groups
are studied.

Image registration involves finding the transformation
between images so that corresponding image features are
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Figure 9: Influence of the bias field on brain MRI segmentation. (a) An example of the sagittal brain MRI slice with bias field is shown in the
top of the figure. The image histogram is shown in the middle and the three-label segmentation in the bottom. (b) The bias-corrected MRI
slice is shown in the top, the corresponding histogram in the middle, and three-label segmentation in the bottom.

spatially aligned.The spatial alignment is typically initialized
using rigid or affine transformation [34]. A rigid transforma-
tion is a 6-parameter transformation composed of translation
and rotation. If scaling and skewing are allowed, we obtain
a 12-parameter affine transformation. A rigid registration
is sufficient for intrasubject registration if the object of
interest does not deform. This is a reasonable assumption
for images of the brain if these are acquired at the same
stage of brain development. However, if the task is to match

images belonging to either different subjects (intersubject
registration) or the same subject at different stages of brain
development (e.g., growth in children, changes related to
ageing, or atrophy due to disease), a nonrigid registration
of the images is required to obtain satisfactory results. The
nonrigid registration algorithms are typically based on either
physical models for transformation such as elastic [35] or
fluid deformation models [36] or a linear combination of
smooth basis functions [37] or free-form deformations [38].
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(a) (b) (c)

Figure 10: Result of brain extraction on a T
1
MR image in an axial plane. (a) shows the original T

1
-W MRI. (b) depicts the estimated brain

mask. (c) presents an overlap of the brain mask and original MR image.

However, the problems in intersubject brainMRI registration
will arise when brains include lesions or diseases, because
it is not possible to match the same structures between
healthy and diseased brains. A general review of registration
techniques can be found in [39–41].

3.3. Removal of Nonbrain Tissue. Nonbrain tissues such as fat,
skull, or neck have intensities overlapping with intensities of
brain tissues. Therefore, the brain has to be extracted before
brain segmentation methods can be used. This step classifies
voxels as brain or nonbrain. The result can be either a new
image with just brain voxels or a binary mask, which has a
value of 1 for brain voxels and 0 for the rest of tissues. In
general, the brain voxels comprise GM, WM, and CSF of
the cerebral cortex and subcortical structures, including the
brain stem and cerebellum. The scalp, dura matter, fat, skin,
muscles, eyes, and bones are always classified as nonbrain
voxels.

The common method for brain extraction is to use prior
information of the brain anatomy. A deformable template
can be registered with an image and nonbrain tissue is then
removed by transferring the brain mask from the template
[42]. However, brain extraction using a probabilistic atlas
is usually not very accurate and can cause misclassification
around the brain boundary. An alternative method for
extracting the brain is the brain extraction tool (BET) [43,
44], which is part of the publicly available software package
FSL. This method finds the center of gravity of the brain and
then inflates a sphere until the brain boundary is found. It
has been proven to work in practice on good quality T

1
-W

and T
2
-W images of the adult brain. An example of the brain

extraction is shown in Figure 10.

4. MRI Segmentation Methods

In general, MRI segmentation is not a trivial task, because
acquired MR images are imperfect and are often corrupted
by noise and other image artifacts. The diversity of image

processing applications has led to development of various
techniques for image segmentation [45–54]. This is because
there is no single method that can be suitable for all images,
nor are all methods equally good for a particular type of
image. For example, some of the methods use only the
gray level histogram, while some integrate spatial image
information to be robust for noisy environments. Some
methods use probabilistic or fuzzy set theoretic approaches,
while some additionally integrate prior knowledge (specific
image formation model, e.g., MRI brain atlas) to further
improve segmentation performance.

However, most of the segmentation methods developed
for one class of images can be easily applied/extended to
another class of images. For example, the theory of graph
cuts, although firstly developed for binary images [55], can be
modified and used for MRI segmentation of the brain tissue.
Also, unsupervised fuzzy clustering [45, 56, 57] has been
successfully applied in different areas such as remote sensing,
geology, and medical, biological, and molecular imaging.

The segmentation methods, with application to brain
MRI, may be grouped as follows:

(i) manual segmentation;
(ii) intensity-based methods (including thresholding,

region growing, classification, and clustering);
(iii) atlas-based methods;
(iv) surface-based methods (including active contours

and surfaces, and multiphase active contours);
(v) hybrid segmentation methods.

4.1. Manual Segmentation. Manual segmentation refers to
the process where a human operator (e.g., expert physician)
segments and labels an image by hand. This segmentation is
typically done in a “slice-by-slice” manner for 3D volumetric
imagery. The manual method is believed to be the most
accurate because of the difficulty to accurately and reliably
delineate structures in medical images. The segmentation
difficulties are related to image quality and artifacts.
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Figure 11: (a) Gray level histogram that can be partitioned by a single threshold. (b) Gray level histogram that can be partitioned by multiple
thresholds.

Given the improvements achieved over the past years by
imaging tools (e.g.,MR scanners resolve images atmillimetric
resolution), the manual segmentation has become an inten-
sive and time-consuming task. A trained operator typically
has to go through around eighty 512 × 512 images, slice by
slice, to extract the contours of the target structures. This
manual segmentation is not only tedious but also particularly
prone to errors, as assessed by various intra- or interoperator
variability studies [58, 59]. Also, manual segmentation results
are often difficult and even impossible to reproduce, because
even experienced operators show significant variability with
respect to their own previous delineation.

However, manual segmentation is still intensively used
for defining a surrogate for true delineation (called “ground
truth”) and quantitative evaluation of automated segmenta-
tion methods. Also, manual segmentation of different brain
structures is a fundamental step in brain atlas formation and
is used in atlas-based segmentation approaches [50, 51, 60].

For manual delineation, editing tools such as ITK-SNAP
[61, 62] usually display 3D data in the form of 3 synchronized
2D orthogonal views (sagittal, coronal, and axial) onto which
the operator draws the contour of the target structure. The
output data therefore consists of a series of 2D contours from
which a continuous 3D surface has to be extracted. This is
a nontrivial postprocessing task and is prone to errors. For
instance, due to interslice inconsistencies in segmentation,
bumps in the reconstructed 3D surface are inevitable. More
robust segmentation methods can usually be derived from
true 3D structure models in that they can ensure globally
smoother and more coherent surfaces across slices.

4.2. Intensity-Based Methods. Intensity-based segmentation
methods classify individual pixels/voxels based on their
intensity. In the case of the brain MRI, three main tissue
classes, WM, GM, and CSF, can be distinguished based
on intensity; see Figure 3. A more detailed classification is
not possible because the intensity profiles of more detailed
brain structures overlap. Even separation of the three main
tissue classes based on intensity itself requires incorporating
tools for dealing with artifacts in MRI, such as intensity

inhomogeneity, noise, and partial volume, as well as overlap
in intensities of brain and nonbrain tissue (e.g., the scalp has
the same intensities as brain tissues).

Several intensity-based techniques are available for tissue
classification. The most common method is the use of
intensity histogram of all of the voxels and fitting Gaussian
functions to the distribution. The probability of a given
intensity corresponding to a given type of tissue can thus
be inferred and voxels are assigned to tissue types accord-
ingly. Additionally incorporating neighbourhood informa-
tion helps to give preference to spatially homogeneous
regions in the resulting segmentation. This can significantly
decrease misclassification due to random noise in the image
[1]. Additionally, probabilistic atlases can be included in the
classification to inform whether a given location in the brain
is likely to contain WM, GM, or CSF voxels [50].

4.2.1. Thresholding. Thresholding is the simplest image seg-
mentation method. A thresholding procedure uses the inten-
sity histogram and attempts to determine intensity values,
called thresholds 𝜏, which separates the desired classes. The
segmentation is then achieved by grouping all pixels between
thresholds into one class; see Figure 11. The thresholding
methods have many variations: global (single threshold) or
local threshold (depending on the position in the image),
multithresholding, adaptive thresholding, and so forth. In the
case of a single global threshold, segmentation of an image
𝐼(𝑖, 𝑗) is defined as

𝐼

(𝑖, 𝑗) = {

1, if 𝐼 (𝑖, 𝑗) > 𝜏,
0, if 𝐼 (𝑖, 𝑗) ≤ 𝜏,

(9)

where 𝐼(𝑖, 𝑗) is a segmented (thresholded) image, where
pixels labeled with 1 correspond to object and pixels labeled
with 0 correspond to background; see Figure 11(a).

Thresholding is fast and computationally efficientmethod
but does not take into account the spatial characteristics of
an image (neighborhood information). Thus thresholding
is sensitive to noise and intensity inhomogeneities. In low-
contrast images it tends to produce scattered groups of pixels
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Figure 12: An example of region growing segmentation of a brain lesion. (a) In the initialization step, a seed point is manually selected in the
lesion area. (b) The final segmentation result is a connected region and represents the lesion.

rather than connected regions and requires connectivity
algorithms as a postprocessing step.

In general, threshold-based segmentation methods are
not suitable for textured images. This is because the percep-
tual qualities of textured images are based on higher order
interactions between image elements or objects in the scene.
However, in brain MRI segmentation, thresholding can be
used to separate background voxels from the brain tissue or to
initialize the tissue classes in iterative segmentation methods
such as fuzzy C-means clustering. A survey on thresholding
techniques is provided in [63].

4.2.2. Region Growing. Region growing (also called region
merging) is a technique for extracting a connected region
of the image which consists of groups of pixels/voxels with
similar intensities [64]. In its simplest form, region growing
starts with a seed point (pixel/voxel) that belongs to the
object of interest. The seed point can be manually selected by
an operator or automatically initialised with a seed finding
algorithm. Then, region growing examines all neighboring
pixels/voxels and if their intensities are similar enough (satis-
fying a predefined uniformity or homogeneity criterion), they
are added to the growing region. This procedure is repeated
until no more pixels/voxels can be added to the region.

Region growing is suitable for segmentation of volumetric
imageswhich are composed of large connected homogeneous
regions.Thus, it is successfully used inmedical image analysis
to segment different tissues, organs, or lesions from MR
images. For example, it is used in brain MRI analysis for seg-
mentation of brain vessels [65], brain tumour segmentation
[66], or extraction of brain surface [67]. See an example of
region growing segmentation in Figure 12.

The main disadvantage of the region growing method is
its sensitivity to the initialization of seed point. By select-
ing a different seed point, the segmentation result can be
completely different. If seed point and homogeneity criterion
are not properly defined, the growing region can leak out

and merge with the regions that do not belong to the object
of interest. Also, region growing is sensitive to noise and
segmented regions in the presence of noise can become
disconnected or have holes. On the other hand, separate
regions can become connected in the presence of partial
volume effects.

4.2.3. ClassificationMethods. Classificationmethods use data
with known labels to partition image feature space. Image
features are typically intensity values but can be also related to
texture or other image properties. Classificationmethods can
be both supervised and unsupervised. Supervised classifica-
tion requires training images, which are manually segmented
and then used as references for automatic segmentation of
new images. Next to the manual interaction that is laborious
and time-consuming, another disadvantage of supervised
classification methods is that they generally do not take into
account the neighborhood information and thus they are
sensitive to noise. Also, the use of the same training set for
a large number of images can lead to biased results, which do
not take into account anatomical and physiological variability
between different subjects.

One of the simplest classifiers is the nearest-neighbor
classifier [68], where each pixel/voxel is classified in the
same class as the training datum with the closest intensity.
A generalization of this approach is the 𝑘-nearest-neighbor
(kNN) classifier, where the pixel/voxel is classified according
to the majority vote of the closest training data. The kNN
classifier is considered a nonparametric classifier because
it makes no underlying assumption about the statistical
structure of the data. It is especially suitable if a large number
of training data are available.

The kNN classification method was applied to brain MRI
segmentation by Warfield et al. [69]. In addition to image
intensities, Warfield used spatial localization of brain struc-
tures (classes) in form of a nonrigidly registered template as
an additional feature to enhance the classification process.
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The segmentation is then calculated in an iterative process by
interleaving the segmentation refinement with updating the
nonrigid alignment to the template. This procedure requires
manual selection of a large number of training samples for
each tissue class to train the kNNclassifier. Due to themanual
interaction in the training phase, the method is not fully
automatic and the results depend on particular choice of
the training set. Cocosco et al. [70] developed a method for
the robust selection of training samples to make the kNN
classification process fully automatic.Thismethod is reported
to dealwell with anatomieswhich differ from the probabilistic
atlas. However, it does not deal with the problem of natural
intensity variation within each tissue class. Both methods
require correction of the bias field as a preprocessing step.

One of the most commonly used parametric classifiers is
the Bayesian classifier [30].The Bayesian classifiermodels the
probabilistic relationships between the attribute set and the
class variables, which are then used for estimating the class
probability of the unknown variable. This model involves
Bayesian inference such as maximum a posteriori (MAP)
estimation, where the goal is to estimate the label output
image x̂ given the observed image y by minimizing the
posterior distribution 𝑃(x | y) of the possible labels x:

x̂ = argmax
x
𝑃 (x | y) . (10)

The Bayesian framework consists of three probability distri-
butions: the prior distribution𝑃( ⃗𝑥), the posterior distribution
𝑃(x | y), and the conditional distribution 𝑃(y | x) (also
called the likelihood). The prior distribution embodies the
knowledge of likely configurations before an actual image
is observed. The posterior distribution is derived after an
observation has been made and the likelihood is defined as
the probability of obtaining a particular observation given a
set of model parameters.

The Bayes rule describes the relation between the pos-
terior probability 𝑃(x | y), prior probability 𝑃(x), and like-
lihood 𝑃(y | x) as follows:

𝑃 (x | y) =
𝑃 (y | x) 𝑃 (x)

𝑃 (y)
. (11)

Using definition (11), the MAP estimate can be written as

x̂ = argmax
x

(
𝑃 (y | x) 𝑃 (x)

𝑃 (y)
)

= argmax
x

(𝑃 (y | x) 𝑃 (x)) ,
(12)

where 𝑃(y) can be omitted because it is a constant in the
case when y is known. Since in many cases the probability
distributions have exponential functions, this computation
can be simplified by using a logarithmic transform:

x̂ = argmax
x

(log𝑃 (y | x) + log𝑃 (x)) . (13)

In the case of the brain MRI segmentation, often it is
assumed that the pixel intensities are independent samples
from a mixture of Gaussian probability distributions. Train-
ing data is collected by obtaining representative samples

from each component of the Gaussian mixture accordingly.
Classification of new data is obtained by assigning each pixel
to the class with the highest posterior probability.

Bayesian classifiers are used in the expectation-max-
imization (EM) segmentation methods which have been
successfully implemented in several software packages used
in the medical imaging community: SPM [2], FAST [3],
FreeSurfer [21], and 3DSlicer [71]. All these methods imple-
ment segmentation and bias correction in the EM framework.
They also include various additional improvements, such as
nonrigid alignment of atlas [2], including neighbourhood
information in the form of Markov random fields [3, 4] or
using the𝛼-stable distributionmixturemodel as a generaliza-
tion of the GMM [20]. More details about the Bayes’ theory
can be found in [72].

4.2.4. Clustering Methods. Clustering methods are unsu-
pervised segmentation methods that partition an image
into clusters of pixels/voxels with similar intensities without
using training images. In fact, clustering methods use the
available image data to train themselves. The segmentation
and training are done in parallel by iterating between two
steps: data clustering and estimating the properties of each
tissue class. The most commonly used clustering methods
are the k-means clustering [73], the fuzzy C-means clustering
[74, 75], and the expectation-maximisation (EM)method [1].

The k-means clustering method partitions the input data
into 𝑘 classes by iteratively computing a mean intensity for
each class (also called centroid) and segmenting the image
by classifying each pixel/voxel in the class with the closest
centroid. The 𝑘-means clustering is also known as a hard
classification method because it forces each pixel/voxel to
belong exclusively to one class in each iteration.The fuzzy C-
means clustering is soft classification method based on fuzzy
set theory [76]. It is a generalization of the k-means clustering
because it allows each pixel/voxel to belong tomultiple classes
according to a certain membership value.

TheFCMclustering algorithm is based onminimizing the
following objective function:

𝐽
𝑚
=

𝐶

∑
𝑖=1

𝑁

∑
𝑗=1

𝑢
𝑚

𝑖𝑗
𝐷
𝑖𝑗
, (14)

where 𝑁 is the number of image elements that need to be
partitioned into 𝐶 clusters, 𝑢

𝑖𝑗
is the membership function

of the element x
𝑗
(a feature vector at position 𝑗) belonging

to the 𝑖th cluster, 𝑚 is the weighting exponent that controls
the fuzziness of the resulting partition (most often is set to
𝑚 = 2, if 𝑚 = 1 we have the k-means clustering), and 𝐷

𝑖𝑗
is

the similaritymeasure between x
𝑗
and the 𝑖th cluster center v

𝑖
.

The most commonly used similarity measure is the squared
Euclidean distance𝐷

𝑖𝑗
=

x
𝑗
− v
𝑖



2

.
The objective function 𝐽

𝑚
(see (14)) is minimized under

the following constraints: 𝑢
𝑖𝑗
∈ [0, 1], ∑𝐶

𝑖=1
𝑢
𝑖𝑗
= 1 ∀𝑗, and

0 < ∑
𝑁

𝑗=1
𝑢
𝑖𝑗
< 𝑁 ∀𝑖. Considering these constraints and

calculating the first derivatives of 𝐽
𝑚
with respect to 𝑢

𝑖𝑗
and v
𝑖
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and setting them to zero result in the following two conditions
for minimizing 𝐽

𝑚
:

𝑢
𝑖𝑗
= [

𝐶

∑
𝑘=1

(
𝐷
𝑖𝑗

𝐷
𝑘𝑗

)

1/(𝑚−1)

]

−1

,

k
𝑖
=
∑
𝑁

𝑗=1
𝑢𝑚
𝑖𝑗
x
𝑗

∑
𝑁

𝑗=1
𝑢𝑚
𝑖𝑗

.

(15)

The FCM algorithm iteratively optimizes 𝐽
𝑚
, by eval-

uating (15), until the following stop criterion is satisfied:
max
𝑖∈[1,𝐶]


v(𝑙)
𝑖
− v(𝑙+1)
𝑖

∞
< 𝜖, where 𝑙 is the iteration index

and ‖⋅‖∞ is the 𝐿
∞

norm. Once a membership value 𝑢
𝑖𝑗
for

each class 𝑖 is assigned to each pixel 𝑗, defuzzification of the
fuzzy clusters {𝐹

𝑘
}
𝐶

𝑘=1
into its crisp version {𝐻

𝑘
}
𝐶

𝑘=1
is done by

assigning the pixel to the class with the highest membership
value as follows:

max
𝑖∈[1,𝐶]

(𝑢
𝑖𝑗
) = 𝑢
𝑘𝑗
⇒ x
𝑗
∈ 𝐻
𝑘
. (16)

The EM method is an iterative method for finding
maximum likelihood orMAP estimates of a statistical model.
It has the same soft classification principle as FCM method
but typically assumes that MRI intensities of different brain
tissues can be represented with a Gaussian mixture model.
Even though clustering methods do not require training
images, they do require some initial parameters and the EM
method has shown the highest sensitivity to initialization in
comparison to fuzzy 𝐶-means and k-means methods [1].

In general, the EM segmentation framework can be
described as follows.

EM Approach for Brain MRI Segmentation. Firstly, initialize
the EM algorithm. In the case of brainMRI segmentation, the
GMM is used to initially estimate model parameters. Then,
iterate between expectation step (E-step) and maximization
step (M-step) until convergence.

E-Step. Estimate the brain tissue segmentation given the
current estimate of model parameters. This step can include
the use of neighbourhood information (e.g., in the form of
MRF modeling).

M-Step. Estimate the model parameters.This step can consist
of a combination of the following steps.

(1) Estimate the intensity distribution parameters for
each tissue class.

(2) Estimate the bias correction parameters.
(3) Estimate the registration parameters for alignment of

probabilistic atlas with the image.

As it is the case with classification methods, clustering
methods initially do not incorporate spatial neighborhood
information and thus they are sensitive to noise and intensity
inhomogeneities. To improve the clustering performance for
images corrupted by noise, many extensions of the clustering
algorithms have been proposed [49, 57, 77–84]. The most

common approach is to include feature information (e.g.,
intensity values) of the neighboring pixels into the modified
FCM objective function [77, 79] or into a similarity measure
between cluster centers and image elements [80]. Ahmed et
al. [77] modified the objective function of the standard FCM
algorithm to allow the immediate neighbours of the pixel to
influence its labeling. Chen and Zhang [79] proposed two
improvements of the Ahmed et al. algorithm to reduce the
computational time. On the other hand, to keep the conti-
nuity from the FCM algorithm, Shen et al. [80] introduced
a new similarity measure that depends on spatial neighbour-
hood information, where the degree of the neighbourhood
attraction is optimized by a neural network. The clustering
performance can also be enhanced by combining pixel-wise
fuzzy classification with preprocessing (noise cleaning in the
original image) [49, 78] and postprocessing (noise cleaning
on the classified data) [78].

An example of the multimodal T
1
-W and T

2
-W MRI

clustering of the adult brain is shown in Figure 13(a). In
general, the shape of joints T

1
-W and T

2
-W MRI intensity

distributions of different tissue classes depends on the image
quality (the presence of noise, PVE, etc.). The shape of the
classified data depends on the applied segmentation method.
In the example in Figure 13(a), there is a small overlap among
classes due to the good quality MRI. Thus, the standard k-
means clustering method is used to segment the brain tissue
probability maps (see Section 4.2.4) and the final clusters are
indicated with different colors in the scatter plot of T

1
-W and

T
2
-W MRI in Figure 13(b). In general, when MRI artifacts

are present and there is a significant overlap among tissue
classes, the spatial information of the brain tissue is required
to disambiguate the classification problem.

4.3. Atlas-Based Methods. If an atlas or template of the
human brain for a specific population of interest is available,
then atlas-based methods can be a powerful tool for brain
MRI segmentation. The atlas contains information about the
brain anatomy (e.g., it contains the information about the
location of different brain structures) and it is used as a
reference (a prior knowledge) for segmenting new images.
The main advantage of these methods is the possibility to
segment any brain structure available in the atlas without
any additional cost. Conceptually, atlas-based approaches are
similar to classifier methods, except that they are imple-
mented in the spatial domain rather than in the feature space.

Before a probabilistic atlas can be used as a prior knowl-
edge, it has to be aligned with the image to be segmented.
Since the segmentation labels and the “ground truth” are
known for the atlas, all atlas information is transferred to the
target image after registration.Therefore, the performance of
atlas-based methods is directly dependent on quality of the
registration method used.

The traditional way of aligning the probabilistic atlas
with the image is to use affine registration. Unfortunately, an
affine alignment may not be sufficient if the brain anatomy of
interest differs significantly from the average atlas anatomy.
Pohl et al. therefore suggest aligning the atlas using nonrigid
registration [85]. However, in their later work Pohl reports
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Figure 13: (a) Joint 2D intensity histogram of T
1
-W and T

2
-W MRI of the adult brain. The associated 1D histograms of each MRI modality

are plotted on the left and top. Both individual histograms consist of three overlapped Gaussian distributions that approximate the expected
tissue distribution of GM, WM, and CSF. (b) The scatter plot of the tissue intensities after applying tissue segmentation. The horizontal axis
represents T

1
-W intensities and the vertical axis represents T

2
-W intensities. The red cloud corresponds to GM, the green to WM, and the

blue to CSF.

difficulties in registering anatomical template with the image
to be segmented using standard registration methods [86].
D’Agostino et al. developed a special similarity measure for
registering probabilistic maps directly to the new image
[87]. Recently, several methods have been developed which
aim to overcome this problem by iteratively refining the
segmentation and nonrigid registration of the probabilistic
atlas at the same time. Ashburner and Friston developed a
method for simultaneous segmentation, bias correction, and
nonrigid registration of a probabilistic atlas [2].

However, even with nonrigid registrationmethods, accu-
rate segmentation of complex structures is difficult due to
anatomical variability. Also, atlas-guided segmentation in
patients with brain deformations can be difficult and prone to
errors, because the probabilistic atlas is based on a population
of healthy subjects. For instance, in patients with brain
lesions or a brain anatomy that significantly differs from the
atlas template, the atlas alignment and the corresponding
segmentation of the brain will fail or give inaccurate results.
In these cases an atlas-based approach is not a suitable
method for image segmentation.

An aligned probabilistic atlas can be also used as a
good initial estimate of the segmentation, which is especially
important for EM-based methods, as EM algorithm is guar-
anteed to converge to local, not global, maxima. In addition,
most EM-based methods [2, 71] use the probabilistic atlas to
constrain the segmentation process where again the correct

alignment of the probabilistic atlas is crucial for successful
and accurate segmentation.

It is important to note that atlas-basedMRI segmentation
of the neonatal brain has become a research focus in recent
years [42, 51, 53, 88]. MRI segmentation of the neonatal
brain tissue is more complex than in adults due to fast
growth process, complex anatomy of the developing brain,
and often poor MRI quality. Therefore a probabilistic atlas
of the newborn brain that contains the spatial variability of
the tissue structure is used to segment different brain tissues
such as brain cortex, myelinated and nonmyelinated white
matter. However, a good atlas of the newborn brain is even
more difficult to obtain than in adults, mainly due to the
greater anatomical variations between subjects. Therefore, it
was necessary to develop a dynamic, probabilistic atlas for any
chosen stage of neonatal brain development (for ages of 29 to
44 weeks) [89].

4.4. Surface-Based Methods. In addition to intensity-based
and atlas-based methods, there are a number of alterna-
tive brain MRI segmentation approaches. These approaches
include surface-based methods, such as deformable models
including active contours and surfaces [46, 52, 54, 61, 90–93].

4.4.1. Active Contours and Surfaces. Deformable models are
also called active contours or snakes in 2D and active surfaces
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(a) (b) (c)

Figure 14: Segmentation of the brain surface using deformable models. (a) A closed curve is initialised inside the brain. (b)The segmentation
result of the brain surface in 2D. (c) 3D surface of the brain.

or active balloons in 3D. Deformablemodels were introduced
by Kass et al. [92] in 2D space and were further developed
and generalized in 3D space by Terzopoulos et al. [93,
94]. Deformable models use closed parametric curves or
surfaces for delineating region boundaries. The parametric
curves and surfaces deform under the influence of external
(or image) forces (controlled by the image attributes) and
the internal forces, which control the surface regularity. In
general, deformablemodels represent the fusion of geometry,
physics, and approximation theory. Geometry is used to
represent the shape of the object, physics defines constraints
on how the shape may vary over time and space, and
approximation theory provides mechanisms for fitting the
models to measured data. A visual example of segmentation
using deformable models is given in Figure 14.

To delineate a boundary of an object, first a closed curve
or surfaceS is placed near the desired boundary in an image.
Then, internal and external forces are deforming the curve
or surface in an iterative relaxation process where the energy
functional is defined as

𝐹 (S) = 𝐹int + 𝐹ext. (17)

The internal forces 𝐹int are computed from within the curve
or surface to keep it smooth throughout the deformation.
The external forces 𝐹ext are usually derived from the image
to deform the curve or surface towards the desired feature of
interest.

In traditional deformable models, image forces come
primarily from the local edge-based information (e.g., based
on the gradients of sharp image intensities) [95–97]. How-
ever, such reliance on edge information makes deformable
models sensitive to noise (e.g., deformable model can leak
through noisy edges) and highly dependent on the initial
estimate. There have been significant efforts to integrate
more global region information into deformable models.
The Mumford-Shah model [98] was one of the first region-
based methods where the image is approximated using a
smooth function inside the regions and not only at their

boundaries. Many variants of this model have been proposed
later [46, 90]. For instance, Chan and Vese [46] presented
a level set method which approximates an image with a
constant function inside the regions. Li et al. proposed a
region-based level setmethod for segmentation ofMRI in the
presence of intensity inhomogeneity. Furthermore, several
hybrid deformable models had been later proposed to make
use of both local (edge-based) and global (region-based)
information [99–102]. Sometimes the image data are not
sufficient to delineate the region of interest and thus prior
knowledge has to be introduced [103].

4.4.2. Multiphase Active Contours. The most popular Chan-
Vese level set method [46] has been successfully used in
segmenting images with two distinctive regions (images with
binary segmentation energies). In [104], Vese and Chan
extended their binary segmentation energies to a multiphase
level set formulation. In this way, multiple nonoverlapping
regions with spatial consistency and varying characteristics
(such as themean intensities of regions) could be represented
with multiple level set functions. This multiphase level set
approach was attractive for segmentation of brainMR images
which typically havemultiple regions of interest with different
characteristics. Starting from the Vese and Chan method
[104], different extension to multiphase active contours had
been developed [54, 105–108]. The advantage of multiphase
active contours to other approaches is their robustness to
image variations, adaptive energy functionals, topological
flexibility, and accurate boundaries.

Traditionally, active contours methods have nonconvex
energy minimization due to a gradient descent formulation.
In this way, energy minimization converges to undesirable
local minima and results in erroneous segmentations. Also,
the traditional level set implementation has slower conver-
gence due to discretization errors and the well-known reini-
tialization requirement. One of the first convex approaches
to the two-phase active contours segmentation was pro-
posed by Chan et al. [109]. Later on, several extensions to
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the more challenging multiphase problem have been pro-
posed [110, 111]. A lot of recent work has been dedicated to
developing new multiphase active contours not only with a
convex formulation, but also with a reduced computational
complexity [54, 105, 107]. Note that globally convex methods
are initialization independent.

4.5. Hybrid Segmentation Methods. New application-specific
brain MRI segmentation problems are emerging and new
methods are continuously explored and introduced. Since
a selection of the most appropriate technique for a given
application is often a difficult task, a combination of several
techniquesmay be necessary to obtain the segmentation goal.
Therefore, hybrid or combined segmentation methods have
been used extensively in different brain MRI segmentation
applications [78, 84, 112–120]. The main idea is to com-
bine different complementary segmentation methods into a
hybrid approach to avoid many of the disadvantages of each
method alone and improve segmentation accuracy.

Here are some examples of the hybrid brainMRI segmen-
tation methods. Kapur et al. [112] segmented different brain
tissues in adults using 2D MRI by combining expectation-
maximization segmentation, binary mathematical morphol-
ogy, and active contours models. Masutani et al. [113]
combined model-based region growing with morphological
information of local shape to segment cerebral blood vessels.
Warfield et al. [120] developed a combined 3D brainMRI seg-
mentation algorithm which iterates between a classification
step to identify tissues and an elastic matching step to align a
template of normal brain anatomy with the classified tissues.
Elastic matching step can generate image segmentation by
registering an anatomical atlas to a patient scan.

Furthermore, an unsupervised global-to-local brain MRI
segmentation is developed by Xue et al. [78]. They combined
minimum error global thresholding and a spatial-feature-
based FCMclustering to segment 3DMRI in a “slice-by-slice”
manner. In the work of Vijayakumar and Gharpure [117], a
hybrid MRI segmentation method, based on artificial neural
networks (ANN), is proposed for segmenting tumor lesions,
edema, cysts, necrosis, and normal tissue in T2 and FLAIR
MRI. More recently, Ortiz et al. [119] suggested an improved
brain MRI segmentation method using self-organizing maps
(a particular case of ANN) and entropy-gradient clustering.

Hybrid segmentation methods are also used for the
neonatal brain segmentation [115, 118]. For example, Despo-
tovic et al. [115] proposed a hybrid strategy to segment the
brain volume in neonates using T

1
-W and T

2
-W MRI by

combining thresholding, active contours, FCM clustering,
and morphological operations. Later on, Gui et al. [118] pro-
posed amorphology-driven automatic segmentationmethod
to segment different anatomical regions of the neonatal brain.

The main drawback of hybrid (combined) segmentation
methods is often the increased complexity in comparison
with each single method integrated into a hybrid one. This
includes a lower computational time and a higher number
of different parameters that needs to be tuned for a specific
application.Therefore, a hybrid segmentationmethod should
be carefully and wisely designed to give efficient and good
quality segmentation.

4.6. Partial Volume Effect Correction. As mentioned in
Section 2.5, the PVE problem is one of the most common
problems in brain MRI segmentation.The PVE describes the
loss of small tissue regions because of the limited resolution
of the MRI scanner and it is seen on MRI scans as a mix
of different tissues in a single pixel/voxel. This effect can
cause the misclassification of pixel/voxel that lies in the
transition between two (or more) tissues classes. Several
methods have been proposed to address the problem of PVE
in MRI segmentation for both adult and neonatal brains
[3, 42, 103, 121, 122].

One of the first approaches for the partial volume correc-
tion is the method by Santago and Gage [123]. They assumed
a uniform prior probability for mixed (nonpure) tissues and
calculated the intensity distribution of partial volume by
minimizing the distance between a model and an image
histogram. Another approach is proposed byNocera andGee
[124], where they used MRF to obtain spatial smooth vari-
ations of tissue mixing proportions and a MAP estimation
is then computed for partial volume segmentation. Later on,
Zhang et al. [3] employ a hidden Markov random field with
a finite mixture model to overcome possible PVE and bias
field distortions. In the work by Van Leemput et al. [122], a
statistical uniform framework for partial volume segmenta-
tion is presented without using a heuristic assumption for the
prior distribution ofmix proportions.They used a parametric
statistical image model where each voxel belongs to a single
tissue type and introduced an additional downsampling step
to cause partial volumes along the borders between tissues.
Then, they estimated the tissue mixing proportions by using
the expectation-maximization approach.

For all above-mentioned partial volume correctionmeth-
ods, very promising results have been reported for adult T

1
-

W MRI. However, these methods rely on the fact that the
intensity levels of partial volumes in adult MRI images do not
predominantly overlapwith the characteristic intensity of any
pure tissue class.This assumption is not possible for neonatal
MRI due to the inverted graywhite matter contrast and
great tissue overlap due to the existence of myelinated WM
and nonmyelinated WM; see Figure 8(b). Therefore, several
approaches have been proposed to address the PVE in neona-
tal MRI [42, 103]. Xue et al. [42] proposed method based on
expectation-maximization, Markov random field, and atlas
information to remove mislabeled voxels and correct errors
caused by PVE. They implemented a label propagation strat-
egy tomask off deepGMandmyelinatedWM,which enabled
the segmentation of cortical GM and nonmyelinatedWM. In
the paper of Wang et al. [103], a rather simple and effective
scheme is used to deal with the PVE problem and is based on
the anatomical observation that the misclassifiedWM voxels
are surrounded by the CSF and GM and that mislabeled CSF
voxels are unconnected from the true WM volume.

5. Validation of Brain MRI Segmentation

Validation and quantitative comparison of different segmen-
tation methods are a general problem in medical image
analysis. It requires a “ground truth” or gold standard to
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which the outcome of the segmentation method can be
compared. Unfortunately, the “ground truth” does not exist
for the analysis of in vivo acquired data in humans. Thus, the
“ground truth” of the real patients is typically generated after
image acquisition.

In brain MRI analysis, the “ground truth” for the real
patient data is usually made by one ormore expert physicians
who need to manually analyze and segment anatomical
structures of interest; see Section 4.1. Although this is the only
way to validate the real patientMRI data, this validationmust
be critically considered because the manual segmentation is
prone to errors, highly subjective, and difficult to reproduce
(even by the same expert) [59]. Also, this type of validation
is not always available because it is time-consuming and
depends on the human operator. Therefore, few alternative
validation methods evolved in the praxes to validate the
accuracy of the segmentation algorithms. The most popular
validation methods include the use of software simulations
and phantoms.

In software simulations, the artificial MR images are
generated with computer programs that simulate the real
acquisition process. In this way the “ground truth” is known
and the influence of different acquisition parameters and
imaging artifacts can be controlled and examined indepen-
dently. This type of validation is very flexible and easily
accessible by different researchers and can be performed with
little effort. However, a drawback of this validation is that
software simulators cannot take into account all factors that
might influence the real image acquisition and the simulated
images are only an approximation of the real images.

Since software simulations have certain limitations, val-
idation of new segmentation methods can be done using
human-like phantoms,whose physical properties (e.g., geom-
etry of the tissue structures and material properties) are
known and are similar to the in vivo properties.The phantom
images are generated using the MRI scanner and are more
realistic than images generatedwith software simulations. On
the other hand, the phantom images do not offer the flexibility
of the software simulations and imaging is more expensive
and labour intensive.

The most popular simulated images used for validation
of brain MRI segmentation methods are designed by Collins
et al. [125] and are also known as a realistic digital brain
phantom or simply BrainWeb. Images are freely available
online and easily accessible for all researchers to test the per-
formance of the new segmentation methods. The BrainWeb
data consists of 181 × 217 × 181 voxel matrix with a resolution
of 1mm× 1mm× 1mmand is available for different additive
noise levels. The noise level (expressed in percentages) is
relative to the average real and imaginary values of the overall
brightness of the tissue class. The noise is generated using a
pseudorandom Gaussian noise, which is added to both real
and imaginary components before the final magnitude value
of the simulated MR image is computed.

Beside the phantom BrainWeb data, the most popular
repository with real MRI data used for validation of brain
MRI segmentation methods is the Internet Brain Segmen-
tation Repository (IBSR) [126]. The IBSR repository is also
freely available online. It consists of 20 real T

1
-W MRI

brain data sets and manually guided expert segmentation
results, which are used as a “ground truth” segmentation.
Each MRI volume consists of about 60 coronal T

1
-W slices

with the interslice resolution of 3.1mm (thickness between
consecutive slices).

To quantify the overlap between the MRI segmentation
and the given “ground truth,” several similarity measures are
used in the literature. One of themost popularmeasures used
often with BrainWeb data is the Dice coefficient 𝜌

𝑖
[127]:

𝜌
𝑖
=
2
𝐴 𝑖⋂𝐵

𝑖


𝐴 𝑖

 +
𝐵𝑖

, (18)

where 𝑖 stands for a tissue type, 𝐴
𝑖
and 𝐵

𝑖
denote the set

of pixels labeled into 𝑖 by the “ground truth” and MRI
segmentation, respectively, and |𝐴

𝑖
| denotes the number of

elements in 𝐴
𝑖
. The Dice coefficient is in the range 0 ≤ 𝜌

𝑖
≤

1 and has value 0 if there is no overlap between the two
segmentations and 1 if both segmentations are identical.

The Tanimoto coefficient (also known as the Jaccard
index) is often used as a similarity measure with real IBSR
data. The Tanimoto coefficient T(𝑖) for each tissue type 𝑖 is
defined as follows:

T
𝑖
=

𝐴 𝑖⋂𝐵
𝑖


𝐴 𝑖

 +
𝐵𝑖
 −

𝐴 𝑖⋂𝐵
𝑖


, (19)

where 𝐴
𝑖
and 𝐵

𝑖
denote the set of pixels labeled into 𝑖 by the

“ground truth” and the segmentation method, respectively,
and 𝐴 𝑖

 denotes the number of elements in 𝐴
𝑖
. Note that

T(𝑖) ≤ 𝜌(𝑖) and 0 ≤ T(𝑖) ≤ 1.
More readings about similarity measures for evaluation

and validation in medical image analysis can be found in
[128].

6. Discussion and Conclusions

Image segmentation is an important step in many medi-
cal applications involving 3D visualization, computer-aided
diagnosis, measurements, and registration. This paper has
provided a brief introduction to the fundamental concepts of
MRI segmentation of the human brain and methods that are
commonly used.

In Section 2, we have defined the basic concepts necessary
for understanding MRI segmentation methods, such as 2D
and 3D image definition, image features, and brain MRI
intensity distributions. Following this, preprocessing steps
necessary to prepare images forMRI segmentation have been
described in Section 3.Themost important steps include bias
field correction, image registration, and removal of nonbrain
tissues or brain extraction. The correction of intensity inho-
mogeneity is an important step for the efficient segmentation
and registration of brain MRI. Image registration is required
in brain MRI segmentation for the alignment of multimodal
images of the same subject or several population groups taken
at different times and from different viewpoints.

Due to the rapid development of medical image modal-
ities, new application-specific segmentation problems are
emerging and new methods are continuously explored and
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introduced. Selection of the most appropriate technique for
a given application is a difficult task. In many cases, a
combination of several techniquesmay be necessary to obtain
the segmentation goal. Very often integration of multimodal
information (acquired fromdifferentmodalities or over time)
can help to segment structures that otherwise could not be
detected on single images.

The most popular image segmentation methods that are
used for brain MRI segmentation have been reviewed and
discussed in Section 4. Newer methods are usually designed
to bringmore accurate results by incorporating 3D neighbor-
hood information and prior information from atlases. As a
consequence, the segmentation process often becomes more
complex and time-consuming.The likely future research will
still focus not only on developing more accurate and noise-
robust methods, but also on improving the computational
speed of segmentation methods. Computational efficiency
will be particularly important in real-time processing appli-
cations such as computer guided surgery.

Probably one of themost important questions concerning
medical image segmentation is its use in real clinical settings.
It is undeniable that computerized segmentation methods
have shown their potentials and applicability in computer-
aided diagnosis and therapy planning. It is expected that
in the near future they will also become essential tools in
real clinical settings, particularly in qualitative diagnosis and
where 3D reconstruction and visualization of the anatomical
structures are important.
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This paper reports the performance of particle swarm optimization (PSO) for the assignment of blood to meet patients’ blood
transfusion requests for blood transfusion. While the drive for blood donation lingers, there is need for effective and efficient
management of available blood in blood banking systems. Moreover, inherent danger of transfusing wrong blood types to patients,
unnecessary importation of blood units from external sources, and wastage of blood products due to nonusage necessitate the
development of mathematical models and techniques for effective handling of blood distribution among available blood types
in order to minimize wastages and importation from external sources. This gives rise to the blood assignment problem (BAP)
introduced recently in literature. We propose a queue and multiple knapsack models with PSO-based solution to address this
challenge. Simulation is based on sets of randomly generated data that mimic real-world population distribution of blood types.
Results obtained show the efficiency of the proposed algorithm for BAP with no blood units wasted and very low importation,
where necessary, from outside the blood bank. The result therefore can serve as a benchmark and basis for decision support tools
for real-life deployment.

1. Introduction

Blood is a living tissue of unique medical value to the human
body [1]. It is responsible for carrying the substances needed
for healthy living to various parts of the body and carries
away those not needed as wastes. A normal blood is made up
of four different components, namely: red cells, white cells,
platelets, and plasma [1], which serve separate functions in
human organism and different use in the medical treatment
of patients in the hospitals or health clinics. The need for
blood every day in the hospitals for various reasons and
uses in the treatment of patients has made it become of
high demand. As a result, there exits collection sites where
blood is collected from donors, processed, and shipped to a
Hospital Blood Bank to be stored and be available to meet
the demands for transfusions to patients. Handling blood
transfusion in hospitals involves some complexities due to
blood compatibility issues and stochastic nature of the daily
demands for blood. Therefore, assignment of blood can be

seen as NP-Hard problem. As a limited resource with limited
shelf life, there is need for its efficientmanagement during the
process of assigning it to patients from hospitals blood banks.
The component of blood considered in this paper is the red
cells and it is made up of four main types, namely: A, B, AB,
and O. For convenience, blood type AB will be denoted by C
in this work.With the Rhesus factor [2], the number of blood
types is doubled, resulting in A+, A−, B+, B−, C+, C−, O+, and
O−. Optimizing the assignment of these components is the
focus of this paper.

The assignment problem is one of the basic combinatorial
optimization problems in the fields of discrete optimization.
Many optimization techniques have been used to solve
various assignment problems including vehicle assignment
problem, transportation problem, task allocation problem
(TAP), and blood assignment problem (BAP) [3–5]. For
instance, Jean et al. [3] used PSO to solve the problem of
allocating a set of cabs to some customers with the goal of
minimizing the distance traveled by the fleet with result that
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showed that PSO is capable of achieving optimal results. Simi-
larly, a discrete PSO (DPSO) and genetic algorithm (GA)were
compared for the problems of finding optimal solution to the
allocation of the expected number of people in flooded areas
to various types of available vehicle in an evacuation process
[6] with DPSO having better performance than GA. DPSO
has also shown great performance with different degrees of
difficult knapsack problems [7, 8]. In addition, experimental
results in [9] showed that DPSO algorithm is highly efficient
for solving the multiple knapsack problems (MKP) even with
large problem instances. This motivates the investigation of
DPSO in solving the BAP defined in this paper.

BAP recently stated attracting interests among meta-
heuristics and optimization researchers [2, 10–14] as the
sourcing for blood for transfusion purpose is currently posing
global challenge. An early work reported in [10] modelled
the problem as a multiobjective linear programming model
to help determine the best assignment of blood from donors
to requests. The model was based on variables that represent
the units of blood coming from both within the blood bank
and outside the system and assigned available blood on daily
basis depending on demand. A case study of Italian RedCross
System in Rome was considered. The model is however inca-
pable of handling global request of different blood types at the
same time. In [2] a dynamical systemmodel was developed to
handle themanagement of blood in a blood bank but without
considering Rhesus factors. The model in [2] was improved
upon in [11] where the authors modelled BAP as a MKP and
compared the performances of five different (meta)heuristics
in solving the problem.The goal was tominimize the amount
of blood unit imported from outside the blood banking
system. To further improve on the work in [11], a new cross
and mutation techniques were introduced into the algorithm
in [12] with the result that GA was reported as more efficient
than other compared techniques. In [13], two local search
optimization techniques, namely, dynamic programming and
greedy randomized adaptive search procedure (GRASP)were
tested for the BAP with GRASP performing better than
dynamic programming. Tabu search and simulated annealing
with their hybrid were also tested on BAP [14] where the
hybrid showed better results than the individual techniques.

The problem of assigning blood in blood bank system
principally involves attending to requests for blood and
accepting donated blood from donors with the lifespan of
each blood type of critical considerations.These activities are
on daily basis and stochastic in nature. In situations where
there is not enough volume of compatible blood type(s) to
meet demands, such blood types are imported from other
sources outside the blood bank system and this could be
very expensive. All these put together show that the objective
of assignment of blood in blood banks is to meet the daily
demand for blood and to minimize the volume as well as
the number of blood types imported from external source(s).
Also, the volume of expired blood should be minimized.
There is no report of the application of any swarm intelligence
algorithms to this new domain of BAP.This paper is therefore
set to investigate the application of a well-known swarm
intelligence algorithm, particle swarmoptimization (PSO), to
the BAP.

Table 1: Blood type compatibility with Rhesus factor.

Receiver Donor
A+ A− B+ B− C+ C− O+ O−

A+ YES NO NO NO NO NO YES YES
A− NO YES NO NO NO NO NO YES
B+ NO NO YES YES NO NO YES YES
B− NO NO NO YES NO NO NO YES
C+ YES YES YES YES YES YES YES YES
C− NO YES NO YES NO YES NO YES
O+ NO NO NO NO NO NO YES YES
O− NO NO NO NO NO NO NO YES

PSO was introduced in [15, 16]. It is a fast and efficient
technique used in solving complex and simple optimiza-
tion problems. This technique is nature-inspired and draws
inspiration from social behavior of animals, like birds and
fishes. Thus, it belongs to the swarm intelligence group of
evolutionary computation techniques. From the period of its
inception, it has been used by researchers to solve a wide
range of simple and complex optimization problems [17–24].

In the sections that follow, Section 2 gives the descrip-
tion of BAP considered in this paper. Section 3 describes
the method that was applied in solving the problem.
Section 4 focuses on the numerical simulations conducted
which comprises the analysis and discussion of results.
Finally, Section 5 concludes the paper and identifies some
possible areas of future research.

2. Problem Description for Blood Assignment

The blood bank stores and issues the appropriate blood
units to satisfy transfusion requests. On each day the bank
receives a random number of transfusion requests for each
blood type and each request for a random number of units.
Once a request is received, the appropriate number of units
of that type is removed from the bank upon successful
cross-matching. We will define demand to be the number
of units requested and usage to be the number of units
transfused. Any units which are not used within their shelf
life are considered expired and are discarded from the bank.
Normally, a patient should be transfused his or her own
blood type when there is a need for it. However, there could
be situations when the blood type in the bank may not be
enough to meet the blood units of the type requested. In
order to address such challenges compatible blood types are
supplied instead, where possible. The compatibility between
blood types is presented in Table 1 (in this paper, blood types
“C+” and “C−” refer to AB+ and AB− throughout and are
thus chosen for typo simplicity.). In the table, “YES” means
that there is compatibility between the donor and receiver,
while “NO” means there is no compatibility. Also, in the
table, it is evident that O− is the universal donor, while C+
is the universal receiver. In Republic of South Africa, 86%
of the population has positive Rhesus factor, while 14% have
negative Rhesus factor leading to the repartition presented
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Table 2: Proportion of blood types in South Africa2.

Blood type A+ A− B+ B− C+ C− O+ O−

Proportion (%) 32 5 12 2 3 1 39 7
2Source: South African National Blood Service—http://www.sanbs.org.za/
index.php/donors/what-s-your-type.

in Table 2 [2, 11–14]. Further description of the BAP can be
found in [2, 10, 12].

From the preceding description, it is evident that the
assignment of blood in blood banks is a complex problem.
Furthermore, it becomes more complex because blood prod-
ucts have limited shelf life. As a result, there is therefore
the need for algorithms that could efficiently assign available
blood resources in the blood bank to receivers, in order to
minimize the blood units imported from external source(s)
into the blood bank and at the same time minimize wastage
of blood unit because of their limited shelf life.

2.1. Objective Function. The objective function of the BAP is
given in (4). The aim is to minimize the volume of red blood
cells imported into the bank over a period of 𝑛 days:

min
𝑛

∑

𝑡=1

𝐼Total (𝑡) , (1)

where 𝐼Total(𝑡) = 𝐼O+(𝑡) + 𝐼O−(𝑡) + 𝐼A+(𝑡) + 𝐼A−(𝑡) + 𝐼B+(𝑡) +
𝐼B−(𝑡) + 𝐼C+(𝑡) + 𝐼C−(𝑡) and 𝐼O+ , 𝐼O− , 𝐼A+ , 𝐼A− , 𝐼B+ , 𝐼C+ , and 𝐼C+
are volumes of the respective blood types imported in day 𝑡.

2.2. Constraints. Description of different constraints that are
to be satisfied in implementing the proposed algorithm to
solve the BAP is as follows.

(i) The total volume of blood requested must be satisfied
for each day, either by using the ones in the bank or
by importing blood from external sources.

(ii) The volume of blood assigned each day must not
exceed the total volume available in the bank.

(iii) Theminimum volume of each blood typemust not be
less than zero.

(iv) Each unit of blood types must not exceed 30 days of
shelf life; otherwise, it should be incinerated.

2.3. Variables. Explained below are the descriptions of possi-
ble variables that can be used in the algorithm and could be
represented using any meaningful variable names:

(i) volume of blood types in storage at day 𝑡;
(ii) proportion of blood types in the population of the

region considered;
(iii) donations of blood into the bank at day 𝑡;
(iv) requests for unit blood at time 𝑡;
(v) volume of incinerated expired blood at day 𝑡;
(vi) volume of blood supplied at day 𝑡;
(vii) volume of blood imported from external source(s)

into the bank at day 𝑡.

2.4. Updating Blood Volume. On daily basis, the volumes of
the blood types are updated relative to the volumes supplied,
donated, and expired as stated in (15).

2.5. Assumptions. The model was defined with the following
assumptions.

(i) There is sufficient supply from the external source(s)
of blood, when units are required to be imported.

(ii) The desired level of the volumes of each blood type
is relative to the proportional of blood distribution in
the region under consideration.

(iii) If emergency arises, no optimization may be per-
formed, but patients straightaway receive O− blood.

(iv) The validity date of the blood products is 30 days.

3. Methodology

In the daily management of the blood bank, the demand
and supply of blood units vary; thus, there is a need for
an effective method to determine the assignment of blood
units for the purpose of good management. The assignment
of blood units would be considered optimal if there is no
importation of units from external sources; however, thismay
not be a possibility. Therefore, an algorithm that could be
able to assign blood units relative to the available volume of
blood units and volume requested with no orminimumunits
imported from outside the blood bank will suffice.

Three techniques are combined to provide solution to
the BAP considered and thus to determine (near) optimal
assignment of blood units relative to demands. They are par-
ticle swarmoptimizationwhich is the optimization technique
used, multiple knapsack assignment technique which is used
to handle the cross-matching of blood types in order to satisfy
requests and stabilize the proportions of blood types stored in
the bank, and queuing techniquewhich is used tomonitor the
expiration date of the units of each blood type. Also described
in this section is a bottom-up technique that was used to
assign the blood units before importing any blood types from
external source(s).

3.1. Particle Swarm Optimization Technique. The PSO as a
population-based and stochastic technique needs a swarm of
particles to carry out its optimization process [15, 16]. Using
the search range defined for a problem, values are randomly
generated for the decision variables. These values are then
used to randomly distribute the particles in the solution
search space before the technique begins its iterative process.
During the optimization process, each particle communicates
its new discoveries to others and this in turn determines
subsequent moves of the particles in the search space. In
each attempt of iteration, each particle makes use of two
major pieces of information: its personal experience and
the experiences of reachable neighbours to guide its search.
Furthermore, the objective function of the problem being
optimized is used to evaluate the quality of the discovery of
each particle. Given an 𝑛-dimensional space, each particle is
characterized by the position vector 𝑋

𝑖
= (𝑥
𝑖1
, . . . , 𝑥

𝑖𝑛
) and
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Begin PSO Algorithm
Input: 𝑓: the function to optimize

𝑠: the swarm size
𝑑: the problem dimension
𝑋min, 𝑋max: decision variable search range
𝑉min, 𝑉max: particle velocity limits

Output: 𝑥
∗: the best particle position found (global best)

𝑓
∗: the best fitness value found

Initialize: position 𝑥
𝑖
= (𝑥
𝑖1
, . . . , 𝑥

𝑖𝑑
) and velocity V

𝑖
= (V
𝑖1
, . . . , V

𝑖𝑑
), for all particles in problem space

evaluate 𝑓(𝑥
𝑖
) in 𝑑 variables and get 𝑝𝑏𝑒𝑠𝑡

𝑖
, (𝑖 = 1, . . . , 𝑠)

𝑔𝑏𝑒𝑠𝑡 ← best of 𝑝𝑏𝑒𝑠𝑡
𝑖

While stopping criteria is false do
Compute inertia weight (𝜔) if it is not a constant
Repeat for 𝑠 times
Repeat for 𝑑 times

update V
𝑖
for particle using (2)

validate for velocity boundaries using Algorithm 3
update 𝑥

𝑖
for particle using (3)

validate for position boundaries using Algorithm 2
compute 𝑓(𝑥

𝑖
)

End Repeat for 𝑑
compute 𝑓(𝑥

𝑖
)

obtain new 𝑝𝑏𝑒𝑠𝑡
𝑖

If 𝑓(𝑥
𝑖
) < 𝑓(𝑝𝑏𝑒𝑠𝑡

𝑖
) then 𝑝𝑏𝑒𝑠𝑡

𝑖
← 𝑥
𝑖

If 𝑓(𝑥
𝑖
) < 𝑓(𝑔𝑏𝑒𝑠𝑡) then

𝑔𝑏𝑒𝑠𝑡 ← 𝑥
𝑖

𝑓(𝑔𝑏𝑒𝑠𝑡)← 𝑓(𝑥
𝑖
)

end if
End Repeat for 𝑠

End while
𝑥
∗

← 𝑔𝑏𝑒𝑠𝑡

𝑓
∗

← 𝑓(𝑔𝑏𝑒𝑠𝑡)

Return 𝑥∗ and 𝑓∗
End PSO Algorithm

Algorithm 1

the velocity vector 𝑉
𝑖
= (V
𝑖1
, . . . , V

𝑖𝑛
). When the particles

are searching for optimum solution in the search space,
their velocities and positions are updated using (2) and (3),
respectively:

𝑉
𝑖
(𝑡 + 1) = 𝜔𝑉

𝑖
(𝑡) + 𝑐

1
𝑟
1
(𝑃
𝑖
− 𝑋
𝑖
) + 𝑐
2
𝑟
2
(𝑃
𝑔
− 𝑋
𝑖
) , (2)

𝑋
𝑖
(𝑡 + 1) = 𝑋 (𝑡) + 𝑉

𝑖
(𝑡 + 1) . (3)

In (2), 𝑃
𝑖
and 𝑃

𝑔
are vectors representing the 𝑖th particle

personal best position and swarm global best position,
respectively; 𝑟

1
and 𝑟
2
are random numbers in the interval

[0, 1], while 𝑐
1
and 𝑐

2
are acceleration coefficients called

cognitive and social scaling parameters which determine the
extent of the random forces in the direction of 𝑃

𝑖
and 𝑃
𝑔
. The

parameter 𝑡 represents iteration index, while 𝜔 is the inertia
weight whichwas introduced in [25]. It regulates the particle’s
velocity and helps to balance the global and local search
abilities of PSO. In the original PSO algorithm, though not
explicitly added to (2), the parameter 𝜔 implicitly had a value
of 1. A general framework of PSO algorithm for continuous
problems is presented in Algorithm 1.

Although the PSO was initially developed for continuous
optimization problems, it has in several occasions been
customized for discrete problems [19, 20]. Customizing PSO
for discrete problems was initially proposed by Kennedy and
Eberhart in [26] where they defined trajectories and velocities
of particles in terms of changes of probabilities, where the
particles move in a state space restricted to 0 and 1 on each
dimension, with a certain probability computed using the
sigmoid limiting transformation as shown in

𝑥
𝑖𝑗
= {

1, if 𝜇 ≤ 𝑆 (V
𝑖𝑗
)

0, otherwise,
(4)

where 𝑥
𝑖𝑗
is the value in the 𝑗th dimension of the position of

particle 𝑖, V
𝑖𝑗
is the value in the 𝑗th dimension of the velocity

of particle 𝑖, 𝜇 is a value selected from a uniform distribution
in [0, 1], and 𝑆(V

𝑖𝑗
) is as given in

𝑆 (V
𝑖𝑗
) =

1

1 + 𝑒
−V
𝑖𝑗

. (5)

In this paper, some customization was made to the PSO
algorithm before it was applied to the BAP.The different parts
that were customized are as follows.
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Figure 1: Exemplified particle representation in the proposed discrete PSO algorithm.

Table 3: Transformed particle used for computation in (2).

0.07 0.04 0.07 0.07 0.04 0.04 0.04 0.04 0.07 0.15 0.15 0.07 0.07 0.07 0.04 0.15 0.07 0.07 0.07 0.07 0.04 0.04 0.07 0.07 0.15 0.3 0.15 0.07 0.15 0.15 0.15 0.07

Table 4: Values and proportions of the different blood types.

Blood type A+ A− B+ B− C+ C− O+ O−

Value 4/27 = 0.15 2/27 = 0.07 4/27 = 0.15 2/27 = 0.07 8/27 = 0.3 4/27 = 0.15 2/27 = 0.07 1/27 = 0.04
Proportion (%) 32 5 12 2 3 1 39 7

3.1.1. Particle Representation. Each particle is encoded by
a long string of characters representing each of the blood
types. The string is divided into groups, with each group
representing the content of each of the 8 knapsacks for each
blood type. The characters in each group show which units
of blood have been placed into each knapsack. Furthermore,
each character represents 1 unit of positive blood type if it is
uppercase (e.g., “A” for “A+”), but represents 1 unit of negative
blood type if it is lowercase (e.g., “a” for “A−”). An example is
shown in Figure 1.

The example in Figure 1 shows an interpretation of the
representation of a typical particle in the swarm.The particle
is of size (dimension) 32 and it represents the combination of
all the units of requested blood types. The first 4 dimensions
represent the number of units (i.e., 4) of O+ that was
requested and the supply is made up of 3 units of O+ and 1
unit ofO−.The last 5 dimensions also represent the number of
units (i.e., 5) of C− that was requested and the supply is made
up of 1 unit of A−, 1 unit of B−, and 3 units of C−.The same idea
of interpretation applies to the remaining dimensions of the
particle. In the course of implementation of the technique,
the dimension of the particles and the size of the various
knapsacks vary each day relative to the changing requests
received by the blood bank.

3.1.2. Transformation of Particles. From Figure 1, it is clear
that the values of the dimensions of the particle are alphabets.
Therefore,𝑋

𝑖
, 𝑃
𝑖
, and 𝑃

𝑔
will contain alphabets too and these

cannot be directly used to compute 𝑉
𝑖
(𝑡 + 1) in (2). For

the velocity of each particle to be computed, these alphabets
should be converted to numbers. There may be different
methods to do this; however, the method used was to replace
the alphabet (blood type) in each dimension of the particle
with its value (see Table 4). In other words, the particle
represented in Figure 1 becomes as represented in Table 3.

𝑃
𝑖
and 𝑃

𝑔
are also transformed likewise, depending on

the contents of their respective dimensions; hence, (2) can be
computed to obtain a value for 𝑉

𝑖
(𝑡 + 1).

3.1.3. Obtaining the Positions of Particles. The value obtained
for 𝑉
𝑖
(𝑡 + 1) is then transformed using (5) to get a value

between 0 and 1. This value is then used to determine the
blood type to be imported into the blood bank when there
is a shortage of blood to meet requests. In other words, the
different compatible blood types (including the blood type
requested) that could be used to meet the request are given
equal chances to be imported from external source(s) into
the blood bank. This means that if there are two compatible
blood types, each is given 50% chance to be imported, if there
are four compatible blood types, each is given 25% chance of
being imported, and so forth. Before the beginning of next
iteration, each particle is reverted back to a string of alphabets
of blood types representing the new potential solution.

3.2. Multiple Knapsack Model. The multiple knapsack prob-
lems involve selecting any of 𝑛 items and packing them into𝑚
knapsacks of different capacity 𝑐 in order to obtain the largest
sum of profit [11]. The standard model for multiple knapsack
problems is stated in (6)–(9). Consider

maximize
𝑚

∑

𝑖=1

𝑛

∑

𝑗=1

𝑝
𝑗
𝑥
𝑖𝑗 (6)

Subject to
𝑛

∑

𝑗=1

𝑤
𝑗
𝑥
𝑖𝑗
≤ 𝑐
𝑖
𝑖 = 1, . . . , 𝑚, (7)

𝑚

∑

𝑖=1

𝑥
𝑖𝑗
≤ 1 𝑗 = 1, . . . , 𝑛, (8)

𝑥
𝑖𝑗
∈ {0, 1} 𝑖 = 1, . . . , 𝑚; 𝑗 = 1, . . . , 𝑛. (9)

Equation (6) is the objective function, which is to maximize
the profit of the number of items placed in all the knapsacks;
(7) is the constraint that ensures that the capacity of each
knapsack is not exceeded; (8) is the constraint that ensures
that each item can only be placed in any of the knapsacks once
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Compatible 
blood types

Blood type 
requested 
(Knapsack)

A+ , A− ,
B+ , B− ,

C+ , C− , O+

and O−

A− , B− , C−

and O−
O+ and O− O−

A+ , A− , O+

and O−
A− and O−

B+ , B− , O+

and O−
B− and O−

B−B+A−A+ O−O+C−C+

Figure 2: Representing blood type compatibilities as knapsack problem.

Blood units already in the bank
Dequeue
supplied

blood units

Enqueue
donated

blood units

Figure 3: Representation of how blood units are stored in the blood bank.

and (9) indicates whether an item 𝑗 is placed into knapsack 𝑖
or not.

Application of the Technique fromMultiple Knapsack Problems
(MKP). Inspired by the various successes in the application
of MKP to different problems, the technique was applied to
the BAP considered in this paper with some modifications.
Equations (10)–(13) represent the way MKP was applied. In
the case of the assignment of blood, units of blood types
stored in the bank are the items, while different requests for
the blood types are the knapsacks and the number of blood
types compatible with each blood type is the capacity of each
knapsack. Consider

minimize
𝑚

∑

𝑖=1

𝑛

∑

𝑗=0

𝑝
𝑗
𝑥
𝑖𝑗 (10)

Subject to 𝑇 = 𝑆 +

𝑛

∑

𝑗=0

𝑝
𝑗 (11)

𝑥
𝑖𝑗
∈ {0, 1} 𝑖 = 1, . . . , 𝑚; 𝑗 = 1, . . . , 𝑛 (12)

𝑆, 𝑥
𝑖𝑗
≥ 0, 𝑖 = 1, . . . , 𝑚; 𝑗 = 1, . . . , 𝑛, (13)

where 𝑇 is the total units of blood supplied from the blood
bank and/or imported from external source(s), 𝑆 is the total
unit of blood supplied from the bank in each day, 𝑝

𝑗
is units

(or volume) of blood type 𝑗 coming from external sources,𝑚
is the total number of requests (number of knapsacks) to be
met, and 𝑛 is the total number of blood types available in the
bank for supply (meet requests).

Equation (11) certifies that the total blood units supplied
are given by the amount of blood units from the bank and
external sources. Equation (12) shows whether there is a
supply of blood “1” or not “0.” Equation (13) is a nonnegativity
constraint; that is, all the values 𝑆 and 𝑥

𝑖𝑗
are positive integers.

In applying this technique to the BAP, some additional
constraints are to be satisfied. These constraints are stated as
follows.

(i) In each day, there are 8 sets of requests for the various
blood types (A+, A−, B+, B−, C+, C−, O+, and O−)
which correspond to 8 knapsacks.

(ii) To satisfy requests, units of blood within the bank or
imported from external source(s) must be placed in
each knapsack.

(iii) Each knapsack can only be satisfied with a compatible
unit of blood. This is illustrated in Figure 2.

It should be noted that the weight 𝑤
𝑗
of every unit of blood

of any of the blood type is equal to 1. As a result, selecting the
most profitable units that would satisfy each request in order
to maximize profit is of uttermost interest.

3.3. Queuing Technique. In the daily management of the
blood bank, it is ensured that the shelf life of each unit of
blood is not exceeded in order to minimize wastage. An
efficient waywhich can bemonitored is to use the queue tech-
nique. Queue is a list-like structure that provides restricted
access to its elements. Elements may only be inserted at the
back (enqueue) and removed from the front (dequeue). It
implements the First-In, First-Out (FIFO) operations; thus,
queues release their elements in order of arrival. This means
that when units of blood are supplied from the bank, they
are dequeued but enqueued when units of blood are donated
into the bank. This is illustrated in Figure 3, using a single-
linked list. It should be noted that each of the blood type is
represented separately.

Represented in (14)–(16) is the way the stack in Figure 3
is operated in the algorithm:

𝑆
𝑗
= 𝐵tot −

𝑟

⋃

𝑖=0

𝑅
𝑖𝑗

𝑗 = 1, . . . , 𝑛 (14)

𝐵tot (𝑡 + 1) = 𝐵tot (𝑡) ∪
𝑑

⋃

𝑥=0

𝐷
𝑥𝑦

𝑦 = 1, . . . , 𝑚 (15)

𝑅
𝑖𝑗
, 𝐷
𝑥𝑦
≥ 0. (16)

In (14) and (15), 𝑆
𝑗
is the total blood units of type 𝑗 supplied

by the bank, 𝑟 is the total number of requests of all the blood
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Table 5: Various values used for defining the different datasets used in the simulation.

Dataset
Initial total

volume of blood
in bank

Running
time
(days)

Upper and
lower bounds
for requests (%)

Upper and lower
bounds for

donations (%)
Remark

1 500 90 [25, 75] [25, 75]

These datasets were used to test the algorithm with
different initial volume2 1000 90 [25, 75] [25, 75]

3 2000 90 [25, 75] [25, 75]

4 1000 90 [25, 75] [30, 75] These datasets were used to test the algorithm when the
ratios of requests to donations are unequal5 1000 90 [30, 75] [25, 75]

6 500 365 [25, 75] [25, 75] These datasets were used to test the volume of blood
units that will expire when the bank is run for a year7 1000 365 [25, 75] [25, 75]

types, 𝑅
𝑖𝑗
is the total blood units of type 𝑗 requested, 𝐵tot is

the total units of all the blood types in the bank, 𝑡 represents
the current day of blood bank operation, 𝑑 is the total units of
all the blood types donated, and 𝐷

𝑥𝑦
is the total blood units

of type 𝑦 donated.

Expiration of Blood Units. As mentioned earlier, the queue
is used to monitor the shelf life of each unit of the different
blood type. Any of the blood units of a particular blood type
that exceeds its shelf life are removed from the queue. This is
represented in (16). Consider

𝐵
𝑡𝑝
(𝑡 + 1) = 𝐵

𝑡𝑝
(𝑡) −

𝑧

⋃

𝑖=1

(𝐸
𝑖
, 𝑓) , ∀𝑓 > life, (17)

where 𝑡𝑝 ∈ {A+,A−,B+,B−,C+,C−,O+,O−} is the blood type,
𝐵
𝑡𝑝
is the total blood units of type 𝑡𝑝 on queue, 𝑡 is the current

day of operation, and 𝐸
𝑖
is the expired blood unit 𝑖 if its life,

𝑓, on the queue is greater than its shelf life, life.

3.4. Bottom-Up Technique. Some blood types are compatible
while others are not, as shown in Figure 1.Thus, when there is
a request for some units of a particular blood type, the request
could bemet using the same blood type if there are enough of
its units in the bank. If there are not enough units (shortage)
of the type requested, available units of compatible types are
used to meet up the remaining units. In this case, a bottom-
up approach was used in the course of assigning blood to
meet the request. This means that, whenever blood is to be
assigned, the requested blood type is considered first; when
there is a shortage the next available compatible blood type is
assigned, and so forth. Blood type O− is the last option, being
the universal donor; if it is not available, then blood will be
imported into the bank from external source(s) relative to the
request. This approach is exemplified as follows.

Given that typREQ is the number of units requested of
blood type typ and typVOL is the number of units of the same
blood type that is available in the bank to meet the request, if
typREQ > typVOL, then there is a shortage of the blood type
to meet the request.

4. Numerical Simulations

The proposed PSO algorithm proposed for solving the
considered problem was investigated, while implementing

the modified multiple knapsack problem, with a number
of simulations with different datasets. As a result of the
nonavailability of real-life data, randomly generated data
were used. The stochastic nature of blood donation and
requests in real-life scenario informed the usage of the
fictitious randomly generated data. Whenever real-life data
becomes available, they can be substituted for the fictitious
data. The application software was developed in Microsoft
Visual C# programming language.

4.1. Data Generation. All the data used were randomly
generated based on the uniform random number generator.
Given a specified (by the user) upper and lower bounds,
random volume of requests and donation for each blood type
is computed in each day. This provided the opportunity of
testing the blood assignment systemdeveloped under various
scenarios of varied volumes of requested and donated-
blood types. Furthermore, an initial volume of all the blood
types in the bank was also specified and used to calculate
respective volume for each blood type using some blood type
proportion. In this case, the blood type proportion in South
Africa was used (see Table 1). All the parameters and their
respective values as used in the algorithm to generate the
testing data are presented in Table 5.

4.2. Parameter Setting. Presented in this section are the
definitions of all the parameters used in the course of
implementing the proposedmodel and algorithm. In Table 4,
the different blood types and their respective value and
proportion are presented. In Table 4, “Value” was computed
based on the information in Figure 1. The numerator is the
number of compatible blood types that can be received by the
respective “Blood type,” while the denominator is the sum of
all the compatible blood types.

For the PSO technique, the values for 𝑐
1
and 𝑐
2
were,

respectively, set to 1.7 and parameter 𝜔 was set to 0.715,
as recommended in [27]. The parameters 𝑟

1
and 𝑟

2
were

randomly generated using the uniform random number
generator. A swarm size of 50 particles was used and the
maximum number of iteration was set to 1000.

4.3. Results and Discussion. Presented in Tables 6, 7, 8, 9,
10, 11, and 12 are the average blood units that were available
in, requested for, supplied by, and imported into the blood
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Table 6: Average volume of blood units during a runtime of 90 days
with 500 blood units as initial volume (using dataset 1).

Average volume O+ O− A+ A− B+ B− C+ C−

Available in
bank 114.06 17.36 109.57 19.47 41.63 8.31 21.02 4.96

Requested 66.79 11.87 54.43 8.41 19.87 3.31 5.08 1.77
Supplied 65.33 11.97 54.32 8.49 19.87 3.42 5.08 1.57
Imported into
bank 0.42 1.03 0.00 0.01 0.00 0.01 0.00 0.00

Table 7: Average volume of blood units during a runtime of 90 days
with 1000 blood units as initial volume (using dataset 2).

Average
volume O+ O− A+ A− B+ B− C+ C−

Available in
bank 231.34 34.59 216.72 40.36 80.79 12.56 45.67 15.77

Requested 134.59 23.87 109.73 16.88 40.10 6.68 10.23 3.31
Supplied 131.66 24.19 109.47 17.09 39.96 6.81 10.23 2.97
Imported
into bank 0.90 2.08 0.00 0.02 0.00 0.00 0.00 0.02

Table 8: Average volume of blood units during a runtime of 90 days
with 2000 blood units as initial volume (using dataset 3).

Average
volume O+ O− A+ A− B+ B− C+ C−

Available in
bank 460.20 69.17 430.09 80.11 159.83 26.31 90.77 30.54

Requested 267.53 47.46 218.10 33.68 79.71 13.24 20.42 6.54
Supplied 261.86 48.09 217.62 33.91 79.47 13.67 20.42 5.90
Imported
into bank 1.69 4.01 0.00 0.06 0.00 0.00 0.00 0.00

bank over the period of 90 and 365 days, using all the
datasets. Figures 4–7 show the various curves associated with
the management of the blood bank as observed during the
simulations.

From the results, it is evident that managing the blood
bank with each of the datasets over the number of specified
periods (90 and 365 days) led to average importation of
very few blood units from external sources. The importation
became necessary when there were shortages of compatible
blood types to meet requests. In Table 10, A+ blood type was
imported into the blood bank when dataset 5 was used (with
unequal ratio of requests to donations of blood units). For A−
blood type, apart from Table 9 (using dataset 4), some of its
units were imported into the bank when the other datasets
were used and the average number of units imported was
in increasing order with small variations. Using any of the
datasets, no units of B+ were imported. Some units of B− were
imported in Tables 6, 10, 11, and 12 (using datasets 1, 5, 6, and
7). No C+ blood type was imported into the bank using any
of the datasets. Some units of C− blood type were imported
in Tables 7, 11, and 12 (using datasets 2, 6, and 7).

Much importation was observed with O+ and O− blood
types, but with O−, being a universal donor, the importa-
tion was more compared to others. Also, when there is a
shortage of O− type, no other blood types could be used as
alternative(s) for it and thus it must be imported into the
bank. The very low level of average importation of blood
units from external source(s) is an indication that the bank
was efficiently managed. This efficient management was a
result of combining the efforts of the multiple knapsack
problem technique used to implement the cross-matching
between blood types and PSO technique used to spread
importation of blood types (where necessary) in assigning
blood types to meet requests. Using all the tested datasets,
no blood units exceeded their shelf life; thus, no wastage
of blood products was experienced. The reason for this
is that the cross-matching method helps to quickly use
the older blood units which have been on queue to meet
requests while the new ones donated into the blood bank are
enqueued.

Presented in Figures 4 and 5 are the curves showing
the various volume levels of the different blood types in the
blood bank when the bank was operated for 90 and 365 days,
respectively. The curves show the corresponding total units
of blood available, requested, supplied, and imported in each
day of operating the bank. In figures, it is evident thatminimal
units of blood were imported from external source(s) into
the bank. In the first few days no units were imported, but
between 75th and 85th days a higher number of blood units
were imported because the number of units requested was
higher than the available blood units relative to the blood
types requested. From the graphs, it appears that at the point
of importation the volume of available blood in the bank was
high and there could be the question, why should there be
importation? The reason for importation is that the entire
volume of blood in the bank comprised all the units of all
blood types and the other units of blood available at the point
of importation were not compatible with the blood types
requested; therefore, they could not be supplied or used to
meet the requests.

Also, in Figure 5, the curves show the corresponding total
units of blood available, requested, supplied, and imported
in each day of operating the bank for a period of 365 days.
In this case, the total units of blood imported (though little)
were higher than when the bank was operated for 90 days. In
the graphs, it is observed that the highest units of blood were
imported between the 340th and 350th days. At this period,
some of the available blood types were already exhausted and
there were needs for importation of blood units from external
source(s) to meet the requests.

Presented in Figure 6 are the curves showing the number
of blood units imported when the algorithm was tested
with all the datasets. The highest importation of blood units
occurred when dataset 4 was used (Figure 6(a)) and when
dataset 7 was used (Figure 6(b)); these occurred around the
80th and 350th days, respectively. In Figure 7, the ratios of
total units of blood imported to total units of blood requested
for both 90 and 365 days of operating the blood bank are
presented. For the graphs, the algorithm appears not to have
performed very well with datasets 5 and 7.
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Figure 4: Various curves showing the different blood levels in the blood bank over 90 days, using datasets from 1 to 5.
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Table 9: Average volume of blood units during a runtime of 90 days with 1000 blood units as initial volume (using dataset 4).

Average volume O+ O− A+ A− B+ B− C+ C−

Available in bank 759.21 126.86 773.10 146.51 260.02 46.24 112.67 62.60
Requested 449.09 80.66 372.94 56.67 135.39 22.91 34.90 10.08
Supplied 439.63 82.37 372.94 56.63 135.39 23.17 34.90 9.59
Imported into bank 2.29 5.72 0.00 0.00 0.00 0.00 0.00 0.00

0 50 100 150 200 250 300 350
0

100

200

300

400

500

600

700

800

Curves for total units when blood bank was operated
for 365 days, using dataset 6

Days

To
ta

l b
lo

od
 u

ni
ts

Imported
Requested
Supplied

Available

(a)

0 50 100 150 200 250 300 350
0

500

1000

1500

2000

2500

Curves for total units when blood bank was operated
for 365 days, using dataset 7

Days

To
ta

l b
lo

od
 u

ni
ts

Imported
Requested
Supplied

Available

(b)

Figure 5: Importation rate of blood units using datasets 6 and 7.

Table 10: Average volume of blood units during a runtime of 90 days
with 1000 blood units as initial volume (using dataset 5).

Average
volume O+ O− A+ A− B+ B− C+ C−

Available
in bank 108.80 15.39 82.01 14.78 41.89 6.63 29.31 6.51

Requested 64.07 11.33 51.89 8.11 18.93 3.12 4.79 1.69
Supplied 63.24 11.24 51.52 8.07 18.84 3.28 4.79 1.50
Imported
into bank 0.33 0.91 0.02 0.17 0.00 0.01 0.00 0.00

5. Conclusion

The problem of assigning of blood units by blood banks
to meet requests for blood transfusion in hospitals has
been considered in this paper and an efficient method of
handling this problem was proposed. The method that was
proposed combined the efforts of the PSO technique and
multiple knapsack problem. The multiple knapsack problem
was modified to reflect some additional constraints that
needed to be satisfied for the blood bank to be efficiently
managed. Using the queue, multiple knapsack problem, and
optimization (PSO) techniques, the total units of blood types
imported into the bank were greatly minimized and no
wastage was experienced.

Table 11: Average volume of blood units during a runtime of 365
days with 500 blood units as initial volume (using dataset 6).

Average
volume O+ O− A+ A− B+ B− C+ C−

Available
in bank 116.71 16.04 88.33 14.69 54.68 6.43 28.35 10.55

Requested 66.05 11.79 53.84 8.37 20.01 3.36 5.07 1.72
Supplied 65.27 11.77 53.04 8.38 19.89 3.37 5.07 1.61
Imported
into bank 0.41 1.03 0.00 0.30 0.00 0.05 0.00 0.01

Table 12: Average volume of blood units during a runtime of 365
days with 1000 blood units as initial volume (using dataset 7).

Average
volume O+ O− A+ A− B+ B− C+ C−

Available
in bank 286.50 39.22 220.99 35.68 140.24 14.68 80.41 43.34

Requested 169.22 30.23 137.99 21.49 51.36 8.65 12.93 4.32
Supplied 166.98 30.05 135.69 21.36 51.05 8.58 12.93 4.09
Imported
into bank 1.22 3.08 0.00 0.98 0.00 0.17 0.00 0.01

Only the red blood cells were considered in the paper
and no real-life data were used but randomly generated data.
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Figure 6: Importation rate of blood units using the different datasets.
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Figure 7: Performance measurement of the algorithm using the different datasets.

Therefore, with respect to future work, other components
of the blood could be considered and the proposed method
could be tested with real-life data.
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Expanding medical knowledge increases the potential risk of medical errors in clinical practice. We present, OPAD, a clinical
decision support system in the field of themedical care of osteoporosis.We utilize clinical information from international guidelines
and experts in the field of osteoporosis. Physicians are provided with user interface to insert standard patient data, from which
OPAD provides instant diagnostic comments, 10-year risk of fragility fracture, treatment options for the given case, and when to
offer a follow-up DXA-evaluation. Thus, the medical decision making is standardized according to the best expert knowledge at
any given time. OPAD was evaluated in a set of 308 randomly selected individuals. OPAD’s ten-year fracture risk computation is
nearly identical to FRAX (r = 0.988). In 58% of cases OPAD recommended DXA evaluation at the present time. Following a DXA
measurement in all individuals, 71% of those that were recommended to have DXA at the present time received recommendation
for further investigation or specific treatment by the OPAD. In only 5.9% of individuals in which DXA was not recommended, the
result of the BMDmeasurement changed the recommendations given by OPAD.

1. Introduction

According to the International Osteoporosis Foundation
(IOF), one in three women and one in five men will experi-
ence an osteoporotic fracture later in their life; thus, globally
an osteoporotic fracture is estimated to occur every third
second [1–3]. In that context, nine million North Americans
have osteoporosis and it is estimated that 43 million have low
bone mass measured by DXA (http://nof.org/news/1648), a
precursor of osteoporosis, known as osteopenia.TheNational
Osteoporosis Foundation (NOF) in the USA has estimated
that, in USA alone, osteoporosis related fractures number
two million every year resulting in an annual cost of $19
billion [4]. Due to the increasing numbers of elderly people,

the number of fractures will increase to three million in 2025,
resulting in a $25.3 billion annual cost in the USA [5].
Correctly prescribed bone protective treatment may reduce
the fracture risk by 30–50% in only three years [6]. It is
therefore critical to identify individuals at risk of a fragility
fracture and offer them the treatment protocols to decrease
the number of fractures in coming years.

The diagnosis of osteoporosis has traditionally relied on
bone mineral density (BMD) measurement [7–9]. However,
a number of other factors affect a physicians’ decision to treat
osteoporosis, including family history, lifestyle, and various
medical factors [10]. The incorporation of all of these factors
into a treatment recommendation and a decision to perform a
BMD scan can be a formidable task that requires considerable
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expert knowledge and experience. Here we describe the deve-
lopment of a clinical decision support system that automates
the dissemination of this knowledge.

Currently available risk calculator systems for osteoporo-
sis, for example, FRAX [11], Garvan [12], and Qfracture [13],
provide the user with ten-year probability of fragility fracture
related to osteoporosis. While this informationmay be useful
for a number of users, fracture risk is known to be difficult for
the layperson to interpret [14] and even for nonexpert health
professionals. Furthermore, it is not immediately evident
how this information is to be interpreted, for example, for
treatment decision in daily clinical practice. Clinical decision
support systems (CDSS) have been suggested as a means of
disseminating knowledge of best practice to physicians [15],
electronic medical reminders have been shown to improve
osteoporosis management after fractures [16], and Kastner
and Straus [17] have concluded that “multi-component tools
that are targeted to physicians and patients may be effective
for supporting clinical decision making in osteoporosis dis-
ease management.”

We have developed a clinical decision support system
that gives the 10-year fracture probability due to osteoporosis
for the individual patient, lifestyle recommendations, and
recommendations as to whether and when a BMD scan is
recommended. Furthermore, the systemwill identify patients
at risk of fractures and would benefit from specific preventive
medical treatment. Our osteoporosis adviser (OPAD) is
designed for those with medical knowledge such as general
physicians and clinical nurse specialists.

In this paper, we evaluate the reliability of the OPAD
system by comparing its 10-year fracture probability with the
probability given by FRAX and by assessing the quality of its
BMD scanning recommendations, that is, whether those that
were recommended to have a BMD measurement benefited
from the measurement.

2. Materials and Methods

2.1. The Osteoporosis Advisor (OPAD). We have designed an
expert system to assist in the diagnosis and treatment of
osteoporosis. The software takes as input a set of clinically
relevant parameters from which the 10-year fracture risk is
computed based on published country specific data [8, 11, 18].
The output of the program is as follows: the 10-year fracture
risk of an individual, lifestyle and treatment recommenda-
tions, and lastly a suggestion for the time when a follow-up
BMD scan should take place. The clinically relevant param-
eters and the computed risk for fracture are used as input
into an expert system which gives specific recommendations
for each case with respect to lifestyle changes and treatment
options.

The software further outputs immediately relevant infor-
mation to the user: a risk group for the individual (low, med-
ium, or high risk for fracture compared to age-matched con-
trols [18, 19]) and a diagnosis of osteopenia, osteoporosis, or
manifested osteoporosis (osteoporosis with fracture), as well
as for glucocorticosteroid induced osteoporosis. Diagnosis of
osteoporosis is made according to theWHO definitions [20],

Table 1: Patient attributes used by the osteoporosis advisor.

Age
Bone mineral density (𝑇 value)
Ethnicity
Gender
Previous osteoporotic related fracture
Parent hip fracture
Current smoking
Current use of glucocorticosteroids for more than three months
Rheumatoid arthritis
Secondary osteoporosis
Alcohol: 3 or more units per day
Hormone replacement therapy
Regular exercise
Sufficient calcium intake
Sufficient vitamin D intake

where osteoporosis is diagnosed when BMD results in a 𝑇
value of −2.5 or lower; that is, the BMD is ≥2.5 SD below the
mean of young individuals of the same sex and reach, and
osteopenia is diagnosed when the 𝑇 value is between −1 and
−2.5.

2.2. Design of Expert System. The design of the system uses
a knowledge mapping approach. Expert physicians were
queried to determine the clinically relevant parameters for
the recommendation of osteoporosis treatment and rec-
ommendations for BMD measurements. A group of dif-
ferent specialists who were all interested in osteoporosis
(rheumatologist, endocrinologist, general practitioner, and
geriatrician) participated in the process. The Intellix Advisor
[21, 22] was used for knowledge capture in the model.

The Intellix Advisor allows for active acquisition of
knowledge. A set of instances is input into the software and
from these input examples the software can be told either
to construct a neural network based model based on the
examples or to ask for more examples that consist of patients
not considered by the model. In our approach patients were
added to the model until a diagnosis or recommendations
could be made for every possible tested patient. The model
is implemented as a lookup table and for every new patient
diagnosed a patient with the same characteristics is found in
our database.

The diagnosis for a patient includes four distinct pieces of
information: 10-year fracture risk, lifestyle recommendations,
treatment recommendations, and recommendation of the
time for the next BMDmeasurement or follow-up evaluation
of the individual patient. Initially a set of clinically relevant
parameters was determined (see Table 1).

2.3. Knowledge Capture of Treatment Recommendations. The
OPAD system follows the frame of international guidelines,
for example, the Scottish Intercollegiate Guidelines Network
(SIGN) on osteoporosis (http://sign.ac.uk/pdf/sign71.pdf),
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Table 2: Patient attributes used for the recommendation of osteo-
porosis treatment.

Attribute Type
Gender Male/female
GIOP Yes/no
Fragility fracture Yes/no
Fracture risk High/medium/low
Treatment Yes/no
Secondary osteoporosis Yes/no
𝑇 value Numerical
Age Numerical
Menopause status Before/<3 years/>3 years

Diagnosis None/osteopenia/osteoporosis/manifest
osteoporosis/GIOP

and the system also takes into account regional differences,
that is, local or national guidelines. However, the system pre-
dominantly relies on knowledge capture process of the expert
panels, as guidelines never cover all cases. In the end a total
of fifteen different treatment recommendations were initially
identified as possible recommended treatment options for
osteoporosis. The recommended treatments ranged from no
treatment to specific recommendations for which drug class
was the most appropriate, either as a preventive measure or
as a treatment for manifest osteoporosis.

Table 2 lists the clinically relevant patient attributes
determined by our expert physicians. Different medical
specialists with expertise in osteoporosis reviewed a list of
cases that had recently visited the osteoporosis clinic at the
University Hospital in Reykjavik (LSH), Iceland. For each
patient the physicians reviewed their clinical decision and
were then asked to determine which of the clinically relevant
parameters influenced his decision. The clinically relevant
information and the diagnoses were entered into the Intellix
Advisor, leaving those clinical relevant parameters that were
not relevant for the decision as “do not care.” After consid-
ering the set of real patient cases and their detailed experts’
reviews, the Intellix Advisor software constructed a set of
virtual patients having clinical characteristics not observed
among the list of cases already considered. This process was
continued until the space of all possible patients was covered;
a decision could be reached for all possible patients that could
enter the clinic, independent of clinical characteristics. As a
result a total of 80 relevant rules were constructed in the final
outcome of the system.

2.4. Time until Next DXA Measurement. The recommended
time until the next DXA measurement was also determined
by using a knowledge mapping process. A list of clinically
relevant pieces of information was determined which can be
seen in Table 3.

Seven different recommendations were made for the
time for the next BMD measurement, listed in Table 4. The
construction of the clinical decision model then followed

Table 3: Attributes used to determine time until next DXA mea-
surement.

Attribute Type

Gender Male/female
Menopause Before, <3 years, >3 years
Risk group High/medium/low
Treatment Yes/no
Changes in BMDmeasured by
DXA

No DXA/improving/unknown
or losing/fast loosing/neutral

Glucocorticosteroids Yes/no

Table 4:Thepossible recommendations for the next time for a BMD
scan.

At menopause
At the age of 65
Now
In 1-2 years
In 3 years
In 5 years
DXA not recommended

the same protocol as described above for the treatment rec-
ommendations. In the end a total of 87 rules were determined
to be clinically relevant.

2.5. Capture of Disease Risk Models. The computed 10-year
risk of fracture was based on the World Health Organization
(WHO) fracture risk assessment recommendations [19, 20].
Thus, the fracture risk predications delivered by our system
are comparable to the results given by FRAX [18]. The output
of the FRAX in collaboration with NOGG recommendation
guidelines also includes the classification of individuals into
high, medium, and low risk individuals [23]. The FRAX
recommendation guidelines are given as a set of text tables,
with the risk of fracture and confidence interval for the risk
of fracture given as a function of age and the number of risk
components an individual has. As the tables only give fracture
risk probabilities for selected age groups, an interpolation is
done to compute the fracture risk probabilities for other age
groups.

2.6. Model Testing. In order to validate that the treatment
recommendations presented to the end user agreed with the
treatment recommendations originally determined for each
patient a quality control module was developed. Thus, built
on top of our clinical database a set of 300 virtual quality
control patients was createdwhichwere used to automatically
verify the correctness of the system recommendations for
real life clinical information given for each case. Experiments
verified that the results of these patients agreed in both the
model created and the interface to the end user.
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2.7. Test in Real Life. As the WHO recommendation guide-
lines are not given with a closed form formula we compared
the fracture risk computation given by our OPAD system
with the fracture risk computation given by FRAX. We
selected consecutive 308 individuals from the out-patient
osteoporosis clinic at LSH, who visited the clinic from the 1st
of January 2012 onwards. We compared the ten-year fracture
risk computed using the OPAD and the ten-year fracture risk
computed using recommendations given by our model with
those given by FRAX. Linear regression was run to compare
the results between the two systems.

We also reevaluated the same group of 308 individuals
with our OPAD system with respect to the need of DXA at
the present time or later; that is, the risk evaluation was done
without theDXA results (𝑇 value).We then analyzedwhether
the DXA result, that is, in those cases where OPAD did not
recommendDXA at the given time, influenced the automatic
treatment and the follow-up recommendations given by the
OPAD compared to the recommendations by the experts,
who had access to all the clinical data.

2.8. Ethics Statement. TheData Protection Authority (S5680)
and the National Bioethics Committee of Iceland approved
the study protocol (VSNb2010050008). The original patients’
data were hosted by the University Hospital, Reykjavik,
Iceland. The data were anonymized before being provided to
the researchers.

3. Results

3.1. Correlation between Risk Evaluation by OPAD and FRAX.
Of the 308 cases, 39 were males and 269 were females, with a
mean age of 61 years (15–89). Figure 1 shows the 10-year frac-
ture riskwhenDXA is included presented by the two different
programs, that is, OPAD and FRAX. We obtained a correla-
tion of 𝑟 = 0.988 with a mean paired difference of 0.7678%
(SD = 1.9946%) when comparing individual patient prior to
DXA evaluation and 𝑟 = 0.977, mean difference 1.8285%
(SD = 2.8%) when DXA result were included in the risk
evaluation or a near perfect correlation between these two
risk calculators.

3.2. OPAD and Next DXA. These 308 patients were reevalu-
ated by the OPAD with respect to the need for a DXA at the
present time or later, that is, before they underwent theirDXA
evaluation.

In 178 cases (58%), out of these 308 cases, the OPAD
system recommended DXA evaluation at the present time.
Following DXA measurement in these 178 cases, 91 (51%) of
those received OPAD recommendation on specific treat-
ment options, where 5 patients (3%) were recommended to
continue with their treatment. Additional 31 patients (17%)
received recommendation on consulting specialist in osteo-
porosis. Meanwhile, only 51 of these 178 cases (29%) received
general prevention measurement recommendations. Thus,
the DXA investigation performed according to the recom-
mendation of the OPAD system seems to influence the
clinical decision-making process.
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Figure 1: Ten-year risk for major osteoporotic fracture computed
using the osteoporosis advisor (OPAD; 𝑥-axis), compared to the
fracture risk computed using FRAX (𝑦-axis).

Out of the 308 original cases, 102 cases (33%) came for
their DXA even though the OPAD system would have
recommended that they should have their DXA at the age
of 65; that is, every third patient who came in for a measure-
ment did not need the DXA evaluation at the present time
according to the OPAD system.

3.3. Influence of DXA on OPAD Recommendations. In only
six of these 102 cases (5.9%), did the OPAD system change its
recommendation following the BMD measurement? In four
cases the OPAD recommended specific bone protective
treatment, due to the fact that these four individuals were
diagnosed with osteoporosis with a significantly increased
risk of fragility fracture, that is, with a 10-year fracture risk
in the range from 9.1% to 14.3%. In two additional cases
the OPAD changed its recommendation to continuation of
already taken measurements.

In a further 22 cases of these 308 cases (7.1%) the OPAD
system recommended DXA within 1–3 years depending on
various clinical circumstances. Independent of these recom-
mendations all patients received a DXA measurement, like
other patients in this study and only one of these individuals
received a different recommendation following the DXA
evaluation.

4. Discussion

Osteoporosis is a disorder affecting the density and infras-
tructure of the bone mass [20]. In its worst outcome it can
lead to the so-called fragility fractures [24], most frequently
seen in the vertebral spine, wrist, and the hip. Due to
their critical location, such fractures most often result in a
debilitating outcome for those affected individuals leading to
a significantly negative impact on not only their quality of life
but also individual life expectancy [25]. Despite an effective
drug treatment being readily available for affected patients, it
has been recognized that the majority of individuals at risk
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Figure 2: A 62-year-old Swedish female patient with history of fracture whose mother also had a history of hip fracture. She did not have
other medical risk factors and she had osteopenia according to a recent DXA evaluation with a 𝑇-score of −2.0.

and also those already affected with osteoporosis and increa-
sed risk of fragility fracture are not correctly diagnosed
or go unnoticed and therefore miss potentially lifesaving
therapeutic measures [6]. Thus, even patients who have
suffered fragility fractures and have been exposed to the
healthcare system are not identified and treated with the
proper preventive regimen they deserve. In this context, if
correctly implemented clinical decision support systems such
as the one presented here (OPAD) should have the potential
to improve both public and healthcare workers awareness
of osteoporosis [15]. Such measures not only would improve
and streamline the diagnosis process but would also become
a valid diagnosis aid to secure the optimal treatment and
outcome of our osteoporotic patients.

Bone mineral density (BMD), that is, bone mass, may
be measured with several methods, for example, quantitative
ultrasound (QUS), peripheral quantitative computer tomog-
raphy (pQCT), and dual energyX-ray absorptiometry (DXA)
which is the golden standard of bone mass measurement.
Most professional interest groups, for example, NOF and
IOF, have published recommendations on when to use DXA
for BMD measurement [26], while others research groups
supported by the National Institutes of Health have made an
effort to analyze the need of rescreening in postmenopausal
women [27]. As osteoporosis is a silent disease until the
fracture occurs, BMD measurement is the only method to
diagnose osteoporosis prior to the fracture. However, the
access to DXA-machines is limited in most countries, and it
is therefore important to find those at risk of osteoporosis
for DXA-evaluation and those individuals who receive the
greatest benefits from the investigation. Thus, improving the
cost efficiency by correctly identifying those at risk and those
who should be referred for BMD should lead to shorter

waiting lists for specialist referrals and improved diagnostic
accuracy. Our finding that more than one third of BMD
tested patients could be identified a priori to be at no risk of
osteoporosis related fractures, thus, did not benefits from the
DXA evaluation.

Several risk calculator tools for bone fractures have
been presented, but only FRAX has been recommended and
supported by theWorld Health Organization (WHO). FRAX
was developed for the calculation of the 10-year fracture risk
for hip fracture or a major osteoporotic fracture (clinical
spine, forearm, hip, or shoulder fracture) based on certain
risk factors, with or without results of DXA measurement of
the hip. FRAX offers country specific values for several coun-
tries in Europe, North and Latin America, the Middle East,
Africa, and Oceania, or a total of 52 country specific datasets
[18]. However, FRAX does not give any specific diagnosis
or treatment options, and neither have they reported their
algorithms used to derive the 10-year fracture risk. Further
analysis of our 10-year fracture risk in context to the given
recommendation by our OPAD is in progress, before we can
make our methodology public in detail.

The busy clinician may have difficulties in interpreting
the risk value figure for each patient in hectic daily clinical
practice.With this inmindwe have extended the information
provided by OPAD, by giving a specific diagnosis, that is,
osteoporosis or osteopenia, and specific recommendations
on prevention, time of next DXA, and treatment options
according to international guidelines and experts knowledge
[10]. In addition, our results are presented on an interactive
riskometer, which gives a comparison to the background
population of the same sex and age, both graphically and by
calculation of the 𝑍 value for the individual patient (please
see Figure 2).
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Although physicians subscribe to several medical jour-
nals, presenting thousands of articles yearly, they have diffi-
culty in keeping up to date in all areas in their daily practice.
The more complicated medical world amplifies the risk of
diagnosis errors. OPAD allows “best practice” in osteoporosis
risk evaluation of fragility fractures and treatment to be
captured, distributed, and automated in a simple bedside
manner for the busy practicing physician and other health
care providers, including nurses working in fracture liaison
services, as now highly recommended by IOF [28]. Although
the OPAD system presented in this present study reflects
Swedish data, it runs in ten different national specific datasets.
Improvements in treatment alternatives or changes in clinical
guidelines can easily be incorporated into the OPAD system;
even country specific guidelines can be internalized. Further
studies are needed to analyze whether a clinical approach
with the help of digital CDSS tools, such as OPAD, may not
only improve individual care, but also become highly cost
effective. Such studies need to involve primary care, fracture
clinics, and in-hospital fracture liaison services. Furthermore,
survey among primary care doctors regarding their use of and
evaluation of theOPAD system, including their assessment of
how to implement clinical discussion system, such as OPAD,
was carried on fracture risk management and treatment in
daily clinical primary care praxis.

We conclude that OPAD is accurate in respect to fracture
risk probability evaluation and may presumptively be cost
effective in fracture liaison services. However, cost-benefit
studies are needed in the field of osteoporosis preventive care
and CDSS.
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Computational simulations are currently used to identify epidemic dynamics, to test potential prevention and intervention
strategies, and to study the effects of social behaviors on HIV transmission. The author describes an agent-based epidemic
simulation model of a network of individuals who participate in high-risk sexual practices, using number of partners, condom
usage, and relationship length to distinguish between high- and low-risk populations. Two new concepts—free links and fixed
links—are used to indicate tendencies among individuals who either have large numbers of short-term partners or stay in long-term
monogamous relationships. An attemptwasmade to reproduce epidemic curves of reportedHIV cases amongmale homosexuals in
Taiwan prior to using the agent-basedmodel to determine the effects of various policies on epidemic dynamics. Results suggest that
when suitable adjustments are made based on available social survey statistics, the model accurately simulates real-world behaviors
on a large scale.

1. Introduction

According to the World Health organization (WHO) [1],
more than 4.7 million people in Asian countries were HIV-
positive at the end of 2008, with 350,000 newly infected indi-
viduals and 330,000 AIDS-related deaths in that year alone.
While the 2008 AIDS-related mortality rate in South-East
and South Asia was approximately 12% lower than the 2004
peak, the number of deaths in 2008 was still more than three
times higher than that recorded in 2000. Between 2000 and
2009, the annual number of newly identified HIV-positive
Taiwanese people increased from 536 to 1,694 (Figure 1).
Since the peak number in 2005, the annual incidence rate
between 2006 and 2010 declined by between 5% and 34%
(average 14.9%). Homosexual activity (“men who have sex
with men” or MSM) is believed to be the primary mode of
HIV transmission in Taiwan today—57%of all cases recorded
in 2008 alone [2]. Developing an HIV simulation model to
understand HIV epidemic dynamics within male homosex-
ual communities in Taiwan is therefore considered important

for assessing the efficacies of HIV prevention efforts and
intervention strategies associated with MSM activities [3, 4].

Some researchers have noted that the topological (con-
nectivity) features of sexual networks exert considerable
influences on HIV epidemic dynamics [5–9]. These features
support analyses of the subtle details of HIV epidemic
dynamics that population-based simulation approaches do
not. Brailsford et al. [10], Paltiel et al. [11], and Peterson et
al. [12] have applied specific complex network models to
investigate HIV epidemic dynamics. Other researchers have
addressed topological features and statistical distributions
of sexual networks without focusing on individual social
behaviors that affect HIV epidemic dynamics (see, e.g.,
[13–19]).They also show a tendency to overlook the flexibility
offered by agent-based social simulation approaches.

An HIV epidemic simulation with the characteristics of
power-law degree distribution and small-world phenomena
for reproducing sexual networks was developed for this
project to assess the efficacies of specific HIV prevention
and intervention strategies in Taiwan associated with social
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Figure 1: Taiwan HIV epidemic curves from 2000 to 2010.

behaviors. A specific emphasis in this paper will be MSM
activity in saunas and bars in northern Taiwan, with agents
in the model capable of modifying their behaviors to the
degree that they affect all homosexuals residing in that part
of Taiwan. Following the lead of previous sexual network
studies [20–24], the proposed model focuses on scale-free
properties depicting small-world phenomena.We found that,
during one three-month period, the numbers of sex partners
of highly active homosexual males in the cities of Taipei
and Taichung followed a scale-free distribution on a log-
log-axis. One conclusion of the present study is that by
addressing specific individual behaviors and implementing
rules derived from social survey statistics, global observations
can be accurately identified by simulations without intro-
ducing unreasonably large numbers of societal rules, thus
reflecting small-world properties that are inherent to scale-
free networks.We also found that the clustering results can be
used to support analyses of factors such as drug and condom
usage.

2. Previous Sexual Network Studies

In terms of approach, epidemic simulations can be classified
as top-down or bottom-up [25]. Top-down simulations start
by specifying group or subpopulation characteristics and
behaviors andmodeling their relationships with other groups
[26]. One problem is that mathematical equations in top-
down epidemic simulations can quickly become so complex
that analytical representations of multivariate and complex
stochastic processes become exceptionally difficult tomanage
in terms of computation and stability. In contrast, bottom-up
epidemic simulations are based on a combination of an agent-
based model and an underlying social network, with nodes
representing agents and edges representing contacts between
them. Bottom-up epidemic simulations have been widely
used to explore social macrolevel phenomena by specifying
the microlevel characteristics and behaviors of individuals
and their contacts in well-defined social networks over
specific time periods [27–30]. The HIV epidemic simulation
described in this paper is in the second category.

The history of social network studies by sociologists
has produced numerous insights regarding specific social

contacts [31]. Typical top-down epidemic simulations such as
the compartmental models proposed by Kermack and McK-
endrick [32] assume random contacts among individuals,
especially in scenarios involving the airborne transmission
of infections. In numerical simulations of sexually trans-
mitted infections (STIs), randomness is deemphasized when
addressing sexual contact networks and mixing patterns
within populations, both considered important concepts in
modeling sexual contact within well-defined subgroups [33,
34]. Assortative sexual mixing implies concordance between
sex partners in terms of factors such as age, location of
residence, ethnicity, socioeconomic status, and sex partner
acquisition rate [35]. In contrast, disassortativemixing, which
implies discordance in sex partner characteristics, allows the
spread of STIs from groups with high STI prevalence (e.g.,
commercial sex workers) to members of other groups [36].

Wylie and Jolly’s [37] use of voluntarily given contact
information and tracing via clinical contacts in Manitoba,
Canada, is a rare example of a reconstructed real-world sexual
contact network. A total of 4,544 STI-positive individuals
were asked to identify their sexual partners—information
that in most cases is very difficult to obtain. According to
their data, sexual contact networks consist of numerous small
clusters. An important task for any researcher is to determine
cluster overlaps and to analyze how they support the spread
of HIV. Note that since informants such as those in the
Manitoba study are already infected, the data they offer are
often viewed as suspect, influenced by subjective biases, and
lacking in insightful detail [38].

Sexual networks are dynamic. Since connections evolve
at different rates over time, concurrent relationships within
networks must be considered [17]. Researchers have made
many attempts to developmodels that reflect various levels of
fidelity among partners, as well as transmission routes among
individuals in nonconcurrent relationships within specific
time frames. More active individuals exert greater influence
in terms of the spread of STIs within their networks. This
stresses the importance of model precision in representing
more sexually active subpopulations.

Some contemporary approaches to social network
research are based on topological properties found in real-
world human societies, including high degrees of local clus-
tering and small average distances between nodes. In these
models, STIs are passed between linked nodes that are few
in number but high in variance. This architecture is closely
associated with small-world networks [14, 15, 20–23], whose
nodes have strong connections with their closest neighbors
(thereby influencing local networks) and very few random
links connecting distant locations. An interesting property
of these networks is the dramatic decrease in average
distance between random nodes due to the small number of
long-distance links.

Complex networks with small-world characteristics can
be classified according to the node degree statistical dis-
tribution 𝑃(𝑘) [39]. Three network classes that have been
identified so far are single-scale, broadscale, and scale-free;
sexual networks belong to the scale-free category [14, 15,
20–23]. Most scale-free network nodes have few connec-
tions with their adjacent nodes, and only small numbers of
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nodes have large numbers of connections. A sexual network
exhibiting power-law degree distribution properties serves
as an example of how epidemics can spread quickly, with
scope and speed determined by link distribution rules. A
large number of nodes with multiple links significantly
increase the speed of a spreading epidemic on a large scale,
thus explaining why degree distribution is central to sexual
network model construction. Accordingly, a major challenge
in HIV simulation design and analysis is obtaining reliable
data.

3. HIV in Taiwanese Homosexuals

According to statistics from the Taiwan Center of Disease
Control (TCDC) [2] of the 6,850 known HIV-1-positive indi-
viduals living in Taiwan 2004, 488 were foreigners, 1,874 had
developed AIDS, and the male : female ratio was just below
14 : 1.This represents a 15% annual increase between 2004 and
2008—well above the United Nations criteria for a “serious
increase.” According to risk factor analysis results, 35.6% of
the increase could be attributed to heterosexual sex, 45%
to MSM activity involving either homosexuals or bisexuals,
6.2% to injecting drug use behaviors (primarily syringe-
sharing), and 12% to “other.” In other words, sexual behaviors
accounted for the large majority of HIV transmission routes
in Taiwan during this time period.

Gay Taiwanese men frequently find partners in saunas,
bars, and secluded parks. To investigate MSM-related HIV-
1 infections, in 2003 and 2004, the AIDS Prevention and
Research Center of National Yang-Ming University used
anonymous questionnaires to collect data on sexual contacts
among gay sauna customers [40]. As part of this project,
the center distributed information on sexually transmitted
diseases (STDs) to sauna businesses. Concerned about the
fact that an insufficient number of patrons would feel moti-
vated to join the study, the researchers also used a mix of
purposive and snowball sampling to increase the number
of participants. The primary goals of the two-year study
were to offer anonymous HIV-1 antibody and syphilis tests
and counseling and to investigate risk factors for specific
STDs among gay sauna customers. The researchers also used
epidemiologicalmethods to determineHIV-1 subtypes and to
analyze correlations between subtypes and risk factors. Data
were also collected on demographics, sexual behavior self-
cognition, and knowledge of risk factors associatedwithHIV-
1 and syphilis among men taking part in MSM behaviors in
saunas. Of the 1,101 men who participated, 1,000 turned in
usable questionnaires. For 40% of the participants it was their
first time to be tested forHIV-1. Chen et al.’s main conclusions
were the following. (a) MSM activity is a high-risk category
for HIV-1 and syphilis infections in Taiwan, and ongoing
research is required to monitor seroprevalence rates and to
investigate associated risk factors; (b) the rate of condom
usage within Taiwan’s male homosexual community is unac-
ceptably low, thus calling for intensive education efforts; and
(c) a positive correlation exists between nonmedical drug use
and HIV-1 infections, especially when drugs are used prior to
visits to gay saunas (see also [2, 41, 42]).
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Figure 2: Scale-free distribution of sex partners among highly active
homosexual males in Taipei/Taichung over three months (log-log
axis). The low scaling exponent value (𝜆 = 0.7662) indicates that
individuals in this population tend to have many sexual encounters
with different partners.

4. Simulation Model

In addition to saunas and bars, Chen et al.’s [40] questionnaire
addressed structural and behavioral aspects of the male
homosexual populations in Taipei and Taichung, Taiwan’s
two largest cities. Topics included frequencies of visiting
high-risk places, frequencies of change in sexual partners,
behaviors leading to new connections, relationship durations,
condom usage, and attitudes regarding HIV testing. Demo-
graphic data were deemphasized—no effort was made to
look for associations between HIV infection and age, marital
status, education level, or social behavior, since the study goal
was to determine risk for entire networks to reflect the HIV
epidemic among male homosexuals in Taiwan.

During model construction, high- and low-risk subpop-
ulations were distinguished according to number of partners,
condom usage, and a “faithfulness factor” indicating long-
term monogamy. The term free link was used to describe
situations in which a pair of agents has multiple partners and
fixed links to describe two agents in a long term, multiyear
fixed relationship. Topological features were incorporated
into the network to take advantage of small-world, scale-free,
and other complex network model properties. This required
distributing agent links in a manner that ensures power-law
degree distribution properties over a period of many years
[14, 15, 21–23].

Sample data on cumulative numbers of sex partners dur-
ing the preceding three months produced curves representa-
tive of a power-law pattern—specifically, with a low scaling
exponent of 0.7662 for the number-of-partners distribution
𝑘 ≥ 1 (Figure 2). Scale-free networks show a cumulative
power-law distribution decay in the form 𝑃(𝑘) ≈ 𝑘−𝜆1 , where
𝑘 denotes the distribution of number of partners and 𝜆

1

the
scaling exponent.

As stated above, the survey data only cover members of
the high-risk subpopulation; themajority of male homosexu-
als in the two target cities might express a similar pattern, but
with different scaling exponents and curve shapes. Since the
goal was to achieve a power-law degree distribution among
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Table 1: Simulation parameters for our proposed agent-based HIV epidemic model.

Attribute Data type Description
Population size Integer Total number of agents.
Alpha pop. size Integer
Beta pop. size Integer
Gamma pop. size Integer
Max contacts Integer Maximum number of sexual contacts for one agent in one month.
𝑝 Real
𝑞 Real
NC Integer Number of sexual contacts for one agent in one month.
Delta Integer Number of sexual contacts with fixed partners.
Epsilon Integer Number of sexual contacts with nonfixed partners.
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Figure 3: General distribution curves for the alpha, beta, and
gamma subpopulations.

all simulation agents over a long time period, a 𝑃𝑓 function
or class of functions representing an accurate distribution of
agent links was assumed. A plot of this function (generally
expressed as 𝑃(𝑘) ≈ 𝛼𝑘−𝜆2 + 𝑏) is shown in Figure 3.

Since individuals who have multiple sex partners are
more likely to express different behaviors than thosewith only
one partner, the curves can be divided into different sections
representing subpopulations with unique profiles. The popu-
lation in Figure 3 is divided into three clusters: alpha, inwhich
a large number of sex partners are correlated with high-risk
behaviors among a small number of individuals; beta, larger
than alpha and characterized by a sexually active population
expressing less extreme behaviors than alpha agents; and
gamma, the largest population segment, representing the rest
of the population. As suggested by the power-law pattern,
each gamma individual has only one sex partner. The beta
class was established because the gap between alpha and
gammapatternswas considered too large to reflect real-world
situations.

5. Design and Implementation of HIV
Simulation Model

The proposed model consists of multiple layers, with each
playing a role in describing and representing a specific

function or phenomenon. Layer definition determines the
roles of other layers in the simulation. Layers communi-
cate with each other to exchange information regarding
their computation results. Five layers were established for
this study: agent, agent behavior, links, contact frequency,
and epidemic. Layers can be categorized as belonging to an
agent-based model consisting of agents and agent behavior
layers, a social network model consisting of links and con-
tact frequency layers, or an epidemic model. As explained
above, a social network model has spatial, temporal, and
intrinsic properties that evolve over time. A mix of global
and individual behaviors was established to simulate agent
influences onwhole populations, but in amanner that reflects
intrinsic societal changes via behavioral changes among a
large number of individual agents. Societal global structure is
defined in the agent layer, spatial concepts are reflected in the
links layer, temporal concepts appear in the contact frequency
layer, and intrinsic changes aremodeled in the agent behavior
layer. Suites of simple epidemiological progress statuses were
added to the epidemic layer.

5.1. Agent Layer. The agent layer can be variously defined
in terms of population structure, agent pool (Table 1), or
individual agent characteristics (Table 2). In this study it
represents three sexual activity patterns. The minority of
extremely active agents (who play an important simulation
role due to their high-risk behaviors) are found in the layer
core. The second pattern consists of a number of sexually
active agents that is far from a majority but exceeds the
first pattern—that is, higher-than-average sexual activity, but
lower risk behaviors in terms of condom usage and rela-
tionship duration. The third pattern, consisting of the large
majority of relatively inactive individuals in a population,
represents a pool with infection potential, but at amuch lower
level of risk.

5.2. Agent Behavior Layer. This layer is defined as initial agent
behavior and environmental adaptation (Figure 4). The first
of two major behavioral changes that can be tested in an
HIV epidemic simulation is an increase in condom usage—
a parameter that serves as a moderating factor. However,
according to the data used in this study, there is no indication
of an overall increase in condom usage in Taiwan’s gay
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Agent behavior modification
Current agent state

New agent state

∙ Change in condom usage policy?

∙ Change in number of sexual contacts?

∙ Frequency?New event:
[HIV positive? drug usage?]

Figure 4: Layered agent behavior implementation.

Table 2: Agent attributes.

Attribute Data type Description
ID Integer Serial number identifying agent in model.
State Symbol Epidemiological progress status.
Timer Integer Number of months in each epidemiological progress state.
Type Symbol Subpopulation type.
Fixed partners Integer Number of an agent’s fixed partners.
Free partners Integer Number of an agent’s nonfixed partners.
Fixed links Integer array IDs of fixed partners.
Free links Integer array IDs of nonfixed partners.
Condom usage rate Real 1 = always use condom and 0 = never use condom.
Drug usage rate Real Rate of drug use.

community, despite research showing that condom usage
generally increases when agents aremade aware of their HIV-
positive statuses [40–42]. We assumed that (a) fixed link
couples in long-term monogamous relationships were much
less likely to use condoms than free link agents and (b) free
link agents would be more careful during sexual encounters
and more likely to insist that their partners use condoms.

The second behavioral change incorporated into simula-
tions was willingness to be tested for HIV. It is difficult to
track changes in testing behaviors due to the lack of statistical
data over the past 20 years. Still, this factor is important in
terms of behavioral decisions made by HIV-positive agents
who are aware of their status, including condom usage and
encouraging their peers and partners to be tested (Figure 4).

5.3. Links Layer. This layer reflects the spatial aspect of agent
connections and determines the importance of epidemic size.
Since new links support new contacts, they are considered
a key HIV propagation vector. As mentioned in an earlier
section, the majority of individuals in the model are involved
in fixed, long-term relationships that can be measured in
terms of years. Distinctions between free and fixed link
relationships are important because agents generally make
behavioral decisions based on context—frequency of visiting
high risk locations, frequency of change of sex partners,
relationship duration, condom usage, attitudes toward HIV
testing, and so on.These distinctions also reflect disease prop-
agation outside of high-risk subpopulations. Even though
low-risk populations mostly consist of long-term monog-
amous relationships, a small number of free links can act
as significant vectors for propagating the HIV virus. Once

the virus enters a gamma subpopulation, the spread of
the disease may be slow, but the overall number of infected
individuals can be large due to the population size. Precise
knowledge of the gamma population size is unnecessary;
it is assumed to be much larger than the alpha and beta
populations. However, screening alpha and beta populations
is very important because they represent the core of sexual
activity.

Fixed links are distributed among agents in the same
subpopulation, with most having at least one partner during
each simulation. Free links are distributed within and across
various subpopulations, with the number of potential links
for any agent dependent upon the population in question:
alpha agents have more free links than beta agents, and beta
agents havemore free links than gamma agents. According to
Liljeros et al. [21–23], the number of sexual contacts for any
individual follows a power-law curve. We therefore assumed
that any free link distribution of contacts over the lifetime
of a single agent in any population also reflects a power-law
pattern.

Assortative and disassortative population patterns reflect
mixes of free and fixed link agents. Statistically speaking, even
if an alpha population is small, an alpha agent is more likely
to have free links with other alpha agents, resulting in easily
identifiable assortative patterns. The same is true within beta
subpopulations and to a lesser degree between alpha and beta
subpopulations. Gammapopulations aremost likely to reflect
assortative patterns, although some disassortative patterns
are bound to appear due to size, despite the low probability
of any individual gamma agent having free links. Free links
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in any gamma subpopulation are statistically disassortative,
meaning that gamma agents with free links are very likely to
connect with alpha or beta agents with numerous free links.

5.4. Contact Frequency Layer. The contact frequency layer
reflects the temporal aspect of links between agents. Sexual
networks are considered dynamic in two ways.The first is the
number of new contacts established by an agent, with existing
links lost when new links are created. It is important to
understand the underlying mechanism, since creating a link
with a new agent can expose a large portion of the network
to HIV infection. The second aspect concerns existing link
activity. Since some links are more active than others, the
number of contacts with certain agents will be much larger
than with other agents. For example, a fixed link between
two gamma agents will show more activity than a free link
in the same population. Even in an alpha population, a free
link may only be activated once or twice. A trade-off exists
between the number of links an agent can maintain and link
duration: themore links an agent has, the weaker they are and
the shorter their lengths are. In contrast, maintaining long-
term fixed links may block the establishment of new links.

5.5. Epidemic Layer. The study goal was to model growth
in the number of HIV cases based on available data for a
sexual contact network consisting of homosexual males. An
epidemic model consisting of S (susceptible) and I (infected)
individuals was used to simulate epidemiological progress
resulting in status change, creating two infected subcategories
in the process: AIDS and HIV status (Figure 5). AIDS
individuals have the virus but do not yet have the antibodies
required for detection. Lack of certainty aboutHIV status can
influence behavioral decisions regarding sexual contacts and
condom usage. Infected agents are automatically added to
the HIV status subcategory after 6–12 weeks. Although HIV
can be detected as early as two weeks following infection, we
could not assume that all populations have access to state-of-
the-art testing facilities.

All uncontaminated agents have an S status prior to
virus exposure. Sexual contact between two S agents, with
or without condoms, is insufficient for changing the status
of either one; the same is true for sexual contact between
two infected or HIV-positive agents, but not for contact
between susceptible and infected or HIV-positive agents.
If a susceptible agent uses a condom, it will reduce the
probability of infection, but not by 100%. Furthermore,
unprotected sex between susceptible and infected agents does
not automatically result in new infections. As noted in Table 1,
𝑝 denotes the probability of status change following sexual
contact between susceptible and infected agents who use
condoms and 𝑞 denotes the probability of a susceptible agent
being contaminated by an infected agent during unprotected
anal intercourse.

5.6. System Implementation. Implementation of the proposed
five-layer simulation system entails communication between
components to execute layer functions. A component dia-
gram of the simulation framework is presented in Figure 6,

Susceptible

Infected

Infectious
Not detectable

Infectious
Detectable

Detected

Agent behavior
modification

AIDS symptoms

Retired

Not infected

HIV test HIV test

Death

HIV
contamination

process

Figure 5: HIV and AIDS status development diagram. Our simula-
tion is limited to HIV.

Observer

World

SchedulerAgent
behavior

Agent Rules

Figure 6: HIV epidemic simulation component diagram.

and descriptions of the various components are given in
Table 3. Agent layer and behavior are treated as two separate
components, with links, contact frequencies, and epidemic
layers managed according to the rules component, which
includes a power-law shaping rule. The total time complexity
of an experiment is O (Population Size ×Max Contacts).

We used the Borland C++ Builder’s visual component
library and event-driven programming model to develop the
user interface and input/output functions of the simulation
system. In addition to providing statistical reports and charts
based on HIV epidemic data, the system lets users observe
agent infection spreading scenarios in real time. Following
compilation and conversion into an executable application,
this system can be run on Windows using Dynamic Linked
Library files.
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Table 3: Properties and methods for each simulation component.

Component Properties Methods

Observer Higher in class hierarchy. Uses information from classes lower in the hierarchy
to create screen display.

World Two-dimensional lattice containing agents. Defines social network structure. Can be influenced
by agent behavior.

Scheduler Defines time in one-month units. Defines events that happen to each agent during each
time unit and ensures that rules are followed.

Rules
Rules applied to simulation pertaining to
contamination, HIV evolution, epidemiological
progress status, and so forth.

Communicates rules to schedulers and agents.

Agent One agent represents one human individual. Changes status according to epidemic model
parameters, capable of interacting with other agents.

Agent behavior Behavioral rules based on statistical data from surveys. Controls agent behaviors (e.g., number of contacts,
condom usage).

6. Simulation Results

Due to screening limitations, the number of reported cases
should not be viewed as an accurate representation of the
actual number of cases, meaning that reported curves may
not accurately reflect the evolution of the HIV epidemic over
a period of years. However, we did assume that the spike
in the number of reported cases in Taiwan during the time
period covered by this project reflects an increased awareness
and willingness to be tested and that a significant number
of individuals who have unknowingly carried the HIV virus
for a period of time are included in recent statistics. The
primary hypothesis is that testing a larger percentage of
the population will result in an increase in the number of
reported cases. In terms of epidemic simulation, agents who
test positive forHIV aremore likely to be cautious about their
sexual behavior, eventually slowing growth in the number of
simulated cases and reducing the number of reported cases.
This scenario must be considered when comparing reported
and simulated case numbers.

Data from Chen et al. [40], Lai [41], and Lai et al. [42]
were used to set the number of links, contact frequency, and
drug and condom usage parameters for the alpha and beta
populations. The parameters discussed in this section reflect
important changes in social behaviors over the past 20 years.
However, due to insufficient data on HIV infections among
Taiwanese homosexuals for the same period, we had to use
rough estimates for the evolution of changes in those behav-
iors.We did attempt to determine the plausibility of change in
agent behavior based on feedback from an earlier generation
of homosexuals. For example, we heard one comment that
a growing number of young gay men are openly declaring
their homosexuality, which may influence changes in alpha
and beta populations. Another important change is the sharp
increase in drug usage among young adults between the ages
of 20 and 30, meaning that researchers must address the
question of howdrug usage affects safe sex practices and other
behaviors. We will reviewmodels for estimating the effects of
these new factors in the following sections.

6.1. Dynamic Change in the Population. In the proposed
model, the overall population was divided into alpha, beta,
and gamma subpopulations. The alpha and beta clusters
increased in size based on the growing number of Taiwanese
men openly declaring their homosexuality during the past
20 years; however, the lack of hard data on this trend makes
it impossible to establish an accurate figure for simulation
purposes. Since the proposed model is based on recently
gathered information, such data are required in order to
achieve a close fit between a simulation and the actual
number of reported HIV cases.

In Figure 7, the curve labeled “No Increase” represents the
number of simulated HIV cases without considering alpha
and beta subpopulation increases. The curve clearly shows
fewer infections than the actual situation—the slope flattens
out over the long term, which is one result of saturation
in the number of infected agents in the most sexually
active subpopulations. One way to increase the number of
infected cases would be to increase the number of exchanges
between members of the alpha and beta subpopulations with
members of the gamma subpopulation, but doing so would
contradict the assumption of low levels of sexual activity for
gamma individuals with anyone but their fixed partners. An
alternative approach is to increase the number of alpha and
beta agents.

Model 1 in Figure 7 reflects the potential for significant
change in subpopulation size. While such changes are irregu-
lar, they can exert strong influences on individual behaviors—
note the number of male homosexuals who “came out”
in Western countries in the 1960s and 1970s. In model
1 we assumed three spikes in Taiwan during the past 20
years that resulted in significant increases in alpha and beta
subpopulations and respective increases in the numbers of
simulated HIV cases [43].

Model 2 reflects the assumption that growth in all
three subpopulations is the result of linear increases over
many years. While it is unlikely that this trend occurred in
homosexual communities, the assumption does underscore
the point that such growth generally emerges from gradual
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Different models for increase of alpha and beta populations
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Figure 8: Comparison of model 1 based dynamic population
increases with and without drug usage.

processes. The data indicate that simulations of dynamic
increases in alpha and beta subpopulations produced more
accurate results than simulations of static subpopulations. It
is very likely that modeling this dynamic is dependent on
cultural and spatial factors, thus making the model Taiwan-
specific.

6.2. Impact of Drugs. TCDC-sponsored research conducted
by Lai [41] and Lai et al. [42] confirms that nonmedicinal drug
usage exerts a major impact on the spread of HIV in Taiwan.
As stated earlier, we did not address hypodermic needle
sharing behavior (which occurs among both heterosexuals
and homosexuals) in the present study. A secondary impact
can be traced to carelessness in practicing safe sex while being
under the influence of drugs [40]. Figure 8 presents the results
of two simulations, one considering drug usage and one not.
Both simulations assume the same sharp increases in alpha
and beta populations as stated in Figure 7,model 1.The results
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Figure 9: HIV infection simulation data (100 runs), including
standard deviation at each point (left axis, “simulated”) and relative
to the value of each point (right axis, “deviation” percentage).

indicate significant effects from drug usage, especially in the
alpha and beta subpopulations.

6.3. Simulation Results Discussion. Certain simulation param-
eters (e.g., link distribution) were implemented as random
variables. The basic time unit was one month, with results
reported for each year. Results from a simulation with
dynamic increases in alpha and beta subpopulations, drug
usage, and HIV testing are presented in Figure 9. We
executed 100 runs of each simulation in an effort to reduce
statistical bias. Each point along simulated curves in the
figure represents the standard deviation over 100 runs; error
bars represent upper and lower point values. Each point on
the deviation curve represents the standard deviation over
100 runs for each point pegged to 100% of the current point
value, meaning that the curve represents the relative error
percentage at each point in relationship to the graph’s right
axis. Relative deviation fromupper and lower values obtained
over 100 runs was higher when the number of infected
individuals was smaller, though it never exceeded 37% of
the current point value. In terms of number of cases, the
deviation between upper and lower values did not exceed
147 cases over an average of 1,421 for the 12th year. This
is approximately 10% of the overall deviation, indicating a
higher value of 1,495 infected cases and a lower value of 1,347.
We also observed a connection between higher numbers of
infected cases and lower dispersion levels. Combined, these
results suggest that the simulations attained acceptable levels
of validity in terms of reproducibility (since dispersion was
limited) and credibility (since deviations across multiple runs
did not affect global trends based on different policies).

Figure 10 presents simulation and deviation results for
different policies with dynamic increases in alpha and beta
populations using model 1. The patterns of the deviation
curve shapes and values are similar to those for actual cases.
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Accordingly, it is possible to provide good estimates from the
simulation results across a range of accuracy values.

7. Conclusion

The original study goal was to establish a foundation for
constructing amodel capable of predicting the spread of HIV
among homosexual males living in two cities in northern
Taiwan. However, the project evolved into a more limited
effort to create a reliable model for an agent-based simulation
of a sexual activity network. It is assumed that an approach
that focuses on individual agent behavior offers a new path
for STI simulations. Furthermore, the results indicate that
implementing rules derived from social survey statistics can,
with some adjustment, accurately reflect global population
behaviors that are observable in the real world. In other
words, simulations in which specific behaviors are addressed
on an individual level can reflect global observations without
introducing unreasonably large numbers of societal rules.
Such results would reflect the small-world properties inher-
ent to scale-free networks. In the proposed model, the only
rules applied at a societal level were increases in alpha and
beta populations and increased drug usage. These rules were
minimized to reflect global trends associated with cultural
and individual tendencies. It is impossible to implement such
behaviors on an agent level when a study population is as
specific and limited as male homosexuals in two Taiwanese
cities.

The model can be modified and improved using new
data from field studies. It would be especially interesting to
keep track of changes in Taiwan over time, since acknowl-
edgment and limited acceptance of homosexuality represent
a significant shift in societal attitudes. Clustering results by
generation may provide insights into new behavioral trends
as they emerge and improve our understanding of the effects

of such factors as drug and condom usage. The biggest
challenge may be organizing and making a commitment to a
research project that will require several decades to complete.
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High blood pressure (BP) is associated with an increased risk of cardiovascular diseases. Therefore, optimal precision in
measurement of BP is appropriate in clinical and research studies. In this work, anthropometric characteristics including age, height,
weight, body mass index (BMI), and arm circumference (AC) were used as independent predictor variables for the prediction of
BP reactivity to talking. Principal component analysis (PCA) was fused with artificial neural network (ANN), adaptive neurofuzzy
inference system (ANFIS), and least square-support vector machine (LS-SVM)model to remove the multicollinearity effect among
anthropometric predictor variables. The statistical tests in terms of coefficient of determination (𝑅2), root mean square error
(RMSE), and mean absolute percentage error (MAPE) revealed that PCA based LS-SVM (PCA-LS-SVM) model produced a more
efficient prediction of BP reactivity as compared to other models. This assessment presents the importance and advantages posed
by PCA fused prediction models for prediction of biological variables.

1. Introduction

Accurate measurement of BP is essential in epidemiological
studies, in screening programmes, in research studies, and in
clinical practice to classify individuals, to ascertain hyperten-
sion related risks (coronary heart disease, stroke, and kidney
failure), and to guide management. Recommendations of
several international organisations including the American
Heart Association (AHA) [1], British Hypertension Society
(BHS) [2], and European Society of Hypertension (ESH)
[3] revealed that accuracy of BP measurements is highly
associated with the conditions in which the measurements
are taken. The observer should be aware of the considerable
variability that may occur in BP due to various factors.
However, it is not always feasible to control all the factors, but
we can minimize their effect by taking them into account in
reaching a decision [3].

In clinical practice, talking is one of the most com-
mon measurement disturbances influencing BP measure-
ment accuracy [4]. It can contribute to elevated BP reading,
termed BP reactivity to talking, that may result in the
misdiagnosis of hypertension or in overestimation of the

severity of hypertension and may lead to overly aggressive
therapy. Antihypertensive treatment may be unnecessary in
the absence of concurrent cardiovascular risk factors [5].

In the past few years, several studies have quantified the
effect of talking onBP. Zheng et al. [6]measuredBP in healthy
subjects under five different conditions including resting,
deeper breathing, talking, and head and arm movement
and proved that SBP and DBP changed significantly in
comparison to the resting condition. Le Pailleur et al. [7]
explored a sharp and significant increase in SBP and DBP
of hypertensive subjects while talking. Le Pailleur et al. [8]
showed an instantaneous rise in SBP and DBP of treated
and untreated hypertensive patients under a period of stress
talking and a period of counting aloud (active periods).

Zheng et al. [9] demonstrated significantly highermanual
and automated MAPs with talking in healthy subjects. Lynch
et al. [4] reported that verbal activity is consistently associated
with marked elevations in both normotensive and hyperten-
sive subjects. Tardy et al. [10] demonstrated that talking state
increased the BP as compared to resting state of the subjects.
Lynch et al. [11] described sudden extreme drop in blood
pressure in both experimental and clinical situations when
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a person is talking about or describing situations of hope-
lessness and helplessness. Long et al. [12] showed statistically
significant increase in BP when speaking compared to when
quiet. Hellmann and Grimm [13] investigated the effect of
talking on subjects with one previous diastolic blood pressure
reading of 90mmHg or more and not taking antihyperten-
sive medicines. Blood pressure increased significantly under
both talking conditions (reading neutral material for part of
the procedure and reading neutral material continuously).

Epidemiological studies from different populations have
explored a significant correlation between BP and anthro-
pometric characteristics [14–16]. Therefore, anthropometric
variables should be considered to attain an accurate mea-
surement of BP. However, multicollinearity between anthro-
pometric predictor variables has also been reported, which
may result in “overfitting” of the prediction model [17–19].
One approach to dealing withmulticollinearity is to use PCA,
a statistical approach. By using PCA the original data set
can be transformed into principal components (PCs) that are
orthogonal and are able to explain the maximal variance of
the data without losing any information [20, 21].

Soft computing covers computational techniques that
offer somewhat “inexact” solutions of very complex prob-
lems through modeling and analysis with a tolerance of
imprecision, uncertainty, partial truth, and approximation.
The successful applications of soft computing approaches in
biomedical studies suggest that the impact of soft computing
will be felt increasingly in the coming years.

The fusion of a statistical and soft computing approach
usually improves the training speed, enhances the robust-
ness of the model, and reduces the calibration error. These
models may aid the clinicians in the decision-making process
regarding clinical admission, early prevention, early clinical
diagnosis, and application of clinical therapies. In this sense,
this paper focuses on the development of PCA based soft
computing approaches for prediction of BP reactivity to
talking, which include conventional statistical method of
PCA for data preprocessing. We developed PCA based ANN
(PCA-ANN), PCA based ANFIS (PCA-ANFIS), and PCA-
LS-SVM models for prediction of BP reactivity to talking
in normotensive and hypertensive subjects. The prediction
accuracy of developed models was assessed and compared
using statistical indices including coefficient of determination
(𝑅2), root mean square error (RMSE), and mean absolute
percentage error (MAPE) to select the model that most
accurately predicts the BP reactivity.

The rest of the paper is structured as follows. In Section 2,
we present the details of data collection. Section 3 deals with
the experimental approaches used for data analysis. Section 4
deals with the summary of results obtained. Section 5
describes the discussion and Section 6 concludes with future
directions of work.

2. Data Collection

A total of 40 normotensive and 30 hypertensive female
subjects among the students, staff, and faculty of Sant Lon-
gowal Institute of Engineering and Technology (Deemed

University), Longowal, District Sangrur, Punjab, India, vol-
unteered for this study. Eligible participants had to be over 18
years of age.We excluded the subjects whowere pregnant and
who had arrhythmias. The institutional research committee
approved the research protocol and all participants gave
written informed consent before participation.

A standard questionnaire was administrated to collect
information on anthropometric characteristics of the partic-
ipants. A specially separated room was used to conduct the
study. This ensured minimal interference within the room
while the tests were being carried out.The observers involved
in the study were trained using the BHS’s BP measurement
training materials [22].

To eliminate observer bias, BP was measured using a
clinically validated (under standardized measurement con-
ditions), newly purchased, and fully automated sphygmo-
manometer OMRONHEM-7203 (OMRONHEALTHCARE
Co., Ltd., Kyoto, JAPAN) that uses the oscillometric method
of measurement. The BP monitor is available with a small
cuff (17–22 cm), medium cuff (22–32 cm), and large cuff (32–
42 cm).The appropriate size of cuff was determined from the
mid-arm circumference of the subject.

Subjects were advised to avoid alcohol, cigarette smoking,
coffee/tea intake, and exercise for at least 30 minutes prior
to their BP measurement. They were instructed to empty
their bladder and sit upright with elbows on table, supported
back, and feet flat on the ground, as they are the potential
confounding factors. Moreover, they were asked not to talk
and move during measurement [1].

After a rest period of 5 minutes [1], the measurements
were performed four times repeatedly at an interval of one
minute. First measurement was discarded and the average
of last three measurements was taken into account. Subse-
quently, the same measurement protocol was repeated under
talking phase duringwhich the observer asked each subject to
“tell me about your work in detail” [4]. During talking phase,
the observer only talked to the subject to maintain the flow of
conversation, making every possible effort to talk minimally.
To improve the reliability of measurements, the subjects were
examined for a week [3].

3. Experimental Methods

Data were expressed as mean ± SD. A paired 𝑡-test was used
to assess the difference between measurements of resting and
talking conditions.

3.1. PCA. Firstly, Bartlett’s test of sphericity [23] and Kaiser
Meyer Olkin (KMO) measure of sampling adequacy [24]
were applied to check the suitability of data for application
of PCA.

Bartlett’s test of sphericity tests the null hypothesis that
the correlation matrix is an identity matrix or there is no
relationship between predictor variables. Consider

𝜒
2
= −{[𝑁 − 1] − [

2𝐾 + 5

6
]} log

𝑒
|𝑅| , (1)



Computational and Mathematical Methods in Medicine 3

where 𝜒
2 is chi-square, 𝑁 is sample size, 𝐾 is number of

predictor variables, log
𝑒
is natural log, and |𝑅| is determinant

of the correlation matrix.
KMO compares the magnitude of calculated correlation

coefficients and partial correlation coefficients. The formula
for KMO is given as follows:

KMO =

∑
𝑖 ̸=𝑗

∑𝑟
2

𝑖𝑗

∑
𝑖 ̸=𝑗

∑𝑟
2

𝑖𝑗
+ ∑
𝑖 ̸=𝑗

∑𝑎
2

𝑖𝑗

, (2)

where ∑
𝑖 ̸=𝑗

is sum over all variables in the matrix when
variable 𝑖 ̸= 𝑗, 𝑟

𝑖𝑗
is Pearson correlation coefficient between

variables 𝑖 and 𝑗, and 𝑎
𝑖𝑗
is partial correlation coefficient

between variables 𝑖 and 𝑗.
KMO index ranges, from 0 to 1, should be greater than 0.6

for the PCA to be considered appropriate.
PCA is a multivariable statistical analysis technique. The

objective of PCA is to remove the multicollinearity problem
and reduce the number of predictor variables and transform
them into PCs which are independent linear combinations of
the original data set and account for the maximum possible
variance of the original data set so that adequate information
from the original data set can be extracted [20, 21].

The eigenvalues of the standardized matrix are calculated
from

|𝐶 − 𝜆𝐼| = 0, (3)

where 𝐶 is correlation matrix of the standardized data, 𝜆
is eigenvalues, and 𝐼 is identity matrix. The weights of the
variables in the PCs are then obtained by

|𝐶 − 𝜆𝐼|𝑊 = 0, (4)

where𝑊 is matrix of weights.
To evaluate the influence of each predictor variable in the

PCs, varimax rotation was used to obtain values of rotated
factor loadings. These loadings represent the contribution of
each predictor variable in a specific PC. The PCs used for
the prediction of BP reactivity to unsupported back were
obtained through multiplication of the standardized data
matrix by weights (𝑊) [25].

3.2. ANN. ANN’s customary architecture was composed of
an input layer, an output layer, and one or more intervening
layers, also referred to as hidden layers to capture the
nonlinearity in data.

Figure 1 shows an ANN model consisting of 𝑁 nodes in
input layer, one hidden layer with ℎ hidden nodes, and an
output layer with one node.

Network is trained by presenting one pair of input-output
vector at a time.The weighted sum of inputs calculated at 𝑡th
hidden node is

NET
𝑡
=

𝑁

∑

𝑖=1

𝑤
𝑡𝑖
𝑥
𝑖
+ 𝑏
𝑡
, (5)

where 𝑤
𝑡𝑖
is weight on connection from the 𝑖th to the 𝑡th

node, 𝑥
𝑖
is input data from input node, 𝑁 is total number of

input nodes, and 𝑏
𝑡
is bias on the 𝑡th hidden node.
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Figure 1: Architecture of ANN.

Each hidden node uses a tangent sigmoid transfer func-
tion to generate an output, say 𝑍

𝑡
, between 0 and 1. The

outputs from each hidden nodes, along with the bias 𝑏
0
on

the output node, send to the output node and weighted sum
becomes

NET =

ℎ

∑

𝑡=1

V
𝑡
𝑍
𝑡
+ 𝑏
0
, (6)

where ℎ is total number of hidden nodes and V
𝑡
is weight from

the 𝑡th hidden node to the output node.
The weighted sum NET becomes the input to the linear

transfer function of the output node and the predicted output
is

�̂� = 𝑓 (NET) . (7)

And then the second phase of the BP algorithm, adjust-
ment of the connection weights, begins. The parameters of
the ANN can be determined by minimizing the following
objective function in the training process:

SSE =

𝑛

∑

𝑗=1

(𝑦
𝑖
− �̂�
𝑗
)
2

, (8)

where �̂�
𝑗
is output of the network from 𝑗th observation.

The sensitivity 𝑆
𝑖
of the outputs to each of the 𝑖th

inputs, as partial derivatives of the output with respect to the
input, under the assumption that relationship of 𝑌 and 𝑋 is
monotone [26], is given as

𝑆
𝑖
=

𝜕�̂�

𝜕𝑋
𝑖

=

ℎ

∑

𝑡=1

𝜕�̂�

𝜕NET
𝜕NET
𝜕𝑍
𝑡

𝜕𝑍
𝑡

𝜕NET
𝑡

𝜕NET
𝑡

𝜕𝑋
𝑖

=

ℎ

∑

𝑡=1

[𝑓

(NET) V

𝑡
𝑓

(NET

𝑡
) 𝑤
𝑡𝑖
]

(9)

or

𝑆
𝑖
=

ℎ

∑

𝑡=1

V
𝑡
𝑤
𝑡𝑖

(10)
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Figure 2: Architecture of ANFIS.

with the assumption that 𝑓(NET) and 𝑓

(NET)

𝑡
are con-

stants. The independent variable with higher relative positive
or negative sensitivity has the higher positive or negative
impact on dependent variable.

3.3. ANFIS. ANFIS, a multilayer feed forward network, uses
neural network learning algorithms and fuzzy reasoning to
map an input space to an output space, as shown in Figure 2.
It has the ability to combine the verbal power of a fuzzy system
with the numeric power of a neural network.

It can construct an input-output mapping based on
human knowledge (if-then fuzzy rules) and stipulated input-
output data pairs. The parameters of membership function,
if-then rule exertion, and output parameters are calculated
by training data set. The training algorithm is usually hybrid
or back propagation. The ANFIS implements the rules of the
form

𝑅
𝑟
: If 𝑥
1
is 𝐴(1)
𝑗1

. . . and 𝑥
𝑛
is 𝐴(𝑛)
𝑗𝑛
, then

𝑦 = 𝛼
(𝑟)

0
+ 𝛼
(𝑟)

1
⋅ 𝑥
1
+ ⋅ ⋅ ⋅ + 𝛼

(𝑟)

𝑛
⋅ 𝑥
𝑛
, (11)

where 𝑥
1
is independent variable, 𝐴(1)

𝑗1
is a fuzzy linguistic

concept, and 𝑦 is dependent variable.

Input Layer (𝐿
1
). Each unit of input layer stores parameters

of membership functions to define a membership function
that represents a linguistic term.

InputMembership Function Layer (𝐿
2
). Each unit of this layer

represents a rule. The inputs to a unit 𝑅
𝑟
∈ 𝐿
2
are degrees of

membership which are multiplied to determine the degree
of fulfilment 𝜏

𝑟
for the rule represented by 𝑅

𝑟
.

Logical Nodes (𝐿
3
).This layer consists of a unit for each rule

𝑅
𝑟
that computes relative degree of fulfilment as follows:

𝜏
𝑟
=

𝜏
𝑟

∑
𝑅𝑖∈𝐿2

𝜏
𝑖

. (12)

Each unit of 𝐿
3
is connected to all the rule units in 𝐿

2
.

Output Membership Function Layer (𝐿
4
). Each unit of 𝐿

4

computes the output of a rule 𝑅
𝑟
as

𝑂
𝑟
= 𝜏
𝑟
(𝛼
(𝑟)

0
+ 𝛼
(𝑟)

1
⋅ 𝑥
1
+ ⋅ ⋅ ⋅ + 𝛼

(𝑟)

𝑛
⋅ 𝑥
𝑛
) . (13)

Bias

Output
...

x1

x2

xp

wp

K(x1, xj)

K(xp, xj)

w1

Σ

Figure 3: Architecture of LS-SVM.

The units 𝐿
4
are connected to all units of input layer and

to exactly one unit in 𝐿
3
.

Output Layer (𝐿
5
). It computes the final output 𝑦 by adding

all the outputs from 𝐿
4
[27].

3.4. LS-SVM. LS-SVM is an extension of standard support
vectormachine. It converts the inequality constraints of SVM
into equality ones which leads to solving a linear system
instead of a quadratic problem, whose convergence speed
is faster [28]. It has been widely used in estimation and
approximation of function [29]. The architecture of LS-SVM
is shown in Figure 3.

Given a set of training data set

(𝑥
𝑖
, 𝑦
𝑖
) , 𝑖 = 1, 2, . . . , 𝑙, 𝑥

𝑖
∈ 𝑅
2
, 𝑦
𝑖
∈ 𝑅 (14)

with the input vector 𝑥
𝑖
and the output vector 𝑦

𝑖
, the

regression function of least square-support vector machine,
in feature space 𝐹, can be stated as

𝑦 (𝑥) = 𝑤
𝑇
0 (𝑥) + 𝑏, (15)

where 𝑤 is weight vector and 𝑏 is bias. 0(𝑥)maps the input 𝑥
into a vector in 𝐹.

The model is inferred from the training data set by
minimizing the cost function given below

1

2
𝑤
𝑇
𝑤 +

𝛾

2

𝑙

∑

𝑖=1

𝑒
2

𝑖
, (16)

subject to equality constraint

𝑦
𝑖
= 𝑤
𝑇
0 (𝑥
𝑖
) + 𝑏 + 𝑒

𝑖
, (17)

where 𝑒
𝑖
is error, 𝑖 = 1, 2, 3, . . . , 𝑙, and 𝛾 is regularization

parameter.
Solving this optimization problem in dual space leads to

finding the coefficients 𝛼
𝑖
and 𝑏 in the following solution:

𝑦 (𝑥) =

𝑙

∑

𝑖=1

𝛼
𝑖
𝐾(𝑥
𝑖
, 𝑥) + 𝑏, (18)

where𝐾(𝑥
𝑖
, 𝑥) is kernel function.
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3.5. Performance Indices Used for Model Comparison. For the
comparison of developedmodels and selection of the optimal
among them, performance of models was evaluated using 𝑅

2

and RMSE and MAPE.
𝑅
2 is the square of the correlation coefficient between two

variables 𝑥 and 𝑦 whose 𝑛 pairs are available as follows:

𝑅
2
= 1 −

∑
𝑛

𝑖=1
(𝑦
𝑖
− 𝑦
𝑑𝑖
)
2

∑
𝑛

𝑖=1
(𝑦
𝑑𝑖
− 𝑦
𝑚
)
2
. (19)

RMSE is the square root of mean square error, given by
following equation:

RMSE = √
1

𝑛

𝑛

∑

𝑖=1

(𝑦
𝑖
− 𝑦
𝑑𝑖
)
2

. (20)

MAPE is defined as average of percentage errors, given by
following equation:

MAPE =
100

𝑛

𝑛

∑

𝑖=1



𝑦
𝑖
− 𝑦
𝑑𝑖

𝑦
𝑖



, (21)

where 𝑛 is the number of samples, 𝑦
𝑖
is the predicted value

obtained from the model, 𝑦
𝑑𝑖
is the actual value, and 𝑦

𝑚
is

the average of the actual values.
The lower the RMSE and MAPE, the better the accuracy

of themodel in predicting the parameter. Also, the highest𝑅2
values indicated that the model performed the best [30].

4. Results

Descriptive statistics for each anthropometric characteristic
is given as mean and SD in Table 1.

The results of paired 𝑡-test demonstrated statistically sig-
nificant higher SBP, DBP, and mean arterial pressure (MAP),
(𝑃 < 0.001) in talking condition. The mean rise was found
to be higher in hypertensive individuals than normotensives,
as shown in Table 2. These results are consistent with the
recommendations of AHA for BP measurement in humans
and experimental animals [1].

Table 3 presents the Pearson’s correlation coefficients
calculated for all anthropometric variables. High values of
correlation coefficient (greater than 0.6) between pairs of
anthropometric characteristics [31] revealed the existence of
multicollinearity.

Before applying PCA, Bartlett’s test of sphericity and
Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy
were applied to determine whether PCAwas suitable for data
studied. The results are shown in Table 4. High value of chi-
square (𝜒 2 ) for Bartlett’s test suggests that use of PCA is
appropriate (𝑃 < 0.001) in normotensive and hypertensive
subjects. The value of KMO is also greater than 0.6 which
indicates that our sample size is enough to apply PCA [32].

Thefirst four PCs (PC1–PC4), explainingmore than 5%of
total variation, as shown in Table 5, were retained for further
analysis.

Rotated component loadings after varimax rotation rep-
resent the extent to which the original anthropometric

Table 1: Descriptive characteristics of anthropometric characteris-
tics of study sample.

Anthropometric characteristic Normotensive Hypertensive
Mean SD Mean SD

Age (year) 23.1 1.24 42.83 6.665
Height (m) 1.61 0.03 1.583 0.035
Weight (kg) 55.96 7.29 62.48 10.89
BMI (kg/m2) 21.55 2.504 23.57 3.497
AC (cm) 26.56 2.45 26.72 2.4

characteristics are influential in forming PCs, as shown in
Table 6.

The bold marked loads show the highest correlation
between anthropometric characteristic and corresponding
component. For both normotensive and hypertensive sub-
jects, weight and BMI were positively highly correlated with
PC1 and a negative high correlation between height and PC2
was observed.

Principal score values for assigned PCs were determined
by using principal score coefficients.

Moreover, the value of Pearson’s correlation (correlation
coefficient < 0.6) between PCs, as shown in Table 7, indi-
cates the elimination of multicollinearity effect presented in
Table 3.

To develop PCA based soft computing prediction models
80% of data were used for training while entire data set
was used for testing. Moreover, data must be normalized to
achieve more accurate predictions [38]. The predicted BP
reactivity values were denormalized for comparison with the
actual values. MATLAB 7.5 version was used to develop the
prediction models.

4.1. PCA-ANN. To achieve the best ANN structure for BP
reactivity prediction, various structures of feed-forward neu-
ral network with different number of neurons in hidden layer
were investigated. Finally, with consideration of statistical
indices, a structure with two hidden layers, having six nodes
in each hidden layer, was developed. There were four input
nodes representing the four PCs and one output node
representing theBP reactivity to talking. Tangent sigmoid and
linear transfer functions were used as activation functions
in the hidden and output layers. Back propagation learning
algorithm based on Levenberg-Marquardt technique was
used [39].

Figures 4 and 5 show the scatter plot between observed
and predicted values of SBP, DBP, and MAP reactivity
from PCA-ANN model in normotensive and hypertensive
subjects, respectively.

4.2. PCA-ANFIS. PCA-ANFIS model was developed using
genfis1 with grid partition on data. Different ANFIS param-
eters were tested in order to achieve the perfect training and
maximum prediction accuracy.

Input membership functions “trapmf” and “gauss2mf”
were used to predict SBP and DBP reactivities, respectively,
in normotensive individuals, whereas membership function
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Table 2: Results of paired 𝑡-test.

Subjects BP, mmHg Mean difference ± SD 𝑡 𝑃 95% CI of mean difference

Normotensives
SBP 6.31 ± 2.409 16.567 <0.001 5.540 to 7.081
DBP 5.857 ± 1.584 23.388 <0.001 5.350 to 6.363
MAP 6.008 ± 1.231 30.854 <0.001 5.164 to 6.402

Hypertensives
SBP 9.634 ± 1.283 41.117 <0.001 9.154 to 10.113
DBP 7.816 ± 1.44 29.722 <0.001 7.278 to 8.354
MAP 8.422 ± 1.105 41.757 <0.001 8.009 to 8.834
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Figure 4: Scatter plot between observed and predicted values of SBP, DBP, and MAP reactivity of normotensive subjects using PCA-ANN
model.

“psigmf” was used to predict SBP and DBP reactivity in
hypertensive individuals. Output membership function “lin-
ear” was used.

Other parameters of trained PCA-ANFIS model were
number of membership functions = 16, number of nodes =
55, number of linear parameters = 80, number of nonlinear
parameters = 32, total number of parameters = 112, and
number of fuzzy rules = 16.

The observed and predicted values of SBP, DBP, andMAP
reactivity from PCA-ANFIS model for normotensive and
hypertensive subjects were plotted in Figures 6 and 7.

4.3. PCA-LS-SVM. APCA-LS-SVMmodel using RBF kernel
and grid search optimization algorithm with 2-fold cross-
validation was developed to obtain the optimal parameter
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Figure 5: Scatter plot between observed and predicted values of SBP, DBP, and MAP reactivity of hypertensive subjects using PCA-ANN
model.

Table 3: Pearson’s correlation coefficients between pairs of anthro-
pometric characteristics in normotensive and hypertensive subjects.

Variable Height Weight BMI AC

Age (years) 0.535
0.113

0.784∗
0.598

0.701∗
0.509

0.668∗
0.585

Height (cms) 0.543
0.165

0.237
0.305

0.619∗
0.021

Weight (Kg) 0.934∗
0.885∗

0.743∗
0.767∗

BMI (Kg/m2) 0.617∗
0.691∗

∗It indicates 𝑃 < 0.001; bold values indicate correlations in anthropometric
characteristics of hypertensive subjects.

combination [40]. The optimal values of 𝛾 (regularization
parameter) and 𝜎

2 (squared bandwidth) for normotensive
and hypertensive subjects were shown in Table 8.

Figures 8 and 9 show the scatter plot between observed
and predicted values of SBP, DBP, and MAP reactivity
fromPCA-LS-SVMmodel in normotensive and hypertensive
subjects, respectively.

Comparison of statistical indices for themodels, as shown
in Table 9, revealed that PCA-LS-SVMmodel has the highest
value of 𝑅 2 and lowest value of RMSE for the prediction of
BP reactivity to talking in normotensive and hypertensive
subjects.

5. Discussion

For proper diagnosis and treatment of hypertension, accurate
and reproducible BP measurements are essential.

This study confirms and extends previous studies [4, 6–
13] by documenting a significant increase in BP with talking.
This finding tends to support Weiner et al. [41] suggestion
that there may be an association between verbal activity and
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Table 4: Results of Bartlett’s test of sphericity and KMO.

Test Normotensive subjects Hypertensive subjects

Bartlett’s test of sphericity
Approx. 𝜒2 231.012 119.48

DF 10 10
𝑃 <0.0001 <0.0001

KMOmeasure of sampling adequacy 0.63 0.75
DF: degree of freedom.

Table 5: Eigenvalues and % of variation explained by each PC in normotensive and hypertensive subjects.

PCs Normotensive subjects Hypertensive subjects
Eigenvalue Individual% Cumulative% Eigenvalue Individual% Cumulative%

1 3.59 71.84 71.84 3.0550 61.10 61.10
2 0.83 16.58 88.42 1.1249 22.5 83.60
3 0.32 6.34 94.76 0.4393 8.78 92.38
4 0.25 5.04 99.8 0.2830 5.66 98.04
5 0.01 0.2 100.00 0.0978 1.96 100
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Figure 6: Scatter plot between observed and predicted values of SBP, DBP, and MAP reactivity of normotensive subjects using PCA-ANFIS
model.
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Table 6: Loadings of anthropometric characteristics in normotensive and hypertensive subjects.

Anthropometric characteristics
Loadings after varimax rotation

Normotensive subjects Hypertensive subjects
PC1 PC2 PC3 PC4 PC1 PC2 PC3 PC4

Age 0.0004 −0.0006 −0.0000 −1.0000 −0.0036 0.0020 0.9988 −0.0026
Height −0.0139 −0.9676 0.0002 −0.0008 0.0058 0.9968 0.0020 0.0043
Weight −0.6569 −0.1812 −0.0008 0.0039 0.6576 0.0561 −0.0349 −0.0754
BMI −0.7538 0.1757 0.0008 −0.0039 0.7533 −0.0566 0.0352 0.0760
AC −0.0001 0.0001 −1.0000 −0.0000 0.0078 −0.0043 0.0027 −0.9942
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Figure 7: Scatter plot between observed and predicted values of SBP, DBP, and MAP reactivity of hypertensive subjects using PCA-ANFIS
model.

BP elevations. And withdrawal from such verbal activity has
important clinical implications for the cardiovascular system.

Furthermore, we illustrated an application of PCA based
soft computingmodels in predicting the BP reactivity to talk-
ing. PCA corrects for confounding caused by anthropometric
characteristics including age, height, weight, BMI, and AC

and, therefore, normotensive subjects were used to provide
a basis for comparison.

As far as we know, this paper is the first study related to
prediction of BP reactivity to talking using PCA based soft
computing approaches.Therefore, the results were compared
with indirectly related studies [33–37], as shown in Table 10.
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Figure 8: Scatter plot between observed and predicted values of SBP, DBP, andMAP reactivity of normotensive subjects using PCA-LS-SVM
model.

Table 7: Pearson’s correlation coefficient among all pairs of PCs in
normotensive and hypertensive subjects.

PC PC2 PC3 PC4

PC1 −0.00000225
0.00000878

0.0000000798
0.00000423

−0.0000167
0.00000659

PC2 −7.237e − 016
0.00000919

5.808e − 016
0.0000142

PC3 −7.557e − 017
0.0000175

Bold values indicate correlations in anthropometric characteristics of hyper-
tensive subjects.

Promising results of soft computing techniques in all studies
are due to their high degree of robustness and fault tolerance.
In this work, specifically, the best performance of LS-SVM is
sourced from its several advantages including global optimal
solution ability, fast convergence rate, and good generaliza-
tion with small size sample.

This study has a number of advantages. We used small,
medium, and large size cuffs, whichmay have producedmore
accurate readings. Andwe took themean ofmultiple readings
to strengthen the accuracy of BP measurements.

However, any single comparison between the models
might not reliably represent the true results. Validation of the
computing models using larger database is essential to get an
accurate measure of performance outside the development
population.

6. Conclusion

The successful development of any predictionmodel depends
largely on the quality and nature of data used for model
development. To address the issue of multicollinearity within
the anthropometric variables, PCA is incorporated. Further-
more, performance comparison of PCA-ANN, PCA-ANFIS,
and PCA-LS-SVM models revealed the potential capability
of PCA-LS-SVM model in predicting BP reactivity. This
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Table 8: Optimal values of 𝛾 and 𝜎
2.

Parameters Normotensive subjects Hypertensive subjects
SBP DBP SBP DBP

𝛾 369.9717 1.7430e + 004 1.7498e + 008 3.0844e + 006
𝜎
2 0.5882 7.0498e − 006 4.7587e − 004 2.3885e − 006

Table 9: Statistical indices for different models.

Model
Normotensive subjects Hypertensive subjects

SBP DBP SBP DBP
𝑅
2 (%) RMSE MAPE 𝑅

2 (%) RMSE MAPE 𝑅
2 (%) RMSE MAPE 𝑅

2 (%) RMSE MAPE
PCA-ANN 67.44 0.58 37.09 62.39 0.62 40.77 59.50 0.68 9.2 53.19 0.86 11.02
PCA-ANFIS 80.04 0.56 9.82 79.37 0.52 12.27 87.02 0.41 2.97 86.11 0.4 2.71
PCA-LS-SVM 95.42 0.21 5.88 94.22 0.24 4.05 98.76 0.11 0.88 98.78 0.11 0.84
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Figure 9: Scatter plot between observed and predicted values of SBP, DBP, and MAP reactivity of hypertensive subjects using PCA-LS-SVM
model.
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Table 10: Comparison of results with other studies.

Ref. Model developed Predicted parameter Remarks

[33] FIR and ANFIS Mean BP and AEP during
anaesthesia

No significant difference between
the results of two models

[34] ANN and multiple linear
regression (MLR) SBP ANN outperformed MLR

[35] RS-SVM BP
Training rapidity and accuracy of
the RS-SVMmodel are both
evidently improved

[36]
PCA-ANFIS, conventional
maximum amplitude
algorithm

SBP and DBP PCA-ANFIS outperformed

[37] FIS Effect of aerobic exercise on
BP

Preliminary validation results of
the performance of the FIS are
promising

Our study PCA-LS-SVM, PCA-ANN,
and PCA-ANFIS SBP, DBP, and MAP PCA-LS-SVM outperformed

PCA-ANN and PCA-ANFIS

work may provide a valuable reference for researchers and
engineers who apply soft computing models for modeling
biological variables.The results are helpful in physician’s diag-
nosis for the prevention of hypertension in clinical medicine.
Our future research is targeted to study an ensemble approach
by combining the outputs of different hybrid techniques with
more predictor variables and larger data sets to achieve wide
clinical application of the soft computing.
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This work presents a new method for measuring the variation of intracellular calcium in follicular cells. The proposal consists
in two stages: (i) the detection of the cell’s nuclei and (ii) the analysis of the fluorescence variations. The first stage is performed
via watershed modified transformation, where the process of labeling is controlled. The detection process uses the contours of
the cells as descriptors, where they are enhanced with a morphological filter that homogenizes the luminance variation of the
image. In the second stage, the fluorescence variations are modeled as an exponential decreasing function, where the fluorescence
variations are highly correlated with the changes of intracellular free Ca2+. Additionally, it is introduced a newmorphological called
medium reconstruction process, which helps to enhance the data for the modeling process. This filter exploits the undermodeling
and overmodeling properties of reconstruction operators, such that it preserves the structure of the original signal. Finally, an
experimental process shows evidence of the capabilities of the proposal.

1. Introduction

Calcium (Ca2+) is an ubiquitous intracellular ion signaling
responsible for controlling many cellular processes [1, 2].
Ca2+ acts as secondmessenger triggering pathological events,
such as cells injury and death, as well as participating
in pathological conditions, such as hypertension, cardiac
arrhythmia, hematological problems, muscular diseases, and
hormonal disorders, among others [1, 3, 4]. The role of Ca2+
in these diseases has just begun to be understood. Some Ca2+
that induce pathological conditions have been found with
the help of substances that interfere with the movement or
activation of Ca2+ [3, 5]. Due to the importance of Ca2+, there
are several numbers of optical and nonoptical techniques,

which have been developed for analyzing Ca2+ either dynam-
ics or concentration. Fluorescent microscopy techniques are
frequently used to observe the variation of intercellular
Ca2+ concentration applying chemical fluorescents indicator
as markers. Those indicators stimulate the cells causing
a fluorescence effect [6]. The fluorescence is detected by
microscopy and CCD sensors. To compute the cells with the
greatest fluorescence variations, the user must select them
manually and analyze all the images in the sequence in
order to determine the changes of fluorescence over time.
However, it consumes time and human resources being
susceptible to error measuring. By such circumstance, the
process for segmenting the cells and the study of dynamics of
intracellular Ca2+ represent the main objective in this paper.
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An important step in the study of intracellular Ca2+ con-
sists of the segmentation of each individual cell. The image
segmentation results are difficult because the environmental
changing conditions are usually uncontrollable. In the liter-
ature typically depending on the properties of the cells, the
segmentation method is proposed. For instance, some works
use neural networks approaches [7], hierarchical threshold
[8], or multiscale morphology [9], just to mention a few.

Watershed-plus-marker approach, on the other hand,
is the traditional image segmentation method based on
morphological mathematical [10, 11]. The success of this
method depends mainly on the correct detection of the
image’s markers. The markers can be detected manually or
automatically. Automatic approaches help the specialist to
save time and resources. However, there are factors that
affect the performance of an automatic detection of markers
such as noise, cells occlusions, and abrupt changes in the
images. Those factors can lead these algorithms to over-
and undersegmentation, that is, create regions containing
partial or multiple cells. In this sense, several approaches
have been developed for improving cell segmentation. In this
study, we introduce a method to analyze automatically the
intracellular calcium variation.This approach consists in two
stages: (1) the image enhancement and cell segmentation and
(2) the calcium variation modeling. The image enhancement
is carried out with a top-hat filter, which homogenizes the
luminance conditions. The process of cells segmentation is
performed using themarked-controlledwatershed transform
and filters by reconstruction, which is used to detect markers
efficiently, after the homotopy of the gradient image was
computed. To measure the calcium intracellular variations,
the volume of each marked cell is computed. The procedure
consists of estimating the volume using the luminance inten-
sities for each marked cell along the time. After, least squares
fitting (LSF)method is applied to create amodel of the behav-
ior of the variation of the fluorescence. The behavior model
created is considered as an exponential decreasing function.
To enhance the development of the model of the behavior of
calcium, a novel morphological filter named as medium filter
is introduced.This filter smoothes the fluorescencemeasures,
exploiting the under- and-overmodeling of reconstruction
operator, preserving the information structure of original
signal.

The paper is organized as follows. In the next section,
a review of some morphological filters is presented. In
Section 3, a method based on marked controlled watershed
transform to detect automatically the cells is shown. In
Section 4, we show the procedure to estimate the volume
of each marked cell starting from the fluorescence intensity
along time; after applied least squares fitting and morpho-
logical medium filter, the model of fluorescence behavior is
created. Finally, results and conclusions can be found in the
last section.

2. Concepts of Morphological Filtering

2.1. Basic Notions of Morphological Filtering. Mathematical
morphology is mainly based on the so-called increasing
transformations [12–14]. A transformation 𝑇 is increasing if

for all pairs of functions𝑓 and 𝑔, with𝑓 ≤ 𝑔 ⇒ 𝑇(𝑓) ≤ 𝑇(𝑔).
In otherwords, increasing transformations preserve the order
of the relation. A second property is the idempotence; that is,
a transformation 𝑇 is idempotent if and only if 𝑇(𝑇(𝑓)) =
𝑇(𝑓). The basic morphological filters are the morphological
opening 𝛾

𝜇𝐵
and the morphological closing 𝜑

𝜇𝐵
with a

given structuring element, where𝐵 represents the elementary
structuring element (3 × 3 pixels, e.g.) containing its origin
and 𝜇 is an homothetic parameter. Thus, the morphological
opening and closing are given, respectively, by

𝛾
𝜇𝐵
𝑓 (𝑥) = 𝛿

𝜇𝐵
(𝜀
𝜇𝐵
(𝑓)) , 𝜑

𝜇𝐵
𝑓 (𝑥) = 𝜀

𝜇𝐵
(𝛿
𝜇𝐵
(𝑓)) ,

(1)

where the morphological erosion 𝜀
𝜇𝐵
(𝑓(𝑥)) and dilation

𝛿
𝜇𝐵
(𝑓(𝑥)) are expressed as 𝜀

𝜇𝐵
= 𝑓⊖𝜇𝐵 : 𝑥 → inf

𝑦𝜖𝜇𝐵
𝑓(𝑥+𝑦)

and 𝛿
𝜇𝐵
(𝑓) = 𝑓 ⊕ 𝜇𝐵 : 𝑥 → sup

𝑦𝜖𝜇𝐵
𝑓(𝑥 − 𝑦).

Henceforth, the set 𝐵 will be suppressed rendering, the
expressions 𝛾

𝜇
and 𝛾
𝜇𝐵

are equivalent (𝛾
𝜇
= 𝛾
𝜇𝐵
). When the

parameter 𝜇 is equal to one, all parameters are suppressed
(𝛿
𝐵
= 𝛿).

2.2. Opening (Closing) by Reconstruction. The notion of
reconstruction is a very useful concept provided by MM.
Reconstruction transformations are built by means of the
geodesic transformations. In a gray-level case, the geodesic
dilation 𝛿1

𝑓
(𝑔) (resp., the geodesic erosion 𝜀1

𝑓
(𝑔)) with 𝑔 ≤ 𝑓

(resp., 𝑔 ≥ 𝑓) of size 1 given by 𝛿1
𝑓
(𝑔) = 𝑓 ∧ 𝛿

𝐵
(𝑔) (resp.,

𝜀1
𝑓
(𝑔) = 𝑓 ∨ 𝜀

𝐵
(𝑔)) is iterated until idempotence. Consider

two functions 𝑓 and 𝑔, with 𝑓 ≥ 𝑔 (𝑓 ≤ 𝑔). Reconstruction
transformations of themarker function𝑔 in𝑓, using geodesic
dilations and erosions, expressed by 𝑅(𝑓, 𝑔) and 𝑅∗(𝑓, 𝑔),
respectively, are defined by

𝑅 (𝑓, 𝑔) = lim
𝑛→∞
𝜀
𝑛

𝑓
(𝑔) = 𝜀

1

𝑓
𝜀
1

𝑓
⋅ ⋅ ⋅ 𝜀
1

𝑓
(𝑔) ,

𝑅
∗
(𝑓, 𝑔) = lim

𝑛→∞
𝜀
𝑛

𝑓
(𝑔) = 𝜀

1

𝑓
𝜀
1

𝑓
⋅ ⋅ ⋅ 𝜀
1

𝑓
(𝑔) .

(2)

When the marker function 𝑔 is equal to the erosion or the
dilation of the original function in (2), the opening and the
closing by reconstruction are obtained:

𝛾
𝜇
(𝑓) = lim

𝑛→∞
𝛿
𝑛

𝑓
(𝜀
𝜇
(𝑓)) ,

𝜑
𝜇
(𝑓) = lim

𝑛→∞
𝜀
𝑛

𝑓
(𝛿
𝜇
(𝑓)) .

(3)

3. Automatic Detection of Cells

Thewatershed-plus-marker approach transformation is a tra-
ditional image segmentation method based in mathematical
morphology [10, 13]. However, this transformationmakes use
of an extensive set of morphological filters. This transform is
used for segmenting images avoiding the oversegmentation
[11]. The oversegmentation criterion consists of setting an
upper limit in the number of minima regions detected. This
process is performed with the minima impositions over the
markers, exploiting homotopy property of the operators.
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However, it needs to make some assumptions to use this
approach.Themost important assumption consists of the fact
that that the minima represent the center of the object (in
the cell case, the core of it); a second assumption consists
of the gradient estimation, such that the fact that it could be
performed with morphological operators.

3.1. Marker Detection. Due to the features of the images, the
nucleus of each cell is used as regional minimum. As matter
of fact, a regional minimum 𝑀 of a gray-scale image 𝐼 is a
connected component of pixelswith uniformaltitudewithout
lower neighbors. Before computing the minima, the nucleus
of the cells is mainly dark, surrounded by brighter region
composed by the cytoplasm. However, the local luminance
conditions of each cell differ singly to each other, affecting
the detection of the nucleus. For the homogenization of
luminance conditions the top-hat transform is used as a local
contrast correction filter.

For the {𝐼
𝑖
}
𝑖𝜖𝑠

be sequence of image.The top-hat transfor-
mation is defined as follows:

Th𝑤
𝜆𝐵
(𝐼) = (𝐼

𝑖
) (𝑥) − 𝛾

𝜆
(𝐼
𝑖
) (𝑥) , (4)

where the dimensions of structuring element are related with
the luminance conditions of the scenario; in such a way, the
luminance distribution in the image may be approximated
with themorphological opening 𝛾

𝜇
.Whenever the dimension

of structuring element becomes proportionally similar to
the image dimension, it would represent global luminance
sources affectations; on the other hand, small dimensions
represent local luminance variations effects. This process is
illustrated in Figure 1, where each process step is showed and
in certain steps the image has been coded in pseudocolor to
point out the effects involved at each step.

The direct appliance of the maxima transform detects
all the maxima, including noise data, as it is appreciated
in Figure 2(b). To avoid the extra minima detection, the
image is enhanced with a closing by reconstruction operator.
This operator allow grouping by all connected local minima,
discarding the majority of noise effects. The closing by
reconstruction uses a unitary structuring to approximate
the original image. For illustration proposes in Figure 2(c)
is appreciated the effect of apply the filter in the minima
detection process. Observe that some cell nucleus are well
detected, but others are omitted; due to the acquisition
process the cytoplasm is not completely closed.This situation
can be fixed using subsequent images, where additional
minima are correctly detected. Thus, in order to obtain the
maximum number of minima, a function that captures the
occurrence of the minima in the sequence is constructed.
Let {𝐼
𝑖
}
𝑖∈𝑆

and {𝑀
𝑖
}
𝑖∈𝑆

be the images of the sequence and the
images containing the detectedminima, respectively.𝑀

𝑖
(𝑥) is

a binary image such that it takes 1 value if the point 𝑥 belongs
to a regional minimum and 0 values otherwise. After using
the subsequent frames, summation 𝐼

𝑚
is built as follows:

𝐼
𝑚
(𝑥) = ∑

𝑖𝜖𝑆

𝑀
𝑖
(𝑥) . (5)

The surface 𝐼
𝑚
is drawn in Figure 2(d). Analyzing Figures 2(c)

and 2(d), the majority of true minima are detected. Other

big areas are pointed out in the figure. They are discarded
by a thresholding criterion. In the case of study, each cell is
typically about four pixel of radius, which can be discovered
using an opening by reconstruction filter. As complementary,
a closing operator with a structure of 3 pixels of dimension is
used to connect insolated regions. The process is illustrated
in Figure 2. First, a morphological closing of size 3 is applied
to fill the small holes; the results can be appreciated in
Figure 2(c) (before closing filter) and Figure 2(e) (after clos-
ing filter). Next, applying the summation 𝐼

𝑚
(Figure 2(d)), the

minima are found, and finally the regions with big and small
areas are discarded, denoting the cells.

3.2. Gradient Operator. The watershed-plus-marker ap-
proach makes use of the gradient operator to impose the
markers. In this sense, the morphological gradient can be
used as contrast detector. Let 𝐼(𝑥) be a function defined in
Z2 and 𝐵 the basic structuring element of 3 × 3 dimensions,
centered at point 𝑥. Then, the transformation is defined as
follows for a discrete space:

∇
𝐵
𝐼 (𝑥) = 𝛿

𝐵
𝐼 (𝑥) − 𝜀

𝐵
𝐼 (𝑥) . (6)

There are other two versions of gradients in mathematical
morphology, the internal and the external gradients defined,
respectively, as follows:

∇
𝐵
𝐼 (𝑥) = 𝐼 (𝑥) − 𝜀

𝐵
𝐼 (𝑥) ,

∇
𝐵
𝐼 (𝑥) = 𝛿

𝐵
𝐼 (𝑥) − 𝐼 (𝑥) .

(7)

Figures 3(b) and 3(c) show the internal and external gradients
of the image in Figure 3(a). However, the indistinct use of
any gradient approach has the consequence where the border
should present double border. Typically they correspond
to the cell generated among the nucleus of the cell and
cytoplasm and the other one between the cytoplasm and the
background of the image. The drawback to detect efficiently
the true border in the image is an open task; then to
deal with it, several tests have been applied to the images.
Experimentally it is appreciated that external gradient offers
smoother and thick borders (see Figure 3(c)), instead of
internal gradient offering defined and clear borders as it is
illustrated in Figure 3(c).

3.3. Imposed of Minima by Reconstruction. Once the markers
cells signals are detected, these are imposed with their
minima on the gradient image. To carry out this task the
following procedure is performed. Let 𝑀 and 𝑔 be the set
of markers computed as commented above and the gradient
image, respectively. After, two news functions are built: the
first one consists of a thresholding function 𝑓(𝑥), which is
defined as 𝑓(𝑥) = 255 if 𝑥 ∉ 𝑀 and 𝑓(𝑥) = 0 if 𝑥 ∈ 𝑀,
while the second one is built through the gradient image
as 𝑔(𝑥) = 𝑔(𝑥) if 𝑥 ∉ 𝑀 and 𝑔(𝑥) = 0 if 𝑥 ∈ 𝑀.
Furthermore, the dual morphological reconstruction of 𝑓(𝑥)
inside of 𝑔(𝑥) is made, denoted by 𝑅∗(𝑔, 𝑓). The function
𝑅∗(𝑔, 𝑓) only has the minima of𝑀, such that the watershed
transformation is applied. Figure 3(d) illustrates the results
getting after applying watershed segmentation.
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(a) (b)

(c) (d)

Figure 1: (a) Original image, (b) original image in pseudocolor before background correction, (c) opening morphological, and (d) image
after background correction.

4. Modeling the Intracellular
Calcium Dynamic

In this section, we deal with the problem of modeling the
intracellular calcium dynamic. The procedure consists in
three parts: the estimation of the calcium volume, the fitting
of an exponential curve, and the calculus of the error.

4.1. Estimating Cell’s Volume. The cell intensities are highly
related to the amount of calcium contained in each cell.Then,
the task of creating a model of the behavior of calcium in
each cell is managed computing the volume of each cell in the
image. The historical measures of time are used to represent
the evolution of the dynamic of the variation of calcium for
each particular cell. The historical measures of volumes are
denoted by {𝑉

𝑛
(𝑖)}
𝑖∈𝑆
, where the subindex 𝑛 corresponds to

a particular cell and 𝑖 represent the particular volume for
the time stamp 𝑖th. The volume is estimated with a discrete
approximation of the integral as follows:

𝑉 = ∫
𝑥𝑓

𝑥𝑖

∫
𝑦𝑓

𝑦𝑖

𝑓 (𝑥, 𝑦) 𝑑𝑦 𝑑𝑥,

𝑉 ≈

𝑥𝑓

∑
𝑥𝑖

𝑦𝑓

∑
𝑦𝑖

𝑓 (𝑥, 𝑦) Δ𝑦Δ𝑥, for Δ𝑥 = Δ𝑦 = 1.
(8)

4.2. Modeling Intracellular CalciumVariations. As it is appre-
ciated in Figure 4, the dynamics of the calcium stimulus
has an exponential behavior. Then, the purpose consists of
creating a model of the decreasing behavior stimuli suffered
by each cell, where the region of interest is located among
the global maxima and the end of the signal. However, due
to the noise, it is not possible to detect easily the maximum.
To attenuate this inconvenience, an automatic process is
performed detecting the maxima for the function {𝑉

𝑛
(𝑖)}
𝑖∈𝑆
.

The process consists of a sequential alternating filter in one-
dimensional scenario. The alternating filter is constituted by
a sequence of one closing by reconstruction followed by one
opening by reconstruction 𝜑

𝜇𝐿
(𝛾
𝜇𝐿
(𝑉))(𝑖) where the size of 𝜇

is varied into the interval [0, 𝑘]. The filter undermodels the
original signal, smoothing the signal wave and allowing the
detection of the global maxima efficiently.

Figure 5 illustrates the detection of a representative max-
imum detected that corresponds to a connected element in
one dimension space. The center of the connected element
represents the maxima location, such that it is estimated with
the mean of the connected elements; that is, 𝑐({𝑥

𝑖
| 𝑥
𝑖
∈

𝑅(𝑥
𝑖
, 𝑥
𝑗
)}) = (1/𝑛)∑

𝑛

𝑖=1
𝑥
𝑖
, such that𝑅(𝑥

𝑖
, 𝑥
𝑗
) is an equivalent

relation of the connectivity criterion. The behavior of the
dynamic of the calcium for each particular cell should be
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(a) (b) (c)

(d)

(e) (f) (g)

Figure 2: (a) Input image, (b) regional minima of original image, (c) minima obtained after applied closing by reconstruction, (d) function
constructed from the minimum of the sequence of image, (e) morphological closing 𝜑

𝜆=3
, (f) minima obtained by the difference:𝑀

𝑖
(𝑥) =

𝑀
𝑖
(𝑥) − 𝛾

𝜆=6
𝑀
𝑖
(𝑥), and (g) set of markers obtained by the function 𝐼

𝑚
(𝑥).

modeled as a polynomial decay time-decreasing function as
follows:

𝑦 =

𝑛

∑
𝑖=0

𝑎
𝑖
𝑥
𝑖
, (9)

where 𝛼
𝑖
are the polynomial parameters, where the data

used is taken from the maxima to the end of the data. The
parameter estimation is performed by least squares the follow

expression[
𝑎1

...
𝑎𝑛

] = (𝑋𝑇𝑋)
−1

𝑋𝑇y, such that𝑋 = [x0 ⋅ ⋅ ⋅ x𝑛],

for x data vertical vector.The order of polynomial is estimated
from (𝑋𝑇𝑋)−1 expression as follows: for a higher order 𝑛,
the SVD decomposition of matrix (𝑋𝑇𝑋)−1 = 𝑆Σ𝑉𝑇 is
used. The rank of matrix is estimated when normalized
information of eigenvalues represents 99.99%of information;
this is ∑𝑛



𝑗=1
𝜎
𝑗
/∑
𝑛

𝑖=1
𝜎
𝑖
> 0.9999, where each 𝜎

𝑖
is taken

from matrix Σ = [
𝜎1 ⋅⋅⋅ 0

... d
...

0 ⋅⋅⋅ 𝜎𝑛

] and 𝑛 represent the polynomial

order for fitting. For illustration purposes in Figure 6, a fitting

sample is showed.The exponential help to model and analyze
the decrease of the intensity registered in each cell.

4.3. Error Model Fitting. The correct construction of model
over data is defined by introducing two measures of error:
BIAS error andRMSE error.The first one is ameasure of error
modeling. The second measure is a precision error modeling
criterion. The bias error provides information about how the
model fits real data. Negative bias error means that model
is undermodeling the data; that is, the model is a function
under real data. Consequently, positive bias error represents
overmodeling. Values near to zero mean that the model
catches the dynamic of real data. Formally, bias error is
defined as Bias(𝑥, 𝑥∗) = ∑𝑛

𝑖=0
𝑥 − 𝑥∗, where 𝑥 represent

real data and 𝑥∗ estimated data. Note that when BIAS is
equal to zero it does not mean that the model is correct. It
means that the same proportions of measures are below and
under for real data. Then to quantify the precision error the
RMSE is used.This error is the average of absolute differences
among real and modeling data. RMSE is defined as follows:
RMSE(𝑥, 𝑥∗) = (1/𝑛)∑𝑛

𝑖=1
(𝑥∗ − 𝑥)

2 where 𝑥∗ represent
modeling function and 𝑥 real data.



6 Computational and Mathematical Methods in Medicine

(a) (b)

(c) (d)

Figure 3: (a) Input image, (b) internal gradient, (c) external gradient, and (d) segmented cells.
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Figure 4: Cells volume curves over time showing an exponential
decreasing behavior.

4.4. Enhancement of Data. Although the least squared
method offers the optimal model, it depends on the data
measurement having normal distribution. Then, by the
nature of the model, it results hard in verifying that these
measures have a normal distribution. As a consequence it
is necessary to enhance the data in order to facilitate the
convergence of the approach. For simplicity, it is assumed
that any signal 𝑉

𝑛
(𝑖), resulted from the calculation of the

volume of an 𝑛 cell for an 𝑖 time, is affected by additive noise
with zero mean as follows:

𝑉
𝑛
= 𝑉
∗

𝑛
+ 𝑁
𝑛
, (10)

where 𝑉∗
𝑛
is the signal free noise and𝑁

𝑛
is the additive noise

with mean zero. In fact 𝑁
𝑛
has zero mean; the true signal

data 𝑉∗
𝑛
is located into min{dom(𝑁

𝑛
)} and max{dom(𝑁

𝑛
)}

values. However, given 𝑁
𝑛
is a random variable, it locally

should not present a zeromean,making it difficult to estimate
the 𝑉∗

𝑛
value. To figure it out, it is needed to analyze

locally the information, inferring the trend, and make an
estimation of the expected value. The proposal consists of
exploiting certain properties of operators taken from mor-
phology operators. The reconstruction operators are useful
because they approximate a surface by iterating successively a
marker, getting the other surface that has similar topological
properties. The approximation does not keep the original
level of detail of its shape, such that it depends on the
form and properties of structural element used. It should be
considered inconvenient, but, in practical terms, it is itsmajor
advantage in sense and it represents the main trend of the
original data, eliminating variations less than the structural
element (high frequencies) of the original signal and resulting
in a new signal that under- or overmodels the original data.

Considering the basic operators by reconstruction (open-
ing and closing), the property of extensive or antiextensive,
respectively, cause the fact that the application of each one
over a signal 𝑉

𝑛
results in 𝛾

𝜇𝐿
(𝑉) or 𝜑

𝜇𝐿
(𝑉) signals such as

under- or overmodeling the original. Both of them remain
as the global trend of the topological information of 𝑉

𝑛
.

Consequently, the residual presents important topological
information. However, the distribution of the data changes
slightly: the shape of the derivative of the original and the
approximated signal is different, changing the statistical prop-
erties of its PDFs. Figure 7 presents the probability density
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Figure 5: (a) Original signal that has multiple maxima caused by the noise interference. (b) Filtered signal presents a smoothing wave in
which the global maximum is easy to detect.
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Figure 6: Fitting an exponential curve over the volume of cell
behavior.

function (PDF) approximated via its histogram after appli-
cation over a signal 𝑉

𝑛
. The histogram of opening operator

presents a negative deviation, which means that the surface
approximated is undermodeled. On the other hand, when we
apply a closing operator, it overmodels the original signal and
its histogram is deviated to the positive side of the range.

The proposal consists of mixing both filters, preserving
the statistical information of the original signal. Noise effects
are represented by the high frequencies. These frequencies
must be discarded preserving the global trend of original
signal𝑉

𝑛
.The discarded frequencies are directly related to the

size of the structural element and the sampling process; that
is, given a structural element of size 𝑘, it represents a tempo-
rality of 𝑘𝑓, where 𝑓 is the mean frequency of acquisition of
𝑉
𝑛
. Then the process of filtering 𝑓(𝑉

𝑛
) is statistical consistent

if and only if 𝑉∗
𝑛
, minus 𝑉

𝑛
preserve the following equality:

𝜌 (𝑉
𝑛
− 𝑉
∗

𝑛
) = 𝐺 (0, 𝜎) . (11)

This is, the density distribution function of the difference
between filtered data and original data is a normal
distribution centered at the origin. The development of
correct statistical filtermust satisfy (9), where it is appreciated
that opening and closing reconstruction operators provide
negative and positive bias information of the approximated
surface. The original signal is enveloped by the opening
reconstruction and closing reconstruction, respectively, such
that 𝛾

𝜇𝐿
(𝑉) ≤ 𝑉

𝑛
≤ 𝜑
𝜇𝐿
(𝑉). Consequently, for estimating 𝑉

𝑛
,

using 𝛾
𝜇𝐿
(𝑉) and 𝜑

𝜇𝐿
(𝑉) and considering that 𝐸[{𝑁

1...𝑛
}] = 0,

and approximation to 𝑉
𝑛
is

𝑓
𝜇𝐿

𝜇
(𝑉) = 𝛼

1
𝛾
𝜇𝐿
(𝑉) + 𝛼

2
𝜑
𝜇𝐿
(𝑉) , (12)

where 𝛼
1
and 𝛼

2
are values between [0, 1] and its sum is the

unit. In case that 𝛾
𝜇𝐿
(𝑉) and 𝜑

𝜇𝐿
(𝑉) use the same structural

element,𝛼
1
= 𝛼
2
= 0.5. In other cases these values would vary

depending on effects of the geometry in the reconstruction
process. The filter described above is denoted as a medium
reconstruction filter. An extension of this filter implies a
sequential form, where the properties of the structural ele-
ment used in reconstruction stage should be varied as follows:
let 𝑝(𝜇𝐿, 𝑘) be a function that returns a structural element
with particular properties for 𝑘 instant; sequential version of
medium reconstruction filter is defined as

𝑓
𝑝(𝜇𝐿,𝑘)

𝜇
(𝑉) = 𝑓

𝑝(𝜇𝐿,𝑘)

𝜇
⋅ 𝑓
𝑝(𝜇𝐿,𝑘−1)

𝜇
(𝑉) ⋅ ⋅ ⋅ ⋅ ⋅ 𝑓

𝑝(𝜇𝐿,1)

𝜇
(𝑉) .

(13)

Note that function𝑝(𝜇𝐿, 𝑘)would vary the size and the topol-
ogy of the structural element.The topology and sizewill affect
themodel that fits the data.The effect of applying themedium
filter by reconstruction is illustrated in Figure 8, where in
Figure 8(a) are presented the original data (blue color) and
the filtered data (red color). As is appreciated, filtered signal
follows the main trend of the original signal, discarding
the high frequencies, and always statistical properties are
kept as it is appreciated in Figure 8(b). This figure shows the
difference of filtered image and original.This property makes
it ideal for filtering data, improving the results when raw
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Figure 7: Histogram of differences from original signal and reconstructed signal (a) opening operator histogram, (b) closing operator
histogram.
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Figure 8: (a) Matching of original data and filtered data with the morphological medium filter. (b) Histogram of differences from original
surface and reconstructed surface, as noted, the expected value is centered in zero and would be considered as a normal distribution.

data fit the exponential decreasing function. For a detailed
analysis the bias and RMSE error are showed for the case of
filter and nonfilter signal. Bias error behaves to close in both
scenarios; but the RMSE is deeply reduced, which means that
the fitting process results are better, after filter data (Table 1).

5. Results and Discuss

Theproposal described above is tested under an experimental
method that consists of analyzing a sequence of images that
contains cells, which are exited applying Flour 4, in order to
measure the effect over Ca2+ belonging to each cell and char-
acterizing its behavior. The process is illustrated in Figure 9.
The process diagram sums up the sequence of processing
steps done over the sequence. The sequence of images
was acquired from biological researchers of the Institute
of Neurobiology, Campus UNAM-UAQ. The sequence was
obtained from cells of Xenopus laevis frog. The calcium is

measured indirectly with its excitation via Fluo-4 (by Molec-
ular Probes). The optical material consists of a microscopy
of fluorescence, setting up in an Olympus camera sensor
IX71 at 485 to 520 wavelength sensitivity nm (excitation-
emission, respectably); finally the images were acquired with
fast acquisition camera (Evolution QEi Media Cybernetics),
at 30 frames per second (Fps) with a resolution of 320 ×
240 pixels. Finally, for testing purposes, 1,000 images have
been selected, which represents temporary a sequence of 33-
second length.The cell detection is a tough task because there
are many factors which inside directly in the analysis process,
as the nonhomogeneity luminance conditions of the images
and the conditions that present the cells of interest. After
the image acquisition, the following task consists of finding
out and segmenting each cell. This process is performed via
watershed approach. However, starting from the first frame
acquired does not warrant correct cell detection. To make
more robust the cell process detection, for each image, the
cells are detected, as described in the third th section. Once
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Table 1: Errors of modeling with/without use of a median recon-
struction filter.

Cell Filtering Without filter
BIAS RMSE BIAS RMSE

1 0.0996 0.0415 0.0967 385.1000
2 0.5179 0.4742 0.1611 1304.4000
3 0.6913 1.7530 0.3772 7913.6000
4 1.1718 1.2087 0.3229 2906.9000
5 0.6538 0.7799 0.2144 2339.9000
6 0.7412 1.0012 0.1904 2306.6000
7 1.3467 1.2601 0.2079 1718.6000
8 1.1380 1.3794 0.2082 2282.1000
9 0.5010 0.4614 0.1823 1566.5000
10 1.4760 1.1212 0.1832 1198.6000
11 1.4346 0.9506 0.1091 620.1000
12 1.1730 1.6871 0.3167 4.1090
13 0.3320 0.2412 0.1132 0.5596
14 0.3510 0.1794 0.1601 703.2000
15 0.7043 0.7558 0.2293 2077.9000
16 1.6021 3.0539 0.2142 2721.2000
17 0.2594 0.1767 0.1605 999.4000
18 0.1688 0.0566 0.1144 343.6000

Image acquisition

Cell detection

Calcium measuring

Fitting exponential model

Analysis of results

Figure 9: Block’s diagram of the proposal.

the cells are detected, the neighborhood around the cell is
considered to analyze the calcium concentration.The calcium
concentration is performed by the measure of the luminance
of each cell. The relation between the luminance intensity of
the cell is highly correlated with the calcium concentration;
that is, cells with high luminance have major calcium con-
centration. Next, the creation of themodel of behavior results
in a difficult task, because the behavior observed is not linear
with the use of autoregression methods being inappropriate
[15]. Then, discarding the times where the cell started to
become excited, the dynamic of decreasing is modeled with
an exponential function via least squaremethod.The selected
data includes the maxima location to the vanishing exited
behavior. As recreated better the model, before applying least
squared, themedian filter by reconstruction is applied, which
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Figure 10: (a) Cells segmented, (b) curves calculated by the least
squares fitting.

improve the accuracy of the modeling. Finally the results
are showed in Figure 10. Observe, in Figure 10(a), that the
cells are detected and the dynamic modeled as exponential
superposed over measured data is showed (Figure 10(b)).
The use of filter dismisses the high frequencies smoothing
the behavior of luminance variations. The dismissing of
high frequencies adds extra accuracy warranting that the
exponential fitting has more significance, although the data
are affected by noise effects. Finally, the way of how the
cells were segmented represents a framework to analyze the
intracellular calcium, which segment automatically the set of
cells. This process is convenient in the sense that many of
microscopic dynamics could be analyzed efficiently providing
better information to the biologists.

6. Conclusions

In this paper, an automatic method for the study of intracel-
lular calcium based on a marked controlled watershed trans-
form for segmenting stage is presented. A new filter based
on reconstruction operators is introduced. Then, having a
high precision of cell segmenting and efficient ways to discard
the noise measurement result the base for an automatic
frameworks analysis as the experimentation shows. Finally,
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the reconstruction operators applied over one dimension data
results usefully in the development of filters that help to create
models of the dynamic of the calcium.
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Guillain-Barré syndrome (GBS) is a neurological disorder which has not been explored using clustering algorithms. Clustering
algorithms performmore efficiently when they work only with relevant features. In this work, we applied correlation-based feature
selection (CFS), chi-squared, information gain, symmetrical uncertainty, and consistency filter methods to select the most relevant
features from a 156-feature real dataset. This dataset contains clinical, serological, and nerve conduction tests data obtained from
GBS patients. The most relevant feature subsets, determined with each filter method, were used to identify four subtypes of GBS
present in the dataset. We used partitions around medoids (PAM) clustering algorithm to form four clusters, corresponding to the
GBS subtypes. We applied the purity of each cluster as evaluation measure. After experimentation, symmetrical uncertainty and
information gain determined a feature subset of seven variables.These variables conformed as a dataset were used as input to PAM
and reached a purity of 0.7984. This result leads to a first characterization of this syndrome using computational techniques.

1. Introduction

Guillain-Barré syndrome (GBS) is an autoimmune neurolog-
ical disorder characterized by a fast evolution, generally from
a few days up to four weeks [1]. GBS has an incidence of 1.3 to
2 per 100,000 people and a mortality rate from five to fifteen
percent. The exact cause of GBS is unknown; however, it is
frequently preceded by either a respiratory or a gastrointesti-
nal infection.The diagnosis of GBS includes clinical, serolog-
ical, and electrophysiological criteria [2].The severity of GBS
varies among subtypes, which can be mainly acute inflam-
matory demyelinating polyneuropathy (AIDP), acute motor
axonal neuropathy (AMAN), acute motor sensory axonal
neuropathy (AMSAN), andMiller-Fisher syndrome [1]. Elec-
trodiagnostic criteria for distinguishing AIDP, AMAN, and
AMSAN are well established in the literature [3], while the
Miller-Fisher subtype is characterized by the clinical triad:
ophthalmoplegia, ataxia, and areflexia [1].

A better understanding of the differences in the GBS
subtypes is critical for the implementation of appropriate
treatments for total recovery and in certain cases for the
survival of patients. Hospitalization time and the cost of treat-
ments vary according to the severity of the specific subtype.
Finding aminimum feature subset to accurately identify GBS
subtypes could lead to a simplified and cheaper process of
diagnosis and treatment of the GBS case. The ultimate goal
of a physician is to get patients to a full recovery. This can be
more effectively achieved when an early diagnosis of the case
is performed using a minimum number of medical features.

This work constitutes a first attempt to using machine
learning techniques, specifically cluster analysis in combina-
tion with filter methods for feature selection. We aim at find-
ing a small feature subset to identify four GBS subtypes.
Machine learning techniques have been found in the litera-
ture to predict the prognoses of this syndrome [4, 5] as well as
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to find predictors of respiratory failure and necessity of
mechanical ventilation in GBS patients [6–8]. Nevertheless,
no previous publications about specific subtypes identifica-
tion of the syndrome usingmachine learning techniqueswere
found in the literature.

Cluster analysis is a computational technique from the
machine learning area that is shown to be useful to find dif-
ferent groups of objects in datasets [9–12]. However, datasets
might contain a mixture of “bad” and “good” features. “Bad”
features are redundant or noisy features andmake algorithms
slow and inaccurate. Feature selection techniques allow
reducing the dimensionality of a dataset such that it only con-
tains “good” featureswhichwouldmaximize the performance
of the algorithms and thus enabling the possibility of reaching
a higher accuracy [13]. For feature selection, several machine
learning methods are available, which are usually classified
as filter [14–19], wrapper [20–22], embedded [23–25], and
hybrid [26–29]. From the machine learning point of view it
is interesting to analyze the performance of feature selection
methods in diverse scenarios with real data, as this case is.

In this workwe use a real dataset consisting of 156 features
and 129 cases of GBS patients; these are 20 AIDP cases, 37
AMAN, 59 AMSAN, and 13 Miller-Fisher cases. The dataset
contains clinical, serological, and nerve conduction tests data.

We use PAM (Partitions Around Medoids) clustering
algorithm to identify with the highest purity groups corre-
sponding to four subtypes of GBS. A group with high purity
contains the largest number of elements of the same type
and the fewest number of elements of a different type. Purity
is an external clustering validation metric that evaluates the
quality of a clustering based on the grouping of objects into
clusters and comparing this grouping with the ground truth.
Although there are several clustering validation metrics,
both internal and external [30], we selected purity since our
interest was to find “pure” groups and to take advantage of the
available prior knowledge of the true labels.The use of a prior
knowledge to evaluate a clustering process is also known as
supervised or semisupervised clustering; some examples can
be found in [31–34].

In order to achieve the identification of the four groups
with a high purity it is necessary to select the relevant features
in the dataset; otherwise the puritymagnitudewould be com-
promised as stated in [13]. For this initial exploratory study,
we chose filter methods as they are the simplest and lowest
computational demandingmethods available in the literature
and as they work independently of the clustering algorithms.
We focus on five filter methods: correlation-based feature
selection (CFS), chi-squared, information gain, consistency,
and symmetrical uncertainty methods.

The experimental results showed a good performance of
the method and allowed us to obtain a first characterization
of GBS using machine learning techniques.

2. Materials and Methods

2.1. Data. The dataset used in this work comprises 129 cases
of patients seen at Instituto Nacional de Neurologı́a y Neu-
rocirugı́a located in Mexico City. Data were collected from
1993 through 2002. There are 20 AIDP cases, 37 AMAN,

59 AMSAN, and 13 Miller-Fisher cases. The identification of
subtypes was made by a group of neurophysiologists based
on the clinical and electrophysiological criteria established in
the literature [1–3]. This dataset is not yet publicly available
and this is the first time it is used in an experimental study.
No public dataset was found to be used as a benchmark.

Originally, the dataset consisted of 365 attributes cor-
responding to epidemiological data, clinical data, results
from two nerve conduction tests, and results from two cere-
brospinal fluid (CSF) analyses. The second nerve conduction
test was conducted in 22 patients and the secondCSF analysis
was conducted in 47 patients only.Therefore, data from these
two tests were excluded from the dataset.

The diagnostic criteria for GBS are established in the lit-
erature [1–3]. These formal criteria were considered to deter-
mine which variables from the original dataset could be
important in the characterization of the four subtypes of GBS.
We made a preselection of variables based on these criteria.
Originally, the dataset had 365 variables. After preselection,
it was left with 156 variables: 121 variables from the nerve
conduction test, 4 variables from theCSF analysis, and 31 clin-
ical variables. As for the type of attributes, these are 28 cate-
gorical and 128 numeric attributes. The situation of dealing
with mixed data types was solved using Gower’s similarity
coefficient, as explained later.

2.2. Filter Methods. We selected filter methods for this initial
exploratory study as they are in computational terms the
fastest and simplestmethods available in the literature for fea-
ture selection. Filters work independently fromany clustering
algorithm and base their decision solely on characteristics of
data.

We chose these five particular methods based on their
performance reported in the literature [15, 17, 35, 36]. Chosen
filters apply diverse criteria to evaluate feature relevance.
Filters investigated are CFS, chi-squared, information gain,
symmetrical uncertainty, and consistency.

2.2.1. Correlation-Based Feature Selection (CFS). CFS [14]
evaluates two aspects of a feature subset: its capacity to predict
the class and the correlation between the features of the
subset. This method seeks to maximize the first aspect and
minimize the second one. This method results in a feature
subset with the highest capacity to predict the class and
the least correlation between features of the subset. Given a
feature subset 𝑆 containing 𝑘 features, CFS finds the goodness
of 𝑆 denoted (𝑀

𝑆
) as follows:

𝑀
𝑆
=

𝑘𝑟
𝑐𝑓

√𝑘 + 𝑘 (𝑘 − 1) 𝑟𝑓𝑓

, (1)

where 𝑟
𝑓𝑓
is the average correlation of all feature-feature pairs,

and 𝑘𝑟
𝑐𝑓
is the average correlation of all feature-class pairs.

2.2.2. Chi-Squared. This method evaluates the chi-square
statistic of each feature taken individually with respect to the
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(1) 𝑘 objects are arbitrarily selected as the initial medoids𝑚.
(2) repeat

(2.1) The distance is computed between each remaining object 𝑜 and the medoids𝑚.
(2.2) Each object 𝑜 is assigned to the cluster with the nearest medoid𝑚.
(2.3) An initial total cost 𝐸ini is calculated.
(2.4) A random 𝑜 is selected.
(2.5) A total cost 𝐸fin is calculated as a result of swapping an arbitrary𝑚 with the 𝑜 randomly selected.
(2.6) If 𝐸fin − 𝐸ini < 0 then𝑚 is replaced with 𝑜.
until 𝐸fin − 𝐸ini = 0.

Algorithm 1: Partitions around medoids (PAM).

class [15] and provides a feature ranking as a result. The chi-
square test for a feature𝑓 and the class 𝑐 is defined as follows:

𝑋
2
(𝑓, 𝑐) =

𝑁 [𝑃 (𝑓, 𝑐) 𝑃 (𝑓, 𝑐) − 𝑃 (𝑓, 𝑐) 𝑃 (𝑓, 𝑐)]
2

𝑃 (𝑓) 𝑃 (𝑓)𝑃 (𝑐) 𝑃 (𝑐)

,

(2)

where𝑁 is the number of observations in the dataset, 𝑃(𝑥, 𝑦)
is the joint probability of 𝑥 and 𝑦, and 𝑃(𝑥) is the marginal
probability of 𝑥.

2.2.3. Information Gain. Information gain measures the good-
ness of a feature to predict the class given that the presence or
absence of the feature in the dataset is known. This method
delivers a ranking according to the goodness of each feature.

Information gain [16] of a feature 𝑓
𝑘
and a class 𝑐

𝑖
is

defined as follows:

IG (𝑓
𝑘
, 𝑐
𝑖
) = ∑

𝑐∈{𝑐𝑖 ,𝑐𝑖}

∑

𝑓∈{𝑓𝑘,𝑓𝑘}

𝑃 (𝑓, 𝑐) log
2

𝑃 (𝑓, 𝑐)

𝑃 (𝑓) 𝑃 (𝑐)
, (3)

where 𝑐 ∈ {𝑐
𝑖, 𝑐𝑖} is the set of all classes, 𝑓 ∈ {𝑓𝑘, 𝑓𝑘} is the set

of all features, 𝑃(𝑓, 𝑐) is the joint probability of feature 𝑓 and
class 𝑐, and 𝑃(𝑓) and 𝑃(𝑐) are the marginal probabilities of 𝑓
and 𝑐, respectively.

2.2.4. Consistency. This method finds the smallest feature
subset that presumably improves the discriminatory power
of the original feature subset. This subset has the highest
consistency. The consistency for a given feature subset 𝑆 is
computed as follows [17]:

Consistency = 1 − inconsistency rate. (4)

Let us define a pattern as a set of values for 𝑆. An inconsistency
arises when two patterns match exactly all attributes except
for the class. The inconsistency count for a pattern is the
number of times it appears in the dataset minus the number
of times it appears in the majority class. The inconsistency
rate is the sum of all the inconsistency counts for all possible
patterns of 𝑆 divided by the total number of patterns [18].

2.2.5. Symmetrical Uncertainty. This method measures the
correlation between pairs of attributes using normalization
of information gain. The normalization is performed to

compensate for the bias of information gain to benefit
attributes with more values and to ensure that they are com-
parable [17]. This method results in a feature ranking.

Symmetrical uncertainty is computed as follows [19]:

𝑈 (𝐴, 𝐵) = 2 ∗
𝑀𝐼 (𝐴, 𝐵)

Entropy (𝐴) + Entropy (𝐵)

𝑀𝐼 (𝐴, 𝐵) = ∑𝑃 (𝐴, 𝐵) log
2

𝑃 (𝐴, 𝐵)

𝑃 (𝐴) 𝑃 (𝐵)
,

(5)

where 𝑃(𝑋) is the marginal probability of feature 𝑋, 𝑅
𝐴 is

the range of feature 𝐴, and 𝑃(𝐴, 𝐵) is the joint probability
of features 𝐴 and 𝐵. Entropy is computed using the classical
equation discussed in [17].

2.3. Clustering Algorithm: Partitions Around Medoids (PAM).
As stated before, the dataset used in this work combines
categorical and numeric data. PAM is a clustering algorithm
capable of handling such situations. It receives a distance
matrix between observations as input. The distance matrix
was computed using Gower’s coefficient, explained later.

PAM, introduced by Kaufman and Rousseeuw [37], aims
to group data around the most central item of each group,
known as medoid, which has the minimum sum of dissimi-
larities with respect to all data points. PAM forms clusters that
minimize the total cost 𝐸 of the configuration, defined as

𝐸 =

𝑘

∑

𝑖=1

∑

𝑜∈𝐶𝑖

dist (𝑜, 𝑚) , (6)

where 𝑘 is the number of clusters, 𝑜 ∈ 𝐶
𝑖
is the set of objects

in cluster 𝑐
𝑖
, and dist(𝑜, 𝑚) is the distance between an object

𝑜 and a medoid𝑚.
PAM works as shown in Algorithm 1 [38].

2.4. Gower’s Similarity Coefficient. Distance metrics are used
in clustering tasks to compute the distance between objects.
The distance computed is used by clustering algorithms to
determine how much similar or dissimilar the objects are
and what cluster they belong to. There are many distance
metrics. Some of themdeal with numeric data, like Euclidean,
Manhattan, and Minkowski [38]. To deal with binary data
the Jaccard coefficient and Hamming are often used [38]. For
categorical data, some distance metrics are Overlap, Goodall,
and Gambaryan [39].
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In this work we used for experimentation a dataset that
contains mixed data, that is, both categorical and numeric
data. To deal with this situation we selected Gower’s coeffi-
cient. It is a robust and widely used distance metric for mixed
data. We used this coefficient to obtain a matrix of distances
between observations as PAM requires. It was introduced by
Gower in 1971 [40]. Gower’s coefficient is defined as follows
[41]:

𝑑
2

𝑖𝑗
= 1 − 𝑆

𝑖𝑗

𝑆
𝑖𝑗
=

∑
𝑝1

ℎ=1
(1 −


𝑥
𝑖ℎ − 𝑥𝑗ℎ


/𝐺
ℎ ) + 𝑎 + 𝛼

𝑝1 + 𝑝2 − 𝑑 + 𝑝3
,

(7)

where 𝑝1 is the number of quantitative variables, 𝑝2 is the
number of binary variables, 𝑝3 is the number of qualitative
variables, 𝛼 is the number of coincidences for qualitative vari-
ables, 𝑎 is the number of coincidences in 1 (feature presence)
for binary variables, 𝑑 is the number of coincidences in 0
(feature absence) for binary variables, and 𝐺

ℎ
is the range of

the ℎth quantitative variable.
Gower’s coefficient is within the range 0-1. A value near to

1 indicates strong similarity between items and a value near to
0 indicates weak similarity.

2.5. Metrics to Evaluate the Quality of a Clustering Process.
The quality of a clustering process can be evaluated using two
types ofmetrics: internal and external. Internalmetrics evalu-
ate the quality of a clustering process based on some intrinsic
characteristics, regularly, intra- and intercluster distances.
Internal metrics assign high scores to clusters with largest
distances among them (separability) and shortest distances
among members of the same cluster (compactness). These
metrics are very useful when the number of clusters is not
known at all. Examples of internal metrics are Q-modularity
[42], Davies-Bouldin index, Dunn index, and silhouette [43].

External metrics evaluate the quality of clusters based
on data not used during the clustering process, such as the
ground truth, that is, the real classes of the instances. The
larger the number of instances correctly located according
to the ground truth, the higher the index. Some examples of
external metrics are Rand index, Folkes and Mallows index,
Hubert’s T statistic [30], and purity [44].

2.5.1. Purity. The dataset used in this work provides the
ground truth. We know there are four classes in the dataset.
The objective of this study was to find the features that
identify with the highest accuracy possible four clusters, each
corresponding to one class. To achieve this goal we selected
purity as the metric to evaluate the quality of the clustering
process.

Purity validates the quality of a clustering process based
on the locations of data in each cluster with respect to the
true classes.Themore objects in each resultant cluster belong
to the true class, the higher the purity. Formally [44],

purity (𝐶,𝑊) =
1

𝑁
∑

𝑘

max 𝑗 (𝑛𝑖
𝑗
) , (8)

where 𝑁 is the number of samples, 𝐶 = {𝑐
1
, 𝑐
2
, . . . , 𝑐

𝑘
}

is the set of clusters found by the clustering algorithm,

Table 1: Purity of a clustering with three classes.

Class A Class B Class C
Cluster 1 0 14 1 15
Cluster 2 9 2 0 11
Cluster 3 3 1 21 25

12 17 22 51

𝑊 = {𝑤1, 𝑤2, . . . , 𝑤𝑘} is the set of the classes of the objects,
𝑛
𝑖

𝑗
= |𝑤𝑖 ∩ 𝑐𝑗| is the number of objects of cluster 𝑖 being in

class 𝑗, 𝑤𝑖 is the set of objects in class 𝑘, and 𝑐𝑗 is the set of
objects in cluster 𝑘.

The value of purity ranges from 0 to 1. A purity value of 1
indicates that all the objects in each cluster belong to the same
class. An example of purity calculation is shown in Table 1.

The number of objects of themajority class in each cluster
is shown in bold. The purity of the clustering is computed as
follows: (9 + 14 + 21)/51 = 44/51 = 0.8627.

3. Results and Discussion

3.1. Experimental Design. We used the 156-feature GBS
dataset, described earlier, for experiments. This dataset con-
tains a combination of categorical and numeric features.
Gower’s coefficient is able to deal with both types of features
when present in the same dataset. We used this method
to compute the distance matrix among instances, which is
required as input to the PAM algorithm.

As we know beforehand, there are four GBS subtypes
present in our dataset. This is why the number of clusters
requested to PAM algorithm in our experiments was 𝑘 = 4.
We expected the clustering algorithm would identify each
subtype as a cluster, with the highest purity possible. Five
filter methods were used for feature selection, as clustering
algorithms perform more efficiently when they work only
with relevant attributes [13].

The class attribute was not used when the clustering
algorithm was executed. We used it to compute the purity of
the clusters obtained with PAM.

A baseline purity using all the 156 features included
in the dataset was computed. This value was compared
with the purity obtained using only the relevant features as
determined by each filter method. Such comparison would
allow for a clear view of the benefits of the feature selection
process over using the entire dataset, in terms of purity.

Each of the five filter methods selected for experiments in
this work was applied to the 156-feature dataset. Along with
the features, the class attribute was included in the dataset
during the filtering process.

As previously described, CFS and consistency methods
include in their output the subset with the most relevant fea-
tures found. In contrast, chi-squared, information gain, and
symmetrical uncertainty methods output a feature ranking.

In all scenarios, new datasets were created with the best
feature subsets. The distance matrix of the new datasets was
calculated and used as input to the PAM algorithm. Finally,
purity of clusters was computed.
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Table 2: Results of filter methods ranked on purity.

Method Number of features Purity
Information gain 7 0.7984
Symmetrical uncertainty 7 0.7984
CFS 16 0.7984
Chi-squared 41 0.7829
Consistency 6 0.6589

Table 3: List of variables with the highest purity (0.7984) selected
by information gain and symmetrical uncertainty.

Feature Meaning
v105 Amplitude of left ulnar motor nerve
v106∗ Area under the curve of left ulnar motor nerve
v116 Amplitude of right ulnar motor nerve
v172∗ Amplitude of left median sensory nerve
v177∗ Amplitude of right median sensory nerve
v182∗ Amplitude of left ulnar sensory nerve
v187 Amplitude of right ulnar sensory nerve

In both CFS and consistency methods, the new datasets
were created with the resultant most relevant features.

For chi-squared, information gain, and symmetrical
uncertainty, feature rankings they produced were used to cre-
ate the new datasets. Datasets with dimension from 2 through
156 were created, with the best two features, the best three
features, and so on. The reason for a dataset of dimension 2
is that the calculation of the distance matrix requires at least
2 attributes. The best feature subset was the set of features
conforming the dataset which led to the highest purity in the
clustering process.

3.2. Results

3.2.1. Identification of the Four GBS Subtypes. The baseline
purity of the four clusters obtained using all the 156 features
included in the dataset was 0.6899. After experimentation,
four filter methods found feature subsets which increased
the baseline purity after the clustering process. Only the
feature subset selected by the consistencymethod as themost
relevant obtained a lower purity of 0.6589 than that of the
baseline experiment.

Table 2 shows the results of purity of the five methods.
Threemethods tiedwith the highest purity (0.7984): informa-
tion gain, symmetrical uncertainty, and CFS. Both informa-
tion gain and symmetrical uncertainty selected seven relevant
features while CFS selected 16 relevant features. Chi-squared
method chose 41 nerve conduction test variables as the
most relevant and reached 0.7829 of purity. The consistency
method showed the worst performance, which reached a
purity of 0.6589. The six relevant features selected by consis-
tencymethodwere two clinical and four corresponding to the
nerve conduction test.

Table 3 shows the list of the variables selected by both
information gain and symmetrical uncertainty. These vari-
ables conformed as a dataset were able to identify the four
subtypes of GBS with a purity of 0.7984. All these variables
are related to the nerve conduction test.

Table 4: List of variables with the highest purity (0.7984) selected
by CFS.

Feature Meaning
v29 Extraocular muscles involvement
v30 Ptosis
v40 Karnofsky at discharge
v105 Distal amplitude of left ulnar motor nerve
v106∗ Area under the curve of left ulnar motor nerve
v108 Proximal amplitude of left ulnar motor nerve
v111 Average F-wave latency of left ulnar motor nerve
v116 Distal amplitude of right ulnar motor nerve
v134 F-wave amplitude of left tibial motor nerve
v172∗ Amplitude of left median sensory nerve
v173 Area under the curve of left median sensory nerve
v177∗ Amplitude of right median sensory nerve
v182∗ Amplitude of left ulnar sensory nerve
v185 Conduction velocity of right ulnar sensory nerve
v187 Amplitude of right ulnar sensory nerve
v192 Amplitude of left sural sensory nerve
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Figure 1: Purity reached by the best feature subsets as ranked by chi-
squared, information gain, and symmetrical uncertainty methods.

CFS picked out 16 relevant variables, three of themclinical
and 13 corresponding to the nerve conduction test, which
reached a purity of 0.7984 as well. The list of 16 variables is
shown in Table 4.

Four variables from Tables 3 and 4, denoted by (∗), were
selected by all methods.

Purity results of the clustering process using the datasets
formed with the most relevant features as ranked by chi-
squared, information gain, and symmetrical uncertainty, as
described inmethodology section, are shown in Figure 1.The
three methods behave similarly. Both information gain and
symmetrical uncertainty methods reached a maximum value
with seven relevant variables, while chi-squared method
reached its maximum with 41 variables. All three methods
kept purity in the range of 0.7 and 0.8 for feature subsets of
sizes between 2 and 102. For bigger subsets, purity lies in the
range of 0.65 through 0.7.
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Table 5: Purity of pairwise clustering of GBS subtypes.

GBS subtypes IG SU CFS Consistency Chi-squared All features
AIDP and AMAN 0.9649 (2) 0.9649 (2) ∗ 0.9824 (2) 0.9649 (2) 0.8771
AMAN and AMSAN 0.927 (3) 0.9375 (2) 0.875 (7) 0.927 (3) 0.9687 (4) 0.7395
AIDP and AMSAN 0.962 (3) 0.9367 (2) 0.9113 (9) 0.7468 (5) 0.962 (3) 0.8354
AIDP and MF 0.8787 (3) 0.8787 (4) 0.8787 (4) 0.8787 (3) 0.909 (3) 0.6666
AMAN and MF 0.98 (6) 0.96 (3) 0.98 (4) 0.74 (2) 0.98 (6) 0.96
AMSAN and MF 0.9305 (13) 0.9444 (13) 0.9583 (14) 0.8194 (5) 0.9444 (14) 0.8333
IG: information gain, SU: symmetrical uncertainty, and ∗one feature selected therefore purity was not computed. The number of features selected in each case
is shown in parenthesis.

Table 6: Purity for different numbers of clusters using the four GBS subtypes.

𝑘 IG SU CFS Consistency Chi-squared All features
2 0.6434 (9) 0.6434 (10) 0.6511 (16) 0.4883 (6) 0.6124 (48) 0.5038
3 0.7906 (7) 0.7906 (7) 0.7286 (16) 0.6666 (6) 0.7829 (6) 0.5813
4 0.7984 (7) 0.7984 (7) 0.7984 (16) 0.6589 (6) 0.7829 (41) 0.6899
5 0.7984 (5) 0.7984 (5) 0.7906 (16) 0.7286 (6) 0.7829 (91) 0.6821
6 0.7751 (4) 0.7751 (7) 0.8139 (16) 0.7596 (6) 0.7751 (38) 0.6666
10 0.8139 (5) 0.8139 (5) 0.8217 (16) 0.7596 (6) 0.8062 (38) 0.6976
20 0.8449 (38) 0.8372 (31) 0.8527 (16) 0.8294 (6) 0.8294 (53) 0.7596
𝑘: number of clusters, IG: information gain, and SU: symmetrical uncertainty. The number of features selected in each case is shown in parenthesis.

3.2.2. Pairwise Exploration of the GBS Subtypes. In order to
investigate if any two pairs of GBS subtypes were distinguish-
able we conducted an additional experiment. We created six
new datasets, each one containing instances of only two GBS
subtypes. We calculated a baseline purity of each pair of GBS
subtypes using all the 156 features. Our goal was to determine
a feature subset capable of identifying each pair of GBS
subtypes with a higher purity than that of the baseline. We
used the five filter methods investigated all along this work
to determine the most relevant features for each pair of GBS
subtypes. For all scenarios we used 𝑘 = 2, as there are only
two GBS subtypes in each dataset. Finally, we applied PAM to
form the clusters using only the relevant features determined
with each filter method and calculated their purity.

Table 5 shows the results of this experiment. Each row
represents a pair of GBS subtypes. Columns 2 to 6 represent
a filter method. The right-most column indicates the purity
achieved using all the features in the dataset, that is, doing
no feature selection at all. Table entries indicate the purity
obtained in each case. Numbers in bold show the highest
purity obtained for each pair of GBS subtype. Based on the
purity obtained, it was found that any filter method is better
than using all the features. The highest purity for all pairs of
GBS subtypes was superior to 0.9. This result demonstrates
the effectiveness of filter methods and highlights the impor-
tance of feature selection.

3.2.3. Exploring Different Values of 𝑘. As explained at the
beginning of Section 3.1, we performed the clustering process
requesting 𝑘 = 4 clusters as we know this is the number of
existing GBS subtypes in the dataset. However, we wanted
to explore the clustering process with different values of 𝑘.
Purity results were analyzed and shown in Table 6.

The results of this experiment are shown in Table 6. The
first column represents the different values of 𝑘 analyzed.
Each remaining column represents a filtermethod.The right-
most column represents the purity obtained using all the
features, that is, doing no feature selection at all. Each row
represents the results obtained for each value of 𝑘. Table
entries indicate the purity obtained in each case. The results
indicate that, in general, purity keeps an ascending pattern as
𝑘 increases. Purities for 𝑘 = 4 and 𝑘 = 5 are very close. In
all cases, purity is low for 𝑘 = 2 and very high for 𝑘 = 20.
The highest purity values were found for 𝑘 = 20 in all cases;
however, these numbers do not indicate that the real number
of clusters in the dataset is 20; in fact this number of clusters
does not correspond with the nature of GBS subtypes in real
life. This result confirms what is reported in literature; higher
values of purity are easily obtained for higher values of 𝑘 [45].
Purity is a good evaluation metric for clustering when the
number of clusters is known, as in this case.

3.3. Discussion. Our objective in this work was to find the
best feature subset to identify four GBS subtypes with the
highest purity. We did not find any similar work in the litera-
ture; therefore this one represents the first effort in this direc-
tion. In order to achieve our purpose, we applied machine
learning techniques. We used five filter methods for feature
selection and compared their performance.

3.3.1. Importance of Feature Selection to Identify GBS Subtypes.
The clustering of the four GBS subtypes using all the 156
features in the dataset reached a purity of 0.6899. This means
that many cases were mislocated in the clustering process.
Table 2 shows that four of the five feature selection methods
used in this work obtained a small feature subset that led to
the identification of the four groups with a higher purity than
that of the baseline.
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The identification of GBS subtypes pairwise was achieved
with a high purity.The initial baseline purity was improved in
all cases (Table 5) when the algorithm used only the relevant
features.

These results demonstrate that the clustering algorithm
underperforms in the presence of redundant and irrelevant
features and highlight the importance of feature selection
methods.

3.3.2. Analysis of Different Numbers of Clusters. Purity is a
good evaluation metric for clustering when the number of
clusters is known, as in this case. Higher purity is easily
achieved as the number of clusters increases [45] and that is
demonstrated with the results shown in Table 6.

3.3.3. Identification of Four GBS Subtypes. The main con-
tribution of this work is the identification of a subset of
seven relevant features from a dataset of 156 variables which
identified four GBS subtypes with a purity of 0.7984. Another
contribution is the analysis of the performance of five filter
methods for feature selection. Finally, this work contributes
with the feature rankings produced by chi-squared, informa-
tion gain, and symmetrical uncertainty methods.

A remarkable finding is that all five methods coincided
in four variables. It is also noteworthy that only two of the
five methods selected clinical variables. It is important to
highlight the fact that the consistencymethod was not able to
select a feature subset to improve the baseline purity (0.6899),
but instead the six features selected by this method achieved
a worse purity (0.6589).

Information gain, symmetrical uncertainty, and CFS
were showed to be highly efficient as they could obtain a
reduced subset of relevant features that allow identifying four
subtypes of GBS with high purity (0.7984). The first two
methods coincided in the same seven variables. CSF selected
16 variables. Further studies are needed to evaluate other
methods of feature selection, such aswrapper, embedded, and
hybrid methods.

4. Conclusions

In this work, we aimed to find a reduced feature subset for
identifying four subtypes of GBS with the highest purity.This
work represents the first effort on using cluster analysis to
identify GBS subtypes.We used for experiments a real dataset
of 156 features containing clinical, serological, and nerve con-
duction tests data. A clustering process was performed with
PAM algorithm. In order to select the most relevant features
from the dataset as input for PAM,we conducted experiments
with five filter methods: CFS, chi-squared, information gain,
symmetrical uncertainty, and consistency.

We succeeded as two filter methods were able to find a
feature subset consisting of only seven variables that allowed
us to obtain a purity of 0.7984. This result originated the first
computational characterization of GBS subtypes. Besides, the
reduced number of features found to identify the four GBS
subtypes could guide physicians to design a faster, simpler,
and cheaper diagnosis of the syndrome case.

Other filter methods like FCBF (Fast Correlation-Based
Filter) [46] and INTERACT [47] could be used in further
studies. Also,more sophisticatedmethods of feature selection
are recommended for analysis, such as those listed in [48–50].

Finally, machine learning techniques such as neural net-
works or support vector machines could be used for cluster-
ing. Purity on their resultant clusters can be compared to that
of PAM.This study is planned to further our research.
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[22] I. Inza, P. Larrañaga, R. Etxeberria, and B. Sierra, “Feature
Subset Selection by Bayesian network-based optimization,”
Artificial Intelligence, vol. 123, no. 1-2, pp. 157–184, 2000.

[23] L. Brieman, J. Friedman, R. Olshen, and C. Stone, Classification
and Regression Trees, Wadsworth Inc., 1984.

[24] H. Fu, Z. Xiao, E. Dellandrea, W. Dou, and L. Chen, “Image
categorization using ESFS: a new embedded feature selection
method based on SFS,” in Advanced Concepts for Intelligent
Vision Systems, J. Blanc-Talon, W. Philips, D. Popescu, and P.
Scheunders, Eds., vol. 5807 of Lecture Notes in Computer
Science, pp. 288–299, 2009.

[25] L. Breiman, “Random forests,”Machine Learning, vol. 45, no. 1,
pp. 5–32, 2001.

[26] S. Das, “Filters, wrappers and a boosting-based hybrid for fea-
ture selection,” inProceedings of the 8th International Conference
on Machine Learning, pp. 74–81, 2001.

[27] Y. Couce, L. Franco, D. Urda, J. L. Subirats, and J. M. Jerez,
“Hybrid (Generalization-Correlation)method for feature selec-
tion in high dimensional DNA microarray prediction prob-
lems,” inAdvances in Computational Intelligence, I. Cabestany, I.
Rojas, and G. Joya, Eds., vol. 6692 of Lecture Notes in Computer
Science, pp. 202–209, 2011.

[28] S. Chebrolu, A. Abraham, and J. P. Thomas, “Hybrid feature
selection for modeling intrusion detection systems,” in Neural
Information Processing, N. Pal, N. Kasabov, R. Mudi, S. Pal, and
S. Parui, Eds., vol. 3316 of Lecture Notes in Computer Science, pp.
1020–1025, 2004.

[29] Y. Shen, X. Qiu, C. Zhang et al., “Quad-PRE: a hybridmethod to
predict protein quaternary structure attributes,” Computational
and Mathematical Methods in Medicine, vol. 2014, Article ID
715494, 9 pages, 2014.

[30] M. Halkidi, Y. Batistakis, and M. Vazirgiannis, “On clustering
validation techniques,” Journal of Intelligent Information Sys-
tems, vol. 17, no. 2-3, pp. 107–145, 2001.

[31] K.Wagstaff, C. Cardie, S. Rogers, and S. Schroedl, “Constrained
K-means clustering with background knowledge,” in Proceed-
ings of the 18th International Conference on Machine Learning,
pp. 577–584, 2001.
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ona, “An extensive comparative study of cluster validity indices,”
Pattern Recognition, vol. 46, no. 1, pp. 243–256, 2013.

[44] G. Forestier, C. Wemmert, and P. Ganarski, “Background
knowledge integration in clustering using purity indexes,” in
Knowledge Science, Engineering and Management, Y. Bi and M.
A.Williams, Eds., vol. 6291 ofLectureNotes inComputer Science,
pp. 28–38, 2010.

[45] C. D.Manning, P. Raghavan, andH. Schütze,An Introduction to
Information Retrieval, Cambridge University Press, Cambridge,
UK, 2009.



Computational and Mathematical Methods in Medicine 9

[46] L. Yu and H. Liu, “Feature selection for high-dimensional data:
a fast correlation-based filter solution,” in Proceedings of the
20th International Conference on Machine Learning, pp. 856–
863, August 2003.

[47] Z. Zhao and H. Liu, “Searching for interacting features,” in
Proceeding of the 20th International Joint Conference onArtificial
Intelligence (IJCAI '07), pp. 1156–1161, San Francisco, Calif, USA,
January 2007.

[48] A. M. Taha, A. Mustapha, and S. D. Chen, “Naive bayes-guided
bat algorithm for feature selection,”TheScientificWorld Journal,
vol. 2013, Article ID 325973, 9 pages, 2013.

[49] M. S. Uzer, N. Yilmaz, and O. Inan, “Feature selection method
based on artificial bee colony algorithm and support vector
machines for medical datasets classification,” The Scientific
World Journal, vol. 2013, Article ID 419187, 10 pages, 2013.

[50] K. Dai, H. Yu, and Q. Li, “A semisupervised feature selection
with support vector machine,” Journal of Applied Mathematics,
vol. 2013, Article ID 416320, 11 pages, 2013.



Research Article
Validation in Principal Components Analysis
Applied to EEG Data

João Carlos G. D. Costa, Paulo José G. Da-Silva,
Renan Moritz V. R. Almeida, and Antonio Fernando C. Infantosi

Biomedical Engineering Program, COPPE, Federal University of Rio de Janeiro, P.O. Box 68510, 21941-972 Rio de Janeiro, RJ, Brazil

Correspondence should be addressed to Antonio Fernando C. Infantosi; afci@peb.ufrj.br

Received 1 May 2014; Revised 13 August 2014; Accepted 14 August 2014; Published 8 September 2014

Academic Editor: Ezequiel López-Rubio
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The well-known multivariate technique Principal Components Analysis (PCA) is usually applied to a sample, and so component
scores are subjected to sampling variability. However, few studies address their stability, an important topic when the sample size
is small. This work presents three validation procedures applied to PCA, based on confidence regions generated by a variant of a
nonparametric bootstrap called the partial bootstrap: (i) the assessment of PC scores variability by the spread and overlapping of
“confidence regions” plotted around these scores; (ii) the use of the confidence regions centroids as a validation set; and (iii) the
definition of the number of nontrivial axes to be retained for analysis. The methods were applied to EEG data collected during
a postural control protocol with twenty-four volunteers. Two axes were retained for analysis, with 91.6% of explained variance.
Results showed that the area of the confidence regions provided useful insights on the variability of scores and suggested that some
subjects were not distinguishable from others, which was not evident from the principal planes. In addition, potential outliers,
initially suggested by an analysis of the first principal plane, could not be confirmed by the confidence regions.

1. Introduction

A large number of variables is frequently required in many
research fields and, especially, in the biomedical sciences.
One of the most used methods for studying patterns in such
large databases is the Principal Components Analysis (PCA)
[1, 2]. PCA is suitable for dimensionality reduction and for
exploratory purposes, allowing for the extraction of data
features through variance maximization. However, as in any
statistical model, a validation procedure must be employed if
generalizability is required. Such procedures are even more
important when only a small number of subjects/objects are
available [3, 4]. Important statistics usually obtained in PCA
are eigenvalues and principal component (PC) scores and,
thus, nonparametric confidence intervals (C.I.) can be used to
assess their variability. The latter can be, for example, gener-
ated by a resampling technique [4] and, then, computed as
“confidence regions” around PC scores. Since the percent of
explained variance is different according to each PCA dimen-
sion, corresponding C.I. are also different, helping outlier

identification (longer intervals suggest extreme observations)
[4].

One of these resampling techniques is the nonparametric
bootstrap, in which samples are drawn with replacement in
order to mimic the empirical probability function of the
data [5]. Although visual cluttering may result, the bootstrap
(BST) can be employed for defining confidence regions
in PCA, thus helping graphical display interpretation [4].
However, few texts address the subject of PCA confidence
regions derived from BST. One of them is Linting et al. [6], in
which 90%BST ellipses were drawn for a nonlinear PCAused
to study interactions between children and caregivers in non-
maternal child care. By comparing the results with those from
a linear PCA, they suggested a guideline for users who wish
to employ the BST procedure in linear and nonlinear PCA.

Classification of electroencephalographic (EEG) signals is
an objective of many neurological studies, for example, for
staging a neurologic disease or for brain-computer interface
(BCI) systems. These systems, briefly, concern the transfor-
mation of human thoughts (through acquired EEG signals)
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into a computer system, for instance, for helping people
with motor or spelling impairments during specific tasks
[7]. The electroencephalogram is the registry of a spatial-
temporal cortical activity recorded from electrodes spatially
placed on the scalp region and is mainly characterized by
signals with different frequency bands, such as theta (4–
8Hz), alpha (8–13Hz), and beta (13–30Hz), and amplitude
varying with pathological conditions and in specific behavior
states (e.g., sleep or vigil, eyes open or closed) [8, 9]. Although
online classification tasks are a prerequisite for practical
BCI purposes, extensive offline studies are needed before
establishing a trustworthy BCI device, hence indicating the
importance of validation procedures.

The aim of this paper is to present three validation
procedures for PCA using the nonparametric bootstrap,
with an application to EEG data. These procedures allow
for assessing the sampling variability of PC scores and the
number of axes to be retained for analysis, especially if
only a small number of subjects are available. The method
concerns plotting “confidence regions” and constructing a
“validation set” for PC scores (the centroids of the confidence
regions). A variant of the ordinary nonparametric bootstrap
called the partial bootstrap (PBST) was used to this end.
Furthermore, a validation procedure was employed in order
to confirm the number of nontrivial axes to be analyzed.
The assessment of sampling variability of the PC scores was
performed through the areas of the confidence regions, while
the centroidswere compared to the original scores through an
unsupervised classification algorithm. An example with cor-
related attributes derived from time and frequency-domain
EEG signals was used for introducing the proposed approach.
The theory of PCA and nonparametric BST is introduced in
Sections 2 and 3, respectively, while the validation methods
are presented in Section 4. In Section 5, themethod is applied
to EEG data obtained from a postural control protocol.

2. Principal Components Analysis

Principal Components Analysis is comprehensively pre-
sented in many multivariate statistics textbooks, such as
Jolliffe [2] and Lebart et al. [10], and only a brief introduction
is given here. From 𝑝 variables observed on 𝑛 objects (an
𝑛 × 𝑝matrix), that is, a raw data matrix X, PCA derives new
variables as linear combinations of the original ones, defined
from a new orthogonal coordinate system onto which the
original space is projected. This new system summarizes the
total data variation in decreasing order so that the first new
variable has the largest variation, the second has the second
largest, and so on. These new variables are the principal
components. The singular value decomposition (SVD) is
used to estimate this new orthogonal space, by factoring X
as [11]

X = U ×D × VT
, (1)

whereU andV are the left and right singular vectorsmatrices,
respectively, UUT

= I
𝑛
(𝑛 × 𝑛), VTV = I

𝑝
(𝑝 × 𝑝), and the

superscript T indicates the transpose of the matrix. D is a
diagonal matrix with singular values 𝜆

𝑖
in decreasing order

𝜆
1
≥ 𝜆
2
≥ ⋅ ⋅ ⋅ ≥ 𝜆

𝑝
≥ 0, 𝑖 = 1, 2, . . . , 𝑝. Squaring D and

dividing it by (𝑛 − 1), one obtains

cor (X) = V × Σ × VT
, (2)

where cor(X) is the sample correlation matrix if X has
standardized variables. Matrix Σ is also a diagonal matrix,
with elements related to the variance ofX, in which 𝜎2

1
≥ 𝜎
2

2
≥

⋅ ⋅ ⋅ ≥ 𝜎
2

𝑝
≥ 0, so that (𝑛 − 1) 𝜎2

𝑗
= 𝜆
2

𝑗
, 𝑗 = 1, 2, . . . , 𝑝.

The PC scores (Z) are obtained as follows:

Z = X × V = U ×D. (3)

Therefore, elements of Z are linear combinations of the
elements of X, with component coefficients given by the
column-vector of V (which is called the loadings matrix).
The matrix V defines, thereby, an orthonormal basis and its
columns are linearly independent vectors. Indeed, Z is the
projection of X onto the orthonormal basis V.

As mentioned, of the most common uses of PCA is the
dimensionality reduction ofX, keeping as much information
(variance) as possible. If the reduced dimensionality is𝑚 ≤ 𝑝,
onemay consider themodel (in elementwise representation):

𝑥
𝑖𝑗
=

𝑚

∑

𝑡=1

𝑢
𝑖𝑡
𝜆
𝑡
V
𝑡𝑗
+ 𝜀
𝑖𝑗
, (4)

where 𝑢
𝑖𝑡
and V

𝑡𝑗
are the elements of matrices U and V,

respectively, while 𝜀
𝑖𝑗
represents the residual terms or the

noise present in the data, 𝑖 = 1, 2, . . . , 𝑛 and 𝑗 = 1, 2, . . . , 𝑝.
The proportion of variance explained by each dimension up
to dimension𝑚 is given by

var% =
∑
𝑚

𝑗=1
𝜆
𝑗

∑
𝑝

𝑗=1
𝜆
𝑗

× 100%. (5)

The procedure for choosing the number of principal
components 𝑚 to be retained is not well-defined. One
method is the Scree plot, based on a plot of eigenvalues
against their order [12, 13]. Some authors suggest other
empirical methods such as the retention of a number of
dimensions corresponding to a fixed proportion of explained
variance (usually 70–90%) and the Kaiser’s rule (retaining
the eigenvalues of the correlation matrix higher than unity)
[2, page 113–115] and [12, 13]. Statistical approaches have also
been proposed, such as the Bartlett’s test or eigenvalues
bootstrapping [13]. However, as Jolliffe [2, page 133] pointed
out, there is still no clear advantage of a specific method over
the others.

3. Nonparametric Bootstrap

The nonparametric BST is a computer-intensive technique,
which attempts to replicate the probability distribution of a
statistic of interest by resampling with replacement from the
original sample (the observed data) a predefined (𝑅) number
of times [5]. Usually, this procedure generates new samples of
the same size 𝑛 of the original one, providing a mathematical
framework for inferring the statistical accuracy of the desired
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estimate [14]. Thus, in summary, the statistic of interest (𝜃) is
the observed value of some unknown population parameter
𝜃, and the nonparametric BST generates 𝑅 replicated samples
of the original data (the BST samples), resulting in the set
𝜃
∗

set = {𝜃
∗

1
, 𝜃
∗

2
, . . . , 𝜃

∗

𝑅
}. If the observed data is independent

and identically distributed, the BST estimate of the observed
value (𝜃∗) can be calculated from 𝜃

∗

set as

𝜃
∗

=
∑
𝑅

𝑟=1
𝜃
∗

𝑏

𝑅
, (6)

implying that 𝜃∗ is an estimate of the true value 𝜃. The accu-
racy of the BST estimates can be represented by confidence
intervals (C.I.) calculated from 𝜃

∗

set. The percentile method
[14] is the simplest method for BST C.I. and is based on the
percentiles of 𝜃∗set, as

C.I. = [𝜃∗set (
𝛼

2
) , 𝜃
∗

set (1 −
𝛼

2
)] , (7)

where 𝜃∗set(𝛼/2) and 𝜃
∗

set(1−𝛼/2) are the 100𝛼/2% and 100(1−
𝛼/2)% percentiles of the 𝜃∗set and 𝛼 is the desired confidence
level. For example, for 𝛼 = 0.05 and 𝑅 = 1000, the C.I.
inferior/superior limits are the 24th/976th elements of 𝜃∗set.
In general, it is advisable to have a large 𝑅 [14], and, for PCA,
Lebart [4] advocates 𝑅 ≥ 30, while Diaconis and Efron [15]
employed 100 replications in a PCA study for grading college
students.

4. Validation and Stability

The performance of a model is always better on data on
which the model was estimated, and this rule applies for both
exploratory and predictive methods [3, 16]. In order to evalu-
ate the results obtained by the whole (or part of) observed
sample (the training set), the model can be applied to a
different data (the validation set), assessing its generalization
ability [17, 18].The procedure of applying the obtained model
to new data is usually called validation. Therefore, modeling
demands rigorous validation procedures, since a good model
is supposed to have generalizability [16]. Basically, there are
three kinds of validation: internal, external, and relative, the
first being most commonly used due to its simplicity and
lower costs. In the internal validation, the observed data can
be split in two or more sets (such as cross-validation) or BST
methods (one for training and the others for validating the
model), while in the external validation, a new but plausible
dataset is presented to the model. For the relative validation,
a different model is applied to the available data. When the
training set has a small number of subjects, BST becomes a
good option for internal validation, since all subjects can be
used for model development (no observation is discarded),
and BST samples can be used for validation. Furthermore,
the generalization concept described above can be connected
to the concept of stability in PCA, because if the score
coordinates do not change markedly, their positions onto
principal planes can also be considered stable.

Applying nonparametric BST to, for instance, the above
defined matrix X(𝑛 × 𝑝), different matrices may be generated

by the replication of different rows, and their singular values
and singular vectors will no longer be the same. The SVD
applied to each of the 𝑅 BST matrices is

X∗
𝑟
= U∗
𝑟
×D∗
𝑟
× V∗T
𝑟
, (8)

where ∗ denotes a BST sample and 𝑟 = 1, 2, . . . , 𝑅. D∗
𝑟
has

singular values in decreasing order 𝜆∗
1𝑟
≥ 𝜆
∗

2𝑟
≥ ⋅ ⋅ ⋅ ≥ 𝜆

∗

𝑝𝑟
≥ 0,

and Σ∗
𝑟
= D∗2
𝑟
/(𝑛 − 1). Through these concepts, validation

procedures using nonparametric BST can be applied to PCA.

4.1. Assessing the Number of Nontrivial Axes. If the chosen
dimensionality is 𝑚∗ < 𝑝, no overlapping between BST
eigenvalues for (𝛼 = 0) will occur if

min (𝜎∗
1
) −max (𝜎∗

2
) > 0,

min (𝜎∗
2
) −max (𝜎∗

3
) > 0,

...

min (𝜎∗
𝑚
∗
−1
) −max (𝜎∗

𝑚
∗) > 0,

(9)

where 𝜎∗
𝑘
= {𝜎
∗

𝑘1
, 𝜎
∗

𝑘2
, . . . , 𝜎

∗

𝑘𝑅
}, for 𝑘 = 1, 2, . . . , 𝑚

∗; thus
the number 𝑚∗ obtained from BST can be compared to the
number𝑚 obtained by Scree plot.

4.2. Assessing the Variability of PC Scores. After the applica-
tion of BST to X, 𝑅 replicated matrices are obtained. Due to
their different axes (defined by different eigenvectors), they
cannot be directly compared to the original space (defined by
the eigenvectors of the original correlation matrix), because
of axes reflection or inversion [4, 19]. Since replicated samples
do not have necessarily the same subjects compared to those
in the original sample, different eigenvalues and eigenvectors
can occur, and a correction procedure is needed, such as
that provided by Procrustes Analysis [20]. To circumvent this
problem, the PBST can be applied, consisting of projecting
replicated components scores (as “supplementary” points)
onto the orthonormal matrix V:

_z
𝑖𝑟
= x∗
𝑖𝑟
× V, (10)

where
_z
𝑖𝑟
is the 𝑖th component score of the 𝑟 replicated,

standardized object (x∗
𝑖𝑟
). Therefore, 𝑛𝑅 object scores can be

visualized in the original space, generating 𝑛 clouds of points.
This approach has the advantage of maintaining the original
PCplanes, which is a better estimate than any of the replicated
planes [4]. Thus, (10) can be expressed as

_
Zparc = X∗ × V, (11)

where

_
X
∗

=

[
[
[
[

[

X∗1
X∗2
...
X∗
𝑅

]
]
]
]

]

, (12)

and V is limited to 𝑚 dimensions (𝑚 × 𝑚) after the
dimensionality reduction procedure is applied.
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Since PCA displays are usually shown in a low-
dimensional space, confidence regions are represented as
polytopes [21] or, in a two-dimensional space, as polygons
(or convex hulls) [22]. The interpretation of these polygons
basically takes into account overlapping (which suggests
similar objects) and spread (widespread polygons suggest
unstable score coordinates, while narrow polygons suggest
stability). Furthermore, these confidence regions allow for
the estimation of new PC scores (through their centroids).
Although any value of 𝛼 can be used, Efron [23] states that
𝛼 = 0.10 is satisfactory inmost cases, while Lebart [4] pointed
out that when 𝛼 = 0 untypical values (e.g., outliers) can
be easily identified (through the longer edges of the plotted
convex hull).

4.3. Validation of PC Score Coordinates. The area (in square
units) of a polygon can be calculated as

𝑆 =
1

2
[



𝑥
1

𝑦
1

𝑥
2

𝑦
2


+



𝑥
2

𝑦
2

𝑥
3

𝑦
3


+ ⋅ ⋅ ⋅ +



𝑥
𝑙

𝑦
𝑙

𝑥
1

𝑦
1


] , (13)

where (𝑥
1
, 𝑦
1
) , (𝑥
2
, 𝑦
2
) , . . . , (𝑥

𝑙
, 𝑦
𝑙
) are the 𝑙 vertices’ coor-

dinates of the polygon, in clockwise order, and |⋅| is the
determinant of the matrix. Absolute value can be calculated,
if necessary, and the centroid coordinates (𝑥

𝑐
, 𝑦
𝑐
) calculated

from any polygon are given by

𝑥
𝑐
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1

6𝑆
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(14)

Thus, the centroid can be considered as theBST estimate (BST
centroids) of the true component score.

TheBST centroids are, therefore, estimates of the PC score
coordinates, and the comparison of original scores and BST
centroids allows for the comparison of both models, using,
for example, an unsupervised classification method. These
clustering methods concern procedures where the groups are
not known a priori and the researcher must choose, based
on previous knowledge or on some criteria, the number
of clusters present in the data. This subjective procedure is
mainly employed to visualize or suggest clusters, generating
hypothesis for later investigation [24].

One kind of unsupervised classification method is the
hierarchical algorithm, in which a nested-tree diagram (the
dendrogram) is generated, suggesting, by inspection, the
underlying clustering structure of the data. There are, basi-
cally, two kinds of hierarchical classification algorithms, the
divisive and the agglomerative, which group objects accord-
ing to some clustering rule [25]. Agglomerative Hierarchical
Algorithms (AHA) are some of the most used classification
algorithms and start by grouping two objects into a single
cluster, and at each step of the algorithm, new objects are
aggregated, forming a new cluster, and so on, until, in the last
step, all objects are joined into a single cluster. “Cutting the
tree” at some distance is one of the procedures for defining the

A B C D

5 5 5 53 3 31 1
(min)

R R RP T T

Figure 1: Complete experimental protocol sequence for the acqui-
sition of EEG signals in 31 subjects (21 males and 10 females). P
indicates the preparation procedure; R refers to the resting interval
of three minutes; T indicates the transition between sat and upright
standing positions.

cluster structure in AHA [24, Section 3.3.2], and the Average
Linkage Algorithm is considered the most stable AHA [26].
Therefore, anAHAusing thismethod can be used to compare
groups generated by ordinary PC scores and BST centroids.

5. Application

5.1. Subjects. A data set from a postural control protocol was
used in this study, including stabilometric and EEG signals.
Thirty-one subjects (21 males and 10 females), ages 21 to 45
(31.0 ± 6.6) years, height 154 to 187 (172.7 ± 9.4) cm, and
body weight 46 to 107 (73.3 ± 17.3) kg, participated in the
initial study. All subjects presented no history of neurological
pathologies, osseous, muscles or joints diseases, or equi-
librium disorders. An anamnesis was performed to obtain
information about headaches, illnesses, vertigo, eyestrain,
and the use of contact lens or glasses. Subjects using lens or
glasses were included when no problem with their use was
reported. The study was approved by a Local Institutional
Review Board (IESC/UFRJ - Ref. 100/2011). None of the
authors participated as a volunteer.

5.2. Experimental Protocol. The EEG and stabilometric sig-
nals were acquired simultaneously, but only EEG signals
were analyzed here. The experiments were performed in an
electromagnetically shielded room, under controlled envi-
ronmental conditions (23∘C, attenuated sound and light
control), with the subject barefooted on a force platform.The
feet position (angle: 30∘; heels 2 cm apart) was previously
delineated to standardize the same support base during the
tests. The EEG signals were acquired during five minutes,
with the subject in distinct postural conditions: (i) resting in
a comfortable armchair with eyes closed (spontaneous EEG
with room lights off, denoted as “A”); (ii) the same position
as (i), but with eyes open (“B”); (iii) during stabilometric
test in upright standing position with eyes open (denoted as
“C”); and (iv) eyes closed (“D”). The trials with eyes open
condition were conducted with room lights on and with the
subject watching a white wall located 1 meter apart from
the force platform. An interval of three minutes was taken
between each condition, and the subject remained seated in
the chair during this period. The stabilometric tests were
performed one minute after the subject was standing on the
force platform, in order to allow for the recovery of balance
after rising from the chair. Figure 1 shows the experimental
protocol sequence.
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Figure 2: PSD of volunteers 1 (a) and 3 (b), solid line for condition A, and dashed line for condition B. (a) Maximum for condition A at 4.75
and maximum for condition B at 4.17. (b) Maximum for condition A at 4.68 and maximum for condition B at 4.40. Power for condition B
was calculated as the area of the highlighted region in grey.

The EEG recordings were acquired using the BrainNet—
BNT 36 (EMSA, Brazil, http://www.emsamed.com.br) device
at a sampling frequency of 400Hz and 16 bit A-to-D pre-
cision, with electrode position according to the Interna-
tional 10/20 System (monopolar derivations, averaged bilat-
eral earlobe reference and ground in FPz). Scalp electrode
impedances were below 5 kΩ throughout the session. The
EEG recordings were analog-filtered by a fourth-order low-
pass Butterworth with cutoff frequency at 100Hz (antialias-
ing) and second-order high-pass Butterworth at 0.1 Hz and
also by a digital notch filter in 60Hz. The power spectral
densities (PSDs) were determined by an additional offline
digital filtering using a fourth-order, forward-reverse band-
pass (1–40Hz), Butterworth filter [27].

5.3. Data. The complete data set consisted of 5-minute EEG
recordings (O1, O2, P3, P4, C3, C4, T3, T4, T5, T6, F3,
F4, F7, F8, Fp1, Fp2, Fz, Cz, Pz, and Oz derivations) for
the conditions A, B, C, and D. In order to reduce display
cluttering, only one occipital derivation (O1) was used in
this study. The O1 EEG signals were first segmented into
1-second zeroed-mean epochs of 400 samples. An artifacts
rejection methodology proposed by Simpson et al. [28] was
also applied, resulting in a different number of epochs for
each volunteer and condition (min = 20, max = 300). To
allow for better precision of estimates and for computational
convenience (all epochs were stored in an array) only those
volunteers with a minimum of 150 free artifacts epochs were
retained in the study (24 subjects).

5.4. Variables in the Frequency and Time Domain. A rect-
angular window was subsequently applied to each epoch,
and the averaged periodogram was calculated by the Bartlett
method. Six variables were extracted from the periodogram:

maximum of the PSD magnitude of alpha (8–13Hz), theta
(4–8Hz), and beta (13–30Hz) bands in log 10 (microV2/Hz)
and an estimate of alpha, theta, and beta band power, defined
as the trapezoidal area centered in the maximum peak of
respective bands log 10 (microV2).

For each epoch, four statistics were estimated: the root
mean square (RMS), the difference betweenmaximal positive
andminimal negative values (Mm); the standard deviation of
the samples (SD); and the skewness coefficient [29].Then, the
median of each statistic for all 150 epochs was determined.

5.5. Variable Statistics. Mean ± standard deviation for fre-
quency domain variables was 6.75 ± 1.26 (alpha band power,
range 4.28–9.12), 5.44 ± 0.73 (beta band power, range 4.11–
6.82), 6.12 ± 0.96 (theta band power, range 4.54–9.12), 3.52 ±
0.68 (alpha band maximum, range 2.24–4.75), 2.72 ± 0.36
(beta band peak, range 2.03–3.37), and 3.07± 0.50 (theta band
maximum, range 2.27–4.75).The Shapiro-Wilk test suggested
that the alpha and beta band power (log 10) and the alpha
and beta band maximum (log 10) variables were Gaussian.
In Figure 2, PSDs of two volunteers (conditions A and B)
are shown, with the areas corresponding to power at distinct
bands highlighted. For volunteer 1, maximum peak for eyes
open was achieved at 8Hz, a transition frequency between
theta and alpha bands (Figure 2(a)), while for volunteer 3,
the maximum peak in the same condition occurred at 10Hz
(Figure 2(b)). For time domain variables, values were 12 ±
6 (RMS, range 4–30), 12 ± 6 (SD, range 4–30), 0.1 ± 0.1
(skewness, range −0.1–+0.3), and 57 ± 26 (Mm, range 22–
137). There were positive and significant (𝑃 ≪ 0.001)
correlations (rho’s Spearman coefficient, range 0.62–1.00)
between all variables, with perfect correlation (rho = 1.00)
between alpha power and alphamaximum and between RMS
and SD (redundant variables).
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Figure 3: Histogram of replicated eigenvalues. (a) First eigenvalues; (b) second eigenvalues; (c) third eigenvalues. An overlapping between
the 100% C.I. of second and third eigenvalues can be seen.

5.6. PCA and Nonparametric BST. Considering the 24 sub-
jects to whom the experimental protocol was applied (con-
ditions A and B) and the extracted variables from the EEG
signal (six in frequency and four in time domains), the
resulting data matrix (X) with 48 rows and 10 columns
(variables) was constructed. The SVD algorithm was applied
to the zeroed-mean, standardized data matrix, and the U, D,
V, and Z matrices were calculated, according to (1) and (3).
The number of axes to be retained was assessed by the Scree
plot and validated through an analysis of the nonoverlapping
confidence intervals (𝛼 = 0) of the replicated eigenvalues.

The nonparametric BST was performed according to the
following steps.

(1) Resampling the rows (of X) with replacement, with
𝑅 = 1000, which resulted in 𝑅 replicated matrices
48 × 10.

(2) The 𝑅 matrices were mean-centered and standard-
ized.

(3) The SVD algorithm was applied to all 𝑅 standardized
matrices.

(4) Zpar = X∗ × V was obtained by (11).
(5) The extreme points of all 48 clouds were determined.
(6) The convex hulls (confidence polygons) were plotted

around each object, with 𝛼 = 0 to analyse likely
outliers.

(7) The BST centroids and the areas of confidence poly-
gons were calculated according to (14) and (13),
respectively.

5.7. Validation. Validation was carried out as described in
Section 4. To assess the variability of the PC scores, the
areas of their corresponding convex hulls were compared,
while BST centroids were compared to original scores by
the dendrograms originated from an AHA, average method.
The number of retained axes was assessed by the 100% C.I.
obtained by a nonparametric BST.

The significance level adoptedwas 5%anddata processing
used the open access 𝑅 statistical software [30], packages

Table 1: Loadings matrix showing the coefficients for the first two
PCs in a PCA of 10 variables, relating to EEG signals from 24
volunteers.

Variables 1∘ PC 2∘ PC
Alpha power −0.33 0.10
Beta power −0.29 0.57
Theta power −0.31 −0.38
Alpha max. −0.32 0.10
Beta max. −0.30 0.51
Theta max. −0.30 −0.43
RMS −0.33 −0.09
SD −0.33 −0.09
Skewness −0.29 −0.21
Mm −0.34 −0.06

R.matlab [31], signal [32], e1071 [33], and pracma [34]. Convex
hulls and confidence polygons are terms interchangeably
used in this text. Spearman correlation coefficient and
Shapiro-Wilk tests were applied to verify correlation and
Gaussianity, respectively.

5.8. Results. The dimensionality suggested by the Scree plot
was two, corresponding to 91.6% of the explained variance
(1st eigenvalue: 8.42; 2nd eigenvalue: 0.74). The coefficients
for these two PCs are shown in Table 1. The dimensionality
analysis was also confirmed by the C.I. of replicated eigenval-
ues (Figure 3).

Since the first PC is a linear combination with almost
equal weights, none of these variables can be said to be
“more influential.”Therefore, in this component, signal scores
contrast only in relation to the origin. The second PC,
however, shows a contrast between the beta and theta bands.

The histograms for the first three replicated eigenvalues
are shown in Figure 3, with original eigenvalues in dashed
lines. No overlapping between the first and two replicated
eigenvalues occurred, since min(𝜎∗

1
= 7.30) > max(𝜎∗

2
=

1.40). On the contrary, overlapping is present in the C.I.
of the second and third replicated eigenvalues (Figures 3(b)



Computational and Mathematical Methods in Medicine 7

0 5
PC1 (84.2%)

PC
2 

(7
.4

%
)

2

4

6
8

10

12
14

16
18

20

22

24

26

28

30
32

34

36
38 40

42

44
46

48

1
3

5

7

9

11
13

15

17

19

21

2325
27

29

3133

35 37
3941

4345
47

4

2

0

−2

−4

−5−10

(a)

0 5
PC1 (84.2%)

PC
2 

(7
.4

%
)

2

4

6
8

10

12
14

16
18

20

22

24

26

28

30
32

34

36
38 40

42

44
46

48

1
3

5

7

9

11
13

15

17

19

21

2325
27

29

3133

35 37
3941

4345
47

4

2

0

−2

−4

−5−10

(b)

0 5
PC1 (84.2%)

PC
2 

(7
.4

%
)

2

4

6 8

10

12

14
16

18

20

22

24

26

28

30
32

34

36
38 40

42

44
46

48

1
3

5

7

9

11 1315

17

19

21

2325
27

29
31

33

35 37
3941

43 45
47

−5−10

4

2

0

−2

−4

(c)

Figure 4: (a) Principal plane for signal scores, numbers from 1 to 48; (b) PC scores surrounded by their corresponding convex hulls; (c)
BST-generated centroids. Signals corresponding to A and B conditions in red and blue, respectively.
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Figure 5: Dendrogram for average AHA; original PC scores as input. Two clusters and an outlier are suggested at height = 3.47.

and 3(c)). Explained variances in replicated samples, in two
dimensions, varied from 86.1% to 95.0% (mean = 91.9%).

The projection of all replicated matrices in the original
orthonormal basis provided 48000 points, which were syn-
thetized by the convex hulls encompassing all 1000 replicated
samples for each score. The number of replications varied
between 931 (subject 17) and 1077 (subject 24), with mean =
1000. The principal plane is depicted in Figure 4(a), where
the first PC has 84.4% of explained variance, while, in
Figure 4(b), convex hulls are drawn around the original
coordinates of the 48 scores. Extended overlapping convex
hulls suggest signals with similar characteristics; therefore,
their BST centroids are closer in the display. The area of the
convex hulls varied between 0.96 and 7.79 (mean = 2.25).The
two largest areas correspond to signals 6 (7.79) and 2 (7.37),
while the smallest areas correspond to signals 29 (0.96) and
23 (1.02). Since these areas are located on opposite sides of the
first PC, it can be said that this PC also discriminates between
larger and smaller areas.

The areas of signals number 2 and number 6 also deserve
attention. The convex hull corresponding to the latter is
placed onto the second and third quadrants, while the former
is placed on the third one. Signal 2 (female; Figure 3(a); solid
line) had the highest and coincident measures for alpha (9.12)
and theta (9.12) power and for alpha (4.75) and theta (4.75)

maximum (maximum peak was at 8Hz in the transition
frequency between alpha and theta bands). Also, this subject
had the highest RMS (30.1), SD (30.1), skewness (0.31), and
Mm (136.7). Signal 6 (male; Figure 3(b); solid line) had the
highest values of beta power (6.82) andmaximumbeta (3.37).
An analysis on overlapping polygons revealed a similarity for
other signals, for each side of the first PC. The BST centroids
are shown in Figure 4(c).

Scores from the original first principal plane were used
as inputs for the AHA. According to the chosen separation
distance (height), it was possible to identify (at least) two
clusters, one with signals 1, 5, 6, 24, 26, 28, and 36 and another
with all other signals (Figure 5). Signal number 2 was merged
at the highest separated height, suggesting that this signal is
an outlier. Figure 6 shows theDendrogramobtained from the
BST centroids, in which signal numbers 2 and 6 could be
considered as another cluster.

6. Discussion

Validation is an important step in any statistical model and
PCA is not an exception to this rule [3]. In PCA, distances
between scores in a sample cannot be supposed to represent
unbiasedly the true distances, especially if the sample size is
small [35], and, in this context, an analysis of the sampling
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Figure 6: Dendrogram for average AHA; BST centroids as input. Three clusters are suggested at height = 3.07.

variability of the scores is important, allowing for smaller
inferential errors.

As predicted by Efron and Tibshirani [14], increased pro-
cessing power made the BST an important tool in statistical
inference and model validation [36, 37]. However, when BST
is applied to models that incorporate the SVD algorithm,
care must be taken, due to reflection, stretching, or rotation
of the principal components [4, 19]. To overcome these
problems, this paper used “supplementary points” projected
onto the space spanned by the principal components through
a Partial BST, thus avoiding techniques such as the Procrustes
Analysis simplifying the validation analysis [4]. Hence, the
nonparametric BST is a reliable tool for result validation, as
long as one takes into account the mentioned problems of
different vector spaces generated by BST.

As mentioned, the C.I. of the replicated eigenvalues
indicated that two PCs had to be retained. Indeed, an
overlapping between the second up to the fifth replicated
eigenvalues was present (not shown). The studied dataset
had two highly positively correlated variables, a common
feature when analyzing spectral power and time-domain
EEG, andhigh correlation between variables usually results in
a small number of axes to be retained (typically two). Thus,
confidence regions were drawn in two dimensions, but, for
dimensionalities larger than two, confidence polygons could
be easily plotted using the described technique. Additionally,
it should be noted that the first PC represented an overall
average, a very common situation in biological data.

Agglomerative Hierarchical Algorithms are one of the
unsupervised methods most used in classification studies
[10]. Since PCA is sensitive to outliers, an initial analysis of the
first principal plane together with theDendrogrambuilt from
the original scores (Figures 4(a) and 5) would suggest that
signal 2 was an outlier. However, this interpretation was not
confirmed, since the confidence polygons of signals 2, 24, 28,
and 36 had overlapping regions corresponding to condition
A, thus suggesting a similarity among them (Figure 4(b)).
Furthermore, when the BST centroids were used as input
data, signal 2 was first merged with signal 6, suggesting a
different group (Figure 6).This featurewas not detectedwhen
the original scores were used as input data for the classifier.

As mentioned, PCA is widely used in biomedical signal
analysis. For example, Casarotto et al. [38] employed PCA
for reducing ocular artifacts in event-related potentials (in

39 children) by subtracting the principal component related
to the electrooculogram (EOG) from the raw EEG. Since
EOG is always present and has amplitude similar to EEG,
reducing artifacts from this source is very important, and the
authors concluded that the approach allowed for an efficient
reduction of ocular artifacts. Kobayashi and Kuriki [39]
employed PCA to increase the signal-to-noise ratio (SNR) in
evoked neuromagnetic signals applied to four male subjects.
The raw spontaneous neuromagnetic fields were recorded
by a superconducting quantum interference device (SQUID)
system and superposed to simulated evoked fields to mimic
real signals. The authors retained three PCs for analysis and
concluded that the suppression of the first PC improved the
SNR compared to the common averaging method. Also Daf-
fertshofer et al. [40], analyzing six electromyographic (EMG)
signals from thoracic and lumbar muscles, obtained during
a treadmill walking experiment, found that the first two
PCs accounted for 88% of the data variance. The second PC
suggested a contrast between right and left thoracic muscles,
while the first PC represented an overall average. Analysis
of gait kinematic data in stroke patients was performed in
twenty-seven subjects by Milovanovic and Popović [41] who
found differences between patients and healthy subjects by
PCA. In that study, the authors retained the first two principal
components and concluded that the first PC is related to
severity of hemiplegia.

However, none of the studies above included a discus-
sion about the generalization potential of their results. The
methodology described here would be very useful to this
end, owing to the small number of subjects in many of
these studies. Furthermore, since PC scores can be used as
input data in classification algorithms for BCI purposes, this
assessment is especially important for avoiding inaccurate
analysis in the training dataset.

The results suggested two and three main clusters for
the analyzed dataset, mainly due to the importance of the
first PC. As it is well-known, the occipital area (O1 and O2
derivations) is recognized as a visual area in the human
cortex, while the parietal area (P3 and P4) is known to be part
of the associative cortex, which corresponds to the sensory-
motor integration within postural control. When individuals
are in standing up position (orthostatic posture), especially
in the eyes closed condition, other sensory (vestibular and
proprioceptors) systems play an important role in balance,
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increasing the activity in other cortex regions [42].Therefore,
we analyzed only stable postural conditions in which the
volunteers were kept in “sat” position, to minimize the influ-
ence of other EEG derivations. Usually the cortical activity
during balance perturbation is investigated in time domain
by the coherence average method, to analyze the latency of
the evoked potential after stimulation onset [43]. However,
the evoked potential evaluation is not an automatic process
of stimuli response identification, and objective response
detection (ORD) techniques in frequency domain, such as
the spectral 𝐹-test (SFT) and the event-related desynchro-
nization/synchronization index (ERD/ERS), have been used
to this end [44, 45].

In summary, this paper showed how BST methods can
be applied to validate the most important PCA results, what
is particularly relevant in small data sets, a common feature
in EEG studies. One of the presented methods is a new
procedure, which consists in estimating new PC scores as
centroids of confidence regions calculated by a PBST of
the original data (the BST centroids) and in using these
centroids as a validation set. A comparison was performed
on two Agglomerative Hierarchical Algorithms, one with
the original and the other using the estimated component
scores as inputs, and the estimated scores allowed for the
detection of a cluster not discovered by the original scores.
Furthermore, the confidence regions were able to help result
interpretation, for instance, by the analysis of their overlap. As
discussed, in this case, the area of a polygon increases together
with the variability of the PC, providing additional insights
about the data, for instance, concerning outliers and remote
observations in the multidimensional space [46]. Studies
using more complex classification algorithms and data with
dimensionality larger than two would be useful for further
developing this work.
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sis of gait kinematics data in acute and chronic stroke patients,”
Computational and Mathematical Methods in Medicine, vol.
2012, Article ID 649743, 8 pages, 2012.

[42] P. J. G. da Silva, J. Nadal, andA. F. C. Infantosi, “Investigating the
center of pressure velocity Romberg’s quotient for assessing the
visual role on the body sway,” Revista Brasileira de Engenharia
Biomedica, vol. 28, no. 4, pp. 319–326, 2012.

[43] S. Slobounov, M. Hallett, S. Stanhope, and H. Shibasaki, “Role
of cerebral cortex in human postural control: an EEG study,”
Clinical Neurophysiology, vol. 116, no. 2, pp. 315–323, 2005.

[44] A. F. C. Infantosi andA.M. F. L.Miranda de Sá, “A statistical test
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Multimodal medical image fusion is a powerful tool in clinical applications such as noninvasive diagnosis, image-guided
radiotherapy, and treatment planning. In this paper, a novel nonsubsampled Contourlet transform (NSCT) based method for
multimodal medical image fusion is presented, which is approximately shift invariant and can effectively suppress the pseudo-
Gibbs phenomena. The source medical images are initially transformed by NSCT followed by fusing low- and high-frequency
components. The phase congruency that can provide a contrast and brightness-invariant representation is applied to fuse low-
frequency coefficients, whereas the Log-Gabor energy that can efficiently determine the frequency coefficients from the clear and
detail parts is employed to fuse the high-frequency coefficients. The proposed fusion method has been compared with the discrete
wavelet transform (DWT), the fast discrete curvelet transform (FDCT), and the dual tree complex wavelet transform (DTCWT)
based image fusion methods and other NSCT-based methods. Visually and quantitatively experimental results indicate that the
proposed fusionmethod can obtainmore effective and accurate fusion results ofmultimodalmedical images than other algorithms.
Further, the applicability of the proposed method has been testified by carrying out a clinical example on a woman affected with
recurrent tumor images.

1. Introduction

Medical imaging has attracted increasing attention in the
recent years due to its vital component inmedical diagnostics
and treatment [1]. However, each imaging modality reports
on a restricted domain and provides information in limited
domains that some are common, and some are unique
[2]. For example, computed tomography (CT) image can
provide dense structures like bones and hard tissues with less
distortionwhereasmagnetic resonance imaging (MRI) image
is better visualized in the case of soft tissues [3]. Similarly, T1-
MRI image provides the details of an anatomical structure
of tissues while T2-MRI image provides information about
normal and pathological tissues [4]. As a result, multimodal
medical images which have relevant and complementary
information are necessary to be combined for a compen-
dious figure [5]. The multimodal medical image fusion is

the possible way to integrate complementary information
frommultiplemodality images [6].The image fusion not only
obtains amore accurate and complete description of the same
target, but also reduces the randomness and redundancy to
increase the clinical applicability of image-guided diagnosis
and assessment of medical problems [7].

Generally image fusion techniques can be divided into
spatial domain and frequency domain techniques [8]. Spa-
tial domain techniques are carried out directly on the
source images. Weighted average method is the simplest
spatial domain approach. However, alongwith simplicity, this
method leads to several undesirable side effects like reduced
contrast [9]. Other spatial domain techniques have been
developed, such as intensity-hue-saturation (IHS), principal
component analysis (PCA), and the Brovey transform [10].
Although the fused images obtained by these methods have
high spatial quality, they usually overlook the high quality
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of spectral information and suffer from spectral degradation
[10]. Li et al. [11] introduced the artificial neural network
(ANN) to make image fusion. However, the performance
of ANN depends on the sample images and this is not an
appealing characteristic. Yang and Blum [12] used a statistical
approach to fuse the images. In their method, the distortion
is modeled as a mixture of Gaussian probability density
functions which is a limiting assumption. Since the actual
objects usually contain structures at many different scales
or resolutions and multiscale techniques can provide the
means to exploit this fact, the frequency domain techniques
especially the multiscale techniques have attracted more and
more interest in image fusion [13].

In frequency domain techniques, each source image is
first decomposed into a sequence of multiscale coefficients.
Various fusion rules are then employed in the selection of
these coefficients, which are synthesized via inverse trans-
forms to form the fused image. Recently, series of frequency
domain methods have been explored by using multiscale
transform, including Laplacian pyramid transform, gra-
dient pyramid transform, filter-subtract-decimate pyramid
transform, discrete wavelet transform (DWT), and complex
wavelet transform (CWT) [14–20]. There is evidence that
multiscale transform based signal decomposition is similar
to the human visual system. As we know the wavelet analysis,
with its upstanding localize peculiarity in both time and
frequency domain, has become one of the most commonly
used methods in the fields of multiscale transform based
image fusion [16]. However, wavelet analysis cannot effec-
tively represent the line singularities and plane singularities
of the images and thus cannot represent the directions of the
edges of images accurately. To overcome these shortcomings
of the wavelet transform, Do and Vetterli [17] proposed
Contourlet transform which can give the asymptotic optimal
representation of contours and has been successfully used for
image fusion. However, the up- and downsampling process
of Contourlet decomposition and reconstruction results in
the Contourlet transform lacking shift-invariance and having
pseudo-Gibbs phenomena in the fused image [19]. Later, da
Cunha et al. [20] proposed the nonsubsampled Contourlet
transform (NSCT) based on Contourlet transform. This
method inherits the advantages of Contourlet transform,
while possessing shift-invariance and effectively suppressing
pseudo-Gibbs phenomena.

Although quite good results have been reported by NSCT
based method, there is still much room to improve the fusion
performance in the coefficient selection as follows.

(a) The low-frequency coefficients of the fused image can
be simply acquired by averaging the low-frequency
coefficients of the input images. This rule decreased
contrast in the fused images [21] and cannot give the
fused subimage of high quality for medical images.

(b) The popularly used larger absolute rule is imple-
mented in the value of a single pixel of the current
high-frequency subband. The disadvantage of this
method is that the coefficients only know the value of
a single pixel but not any of the relationship between

the corresponding coefficients in high-frequency sub-
bands [22].

(c) Most fusion rules of the NSCT-based methods are
implemented in multifocus images [23], remote sens-
ing images [24], and infrared and visible images [25].
The results are not of the same quality as those of the
multimodal medical images. For example, Chai et al.
[22] proposed aNSCTmethod based on features con-
trast ofmultiscale products to fusemultifocus images.
However, it has been proven that this algorithm is not
able to utilize prominent information present in the
subbands efficiently and results in the poor quality
when it is used to fuse multimodal medical images
[26].

In this paper, a novel fusion framework based on NSCT
is proposed for multimodal medical images. The main
contribution of the method lies in the proposed fusion
rule, which can capture the best membership of source
images’ coefficients to the corresponding fused coefficient.
The phase congruency and Log-Gabor energy are unified
as the fusion rules for low- and high-frequency coefficients,
respectively. The phase congruency provides a contrast and
brightness-invariant representation of low-frequency coeffi-
cients whereas Log-Gabor energy efficiently determines the
frequency coefficients from the clear and detail parts in the
high frequency. The combinations of these two techniques
can preserve more details from source images and thus
improve the quality of the fused images. Experiments indicate
that the proposed framework can provide a better fusion
outcome when compared to series of traditional image
fusion methods in terms of both subjective and objective
evaluations.

The rest of the paper is organized as follows. NSCT and
phase congruency are described in Section 2 followed by
the proposed multimodal medical image fusion framework
in Section 3. Experimental results and discussions are given
in Section 4 and the concluding remarks are presented in
Section 5.

2. Preliminaries

This section provides the description of concepts on which
the proposed framework is based. These concepts, including
NSCT and phase congruency, are described as follows.

2.1. Nonsubsampled Contourlet Transform (NSCT). Contour-
let transform can be divided into two stages [19]: Laplacian
pyramid (LP) and directional filter bank (DFB) and offers
an efficient directional multiresolution image representation.
Among them, LP is first utilized to capture the point singular-
ities and then followed by the DFB to link the singular point
into linear structures. LP is used to decompose the original
images into low-frequency and high-frequency subimages,
and DFB divides the high-frequency subbands into direc-
tional subbands. The Contourlet decomposed schematic
diagram is shown in Figure 1.
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Figure 1: Contourlet decomposed schematic diagram.
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Figure 2: NSCT decomposed schematic diagram.

The NSCT is proposed based on the theory of Contourlet
transform. NSCT inherits the advantage of Contourlet
transform, enhances directional selectivity and shift-invari-
ance, and effectively overcomes the pseudo-Gibbs phenom-
ena. NSCT is built on nonsubsampled pyramid filter bank
(NSPFB) and nonsubsampled directional filter bank
(NSDFB) [21]. Figure 2 gives the NSCT decomposition
framework with 𝑘 = 2 levels.

TheNSPFB ensures themultiscale performance by taking
advantage of a two-channel nonsubsampled filter bank and
one low-frequency subband andone high-frequency subband
that can be produced at each decomposition level. The
NSDFB is a two-channel nonsubsampled filter bank con-
structed by eliminating the downsamplers and upsamplers
and combining the directional fan filter banks in the nonsub-
sampled directional filter [23]. NSDFB allows the direction
decomposition with 𝑙 levels in each high-frequency subbands
from NSPFB and then produces 2𝑙 directional subbands with
the same size as the source images.Thus, theNSDFB provides
the NSCT the multidirection performance and offers more
precise directional detail information to get more accurate
results [23]. Therefore, NSCT leads to better frequency
selectivity and an essential property of the shift-invariance
on account of nonsubsampled operation.The size of different
subimages decomposed by NSCT is identical. Additionally,
NSCT-based image fusion can effectively mitigate the effects
of misregistration on the results [27]. Therefore, NSCT is
more suitable for image fusion.

2.2. Phase Congruency. Phase congruency is a feature percep-
tion approach which provides information that is invariant to
image illumination and contrast [28]. This model is built on

the Local EnergyModel [29], which postulates that important
features can be found at pointswhere the Fourier components
are maximally in phase. Furthermore, the angle at which the
phase congruency occurs signifies the feature type.The phase
congruency can be used for feature detection [30].Themodel
provides useful feature localization and noise compensation.
The phase congruency at a point (𝑖, 𝑗) can be defined as
follows [31]:

PC𝜃 (𝑖, 𝑗)

= ∑

𝑛

𝑊
𝜃
(𝑖, 𝑗) [𝐴

𝜃

𝑛
(𝑖, 𝑗) (cos (𝜙𝜃

𝑛
(𝑖, 𝑗) − 𝜙

𝜃

𝑛
(𝑖, 𝑗)))

−


sin (𝜙𝜃

𝑛
(𝑖, 𝑗) − 𝜙

𝜃

𝑛
(𝑖, 𝑗))


− 𝑇]
+

× (∑

𝑛

𝐴
𝜃

𝑛
(𝑖, 𝑗) + 𝜀)

−1

,

(1)

where 𝜃 is the orientation, 𝑊𝜃(𝑖, 𝑗) is the weighting factor
based on frequency spread, 𝐴𝜃

𝑛
(𝑖, 𝑗) and 𝜙

𝜃

𝑛
(𝑖, 𝑗) are the

amplitude and phase for wavelet scale 𝑛, respectively, 𝜙𝜃
𝑛
(𝑖, 𝑗)

is the weighted mean phase, 𝑇 is a noise threshold constant,
and 𝜀 is a small constant value to avoid division by zero.
The notation []+ denotes that the enclosed quantity is equal
to itself when the value is positive, and zero otherwise. For
details of phase congruency measure see [29].

As we know the multimodal medical images have the
following characteristics:

(a) the images of different modal have significantly dif-
ferent pixel mappings;

(b) the capturing environment of different modalities
varies and resulted in the change of illumination and
contrast;

(c) the edges and corners in the images are identified by
collecting frequency components of the image that is
in phase.

According to the literature [26, 32], it is easy to find
that phase congruency is not only invariant to different pixel
intensity mappings, illumination, and contrast changes, but
also gives the Fourier components that are maximally in
phase. These all will lead to efficient fusion. That is why we
use phase congruency for multimodal medical fusion.

3. Proposed Multimodal Medical Image
Fusion Framework

The framework of the proposed multimodal medical image
fusion algorithm is depicted in Figure 3, but before describing
it, the definition of local Log-Gabor energy in NSCT domain
is first described as follows.

3.1. Log-Gabor Energy in NSCTDomain. Thehigh-frequency
coefficients in NSCT domain represent the detailed com-
ponents of the source images, such as the edges, textures,
and region boundaries [21]. In general, the coefficients with
larger absolute values correspond to the sharper brightness
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Figure 3: The framework of the proposed fusion algorithm.

in the image. It is to be noted that the noise is also related to
high-frequency coefficients and may cause miscalculation of
sharpness values and, therefore, affect the fusion performance
[26]. Furthermore, human visual system is generally more
sensitive to texture detail features than the value of a single
pixel.

To overcome the defect mentioned above, a novel high-
frequency fusion rule based on local Log-Gabor energy is
designed in this paper. Gabor wavelet is a popular technique
that has been extensively used to extract texture features
[33]. Log-Gabor filters are proposed based on Gabor filters.
Compared with Gabor filters, Log-Gabor filters cover the
shortage of the high frequency of Gabor filter component
expression and more in accord with human visual system
[34]. Therefore, Log-Gabor wavelet can achieve optimal
spatial orientation and wider spectrum information at the
same time and thus more truly reflect the frequency response
of the natural images and improve the performance in terms
of the accuracy [35].

Under polar coordinates, the Log-Gabor wavelet is
expressed as follows [36]:

𝑔 (𝑓, 𝜃) = exp{−
[ln (𝑓/𝑓0)]

2

2[ln (𝜎/𝑓0)]
2
} × exp{−

(𝜃 − 𝜃0)
2

2𝜎2
𝜃

} ,

(2)

in which 𝑓0 is the center frequency of the Log-Gabor filter,
𝜃0 is the direction of the filter, 𝜎 is used to determine the
bandwidth of the radial filter, and 𝜎𝜃 is used to determine the
bandwidth of the orientation. If 𝑔𝑢V

𝑘𝑙
(𝑖, 𝑗) correspond to Log-

Gabor wavelets in scale 𝑢 and direction V, the signal response
is expressed as follows:

𝐺
𝑢V
𝑘𝑙
(𝑖, 𝑗) = 𝐻𝑘𝑙 (𝑖, 𝑗) ∗ 𝑔

𝑢V
𝑘𝑙
(𝑖, 𝑗) , (3)

where 𝐻𝑘𝑙(𝑖, 𝑗) is the coefficient located at (𝑖, 𝑗) in high-
frequency subimages of the source image 𝐴 or 𝐵 at the 𝑘th
scale, 𝑙th direction, and ∗ denotes convolution operation.The
Log-Gabor energy of high-frequency subimages at the 𝑘th
scale, 𝑙th direction, is expressed as follows:

𝐸𝑘𝑙 (𝑖, 𝑗) =

𝑈

∑

𝑢=1

𝑉

∑

V=1

√real(𝐺𝑢V
𝑘𝑙
(𝑖, 𝑗))

2
+ imag(𝐺𝑢V

𝑘𝑙
(𝑖, 𝑗))

2
, (4)

in which, real(𝐺𝑢V
𝑘𝑙
(𝑖, 𝑗)) is the real part of 𝐺𝑢V

𝑘𝑙
(𝑖, 𝑗) and

imag(𝐺𝑢V
𝑘𝑙
(𝑖, 𝑗)) is the imaginary part of 𝐺𝑢V

𝑘𝑙
(𝑖, 𝑗). The Log-

Gabor energy in NSCT domain at the local area around the
pixel (𝑖, 𝑗) is given as

LE𝑘𝑙 (𝑖, 𝑗) =
1

(2𝑀 + 1) (2𝑁 + 1)

𝑀

∑

𝑚=−𝑀

𝑁

∑

𝑛=−𝑁

𝐸𝑘𝑙 (𝑖 + 𝑚, 𝑗 + 𝑛) ,

(5)
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in which (2𝑀+ 1)(2𝑁 + 1) is the window size. The proposed
definition of the local Log-Gabor energy not only extracts
more useful features from high-frequency coefficients, but
also keeps a well performance in noisy environment.

3.2. Proposed Fusion Framework. The proposed NSCT-based
image fusion framework is discussed in this subsection.
Considering the input multimodal medical images (𝐴 and
𝐵) are perfectly registered. The framework of the proposed
fusion method is shown Figure 3 and described as the
following three steps.

Step 1. Perform 𝜃-level NSCT on 𝐴 and 𝐵 to obtain one low-
frequency subimage and series of high-frequency subimages
at each level and direction 𝑙; that is, 𝐴 : {𝐿𝐴, 𝐻𝐴

𝑘,𝑙
} and 𝐵 :

{𝐿
𝐵
, 𝐻
𝐵

𝑘,𝑙
}, where 𝐿𝐴, 𝐿𝐵 are the low-frequency subimages and

𝐻
𝐴

𝑘,𝑙
,𝐻𝐴
𝑘,𝑙
represent the high-frequency subimages at level 𝑘 ∈

[1, 𝜃] in the orientation 𝑙.

Step 2. Fuse low- and high-frequency subbands via the
following novel fusion rule to obtain composite low- and
high-frequency subbands.

The low-frequency coefficients represent the approxima-
tion component of the source images. The popular widely
used approach is to apply the averaging methods to produce
the fused coefficients. However, this rule reduced contrast
in the fused images and cannot give the fused subimage of
high quality for medical image.Therefore, the criterion based
on the phase congruency that is introduced in Section 2.2 is
employed to fuse the low-frequency coefficients. The fusion
rule for the low-frequency subbands is defined as

𝐿
𝐹
(𝑖, 𝑗)

=

{{

{{

{

𝐿
𝐴
(𝑖, 𝑗) , if PC𝐴𝜃 (𝑖, 𝑗) > PC𝐵𝜃 (𝑖, 𝑗)

𝐿
𝐵
(𝑖, 𝑗) , if PC𝐴𝜃 (𝑖, 𝑗) < PC𝐵𝜃 (𝑖, 𝑗)

0.5 (𝐿
𝐴
(𝑖, 𝑗) + 𝐿

𝐵
(𝑖, 𝑗)) , if PC𝐴𝜃 (𝑖, 𝑗) = PC𝐵𝜃 (𝑖, 𝑗) ,

(6)

where PC𝐴𝜃(𝑖, 𝑗), PC𝐵𝜃(𝑖, 𝑗) is the phase congruency extracted
from low-frequency subimages of the source images𝐴 and 𝐵,
respectively.

For the high-frequency coefficients, the most common
fusion rule is selecting the coefficient with larger absolute
values. This rule does not take any consideration of the
surrounding pixels and cannot give the fused components
of high quality for medical image. Especially when the
source images contain noise, the noise could be mistaken for
fused coefficients and cause miscalculation of the sharpness
value. Therefore, the criterion based on Log-Gabor energy
is introduced to fuse high-frequency coefficients. The fusion
rule for the high-frequency subbands is defined as

𝐻
𝐹

𝑘𝑙
(𝑖, 𝑗) = {

𝐻
𝐴

𝑘𝑙
(𝑖, 𝑗) , if LE𝐴

𝑘𝑙
(𝑖, 𝑗) ≥ LE𝐵

𝑘𝑙
(𝑖, 𝑗)

𝐻
𝐵

𝑘𝑙
(𝑖, 𝑗) , otherwise,

(7)

where LE𝐴
𝑘𝑙
(𝑖, 𝑗) and LE𝐵

𝑘𝑙
(𝑖, 𝑗) are the local Log-Gabor energy

extracted fromhigh-frequency subimages at the 𝑘th scale and
𝑙th direction of source images 𝐴 and 𝐵, respectively.

Step 3. Perform 𝜃-level by the inverseNSCTon the fused low-
and high-frequency subimages. The fused image is obtained
ultimately in this way.

4. The Experimental Results and Analysis

It is well known that different image quality metrics imply the
visual quality of images from different aspects, but none of
them can directly imply the quality. In this paper, we consider
both the visual representation and quantitative assessment
of the fused images. For evaluation of the proposed fusion
method, we have considered five separate fusion performance
metrics defined as below.

4.1. Evaluation Index System

4.1.1. Standard Deviation. The standard deviation (STD) of
an image with size of𝑀0 × 𝑁0 is defined as [37]:

Std = ( 1

𝑀0 × 𝑁0

𝑀0

∑

𝑖=1

𝑁0

∑

𝑗=1

(𝐹 (𝑖, 𝑗) − 𝜇)
2
)

1/2

, (8)

where 𝐹(𝑖, 𝑗) is the pixel value of the fused image at the
position (𝑖, 𝑗) and 𝜇 is the mean value of the image. The STD
can be used to estimate how widely the gray values spread in
an image. The larger the STD, the better the result.

4.1.2. Edge Based SimilarityMeasure. The edge based similar-
ity measure (𝑄𝐴𝐵/𝐹) is proposed by Xydeas and Petrović [38].
The definition is given as

𝑄
𝐴𝐵/𝐹

=

∑
𝑀0

𝑖=1
∑
𝑁0

𝑗=1
[𝑄
𝐴𝐹
(𝑖, 𝑗) 𝑤

𝐴
(𝑖, 𝑗) + 𝑄

𝐵𝐹
(𝑖, 𝑗) 𝑤

𝐵
(𝑖, 𝑗)]

∑
𝑀0

𝑖=1
∑
𝑁0

𝑗=1
[𝑤𝐴 (𝑖, 𝑗) + 𝑤𝐵 (𝑖, 𝑗)]

,

(9)

where 𝑤𝐴(𝑖, 𝑗) and 𝑤𝐵(𝑖, 𝑗) are the corresponding gradient
strength for images 𝐴 and 𝐵, respectively. The definition of
𝑄
𝐴𝐹
(𝑖, 𝑗) and 𝑄𝐵𝐹(𝑖, 𝑗) is given as

𝑄
𝐴𝐹
(𝑖, 𝑗) = 𝑄

𝐴𝐹

𝑎
(𝑖, 𝑗) 𝑄

𝐴𝐹

𝑔
(𝑖, 𝑗) ,

𝑄
𝐵𝐹
(𝑖, 𝑗) = 𝑄

𝐵𝐹

𝑎
(𝑖, 𝑗) 𝑄

𝐵𝐹

𝑔
(𝑖, 𝑗) ,

(10)

where 𝑄𝑥𝐹
𝑎
(𝑖, 𝑗) and 𝑄𝑥𝐹

𝑔
(𝑖, 𝑗) are the edge strength and

orientation preservation values at location for image 𝑥 (𝐴
or 𝐵), respectively. The edge based similarity measure gives
the similarity between the edges transferred from the input
images to the fused image [26].The larger the value, the better
the fusion result.
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4.1.3. Mutual Information. Mutual information (MI) [39]
between the fusion image 𝐹 and the source images𝐴 and 𝐵 is
defined as follows:

MI = MI𝐴𝐹 +MI𝐵𝐹,

MI𝐴𝐹 =
𝐿

∑

𝑓=0

𝐿

∑

𝑎=0

𝑝
𝐴𝐹
(𝑎, 𝑓) log

2
(
𝑝
𝐴𝐹
(𝑎, 𝑓)

𝑝𝐴 (𝑎) 𝑝𝐹 (𝑓)
) ,

MI𝐵𝐹 =
𝐿

∑

𝑓=0

𝐿

∑

𝑏=0

𝑝
𝐵𝐹
(𝑏, 𝑓) log

2
(
𝑝
𝐵𝐹
(𝑏, 𝑓)

𝑝𝐵 (𝑏) 𝑝𝐹 (𝑓)
) ,

(11)

where MI𝑥𝐹 denotes the normalized mutual information
between the fused image and the input image 𝐴, 𝐵; 𝑎, 𝑏 and
𝑓 ∈ [0, 𝐿], and 𝐿 is the number of bins. 𝑝𝐴(𝑎), 𝑝𝐵(𝑏), and
𝑝
𝐹
(𝑓) are the normalized gray level histograms of source

images and fused image. 𝑝𝑥𝐹(𝑎, 𝑓) is the joint gray level
histograms between fused image and each source image.

MI can indicate how much information the fused image
𝐹 conveys about the source images 𝐴 and 𝐵 [22]. Therefore,
the greater the value of MI, the better the fusion effect.

4.1.4. Cross Entropy. The cross entropy is defined as [8]:

CE =
𝐿−1

∑

𝑙=0

𝑃𝑙log2
𝑃𝑙

𝑄𝑙

, (12)

where 𝑃𝑙 and𝑄𝑙 denote the gray level histogram of the source
image and the fused image, respectively. The cross entropy is
used to evaluate the difference between the source images and
the fused image. The lower value corresponds to the better
fusion result.

4.1.5. Spatial Frequency. Spatial frequency is defined as [40]:

SF = √RF2 + CF2, (13)

where RF and CF are the row frequency and column fre-
quency, respectively, and are defined as

RF = √ 1

𝑀0𝑁0

𝑀0−1

∑

𝑖=0

𝑁0−1

∑

𝑗=0

[𝐹 (𝑖, 𝑗) − 𝐹 (𝑖, 𝑗 − 1)]
2
,

CF = √ 1

𝑀0𝑁0

𝑀0−1

∑

𝑖=0

𝑁0−1

∑

𝑗=0

[𝐹 (𝑖, 𝑗) − 𝐹 (𝑖 − 1, 𝑗)]
2
.

(14)

The spatial frequency reflects the edge information of the
fused image. Larger spatial frequency values indicate better
image quality.

4.2. Experiments on Multimodal Medical Image Fusion. To
evaluate the performance of the proposed image fusion
approach, the experiments are performed on three groups of
multimodal medical images. These images are characterized
in two distinct pairs: (1) CT and MRI; (2) MR-T1 and MR-
T2. The images in Figures 4(a1)-4(b1) and 4(a2)-4(b2) are

CT and MRI images, whereas Figures 4(a3)-4(b3) are T1-
weighted MR image (MR-T1) and T2-weighted MR image
(MR-T2). All images have the same size of 256 × 256 pixel,
with 256-level gray scale. For all these image groups, the
results of the proposed fusion framework are compared with
those of the traditional discretewavelet transform (DWT) [13,
16], the second generation curvelet transform (fast discrete
curvelet transform, FDCT) [41, 42], the dual tree complex
wavelet transform (DTCWT) [4], and the nonsubsampled
Contourlet transform (NSCT-1 andNSCT-2) basedmethods.
The high-frequency coefficients and low-frequency coeffi-
cients of DWT, FDCT, DTCWT, and NSCT-1 based methods
aremerged by the popular widely used fusion rule of selecting
the coefficient with larger absolute values and the averaging
rule (average-maximum rule), respectively. NSCT-2 based
method is merged by the fusion rules proposed by Bhatnagar,
et al. in [26]. In order to perform a fair comparison, the source
images are all decomposed into the same levels with 3 for
those methods except FDCTmethod. For DWTmethod, the
images are decomposed using the DBSS (2, 2) wavelet. For
implementing NSCT, “9-7” filters and “pkva” filters (how to
set the filters can be seen in [43]) are used as the pyramidal
and directional filters, respectively.

4.2.1. Subjective Evaluation. The first pair of medical images
are two groups of brain CT and MRI images on different
aspects, shown in Figures 4(a1), 4(b1) and 4(a2), 4(b2),
respectively. It can be easily seen that the CT image shows
the dense structure while MRI provides information about
soft tissues. The obtained fused images from DWT, FDCT,
DTCWT, NSCT-1, and NSCT-2 are shown in Figures 4(c1)–
4(g1) and 4(c2)–4(g2), respectively. The results for the pro-
posed fusion method have been shown in Figures 4(h1) and
4(h2). On comparing these results, it can be easily observed
that the proposedmethod outperforms those fusionmethods
and has good visual representation of fused image.

The second pair of medical images areMR-T1 andMR-T2
images, shown in Figures 4(a3) and 4(b3). The comparison
of DWT, FDCT, DTCWT, NSCT-1, NSCT-2, and proposed
method, shown in Figures 4(c3)–4(h3), clearly implies that
the fusion result of the proposed method has better quality
and contrast in comparison to other methods.

Similarly, on observing the noticeable improvement has
been emphasized in Figure 4 by the red arrows and the
analysis above, one can easily verify the fact that again the
proposed method has been found superior in terms of visual
representation over DWT, FDCT, DTCWT, NSCT-1, and
NSCT-2 fusion methods.

4.2.2. Objective Evaluation. For objective evaluation of the
fusion results, shown in Figure 4, we have used five fusion
metrics: cross entropy, spatial frequency, STD, 𝑄𝐴𝐵/𝐹, and
MI.The quantitative comparison of cross entropy and spatial
frequency for these fused images is visually given by Figures
5-6 and other metrics are given by Table 1.

On observing Figure 5, one can easily observe all the
three results of the proposed scheme have lower values of
cross entropy than any of the DWT, FDCT, DTCWT, NSCT-
1, and NSCT-2 fusion methods. The cross entropy is used to
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(a1)                (b1) (d1)(c1)

(e1) (h1)(g1)(f1)

(a2) (d2)(c2)(b2)

(e2)                (f2) (h2)(g2)

(a3) (c3)(b3) (d3)

(e3)                (f3)                (g3)                (h3)

Figure 4: Sourcemultimodalmedical images: (a1), (b1) image group 1 (CT andMRI); (a2), (b2) image group 2 (CT andMRI); (a3), (b3) image
group 3 (MR-T1 and MR-T2); fused images from (c1), (c2), (c3) DWT based method; (d1), (d2), (d3) FDCT based method; (e1), (e2), (e3)
DTCWT based method; (f1), (f2), (f3) NSCT-1 based method; (g1), (g2), (g3) NSCT-2 based method; (h1), (h2), (h3) our proposed method.
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Table 1: Comparison on quantitative evaluation of different methods for the first set medical images.

Images Evaluation DWT FDCT DTCWT NSCT-1 NSCT-2 Proposed method

Image group 1
(CT and MRI)

STD 41.160 39.170 40.132 40.581 54.641 58.476
QAB/F 0.618 0.592 0.652 0.683 0.427 0.716
MI 2.371 2.029 2.393 2.438 1.886 2.580

Image group 2
(CT and MRI)

STD 72.260 70.572 71.407 71.733 80.378 83.334
QAB/F 0.567 0.584 0.606 0.622 0.450 0.618
MI 3.137 3.138 3.198 3.235 2.915 3.302

Image group 3
(MR-T1 and MR-T2)

STD 37.358 36.856 37.358 37.277 39.023 40.630
QAB/F 0.635 0.647 0.668 0.682 0.589 0.689
MI 3.209 3.142 3.302 3.347 3.349 3.469

0
0.5

1
1.5

2
2.5

DWT FDCT DTCWT NSCT-1 NSCT-2

Cross entropy 

Group 1
Group 2
Group 3

Proposed
method

1.323 1.384

0.046

Figure 5: Comparison on cross entropy of different methods and
images.

evaluate the difference between the source images and the
fused image. Therefore, the lower value corresponds to the
better fusion result.

On observing Figure 6, two values of the spatial frequency
of the fused image obtained by the proposed method are
the highest, and the other one is 6.447 which is close to
the highest value 6.581. Observation of Table 1 yields that all
the three results of the proposed fusion scheme have higher
values of STD, 𝑄𝐴𝐵/𝐹, and MI than any of other methods
except one value of𝑄𝐴𝐵/𝐹 (image group 2) is the second best.
However, an overall comparison shows the superiority of the
proposed fusion scheme.

4.2.3. Combined Evaluation. Since the subjective and objec-
tive evaluations separately are not able to examine fusion
results, we have combined them. From these figures (Figures
4–6) and table (Table 1), it is clearly to find that the proposed
method not only preserves most of the source images char-
acteristics and information, but also improves the definition
and the spatial quality better than the existing methods,
which can be justified by the optimum values of objective
criteria except one value of spatial frequency (image group
3) and one value of 𝑄𝐴𝐵/𝐹 (image group 2). Consider the
example of the first set of images: the five criteria values of
the proposed method are 1.323 (cross entropy), 7.050 (spatial
frequency), 58.476 (STD), 0.716 (𝑄𝐴𝐵/𝐹), and 2.580 (MI),
respectively. Each of them is the optimal one in the first set
of experiments.

7.050

7.976

6.447
6

6.5
7

7.5
8

6.581

8.5

DWT FDCT DTCWT NSCT-1 NSCT-2

Spatial frequencies 

Group 1
Group 2
Group 3

Proposed
method

Figure 6: Comparison on spatial frequencies of different methods
and images.

Among these methods, the result of NSCT-2 based
method also gives poor results when comparing to the
proposed NSCT-based method.This stems from the fact that
high-frequency fusion rule of NSCT-2 based method is not
able to extract the detail information in the high frequency
effectively. Also, by carefully looking at the outputs of the
proposed NSCT-based method (Figures 4(h1), 4(h2), and
4(h3)), we can find that they get more contrast and more
spatial resolution than the outputs of NSCT-2 based method
(highlighted by the red arrows) and other methods.Themain
reason behind the better performance is that the proposed
fusion rules for low- and high-frequency coefficients can
effectively extract prominent and detail information from the
source images. Therefore, it can be possible to conclude that
the proposed method is better than the existing methods.

4.3. Fusion ofMultimodalMedical Noisy Images and a Clinical
Example. To evaluate the performance of the proposed
method in noisy environment, the input image group 1 has
been additionally corrupted with Gaussian noise, with a
standard deviation of 5% (shown in Figures 7(a) and 7(b)).
In addition, a clinical applicability on noninvasive diagnosis
of neoplastic disease is given in the last subsection.

4.3.1. Fusion of Multimodal Medical Noisy Images. For com-
parison, apart from visual observation, objective criteria on
STD, MI, and 𝑄𝐴𝐵/𝐹 are used to evaluate how much clear
or detail information of the source images is transferred
to the fused images. However, maybe these criteria cannot
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 7: The multimodal medical images with noise: (a) CT image with 5% noise, (b) MRI image with 5% noise; fused images by (c) DWT,
(d) FDCT, (e) DTCWT, (f) NSCT-1, (g) NSCT-2, and (h) proposed method.

Table 2: Comparison on quantitative evaluation of different methods for the noise medical images.

Evaluation DWT FDCT DTCWT NSCT-1 NSCT-2 Proposed method
STD 41.893 40.044 40.995 41.338 52.533 57.787
QAB/F 0.592 0.579 0.619 0.637 0.269 0.640
MI 2.785 2.539 2.826 2.882 1.816 2.914

effectively evaluate the performance of the fusion methods
in terms of the noise transmission. For further comparison,
Peak Signal to Noise Ratio (PSNR), a ratio between the
maximum possible power of a signal and the power of noise
that affects the fidelity [44], is used. The larger the value of
PSNR, the less the image distortion [45]. PSNR is formulated
as

PSNR = 10lg


255
2

RMSE2


, (15)

where RMSE denotes the Root Mean Square Error between
the fused image and the reference image.The reference image
in the following experiment is selecting from Figure 4(h1),
which is proven to be the best performance compared to other
images.

Figure 7 illustrates the fusion results obtained by the
different methods. The comparison of the images fused by
DWT, FDCT, DTCWT, NSCT-1, NSCT-2, and proposed
method, shown in Figures 7(c)–7(h), clearly implies that
the fused image by proposed method has better quality and
contrast than other methods. Figure 8 shows the values of
PSNR of different methods in fusing noisy images. One
can observe that the proposed method has higher values of

15
16
17
18
19
20
21
22
23
24
25

DWT FDCT DTCWT NSCT-1 NSCT-2 Proposed
method

PSNR
23.704

Figure 8: Comparison on PSNR of different methods for the noise
medical images.

PSNR than any of the DWT, FDCT, DTCWT, NSCT-1, and
NSCT-2 fusionmethods. Table 2 gives the quantitative results
of fused images and shows that the values of STD, 𝑄𝐴𝐵/𝐹,
and MI are also the highest of all the six methods. From
the analysis above, we can also observe that the proposed
scheme provides the best performance and outperforms the
other algorithms. In addition, compared with the result of
the NSCT-1 method using the average-maximum rule, it
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 9: Brain images of the man with recurrent tumor: (a) MR-T1 image, (b) MR-T2 image; fused images by (c) DWT, (d) FDCT, (e)
DTCWT, (f) NSCT-1, (g) NSCT-2, and (h) proposed method.

Table 3: Comparison on quantitative evaluation of different methods for the clinical medical images.

Evaluation DWT FDCT DTCWT NSCT-1 NSCT-2 Proposed method
STD 64.433 62.487 63.194 63.652 60.722 67.155
QAB/F 0.541 0.565 0.578 0.597 0.411 0.624
MI 2.507 2.455 2.540 2.584 2.392 2.624

demonstrated the validities of the proposed fusion rule in
noisy environment.

4.3.2. A Clinical Example on Noninvasive Diagnosis. In order
to demonstrate the practical value of the proposed scheme
in medical imaging, one clinical case on neoplastic diagnosis
is considered where MR-T1/MR-T2 medical modalities are
used. The images have been downloaded from the Harvard
University site (http://www.med.harvard.edu/AANLIB/home
.html). Figures 9(a)-9(b) show the recurrent tumor case of a
51-year-old woman who sought medical attention because of
gradually increasing right hemiparesis (weakness) and hemi-
anopia (visual loss). At craniotomy, left parietal anaplastic
astrocytoma was found. A right frontal lesion was biopsied.
A large region of mixed signal on MR-T1 and MR-T2 images
gives the signs of the possibility of active tumor (highlighted
by the red arrows).

Figures 9(c)–9(h) show the fused images by DWT, FDCT,
DTCWT, NSCT-1, NSCT-2, and proposed method. It is
obvious that the fused image by proposed method has better
contrast and sharpness of active tumor (highlighted by the red
arrows) than other methods. Table 3 shows the quantitative
evaluation of different methods for the clinical medical
images. The values of the proposed method are optimum in

terms of STD, MI, and 𝑄𝐴𝐵/𝐹. From Figure 9 and Table 3,
we can obtain the same conclusion that the proposed scheme
provides the best performance and outperforms the other
algorithms.

5. Conclusions

Multimodal medical image fusion plays an important role in
clinical applications. But the real challenge is to obtain a visu-
ally enhanced image through fusion process. In this paper, a
novel and effective image fusion framework based on NSCT
and Log-Gabor energy is proposed.The potential advantages
include (1) NSCT is more suitable for image fusion because
of its advantages such as multiresolution, multidirection, and
shift-invariance; (2) a new couple of fusion rules based on
phase congruency andLog-Gabor energy are used to preserve
more useful information in the fused image to improve the
quality of the fused images and overcome the limitations of
the traditional fusion rules; and (3) the proposed method
can provide a better performance than the current fusion
methods whatever the source images are clean or noisy. In
the experiments, five groups of multimodal medical images,
including one group with noise and one group clinical
example of a woman affected with recurrent tumor, are
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fused by using traditional fusion methods and the proposed
framework.The subjective and objective comparisons clearly
demonstrate that the proposed algorithm can enhance the
details of the fused image and can improve the visual effect
with less information distortion than other fusion methods.
In the future, we plan to design a pureC++ platform to reduce
the time cost and extend our method for 3D or 4D medical
image fusion.
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cus image fusion using the log-Gabor transform and aMultisize
Windows technique,” Information Fusion, vol. 10, no. 2, pp. 163–
171, 2009.

[37] X. Zhang, X. Li, and Y. Feng, “A new image fusion performance
measure using Riesz transforms,”Optik, vol. 125, no. 3, pp. 1427–
1433, 2014.

[38] C. S. Xydeas and V. Petrović, “Objective image fusion perfor-
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It is obvious that tablet image tracking exerts a notable influence on the efficiency and reliability of high-speed drug mass
production, and, simultaneously, it also emerges as a big difficult problem and targeted focus during production monitoring in
recent years, due to the high similarity shape and randomposition distribution of those objectives to be searched for. For the purpose
of tracking tablets accurately in random distribution, through using surface fitting approach and transitional vector determination,
the calibrated surface of light intensity reflective energy can be established, describing the shape topology and topography details of
objective tablet. On this basis, themathematical properties of these established surfaces have been proposed, and thereafter artificial
neural network (ANN) has been employed for classifying those moving targeted tablets by recognizing their different surface
properties; therefore, the instantaneous coordinate positions of those drug tablets on one image frame can then be determined.
By repeating identical pattern recognition on the next image frame, the real-time movements of objective tablet templates were
successfully tracked in sequence.This paper provides reliable references and new research ideas for the real-time objective tracking
in the case of drug production practices.

1. Introduction

Nowadays, the automation level of drug mass production
and quality inspection still remains undeveloped; most
drug tablets in random position distribution were manually
inspected for picking out those unqualified ones and then
hand-encapsulated after amount counting or bottle packag-
ing by ocular estimation. All drug tablets were highly similar
or identical to each other in shape, size, surface topography,
and color, which imposes colossal operation overload and
time exhaustion on the working operators. In the interests
of dealing with these difficulties, tablet tracking by computer
video was greatly hampered by their identical size and similar
shape, keeping a far distance from the traditional applications
of image recognition, such as face recognition or vehicle
video monitoring. Nevertheless, light intensity reflective
energy and ANN recognition have remarkable superiority in
locating those scattered tablet objectives, which undoubtedly
confirms its reliable results and high efficient performance.
Based on this theoretical hypothesis, the labor intensities will

be greatly reduced, and simultaneously the high precision of
tracking processes can also be ensured.

According to the recently published literatures, it can be
learned that image tracking or video tracking were generally
employed in such conditions as moving vehicle monitoring
or people tracking. Wang and Wang [1] have proposed an
approach based on computer version and image processing
technique for automatic grain tracking; through an efficient
box-tracking-based method, presented by Fukuda et al. [2],
mammalian cells (fibroblast) on microcarrier have been
clearly recognized. At the same time, Dill et al. [3] studied
the tracking cells supported by digital image processing and
obtained a rather satisfactory result for multiobjective posi-
tioning during their high-speed movement. Kuba et al. [4]
alsomade their contributions on automatic particle detection
by one-class SVM from microscope image. Similar perfor-
mances have been obtained by González et al. and so forth
[5] on tracking olive trees in high-resolution satellite images.

On the other hand, Guarino et al. [6] have optimized the
traditional image analysis approach. But their optimization
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process needs a much more computation storage and time
interval than that of other traditional ones, which restricts its
direct usages in real-time drug mass production; Marçal [7]
presented new methods based on mathematical morphology
and were suitable for grains of circular shape; Kim et al. [8]
have successfully proposed a real-time approach for tracking
the number of passing people by using one single camera.
Similar research founding proposed by Professor Luque-
Baena et al. can also be learned from [9, 10] as well. In the
area of moving-objective image detection and its automatic
classification, Wong et al. [11] used an example of outdoor
people tracking for tourist-flow estimation in a constrained
environment. According to the research result of Buczkowski
et al. [12], the box-tracking method (BCM) shows a very
high percentage of error in experimental practice, due to
the identical shape and high-speed movement of those drug
tablets to be studied. In order to cover this deficiency, Wang
et al. [13] have proposed a new and efficient framework
for pedestrian analysis and tracking, which consists of rule
induction classifier and linear regression model. Agustin
and Oh [14] preprocessed the detected foreground objects
to eliminate pixel noise and small artifacts by performing
opening morphology operation. Besides, Lien et al. [15] also
paid high attention on a novel vehicle detection method
without background modeling simultaneously. Zhan and
Luo [16] made their contribution on system design of real-
time vehicle recognition based on video for Windows (AVI)
files; the development of a block-based real-time tracking
system has been concluded by Park et al. [17] and Głowacz
et al. [18] and Park et al. [19] have paid their attentions
to the optical flow calculation and the area-based decision
rule, respectively, which helps in acquiring reliable image
tracking results. When discussing the cross-correlation in
pattern recognition, Hong [20] used correlation coefficient
of fuzzy numbers under arithmetic operations. Park et al.
[21] have studied the correlation coefficient of interval-valued
intuitionistic probability sets tomultiple attribute group deci-
sions. Ye [22] and Son [23], respectively, proposed probability
decision-making method and fuzzy entropy determination
for investigating the mutual-relationships among different
factors. Other related research results can be learned from
[24–26]. Furthermore, literature [27–29] also presented their
latest progresses in cross-correlation mechanisms while such
evaluation approaches as intuitionistic probability, interval-
valued probability sets, and gamma rank correlation coeffi-
cient were, respectively, described in [30–32].

Since these commonly used approaches were found being
influenced by traditional limitations, the real-time tablet
tracking cannot be ensured easily; more importantly, due
to the fact that most existing image tracking technologies
focus on human tracking or vehicle monitoring, which can
be distinguished easily by the different shapes and the widely
divergent sizes of those targeted objects in practice [33–35],
the high similarity objective tracking method suitable for
high-speed drugmass production still remains unstudied and
undeveloped, that becomes a research margin of advanced
video inspection in these years.

This paper is structured as follows. Section 1 outlines
the importance and necessity of objective tablet tracking.

CCD imaging head with light intensity sensor array
The project light ray The reflective light ray

Figure 1:The light reflective effect caused by different surface topog-
raphy areas, which composes an original property demonstration for
calibrating the inflective-energy surface properties of drug tablets.

Section 2 describes the theoretical foundation of light inten-
sity reflective energy surface. Section 3 presentsmathematical
properties for describing the reflective energy surfaces of
drug tablets, Section 4 discusses the detailed tracking pro-
cesses, with tracking discussions and performance compar-
isons mentioned in Section 5, and finally Section 6 concludes
this paper as respected.

2. The Theoretical Foundation of Light
Intensity Reflective Energy Surface

During the imaging process, the light was projected vertically
thereafter a clear image can be obtained for showing the
surface topography and geometrical shape of objective tablet.
But, at the same time, the unsmooth surface topography on
those drug tablets can also be identified due to their different
light reflective effects. Figure 1 shows the light reflective effect
according to different topography areas, which composes an
original property demonstration for calibrating the inflective-
energy of objective tablet in this experiment. Since differ-
ent topographic areas on objective tablet present different
reflective effects of light, an average-distributed reflective
energy condition of light intensity can be obtained on the
smooth part of tablet surface. When the lighting ray casts
on the objective surface to be observed, it will be reflected
to CCD unit in the form of roughly parallel light routes;
thus, an image with uniform distribution of light intensity
will be gotten and a low concentration of lightness energy
can also be shown. On the contrary, the light illumination
on the rugged areas of tablet surface brings about the diffuse
reflection of lighting rays, which results in the ununiformed
concentration of lightness energy. Based on this theoretical
presumption, the topography properties of objective drug
tablet can be clearly classifiedwith the reflective light intensity
measurement, the computation of illumination energy, and
the characteristic modeling of energy distribution.

3. Surface Mathematical Properties

Since the reflective energy of light intensity demonstrated by
one given image pixel can be regarded as the height value in
the 𝑧 axis, thereafter the reflective energy distribution of the
whole tablet image can be described in the form of free-form
surface, from the perspective of spatial surface fitting domain.
Based on this theoretical foundation the following physical
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properties have been proposed, for the sake of calibrating the
established reflective energy surface of objective tablet in a
quantitative way [36, 37].

Property 1. As it was well known that surface elasticity
demonstrates the transformation resisting capability of one
objective spatial surface shape under the force impact caused
by external force loading, it becomes a typical index to cali-
brate the shape properties of spatial surfaces in a mathemati-
cal coordinate system, and simultaneously surface elasticity
shows the concentricity level of characteristic distribution
in the form of elasticity value as well. In this experiment,
Property 1 demonstrates the elasticity distribution concen-
trating on one certain topography section, which makes it
being conveniently used to describe topography properties
from the perspective of elasticity variance distribution:

𝜑 = 𝛼
1

𝑚

∑

𝑖=1

𝑊
2

𝑢𝑖
+ 𝛽
1

𝑚

∑

𝑖=1

𝑊
2

𝑢𝑢𝑖
+ 𝛼
2

𝑛

∑

𝑗=1

𝑊
2

V𝑗 + 𝛽2

𝑛

∑

𝑗=1

𝑊
2

VV𝑗

+ 𝛼
1
𝛼
2
𝛽
1
𝛽
2

𝑚

∑

𝑖=1

𝑛

∑

𝑗=1

𝑊
2

𝑢𝑖V𝑗 − 2𝑓 (𝑢, V)𝑊.
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Here,𝑊 denotes an objective topography surface in the
form of B-spline basis function;𝑊

𝑢
,𝑊V,𝑊𝑢𝑢,𝑊VV, and𝑊𝑢V

are the partial derivatives of𝑊 in the first order, second order,
and hybrid state of 𝑢, V axes, respectively; 𝛼

1
, 𝛼
2
, 𝛽
1
, and 𝛽

2

are the given coefficients, 𝑓(𝑢, V) denotes a given function of
surface vector, and finally 𝑚, 𝑛 denote the order amounts of
surface vector in 𝑢, V axes.

Property 2. Energy of surface plays a prominent role as
fairness function in the occasions of geometric modeling
or surface microproperty analysis. Therefore, energy dis-
tribution can be computed and quantified to denote its
belonged experimental conditions and geometric properties.
This property defines the scattering level of surface energy
in a mathematical sense, for a high value shows a more
decentralized scattering of surface energy:
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Here, 𝑆
𝑢
(𝑢
𝑖
), 𝑆
𝑢𝑢
(𝑢
𝑖𝑖
), 𝑆V(V𝑗), 𝑆VV(V𝑗𝑗), and 𝑆𝑢V(𝑢𝑖V𝑗) denote

the first order, second order, and hybrid derivatives of
objective surface 𝑓(𝑢, V) in 𝑢, V axes.

Property 3. Since surface construction highly depends on
external loading effect, the fitted result will be deformed in
an obvious scale. In the purpose of quantifying the influential

effects caused by external loading, this property was newly
proposed to calibrate the difference deviation and variation
principle between the forced and original surfaces, as high
amendment quantity demonstrates a relative critical defor-
mation of resultant topography, with the definition shown as
follows:
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Here, 𝑁
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(𝑢), 𝑁
𝑗,𝑠V
(V), and 𝑁

𝑖,𝑗
(𝑢V) denote the B-spline

boundary control surfaces in 𝑢, V axes, respectively, with 𝑉
𝑖,𝑗

denoting the transitional vector between two adjacent control
vertexes impacted by external loading.

Property 4. The computation of the radial polynomial of
one coordinate point (𝑥, 𝑦, 𝑧) on free surface consists of
three steps: computations of radial polynomials, radial basis
functions, and radial polynomial moments, through project-
ing the coordinates of one control point on its belonged
basis functions. 𝑅

𝑛𝑚
(𝛾) denotes the radial polynomial of one

control point (𝑥, 𝑦, 𝑧):
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Here, 𝑛 denotes a positive integer or zero and 𝑚 denotes
an integer number and 𝑛 − |𝑚| = even number, with |𝑚| ≤
𝑛; 𝑟 denotes the vector length spaced from the origin point
to one control point on surface 𝑓(𝑥, 𝑦, 𝑧), defined as 𝛾 =

√𝑥
2
+ 𝑦
2
+ 𝑧
2, −1 < 𝑥, 𝑦, 𝑧 < 1.

Property 5. As the traditional Zernike moments have been
extensively used, they receive much research attention in a
number of fields: object recognition, terrain reconstruction,
roughness segmentation, edge detection, and biomedical
measurement. They have already become one of the most
widely used families of orthogonal mathematical moments,
owing to their extraordinary properties of being invariant or
insensitive to any arbitrary rotation of the objective surface
in the three-dimensional (3D) coordinate system. Based on
the radial polynomial computation of one coordinate point
(𝑥, 𝑦, 𝑧) mentioned before, an improved Zernike moment
was presented by focusing on their magnitude values as
follows:
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Figure 2: The video inspection platform employed in this experi-
ment for tracking drug tablets.

𝑚 ≤ 2
𝑛1
+ 3, 𝑛 ≤ 2𝑛2 + 3, and 𝑉 represents the congregation

of (𝑚 − 2)(𝑛 − 2)/2 parametric points in 𝑃(𝑢, V): (𝑢
𝑘
, V
𝑙
) (𝑘 =

0, 1, . . . , 𝑚 − 3; 𝑙 = 0, 1, . . . , 𝑛 − 3). Then, the fairing error of
objective surface was defined as
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Here, 𝑃
𝑛
1
,𝑛
2

(𝑢, V) denotes the approximated surface of
𝑃(𝑢, V) with 𝑛

1
× 𝑛
2
control vertexes, which can be obtained

from the frequency decomposition of 𝑃(𝑢, V) in its 3D
coordinate lattice.

4. Experiment for Drug Tablet Tracking

4.1. The Arrangement of Experimental Device. Stainless steel
material was employed tomanufacture the experimental plat-
form, with the purpose of avoiding the high light reflective
index and mirror effect of background material, causing
these two physical phenomena to reduce the contrast ratio
and blur the objective clearance in video image remarkably
[38, 39]. On the stainless steel pathways, the drug tablets
were scattered into the monitoring field for high-speed
video detection. Figure 2 illustrates the video inspection
platform employed, including the video device for tablet
tracing and the platform pathways for tablet transmission.
For the convenience of tracing these tablet objectives with
high accuracy and efficiency, we subdivided the whole
imaging field into several blocks by the size of 100mm ×

100mmand then used theDMIRMCCDhigh-speed imaging
system manufactured by German LEICA to capture the
moving processes of drug tablets at the rate of 24 frames
per second (FPS). It is noteworthy that this video imaging
system consists of three essential components: a precise
high-speed CCD head equipped with light intensity sensor
array, a PC equipped with video processing board, and a
set of multidimensional triangulation processing software for
ensuring high clearances of video image frames. Since the
light source being used is a visible coaxial LED (220V; 20W;

700 nm) combined with diffraction grating that generates a
fixed number of stripes, which enables the system to capture
more than 450,000 pixels in one single image frame. The
range measurements were computed by using triangula-
tion operation between the binary digital images and the
calibrated imaging plane locations. The high-speed CCD
microscopic camera was able to capture image pixel data
in 0.01ms (enabling image acquisition from a continuously
movingmanipulator) and process data array in 10ms and has
a measurement deviation of 1/20000 in the field of view. This
CCD imaging head has been attached to a DMIRM 3-axis
directly driven configuration manipulator for self-adaptively
video imaging; thus, it eliminates image distortion caused
by inhomogeneous light and keeps a rapid reaction and
stable tracing performance simultaneously. For the purpose
of improving the detection precision or dynamic tracing of
drug tablets to the precise scale (1∼5mm), we predetermined
the imaging depth as 0.3m; therefore, the planar platform can
be focused. On the other hand, the position overlap of drug
tablets can be effectively avoided due to the continual high-
frequency vibration of the experimental platform pathways,
which reduces the probability of erroneous judgment to the
maximum extent. In this experiment, the exposure time
for digital imaging was supposed to be 0.5 s whereas the
moving speed of drug tablet is about 3.5m/s; therefore, one
given tablet moves 1.75m during the whole imaging process.
In order to reduce the blur effect on the captured images,
image sharpening was used to keep the high resolution of
those studied objective tablets and thus accurate pattern
recognition can be ensured.

4.2. The Computation of Transitional Vectors between Sur-
face Control Points. In order to establish surface model for
describing the light intensity reflective energy of drug tablets,
the obtained energy value at the specific coordinate position
of one pixel can be demonstrated as the 𝑧-axis value in the
vertical direction; therefore, it was considered as the spatial
coordinate of one control point. Under usual illumination,
the external surface of drug tablet presents a constant sit-
uation of light intensity and uniform distribution of grey
level. Based on this precondition, the three-dimensional (3D)
transitional vectors can be computed.

During the capturing of digital images, the observer sight
line keeps orthogonal intersecting with the imaging plane
called 𝑋𝑂𝑌. The light intensity of one surface point (𝑥, 𝑦)
can be denoted by 𝐼(𝑥, 𝑦), its project vector was determined
as [𝑝𝑖, 𝑞𝑖, −1], and then the normal vector of its reflective
energy surface can be described as [𝑝, 𝑞, −1]. In this paper, 𝜃
denotes the included angle that lies between the project vector
of lighting and the normal vector of reflective energy surface.
The reflective intensity of lighting energy in the direction of
normal vector can be computed as [40, 41]

𝐸 (𝑥, 𝑦) = 𝐼 (𝑥, 𝑦) 𝜌 cos 𝜃. (7)

Here, 𝐸(𝑥, 𝑦) denotes the reflective energy intensity of
the image pixel (𝑥, 𝑦), whereas 𝐼(𝑥, 𝑦) denotes the incident
illumination intensity and is supposed as a constant number;
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Figure 3: The transitional vectors and their spatial distribution on
the fitted reflective energy surface.

𝜌 denotes the light reflectivity level of objective tablet surface
(constant number).

Then, the cosine value of this included angle 𝜃 can be
expressed as [42]
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The energy intensity of one image pixel (or called as
the reflective light intensity at the objective pixel) can be
identified as
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Figure 3 shows the transitional vectors between surface
control points and their spatial distribution. Through pre-
senting a specific image pixel at (𝑥, 𝑦), this research obtained
the normal vector of energy surface: 𝑛

(𝑥,𝑦)
= [𝑝
1
, 𝑞
1
, 𝑟
1
],

together with other normal ones at its neighboring: 𝑛
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On this basis, the tangent vectors 𝑊
𝑢
, 𝑊V, and 𝑊𝑢V at the

positions of (𝑥 + 1, 𝑦), (𝑥, 𝑦 + 1), and (𝑥 + 1, 𝑦 + 1) can be
determined, respectively:
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The secondary partial derivative vectors were identified
as 𝑊
𝑢𝑢

= (𝑢
11
, 𝑢
22
, 𝑢
33
) and 𝑊VV = (V

11
, V
22
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33
), which

demonstrates the variance ratio of those tangent vectors in 𝑢
and V directions, respectively. Therefore, the finite difference
method can be used to determine these two items:
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Based on the above-mentioned process, the normal vec-
tor 𝑛
(𝑥,𝑦)

= [𝑝
1
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1
] of one specific surface point can be

determined the same as its partial derivative vectors at the 1st
and 2nd order, respectively. Consider
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(12)

4.3. The Establishment of Light Intensity Reflective Energy Sur-
face. Figure 4 shows some typical image frames for objective
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10th frame  20th frame    30th frame 40th frame   

50th frame 60th frame 70th frame    80th frame    

90th frame 100th frame  110th frame   120th frame

Figure 4: Typical image frames obtained from the tablet video for objective tracking in high similarity.

tracking, the amount of drug tablets being seen in the mon-
itoring area was strictly limited under 20 by predetermined
setting, in the interest of keeping clear shape description and
instantaneous tracking of those objective tablets. Through
characteristic statistical analysis of drug tablets in geometric
shapes, 12 tablet templates in typical geometric shapes and
different laying angles were selected out for the following
pattern recognition,with all possible shapemorphologies and
variant position arrangements during monitoring process
being fully included, as Figure 5 demonstrates. Compared
with other mathematical criterions, using tablet template
facilitates the following determination of their geometrical
characteristics in a clearer way. Since energy optimization fit-
ting becomes a frequently used modeling method supported
by mathematical programming and structure optimization,
it regards the studied reflective energy surface providing the
minimum physical distorting energy as its ultimate objective;
therefore, various means of energy restriction and employed
loadings were applied to achieve this goal in practice [43–45].

Energy optimization method regarding the laminose
elastic deformation equation of elastic mechanics as its

mathematical references:

𝐸surface = ∬[[

𝛼
11
𝑊
2

𝑢
+ 2𝛼
12
𝑊
𝑢
𝑊V + 𝛼22𝑊

2

V

+𝛽
11
𝑊
2

𝑢𝑢
+ 2𝛽
12
𝑊
2

𝑢V + 𝛽22𝑊
2

VV

]

− 2𝑊𝑓 (𝑢, V) ] 𝑑𝑢 𝑑V.

(13)

Here,𝑊 denotes the objective surface represented in 𝑢, V
axes;𝑊

𝑢
,𝑊V,𝑊𝑢𝑢, and𝑊VV denote the first-order and second-

order derivative vectors of 𝑊 in 𝑢 and V axes, respectively.
𝑊
𝑢V denotes a mixing derivative vector, 𝛼 and 𝛽 were given

parameters, and 𝑓 denotes a given vector function to be
approximated.

In practicalmodeling,𝛼 and𝛽 often denote the referential
parameters of material characteristic; 𝑓 denotes the external
employed loading used for energy surface control. Under
normal condition, the influence results exerted by 𝛼, 𝛽, and𝑓
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Figure 5: Objective tablet templates for image tracking in this experiment.

will be generally neglected and thereafter valuated as 1, 1, and
0, respectively. Consider

𝐸surface = ∬[[

𝑊
2

𝑢
+ 2𝑊
𝑢
𝑊V +𝑊

2

V

+𝑊
2

𝑢𝑢
+ 2𝑊

2

VV +𝑊
2

VV

]]𝑑𝑢 𝑑V. (14)

By using the basis function of B-spline surface, the above-
mentioned function was transferred into

𝑤 (𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝑁
𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V) . (15)

Here,𝑉 denotes a control point of surface𝑤(𝑢, V);𝑚𝑢+1,
𝑚V+1 denote the number of control points in two axes; 𝑠𝑢 and
𝑠V denote the power of studied surface;𝑁

𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V(V) are the

B-spline basis function defined by 𝑠𝑢, 𝑠V, together with the
knot vector denoted by 𝐾

𝑈
, 𝐾
𝑉
(𝑈 = [𝑢

0
, 𝑢
1
, 𝑢
2
, . . . , 𝑢

𝑚+𝑠+1
],

𝑉 = [V
0
, V
1
, V
2
, . . . , V

𝑚+𝑠+1
]) as well. All variables in these

equations were defined in 𝑢 or V directions.

Equation (16) defines the first-order and second-order
derivative vectors 𝑤

𝑢
(𝑢) and 𝑤

𝑢𝑢
(𝑢):

𝑤
𝑢
(𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V) ;

𝑤V (𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝑁
𝑖,𝑠𝑢
(𝑢)𝑁


𝑗,𝑠V (V) ;

𝑤
𝑢𝑢
(𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V) ;

𝑤VV (𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝑁
𝑖,𝑠𝑢
(𝑢)𝑁


𝑗,𝑠V (V) ;

𝑤
𝑢V (𝑢, V) = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗
𝐵


𝑖,𝑠𝑢
(𝑢) 𝐵


𝑗,𝑠V (V) .

(16)

Substituting (16) into (14) and letting 𝑓 = 0, then
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𝐸 = ∬

1

0

∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗

∑

𝑘=0,𝑚𝑢

𝑙=0,𝑚V

𝑉
𝑘,𝑙
∗

[
[
[
[
[
[
[
[

[

𝛼
11
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+2𝛼
12
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛼
22
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛽
11
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+2𝛽
12
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛽
22
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

]
]
]
]
]
]
]
]

]

𝑑𝑢𝑑V. (17)

Then,

𝑆
𝑖,𝑗,𝑘,𝑙

= ∬

1

0

[
[
[
[
[
[
[
[

[

𝛼
11
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+2𝛼
12
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛼
22
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛽
11
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+2𝛽
12
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

+𝛽
22
𝑁


𝑖,𝑠𝑢
(𝑢)𝑁
𝑗,𝑠V (V)𝑁



𝑘,𝑠𝑢
(𝑢)𝑁
𝑙,𝑠V (V)

]
]
]
]
]
]
]
]

]

𝑑𝑢𝑑V.

(18)

Thus, (17) will be simplified into

𝐸 = ∑

𝑖=0,𝑚𝑢

𝑗=0,𝑚V

𝑉
𝑖,𝑗

∑

𝑘=0,𝑚𝑢

𝑙=0,𝑚V

𝑉
𝑘,𝑙
∗ 𝑆
𝑖,𝑗,𝑘,𝑙

.

(19)

Here, 𝑆
𝑖,𝑗,𝑘,𝑙

denotes the integrating operation of one-
known basis function; thus, the mathematical model of
energy optimization surface can be transferred into the
quadratic function of control vertexes 𝑉 [46]. Based on this
surface fitting method and the tablet templates shown in
Figure 5, their corresponding reflective energy surfaces of
light intensity can then be established with the resultant
details being demonstrated in Figure 6.

4.4. The Application of ANN for Recognizing Surface Proper-
ties. In this study, back propagation (BP) learning algorithm,
which has a unique learning principle, generally called delta
rule, is used. As we all know, the back propagation learning
algorithm is a common method for training artificial neural
networks. Firstly, forward propagation of input vectors was
realized to generate the propagation output activations, and
then ANN uses the pattern target to generate the deviation of
all output and hidden neurons. Based on this precondition,
multiplying the calculation between the output deviation
and the input activation was operated for obtaining the
gradient vectors of those weigh values, which results into the
percentage subtraction of their gradient vectors. Repeat these
steps again until the performance of ANN network reaches
a satisfied level. The three layers of the network architecture
include the input layer, middle layer (hidden layer), and
output layer. Layers include several processing units known as

neurons.They connected with each other by variable weights
to be determined. In this network, the input layer receives
information from external source and passes this information
to the network for data processing. The middle layer receives
data from the input layer and does all information analysis.
The output layer receives the processed information from the
middle layer and sends the results to an external receptor [47].

A neuron in ANN network produces its input by pro-
cessing the net input through nonlinear activation (transfer)
function. The sigmoidal activation function is the most uti-
lized one, which updates the weight and derivative values of
ANN according to the resilient back propagation algorithm;
therefore, it is usually trained for updating ANNnetworks. In
this training algorithm, the update value for ANN weight is
increased whenever the derivative value of its performance
function has the same sign for two successive calculate
iterations; on the other hand it is decreased according to
the derivative value with respect to that weight changes sign
from the previous iteration. If the derivative value is zero,
then the update value for ANN weight remains the same. If
the objective weight value continues to change in the same
direction for several training iterations, then the magnitude
of the weight change will be increased accordingly. In this
experiment, we supposed that the input layer hasNI neurons,
with the middle layer and output layer having NJ and NK
neurons, respectively, whereas the input elements for the 𝑗th
neuron at the middle layer can then be described as

net
𝑗
=

𝑁𝐼

∑

𝑖=1

𝑤
𝑖𝑗
𝑂
𝑖
; 𝑗 = 1, 2, . . . , 𝑁𝐽. (20)

Here, 𝑤
𝑖𝑗
denotes the weight calibrating from the 𝑖th

neuron on the input layer to the 𝑗th neuron on the middle
layer, with 𝑂

𝑖
demonstrating the output result of the 𝑖th

neuron on the input layer. Meanwhile, the resultant input of
the 𝑘th neuron on the output layer can also be identified as

net
𝑘
=

𝑁𝐽

∑

𝑗=1

𝑤
𝑗𝑘
𝑂
𝑗
; 𝑘 = 1, 2, . . . , 𝑁𝐾. (21)

Here, 𝑤
𝑗𝑘

denotes the weight calibrating from the 𝑗th
neuron on the middle layer to the 𝑘th neuron on the output
layer, with 𝑂

𝑗
demonstrating the output result of the 𝑘th

neuron on the middle layer. Through substituting the input
neurons of the middle and output layer, as denoted by net

𝑗
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Figure 6: The established reflective energy surfaces of objective tablet templates.

and net
𝑘
, into (20), the output results of these three layers can

be illustrated as follows:

𝑂
𝑖
= net
𝑖
= 𝑥
𝑖
,

𝑂
𝑗
= 𝑓
𝑗
(net
𝑗
, 𝜃
𝑗
) =

1

1 + 𝑒
−(net
𝑗
−𝜃
𝑗
)
,

𝑂
𝑘
= 𝑓
𝑘
(net
𝑘
, 𝜃
𝑘
) =

1

1 + 𝑒
−(net
𝑘
−𝜃
𝑘
)
.

(22)

Here, 𝜃
𝑗
and 𝜃

𝑘
denote the output threshold value used

for assessing the computation results of the 𝑗th neuron
on the middle layer and the 𝑘th neuron on the output
layer, respectively. In this experiment, the gradient-based
learning rule was used to train this established network,
with the minimum mean square error (MSE) between the
computation results caused by the network output and tablet
template being predetermined as the ultimate train objective.
The template amount for training was supposed to be 𝑃, and
the input elements can then be denoted by𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑝
, with

the output elements being denoted by 𝑦
1
, 𝑦
2
, . . . , 𝑦

𝑝
. Here,

this experiment used 𝑡
1
, 𝑡
2
, . . . , 𝑡

𝑝
to denote the data vector

consisted by training samples. Thus, MSE of the 𝑝th sample
can be obtained as follows:

𝐸
𝑝
=

1

2

𝑁𝐾

∑

𝑘=1

(𝑡
𝑝

𝑘
− 𝑦
𝑝

𝑘
)

2

. (23)

Here, 𝑡𝑝
𝑘
denotes the reference value of the 𝑝th sample for

the 𝑘th output neutron, while 𝑦𝑝
𝑘
denotes the practical output

in the same condition. Therefore, the weight on the output
layer can then be adjusted to

Δ𝑤
𝑗𝑘
(𝑛 + 1) = 𝜂𝜀

𝑝

𝑘
𝑂
𝑝

𝑗
+ 𝛼Δ𝑤

𝑗𝑘
(𝑛) ;

𝜀
𝑝

𝑘
= (𝑡
𝑝

𝑘
− 𝑦
𝑝

𝑘
) 𝑓


𝑘
(net𝑝
𝑘
) .

(24)

Here, 𝜂 represents the learning rate, 𝛼 denotes the
momentum factor, and 𝛿

𝑝𝑘
denotes the deviation value

between 𝑡𝑝
𝑘
and 𝑦𝑝

𝑘
, which shows the difference between the

reference value and the practical output of the 𝑝th sample
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Figure 7: Schematic illustration of ANN used for surface property recognition and tablet tracking.

caused by the 𝑘th output neutron [48].Therefore, the weights
of middle layer can then be adjusted into

Δ𝑤
𝑖𝑗
(𝑛 + 1) = 𝜂𝜀

𝑝

𝑗
𝑂
𝑝

𝑖
+ 𝛼Δ𝑤

𝑖𝑗
(𝑛) ;

𝜀
𝑝

𝑗
= 𝑓


𝑗
(net𝑝
𝑗
)

𝑁𝐾

∑

𝑘=1

𝛿
𝑝𝑘
𝑤
𝑗𝑘
.

(25)

When focusing on the ANN Testing process, it should
be noted that the idea which we have used for testing
neural networks and generally applying test vectors is that
we use a multicase test vector to determine the decision
strength of this neural network. For the final evaluation,
we captured 100 images describing the random movement
cases of drug tablets. Such a large testing case amount was
used to minimize the uncertainty of the objective classifier’s
performance estimation in this experiment. Then, according
to the reflective energy surfaces of those drug tablets, we input
their corresponding property vectors to the established ANN
and check the obtained output vectors in sequence. Based
on the testing operations, this neural network reaches the
desired performance; thus, a high improvement in the video
detection of drug tablets can be observed.

The weight values in ANN network markedly affect the
classification of tablet templates, which keep a close correla-
tion with the computation or tracking errors in the proposed
experimental conditions; they were also easily impacted
by the arrangement of neural neutrons and input/output
vectors as well as weight values provide correlation among
network layers, which ensures the feasibility of recognizing
the geometrical shapes of tablet template and the property
distribution of its reflective energy surface with the self-
adaptive control of ANN. As Figure 7 shows, the detailed
setup of ANN network is used, and it was observed that,
for the purpose of realizing the improvements in network
recognition and objective classification, the weights between
input and middle layers should be kept in a relatively stable
state, which provides a useful tool to markedly eliminate the
external error-training interference caused by noisy sample
vectors or error distribution gradient of input data. Simulta-
neously, theweights betweenmiddle and output layers should
be kept in a radically distinction state, which ensures a clearer

classification of tablet properties, especially when the self-
adaptive learning rule was being employed. Based on these
preconditions, ANN network was gradually optimized for
improving its recognition performance [49, 50].

5. Tracking Process Discussions and
Performance Comparisons

With the trained neural network and the surface properties
computed by (1)–(6), they were used as the input vector for
recognizing the tablet templates:

Input = [𝐼
1
, 𝐼
2
, 𝐼
3
, 𝐼
4
, 𝐼
5
, 𝐼
6
]

= [property
1
, property

2
, property

3
,

property
4
, property

5
, property

6
] .

(26)

Then, the output vector can be predetermined as
[𝑂
1
, 𝑂
2
, 𝑂
3
, 𝑂
4
] by using forward propagation algorithm;

the maximum possible reiteration times were determined
as 15000, in order to prevent the case of training threshold
does not be met; the node number of the hidden layer was
2, the learning rate coefficient was supposed to be 0.45, the
momentum factor was supposed to be 0.065, the train step
was supposed to be 0.15, and the interval illustration factor
for recognition process was predetermined as 30. The error
function was determined by (27), and it can also be employed
to describe the ANN performance capability:

𝐸all =
𝑃

∑

𝑝=1

𝐸
𝑃
. (27)

This index examines if the prerequirementwas satisfied or
not: 𝐸all < 𝜀? If it was confirmed, then the training processes
of ANN can be terminated or it will be iterated for the next
time until this prerequirement is satisfied.

When discussing the determination of 𝜀, through estab-
lishing the weights between network layers, then

𝜀 = 1 − 𝜉√

12

∑

𝑗=1






Δ𝑤
𝑘𝑗
(1 − 𝛿

𝑝𝑘
)







𝑝

. (28)
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Table 1: The original and corrected weight values of the established ANN in this experiment.

The original weight value of ANN before training
𝑊IV1 ∼ 𝑊IV8 2.358 1.298 −3.114 5.558 −6.025 −0.553 3.339 6.554
𝑊IV9 ∼ 𝑊IV16 −5.159 0.587 1.265 −3.558 −5.554 7.663 2.663 −2.226
𝑊IV17 ∼ 𝑊IV24 0.668 −5.487 −6.587 9.558 3.214 3.271 1.098 −3.554
𝑊IV25 ∼ 𝑊IV32 6.558 1.245 −6.584 −5.145 9.552 1.118 2.337 6.524
𝑊IV33 ∼ 𝑊IV40 −3.224 −4.859 1.548 4.887 3.225 −3.876 8.098 −6.554
𝑊IV41 ∼ 𝑊IV48 2.335 2.982 3.112 −3.442 7.078 1.987 9.003 2.338
𝑊VO1 ∼ 𝑊VO8 3.265 2.554 −6.254 9.551 3.025 2.336 −8.476 −2.114
𝑊VO9 ∼ 𝑊VO16 1.487 6.584 4.559 −6.002 5.554 4.098 −4.442 6.335
𝑊VO17 ∼ 𝑊VO24 −6.954 8.885 3.654 8.201 −6.002 2.221 8.098 −6.598
𝑊VO25 ∼ 𝑊VO32 6.547 −6.548 6.554 8.887 −6.254 −2.189 3.228 0.621
𝑊VO29 ∼ 𝑊VO32 2.337 −3.072 4.976 −0.887 7.765 2.037 3.047 5.887

The corrected weight value of ANN after training
𝑊IV1 ∼ 𝑊IV8 3.334 4.228 2.998 2.882 2.332 3.728 2.391 3.311
𝑊IV9 ∼ 𝑊IV16 −0.887 6.447 −8.472 8.472 8.482 5.772 5.339 4.591
𝑊IV17 ∼ 𝑊IV24 2.337 6.992 −1.993 6.472 3.442 6.102 5.281 5.993
𝑊IV25 ∼ 𝑊IV32 5.823 9.073 4.378 3.448 5.312 9.082 −0.998 −2.921
𝑊IV33 ∼ 𝑊IV40 9.008 2.774 7.461 5.729 7.422 5.698 −9.003 3.549
𝑊IV41 ∼ 𝑊IV48 1.894 −8.372 8.472 5.773 9.082 4.332 −5.211 5.281
𝑊VO1 ∼ 𝑊VO8 −8.774 0.987 4.228 8.728 9.228 6.937 7.381 −6.391
𝑊VO9 ∼ 𝑊VO16 5.662 8.443 −0.879 8.227 −8.492 2.184 1.391 −5.112
𝑊VO17 ∼ 𝑊VO24 8.447 9.622 2.398 2.173 7.472 −7.471 4.291 5.295
𝑊VO25 ∼ 𝑊VO32 0.182 8.446 1.094 7.422 4.442 4.552 5.281 −3.591
𝑊VO29 ∼ 𝑊VO32 −4.372 6.364 4.553 −0.921 7.311 6.082 8.391 −8.422

Table 2: The reflective energy surface properties of representative templates on the 35th image frame, which were employed as the input
vector of ANN for pattern recognition, the same as the other surface property groups.

The input values of the surface properties
Property 1 Property 2 Property 3 Property 4 Property 5 Property 6

1 3587.23 548.52 1587.9 10155.4 956.6 0.2669
2 1035.69 669.52 2036.5 12336.5 875.2 0.3022
3 2598.32 716.55 3544.5 10269.5 665.2 0.3654
4 4782.61 215.84 3055.8 9854.6 365.4 0.1485
5 5548.32 985.36 6248.2 9965.5 302.1 0.3954
6 3699.14 888.36 5598.7 7825.5 954.6 0.3022
7 6685.26 441.56 6694.8 6359.4 865.7 0.2035
8 1334.69 332.58 6025.8 9806.5 1012.5 0.3144
9 4026.54 698.22 4785.9 11025.4 1124.5 0.6022
10 4026.57 725.36 6698.5 12004.5 1325.9 0.3598
11 9833.21 889.65 4755.2 7985.6 968.8 0.4752
12 5476.32 102.54 6321.5 9586.6 1024.5 0.3301

Here, 𝜉 denotes a distinguishing coefficient located in
[0, 1].Δ𝑤

𝑘𝑗
denotes the self-adaptive deviation value between

the weight values calibrated from the 𝑗th neuron on the
middle layer to the 𝑘th neuron on the output; 𝛿

𝑝𝑘
denotes the

deviation value between 𝑡𝑝
𝑘
and 𝑦𝑝

𝑘
. By using this threshold

screening mechanism, the accuracy of pattern recognition
can be ensured, and thereafter the overtraining phenomenon
in ANN network could also be prevented. The greater this
threshold value is, clearer the objective recognition result
would be.

Table 1 demonstrates the original and corrected weights
of ANN. It is noteworthy that the original weights were
tentatively selected with reference to (20)-(21), in the hope
of reducing the computation deviation between the desired
and practical output vectors to the minimum scale [51, 52].
Table 2 demonstrates the energy surface properties of tablet
templates on the 35th image frame. In the interest of clearly
describing the detailed process of tablet template recognition
and its position justification, a program flow schematic
was provided, with the details shown in Figure 8. Table 3
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Figure 8: The program flow schematic of tablet template recognition and position justification.

describes the recognition results of surface properties; similar
operations were repeatedly operated for times. Output vector
composed by four digits is used to denote the specific objec-
tive template. For example, [0 0 0 1] represents template 1,

[0 0 1 0] represents template 2, [0 0 1 1] represents tem-
plate 3, [0 1 0 0] represents template 4, . . ., and [1 1 0 0]
represents template 12, with the mean values of recognition
results based on repeatedly experiments being used.Through
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Table 3: Representative recognition results of reflective energy surface properties for tracking those tablet templates on the 35th image frame.

Objective
tablets

The recognized results
(the obtained number vectors were the mean values

based on 10 times of repeated experiments)
Recognition ratio

Template 1 [0.0053 0.0024 0.0066 1.0035] Practical result vector 95.6%
[0 0 0 1] Predetermined vector

Template 2 [0.0014 0.0012 9.9971 0.0032] Practical result vector 94.6%
[0 0 1 0] Predetermined vector

Template 3 [0.0032 −0.0011 1.0036 1.0042] Practical result vector 95.2%
[0 0 1 1] Predetermined vector

Template 4 [−0.0018 1.0051 0.0041 0.0017] Practical result vector 92.9%
[0 1 0 0] Predetermined vector

Template 5 [−0.0017 9.9981 −0.0056 1.0088] Practical result vector 93.3%
[0 1 0 1] Predetermined vector

Template 6 [0.0055 1.0006 9.9968 0.0016] Practical result vector 95.1%
[0 1 1 0] Predetermined vector

Template 7 [−0.0055 1.0041 0.9988 1.0044] Practical result vector 98.2%
[0 1 1 1] Predetermined vector

Template 8 [1.0058 0.0066 0.0014 0.0058] Practical result vector 93.9%
[1 0 0 0] Predetermined vector

Template 9 [1.0055 0.0041 0.0088 0.9944] Practical result vector 95.6%
[1 0 0 1] Predetermined vector

Template 10 [1.0043 0.0022 0.9997 −0.0035] Practical result vector 93.9%
[1 0 1 0] Predetermined vector

Template 11 [1.0013 0.0025 0.9927 −0.0089] Practical result vector 94.4%
[1 0 1 1] Predetermined vector

Template 12 [1.0036 1.0022 0.0088 −0.0071] Practical result vector 97.5%
[1 1 0 0] Predetermined vector

data comparison, the obtained results keep a close difference
with those predetermined one, which undoubtedly confirms
their effectiveness and accuracy. As one typical pattern recog-
nition, Figure 9 shows the coordinate positions of surface
areas best matching their corresponding tablet templates on
the 35th image frame, with the black boxes showing the
probable positions of the targeted tablets to be studied. In
this figure, the most possible matching positions have been
magnified and displayed in surrounding images for clearer
description; the coordinate positions of template centers were
highlighted by the focus marks. For better illustration of
the tablet tracking result, 10 key tablets have been labeled
with numbers, especially those close ones that were highly
focused, as Figure 10 shows.We can observe that the practical
operation with this algorithm can be smoothly identified,
and those tablets in close position can also be distinguished
clearly. Besides, as the interval distance between two adjacent
dashed lines was predetermined as 30mm, the instantaneous
moving speeds of objective tablets can be calculated.

In order to prove the accuracy and validity of this newly
proposed method, several commonly used tracking methods
were investigated with reference to the published literatures,
including the maximum likelihood estimation, the Bayesian

estimation, the prior probability-density statistics, the non-
prior information estimation, the invariant prior probability-
density statistics, the Jeffreys statistics, the box-tracing-based
method, and the sensor tracing method. Typical evaluation
indexes were employed when an identical experimental con-
dition has been considered: such as the computation time (the
accurate time consumption in which the whole experiment
uses the identical tracing platform; this researchmeasures the
computation time by means of the automated time counting
instrument), the distributed Hash degree (the decentralized
distributed complexity level that provides a lookup assess-
ment index for algorithm evaluation similar to traditional
Hash table, with a small value associated with the high-
efficiently structure of tracing algorithm, and vice versa. This
research calculates them through the performance process of
one given algorithm and thenmakes a definite assessment on
its performance capabilities as respected), the tracking error
(the tracking ratio between the amount of error-tracking
objectives to total ones, by which the tracing accuracy can
be quantitatively identified. It can be calibrated by counting
the amount of wrong-located tablets and total ones, resp.,
and then the ratio between them can be used as the tracking
error), and the computation storage (the internal memory
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Figure 9: The position distributions of surface areas to best match their corresponding tablet templates on the 35th image frame.

capacity used for the whole experimental computations; we
calibrate them from the real-time performance indicator of
the video tracking system that is being involved during the
whole process of tablet tracking) [44–48]. After determining
these evaluation indexes, their average performance capabil-
ities were compared to each other, with the results shown
in Table 4 after data equalization and value regularization.
Since this experiment is repeatable, we take a detailed notes
about the practical performances for 10, 20, 30, 40, and 50
times, and thereafter a statistical evaluation on their mean
index values can be made by employing those mentioned
algorithms, respectively. It can be seen from Figure 11 that,
with the increment of experiment times, most of these
tracking algorithms show a growth tendency in the average

computation times. But it is noteworthy that a relative-
stable performance capability can be ensured by using our
newly proposed algorithm, which is kept at about 0.443 s
throughout the whole process rather than changing radically.
Similar performance evaluations can also be observed in the
variation tendency schematics of Figure 12 with the average
Hash degree (from 59.8% to 5.66%), the average tracking
error (from 2.3% to 2.445%) in Figure 13, and the average
computation storage (from 797.5 kb to 804.5 kb) in Figure 14.

From Table 4, it can be observed that the maximum like-
lihood estimation or the sensor tracing method has a relative
superiority in the tracking error and distributedHash degree;
they can be widely used to investigate a stable statistical
condition, by concerning the dynamicmoving characteristics
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Figure 10: Representative video tracking results on different image frames, with the key objective tablets that have been labelled by numbers
to show their moving processes in details, respectively.

of identical tablets in huge cluster; the Bayesian estima-
tion obtains a good performance result in the computation
time; therefore, it will be more suitable to fast assess a
simpler mutual relationship mechanism for the approximate
shape properties of those drug tablets; the prior probability-
density statistics method or the Jeffreys statistics approach
have excellent computation performances when the tracking
error or distributed Hash degree were highly emphasized,
which ensure the accurate demonstrations of data relation-
ship analysis and thereafter make a series of remarkable
progresses when compared with other traditional meth-
ods; the nonprior information estimation method and the
invariant prior probability-density statistics approach have
extraordinary capabilities in the distributed Hash degree,
which show a more precise algorithm complexity of data
distribution in multidimensional statistical domain. Finally a

good performance evaluation result can be obtained by using
this newly proposed algorithm, especially in the computa-
tion time, computation storage, or distributed Hash degree.
Performance comparison proves its validation and efficiency
when similar shape or identical size of objective tablets should
be taken into account, and the working estimation on how
well these alternative methods perform on average can be
facilitated as well.

6. Conclusions

A new image tracking approach for high similarity drug
tablets based on light intensity reflective energy and ANN
recognition has been investigated. Considering the practical
condition and precision requirement, the reflective energy
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Table 4: Performance comparisons during drug tablet tracing by using different methods.

Method Average computation
time

Average distributed
Hash degree

Average tracking
error

Average computation
storage

New algorithm 0.443 s 5.66% 2.445% 797.5 kb
Maximum likelihood estimation 0.678 s 4.90% 2.147% 883.1 kb
Bayesian estimation 0.558 s 5.03% 2.798% 1566.6 kb
Prior probability-density statistics 0.734 s 7.65% 3.446% 1251.4 kb
Nonprior information estimation 1.565 s 7.35% 3.709% 785.2 kb
Jeffreys statistics 1.623 s 6.44% 2.366% 975.1 kb
Invariant prior probability-density
statistics 0.889 s 6.72% 2.477% 1032.5 kb

Box-tracing-based method 0.894 s 7.91% 3.674% 1377.3 kb
Senor tracing method 0.905 s 8.60% 2.668% 558.5 kb
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Figure 11: The variation tendency of average computation times
for different experimental times with different objective tracking
algorithms denoted by colored lines, the same as follows.

surfaces were established for modeling the high similarity
geometric characteristics and surface topography of those
targeted drug tablets, which results into the maximum
deletion of external optical signal interferences or calibration
error in practice, and simultaneously an accurate descrip-
tion of tablet objectives in the light intensity domain can
also be ensured. Thereafter, ANN was used for recognizing
those studied objective tablets with the computed surface
properties, and then their instantaneous positions on one
image frame can be identified clearly. Through repeating
these steps on the sequential image frames, a series of
tablet tracking results can be obtained. After being compared
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Figure 12: The variation tendency of average distributed Hash
degrees for different experimental times.
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Figure 13: The variation tendency of average tracking errors for
different experimental times.

with other tracking methods in performance indexes and
determined results, it can be learned that this newly proposed
method solves numerous difficult problems characterized by
monitoring precision, complicated calculations or tracking
errors, and other signal interferences caused bymathematical
calibration or pattern recognition.Therefore, the quantitative
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Figure 14: The variation tendency of average computation storages
for different experimental times.

analysis of the objective tracking can be simplified, and
the searching precision or computation efficiency can also
be greatly improved, accordingly. Experimental computation
and result analysis confirmed the validation and accuracy of
this new method; new research ideas for real-time objective
recognition or tablet tracking can be provided as well.
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[7] A. R. S. Marçal, “Alternative methods for counting overlapping
grains in digital images,” Lecture Notes in Computer Science, vol.
5112, pp. 1051–1060, 2008.

[8] J.-W. Kim, K.-S. Choi, B.-D. Choi, J.-Y. Lee, and S.-J. Ko, “Real-
time system for counting the number of passing people using a
single camera,” in Pattern Recognition, vol. 2781 of Lecture Notes
in Computer Science, pp. 466–473, Springer, Berlin, Germany,
2003.

[9] R. M. Luque-Baena, J. M. Ortiz-De-Lazcano-Lobato, E. López-
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The global prevalence of diabetes is rapidly increasing. Studies support the necessity of screening and interventions for prediabetes,
which could result in serious complications and diabetes.This study aimed at developing an intelligence-based screeningmodel for
prediabetes. Data from the Korean National Health and Nutrition Examination Survey (KNHANES) were used, excluding subjects
with diabetes. The KNHANES 2010 data (𝑛 = 4685) were used for training and internal validation, while data from KNHANES
2011 (𝑛 = 4566) were used for external validation. We developed two models to screen for prediabetes using an artificial neural
network (ANN) and support vector machine (SVM) and performed a systematic evaluation of the models using internal and
external validation. We compared the performance of our models with that of a screening score model based on logistic regression
analysis for prediabetes that had been developed previously. The SVM model showed the areas under the curve of 0.731 in the
external datasets, which is higher than those of the ANN model (0.729) and the screening score model (0.712), respectively. The
prescreeningmethods developed in this study performed better than the screening scoremodel that had been developed previously
and may be more effective method for prediabetes screening.

1. Introduction

The prevalence of type 2 diabetes is dramatically increasing,
resulting in a global public health issue [1]. The prevalence
of diabetes was estimated at 285 million or 6.4% of adults
in the world in 2010 [2], and this prevalence is expected to
rise to 552 million by 2030 [3].The increasing rates of obesity
are expected to result in a faster increase in the prevalence
of type 2 diabetes in the future [4]. However, owing to
the absence of symptoms and/or disease-related knowledge,
diabetes often goes undetected, and approximately one-third
of people with diabetes are not aware of their status [5–
7]. Therefore, development of a simple accurate screening
method is needed. Historically, the majority of the clinical
screening methods consisted of surveys developed using
logistic regression analyses to predict diabetes [8–13].

Prediabetes was first recognized as an intermediate
diagnosis and indication of a relatively high risk for the
future development of diabetes by the Expert Committee on
Diagnosis and Classification of DiabetesMellitus in 1997 [14],
and it has been reported that approximately 5–10% of patients
with untreated prediabetes subsequently develop diabetes
[15, 16]. This is significant considering that prediabetes based
on impaired fasting glucose (IFG) was estimated to affect 4.9
million people, accounting for 17.4% of Korean adults in 2005
[6], with a further 35% of adults in the US with prediabetes
in 2008 [17]. The definition of prediabetes includes a fasting
plasma glucose (FPG) level in the range of 100–125mg/dL
(5.6–6.9mmol/L), impaired glucose tolerance (IGT) (oral
glucose tolerance test (OGTT) 2 h measurement in the range
of 140–199mg/dL (7.8–11.0mmol/L)), or HbA1c level in the
range of 5.7–6.4% (39–46mmol/mol). Similar to diabetes,
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Figure 1: Flow chart of excluding subjects for the KNHANES 2010.

the risk of microvascular complications is increased with
prediabetes [18], and the risk for cardiovascular disease and
total mortality is almost twice as high in individuals with
prediabetes [19, 20]. Early diagnosis and intervention for
prediabetes could prevent these complications, prevent delay,
or prevent the transition to diabetes [21] and be cost-effective
[22].

Machine learning is an area of artificial intelligence
research, which uses statistical methods for data classifica-
tion. Several machine learning techniques have been applied
in clinical settings to predict disease and have shown higher
accuracy for diagnosis than classical methods [23]. Support
vectormachines (SVM) and artificial neural networks (ANN)
have been widely used approaches in machine learning.They
are themost frequently used supervised learningmethods for
analyzing complex medical data [24].

In this study, we aimed to develop and validate models
to predict prediabetes using artificial neural network (ANN)
and support vector machine (SVM) methods, which could
be effective as simple and accurate screening tools. The
model performance was compared to that of the screening
score model that we modified for prediabetes based on the
screening score for diabetes by Lee et al. [8], with respect
to accuracy and area under the curve (AUC) of the receiver
operating characteristic (ROC).

2. Materials and Methods

2.1. Data Source and Subjects. Data from theKoreanNational
Health andNutrition Examination Survey (KNHANES) 2010
[25] and 2011 [26] were used to develop and validate,

respectively, the ANN and SVM models for prediabetes.
The KNHANES is a cross-sectional survey that includes
approximately 800 questions; it is conducted by the Division
of Chronic Disease Surveillance, Korea Centers for Disease
Control and Prevention. The survey represents the entire
nation using rolling sampling survey method. The following
exclusion criteria applied to the subjects in both datasets: <20
years of age, missing data for waist circumference, smoking
status, alcohol intake, bodymass index (BMI), physical activ-
ity, family history of diabetes, undetermined diabetic status or
hypertension status, and diagnosed diabetes or undiagnosed
diabetes. Diagnosed and undiagnosed patients were excluded
in order to focusing on predicting prediabetes. Undiagnosed
diabetes was defined as a FPG ≥ 126mg/dL without diagnosis
by clinician. Of the 8,958 subjects in the KNHANES 2010,
4,685were included as shown in Figure 1.Of the 8,518 subjects
in theKNHANES2011, 4,566 subjectswere includedusing the
same flow chart as Figure 1. The subjects of the KNHANES
2010 and 2011 data sets were not overlapped.

Figure 2 illustrates the study flow. The development
dataset from KNHANES 2010 was randomly divided into
training and internal validation sets using a 2 : 1 ratio. The
training set (𝑛 = 3, 134) was used to construct the ANN
and SVM models. The internal validation set (𝑛 = 1, 551)
was used to assess the ability to predict prediabetes. Addi-
tionally, data from KNHANES 2011 were used as an external
validation set (𝑛 = 4, 566). All individuals in the surveys
participated voluntarily and informed consent was obtained
from all participants. The survey protocol was approved by
the Institutional Review Board of the Korean Centers for
Disease Control and Prevention.
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Figure 2: Chart depicting the flow of data from the Korean National Health and Nutrition Examination Survey (KNHANES) 2010 and 2011
to develop and validate a prediabetes model. KNHANES: Korean National Health and Nutrition Examination Survey; ANN: artificial neural
network; SVM: support vector machine.

2.2. Risk Factors. We adopted the most frequently used nine
variables from previous studies regarding diabetes prediction
models: age, gender, family history of diabetes, hypertension,
alcohol intake, BMI, smoking status, waist circumference,
and physical activity [8–13]. FPG was determined using
glucose levels that were collected following ≥ 8 hours of
fasting. We considered only FPG although there are three
methods to diagnose prediabetes. In KNHANES 2010, FPG
was obtained from every subject, but OGTT was not tested,
and HbA1c was tested only for subjects with diabetes. A
family history of diabetes was limited to parents and siblings.
Hypertension was defined as systolic blood pressure (SBP)
> 140mmHg, diastolic blood pressure (DBP) > 90mmHg,
or use of medication for blood pressure control [8]. Alcohol
intake was calculated using 2 questions: (1) alcohol consump-
tion frequency during the previous 12months and (2) average
number of drinks on those days. The amount of alcohol
was calculated based on the number of glasses, regardless of
the kind of beverage, assuming that the amount of alcohol
was approximately the same in each glass (approximately
8 g alcohol per glass). Smoking status was divided into
“currently smoking regularly” and “others,” with the latter
group including subjects who had never smoked or had quit
smoking. The subjects who answered more than “moderate”
to the question “how intense is your everyday activity?” were
considered as physically active.

2.3. Artificial Neural Network. ANN is an artificial intelli-
gence technology, inspired by the architecture of biological
neurons such as that in the human brain [27].The technology
is specialized for classification, and it is mostly used to
identify underlying patterns for risk factors in medicine.
When trained properly, neural networks are known to have

more accurate predictive abilities than conventional methods
such as logistic regression. There have been a number of
recent advances in ANNmethodology that enable automatic
detection of an optimal predictive model [28, 29]. Unlike
logistic regression, ANNs are able to detect complex nonlin-
ear relationships between multiple predictors and diseases,
which make them useful in support systems for medical
decisions [30, 31].

The ANNmodels were constructed using NeuroSolution
version 6.0 (NeuroDimension, Gainesville, FL), which is
professional software that simplifies the construction of ANN
[32]. This software allows simultaneous testing of various
types of neural networks, including generalized regression
neural network, multilayer perceptron, probabilistic neural
network, radial basis neural network, feedforward neural
network, and support vector machine. To avoid overfitting,
the prediction models were internally validated using cross-
validation. Performance of the prediction models was moni-
tored during training and cross-validation to obtain optimal
algorithm and parameters, such as learning rate, momentum,
and number of hidden nodes. The ANN was trained with 7
predictors including age, gender, waist circumference, BMI,
family history of diabetes, hypertension, and alcohol intake,
which were selected using backward logistic regression. The
model chosen for prediabetes prediction was a multilayer
perceptron model with 1 hidden layer, batch training, and
momentum learning (MLP-1-BM) of backpropagation feed-
forward algorithm, which demonstrated the best perfor-
mance as a desired ANN.

2.4. Support Vector Machine. SVM maps data to a higher
dimensional space through a kernel function that linearly
separates data patterns. The data are divided into two groups
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Table 1: The weighted characteristics of the data from the Korean National Health and Nutrition Examination Survey (KNHANES) 2010.

Normal (𝑛 = 3,681) Prediabetes (𝑛 = 1,004) 𝑃∗

Age (years) 41.9 ± 0.5 [41.0–42.8] 52.5 ± 0.6 [51.3–53.7] <0.001
Gender (% men) 46.9 (0.9) [45.2–48.7] 58.8 (1.9) [55.0–62.5] <0.001
Family history of diabetes (%) 18.3 (0.9) [16.6–20.2] 22.9 (1.7) [19.8–26.4] 0.007
Current smoker (%) 27.5 (1.0) [25.5–29.6] 26.9 (1.9) [23.4–30.8] 0.799
Alcohol intake (drinks/day) 0.8 ± 0.0 [0.7–0.9] 1.0 ± 0.1 [0.9–1.2] <0.001
Physically active (%) 50.6 ± 1.1 [48.4–52.9] 52.1 ± 2.1 [48.0–56.3] 0.535
BMI (kg/m2) 23.2 ± 0.1 [23.1–23.3] 25.1 ± 0.1 [24.8–25.3] <0.001
Waist circumference (cm) 79.1 ± 0.2 [78.7–79.6] 85.8 ± 0.4 [85.1–86.6] <0.001
FPG (mg/dL) 89.0 ± 0.1 [88.7–89.3] 107.4 ± 0.3 [106.9–108.0] <0.001
Systolic blood pressure (mmHg) 116.8 ± 0.4 [116.0–117.5] 127.7 ± 0.7 [126.4–129.1] <0.001
Diastolic blood pressure (mmHg) 76.4 ± 0.3 [75.8–77.0] 81.5 ± 0.5 [80.6–82.4] <0.001
Hypertension (%) 16.4 (0.8) [14.9–18.0] 41.1 (2.2) [36.8–45.5] <0.001
BMI: body mass index; FPG: fasting plasma glucose.
Table values are given as mean ± standard error or % (standard error) [95% confidence interval] unless otherwise indicated. 𝑃∗ were obtained by 𝑡-test or chi-
square test.
Impaired fasting glucose was considered with values ≥ 100mg/dL and <126mg/dL.

by the training data referred to as a support vector. SVM
models are determined by choosing the maximum-margin
hyperplane with the nearest support vector of the two groups
[33]. SVM improves the accuracy of a model through the
optimization of separating space using the kernel function,
but one of the disadvantages of SVM is that it requires many
trials to construct an optimal SVMmodel in comparisonwith
other machine learning techniques [34].

The same seven risk factors as those in the ANN model
were employed for the SVM. To obtain the optimal model,
we adopted a grid search in which a range of parameter
values (penalty parameter [𝐶] of 0.01, 0.1, 1, 10, and 100
and scaling factor [𝜎] of 0.001, 0.01, 0.1, 1, 10, and 100) was
tested using the 10-fold cross-validation strategy.The optimal
parameter values with a𝐶 of 10 and 𝜎 of 10 for SVM using the
Gaussian kernel function were obtained. The SVM models
were constructed usingMATLAB Version 2012a (Mathworks
Inc., Natick, MA).

2.5. Screening Score of Our Models for Prediabetes. The
models constructed by ANN and SVM were compared
with a previously developed screening survey to illustrate
performance of our models and the possibility of their use
in real situations. For this purpose, we used a screening
score model for the Korean population constructed by Lee
et al. [8]; we felt this was appropriate because both studies
constructedmodels for the Korean population. Lee et al. used
data from KNHANES 2001 and 2005 for training and data
from KNHANES 2007 and 2008 for external validation. In
addition, the screening score model by Lee et al. used very
similar risk factors to ours, with the exception of current
smoking status. Those 6 variables independently associated
with undiagnosed diabetes were chosen for their model: age,
family history of diabetes, hypertension, waist circumference,
smoking, and alcohol intake.

The risk scorewas assigned according to the odds ratio for
each risk factor in the logistic regressionmodel defined by Lee

et al. [8]. Within the total score range of 0–11 points, a cut-
off score of ≥5 points was selected to indicate an individual
at high risk for undiagnosed diabetes; this cut-off resulted
in the highest value for the Youden index. The 6 risk factors
jointly yielded an AUC of 0.730 for both the internal and
external validation sets [8]. To compare with our models for
prediabetes, we constructed a new screening score model for
prediabetes by adjusting the cut-off point value based on our
definition of prediabetes (100mg/dL ≤ FPG < 126mg/dL),
given that the screening score for diabetes used by Lee et
al. was based on FPG ≥ 126mg/dL [8]. The screening score
for prediabetes was designed with the same risk score model
of the 6 risk factors using our training set for prediabetes
(KNHANES 2010) and the Youden index; as a result, a cut-
off score of ≥5 points was identified to indicate an individual
with prediabetes.

2.6. Statistical Analyses. The weighted characteristics of the
data from the KNHANES 2010 to represent the entire
normal and prediabetes people in Korea are summarized
by descriptive statistics in Table 1. For comparison of the
factors between normal and prediabetes, the continuous and
categorical characteristics were tested using 𝑡-test and chi-
square test, respectively.

To obtain the optimal variables for the prediction model,
backward logistic regression was performedwith the training
set. Each step of the backward regression excluded the
variables without a statistically meaningful correlation with
the outcome, prediabetes.Three steps of backward regression
were executed, and the selected 7 variables were age, BMI,
hypertension, gender, alcohol intake, waist circumference,
and family history. The Hosmer-Lemeshow test resulted in
a 𝑃 value of 0.132, indicating that the chosen variables were
well fitted.

ROC curve analysis is the most commonly used method
in clinical analysis to establish an optimal cut-off point [35].
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Table 2: Performance of the ANN, SVM, and screening score (Lee et al. [8]) models using the internal and external validation sets for
predicting prediabetes.

AUC Accuracy (%) Sensitivity (%) Specificity (%)

Internal validation set (𝑛 = 1,551)
ANN∗ 0.768 69.0 74.1 67.5
SVM† 0.761 64.9 78.9 61.2
Screening score‡ 0.734 63.4 76.1 60.0

External validation set (𝑛 = 4,566)
ANN∗ 0.729 60.7 77.2 56.7
SVM† 0.731 66.1 69.4 65.3
Screening score‡ 0.712 59.9 74.3 56.4

AUC: area under the curve; ANN: artificial neural network; SVM: support vector machine.
The internal validation set was comprised of data from the Korean National Health and Nutrition Examination Survey (KNHANES) 2010, and the external
validation set included data from KNHANES 2011. ∗The chosen model was a multilayer perceptron model with 1 hidden layer, batch training, and momentum
learning (MLP-1-B-M) of backpropagation feedforward algorithm. †The optimal model was found using Gaussian kernel function with a penalty parameter
(C) of 10 and scaling factor (𝜎) of 10. ‡The performance was calculated by applying the screening score model for prediabetes based on that of Lee et al. [8] to
the data from KNHANES 2010 and 2011.

Table 3: Performance of the screening score model (Lee et al. [8]) in predicting prediabetes and undiagnosed diabetes using the data from
the Korean National Health and Nutrition Examination Survey (KNHANES) 2010 and 2011.

AUC Accuracy (%) Sensitivity (%) Specificity (%)

Prediabetes KNHANES 2010∗(internal validation) 0.734 63.4 76.1 60.0
KNHANES 2011∗(external validation) 0.712 59.9 74.3 56.4

Undiagnosed diabetes KNHANES 2010†(internal validation) 0.772 66.6 76.5 66.4
KNHANES 2011†(external validation) 0.751 64.6 74.4 64.3

AUC: area under the curve; KNHANES: Korean National Health and Nutrition Examination Survey.
Prediabetes was defined as fasting plasma glucose, with values ≥100mg/dL and <126mg/dL. ∗Internal and external validation sets to evaluate the screening
score for prediabetes (𝑛 = 1,551 for KNHANES 2010 and 𝑛 = 4,566 for KNHANES 2011). †Internal and external validation sets to evaluate the screening score
for undiagnosed diabetes (𝑛 = 1,585 for KNHANES 2010 and 𝑛 = 4,683 for KNHANES 2011).

Therefore, we generated ROC curves and the selected cut-
off points that maximized the Youden index [36] to compare
the performance of our optimal machine learning models
with that of the screening score model for prediabetes based
on the screening score by Lee et al. [8], using our internal
and external validation sets. Following the ROC analysis, the
AUC, accuracy, sensitivity, and specificity of our models and
screening score model for prediabetes were calculated. The
classification accuracy measured the proportion of cases cor-
rectly classified. Sensitivity measured the fraction of positive
cases that were classified as positive. Specificity measured the
fraction of negative cases that were classified as negative. We
used SPSS 20.0 (IBM Corp, Armonk, NY) for statistical anal-
ysis and MedCalc 12.4 (MedCalc Inc., Mariakerke, Belgium)
for ROC analysis. Statistical significance was set at 𝑃 < 0.05.

3. Results

The weighted characteristics of the KNHANES 2010 data are
summarized in Table 1. The factors that were significantly
related to prediabetes were age, gender, family history of
diabetes, alcohol intake, BMI, waist circumference, FPG,
systolic and diastolic blood pressures, and hypertension.

When the prediction performance of the ANN model
using 10-fold cross-validation was assessed for the training
set, the final model showed an AUC of 0.706 and an accuracy
of 65.6% for prediabetes. Cross-validation of the optimal

SVM parameters with the training set resulted in an AUC of
0.742 and accuracy of 69.9%. These results are not included
in Table 2. The similar performance observed between the
training and validation sets in Table 2 indicates that the
trained models were not overfitting.

With both the internal and the external validation sets,
our ANN and SVMmodels showed better performance than
the existing screening score model using logistic regression,
especially in terms of AUC, which is known as a better
measure than accuracy in evaluating learning algorithms [37]
(Table 2). In the external validation set, the accuracy of the
SVMmodel was 5.4% and 6.2% higher than that of the ANN
and screening score models, respectively. The ROC curves of
the ANN, SVM, and screening score models are depicted for
the internal and external validation sets in Figure 3.

Table 3 shows the performance obtained by applying the
screening score model by Lee et al. [8] to the data from
KNHANES 2010 and 2011 for predicting prediabetes and
undiagnosed diabetes. For all performance parameters (AUC,
accuracy, sensitivity, and specificity) in both datasets, the
ability to predict prediabetes was inferior to that for diabetes.
In particular, the AUC and accuracy for prediabetes in the
external validation set were lower than those for undiagnosed
diabetes by 0.039 and4.7%, respectively. AUCand accuracy of
the SVMmodel for external validation are higher than those
of the screen score model for prediabetes by 0.019 and 6.2%,
respectively.
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Figure 3: Receiver operating characteristic curves (ROC) of artificial neural network (ANN), support vector machine (SVM), and screening
score in predicting prediabetes for internal validation set (a) and external validation set (b).

4. Discussion

The results of the present study indicate that the ANN
and SVM models that we developed to predict prediabetes,
defined as IFG, performed better than the existing clinical
screening scoremodel, as indicated by the AUC and accuracy
measures (Table 2). Although logistic regression analysis and
ANN share common roots in statistical pattern recognition,
the latter is a generalization of the former [38], which might
explain why our ANN model performed better than the
screening scoremodel, whichwas based on logistic regression
analysis. The SVM model performed particularly well due
to the ability of SVM to efficiently find a unique optimal
solution, incorporate multiple types of data with a degree
of flexibility, and model nonlinear patterns [39]. We also
investigated SVM models with different numbers of risk
factors to find optimal parameters. The best performance of
SVM model with six risk factors including age, body mass
index, hypertension, gender, daily alcohol intake, and waist
circumference was an AUC of 0.743 and accuracy of 70.2% in
training set, which was almost the same as the performance
of SVMmodel with seven risk factors in our paper, resulting
in an AUC of 0.742 and accuracy of 69.9%.

Meng et al. [40] compared the performance of logistic
regression, ANNs, and decision tree models for predicting
diabetes or prediabetes using common risk factors in China
population. In Meng et al. study, the ANNs model was the
poorest of the threemodels, with 73.23% accuracy.This result
is consistent with ours that the performance of ANN model
was lower than SVM model. However, the performance of
ANN can be case-by-case depending on characteristics of
data or developers.

Although similar statistical analyses were conducted (i.e.,
backward regression models), there were slight differences
in the variables included in the present study and those
in the study by Lee et al. [8]. Lee et al. included current
smoking status as a risk factor in the training set based on
the data from KNHANES 2001 and 2005; however, current

smoking status was not included in our training set using
data from KNHANES 2010. This may have resulted from
lifestyle changes in the Korean population between those
years, including a decline in the overall smoking rate and
stronger antismoking laws [41]. Although several screening
score models have been developed and used clinically, our
prediction model is unique in several ways.

First, owing to the similarity between our machine learn-
ing models and the existing screening score models, we were
able to compare the performance of our machine learning
models with the existing models. Second, to the best of our
knowledge, there are few studies investigating prediabetes;
instead, themajority of the othermodels have been developed
to predict undiagnosed diabetes. However, prediabetes is
increasingly becoming a significant public health issue. Using
our model to screen patients for prediabetes would enable
interventions at an earlier stage, which would be easier to
implement and more successful than interventions imple-
mented following diabetes screening.

Prediabetes was more difficult to predict than diabetes
using any of the parameters across all of the models, which
is not unexpected. AUC and accuracy of the SVM model
for external validation are higher than those of the screen
score model for prediabetes by 0.019 and 6.2%, respectively
(Table 2). Therefore, we demonstrated that the machine
learning methods could help to overcome the difficulty in
predicting prediabetes.

This study has certain limitations. First, FPG level was the
onlymeasurement that we used to define prediabetes and dia-
betes; OGTT and HbA1c were not taken into consideration.
Data were lacking for these measurements; however, the use
of FPG level was consistent with the model developed by Lee
et al. [8], with which we compared our models.

Second, the screening scoremodel for diabetes developed
by Lee et al. [8] did not correspond perfectly with our model
for prediabetes. For a more precise comparison in future
studies, a screening score model for prediabetes should be
constructed using the new regression equation with different
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risk factors for prediabetes. In spite of this limitation, the
suggested model with the new cut-off point is considered
a good model for predicting prediabetes with AUCs of
0.734 and 0.712 in the internal and external validation sets,
respectively.

Last, the new models that we developed are limited in
terms of convenience and potential widespread use. Although
the screening score model is not the most effective one
for disease prediction, it is simple and accessible. However,
machine learning models could also become more accessible
through the use of calculator software, particularly with the
widespread use of devices such as computers, smart phones,
and tablet PCs. Future studies could develop a calculator in
which the values are entered via a website or application and
the results are immediately delivered to the end user. The
decision tree method is also warranted for easy interpreting
tree-like plot in the future.

5. Conclusion

Our study constructed a reasonably good model to predict
prediabetes in the Korean population. By applying simi-
lar methods in other countries, researchers could develop
country-specific machine learning models for nationwide
use.The creation of a user-friendly calculator programwould
enable access to screening by the general population, in
addition to medical professionals. This widespread use could
result in early diagnosis and treatment for people with
prediabetes and diabetes, helping to relieve the public health
diabetes burden and reducing the number of people who
remain undiagnosed.
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With the continuing growth of wireless sensor networks in pervasive medical care, people pay more and more attention to privacy
in medical monitoring, diagnosis, treatment, and patient care. On one hand, we expect the public health institutions to provide
us with better service. On the other hand, we would not like to leak our personal health information to them. In order to balance
this contradiction, in this paper we design a privacy-preserving self-helped medical diagnosis scheme based on secure two-party
computation in wireless sensor networks so that patients can privately diagnose themselves by inputting a health card into a self-
helped medical diagnosis ATM to obtain a diagnostic report just like drawing money from a bank ATMwithout revealing patients’
health information and doctors’ diagnostic skill. It makes secure self-helped disease diagnosis feasible and greatly benefits patients
as well as relieving the heavy pressure of public health institutions.

1. Introduction

With the rapid development of science, more and more
advanced technologies such as the internet of things and
cloud computing are utilized in the area of modern medicine
and this trend further pushes healthcare into the digital
era [1–3]. Currently, numerous healthcare devices such as
heart rate monitor, blood pressure monitor, and electro-
cardiogram are already popular in people’s normal life. It
makes it convenient for people to be aware of their health
situation by viewing the reports of these devices. Especially,
by the growing use of sensor technology in telecare, the
new field known as wireless body area networks (WBAN)
[1, 4] has designed various sensor devices that can be used to
supervise critical body parameters and activities anytime and
anywhere. People can easily and conveniently get the health
data by these advanced sensor devices [5] such as temperature
measurement, respiration monitor, heart rate monitor, pulse
oximeter SpO2, blood pressuremonitor, pHmonitor, glucose
sensor, cardiac arrhythmia monitor/recorder, brain liquid
pressure sensor, and endoscope capsule. What is more, these

devices are becoming more functional and portable. More
and more mobile medical monitors have already been used
to serve us [2].

Therefore, people no longer worry about how to obtain
the health data but are concerned about how to securely
deal with these sensitive data to have disease diagnosis
with a medical institution. Traditionally, the issue of privacy
of medical data has been dealt with primarily as a policy
problem [6, 7]. Many related laws have been issued to protect
the privacy of patients. However, it is still far away from
satisfactory and people still fear the leakage of their private
data. Hence, the most efficient solution to this problem is
to protect patients’ privacy in technology rather than in
policy alone. In this aspect, most of previous literatures have
introduced homomorphic encryption (HE) [8–10] to protect
patients’ privacy in some privacy-preservingmedical applica-
tions [11]. However, HE will inevitably introduce tremendous
cost and is not applicable to practical large-scale applications.
Therefore, in this paper, we focus on building a secure and
practical privacy-preserving medical diagnosis system that
can serve us in our daily life. Starting from the aspiration of
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the patient, the most secure and plausible diagnostic method
is to apply the processed data rather than the original data
to interact with the hospital which owns a disease database to
diagnose the health status privately. Moreover, it requires that
after diagnosis, the hospital gets nothing about the patient’s
health data and the patient has no idea of the hospital’s disease
database.

Inspired by daily used bank automated teller machine
(ATM), we introduce the privacy-preserving self-helped
medical diagnosis ATM (MD-ATM) so that after obtaining a
healthcare card that stores some information about the health
data which is collected by various sensor medical devices,
patients can privately diagnose himself by inserting the health
card into the MD-ATM to obtain diagnostic report just like
drawingmoney from a bank ATMwithout revealing patient’s
health information and the disease database or doctors’
diagnostic skill. When needing local computing, storing, or
inputting some information, the patient uses his ownportable
device, called portable medical diagnostic device (PMDD).

In this paper, we will show how to realize this modern
diagnosis system without HE. The main idea and technology
we used in this scheme are secure two-party computation
(STC) and oblivious transfer (OT). Firstly, we assume that
patients themselves collect related data by various wireless
sensor medical devices and further process and store them
in their own health cards using PMDD. When diagnosing,
the patient firstly transforms the original data locally and
then inserts the card into the MD-ATM of the hospital to
check up his health. Operating following the instructions
of the MD-ATM, the patient will finally obtain a diagnostic
report through OT and the patient then completes the self-
helped diagnosis. In brief, our main contributions can be
summarized as follows.

Our Contributions.

(i) We build a new “patient-centered” medical diagnosis
model in wireless sensor networks where patients
themselves collect health data by various sensor
medical devices while the hospital provides a disease
database to help patients to complete disease diagno-
sis by themselves. Comparedwith traditional “doctor-
centered” medical diagnosis model where patients
have to depend on the doctor, our system is more
appropriate especially when people pay more and
more attention to privacy in wireless sensor networks.

(ii) We firstly propose the privacy-preserving self-helped
MD-ATM to construct a secure medical diagnosis
scheme following the idea of STC. It makes secure
self-helpedmedical diagnosis feasible and convenient
just like drawing money from a bank ATM. It will
greatly benefit patients as well as relieving the heavy
pressure of public health institutions.

(iii) We construct the self-helped medical diagnosis sys-
tem based on OT without expensive HE. It provides
us with another perspective to consider the problem
of secure medical diagnosis for patients.

The rest of this paper is organized as follows. In Section 2,
we briefly give an overview of secure two-party computation
and oblivious transfer, and then we present our medical
diagnosis systemmodel in Section 3. In Section 4, we propose
our privacy-preserving self-helpedmedical diagnosis scheme
in detail and give a strict proof based on real-ideal simulation
paradigm in Section 5. Finally, we summarize ourwork of this
paper in the last section.

2. Preliminaries

2.1. Secure Two-Party Computation. Secure multiparty com-
putation (SMC) is dedicated to deal with the problem of
secure computation among distrustful participants. It was
first introduced by Yao in 1982 [12] and then was extended
by Goldreich et al. [13] and many other researchers [14–19].
Generally speaking, SMC is a method to implement coop-
erative computation with participants’ private data, ensuring
the correctness of the computation as well as not disclosing
additional information except the necessary results. It has
become a research focus in the international cryptographic
community due to its wide applications in various areas and
a mass of research results have been published one after
another. Secure two-party computation (STC) [20] is a special
case in SMC where there are only two participants. The well-
known millionaires’ problem [12] put forward by Yao is the
representative problem of STC. In our discussing, we will
consider the two-party case.

Generally speaking, STC is dedicated to computing a
certain function between two mutually distrusted partici-
pants on their private inputs without revealing their private
information. Informally, assuming that there are 2 partici-
pants, 𝑃

1
, 𝑃
2
, each of them has a private number, 𝑥

1
, 𝑥
2
,

respectively.They want to cooperate to compute the function
𝑦 = 𝑓(𝑥

1
, 𝑥
2
). A STC protocol is dubbed secure if no

participant can learn more from the description of the public
function and the result of the global calculation than what he
can learn from his own information.

Formally, we usually analyze the security of a STC pro-
tocol using the real-ideal paradigm in the semihonest model
where both of the two parties act semihonestly, following the
protocol but making effort to gain more information about
other parties’ inputs, intermediate results, or overall outputs
by the transcripts of the protocol [15]. We can overview the
real-ideal paradigm as follows.

Firstly, in the idealworld, we assume that the computation
of the functionality 𝐹 on users private inputs is conducted
by an additional trusted party, who receives 𝑥

𝑖
from user

𝑃
𝑖
, 𝑖 = 1, 2, and returns the result 𝑓(𝑥

1
, 𝑥
2
) to 𝑃

𝑖
, 𝑖 = 1, 2.

However, there is no trusted party in the real world and so the
two parties have to run a protocolΠ to get the desired result.
During executing protocol Π, both parties act semihonestly.
Herein, the view of the 𝑖th party during an execution of Π
on 𝑥
1
, 𝑥
2
is denoted as VIEWΠ

𝑖
(𝑥
1
, 𝑥
2
), which contains 𝑃

𝑖
’s

input, random tape, and themessages received from the other
party. For a deterministic private function 𝑓, we say that Π
privately computes 𝑓 if there exist probabilistic polynomial-
time algorithms 𝑆

1
, 𝑆
2
, such that the simulated distribution
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OT𝑚
1

Inputs:
𝑆 inputs a set of𝑚messages: (𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑚
);

𝑅 inputs an index: 𝑧;
Outputs:

𝑆 obtains 𝜆, which means𝑁𝑢𝑙𝑙.
𝑅 obtains 𝑟

𝑧
.

Algorithm 1

{𝑆
𝑖
(𝑥
𝑖
; 𝑓(𝑥
1
, 𝑥
2
))} is indistinguishable to {VIEWΠ

𝑖
(𝑥
1
, 𝑥
2
)},

𝑖 = 1, 2. That is,

{𝑆
1
(𝑥
1
; 𝑓 (𝑥
1
, 𝑥
2
))} ≅ {VIEWΠ

1
(𝑥
1
, 𝑥
2
)} ,

{𝑆
2
(𝑥
2
; 𝑓 (𝑥
1
, 𝑥
2
))} ≅ {VIEWΠ

1
(𝑥
1
, 𝑥
2
)} .

(1)

2.2. Oblivious Transfer. In cryptography, OT is a type of
protocol in which a sender transfers one of potentially many
pieces of information to a receiver but remains oblivious as
to which piece has been transferred. It was firstly introduced
by Rabin [21] in 1981. Therein, the sender sends a message
to the receiver with probability 1/2, while the sender remains
oblivious as to whether or not the receiver received the
message. Rabin’s oblivious transfer scheme is based on the
RSA cryptosystem. In 1985, Even et al. [22] proposed a more
useful OT called 1-out-of-2 OT (OT2

1
) to build protocols for

secure multiparty computation.
Afterwards, it has been generalized to 1-out-of-𝑚 OT

(OT𝑚
1
) [23] where the receiver gets exactly one message

without the sender getting to know which message was
queried and the receiver getting to know anything about the
other messages that were not retrieved. OT𝑚

1
has become a

fundamental tool in cryptography and is usually used as a
black-box when constructing protocols.

Formally, we can describe an OT𝑚
1
protocol as follows.

There are 2 participants called the sender 𝑆 and the receiver𝑅.
Specifically, 𝑆 has𝑚messages, and 𝑅 has an index 𝑧. 𝑅wishes
to receive the 𝑧thmessage of the sender’s𝑚messages without
leaking 𝑧 to 𝑆, while knowing nothing about the rest 𝑚 − 1

messages. A simplified OT𝑚
1
protocol can be presented as in

Algorithm 1.

3. System Model

In this section, we present the system model including the
goals we aim to achieve in detail.

In this paper, we consider the privacy-preservingmedical
diagnosis system with two participants: the patient and the
hospital. We assume that each patient can collect his own
health data such as heart beat and blood pressure, in the form
of a vector, called query vector, easily by various advanced
medical devices. Herein, we call the heart beat, blood pres-
sure, and so forth, as parameter items and the health data
corresponding to heart beat, blood pressure, and so forth,
as parameter values. For example, 𝑞

𝑃
= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
) is

the query vector of the patient 𝑃, where all {𝑞
𝑃𝑤

}
𝑤=1,...,𝑛

are

the necessary parameters the hospital needs for diagnosis,
and 𝑞

𝑃𝑤
is the parameter value of the parameter item heart

beat. Each patient has a health card to store related data and
a portable device PMDD to read the data stored in the card
and to do some related computations after inserting the card.
The hospital has a disease database DB = {𝑑

𝑖
}
𝑖=1,...,𝑚

, which in
fact is the standard to determinewhich disease the patient has
got. Each record of the disease database is presented as a triple
𝑑
𝑖
= (𝑖, 𝑡

𝑖
, 𝑟
𝑖
), 𝑖 = 1, . . . , 𝑚, where 𝑚 is the capacity of the

disease database; 𝑖 is the index of a disease; 𝑡
𝑖
, called the trait

vector of the disease 𝑑
𝑖
, is a vector that covers all necessary

parameters the hospital needs for diagnosis; and 𝑟
𝑖
is the

disease diagnostic report including the disease name, doctors’
advices, and prescriptions corresponding to the 𝑖th disease 𝑑

𝑖
.

Concerning these parameters, we have some illustrations as
follows.

(i) 𝑞
𝑃
: it includes all necessary parameter items the

hospital needs for diagnosis such as heart beat and
blood pressure. The query vectors of the same patient
𝑃 are different if 𝑃 goes to different hospitals since
their medical levels are different. The query vectors
of the same patient 𝑃 may be also different if 𝑃

goes to the same hospital at different time since the
medical level of the hospital has been always keeping
improving. The dimension 𝑛 and every parameter
item {𝑞

𝑃𝑤
}
𝑤=1,...,𝑛

of the query vector are determined
by the trait vector 𝑡

𝑖
of the hospital. After registering to

the hospital, patient can know what parameter items
are needed in this diagnosis by reading the health
card.

(ii) DB = {𝑑
𝑖
}
𝑖=1,...,𝑚

: it concludes all diseases a hospital
can diagnose. Different hospitals have different dis-
ease databases and the same hospital has different
disease databases at different time since its medical
level has been keeping improving. The dimension 𝑚

is determined by the hospital’s medical level.
(iii) 𝑡
𝑖
: it includes all necessary parameter items the

hospital needs for diagnosis such as heart beat and
blood pressure. Different hospitals have different trait
vectors and the trait vectors of the same hospital at
different time may be different since the medical level
of the hospital has been always keeping improving.
The dimension 𝑛 and every parameter item {𝑡

𝑖𝑗
}
𝑗=1,...,𝑛

of the trait vector are determined by the hospital’s
medical level. In order to improve the precision of our
diagnosis system, the hospital can consider as many
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Welcome
please insert your card

Hospital

MD-ATM

Please get back
your card

Please insert your card
again

Self-helped diagnosis has been done 
please get back your card

(1)

(2)

(3)

(4)

Figure 1: Self-helped medical diagnosis model of our scheme.

factors as possible such as adding more personal
feelings, symptoms, and previous medical features
from the patient as parameter items. Although we
only can diagnose some simple diseases currently, it is
believed that it will be feasible for more complicated
diseases in the future by extending the dimension 𝑛 of
the parameter items.

(iv) 𝑟
𝑖
: it includes the disease name, doctors’ advices,

and prescriptions corresponding to the 𝑖th disease
𝑑
𝑖
. Each report may conclude many doctors’ advices

and prescriptions. Herein, we assume that every
report obtained from the MD-ATM following the
self-helped medical diagnosis is authorized by the
hospital and all advices and prescriptions of a report
are signed by corresponding doctors. After receiving
the diagnostic report, patient can choose one doctor’s
advice and prescription to treat himself.

In this paper, the systemmakesmedical diagnosis accord-
ing to the Euclidean distances of two vectors. Specifically,
taking the query vector of the patient and a trait vector of the
database as an example, given a patient’s query vector 𝑞

𝑃
=

(𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
) and a disease trait vector 𝑡

𝑖
= (𝑡
𝑖1
, . . . , 𝑡

𝑖𝑛
), 𝑖 ∈

{1, . . . , 𝑚}, their Euclidean distance [3] denoted by dist
𝑞𝑃↔𝑡𝑖

is

dist
𝑞𝑃↔𝑡𝑖

= √

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡
𝑖𝑤
)
2

. (2)

Herein, we compare the squares of the Euclidean dis-
tances,

dist2
𝑞𝑃↔𝑡𝑖

− dist2
𝑞𝑃↔𝑡𝑗

=

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡
𝑖𝑤
)
2

−

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡
𝑗𝑤
)
2

.

(3)

It is obvious that we can figure out which one has smaller
distance with patient’s query vector just by checking the
sign of (3) without exact result of dist

𝑞𝑃↔𝑡𝑖
or dist

𝑞𝑃↔𝑡𝑗
.

Assuming that the report 𝑟
𝑧
corresponding to the trait vector

𝑡
𝑧
, 𝑧 ∈ {1, . . . , 𝑚}, is the diagnosed disease report, we have

the following result, for all 𝑗 = 1, . . . , 𝑚, 𝑗 ̸= 𝑧:

dist2
𝑞𝑃↔𝑡𝑧

− dist2
𝑞𝑃↔𝑡𝑗

< 0. (4)

In our scheme, we will compare the squares of the
Euclidean distances of the query vector and the trait vectors
to find the diagnostic report that satisfies (4).

In real application, the hospital provides a MD-ATM,
which is connected with the disease database and can read
the data of the card, to direct patients to complete self-helped
disease diagnosis. Specifically, we assume that each patient
registers to the hospital for the first time and gets a health
card. The hospital provides a self-helped MD-ATM in public
just like a bank ATM.Whenever 𝑃 wants to have a diagnosis,
inserting his health card into the MD-ATM and following
the instructions, 𝑃 can complete the self-helped diagnosis by
himself. The basic model can be illustrated in Figure 1.

Apart from the above, to enable a privacy-preserving
medical diagnosis system, our scheme should simultaneously
fulfill the following two security goals.

(i) Confidentiality of disease database should be pro-
tected during the self-helped diagnosis process.

(ii) Confidentiality of patient’s private health data should
be protected during the self-helped diagnosis process.

4. Our Scheme

In this section, we propose our privacy-preserving self-
helped medical diagnosis scheme (PP-SH-MDS) in detail to
show how a patient can diagnose by himself using his PMDD
and the self-helped MD-ATM. The core of our construction
can be summarized in Figure 2.

Specifically, the patient 𝑃 executes as follows to make a
self-helped diagnosis using his PMDD and the MD-ATM.

In the setup phase, 𝑃 registers to a hospital as traditional
medical diagnosis and gets a health card.

In the diagnosis phase, there are three subphases.
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MD-ATMPMDD

→ Δ
ij
= s

P
· Δ



ij
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> 0
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z
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𝜆
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{Δ
ij
}
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1
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2
, . . . , r

m
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i
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j
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T
j
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P
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i
− T

j
)
T

Figure 2: PP-SH-MDS.

(1) Local Preprocessing.Whenever𝑃wants to have a diagnosis,
he firstly conducts the following two transformations on
PMDD locally.

(i) Vector-to-Vector.

(a) 𝑃 firstly extends his original health data from
an 𝑛-vector 𝑞

𝑃
= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
) to an (𝑛 + 2)-

vector 𝑄
𝑃

= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
, 𝑞
𝑃,𝑛+1

, 𝑞
𝑃,𝑛+2

), where
𝑞
𝑃,𝑛+1

= −(1/2)∑
𝑛

𝑤=1
𝑞
2

𝑃𝑤
and 𝑞
𝑃,𝑛+2

= 1.

(ii) Vector-to-Matrix.

(a) 𝑃 randomly chooses a password 𝑠
𝑃

= (𝑠
𝑃1
, . . . ,

𝑠
𝑃𝑘
) and then generates a 𝑘 × (𝑛 + 2)matrix

𝐵
𝑃
=
[
[

[

𝑏
11

⋅ ⋅ ⋅ 𝑏
1,𝑛+2

...
...

𝑏
𝑘1

⋅ ⋅ ⋅ 𝑏
𝑘,𝑛+2

]
]

]

, (5)

where ∑𝑘
𝑢=1

𝑠
𝑃𝑢

⋅ 𝑏
𝑢𝑤

= 1, 𝑤 = 1, . . . , 𝑛 + 2.
(b) By blinding 𝑄

𝑃
using the matrix 𝐵

𝑃
, 𝑃 further

extends 𝑄
𝑃
to a matrix

𝑀
𝑃
=
[
[

[

𝑏
11

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
1,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

...
...

𝑏
𝑘1

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
𝑘,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

]
]

]

. (6)

After completing the above steps, 𝑃 stores the matrix𝑀
𝑃

in the health card.

(2) Diagnosis.

(i) After local preprocessing, 𝑃 inserts his health card
into the MD-ATM and then the MD-ATM reads
the card to get the matrix 𝑀

𝑃
and randomly

chooses two trait vectors 𝑡
𝑖

= (𝑡
𝑖1
, . . . , 𝑡

𝑖𝑛
) and

𝑡
𝑗

= (𝑡
𝑗1
, . . . , 𝑡

𝑗𝑛
) and, respectively, extends them

to (𝑛 + 2)-vectors 𝑇
𝑖

= (𝑡
𝑖1
, . . . , 𝑡

𝑖𝑛
, 𝑡
𝑖,𝑛+1

, 𝑡
𝑖,𝑛+2

)

and 𝑇
𝑗

= (𝑡
𝑗1
, . . . , 𝑡

𝑗𝑛
, 𝑡
𝑗,𝑛+1

, 𝑡
𝑗,𝑛+2

), where 𝑡
𝑖,𝑛+1

=

1, 𝑡
𝑖,𝑛+2

= −(1/2)∑
𝑛

𝑤=1
𝑡
2

𝑖𝑤
and 𝑡
𝑗,𝑛+1

= 1, 𝑡
𝑗,𝑛+2

=

−(1/2)∑
𝑛

𝑤=1
𝑡
2

𝑗𝑤
. Then the MD-ATM computes Δ

𝑖𝑗
=

𝑀
𝑃

⋅ (𝑇
𝑖
− 𝑇
𝑗
)
𝑇
, 𝑖, 𝑗 = 1, . . . , 𝑚, 𝑖 ̸= 𝑗, and writes

(Δ


𝑖𝑗
, 𝑖, 𝑗) in the card and indicates the patient to get

back his card.

(ii) Following the instructions of the MD-ATM, the
patient gets the card back and inserts it into PMDD.
After inputting his password, PMDD begins to com-
pute Δ

𝑖𝑗
= 𝑠
𝑃
⋅ Δ


𝑖𝑗
, 𝑖, 𝑗 = 1, . . . , 𝑚, 𝑖 ̸= 𝑗, and finds the

index 𝑧 so that for all 𝑗 = 1, . . . , 𝑚, 𝑗 ̸= 𝑧, Δ
𝑖𝑗
> 0. 𝑧

is the input of the following OT𝑚
1
protocol.

(3) 1-out-of-m OT Protocol.

(i) 𝑃 inserts his card into the MD-ATM and invokes
an OT𝑚

1
protocol, where 𝑃’s input is the index 𝑧

and the MD-ATM’s input is the diagnostic report set
(𝑟
1
, 𝑟
2
, . . . , 𝑟

𝑚
) of the database.

After executing the OT𝑚
1
protocol, 𝑃 gets the diagnostic

report 𝑟
𝑧
corresponding to the disease 𝑑

𝑧
according to the

index 𝑧, while the MD-ATM gets𝑁𝑢𝑙𝑙, denoted by 𝜆.
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5. Analysis

In this section, we analyze our scheme in detail. We firstly
have a look at the correctness and then give a strict security
proof following the real-ideal simulation paradigm of STC in
the scenarios of semihonest adversaries.

5.1. Correctness. In this aspect, we follow the steps of our
scheme and make sure that the patient indeed finds out
the most possible disease from the disease database of
the hospital using his health data by comparing Euclidean
distances.

Following the scheme, we can see that the patient trans-
forms the health data in two steps. Firstly, he extends his
original health data from an 𝑛-vector 𝑞

𝑃
= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
) to

an (𝑛 + 2)-vector 𝑄
𝑃

= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
, 𝑞
𝑃,𝑛+1

, 𝑞
𝑃,𝑛+2

), where
𝑞
𝑃,𝑛+1

= −(1/2)∑
𝑛

𝑤=1
𝑞
2

𝑃𝑤
and 𝑞
𝑃,𝑛+2

= 1 and then blinds and
extends 𝑄

𝑃
using the matrix 𝐵

𝑃
to a matrix

𝑀
𝑃
=
[
[

[

𝑏
11

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
1,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

...
...

𝑏
𝑘1

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
𝑘,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

]
]

]

. (7)

On the other hand, the MD-ATM randomly selects two
trait vectors 𝑡

𝑖
= (𝑡

𝑖1
, . . . , 𝑡

𝑖𝑛
) and 𝑡

𝑗
= (𝑡

𝑗1
, . . . , 𝑡

𝑗𝑛
)

and, respectively, extends them to (𝑛 + 2)-vectors 𝑇
𝑖

=

(𝑡
𝑖1
, . . . , 𝑡

𝑖𝑛
, 𝑡
𝑖,𝑛+1

, 𝑡
𝑖,𝑛+2

) and 𝑇
𝑗

= (𝑡
𝑗1
, . . . , 𝑡

𝑗𝑛
, 𝑡
𝑗,𝑛+1

, 𝑡
𝑗,𝑛+2

),
where 𝑡

𝑖,𝑛+1
= 1, 𝑡

𝑖,𝑛+2
= −(1/2)∑

𝑛

𝑤=1
𝑡
2

𝑖𝑤
and 𝑡

𝑗,𝑛+1
=

1, 𝑡
𝑗,𝑛+2

= −(1/2)∑
𝑛

𝑤=1
𝑡
2

𝑗𝑤
. After receiving 𝑀

𝑃
, for 𝑖, 𝑗 =

1, . . . , 𝑚, 𝑖 ̸= 𝑗, the MD-ATM computes

Δ


𝑖𝑗
= 𝑀
𝑃
⋅ (𝑇
𝑖
− 𝑇
𝑗
)
𝑇

=
[
[

[

𝑏
11

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
1,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

...
...

𝑏
𝑘1

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
𝑘,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

]
]

]

⋅
[
[

[

𝑡
𝑖1
− 𝑡
𝑗1

...
𝑡
𝑖,𝑛+2

− 𝑡
𝑗,𝑛+2

]
]

]

.

(8)

After receiving the returned message Δ


𝑖𝑗
, for 𝑖, 𝑗 =

1, . . . , 𝑚, 𝑖 ̸= 𝑗, 𝑃 uses PMDD to compute

Δ
𝑖𝑗
= 𝑠
𝑃
⋅ Δ


𝑖𝑗
= 𝑠
𝑃
⋅ 𝑀
𝑃
⋅ (𝑇
𝑖
− 𝑇
𝑗
)
𝑇

= (𝑠
𝑃1
, . . . , 𝑠

𝑃𝑘
) ⋅

[
[

[

𝑏
11

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
1,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

...
...

𝑏
𝑘1

⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏
𝑘,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

]
]

]

⋅
[
[

[

𝑡
𝑖1
− 𝑡
𝑗1

...
𝑡
𝑖,𝑛+2

− 𝑡
𝑗,𝑛+2

]
]

]

=

𝑘

∑

𝑢=1

𝑠
𝑃𝑢

⋅ 𝑏
𝑢1

⋅ 𝑞
𝑃1

⋅ (𝑡
𝑖1
− 𝑡
𝑗1
) + ⋅ ⋅ ⋅

+

𝑘

∑

𝑢=1

𝑠
𝑃𝑢

⋅ 𝑏
𝑢,𝑛+2

⋅ 𝑞
𝑃,𝑛+2

⋅ (𝑡
𝑖,𝑛+2

− 𝑡
𝑗,𝑛+2

)

=

𝑛+2

∑

𝑤=1

𝑞
𝑃𝑤

⋅ (𝑡
𝑖𝑤

− 𝑡
𝑗𝑤
) .

(9)

Thus, we have

Δ
𝑖𝑗
=

𝑛+2

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑖𝑤

−

𝑛+2

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑗𝑤

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑖𝑤

+ 𝑞
𝑃,𝑛+1

⋅ 𝑡
𝑖,𝑛+1

+ 𝑞
𝑃,𝑛+2

⋅ 𝑡
𝑖,𝑛+2

)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑗𝑤

+ 𝑞
𝑃,𝑛+1

⋅ 𝑡
𝑗,𝑛+1

+ 𝑞
𝑃,𝑛+2

⋅ 𝑡
𝑗,𝑛+2

)

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑖𝑤

+ 𝑞
𝑃,𝑛+1

+ 𝑡
𝑖,𝑛+2

)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑗𝑤

+ 𝑞
𝑃,𝑛+1

+ 𝑡
𝑗,𝑛+2

)

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑖𝑤

−
1

2

𝑛

∑

𝑤=1

𝑞
2

𝑃𝑤
−

1

2

𝑛

∑

𝑤=1

𝑡
2

𝑖𝑤
)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡
𝑗𝑤

−
1

2

𝑛

∑

𝑤=1

𝑞
2

𝑃𝑤
−

1

2

𝑛

∑

𝑤=1

𝑡
2

𝑗𝑤
)

=
1

2
[

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡
𝑗𝑤
)
2

−

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡
𝑖𝑤
)
2

]

=
1

2
(dist2
𝑞𝑃↔𝑡𝑗

− dist2
𝑞𝑃↔𝑡𝑖

) .

(10)

Obviously, if for all 𝑗 = 1, . . . , 𝑚, 𝑗 ̸= 𝑧, Δ
𝑧𝑗

= (1/2)

(dist2
𝑞𝑃↔𝑡𝑗

− dist2
𝑞𝑃↔𝑡𝑧

) > 0, then 𝑡
𝑧
, 𝑧 ∈ {1, . . . , 𝑚}, is the trait

vector of the diagnosed disease. The report 𝑟
𝑧
corresponding

to the trait vector 𝑡
𝑧
is the diagnosed report. Taking the index

𝑧 as the input of the following OT𝑚
1
protocol, the patient can

finally get the disease report 𝑟
𝑧
from the set (𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑚
) of

the database.
Therefore, our scheme is correct.

5.2. Security. In this subsection, we strictly prove the security
of our scheme. From the whole process, we can spec-
ify that the two parties in our system are the patient 𝑃

and the hospital. They cooperate to compute the func-
tion 𝑓(𝑞

𝑃
, (𝑑
1
, 𝑑
2
, . . . , 𝑑

𝑚
)) = 𝑟

𝑧
, where 𝑟

𝑧
is the dis-

ease diagnostic report corresponding to the disease 𝑑
𝑧
and

the distance dist
𝑞𝑝↔𝑡𝑧

satisfies the condition dist2
𝑞𝑝↔𝑡𝑧

=

min{dist2
𝑞𝑝↔𝑡𝑗

}
𝑗=1,...,𝑚

. As mentioned in Section 3, we should
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achieve two security goals, that is, keeping both parties’ inputs
private.We apply the real-ideal simulation paradigm to prove
that our scheme has achieved the two goals in the scenarios of
semihonest adversaries assuming the OT𝑚

1
protocol we used

is secure.

Theory 1.Our privacy-preserving self-helpedmedical diagnosis
scheme is secure against semihonest adversaries if the OT𝑚

1

protocol is secure.

Proof. Notice that the view of 𝑃
𝑖
, {VIEW

𝑖
(𝑞
𝑝
, {𝑑
1
, . . .,

𝑑
𝑚
})}
𝑖=1,2

, in the real execution consists of three parts, the
private input, random tape, and the messages received from
the other party including the output. Therefore, we can get
the views of 𝑃

1
and 𝑃

2
, respectively, in the real execution as

follows:

{VIEW
1
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)}

= {𝑞
𝑃
, 𝑠
𝑃
, 𝐵
𝑃
, {Δ


𝑖𝑗
}
𝑖,𝑗=1,...,𝑚,𝑖 ̸= 𝑗

,

{VIEWOT𝑚
1

1
(𝑧, {𝑟
𝑖
}
𝑖=1,...,𝑚

)} , 𝑟
𝑧
} ;

(11)

{VIEW
2
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)}

= {{𝑑
𝑖
}
𝑖=1,...,𝑚

,𝑀
𝑃
, {VIEWOT𝑚

1

2
(𝑧, {𝑟
𝑖
}
𝑖=1,...,𝑚

)} , 𝜆} ,

(12)

where {VIEWOT𝑚
1

1
(𝑧, {𝑟
𝑖
}
𝑖=1,...,𝑚

)} and {VIEWOT𝑚
1

2
(𝑧,

{𝑟
𝑖
}
𝑖=1,...,𝑚

)} are the views produced in the execution of
OT𝑚
1
protocol.

From the definition of security, we need to construct
the probabilistic polynomial-time algorithm 𝑆

1
/𝑆
2
so that

given the input and output of the patient 𝑃
1
/the hospital

𝑃
2
, (𝑞
𝑃
; 𝑟
𝑧
)/({𝑑
𝑖
}
𝑖=1,...,𝑚

; 𝜆), it can output a simulated view
{𝑆
1
(𝑞
𝑃
; 𝑟
𝑧
)}/{𝑆
2
({𝑑
𝑖
}
𝑖=1,...,𝑚

; 𝜆)}, which is indistinguishable to
the view {VIEW

1
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)}/{VIEW
2
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)} in
the real execution of the scheme; that is,

{𝑆
1
(𝑞
𝑃
; 𝑟
𝑧
)} ≅ {VIEW

1
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)} ,

{𝑆
2
({𝑑
𝑖
}
𝑖=1,...,𝑚

; 𝜆)} ≅ {VIEW
2
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)} .

(13)

In the following discussion, we follow the real-ideal sim-
ulation paradigm to construct such probabilistic polynomial-
time algorithms 𝑆

1
, 𝑆
2
. We separately prove the case when 𝑃

2

is semihonest and when 𝑃
1
is semihonest.

Case 1 (𝑃
2
is semihonest). In this case, we only need to

construct a simulator 𝑆
2
so that, given 𝑃

2
’s input {𝑑

𝑖
}
𝑖=1,...,𝑚

and output 𝜆, 𝑆
2
can simulate 𝑃

2
’s view in the real execution

presented above as (12).
Firstly, sincewe assume that theOT𝑚

1
protocol used in our

scheme is secure and can be taken as a black-box, there exists
an algorithm 𝑆

OT𝑚
1

2
: given the input {𝑟

𝑖
}
𝑖=1,...,𝑚

and the output
𝜆, it can simulate 𝑃

2
’s view of the OT𝑚

1
execution and output

{𝑆
OT𝑚
1

2
({𝑟
𝑖
}
𝑖=1,...,𝑚

; 𝜆)} so that

{𝑆
OT𝑚
1

2
({𝑟
𝑖
}
𝑖=1,...,𝑚

; 𝜆)} ≅ {VIEWOT𝑚
1

2
(𝑧, {𝑟
𝑖
}
𝑖=1,...,𝑚

)} . (14)

Next, notice that 𝑆
2
is given ({𝑑

𝑖
}
𝑖=1,...,𝑚

; 𝜆); it can easily
simulate the remaining parts of (12) by randomly choosing a
𝑘×(𝑛+2)matrix𝑀which is indistinguishable to the blinded
matrix𝑀

𝑃
. Then, 𝑆

2
outputs the simulated view,

{𝑆
2
({𝑑
𝑖
}
𝑖=1,...,𝑚

; 𝜆)}

= {{𝑑
𝑖
}
𝑖=1,...,𝑚

,𝑀, {𝑆
OT𝑚
1

2
({𝑟
𝑖
}
𝑖=1,...,𝑚

; 𝜆)} , 𝜆} .

(15)

Obviously, we can conclude that

{𝑆
2
({𝑑
𝑖
}
𝑖=1,...,𝑚

; 𝜆)} ≅ {VIEW
2
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)} . (16)

Case 2 (𝑃
1
is semihonest). Similar to Case 1, we only need to

construct a simulator 𝑆
1
so that given𝑃

1
’s input 𝑞

𝑃
and output

𝑟
𝑧
, 𝑆
1
can simulate 𝑃

1
’s view in the real execution presented

above as (11).
As discussed above, since the OT𝑚

1
protocol is secure,

there exists an algorithm 𝑆
OT𝑚
1

1
: given the input 𝑧 and the

output 𝑟
𝑧
, it can simulate 𝑃

1
’s view of the OT𝑚

1
execution and

output {𝑆OT
𝑚

1

1
(𝑧; 𝑟
𝑧
)} so that

{𝑆
OT𝑚
1

1
(𝑧; 𝑟
𝑧
)} ≅ {VIEWOT𝑚

1

1
(𝑧, {𝑟
𝑖
}
𝑖=1,...,𝑚

)} . (17)

Next, given (𝑞
𝑃
; 𝑟
𝑧
), 𝑆
1
then simulates the remaining parts

of 𝑃
1
’s view in the real execution as follows.
Firstly, as in the real execution, 𝑆

1
extends the original

health data from an 𝑛-vector 𝑞
𝑃

= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
) to an (𝑛 +

2)-vector 𝑄
𝑃

= (𝑞
𝑃1
, . . . , 𝑞

𝑃𝑛
, 𝑞
𝑃,𝑛+1

, 𝑞
𝑃,𝑛+2

), where 𝑞
𝑃,𝑛+1

=

−(1/2)∑
𝑛

𝑤=1
𝑞
2

𝑃𝑤
and 𝑞
𝑃,𝑛+2

= 1. Then, 𝑆
1
randomly chooses a

password 𝑠


𝑃
= (𝑠


𝑃1
, . . . , 𝑠



𝑃𝑘
) and then generates a 𝑘 × (𝑛 + 2)

matrix

𝐵


𝑃
=
[
[

[

𝑏


11
⋅ ⋅ ⋅ 𝑏


1,𝑛+2

...
...

𝑏


𝑘1
⋅ ⋅ ⋅ 𝑏


𝑘,𝑛+2

]
]

]

, (18)

where ∑
𝑘

𝑢=1
𝑠


𝑃𝑢
⋅ 𝑏


𝑢𝑤
= 1, 𝑤 = 1, . . . , 𝑛 + 2. By blinding 𝑄

𝑃

using the matrix 𝐵


𝑃
, 𝑆
1
further extends 𝑄

𝑃
to a matrix

𝑀


𝑃
=
[
[

[

𝑏


11
⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏


1,𝑛+2
⋅ 𝑞
𝑃,𝑛+2

...
...

𝑏


𝑘1
⋅ 𝑞
𝑃1

⋅ ⋅ ⋅ 𝑏


𝑘,𝑛+2
⋅ 𝑞
𝑃,𝑛+2

]
]

]

. (19)

Then 𝑆
1
randomly selects 𝑚 vectors, 𝑇

𝑗
= (𝑡


𝑗1
, . . . , 𝑡



𝑗𝑛
,

𝑡


𝑗,𝑛+1
, 𝑡


𝑗,𝑛+2
), 𝑡
𝑗,𝑛+1

= 1, 𝑡


𝑗,𝑛+2
= −(1/2)∑

𝑛

𝑤=1
𝑡
2

𝑗𝑤
, 𝑗 = 1, . . .,

𝑚, and for all 𝑗 = 1, . . . , 𝑚, 𝑗 ̸= 𝑧, ∑
𝑛

𝑤=1
(𝑞
𝑃𝑤

− 𝑡


𝑧𝑤
)
2

<

∑
𝑛

𝑤=1
(𝑞
𝑃𝑤

− 𝑡


𝑗𝑤
)
2; otherwise, 𝑆

1
reselects 𝑇



𝑗
, 𝑗 = 1, . . . , 𝑚.

Afterwards, 𝑆
1
computes Λ



𝑖𝑗
= 𝑀



𝑃
⋅ (𝑇


𝑖
− 𝑇


𝑗
)
𝑇
, 𝑖, 𝑗 =

1, . . . , 𝑚, 𝑖 ̸= 𝑗.Thus, for 𝑖, 𝑗 = 1, . . . , 𝑚, 𝑖 ̸= 𝑗, Λ
𝑖𝑗
= 𝑠


𝑃
⋅Λ


𝑖𝑗
=

∑
𝑛+2

𝑤=1
𝑞
𝑃𝑤

⋅ (𝑡


𝑖𝑤
− 𝑡


𝑗𝑤
).
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Therefore, we have

Λ
𝑖𝑗
=

𝑛+2

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑖𝑤
−

𝑛+2

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑗𝑤

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑖𝑤
+ 𝑞
𝑃,𝑛+1

⋅ 𝑡


𝑖,𝑛+1
+ 𝑞
𝑃,𝑛+2

⋅ 𝑡


𝑖,𝑛+2
)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑗𝑤
+ 𝑞
𝑃,𝑛+1

⋅ 𝑡


𝑗,𝑛+1
+ 𝑞
𝑃,𝑛+2

⋅ 𝑡


𝑗,𝑛+2
)

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑖𝑤
+ 𝑞
𝑃,𝑛+1

+ 𝑡


𝑖,𝑛+2
)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑗𝑤
+ 𝑞
𝑃,𝑛+1

+ 𝑡


𝑗,𝑛+2
)

= (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑖𝑤
−

1

2

𝑛

∑

𝑤=1

𝑞
2

𝑃𝑤
−

1

2

𝑛

∑

𝑤=1

𝑡
2

𝑖𝑤
)

− (

𝑛

∑

𝑤=1

𝑞
𝑃𝑤

⋅ 𝑡


𝑗𝑤
−

1

2

𝑛

∑

𝑤=1

𝑞
2

𝑃𝑤
−

1

2

𝑛

∑

𝑤=1

𝑡
2

𝑗𝑤
)

=
1

2
[

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡


𝑗𝑤
)
2

−

𝑛

∑

𝑤=1

(𝑞
𝑃𝑤

− 𝑡


𝑖𝑤
)
2

]

=
1

2
(dist2
𝑞𝑃↔𝑡



𝑗

− dist2
𝑞𝑃↔𝑡



𝑖

) .

(20)

Since for all 𝑗 = 1, . . . , 𝑚, 𝑗 ̸= 𝑧, we have ∑
𝑛

𝑤=1
(𝑞
𝑃𝑤

−

𝑡


𝑧𝑤
)
2

< ∑
𝑛

𝑤=1
(𝑞
𝑃𝑤

− 𝑡


𝑗𝑤
)
2. Obviously, for all 𝑗 = 1, . . . , 𝑚,

𝑗 ̸= 𝑧, Λ
𝑧𝑗

= (1/2)(dist2
𝑞𝑃↔𝑡



𝑗

− dist2
𝑞𝑃↔𝑡



𝑧

) > 0 and 𝑡
𝑧
, 𝑧 ∈

{1, . . . , 𝑚}, is the trait vector of the diagnosed disease. The
report 𝑟

𝑧
corresponding to the trait vector 𝑡

𝑧
is the diagnosed

report, which matches the relationship in the real execution.
Now, 𝑆

1
can output the simulated view,

{𝑆
1
(𝑞
𝑃
; 𝑟
𝑧
)}

= {𝑞
𝑃
, 𝑠


𝑃
, 𝐵


𝑃
, {Λ


𝑖𝑗
}
𝑖,𝑗=1,...,𝑚,𝑖 ̸= 𝑗

, {𝑆
OT𝑚
1

1
(𝑧; 𝑟
𝑧
)} , 𝑟
𝑧
} .

(21)

Since 𝑠


𝑃
and 𝐵



𝑃
are randomly chosen and ∑

𝑘

𝑢=1
𝑠


𝑃𝑢
⋅

𝑏


𝑢𝑤
= 1, 𝑤 = 1, . . . , 𝑛 + 2, as 𝑠

𝑃
and 𝐵

𝑃
in the real

view {VIEW
1
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)}. Due to the randomness and
relationship, it is easy to find that (𝑠

𝑃
, 𝐵


𝑃
) is indistinguishable

to (𝑠
𝑃
, 𝐵
𝑃
). From the construction process of {Λ

𝑖𝑗
}
𝑖,𝑗=1,...,𝑚,𝑖 ̸= 𝑗

,
it is obvious to conclude that {Λ

𝑖𝑗
}
𝑖,𝑗=1,...,𝑚,𝑖 ̸= 𝑗

is indistinguish-
able to the set {Δ

𝑖𝑗
}
𝑖,𝑗=1,...,𝑚,𝑖 ̸= 𝑗

. Combined with (17), we have

{𝑆
1
(𝑞
𝑃
; 𝑟
𝑧
)} ≅ {VIEW

1
(𝑞
𝑝
, {𝑑
𝑖
}
𝑖=1,...,𝑚

)} . (22)

6. Conclusions

In this paper, we consider the problem of how to securely
make diagnosis without leaking patient’s health data, diag-
nosed result, and hospital’s disease database in wireless
sensor networks. By applying the idea of secure two-party
computation and the technology of oblivious transfer, we
propose a privacy-preserving self-helped medical diagnosis
scheme so that patients can privately diagnose themselves by
inserting a health card into a self-helped MD-ATM to obtain
the diagnostic report just like drawing money from a bank
ATM. We also have a detailed analysis about the correctness
and further strictly prove the security following the real-idea
simulation paradigm. We expect to provide people another
perspective on future medical care.
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This work investigates the use of mixed-norm regularization for sensor selection in event-related potential (ERP) based brain-
computer interfaces (BCI). The classification problem is cast as a discriminative optimization framework where sensor selection is
induced through the use of mixed-norms. This framework is extended to the multitask learning situation where several similar
classification tasks related to different subjects are learned simultaneously. In this case, multitask learning helps in leveraging
data scarcity issue yielding to more robust classifiers. For this purpose, we have introduced a regularizer that induces both sensor
selection and classifier similarities.The different regularization approaches are compared on three ERP datasets showing the interest
ofmixed-norm regularization in terms of sensor selection.Themultitask approaches are evaluatedwhen a small number of learning
examples are available yielding to significant performance improvements especially for subjects performing poorly.

1. Introduction

Brain computer interfaces (BCI) are systems that help dis-
abled people communicate with their environment through
the use of brain signals [1]. At the present time, one of the
most prominent BCI is based on electroencephalography
(EEG) because of its low-cost, portability, and its nonin-
vasiveness. Among EEG based BCI, a paradigm of interest
is the one based on event-related potentials (ERP) which
are responses of the brain to some external stimuli. In this
context, the innermost part of a BCI is the pattern recognition
stagewhich has to correctly recognize presence of these ERPs.
However, EEG signals are blurred due to the diffusion of
the skull and the skin [2]. Furthermore, EEG recordings are
highly contaminated by noise of biological, instrumental, and
environmental origins. For addressing these issues, advanced
signal processing andmachine learning techniques have been
employed to learn ERP patterns from training EEG signals
leading to robust systems able to recognize the presence of
these events [3–8]. Note that while some ERPs are used for
generating BCI commands, some others can be used for
improving BCI efficiency. Indeed, recent studies have also

tried to develop algorithms for automated recognition of
error-related potentials [9]. These potentials are responses
elicited when a subject commits an error in a BCI task or
observes an error [10, 11] and thus they can help in correcting
errors or in providing feedbacks to BCI users.

In this context of automated recognition of event-related
potentials for BCI systems, reducing the number of EEG
sensors is of primary importance since it reduces the imple-
mentation cost of the BCI by minimizing the number of EEG
sensor and speeding up experimental setup and calibration
time. For this purpose, some studies have proposed to choose
relevant sensors according to prior knowledge of brain
functions. For instance, sensors located above the motor
cortex region are preferred for motor imagery tasks, while
for visual event-related potential (ERP), sensors located on
the visual cortex are favored [12]. Recent works have focused
on automatic sensor selection adapted to the specificity of a
subject [4, 13–17]. For instance, Rakotomamonjy and Guigue
[18] performed a recursive backward sensor selection using
cross-validation classification performances as an elimina-
tion criterion. Another approach for exploring subset sensors
has been proposed by [15]; it consists in using a genetic
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algorithm for sensor selection coupled with artificial neural
networks for prediction. Those methods have been proven
efficient but computationally demanding. A quicker way is
to estimate the relevance of the sensors in terms of signal
to noise ratio (SNR) [4] and to keep the most relevant ones.
Note that this approach does not optimize a discrimination
criterion, although the final aim is a classification task.
Recently, van Gerven et al. [19] proposed a graceful approach
for embedding sensor selection into a discriminative frame-
work. They performed sensor selection and learn a decision
function by solving a unique optimization problem. In their
framework, a logistic regression classifier is learned and the
group-lasso regularization, also known as ℓ

1
− ℓ
2
mixed-

norm, is used to promote sensor selection. They have also
investigated the use of this groupwise regularization for
frequency band selection and their applications to transfer
learning. The same idea has been explored by Tomioka and
Müller [20] which also considered groupwise regularization
for classifying EEG signals. In this work, we go beyond these
studies by providing an in-depth study of the use of mixed-
norms for sensor selection in a single subject setting and by
discussing the utility ofmixed-normswhen learning decision
functions for multiple subjects simultaneously.

Our first contribution addresses the problem of robust
sensor selection embedded into a discriminative framework.
We broaden the analysis of van Gerven et al. [19] by
considering regularizers whose forms are ℓ

1
− ℓ
𝑞
mixed-

norms, with (1 ≤ 𝑞 ≤ 2), as well as adaptive mixed-
norms, so as to promote sparsity among group of features or
sensors. In addition to providing a sparse and accurate sensor
selection, mixed-norm regularization has several advantages.
First, sensor selection is cast into an elegant discriminative
framework, using for instance a large margin paradigm,
which does not require any additional hyperparameter to be
optimized. Secondly, since sensor selection is jointly learned
with the classifier by optimizing an “all-in-one” problem,
selected sensors are directed to the goal of discriminating
relevant EEG patterns. Hence, mixed-norm regularization
helps locating sensors which are relevant for an optimal
classification performance.

A common drawback of all the aforementioned sensor
selection techniques is that selected set of sensors may vary,
more or less substantially, from subject to subject. This
variability is due partly to subject specific differences and
partly to acquisition noise and limited number of training
examples. In such a case, selecting a robust subset of sensors
may become a complex problem. Addressing this issue is the
point of our second contribution. We propose a multitask
learning (MTL) framework that helps in learning robust
classifiers able to cope with the scarcity of learning examples.
MTL is oneway of achieving inductive transfer between tasks.
The goal of inductive transfer is to leverage additional sources
of information to improve the performance of learning on
the current task. The main hypothesis underlying MTL is
that tasks are related in some ways. In most cases, this
relatedness is translated into a prior knowledge, for example,
a regularization term, that a machine learning algorithm
can take advantage of. For instance, regularization terms
may promote similarity between all the tasks [21] or enforce

classifier parameters to lie in a low dimensional linear
subspace [22] or to jointly select the relevant features [23].
MTL has been proven efficient for motor imagery in [24]
where several classifiers were learned simultaneously from
several BCI subject datasets. Our second contribution is thus
focused on the problem of performing sensor selection and
learning robust classifiers through the use of an MTL mixed-
norm regularization framework. We propose a novel reg-
ularizer promoting sensor selection and similarity between
classifiers. By doing so, our goal is then to yield sensor
selection and robust classifiers that are able to overcome the
data scarcity problem by sharing information between the
different classifiers to be learned.

The paper is organized as follows. The first part of
the paper presents the discriminative framework and the
different regularization terms we have considered for channel
selection and multitask learning. The second part is devoted
to the description of the datasets, the preprocessing steps
applied to each of them, and the results achieved in terms
of performances and sensor selection. In order to promote
reproducible research, the code needed for generating the
results in this paper is available on the author’s website (URL:
http://remi.flamary.com/soft/soft-gsvm.html.).

2. Learning Framework

In this section, we introduce our mixed-norm regularization
framework that can be used to perform sensor selection in a
single task or in a transfer learning setting.

2.1. Channel Selection in a Single Task Learning Setting.
Typically in BCI problems, one wants to learn a classifier
that is able to predict the class of some EEG trials, from a
set of learning examples. We denoted as {x

𝑖
, 𝑦
𝑖
}
𝑖∈{1,...,𝑛}

the
learning set such that x

𝑖
∈ R𝑑 is a trial and 𝑦

𝑖
∈ {−1, 1}

is its corresponding class, usually related to the absence or
presence of an event-related potential. In most cases, a trial
x
𝑖
is extracted from a multidimensional signal and thus is

characterized by 𝑟 features for each of the 𝑝 sensors, leading
to a dimensionality 𝑑 = 𝑟×𝑝. Our aim is to learn, for a single
subject, a linear classifier 𝑓 that will predict the class of a trial
x ∈ R𝑑, by looking at the sign of the function 𝑓(⋅) defined as

𝑓 (x) = x𝑇w + 𝑏 (1)

with w ∈ R𝑑 the normal vector to the separating hyperplane
and 𝑏 ∈ R a bias term. Parameters of this function are learned
by solving the optimization problem:

min
w,𝑏

𝑛

∑

𝑖

𝐿
𝑜
(y
𝑖
, x𝑇
𝑖
w + 𝑏) + 𝜆Ω (w) , (2)

where 𝐿
𝑜
is a loss function that measures the discrepancy

between actual and predicted labels, Ω(⋅) is a regularization
term that expresses some prior knowledge about the learning
problem, and 𝜆 is a parameter that balances both terms.
In this work, we choose 𝐿

𝑜
to be the squared hinge loss

𝐿
𝑜
(𝑦, 𝑦) = max(0, 1 − 𝑦𝑦)2, thus promoting a large margin

classifier.
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2.1.1. RegularizationTerms. Wenowdiscuss different regular-
ization terms that may be used for single task learning along
with their significances in terms of channel selection.

ℓ
2
Norm. The first regularization term that comes to mind is

the standard squared ℓ
2
norm regularization:

Ω
2
(w) = 1

2
||w||2
2
, (3)

where || ⋅ ||
2
is the Euclidean norm. This is the common

regularization term used for SVMs and it will be considered
in our experiments as the baseline approach. Intuitively,
this regularizer tends to downweigh the amplitude of each
component of w leading to a better control of the margin
width of our large-margin classifier and thus it helps in
reducing overfitting.

ℓ
1
Norm. When only few of the features are discriminative

for a classification task, a common way to select the relevant
ones is to use an ℓ

1
norm of the form

Ω
1
(w) =

𝑑

∑

𝑖=1

𝑤𝑖


(4)

as a regularizer [25]. Owing to its mathematical properties
(nondifferentiability at 0), unlike the ℓ

2
norm, this regulariza-

tion term promotes sparsity, which means that at optimality
of problem (2), some components of w are exactly 0. In a
Bayesian framework, the ℓ

1
norm is related to the use of

prior on w that forces its component to vanish [19]. This
is typically obtained by means of Laplacian prior over the
weight.However, ℓ

1
norm ignores the structure of the features

(which may be grouped by sensors) since each component
of 𝑤 is considered independently to the others. As such, this
norm precludes grouped feature selection and allows only for
feature selection.

ℓ
1
− ℓ
𝑞
Mixed-Norm. A way to take into account the fact that

features are structured is to use a mixed-norm that will group
them and regularize them together. Here, we considermixed-
norm of the form

Ω
1−𝑞

(w) = ∑

𝑔∈G




w
𝑔



𝑞 (5)

with 1 ≤ 𝑞 ≤ 2 and G being a partition of the set {1, . . . , 𝑑}.
Intuitively, this ℓ

1
− ℓ
𝑞
mixed-norm can be interpreted as an

ℓ
1
norm applied to the vector containing the ℓ

𝑞
norm of each

group of features. It promotes sparsity on each w
𝑔
norm and

consequently on the w
𝑔
components as well. For our BCI

problem, a natural choice for G is to group the features by
sensors yielding thus to𝑝 groups (one per sensor) of 𝑟 features
as reported in Figure 1. Note that unlike the ℓ

1
− ℓ
2
norm

as used by van Gerven et al. [19] and Tomioka and Müller
[20], the use of an inner ℓ

𝑞
norm leads to more flexibility as it

spans from the ℓ
1
−ℓ
1
(equivalent to the ℓ

1
-norm and leading

thus to unstructured feature selection) to the ℓ
1
− ℓ
2
which

strongly ties together the components of a group. Examples of
the use of ℓ

𝑞
norm and mixed-norm regularizations in other

biomedical contexts can be found for instance in [26, 27].

Adaptive ℓ
1
− ℓ
𝑞
. The ℓ

1
and ℓ
1
− ℓ
𝑞
norms described above

are well known to lead to grouped feature selection. However,
they are also known to lead to poor statistical properties
(at least when used with a square loss function) [28]. For
instance, they are known to have consistency issue in the
sense that, even with an arbitrarily large number of training
examples, these normsmay be unable to select the true subset
of features. In practice, this means that when used in (2),
the optimal weight vector w will tend to overestimate the
number of relevant sensors. These issues can be addressed
by considering an adaptive ℓ

1
− ℓ
𝑞
mixed-norm of the form

[28, 29]

Ω
𝑎:1−𝑞

(w) = ∑

𝑔∈G

𝛽
𝑔




w
𝑔



𝑞
, (6)

where theweights𝛽
𝑔
are selected so as to enhance the sparsity

pattern of w. In our experiments, we obtain them by first
solving the ℓ

1
− ℓ
𝑞
problem with 𝛽

𝑔
= 1, which outputs an

optimal parameterw∗, and by finally defining 𝛽
𝑔
= 1/||w∗

𝑔
||
𝑞
.

Then, solving the weighted ℓ
1
− ℓ
𝑞
problem yields an optimal

solutionwith increased sparsity pattern compared tow∗ since
the𝛽
𝑔
augments the penalization of groupswith norm ‖ w∗

𝑔
‖
𝑞

smaller than 1.

2.1.2. Algorithms. Let us now discuss how problem (2) is
solved when one of these regularizers is in play.

Using the ℓ
2
norm regularization makes the problem

differentiable. Hence a first- or second-order descent based
algorithm can be considered [30].

Because the other regularizers are not differentiable, we
have deployed an algorithm [31] tailored for minimizing
objective function of the form𝑓

1
(w)+𝑓

2
(w)with𝑓

1
a smooth

and differentiable convex function with Lipschitz constant 𝐿
and 𝑓

2
a continuous and convex nondifferentiable function

having a simple proximal operator, that is, a closed-form or
an easy-to-compute solution of the problem

prox
𝑓
2

(k) := argmin
u

1

2
‖k − u‖2

2
+ 𝑓
2
(u) . (7)

Such an algorithm, known as forward-backward splitting [31],
is simply based on the following iterative approach:

w𝑘+1 = prox
(1/𝛾)𝑓

2

(w𝑘 − 𝛾∇w𝑓1 (w
𝑘
)) (8)

with 𝛾 being a stepsize in the gradient descent.This algorithm
can be easily derived by considering, instead of directly
minimizing 𝑓

1
(w) + 𝑓

2
(w), an iterative scheme which at each

iteration replaces 𝑓
1
with a quadratic approximation of 𝑓

1
(⋅)

in the neighborhood of w𝑘. Hence, w𝑘+1 is the minimizer of

𝑓
1
(w𝑘) + ⟨∇w𝑓1 (w

𝑘
) ,w − w𝑘⟩ + 𝛾

2


w − w𝑘

2

2
+ 𝑓
2
(w)

(9)

whose closed-form is given in (8). This algorithm is known
to converge towards a minimizer of 𝑓

1
(w) + 𝑓

2
(w) under

some weak conditions on the stepsize [31], which is satisfied
by choosing for instance 𝛾 = 1/𝐿. We can note that the
algorithm defined in (8) has the same flavor as a projected
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gradient algorithm which first takes a gradient step and then
“projects” back the solution owing to the proximal operator.
More details can also be found in [32].

For our problem (2), we choose 𝑓
1
(w) to be the squared

hinge loss and 𝑓
2
(w) the nonsmooth regularizer. The square

hinge loss is indeed gradient Lipschitz with a constant 𝐿
being 2∑

𝑖=1
‖x
𝑖
‖
2

2
. Proof of this statement is available in

Appendix A. Proximal operators of the ℓ
1
and the ℓ

1
− ℓ
2

regularization term can be easily shown to be the soft-
thresholding and the block-soft thresholding operator [25].
The general ℓ

1
− ℓ
𝑞
norm does not admit a closed-form

solution, but its proximal operator can be simply computed
bymeans of an iterative algorithm [23]. More details on these
proximal operators are also available in Appendix C.

2.2. Channel Selection and Transfer Learning in Multiple Task
Setting. We now address the problem of channel selection in
cases where training examples for several subjects are at our
disposal. We have claimed that in such a situation, it would
be beneficial to learn the decision functions related to all
subjects simultaneously, while inducing selected channels to
be alike for all subjects, as well as inducing decision function
parameters to be related in some sense.These two hypotheses
make reasonable sense since brain regions related to the
appearance of a given ERP are expected to be somewhat
location-invariant across subjects. For solving this problem,
we apply a machine learning paradigm, known as multitask
learning, where in our case, each task is related to the decision
function of a given subject and where the regularizer should
reflect the above-described prior knowledge on the problem.
Given 𝑚 subjects, the resulting optimization problem boils
down to be

min
W,b

𝑚

∑

𝑡

𝑛
𝑡

∑

𝑖=1

𝐿 (𝑦
𝑖,𝑡
, x𝑇
𝑖,𝑡
w
𝑡
+ b
𝑡
) + Ωmtl (W) (10)

with {x
𝑖,𝑡
, 𝑦
𝑖,𝑡
}
𝑖∈{1,...,𝑛

𝑡
}
being the training examples related

to each task, 𝑡 ∈ 1, . . . , 𝑚, (w
𝑡
, b
𝑡
) being the classifier

parameters for task 𝑡, and W = [w
1
, . . . ,w

𝑚
] ∈ R𝑑×𝑚

being a matrix concatenating all vectors {w
𝑡
}. Note that the

multitask learning framework applied to single EEG trial
classification has already been investigated by van Gerven
et al. [19]. The main contribution we bring compared to
their works is the use of regularizer that explicitly induces all
subject classifiers to be similar to an average one, in addition
to a regularizer that enforces selected channels to be the same
for all subjects. The intuition behind this point is that we
believe that since the classification tasks we are dealing with
are similar for all subjects and all related to the same BCI
paradigm, selected channels and classifier parameters should
not differ that much from subject to subject. We also think
that inducing task parameters to be similar may be more
important than enforcing selected channels to be similar
when the number of training examples is small since it helps
in reducing overfitting. For this purpose, we have proposed a
novel regularization term of the form

Ωmtl (W) = 𝜆
𝑟
∑

𝑔∈G




W
𝑔



2
+ 𝜆
𝑠

𝑚

∑

𝑡=1


w𝑡 − ŵ



2

2
, (11)

where ŵ = (1/𝑚)∑
𝑡
w
𝑡
is the average classifier across

tasks andG contains nonoverlapping groups of components
from matrix W. The first term in (11) is a mixed-norm
term that promotes group regularization. In this work, we
defined groups in G based on the sensors, which means
that all the features across subject related to a given sensor
are in the same group 𝑔, leading to 𝑝 groups of 𝑟 × 𝑚

feature, as depicted in Figure 1.The second term is a similarity
promoting term as introduced in Evgeniou and Pontil [21].
It can be interpreted as a term enforcing the minimization
of the classifier’s parameter variance. In other words, it
promotes classifiers to be similar to the average one, and it
helps improving performances when the number of learning
examples for each task is limited, by reducing overfitting.
Note that 𝜆

𝑟
and 𝜆

𝑠
, respectively, control the sparsity induced

by the first term and the similarity induced by the second one.
Hence, when setting 𝜆

𝑠
= 0, the regularizer given in (11) boils

down to be similar to the one used by van Gerven et al. [19].
Note that in practice 𝜆

𝑟
and 𝜆

𝑠
are selected by means of a

nested cross-validation which aims at classification accuracy.
Thus, it may occur that classifier similarity is preferred over
sensor selection leading to robust classifiers which still use
most of the sensors.

Similar to the single task optimization framework given
in (2), the objective function for problem (10) can be
expressed as a sum of gradient Lipschitz continuous term
𝑓
1
(W) = ∑

𝑚,𝑛

𝑡,𝑖
𝐿(⋅)+𝜆

𝑠
∑
𝑚

𝑡=1
||w
𝑡
−ŵ||2
2
and a nondifferentiable

term 𝑓
2
(W) = 𝜆

𝑟
∑
𝑔∈G ||W𝑔||2 having a closed-form

proximal operator (see Appendix B). Hence, we have again
considered a forward-backward splitting algorithm whose
iterates are given in (8).

3. Numerical Experiments

We now present how these novel approaches perform on
different BCI problems. Before delving into the details of the
results, we introduce the simulated and real datasets.

3.1. Experimental Data. We have first evaluated the proposed
approaches on a simple simulated P300 dataset generated as
follows. A P300 wave is extracted using the grand average
of a single subject data from the EPFL dataset described in
the following. We generate 11000 simulated examples with
8 discriminative channels containing the P300 out of 16
channels for positive examples. A Gaussian noise of standard
deviation 0.2 is added to all signals making the dataset more
realistic. 1000 of these examples have been used for training.

The first real P300 dataset we used is the EPFL dataset,
based on eight subjects performing P300 related tasks [33].
The subjects were asked to focus on one of the 3× 2 = 6 images
on the screen while one of the images is flashed at random.
The EEG signals were acquired from 32 channels, sampled
at 1024Hz, and 4 recording sessions per subject have been
realized. Signals are preprocessed exactly according to the
steps described in [33]: a [1, 8]Hzbandpass Butterworth filter
of order 3 is applied to all signals followed by a downsampling.
Hence, for each trial (training example), we have 8 time-
sample features per channel corresponding to a 1000ms time-
window after stimulus, which leads to 256 features for all
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Figure 1: Examples of feature grouping for (a) single task and (b) multiple task learning.

channels (32× 8 = 256 features). Overall, the training set of
a given subject is composed of about 3000 trials.

Another P300 dataset, recorded by the Neuroimaging
Laboratory of Universidad Autónoma Metropolitana (UAM,
Mexico) [34], has also been utilized. The data have been
obtained from 30 subjects performing P300 spelling tasks on
a 6× 6 virtual keyboard. Signals are recorded over 10 channels
leading thus to a very challenging dataset for sensor selection,
as there are just few sensors left to select. For this dataset,
we only use the first 3 sessions in order to have the same
number of trials for all subjects (≈4000 samples). The EEG
signals have been preprocessed according to the following
steps: a [2, 20]Hz Chebyshev bandpass filter of order 5 is first
applied followed by a decimation, resulting in a poststimulus
time-window of 31 samples per channels. Hence, each trial is
composed of 310 (10× 31) features.

We have also studied the effectiveness of our methods
on an error-related potential (ErrP) dataset that has been
recorded in the GIPSA Lab. The subjects were asked to
memorize the position of 2 to 9 digits and to remind the
position of one of these digits; operation has been repeated 72
times for each subject. The signal following the visualization
of the result (correct/error on the memorized position) was
recorded from 31 electrodes and sampled at 512Hz. Similar to
Jrad et al. [17], a [1, 10]Hz Butterworth filter of order 4 and a
downsampling has been applied to all channel signals. Finally,
a time window of 1000ms is considered as a trial (training
example) with a dimensionality of 16 × 31 = 496.

3.2. Evaluation Criterion, Methods, and Experimental Proto-
col. We have compared several regularizers that induce fea-
ture/channel selection embedded in the learning algorithm,
in a single subject learning setting as defined in (2). The
performance measure commonly used in BCI competitions
[3] is the area under the Roc curve (AUC). This measure is
an estimate of the probability for a positive class to have a
higher score than a negative class. It makes particularly sense
to use AUCwhen evaluating a P300 speller as the letter in the
keyboard is usually chosen by comparing score returned by
the classifier for every column or line. In addition, AUC does
not depend on the proportion of positive/negative examples
in the data which makes it more robust than classification
error rate. Our baseline algorithm is an SVM, which uses an
ℓ
2
regularizer and thus does not perform any selection. Using

an ℓ
1
regularizer yields a classifier which embeds feature

selection, denoted as SVM-1 in the sequel. Three mixed-
norm regularizers inducing sensor selection have also been
considered: an ℓ

1
−ℓ
2
denoted asGSVM-2, and ℓ

1
−ℓ
𝑞
referred

as GSVM-q, with 𝑞 being selected in the set {1, 1.2, . . . , 1.8, 2}
by a nested cross-validation stage, and adaptive ℓ

1
− ℓ
𝑞
norm,

with 𝑞 = 2 denoted as GSVM-a.
For the multitask learning setting, two MTL methods

were compared to two baseline approaches which use all
features, namely, a method that treats each tasks separately by
learning one SVM per task (SVM) and a method denoted as
SVM-Full, which on the contrary learns a unique SVM from
all subject datasets. The two MTL methods are, respectively,
a MTL as described in (10), denoted as MGSVM-2s and the
same MTL but without similarity promoting regularization
term, which actually means that we set 𝜆

𝑠
= 0, indicated as

MGSVM-2. For these approaches, performances are evalu-
ated as the average AUC of the decision functions over all the
subjects.

The experimental setup is described in the following. For
each subject, the dataset is randomly split into a training set
of 𝑛 = 1000 trials and a test set containing the rest of the
trials. The regularization parameter 𝜆 has been selected from
a log-spaced grid ([10−3, 101]) according to a nested 3-fold
cross-validation step on the training set. When necessary,
the selection of 𝑞 is also included in this CV procedure.
Finally, the selected value of 𝜆 is used to learn a classifier
on the training examples and performances are evaluated on
the independent test set. We run this procedure 10 times for
every subject and report average performances. A Wilcoxon
signed-rank test, which takes ties into account, is used to
evaluate the statistical difference of the mean performances
of all methods compared to the baseline SVM. We believe
that such a test is more appropriate for comparing methods
thanmerely looking at the standard deviation due to the high
intersubject variability in BCI problems.

3.3. Results and Discussions. We now present the results we
achieved on the above-described datasets.

3.3.1. Simulated Dataset. Average (over 10 runs) performance
of the different regularizers on the simulated dataset is
reported in Table 1 through AUC, sensor selection rate, and
𝐹-measure. This latter criterion measures the relevance of
the selected channels compared to the true relevant ones. F-
measure is formally defined as

𝐹-measure = 2
C ∩C∗



|C∗| + |C|
, (12)

whereC andC∗ are, respectively, the set of selected channels
and true relevant channels and |⋅| here denotes the cardinality
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Figure 2: Selected sensors for the EPFL dataset. The line width of the circle is proportional to the number of times the sensor is selected for
different splits. No circle means that the sensor has never been selected.

of a set. Note that if the selected channels are all the
relevant ones, then the 𝐹-measure is equal to one. Most
of the approaches provide similar AUC performances. We
can although highlight that group-regularization approaches
(GSVM-2, GSVM-p, GSVM-a) drastically reduce the num-
ber of selected channels since only 62% and 45% of the
sensors are selected. A clear advantage goes to the adaptive
regularization that is both sparser and is more capable of
retrieving the true relevant channels.

3.3.2. P300 Datasets. Results for these datasets are reported
in Table 2. For the EPFL dataset, all methods achieve per-
formances that are not statistically different. However, we
note that GSVM-2 leads to sensor selection (80% of sensor
selected) while GSVM-a yields to classifiers that, on average,
use 26% of the sensors at the cost of a slight loss in
performances (1.5% AUC).

Results for the UAM dataset follow the same trend in
terms of sensor selection but we also observe that the mixed-
norm regularizers yield to increased performances. GSVM-
2 performs statistically better than SVM although most of
the sensors (9 out of 10) have been kept in the model.
This shows that even if few channels have been removed,
the group-regularization improves performances by bringing
sensor prior knowledge to the problem. We also notice

that GSVM-a performance is statistically equivalent to the
baseline SVM one while using only half of the sensors and
GSVM-p consistently gives similar results to GSVM-2.

To summarize, concerning the performances of the differ-
ent mixed-norm regularization, we outline that on one hand,
GSVM-2 is at worst equivalent to the baseline SVM while
achieving sensor selection and on the other hand GSVM-a
yields to a substantial channel selection at the expense of a
slight loss of performances.

A visualization of the electrodes selected by GSVM-a can
be seen in Figure 2 for the EPFL dataset and in Figure 3 for
the UAM dataset. Interestingly, we observe that for the EPFL
dataset, the selected channels are highly dependent on the
subject.Themost recurring ones are the following: FC1 C3 T7
CP5 P3 PO3 PO4 Pz and the electrodes located above visual
cortex O1, Oz, and O2.We see sensors from the occipital area
that are known to be relevant [12] for P300 recognition, but
sensors such as T7 and C3, from other brain regions, are also
frequently selected.These results are however consistent with
those presented in the recent literature [4, 18].

The UAM dataset uses only 10 electrodes that are already
known to perform well in P300 recognition problem, but
we can see from Figure 3 that the adaptive mixed-norm
regularizer further selects some sensors that are essentially
located in the occipital region. Note that despite the good
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Figure 3: Selected sensors for the UAM dataset. The line width of the circle is proportional to the number of times the sensor is selected for
different splits. No circle means that the sensor has never been selected.

Table 1: Performance results on the simulated datasets: the average performance in AUC (in %), the average percent of selected sensors (Sel),
and the 𝐹-measure of the selected channels (in %).

Methods Avg. AUC AUC 𝑃-val Avg. Sel 𝐹-measure
SVM 79.79 — 100.00 66.67
GSVM-1 79.32 0.027 98.75 67.25
GSVM-2 80.96 0.004 62.50 89.72
GSVM-p 80.74 0.020 63.12 89.40
GSVM-a 80.51 0.014 45.62 93.98
Best results for each performance measure are in bold.
The 𝑃 value refers to the one of a Wilcoxon signed-rank test with SVM as a baseline.

Table 2: Performance results for the 3 datasets: the average performance (over subjects) in AUC (in%), the average percent of selected sensors
(Sel), and the 𝑃 value of the Wilcoxon signed-rank test for the AUC when compared to the baseline SVM’s one.

Methods
Datasets

EPFL dataset (8 Sub., 32 Ch.) UAM dataset (30 Sub., 10 Ch.) ErrP dataset (8 Sub., 32 Ch)
Avg. AUC Avg. Sel 𝑃 value Avg. AUC Avg. Sel 𝑃 value Avg. AUC Avg. Sel 𝑃 value

SVM 80.35 100.00 — 84.47 100.00 — 76.96 100.00 —
SVM-1 79.88 87.66 0.15 84.45 96.27 0.5577 68.84 45.85 0.3125
GSVM-2 80.53 78.24 0.31 84.94 88.77 0.0001 77.29 29.84 0.5469
GSVM-p 80.38 77.81 0.74 84.94 90.80 0.0001 76.84 37.18 0.7422
GSVM-a 79.01 26.60 0.01 84.12 45.07 0.1109 67.25 7.14 0.1484
Best performing algorithms for each performance measure are in bold.
The 𝑃 value refers to the one of a Wilcoxon signed-rank test with SVM as a baseline.
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Figure 4: Performance versus sensor selection visualisation for the EPFL dataset. The large marker corresponds to the best model along the
regularization path.

average performances reported in Table 2, some subjects in
this dataset achieve very poor performances, of about 50% of
AUC, regardless of the consideredmethod. Selected channels
for one of these subjects (Subject 25) are depicted in Figure 3
and, interestingly, they strongly differ from those of other
subjects providing rationales for the poor AUC.

We have also investigated the impact of sparsity on the
overall performance of the classifiers. To this aim, we have
plotted the average performance of the different classifiers
as a function of the number of selected sensors. These
plots are depicted in Figure 4 for the EPFL dataset and on
Figure 5 for the UAM dataset. For both datasets, GSVM-
a frequently achieves a better AUC for a given level of
sparsity. For most of the subjects, GSVM-a performs as
well as SVM but using far less sensors. A rationale may be
that in addition to selecting the relevant sensors, GSVM-a
may provide a better estimation of the classifier parameters
leading to better performances for a fixed number of sensors.
As a summary, we suggest thus the use of an adaptive mixed-
norm regularizer instead of an ℓ

1
− ℓ
2
mixed-norm as in van

Gerven et al. [19] when sparsity and channel selection are of
primary importance.

3.3.3. ErrP Dataset. The ErrP dataset differs from the others
as its number of examples is small (72 examples per subject).
The same experimental protocol as above has been used

for evaluating the methods but only 57 examples out of
72 have been retained for validation/training. Classification
performances are reported on Table 2. For this dataset, the
best performance is achieved by GSVM-2 but the Wilcoxon
test shows that all methods are actually statistically equiva-
lent. Interestingly, many channels of this dataset seem to be
irrelevant for the classification task. Indeed, GSVM-2 selects
only 30%of themwhileGSVM-a uses only 7%of the channels
at the cost of 10% AUC loss. We believe that this loss is
essentially caused by the aggressive regularization of GSVM-
a and the difficulty to select the regularization parameter 𝜆
using only a subset of the 57 training examples. Channels
selected by GSVM-2 can be visualized on Figure 6. Despite
the high variance in terms of selected sensors, probably due
to the small number of examples, sensors in the central area
seem to be the most selected one, which is consistent with
previous results in ErrP [35].

3.3.4. Multitask Learning. We now evaluate the impact of the
approach we proposed in (10) and (11) on the P300 datasets.
We expect that since multitask learning allows transferring
some information between the different classification tasks, it
will help in leveraging classification performances especially
when the number of available training examples is small.
Note that the ErrP dataset has not been tested in this MTL
framework, because the above-described results suggest an
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Figure 5: Performance versus sensor selection visualisation for the UAM dataset. The large marker corresponds to the best model along the
regularization path.

important variance in the selected channels for all subjects.
Hence, we believe that this learning problem does not fit into
the prior knowledge considered through (11).

We have followed the same experimental protocol as
for the single task learning except that training and test
sets have been formed as follows. We first create training
and test examples for a given subject by randomly splitting
all examples of that subject and then gather all subject’s
training/test sets to form the multitask learning training/test
sets. Hence, all the subjects are equally represented in these
sets. A 3-fold nested cross-validation method is performed
in order to automatically select the regularization terms (𝜆

𝑟

and 𝜆
𝑠
).

Performances of the different methods have been evalu-
ated for increasing number of training examples per subject
and are reported in Figure 7.We can first see that for the EPFL
dataset, MGSVM-2 and MGSVM-2s yield a slight but con-
sistent improvement over the single-task classifiers (SVM-
Full being a single classifier trained on all subject’s examples
and SVM being the average performances of subject-specific
classifiers).Thepoor performances of the SVM-Full approach
are probably due to the high intersubject variability in this
dataset, which includes impaired patients.

For the UAM dataset, results are quite different since the
SVM-Full and MGSVM-2s show a significant improvement
over the single-task learning. We also note that when only

the joint channel selection regularizer is in play (MGSVM-
2), multitask learning leads to poorer performance than
the SVM-Full for a number of trials lower than 500. We
justify this by the difficulty of achieving appropriate channel
selection based only on few training examples, as confirmed
by the performance of GSVM-2. From Figure 8, we can see
that the good performance of MGSVM-2s is the outcome
of performance improvement of about 10% AUC over SVM,
achieved on some subjects that perform poorly. More impor-
tantly, while performances of these subjects are significantly
increased, those that perform well still achieve good AUC
scores. In addition, we emphasize that these improvements
are essentially due to the similarity-inducing regularizer.

For both datasets, the MTL approach MGSVM-2s is
consistently better than those of other single-task approaches
thanks to the regularization parameters 𝜆

𝑟
and 𝜆

𝑠
that can

adapt to the intersubject similarity (weak similarity for EPFL
and strong similarity for UAM). These are interesting results
showing that multitask learning can be a way to handle
the problem related to some subjects that achieve poor
performances. Moreover, results also indicate that multitask
learning is useful for drastically shortening the calibration
time. For instance, for the UAM dataset, 80% AUC was
achieved using only 100 training examples (less than 1 minute
of training example recordings). Note that the validation
procedure tends tomaximize performances and does not lead
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Figure 6: Selected sensors for the ERP dataset. The line width of the circle is proportional to the number of times the sensor is selected. No
circle means that the sensor has never been selected.
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to sparse classifiers forMTL approaches. As shown in Figures
2 and 3, the relevant sensors are quite different between
subjects thus a joint sensor selection can lead to a slight loss
of performances, hence the tendency of the cross-validation
procedure to select nonsparse classifiers.

4. Conclusion

In this work, we have investigated the use of mixed-norm
regularizers for discriminating event-related potentials in
BCI. We have extended the discriminative framework of van
Gerven et al. [19] by studying general mixed-norms and
proposed the use of the adaptive mixed-norms as sparsity-
inducing regularizers. This discriminative framework has
been broadened to the multitask learning framework where
classifiers related to different subjects are jointly trained.
For this framework, we have introduced a novel regularizer
that induces channel selection and classifier similarities.
The different proposed approaches were tested on three
different datasets involving a substantial number of subjects.
Results from these experiments have highlighted that the
ℓ
1
− ℓ
2
regularizer has been proven interesting for improving

classification performance whereas adaptive mixed-norm
is the regularizer to be considered when sensor selection
is the primary objective. Regarding the multitask learning
framework, our most interesting finding is that this learn-
ing framework allows, by learning more robust classifiers,
significant performance improvement on some subjects that
perform poorly in a single-task learning context.

In future work, we plan to investigate a different grouping
of the features, such as temporal groups. This kind of group
regularization could be for instance used in conjunction with
the sensors group in order to promote both feature selection
and temporal selection in the classifier. While the resulting
problem is still convex, its resolution poses some issues so that
a dedicated solver would be necessary.

Another research direction would be to investigate the
use of asymmetrical MTL. This could prove handy when
a poorly performing subject will negatively influence the

other subject performances inMTL while improving his own
performances. In this case one would like subject classifier
to be similar to the other’s classifier without impacting their
classifiers.

Appendices

A. Proof of Lipschitz Gradient of
the Squared Hinge Loss

Given the training examples {x
𝑖
, 𝑦
𝑖
}, the squared Hinge loss is

written as

𝐽 =

𝑛

∑

𝑖=1

max(0, 1 − 𝑦
𝑖
x𝑇
𝑖
w)
2

(A.1)

and its gradient is

∇w𝐽 = −2∑
𝑖

x
𝑖
𝑦
𝑖
max (0, 1 − 𝑦

𝑖
x𝑇
𝑖
w) . (A.2)

The squaredHinge loss is gradient Lipschitz if there exists
a constant 𝐿 such that

∇𝐽 (w1) − ∇𝐽 (w2)
2 ≤ 𝐿

w1 − w
2

2

∀w
1
,w
2
∈ R
𝑑
.

(A.3)

Theproof essentially relies on showing that x
𝑖
𝑦
𝑖
max(0, 1−

𝑦
𝑖
x𝑇
𝑖
w) is Lipschitz itself; that is, there exists 𝐿 ∈ R such that
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Now let us consider different situations. For a given w
1

and w
2
, if 1 − x𝑇

𝑖
w
1
≤ 0 and 1 − x𝑇

𝑖
w
2
≤ 0, then the left-hand

side is equal to 0 and any 𝐿 would satisfy the inequality. If
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A similar reasoning yields to the same bound when 1 −
x𝑇
𝑖
w
1
≥ 0 1 − x𝑇

𝑖
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1
≤ 0 and 1 − x𝑇
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≥

0. Thus, x
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𝑖
max(0, 1 − 𝑦

𝑖
x𝑇
𝑖
w) is Lipschitz with a constant

‖x
𝑖
‖
2. Now, we can conclude the proof by stating that ∇w𝐽 is

Lipschitz as it is a sum of Lipschitz function and the related
constant is ∑𝑛

𝑖=1
‖x
𝑖
‖
2

2
.

B. Lipschitz Gradient for the Multitask
Learning Problem

For themultitask learning problem, we want to prove that the
function
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is gradient Lipschitz, 𝐿(⋅, ⋅) being the square Hinge loss. From
the above results, it is easy to show that the first term is
gradient Lipschitz as the sum of gradient Lipschitz functions.

Now, we also show that the similarity term
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is also gradient Lipschitz.
This term can be expressed as
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where w𝑇 = [w𝑇
1
, . . . ,w𝑇

𝑚
] is the vector of all classifier

parameters and M ∈ R𝑚𝑑×𝑚𝑑 is the Hessian matrix of the
similarity regularizer of the form

M = I − 1

𝑚

𝑚

∑

𝑡=1

D
𝑡 (B.4)

with I the identity matrix and D
𝑡
a block matrix with D

𝑡
a

(𝑡−1)-diagonal matrix where each block is an identity matrix
Iwith appropriate circular shift.D

𝑡
is thus a (𝑡−1) row-shifted

version of I.
Once we have this formulation, we can use the fact that

a function 𝑓 is gradient Lipschitz of constant 𝐿 if the largest

eigenvalue of its Hessian is bounded by 𝐿 on its domain [36].
Hence, since we have

‖M‖2 ≤ ‖I‖2 +
1

𝑚

𝑚

∑

𝑡=1

D𝑡
2 = 2 (B.5)

the Hessian matrix of the similarity term 2 ⋅ M has conse-
quently bounded eigenvalues. This concludes the proof that
the function w𝑇Mw is gradient Lipschitz continuous.

C. Proximal Operators

C.1. ℓ
1
Norm. Theproximal operator of the ℓ

1
norm is defined

as

prox
𝜆‖x‖
1
(u) = arg min
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2
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and has the following closed-form solution for which each
component is
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C.2. ℓ
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2
Norm. The proximal operator of the ℓ
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is defined as
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The minimization problem can be decomposed into several
ones since the indices 𝑔 are separable. Hence, we can just
focus on the problem

minx
1

2
‖x − u‖2

2
+ 𝜆‖x‖2 (C.4)

whose minimizer is

0 if ‖u‖2 ≤ 𝜆

(1 −
𝜆

‖u‖2
) u otherwise.

(C.5)
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