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The explosive growth of health-related data presented unprec-
edented opportunities for improving health of a patient.
Machine learning plays an essential role in healthcare field
and is being increasingly applied to healthcare, including
medical image segmentation, image registration, multimodal
image fusion, computer-aided diagnosis, image-guided ther-
apy, image annotation, and image database retrieval, where
failure could be fatal.

The purpose of this special issue is to advance scientific
research in the broad field of machine learning in healthcare,
with focuses on theory, applications, recent challenges, and
cutting-edge techniques.

The quality level of the submissions for this special issue
was very high. A total of 24 manuscripts were submitted to
this issue in response to the call for papers. Based on a rigor-
ous review process, 8 papers (33%) were accepted for the
publication in the special issue. Below, we briefly summarize
the highlights of each paper.

One of the papers of this special issue, “Diagnosis of
Alzheimer’s Disease Based on Structural MRI Images Using
a Regularized Extreme Learning Machine and PCA Fea-
tures,” R. K. Lama et al. proposes a method and compared
Alzheimer disease (AD) diagnosis approaches using struc-
tural magnetic resonance (sMR) images to discriminate AD,
mild cognitive impairment, and healthy control subjects using
a support vector machine (SVM), an import vector machine
(IVM), and a regularized extreme learning machine (RELM).
By means of experiments on the ADNI datasets, it has been

concluded that RELM with the feature selection approach
can significantly improve classification accuracy of AD from
mild cognitive impairment and healthy control subjects.

S. Alam et al. presented a method for distinguishing AD
from healthy control using combination of dual-tree complex
wavelet transforms, principal coefficients from the transaxial
slices of MRI images, linear discriminant analysis, and twin
support vector machine in their article “Twin SVM-Based
Classification of Alzheimer’s Disease Using Complex Dual-
Tree Wavelet Principal Coefficients and LDA.”

A semisupervised learning approach for cell detection is
presented in the third article of this special issue by N.
Ramesh et al. in their paper entitled “Cell Detection Using
Extremal Regions in a Semisupervised Learning Framework.”
The method requires very few examples of cells with simple
dot annotations for training.

In the paper entitled “Patient-Specific Deep Architec-
tural Model for ECG Classification” by K. Luo et al., a
method for ECG classification is proposed. The method
is based on time-frequency representation and patient-
specific deep learning architectural model, and it uses deep
neural network classifier.

An automatic method for segmentation of 3D magnetic
resonance imaging (MRI) data, useful in the clinical diagno-
sis of brain tumor, named as Glioma is presented by Z. Li
et al. in the article “Low-Grade Glioma Segmentation Based
on CNN with Fully Connected CRF.” The method combined
a multipathway convolutional neural network (CNN) and
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fully connected conditional random field (CRF). Experi-
mental results have shown that the method is useful for
low-grade glioma.

A general system for hybrid disease diagnosis adopting
classifier optimization procedure using evolutionary algo-
rithms is presented by M. R. Nalluri et al. in their article
“Hybrid Disease Diagnosis Using Multiobjective Optimiza-
tion with Evolutionary Parameter Optimization.”

Y. Chou et al., in their paper “A Real-Time Analysis
Method for Pulse Rate Variability Based on Improved Basic
Scale Entropy,” proposed a method named sliding window
iterative base scale entropy analysis by combining base scale
entropy analysis and sliding window iterative theory for
analyzing heart rate variability signal.

Another paper of this special issue by J.-S. Park et al. titled
“R Peak Detection Method Using Wavelet Transform and
Modified Shannon Energy Envelope” presents an R peak
detection method using the wavelet transform and amodified
Shannon energy envelope for rapid ECG analysis.

These 8 selected contributions basically can reflect the
new achievements in the machine learning applications in
healthcare, and we hope they can provide a solid foundation
for future new approaches and applications.
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Alzheimer’s disease (AD) is a leading cause of dementia, which causes serious health and socioeconomic problems. A progressive
neurodegenerative disorder, Alzheimer’s causes the structural change in the brain, thereby affecting behavior, cognition, emotions,
and memory. Numerous multivariate analysis algorithms have been used for classifying AD, distinguishing it from healthy controls
(HC). Efficient early classification of AD and mild cognitive impairment (MCI) from HC is imperative as early preventive care
could help to mitigate risk factors. Magnetic resonance imaging (MRI), a noninvasive biomarker, displays morphometric
differences and cerebral structural changes. A novel approach for distinguishing AD from HC using dual-tree complex wavelet
transforms (DTCWT), principal coefficients from the transaxial slices of MRI images, linear discriminant analysis, and twin
support vector machine is proposed here. The prediction accuracy of the proposed method yielded up to 92.65± 1.18 over the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset, with a specificity of 92.19± 1.56 and sensitivity of 93.11± 1.29,
and 96.68± 1.44 over the Open Access Series of Imaging Studies (OASIS) dataset, with a sensitivity of 97.72± 2.34 and
specificity of 95.61± 1.67. The accuracy, sensitivity, and specificity achieved using the proposed method are comparable or
superior to those obtained by various conventional AD prediction methods.

1. Introduction

Alzheimer’s disease (AD) is the most familiar cause of
dementia, with patients comprising 50%–80% of all dementia
sufferers. The disease affects memory, cognition, and behav-
ior. As AD is a neurodegenerative condition, several types of
atrophy occur in the hippocampus and other areas of the
brain. Despite being the 6th leading cause of death in the
USA, it is not a common disease. Currently, there is no cure;
however, some preventive measures can be taken to mitigate
risk factors and slow the degenerative process. An estimated
$605 billion globally and $220 billion in USA is spent annu-
ally on diagnosing AD. Many people suffer from AD world-
wide, and demands on researchers are growing rapidly.
MRI is an effective medical image construction technique,

as it has the proven potential to view structural changes in
the human brain, internal organs, and other tissues.

MRI produces high-quality structural images, providing
distinctive tissue information, which enhances both the accu-
racy of brain pathology diagnosis and quality of treatment. A
key advantage of this technique is its noninvasiveness. Many
studies have been conducted using multivariate analysis algo-
rithms and structural/functional MRI to classify neurological
diseases [1–3]. A primary focus of these studies was the large
dimensionality of extracted features and the identification of
disease signatures among them where the most discrimina-
tive information of the said diseases exists. Results showed
significant cerebral structural changes in several brain ROIs,
particularly in the hippocampus and entorhinal cortex [4].
Global and internal intensity-based features, [3, 5], as well
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as geometric- and surface-based features [6, 7], have been
used in earlier studies for classifying disease. The authors
presented an electroencephalogram (EEG) coherence study
of Alzheimer’s disease using a probabilistic neural network
(PNN) and showed significant accuracy in distinguishing
true AD from the control groups [8]. Chaplot et al. [9] strat-
ified AD using discrete wavelet coefficients as a feature for
training and testing Support Vector Machines (SVMs) and
neural network classifiers. Extracting essential discrimina-
tory features from MRI brain images is imperative for com-
petent analysis of disease diagnosis. The preferred feature
extraction methods, amongst those most frequently used,
are independent component analysis [10], wavelet transform
[11], and Fourier transform [12]. This study has been con-
ducted using discrete wavelet features and the k-nearest
neighbor algorithm (k-NN) [11] on an artificial neural
network (ANN) [11, 13]. Zhang and Wang [14] ran AD
prediction models using displacement field estimation
between AD and healthy controls using an SVM, twin sup-
port vector machine (TWSVM), and generalized eigenvalue
proximal SVM (GEPSVM) as classifiers. Tomar and Agarwal
[15] reviewed several types of twin SVM algorithms, their
optimization problems, and their applications.

The biomarkers used in our proposed method are MRI
images from the Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) and Open Access Series of Imaging Studies
(OASIS) datasets. Our primary reason for using DTCWT
over DWT is its effective representation of singularities
(curves and lines), even though DWT has the advantage of
representing the functions in multiscale and compressed
forms. In DTCWT, shifts in magnitude variance can be
achieved to a higher degree [16]. In our proposed method,
DTCWT coefficient-based AD classification has been pro-
posed using principal component analysis and linear
discriminant analysis of extracted coefficients; a TWSVM
was utilized as a supervising technique. Classification perfor-
mance is documented regarding accuracy, sensitivity, and
specificity, after applying 10-fold cross validation and
running the program 10–20 times. Our method produced
superior results when compared with several conventional
AD classification methods.

2. Material and Methods

A total of 172 subjects from the ADNI dataset were used—86
AD and 86 HC. In addition, we used 95 subjects from the
OASIS dataset—44 HC and 51 subjects suffering from very
mild to mild AD.

2.1. Overview of Experimental Data. Data used in the prepa-
ration of this article were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database (http://
adni.loni.usc.edu).

The ADNI was launched in 2003 as a public-private part-
nership led by Principal Investigator Michael W. Weiner,
MD. The primary goal of the ADNI is to test whether serial
MRI, positron emission tomography (PET), other biological
markers, and clinical and neuropsychological assessment
can be combined to measure the progression of MCI and

early-onset Alzheimer’s disease AD. For up-to-date informa-
tion, visit www.adni-info.org. The demographic details of
data used from the ADNI are shown in Table 1.

In addition, we utilized MRI images downloaded from
the OASIS dataset. OASIS is a database designed to compile
MRI datasets and make them freely accessible to the scientific
community. OASIS compiles two types of data: cross-
sectional MRI data and longitudinal MRI data. Our study
utilized cross-sectional MRI data, as our aims are to develop
an automatic system for detecting AD, for which longitudinal
MRI data is not optimal.

The OASIS dataset consists of 416 subjects aged between
18 and 96 years. Our study included 51 AD patients (35 with
CDR=0.5 and 16 with CDR=1) out of 100 having dementia
and 44 HC out of 98 normal subjects. Table 2 shows the
demographic details of the subjects used in our study. Both
men and women are included and all subjects are right
handed. The scale of the CDR is listed in Table 3.

2.2. ProposedApproach.Theproposed approach ismade up of
4 phases: preprocessing and slice extraction, feature extrac-
tion, projection of features into lower dimension, and efficient
classification of the disease. Figure 1 shows all phases in detail.

2.2.1. Preprocessing and Slice Extraction. All MRI images
used for training and testing the TSVM of our proposed
approach are viewed using the ONIS toolbox and exported

Table 1: Summary of subject’s demographics status.

AD Normal

Number of subjects

86 86

43 males 46 males

43 females 40 females

Average age 77.30 76.05

Average education points 14.65 15.93

MMSE 23.48 29.08

Table 2: Statistical OASIS data details used in our learning.

Factors Normal Very mild & mild AD

Number of patients 44 51

Age 84.40 (76–96) 82.11 (76–96)

Education 3.34 (1–5) 3.13 (1–5)

Socioeconomic status 2.31 (1–5) 2.82 (1–5)

CDR (0.5/1) 0 35/16

MMSE 28.72 (25–30) 24.82 (18–30)

Table 3: Clinical dementia scale.

CDR Rank

0.5 Very mild dementia

1 Mild

2 Moderate

3 Severe
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as 2D MRI image slices. All images are in PNG format, and
the dimensions of OASIS image slices are 176× 208; the
dimensions of the ADNI image slices are 256× 166. The
range of selection of those slices was performed manually
from the tissue center for information clarity. The images
are resized to 256× 256 for further processing. A sample of
a brain image slice is depicted in Figure 2. LibSVM toolbox
was used for kernel SVM simulation in MATLAB.

2.2.2. Dual-Tree Complex Wavelet Transform.Wavelet trans-
form (WT) is one of the most frequently used feature extrac-
tion techniques for MR images. For our proposed approach,
we extract the DTCWT [16] coefficients from the input MRI
images. The features of the 5th resolution scale were used as
they produced higher classification performance when com-
pared with other resolution levels. DTCWT has a multireso-
lution representation, as with CWT. For efficient disease
classification, it is preferable to use a few intermediate scales
of the extracted coefficients as input to a classifier, as the low-
est resolution scales lose fine details and high-resolution
scales contain mostly noise. Thus, we prefer to choose a few
intermediate scales of DTCWT coefficients. These coeffi-
cients were sent as input for principal component analysis
(PCA). CWT can be represented as complex-valued scaling

functions and complex-valued wavelets. DTCWT engages
two real DWTs, which provide the real and imaginary com-
ponents of the wavelet transform, respectively. In addition,
two filter bank types are set: analysis filter banks and synthe-
sis filter banks. These filter banks are used for implementing
DTCWT to ensure that overall transformation becomes
almost analytic, as shown in Figure 3.

The DTCWT can be denoted in matrix form as

D = DhDg , 1

where Dh and Dg are rectangular matrices.
For the input image x, complex wavelet coefficients can

be represented as

Th + jTg, 2

where Th =Dh
∗x is the real component and Tg =Dg

∗x is the
imaginary part.

The DTCWT coefficients of input images are shift invari-
ant; they do not change when an image is shifted in time or
space. In addition, DTCWT employs segregation of 6 diverse
directions (±15, ±30, and ±45) for 2D images and 28 different
directions for 3D images, while conventional DWT only
allows for isolation of horizontal and vertical directions. For

Dual Tree Complex
wavelet transform

Axial slice image

Principal
Component

Analysis Analysis

Twin SVM

AD/NC

Linear
discriminant

Figure 1: Flowchart of DTCWT-based classification performance of AD from HC.

(a) Normal (b) Alzheimer

Figure 2: MR image slice sample (axial slice view after preprocessing).
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each 2D slice subject image, we extracted 5-level DTCWT
coefficients from one scale.

2.2.3. Principal Component Analysis. Principal component
analysis (PCA) [17] is a dimensionality reduction technique
that is applied to map features onto lower dimensional space.
This data transformation may be linear or nonlinear. One of
most frequently used linear transformation is PCA, which is
an orthogonal transformation used to convert possibly corre-
lated samples to linearly uncorrelated variables. The number
of principal components is lower than or equal to the number
of original variables. The PCA conversion process is shown
in Figure 4.

The PCA is summarized as follows:

(i) Calculating the mean of the data and zero mean data

(ii) Constructing the covariance matrix

(iii) Acquiring the eigenvalue and the eigenvector

(iv) Projecting the data matrix with eigenvectors corre-
sponding to the highest to lowest eigenvalues.

2.2.4. Linear Discriminant Analysis. A generalized Fisher
linear discriminant [18] is used for the linear projection of
features to separate two or more classes. To make effective
and discriminative projected features, PCA coefficients can
be projected on to a new LDA projection axis.

To find the class separation projection axis, it is neces-
sary to determine between-class scatter and within-class
variability.

The between class variable matrix can be denominated by
sample variance as

SB =
1
c
〠
c

j=1
mj −m mj −m T 3

Within class variance matrix can be expressed as

Sw = 〠
c

j=1
〠
zk∈wi

zk −mi zk −mi
T , 4

where zk is kth sample variable belonging to a class.
The generalized Rayleigh coefficient is

J w =
WtSBW

WtSwW
, 5

where W is the matrix for LDA coefficients. This can be
characterized using the generalized eigenvalue problem as

SBW = λSwW, 6

where λ is the eigenvalue.
If Sw is singular matrix, (6) can be simplified as

Sw
−1SBW = λW, 7

where the eigenvectors of Sw
−1SB will be W. The eigenvector

matrix will be WLDA,

WLDA = W1W2W3⋯Wk , k ∈ Z 8

The PCA coefficients can be projected onto l lower
dimensional LDA projection termed by eigenvectors corre-
sponding nonzero higher energy eigenvalues,

WLDA′ = W1W2W3⋯Wl , l ∈ Z, 9

where l ≤ k.

2h0 (n)

h1(n)

h0 (n)

h1 (n)

h0 (n)

h1 (n)

g0 (n)

g1 (n)

g0 (n)

g1 (n)

g0 (n)

g1 (n)

2

2

2

2

2

2

2

2

2

2

2

x (n)

Figure 3: Block diagram for a 3-level DTCWT.
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The final feature matrix F is evaluated as

F = WLDA′
T
⋅ ψ x pc 10

2.2.5. Twin Support Vector Machine. Jayadeva and Chandra
[19] proposed a novel dual hyperplane-based variant twin
SVM. The concepts of generalized eigenvalues proximal
support vector machine (GEPSVM) are applied here, which
require two nonparallel optimum hyperplanes for each class.
There are two quadratic programming (QP) problems
optimized as TSVM pairs, as in a typical SVM.

Mathematically, the TSVM primal problem can be opti-
mized by solving the following two quadratic programming
problems:

min
w1,b1,q

1
2

X1w1 + o1b1
T X1w1 + o1b1 + C1o2

Tξ1

s t − X2w1 + o2b1 + ξ1 ≥ o2, ξ1 ≥ 0,
11

min
w1,b1,q

1
2

X2w2 + o2b2
T X2w2 + o2b2 + C2o1

Tξ2

s t − X1w2 + o1b2 + ξ2 ≥ o1, ξ2 ≥ 0
12

Here, Xi i = 1, 2 are input features, wi i = 1, 2 are the
normal hyperplane vectors, bi i = 1, 2 are bias terms,

Ci i = 1, 2 are the vectors of positive penalty parameters,
oi i = 1, 2 are the suitable dimensional matrices of ones,
and ξi i = 1, 2 are the slack variables. Hence, the TSVM
finds two hyperplanes, each of which is nearer to the data
sample of one class than to that of another. Therefore, mini-
mizing (11) and (12) will compel the hyperplanes to approx-
imate the data of each class and enhance the classification
rate. The optimization problem can be solved in the Lagrange
duality principle [15].

3. Results and Discussions

3.1. Background. In this article, our proposed approach is
presented using Fisher linear discriminant analysis of
DTCWT principal components. The details of our proposed
method are shown in Figure 1. The advantage of WT over
FT is its multiple-scaled representations and frequency com-
ponents with spatial domain information. Fourier coeffi-
cients only produce image frequency information, whereas
wavelets contain powerful observations of the spatial and
frequency domain in a multiscaled format. In addition,
wavelet representation is spatially localized; Fourier func-
tions are not spatially localized as they consist only of image
frequency components. MRI images can be represented and
processed at numerous resolutions and can therefore be used
as an incisive framework for processing multiresolution
images. Finally, DWT coefficients can be extracted by using
arrays of low and high pass filter banks.

However, there are multiple drawbacks to conventional
wavelet transform. These include drift in wavelet coefficient
oscillation towards positive and negative around singulari-
ties, shift variance of signal (which may cause oscillation of
wavelet coefficient samples around singularities), substantial
aliasing of amply spaced wavelet coefficient patterns, and lack
of directional selectivity perturbs to process and model geo-
metric image features (such as edges and ridges). In these
cases, flaws regarding conventional DWT are not experi-
enced by Fourier transform. Inspired by Fourier transform,
our improved DTCWT is used to overcome these drawbacks.
Previous studies have shown that DTCWT feature-based AD
disease detection performs better than typical DWT-based
feature extraction [20]. Furthermore, DTCWT produces
superior singularities of line and curve representation. Thus,
discriminative feature can be extracted comparatively, which
is crucial for any pattern classification problem.

Misclassification rates and higher dimensionality of
features present problems concerning pattern classification.
For smooth classification, dimensionality reduction tech-
niques are employed to transform data from higher to
lower dimensional spaces. PCA is the most frequently
applied linear transformation and addresses these concerns.
Extracted features are analyzed using PCA for feature
reduction. For each MRI image from the OASIS and ADNI
datasets, there are 49,152 (1536× 32) features. After apply-
ing PCA, this is reduced to 95× 94 for OASIS data and
172× 171 for ADNI data.

After PCA, the classification may still not be sufficient, as
PCA does not account for variability of features within a class
or between classes. To ensure that the PCs are more

Input feature matrix (M⁎N)
M: number of dimension of features

N: number of features

Transform to zero mean matrix

Compute the covariance matrix
(d⁎d)

Select f eigenvector corresponding
to f  largest eigenvalues (m⁎d)

Compute the projected data (f⁎N)
such that m < n

Figure 4: PCA implementation for feature reduction.
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separable, it is needed to transform data onto another space
combining directions that will find axes, which will maximize
the gap between different classes. Thus, LDA is applied to
project PCs onto new projection axes for more effective
disease classification.

TSVM is an emerging efficient pattern classification
and regression algorithm in machine learning. Numerous
studies have shown that TSVM is highly effective in terms
of classification, regression performance, and time complexity
[19, 21–23]. Hence, we have applied TSVM using linear dis-
criminant DTCWT principal components as input features.

All programs are executed in MATLAB 2015b installed
on an Intel (R) Core (TM) i3-4160 CPU system. The time
complexity of the extraction of DTCWT and DWT coeffi-
cients from a 2D MRI image slice are 0.5148 and 0.5109,
respectively. There is no significant difference in CPU-
elapsed time when comparing transform methods. As a
dimensionality reduction technique, we used PCA to omit
higher dimensional input features.

In addition, it is not feasible to train and test a classifier
with higher dimensional features due to elapsed time. The
CPU-elapsed time to achieve TSVM classification perfor-
mance was approximately 88.40 seconds without reducing
dimensions. The time required for our proposed method is
approximately 15.74 seconds—faster than the methods that
do not employ fisher discriminant analysis.

3.2. Performance Evaluation. The performance of a binary
classifier can be visualized using a confusion matrix, as
shown in Table 4. The number of examples correctly pre-
dicted by the classifier is located on the diagonal. These
may be divided into true positives (TP), representing cor-
rectly identified patients, and true negatives (TN), represent-
ing correctly identified controls. The number of examples
wrongly stratified by the classifier may be divided into false
positives (FP), representing controls incorrectly classified as
patients, and false negatives (FN), representing patients
incorrectly classified as controls.

Accuracy is determined measuring the proportion of
examples that are correctly labeled by a classifier:

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

13

This may not be an ideal performance metric if the class
distribution of the dataset is unbalanced.

For example, if class C1 is much larger than C2, a high
accuracy value could be obtained by a classifier that labels
all examples as belonging to class C1. Sensitivity is the rate
of true positives (TP), and specificity is the rate of true nega-
tives (TN). Sensitivity and specificity are defined as

sensitivity =
TP

TP + FN
,

specif icity =
TN

TN + FP

14

Sensitivity measures the proportion of correctly identi-
fied patients, and specificity measures the proportion of cor-
rectly identified controls. Additionally, some other frequently
used statistical performance evaluation measures such as
precision, recall, f measure, and gmean are also calculated.

These measures are defined as

Recall = sensitivity,

Precision =
TP

TP + FP
,

f measure = 2∗
precision∗recall
precision + recall

,

gmean = sqrt TP rate∗TN rate

15

The previous measures are likely to provide an efficient
overall performance assessment of a classifier.

3.3. Performance of Classification. In this study, the proposed
hybrid method has been used for OASIS and ADNI data
to distinguish control subjects from AD subjects. The
recorded classification performance regarding accuracy
(acc), sensitivity (sens), and specificity (spec) has been
shown in a bar diagram in Figure 5 and in Figure 6. Per-
formance varies depending on the principal components
used for training and testing, as shown in Figure 7 for
ADNI data. After testing with different PC values for both
datasets, it was concluded that optimal classification per-
formance was achieved with PC=20. To run a strict

Table 4: Confusion matrix for a binary classifier to distinguish
between two classes (S1 and S2).

True class
Predicted class

S1 (patients) S2 (controls)

S1 (patients) TP FN

S2 (controls) FP TN
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Figure 5: Bar chart of DTCWT-based classification performance of
AD from HC over ADNI dataset.
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statistical analysis, stratified cross validation (SCV) is
applied. We have applied 5-fold CV to OASIS data and
10-fold CV to ADNI data, as the number of subjects in
the OASIS dataset is lower than that of the ADNI dataset.
5-fold CV divides the dataset into five folds, whereas the
10-fold CV divides the dataset into ten folds.

The accuracies, sensitivities, specificities, and other
statistical performance measures obtained with 10–20
runs of 10-fold SCV and 5-fold SCV are shown in
Tables 5 and 6, respectively.

Although comparison with conventional methods can
be difficult, we have compared our approach with some
recent conventional disease detection algorithms using
both datasets.

To analyze the performance over the ADNI dataset, the
classification performance has been documented with both
run-wise fold-wise classification, as shown in Tables 7 and 8.
Table 8 shows the classification performance where linear dis-
criminant analysis is not used. Individual columns and rows
represent the classification accuracy of the corresponding
runs and folds. Consequently, accuracy is calculated taking
the average of all folds and runs. The classification perfor-
mance in all 10 or 5 folds of each run can be analyzed
with that.

We have compared several recently used sets of algo-
rithms and methods [11, 13, 24], using the same datasets
as in this article. We have obtained a 92.65± 1.18%
accuracy, which outperforms the DWT-based method
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Figure 6: Bar chart of DTCWT-based classification performance of AD from HC over OASIS dataset.
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proposed by El-Dahshan et al. [11] and Zhang et al., [13]
as shown in Table 9 and Figure 5. The proposed method was
also executed applying conventional DWT principal coeffi-
cients. We have seen that the DTCWT-based method outper-
forms DWT-based method. In addition, performance is
documented without using LDA for both types of feature.

However, classification performance has become more effi-
cient when LDA-projected features are considered, as shown
in Tables 5 and 9 and Figure 5. Our method has been distin-
guished from the volumetric feature-based research study
proposed by Schmitter et al. [24], and it outperforms the
results thereof, as shown in Figure 5. Additionally, our results

Table 5: Performance evaluation over ADNI dataset.

Methods Accuracy Sensitivity Specificity Precision Recall f_measure gmean

Proposed 92.65± 1.18 93.11± 1.29 92.19± 1.56 92.78± 1.27 93.11± 1.29 92.63± 1.19 92.46± 1.24
DTCWT+PCA+TSVM 91.77± 0.85 92.48± 0.89 91.13± 1.31 91.73± 0.95 92.48± 0.89 91.72± 0.77 91.57± 0.91

Table 6: Performance evaluation over OASIS dataset.

Methods Accuracy Sensitivity Specificity Precision Recall f_measure gmean

Proposed 96.68± 1.44 97.72± 2.34 95.61± 1.67 96.13± 1.57 97.72± 2.34 96.76± 1.51 96.56± 1.44
DTCWT+PCA+TSVM 95.46± 1.35 97.55± 1.26 93.36± 2.39 94.14± 2.01 97.55± 1.26 95.61± 1.28 95.29± 1.42

Table 7: Run- and fold-wise classification performance of proposed approach over ADNI dataset.

Folds Runs Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Run 9 Run 10

Fold 1 94.44 100 100 100 94.44 88.8889 100 87.5 94.44 100

Average accuracy
92.659

Fold 2 100 94.117 100 88.23 82.35 94.11 81.25 94.11 94.44 88.88

Fold 3 94.117 94.117 94.11 88.88 100 82.35 100 100 88.88 88.23

Fold 4 94.117 88.235 88.88 94.11 100 93.75 94.117 94.11 100 82.35

Fold 5 87.5 88.888 88.88 94.11 88.23 100 93.75 100 87.5 94.44

Fold 6 100 94.117 87.5 88.88 100 76.47 88.23 77.77 94.11 94.44

Fold 7 87.5 94.117 87.5 93.75 100 83.33 100 94.11 82.35 93.75

Fold 8 87.5 100 100 88.88 100 94.44 100 83.33 87.5 94.11

Fold 9 94.444 100 94.44 94.11 88.88 94.11 100 88.235 88.888 87.5

Fold 10 94.444 83.333 83.33 94.11 82.35 100 88.88 94.117 100 100

Fold-wise
accuracy

93.406 93.692 92.46 92.512 93.62 90.747 94.624 91.3317 91.813 92.37

Table 8: Run- and fold-wise classification performance of the DTCWT+PCA+TSVM method over ADNI dataset.

Folds Runs Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Run 9 Run 10

Fold 1 88.88 94.11 94.11 87.5 87.5 77.77 75 100 82.35 88.88

Average accuracy
91.77

Fold 2 94.11 100 100 94.44 100 94.44 88.88 94.11 88.23 87.5

Fold 3 94.11 87.5 88.23 93.75 94.11 94.11 88.88 88.23 93.75 76.47

Fold 4 93.75 82.35 88.23 88.23 100 94.11 94.11 88.23 76.47 100

Fold 5 88.88 94.11 94.11 83.33 82.35 94.11 82.35 88.88 94.44 100

Fold 6 94.11 82.35 94.44 100 100 100 87.5 94.11 88.88 88.88

Fold 7 83.33 94.44 100 100 83.33 87.5 100 88.23 100 100

Fold 8 87.5 94.44 83.33 82.35 88.23 93.75 94.44 88.23 93.75 83.33

Fold 9 94.44 100 94.44 88.88 100 88.23 100 82.35 88.88 100

Fold 10 94.11 94.11 88.23 88.23 94.11 100 100 100 100 100

Fold-wise
accuracy

91.32 92.34 92.51 90.67 92.96 92.40 91.11 91.24 90.67 92.50
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were compared with kernel SVM-based classification and
produced superior performance.

Likewise, to analyze and stratify OASIS dataset, identical
methods have been used, namely run-wise and fold-wise
classifications, as depicted in Tables 10 and 11.

We observed, as shown in Tables 6 and 12 and Figure 6,
that our method yielded an accuracy of 96.68± 1.44, a sensi-
tivity of 97.72± 2.34, and a specificity of 95.61± 1.67. This
classification performance has also been documented
without using LDA; however, results improve when LDA is
applied on principal dual-tree complex wavelet transform
coefficients or principal DWT coefficients and TSVM is
used as a classifier. The result is efficient when DTCWT
principal coefficients are used over DWT method.

To further verify the efficacy of the proposed method, we
compared it with 12 state-of-the-art approaches, as shown in
Table 12, which utilized different statistical settings.

The results show that US+ SVD-PCA+SVM-DT [25]
yielded an accuracy of 90%, a sensitivity of 94%, and a spec-
ificity of 71%; BRC+ IG+SVM [26] achieved an accuracy of
90.00%, a sensitivity of 96.88%, and a specificity of 77.78%;
and curvelet +PCA+KNN [27] obtained stratification an
accuracy of 89.47%, a sensitivity of 94.12%, and a specificity
of 84.09%. We observed that these methods have lower spec-
ificity compared to the other methods mentioned previously.
In contrast, BRC+ IG+Bayes [26] yielded higher specificity.

Similarly, BRC+ IG+VFI [26] yielded a classification
accuracy of 78%, sensitivity of 65.63%, and specificity of

Table 9: Classification performance of AD from HC over ADNI data.

Methods Accuracy Sensitivity Specificity

Proposed 92.65± 1.18 93.11± 1.29 92.19± 1.56
DTCWT+PCA+TSVM 91.77± 0.85 92.48± 0.89 91.13± 1.31
DTCWT+PCA+LDA+Kernel SVM 90.181± 0.97 90.276± 1.60 90.101± 1.23
DTCWT+PCA+Kernel SVM 82.74± 1.24 84.43± 1.51 81.18± 1.85
DWT+PCA+LDA+TSVM 86.75± 1.69 89.32± 1.43 84.23± 2.21
DWT+PCA+TSVM 85.88± 1.16 88.93± 1.61 88.93± 2.02
DTCWT+PCA+LDA+ANN 86.97± 1.30 86.25± 1.78 87.72± 3.51
DTCWT+PCA+LDA+KNN 83.89± 0.75 81.41± 1.33 86.34± 1.08
DTCWT+PCA+LDA+AdaBoost (tree) 84.48 83.72 85.26

DWT+PCA+ANN [13] 80.05± 0.72 81.538± 1.41 78.974± 1.09
DWT+PCA+KNN [11] 79.964± 1.19 78.771± 2.37 81.08± 1.67
[24] 85 82 88

Table 10: Run- and fold-wise classification performance of the proposed approach over OASIS dataset.

Folds Runs Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Run 9 Run 10

Fold 1 94.44 94.44 100 88.23 100 100 100 94.11 100 100

Average accuracy
96.58

Fold 2 94.11 100 88.23 88.88 88.88 100 94.11 100 88.88 93.75

Fold 3 94.44 94.11 100 94.11 100 94.44 100 94.11 100 100

Fold 4 100 100 100 94.44 100 94.44 100 100 100 100

Fold 5 100 88.88 100 100 94.44 100 94.11 100 94.11 94.44

Fold-wise
accuracy

96.60 95.49 97.64 93.13 96.66 97.77 97.64 97.64 96.60 97.63

Table 11: Run- and fold-wise classification performance of the DTCWT+PCA+TSVM method over OASIS dataset.

Folds Runs Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Run 9 Run 10

Fold 1 100 94.11 94.44 100 94.44 94.44 94.11 94.44 88.8 94.44

Average accuracy
95.46

Fold 2 100 100 88.23 94.44 94.44 100 94.11 94.44 100 94.44

Fold 3 94.44 83.33 94.44 94.11 100 94.44 94.44 94.11 94.44 100

Fold 4 94.44 100 94.44 94.11 94.44 88.88 100 100 100 88.88

Fold 5 94.11 100 94.11 94.44 100 87.5 100 94.44 100 100

Fold-wise
accuracy

96.60 95.49 93.13 95.42 96.66 93.05 96.53 95.49 96.66 95.55
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100%. Although it yielded high specificity, accuracy and
sensitivity yielded by this algorithmwere comparatively poor.

All other methods achieved satisfying results. VBM+RF
[28] obtained an accuracy of 89.0± 0.7%, a sensitivity of
87.9± 1.2%, and a specificity of 90.0± 1.1. These promising
results were achieved largely due to voxel-based
morphometry (VBM).

DF+PCA+SVM [14] yielded an accuracy of 88.27±
1.89%, a sensitivity of 84.93± 1.21%, and a specificity of
89.21± 1.63%. This method is based on a novel approach
called displacement field (DF).

EB+WTT+SVM+RBF [29] obtained an accuracy of
86.71± 1.93%, a sensitivity of 85.71± 1.91%, and a specificity
of 86.99± 2.30%; however, EB+WTT+SVM+Pol [29]
yields better classification performance.

In addition, MGM+PEC+SVM [30], GEODAN+
BD+SVM [30], and TJM+WTT+SVM [30] achieved
approximately 92% accuracy with similarly high sensi-
tivity and precision; specificity was not calculated for
these methods.

Finally, taking classification performance into consider-
ation, our approach outperforms all other methods analyzed
here. We have also produced promising performance metrics
for sensitivity and specificity. Hence, we submit that our
results are either superior or comparable to the other
compared methods.

4. Conclusions

Our proposed experiment uses LDA on the principal compo-
nents of DTCWT coefficients and TSVM to stratify AD. Our
proposed detection method for the ADNI dataset yielded an
accuracy of 92.65± 1.18% with high sensitivity and

specificity. Our proposed method also outperforms those of
Zhang et al. [13] and El-Dahshan et al. [11] and the volumet-
ric feature-based classification proposed by Schmitter et al.
[24]. In addition, the classification performance of our pro-
posed experiment for OASIS data performs better when
compared with the several state-of-the-art approaches speci-
fied in this paper—yielding an accuracy of 96.68± 1.44 with
similarly high sensitivity and specificity.

In the future, we will carry forward our research focusing
on the following: (i) 3D DTCWT-based feature extraction
with multiresolution analysis and classification and (ii) con-
volutional neural network- (CNN-) based classification using
3D MRI.

Additional Points

Data Access. Data used in reparation of this article were
obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (http://adni.loni.usc.edu). A
complete listing of ADNI investigators can be found at
https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/
ADNI_Acknowledgement_List.pdf.

Disclosure

The investigators within the ADNI contributed to the
design and implementation of ADNI and/or provided
data but did not participate in the analysis or writing
of this report.
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Table 12: Algorithm performance comparison over OASIS MRI data.

Algorithm Accuracy Sensitivity Specificity Precision

Proposed 96.68± 1.44 97.72± 2.34 95.61± 1.67 96.13± 1.57

DTCWT+PCA+TSVM 95.46± 1.35 97.55± 1.26 93.36± 2.39 94.15± 2.01
DWT+PCA+LDA+TSVM 87.23± 1.65 89.61± 2.25 84.85± 1.66 86.66± 1.99
DWT+PCA+TSVM 86.19± 1.50 88.83± 1.98 83.5± 1.87 85.66± 1.84
DTCWT+PCA+LDA+ANN 88.59 + 2.08 88.75 + 2.75 89.55 + 3.96 NA

DTCWT+PCA+LDA+KNN 83.69 + 1.57 85.7 + 1.94 81.8 + 1.45 NA

DTCWT+PCA+LDA+AdaBoost (tree) 87.45 88.59 86.26 NA

BRC+ IG+ SVM [26] 90.00 (77.41, 96.26) 96.88 (82.01, 99.84) 77.78 (51.92, 92.63) NA

BRC+ IG+Bayes [26] 92.00 (79.89, 97.41) 93.75 (77.78, 98.27) 88.89 (63.93, 98.05) NA

BRC+ IG+VFI [26] 78.00 (63.67, 88.01) 65.63 (46.78, 80.83) 100.00 (78.12, 100) NA

MGM+PEC+ SVM [30] 92.07± 1.12 86.67± 4.71 N/A 95.83± 5.89
GEODAN+BD+ SVM [30] 92.09± 2.60 80.00± 4.00 NA 88.09± 5.33
TJM+WTT+ SVM [30] 92.83± 0.91 86.33± 3.73 N/A 85.62± 0.85
VBM+RF [28] 89.0± 0.7 87.9± 1.2 90.0± 1.1 NA

DF+PCA+ SVM [14] 88.27± 1.9 84.93± 1.21 89.21± 1.6 69.30± 1.91
EB+WTT+ SVM+RBF [29] 86.71± 1.93 85.71± 1.91 86.99± 2.30 66.12± 4.16
EB+WTT+ SVM+Pol [29] 92.36± 0.94 83.48± 3.27 94.90± 1.09 82.28± 2.78
Curvelet + PCA+KNN [27] 89.47 94.12 84.09 NA

US+ SVDPCA+ SVM-DT [25] 90 94 71 NA
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Rapid automatic detection of the fiducial points—namely, the P wave, QRS complex, and T wave—is necessary for early
detection of cardiovascular diseases (CVDs). In this paper, we present an R peak detection method using the wavelet
transform (WT) and a modified Shannon energy envelope (SEE) for rapid ECG analysis. The proposed WTSEE algorithm
performs a wavelet transform to reduce the size and noise of ECG signals and creates SEE after first-order differentiation
and amplitude normalization. Subsequently, the peak energy envelope (PEE) is extracted from the SEE. Then, R peaks are
estimated from the PEE, and the estimated peaks are adjusted from the input ECG. Finally, the algorithm generates the
final R features by validating R-R intervals and updating the extracted R peaks. The proposed R peak detection method
was validated using 48 first-channel ECG records of the MIT-BIH arrhythmia database with a sensitivity of 99.93%,
positive predictability of 99.91%, detection error rate of 0.16%, and accuracy of 99.84%. Considering the high detection
accuracy and fast processing speed due to the wavelet transform applied before calculating SEE, the proposed method is
highly effective for real-time applications in early detection of CVDs.

1. Introduction

An electrocardiogram (ECG) is a recording of the electrical
activity of the heart [1, 2] and a graphical representation of
the signals obtained from electrodes placed on the skin near
the heart [1, 3, 4]. The recent use of computers in conducting
ECG analysis allows the patterns of the ECG signal, com-
posed of multiple cycles that include numerous sample
points, to be visualized [5]. Some of these sample points are
fiducial—namely, the P wave, QRS complex, and T wave
[4]. The identification of these points is a critical step in ana-
lyzing the ECG signal and has become possible by analyzing
its morphological patterns [6].

In 2012, cardiovascular diseases (CVDs) accounted for
37% of premature (under the age of 70) noncommunicable
disease mortality [7–9]. The detection of fiducial points is

critical for the initial diagnosis and analysis of CVDs. In
Figure 1, we can see the peaks of the QRS complex, the high-
est of which is known as the R peak in the QRS interval [10].
Other time segments are also shown, such as the P-Q and S-T
segments. The R peak in the QRS interval is the most impor-
tant feature for analyzing the ECG data. All these waves
are electrical manifestations of the contractile activity of
the heart [11]. Detection of the main characteristic waves
in an ECG is one of the most essential tasks, and the per-
formance of any CVD analysis method depends on the
reliable detection of these waves. R peak detection in
ECG is one such method that is widely used to diagnose
heart rhythm irregularities and estimate heart-rate variabil-
ity (HRV) [12, 13].

Significant research efforts have been devoted to the
detection of the fiducial points of an ECG signal. Those
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methods include slope-based threshold methods [14, 15],
wavelet-transform-based methods [1, 4, 10, 16–18],
mathematical-morphology-based methods [6, 19], digital
filtering methods [14, 20, 21], and Shannon energy enve-
lope- (SEE-) based methods [22–25]. There are also other
studies that use the wavelet transform for denoising ECG
signals [4, 17].

The Pan and Tompkins methods (PT) [14] appear to be
the most common benchmark given that they incorporate
several fundamental techniques including low-pass filtering,
high-pass filtering, derivative filtering, squaring, and win-
dowing for the detection of the R peaks. The principal draw-
back of a filtering-based approach is the adverse effect on
performance [20] because of the change in frequency of the
characteristic wave. Shannon energy with the Hilbert trans-
formmethod (SEHT) [22] provides good accuracy for detect-
ing R peaks. However, the Hilbert transform in SEHT
requires large memory and processing time, making it
unsuitable for real-time application. Moreover, SEHT detects
many noise peaks in ECG data with long pauses. Zhu and
Dong [23] developed an R peak detection method called
PSEE by using only the SEE. The authors used an
amplitude threshold that affects the performance of the
algorithm for valid peak detection. A QRS complex gener-
ally overlaps in the frequency domain [26], resulting in
false positive detections. Some of the threshold techniques
are highly noise-sensitive [17]; therefore, developments of
sophisticated, automatic, and computationally efficient
techniques are required that can outperform existing
methods to ensure the real-time analysis of an ECG for
the proper diagnosis of CVDs.

In this paper, we propose a novel approach of using the
wavelet transform (WT) and modified SEE for the rapid
detection of R peaks in the QRS complex. First, the proposed
WTSEE algorithm performs a WT to reduce the size and
noise of ECG signals and subsequently calculates the SEE
after first-order differentiation and amplitude normalization.
Following this step, the peak energy envelope (PEE) is made
from the SEE for easy identification of peaks. R peaks are

then estimated from the PEE, and the estimated peaks are
adjusted from the input ECG. Finally, the algorithm gener-
ates the final R peaks by validating R-R intervals and updat-
ing the extracted R peaks.

The proposed R peak detection method was validated
using 48 first-channel ECG records of the MIT-BIH arrhyth-
mia database with sensitivity, positive predictability, detec-
tion error rate, and accuracy. We also measured the mean
of R-R interval (MRR), standard deviation of normal to
normal R-R intervals (SDNN), and root mean square of
successive heartbeat interval differences (RMSSDs), which
can be used for analyzing heart rate variability.

The remainder of this paper is organized as follows. In
Section 2, we discuss the proposed R peak detection method
using the wavelet transform and SEE. In Section 3, we pro-
vide the experimental results, the performance analysis of
the proposed method, and a discussion of the real-time
implementation. In Section 4, we conclude our work and
provide insight into future study.

2. Methods

An ECG signal consists ofmany cycles of P, Q, R, and Swaves,
with each cycle comprising many sample points. In MIT-BIH
record 100, a cycle comprises approximately 280 sample
points [27]. There are up to 10 fiducial points that determine
the overall characteristics of a cycle of ECG signal. Among
various existing SEE-based methods, band-pass filters, such
as the Chebyshev type I filter and Butterworth filter, are used
for denoising input ECG signals as preprocessing steps. In the
proposed method, wavelet transform replaces the band-pass
filters by level 2 down-sampling, soft thresholding for denois-
ing detailed coefficients [17], and reconstructing the level 1
signal. By applying this procedure, we can reduce the size
and time required for extracting R peaks.

The proposed WTSEE algorithm extracts these fiducial
points (R peaks) from the down-sampled ECG signals by cal-
culating SEE, repeating a similar procedure as SEE to empha-
size peak information (thus, we call this procedure the peak
energy envelope), detecting R peaks, and updating the R
peaks by comparing the R-R intervals. Figure 2 presents the
data flow in the proposed R peak detection algorithm with
its principle stages. First, the proposed WTSEE algorithm
performs a wavelet transform, instead of a band-pass filter,
to reduce the size and noise of ECG signals. It then calculates
SEE after first-order differentiation and amplitude normali-
zation. In the third stage, the PEE is created from the SEE
for easy identification of peaks. In the next stage, R peaks
are estimated from the PEE, and the estimated peaks are
adjusted from the input ECG. Finally, the algorithm gener-
ates the final R peaks by validating R-R intervals and
updating the extracted R peaks. In Figure 2, original time
space and down-sampled time space are represented by t1
and t2, respectively.

2.1. Discrete Wavelet Transform. The wavelet transform
(WT) is a good technique for signal compression and
noise reduction. The computational complexity for the
discrete wavelet transform (DWT) is O(n). Wavelet
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Q
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R

T

QRS
complex

P‑Q
interval

S‑T interval 

Figure 1: Fiducial points of an ECG signal: P wave, QRS complex, T
wave, and time intervals.
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analysis combines filtering and down-sampling as shown
in Figure 3 [4, 17].

(1) As the first step of the proposed method, WT
reduces the size and noise of an ECG. By applying these

transform, memory requirements and processing time are
dramatically reduced.

Symlets wavelet sym5 is chosen as the wavelet function
to decompose the ECG signals, and the thresholding method

(1) Discrete wavelet transform

(2) Shannon energy envelope calculation

(3) Peak energy envelope calculation
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Figure 2: Data flow in the proposed R peak detection method using WT and modified SEE.

Low‑pass 
filter

EI(t1)

ER(t2)

D
C

1

D
C

2

A
C

2

A
C

1

D
C

2A
C

1Down‑
sampling

High‑pass 
filter

Down‑
sampling

Low‑pass 
filter

Down‑
sampling

High‑pass 
filter

Down‑
sampling

Soft 
thresholding

Low‑pass 
filter

Up‑
sampling

High‑pass 
filter

Up‑
sampling

Reconstruction
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is employed to remove the noise [4]. Figure 4 demonstrates
the difference between the scaling function and wavelet func-
tion with symlets [28]. By applying this procedure, the peak
signal becomes clearer. The sym5 wavelet transformation is
performed as

AC ,DC = dwt EI , sym5 , 1

where AC is an approximation coefficient vector, DC is a
detail coefficient vector, EI is an input ECG signal vector,
and dwt ∗ is a DWT function.

(2) To reduce the noise of an ECG signal, we applied a
soft thresholding that is recognized as more powerful than
hard thresholding as

DC j =
sign DC j ∣DC j ∣ − t , ∣DC j ∣ > t

0, ∣DC j ∣ ≤ t,
2

where coefficients DC j and DC j are detail coefficients after
and before thresholding, respectively.

In the proposed scheme, we chose the universal threshold
selection method. Here, the value of threshold (t) is com-
puted as

t = σ
2log N

N
, 3

where N is the total number of wavelet coefficients and
σ =median DC j /0 6745 is the standard deviation of
the noise.

After the noise removal, reconstruction is applied to
obtain noise-free ECG signal as follows:

EF = idwt AC ,DC , sym5 , 4

where AC is a previously extracted approximation coeffi-
cients vector, DC is a noise-removed detail coefficient vec-
tor, EF is a denoised ECG signal, and idwt ∗ is an inverse
DWT function.

2.2. Shannon Energy Envelope Calculation. (3) After applying
the 2nd DWT along with noise removal and reconstruction,

we perform the first-order differentiation of the signal to obtain
the slope information. The first-order differentiation is equiv-
alent with a high-pass filter that passes high-frequency com-
ponents (QRS complex) and attenuates lower frequency
components (P and T waves). The mathematical implemen-
tation of the first-order differentiation can be shown as

Dn = EF
n+1 − EF

n 5

(4) Next, the signal is normalized to scale its value to 1.
This is to prepare the signal for SEE computation.

Dn =
Dn

max ∣Dn∣
6

(5) After differentiating the ECG signal, it becomes a
bipolar signal. Given that the method is based on peak detec-
tion, we must transform the differentiated signal into a uni-
polar signal. The unipolar signal can be obtained by the
following Shannon energy function:

SEn = − Dn

2
log Dn

2 7

(6) To obtain a smooth SEE, the signal is passed through
a zero-shift moving average filter [13] that can be considered
as a moving window integrator. The mathematical expres-
sion of a moving average filter is expressed in the following
where the window width is set as 33:

SSn =
1
N

SEn−N/2 +⋯ + SEn−1 + SEn + SEn+1 +⋯ + SEn+N/2 8

The length of the moving average filter is an important
parameter for this detection method. Generally, the length
of the moving average filter is taken as approximately the
width of the QRS complex. In the existing method [13], 65
samples are used for the moving average filter. However, in
this paper, we reduce the length to 33.

2.3. Peak Energy Envelope Calculation. After the SEE calcula-
tion stage, we obtain the smooth peak signal, but it contains
both true R peaks and false R peaks. In this stage, we thus
attenuate the false R peaks and emphasize the true R peaks.
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(b) Wavelet function with symlets 5

Figure 4: Comparison of scaling function and wavelet function with symlets 5 [28].
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This is performed by similar steps to those of the SEE, so we
call this procedure the peak energy envelope (PEE).

(7) It is natural that the amplitude values for true R
peaks are higher than those for false peaks. Thus, if we
take the first-order differentiation of the signal, it stores
the slope information of the true peaks but reduces the
slope information of the false peaks. The first-order differ-
entiation can be expressed as

DS
n = SSn+1 − SSn 9

(8) Next, the signal is amplitude normalized to unity as

DS
n =

DS
n

max ∣DS
n∣

10

(9) The normalized bipolar signal is converted to a
unipolar signal by a squaring operation. The amplitude of
false peaks is very low, and the squaring operation will atten-
uate these peaks completely. As a result, the true R peaks are
amplified, and false R peaks are diminished. The squared
unipolar signal can be expressed as:

PE
n = DS

n

2
11

(10) The signal is then passed through a moving average
filter to obtain a resulting signal with smooth peak. In our
proposed technique, we use a moving average filter length
of 43 samples, which is smaller than the existing length of
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Figure 5: Example flow of the proposed R peak detection methods using WT and modified SEE. (a) Input ECG signal of record 121, (b)
resized ECG after wavelet transform, (c) output of 1st-order differential, (d) squared differential, (e) normalized differential, (f) calculated
Shannon energy (SE), (g) extracted Shannon energy envelope (SEE) after moving average, (h) normalized difference of SEE, (i) calculated
peak energy (PE) after square operation, (j) extracted peak energy envelope (PEE) after moving average, (k) estimated peaks in PEE (red
circles), and (l) true detected R peaks in ECG signal (red circles).
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85 [13]. The final signal expressed next is used for peak detec-
tion where the window width is set as 43.

PS
n =

1
N

PE
n−N/2 +⋯ + PE

n−1 + PE
n + PE

n+1 +⋯ + PE
n+N/2

12

2.4. Peak Detection. Figure 5 shows an example flow of the
proposedWTSEE method for detecting R peaks. After squar-
ing, to obtain a smooth SEE, a moving average filter opera-
tion is performed. The output of the moving average filter
does not provide any unnecessary rising peaks.

(11) The locations of rising peaks are referred to as the
locations of true R peaks, as shown in the Figure 5(k). Thus,
no amplitude threshold value is required for the detection of
R peaks.

RE = findPeaks PS , 13

where RE is the estimated locations of rising peaks and
f indPeaks ∗ is a peak-finding function from smooth PEE PS.

(12) In this stage, the R peaks are detected by applying a
peak-finding algorithm. However, the detected peak loca-
tions are slightly different from the actual positions of the R
peaks in the ECG signal. Thus, to find the real positions of
R peaks, the actual sample instant of R peaks in the input
ECG signal is found by searching for the maximum ampli-
tude within ±25 samples of the identified location in the
previous step as

RC
k = argmax

k
EF
k−25,…, EF

k ,…, EF
k+25 , 14

where RC
k is the searched real position from the input ECG

signal and EF
k is the amplitude of the kth positions of esti-

mated R peak RE
k .

In Figure 5, the total signal processing of the proposed
method is shown, where red circles indicate the detected R
peaks by using the proposed method in Figure 5(l).

2.5. R Peak Update. As the final procedure, the previously
detected peak set RC is validated and updated using the fol-
lowing steps. This validation and update process is based
on the R-R intervals between neighboring R peaks. The
objective of this procedure is balancing the R-R intervals.

(13) Measure the x-axis intervals between neighboring R
peaks as follows:

ΔRC k = xk+1 − xk, k = 1, 2,…, K − 1 15

(14) Generate the final R feature, RF x , by repeating the
validation and update for all candidate peaks of RC x . Each
peak RC xk can be classified into one of three categories
according to the value of the ΔRC k :

(a) RC xk is not included to RF x if the x-axis intervals
between two neighboring peaks, ΔRC k− 1 or
ΔRC k , are less than a given threshold; that is,

RC xk ∉ RF x , if ΔRC k− 1 < θΔ1 orΔRC k < θΔ1,
16

where θΔ1 is a threshold value that determines the mini-
mum offset between R-R peaks. This threshold value can
be set as follows:

θΔ1 = α∗μΔ, 17

where α = 0 5 and μΔ is the average spacing of R-R peaks.

(b) Find additional R peaks between RC xk−1 and
RC xk+1 when x-axis intervals with two neighboring
peaks are greater than a given threshold:

EF xa ∈ RF x , xk−1 + γ∗μΔ < xa < xk+1 − γ∗μΔ,
if ΔRC k− 1 > θΔ2 orΔRC k > θΔ2,

18

where θΔ2 = β∗μΔ is a threshold value that determines the
maximum interval between R-R peaks and γ is a parameter
for defining the size of search area. We used β and γ as 1.5
and 0.5, respectively.

(c) RC xk is maintained as RF x when the x-axis inter-
vals are located at the proper intervals:

RC xk ∈ RF x , if θΔ1 ≤ ΔRC k ≤ θΔ2,
θΔ1 ≤ ΔRC k + 1 ≤ θΔ2

19

3. Results

3.1. Experimental Data. We used the MIT-BIH arrhythmia
database [28] from the PhysioNet site. This database was
developed with the aim of benchmarking references for
automated analysis of ECG signals. The MIT-BIH arrhyth-
mia DB has 48 two-channel ambulatory ECG recordings of
30min duration each. They are available at different frequen-
cies and different time lengths. These signals are sampled at
360 samples per second and have a resolution of 11 bits over
a 10mV range. We used the first lead of all 48 records to
validate the performance of the proposed method.

There are 112,647 labeled beats, where the “Normal beat”
class contains 75,052 beats of annotation type “1.” Table 1
summarizes the annotations in the MIT-BIH arrhythmia
DB and shows the examples of the 23 types of annotated
beats. In the table, 1: NORMAL, 2: LBBB,…, and 38: PFUS
are the annotation types and their abbreviations, respectively
(please refer to the site for the meaning, annotation types,
and their abbreviations). And # indicates the number of cor-
responding beats in MIT-BIH DB, and R-# is the record
number of illustrated data.

As shown in Table 1, there are many abnormal beats in the
ECG signals, so considering all annotations to be the reference
peaks is not the correct way to verify the performance of the R
peak detection methods. To solve the problem of incorrect or
ambiguous annotation, we apply the validation process to
determine whether each annotated position is true peak or not.

3.2. R Peak Detection Results. Figure 6 shows examples of the
detected R peaks from various records in the MIT-BIH DB.
In this figure, black asterisks (∗) denote the annotated beats
in DB and red circles (O) denote the extracted peaks. As
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shown in the figure, the proposed method can detect normal
R peaks under various conditions such as baseline drift, noisy
signal, tall T waves as shown in Figure 6(c), or long paused
waves as shown in Figure 6(h).

Figure 7 shows another example of the detected R peaks
and annotated beats from various records in the MIT-BIH
database. In this figure, numbers, such as 1, 2, 3, 5, 14, and

28, indicate the annotation types of each beat. As shown in
the figure, the proposed method can remove abnormal beats
at the initial position of the ECG signal and correct the loca-
tion errors of record 117 as shown in Figure 7(c).

Despite the superiority of the proposed method, detec-
tion errors still exist. Figure 8 demonstrates examples of false
positives (FP) and false negatives (FN) of the proposed

Table 1: Summary and example of the 23 types of annotated beats in the MIT-BIH arrhythmia DB.

1: NORMAL (75,025) 2: LBBB (8075) 3: RBBB (7529) 4: ABERR (150)

R-1001

0

‒1

R-1091

0

‒1

R-1185

0

‒5

R-2010.5

0.0

‒0.5

5: PVC (7130) 6: FUSION (803) 7: NPC (83) 8: APC (2546)

R-1022

0

‒2

R-1080

‒1

‒2

R-1141

0

‒1

R-2002

0

‒2

9: SVPB (2) 10: VESC (106) 11: NESC (229) 12: PACE (7028)

R-2082

0

-2

R-2070.5

0.0

-0.5

R-201
2

0

‒2

R-102
1

0

‒1

13: UNKNOWN (33) 14: NOISE (616) 16: ARFCT (132) 22: NOTE (437)

R-2031

0

‒1

R-1042

0

‒2

R-1015

0

-5

R-219‒1

‒1.5

28: RHYTHM (1291) 31: FLWAV (472) 32: VFON (6) 33: VFOFF (6)

R-1022

0

‒2

R-2071

0

-1

R-2072

0

-2

R-2071

0

‒1

34: AESC (16) 37: NAPC (193) 38: PFUS (982)

23 types of annotation
Total annotated beats: 112,647

2

0

‒2

R-223 5

0

-5

R-118 R-1021

0

‒1
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method. FP is mainly generated in a high-frequency region,
and FN occurs in a small-noise area between R peaks. Espe-
cially, the DER of the proposed method appears the best
among others.

3.3. Evaluation Measure and Results. To evaluate the perfor-
mance of our proposed R peak detection method, we require
three parameters—namely, true positive (TP), false negative
(FN), and false positive (FP)—from the detected R peak.
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Figure 6: Examples of the detected R peaks from various normal records: (a) 101, (b) 108, (c) 111, (d) 112, (e) 202, (f) 221, (g) 222, and (h)
232. In the figure, black asterisks (∗) denote the annotated beats in MIT DB and red circles (O) denote the extracted R peaks.
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Figure 7: Examples of the annotated beats and detected real peaks from various records: (a) 106, (b) 111, (c) 117, (d) 119, (e) 207, and (f) 233.
In the figure, the numbers such as 1, 2, 3, 5, 14, and 18 indicate the annotation types of each beat.
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Here, TP is the number of correctly detected R peaks, FN is
the number of missed R peaks, and FP is the number of noise
spikes incorrectly detected as R peaks. Sensitivity (Se), posi-
tive predictability (+P), detection error rate (DER), and accu-
racy (Acc) can be computed by using TP, FN, and FP by
using the following equations, respectively, as widely used
in the literatures [1, 2, 4, 13, 24–26]:

Se =
TP

TP + FN
× 100%,

+P =
TP

TP + FP
× 100%,

DER =
FP + FN

TP
× 100%,

Acc =
TP

TP + FP + FN
× 100%,

20

where TP are the correctly detected beats (true positive), FP
are falsely detected beats (false positive), and FN are the unde-
tected beats (false negative). The sensitivity is used for evaluat-
ing the ability of the algorithm to detect true beats, the positive
predictability is used for evaluating the ability of the algorithm
to discriminate between true and false beats, and the error rate
is used for evaluating the accuracy of the algorithm [25].

The performance of the proposed R peak detection
method for 48 ECG recordings of the MIT-BIH arrhythmia

database is summarized in Table 2. The proposed method
detects a total of 109,415 (In total, there are 116,137 annotated
beats inMIT-BIH DB, but this number varies among different
references due to the use of different steps and comparing
tools [24]) true peaks. It also produces 79 FNs and 99 FPs.
The average accuracy for the proposed method is 99.838%,
the sensitivity is 99.93%, the positive predictability is 99.91%,
and the detection error rate is 0.163%. The obtained perfor-
mance is comparable to the best performances reported in
the literature considering the processing speed and memory
use. The high detection accuracy of the proposed method is
especiallymeaningful because it is based on wavelet transform.
Previous studies using wavelet transform did not show high
performance compared with nonwavelet transform-based
methods. Moreover, the final validation procedure proposed
in our method verifies the validity of each detected peak and
further improved the peak detection accuracy.

In Table 3, the performance of the proposed method on
theMIT-BIH arrhythmia DB is compared with other existing
methods. It shows that our proposed method has comparable
accuracy to other conventionally used methods including
wavelet transform techniques, the differential operation
method, the Pan and Tompkins algorithm, SEHT, and the
Shannon energy technique.

The previous four measures are related only to the R
peaks. Recently, measures of HRV have been suggested, such
as the mean of R-R intervals MRR , standard deviation of
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Figure 8: Detection failure of the proposed WTSEE method.
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Table 2: Performance of the proposed R peak detection method using the MIT-BIH arrhythmia DB with length 30min.

Record Total beats (TP + FN) TP (beats) FN (beats) FP (beats) Se (%) +P (%) DER (%) Acc (%)

100 2273 2272 1 0 99.96 100 0.044 99.956

101 1865 1864 1 3 99.95 99.84 0.215 99.786

102 2187 2187 0 0 100 100 0 100

103 2084 2084 0 0 100 100 0 100

104 2229 2228 1 5 99.96 99.78 0.269 99.731

105 2572 2568 4 17 99.84 99.34 0.818 99.189

106 2027 2024 3 5 99.85 99.75 0.395 99.606

107 2137 2136 1 1 99.95 99.95 0.094 99.906

108 1763 1759 4 5 99.77 99.72 0.512 99.491

109 2532 2532 0 1 100 99.96 0.039 99.961

111 2124 2123 1 0 99.95 100 0.047 99.953

112 2539 2539 0 0 100 100 0.000 100.000

113 1795 1794 1 0 99.94 100 0.056 99.944

114 1879 1878 1 2 99.95 99.89 0.160 99.841

115 1953 1953 0 3 100 99.85 0.154 99.847

116 2412 2400 12 2 99.50 99.92 0.583 99.420

117 1535 1532 3 1 99.80 99.93 0.261 99.740

118 2278 2278 0 2 100 99.91 0.088 99.912

119 1987 1986 1 2 99.95 99.90 0.151 99.849

121 1863 1862 1 1 99.95 99.95 0.107 99.893

122 2476 2476 0 0 100 100 0 100

123 1518 1518 0 2 100 99.87 0.132 99.868

124 1619 1619 0 4 100 99.75 0.247 99.754

200 2601 2600 1 2 99.96 99.92 0.115 99.885

201 1963 1960 3 0 99.85 100 0.153 99.847

202 2136 2135 1 0 99.95 100 0.047 99.953

203 2980 2959 21 8 99.30 99.73 0.980 99.029

205 2656 2655 1 0 99.96 100 0.038 99.962

207 1860 1858 2 5 99.89 99.73 0.377 99.625

208 2955 2946 9 3 99.70 99.90 0.407 99.594

209 3005 3005 0 1 100 99.97 0.033 99.967

210 2650 2649 1 2 99.96 99.92 0.113 99.887

212 2748 2748 0 0 100 100 0 100

213 3251 3251 0 0 100 100 0 100

214 2262 2262 0 1 100 99.96 0.044 99.956

215 3363 3362 1 0 99.97 100 0.030 99.970

217 2208 2208 0 1 100 99.95 0.045 99.955

219 2154 2154 0 0 100 100 0 100

220 2048 2048 0 0 100 100 0 100

221 2427 2427 0 1 100 99.96 0.041 99.959

222 2483 2483 0 1 100 99.96 0.040 99.960

223 2605 2605 0 0 100 100 0 100

228 2053 2052 1 12 99.95 99.42 0.634 99.370

230 2256 2256 0 2 100 99.91 0.089 99.911

231 1571 1571 0 0 100 100 0 100

232 1780 1780 0 2 100 99.89 0.112 99.888

233 3079 3076 3 2 99.90 100 0.163 99.838

234 2753 2753 0 0 100 100 0 100

Total 109,494 109,415 79 99 99.93 99.91 0.163 99.838
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normal to normal R-R intervals SDNN , and root mean
square of normal to normal RR intervals RMSSD , where
R is the peak of a QRS complex (heartbeat) [29].

(i) MRR is measured by

MRR = I
− =

1
N − 1

〠
N

n=2
I n , 21

where N is the total heart beats N = TP + FN , I n is R-R
interval between nth R peak and previous R peak, and I

−
is

a mean of R-R intervals.

(ii) SDNN is defined by

SDNN =
1

N − 1
〠
N

n=2
I n − I

− 2 22

(iii) RMSSD is measured by

RMSSD =
1

N − 2
〠
N

n=3
I n − I n− 1 2 23

Figure 9 depicts the measured MMR, SDNN, and
RMSSD from R-R intervals of the extracted R peaks. By
investigating these measures, initial diagnosis of CVDs for
patients can be achieved. In Figure 9, half of MRRs are illus-
trated to show three different kinds of measures together. The
proposed method obtained MRR of 0.808, SDNN of 0.145,
and RMSSD of 0.193, on average.

3.4. Experimental Environment and Real-Time Implementation.
The proposed R peak detection method using WT and
modified SEE has been implemented with MATLAB
R2016b on a PC with a 3.3-GHz Intel Core i5-4590
CPU, 4GB of memory on Windows 7. The average pro-
cessing time of our method is approximately 13.7 s on 48
ECG records in the MIT-BIH arrhythmia DB with a
length of 30minutes. As a result, the average throughput
is 28.6ms for an ECG signal. We showed exact parameter
values used in our experiments around each of the equa-
tions throughout the manuscript to help researchers who
want to implement our methods. It is recommended that
researchers carefully follow the descriptions provided in
Section 2.5 to obtain the same peak detection accuracies
as those presented in this paper.

Table 3: Comparison of the proposed WTSEE method with other methods for detecting R peaks using the MIT-BIH database.

Method Total beatsa (TP+ FN) TP (beats) FN (beats) FP (beats) Se (%)b +P (%)b DER (%)b Acc (%)b

Proposed WTSEE 109,494 109,415 79 99 99.93 99.91 0.163 99.838

ISEE, 2016 [13] 109,532 109,474 58 116 99.95 99.89 0.159 99.841

PSEE, 2013 [23] 109,494 109,401 93 91 99.92 99.92 0.168 99.832

SEHT, 2012 [22] 109,496 109,417 79 140 99.93 99.87 0.200 99.800

DOM, 2008 [12] 109,809 109,751 58 166 99.95 99.85 0.204 99.796

STSE, 2014 [24] 108,494 108,323 171 97 99.84 99.91 0.247 99.753

WT, 2004 [16] 109,428 109,208 220 153 99.80 99.86 0.342 99.660

PT, 1985 [14] 109,809 109,302 507 277 99.54 99.75 0.717 99.288
aTotal beats—the sum of total beats of all analyzed records in each study. bThese values are calculated by total beats.
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Figure 9: HRV measurements of the MIT-BIH DB. MRR: mean R-R intervals (ms), SDNN: standard deviation of normal to normal R-R
intervals, RMSSD: root mean square of normal to normal R-R intervals.
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3.5. Discussions. This study presented our approach using
WT and modified SEE for detecting R peaks of an ECG signal
in the QRS complex. We used WT to take advantage of its
representation power of temporal features at various resolu-
tions. We applied WT to ECG signals to perform both
down-sampling and noise reduction in a single step. This
WT replaces the band-pass filtering used in a few representa-
tive ECG signal analysis methods [13, 25]. We also applied a
soft-thresholding method for noise removal with keeping
informative signals. The application of SEE and PEE can be
considered as similar to the methods in [13]. However, we
introduced additional postprocessing steps (Section 2.5)
where the R-R peak intervals were inspected to determine
whether to keep each detected R peak or detect additional R
peaks in an R-R peak interval.

The novelty of our work is twofold: (1) Firstly, we
proposed an ECG analysis technique that starts with WT
method. There have been many WT-based methods, but
their performances have been observed lower than those of
non-WT-based methods [1, 4, 10, 13, 16–18, 25]. Our study
demonstrates the possibility of obtaining high-peak detection
accuracy in ECG signal analysis by using WT method. (2)
Secondly, we proposed a postprocessing method that verifies
the validity of each detected peak and indicates the probabil-
ity of a missing peak.

The experimental results of our study show reasonable
R peak detection performance with using less memory and
processing time. This study has diverse applications in the
initial diagnosis of CVDs for remote patients. The quanti-
tative parameters (i.e., sensitivity, positive predictability,
detection error rate, and accuracy) confirm acceptable
performance of the proposed WTSEE detection method
in practical applications.

4. Conclusion

In this paper, we presented a novel approach to detecting R
peaks of an ECG signal and calculating the R-R interval of
the R peaks via the wavelet transform (WT) method and a
modified Shannon energy envelope (SEE) for rapid ECG
analysis. The proposed method utilized WT and showed
superior performance to other WT-based methods. We
believe that the use of WT combined with subsequent
processing steps properly analyzed the ECG signals to detect
R peaks with high accuracy. Moreover, the proposed post-
processing method effectively validated each detected peak
and indicated miss detection to further improve the peak
detection accuracy.

The proposed system was tested using the MIT-BIH
arrhythmia DB. We analyzed the system performance for
sensitivity, positive predictability, detection error rate, and
accuracy. We compared the proposed approach with the
existing techniques to validate the superior performance of
the former. In the future, we would like to apply our analysis
method to detecting other peak points in ECG signals.
Detecting various types of peaks in ECG signal will provide
more useful information for diagnosing CVDs and create a
number of related applications.
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With the widespread adoption of e-Healthcare and telemedicine applications, accurate, intelligent disease diagnosis systems have
been profoundly coveted. In recent years, numerous individual machine learning-based classifiers have been proposed and tested,
and the fact that a single classifier cannot effectively classify and diagnose all diseases has been almost accorded with. This has seen a
number of recent research attempts to arrive at a consensus using ensemble classification techniques. In this paper, a hybrid system
is proposed to diagnose ailments using optimizing individual classifier parameters for two classifier techniques, namely, support
vector machine (SVM) and multilayer perceptron (MLP) technique. We employ three recent evolutionary algorithms to
optimize the parameters of the classifiers above, leading to six alternative hybrid disease diagnosis systems, also referred to as
hybrid intelligent systems (HISs). Multiple objectives, namely, prediction accuracy, sensitivity, and specificity, have been
considered to assess the efficacy of the proposed hybrid systems with existing ones. The proposed model is evaluated on 11
benchmark datasets, and the obtained results demonstrate that our proposed hybrid diagnosis systems perform better in terms
of disease prediction accuracy, sensitivity, and specificity. Pertinent statistical tests were carried out to substantiate the efficacy of
the obtained results.

1. Introduction

The proliferations of computer usage across all aspects of life
have resulted in accumulating a large number of systematic
and related data. This has necessitated identifying useful
patterns from raw datasets as the next logical step forward.
Thus, data mining, a broad discipline encompassing classifi-
cation, clustering, association, prediction, estimation, and
visualization tasks [1], has emerged as a dynamic and signif-
icant field of research to address theoretical challenges as well
as practical issues. Data mining and knowledge engineering
techniques have been successfully applied to numerous areas,
like education, pattern recognition, fraud detection, and
medicine [2, 3].

The application of data mining and knowledge engineer-
ing techniques in the medical domain plays a prime role in
the diagnosis of diseases and prognostication [4]. It assists
healthcare professionals and doctors to analyze and predict

diseases [5] and is often commonly referred to as medical
engineering. Numerous machine learning algorithms have
been developed to extract useful patterns from raw medical
data over the years [6]. These patterns have been utilized
for disease prediction using classification and clustering
strategies. Medical research focuses on employing data min-
ing for prediction of a broad range of diseases, including
breast cancer [7], heart diseases [8], Parkinson’s disease [9],
hepatitis, and diabetes, only to name a few.

Over the years, several supervised machine learning tech-
niques such as classification as well as several unsupervised
machine learning techniques like clustering have been
applied to available medical information [10, 11]. Individual
classifiers, ensembles thereof, and hybrid systems have often
been used to diagnose various diseases. Several techniques
have been applied on medical data to improve such diag-
nosing efficacy, regarding performance parameters such as
prediction accuracy, sensitivity, and specificity [12, 13].
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This paper presents a hybrid system for diagnosis and
prediction of numerous diseases using optimized parameters
for classifiers. The classifier parameters are optimized using
evolutionary algorithms to enhance classification perfor-
mance. By juxtaposing the proposed parameter optimization
step within existing classifier mechanisms, our method
provides improved prediction accuracy. In this paper, 16
classifiers are executed in which two basics are with and
without resampling, 6 hybrid intelligent systems without
resampling and 6 hybrid intelligent systems with resampling
technique. In summary, this paper presents a comparative
analysis of parameter optimized versions of two classifiers,
namely, support vector machine (SVM) and multilayer
perceptron (MLP) for medical data. It has been concluded
from experimental results presented in this paper that our
proposed hybrid system outperforms state of the art (single
or ensemble) for classifying medical data. To contrive the
parameter optimization, we have employed three popular
evolutionary algorithms, namely, particle swarm optimiza-
tion (PSO), gravitational search algorithm (GSA), and firefly
algorithm (FA) for optimizing parameters of SVM and
MLP classifiers. Accordingly, we study the performance
of six alternative hybrid systems for classifying medical
data towards a diagnosis of such diseases. The performance
of the proposed hybrid intelligent techniques is compared
with the recent literature results (both simple and ensemble
classifiers [14–16]). This hybrid intelligent system shows
better performance than the recently published ensemble
classifiers on 11 benchmark datasets.

The rest of this paper is organized as follows: A brief
exposition of existing researches has been dealt with in
Section 2, specifically focusing on several machine learning
algorithms employed for processing medical datasets. The
problem formulation of our proposed weighted multiobjec-
tive optimization for the classifying problem dealt with has
been presented in Section 3. Section 4 provides the rudimen-
tary steps and key features of the evolutionary algorithms
employed for the parameter optimization of SVM and MLP
classifiers, namely, particle swarm optimization (PSO), grav-
itational search algorithm (GSA), and firefly algorithm (FA).
A very basic introduction of the two classifiers employed,
namely, SVM and MLP, has been discussed in Section 5.
Section 6 elaborately explains the development of the pro-
posed hybrid classification system for disease diagnosis along
with their key components and design principles involved.
The performance of the proposed hybrid scheme is tested
over 11 benchmark medical datasets, and Section 7 provides
a brief account of the experimental setup and the experi-
ments conducted and summarizes the results obtained. This
section also presents a statistical analysis of obtained results
for validating the acceptability of obtained statistical results.
The conclusions of the research have been presented in
Section 8.

2. Related Work

There have been abundant attempts to analyze and diagnose
ailments employing machine learning algorithms. This
section gives a summary of the efforts in this field to put

the contribution of our work in perspective. These researches,
however, vary considerably in terms of classifiers applied and
nature of systems employed; for example, some are simple
and others are hybrid whereas some others present ensemble
systems. There are also major varieties in terms of objective
functions chosen, single or multiobjective formulation, the
number of datasets on which these methods have been
applied, performance parameters employed for validating
the efficacy, and so forth.

Among the different disease datasets that have been
studied in the literature, heart disease diagnosis has been very
prominent within medical engineering circles, and a wide
variety of machine learning techniques have been explored
towards diagnosing the same. References [17–38] include
some prominent contributions towards diagnosing heart dis-
eases from various aspects using myriad machine learning
techniques, details of which are presented hereafter. Chitra
and Seenivasagam [18] proposed a cascaded neural network
(CNN) classifier and support vector machine (SVM) to diag-
nose heart diseases. The performance of CNN and SVM was
compared based on the accuracy, sensitivity, and specificity.
Pattekari and Parveen [19] suggested an intelligent system,
which used a naive Bayes classifier that was further improved
by developing ensemble-based classifiers. Das et al. [17]
developed a neural network ensemble model for heart disease
diagnosis. The proposed technique used Statistical Analysis
System (SAS) enterprise guide 4.3 programs for data prepro-
cessing and SAS Enterprise miner 5.2 programs for recogniz-
ing the heart disease by combining three neural networks
ensemble. The technique was further improved by com-
bining other neural networks and was also used for various
datasets. Das et al. [37] described an SAS-based Software
9.1.3 for diagnosing valvular heart diseases. The proposed
method used a neural network ensemble. Predicted values,
posterior probabilities, and voting posterior probabilities
were applied.

Masethe and Masethe [21] used J48, naive Bayes,
REPTREE, CART, and Bayes Net for diagnosing the efficacy
of heart diseases. High accuracy was obtained using a J48
tree. Shaikh et al. [22] evaluated the performance of three
classifiers, namely, k-NN, naive Bayesian, and decision tree
based on four parameters, namely, precision, recall, accuracy,
and F-measure. k-NN produced higher accuracy than other
methods. Bhatla and Jyoti [26] compared naive Bayes, deci-
sion tree, and neural networks for the said diagnosis. For
the decision tree, genetic algorithm and fuzzy logic were
employed, and results presented used TANAGRA tool.

Kavitha and Christopher [23] performed classification
of heart rate using a hybrid particle swarm optimization
and fuzzy C-means (PSO-FCM) clustering. The proposed
method performed feature selection using PSO. The fuzzy
C-means cluster and classifier are combined to enhance
the accuracy. Enhanced SVM was used for classifying heart
diseases. The hybrid system could be trained to shorten the
implementation time. Alizadehsani et al. [24] evaluated
sequential minimal optimization (SMO), naive Bayes, bag-
ging with SMO, and neural networks. They employed rapid
miner tool, and high accuracy was obtained using bagging
with SMO. Abhishek [38] employed j48, naive Bayes, neural
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networks with all attributes for diagnosing heart diseases
with the WEKA machine learning software and concluded
that j48 outperformed others regarding accuracy.

Jabbar et al. [20] used association mining and genetic
algorithm in conjunction with heart disease prediction. The
proposed method used Gini index statistics for association
algorithm and crossover, the mutation for the genetic
algorithm. They further employed a feature selection tech-
nique for improved accuracy. Ordonez et al. [36] presented
an improved algorithm to determine constrained association
rules by two techniques: mapping medical data and identify-
ing constraints. The proposed method used mining attri-
butes. Constrained association rules and parameters were
used for the mapping. The technique produced interesting
results by comparing this association rule with classification
rule. Shenfield and Rostami [25] introduced a multiobjec-
tive approach to the evolutionary design of artificial neural
networks for predicting heart disease.

Parthiban and Subramanian [27] developed a coactive
neurofuzzy inference system (CANFIS) for prediction of
heart diseases. The proposed model combined CANFIS,
neural network, and fuzzy logic. It was then integrated with
a genetic algorithm. Results showed that GA was useful
for autotuning of the CANFIS parameters. Hedeshi and
Abadeh [28] performed PSO algorithm with a boosting
approach. The proposed method used fuzzy rule extraction
with PSO and enhanced-particle swarm optimization 2
(En-PSO2). Karaolis et al. [35] used myocardial infarction
(MI), percutaneous coronary intervention (PCI), and coro-
nary artery bypass graft surgery (CABG) models. The pro-
posed method used C4.5 decision tree algorithms. Results
were compared based on false positive (FP), precision,
and so forth. By further investigation with various datasets
and employing extraction rule algorithms further, better
results were obtained.

Kim et al. [30] proposed a fuzzy rule-based adaptive cor-
onary heart disease prediction support model. The proposed
method had three parts, namely, introducing fuzzy member-
ship functions, a decision-tree rule induction technique, and
fuzzy inference based on Mamdani’s method. Outcomes
were compared with neural network, logistic regression, deci-
sion tree, and Bayes Net. Chaurasia and Pal [31] offered three
popular data mining algorithms: CART (classification and
regression tree), ID3 (iterative dichotomized 3), and decision
table (DT) for diagnosing heart diseases, and the results pre-
sented demonstrated that CART obtained higher accuracy
within less time.

Olaniyi et al. [29] used neural network and support
vector machine for heart diseases. Their proposed method
used multilayer perceptron and demonstrated that SVM
produced high accuracy. Yan et al. [32] proposed that multi-
layer perception with hidden layers is found by a cascade
process. For the inductive reasoning of the methods, the
proposed method used three assessment procedures, namely,
cross-validation, hold out, and five bootstrapping samples for
five intervals. Yan et al. [33] utilized multilayer perception for
the diagnosis of five different cases of heart disease. The
method employed a cascade learning process to find hidden
layers and used back propagation for training the datasets.

Further improvements to the accuracy were achieved by
parameter adjustments. Shouman et al. [34] identified gaps
in the research work for heart disease diagnosis. The pro-
posed method applied both single and hybrid data mining
techniques to establish baseline accuracy and compared.
Based on the research, hybrid classifier produced higher
accuracy than a single classifier.

Sartakhti et al. [39] presented a method for diagnosis
of hepatitis by novel machine learning methods that
hybridize support vector machine and simulated annealing
process. The proposed method used two hyperparameters
for radial basis function (RBF) kernel: C and gamma.
For all potential combinations of C and gamma interval,
k-fold cross-validation score had been calculated. Results
demonstrated that tuning SVM parameters by simulated
annealing increased the accuracy. Çalişir et al. [40] developed
the principle component analysis and least square support
vector machine (PS-LLSVM). The suggested method was
carried out in two steps: (1) the feature extraction from
hepatitis disease database and feature reduction by PCA
and (2) the reduced features are fed to the LSSVM classi-
fier. Li and Wong [41] proposed C4.5 and PCL classifier.
The outcomes were compared between C4.5 (bagging,
boosting, and single tree) and PCL, and it was concluded
that PCL produced higher accuracy than C4.5 based on
their observations.

Weng et al. [42] investigated the performance of different
classifiers which predicts Parkinson’s disease. The proposed
method used an ANN classifier based on the evaluation
criteria. Jane et al. [43] proposed a Q-back propagated time
delay neural network (Q-BTDNN) classifier. It developed
temporal classification models that performed the task
of classification and prognostication in clinical decision-
making system. It used to feed forward time-delay neural
network (TDNN) where training was imparted by a Q-
learning-induced back propagation (Q-BP) technique. A
10-fold-cross-validation was employed for assessing the
classification model. The results obtained were considered
for comparative analysis, and it produced high accuracy.
Gürüler [44] described a combination of the k-means
clustering-based feature weighting (KMCFW) method
and a complex-valued artificial neural network (CVANN).
The suggested method considered five different evaluation
methods. The cluster centers were estimated using the KMC.
Results obtained showed very high accuracy.

Bashir et al. [45] presented an ensemble framework for
predicting people with diabetes with multilayer classification
using enhanced bagging and optimized weighting. The pro-
posed HM-BagMOOV method used KNN approach for
missing data imputation and had three layers, namely, layer
1 containing naive Bayes (NB), quadratic discriminant anal-
ysis (QDA), linear regression (LR), instance-based learning
(IBL), and SVM; layer 2 included ANN and RF; and layer 3
used multilayer weighted bagging prediction. The outcome
showed that it produced good accuracy for all datasets. Iyer
et al. [46] prescribed a method to diagnose the disease using
decision tree and naive Bayes. The proposed method used
10-fold cross-validation. The technique had been further
enhanced by using other classifiers and neural network
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techniques. Choubey and Sanchita [47] used genetic
algorithm and multilayer perceptron techniques for the
diagnosis of diabetics. The suggested methodology was
implemented in two levels where genetic algorithm (GA)
was used for feature selection and multilayer perceptron
neural network (MLP NN) was used for classification of
the selected characteristics. The results produced excellent
accuracy that was further increased by considering receiver
operating characteristic (ROC).

Kharya [48] used various data mining techniques for the
diagnosis and prognosis of cancer. The proposed method
used neural network, association rule mining, naïve Bayes,
C4.5 decision tree algorithm, and Bayesian networks. The
results showed that decision tree produced better accuracy
than other classifiers. Chaurasia and Pal [49] investigated
the performance of different classification techniques on
breast cancer data. The proposed method used three clas-
sification techniques, namely, SMO, k-nearest neighbor
algorithm (IBK), and best first (BF) tree. The results dem-
onstrated that SMO produced higher accuracy than the
other two techniques. In this article [50], an expert system
(ES) is proposed for clinical diagnosis which is helpful for
decision making in primary health care. The ES proposed
used a rule-based system to identify several diseases based
on clinical test reports.

Alzubaidi et al. studied ovarian cancer well [51]. In this
work, features are selected using a hybrid global optimization
technique. The hybridization process has involved mutual
information, linear discriminate analysis, and genetic algo-
rithm. The performance of the proposed hybrid technique
is compared with support vector machine. This hybrid tech-
nique has shown significant performance improvements
than support vector machine.

Gwak et al. [52] have proposed an ensemble frame-
work for combining various crossover strategies using
probability. The performance of this context had tested
over 27 benchmark functions. It showed outperformance
on eight tough benchmark functions. This ensemble frame-
work further can be efficiently used for feature selection of
big datasets.

Hsieh et al. [53] have developed and ensemble machine
learning model for diagnosing breast cancer. In this model,
information-gain has been adopted for feature selection.
The list of classifiers used for developing ensemble classifier
is neural fuzzy (NF), k-nearest neighbor (KNN), and the
quadratic classifier (QC). The performance of ensemble
framework is compared with individual classifier perfor-
mance. The results demonstrate that ensemble framework
has shown better performance than single classifier.

Review of existing literature for disease diagnosis tech-
niques with machine learning indicates that there exists a
plethora of individual classifiers as well as ensemble tech-
niques. However, from such studies, it was also been
conclusively evident that no individual classifier gives high
prediction accuracy for different disease datasets. This has
led to abundant ensemble classifiers for disease diagnosis,
compromising the simplicity that an individual classifier
offers. To this end, this paper indulges in designing a
hybrid system that focuses on providing generalized

performance across a broad range of benchmark datasets.
The most significant contribution of the proposed hybrid
disease classifiers is that unlike most research works men-
tioned before that targets a specific disease, this paper
validates the efficacy of the proposed hybrid classifiers
across six different diseases collected over eleven datasets.
For instance, among all heart disease, related diagnosis
systems only [33] consider five different datasets for the
said disease. Also, there are very few attempts in validating
diagnosis efficacy over multiple diseases. Shen et al. [54]
and Bashir et al. [14] are few exceptions that validate
their results for four and five different diseases, respectively.
The proposed classifiers employ novel parameter optimi-
zation approaches using a few recent evolutionary algo-
rithms, detailed design of which has been presented in
subsequent sections.

3. Problem Formulation

In this paper, we deal with classifying data from different dis-
ease datasets using a hybrid technique that optimizes the
parameters of SVM and MLP classifiers for improved disease
prediction. The list of objective functions to be targeted while
solving the said classification problem include (i) prediction
accuracy, (ii) specificity, and (iii) sensitivity, which has been
considered very commonly for this problem in existing liter-
ature [55–57]. Each of these objective functions captures
some aspect of quality of disease classification. In this sense,
the problem studied in this paper is a multiobjective optimi-
zation problem.

All the aforementioned measures are computed in terms
of the following values: true positive (TP), true negative (TN),
false positive (FP), and false negative (FN), and their signifi-
cance is defined as follows: TP: total number of positives that
are correctly identified as positive; TN: total number of
negatives that are identified as negatives; FP: total number
of negatives that are incorrectly identified as positives;
and FN: total number of positives that are wrongly identified
as negatives.

The objective functions considered for optimization in
this work are prediction accuracy (PAC), specificity (SPY),
and sensitivity (SEY). To model these functions, two random
indicator variables are introduced for all the data objects to
compute TP, TN, FP, and FN. These are Xi1 and Xi2, where
these are defined as follows:

Xi1 = I CLi = PCi = C+
Xi2 = I CLi = PCi = C− , 1

where C+ represents the actual class label is positive (+), C−
represents the actual class label is negative (−), PCi represents
predicted class label of ith data object, and CLi represents the
actual class label of the ith data object. At any point of the
time, the sum of the entire indicator random variable values
is equal to 1; that is, ∑2

j=1Xij = 1, ∀i.
Let the classifier being developed for classifying a given

dataset be a binary classifier and the dataset has N instances
with m1 positive and m2 negative instances. Therefore,
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TP = 〠
N

i=1
Xi1,

TN = 〠
N

i=1
Xi2,

FN =m1 − TP =m1 − 〠
N

i=1
Xi1,

FP =m2 − TN =m2 − 〠
N

i=1
Xi2

2

The performance parameters for the classifiers can thus
be obtained using the following three equations:

Prediction accuracy PAC =
TP + TN

TP + TN + FP + FN

=
〠N

i=1Xi1 +〠N

i=1Xi2

m1 +m2
,

3

Specif icity SPY = TN
TN + FP

=
〠N

i=1Xi2

m2
, 4

Sensitivity SEY = TP
TP + FN

=
〠N

i=1Xi1

m1
5

The aim of this research is to arrive at optimal values of
classifier parameters through evolution such that some max-
ima are attained for PAC, SPY, and SEY. It is worthwhile to
mention that even different sets of classifier parameter values
with same PAC can have different values for SPY and SEY.
Thus, there exist tradeoffs among (3), (4), and (5).

Any multiobjective optimization problem can then be
solved either by converting the objective functions into a sin-
gle linear or nonlinear objective function or by computing
Pareto fronts using the concept of nondominance [58].

In this paper, a linear combination of objective functions
has been taken to form a single linear compound objective
function due to the requirement of additional computational
effort for finding Pareto fronts in every iteration.

MaximizeZ =W1∗PAC +W2∗SPY +W3∗SEY,

MaximizeZ =W1∗
〠N

i=1Xi1 +〠N

i=1Xi2

m1 +m2
+W2∗

〠N

i=1Xi2

m2

+W3∗
〠N

i=1Xi1

m1

6

subject to the constraints

W1 +W2 +W3 = 1, 7

1 ≥Wi ≥ 0 ∀i, 8

Ui ≥ CLASSIFIER PARi ≥ Li ∀i, 9

where CLASSIFIER PARi is the ith sensitive parameter of
the considered classifier, (7) represents the totality condition

of the weights, (8) guarantees the nonnegativity condition,
and (9) checks that the ith classifier parameter values is
within the specified bounds.

4. Evolutionary Algorithms

In this section, we present a summary of the three evolu-
tionary algorithms employed to optimize the parameters of
SVM and MLP for classifying medical datasets for disease
diagnosis. The discussions are restricted only to provide a
brief overview. Detailed information and possible variations
of these algorithms are beyond the scope of this paper.

4.1. Gravitational Search Algorithm (GSA). Gravitational
search algorithm (GSA) is one of the population-based
stochastic search methods initially developed by Rashedi
et al. in the year 2009 [59]. GSA is inspired by Newton’s
gravitational law in physics, where every particle in the uni-
verse attracts every other particle with a force that is directly
proportional to the product of their masses and inversely
proportional to the square of the distance between them.
GSA has been successfully applied to solve several engineer-
ing optimization problems [60, 61].

In GSA, several masses are considered on a d-dimen-
sional space. The position of each mass resembles a point
in the solution space of the problem to be solved. The fitness
values of the agent, worst (t), and best (t) are used to compute
the force (F) of mass. Equations corresponding to these
parameters are provided in

qi t =
f iti t − worst t
best t − worst t

, 10

Mi t = qi t

〠s

j=1qj t
, 11

best t =min f itk t ∀k , 12

worst t =max f itk t ∀k 13

To update the position of mass xdi t + 1 , velocity
vdi t needs to be updated first. The velocity of the mass
at the time t + 1 majorly depends on the values of velocity
and acceleration at that time instant t. Acceleration of the
ith mass at instant t is adi t depending on forces of all other
heavy masses based on (14). The equation corresponding to
the acceleration is given in (15). Equations corresponding
to updating process of mass position and mass velocity are
provided in (16) and (17).

Fd
i t =〠

j∈kbest,j≠irandj G t
Mj t Mi t

Rij t + ∈
xdj t − xdi t ,

14

adi t =
Fd
i t

Mi t
, 15

Vd
i t + 1 = randi ×Vd

i t + adi t , 16
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Xd
i t + 1 = Xd

i t +Vd
i t + 1 , 17

where randi and randj lie between 0 and 1. “ ∈ ” is a
small value. The distance between agents i and j is
denoted by Rij t . The best k agents are denoted with
kbest. G is a gravitational constant which is initialized
with G0 at the beginning, and with the progress in time,
the value of G decreases.

4.2. Particle Swarm Optimization (PSO). In 1995, Dr.
Kennedy and Dr. Eberhart developed a population-based
speculative computational optimization procedure called
particle swarm optimization based on the social behavior
of living organisms like fish schools and bird flocks [62].
In PSO, the particles are randomly initialized. Position and
velocity of the particles are represented as Xi and Vi, respec-
tively. The fitness function is computed for each particle.
Personal best (pBest) and global best (gBest) are the two
important factors in PSO. Each particle has its own personal
best, which is the particles’ individual best so far achieved
until a time instant t. Global best is the overall best of all
particles upto the time instant t. The algorithm is executed
for a certain number of iterations. At each iteration, veloc-
ity is updated for all particles using a velocity updating
scheme [63] as depicted in

Vid t =w ∗Vid t − 1 + c1∗rand ∗ pBestid − Xid t − 1
+ c2∗rand ∗ gBestid − Xid t − 1 ,

18

where w represents the inertia weight, c1 and c2 are the per-
sonal and global learning factors, and rand() is a random
number between [0,1].

The following equation updates the new position of
the particle:

Xd
i t = Xd

i t − 1 +Vd
i t 19

The basic steps of PSO are given in Algorithm 1.

4.3. Firefly Algorithm (FA). The firefly algorithm is a recently
proposed bioinspired, evolutionarymetaheuristic thatmimics
the social behavior of firefly species. Fireflies produce short
and rhythmic flashes, the pattern of which characterizes
particular species. The artificial, firefly-inspired algorithm
makes certain assumptions regarding its functioning, such
as unisexual fireflies for ensuring that all artificial fireflies
attract each other and that the attractiveness is proportional
to their brightness to define the potential of relative firefly
movements. The brightness of a firefly is defined based on
the problem at hand that it needs to optimize. For the mini-
mization problem, the brightness may be the reciprocal of the
objective function value. The pseudocode of the basic firefly
algorithm as given by Yang in [64] has been depicted in
Algorithm 2. The list of equations used in firefly algorithm
is given as follows:

Xt+1
i = Xt

i +Vt
i , 20

Vt
i = β0e

−ϒ r2d Xi − Xj + α rand− 0 5 , 21

rij = d Xi − Xj = Xi − Xj

= Euclidean distance between Xi and Xj,

β r = β0e
−ϒ rm wherem ≥ 1,

22

where β0,ϒ , α ∈ 0, 1 .
Each firefly position is updated based on (20). The

velocity of ith firefly is based on a fraction of attractiveness
in the distance between fireflies Xi and Xj in an m-dimen-
sional space and also on α, a small random value in the range
0 to 0.2; the equations related to velocity are given in (21)
and (22).

5. Classification Techniques

Two classification techniques are used, and the basic
details of these techniques are discussed in the subse-
quent sections.

5.1. Multilayer Perceptron. Multilayer perceptron (MLP) is
the most commonly used supervised feed forward artifi-
cial neural network. It is a modification of the linear per-
ceptron algorithm. It consists of many nodes that are
arranged in several layers. In general, MLP contains three
or more processing layers: one input layer for receiving
input features, one or more hidden layers, and an output
layer for producing classification results based on the
classes [65].

Each node is represented as an artificial neuron which
converts the input features into output using a weighted
sum of inputs and activation function.

The weighted input is given by

Vi =〠WijXi +Θi,

Yi = f i Vi ,
23

For each particle
Initialize position and velocity randomly

End
t = 1
Do

For each particle
Calculate fitness function
If fitness value > pBest Then

Set current fitness value as pBest
End
Update particle with best fitness value as gBest
For each particle

Calculate new velocity using equation (18)
Update position using equation (19)

End
t = t + 1

While (t < maximum iterations)
Post process the result.

Algorithm 1: Pseudocode for particle swarm optimization.
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where V is the weighted sum of input features, W represents
weights, X represents the input features, and Θ is the bias
based on the classes.

The activation function is denoted by f(x). The most
frequently used activation functions are sigmoids. They are
as follows:

f vi = tanh vi ,

f vi = 1 + e−vi
−1 24

The multilayer perceptron is trained using back propaga-
tion (BP). The weight update equation used in BP is given in

wji ←wji + ηδj xji + αΔwij n− 1 where 1 ≥ η, α ≥ 0

25

The parameter’s learning rate (η) and momentum (α)
are evolved using evolutionary algorithms presented in
Section 4. A very basic MLP algorithm is provided in
Algorithm 3 [66, 67].

There is a chance of being caught at a local minimum
during the process of back propagation learning, and hence,
to overcome it in this research article, learning rate and
momentum values are evolved using 3 evolutionary search
algorithms (CSO, IWO, and FF). A 3-layer neural network
has been executed with an input layer, one hidden layer,
and an output layer. The size of the input layer is equal to
the number features of the data, and also, the size of the
output layer is nothing but the number classes. The size of
the hidden layer is the average of input and output layer sizes.
Moreover, the performance of these three algorithms is
compared in the simulation and is discussed in the Results
and Discussion of this paper.

5.2. Support Vector Machine. Support vector machine (SVM)
is one of the supervised machine learning algorithms, which
are often used for binary classifications. It was originally
developed by Vapnik in 1979 [68]. The training data is in
the form of instance-value pairs (xi, yi). The SVM classifier
finds an optimal hyperplane to separate negative and positive
classes, and it is represented by F x =wt · x + b = 0.

Based on the class labels, two hyperplanes are formed,
which are as follows:
F x =wt · x + b ≥ 0 for positive instances yj = +1 and
F x =wt · x + b ≤ 0 for negative instances yj = −1 , where
w is the weight vector, x is input vector, and b is bias.
Classifications are made on the hyperplanes thus formed.

The optimization problem formed during the develop-
ment of soft margin classifier is as follows:

Objective function f (X), X = x1,…, xd
Randomly generate initial fireflies’ positions as Xi i = 1, 2,…, n
Light intensity Ii at xi is determined by f xi
Define light absorption coefficient, γ
Old_Solutions = X1, X2,…, XN
While (t < MaxGeneration)

New_sol = {};
for i = 1 n
for j = 1 i

if f Xj > f Xi then
X=Move d (Xi, Xj);
New sol = New sol ∪ X

End if
Update(r, e−γr)
Evaluate new solutions, update light intensity

End for j
End for i
Z =Rank (Old_Solutions, New_sol)
Old Solutions = Z 1…n

End while
Post process results and visualization

Algorithm 2: Pseudocode representation of the basic firefly algorithm.

W = 0 and Θ = 0
Repeat
For i = 1 to L layers do

If Yl WijXi +Θi <= β then
For i = 1 to N nodes do

If Vi ⋅Xi + di <= 1 then
Vi =Vi + λYlXl
di = di + λYl

End if
End for
Θ =Θ + λYl

End if
End for
Until termination expression

Algorithm 3: MLP training algorithm.
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Minimize Z = 1
2
<w, w> + C〠

i
ξi,

subject toYi <wi, xi> + b ≥ 1− ξi

26

The parameter cost (C) mentioned in (26) will be evolved
using the evolutionary algorithms mentioned in Section 4.

6. Hybrid Intelligent System for Diagnosing
Diseases

Diagnosing diseases from data collected from many patients
with a varied degree of a specific disease is a classification
problem. In medical information systems, single classifiers
as well as ensemble classifiers have been studied for the dis-
ease diagnosis problem. In this section, we present the design

of hybrid systems that employ evolutionary algorithms as
well as classification techniques to classify diseases based on
data. A few hybrid systems have been developed to optimize
the parameters of the classifiers [69, 70]; however, the pre-
mises of such classifiers are different application domains.

The performance of any classifier broadly depends on
three factors, namely, the technique used for the classifica-
tion; data statistics (regression, entropy, kurtosis, standard
deviation, number of features considered for training, size
of the training data, etc.); and parameters of the classifier
(learning rate, depth of the tree, maximum number of child
nodes allowed for a parent node in the decision tree, pruning,
fuzzy membership functions, activation functions, etc.). In
this paper, we focus on optimizing the parameter classifiers
using evolutionary algorithms, and thus, our designed system
qualifies as a hybrid system. Figure 1 illustrates a schematic

Start

Reading data

Resampling

Optimization techniques

PSO
SVM

MLP

End

Optimization classi�er parameters
and objective function values

CLassi�ers

GSA

FF

Resampled
data

Yes No

Preprocessing
data

Figure 1: Schematic representing the flow of steps in the proposed hybrid disease diagnosis system.
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block diagram of the proposed hybrid system depicting the
major steps to be carried out to arrive at disease diagnosis.
The rectangle with dotted border illustrates the main empha-
sis of this paper. It represents that in this paper, we have stud-
ied how two classifiers, namely, SVM and MLP, perform as
far as disease diagnosis is concerned. The parameters of these
two classifiers have been optimized using three evolutionary
algorithms, namely, PSO, GSA, and FA, with the goal of
maximizing quality of diagnosis in terms of PAC, SPY, and
SEY; or simply said, the goal is to optimize the three
objectives as has been explained in Section 3. This has been
depicted in the left half of the dotted rectangle in Figure 1.
The basic steps involved in the hybrid system are summa-
rized in Algorithm 4.

Preprocessing stage handles missing data of a feature by
inserting most popular data or interval estimated data for
that feature. As a part of preprocessing, features have also
been normalized using min–max norm with the goal of
reducing training phase time of classifiers, which takes quite
some time due to the varied range of the feature values. In
step 3, we have employed two classifiers (SVM and MLP).
In step 4, the parameters selected for evolving in SVM are
COST whereas for MLP, two parameters, namely, learning
rate and momentum, have been selected for evolution. The
range of these three parameters (cost, learning rate, and
momentum) has been set as [0, 1]. In step 5, the objective
function selected is either a single objective or multiobjective.
If the method of optimization is multiobjective optimization,
then for the sake of simplicity or uniformity, convert all the
objective functions into either maximization or minimiza-
tion. The multiple objectives considered for multiobjective
optimization are given in (3)–(9). In step 6, three evolution-
ary algorithms (cat swarm optimization, gravitational search
algorithm, and firefly algorithm) are selected as optimization
techniques to find the optimum parameter values for the
considered classifiers with respective to the multiple objec-
tives: prediction accuracy, sensitivity, and specificity. Equa-
tions corresponding to multiobjective optimization are
given in (3)–(9). In step 8, postprocessing of the results found
in step 7 has to be done based on the optimization model
selected in step 5. If the optimization model is single objective
optimization, then to check the performance of the evolu-
tionary algorithm, several statistical values like max, mini-
mum, mean, median, and so forth have to be computed. If
the selected optimization model is multiobjective (or
weighted multiobjective) optimization model, the quality of

nondominated solutions must found using the metrics like
spacing, generational distance, and so forth.

The hybridization process ensures that the population
of the evolutionary algorithms is constructed based on
the classifier parameters by satisfying parameter bounds.
During the execution of evolutionary algorithms, popula-
tion fitness is computed by substituting the performance
parameter values of the classifier executed on the dataset
in step 4.

Once all the three EAs are executed individually, optimal
parameter values for each of the two classifiers (SVM and
MLP) are found, and subsequently, these six HISs are
compared based on their fitness values. That HIS having
the best fitness value for a particular dataset is considered
as the proposed HIS for that particular dataset. The objective
function and parameter values of the best hybrid intelligent
system are treated as final optimal values.

By combining the two classifiers and the three evolution-
ary optimization techniques for optimizing chosen classifier
parameters, a number of hybrid intelligent systems have been
obtained as possible alternatives. These alternative hybrid
intelligent systems (HISs) have been termed as GSA-based
SVM (GSVM), FA-based SVM (FSVM), PSO-based SVM
(PSVM), GSA-based MLP (GMLP), FA-based MLP (FMLP),
and PSO-basedMLP (PMLP). These six HISs are tested on all
the eleven benchmark datasets considered in this work, once
without employing resampling and then using resampling
technique. Hence, these HISs produce a set of sixteen results
for each of the disease datasets, eight for SVM and eight for
MLP. Out of these eight results, one is for the basic classifier
(only SVM and only MLP) without data resampling, another
for the same with resampling data, and the remaining six are
for the three evolutionary algorithms each, once with original
data and again with resampling data. The benchmark datasets
are tested with ADABOOST version of SVM andMLP. How-
ever, on average, the ADABOOST results are not competitive
with the instance-based supervised resampling technique in
Weka, and the corresponding performances are given in
Table 1. Moreover, we continued our experiments using
instance-based supervised resampling technique.

7. Simulations and Results

To check the performance of the proposed hybrid system,
11 medical datasets of various diseases are considered. These
data have been collected from the UCI repository [71], and

1. Interpreting Data.
2. Pre-processing the data.
3. Select the classifier used for classification.
4. Identify the parameters to be optimized for the classifier chosen in step3.
5. Develop the objective function (Single/Multi).
6. Pick out the optimization technique to be used for parameter optimization of the classifier selected in step-3 based on

the objective function constructed in step4.
7. Do the chosen optimization technique over the selected classifier for a finite iteration.
8. Post process the result obtained in step 7.

Algorithm 4: Basic steps of hybrid intelligent system.
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the same form the basis of almost all performance evalua-
tions in disease diagnosis. A detailed account of the datasets
employed in this paper has been summarized in Table 2.
All the six hybrid system alternatives and basic classifier tech-
nique have been executed on each of the 11 datasets, once
without resampling of the dataset and then repeated with
resampled dataset.

All the three evolutionary algorithms are executed for
50 iterations by considering 20 agents per iteration. These
algorithms have been implemented in Java. Weka 3.7.4
tool class libraries have been used for the implementation
of SVM and MLP. Instance-based resampling, which is
available in Weka, has been used for resampling purposes.
For experimentation purposes, the datasets considered are
divided into testing and training sets, and a 10-fold cross-
validation is used to that effect. To compare the performance
of our proposed hybrid system for the datasets employed, we
have compared results we have obtained with the results pre-
sented in three very recent papers that use the same datasets
(not all 11 datasets, only a subset is utilized by these papers).
References [14] through [16] are recent literature, and they
have been referred to in our work as the base papers for every
dataset (as has been earmarked in legends in Figure 2). The
results of datasets corresponding to diseases like breast

cancer, hepatitis, BUPA liver, Pima, Cleveland, and Parkin-
son have been compared with those of [14], whereas the
results of Statlog, Spect, Spectf, and Eric have been compared
with those of BagMOOV [15]. Thyroid disease results alone
are compared with those of [16]. In this work, the highest pri-
ority is given in favor of prediction accuracy. Hence, w1, w2,
and w3 in (6) correspond to 0.95, 0 05/2, and 0 05/2,
respectively.

7.1. Statistical Analysis. In this section, we present a number
of statistical analyses for the results obtained from our
proposed hybrid system. The following subsections provide
details about how these analyses are done.

7.1.1. Signed-Rank Test. The statistical analysis was done
usingWilcoxon signed-rank test [72]. It tests the performance
of all the techniques. The null hypothesis and alternative null
hypothesis are set as follows:

H0: median(X) is equal to median(Y).

H1: median(X) is not equal to median(Y).

The objective values corresponding to FMLP overall
disease datasets are tested over rest of the five techniques
on all disease datasets, once with and next without resam-
pling for each of the hybrid system alternatives, namely,
FSVM, GSVM, PSVM, GMLP, and PMLP.

The Wilcoxon signed-rank test was executed with the
level of significances 0.01 and 0.05. The Matlab function
“signrank()” was used to perform the statistical analysis
and the conclusions arrived upon has been presented in
Tables 3, 4, 5, and 6.

7.1.2. Student’s t-Test. Student’s t-test is used to test whether
the sample X derived from a normal distribution can have the
mean m without knowing standard deviation [73]. We
execute FMLP for 20 times, and we also noted the best per-
formance in each iteration. Student’s t-test is executed on
the three objectives: prediction accuracy (PAC), sensitivity

Table 1: Comparison of basic, resampling, and ADABOOST versions of SVM and MLP.

Dataset MLP SVM RMLP RSVM ADA-MLP ADA-SVM

Cleveland 79.2079 82.8383 93.72 85.0886 76.23 82.5083

Statlog 77.4074 84.07 86.6667 83.7037 77.777 84.07

Spect 79.4 81.65 88.38 88.764 79.4007 80.8989

Spectf 76.03 79.40 90.2622 82.397 76.03 77.9026

Eric 77.99 78.95 88.51 83.73 77.9904 77.9904

WBC 95.28 96.85 97.1388 96.5665 95.5651 96.7096

Hepatitis 81.94 85.16 90.3226 85.8065 78.7097 78.9097

Thyroid 96.28 89.77 98.1395 78.6047 97.2093 85.1163

Parkinson 91.28 86.15 96.4103 90.2564 92.3077 87.6923

Pima Indian diabetics 75.13 77.47 79.2969 76.0417 73.9583 77.3438

BUPA liver 71.59 70.14 68.1159 54.4928 71.3043 62.029

R: filter-based supervised instance resampling; ADA: ADABOOST.

Table 2: Summary of datasets used.

S. number Dataset Size

1 Cleveland 303× 14
2 Statlog 270× 14
3 Spect 267× 23
4 Spectf 267× 45
5 Eric 209× 8
6 WBC 699× 10
7 Hepatitis 155× 20
8 Thyroid 215× 6
9 Parkinson 195× 23
10 Pima Indian diabetics 768× 9
11 BUPA 345× 7
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(SEN), and specificity (SPE). Null hypothesis and alternative
hypothesis are set as follows:

H0: μX=m, H1: μX≠m.

Student’s t-test is performed by using ttest() func-
tion available in MATLAB. The performance of this test
for various parameter values has been summarized in
Tables 7 and 8.

7.2. Performance Metrics. The important distinct goals of
multiobjective optimization are (1) finding solutions as
close to the Pareto-optimal solutions as possible and (2)
finding solutions as diverse as possible in the obtained
nondominated front. In this work, to test the first goal
is tested using generational distance (GD) and the sec-
ond target is tested by computing spacing [58]. In the
metric computation, two sets are used, namely, Q and
P∗, where Q is the Pareto front found by test algorithm
and P∗ is the subset of true Pareto-optimal members.
Before computing these metrics, the data in Q is to be
normalized since various objective functions will have
different ranges.

Generational distance (GD): Veldhuizen introduces this
metric in the year 1990 [74]. This metric finds an average
distance between the members of Q and P∗ as follows:

GD = ∑ Q
i=1d

p
i

1/p
/ Q . For p = 2, the parameter di is the

Euclidean distance between the members of Q and the

nearest member of P∗: di =min P∗

k=1 ∑M
m=1 f im − f ∗ k

m

2
,

where f ∗ k
m is the mth objective function value of the kth

member of P∗. An algorithm having a small value of GD is
better. The members in P∗ are having a maximum value for
at least one objective function.

Spacing (SP): Schott introduces this metric in the
year 1995 [75]. This metric finds the standard deviation
of different di values. It can be calculated as follows: S =

1/ Q ∑ Q
i=1 di − d

2, where di =mink∈Q∩k≠i∑
M
m=1 f im − f km

and d is the mean value of di’s. A good algorithm will be
having a minimal SP value. The set Q is caught by executing
FMLP for 50 iterations with each iteration having 20 agents.
In every iteration, the Pareto fronts are stored in external
memory. The metrics for GD and SP for all the three objec-
tives with and without resampling are given in Table 9.

7.3. Results and Discussion. The best values found in all the
hybrid systems are discussed as follows.

7.3.1. Cleveland Dataset. The performance of all the 8 tech-
niques (2 basic machine learning and six hybrid systems)
over Cleveland dataset is depicted in Table 10. PMLP shows
best sensitivity (84.79%), whereas FMLP shows better results
for all the other performance parameters, like accuracy
(85.8%), specificity (87.5%), F-measure (85.74%), recall
(85.8%), and precision (85.91%) without resampling. On
the contrary, with resampling, PMLP shows the best
accuracy (94.1%), but for all the other parameters, like sensi-
tivity (93.49%), specificity (94.77%), F-measure (94.05%),
recall (94.05%), and precision (94.07%), PMLP (GMLP,
FMLP) shows best results. A comparison of Cleveland
result with the state-of-the-art result is given in Table 11.
Table 10 summarizes the performance of the proposed
hybrid alternatives for the Cleveland dataset, and Table 11
compares this performance with best results obtained in
recent literature.

7.3.2. Statlog Dataset. The performance of all the 8 tech-
niques (2 machine learning and six hybrid systems) over
Statlog dataset with and without resampling is given in
Table 12. The highest accuracy, sensitivity, specificity, F-
measure, recall, and precision without resampling are
achieved by FMLP, PMLP, FMLP, FMLP, FMLP, and FMLP,
respectively; best values found have been bolded for easy
identification in Table 12. The highest accuracy, sensitivity,
specificity, F-measure, recall, and precision with resampling
are achieved by GMLP, GMLP, FMLP, GMLP, GMLP, and
GMLP, respectively; best values found have been bolded for
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easy identification in Table 12. A comparison of Statlog
result with the state-of-the-art result is given in
Table 13. The highest prediction accuracy for Statlog is
85.9% (without resampling) and 90.7 (with resampling).
The performance of all the considered techniques over
Statlog dataset with resampling is better than without
resampling. Table 12 summarizes the performance of pro-
posed hybrid alternatives for this dataset, and Table 13
compares this performance with best results obtained in
recent literature.

7.3.3. Spect Dataset. The performance of all the 8 techniques
(2 machine learning and six hybrid systems) over Spect
dataset with and without resampling is given in Table 14.
The highest accuracy, sensitivity, specificity, F-measure,
recall, and precision without resampling are achieved by

FMLP, FSVM, FMLP, FMLP, FMLP, and FMLP, respec-
tively, with the values 85%, 88.4%, 74.2%, 83.3%, 85%, and
83.9%. The highest accuracy, sensitivity, specificity, F-mea-
sure, recall, and precision with resampling are achieved by
GMLP (PMLP), GMLP (FMLP, PMLP), GMLP (PMLP),
PMLP (GMLP), GMLP (PMLP), and GMLP (PMLP),
respectively, with the values 89.5%, 91.9%, 77.3%, 89.2%,
89.5%, and 89.1%. A comparison of Spect result with the
state-of-the-art result is given in Table 15. The highest
prediction accuracy for Spect is 85% (without resampling)
and 89.5 (with resampling). The performance of all the
considered techniques over Spect dataset with resampling is
better than without resampling. Table 14 summarizes the
performance of proposed hybrid alternatives for this dataset,
and Table 15 compares this performance with best results
obtained in recent literature.

Table 3: Signed-rank test at LOS 0.01 on resampled data.

Dataset Objectives
PSVM GSVM FSVM PMLP GMLP

P value H P value H P value H P value H P value H

Cleveland

PAC 3.69E−05 1 3.69E−05 1 3.69E−05 1 8.75E−05 1 8.125E−5 1

SEN 4.4E−05 1 2.98E−05 1 3.69E−05 1 6.875E−5 1 1.13E−5 1

SPE 3.69E−05 1 4.4E−05 1 4.4E−05 1 8.125E−5 1 4.375E−5 1

Statlog

PAC 3.69E−05 1 2.98E−05 1 3.69E−05 1 6.11E−05 1 2.31E−05 1

SEN 3.69E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1

SPE 2.98E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

Spect

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 0.000963 1 5E−05 1

SEN 4.4E−05 1 7.23E−05 1 4.4E−05 1 0.007533 1 0.009141 1

SPE 2.98E−05 1 3.69E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1

Spectf

PAC 2.98E−05 1 4.4E−05 1 3.69E−05 1 5.17E−05 1 0.000726 1

SEN 4.4E−05 1 4.4E−05 1 8.51E−05 1 0.000629 1 0.00082 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 2.98E−05 1 0.000627 1

Eric

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 0.875 0 3.69E−05 1

SEN 4.4E−05 1 4.4E−05 1 4.4E−05 1 5.2E−05 1 3.69E−05 1

SPE 3.69E−05 1 2.98E−05 1 2.98E−05 1 3.69E−05 1 3.69E−05 1

WBC

PAC 4.37E−05 1 3.55E−05 1 4.37E−05 1 1 0 5E−05 1

SEN 4.4E−05 1 3.69E−05 1 4.4E−05 1 0.5625 0 0.006127 1

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 0.4375 0 6.11E−05 1

Hepatitis

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 0.4375 0 8.4375 1

SEN 4.37E−05 1 5.2E−05 1 3.69E−05 1 8.75E−6 1 5.7126E−5 1

SPE 4.4E−05 1 3.69E−05 1 3.69E−05 1 1.15E−5 1 2.3123E−5 1

Thyroid

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

SEN 4.4E−05 1 4.4E−05 1 2.98E−05 1 4.4E−05 1 2.98E−05 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 6.577E−5 1 0.007533 1

Parkinson

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.37E−05 1

SEN 4.4E−05 1 2.98E−05 1 4.4E−05 1 0.006855 1 3.2366E−5 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1

Pima Indian diabetics

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1 1E−04 1

SEN 3.69E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1 2.98E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

BUPA liver disease

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 2.31E−05 1 2.31E−05 1
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7.3.4. Spectf Dataset. The performance of all the 8 techniques
(2 machine learning and six hybrid systems) over Spectf
dataset with and without resampling is given in Table 16.
The highest accuracy, sensitivity, specificity, F-measure,
recall, and precision without resampling are achieved by
FMLP, FSVM, FMLP, PSVM, FMLP, and FMLP, respec-
tively, with the values 82.4%, 88%, 83.3%, 80.6%, 82.4%,
and 82.6%. The highest accuracy, sensitivity, specificity,
F-measure, recall, and precision with resampling are
achieved by PMLP, GSVM, PMLP, PMLP, PMLP, and
PMLP, respectively; best values found are bolded for easy
identification in Table 16. A comparison of Spectf result with
the state-of-the-art result is given in Table 17. The highest
prediction accuracy for Spectf is 82.4% (without resampling)
and 90.6% (with resampling). The performance of all the
considered techniques over Spectf dataset with resampling

is better than without resampling except in specificity.
Table 16 summarizes the performance of proposed hybrid
alternatives for this dataset, and Table 17 compares this
performance with best results obtained in recent literature.

7.3.5. Eric Dataset. The performance of all the 8 techniques
(2 basic machine learning and six hybrid systems) over
ERIC dataset is depicted in Table 18. FMLP shows best
results for parameters like accuracy (81.34%), specificity
(79.1%), F-measure (81.02%), and recall (81.34%), whereas
GMLP shows better results for sensitivity (88.41%) and
precision (82.5%) without resampling. On the contrary,
with resampling, GMLP shows best results for parameters
like accuracy (91.39%), sensitivity (88.78%), specificity
(93.69%), F-measure (91.40%), recall (91.39%), and precision
(91.48%). A comparison of ERIC result with the state-of-the-

Table 4: Signed-rank test at LOS 0.05 on resampled data.

Dataset Objectives
PSVM GSVM FSVM PMLP GMLP

P value H P value H P value H P value H P value H

Cleveland

PAC 3.69E−05 1 3.69E−05 1 3.69E−05 1 8.75E−5 1 8.125E−5 1

SEN 4.4E−05 1 2.98E−05 1 3.69E−05 1 6.875E−5 1 1.542E−4 1

SPE 3.69E−05 1 4.4E−05 1 4.4E−05 1 8.125E−5 1 4.375 1

Statlog

PAC 3.69E−05 1 2.98E−05 1 3.69E−05 1 6.11E−05 1 2.31E−05 1

SEN 3.69E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1

SPE 2.98E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

Spect

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 0.000963 1 5E−05 1

SEN 4.4E−05 1 7.23E−05 1 4.4E−05 1 0.007533 1 0.009141 1

SPE 2.98E−05 1 3.69E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1

Spectf

PAC 2.98E−05 1 4.4E−05 1 3.69E−05 1 5.17E−05 1 0.000726 1

SEN 4.4E−05 1 4.4E−05 1 8.51E−05 1 0.000629 1 0.00082 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 2.98E−05 1 0.000627 1

Eric

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 8.75E−5 1 3.69E−05 1

SEN 4.4E−05 1 4.4E−05 1 4.4E−05 1 5.2E−05 1 3.69E−05 1

SPE 3.69E−05 1 2.98E−05 1 2.98E−05 1 3.69E−05 1 3.69E−05 1

WBC

PAC 4.37E−05 1 3.55E−05 1 4.37E−05 1 1.3982E−5 1 5.38E−05 1

SEN 4.4E−05 1 3.69E−05 1 4.4E−05 1 5.625E−5 1 0.6127 0

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.235E−5 1 6.11E−05 1

Hepatitis

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.375E−5 1 8.475E−5 1

SEN 4.37E−05 1 5.2E−05 1 3.69E−05 1 0.875E−5 1 1.873E−5 1

SPE 4.4E−05 1 3.69E−05 1 3.69E−05 1 1.321E−5 1 1.098E−5 1

Thyroid

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

SEN 4.4E−05 1 4.4E−05 1 2.98E−05 1 4.4E−05 1 2.98E−05 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 0.026577 1 0.007533 1

Parkinson

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.37E−05 1

SEN 4.4E−05 1 2.98E−05 1 4.4E−05 1 0.006855 1 0.032366 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1

Pima Indian diabetics

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1 1E−04 1

SEN 3.69E−05 1 3.69E−05 1 2.98E−05 1 3.69E−05 1 2.98E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

BUPA liver disease

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 2.31E−05 1 2.31E−05 1
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art result is given in Table 19. Table 18 summarizes the
performance of the proposed hybrid alternatives for the
ERIC dataset, and Table 19 compares this performance with
best performance in recent literature.

7.3.6. Wisconsin Breast Cancer (WBC) Dataset. The perfor-
mance of all the 8 techniques (2 basic machine learning
and six hybrid systems) over breast cancer dataset is
depicted in Table 20. GMLP shows best accuracy (97%)
and precision (97.04%), whereas PSVM shows better
results for the parameters like sensitivity (95.08%), speci-
ficity (98.02%), and F-measure (97%), and GMLP and
PSVM together show the best result for recall (97%) with-
out resampling. On the contrary, with resampling, FMLP
shows the best accuracy (98%), but for all the other
parameters, like sensitivity (96.61%), F-measure (98%),

recall (98%), and precision (98%), PMLP (FMLP) shows
best results and PSVM (GSVM and FSVM) shows best
results for specificity (99.55%). A comparison of breast
cancer result with the state-of-the-art result is given in
Table 21. Table 20 summarizes the performance of the
proposed hybrid alternatives for the breast cancer dataset,
and Table 21 compares this performance with best results
obtained in recent literature.

7.3.7. Hepatitis Dataset. The performance of all the 8 tech-
niques (2 basic machine learning and six hybrid systems)
over Hepatitis dataset is depicted in Table 22. PMLP shows
best results for specificity (90.55%), F-measure (86.77%),
recall (87.1%), and precision (86.6%), whereas GSVM
(PSVM and FSVM) shows better results for the parameters
like accuracy (87.1%) and sensitivity (73.08%) without

Table 5: Signed-rank test at LOS 0.01 on without resampled data.

Dataset Objectives
PSVM GSVM FSVM PMLP GMLP

P value H P value H P value H P value H P value H

Cleveland

PAC 3.69E−05 1 3.69E−05 1 3.69E−05 1 2.98E−05 1 2.98E−05 1

SEN 4.4E−05 1 2.98E−05 1 4.4E−05 1 0.004662 1 8.51E−05 1

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Statlog

PAC 2.98E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1

SEN 0.035645 0 3.69E−05 1 6.14E−05 1 4.4E−05 1 2.98E−05 1

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Spect

PAC 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 8.5E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1 5.17E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

Spectf

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1

SEN 2.98E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 2.98E−05 1 3.69E−05 1

Eric

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.375E−05 1

SEN 4.4E−05 1 4.4E−05 1 6.14E−05 1 0.000542 1 4.4E−05 1

SPE 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.37E−05 1 3.69E−05 1

WBC

PAC 7.23E−05 1 0.000117 1 0.000943 1 0.005267 1 1E−04 1

SEN 3.69E−05 1 4.4E−05 1 3.69E−05 1 0.000544 1 8.51E−05 1

SPE 0.007263 1 0.032366 0 0.000826 1 0.00003 1 4.37E−05 1

Hepatitis

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

SPE 5E−05 1 4.4E−05 1 6.11E−05 1 2.98E−05 1 3.69E−05 1

Thyroid

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

SEN 0.005738 1 0.000725 1 0.000726 1 3.69E−05 1 4.4E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.37E−05 1 3.69E−05 1

Parkinson

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 6.14E−05 1 4.359E−05 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Pima Indian diabetics

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.55E−05 1

BUPA liver disease

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 4.4E−05 1 0.00509 1 0.00646 1 4.4E−05 1 4.4E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 6.11E−05 1 3.69E−05 1
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resampling. On the contrary, with resampling, FMLP (PMLP
and GMLP) shows best results for parameters like accuracy
(92.26%), sensitivity (80.77%), specificity (94.57%), F-mea-
sure (92.14%), recall (92.26%), and precision (92.08%). A
comparison of Hepatitis result with the state-of-the-art result
is given in Table 23. Table 22 summarizes the performance of
the proposed hybrid alternatives for the Hepatitis dataset,
and Table 23 compares this performance with best results
obtained in recent literature.

7.3.8. Thyroid Dataset. The performance of all the 8 tech-
niques (2 machine learning and 6 hybrid systems) over
thyroid dataset with and without resampling is given in
Table 24. The highest accuracy, sensitivity, specificity, F-
measure, recall, and precision without resampling is achieved
by FMLP, FMLP (PMLP), FMLP, FMLP, FMLP (PMLP), and

FMLP (PMLP), respectively, best values found have been
bolded for easy identification in Table 24. The highest accu-
racy, sensitivity, specificity, F-measure, recall, and precision
with resampling are achieved by PMLP (fMLP), FMLP
(PMLP), PMLP (FMLP), PMLP (FMLP), PMLP (FMLP),
and PMLP (FMLP), respectively, with the values 98.6%,
98.2%, 98.74%, 98.6%, 98.6%, and 98.6%. A comparison of
thyroid result with the state-of-the-art result is given in
Table 25. The highest prediction accuracy for thyroid is
97.7% (without resampling) and 98.6% (with resampling).
The performance of all the considered techniques over
thyroid dataset with resampling is better than without
resampling. Table 24 summarizes the performance of pro-
posed hybrid alternatives for this dataset, and Table 25
compares this performance with best results obtained in
recent literature.

Table 6: Signed-rank test at LOS 0.05 on without resampled data.

Dataset Objectives
PSVM GSVM FSVM PMLP GMLP

P value H P value H P value H P value H P value H

Cleveland

PAC 3.69E−05 1 3.69E−05 1 3.69E−05 1 2.98E−05 1 2.98E−05 1

SEN 4.4E−05 1 2.98E−05 1 4.4E−05 1 0.004662 1 8.51E−05 1

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Statlog

PAC 2.98E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1

SEN 0.035645 1 3.69E−05 1 6.14E−05 1 4.4E−05 1 2.98E−05 1

SPE 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Spect

PAC 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 8.5E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1 5.17E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

Spectf

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1

SEN 2.98E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 2.98E−05 1 3.69E−05 1

Eric

PAC 4.4E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1 0.4375 0

SEN 4.4E−05 1 4.4E−05 1 6.14E−05 1 0.000542 1 4.4E−05 1

SPE 4.4E−05 1 3.69E−05 1 3.69E−05 1 4.37E−05 1 3.69E−05 1

WBC

PAC 7.23E−05 1 0.000117 1 0.000943 1 0.005267 1 1E−04 1

SEN 3.69E−05 1 4.4E−05 1 3.69E−05 1 0.000544 1 8.51E−05 1

SPE 0.007263 1 0.032366 1 0.033826 1 0.039203 1 4.37E−05 1

Hepatitis

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

SPE 5E−05 1 4.4E−05 1 6.11E−05 1 2.98E−05 1 3.69E−05 1

Thyroid

PAC 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1

SEN 0.005738 1 0.000725 1 0.000726 1 3.69E−05 1 4.4E−05 1

SPE 4.4E−05 1 4.4E−05 1 3.69E−05 1 4.37E−05 1 3.69E−05 1

Parkinson

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 3.69E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 6.14E−05 1 0.043059 1

SPE 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

Pima Indian diabetics

PAC 4.4E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 4.4E−05 1

SEN 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.69E−05 1 3.55E−05 1

BUPA liver disease

PAC 4.4E−05 1 3.69E−05 1 4.4E−05 1 4.4E−05 1 3.69E−05 1

SEN 4.4E−05 1 0.00509 1 0.00646 1 4.4E−05 1 4.4E−05 1

SPE 3.69E−05 1 3.69E−05 1 3.69E−05 1 6.11E−05 1 3.69E−05 1
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7.3.9. Parkinson Dataset. The performance of all the 8
techniques (2 machine learning and six hybrid systems) over
Parkinson dataset with and without resampling is given
in Table 26. The highest accuracy, sensitivity, specificity,
F-measure, recall, and precision without resampling are
achieved by FMLP, FMLP, PSVM (FSVM, GSVM),
FMLP, FMLP, and FMLP, respectively, with the values
93.8%, 96.6%, 96.2%, 93.9%, 93.8%, and 94%. The highest
accuracy, sensitivity, specificity, F-measure, recall, and preci-
sion with resampling are achieved by GMLP, GMLP (FMLP,
PMLP), PSVM (GSVM, FSVM), PMLP (GMLP), PMLP
(GMLP), and PMLP (GMLP), respectively, with the values
96.9%, 97.4%, 100%, 96.9%, 96.9%, and 96.9%. A comparison
of Parkinson result with the state-of-the-art result is given in
Table 27. The highest prediction accuracy for Parkinson is
93.8% (without resampling) and 96.9% (with resampling).

The performance of all the considered techniques over
Pakinson dataset with resampling is better than without
resampling. Table 26 summarizes the performance of pro-
posed hybrid alternatives for this dataset, and Table 27
compares this performance with best results obtained in
recent literature.

7.3.10. Pima Indian Diabetic Dataset. The performance of all
the 8 techniques (2 machine learning and six hybrid systems)
over Pima dataset with and without resampling is given in
Table 28. The highest accuracy, sensitivity, specificity, F-
measure, recall, and precision without resampling are
achieved by FMLP, FMLP, PSVM (FSVM, GSVM), FMLP,
FMLP, and FMLP, respectively; best values found have been
bolded for easy identification in Table 28. The highest accu-
racy, sensitivity, specificity, F-measure, recall and precision

Table 7: Results of Student’s t-test on without resampled data.

Dataset name Obj
Alpha = 0.01 Alpha = 0.05

H P value Lower bound Upper bound H P value Lower bound Upper bound

Cleveland

PAC 0 0.107409014 93.63760552 94.15613048 0 0.107409014 93.70719481 94.08654119

SEN 0 0.119440215 93.37174786 93.52239194 0 0.119440215 93.39196524 93.50217457

SPE 0 0.110406058 94.4269811 94.85972715 0 0.110406058 94.48505832 94.80164993

Statlog

PAC 0 0.198452296 89.40087856 89.71350963 0 0.198452296 89.4428356 89.67155259

SEN 0 0.113684201 87.8202939 88.13645358 0 0.113684201 87.8627245 88.09402298

SPE 0 0.085172965 90.21689475 90.78345951 0 0.085172965 90.29293128 90.70742299

Spect

PAC 0 0.09899382 88.79823642 89.22375777 0 0.09899382 88.85534404 89.16665015

SEN 0 0.102037465 91.52271275 91.98167028 0 0.102037465 91.58430772 91.92007531

SPE 0 0.094031375 75.19513272 75.64666638 0 0.094031375 75.25573136 75.58606775

Spectf

PAC 0 0.091447714 89.90632221 90.34258368 0 0.091447714 89.96487122 90.28403467

SEN 0 0.085170746 93.2108793 93.62575965 0 0.085170746 93.26655883 93.57008011

SPE 0 0.086020283 75.50805229 76.1105871 0 0.086020283 75.58891622 76.02972317

Eric

PAC 0 0.123534674 89.66246147 90.03031881 0 0.123534674 89.71183022 89.98095006

SEN 0 0.127198304 87.50689214 87.66497294 0 0.127198304 87.52810757 87.64375751

SPE 0 0.166768736 91.88301746 91.98548668 0 0.166768736 91.89676947 91.97173467

WBC

PAC 0 0.104809721 97.89345297 98.02702302 0 0.104809721 97.91137891 98.00909708

SEN 0 0.103386039 96.30307823 96.68720924 0 0.103386039 96.35463101 96.63565646

SPE 0 0.108706462 98.37053699 98.78539395 0 0.108706462 98.42621338 98.72971756

Hepatitis

PAC 0 0.131198082 92.0423242 92.32294757 0 0.131198082 92.07998561 92.28528616

SEN 0 0.270421552 80.5671699 80.85759447 0 0.270421552 80.60614669 80.81861768

SPE 0 0.141041289 94.26694606 94.66132599 0 0.141041289 94.31987431 94.60839774

Thyroid

PAC 0 0.171022773 97.15734101 97.84211907 0 0.171022773 97.2492425 97.75021758

SEN 0 0.189226475 94.54448673 94.93137205 0 0.189226475 94.59640916 94.87944963

SPE 0 0.209391475 98.4352079 98.84065802 0 0.209391475 98.48962183 98.78624408

Parkinson

PAC 0 0.100403912 96.04769583 96.49955298 0 0.100403912 96.10833788 96.43891093

SEN 0 0.118064733 97.14392547 97.46967293 0 0.118064733 97.18764281 97.42595559

SPE 0 0.132191436 92.30860837 92.78786405 0 0.132191436 92.37292747 92.72354494

Pima Indian diabetics

PAC 0 0.092109816 80.171399 80.70052364 0 0.092109816 80.24241083 80.62951182

SEN 0 0.085031456 76.12631776 76.69348033 0 0.085031456 76.20243452 76.61736358

SPE 0 0.165042763 81.90646042 82.11053899 0 0.165042763 81.93384904 82.08315037

BUPA liver disease

PAC 0 0.155271161 70.23491732 70.49206105 0 0.155271161 70.26942761 70.45755076

SEN 0 0.114021708 67.20708253 67.52742545 0 0.114021708 67.25007455 67.48443343

SPE 0 0.145476728 73.12029125 73.35511283 0 0.145476728 73.15180577 73.32359831
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Table 8: Results of Student’s t-test on resampled data.

Dataset name Obj
Alpha = 0.01 Alpha = 0.05

H P value Lower bound Upper bound H P value Lower bound Upper bound

Cleveland

PAC 0 0.107409014 93.63760552 94.15613048 0 0.107409014 93.70719481 94.08654119

SEN 0 0.119440215 93.37174786 93.52239194 0 0.119440215 93.39196524 93.50217457

SPE 0 0.110406058 94.4269811 94.85972715 0 0.110406058 94.48505832 94.80164993

Statlog

PAC 0 0.198452296 89.40087856 89.71350963 0 0.198452296 89.4428356 89.67155259

SEN 0 0.113684201 87.8202939 88.13645358 0 0.113684201 87.8627245 88.09402298

SPE 0 0.085172965 90.21689475 90.78345951 0 0.085172965 90.29293128 90.70742299

Spect

PAC 0 0.09899382 88.79823642 89.22375777 0 0.09899382 88.85534404 89.16665015

SEN 0 0.102037465 91.52271275 91.98167028 0 0.102037465 91.58430772 91.92007531

SPE 0 0.094031375 75.19513272 75.64666638 0 0.094031375 75.25573136 75.58606775

Spectf

PAC 0 0.091447714 89.90632221 90.34258368 0 0.091447714 89.96487122 90.28403467

SEN 0 0.085170746 93.2108793 93.62575965 0 0.085170746 93.26655883 93.57008011

SPE 0 0.086020283 75.50805229 76.1105871 0 0.086020283 75.58891622 76.02972317

Eric

PAC 0 0.123534674 89.66246147 90.03031881 0 0.123534674 89.71183022 89.98095006

SEN 0 0.127198304 87.50689214 87.66497294 0 0.127198304 87.52810757 87.64375751

SPE 0 0.166768736 91.88301746 91.98548668 0 0.166768736 91.89676947 91.97173467

WBC

PAC 0 0.104809721 97.89345297 98.02702302 0 0.104809721 97.91137891 98.00909708

SEN 0 0.103386039 96.30307823 96.68720924 0 0.103386039 96.35463101 96.63565646

SPE 0 0.108706462 98.37053699 98.78539395 0 0.108706462 98.42621338 98.72971756

Hepatitis

PAC 0 0.131198082 92.0423242 92.32294757 0 0.131198082 92.07998561 92.28528616

SEN 0 0.270421552 80.5671699 80.85759447 0 0.270421552 80.60614669 80.81861768

SPE 0 0.141041289 94.26694606 94.66132599 0 0.141041289 94.31987431 94.60839774

Thyroid

PAC 0 0.171022773 97.15734101 97.84211907 0 0.171022773 97.2492425 97.75021758

SEN 0 0.189226475 94.54448673 94.93137205 0 0.189226475 94.59640916 94.87944963

SPE 0 0.209391475 98.4352079 98.84065802 0 0.209391475 98.48962183 98.78624408

Parkinson

PAC 0 0.100403912 96.04769583 96.49955298 0 0.100403912 96.10833788 96.43891093

SEN 0 0.118064733 97.14392547 97.46967293 0 0.118064733 97.18764281 97.42595559

SPE 0 0.132191436 92.30860837 92.78786405 0 0.132191436 92.37292747 92.72354494

Pima Indian diabetics

PAC 0 0.092109816 80.171399 80.70052364 0 0.092109816 80.24241083 80.62951182

SEN 0 0.085031456 76.12631776 76.69348033 0 0.085031456 76.20243452 76.61736358

SPE 0 0.165042763 81.90646042 82.11053899 0 0.165042763 81.93384904 82.08315037

BUPA liver disease

PAC 0 0.155271161 70.23491732 70.49206105 0 0.155271161 70.26942761 70.45755076

SEN 0 0.114021708 67.20708253 67.52742545 0 0.114021708 67.25007455 67.48443343

SPE 0 0.145476728 73.12029125 73.35511283 0 0.145476728 73.15180577 73.32359831

Table 9: Performance metric values on all datasets with and without resampling.

Dataset name
Without

resampling
Resampling

Dataset name
Without

resampling
Resampling

GD SP GD SP GD SP GD SP

Cleveland 0.21 0.8 0.19 0.9 WBC 0.39 1.25 0.25 2.21

Statlog 0.39 1.02 0.16 1.91 Hepatitis 0.24 3.21 0.27 1.29

Spect 0.11 1.87 0.14 1.23 Thyroid 0.1 1.34 0.26 1.76

Spectf 0.18 1.98 0.12 1.2 Parkinson 0.22 1.8 0.18 2.92

Eric 0.29 2.02 0.13 1.92 Pima Indian diabetics 0.2 0.98 0.13 1.05

BUPA 0.18 2.2 0.14 1.9
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Table 10: Performance of hybrid systems on Cleveland dataset.

Cleveland

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 85.14 82.83 86.79 86.13 86.13 83.49 82.83 83.49

Sensitivity 83.33 82.18 84.91 84.74 84.35 82.38 82.18 82.38

Specificity 87.80 83.72 89.51 88.09 88.70 85.03 83.72 85.03

F-measure 85.04 82.77 86.71 86.06 86.05 83.41 82.77 83.41

Recall 85.14 82.83 86.79 86.13 86.13 83.49 82.83 83.49

Precision 85.36 82.8 87.01 86.27 86.33 83.60 82.88 83.60

Basic MLP Parameter optimized MLP

PAC 93.72 79.20 94.05 94.05 94.05 85.14 84.15 85.80

Sensitivity 93.45 80.23 93.49 93.49 93.49 84.79 84.11 84.57

Specificity 94.07 77.94 94.77 94.77 94.77 85.60 84.21 87.5

F-measure 93.72 79.18 94.05 94.05 94.05 85.11 84.12 85.74

Recall 93.72 79.20 94.05 94.05 94.05 85.14 84.15 85.80

Precision 93.73 79.18 94.07 94.07 94.07 85.16 84.16 85.91

Table 11: Comparison of hybrid systems with HMV [14] for Cleveland dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 85 83.82 88.41 82.15

Without resampling FMLP 85.8 87.5 84.6 87.5

Resampling FMLP (PMLP) 94.1 94.8 93.5 94.1

Table 12: Performance of hybrid systems on Statlog dataset.

Statlog

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 85.19 84.44 85.56 85.56 85.56 84.44 84.81 84.44

Sensitivity 83.81 83.62 82.73 83.96 83.96 83.62 84.35 84.21

Specificity 86.06 85.06 87.50 86.59 86.59 85.06 85.16 84.62

F-measure 85.12 84.41 85.55 85.50 85.50 84.41 84.78 84.40

Recall 85.19 84.44 85.56 85.56 85.56 84.44 84.81 84.44

Precision 85.14 84.42 85.54 85.51 85.51 84.42 84.80 84.44

Basic MLP Parameter optimized MLP

PAC 86.67 77.41 90.37 90.74 89.63 84.07 81.85 85.93

Sensitivity 82.61 73.60 91.26 92.16 88.07 85.32 79.34 83.61

Specificity 89.68 80.69 89.82 89.88 90.68 83.23 83.89 87.84

F-measure 86.70 77.45 90.31 90.67 89.61 83.97 81.86 85.94

Recall 86.67 77.41 90.37 90.74 89.63 84.07 81.85 85.93

Precision 86.77 77.54 90.41 90.82 89.61 84.16 81.87 85.96

Table 13: Comparison of hybrid systems with BagMOOV [15] for Statlog dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 84.4 86 86 86

Without resampling FMLP 85.9 83.6 87.8 85.9

Resampling GMLP 90.74 92.2 89.9 90.7
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Table 14: Performance of hybrid systems on Spect dataset.

Spect

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 88.39 81.65 88.39 88.39 88.39 82.77 82.40 82.77

Sensitivity 91.07 88.26 91.07 91.44 91.07 87.05 88.02 88.43

Specificity 74.42 55.56 74.42 73.33 74.42 60.47 58.00 58.82

F-measure 87.96 81.59 87.96 88.06 87.96 81.95 82.08 82.53

Recall 88.39 81.65 88.39 88.39 88.39 82.77 82.40 82.77

Precision 87.83 81.53 87.83 87.91 87.83 81.58 81.83 82.33

Basic MLP Parameter optimized MLP

PAC 88.39 79.40 89.51 89.51 89.14 82.40 83.52 85.02

Sensitivity 91.44 87.56 91.93 91.93 91.89 87.33 87.17 86.44

Specificity 73.33 50.00 77.27 77.27 75.56 58.70 63.41 74.19

F-measure 88.06 79.60 89.17 89.17 88.83 81.80 82.58 83.33

Recall 88.39 79.40 89.51 89.51 89.14 82.40 83.52 85.02

Precision 87.91 79.82 89.07 89.07 88.71 81.43 82.28 83.92

Table 15: Comparison of hybrid systems with BagMOOV [15] for Spect dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 82.02 27.27 96.23 42.50

Without resampling FMLP 85 86.4 74.2 83.3

Resampling FMLP 89.5 91.9 77.3 89.2

Table 16: Performance of hybrid systems on Spectf dataset.

Spectf

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 87.64 79.40 89.14 89.14 88.01 80.90 79.40 80.15

Sensitivity 92.92 87.56 94.71 94.71 92.96 87.10 87.56 88.04

Specificity 67.27 50.00 69.49 69.49 68.52 54.00 50.00 51.72

F-measure 87.77 79.60 89.39 89.39 88.10 80.56 79.60 80.34

Recall 87.64 79.40 89.14 89.14 88.01 80.90 79.40 80.15

Precision 87.93 79.82 89.80 89.80 88.20 80.28 79.82 80.56

Basic MLP Parameter optimized MLP

PAC 90.26 76.03 90.64 89.89 90.26 80.52 80.90 82.40

Sensitivity 93.15 85.24 93.58 93.12 93.55 87.74 84.85 82.35

Specificity 77.08 42.11 77.55 75.51 76.00 52.73 55.56 83.33

F-measure 90.11 76.19 90.53 89.77 90.19 80.52 79.31 77.56

Recall 90.26 76.03 90.64 89.89 90.26 80.52 80.90 82.40

Precision 90.02 76.35 90.46 89.69 90.13 80.52 78.81 82.55

Table 17: Comparison of hybrid systems with BagMOOV [15] for Spectf dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 78.28 7.27 96.70 13.53

Without resampling FMLP 82.4 82.4 83.3 77.6

Resampling PMLP 90.6 93.6 77.6 90.5
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Table 18: Performance of hybrid systems on Eric dataset.

Eric

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 84.21 78.95 85.17 85.65 85.17 80.86 78.95 80.86

Sensitivity 80.20 83.33 80.00 81.37 81.19 86.11 83.33 86.11

Specificity 87.96 76.64 90.38 89.72 88.89 78.10 76.64 78.10

F-measure 84.25 78.49 85.20 85.68 85.20 80.45 78.49 80.45

Recall 84.21 78.95 85.17 85.65 85.17 80.86 78.95 80.86

Precision 84.47 79.59 85.71 85.97 85.43 81.63 79.59 81.63

Basic MLP Parameter optimized MLP

PAC 88.52 77.99 89.95 91.39 89.95 80.86 81.34 81.34

Sensitivity 85.00 77.38 86.87 88.78 87.63 85.14 88.41 85.33

Specificity 91.74 78.40 92.73 93.69 91.96 78.52 77.86 79.10

F-measure 88.54 77.85 89.97 91.40 89.96 80.51 80.84 81.02

Recall 88.52 77.99 89.95 91.39 89.95 80.86 81.34 81.34

Precision 88.71 77.95 90.09 91.48 90.01 81.43 82.50 81.85

Table 19: Comparison of hybrid systems with BagMOOV [15] for Eric dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 80.86 86.32 73.91 79.64

Without resampling FMLP 81.3 88.4 77.9 80.8

Resampling GMLP 91.4 88.8 93.7 91.4

Table 20: Performance of hybrid systems on WBC dataset.

Breast cancer

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 96.14 96.85 97.00 97.00 97.00 97.00 96.85 96.85

Sensitivity 92.59 94.69 92.43 92.43 92.43 95.08 94.69 94.69

Specificity 98.03 98.02 99.55 99.55 99.55 98.02 98.02 98.02

F-measure 96.15 96.86 97.02 97.02 97.02 97.00 96.86 96.86

Recall 96.14 96.85 97.00 97.00 97.00 97.00 96.85 96.85

Precision 96.21 96.87 97.17 97.17 97.17 97.01 96.87 96.87

Basic MLP Parameter optimized MLP

PAC 97.14 95.28 98.00 97.71 98.00 96.57 97.00 96.42

Sensitivity 95.34 92.62 96.61 96.58 96.61 93.93 94.35 93.55

Specificity 98.06 96.70 98.70 98.28 98.70 98.01 98.45 98.00

F-measure 97.14 95.29 98.00 97.71 98.00 96.58 97.01 96.44

Recall 97.14 95.28 98.00 97.71 98.00 96.57 97.00 96.42

Precision 97.15 95.30 98.00 97.71 98.00 96.60 97.04 96.47

Table 21: Comparison of hybrid systems with HMV [14] for WBC dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 96.71 98.01 96.94 97.48

Without resampling PSVM 97 95.1 98 97

Resampling PSVM 98 96.6 98.7 98
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Table 22: Performance of hybrid systems on hepatitis dataset.

Hepatitis

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 89.03 85.16 89.68 89.68 89.68 87.10 87.10 87.10

Sensitivity 73.91 65.52 80.00 80.00 80.00 73.08 73.08 73.08

Specificity 91.67 89.68 91.11 91.11 91.11 89.92 89.92 89.92

F-measure 88.60 84.89 88.97 88.97 88.97 86.58 86.58 86.58

Recall 89.03 85.16 89.68 89.68 89.68 87.10 87.10 87.10

Precision 88.46 84.69 89.10 89.10 89.10 86.44 86.44 86.44

Basic MLP Parameter optimized MLP

PAC 90.32 81.94 92.26 92.26 92.26 87.10 85.16 83.23

Sensitivity 72.41 56.67 80.77 80.77 80.77 71.43 71.43 59.38

Specificity 94.44 88.00 94.57 94.57 94.57 90.55 87.31 89.43

F-measure 90.39 81.72 92.14 92.14 92.14 86.77 83.94 83.23

Recall 90.32 81.94 92.26 92.26 92.26 87.10 85.16 83.23

Precision 90.46 81.53 92.08 92.08 92.08 86.60 84.03 83.23

Table 23: Comparison of hybrid systems with HMV [14] for hepatitis dataset.

Method Accuracy Specificity Sensitivity F-measure

Base paper Ensemble 86.45 90.48 92.68 91.57

Without resampling PMLP 87.1 90.6 71.4 86.8

Resampling PMLP 92.3 80.8 94.6 92.1

Table 24: Performance of hybrid systems on thyroid dataset.

Thyroid

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 89.77 89.77 91.16 91.16 91.16 89.77 89.77 89.77

Sensitivity 90.70 93.88 97.50 97.50 97.50 93.88 93.88 93.88

Specificity 89.53 88.55 89.71 89.71 89.71 88.55 88.55 88.55

F-measure 89.27 89.31 90.61 90.61 90.61 89.31 89.31 89.31

Recall 89.77 89.77 91.16 91.16 91.16 89.77 89.77 89.77

Precision 89.84 90.16 91.78 91.78 91.78 90.16 90.16 90.16

Basic MLP Parameter optimized MLP

PAC 98.14 96.28 98.60 97.67 98.6 97.67 96.74 97.67

Sensitivity 98.18 93.85 98.21 94.83 98.21 95.45 93.94 95.45

Specificity 98.13 97.33 98.74 98.73 98.74 98.66 97.99 98.66

F-measure 98.13 96.28 98.60 97.68 98.6 97.68 96.75 97.68

Recall 98.14 96.28 98.60 97.67 98.6 97.67 96.74 97.67

Precision 98.14 96.28 98.60 97.69 98.6 97.69 96.76 97.69

Table 25: Comparison of hybrid systems with neural network [16] for thyroid dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Neural networks 94.81 NIL NIL NIL

Without resampling FMLP 97.7 95.5 98.7 97.7

Resampling FMLP 98.6 98.2 98.7 98.6
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Table 26: Performance of hybrid systems on Parkinson dataset.

Parkinson’s disease

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 91.28 86.15 91.28 91.28 91.28 87.69 87.69 87.69

Sensitivity 90.00 87.04 90.00 90.00 90.00 86.39 86.39 86.39

Specificity 100.00 81.82 100.00 100.00 100.00 96.15 96.15 96.15

F-measure 90.41 85.21 90.41 90.41 90.41 86.29 86.29 86.29

Recall 91.28 86.15 91.28 91.28 91.28 87.69 87.69 87.69

Precision 92.15 85.75 92.15 92.15 92.15 88.79 88.79 88.79

Basic MLP Parameter optimized MLP

PAC 96.41 91.28 96.92 96.92 96.41 92.31 92.31 93.85

Sensitivity 97.40 94.52 97.42 97.42 97.40 95.83 96.48 96.55

Specificity 92.68 81.63 95.00 95.00 92.68 82.35 81.13 86.00

F-measure 96.39 91.31 96.90 96.90 96.39 92.38 92.43 93.89

Recall 96.41 91.28 96.92 96.92 96.41 92.31 92.31 93.85

Precision 96.39 91.35 96.90 96.90 96.39 92.52 92.70 93.95

Table 27: Comparison of hybrid systems with HMV [14] for Parkinson dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 89.23 91.45 94.56 92.98

Without resampling FMLP 93.8 96.6 86 93.9

Resampling GMLP 96.9 97.4 95 96.9

Table 28: Performance of hybrid systems on Pima Indian diabetics’ dataset.

Pima Indian diabetics

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 77.08 77.47 77.08 77.21 77.60 78.26 78.26 78.13

Sensitivity 72.78 72.51 72.53 72.93 73.63 74.63 74.63 74.51

Specificity 78.40 79.35 78.50 78.53 78.84 79.57 79.57 79.43

F-measure 75.86 76.74 75.90 76.01 76.45 77.45 77.45 77.30

Recall 77.08 77.47 77.08 77.21 77.60 78.26 78.26 78.13

Precision 76.51 76.97 76.49 76.65 77.09 77.85 77.85 77.71

Basic MLP Parameter optimized MLP

PAC 79.30 75.13 77.47 80.60 80.99 74.48 77.60 76.04

Sensitivity 70.71 65.34 69.41 76.59 73.14 64.06 70.87 65.79

Specificity 83.18 79.88 80.69 82.06 84.60 79.69 80.48 81.47

F-measure 79.09 74.93 76.97 79.97 80.83 74.34 77.16 76.02

Recall 79.30 75.13 77.47 80.60 80.99 74.48 77.60 76.04

Precision 78.99 74.81 76.90 80.22 80.75 74.24 77.13 76.00

Table 29: Comparison of hybrid systems with HMV [14] for Pima Indian diabetics’ dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 77.08 78.93 88.4 83.4

Without resampling PSVM 78.3 74.6 79.6 77.5

Resampling FMLP 81 73.1 84.6 80.8
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with resampling are achieved by FMLP, GMLP, FMLP,
FMLP, FMLP, and FMLP, respectively; best values found
have been bolded for easy identification in Table 28. A
comparison of Pima result with the state-of-the-art result
is given in Table 29. The highest prediction accuracy for
Pima is 78.3% (without resampling) and 81% (with resam-
pling). The performance of all the considered techniques
over Pima dataset with resampling is better than without
resampling. Table 28 summarizes the performance of pro-
posed hybrid alternatives for this dataset, and Table 29
compares this performance with best results obtained in
recent literature.

7.3.11. BUPA Liver Disease Dataset. The performance of all
the 8 techniques (2 machine learning and six hybrid systems)
over BUPA dataset with and without resampling is given
in Table 30. The highest accuracy, sensitivity, specificity,
F-measure, recall, and precision without resampling are
achieved by GMLP, PSVM, FMLP, FMLP, FMLP, and FMLP,
respectively, with the values 73%, 72%, 74.9%, 72.8%, 73%,
and 72.8%. The highest accuracy, sensitivity, specificity,
F-measure, recall, and precision with resampling are achieved
by GMLP, FMLP, GMLP, GMLP, GMLP, and GMLP,
respectively, with the values 73.3%, 67.5%, 78.4%, 73.3%,
73.3%, and 73.9%. A comparison of BUPA result with
the state-of-the-art result is given in Table 31. The highest
prediction accuracy for BUPA is 73% (without resampling)
and 73.3% (with resampling). The performance of all the

considered techniques over BUPA dataset with resampling
is better than without resampling except in sensitivity.
Table 30 summarizes the performance of proposed hybrid
alternatives for this dataset, and Table 31 compares this
performance with best results obtained in recent literature.

In GSA updating of an agent, the position is learned from
all other agents, whereas in PSO updating of an agent posi-
tion is based on two parameters called gBEST and pBEST.
In each iteration of these two algorithms at most n, new solu-
tions are brought forth. However, in FA in the worst case,
each agent develops O(n) new solution by moving towards
all other best solutions. Therefore, in the worst case of FA,
space is managed more efficiently than the other two algo-
rithms (GSA and PSO). The same is demonstrated over the
11 medical datasets.

From the previous observations, it is concluded that
MLP without resampling shows improvement in all data-
sets when compared with latest literature results and the
same is depicted in Figure 2. As mentioned earlier, in
Figure 2, the blue bar represents best performance in
literature. Best results obtained by any of the six HISs
proposed in this paper has been depicted in Figure 2
alongside, once without resampling (orange bar) and then
with resampled data (gray bar). Sensitivity and specificity
values for all systems have been presented in Tables 32
and 33, and it can be observed that our proposed hybrid
system performs very well across all the datasets, in particu-
lar, the parameter optimized MLP. Table 34 summarizes

Table 30: Performance of hybrid systems on BUPA liver disease dataset.

BUPA liver disease

Resampling Without resampling
Resampling Without resampling

PSO GSA FA PSO GSA FA

Basic SVM Parameter optimized SVM

PAC 63.48 70.14 66.09 66.67 63.48 70.72 70.14 70.14

Sensitivity 61.44 68.10 64.86 65.97 61.44 72.00 68.10 68.10

Specificity 65.10 71.18 67.01 67.16 65.10 70.20 71.18 71.18

F-measure 63.40 69.50 65.95 66.47 63.40 69.52 69.50 69.50

Recall 63.48 70.14 66.09 66.67 63.48 70.72 70.14 70.14

Precision 63.39 69.89 66.01 66.61 63.39 70.96 69.89 69.89

Basic MLP Parameter optimized MLP

PAC 68.12 71.59 65.80 73.33 70.43 72.75 73.04 71.59

Sensitivity 63.93 69.75 61.88 68.85 67.46 70.73 70.00 68.50

Specificity 72.84 72.57 70.12 78.40 73.30 73.87 74.88 73.39

F-measure 68.12 71.06 65.81 73.34 70.46 72.35 72.80 71.27

Recall 68.12 71.59 65.80 73.33 70.43 72.75 73.04 71.59

Precision 68.68 71.38 66.27 73.94 70.57 72.55 72.83 71.34

Table 31: Comparison of hybrid systems with HMV [14] for BUPA liver disease dataset.

Method Accuracy Sensitivity Specificity F-measure

Base paper Ensemble 67.54 68.54 42.07 52.14

Without resampling GMLP 73 70 74.9 72.8

Resampling GMLP 73.3 68.9 78.4 73.3
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the optimal parameter values of MLP. Hence, in comparison
with the ensemble techniques, parameter optimized MLP
gives a better result.

Table 3 gives the outcomes of the rank test for the results
of with resampling at the level of significance (LOS) 0.01.
If h value is zero, then H0 is true otherwise H1 is true. In

Table 32: Sensitivity improvement with hybrid systems.

S. number Set
Sensitivity

Base paper
Without resampling Resampling

Technique Percentage Technique Percentage

1 Cleveland 83.82 FMLP 87.5 FMLP 94.8

2 Statlog 86 PMLP 85.3 GMLP 92.2

3 Spect 27.27 FSVM 88.4 FMLP 91.9

4 Spectf 7.27 FSVM 88 GSVM 94.7

5 Eric 86.32 GMLP 88.4 GMLP 88.8

6 WBC 98.01 PSVM 95.1 FMLP 96.6

7 Hepatitis 90.48 FSVM 73.1 FMLP 80.8

8 Thyroid NIL GMLP 95.5 GMLP 98.2

9 Parkinson 91.45 FMLP 96.6 FMLP 97.4

10 Pima Indian diabetics 78.93 PSVM 74.6 FMLP 76.6

11 BUPA 68.54 PSVM 72 FMLP 67.5

Table 33: Specificity improvement with hybrid systems.

S. number Dataset
Specificity

Base paper
Without resampling Resampling

Technique Percentage Technique Percentage

1 Cleveland 88.41 PMLP 84.8 FMLP 93.5

2 Statlog 86 FMLP 87.8 FMLP 90.7

3 Spect 96.23 FMLP 74.2 GMLP 77.3

4 Spectf 96.7 FMLP 83.3 PMLP 77.6

5 Eric 73.91 FMLP 79.1 GMLP 93.7

6 WBC 96.94 FMLP 98 FMLP 98.7

7 Hepatitis 92.68 PMLP 90.6 FMLP 94.6

8 Thyroid NIL GMLP 98.7 FMLP 98.7

9 Parkinson 94.56 FSVM 96.2 FSVM 100

10 Pima Indian diabetics 88.4 FMLP 81.5 GMLP 84.6

11 BUPA 42.07 GMLP 74.9 GMLP 78.4

Table 34: Parameters to be used in MLP for all datasets.

Dataset Learning rate Momentum Hybrid MLP accuracy Base paper accuracy

Cleveland 0.4410246832765716 0.945131728055943 85.8 85

Statlog 0.24687115044065697 0.7512112614957723 85.9 84.4

Spect 0.001620407197768992 0.5458467309532906 85 82.02

Spectf 0.0037254964036241137 0.6064034495456784 82.4 78.28

Eric 0.6953073769599724 0.9167657941184544 81.3 80.86

Breast cancer 0.5272364248697747 0.9288899224295802 96.99 96.71

Hepatitis 0.6376255545427609 0.9250563419048221 87.1 86.45

Thyroid 0.1516498076389815 0.48805304429332785 97.7 94.81

Parkinson 0.8486064853474067 0.3499016503919223 93.8 89.23

Pima Indian diabetics 0.03218577681226653 0.06466339445401592 77.60 77.08

BUPA 0.8329619224653821 0.014749643317800043 73 67.54
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Table 3, 161 ones are there out of a total of 165. It means
that 161 times null hypothesis is false and four times null
hypothesis is true.

Table 4 gives the outcomes of the rank test for the results
of with resampling at the level of significance (LOS) 0.05. In
Table 4, 163 ones are there out of 165. It means that 163 times
null-hypothesis is false and four times null hypothesis is true.

Table 5 gives the outcomes of the rank test for the results of
without resampling at the level of significance (LOS) 0.01. In
Table 5, 164 ones are there out of 165. It means that 164 times
null hypothesis is false and one time null hypothesis is true.

Table 6 gives the outcomes of the rank test for the results
of without resampling at the level of significance (LOS) 0.05.
In Table 6, 164 ones are there out of 165. It means that 164
times null hypothesis is false and one-time null hypothesis
is true.

The outcomes of FMLP are taken as “m” value. Tables 7
and 8 give the results of t-test for both resampling and
without resampling techniques with LOS 0.01 and 0.05. In
these tables, h value is zero for all datasets at 0.01 and 0.05
LOS. Hence, null hypothesis is accepted for all datasets.

8. Conclusion

Due to the complex framework of ensemble approach and
the moderate performance of the individual classifier, hybrid
systems have a lot of promise in the diagnosis and prognosis
of diseases. To overcome these, we proposed a disease diag-
nosis system by juxtaposing three evolutionary algorithms
and SVM andMLP classifiers. Three evolutionary algorithms
optimize the parameters of the two classifiers and such
enhanced classifiers have been used to train and diagnose dis-
eases. Accordingly, six hybrid diagnosis alternatives have
been obtained by working out the combinations of classifiers
and evolutionary algorithms. Based on results presented in
this paper, it can be concluded that our hybridization
approach provides high prediction accuracy than other
methods in literature across a wide variety of disease datasets.
Even among the six alternative parameter optimized classifier
systems proposed, FMLP was found to be the relatively best
across the majority of the 11 datasets considered. On average,
MLP shows 2.2% and 6.814% improvement in prediction
accuracy on the 11 datasets with and without resampling.
The ranges of improvements shown by MLP in the objective
sensitivity are −2.9 to 75.13 and −9.68 to 86.33 without and
with resampling, respectively. The ranges of improvement
shown by MLP in the objective specificity are −9.68 to 86.33
and −18.93 to 36.33 without and with resampling, respec-
tively. From the experimental results, it is concluded that
FMLP shows outperformance than recently developed
ensemble classifiers ([14, 15]). As a part of the continuation
of this research, we intend to process a very higher dimen-
sional dataset with the major phases of feature selection and
parameter evolution of the classifier. For feature selection,
similarity metric-based hypergraph will be constructed and
then by using hypergraph special properties, important topo-
logical and geometrical features will be identified. In phase 2,
competitive and co-operative parallel hybrid intelligent sys-
tems will be employed for incorporating direct and indirect

communication among the different systems at guaranteed
run times thatwould allow the entireHISs to converge to a sin-
gle value. This work is presently ongoing.
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Alzheimer’s disease (AD) is a progressive, neurodegenerative brain disorder that attacks neurotransmitters, brain cells, and nerves,
affecting brain functions, memory, and behaviors and then finally causing dementia on elderly people. Despite its significance, there
is currently no cure for it. However, there are medicines available on prescription that can help delay the progress of the condition.
Thus, early diagnosis of AD is essential for patient care and relevant researches. Major challenges in proper diagnosis of AD using
existing classification schemes are the availability of a smaller number of training samples and the larger number of possible feature
representations. In this paper, we present and compare AD diagnosis approaches using structural magnetic resonance (sMR)
images to discriminate AD, mild cognitive impairment (MCI), and healthy control (HC) subjects using a support vector
machine (SVM), an import vector machine (IVM), and a regularized extreme learning machine (RELM). The greedy score-
based feature selection technique is employed to select important feature vectors. In addition, a kernel-based discriminative
approach is adopted to deal with complex data distributions. We compare the performance of these classifiers for volumetric
sMR image data from Alzheimer’s disease neuroimaging initiative (ADNI) datasets. Experiments on the ADNI datasets showed
that RELM with the feature selection approach can significantly improve classification accuracy of AD fromMCI and HC subjects.

1. Introduction

Alzheimer’s disease (AD) is a slow fatal neurodegenerative
disease affecting people over the age of 65 years [1], while
early-onset AD is also diagnosed before 65. The deposition
of two abnormal protein fragments known as plagues and
tangles in the brain causes the death of neuron cells. The hip-
pocampus, where the memories are first formed, is the ini-
tially affected region by AD, and thus early symptoms of
AD include memory problems resulting difficulties in word
finding and thinking processes [2]. AD patients suffer from
a lack of initiative, changes in personality or behavior in
day-to-day functions at home, or at work, and in taking care
of oneself, eventually, leading to death. The brain volume

reduces dramatically through time and affects most of its
functions with the progression of AD.

With the increase in the population of elderly people in
developed countries, AD is going to be a major problem in
socioeconomic implications. According to the recent report
[3], it is expected that the number of affected people will be
doubled in the next 20 years and one in two aged above 85
years will suffer from AD by 2050. Thus, accurate diagnosis
of AD is very important, especially, at its early stage. Conven-
tionally, the diagnosis of AD is performed by a neuropsycho-
logical examination in support of structural imaging. It is
reported in [4] that (1) in the early stage of AD, degeneration
of neurons takes place in the medial temporal lobe, (2) gradu-
ally affecting the entorhinal cortex, the hippocampus, and the
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limbic system, and (3) neocortical areas are affected at the final
stage. Therefore, the study of medial temporal lobe atrophy
(MTA), particularly in the hippocampus, the entorhinal cor-
tex, and the amygdala provides the evidence of the progression
of AD. Generally, MTA is measured in terms of voxel-based
[5], vertex-based [6], and ROI-based [7] approaches. However,
as the disease progresses, other regions in the brain are also
affected. In such cases, whole-brain methods are preferred
rather than a specific region-based method; then, the charac-
terization of brain atrophy for differentiating AD and MCI
patients can be performed more efficiently.

In recent years, major advances in neuroimaging have
provided opportunities to study neurological-related dis-
eases, resulting improvements in early and accurate detection
of AD [5, 6, 8]. Magnetic resonance imaging (MRI) is more
widely used in AD-related studies because of its noninvasive
nature and lack of pain to patients. In addition, MRI provides
an excellent spatial resolution and good contrast [5–7, 9].
Thus, several studies have used structural MRI- (sMRI-)
based biomarkers to classify AD [10–19], which describes
brain atrophy and change in the size of brain tissues. Simi-
larly, functional MRI (fMRI) [20] can be utilized to charac-
terize the hemodynamic response relevant to neural activity
and functional/structural connectivity [21–23], which can
be used to describe neurological disorders in the whole brain
at the connectivity level. In this paper, we focused only on
AD classification using sMRI. The intensity and stage of the
neurodegeneration can be identified by the help of atrophy
measured by sMRI [24]. Thus, sMRI-based feature extraction
has attracted the attention for researchers of AD classifica-
tion. These studies include morphometric methods such as
region of interest (ROI)/volume of interest (VOI) grey matter
voxels in the automatic segmentation of images [25] and the
sMRI measurement of the hippocampus and the medial
temporal lobe [26].

Several machine learning techniques have been used to
distinguish AD subjects from elderly control subjects using
different biomarkers. The commonly used classifiers include
support vector machine (SVM), artificial neural network
(ANN), and other ensemble classifiers. Among them, SVM
and the variants have been widely studied due to its relatively
good accuracy and ability to deal with high-dimensional
data. A SVM-type classifier (e.g., Magnin et al. [27]) begins
with a learning stage from the training dataset consisting of
well-characterized subjects with known states (i.e., labels for

the subjects are given). Then, the classifier aims to maximize
the margin of the training data by constructing the optimal
separating hyperplane or a set of hyperplanes in a single- or
higher-dimensional space. At a testing stage, classification is
performed for test dataset based on the learned hyper-
plane(s). In general, three-dimensional (3D) T1-weighted
MR images of each subject were automatically parcellated
into ROIs. Grey matter from each ROI is extracted, as shown
in Figure 1, as a feature for classification.

Zhang et al. [10] proposed a multimodal classification
approach by utilizing multiple-kernel SVM based on the bio-
markers including sMRI [18, 19], positron emission tomog-
raphy (PET) [6], and cerebrospinal fluid (CSF) [28] to
discriminate AD (orMCI) and normal control (NC) subjects.
From the binary classification (i.e., AD versus NC and MCI
versus NC) results, their proposed model could obtain a good
accuracy for AD classification and an encouraging accuracy
for MCI classification. Liu et al. [29, 30] proposed deep
learning-based multiclass classification among normal con-
trols (NC), MCI nonconverters (ncMCI), MCI converters
(cMCI), and AD subjects based on 83 ROIs of sMRI images
and the corresponding registered PET images. Stacked auto-
encoders (SAE) were used as unsupervised learning to obtain
high-level features, and then softmax logistic regression was
adopted as the classifier. While the experimental results
showed reasonably good performance, it is still arguing that
the denoising nature of SAE can increase the difficulty of
suitable feature learning and thus it may be difficult for prac-
tical use. Li et al. [31] proposed fine-grained new features
based on principle component analysis (PCA), stability selec-
tion, dropout, and multitask learning, where restricted Boltz-
mann machine (RBM) model was used as the deep learning
architecture. 93 ROIs of MRI and PET images, together with
CSF biomarkers, are used. Ye et al. [32] introduced concep-
tual machine learning-based multimodal data fusion
approach using MRI, PET, genetic, CSF, demographic for
AD-related research, and functional connectivity analysis.
Recently, Rama et al. [33] proposed IVM-based classification
approach for multiclass classification. In this method, only
the subset of features from structural MRI was used as input
to kernel logistic regression thus reducing the computational
cost. This method used total 65 ROIs as features for training
and testing and achieved the accuracy of up to 70% while
classifying AD, MCI, and HC and 76.9% for binary classifica-
tion of HC and AD [33].

Figure 1: Segmentation of brain MR images for volumetric study.
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While several approaches have been proposed for classi-
fication of different AD stages, with relatively small dataset,
it is very difficult to extract effective information. This work
focuses on comparing and presenting efficient classification
approaches working robustly for a relatively small dataset.
To this end, we present and compare three representative
classifiers, with an efficient feature selection approach,
including SVM, an import vector machine (IVM) and a reg-
ularized extreme learning machine (RELM) for the multiclass
classification of different stages of AD progression.

2. Materials for Study

2.1. sMRIDataset.Data used in preparation of this paper were
obtained from the Alzheimer’s disease neuroimaging initia-
tive database (ADNI) (http://adni.loni.usc.edu/). The ADNI
database was launched in 2003 as a public-private partner-
ship. The primary goal of ADNI has been to test whether the
serial MRI, PET, other biological markers, and clinical and
neurophysical assessment can be combined to measure the
progression of midcognitive impairment and the early AD.

2.2. Subjects. The ADNI dataset consists of more than 6000
subjects aged from 18 to 96. From it, we selected 214 subjects
aged between 65 and 96. The selected participants met the
criteria defined in the ADNI protocol. We constructed
balanced dataset consisting of 214 subjects as follows:

(1) 70 NC subjects: 33 males, 37 females; age± SD=76.3
± 5.4 years, range =60–90 years; mini-mental state
estimation (MMSE) score = 29.2± 1.0, range = 25–30.

(2) 74MCI subjects who had not converted to AD within
18 months: 38 males, 36 females; age± SD=74.5± 7.2
years, range =58–88 years; MMSE score = 27.2± 1.7,
range = 24–30.

(3) 70 AD subjects: 39 males, 31 females; age± SD=76.0
± 7.3 years, range =55–91 years; MMSE=23.2± 2.0,
range = 18–27.

Table 1 shows a summary of demographic status of the
selected subjects.

All structural MR (sMR) scans used in this work were
acquired from 3T scanners. The main focus of this work
was to elaborate the supervised multiclass classification
among NC, MCI, and AD based on different classifiers. Thus,
to obtain unbiased estimates of the classifier performance,
the selected subjects were randomly split up into two groups
of the training dataset and the testing dataset. The algorithms
were trained on a training set, and the performances of the

diagnostic sensitivity and specificity together with accuracy
were evaluated on an independent test dataset. The division
process considers balanced age and sex distributions.

2.3. Preprocessing of sMRI Data. We used a fully automated
pipeline of the FreeSurfer 5.3.0 software package for recon-
struction and volumetric segmentation from all the sMRI
images and extracted the pattern of useful data. The software
performs a series of preprocessing operations with the Free-
Surfer’s recon-all processing pipeline on the original sMRI
data as shown in Figure 2. The preprocessing steps include
motion correction, T1-weighted image averaging, registration
of volume to the Talairach space, skull striping with a deform-
able template model. The white surface and the pial surface
are generated for each hemisphere using encoding the shape
of the corpus callosum and pons in the Talairach space and
following the intensity gradients from the white matter. The
accurate matching of the morphologically homologous corti-
cal locations across subjects was estimated using the mapping
of the atlas based on a cortical surface to a sphere aligning the
cortical patterns. Cortical thickness at each vertex of the cor-
tex is denoted by the average shortest distance between white
and pial surfaces. The area of every triangle in a standardized
spherical surface tessellation provides the surface area. Simi-
larly, the registration surface based on the folding pattern
was used to compute the local curvature. The method devel-
oped by Schaer [34] was used to measure the folding index
over the whole cortical surface. All the extracted features are
explained in terms of feature measures as in Table 2.

2.4. Details of the sMRI Data. We perform binary classifica-
tion for NC versus AD and multiclass classification using
the one-versus-all (OVA) class setting for NC, MCI, and
AD. For the subjects and groups chosen as in Table 2, volu-
metric features, fM5, in Table 2, were used for the study,
and for each feature, we computed the grey matter tissue vol-
ume from the individual subject’s sMRI image. Block brain
regions selected for the classification are shown in Figure 3.
Each tissue is discriminated from other tissues by using color
code defined by FreeSurfer software package. The left column
presents the coronal view followed by the saggital view in the
middle column and the axial view at the rightmost column.
We followed neurological convention for the view. All sMR
scans used in this paper were acquired from 3T scanners.

3. Proposed Methods: Classification of Stages of
AD Progression

We used the three representative machine-learning classifi-
cation algorithms, SVM, IVM, and RELM. The stepwise
block diagram of the classification of stages of AD progres-
sion is shown in Figure 4.

3.1. Efficient Feature Selection. In neuroimaging analysis, the
number of features per subject can be very high compared
to the number of subjects, which is commonly referred to
as the curse of dimensionality. We perform an efficient
feature selection method based on PCA which is a method
widely used to reduce the dimensionality of a high-

Table 1: Summary of subject’s demographic status.

NC MCI AD

Number of subjects 70 74 70

Average age 76.3 74.5 76.0

Average education points 16.19 15.96 15.53

MMSE 29.2± 1.0 27.2± 1.7 23.2± 2.0
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dimensional (imaging) data [25]. As the result, the most
information representative dimensions are kept while the
least important ones are excluded. PCA generates new fea-
tures which are a linear combination of the initial features
and maps each instance of the given dataset present in a
d-dimensional space to a k-dimensional subspace such that
k < d. The set of k new dimensions generated are called
the principal components (PCs), and each PC is directed
towards maximum variance excluding the variance already
accounted for in all its preceding components. Subsequently,
the first component covers the maximum variance, and each
component that follows it covers a lesser value of variance.
PCs can be represented as

PCi = a1X1 + a2X2 +⋯ + adXd , 1

where PCi is the ith PC, Xj is the original feature j, and aj rep-
resents the numerical coefficient for Xj.

3.2. SVM Classifier. SVM [35] is basically a binary classifier
which is useful for the classification of both separable and
nonseparable data. It has been used in the neuroimaging
field and considered as one of the most popular machine
learning tools in the neuroscience domain in the last
decade. It is a supervised classification algorithm and finds
the optimal hyperplane that separates both classes with
maximum margin from support vectors during the training
phase. For the testing of new data points, the classifier’s
decision is based on the estimated hyperplane. For the lin-
early separable patterns, linear SVM is used. However, lin-
ear SVM cannot guarantee better performance in complex
cases with nonseparable patterns. In such scenario, linear
SVM is extended using kernel trick. The input patterns
are mapped into a higher dimensional space using linear
and nonlinear functions known as kernels. Linear and non-
linear radial basis function (RBF) kernels are widely used
SVM kernels.

3.3. IVM Classifier. The fundamental principle of IVM pro-
posed by Zhu and Hastie [36] is built on kernel logistic

regression (KLR). It has not merely performed well in the
binary classification as SVM, and it can be naturally general-
ized to the multiclass classification. Thus, we begin with the
explanation of logistic regression. Let xi = x1,…, xn

T repre-
sent observed samples with class labels yj ∈ C j = 1,…, K
pattern classes. The training set is represented as
xi, yj , i = 1,…, n. For the binary class problem, where input
samples xi are independent and identically distributed, the
conditional class posterior probability Pi yi/xi w is estimated
using the following logistic regression model:

Pi
yi

xi w
=

1
1 + exp wTxi

2

The logistic regression predicts the class based on proba-
bilities which are either p for yi = 1 or 1− p for yi = 0. Thus,
we can express the cost function of logistic regression as

Q0 w = ∏
n

i=1
p xi

yi 1− p xi
1−yi 3

In order to fit the parameters for the given model by
training the given data points, we try to find the parameter
u that minimizes Q0. As a result, u is selected, which is most
likely to generate the labels as the same as in the training set.
The minimization can be obtained by using the gradient and
the Hessian. In order to prevent overfitting, one may intro-
duce a prior over the parameters and optimize

Q w =Q0 w +
λ

2
wTLw 4

Therefore, the iteration scheme could simply be formu-
lated with the Newton-Raphson iteration method. To extend
the linear model to a nonlinear one, the original features xn
are transformed into the higher dimensional space kn using
a kernel function

knn = k xn, xn 5

The model of kernel logistic regression now presumes the
a posteriori probabilities are given by

Pnc w =
exp wT

c kn
〠
c

exp wT
c kn

, 6

with kn as the nth column of the kernel matrix K, and the
unknown parameter w = …, wc,… refers to c classes.
The parameters are determined in an iterative way by
optimizing the regularized objective function. One of the
limitations of the standard KLR is that all possible training
samples are used to evaluate the kernel function, thus
increasing the computational complexity and the memory

Motion correction 
and registration

Pial and white
vertex extraction

Mapping cortical 
surface atlas to sphere

Obtaining cortical 
features

MRI
Images

Figure 2: Preprocessing steps of sMRI images.

Table 2: Feature measures and cortical feature index information.

Feature measure
(fM)

Feature measure
type

Indices of cortical
feature

fM1
Mean cortical
thickness

1–64

fM2 Surface area 65–128

fM3 Folding indices 193–256

fM4
Mean curvature

indices
193–256

fM5 Volume 257–320
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Figure 3: Block brain regions selected for AD classification using sMRI images.

MRI images White/pial surface Feature measures
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Diagnosis output
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Figure 4: Block diagram of automatic diagnosis system.

5Journal of Healthcare Engineering



requirement for large datasets. Meanwhile, the complexity
of the classifier can be controlled by enforcing the sparse-
ness in the learning model. The sparse kernel machine
uses only the kernel function evaluated at a subset of the
training data points for prediction of new inputs. The
most common methods to implement sparseness are by
introducing a suitable prior or by a subset selection. One of
the popular examples for sparse kernel machine is SVM,
which only supports that vectors are used to predict new
inputs. The main idea of incorporating sparseness into KLR
is to select a subset v of V feature vectors out of the training
set T. Thus, the kernel matrix only consists of the selected a
subset v of important kernels kv from all samples T. IVM uses
a smaller fraction of training data to realize the sparse KLR.
The subset is determined by a greedy manner. This method
begins with empty set v and then constructs the set of import
vectors by successively adding data samples. The construc-
tion process of sets stops once the convergence criterion is
reached. The convergence criterion is used by the ratio
ε = Qt −Qt−Δt / Qt with a small integer Δt such as the regu-
larization, and the kernel parameter ε defines the threshold
for excluding import vectors. Consequently, this criterion
influences the sparseness of the model.

3.4. RELM Classifier. Single hidden-layer feed forward neural
networks (SLFNs), such as the back propagation (BP)
learning algorithm, are widely used machine learning
techniques for research in various fields. These methods
minimize the cost function to maintain the accuracy
within an acceptable range by searching the specific input
weights and hidden layer biases, which leads to increase in
computational cost. Extreme learning machine (ELM) is a
learning algorithm implemented without iteratively tuning
the artificial hidden nodes, thus decreasing the computa-
tion time [37]. ELM is an effective solution for SLFNs.
The SLFN with L hidden nodes and an activation function
g(x) is expressed as

YL x = 〠
L

i=1
βihi x = h x βi, 7

where β = β1,…, β2
T is an output weight matrix between

the hidden nodes and output nodes. hi x is the hidden
node output. Unlike SVM and other BP-based methods,
the parameters of the hidden layer such as the input
weight wi and the hidden layer biases bi need not to be
tuned and can be generated randomly before the training
samples are acquired. Given N training samples xj, tj

N
j=1,

ELM solves the learning problem by minimizing the error
between tj and Yj:

H w1,…, wÑ, b1,…, bÑ β̂− T = min
β

Hβ̂− T , 8

where

H w1,…, wÑ, b1,…, bÑ

=
g w1 ⋅ x1 + b1 ⋯ g wL ⋅ x1 + bL

⋮ ⋯ ⋮
g w1 ⋅ xN + b1 ⋯ g wL ⋅ xN + bL

,

β =
βT
1

⋮
βT
L

,

T =
tT1
⋮

tTL
9

Here, H is called the hidden layer output matrix. The
output weights β can be calculated as

β =H+T , 10

where H+ is the Moore-Penrose generalized inverse of the
matrix H with the advantage of speed. ELM is well-suited
for the tasks related to neuroimaging and big data for the
classification of binary and multiclass settings. However,
the decrease in computation time increases the error in the
output, thus decreasing the accuracy. To increase the accu-
racy, ELM is combined with sparse representation. This
hybrid algorithm performs classification in two fundamental
steps [38–40]. In the first stage, the ELM network is trained
with the conventional training approach. However, in the
testing stage, reliability-based classification is used. In
reliability-based classification, the ELM classifier is employed
if the test data is correctly classified; otherwise, the sparse
representation-based classification is used [41]. Additionally,
a regularization term is added to improve generalization
performance and make the solution more robust. Finally,
the output weight of the RELM can be expressed as

β = I
C

+HTH
−1
HTT 11

4. Experimental Results and Analysis

4.1. Permutation Testing. Permutation testing can be applied
to assess the statistical significance of the classifier [42]. The
assessment proceeds with the selection of the test statistic of
the classifier and assigns random labels to the classifier by
permuting the class labels for the training dataset. Permuta-
tion testing involves performing cross validation (CV) on
data for which the diagnostic label has been randomly
permuted. This leads to a distribution of classification results
under the null hypothesis that the classifier cannot accurately
predict the clinical labels from the data. The p value of the
permuted prediction rate against the prediction rate with
the original data labels indicates the significance of the
classifier. In this work, we used 70/30 CV, 10-fold CV, and
leave-one-out (LOO) CV methods. Experiments for both
binary and multiclass classification were carried out with
the same setup.
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4.2. Performance Evaluation Methods. We evaluated the
performance of the proposed algorithm with the IVM,
SVM, and RELM classifiers for each specific test including
binary and multiclass classification tasks. The performance
of the binary classification for the two subjects S1 and S2
can be visualized in a form of a confusion matrix as shown
in Table 3. Diagonal elements of the matrix indicate the
number of correct predictions by the classifier. The elements
can be further divided into true positive (TP) and true
negative (TN), which represent correctly identified controls.
Similarly, the number of wrongly classified subjects may be
represented by false positive (FP) and false negative (FN).

The accuracy measures the proportion of examples that
are correctly labeled by the classifier.

ACC = TP + TN
TP + TN + FP + FN

12

However, for dataset with very unbalanced class distribu-
tion, accuracy in (12) may be a misleading performance
metric. Thus, two performance metrics known as sensitivity
and specificity are also used.

SEN =
TP

TP + FN
13

SPE =
TN

TN + FP
14

The sensitivity in (13) measures the rate of true posi-
tives while the specificity in (14) measures the rate of true
negatives. The performance metrics for the multiclass
classification are easily extended as the averaged ones on
the OVA setting.

4.3. Binary Classification: Results and Analysis. The experi-
mental results of binary classification (NC versus AD) are
shown in Table 4, and those with feature selection are in
Table 5. 141 subjects were randomly selected for the binary
classification. Initially, we randomly segregated the training
and testing dataset and used the first 111 randomly chosen
subjects from each group for training and the remaining 30
subjects for testing the classifier. Similarly, in 10-fold cross-
validation, all 141 subjects were randomly divided into
equally sized subsets, that is, 10% testing subjects and 90%
training subjects, for each of the 10-fold sets of the CV. In
addition, for the nested validation, we repeated the classi-
fication experiment 10 times in the case of the 10-fold CV
and leave-one-out CV, and 100 times in the case of the
conventional 70/30 CV, to ensure the robustness of the
classification results. The mean accuracy of all the repetitions
was calculated by the final results.

In Table 4 showing the baseline performance of differ-
ent classifiers, all classifiers except IVM obtained good
performance. There was no substantial difference, in terms
of accuracy, between the results obtained with IVM and
SVM, and RELM is better than the others in 10-fold
CV; however, SVM is better than RELM in LOO CV.
For the feature selection, the datasets of size n × d were
mapped to the given k principal component framework
and transformed into the dataset of size n × k, where n is
the number of subjects and d is the original number of
features. The dataset originally consists of total 54 features.
The number of PCs represented as k ranging from 2 to 20,
with an incremental offset of two, was checked and the
best one was selected for each classifier. From repeated
simulations, we achieved the generally good accuracy
when the value of k is set to 10. As shown in Table 5,
by adopting feature selection, the similar performance
characteristic was observed in terms of accuracy. From
Figure 5, it is easily observed the effectiveness of the fea-
ture selection approach in 10-fold CV and LOO CV cases.
It is meaningful that from our repeated simulations, we
found that the results of 70/30 CV case, which is a widely
used setting, are not stable (i.e., it has large variance with
different trials) mainly due to overfitting problems, and
thus, the results were not listed in this work.

4.4. Multiclass Classification: Results and Analysis. For multi-
class classification, we adopted all labeled 214 subjects in
Table 1. The same subjects were used in binary classification,
and we adopted three CV methods. From Tables 6 and 7, it is
easily observed that RELM outperforms SVM and IVM in
terms of accuracy. From Figure 6, we also could see the
effectiveness of the feature selection approach in 10-fold

Table 4: Performance of binary classification.

CV method Classifier
Performance metrics

ACC (%) SEN (%) SPEC (%)

10-fold CV

SVM 60.10 74.63 88.81

IVM 59.50 62.30 62.85

RELM 77.30 (p < 0 0001) 62.12 79.85

LOO CV

SVM 78.01 75.81 79.12

IVM 73.36 70.97 75.95

RELM 75.66 (p < 0 0001) 72.13 77.22

Table 5: Performance of binary classification with feature selection.

CV method Classifier
Performance metrics

ACC (%) SEN (%) SPEC (%)

10-fold CV

SVM 75.33 77.51 61.20

IVM 60.20 62.50 81.10

RELM 76.61 (p < 0 0001) 61.70 90.63

LOO CV

SVM 80.32 83.37 78.82

IVM 74.47 87.10 64.56

RELM 77.88 (p < 0 0001) 68.85 83.54

Table 3: Confusion matrix.

True class
Predicted class

S1 S2

S1 TP FN

S2 FP TN
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CV and LOO CV cases. Similar to binary classification cases,
on the 70/30 CV case, we obtained the experimental results
with large variance, and thus, they were also excluded from
the analysis. From the results, it is naturally driven that mul-
ticlass classification (which is the general form in clinical
diagnosis of AD) assisted by RELM is effective compared to
the other considered representative classifies.

4.5. Discussion on the Results. It has been known that in many
problem tasks, IVM generally performs similar with SVM in

terms of accuracy and provides probabilistic output. From
our experiments, we could confirm that SVM generates bet-
ter accuracy compared to IVM, which is mainly attributed
to the robustness of SVM to outliers. The main impetus of
this study was to compare representative classifiers, SVM,
IVM, and RELM for binary and multiclass classification
tasks. Trivially, the accuracy of the binary classification cases
was higher than the corresponding multiclass classification
cases. Also, the experimental results on large dataset of 214
subjects verified that RELM-based AD diagnosis framework
(significantly) outperform the others with higher accuracy.
To the best of our knowledge, this is the first study in
which the RELM framework was used for multiclass clas-
sification on sMRI data obtained from the ADNI dataset.
To classify the effectiveness of feature selection in combi-
nation with the classifiers, we utilized the PCA-based
feature selection method as an efficient approach to vali-
date its efficiency. It selects features that represent higher
degrees of significance based on the internal linear SVM-
based classification scores, and thus, it has the possibility
of making classification significantly more accurate. The
experimental results also support that such adoption of
feature selection can be beneficial to improve the accuracy
of the classifiers, SVM, IVM, and RELM. From the note-
worthy results, we could conclude that the approaches
for the stage classification can be used as an effective assis-
tive tool for the establishment of a clinical diagnosis.

5. Conclusions and Future Work

The early diagnosis of AD and MCI is essential for patient
care and research, and it is widely accepted that preventive
measures plays an important role to delay or alleviate the
progression of AD. For the classification task of different
stages of AD progression, the smaller number of training
samples and the larger number of feature representations
are the major challenges. In this study, we investigated
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Figure 5: Performance comparison of binary classification in terms of accuracy: (a) binary classification and (b) binary classification with
feature selection.

Table 6: Performance of multiclass classification.

CV method Classifier
Performance metrics

ACC (%) SEN (%) SPEC (%)

10-fold CV

SVM 52.63 42.74 56.77

IVM 54.90 46.18 60.82

RELM 57.56 56.34 56.73

LOO CV

SVM 57.40 55.25 58.62

IVM 55.50 60.78 52.22

RELM 61.20 50.00 66.89

Table 7: Performance of multiclass classification with feature
selection.

CV method Classifier
Performance metrics

ACC (%) SEN (%) SPEC (%)

10-fold CV

SVM 56.60 50.59 56.38

IVM 56.14 40.16 64.83

RELM 59.81 58.25 58.82

LOO CV

SVM 58.30 57.12 60.32

IVM 56.80 64.71 49.56

RELM 61.58 54.00 62.25
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SVM, IVM, and RELM for the classification problem. In
IVM, only the subsets of the input vectors of KLR are selected
by minimizing the regularized cost function to reduce com-
putation time. RELM is an effective solution for SLFNs
implemented without iteratively tuning the artificial hidden
nodes and adopts reliability-based classification where ELM
is adopted if the test data is correctly classified, and sparse
representation is selected for the other cases. Experiments
on the ADNI dataset showed that RELM-based classifier
could significantly improve accuracy in both binary and mul-
ticlass classification tasks. In addition, we could observe that
adoption of the PCA-based feature selection could improve
the accuracy slightly. While this study is focusing on the stage
diagnosis of AD progression using sMRI alone, further study
is still being carried out to improve the accuracy by elaborat-
ing the classifiers, possibly using a model ensemble approach,
and feature selection. Also, the studies of adding more
modalities such as fMRI and PET in combination with sMRI
are also one of our future researches.
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This paper discusses an algorithm to build a semisupervised learning framework for detecting cells. The cell candidates are
represented as extremal regions drawn from a hierarchical image representation. Training a classifier for cell detection using
supervised approaches relies on a large amount of training data, which requires a lot of effort and time. We propose a
semisupervised approach to reduce this burden. The set of extremal regions is generated using a maximally stable extremal
region (MSER) detector. A subset of nonoverlapping regions with high similarity to the cells of interest is selected. Using the
tree built from the MSER detector, we develop a novel differentiable unsupervised loss term that enforces the nonoverlapping
constraint with the learned function. Our algorithm requires very few examples of cells with simple dot annotations for training.
The supervised and unsupervised losses are embedded in a Bayesian framework for probabilistic learning.

1. Introduction

Automatic cell detection is a fundamental problem that is
useful for numerous cell-based studies and quantifications.
Also, cell detection is a preliminary step for solving high-
level problems, such as cell segmentation, tracking, and ana-
lyzing cell data. Accurately detecting a large number of cells
in dense images is challenging, for example, when there is
occlusion, cells of interest touch each other. Therefore, it is
important to develop robust generic algorithms that can
tolerate noise and be used on a variety of cells (different
modalities and shapes). Detection based on local image infor-
mation can be erroneous, since they can be associated with
imaging artifacts or noise. Including prior information about
the objects to be segmented helps in resolving these issues.
The priors, learned from the training data, can then be used
to learn strategies to detect cells. The process of annotating
complete masks for the cells of interest in the training exam-
ples is tedious. Working with minimalistic annotations as in
[1], where a dot is placed inside each cell in the training
images, may be a more plausible solution. These observations

motivate us to study semisupervised methods that use
minimal training information.

Semisupervised learning benefits from labeled and unla-
beled data during the training. Since generating large labeled
datasets is time-consuming, it is profitable to build algo-
rithms that can benefit from unlabeled data. This approach
is useful in cases when labeled training data is sparse, but
there is a large amount of unlabeled data. Incorporating
unlabeled data with sparsely labeled training data can help
improve the learning accuracy. The goal of our algorithm
is to achieve better results in comparison to those of exist-
ing algorithms with a significantly smaller amount of
training data in a “semisupervised” framework. We also
show that in a transductive setting, when we use all the
labeled and unlabeled data, we improve the current state-
of-the-art results.

Many algorithms have been proposed for semisupervised
learning in general, as well as specific applications [2, 3]. Our
work is inspired by the semisupervised approach used for
electron microscopy image segmentation based on a merge
tree structure [4]. The framework in [4] tries to learn the
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probability of merging/splitting regions in a hierarchical tree
structure, whereas we learn a classifier to predict the proba-
bility of a region representing a cell. We extend the work in
[4] to solve the detection problem by expressing the nonover-
lapping constraint as an unsupervised loss function. The
main difference is in our construction of the path loss func-
tion, to ensure at most one cell is picked in every path versus
monotonically nonincreasing constraints on the merging of
regions in [4].

We aim to minimize the need for labeled data by taking
advantage of the possible interdependence among the unsu-
pervised data. We transform the intensity images to proba-
bility maps, such that the objects can be distinguished
from the background. We use ILASTIK [5] to train a pixel
classifier to generate probability maps. The MSER detector
is used on the probability maps to generate a collection of
distinct regions [6]. Every connected component in the
image is represented using a hierarchical MSER tree. The
MSER tree comprises components over different thresholds,
from which a subset of nonoverlapping regions that resem-
ble potential cells is selected as the final segmentation. A
dot is placed inside each cell in the training images to con-
tribute to the supervised loss. The major contribution of this
paper is formulating the nonoverlapping constraint as a dif-
ferentiable loss function that can be effectively used to steer
the unsupervised search to help find a valid solution. We
embed the supervised and unsupervised losses in a Bayesian
framework for probabilistic learning. The parameters used
in the framework are estimated from the data iteratively.
We compare our algorithm extensively with [1], since the
authors also use dot annotations as ground truth for train-
ing. Most of the current competing methods on cell detec-
tion/segmentation use complete cell masks as ground truth
for training. Hence, it would not be a fair comparison,
because we learn from dot annotations. Similar to [1], we
use the MSER region detector to generate candidate cell
regions and build a hierarchical representation of the image.
One disadvantage in [1] while using reduced labeled data is
that it does not directly explore the unsupervised data when
searching for the most favorable classification function. Our
method exploits the underlying correlation between unsu-
pervised data samples. Also, in [1], the nonoverlapping con-
straint is embedded in the inference, whereas our supervised
loss drives the solution to choose regions similar to those of
the cells from the training images, and our novel unsuper-
vised loss enforces that at most only one cell is picked in
every path.

We begin with a review of the previous related work on
cell detection methods in Section 2. In Section 3, we illustrate
our detection framework. Experimental results are shown in
Section 4, and we summarize our current work and discuss
possible extensions for the future in Section 5.

2. Related Work

Detection of cells is a fundamental problem because cell mor-
phology and its characteristics are useful for further studies
and analysis. The different types of imaging techniques,
stains, cell types, and densities contribute to the variability

in the cells (shape, size, and texture) [7]. Since the detection
and segmentation problems are often addressed together,
we will discuss the significant literature for both.

The most fundamental approach for detecting cell
regions is intensity thresholding [8, 9]. For cells with homo-
geneous intensities, which are in contrast to the background
and are distinctly separable, simple global thresholding or
adaptive thresholding can be used. In reality, the assumption
does not hold true. It is very hard to find cell regions with
homogeneous intensities. Thresholding may be used as a
preprocessing step for the detection problem. The intensity
images can also be transformed to represent some derived
features using filtering operations (e.g., filter to detect
edges, blob detection filters). Edge detection can be used
to generate the boundaries of the cells that represent cell
contours [10, 11]. These techniques can be included in
the preprocessing steps [12, 13]. Even morphological filter-
ing can be used for preprocessing or postprocessing the
images to enable detection of individual cells [14–16].

Region segmentation is a popular approach to detect
cells, grouping pixels that belong to a cell. Region-growing
algorithms start from selected seed points and augment more
connected points to form a labeled image [17]. Region
segmentation approaches were initially based on clustering
algorithms, where similar image pixels were aggregated in
an unsupervised framework. The watershed transform, one
of the most popular segmentation approaches, uses edge
maps to segment an image into multiple regions/catchment
basins [18]. The watershed transform usually results in over-
segmentation in the case of cell images. Several algorithms
use the watershed transform as an initial step in the segmenta-
tion pipeline [19–21]. Belongie et al. [22] used Gaussian mix-
ture models to cluster pixels using color and texture features.

Also, considering candidates from a hierarchy of regions
has been demonstrated to be an effective method for cell
detection and segmentation [1, 4, 19, 20, 23–25]. Hierarchi-
cal image segmentation encompasses image segmentations
at different detail levels/thresholds. The segmentations are
nested. The higher-level regions can be produced from a
combination of regions from segmentations at lower levels.
Hierarchical methods preserve the spatial and neighboring
information among segmented regions. A number of
methods can be used to generate the cell candidates, gener-
ally running simple algorithms with different parameters.
A graph or tree is constructed in which the edges exist
between overlapping regions. The watershed transform, an
ultrametric contour map (UCM) [26]; the Felzenszwalb’s
method [27]; the MSER detector [6]; or any other method
can be used to build a hierarchical representation. A conser-
vative global intensity, followed by the watershed transform
and a persistence-based clustering (PBC) agglomeration, is
used in [28]. In [29], the watershed segmentation with dif-
ferent thresholds gives cell candidates, and a learning algo-
rithm based on conditional random field (CRF) is utilized
to find the best ensembles to present the final segmentation
results. In [30], UCM is used to get a hierarchical represen-
tation; a sparse representation-based cell shape model is
learned to encode the high-level shape constraints, which
are combined with low-level cellular features to produce
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probability scores of region segmentation candidates. For
cell segmentation from candidates obtained from region
merging, the supervised term learns the probability of merg-
ing regions using examples of true and false merges [30–33].
Dynamic programming or ILP can be used to find a non-
overlapping set of candidates from a hierarchical representa-
tion. In [1], the MSER detector is used to build a hierarchical
representation and the costs are learned in a structured SVM
framework. The nonoverlapping constraint is enclosed in
the inference problem. A novel topological loss function to
capture the prior information of the cells is used to learn
the cost in the structured SVM framework [23].

Graph-cut methods have also been used to solve the cell
segmentation problem. It is efficient to represent an image
as a graph, where pixels are the nodes and the edge weights
are based on the similarity with neighbors [21, 34]. The
segmentation problem is then solved as a graph partitioning
problem. To reduce the computational load, the graphical
representation has also been constructed using superpixels.
Superpixels are a group of pixels in spatial proximity that
have similar intensity and texture. Superpixels can be
obtained by oversegmentation, thereby preserving the
image features [35, 36]. In Zhang et al. [21], a region
adjacency graph is constructed using superpixels, and seg-
mentation is inferred by partitioning the graph using
correlation clustering.

Cells can also be represented using deformable models.
Among such methods, variational image segmentation with
level sets has been a prominent choice due to their attractive
properties such as adaptive topology, which can naturally
evolve. An energy functional is defined based on the intensity
and shape information. By minimizing the energy functional,
the deformable model evolves. The energy terms need to be
chosen carefully to minimize the errors in the solution. An
extension of level sets to segment cells is used in [37], but it
is computationally expensive. Implicit parametric shape
models, namely, disjunctive normal shape models, are used
to learn representations of cells accurately, where the time
complexity increases with the density of the images [38].

Most recently, fully convolutional networks (FCNs) have
been used for cell segmentation. FCNs have been extended
for cell segmentation in [39]. The algorithm uses cell masks
as ground truth for training the network. In [40], the algo-
rithm learns to predict density maps using FCNs in micros-
copy images. The FCN is trained using dot annotations in
simulated data. Since the dot annotations are each repre-
sented by a Gaussian, their method cannot be applied to
detect cells with arbitrary sizes and shapes.

This paper proposes a new semisupervised framework for
detecting cells. Minimalistic dot annotations are used, a dot
being placed inside each cell. Our method is evaluated on
four datasets and is able to learn a model that achieves better
detection accuracy with limited training data, in our evalua-
tion, despite the variation between the datasets. To show
the competence of our method, we compare the segmenta-
tion accuracy with that of competing methods that train
using complete cell masks for only one dataset, since we
do not have a one-to-one match for the data used in the
other cases.

3. Method

To generate cell candidates, we need to be able to distinguish
the cells from the background pixels. We use the cell centers
to train a pixel classifier using ILASTIK. The dot annotations
are each represented by a Gaussian, where the cell centers
represent the peak and its width is determined based on the
standard deviation. Using the density map, which is formed
by the superposition of all the Gaussians, we pick the positive
and negative samples. While selecting the positive samples,
we use a small value for the standard deviation to enable us
to pick only pixels that are close to the centers of the cells.
Similarly, we use a large value for the standard deviation to
enable us to pick only the background pixels as negative sam-
ples. Due to the limited training size in our experiments, we
used only two images to learn the pixel classifier in each data-
set. The number of pixels selected depends on the number of
cells in the image, which varies with different datasets. A set
of candidate regions, R = R1, R2,…, RN , is detected using
the MSER detector on the cell probability maps. Let
f RD→B, where B = 0, 1 and D is the dimensionality of
the input vector, be a binary indicator function used to pre-
dict regions that represent cells. Based on these predictions,
we pick a subset of nonoverlapping regions with high similar-
ity to the class of interest from the training examples. The
classifiers are trained in a semisupervised framework. The
framework includes supervised quadratic loss that relies on
user annotations. Similarly, there is an unsupervised loss that
restrains the solution to choose nonoverlapping regions. The
details of the algorithm are provided below.

3.1. Extremal Region Generation. We use the efficient maxi-
mally stable extremal region (MSER) detector on the output
of the pixel classifier to find a representative subset of all
extremal regions. Extremal regions are regions in which there
is a distinct contrast between intensities inside the region and
those of its boundary, that is, the average image intensity
inside the region is higher or lower than the intensity at the
boundary. The image I is thresholded at all possible levels.
At any level of threshold t, the connected components form
the set of extremal regions. By having varying thresholds, a
pool of extremal regions is generated. In Figure 1(a), we see
the image thresholded at increasing values of t. An important
property of extremal regions is their nestedness. The extre-
mal regions A and B are nested if A ⊂ B or A ⊃ B. Similarly,
regions A and B are nonoverlapping if A ∩ B = . The hierar-
chical relationships in the tree shown in Figure 1(b) corre-
spond to the nestedness of the regions in Figure 1(a). The
tree structure is utilized by our learning framework to deter-
mine which of those candidates correspond to cells. The
MSER detector from [6] considers only regions that are max-
imally stable, meaning that stable regions have a lower varia-
tion than the regions that are one level below or above. The
stability threshold is fixed to a high value to accommodate
all potential cell candidates. Similarly, all the parameters of
the MSER algorithm are set to enable us to work with the
complete tree that can be generated from the image. Hence,
regions that have a slight variation from the background
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are also selected. MSER can extract bright (dark) regions on
dark (bright) backgrounds, based on what is selected.

3.2. Path Consistency Constraint. The path consistency con-
straint enforces selection of at most one cell in every path
in the tree representation of the connected component. Every
image I is represented using a forest of trees. Each tree repre-
sents a connected region from the image and can contain
multiple cells. Let P represent all the possible paths in a tree.
All paths in a tree do not necessarily have the same depth. For
each path pi ∈ P with npi nodes, the indices of the regions that

comprise the path are given as di d0i , d1i ,…, dnpi−1i . The
feature vector for any region dki is represented as xdki . The
nonoverlapping loss using a disjunctive normal form to
ensure that at most one cell is picked in the ith path can be
represented as

Fi = ⋁
npi

j=0
⋀

npi−1

k=0
f j xdki
bj

,

f j xdki =
f xdki if j = k

¬f xdki otherwise
,

1

where f xdki represents the score for the region whose indi-
ces are given as dki . We introduce a binary indicator vector
y = y1, y2,…, yN such that yi = 1 implies the region Ri is
picked as a potential cell. An example of a valid combination
of regions to represent potential cells for the hierarchical tree
in Figure 1(b) is given as y = 0 0 1 1 1 0 such that regions
R3, R4, and R5 are picked. The path consistency constraint

can be easily converted to a differentiable model. We convert
the disjunctive normal form into a differentiable model by (1)
using DeMorgan’s laws to replace unions with intersections
and complements; (2) representing the intersections as prod-
ucts; (3) representing the detection classifier using a differen-
tiable classification function, such as an artificial neural
network; and (4) relaxing the binary indicator function
as f xdki to estimate the probability of a region to repre-
sent a cell. First, the conjunction of binary variables
⋀

npi−1
k=0  f j xdki is equivalent to the product ∏

npi−1
k=0  f j xdki .

Next, using DeMorgan’s laws, we can express the disjunc-
tion ⋁

npi
j=0 bj as negation of conjunctions, ¬⋀npi

j=0 ¬bj, which
in turn can be replaced by 1−∏

npi
j=0 1− bj . We need to

choose f such that it is differentiable. We implement a
multilayer perceptron (MLP) with one hidden layer
parameterized using w as our detection classifier, f w xdki .
The number of neurons in the input layer is dependent
on the size of the data vector (number of features includ-
ing the bias node described in Section (3.3)). For the hid-
den layer, we use half the number of nodes used in the
input layer. Gradient-based optimization algorithms are
used to find the model parameters. The activation function
used in the MLP is the tanh function. Finally, the approx-
imate path loss is given as

Fi = 1− ∏
npi

j=0
1− ∏

npi−1

k=0
f
j
w xdki ,

f
j
w xdki =

f w xdki if j = k

1− f w xdki otherwise

2

(a)

R1

R2

R4 R5 R6

R3

0

0

1 1

1

0

(b)

Figure 1: (a) Top-bottom: an example of the boundaries of multiple MSERs that represent the potential cell regions by thresholding the image
at increasing values of t. (b) The parent-child relationships in the tree correspond to the nestedness of the regions. The tree structure is utilized
in our semisupervised framework. The colors indicate individual cell hierarchy.
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We would like to find w so that the predictions, f w x ,
satisfy the path consistency constraint, where x represents
the feature vector of a region.

3.3. Bayesian Semisupervised Formulation for Learning. Our
framework for learning uses both supervised and unsuper-
vised data. Supervised data corresponds to the regions that
represent true cells, generated from the ground truth cen-
troids. Let the supervised data represented by Xs, ys denote
the features of the candidate regions and annotations that
indicate if the region is a true cell. Unsupervised data refers
to the unlabeled images. Since we train with a significantly
small amount of labeled data, the unlabeled samples from
the training set contribute to the unsupervised data. We can
also incorporate more unlabeled data in a “transductive
learning” setting by including data from the testing images.
Hence, unsupervised data can have contributions from the
training images (unlabeled) as well as the testing images
(unlabeled). Let X be the collection of all supervised and
unsupervised samples. The feature vector for every region
can be grouped into the following categories:

(1) Intensity—histogram of intensities of the region,
absolute mean differences, L1 and L2 distances, and
absolute entropy differences between histograms of
the region border and a dilation of it for two different
dilation radii.

(2) Area—areas of the region normalized by the area of
the image and perimeters and the boundary length
of the regions normalized by the length of the image
diagonal.

(3) Shape—a shape descriptor using a histogram that
represents the variation and distribution of the
boundary of the region on a size-normalized polar
coordinate system. The curvature and roundness
ratio are also computed for the region.

(4) Texture—features such as local entropy, standard
deviation, and local range of the region are used to
describe the texture of the region.

The supervised loss can be represented as an i.i.d. Gauss-
ian N 0, σs that penalizes the prediction errors and tries to
minimize errors from the true estimate.

P ys∣Xs,w, σs = 1

2πσ2s
Ns
exp −

ys − f w Xs
2

2
2σ2s

, 3

whereNs is the number of training samples and σs is the stan-
dard deviation that can be estimatedwhile learning themodel.
The trainingdatahelps in avoiding a trivial solution suchas the
case inwhich the predictions for all regions are 0.Next, we for-
mulate the unsupervised loss to constrain the solution such
that at most one cell may be picked in every path of theMSER
tree. For every tree, all possible paths are deduced, and the path
function F is computed as in (2). Let Fw = F1, F2,…, FNp

be
the collection of path functions, where Np is the number of

paths from all the images. The unsupervised loss likelihood is
an i.i.d. Gaussian N 0, σu that penalizes the difference
between each element of Fw and 1. Let 1 be anNp dimensional
vector of ones that force the predictions of the classifier to con-
form to the path constraints.

P 1∣X,w, σu = 1

2πσ2u
Np

exp −
1− Fw X 2

2
2σ2u

, 4

where σu is the standard deviation that can be estimated
while learning the model. The standard deviation parameters
σs and σu control the contributions of the supervised loss and
the unsupervised path loss in the learning framework. They
can be tuned using a validation set or estimated from the
data. Finally, we include a regularization term to prevent
overfitting. This term constrains any abrupt change in the
model parameters, thereby establishing the smoothness
constraint for the solution.

P w = 1

2π
D
exp −

w 2
2

2 5

By applying Bayes’ rule, we have the posterior distribu-
tion of w as

P w∣X,Xs, ys, σu, σs ∝ P w ⋅ P 1∣X,w, σu

⋅ P ys∣Xs,w, σs

P w∣X,Xs, ys, σu, σs ∝
1

2π
D
exp −

w 2
2

2

⋅
1

2πσ2u
Np

exp −
1− Fw X 2

2
2σ2u

⋅
1

2πσ2
s

Ns
exp −

ys − f w Xs
2

2
2σ2

s

6

3.4. Estimating the Parameters. We infer the model parame-
ters w and σs and σu using maximum a posteriori estimation.

w∗ = arg  max
w,σu,σs

P w ∣X,Xs, ys, σu, σs 7

We effectively minimize the negative logarithm of the
posterior.

L w, σs, σu =Nplog σu +
1
2σ2u

1− Fw X 2
2

EU
w

+ 1
2 w 2

2

ECw

+ 1
2σ2

s
ys − f w Xs

2

2
+Nslog σs

ES
w

,
8
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w, σs, σu = arg min
w,σs ,σu

EU
w + ES

w + EC
w 9

The parameters w and σu and σs are updated alterna-
tively. Gradient descent is used to update w. We alterna-
tively update σs and σu along with w. Setting ∂L/∂σu = 0
and ∂L/∂σs = 0, we can derive closed-form expressions
for σu and σs.

σu =
1− Fw X 2

Np
,

σs =
ys − f w Xs 2

Ns

10

The gradient of (8) with respect to the classifier parame-
ter w is

∂L
∂w =wΤ −

1
σ2
u

1− Fw X Τ ∂Fw X
∂w

−
1
σ2s

ys − f w Xs
Τ ∂f w Xs

∂w ,

∂Fw X
∂w = ∂F1

∂w

Τ

, ∂F2
∂w

Τ

,…,
∂FNp

∂w

Τ

,

∂Fi

∂w = ∂
∂w 1− ∏

npi

j=0
1− ∏

npi−1

k=0
f
j
w xdki

= −
∂
∂w ∏

npi

j=0
1− ∏

npi−1

k=0
f
j
w xdki

= − 〠
npi

j=0
 ∏
r≠j

1− ∏
npi−1

k=0
f
r
w xdki

∂
∂w 1− ∏

npi−1

k=0
f
j
w xdki

= 〠
npi

j=o
 ∏
r≠j

1− ∏
npi−1

k=0
f
r
w xdki  

〠
npi−1

k=0
∏
q≠k

f
j
w xdqi

∂f
j
w xdki
∂w ,

11

where f
j
w xdki represents the detection probability, which

is predicted using an ANN as a classifier. After the
model parameters are learned, we can use the model,
f w , to predict the detection probabilities. Initially, a ran-
dom set of weights is chosen, σs = 1. The weights w are
then updated using gradient descent based only on the
supervised loss; σs is also alternatively updated. The
supervised loss gives an approximate solution for the
weights, which can be fine-tuned using the unsupervised
loss. The weights are updated using the gradients com-
puted using the supervised and the unsupervised loss for path
consistency, alternatively updating w and σs and σu.We then

select a set of nonoverlapping regions using the infer-
ence algorithm described in the next section to identify
true cells.

3.5. Inference. The probability of a node/region representing
a cell f i is predicted using our classifier. The goal of the
inference procedure is to select with minimal cost a subset
of nonoverlapping nodes that represent the cells by impos-
ing constraints on the hierarchical tree. Each node in the
tree is a potential cell candidate. A label yi = 1 or yi = 0
is assigned to each node indicating whether the node is
selected as a valid cell. The complete set of labels is repre-
sented as Y. The detection labels given to all nodes must
satisfy the path loss such that at most one cell is picked
in every path.

We have explored two approaches to select the cells.
Firstly, we used a greedy approach for inferring the final
detections. The greedy inference algorithm selects the node
with the highest score in a given path predicted using our
classifier and assigns it as a label = 1. The other nodes in the
path are assigned as a label = 0. The nodes with a label = 1
are the final detected cells.

Alternatively, we can use a bottom-up/top-down
algorithm to find the optimal solution imposing the path
constraints in the tree structure. If a node i is selected, then,
yi = 1 and all of its descendents should be labeled as 0. If
the node i is not selected, then, problem reduces to finding
the best possible cells from the subtrees of the node i. All
nodes with a label = 1 will be selected as the detected cells.
We formulate our detection problem as a constrained
optimization problem

min
Y

〠
yi∈Y

−yi log f i − 1− yi log 1− f i 12

s.t. if yi = 1, yi′ = 0, and i′ ∈Di, where Di is the set of descen-
dent nodes i. The optimization problem is solved in a similar
manner as seen in [20]. Using the tree structure, we use
dynamic programming to find the best and most efficient
solution with the path consistency loss. In our bottom-up/
top-down algorithm, for inference in the bottom-up step,
the minimum energies for both possibilities (region
selected/not selected) consistent with the path loss are prop-
agated from the leaves to the root. Then, we choose valid
detections by parsing through all the nodes from the root to
the leaves.

In the bottom-up step, for every node i, a pair of
energy sums is computed. The selected energy Es

i for the
ith node represents the cost of selecting the node i by set-
ting its label = 1 and the labels for all its descendents to 0.
Similarly, the not selected energy Ens

i for the ith node
computes the cost of not selecting the node i by setting
its label = 0 and labeling its children optimally subject to
the path loss. Let j and k be the children of the ith node.
The energies are computed bottom-up in a recursive
manner as
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Es
i = − log f i + 〠

k∈Di

− log 1− f k ,

Ens
i = − log 1− f i +min Es

k, Ens
k +min Es

j , Ens
j ,

13

where Di is a set of indices of descendents of the ith node. For
leaf nodes, we assign Es

i = − log f i and Ens
i = − log 1− f i .

Algorithm 1 gives the pseudocode of the bottom-up
algorithm.

After computing the energies for all nodes, we label the
regions in a top-down manner. We start from the root node
and compare the selected energy Es

i and the not selected
energy Ens

i . If the selected energy is lower than the not
selected, then, we select the node i by setting its label = 1
and the label for all its descendents to 0. Otherwise, we assign
a label = 0 to the ith node and search its subtrees. Algorithm 2
gives the pseudocode of the top-down algorithm. Finally, the
nodes with a label = 1 are seen as true detections to give an
optimal solution.

We demonstrate the results of using the greedy
approach versus the bottom-up/top-down algorithm for
inference with our trained classifier for one of the datasets
used in our experiments in Table 1. The choice of the
methodology of inference does not contribute much to
the overall detection scores. Hence, we can choose either
of the schemes. We choose the bottom-up/top-down algo-
rithm for our inference.

4. Experiments

We evaluate the performance of our detection frame-
work using minimal training data under various condi-
tions to show the individual contribution of the
different parts of the algorithm. We also compare the
performance of our method in detail to one of the
methods that use dot annotations for training their
detection classifier.

4.1. Datasets. We experiment with four datasets for cell
detection. The datasets encompass a wide variety of cells with
different shape and intensity characteristics:

(1) Phase-contrast images of cervical cancer hela cells
from [1]. The dataset contains 11 testing images
and 11 training images of size 400× 400.

(2) Synthetic cells from [41]. The dataset contains 20
images. We used 10 images for testing and 10
images for training. The images are of size
950× 950.

(3) Drosophila melanogaster Kc167 cells from [41]. The
dataset contains 14 images. We used 9 images for
testing and 5 images for training. The images are of
size 950× 950.

(4) Bright-field images of fission yeast cells from [23, 42].
We did not have access to their complete data. We
could obtain only 9 images of size 1024× 1024.

Input: A list of detection probability f i i of each node ri
Output: Energy pairs for selecting and not selecting a region GE = Es

i , Ens
i i

(1) GE ←
(2) ComputeEnergy r0 , where r0 is a root node.
(3) /∗ Sub-function that recursively computes energy terms ∗/
(4) Function ComputeEnergy ri
(5) if ri is a leaf node then
(6) Es

i = − log f i
(7) Ens

i = − log 1− f i
(8) else
(9) Es

k, Ens
k = ComputeEnergy rk

(10) Es
j , Ens

j = ComputeEnergy rj
(11) Es

i = − logf i +∑k∈Di
Ens
k

(12) Ens
i = − log 1− f i +min Es

k, Ens
k +min Es

j , Ens
j

(13) end
(14) GE ←GE ∪ Es

i , Ens
i

(15) return Es
i , Ens

i

Algorithm 1: Bottom-up energy computation

Input: Energies for every region, GE = Es
i , Ens

i i
Output: A complete label assignment Y = yi i

(1) Y←
(2) AssignNodeLabels r0
(3) /∗ Sub-function that recursively assigns node labels ∗/
(4) Function AssignNodeLabels ri
(5) if Es

i < Ens
i then

(6) Y←Y∪ yi = 1 ∪ yi′ = 0 i′ ∈Di ,
(7) else
(8) Y←Y∪ yi = 0
(9) AssignNodeLabels rk
(10) AssignNodeLabels rj
(11) end

Algorithm 2: Top-down label assignment
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Table 1: Comparison of inference methods for phase-contrast hela cells. SS + ILASTIK refers to our semisupervised method using pixel
probability maps from ILASTIK. The unlabeled data has contributions from both the training and testing images.

SS + ILASTIK (greedy inference) SS + ILASTIK (bottom-up/top-down inference)
Number of subimages Precision Recall F-score Precision Recall F-score

1 0.9262 0.9460 0.9359± 0.0074 0.9266 0.9498 0.9381± 0.0078
3 0.9378 0.9579 0.9477± 0.0068 0.9397 0.9580 0.9488± 0.0064
5 0.9495 0.9605 0.9549± 0.0065 0.9498 0.9599 0.9548± 0.0066
7 0.9510 0.9625 0.9567± 0.0081 0.9513 0.9620 0.9566± 0.0076
9 0.9526 0.9659 0.9592± 0.0052 0.9531 0.9661 0.9596± 0.0050

Table 2: Quantitative comparison of detection for different datasets using our semisupervised approach using ILASTIK as a pixel classifier for
varying number of subimages. Left-right: number of subimages, results using [1], SS + ILASTIK (unlabeled data has contributions from only
the training images), and SS + ILASTIK (unlabeled data has contributions from both the training and testing images).

(a) Phase-contrast hela cells

Arteta et al. [1] SS + ILASTIK (training) SS + ILASTIK (training + testing)
Number Prec Rec F-score Prec Rec F-score Prec Rec F-score

1 0.9065 0.9253 0.9158± 0.0203 0.9180 0.9351 0.9264± 0.0082 0.9266 0.9498 0.9381± 0.0078
3 0.9342 0.9497 0.9419± 0.0084 0.9360 0.9511 0.9434± 0.0057 0.9397 0.9580 0.9488± 0.0064
5 0.9478 0.9545 0.9511± 0.0092 0.9480 0.9568 0.9523± 0.0061 0.9498 0.9599 0.9548± 0.0066
7 0.9481 0.9594 0.9537± 0.0091 0.9500 0.9596 0.9547± 0.0091 0.9513 0.9620 0.9566± 0.0076
9 0.9536 0.9603 0.9570± 0.0055 0.9528 0.9632 0.9579± 0.0080 0.9531 0.9661 0.9596± 0.0050

(b) Synthetic fluorescence cell images

Arteta et al. [1] SS + ILASTIK (training) SS + ILASTIK (training + testing)
Number Prec Rec F-score Prec Rec F-score Prec Rec F-score

1 0.9695 0.9527 0.9620± 0.0106 0.9730 0.9611 0.9670± 0.0034 0.9791 0.9698 0.9744± 0.0026
3 0.9716 0.9626 0.9671± 0.0086 0.9755 0.9662 0.9708± 0.0015 0.9801 0.9712 0.9756± 0.0005
5 0.9787 0.9643 0.9714± 0.0051 0.9794 0.9689 0.9741± 0.0013 0.9806 0.9723 0.9764± 0.0003
7 0.9792 0.9651 0.9721± 0.0036 0.9800 0.9699 0.9749± 0.0009 0.9811 0.9732 0.9771± 0.0006
9 0.9808 0.9652 0.9730± 0.0009 0.9806 0.9701 0.9753± 0.0010 0.9813 0.9750 0.9789± 0.0004

(c) Drosophila Kc167 cells

Arteta et al. [1] SS + ILASTIK (training) SS + ILASTIK (training + testing)
Number Prec Rec F-score Prec Rec F-score Prec Rec F-score

1 0.8195 0.9275 0.8702± 0.0156 0.8254 0.9306 0.8748± 0.0069 0.8311 0.9496 0.8864± 0.0043
3 0.8287 0.9337 0.8781± 0.0145 0.8358 0.9416 0.8855± 0.0082 0.8402 0.9566 0.8946± 0.0056
5 0.8402 0.9380 0.8864± 0.0083 0.8433 0.9452 0.8913± 0.0093 0.8451 0.9568 0.8975± 0.0080
7 0.8427 0.9435 0.8903± 0.0055 0.8463 0.9475 0.8940± 0.0070 0.8499 0.9580 0.9007± 0.0032
9 0.8516 0.9456 0.8962± 0.0045 0.8519 0.9497 0.8981± 0.0052 0.8526 0.9590 0.9028± 0.0038

(d) Fission yeast cells

Arteta et al. [1] SS + ILASTIK (training) SS + ILASTIK (training + testing)
Number Prec Rec F-score Prec Rec F-score Prec Rec F-score

1 0.7492 0.9238 0.8274± 0.0136 0.8064 0.9230 0.8607± 0.0074 0.8528 0.9243 0.8871± 0.0053
3 0.7602 0.9342 0.8383± 0.0112 0.8145 0.9276 0.8673± 0.0089 0.8602 0.9245 0.8912± 0.0050
5 0.7622 0.9412 0.8423± 0.0076 0.8226 0.9414 0.8779± 0.0076 0.8707 0.9409 0.9044± 0.0051
7 0.7645 0.9494 0.8470± 0.0039 0.8258 0.9465 0.8820± 0.0062 0.8736 0.9420 0.9065± 0.0039
9 0.7718 0.9460 0.8501± 0.0046 0.8287 0.9460 0.8834± 0.0058 0.8791 0.9470 0.9118± 0.0047
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We used only 2 images for training and 7 images
for testing.

4.2. Implementation Details. For our detection experiments,
we do not use the entire labeled training data to learn a
model. The probability maps for the images are learned
using ILASTIK trained with dot annotations from only
two images. The number of cells in each image varies with
different datasets. We work with subimages from the
training dataset to reduce the manual annotations needed.
For every dataset, we create a pool of subimages from the
training dataset that contains few cells with their centers

annotated. We randomly choose subimages from this pool
to train our classifier. The first step is to adapt the training
dataset to our algorithm. Since we have only the centroid
annotations for the cells, we need to generate ground truth
information for every region generated by the MSER
detector, which states if the region is a true cell. This
can be done by checking all possible regions in a path
and selecting the largest regions with a single annotation.
The true labels Xs, ys now can be used for the supervised
learning in our framework. We have tested the perfor-
mance of our algorithm when only the training dataset
(labeled and unlabeled) is used as well as when we include
the testing dataset (unlabeled) along with the training
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Figure 2: Average F-score for varying size of training subimages for our method with only supervised loss (supervised), our semisupervised
framework (SS), and our semisupervised framework using ILASTIK as the pixel classifier (SS + ILASTIK) is shown for all the testing datasets.
The unlabeled data has contributions from both the training and testing images. We compare the performance of our method with that of
Arteta et al. [1].
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dataset (labeled and unlabeled) to formulate the unsuper-
vised path loss. The weights w we learned using the super-
vised and unsupervised loss are used to evaluate the
testing dataset. The candidate regions and their features
extracted from the testing images are scored using the
learned weights. The label assignment process for the
regions in the testing images is based on the inference
procedure described in Section 3.5. It takes approximately
48.76 seconds for supervised and 96.59 seconds for semi-
supervised training for the phase-contrast hela dataset with
10 training images and 10 testing images in MATLAB

using 3.5GHz Intel CPU. We also evaluate the DICE
and detection scores for the phase-contrast hela cells when
the entire training dataset is used to contribute to the
supervised loss. We report results for both cases when
we include and exclude the testing dataset in the unsuper-
vised path loss term. We compare our detection and DICE
scores with those of other methods.

4.3. Evaluation Metrics. We evaluate the performance of our
algorithm by computing the detection scores. We find corre-
sponding matching pairs from the pool of ground truth

Figure 3: Visual representation of cell boundaries for the different datasets (top-bottom: phase-contrast hela cells, synthetic fluorescence cells,
Drosophila Kc167 cells, and fission yeast cells). The cell boundaries are shown in green, the predicted center is in red, and the true centroids
are in blue. Left-right: input image, results—Arteta et al. [1], results—semisupervised framework (SS), and results—semisupervised
framework with pixel classifier (SS + ILASTIK). The unlabeled data has contributions from both the training and testing images.
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regions and predicted regions using overlapping areas. Simi-
lar to [1], we use a Hungarian matching algorithm to find the
corresponding areas, by minimizing the distance between
their centroids. The oversegmented regions or regions with
no correspondences with the ground truth segmentations
are labeled as false positives (FP). The unmatched ground
truth regions/missed detections are accounted for as false
negatives. We evaluate the performance of our algorithm
using precision, recall, and F-score. Since the ground truth
configurations for the regions are generated from the cen-
troids, we do not have true segmentation masks for the cells
of all datasets. Hence, we compute the segmentation accuracy
using the DICE coefficient for only one of the datasets, for
which we had masks.

4.4. Results. We compare our algorithm to [1] since the
authors also use centroids of cells as user annotations. From
all the training images, we generate subimages that are
approximately 1/8th the size of the original image. We
randomly pick a subset of subimages generated from the
training pool and use it to train our supervised loss. Firstly,
we evaluate our algorithm using only our supervised loss
(our method (supervised)). Next, we train the classifier in
our semisupervised framework (our method (SS)). In our
semisupervised framework (our method (SS)), we generate
the cell candidates using the MSER detector on intensity
images. The MSER works well as a region detector only when
there is high contrast between the pixels that are inside the
cell and those of the background. In cases where the contrast
is low, we cannot use the MSER detector on intensity images
directly. We can use it on a transformed map of the intensity
image in which the contrast is better. Hence, we use the
MSER detector on the output of the pixel classifier (ILAS-
TIK). This benefits low-contrast images such as in dataset
4. Finally, we evaluate our algorithm when we generate the
cell candidates using the MSER detector on the pixel
probability maps trained using ILASTIK (our method (SS +
ILASTIK)). We repeat each experiment 20 times to account
for the random selection of subimages for the supervised

data. Our experiment using ILASTIK (SS + ILASTIK) has
been performed in two scenario: firstly, when the contribu-
tions to the unlabeled data are only from the training images
and secondly, when both the training and testing datasets
contribute to the unlabeled data. We report the mean and
standard deviation of the F-score, mean precision, and recall
on the four datasets for both cases in Table 2. We observe
that with significantly fewer supervised samples, the classifier
benefits from more unlabeled samples. Hence, if we have
limited training images, we would benefit by using the unla-
beled samples from the testing images. We see that in the case
of datasets 3 and 4, we have significantly fewer training
images, and hence, using the unlabeled data from the testing
dataset improves the performance considerably. Alterna-
tively, in datasets 1 and 2, where we have more unlabeled data
from the training images, we see a marginal improvement
when we use the testing dataset. We plot the variation in
the F-score for varying numbers of training subimages in
Figure 2. We can clearly see that with the addition of the
unsupervised loss, our classifier is able to give better detection
scores. We have included the results of using only the super-
vised loss in our framework to highlight the advantage of
using the unlabeled samples.

Our proposed method achieves better accuracy than
that of [1] for all four datasets (1, 2, 3, and 4). A visual
inspection of our detection with cell boundaries can be
seen in Figure 3. We computed the DICE and detection
scores for the phase-contrast hela cells using all the labeled
images from the training data along with our unsupervised
path loss term (Table 3). We observe that our detection
scores are comparable to those of the other methods,
including [23], which is the state-of-the-art, but we get a
better DICE score.

5. Conclusion

We proposed a generic semisupervised framework for cell
detection that relies on minimal training data. Since our algo-
rithm works with fewer annotations, as the subimages used
for training have fewer number of pixels, it reduces the effort
required for manually annotating the entire image. The tree
framework generated using the MSER detection proves to
be very efficient in enforcing our unsupervised loss. The
MSER tree framework also limits the search space by consid-
ering only regions of desired sizes. By using an ANN as a clas-
sifier, we are able to learn complex functions using the
supervised and unsupervised loss. We learn the weights for
our model by minimizing our cost criterion without the need
for parameter tuning. In this paper, we have evaluated our
framework only on biological data. Furthermore, we would
like to extend this work for time-lapse microscopy images,
where we can learn classifiers to predict cell lineages in a
semisupervised framework.
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Table 3: Comparison of DICE and detection scores for phase-
contrast hela cells. SS refers to our semisupervised approach when
the cell candidates are generated using the MSER detector on the
intensity images. SS + ILASTIK refers to our semisupervised
approach using pixel probability maps from ILASTIK to generate
cell candidates using the MSER detector. We evaluate our
experiments with and without the contributions of the unlabeled
data from the testing dataset.

Method Detection scores DICE

Arteta et al. [1] 0.90 0.81

Funke et al. [23] 0.97 0.84

Zhang et al. [21] 0.91 0.80

Our method (SS (only training dataset)) 0.94 0.80

Our method (SS (training + testing)) 0.95 0.82

Our method (SS + ILASTIK
(only training dataset))

0.96 0.86

Our method (SS + ILASTIK
(training + testing))

0.97 0.86
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This work proposed a novel automatic three-dimensional (3D) magnetic resonance imaging (MRI) segmentation method which
would be widely used in the clinical diagnosis of the most common and aggressive brain tumor, namely, glioma. The method
combined a multipathway convolutional neural network (CNN) and fully connected conditional random field (CRF). Firstly, 3D
information was introduced into the CNN which makes more accurate recognition of glioma with low contrast. Then, fully
connected CRF was added as a postprocessing step which purposed more delicate delineation of glioma boundary. The method
was applied to T2flair MRI images of 160 low-grade glioma patients. With 59 cases of data training and manual segmentation as
the ground truth, the Dice similarity coefficient (DSC) of our method was 0.85 for the test set of 101 MRI images. The results of
our method were better than those of another state-of-the-art CNN method, which gained the DSC of 0.76 for the same dataset.
It proved that our method could produce better results for the segmentation of low-grade gliomas.

1. Introduction

Among all brain tumors, glioma is the most severe [1].
According to the World Health Organization (WHO) cri-
teria [2], gliomas were categorized into four grades from level
I to level IV according to tumor malignancy. Normally, grade
III and grade IV gliomas are called as high-grade gliomas
(HGG) and grade I and grade II as low-grade gliomas
(LGG). LGG could be further classified into astrocytomas,
oligodendroglioma, and oligodendrocytes astrocytoma based
on pathological type.

Magnetic resonance imaging (MRI) is the most common
imaging diagnostic technique in the clinical diagnosis of glio-
mas. With MRI images, the accurate segmentation of gliomas
is one of the most crucial procedures in treatment planning
and follow-up evaluations. However, manual labeling is very
time-consuming, and it is difficult to adopt a unified standard
for segmentation. Meanwhile, automatic segmentation is still
hard to be achieved because of the diversity of gliomas in size,

shape, and location [3]. Several limits of medical images such
as the intensity inhomogeneity and unexpected intensity
ranges of tissues would also cause difficulty for automatic
segmentation of glioma [4].

A large number of algorithms have been developed to
complete the task of tumor segmentation. Many traditional
segmentation methods were based on gray scale values, such
as fuzzy clustering and region growing [5]. These methods
would be likely to fail when processing nonenhanced tumor
images. Another kind of popular methods was multiatlas seg-
mentation, which was based on the correlation of the priori
brain atlas and the medical images to be processed [6]. How-
ever, these methods are often problematic when the atlases
and target images are obtained via different imaging proto-
cols and the deformable registration is also considered as a
difficult process.

Recently, several methods related with machine learning
have been applied in brain tumor segmentation. Parisot
et al. used the prior knowledge to classify the tumor first
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and then used another graph to determine the class of each
voxel [7]. Huang et al. utilized the sparseness of samples to
build up a particular dictionary and used a softmax model
to optimize the error reconstruction coefficients for different
classes [8]. Random forests have been considered to be good
at dealing with a great number of features to accomplish
brain tumor segmentation. Meier et al. applied a set of dedi-
cated features to get decision forests to discriminate patho-
logical regions from brain MRI volumes [9]. In addition,
Markov random field (MRF) and conditional random field
(CRF) are also often mentioned to obtain smooth edges.
Zhao et al. proposed a semisegmentation method based on
the MRF [10], in which one slice was labeled and other slices
were sequentially labeled based on a MRF label. Meier et al.
estimated the CRF to improve the voxel-wise classification
performance on the top of the decision forest classifier [11].
These conventional machine learning methods are often
based on a large number of features extracted from the image,
reflecting the shape, gray value, and texture of the tumor area.
But an important problem with these approaches is that the
computation of too many features is too time-consuming
and particular feature can cause difficulties in tuning.

Another kind of approach to segment gliomas is based on
the well-known convolutional neural network (CNN). Pri-
marily due to its abilities to obtain image global and local
information directly from the convolution kernels, CNNs
have made breakthrough progress in image processing and
object recognition and been wildly used thereafter [12].
CNNs have shown good performances in the field of medical
image processing in recent years, not only in terms of accu-
racy, but also in terms of efficiency [13]. Pereira et al. devel-
oped two CNN structures with different depths to deal with
the HGG and the LGG [14]. Dvorak et al. evaluated the effec-
tiveness of different patch selection strategies based on the
segmentation results of CNNs [15]. Havaei et al. proposed a
multiscale CNN structures in order to make better use of
local and global information [16]. Rao et al. combined ran-
dom forests with the final output of CNNs to achieve better
classification results [17]. Several CNN methods mentioned
previously are based on a two-dimensional convolution ker-
nels and do not make good use of the natural three-
dimensional (3D) information of medical images. Typically,
3D filters can take fully advantage of 3D connection charac-
teristics of images. Kamnitsas et al. [18] evaluated the use of
3D filters. However, the 3D convolution algorithm limits
the size of convolution kernels and causes a great increase
of the computation load. Furthermore, 3D filters require high
resolution on the vertical plane, while actual MRI images
usually need interpolation and do not have such high resolu-
tion. The process of interpolation and down sampling in 3D
filters often brings additional errors in segmentation. There-
fore, how to make good use of 3D information with CNN in
gliomas segmentation still remains an important problem.

On the other hand, segmentation methods mentioned
above mainly focused on the segmentation of the HGG.
Although the internal structure of the LGG is simpler
than that of the HGG, the segmentation of the LGG is
considered more difficult because of its lower contrast
and smaller size [14]. Thus, these segmentation methods

mentioned above often do not produce good results when
dealing with the LGG.

As it is known, the lesion area of the LGG is more distin-
guishable from T2flair MRI than from other MRI modalities
[19]. So in this study, we chose T2flair modal MRI images as
the original data for image processing. LGG has high signal in
the T2flair images. Compared with HGG, the signal intensity
distribution of LGG is more uniform and the boundaries of
tumors and surrounding brain tissues tend to be clearer. In
addition, LGG usually shows no necrosis, perifocal edema,
or hemorrhagic foci. Oligodendroglioma and astrocytoma
were two major types of LGG. The two subtypes could be dis-
tinguished radiologically by the presence of calcification.
Generally, calcification inside oligo tumor turns out hypoin-
tensity on T2-weighted and isointensity on T1-weighted pre-
contrast MRI.

In this paper, a new method is presented aiming at auto-
matic segmentation of LGGMRI images. Main contributions
of the paper are as follows. Firstly, the effect of different CNN
depths and the number of neurons in the fully connected
layers on the segmentation result were thoroughly evaluated.
Secondly, in order to use the 3D information, nearby slices
were set into the network and connected with a fully con-
nected CRF. Lastly, the results on the LGG T2flair dataset
showed that the method is better than the state-of-the-art
CNN method.

The rest of the paper is organized as follows: in Section 2,
we present our materials and method flows. Experimental
design, results, and discussion can be found in Section 3.
Finally, the main conclusions are presented in Section 4.

2. Materials and Methods

2.1. Patients. All data from patients used in our study were
obtained from Shanghai Huashan Hospital. These patients
were diagnosed between July 2013 and March 2016, and
MRI images of these patients were collected at the time of
diagnosis without any treatment. All 160 cases of data are
described in detail in Table 1. We randomly selected 59 of
them as the training data and 101 as the test data. Manual

Table 1: Patients characteristics.

Characteristics Quantity Percentage

Tumor grade

Grade II 160 100.0%

Radiological diagnosis

Astrocytoma 48 30.0%

Oligodendroglioma 25 15.6%

Oligodendrocytes astrocytoma 73 45.6%

Gender

Male 81 50.6%

Female 79 49.4%

Category

Training set 59 36.9%

Test set 101 63.1%
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labeling of the tumor area was performed by two experienced
neurosurgeons.

The size of the MRI images was 512 × 400. MRI images
were stored as 16-bit unsigned integer. All images were
acquired according to the following parameters: pixel
width=0.47mm, slice spacing =2mm, repetition time=
9000ms, echo time= 99ms, inversion time=2501ms, and
flip angle = 150°.

2.2. Data Analysis. The original MRI data contains a lot of
information which is not related to the segmentation prob-
lem, and these noises will greatly affect the tumor segmenta-
tion [3]. Some pretreatment was firstly operated to get rid of
these noises.

BrainSuite is an open-source software and is able to auto-
matically process thehumanbrainmedical images [20].Brain-
Suite was utilized to remove the skull and scalp from MRI
images and corrected nonuniformity problem of images.

2.3. CNNs for Tumor Segmentation. Figure 1 presents the
overview of our approach, which is divided into several parts.
The proposedmethod was also demonstrated in Algorithm 1.
The further explanation will be given in the following
sections.

2.3.1. The Preparation of the Input. The major idea of using
CNN to segment gliomas is to take tumor segmentation as
the problem of tumor recognition. Because the proportion
of tumors in the brain is very small, some normal CNN
network structures of image recognition could not get good
segmentation results of gliomas [21]. Instead of utilizing the
full-sized images in the training phase, CNN was trained

using patches randomly extracted from the images in this
study. The conventional processing is to divide images into
several patches during the training and set categories of
center points as targets. The method was widely used in the
medical image processing with unbalanced data [22]. More
storage and more time were required by the training strategy
using patches comparedwith training strategy using full-sized
images. However, the former one is more suitable for tumor
segmentation because the portion of the tumor regions is very
small and the strategy using full-sized images would cause
false positive results with unbalanced samples. The tumor
region could be sampled more with the strategy using patches
by picking more samples in the tumor regions on purpose.

In our study, we divided MRI images into 33 pixels× 33
pixels size patches randomly at the training stage. Normally,
about 50 patches were extracted from a single slice. The
training set contained about 230,000 patches from 59
patients’ brain images.

Taking into account the uneven distribution of image
data, we chose an unbalanced selection method to obtain
sufficient tumor samples. There were about 40% of samples
in the channel containing tumors.

After the completion of sample extraction, we adopted
several preprocessing methods. We removed the mean grey
level of patches and normalized gray value and variance. It
is worth being noted that these parameters are preserved
for the test image to do the same processing.

2.3.2. CNN Base Line Structure. We selected one of the most
advanced CNN structures as the base line. The selected CNN
took part in the Brain Tumor Segmentation Challenge 2013
(BRATS 2013) and ranked first place in BRATS 2013 and

( )

33 × 33 size

1

Figure 1: The flow chart of our method.
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second place in BRATS 2015 [14]. The network consisted of
seven convolution layers, and structures are briefly
described as the base line in Table 2. The network utilized
small and continuous convolution kernels to enhance
tumor recognition ability of network without increasing
computation.

Every convolution layer was followed by active layers,
and the dropout layer was set after each fully connected layer.
According to regular CNN strategy, we chose rectifier linear
units (ReLU) as the function of active layers.

It should be mentioned that we put the entire image into
the network in the phase of testing to reduce the processing
time. For the purpose of getting the correct and accurate
labeling map, we removed the dropout and softmax loss
layers of the network in testing.

2.3.3. Building Deeper Networks. Some research results on the
CNN showed that objects would be recognized better with
increasing depth of the network structure and the number
of neurons in the fully connected layers. Therefore, we con-
ducted a number of contrast experiments with different
depths and different number of neurons in the fully connected
layers based on the base line. We referred to a well-behaved
network structure at the time of designing the network struc-
ture [23]. Detailed information is also shown in Table 2.

2.3.4. Adding Near Slices into Networks. As previously men-
tioned, it is a tricky problem to input the 3D information into
the network without increasing the computational load and
bringing the complex registration process. This problem can-
not be well solved by existing methods. In order to drop out a
solution, two ideas in motion recognition from video pro-
cessing were introduced into our CNN structure. Two new
network architectures were shown in Figure 2, called early
fusion and late fusion processes.

In the field of video processing, Karpathy et al.
reported that early fusion structure obtained more accu-
rate local motion recognition and late fusion compared
the contents of each channel to obtain the better recogni-
tion of global motion [24]. Video processing and 3D brain
MRI images have similar characteristics; although several
frames nearby are not exactly the same, relative informa-
tion could provide assistance to make more specific
judgments. In fact, neighbor slices were always referred
to get better differentiation of the tumor area at the time
of manual labeling. Based on this fact, introducing these
structures of combining 3D information could be helpful
in segmenting tumor regions.

It is worth being mentioned that we utilized the network
with a deeper structure and more neurons in the fully con-
nected layers as a basis. The basic structure is referred to as
“Base line + deeper + more fc” CNN structure in Table 2.
As seen in the figure, early fusion mixes the information of
three slices together at the beginning of the network and
three relative slices shared the same network structure
parameters. Each slice was utilized to train a one-way net-
work in the structure of late fusion and finally connected
together by the fully connected layers.

The connection of different slices in the network has
many advantages. Firstly, introducing 3D information can
make the network identify the tumor region more accurately.
This may be of benefit to the CRF decision. Secondly, it is
possible to effectively avoid missegmentation for similar
tumor regions in other brain regions. Combining nearby
slices can correct erroneous identification by the use of 3D
information. Moreover, the structures combined with 3D
information could help CNN recognize the upper and lower
surfaces of the tumor better. The accurate identification of
tumor regions would also bring benefits to the segmentation
of small tumors.

2.3.5. Fully Connected CRF for Further Identification. Current
CNN structures for the tumor segmentation [14–17] have
several limitations due to the structure. First of all, the recep-
tive field that corresponds to a single neuron of the last fully

Table 2: Base line and improved CNN structure configurations.

CNN configuration

Base line
Base line +
deeper

Base line +
more fc

Base line +
deeper +
more fc

Input

Conv13–64 Conv3–64 Conv3–64 Conv3–64

Conv3–64 Conv3–64 Conv3–64 Conv3–64

Conv3–64 Conv3–64

Max-pool

Conv3–128 Conv3–128 Conv3–128 Conv3–128

Conv3–128 Conv3–128 Conv3–128 Conv3–128

Conv3–128 Conv3–128

Max-pool

FC2–256 FC-4096

FC-256 FC-4096

FC-2

Softmax

Output
1Conv: followed by the size of convolutional kernels and the number of filter
banks. 2FC: followed by the number of fully connected layers.

Input: image I input, mean value Amean, max value Amax ,
standard deviation Astd, parameters of settled multi-way
CNN network and parameters of fully connected CRF model
(ω1, σα , σβ , Iteration)
Output: tumor segmentation result
1: Normalize I input using Amean,Amax and Astd and get
I output
2: Enter I output into the settled multi-way CNN, and get
the output P xi from the softmax layers
3: Using P xi as original unary potential
4: for Iteration do
5: Compute fully connected CRF with I output and unary
potential using parameters ω1, σα , σβ
6: Correct the segmentation results using several morphology
methods

Algorithm 1: Proposed segmentation method.
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connected layer is too large. Take our network structure for
example, due to the presence of two pooling layers, one neu-
ron corresponds to four pixels in images. What is more, the
CNN was limited by the lack of space and edge constraints
compared with other machine learning methods. So the
result of the segmentation is rough on edges. Secondly, for
MRI images, the contrast and the gray scale of images from
different patients are different. In addition, the contrast of
the LGG is often lower than that of the HGG, increasing
the difficulty for accurate identification of whole tumors.
Because of these reasons, sometimes the CNN can only rec-
ognize a part of the tumor area and sometimes the region
near the tumor is misidentified.

A possible improvement of the CNN is to integrate the
CRF into the network structure to refine the segmentation
results [25]. CRF is a framework for building probabilistic
models. Iterative parameter estimation algorithms were
always applied for CRF [26]. Krähenbühl reduced the
complexity of fully connected CRF computation from qua-
dratic complexity to linear complexity through an optimi-
zation algorithm based on the mean field approximation
[27]. On his basis, we used the network features as the
contribution of each category and optimized the probabil-
ity model in a wide domain. The energy function that we
used is

E x = 〠
i

θu xi + 〠
i,j,i≠j

θp xi + xj , 1

where θu xi is the unary potential which is computed inde-
pendently for each pixel. In our study, we utilized features
extracted from the CNN to calculate this parameter.

θu xi = −logP xi , 2

where P xi is the label assignment probability. We set the
output of the last fully connected layer of the CNN as P xi .
It should be noted that, the bi-cubic method was used to
interpolate the score map since the CNN output size is four
times smaller than the image. The other parts of the energy
function are the pairwise potentials, which reflect the rela-
tionship between any two pixels. Pairwise potentials were
defined as

θp xi + xj = μp xi + xj 〠
K

m=1
ω m k m f i, f j , 3

where μp xi + xj is a function that determines whether a
point is the same or not. The Gaussian kernel k m was calcu-
lated as follows:

k f i, f j = ω 1 exp −
pi − pj

2

2σ2α
−

Ii − Ij
2

2σ2β

+ ω 2 exp −
pi − pj

2

2σ2γ
,

4

where pi and Ii represent the location and intensity of the
corresponding pixel i, respectively. As seen from the formula,
the first Gaussian kernel is related to the location and inten-
sity of a particular pixel, which is the main convergence fac-
tor of the graph model. However, the second kernel is only
related to the location of the pixel, which makes the graph
model smoother. In our experiments, the iterations of the
CRF algorithm also had a great influence on the segmenta-
tion result. These parameters of the CRF should be obtained
through the second training phase of the training set.

2.3.6. Postprocessing. After obtaining the segmentation
results of the CRF output, the segmentation results were cor-
rected using several morphology methods. We chose the
largest connectivity region of each slice as the candidate
region. Then regions containing the area greater than 300
pixels were selected as identified tumors. After yielding the
segmentation results for each slice, 3D smoothing of the
tumor was performed by box filter with 3-dimensional con-
volution kernel to make segmentation results more natural.

3. Results and Discussion

3.1. Experimental Setup and Evaluation. All of our exper-
iments were built on top of MatConvNet [28], a
MATLAB toolbox implementing CNNs for computer
vision applications.

Present slice
Previous slice

Post slice

Feature map Feature map
64 @ 33 × 33 128 @ 16 × 16 Feature map

4096

Feature map
4096

Present slice

Previous slice

Post slice

Figure 2: Two network structures which can make better use of 3D information. The implementation structure of early fusion is shown
above, and the figure below is the diagram of late fusion.
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In order to make experimental results more contrastive,
we used the same parameters when models were trained.
Network parameters were initialized by using the improved
Xavier method [29], and the echo setting for training was
25. The initial learning rate was 3 × 10−3 and declined to
the final 3 × 10−5 using the logarithmic descent method.

In the process of training the fully connected CRF param-
eters, we used a relatively simple genetic algorithm to specify
the optimal parameters. As shown in Table 3, all the param-
eters were discretized. ω1 and σγ were considered unimpor-
tant and were set to 5 and 5, separately. At first, we
generated a set of parameters randomly and then changed
four parameters one by one in order to optimize the selec-
tion, retaining the best one. Thus, 27 cycles were required
to estimate the parameters of the fully connected CRF model.
The parameters corresponding to the best overall segmenta-
tion results of the 59 training data were chosen as the opti-
mized parameters during the second training phase.

In order to evaluate the accuracy of the segmentation
results, we used three indices as usual [3] Dice similarity coef-
ficient (DSC) [30], positive predictive value (PPV), and sensi-
tivity. TheDSC evaluated the segmentation results globally by
calculating the overlapping parts, which often serve as an indi-
cator of the overall outcome of segmentation results.

DSC =
2TP

FP + 2TP + FN
, 5

where TP, FP, and FN represent the regions of the true pos-
itive, the false positive, and the false negative, respectively.
The PPV calculated the accuracy of the segmentation result.
The higher the coefficient is, the less the nontumor area can
be covered by the segmentation results.

PPV =
TP

TP + FP
6

The sensitivity reflects the sensitivity of the algorithm to
the tumor area. The higher the sensitivity, the more regions
of the tumor that are included in the segmentation results.

Sensitivity =
TP

TP + FN
7

3.2. Results for Different Network Depths. Four experiments
were designed with different CNN depths and architectures.
The design of the network was mentioned in Table 2. The
convergence of the objective function and the error rate
during the training is shown in Figure 3.

We can see from the figure that increasing the depth of
the network and the number of neurons in the fully con-
nected layers can make the network stabilize more quickly
and gain better results. Moreover, deepening the network
structure and increasing the number of neurons in the fully
connected layers at the same time could further enhance
the training results.

The segmentation results of training set and test set were
evaluated, as shown in Tables 4 and 5. Quantitative results
showed that making network deeper can improve the seg-
mentation results without significantly increasing network
parameters. When the network is deep enough, the increase

of the number of neurons in the fully connected layers would
also improve the tumor recognition ability of the network.

All 160 cases of tumor segmentation results were pre-
sented in Figure 4. It can be seen that the tumor recognition
ability of complex network was better than the ones with
simple network structure. Nevertheless, the improved net-
work can also better handle some special cases.

The effect of changing network structrue on the segmen-
tation results can be better reflected in Figure 5. We showed
three examples of segmentation in Figure 5, and it can be
seen that the segmentation results became more detailed
and accurate when the network was deepened or the number
of neurons in the fully connected layers was increased.

The results were also consistent with the conclusion in
the previous quantitative analysis. The promotion of the
PPV was the most remarkable, and the nontumor region
covered by segmentation results was decreased.

We also looked into the difference in the network archi-
tecture by analyzing network features values. Representative
features in the network from different depths were
presented in Figure 6. As some of the research in computer
vision reported [31], the lower layers represent the informa-
tion such as edges, contours, and intensities. With the
deepening of the network, the characteristics become more
different with the input images. Besides, the regions from
different classes become more and more obvious, especially
after the fully connected layers. It can be seen that networks
with more neurons in the fully connected layers can better
identify tumor regions at the same depth. Because the
increase of neurons in the fully connected layers gives
more choices of fitting, the lower layers have the opportu-
nity to establish better parameters.

The effect of increasing the depth of the network can be
seen from the diagram in the last column. With the deepen-
ing of the network, image recognition is significantly more
detailed and the resolution of pixel recognition is higher. Fine
identification of images can benefit the reduction of recogni-
tion errors. This may be because the increase in the number
of convolution layers leads to multiple processing of the same
pixel point.

By doing so, the CNN could effectively reduce the
adverse impact of surrounding pixels so that recognition
is more precise.

3.3. Results for Adding the Near Slices and Fully Connected
CRF. Similarly, we presented the training parameters of the
network structure after adding the neighboring slice infor-
mation in Figure 3. By comparison, it can be seen from

Table 3: The optional parameters selected for the fully connected
CRF (the first and the last digits represent the selected minimum
and maximum values, and the middle number represents the
chosen step size, expressed in MATLAB representation).

ω1 σα σβ Iterations

Selection range 5 : 5 : 10 20 : 5 : 70 3 : 1 : 10 5 : 1 : 10

The number of optional
parameters

2 11 8 6

Optimized parameters 5 25 10 7
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Figure 3 that the parameters of the training after the addition
of 3D information yield a much better convergence result.
This was because the increased 3D information improves
the recognition ability of the network. However, maybe due
to the noises brought by 3D information, the actual segmen-
tation results were not very satisfactory.

We also showed the result of the segmentation of the
training set and the test set in Tables 6 and 7, after combined
with the fully connected CRF. It can be seen that the combi-
nation of the CNN and the CRF can improve the recognition
effect of tumors to a great extent. More importantly, the com-
bination of these two 3D structures with the CRF seems to
achieve better results. The results of early fusion had a higher
DSC, and the results of late fusion were able to achieve higher
sensitivity with similar global segmentation results.

Training echoes
0 5 10 15 20 25

O
bj

ec
tiv

e

0.05

0.10

0.15

0.20

0.25

0.30

0.35

Base line

Base line + more fc
Base line + deeper

Base line + more fc + deeper fc
Early fusion
Late fusion

Base line

Base line + more fc
Base line + deeper

Base line + more fc + deeper fc
Early fusion
Late fusion

Training echoes
0 5 10 15 20 25

A
cc

ur
ar

y

0.86

0.88

0.90

0.92

0.94

0.96

0.98

(a) (b)

Figure 3: The training parameters of different network structures. (a) shows the convergence of the objective function during training, and
(b) shows the error change during training.

Table 4: Performance of different CNN structures on the training data.

CNN structure DSC PPV Sensitivity Total parameters

Base line 0.7609 0.6626 0.8937 1 9 × 106

Base line + deeper 0.7872 0.6849 0.9253 2 1 × 106

Base line + more fc 0.7678 0.6568 0.9239 4 3 × 107

Base line + deeper +more fc 0.8073 0.7296 0.9036 4 3 × 107

Table 5: Performance of different CNN structures on the test data.

CNN structure DSC PPV Sensitivity

Base line 0.7834 0.6915 0.9034

Base line + deeper 0.7910 0.6987 0.9114

Base line + more fc 0.7841 0.6773 0.9306

Base line + deeper +more fc 0.8021 0.7310 0.8886

0.2
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0.6
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0.9

1
DSC PPV Sensitivity

Figure 4: Boxplots of all data segmentation results of different CNN
structures. The first of each group represents the base line, the second
represents the deeper structure of the network, the third represents
the network with more neurons in the fully connected layers, and
the last one is the network with both deeper and more neurons in
the fully connected layers.
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The results are more evident in the globally validated
Figure 7. Compared with the single way CNN, the combina-
tion of the CNN and the CRF achieved a significant improve-
ment. Moreover, early fusion and late fusion accessed to
more promotion in different aspects.

In Figure 8, we showed the superiority of our method in
three examples. In the first case, we can see that the contours

of the tumor obtained with one way CNN are very rough and
the boundaries acquired are not very good. The segmentation
results are more precise and more accurate after combining
the CNN with the fully connected CRF. It is worth being
mentioned that we did not use the fully connected CRF to
smoothen the edges completely. We found that appropriate
iteration time of CRF would lead to better segmentation than

MRI images

Case one

Case two

Case three

Manual segmentation Base line Base line + deeper Base line + more fc
Base line + deeper +

more fc

Figure 5: Segmentation results for networks with different depths. Each row corresponds to a case, and each column corresponds to a
network structure of the segmentation results.

Layer before
first pooling

Layer before
second pooling

Layer after
first fc

Layer before
softmax

Base
line +
deeper

Base
line

Base
line +
more
fc

Base
line +
deeper +
more
fc

Figure 6: Features in networks of case one in Figure 4. Each column corresponds to a network structure, and each row corresponds to one
kind of depth; the output of the last filter in the filter bank was selected.
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the one with fully smoothing. Therefore, the segmentation of
our method might be rugged and preserved good edges of the
tumor regions.

In the second case and the third case, we showed the ben-
efits of combining nearby slices. The CNN combined with 3D
information can identify the tumor area globally. In the sec-
ond case, two network structures combined with 3D infor-
mation can better identify the whole tumor area, even if a
part of the tumor had very poor contrast.

In the third case, the upper surface of the tumor cannot
be recognized by the single way CNN. But two kinds of
network structures combined with 3D information can
complete segmentation successfully and make the tumor
identification more detailed.

As for two structures of early fusion and late fusion, we
can see that the results of the former are more detailed and
the latter are more likely to recognize more regions. Three
convolution channels combined in late fusion showed
responses to larger regions. This may be due to the fact that
separate convolution channels obtained more 3D informa-
tion but were more susceptible to noises.

We can further explore the advantages of our method of
combining 3D information with Figure 9. In Figure 9, we
showed the unary potential preparing for the input of the fully
connected CRF. These features were set as the output of the
last fully connected layers in CNNs. The color bars next to
the score map showed the intensity distribution in the graph.

It can be seen that the intensity distribution of the unary
potential obtained from two CNN structures with 3D infor-
mation was more extensive and the color of the tumor region
shown in the figure was brighter. The results corresponded to
the point we said previously that the CNN can recognize
tumor regions more certainly after adding 3D information.
This capability would be beneficial for better recognition of
the fully connected CRF, as can be inferred from (1).

3.4. Operation Times. Thanks to the CNN processing speed
advantage and the simplified calculation method of the fully
connected CRF, our proposed pipeline can be completed in a
very short time. Specifically, by using GPU NVIDIA Quadro
600 on an Intel Xeon E5620 2.40GHz machine, we need one

to seven days to train networks, and the specific time depends
on the network complexity. After the network is obtained, the
segmentation time wasmuch less since the segmentation pro-
cess required only the forward operation of the network. A
slice takes only 2 to 10 seconds to get the segmentation results,
and all images of a patient need 2 to 10 minutes. Similarly,
the specific time varies according to the network structure.
Compared with the traditional machine learning methods,
our method is very advantageous in computing time [3].

4. Conclusions

In this study, we explore better ways to segment the LGG
based on the CNN in the binary framework. We firstly stud-
ied the effect of different depths and the number of neurons
in the fully connected layers on the tumor segmentation. It
was found that the deepening of the network can optimize
the segmentation results without increasing the amount of
computation. Increasing the number of neurons in the fully
connected layers under the same conditions can also improve
the segmentation results. Next, we found that the use of the
fully connected CRF as the CNN postprocessing can improve
the segmentation results of the contour and edge and greatly
enhances the segmentation results. At last, we proposed two
kinds of network structures combined with 3D information.
Experiments showed that the combination of these two
structures and CRF can get better results. Early fusion can
improve the segmentation results globally, and late fusion
can make the segmentation results more sensitive. Using
our proposed workflow, we can achieve better results on
the LGG segmentation than one of the best CNN tumor seg-
mentation methods at present. In order to better verify the
applicability of our method, we will have a more detailed
identification of brain tumors and validate our method on
BRATS database in the future.

Table 6: Performance of different CNN structures associated with
the CRF on the training data.

CNN structure DSC PPV Sensitivity

One way CNN with CRF 0.8493 0.8355 0.8637

Early fusion with CRF 0.8506 0.8297 0.8745

Late fusion with CRF 0.8059 0.7415 0.8825
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1
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Figure 7: Boxplots of all data segmentation results of different CNN
structures combined with fully connected CRF. The first plots of
each group represent results of one way CNN, the second plots
represent results of one way CNN connected to CRF, the third
plots represent results of the early fusion structure with CRF, and
the last ones are the results of the late fusion structure with CRF.

Table 7: Performance of different CNN structures associated with
the CRF on the test data.

CNN structure DSC PPV Sensitivity

One way CNN with CRF 0.8459 0.8577 0.8344

Early fusion with CRF 0.8504 0.8561 0.8447

Late fusion with CRF 0.8372 0.8113 0.8649
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connected CRF

Figure 8: Segmentation results of different network structures combined with the fully connected CRF. Each row corresponds to a case, and
each column corresponds to a network structure of the segmentation results. The 3D reconstructions of tumors are shown in the second row
of each group.
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Figure 9: The score maps that are entered into the CRF of different network structures. Each row corresponds to a case and each column
corresponds to a network structure.

10 Journal of Healthcare Engineering



Conflicts of Interest

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

Acknowledgments

This work was supported by the National Basic Research
Program of China (2015CB755500) and the National Natural
Science Foundation of China (11474071).

References

[1] F. B. Furnari, F. Tim, R. M. Bachoo et al., “Malignant astrocytic
glioma: genetics, biology, and paths to treatment,” Genes and
Development, vol. 21, no. 21, pp. 2683–2710, 2007.

[2] D. N. Louis, H. Ohgaki, O. D. Wiestler et al., “WHO classifica-
tion of tumors of the central nervous system,” Acta Neuro-
pathologica, vol. 114, no. 2, pp. 97–109, 2007.

[3] B. Menze, A. Jakab, S. Bauer et al., “The multimodal brain
tumor image segmentation benchmark (BRATS),” IEEE
Transaction on Medical Imaging, vol. 34, no. 2, pp. 1993–
2024, 2015.

[4] N. J. Tustison, B. B. Avants, P. A. Cook et al., “N4ITK:
improved N3 bias correction,” IEEE Transaction on Medical
Imaging, vol. 29, no. 6, pp. 1310–1320, 2010.

[5] T. M. Hsieh, Y. M. Liu, C. C. Liao, F. Xiao, I. J. Chiang, and J.
M. Wong, “Automatic segmentation of meningioma from
non-contrasted brain MRI integrating fuzzy clustering and
region growing,” BMC Medical Informatics and Decision
Making, vol. 11, no. 54, p. 54, 2011.

[6] J. E. Iglesias, M. R. Sabuncu, and K. Van Leemput, “A unified
framework for cross-modality multi-atlas segmentation of
brain MRI,” Medical Image Analysis, vol. 17, no. 8, pp. 1181–
1191, 2013.

[7] S. Parisot, H. Duffau, S. Chemouny, and N. Paragios, “Graph-
based detection, segmentation & characterization of brain
tumors,” in Proceedings of the 30th IEEE International Confer-
ence on Computer Vision and Pattern Recognition (CVPR’12),
pp. 988–995, Providence, Rhode Island, USA, June 2012.

[8] M. Huang, W. Yang, Y. Wu, J. Jiang, W. Chen, and Q. Feng,
“Brain tumor segmentation based on local independent
projection-based classification,” IEEE Transaction on Medical
Imaging, vol. 61, no. 10, pp. 2633–2645, 2014.

[9] R. Meier, V. Karamitsou, S. Habegeer, R. Wiest, and M. Reyes,
“Parameter learning for CRF-based tissue segmentation of
brain tumors,” in Proceedings of the Multimodal Brain Tumor
Image Segmentation Challenge (MICCAI-BRATS), pp. 48–51,
Munich, Germany, October 2015.

[10] L. Zhao, W. Wu, and J. J. Corso, “Semi-automatic brain tumor
segmentation by constrained MRFs using structural trajecto-
ries,” in Proceedings of the 16th International Conference on
Medical Image and Computer-Assisted Intervention (MIC-
CAI’13), pp. 567–575, Nagoya, Japan, September 2013.

[11] O. Meier, M. Wilms, and H. Handels, “Highly discrimina-
tive features for glioma segmentation in MR volumes with
random forests,” in Proceedings of the Multimodal Brain
Tumor Image Segmentation Challenge (MICCAI-BRATS),
pp. 38–41, Munich, Germany, October 2015.

[12] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet
classification with deep convolutional neural networks,” in
Proceedings of the 25th International Conference on Advances

in Neural Information Processing Systems (NIPS’12), Lake
Tahoe, USA, December 2012.

[13] H. C. Shin, H. R. Roth, M. C. Gao et al., “Deep convolutional
neural networks for computer-aided detection: CNN architec-
tures, dataset characteristics and transfer learning,” IEEE
Transaction on Medical Imaging, vol. 35, no. 5, pp. 1285–
1298, 2016.

[14] S. Pereira, A. Pinto, V. Alves, and C. A. Silva, “Brain tumor
segmentation using convolutional neural networks in MRI
images,” IEEE Transaction on Medical Imaging, vol. 35,
no. 5, pp. 1240–1251, 2016.

[15] P. Dvorak and B. Menze, “Structured prediction with con-
volutional neural networks for multimodal brain tumor seg-
mentation,” in Proceedings of the Multimodal Brain Tumor
Image Segmentation Challenge (MICCAI-BRATS), pp. 13–
24, Munich, Germany, October 2015.

[16] M. Havaei, F. Dutil, C. Pal, H. Larochelle, and P. M. Jodoin,
“A convolutional neural network approach to brain tumor
segmentation,” in Proceedings of the Multimodal Brain
Tumor Image Segmentation Challenge (MICCAI-BRATS),
pp. 29–33, 2015.

[17] V. Rao, M. S. Sarabi, and A. Jaiswal, “Brain tumor segmenta-
tion with deep learning,” in Proceedings of the Multimodal
Brain Tumor Image Segmentation Challenge (MICCAI-
BRATS), pp. 56–59, Munich, Germany, October 2015.

[18] K. Kamnitsas, C. Ledig, V. F. J. Newcombe et al., “Efficient
multi-scale 3D CNN with fully connected CRF for accurate
brain lesion segmentation,” 2017, http://arxiv.org/abs/1603
.05959.

[19] R. Alexander, L. Kira, and W. Benedikt, “Relevance of T2
signal changes in the assessment of progression of glioblastoma
according to the response assessment in neuro-oncology cri-
teria,” Neuro-Oncology, vol. 14, no. 2, pp. 222–229, 2012.

[20] D. W. Shattuck and R. M. Leahy, “BrainSuite: an automated
cortical surface identification tool,” Medical Image Analysis,
vol. 6, no. 2, pp. 129–142, 2002.

[21] J. Long, E. Shelhmer, and T. Darrell, “Fully convolutional net-
works for semantic segmentation,” in Proceedings of the 33rd
IEEE International Conference on Computer Vision and Pat-
tern Recognition (CVPR’15), pp. 1337–1342, Boston, MA,
USA, June 2015.

[22] A. A. A. Setio, F. Ciompi, G. Litjens et al., “Pulmonary nodule
detection in CT images: false positive reduction using multi-
view convolutional networks,” IEEE Transaction on Medical
Imaging, vol. 35, no. 5, pp. 1160–1169, 2016.

[23] K. Simonyan and A. Zisserman, “Very deep convolutional net-
works for large-scale image recognition,” 2014, http://arxiv
.org/abs/1409.1556.

[24] A. Karpathy, G. Toderici, S. Shetty, T. Leung, R. Sukthankar,
and L. Fei-Fei, “Large-scale video classification with convolu-
tional neural networks,” in Proceedings of the 32nd IEEE Inter-
national Conference on Computer Vision and Pattern
Recognition (CVPR’14), pp. 1725–1732, Columbus, OH,
USA, June 2014.

[25] L. C. Chen, G. Papandreou, L. Kokkinos, K. Murphy, and A. L.
Yuille, “Semantic image segmentation with deep convolutional
nets and fully connected CRFs,” 2014, http://arxiv.org/abs/
1412.7062.

[26] J. Lafferty, A. McCallum, and F. Pereira, “Conditional random
fields: probabilistic models for segmenting and labeling
sequence data,” in Proceedings of the 18th International

11Journal of Healthcare Engineering

http://arxiv.org/abs/1603.05959
http://arxiv.org/abs/1603.05959
http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1409.1556


Conference on Machine Learning (ICML’01), pp. 282–289, San
Francisco, CA, USA, June 2001.

[27] P. Krähenbühl and V. Koltun, “Efficient inference in fully
connected CRFs with Gaussian edge potentials,” in Proceedings
of the 24th International Conference on Advances in Neural
Information Processing Systems (NIPS’11), Granada, Spain,
December 2011.

[28] A. Vedaldi and K. Lenc, “MatConvNet: convolutional neural
networks for MATLAB,” 2014, http://arxiv.org/abs/1412.4564.

[29] K. He, X. Zhang, S. Ren, and J. Sun, “Delving deep into recti-
fiers: surpassing human-level performance on ImageNet clas-
sification,” in Proceedings of the 33rd IEEE International
Conference on Computer Vision and Pattern Recognition
(CVPR’15), pp. 1026–1034, Boston, MA, USA, June 2015.

[30] L. R. Dice, “Measures of the amount of ecologic association
between species,” Ecology, vol. 26, no. 3, pp. 297–302, 1945.

[31] M.D.Zeiler andR.Fergus, “Visualizingandunderstandingcon-
volutional networks,” 2013, http://arxiv.org/abs/1311.2901.

12 Journal of Healthcare Engineering

http://arxiv.org/abs/1412.4564
http://arxiv.org/abs/1311.2901


Research Article
A Real-Time Analysis Method for Pulse Rate Variability Based on
Improved Basic Scale Entropy

Yongxin Chou,1 Ruilei Zhang,1 Yufeng Feng,2 Mingli Lu,1 Zhenli Lu,1,3 and Benlian Xu1

1School of Electrical and Automatic Engineering, Changshu Institute of Technology, Changshu 215500, China
2Changshu No. 1 People’s Hospital, Changshu, China
3State Key Laboratory of Robotics, Shenyang Institute of Automation, Chinese Academy of Sciences, Shenyang 110014, China

Correspondence should be addressed to Yongxin Chou; lutchouyx@163.com

Received 17 November 2016; Revised 18 February 2017; Accepted 7 March 2017; Published 9 May 2017

Academic Editor: Valentina Camomilla

Copyright © 2017 Yongxin Chou et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Base scale entropy analysis (BSEA) is a nonlinear method to analyze heart rate variability (HRV) signal. However, the time
consumption of BSEA is too long, and it is unknown whether the BSEA is suitable for analyzing pulse rate variability (PRV)
signal. Therefore, we proposed a method named sliding window iterative base scale entropy analysis (SWIBSEA) by combining
BSEA and sliding window iterative theory. The blood pressure signals of healthy young and old subjects are chosen from the
authoritative international database MIT/PhysioNet/Fantasia to generate PRV signals as the experimental data. Then, the BSEA
and the SWIBSEA are used to analyze the experimental data; the results show that the SWIBSEA reduces the time consumption
and the buffer cache space while it gets the same entropy as BSEA. Meanwhile, the changes of base scale entropy (BSE) for
healthy young and old subjects are the same as that of HRV signal. Therefore, the SWIBSEA can be used for deriving some
information from long-term and short-term PRV signals in real time, which has the potential for dynamic PRV signal analysis
in some portable and wearable medical devices.

1. Introduction

Electrocardiogram (ECG) signal has been used for many
diseases to assist in diagnosis in a clinic. The subtle changes
of heart beat periods are called heart rate variability (HRV).
The continuous heart rate or continuous RR wave intervals
extracted from ECG signal are denoted as heart rate variabil-
ity (HRV) signal [1]. An increasing number of studies have
shown that HRV is a useful quantitative indicator for asses-
sing the balance between the cardiac sympathetic nervous
system and the parasympathetic nervous system and can be
engaged in the diagnosis and prevention of some cardiovas-
cular diseases such as sudden cardiac death and arrhythmia
[2–4]. Pulse signal or continuous blood pressure signal
generated by the systolic and diastolic of heart contains
abundant physiological and pathological information of the
cardiovascular system [5, 6]. The subtle change of vessel
pulse periods is denoted as pulse rate variability (PRV). The
continuous pulse rate or continuous PP wave intervals
extracted from pulse signal or continuous blood pressure

signal are defined as PRV signal [7]. Because a heartbeat
produces a vessel pulse, many studies show that PRV is a sub-
stitute for HRV to present the physiological and pathological
changes of the cardiovascular system when the subjects are
sleeping or testing, as well as in some nonstationary states
[8–10]. In addition, due to the wide distribution of human
vessels, the acquisition of a pulse signal is easier than that
of an ECG signal. Therefore, the pulse signal is employed in
many wearable and portable medical devices such as smart
watches, wristbands, and smart glasses but not ECG signal
[11, 12], and PRV signal has more practical values than
HRV signal.

Because PRV signal has similar characteristics with HRV
signal, the analysis methods of HRV signal are often
employed to analyze PRV signal. These methods are divided
into time domain methods, frequency domain methods,
time-frequency domain methods, and nonlinear methods
[13]. HRV signal and PRV signal generated by heartbeat
are neither stochastic nor periodic; they are the results of
many independent factors and have nonlinear properties.
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Thus, the nonlinear methods are more useful for analyzing
HRV signal and PRV signal, and there are many nonlinear
methods such as recurrence quantification analysis,
detrended fluctuation analysis, the Lyapunov exponent, and
information entropy analysis [14, 15]. Among them, the
information entropy analysis is an effective tool to present
the complexity of the nonlinear signal. The sample entropy
(SampEn), the approximate entropy (ApEn), the sign series
entropy analysis (SSEA), the base scale entropy analysis
(BSEA), and so on are been used for analyzing HRV signal
[13, 16–18]. However, because of the long time consumption
of these methods, they are not suitable for the PRV signal in
real time. The BSEA, proposed by Li and Ning, can effectively
detect the complexity dissimilarity of short-term HRV signal
(about 5 minutes) in different physiological or pathological
states [17], while it is unknown whether the BSEA is suitable
for analyzing pulse rate variability (PRV) signal, so far. In
addition, the 5 minutes of HRV signal analysis is too long
for some acute cardiovascular disease (ACVD), and its time
consumption still needs to be improved.

Therefore, this study proposed an improved basic scale
entropy on the basis of BSEA with the theory of sliding win-
dow iterative; we denote it as sliding window iterative basic
scale entropy analysis (SWIBSEA). The BSEA and SWIBSEA
are engaged in analyzing the measured PRV signals, and by
the results of the experiments, the accuracy and time con-
sumption are compared between BSEA and SWIBSEA. In
addition, the structure of this paper is as follows: in Section
2, the theories of BSEA and SWIBSEA are presented and then
the experimental data are introduced. The results are shown
in Section 3. Then, the results are discussed in Section 4. The
conclusion is given in the last section.

2. Methods and Materials

2.1. Basic Scale Entropy Analysis. The process of BSEA is as
follows [16]: (1) a series of vectors are constructed from
PRV signal, and for each vector, we compute their basic scale
(BS). (2) The vectors are symbolized and classified according
to BS, each of these categories is a heart or pulse beat mode.
(3) Computing the probability of each beat mode, and getting
entropy of their probabilities, the entropy is denoted as BSE.

For a PRV signal with the length of N , PP
PP i 1 ≤ i ≤N , i ∈N∗ , the m consecutive data points are
used to construct a vector:

X i = PP i , PP i +1 ,…, PP i +m− 1 1

Thus, we will get N −m+1 vectors which are denoted as
temporal sequence vectors (TSVs). m is the length of TSV;
the larger the value ofm, the more complex of the beat mode
that TSV expresses. For each TSV, the BS is defined by the
root mean square (RMS) of the difference for two adjacent
data points:

BS i =
〠m−1

j=1 PP i + j − PP i + j − 1 2

m− 1
, 2

where BS i is the BS of the ith TSV.

Then, the BS is multiplied by a constant α; the
result is as the standard for the vector symbolization.
The N −m+1 ×mTSVs X i are symbolized, and the
results are named symbol sequence vectors (SSVs) and
denoted as Si j , Si j 1 ≤ i ≤N−m +1, 0 ≤ j ≤m−1, i∈
N∗, j ∈N . The symbolization process is as follows:

Si j =

0, μi < PPi j ≤ μi + α × BS i

1, PPi j > μi + α × BS i

2, μi − α × BS i < PPi j ≤ μi
3, PPi j ≤ μi − α × BS i

, 3

where μi is the mean of the ith TSV. PPi j is the (i+ j)th data
points of PP i or is the (j+1)th datum in the ith TSV. The
symbols 0, 1, 2, and 3 are the labels of different scopes for
PRV amplitude and are employed for probability calculation;
their values are of no practical significance. Si j is the
(j+1)th datum in the ith SSV. α is used to control the value
of BS and to adjust the division range of PRV amplitude,
the way to choose the value of α is as [19].

After getting the SSVs, we compute the probability of
each vector. There are 4 symbols, 0, 1, 2, and 3, to express
the vector, so we can get 4m kinds of different SSVs, denoted
by π. Each SSV is a heart or pulse beat mode. Then, we com-
pute the probability of each beat mode in N −m+1 SSVs:

p π =
# t PPG t ,…, PPG t +m− 1 has typeπ

N −m + 1
,

4

where 1 ≤ t ≤ 4, t∈N∗, and # is the number of π. The beat
state with probability 0 is denoted as “disabled mode.”

Therefore, we define BSE as

BSE m = −〠p π log2p π 5

The BSE can be used to describe the change of heartbeat
mode. Obviously, 0 ≤ BSE m ≤ log24m. When there is only
one pulsemode, BSE m = 0.When there are 4m pulsemodes,
and each mode has equal probability, BSE m = log24m is the
maximum.The larger the entropyvalue, themore complicated
the heartbeatmode, whereas the smaller the entropy value, the
simpler the heartbeat mode.

2.2. Sliding Window Iterative Basic Scale Entropy Analysis.
We improve the BSEA with the theory of sliding window
iterative, and define the improved method as sliding window
iterative base scale entropy analysis. The process is shown in
Figure 1.

In Figure 1, a data buffer with the length of Nw is set to
store PRV data points which are extracted from dynamic
pulse signal. The process of SWIBSEA contains data updat-
ing and iterative. The PRV datum will be updated by the
sliding window theory, and the BSE will be calculated with
the iterative theory.

During data updating, we set 1 byte in buffer to store the
latest PRV datum and denote it as PP Nw+1 . Then, we
delete the oldest PRV datum PP 1 , and the data in higher
addresses move to lower addresses, PP i = PP i+1 . If we
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image the PRV signal as fixed, the buffer is like sliding
forward in the data. This is the process of sliding window.

During iterative, the data in PP 1 and PP Nw is only
changed in data updating, so it is only needed to compute
the entropy of SSVs corresponding to PP 1 and PP Nw ,
and then we will get the new BSE of all PRV data in buffer.

2.2.1. Construct the Temporal Sequence Vectors. According to
the theory of BSEA, we need to reconstruct the PRV data
with the length of Nw to Nw−m+1 ×m TSVs. In the pro-
cess of updating data, only the data in PP Nw+1 and
PP 1 are changed; thus, for speeding up the calculation,
we only construct the TSVs corresponding to them.

X 1 = PP 1 , PP 2 ,…, PP m , 6

X Nw −m+2 = PP Nw −m+2 ,

PP Nw −m+3 ,…, PP Nw+1 ,

7

where X 1 is the TSV of PP 1 , X Nw −m + 2 is the TSV of
PP Nw + 1 .

2.2.2. The Symbolization of Temporal Sequence Vectors
X Nw −m +2 and X 1 . For X 1 computation, by (3),

S1 j =

0, μ1 < PP j ≤ μ1 + α × BS1
1, PP j > μ1 + α × BS1
2, μ1 − α × BS1 < PP j ≤ μ1
3, PP j ≤ μ1 − α × BS1

, 8

where μ1 is the mean of X 1 . BS1 is the base scale of
X 1 , by (2):

BS1 =
〠m−1

j=1 PP j + 1 − PP j 2

m− 1
9

Similarly, X Nw−m+2 is symbolized and denoted as
SNw−m+2 j , j = 1,…,m− 1.

2.2.3. Encode the Symbol Sequence Vector. During the data
updating, only the numbers of S1 j and SNw−m+2 j are
changed; thus we only need to update their numbers. More-
over, for speeding up the calculation, we encode S1 j and
SNw−m+2 j to generate their storage addresses. If we denote

the addresses as h and k (as is shown in Figure 1), then

h = 〠
m

j=1
S1 j × 4m−j 10

and

Data bu�er

Moving

�e latest PRV
datum

Out
PP(1) PP(m) PP(Nw − m + 2) PP(Nw + 1)PP(Nw)

Signifying Signifying

S1(1) S1(m)

Encoding Encoding

SNw−m+2(1) SNw−m+2(m)

 −1  +1

n(1) n(2) n(h) n(k) n(4m)

ph,k = nh,k/(Nw − m + 1)

−Σph,klog2ph,k

BSE

…

… …

…

…… …

… … …

Figure 1: The process of SWIBSEA.
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k = 〠
m

j=1
SNw−m+2 j × 4m−j 11

2.2.4. Entropy Calculation with Iterative Theory. We update
the PRV data in buffer by sliding window theory; when get-
ting a new PRV datum, the oldest PRV datum should be
deleted. Thus, when computing entropy, we should just
subtract the entropy of S1 j and add the entropy of
SNw−m+2 j from the entropy before data updating. Mean-
while, the intermediate variables are also need update by
iterative after each data updating.

As shown in Figure 1, we denote the numbers of S1 j
and SNw−m+2 j as n′ h , n′ k and n h , n k , the probabil-

ities of S1 j and SNw−m+2 j as p′ h , p′ k and
p h , p k , and the entropies of S1 j and SNw−m+2 j as

BSE′ m and BSE m before and after updating PRV data,
respectively. After data updating, n h should subtract 1 and
n k should add 1. Then, n h = n′ h − 1, n k = n′ k + 1.
The initial value of BSE′ m = 0. In the iterative process
of computing entropy, the antilogarithm of logarithm
must be over 0; according to the changes of n′ h , n′ k ,
n h , and n k , there are four kinds of iterative methods
to computing BSE as follows:

(1) n h > 0, n k > 1, which means the beat modes that
S1 j and SNw−m+2 j expressed all exist. Thus, during
computing BSE, the antilogarithm of logarithm will be over
0. By (5),

BSE′ m = − 〠
M

i=1
p′ i log2 p′ i

= − p′ 1 log2 p′ 1 ⋯− p′ h log2 p′ h ⋯

− p′ k log2 p′ k ⋯− p′ M log2 p′ M
= − p′ h log2 p′ h ⋯− p′ 1 log2 p′ 1 ⋯

− p′ M log2 p′ M ⋯− p′ k log2 p′ k ,

12

BSE m = − 〠
M

i=1
p i log2 p i

= − p 1 log2 p 1 ⋯− p h log2 p h ⋯
− p k log2 p k ⋯− p M log2 p M

= − p h log2 p h ⋯− p 1 log2 p 1 ⋯
− p M log2 p M ⋯− p k log2 p k ,

13

where M = 4m.
Because only the modes of S1 j and SNw−m+2 j are

changed, thus, −p 1 log2p 1 = − p′ 1 log2p′ 1 ,…, − p M
log2p M = − p′ M log2p′ M . With (12) and (13),

BSE m = BSE′ m − p h log2 p h − p k log2 p k

+ p′ h log2 p′ h + p′ k log2 p′ k
14

Simplify (14):

BSE m = BSE′ m −
n h

Nw −m + 1
log2

n h
Nw −m + 1

−
n k

Nw −m + 1
log2

n k
Nw −m + 1

+
n′ h

Nw −m + 1
log2

n′ h
Nw −m + 1

+
n′ k

Nw −m + 1
log2

n′ k
Nw −m + 1

= BS′ m −
n h

Nw −m + 1
log2

n h
Nw −m + 1

−
n k

Nw −m + 1
log2

n k
Nw −m + 1

+
n h + 1

Nw −m + 1
log2

n h + 1
Nw −m + 1

+
n k − 1

Nw −m + 1
log2

n k − 1
Nw −m + 1

= BS′ m +
n h

Nw −m + 1
log2 1 +

1
n h

+
1

Nw −m + 1
log2

n h + 1
n k − 1

+ n k
Nw −m + 1

log2 1− 1
n k

15

Note that when the beat mode of S1 j is the same
as that of SNw−m+2 j before and after data updating,
the number of the beat mode that S1 j expressed
should subtract 1: n h = n′ h − 1, and the number of
the beat mode that SNw−m+2 j expressed should add 1:

n k = n′ k +1 = n h +1 = n′ h . Then, (14) is

BSE m = BSE′ m + n h + 1
Nw −m + 1

log2
n h + 1

Nw −m + 1

+
n h

Nw −m + 1
log2

n h
Nw −m + 1

−
n h

Nw −m + 1
log2

n h
Nw −m + 1

−
n h + 1

Nw −m + 1
log2

n h + 1
Nw −m + 1

= BSE′ m

16

That means the entropy is not changed when data updat-
ing. Because the beat modes of S1 j and SNw−m+2 j are
the same, the total number of beat modes remains
unchanged.

(2) n h = 0, n k > 1, which means the beat mode
S1 j disappeared after data updating, and n′ h = 1,

p h = 0, p′ h = 1/ Nw −m+1 . By (14),
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BSE m = BSE′ m +
1

Nw −m + 1
log2

1
Nw −m + 1

+
n k − 1

Nw −m + 1
log2

n k − 1
Nw −m + 1

−
n k

Nw −m + 1
log2

n k
Nw −m + 1

= BSE′ m +
n k

Nw −m + 1
log2 1−

1
n k

−
1

Nw −m + 1
log2 n k − 1

17

(3) n h > 0, n k = 1, which means the beat mode of
SNw−m+2 j appeared the first time after data updating,

and n′ h = n h +1, n k = 1, n′ k = 0, p′ k = 0, p k = 1/
Nw−m+1 . By (14),

BSE m = BSE′ m +
n h + 1

Nw −m + 1
log2

n h + 1
Nw −m + 1

−
n h

Nw −m + 1
log2

n h
Nw −m + 1

−
1

Nw −m + 1
log2

1
Nw −m + 1

= BSE′ m +
n h

Nw −m + 1
log2 1 +

1
n h

+
1

Nw −m + 1
log2 n h + 1

18

(4) n h = 0, n k = 1, which means the beat mode of
S1 j disappeared, the beat mode of SNw−m+2 j appeared
the first time after updating data, and the total number
of beat modes is unchanged. Then, n′ h = 1, n′ k = 0,
p′ k = p h = 0, p′ h = p k = 1/ Nw−m+1 . By (14),

BSE m = BSE′ m +
1

Nw −m + 1
log2

1
Nw −m + 1

−
1

Nw −m + 1
log2

1
Nw −m + 1

= BSE′ m

19

By (15), (16), (17), (18), and (19), we will obtain the BSE
of PRV signal based on sliding window and iterative theory.

2.3. Experimental Data. The experimental data we used are
from the international authority of the database: PhysioNet/
Fantasia [20]. In this database, there are 40 health subjects
which have the same proportion of men and women, 20 of
them are the elderly (65–85 years old, data name:
f2o01m~f2o20m), the remaining subjects are the young
(21–34 years old, data name: f2y01m~f2y20m). The ECG
signal, continuous blood pressure signal, and respiration
signal are recorded when the subjects under rest and watch-
ing the Fantasia movies to keep awake. However, only half
of the subjects’ blood pressure signals are recorded (data

name: f2y01m-f2y10m, f2o01m-f2o10m). The data sampling
frequency is 250Hz, and the duration is 66 minutes.

The experimental data we used are the continuous blood
pressure signals. Compared with the ECG signal, the blood
pressure signal is uncalibrated. Therefore, the dynamic
difference threshold method is used to calibrate the P waves
[21], and the accuracy of the calibration is determined
manually. Then, by making a first-order difference for the
locations of the calibrated P waves, we will obtain a set of
continuous PP intervals, which is PRV signal.

In reality, there are some singularities in PRV signal that
have a bad effect on the signal processing results. A pretreat-
ment method is employed to delete the singularities from
these short-term PRV signals. The steps are as follows [22]:

Step 1. For the first datum PP 1 of PRV signal, if

PP 1 −mean PP > 1 5 × std PP , 20

then PP 1 is a singularity and thus deleted. In (20),
mean PP , std PP are the mean and the standard deviation
of a short-term PRV signal, respectively.

Step 2. For the ith datum PP i of PRV signal, if

PP i > 1 3 × PP i− 1 or
PP i < 0 7 × PP i− 1 ,

21

then PP i is singular and deleted, where PP i− 1 is the
datum before PP i .

3. Experimental Results

For simulating the process of PRV analysis in microcontrol-
ler system, the length of buffer is set to Nw, which is the
length of sliding window. In this study, the sliding window
theory is used to data updating. When obtaining a new
PRV datum, the data in buffer are analyzed with BSEA and
SWIBSEA, and the performance of the two methods are
compared.

The experimental data are continuous blood pressure sig-
nals that are used to generate PRV signals; the results of a
young subject and an old subject are selected randomly and
shown in Figure 2. With the individual differences in heart
rate, the length of two PRV signals are different. For 66
minutes of data, the young one is 2793 points corresponding
to the mean pulse rate is 56.1 beat per minute (bpm) and the
old one is 4849 points corresponding to the mean pulse rate
is 73.8 bpm.

In this study, the performance of SSEA and SWISSEA are
quantitatively evaluated by mean square error (MSE) and
program running time.

The MSE is defined as

MSE = 1
L

〠
L

i=1
BSE i −SWIBSE i

2

, 22

where L is the length of entropy, BSE i is the BSE extracted
by BSEA, and SWIBSE i is the BSE extracted by SWIBSEA.
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For the program running time, we test the programs of
SSEA and SWISSEA in MATLAB 2016a on a PC with i7-
6700HQ CPU (2.60GHz, 16GB buffered RAM).

3.1. Comparison of BSEA and SWIBSEA. The BSEA and the
SWIBSEA are used to compute the entropy of the PRV
signals in Figure 2. The results are shown in Figure 3.

When the total number of PRV data points in buffer is
less than window width,N <Nw, for BSEA, the BSE=0 based
on its theory; for SWIBSEA, this is the initial process, and we
compute the entropy by iterative, and the value increases
with N . When Nw ≥N , the BSEA updates PRV data by
sliding window and calculates BSE, while the SWIBSEA
computes BSE by sliding window iteration; their entropies
are shown in Figure 2. From the figure, it can be seen that
their values are the same and their MSE=0. The BSE of the
young subject is 3.784± 0.050 (mean± std), and the old sub-
ject is 4.056± 0.053, except for the entropy of the initial stage.

The time consumption of BSEA and SWIBSEA are
0.132 s and 4.769 s for the young subject and 0.192 s and
8.438 s for the old subject, respectively. For the two 66
minutes PRV signals, the time BSEA cost are 36 times and
44 times for SWIBSEA, respectively. Although the blood
pressure signals of the old and the young subjects have the
same length, but because of the individual differences, their
pulse rates are different, and the PRV signal lengths are

different. Thus, the time consumptions of the young and
the old are difference. While compared with BSEA, SWIB-
SEA saves a lot of running time in computing BSE and keeps
its values unchanged.

3.2. Comparison of BSEA and SWIBSEA under the Different
Lengths of SSV. According to the process of BSEA and
SWIBSEA, the length m of the SSV has great influence on
the running time of their program. The longer the length is,
the more the heartbeat modes are represented by the SSVs.
Therefore, keeping the width of sliding window and α
unchanged (here, they are assigned to 300 and 0.5, respec-
tively), we increase the value of m from 2 to 10, and the time
consumption of these two methods for a young subject and
an old subject are as shown in Figures 4 and 5.

Figure 4 shows the time consumption of the two method
for the 66 minutes PRV signal of a young subject; Figure 4(a)
is comparison of two method, and Figure 4(b) is the time
consumption of SWIBSEA. When m increases from 2 to 10,
the time they cost are all increased. The time consumption
of SWIBSEA are from 0.182 s to 0.218 s, and that of BSEA
are 42, 45, 45, 46, 50, 51, 62, 134, and 426 times for SWIB-
SEA. The growth rate of BSEA is 85.317 s, while that of
SWIBSEA is only 0.036 s.

Figure 5 is the time consumption of an old subject.
When m increases from 2 to 10, the time consumption of
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Figure 2: The PRV signal of a young subject (a) and an old subject (b).
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Figure 3: The comparison of BSEA and SWIBSEA for a young subject (a) and an old subject (b), when α = 0 5, Nw = 300, and m = 3.
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SWIBSEA are from 0.115 s to 0.137 s, and that of BSEA are
40, 42, 42, 44, 46, 49, 60, 126, and 388 times for SWIBSEA.
The growth rate of BSEA is 48.524 s, while that of SWIBSE
is only 0.022 s. Although the time consumption of the two
methods are all increased, but the increase of SWIBSEA is
far less than that of BSEA, SWIBSEA will save much more
running time of a program.

The variation of m will cause some changes of the SSVs
in the window, which inevitably causes the change of the
BSE value. As is shown in Figure 6, when m increases from
2 to 10, the entropies of young subjects and old subjects
are increased. There are significant differences between
BSEA and SWIBSEA (P < 0 001, two-sample t-test), and
the increase of m does not affect the difference between the
young and the elderly.

3.3. Comparison of BSEA and SWIBSEA under Different Nw,s.
ThewidthNw of slidingwindow is corresponding to the length
of buffer in a microcontroller system, and the range of Nw is
varied from several minutes PRV data points (short-term

PRV signal) to several hours data points (long-term PRV sig-
nal), or even to 24 hours PRV data points. The short-term
PRV signal is used to derive some changes in the autonomic
nervous system within a short time, and the long-term PRV
signal is used to reflect the long time and slow changes of the
autonomic nervous system. They have potential to apply in
a clinic. However, with the increase of Nw, the time con-
sumption will increase inevitably. The results are shown in
Figures 7 and 8. The values of m and α are chosen randomly;
here, m = 3, α = 0 5. Then, the Nw increases from 100 to
1000 data points with the interval of 100. For the PRV signal
of the young subject (in Figure 7), the time SWIBSEA used
are from 0.1301 s to 0.1093 s, respectively. The time BSEA
used are 15, 30, 42, 56, 67, 80, 93, 104, 112, and 121 times for
SWIBSEA. For the PRV signal of the old subject (in
Figure 8), the time SWIBSEA used are from 0.199 s to 0.185 s,
respectively. The time BSEA used are 17, 33, 49, 63, 79, 93,
110, 124, 138, and 153 times for SWIBSEA. The increase of
BSEA from Nw = 100 to Nw = 1000 are 25.188 s, but that of
SWIBSEA decreases and the decrease is only 0.014 s. Because
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the SWIBSEA computes entropy with iterative and only
updates the related variables of PP 1 and PP Nw , the BSEA
needs to update all the variables in sliding window.

The change ofNw will have influence on BSE, as is shown
in Figure 9. WhenNw increases from 100 to 1000 data points,
the difference of BSE between the young subject and the old
subject are more and more larger.

4. Discussion

BSEA, as a nonlinear method, has been employed to
HRV signal analysis. Li and Ning [17] used BSEA to
analyze the short-term HRV (500 data points) extracted
from ECG signals of the PhysioNet/fantasia. When
m = 4,Nw = 500, and α = 0 2, the results of BSEA show that
the entropy increases with aging. The entropies are tested by
two-sample t-test and P < 0 05. If the BSE of healthy young
subjects represent the best physiological state of the human
body, the BSE of healthy old subjects deviated from that of
the old subjects, which indicates that normal aging can lead
to some function degradation of the body’s control system.
We use SWIBSEA to analyze the HRV signals in [17] and get
the sameresults as [17]. Similar to theHRVsignal, thePRVsig-
nal is also generated from heartbeat. When m = 4, Nw = 500,
and α = 0 2, the BSE of PRV signals are shown in Figure 10,
and the entropies in the figure are the mean of BSE which are
derived by SWIBSEA. The two-sample t-test of P = 0 008
and <0.05. We do the linear fitting of the entropies by aging,

as shown on the solid line, the entropies increase with aging,
the same as the result of short-term HRV signals analysis.

BSE has been effectively used for HRV signals analysis. In
this study, on the basis of BSEA and with the theory of sliding
window iterative, we proposed SWIBSEA for improving the
computing efficiency of BSEA. Different from BSEA, it is
not necessary to process all the data in buffer after date
updating with sliding window for SWIBSEA. For example,
when the buffer cache is 1024 bytes,m = 5. For BSEA, it needs
more than 8169 bytes of memory space to store interme-
diate variables, that is, Nw = 1024 bytes for storing PRV
data, Nw−m+1 = 1024− 5+1 = 1020 bytes for storing
BS i , Nw−m+1 ×m = 1024− 5+1 × 5 = 5100 bytes

for storing SSVs, 4m=1024 bytes for storing the number
of different SSVs, and 1 byte for storing BSE. Meanwhile,
it also needsNw−1 = 1023 times shifting operations to update
data; Nw−m+1 = 1024− 5+1 = 1020 times RMS operations
to compute BS; 1020 times loops and Nw −m + 1 ×
m × 4 = 1024− 5+1 × 5 × 4 = 20400 times comparison
operations to construct SSVs; Nw ×m = 1024 × 5 = 5120
times comparison operations to updating n j ; 1024 times
multiplications for computing p j ; 1024 times multiplica-
tions, 1024 times logarithms, and 1023 times additions for
getting BSE. However, For SWIBSEA, it only needs 2061
bytes, that is, 1024 bytes for buffering PRV data, 2 bytes for
storing BS1 and BSNw−m+2, 2∗m = 10 bytes for storing
S1 j and SNw−m+2 j , 4m=1024 bytes for storing
n j , and 1 byte for storing BSE. Meanwhile, it needs

1023 times shifting operations to update PRV signal, and 2
times RMS operations to compute BS1 and BSNw−m+2,
m∗4∗2 = 40 times comparison operations to compute
S1 j and SNw−m+2 j , at most 9 times multiplications, 3

times logarithms, and 6 times additions to compute BSE
(sometimes, it does not need to update the BSE). Since the
storing addresses of n j are generated by encoding, no
loops and comparison operations are required when update
n j . Compared with BSEA, the SWIBSEA saves 6108 bytes

buffer space. In addition, the slidingwindow iterative theory is
usedby theSWIBSEA, thus, its time consumptionare reduced,
and it can be engaged in PRV signal analysis in real time.

Moreover, the proposed method significantly reduces the
time consumption and buffer cache, and can be used for both
short-term and long-term PRV signals (in Section 3.3) by
adjusting the width of the sliding window. The length of
PRV signal only determines the initialization time; after the
initialization, the BSE can be calculated by iterative, and the
time consumption between the short-term PRV signal and
the long-term PRV signal has not significantly increased.

5. Conclusion

In this study, the sliding window iterative theory is used to
improve the BSEA, and the SWIBSEA is proposed and
employed to analyze the data of healthy young and old sub-
jects from MIT/PhysioNet/Fantasia database. The results
show that compared with BSEA, the SWIBSEA reduces the
computing time and saves the buffer cache while keeping
the BSE unchanged. Meanwhile, by adjusting the width of
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sliding window, the SWIBSEA can analyze the long-term and
short-term PRV signals in real time. The experimental results
show that the BSE increases with aging, and normal aging
leads to some functions degradation of the control system.
Therefore, the SWIBSEA could be employed in some wear-
able and portable devices for analyzing dynamic PRV signal
in real time.
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Heartbeat classification is a crucial step for arrhythmia diagnosis during electrocardiographic (ECG) analysis. The new scenario of
wireless body sensor network- (WBSN-) enabled ECG monitoring puts forward a higher-level demand for this traditional ECG
analysis task. Previously reported methods mainly addressed this requirement with the applications of a shallow structured
classifier and expert-designed features. In this study, modified frequency slice wavelet transform (MFSWT) was firstly employed
to produce the time-frequency image for heartbeat signal. Then the deep learning (DL) method was performed for the heartbeat
classification. Here, we proposed a novel model incorporating automatic feature abstraction and a deep neural network (DNN)
classifier. Features were automatically abstracted by the stacked denoising auto-encoder (SDA) from the transferred time-
frequency image. DNN classifier was constructed by an encoder layer of SDA and a softmax layer. In addition, a deterministic
patient-specific heartbeat classifier was achieved by fine-tuning on heartbeat samples, which included a small subset of
individual samples. The performance of the proposed model was evaluated on the MIT-BIH arrhythmia database. Results
showed that an overall accuracy of 97.5% was achieved using the proposed model, confirming that the proposed DNN model is
a powerful tool for heartbeat pattern recognition.

1. Introduction

Cardiovascular diseases (CVDs) remain the leading cause
of noncommunicable deaths worldwide. According to the
latest World Health Organization (WHO) report, about
17.5 million people died from CVDs in 2012, accounting
for 30% of all global deaths. The incidence of CVD deaths
is predicted to rise to 23 million by 2030 [1]. Furthermore,
the costs for CVD-related treatment including medication
are substantial. The CVD-related cost in the low- and
middle-income countries over the period 2011–2025 is
estimated approximately 3.8 trillion U.S. dollars [2]. Many
of these deaths and associated economic losses can be
avoided by early detection and monitoring of patients’ car-
diac function. Electrocardiogram (ECG) is the standard and
most efficient tool for CVD diagnosis [3], which captures
the electrical activity of the heart from a human body surface,
providing important information on cardiac functional
abnormalities. The recent introduction of technology for

the wireless body sensor network- (WBSN-) enabled ECG
has attracted the attention of both industry and academic
researchers. WBSN-enabled ECG biosensors are seamlessly
integrated into wearable fabric vest and can provide real-
time continuous 7/24 monitoring and cardiac arrhythmia
detection [4, 5]. This wearable WBSN-enabled ECG has the
essential need for more efficient and robust data analysis
methods for long monitoring of individual patients to ensure
timely medical treatment or intervention. However, there
are still some challenges in WBSN-enabled ECG signal
analysis, particularly for the automatic detection of life-
threatening arrhythmias [6].

Traditional methods exited risk of improper manual
feature selection and limiting complex classification ability.
There have been several reports on heartbeat classifica-
tion [7–14]. Ince et al. [7] proposed an artificial neural
network- (ANN-) based automated heartbeat classification
model with morphological wavelet transform features, which
achieved highly accurate heartbeat classification. Jiang and
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Kong [8] used a block-based neural network model with
Hermite transform coefficients and the selected temporal
features for personalized ECG signal classification. Ye
et al. [9] used morphological features and RR interval infor-
mation in a support vector machine classifier for heartbeat
classification. Alvarado et al. [10] proposed a novel compres-
sion sampler for feature extraction of ECG beats and then
utilized linear discriminant analysis (LDA) for their classifi-
cation. Chazal and Reilly [11] also used LDA as a classifier of
differential temporal features including heartbeat morphol-
ogy, heartbeat intervals, and R-R intervals. There are more
studies on feature and classifier model [12–14]. Typically,
the traditional classification models contain two layers at
most, restricting their ability for complex classification
tasks. Meanwhile, most of these models need manually
designed features. Even the best classifier model will yield
poor performance if important features are not selected.
Additionally, most reported works focus on establishing
common interpatient models for heartbeat classification.
These methods were not using samples from the same
patient for model training and testing [14]. However,
WBSN-enabled ECG monitoring emphasized personalized
heart status care; relatively common and patient-specific
samples will help training a good performance model in
individual heartbeat classification [15, 16]. Patient-specific
method is more suitable in a WBSN-enabled ECG moni-
toring scenario.

Deep learning (DL) is an ideal and potential approach for
the heartbeat classification of WBSN-enabled ECG, which
can further improve classification performance. As a new
research area of machine learning, DL has progressed rapidly
since 2006 [17–19]. DL is based on algorithms for learning
multiple levels of representation for the modeling complex
relationship between data sets. Specifically, it is recognized
as an effective method of abstracting hierarchical represen-
tation from unlabeled data; since higher-level features are
defined by lower-level ones, the hierarchical feature repre-
sentation of DL is referred to as “deep architecture” [20].
DL models by virtue of their multiple levels and nonlinear
information processing provide much more efficient repre-
sentations of complex functions, resulting in improved
performance compared to shallow models [21]. Several
studies have confirmed that deep architectural models
exhibit excellent performance beating the existing tradi-
tional methods in challenge classification tasks [15, 22, 23].
However, there are still some aspects that need to be further
studied when DL methods are used in traditional ECG
analysis, such as the parameter of layers, size of neurons,
and use of tanning samples.

Motivated by these challenges, we proposed a patient-
specific heartbeat classification framework using time-
frequency representation and a DL architectural model.
Considering time-frequency technology is a powerful tool
for characterizing the biosignals [24], and some of DL frame-
works, such as stacked auto-encoder, convolutional neural
networks (CNNs), anddeepbelief nets (DBNs) [22, 23, 25, 26],
can be used to analyze ECG signal, while heartbeat time-
frequency spectrograms are seen as images. A modified
frequency slice wavelet transform (MFSWT) was used to

generate time-frequency representation of the heartbeat
signal. Stacked denoising auto-encoder (SDA) model was
chosen as the DL architectural model in our works. A SDA
was pretrained by unlabeled MFSWT time-frequency
spectrograms. Subsequently, a deep neural network (DNN)
model was initialized by weights and bases of the trained
SDA and was followed by two levels of fine-tuning. Particu-
larly, after the second fine-tuning stage by using individual
annotated heartbeat samples, the patient-specific DNN
classifier was obtained. Validation of the proposed heart-
beat classification method was performed on MIT-BIH
arrhythmia database.

2. Data Description

MIT-BIH arrhythmia database [27] was selected as the
data source, which is the most commonly used database
for research in ECG signal processing. It consists of 48
annotated, 30min ambulatory ECG records from 2 leads
(II and modified V1, V2, V3, V4, or V5 leads) obtained
from 47 subjects and sampled at 360Hz per channel. Since
lead II ECG is commonly used in ambulatory or WBSN-
based ECG applications, these channel data were used in
the current study.

The five heartbeat classes defined in the American
National Standards Institute (ANSI) for the Advancement
of Medical Instrumentation (AAMI) standard (IEC 60601-
2-47:2012) [28] are (i) normal beat (N), (ii) supraventricular
ectopic beat (SVEB or S), (iii) ventricular ectopic beat
(VEB or V), (iv) fusion beat (F), and (v) paced beats or
unknown beat Q. However, according to the annotation
file from PhysioNet (http://www.physionet.org/), there are
15 beat types in MIT-BIH database. Table 1 shows the group
method for mapping the MIT-BIH heartbeat classes into
AAMI classes.

ANSI/AAMI EC57:2012 recommends exclusion of re-
cords containing paced beat records (numbers 102, 104,
107, and 217) for classifiers’ evaluation. The number of 33
unclassified beats is less than 0.03% of the whole data
samples, which can lead to model overfitting. Thus, in this
study, Q type includes paced beats and unclassified beats
were excluded. Following these exclusions, the heartbeat
data samples were regrouped into four types (N, S, V,
and F) according to the AAMI standard. Thus, the remaining
44 nonpacemaker records without the unclassified beats were
divided into equal training and testing sets [10]. The training
set consisted of record numbers 101, 106, 108, 109, 112,
114, 115, 116, 118, 119, 122, 124, 201, 203, 205, 207,
208, 209, 215, 220, 223, and 230; and the testing set con-
sisted of record numbers 100, 103, 105, 111, 113, 117, 121,
123, 200, 202, 210, 212, 213, 214, 219, 221, 222, 228, 231,
232, 233, and 234.

The objective of the proposed framework is to classify
heartbeats into N, S, V, and F classes. Clinically, supraven-
tricular ectopic beats (SVEB) and ventricular ectopic beats
(VEB) are two critically abnormal and serious heartbeats,
and the performance of the classifiers also was elevated by
testing S and V heartbeat classification [9, 10, 15].
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3. DL Architectural Model-Based Heartbeat
Classification

The comparison between traditional and proposed heart-
beat classification frameworks is shown in Figure 1. Both
include three steps: preprocessing, feature extraction, and
classification.

The key differences, which distinguish the new frame-
work, are as follows:

(i) The use of MFSWT to generate time-frequency
spectrogram for using deep learning methods

(ii) Adoption of stacked denoising auto-encoder
(SDA) for automatic abstraction of features from
MFSWT spectrogram (instead of human experts),

to avoid the associated risk of improper manual
feature selection

(iii) Integration of data-driven feature extraction and DL
architectural classification into a single learning
framework for improved heartbeat classification.

3.1. Preprocessing of ECG Signal. Preprocessing of ECG
signal includes signal quality assessment (SQA) [29], denois-
ing, QRS detection, heartbeat segmentation, and calculation
of time-frequency spectrogram. Since the present study
concerns the illustration of DL-based model for heartbeat
classification, the SQA step was omitted, except for the
removal of low signal quality heartbeats and their pre- and
after beats from the data set. Power and high-frequency noise

Table 1: Heartbeat classes given by the MIT-BIH database along with the regrouping defined by the AAMI standard [10, 28].

MIT-BIH class MIT-BIH number AAMI groups Number of samples

Normal beat 1

N: beats not found in the classes S, V, F, and Q 90631

Left bundle branch block beat 3

Right bundle branch block beat 2

Atrial escape beats 34

Nodal (junctional) escape beat 11

Atrial premature beats 8

S: supraventricular ectopic beats 2781
Aberrated atrial premature beats 4

Nodal (junctional) premature beats 7

Supraventricular premature beats 9

Premature ventricular contraction 5
V: ventricular ectopic beats 7236

Ventricular escape beat 10

Fusion of ventricular and normal beat 6 F: fusion beats 803

Paced beat 12

Q: paced beats or unclassified beats
8010

Fusion of paced and normal beat 38

Unclassified beat 13 33

MFSWT spectrogram
+

Feature learning:
stacked denoising

auto-encoder (SDA)

Signal quality assessment
Filtering

QRS detection
Heartbeat segmentation

Signal quality assessment
Filtering

QRS detection
Heartbeat segmentation

Temporal, spectral, 
morphological and

statistical features
+

Feature selection:
PCA, Relief, and others

Traditional classifier
(ANN, KNN, HMM,

SVM, etc.)

Deep architectural 
classifier (DNN)

Heartbeat
classes

Heartbeat
classes

Shallow layerExpert designed

Data driven 

(a)

(b)

ClassificationFeature extractionPreprocessingOriginal ECGs

Multilayer

Figure 1: Schematic illustration of two heartbeat classification frameworks: (a) traditional framework and (b) the framework of proposed DL
architectural model with time-frequency representation.
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and baseline drift were eliminated by using twomedian filters
with window sizes of 200ms and 600ms [10] as shown in
Figure 2(a). Although many algorithms are used for QRS

detection [30], the derivative-based algorithm with a charac-
teristic steep slope of the QRS complex was chosen to detect
R-peaks in view of its high accuracy. Figure 2(b) provides
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Figure 2: ECG preprocessing, sample heartbeat waveform from number 201 record lead II, including normal (N), premature
ventricular contraction (PVC), and atrial premature contraction (APC) AAMI heartbeat classes. (a) Baseline drift elimination; (b)
QRS-complex detection; (c) MFSWT spectrogram corresponding to the waveform in (b); (d)~(i) MFSWT spectrograms corresponding
to each segmented heartbeat by 700ms windows in (b). In the absence of other special instructions, all spectrograms were normalized
to [0, 1].
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details of the comparison of the detected R-peaks and the
annotation points where all six R-peaks can be identified.
700ms windows (red boxes in Figure 2), centered at the
detected R-peaks (300ms before and 400ms after), were
used to segment each heartbeat. As shown in Figures 2(b)
and 2(c), the normal, premature ventricular contraction
(PVC), and atrial premature contraction (APC) beats are
segmented, and the corresponding MFSWT spectrograms
were shown in Figures 2(b)~2(i).

3.2. Modified Frequency Slice Wavelet Transform. Frequency
slice wavelet transform (FSWT) is essentially an extension of
the short-time Fourier transform in frequency domain [31].
FSWT achieves good performance in transient vibration
response analysis and damping modal identification [32].
However, low-frequency biosignals are not well represented
by original FSWT due to its defined window size of frequency
slice function (FSF) changes sharply in low-frequency area.
To accurately locate the components of heartbeat signal
in time-frequency plane, “modified frequency slice wavelet
transform (MFSWT)” was proposed. MFSWT follows the
rules of producing time-frequency representation from
the frequency domain but incorporating a set of bound
signal-adaptive FSFs which serve as a set of dynamic fre-
quency filters, which can well represent signal in time-
frequency domain.

Assume that f̂ u is Fourier transform of f t . The
MFSWT is expressed in frequency domain as

Wf t, ω =
1
2π

+∞

−∞
f̂ u p̂∗

u− ω

q f̂ u
eiutdu, 1

where t and ω are observed time and frequency, respectively.
“∗” represents the conjugation operator. p̂ x = e−x

2/2 is
selected as the FSF in (1), and p̂ 0 = 1. The shape of FSF is
like an inverted bell. q is defined as a scale function of f̂ u
and enables the transform with signal-adaptive property.

q = δ + sign ∇ f̂ u , 2

where δ is the frequency which corresponds to the maximum
f̂ u . ∇ ⋅ is differential operators, and sign ⋅ means
signum function, which returns 1 if the input is greater than
zero, 0 if it is zero, or −1 if it is less than zero. According
to (2), q changes slowly with f̂ u and generates FSFs as
a function of f̂ u . As dynamic frequency filters, FSFs
were used to estimate the energy distribution of different
frequency bands. Similar to the scale used for different size
objects in microscopy, narrow window size of FSFs corre-
sponds to the small values of f̂ u and wide window size
of FSFs corresponds to the large values of f̂ u . Due to
the effect of the adaptive FSF, energy of signal components
with large f̂ u can be reinforced in time-frequency spec-
trogram. Taking advantages of the slowly changing FSFs
and energy enhancement of frequency filtering, MFSWT
achieves accurate time-frequency representation of the
heartbeat signal.

FSFs in MFSWT meet p̂ 0 = 1 according to the proof
in [32]. The reversed MFSWT can be expressed by

f t =
1
2π

+∞

−∞

+∞

−∞
Wf τ, ω eiω t−τ dτdω 3

In this study, MFSWT is used as a tool to generate heart-
beat spectrogram for SDA feature extraction. Figure 3 shows
an example. The comparison between the original and the
reconstructed heartbeat signal is shown in Figure 3(a).
Percentage root-mean-square difference (PRD) equal to
zero indicates that signal can be exactly reconstructed by
the reversed MFSWT from the spectrogram. Heartbeat
time-frequency spectrograms of MFSWT, Wigner-Ville
distribution (WVD), continuous wavelet transform (CWT),
and FSWT are shown in Figures 3(b)~3(e), respectively. As
outlined in Figure 3(b), accurate locations of P-, QRS-, and
T-waves and power noise components in time-frequency
spectrogram, which correspond well to the signal in the
time domain, were achieved by using the MFSWT. In
comparison to WVD, CWT, and FSWT, the spectrogram
of MFSWT has better interpretability. Additionally, without
troublesome parameter selection, MFSWT is easier to use
than other methods. The goal of machine learning is to
replace humans for pattern recognition, consideringMFSWT
spectrograms are more readily accepted by clinicians, which
are adopted as time-frequency images for DL classification
in the present work.

3.3. Stacked Denoising Auto-Encoder. Auto-encoder (AE) is
the basic unit of stacked denoising auto-encoder, which
can capture the maximum possible information contained
in a given sample, while minimizing the reconstruction
error rate. A basic encoder is a function that takes an
input V ∈ RdV to a hidden representation h ∈ Rdh , which can
be stated as

h = sAE WV + b , 4

where W is a dV × dh weight matrix, b ∈ Rdh is a bias, and
sAE is a nonlinear logistic sigmoid activation function
s x = 1/ 1 + e−x .

The decoder maps the output of the hidden layer h back
to the reconstruction V̂ by a similar transformation.

V̂ = sDC W′h + b′ , 5

where sDC is also a logistic sigmoid activation function and
Wdh×dV̂

′ and b′ ∈ RdV̂ are two parameters of decoder. Let

W′ =WT be referred to as tied weights.
The parameters of AE are optimized if the average

reconstruction error is minimized, which corresponds to
minimize the following objective function:

O W, b, b′ = 〠
V∈Dn

L V , V̂ , 6
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where L is a reconstruction error. The function of cross-
entropy loss can be used as L if input samples Dn for training
are in [0, 1].

L V , V̂ = −〠
dV

k=1
Vklog V̂k + 1−Vk log 1− V̂k 7

For robust feature extraction, Vincent et al. [26] pro-
posed denoising auto-encoders (DAE). DAE is trained to
reconstruct the input from a corrupted version of the input.
Thus, the model has an antinoise property. The objective
function of DAE can be written as in (8), which can be
optimized by the stochastic gradient descent method [21].

O W, b, b′ = 〠
V∈Dn

EV q V ∣V L V , V̂ 8

In (8), E is the expectation, and the corrupted version V
of V produces q V ∣V by a corruption process. Stochastic
corruption process, which randomly sets a fraction P of
inputs to zero, is used as the corruption process in this work,
and an example is shown in Figure 4. The parameter P
controls the degree of regulation.

SDA is achieved by stacking multiple DAEs with their
corresponding decoders. Here, the SDA was used for primary
feature extraction and initialization of deep neural network
weights. The schematic view of a three-layered SDA is shown
in Figure 5. Each layer of SDA is a DAE, and unsupervised
layer-by-layer training minimizes the reconstruction error
of each DAE. Figure 5(b) shows part of first layer weightings
of unsupervised trained SDA model. Details of weights
marked with a red box in Figure 5(b) are shown in
Figure 5(d), which demonstrates that spectral features of
heartbeat are captured by the trained SDA model and are
stored as the weights. The extracted features of number 100
record first heartbeat are shown in Figure 5(c), In this case,
the number of final abstracted features is 256, and the output
of the bottleneck layer is sparsity, which helps the subsequent
discriminant classification.

3.4. DNN Classifier. Since heartbeat classification is a multi-
ple output task, a softmax regression layer with “N, S, V,
and F” output is added on top of the bottleneck layer as shown
in Figure 5(a). Then, the SDA encoder and the softmax layer
are combined to form a DNN classifier. W{i}, bi, and h{i}
are the weights, bases, and outputs of each hidden layers,
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respectively. The heartbeat class can be identified when the
final hidden layer output feeds into the last softmax layer.

4. Patient-Specific DNN Classifier Training

Due to existing interpatient signal variability, different
patients’ beats of the same class are different; it is difficult
to train a common interpatient model, which can perfectly
classify heartbeats from other patients. This problem can be
overcome by the use of patient-specific technique [7, 8, 11].
Here, the patient-specific approach was adopted in the

present study. We used a small beginning part of individual
samples in model training to maximize performance in indi-
vidual heartbeat classification.

As shown in Figure 6, the whole patient-specific DNN
training consists of three sequential stages: (i) SDA model
training, (ii) common interpatient classifier training, and
(iii) patient-specific classifier training. The first stage is
training the SDA model. Its purpose is to estimate initial
parameters of a DNN classifier from the trained SDA. The
second stage is referred as fine-tuning [16–18]. After using
encoder layers of SDA and a softmax layer forming a DNN
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classifier, fine-tuning is used to minimize the heartbeat clas-
sification prediction error with samples of training set listed
in Section 2. After fine-tuning, an interpatient DNN classifier
is achieved. In the third stage, newly annotated heartbeats of
the testing set (i.e., first 300 beats) are used for further fine-
tuning based on the trained interpatient classifier. In this
stage, the same algorithm in the second stage is adopted but
with different train samples. The program will stop until clas-
sification performance has no further improvement or the
maximum number of iterations is reached. At this stage, per-
sonalized heartbeat DNN classifiers can be generated. The
last stage called as enhanced fine-tuning in our work aims
to further parameter adjustment of the trained interpatient
classifier to address the individual variations.

5. Experimental Results and Discussion

Evaluation of the trained classifier by the AAMI standard
was done with MIT-BIH arrhythmia database. In prepro-
cessing, all MFSWT spectrograms of each heartbeat were
normalized to [0, 1], and records in the database were divided
into equal training and testing sets as described previously.
The evaluation results were compared to those reported by
other systems [7–14].

Four widely used metrics, that is, sensitivity (SE),
specificity (SP), positive predictive value (PPV), and accuracy
(ACC), were used (and defined next) for the assessment of
classification performance:

SEi =
TPi

TPi + FNi
,

SPi =
TNi

TNi + FPi
,

PPVi =
TPi

TPi + FPi
,

ACCi =
TPi + TNi

TPi + TNi + FPi + FNi
,

9

where TPi (true positive) equals the number of ith class
heartbeats correctly classified, TNi (true negative) is the
number of heartbeats not belonging to ith class and not clas-
sified in the ith class, FPi (false positive) equals the number of
heartbeats erroneously classified into ith class, and FNi (false
negative) equals the number of ith class heartbeats classified
in a different class. SEi and SPi, respectively, reflect the clas-
sifier’s sensitivity and specificity in ith prediction, and PPVi
defines the percentage of positive correct predictions. ACCi
is the ratio between all correctly and incorrectly predicted
heartbeats. Since the data set is imbalanced, the geometric
mean (g-mean) [13], estimated by the geometrical mean of
heartbeat class predicted sensitivities, was also selected as a
performance measure.

g−meanx = x+⋅x−, 10

where x+ and x− are the predicted SE or PPV of the positive
and negative classes, respectively.

Grid searching was used to identify the optimal parame-
ters. The number of layers was changed from 0 to 3. Consid-
ering the feature abstract characteristic of SDA, it is a good
idea to make the size of the hidden layer output smaller than
the input size for each AE or DAE. Seven conditions of the
number of neurons in the first hidden layer are A (64), B
(128), C (256), D (512), E (1024), F (2048), and G (4096).
The number of neurons of next layer was set as half of the
current layer if SDA is a multilayer structure. After encoder
layers, softmax layer maps the abstracted features to four
types of heartbeats. For example, in a 3-layer SDA model,
the number of the first layer is 512 and then the numbers
of neurons of each layer in DNN model are 512-256-128-4.
The beginning 300 beats of test records were used for person-
alized classifier training. Experimental results were based on
the remaining heartbeats of testing sets and shown in
Figure 7. The SVEB and VEB classification results from other
works are shown in Table 4 as benchmarks in Figure 7, and
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Weights
&

biases

Further
training

DNN
classifier

(2) Interpatient model training
(with fine-tuning)

(3) Patient-specific model training
(with enhanced fine-tuning)

Training set
with label

The beginning part
heartbeats of particular 

individual record

Softmax
layer

Encoder layer 
of SDA

DNN classifier

Patient-specific classifierInterpatient classifier

Figure 6: The workflow of patient-specific DNN training.
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the best results of our work are marked by asterisks. With
proper parameters, the proposed method outperforms the
benchmarks in all other measures except SE of SVEB. The
experimental results confirm the efficiency of the proposed
patient-specific deep architectural framework. However, to
maintain good stable performance, the size of neurons can
be selected with a narrower range while the number of
layers is added. Based on the classification results and gen-
eralization risk consideration, it is advised that one hidden
layer within 1024~2048 neurons could achieve acceptable
heartbeat classification.

0 to 300 heartbeats of individual samples were used in
patient-specific models training to explore the relationship
between performance improvement and the added number
of personal samples. Experiments were based on a trained
interpatient DNN classifier, which includes one encoder
layer with 1024 neurons and a softmax layer. The relation-
ship is shown in Figure 8. Accuracy, SE, and PPV increase
as the number of individual heartbeats increase. Accuracy
and measures of SVEB and VEB become stable when the
number of beats exceeds 80. Because major F beats of the
testing set are in number 213 record and appear after
2min, the best SE and PPV of F were achieved in the range
of 240~300 beats. The proposed method would produce an
interpatient classifier if no individual samples were used in
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fine-tuning. Confusion matrix of interpatient heartbeat
classification (Table 2) demonstrates an 89.3% heartbeat
classification accuracy. Although SE and PPV of N reached
95.3% and 93.0%, respectively, the other measure values of
S, V, and F are low. From the results, it can infer that the
constructed interpatient deep architectural classifier has poor
ability to process interpatient signal variability.

The overall classification assessment results obtained by
considering each of the four classes (“N, S, V, and F”) are
summarized in Table 3 when 300 beats are used. The
numbers of correct prediction of N, S, V, and F beats
are 37,622, 1143, 2644 and 292, respectively. The overall
accuracy of the heartbeat classification reached 97.5%.
The results demonstrate that performance of the classifier
can be efficiently improved by using relatively small indi-
vidual samples, the patient-specific classifier can well cope
with interpatient variations.

Comparisons of the proposed model and the state-of-
the-art methods [7–14] were summarized in Tables 4 and
5, which demonstrate that the proposed model achieves
better recognition in patient-specific heartbeat classification
scenario, with ACCs of SVEB and VEB rates of 98.8% and
99.1%, respectively. Specifically, a PPV of SVEB of 94.4%
indicates that the proposed model has the high-level capa-
bility of identifying SVEB. The 71.4% SE of SVEB is superior
to most other reported studies (see Table 4). The results
presented in Table 4 confirm that the proposed model can
satisfactorily identify SVEB and VEB. Evaluation results
for all four-class heartbeat recognitions are outlined in
Table 5, and classification confusion matrix in Table 3. The

results relating to SE and PPV of all types are close to or
surpass those obtained with current state-of-the-art methods.
Accuracy, g meanSE, and g meanPPV reached 97.5%, 85.9%,
and 84.4%, respectively. Similarly, using 1-D CNNs for
patient-specific ECG classification that also achieved superior
performance was reported [15]. These make us have good
reasons to believe that deep learning methods have great
potential in patient-specific ECG signal analysis.

The reasons for the superior performance of the
proposed method are multifactorial. In the first instance,
MFSWT transforms ECG signal from time domain to
time-frequency domain. The distinguishable differences of
heartbeat signals are well preserved in MFSWT spectrogram,
facilitating both SDA feature extraction and the following
personalized DNN classifier training. Secondly, using data-
driven SDA instead of expert human involvement could avoid
the improper feature extraction for classification. Thirdly,
deep architectural patient-specific classifier improves the
accuracy of individual heartbeat prediction. The main lim-
itation of the present study is that it needs extra individual
annotated beats. According to the experimental results,
patient-specific samples are important to the proposed
method. As the results shown in Figure 8, not using individ-
ual samples in the model training, the system may entirely or
partially fail to classify S, V, and F beats. However, using a
few annotated individual beats is possible in clinical practice.
Once the patient-specific classifier has been trained, it can
continually provide accurate heartbeat classification services
for individual patients inWBSN-enabled long-termautomatic
ECG monitoring scenario. Except for individual training

Table 3: Performance of deep architectural classifier on testing set with reference (performance is determined by trained personalized
classifier, testing set excluding the first 300 heartbeats).

Predicted
N S V F Total SE (%)

True

N 37622 68 175 119 37984 99.0

S 448 1143 7 3 1601 71.4

V 106 0 2644 85 2835 93.3

F 52 0 9 292 353 82.7

Total 38228 1211 2835 499 42773 86.6

PPV (%) 98.4 94.4 93.3 58.5 86.1 Accuracy = 97.5%

Accuracy = TPN + TPS + TPV + TPF /number of testing heartbeats

Table 2: Performance of deep architectural classifier on testing set with reference (performance is determined by interpatient scenario; all
testing sets were used).

Predicted
N S V F Total SE (%)

True

N 41873 300 947 810 43930 95.3

S 1520 282 9 25 1836 15.4

V 1240 13 1943 23 3219 60.4

F 376 1 9 2 388 0.5

Total 45009 596 2908 860 49373 42.9

PPV (%) 93.0 47.3 66.8 0.2 51.8 Accuracy = 89.3%

Accuracy = TPN + TPS + TPV + TPF /number of testing heartbeats
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samples, the computationmay limit the usage of the proposed
method. The personalized DNN model training requires the
extensive computation (~1 hour @ Intel i7 4720H, 32GB
RAM, GTX970M laptop), though small computation is
needed for prediction (<0.02ms @ Intel i7 4720H, 32GB
RAM, GTX970M laptop). However, the envisaged significant
expansion of machine and network processing abilities will
facilitate increased usage of the proposed method.

6. Conclusions

A novel framework based on time-frequency representation
and patient-specific DL architectural model for heartbeat
classification is proposed. The model performance was
validated by evaluation on MIT-BIH arrhythmia database.
The results confirmed an overall superior performance with
an accuracy of 97.5%. Superior classification results have been
achieved by using one encoder layer of SDA with 1024 neu-
rons and one softmax-formed DNN model. The advantages

of the proposed framework include its automatic feature
extraction, patient-adaptive nature, and low classification
error. The proposed patient-specific DNN classifier is simple
and effective. Therefore, it is a potential choice for individual
automatic heartbeat classification used in WBSN-enabled
ECG monitoring.
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Table 5: Classification metrics compared to the state-of-the-art four-class heartbeat recognitions (percentage, %).

Methods Accuracy
g-mean N S V F

SE PPV SE PPV SE PPV SE PPV SE PPV

Proposed (a) 97.5 85.9 84.4 99.0 98.4 71.4 94.4 93.3 93.3 82.7 58.5

Chazal and Reilly [11]∗ 93.9 87.2 59.8 94.3 99.4 87.7 47.0 94.3 96.2 74.0 29.1

Jiang and Kong [8]∗ 94.5 62.7 83.8 98.7 96.2 50.6 68.0 86.6 89.4 35.8 84.2

Ince et al. [7]∗ 93.6 74.5 76.9 97.0 97.0 62.1 56.7 83.4 86.5 61.4 73.4

Proposed (b) 89.3 14.6 16.2 95.3 93.0 15.4 47.3 60.4 66.8 0.5 0.2

Mar et al. [12] 89.0 79.3 45.2 94.2 99.2 86.2 56.7 92.4 93.4 66.4 17.7

Alvarado et al. [10] 93.6 84.0 55.2 94.2 99.2 86.2 56.7 92.4 93.4 66.4 17.7

Ye et al. [9] 88.2 62.6 37.0 90.0 98.2 56.4 55.1 84.7 59.5 35.8 5.8

Zhang et al. [13] 88.3 86.7 46.2 88.9 99.0 79.1 36.0 85.5 92.8 93.8 13.7
∗Patient-specific method: require expert intervention.
(a) indicates the patient-specific heartbeat classification scenario. Classifiers were trained by using the first 300 beats of individual patient.
(b) indicates interpatient heartbeat classification scenario.

Table 4: Classification metrics compared to the state-of-the-art SVEB and VEB classification (percentage, %).

Methods
SVEB VEB

ACC SE PPV SP ACC SE PPV SP

Proposed (a) 98.8 71.4 94.4 99.8 99.1 93.3 93.3 99.5

Kiranyaz et al. [15]∗ 96.4 64.6 62.1 98.6 98.6 95 89.5 98.1

Chazal and Reilly [11]∗ 95.9 87.7 47.0 96.2 99.4 94.3 96.2 99.7

Jiang and Kong [8]∗ 96.6 50.6 68.0 98.8 97.7 86.6 89.4 98.9

Ince et al. [7]∗ 97.3 63.5 53.7 98.3 98.0 84.6 86.7 99.0

Proposed (b) 96.2 15.4 47.3 99.3 95.5 60.4 66.8 97.9

Mar et al. [12] 93.3 83.2 33.5 93.7 97.4 86.8 75.9 98.1

Alvarado et al. [10] 97.0 86.2 56.7 97.5 99.1 92.4 93.4 99.5

Ye et al. [9] 97.4 56.4 55.1 98.6 94.6 84.7 59.5 95.4

Zhang et al. [13] 93.3 79.1 36.0 93.9 98.6 85.5 92.7 99.5
∗Patient-specific method: require expert intervention.
(a) indicates the patient-specific heartbeat classification scenario. Classifiers were trained by using the first 300 beats of individual patient.
(b) indicates the interpatient heartbeat classification scenario.
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