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Medical and biological signals span almost the entire spec-
trum from EEG to X-rays and their sources range from
molecular scales to large organs such as heart, brain, andmus-
cles. Signal processing techniques (including image analysis)
are constantly serving towards improving the state-of-the-art
in medical and biological data analysis and interpretation.
There is constant scientific endeavour to get better insight into
the hidden information beneath the huge stack of medical
data that we encounter. Consequently there has been a
major shift towards quantitative analysis of medical data
through various computational approaches. Computational
approaches that have been hugely popular and found impor-
tant applications include computational modeling, Bayesian
and graphical models, machine learning, deep-learning, pat-
tern recognition, optimization, spectral and pseudospectral
analysis, stochastic modelling, iterative system model adap-
tation, and multiscale multiphysics analysis to name a few.

This special issue was an attempt to bring together
interesting works that use advanced statistical techniques for
cutting edge medical applications and biological signals for
disease detection and diagnosis. We received submissions
from a wide range of approaches and applications such
as biological/medical image and signal processing, sensor
and probe’s signal analysis, imaging and microscopy tech-
niques, human brain mapping, modeling and simulation of
biological, biochemical, cellular, and subcellular processes,

sensor fusion, wearable devices based health informatics,
histopathology image analysis, and brain computer interface
in medicine.

We have selected papers which were particularly relevant
to bringing forward methods and applications that we think
will be interesting for a wide range of researchers. Out of
14 submissions we selected 6 manuscripts. We hope that
this selective publication process would prove beneficial for
those researchers who wish to advance the state-of-the-art in
medical imaging research.

Dwarikanath Mahapatra
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Visualization and quantification of blood flow are essential for the diagnosis and treatment evaluation of cerebrovascular diseases.
For rapid imaging of the cerebrovasculature, digital subtraction angiography (DSA) remains the gold standard as it offers high
spatial resolution.This paper lays out a methodological framework, named perfusion angiography, for the quantitative analysis and
visualization of blood flow parameters from DSA images. The parameters, including cerebral blood flow (CBF) and cerebral blood
volume (CBV), mean transit time (MTT), time-to-peak (TTP), and 𝑇max, are computed using a bolus tracking method based on
the deconvolution of the time-density curve on a pixel-by-pixel basis. The method is tested on 66 acute ischemic stroke patients
treated with thrombectomy and/or tissue plasminogen activator (tPA) and also evaluated on an estimation task with known ground
truth. This novel imaging tool provides unique insights into flow mechanisms that cannot be observed directly in DSA sequences
and might be used to evaluate the impact of endovascular interventions more precisely.

1. Introduction

Visualization of blood flow inside brain vessels is essential
for the diagnosis and treatment evaluation of cerebrovascular
disorders. First attempts date back to the early years of
angiography [1], a technique that relies on X-ray imaging
of iodinated radioopaque contrast agent previously injected
into the blood stream. Over the years, the technique has
improved and benefited from the appearance of digital cam-
eras, leading to digital subtraction angiography (DSA) [2–4]
which allows for the unwanted elements (e.g., skull) to be
removed by image subtraction. Today, DSA remains a central
and widely used imaging technique to assess blood flow
during neurovascular interventions of stroke, for instance. In
practice, several limitations hinder the use of DSA; images
are qualitative; they are displayed in grayscale and need to be
browsed frame by frame to observe temporal differences.This
paper addresses these limitations by presenting a framework,
perfusion angiography, for the quantitative analysis and
visualization of perfusion and delay parameters from DSA.

The popularity of DSA can be attributed to its good
spatiotemporal resolution which is not easily matched by
other acquisition techniques such as magnetic resonance
imaging (MRI) and computed tomography (CT). Vascular

abnormalities such as narrowing, blockage, ormalformations
can be visualized precisely in DSA. In addition, DSA is
minimally invasive and is readily available in interventional
suites of modern intensive care units (ICUs). Minimal cost,
low risks, and rapid acquisition time are other features in
favor of DSA. Although it may be argued that DSA will
gradually be replaced in the future by CT angiography (CTA)
during neurovascular interventions, DSA remains the gold
standard worldwide.

Over the last three decades, numerousworks have studied
the role of DSA in both diagnosis and treatment evaluation of
cardio- and cerebrovascular diseases. However, most of the
existing studies were based on the visual review of image
sequences by neurologists such that observations were col-
lapsed to a simplified scale describing degree of reperfusion
(Thrombolysis in Cerebral Infarction (TICI)) and recanal-
ization (Arterial Occlusive Lesion (AOL)) after intervention.
These dichotomizations are still a matter of ongoing debate
[5] in the stroke community as their correlation with gen-
eral outcome is limited and may also present interreader
variability. There is a clear need to go beyond these manual
scoring systems to obtain better evaluations for future clinical
trials and endovascular devices. Although automatic TICI
and AOL scores are still beyond the capabilities of current
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methods, automated algorithms for quantitative blood flow
estimation have been developed over the last 20 years (as
reviewed in [6]). They have failed so far to be translated into
meaningful tools that could improve clinical practice and
treatment evaluation.

In addition to its high spatial resolution, DSA holds
temporal information that can be used to track the contrast
agent and compute parametric perfusion parameters, such
as cerebral blood volume (CBV), cerebral blood flow (CBF),
mean transit time (MTT), time-to-peak (TTP), and 𝑇max,
thus providing a quantitative assessment of cerebral hemo-
dynamics. Those parameters are very useful for assessment
of cerebrovascular diseases as they can render the underlying
functional information more easily recognizable. In contrast
with MR and CT perfusion imaging that have been studied
through clinical trials (e.g., DEFUSE [7]), the value of para-
metric imaging fromDSAhas been largely underappreciated.
While the idea of extracting perfusion parameters from DSA
has been introduced since the 1980s in sporadic studies
for CBF [8], MTT [9], TTP [10], and 𝑇max [10, 11], it has
not yet received the attention deserved by the acute stroke
community. This overall lack in interest may be caused by
the difficulty of real-time implementation of those algorithms
on angiographic units, challenges due to the nature of the
images (artifacts, vessel overlap), or perhaps failure to realize
its full potential for quantitative decision support. Drawing
from these observations, the overall goal of this paper is to
describe how these important perfusion parameters can be
extracted from the time-density curve and displayed in color-
coded images that can be readily interpreted by neurologists
and neurointerventionalists. After a brief historical review in
Section 2.1 and a description of the dataset in Section 2.2, the
paper summarizes the theory of densitometry in Section 2.3
and introduces the proposed framework in Section 2.4. The
results of the experiments are presented in Section 3 and
discussed in Section 4.

2. Methods

2.1. Historical and Technical Overview. Since its discovery
[12], the application of X-ray for imaging purposes has greatly
influenced medical diagnosis and interventions as it allows
visualizing moving anatomical structures and endovascu-
lar devices. X-rays are produced by accelerating electrons
emitted from a cathode towards a metal target anode using
high voltage (50 kV). When directed towards the body and
by passing through it, X-rays are partially absorbed and
deflected, which causes attenuation of the incident beam.
Various anatomical structures can be differentiated thanks to
their specific level of absorption.

One of the decisive milestones of X-ray imaging was
the introduction of angiography [13] which has made the
visualization of blood flowwithin vessels possible.The acqui-
sition of an angiogram relies on X-ray imaging of iodinated
radioopaque contrast agent previously injected into the blood
stream.The blood flow is observed thanks to the high level of
absorption of the contrast agent.

The introduction of the image intensifier television (II-
TV) that converts the incident X-rays into a visible image

was an ingredient to the success of angiography. With the
modernization of computers in the 1980s, it became possible
to record images digitally. This led to digital radiography
[2] which allows for more flexible visualization of digitally
enhanced images. Digital subtraction angiography (DSA)
extends digital radiography [4, 14–17] by subtracting a back-
ground image (obtained before injection of the contrast
agent) from subsequent images. The purpose is to eliminate
the bone and soft tissue images that would otherwise be
superposed on the vessels.

Despite excellent resolution characteristics, DSA has sev-
eral inherent shortcomings. First, DSA images are subjected
to two major types of noise: the quantum noise due to the
random nature of X-ray distribution and the noise resulting
from the electronic components. In addition, the image
subtraction operation amplifies the noise already present in
images. To overcome this problem, noise reduction tech-
niques can be applied. This leads to a second weakness
of DSA: noise reduction algorithms are generally coded
in the hardware and algorithms cannot easily be accessed
or customized. Another limitation is the possible motion
of the patient during the image acquisition that creates
spatial blur and artifacts as the background image is not
aligned to subsequent frames. Finally, visualization of the
temporal information from DSA sequences is challenged by
the fact that images are typically displayed in a video mode
with raw grayscale frames. Only recently have commercial
systems started to introduce colormaps to better visualize the
temporal information held in DSA.

In summary, DSA is technological evolution of digital
radiography to remove unwanted bone and soft tissue from
a set of successive images. Besides the technical limitations
due to the nature of X-ray imaging, DSA is associated with
a computational layer that may also introduce significant
inaccuracies in the presence of even minor patient motion.
Because internal parameters and source images used by
DSA are generally not made available by scanner manu-
facturers, further postprocessing is particularly challenging.
Despite these limiting factors, DSA remains the gold standard
used during endovascular interventions. In this study, we
proposed to extend DSA by introducing a computational
framework for the computation of perfusion parameters.

2.2. Patients Demographics and Data Acquisition. The imag-
ing dataset used in this study to evaluate our framework
was collected from patients evaluated at a single, academic
comprehensive stroke center and identifiedwith symptoms of
acute ischemic stroke.The use of this dataset was approved by
the local Institutional Review Board (IRB). Inclusion criteria
for this study included (1) presenting symptoms suggestive
of acute stroke, (2) last known well time within six hours at
admission, (3) digital subtraction angiography (DSA) of the
brain performed at the end of a thrombectomy procedure,
and (4) final diagnosis of ischemic stroke. A total of 66
patients (median age: 68 years (IQR 53, 79)), including 35
women, satisfied the above criteria. All patients underwent
thrombectomy with various success in revascularization
which was determined using the Thrombolysis in Cerebral
Infarction (TICI) score. The distribution of TICI scores is
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as follows: TICI 0 (4 patients), TICI 1 (1 patient), TICI 2a
(17 patients), TICI 2b (35 patients), and TICI 3 (9 patients).
Mechanical clot-retrieval devices include Trevo® (7 patients),
MERCI® (17 patients), and Solitaire® (32 patients).Themedian
NIH stroke scale (NIHSS) is 18, IQR 13, 21.TheDSA scanning
was performed on a Philips Allura Xper FD20® biplane using
a routine timed contrast-bolus passage technique. Manual
injection of Omnipaque 300 was performed at dilution of
70% (30% saline) such that 10 cc of contrast was administered
intravenously at an approximate rate of 5 cm3/s. Image acqui-
sition parameters vary across subjects. In the biplane acquisi-
tion setting, frames are acquired in an interleaved fashion at
two standard viewpoints: anterior-posterior (AP) and lateral.
The median number of frames acquired is 20 frames, IQR
17, 22, and the median peak voltage output is 95 kV, IQR 86,
104. Images sizes were all 1024 × 1024 but were acquired with
different field of view.

2.3. Video Densitometric Theory. To derive perfusion param-
eters from DSA sequences by bolus tracking analysis, the
concentration 𝐶 of the contrast agent at any location must
be known. It can be estimated through DSA as the intensity
observed in the image is proportional to the contrast concen-
tration [8, 18]:

𝐼 (𝑡)(𝑥,𝑦) = 𝑘𝜇𝐶 (𝑡)(𝑥,𝑦) 𝜌(𝑥,𝑦), (1)
where 𝐼(𝑡)

(𝑥,𝑦)
is the DSA image intensity value for a given

pixel (𝑥, 𝑦) at time 𝑡, 𝜇 is the mass attenuation coefficient of
the contrast agent which is proportional to the X-ray energy,
𝜌
(𝑥,𝑦)

is the thickness of the vessel, 𝐶
(𝑥,𝑦)

is the contrast con-
centration, and 𝑘 is a constant that accounts for the X-ray
imaging system acquisition and amplification [19].

The vessel thickness 𝜌
(𝑥,𝑦)

can be computed using one
of the previously described frameworks (e.g., [20]) that first
applies a vessel detector based on vesselness filtering and
thresholding. Centerlines are then obtained via skeletization.
Finally, a perpendicular segment (computed along each
point of the centerline) is used to measure the distance to
the edges of the vessel and derive the thickness assuming
cylindrical volume. The thickness is then applied on a cross-
sectional basis to every point within the vessel using bicubic
interpolation.

Animal studies [21, 22] of coronary circulation fromDSA
have demonstrated accurate estimation of the flow within
blood vessels. Other studies [23] estimated flow related
parameters from contrast time curves within the pulmonary
parenchyma. In those cases, the vessel diameter within the
parenchyma was too small to be measured on the image and
had to be set to a constant value 𝜌

(𝑥,𝑦)
= 𝑘
𝜌
.

We transpose these estimationmethods of the concentra-
tion-time curve within blood vessels and the brain paren-
chyma to DSA imaging routinely acquired during endovas-
cular treatment of acute ischemic strokes. The goal is to
extract cerebral hemodynamic parameters to quantify degree
of perfusion and delay, as described in the next section.

2.4. Perfusion Parameters from DSA Using Bolus Tracking.
Bolus tracking algorithms [24–27] are well established meth-
ods to determine flow and timing parameters of a bolus

travelling from a source to a target location. This section
describes the extraction process of hemodynamic indices that
will provide a quantitative description of the tissue status
from DSA.

From the contrast concentrations (see (1)), it is possible to
estimate the CBV at any location 𝑢 in the image by calculating
the amount of contrast agent 𝐶

𝑢
that has passed through it

with respect to the total amount of contrast measured at the
feeding arterial vessel 𝐶

𝑎
(i.e., arterial input function (AIF)):

CBV =
∫
∞

𝑡=0
𝐶
𝑢 (𝑡) 𝑑𝑡

∫
∞

𝑡=0
𝐶
𝑎 (𝑡) 𝑑𝑡

. (2)

Assuming no recirculation and therefore unimodality of
the contrast curves, it is common to use the peak of the con-
trast curve as a temporal landmark. The time taken to reach
that maximum is called time-to-peak (TTP).

It can be shown that the temporal relationship between
the concentration at the feeding artery𝐶

𝑎
and the target tissue

𝐶
𝑢
can be written as

𝐶
𝑢
(𝑡) = 𝐶

𝑎
(𝑡) ⊗ ℎ (𝑡) , (3)

where ⊗ is the symbol for the convolution and ℎ is the
distribution of the transit times, as the contrast agent follows
different paths through the vasculature. The transit times are
related to the fraction of injected contrast agent still present in
the vasculature at any given time 𝑡. This measure is described
by the residue function 𝑅(𝑡):

𝑅 (𝑡) = 1 − ∫

𝑡

𝜏=0

ℎ (𝜏) 𝑑𝜏. (4)

From 𝑅, we can establish the relation between the con-
centrations 𝐶

𝑢
and 𝐶

𝑎
:

𝐶
𝑢
(𝑡) = CBF (𝐶

𝑎
⊗ 𝑅) (𝑡) (5)

which indicates that the contrast concentration 𝐶
𝑢
(𝑡) in the

target tissue at a given time 𝑡 is proportional to the amount of
blood passing through per unit time (i.e., CBF).

While the concentrations 𝐶
𝑎
and 𝐶

𝑢
can be estimated

from DSA (see (1)), the residue function 𝑅 and CBF require
more complex computations. In practice, the concentration
curves 𝐶

𝑎
and 𝐶

𝑢
are sampled at discrete time points, 𝑡

𝑗
∈

[0,𝑁 − 1]:

𝐶
𝑢
(𝑡
𝑗
) = Δ𝑡CBF

𝑁−1

∑

𝑖=0

𝐶
𝑎
(𝑡
𝑖
) 𝑅 (𝑡
𝑗
− 𝑡
𝑖
) (6)

which can be rewritten as a matrix-vector notation:

𝐶
𝑢
= Δ𝑡CBF𝐶

𝐴
𝑅, (7)

where 𝐶
𝑢
, 𝑅 ∈R𝑁 and 𝐶

𝐴
is expanded to a Toeplitz matrix:

𝐶
𝐴
=(

𝐶
𝑎
(𝑡
0
) 0 ⋅ ⋅ ⋅ 0

𝐶
𝑎
(𝑡
1
) 𝐶

𝑎
(𝑡
0
) ⋅ ⋅ ⋅ 0

.

.

.
.
.
. d

.

.

.

𝐶
𝑎
(𝑡
𝑛−1
) 𝐶
𝑎
(𝑡
𝑛−2
) ⋅ ⋅ ⋅ 𝐶

𝑎
(𝑡
0
)

). (8)



4 Computational and Mathematical Methods in Medicine

C
on

ce
nt

ra
tio

n

AIF

MTT = CBV/CBF

Tissue curve

CBV

TTP
Time (s)

Ca

Cu

(a)

CBF

Time (s)

Residue function R

Tmax

(b)

Figure 1: Illustration of a tissue concentration-time curve 𝐶
𝑢
(yellow) with respect to an arterial input function (AIF) 𝐶

𝑎
(blue). The

deconvolution of the tissue curve 𝐶
𝑢
with 𝐶

𝑎
removes the dependence on the AIF and produces the residue function 𝑅 (b). CBF is extracted

at the maximum value reached at 𝑇max, while MTT is calculated as CBV/CBF, where CBV is determined as the area under the tissue curve
(yellow). Because of the presence of arterial delays in stroke patients, the residue function is not alwaysmaximal at 𝑡 = 0 butmight bemaximal
after a delay (𝑇max).

One way to recover 𝑅 is to use singular value decom-
position (SVD) of 𝐶

𝐴
into two orthogonal matrices, 𝑈 and

𝑉
𝑇, and a diagonal matrix,𝑊, with singular values ordered

descendingly in the diagonal, 𝐶
𝐴
= 𝑈𝑊𝑉

𝑇. The solution is
then given by

𝑅 = 𝑉�̂�
−1

𝑈
𝑇
𝐶
𝑢
, (9)

where elements of �̂� that are below a threshold are set to zero.
Given that max(𝑅) = 1, CBF is derived as the maximum

of the estimated 𝑅, and 𝑇max is the time to reach this max-
imum. Once CBF has been estimated, MTT can be derived
from the central volume theorem [28], MTT = CBV/CBF.
The list of parameters extracted (CBF, CBV, MTT, TTP, and
𝑇max) is illustrated in Figure 1.

2.5. Solving Vessel Overlap with Gamma Mixture. Overlap of
the vessels may occur in biplane DSA and is one of the most
challenging aspects of the estimation of perfusion parame-
ters.This issue is illustrated in Figure 2where a selected image
location, shown as a yellow region, presents two contrast pas-
sages that lead to two peaks in the concentration-time curve.
These two distributions correspond to the arterial and venous
phase, respectively. The deconvolution method presented in
Section 2.4 assumes unimodality of the concentration-time
curve. Although it might be possible to use a previously
acquired 3D model of the cerebrovasculature to delineate
the vessels from the 2D projection, the direct processing of
biplane DSA without any prior imaging is of great interest
as other imaging modalities are not always available. To
solve this problem, we suggest representing the concentration
over time by a mixture of Gamma distributions that is
automatically recovered at each point of the image using an
expectation-maximization (EM) algorithm.

2.5.1. Gamma-Variate Fitting. The Gamma-variate function
is the most commonly used prior distribution to represent

concentration-time curves as it has been shown to closely
approximate the true contrast concentration. Drawing from
the formulations present in the literature [29–31], we con-
strain the estimation of the concentration-time curves by
assuming aminimum transit timeΔmin between the injection
site and the brain which ensures that the maximum of the
fitted distribution (which is also its inflection point) lies
within the restricted domain. The density function 𝛾

𝛼,𝛽
is

written as

𝛾
𝛼,𝛽
(𝑥)

=
{

{

{

𝛽
𝛼

Γ (𝛼)
exp−(𝑥−𝜇)𝛽 (𝑥 − 𝜇)𝛼−1 if 𝑥 − 𝜇 ≥ Δmin

0 otherwise,

(10)

where 𝛼, 𝛽, and 𝜇 are the shape, scale, and location parame-
ters, respectively. The Gamma function Γ(𝛼) is written as

Γ (𝛼) = ∫

∞

0

𝑡
𝛼−1exp−𝑡𝑑𝑡. (11)

Themean of the Gamma distribution is 𝛼/𝛽.The shape of the
Gamma distribution is determined by the 𝛼 parameter, which
intuitively relates to the contrast concentration variation.
When 𝛼 > 1, the distribution is bell-shaped, suggesting low
heterogeneity. In the case of 𝛼 < 1, the distribution is highly
skewed which indicates high variation. This flexibility makes
the distribution suitable for accommodating with different
concentration-time curves as observed at different locations
in the image.

2.5.2. Mixture of Gamma-Variate Distributions. To capture
multiple contrast passages at a given image location, we
propose to represent the concentration curve over time as a
mixture of Gamma-variate distributions. This assumes that
the overall distribution is generated from a few Gamma com-
ponents, each with its own 𝛼 and 𝛽 parameters. In our case,
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Figure 2: The bar graph of the contrast concentration-time curve (b) is shown for a specific location in a DSA sequence (shown in yellow
on (a)). Two contrast passages can be observed in the concentration-time curve due to the overlap of the vessels. By applying the proposed
method based on the EM algorithm, we are able to retrieve the individual components (represented by blue and red curves) using a Gamma
mixture representation.

each component can be thought of as one contrast passage
through one of the overlapped vessels at the current image
location. Let𝐾 be the number of Gamma components in the
mixture; the parameters of the 𝑗th component are denoted by
𝛼
𝑗
and 𝛽

𝑗
and associated with the prior probability 𝜏

𝑗
that a

measured concentration was drawn from the current compo-
nent. Parameters of the overall distribution are summarized
as Θ = {𝛼

𝑗
, 𝛽
𝑗
, 𝜏
𝑗
}, 𝑗 = 1, . . . , 𝐾, with ∑𝐾

𝑗=1
𝜏
𝑗
= 1, and the

mixture is written as

M (𝑥, Θ) =
𝐾

∑

𝑗=1

𝜏
𝑗
𝛾
𝛼𝑗,𝛽𝑗
(𝑥) , (12)

where 𝛾
𝛼𝑗,𝛽𝑗
(𝑥) is the Gamma-variate distribution of the 𝑗th

component (see (10)).

2.5.3. Parameter Estimation. The optimization of the param-
eters Θ of the mixture is posed as a maximum likelihood
estimation (MLE). The log-likelihood of parameter set Θ is
obtained by approximation using a weighted sum over dis-
crete time:

L (Θ) =
𝑁

∑

𝑖=1

logM (𝑥
𝑖
, Θ) , (13)

where 𝑖 represents a discrete time point. The parameters
Θ of the model are unknown and are estimated using the
expectation-maximization (EM) algorithm [32] which pro-
vides a convenient approximation in terms of an iterative
maximization problem.

To be able to estimate the parameter setΘ that maximizes
L, the EM algorithm introduces an unobservable matrix

𝑧 ∈ {0, 1}
𝑁×𝐾 to specify which Gamma component the 𝑖th

observation 𝑥
𝑖
comes from. In the original EM algorithm, 𝑧 is

defined as a binary variable that contains 1 for the component
it comes from and 0 for all the others. Here, we use the soft
EM definition where 𝑧 is continuous and can take any value
between 0 and 1, such that 𝑧 ∈ [0, 1]𝑁×𝐾, and where the sum
of the weights of each observed data point 𝑖 is equal to 1,
∑
𝐾

𝑗=1
𝑧
𝑖𝑗
= 1.

The complete discrete log-likelihood becomes

L (Θ) =
𝑁

∑

𝑖=1

𝐾

∑

𝑗=1

𝑧
𝑖𝑗
log 𝜏
𝑗
+ 𝐶,

𝐶 =

𝑁

∑

𝑖=1

𝐾

∑

𝑗=1

𝑧
𝑖𝑗
log 𝛾
𝛼𝑗,𝛽𝑗
(𝑥
𝑖
) .

(14)

EM uses the log-likelihood and iterates between the two fol-
lowing steps.

E-Step. Calculate the expected value 𝑄(Θ,Θ𝑚) of the log-
likelihood given current parameters Θ𝑚, and

𝑄 (Θ,Θ
𝑚
) =

𝑁

∑

𝑖=1

𝐾

∑

𝑗=1

𝑧
𝑚

𝑖𝑗
log 𝜏
𝑗
+ 𝐶, (15)

where

𝑧
𝑚

𝑖𝑗
=

𝜏
𝑚

𝑗
𝛾
𝑗
(𝑥
𝑖
; 𝛼
𝑚

𝑗
, 𝛽
𝑚

𝑗
)

M (𝑥
𝑖
, Θ𝑚)

. (16)
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M-Step. 𝑄(Θ,Θ𝑚) is maximized with respect to Θ using
numerical optimization

Θ
𝑚+1
= argmax
Θ

𝑄 (Θ,Θ
𝑚
) . (17)

The iterative procedure is executed until the convergence
criterion |Θ𝑚+1 − Θ𝑚| < 𝑡EM is satisfied or the maximum
number of iterations reached (100). To avoid local maxima, it
is repeated 5 times. The EM procedure can be performed for
a different number of components 𝐾 ∈ [1, 4], for instance.
The number 𝐾 can be selected so that it minimizes the
Bayesian InformationCriterion (BIC) [33]. To allow for faster
convergence and reduce the risk of falling into local maxima,
the procedure is initialized with 𝑘-means algorithm.

2.6. Experimental Setup. This section describes the exper-
imental protocol used in our study to evaluate the per-
fusion angiography framework. The proposed experiments
will provide valuable insights about the following ques-
tions: Can the multivariate Gamma fitting method delineate
individual contrast concentration curves in the presence
of overlap and noise? How does it compare to a state-of-
the-art fitting algorithm (RANSAC)? Is the computation of
perfusion parameters from routinely acquired DSA feasible
for assessment during endovascular interventions?

These questions are addressed by evaluating the perfusion
angiography framework on two different experiments. The
first experiment focuses on the estimation of the overlapped
contrast concentration curves and identification of the indi-
vidual components using the multivariate Gamma fitting
technique (Section 2.5). To do so, we computed the average
AIF concentration curves 𝐶

𝑎1
from 5 randomly selected

patients from our dataset on which we selected a region of
interest at a similar location on the intracerebral artery (ICA).
The average concentration curve 𝐶

𝑎1
was smoothed using a

Gaussian filter and interpolated to produce a set of𝑁 = 100
values using bicubic interpolation.The overlap was simulated
by duplicating the contrast curve 𝐶

𝑎1
to create a vector 𝐶

𝑎2
,

shifting the duplicated vector 𝐶
𝑎2
, and merging them into a

single vector 𝐶gt, thus creating a simulated overlap between
two similar contrast curves, as written as follows:

𝐶gt (𝑖)

=
{

{

{

𝐶
𝑎1
(𝑖) if 𝑖 − shif t ≤ 0, ∀𝑖 ∈ [1,𝑁]

max (𝐶
𝑎1
(𝑖) , 𝐶
𝑎2
(𝑖 − shif t)) otherwise,

(18)

where the ground truth𝐶gt corresponds to amultimodal con-
trast curve obtained from two contrast curves 𝐶

𝑎1
and 𝐶

𝑎2
,

such that the latter is temporally shifted. In our experiments,
we produced a set of merged concentration curves by varying
the shifting amount from 5 to 100, ranging from almost full
to no overlap. The objective of the experiment is then to
measure how accurately it can fit and retrieve the two original
contrast curves 𝐶

𝑎1
and 𝐶

𝑎2
using a Gamma-variate mixture

𝛾
1
, 𝛾
2
from the merged contrast curve 𝐶gt. In addition to the

evaluation of the robustness to the amount of overlap, various
levels of white Gaussian noise are added to the signal, ranging
from a SNR of 500 to 5.

Alternative methods to fitting Gamma distributions exist
in the literature. Among them, the least squares fitting based
on a discrete formulation would be possible but computa-
tionally costly. A more efficient technique is the random
sample consensus (RANSAC) method [34] that has emerged
as a versatile tool for robust parameter estimation in pattern
recognition. It is typically used in computer vision to retrieve
correspondence between images and estimate the geometric
transformation matrix that relates them. The idea behind
RANSAC is to estimate a large number of minimal-set fitting
hypotheses. For each hypothesis, a robust score is calculated;
this score is based on the alignment of the hypothesis with
all points in the set. The best scoring minimal-set hypothesis
is taken as the final estimate. In our experiments, a total of
300 fitting hypotheses were used and each hypothesis was
made of 15 points. The accuracy of both the Gamma-variate
and the RANSAC models is measured as the coefficient of
determination or 𝑅-squared. For better estimation of the
error, the process is repeated 10 times for each combination
of error and overlap, and the average 𝑅-squared is reported.

For the second experiment, we ran the perfusion angiog-
raphy on our dataset (Section 2.2) composed of DSA sequen-
ces following endovascular thrombectomy recorded on 66
acute ischemic stroke patients with MCA occlusion. The
experiments are formulated such that the distribution of a
given perfusion parameter across the MCA territory is aver-
aged and studied with respect to the TICI score. Statistical
measures of correlation and dispersion are extracted.

During our experiments, source DSA images of each
patient are processed with perfusion angiography. The con-
centration-time curve of the arterial input function (AIF)
𝐶
𝑎
(see (2)) required for the computation of perfusion maps

is obtained by extracting the average of the DSA values
comprised within a region of interest (ROI) at each time
point.This ROIwasmanually selected by aUCLAneurologist
on the source DSA of each patient prior to the processing.
In this study, it was set on the intracerebral artery (ICA) as
an elliptical region fully included in the vessel. Note that,
similar to perfusion MRI, it should be possible to detect or
estimate the AIF automatically using constraints on early
arrival time and maximum contrast values. However, to
minimize possible source of error for the computation of
perfusion parameters in this study, we chose to delineate the
AIF manually. The perfusion angiography was ran using the
BIC criterion to select among a maximum of two Gamma
components to differentiate between the arterial and the
venous phase. After processing, the following parameter
maps are available; CBF, CBVfull, CBV, MTT, TTP, and 𝑇max,
where CBVfull is the cerebral blood flow computed over the
entire cerebral cycle (including arterial and venous phases)
and CBV is computed during the arterial phase only.

In order to evaluate the five perfusion parameters pre-
sented in Section 2.4 (map ∈ {CBF,CBVfull,CBV,MTT,
TTP, 𝑇max}), the parametermaps need to be transformed into
quantitative values 𝑥map that can be used as input to the
statistical analysis. As a preprocessing step, a UCLA neurol-
ogist (blinded to outcome and perfusion maps) delineated
the MCA territory on each DSA using a template scaled
down and rotated to cover the entire territory. Each perfusion
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Figure 3: Illustration of the 𝑅-squared correlation coefficient between the estimated Gamma components and the ground truth for various
levels of Gaussian white noise in terms of signal-to-noise ratio (SNR) and percentage of overlap between the two original components. The
results are reported for the Gamma-variate method (a) and the RANSAC algorithm (b).

parameter is then characterized using the trimmed mean of
the distribution of the values within the ROI. The trimmed
mean computes the average of the values comprised between
the 5th and 95th percentiles:

𝑥map =
∑
𝑖
∑
𝑗
V (𝑖, 𝑗)
𝑁V

, (19)

where 𝑁V is the number of points included in the ROI and
comprised between the 5th and 95th percentiles and V(𝑖, 𝑗) is
the value of the perfusion map at point [𝑖, 𝑗]:

V (𝑖, 𝑗)

=
{

{

{

map (𝑖, 𝑗) ; if 𝑡
5
< map (𝑖, 𝑗) < 𝑡

95
&& ROI (𝑖, 𝑗) == 1

0; otherwise.

(20)

We evaluate the Pearson correlation between the follow-
ing pairs of variables: (CBF, TICI), (CBV, TICI), (TTP, TICI),
(MTT, TICI), and (𝑇max, TICI). To facilitate the statistical
analysis, qualitative TICI scores (“0,” “1,” “2a,” “2b,” and “3”)
are mapped to a continuous space, as follows: (“0,” 0); (“1,”
0.25); (“2a,” 0.5); (“2b,” 0.75); (“3,” 1).

3. Results

The results of the first experiment are reported in Figure 3
with the 𝑅-squared coefficient between the ground truth
and the recovered mixture. It was computed for various
levels of noise and degrees of overlap between two simulated
contrast concentration curves within the ground truth. It
can be observed that the Gamma-variate fitting framework
is able to accurately retrieve the two components of the
mixture in the presence of noise when the overlap is below
55%. When the overlap is greater than 55%, the accuracy

decreases significantly as the noise increases. As expected,
the model fails to accurately recover the two components in
the presence of very high levels of noise (SNR < 8) and high
percentage of overlap (>70%). Fitting results are illustrated in
Figure 4 for four different combinations of overlap amount
and noise levels. RANSAC recovers the components with a
decent accuracy regardless of overlap until a SNR of about
10, and then the error drastically increases in the presence of
higher levels of noise. In comparison, the standard estimation
of TTP (without multimodal fitting) taken at the maximum
of the concentration-time curve would be misplaced in half
of the cases depending on which component is the highest.

In the second experiment, the perfusion angiography
framework processed successfully 89% (59 out of 66) of the
DSA images included in our dataset. Seven cases failed during
processing due to either patient motion, short acquisition
time (i.e., the DSA acquisition did not cover the entire injec-
tion cycle), poor image quality, or low temporal resolution
(i.e., insufficient number of frames).

As a first observation, we noted that most of the patients
included in our dataset (93%; 55 out of 59) had poor outcomes
(mRS greater than or equal to 3). We also noticed that a TICI
score of 2b leads to a slightly better mRS outcome than 2a.
However, patients that reached a TICI score of 3 (i.e., com-
plete reperfusion of the MCA territory) were not associated
with a better outcome than 2b patients. The phenomenon
of futile recanalization is similar to what has been reported
in other studies [35]. Possible explanation may include
increased risk of hemorrhagic transformation. NIHSS at
admission is linearly correlated with mRS outcome (𝑟 =
0.304, 𝑝 < 0.028). In addition, low NIHSSs (i.e., not severe)
are associated with larger variations in terms of outcome.

Linear regression analysis between CBF and CBV values
revealed an overall strong correlation (𝑟 = 0.736, 𝑝 < 10−12).
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Figure 4: Illustration of theGamma fitting process to recover two components for 4 different combinations of noise and overlap. Components
𝛾
1
and 𝛾

2
are shown in blue and red and were estimated using the EM-based Gamma-variate fitting (Section 2.5) based on the noisy input

depicted by the dashed line.

Both values are estimated with perfusion angiography and
averaged over the entire MCA territory. CBV was computed
during the arterial phase of the cycle. This is an expected
result that has been shown in previous MR and CT studies
of perfusion [36] and could in principle be used to identify
infarcted areas from penumbra [37].

Scatter plots representing the CBV and CBF perfusion
angiographymaps versusTICI score are illustrated in Figure 5
where each patient is depicted by a circle. The plots include
CBF versus TICI (a) and CBV versus TICI (b). When plotted
versus TICI, CBF shows a sign of positive correlation (𝑟 =
0.292, 𝑝 < 0.064). However, low CBF is not always synonym
of poor TICI score as slower flow might still lead to good
revascularization and therefore a high TICI score. This may
explain why larger TICI variations are observed for cases
associated with low CBF. When CBV is studied with respect
to TICI (Figure 5(b)), it shows weaker correlation (𝑟 = 0.218,

𝑝 < 0.170). Significantly higher delays in terms of TTP were
measured in the MCA territory for patients with no revas-
cularization (TICI = 0). For other TICI grades, there was no
correlation with TTP. Absence of equivalence between TICI
and CBF/CBV estimated with perfusion angiography does
not imply superiority of onemeasure to the other but rather it
implies that they provide a different, perhaps complementary
set of information.

The parametric maps computed for 8 patients are dis-
played in Figures 6(a) and 6(b). For each patient, the per-
fusion parameters are illustrated, including CBF, CBVfull
(computed over the entire arteriovenous cycle), CBV (com-
puted over the arterial phase), MTT, and TTP. For display
purposes, each parametric map is normalized and color-
coded to facilitate visualization. Red is used to show high
value (↑ flow for CBF, ↑ volume for CBV, and ↑ delay for
MTT and TTP), and blue is used to represent low values. In
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Figure 5: Scatter plots representing the perfusion angiography CBV and CBF versus TICI score. Average and standard deviation for specific
TICI values are depicted by red lines.

addition, the source DSA on which perfusion angiography
was performed is shown on the bottom row of each case. For
matter of space, a subset of seven frames were sampled and
displayed for each DSA sequence.

One of the particularities of the perfusion maps is to
be bidimensional; therefore, a single image region may
represent different anatomical structures that overlap across
that region. Despite this limitation, these maps provide fine
detail as theymatch the original spatial resolution of the DSA
(1024× 1024 in our dataset).When reviewed side by side, CBF,
CBF, and TTP maps may help the expert eye to differentiate
between antegrade and collateral flow and identify risk of
hemorrhage, perfusion deficit, delay, and flow stagnation.The
computation of the perfusion parameters for a single patient
took 21 seconds. In principle, faster execution times can be
obtained as the estimation of the perfusion parameters can
be parallelized.

4. Discussion

There is an overt need to provide imaging-based decision
support to better guide and accelerate endovascular inter-
ventions in acute stroke. Among the available imaging tech-
niques, DSA is a method of choice to visualize blood flow
and guide endovascular interventions. Biplane DSA pro-
vides high-resolution spatiotemporal images that havemostly
been used qualitatively through the manual review of raw
grayscaled video. The interpretation of DSA images could
benefit from color-coded perfusion parameters that would
enable the visualization of hemodynamic features that are not
directly visible on source angiograms and allow for refined
decisions without any delay in care, added X-ray exposure, or
higher dose of contrast agent.

We have introduced in this paper a computational frame-
work for the extraction of quantitative perfusion parame-
ters from routine DSA. Similar to CT/MR perfusion, our

approach uses a deconvolution technique to derive CBF, CBV,
MTT, TTP, and 𝑇max. A novel computational solution based
on multimodal fitting was introduced to deal with overlap
of the vessels. This study has demonstrated that routinely
acquired DSA can be used to derive perfusion parameters
that are similar in spirit to the ones obtained from CT/MR
perfusion. However, the interpretation perfusion DSA is
different due to the nature of the view (frontal or lateral) and
the overlap of several brain structures within a given location.

Taking a step back, it is clear that neuroimaging provides
neurologists and neurointerventionalists with an immense
source of information for guidance in clinical decision-
making. Yet, perhaps because of the abundance of informa-
tion held in those images, their use remains suboptimal. At
UCLA, for example, the followingmodalities can be acquired:
magnetic resonance imaging/angiography (MRI/MRA), dif-
fusion/perfusion-weighted MRI, computed tomography/
tomographic angiography (CT/CTA), perfusion CT, and dig-
ital subtraction angiography (DSA). Broadly speaking, these
images offer different insights andmirror different steps of the
therapy.Neuroimaging is used before treatment to classify the
stroke using lesion size, tissue at risk, and involved vascular
territory.This allows identifying stroke patients who can ben-
efit the most from a specific treatment strategy and outweigh
its potential risks. DSA images are acquired during therapy
for decision-making. These iterative landmarks can be used
to evaluate the degree of reperfusion and recanalization by
visual scoring. Beyond the acute phase, neuroimaging is help-
ful in evaluating recovery and guiding other management
strategies such as the augmentation of cerebral perfusion
and reduction of mass effects from hemorrhage. Validation
of perfusion angiography for estimation of hypoperfusion
volume or degree of recanalization and reperfusion during
endovascular interventions would be of great interest.

The need for neuroimaging insight is triggered by the
complexity of personalized treatment and variability of stroke
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Figure 6: Continued.
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Figure 6: (a) Parametric maps computed for 4 patients. For each patient, the perfusion parameters are illustrated, including CBF, CBV (full)
(computed over the entire arteriovenous cycle), CBV (arterial) (computed over the arterial phase), MTT, and TTP.The source DSA is shown
on the bottom row of each patient. (b) Parametric maps computed for 4 patients. For each patient, the perfusion parameters are illustrated,
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The source DSA is shown on the bottom row of each patient.
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outcomes. The patient population in acute ischemic stroke
is incredibly heterogeneous; it presents a wide variety of
outcomes and responses to treatment. For example, although
the degree of recanalization correlates favorably with out-
come, the risk of death remains stable. In addition, while
the time from symptoms onset also correlates with outcome
on average, it is not rare to observe that late recanalizers do
better than early ones.These paradoxical observations can be
linked to several factors such as blood pressure, NIH Stroke
Scale (NIHSS), or age, but their individual predictive value
is too weak for supporting prospective clinical decisions.The
presence of collateral circulation beyond the site of occlusion
may also be decisive as it could sustain tissue viability
until recanalization occurs; however, its presence largely
varies across patients. Therefore, careful patient selection
for endovascular intervention based on collateral circulation
and tissue status is key to tailor interventions and improve
outcomes. Currently, collateral flow is evaluated on DSA
but remains challenged by the lack of quantitative measure.
Automatic evaluation of collateral flow and revascularization
may be possible from perfusion angiography and should be
considered for future studies.

4.1. Challenges and Limitations. The proposed framework
holds several limitations due to the bias existing in the dataset
studied, the nature of the source images, and other technical
challenges related to the computation and acquisition. We
discuss in this section these limitations and how they might
affect the results obtained and could potentially be tackled in
future studies.

A limiting factor of the study is that the dataset used in
our experiments was rather small and not evenly distributed
across degree of revascularization. Only five patients had
poor TICI scores of 0 or 1. Conversely, mRS outcome was
poor for most of the patients. Four patients fell within the
range of mRS ∈ [0, 2]. Although the study of such a data-
set can provide a proof of concept and applicability of
the techniques, drawing conclusions or guidelines from the
statistical analysis and the generalization power of specific
perfusion parameters at the population level would require a
larger, multicenter dataset. Such a study could provide more
reliable estimates and possible relationship with outcome.

On the technical side, phantom calibration would in
principle be required to obtain contrast curves that are
generalizable across patients and hardware configuration.
Because the study proposed in this paper was performed
retrospectively on routinely acquired DSA, calibration values
were not available. This lack of normalization has likely
introduced errors in the estimated parameters. A prospective
animal study with phantom calibration would be appropriate
to test the accuracy of the parameter maps (especially CBF).
In addition, vessel thickness was not considered during the
computation of the perfusion maps. Because of this, it is
likely that flow may have been incorrectly estimated in large
vessel area. It should be possible to solve this problem by
coupling the computation of the perfusion parameters with
an automatic vessel detector that could extract the vessel
diameter along the cerebrovasculature.

The time resolution of the DSA sequence (i.e., frame rate
of the acquisition) has a great impact on the quality of the
perfusion parameters. When the number of frames is too
low, it becomes very difficult to delineate the different vessels
when an overlap occurs. In addition, the estimation of CBV
and TTP becomes approximative. Unlike CT andMRI where
the time interval between each acquisition is kept constant,
DSA sequences are acquired with a varying frame sampling
rate. Therefore, the set of points of the contrast curve needs
to be resampled and interpolated. In our framework, cubic
spline interpolation was used and the interval was chosen as
the minimum time interval observed between two successive
frames in the current acquisition. Systematic tests should be
performed to evaluate the sensitivity of the estimation of the
perfusion parameters with respect to the frame rate.

There is a margin for improvement of the perfusion
angiography framework by tackling these limitations. One of
themost promising research directionswould be to perform a
comparative analysis to test equivalence of perfusion param-
eters estimated fromDSA using perfusion angiography to the
one obtained via MR or CT perfusion.

5. Conclusion

We have introduced in this paper perfusion angiography, a
methodological framework for the quantitative analysis and
visualization of blood flow parameters fromDSA images.The
parameters, including cerebral blood flow (CBF) and cerebral
blood volume (CBV), mean transit time (MTT), time-to-
peak (TTP), and 𝑇max, were reliably estimated using a bolus
tracking method based on the deconvolution of the time-
density curve on a pixel-by-pixel basis.

Although further study on a larger dataset would be nec-
essary to establish statistical correspondence with outcome
and TICI score and to provide comparative analysis with
estimated parameter maps obtained with MR and CT perfu-
sion, the proposed imaging tool provides unique insights into
flow mechanisms that cannot be observed directly in DSA
sequences and may be used to quantify perfusion impact of
endovascular interventions.

Competing Interests

The authors declare that they have no competing interests.

Acknowledgments

This work was supported by a Beginning Grant-in-Aid
award from the American Heart Association (AHA) no.
16BGIA27760152 to Professor F. Scalzo.

References

[1] A. Moniz, Diagnostic des Tumeurs Cérébrales et Épreuve de
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Early decoding of motor states directly from the brain activity is essential to develop brain-machine interfaces (BMI) for natural
motor control of neuroprosthetic devices. Hence, this study aimed to investigate the detection of movement information before the
actual movement occurs. This information piece could be useful to provide early control signals to drive BMI-based rehabilitation
andmotor assisted devices, thus providing a natural and active rehabilitation therapy. In this work, electroencephalographic (EEG)
brain signals from six healthy right-handed participants were recorded during self-initiated reaching movements of the upper
limbs. The analysis of these EEG traces showed that significant event-related desynchronization is present before and during the
execution of themovements, predominantly in themotor-related𝛼 and𝛽 frequency bands and in electrodes placed above themotor
cortex. This oscillatory brain activity was used to continuously detect the intention to move the limbs, that is, to identify the motor
phase prior to the actual execution of the reaching movement.The results showed, first, significant classification between relax and
movement intention and, second, significant detection of movement intention prior to the onset of the executed movement. On
the basis of these results, detection of movement intention could be used in BMI settings to reduce the gap between mental motor
processes and the actual movement performed by an assisted or rehabilitation robotic device.

1. Introduction

Brain-machine interface (BMI) systems are emerging tech-
nologies that provide a novel communication channel for
both healthy people and patients with limited communica-
tion or motor impairments [1, 2]. A BMI system decodes
the mental tasks performed by the user using brain signals
recorded with invasive or noninvasive techniques. This is in
turn used to control an application or an external device such
as the computer cursor, a robotic wheelchair, or an orthosis
device [3, 4]. As the peripheral nervous system is not involved
in this process, a BMI can be a promising assistive technology
for people with partial or complete motor disabilities [5,
6]. The most important application of BMI systems is the
control ofmotor assisted robotic devices, which are employed
for motor restoration or motor rehabilitation [7, 8]. This
also includes rehabilitation scenarios based on virtual reality
environments [9, 10].These applicationsmay provide patients

who suffered stroke or spinal cord injury with the possibility
of shortening the recovery period to improve their motor
functioning.

The cue-based synchronous protocol is the traditional
paradigm employed to decode mental tasks from the brain
activity in BMI settings. In this paradigm, the mental task
is first performed by the user and then the BMI technology
applies decoding algorithms to identify the task [8]. Then, a
control signal or command is provided to drive neuropros-
thesis [11], for example, a real or virtual robotic arm. For
instance, in a BMI based on motor imagery (MI), the user
performs mental imagination of different limb movements
and then the BMI technology identifies the moved limb
which is used to provide a command of movement in the
application [12]. Thus, the user’s mental task is associated
with the movement provided by the application. However,
there exits an inherent delay between the time of the mental
task and the time of the movement performed by the
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application. In consequence, the movements performed by
external devices, either real or virtual, are not found natural
by the user.

Reducing the temporal gap between mental motor tasks
and the actual movement performed by an assisted or reha-
bilitation robotic device might be useful to obtain fast and
natural motor control.This can also promote motor recovery
at the cortical level [13, 14]. To achieve this early detection
of movement information, this work studies the decoding
of natural movement information before a motor task is
performed. Several previous works have studied this kind
of decoding from the noninvasive electroencephalographic
(EEG) brain signals. These studies are based on movement
related cortical potentials (MRCP), spectral power (SP), and
common spatial patterns (SCP) features of the EEG to detect
movement information preceding actual movements. Table 1
presents a summary of the state of the art of the most relevant
works devoted to the detection of movement intention.These
studies have demonstrated the feasibility of detecting motor
information before a movement is performed.

Nonetheless, more research is still required to achieve
early detection of movement in more realistic situations.
For this reason, this work proposed the continuous detec-
tion of movement intention in self-paced natural reaching
movements of the upper limbs. This experimental task was
chosen because it resembles the common daily-live-activity
of grasping an object such as a glass of water or a bottle. It is
important to detect the movement intention with sufficient
preceding time in order to be able to use this information
piece on time to provide natural movement control to
users in BMI-based motor recovery and motor rehabilitation
scenarios. Therefore, this study addresses the detection of
the intention to move irrespective of the moved limb within
a continuous decoding strategy. Six healthy right-handed
subjects participated in the experimental sessions.The results
revealed significant event-related desynchronization before
and during the execution of the reachingmovement task, and
these cortical rhythms were used as features to continuously
detect the intention tomove the limbs. In addition, significant
classification rate ofmovement intentionwas achieved before
the onset of the executed reaching movements.

This paper is organized as follows: the description of
the experiment, the data processing and analysis, and the
evaluation process and metrics are detailed in Section 2;
Section 3 describes the results, in particular the significant
activity of event-related desynchronization/synchronization
and the classification results oriented to detect movement
intention; finally Section 4 presents the conclusions and
future work.

2. Methods

2.1. Design and Execution of the Experiment. The experiment
consisted of self-paced natural reaching movements of the
upper right/left limb. This experiment was selected because
it resembles the common daily-live-activity of grasping an
object such as a glass of water. Participants were comfort-
ably seated with both forearms resting on the chair’s arm
and a computer screen was located in front of them. The

experiment consisted of the execution of many repetitions
or trials of reaching movements with either left or right
arm and was guided by visual cues presented on the screen.
Each trial consisted of three cues. The first cue showed
the text “relax” for three seconds and indicated staying
comfortably seated with the arms placed on the chair’s arms
in complete relaxation. Participants were requested not to
execute or imagine any movement. The second cue showed
for twelve seconds an image with an “arrow” pointing to the
left/right and indicated moving naturally the corresponding
arm towards the center of the screen. Participants were
instructed not to initiate the movement immediately after
the arrow was presented but to initiate it whenever they
wish, waiting for at least five seconds while avoiding any
mental count. Accordingly, the movement initiation varies
across trials. Immediately after the reaching movement was
completed, participants were instructed to return back the
arm towards the chair’s arms. The third cue showed the text
“rest” and indicated resting, moving, or blinking for three
seconds. Therefore, each trial lasted for eighteen seconds in
total. Figure 1 displays the full temporal sequence of a trial
during the experiment. Participants were asked to avoid any
movement and to minimize blinking from the presentation
of the first cue and up to the termination of the reaching
movement.

The experiment was executed in four blocks of 24 trials
(7.2min per block) resulting in a total of 96 trials (28.8min
for all blocks). To avoid fatigue, patients could rest between
blocks as long as they needed. To keep balance of the number
of trials for the left and right arm, each block contained
the same number of left and right movements, which were
presented in a pseudorandom manner. This experiment was
approved by the ethics committee of the university.

2.2. Participants. Six able-bodied right-handed subjects (two
males and four females; age range 23–19 years; mean ±
std 20.33 ± 1.51 years) without diagnosis of neurological
or motor disease voluntarily participated in this study. All
participants were students from the university and did not
have experience with electroencephalogram (EEG) recording
protocols or brain-machine interface (BMI) experiments.
They were duly informed about the objective of the research
and the experimental procedure and all of them signed
informed consent forms.They were informed that they could
leave the experiment when they wanted.

2.3. Recording of EEG and EMG Signals. EEG signals were
recorded using monopolar electrodes at 21 scalp positions
according to the 10/10 international electrode location sys-
tem. EEG signals were recorded from scalp locations 𝐹𝑝1,
𝐹𝑝2, 𝐹7, 𝐹3, 𝐹𝑧, 𝐹4, 𝐹8, 𝑇3, 𝐶3, 𝐶𝑧, 𝐶4, 𝑇4, 𝑇5, 𝑃3, 𝑃𝑧,
𝑃4, 𝑇6, 𝑂1, 𝑂2, 𝐴1, and 𝐴2, with the ground at 𝐹𝑝𝑧 and the
reference at the left earlobe. EMG signals were recorded with
bipolar electrodes located above the biceps brachii muscle
and the triceps brachii muscle. These EMG signals were
recorded from both arms and they were used to establish
the time of the movement initiation of each trial. EEG and
EMG data were recorded at a sampling frequency of 2048Hz
and no filtering was applied. The electrode impedance was
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Table 1: Description of the state of the art of works reporting decoding of motor information preceding actual movements from
electroencephalographic brain signals. ME: motor execution; MI: motor imagery; MRCP: movement related cortical potentials; LDA: linear
discriminant analysis.

State-of-the-art movement intention detection from EEG
Participants Motor task EEG features Classifier Decoding Accuracy Detection time

[27] 8: healthy ME/MI Spectral
power Bayesian Static Varied between

subjects —

[28] 4: stroke ME Spectral
power LDA Static — From −200 to

−600ms

[29] 6: healthy ME Spectral
power Bayesian Static 62.9 ± 7.5% —

[30] 19: healthy
5: stroke ME/MI MRCPs Template matching Continuous

Healthy: ME:
82.5 ± 7.8%, MI:
64.5 ± 5.33%;
stroke: ME:
55.01 ± 12.01%

Healthy: ME:
−66.6 ± 121ms

[31] 20: healthy
5: stroke ME/MI MRCPs Template matching Continuous

Healthy: ME:
69 ± 21%, MI:
65 ± 22%;
stroke: ME:
58 ± 11%

—

[32] 10: healthy
2: stroke ME/MI MRCPs LDA Continuous — −500ms

[33] 10: healthy
2: stroke ME MRCPs LDA Continuous Healthy: 76%;

stroke: 47% −312.5ms

[34] 20: healthy ME
Common
spatial
patterns

LDA Static 83% in 12
subjects —

[35] 6: healthy
3: SCI ME

Spectral
power and
MRCPs

SDA Continuous From 75% to
40%

From −421ms
to −256ms

Self-initiated 
reaching 
movement

Relax Movement 
intention

RestMovement
execution

Relax Rest

1st cue 2nd cue 3rd cue

3 s 12 s 3 s

Figure 1: Temporal sequence of a trial with the three visual cues presented to the participants. Note that the second cue indicated self-initiating
a reaching movement with the left arm.

kept below 5 kΩ for EEG and 20 kΩ for EMG. EEG and
EMG signals were simultaneously recorded using a Nexus-
32 electrophysiology monitoring system from Mind Media.
BioTrace+ software was used to manage the presentation of
the visual cues and the recording of the EEG and EMG signals
and to store the data for offline processing.

2.4. Data Preprocessing. After the experimental sessions,
recorded data were subjected to offline preprocessing and
analysis. EEG and EMG data were trimmed from the pre-
sentation of the first cue up to the presentation of the third
cue; thus, the resulting trials lasted for fifteen seconds. Then,
the time latency of the movement onset of each trial was
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computed with the EMG activity following this procedure: (i)
the EMG signal from the moved arm was selected; (ii) this
EMG signal was high-pass filtered with a cutoff frequency of
10Hz using a sixth-order Butterworth-type infinite impulse
response (IIR) filter; (iii) theHilbert transformwas computed
from the filtered signal; (iv) the magnitude of the Hilbert
transformwas smoothed and normalized 𝑧-score; (v) the first
value greater than zero in the resulting signal was defined
as the EMG-based movement onset. Trials for which the
movement onset was lower than 3 s (early arm movement
initiation) and greater than 11 s (delayed arm movement
initiation) relative to the presentation of the second visual
cue were discharged. Then, the time axis of each trial was
rereferenced to the EMG-basedmovement onset; that is, 𝑡 = 0
represents the initiation of the reaching movement. Finally,
trials were trimmed from the initiation time 𝑡ini (i.e., 𝑡ini is
the time of the presentation of the first cue) up to 1 s relative
to the EMG-based movement onset.

Frontal electrodes (𝐹𝑝1 and 𝐹𝑝2), electrodes located
near to the neap (𝑂1 and 𝑂2), and other electrodes far
away from the motor cortex (𝐹7, 𝐹8, 𝑇3, 𝑇4, 𝑇5, 𝑇6, 𝐴1,
and 𝐴2) were removed from all participants as they are
usually contaminated by eye blinks,muscle activity, and other
artifacts; thus nine electrodes located on or surrounding the
motor cortex (𝐹3, 𝐹𝑧, 𝐹4, 𝐶3, 𝐶𝑧, 𝐶4, 𝑃3, 𝑃𝑧, and 𝑃4) were
kept and used for the subsequent analysis. EEG data was
resampled to 256Hz, filtered from 0.1Hz to 100Hz using
a zero-phase, four-order, bandpass Butterworth filter, and
rereferenced using the common average reference (CAR)
filter where the average across all channels is subtracted for
each channel independently for each time sample.

2.5. Event-Related Desynchronization/Synchronization. To
compute the significant event-related desynchronization/
synchronization of each electrode, a bootstrap analysis of
the time-frequency representation was performed. The goal
in this analysis was to study the underlying task-related
oscillatory brain activity during intention of motion [15].
All trials were trimmed from −6 to 1 s relative to the
EMG-based movement onset. This allows all trials to have
the same length. For each trial and every channel, the
time-frequency representation TFR(𝑡, 𝑓) was computed
in the frequency band [2, 40]Hz at the resolution of 1Hz
using Morlet wavelets [16]. For each channel individually,
the event-related desynchronization/synchronization (i.e.,
power increase/decrease) relative to the baseline [−6, −3) s
was computed for each time and frequency as ERDS(𝑡, 𝑓) =
100 × (TFR(𝑡, 𝑓) − TFRbaseline(𝑓))/TFRbaseline(𝑓), where
TFRbaseline(𝑓) is the average of TFR(𝑡, 𝑓) in the baseline
interval for frequency 𝑓. The significant event-related
desynchronization/synchronization of each channel was
computed with a bootstrap analysis following [17] at the
significant level of 𝛼 = 0.05.

2.6. Detection of Movement Intention. Detection of move-
ment intention was based on spectral power features and on a
support vector machine (SVM) used to distinguish between
relax and intention.

2.6.1. Features. Spectral power features were computed with
an autoregressive spectrum (ARS) model of order 16 [18, 19],
where Burg’s method was employed to estimate the model
coefficients and the noise variance [20]. For each electrode,
only values of the spectral power in the motor-related
𝛼[8, 14]Hz and 𝛽[14, 25]Hz frequency bands were used.
Spectral power values were computed at the resolution of
1Hz. This resulted in 18 spectral power values per electrode.
Thus, the feature vector is x ∈ R𝐷 where𝐷 = 162 (18 spectral
power values × 9 electrodes), which is associated with a class
label 𝑦 ∈ {relax, intention}. For a given time instant 𝑡 where
𝑡 ∈ [𝑡ini, 1], the spectral power features are computed from the
EEG in the time window [𝑡 − 𝑇, 𝑡], where 𝑇 is the size of the
window. Note that the time 𝑡 corresponds to the endpoint of
the used time window; therefore the computed features were
causal.

2.6.2. Classifier. To discriminate between relax and intention,
a SVM with a radial basis function (RBF) kernel [21] was
employed. The implementation of the SVM relied on the
LIBSVM library [22]. The hyperparameters of the RBF were
𝐶 = 1 for the regularization parameter and 𝜎 = 0.5 for
the width [23, 24]. To train this classifier, the features were
extracted exclusively from the relax phase [𝑡ini, 𝑡ini + 3] and
the movement intention phase [−3, 0] and they were labeled
as relax and intention, respectively. Figure 2(a) illustrates
the segments of relax and intention used to extract features.
Within these segments, the features were computed from
nonoverlapping time windows of length 𝑇. In the relax phase
features were computed at 𝑡

𝑘
= 𝑡ini + 3 − 𝑘𝑇 for 𝑘 = 0, 1, 2, . . .

provided that 𝑡 ∈ [𝑡ini, 𝑡ini + 3]. In the movement intention
phase features were computed at 𝑡

𝑘
= −𝑘𝑇 for 𝑘 = 0, 1, 2, . . .

provided that 𝑡 ∈ [−3, 0]. Prior to training, features were
𝑧-score normalized according to 𝑥

𝑖
= (𝑥
𝑖
− 𝜇
𝑖
)/𝜎
𝑖
, (𝑖 =

1, 2, . . . , 𝐷), where 𝜇
𝑖
and 𝜎
𝑖
are the corresponding mean and

standard deviation of the 𝑖th feature computed exclusively
from training data.

2.6.3. Evaluation Procedure and Metrics. Detection of move-
ment intention was assessed for each subject independently
following this procedure:

(i) Randomly select 80% of the trials as training set and
use remaining 20% as test set.

(ii) For each trial of the training set, extract the spectral
power based features from the relax phase and the
movement intention phase according to 𝑇 and then
train the classifier.

(iii) Apply the classifier to each trial in the test set using
sliding windows of size 𝑇 in steps of 0.1 s (Figure 2(b)
illustrates the process employed to perform classifica-
tion in a test trial).

(iv) Compute performance metrics using the entire test
set.

The following metrics were considered: (i) classification
accuracy (CA) (rate of correct classifications achieved within
the relax [𝑡ini, 𝑡ini + 3] and the intention [−3, 0] s phases),
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Figure 2: Illustration of the data segments used to train and to test the classification. (a) Data segments in the relax phase and the movement
intention phase used to extract features to train the classifier. (b) Data segments used to carry out classification in a test trial.

true positive events (TPE) (movement intention detection
rate obtained in the intention phase), and true negative events
(TNE) (relax detection rate obtained in the relax phase);
(ii) time-resolved movement intention detection accuracy
or DA(𝑡) (rate of movement intention detected at time 𝑡);
(iii) time instant of the movement intention onset or tMI
(the lowest time instant for 𝑡 < 0 at which significant
differences between DA(𝑡) and the chance level are unequiv-
ocally achieved); and (iv) trials where movement intention
is detected or NTD (rate of trials where movement intention
was unequivocally detected prior tomovement initiation, i.e.,
𝑡 < 0).

This evaluation procedure was repeated 30 times and
distributions and the mean ± std of the performance metrics
were computed for each participant and for all of them.
The significant chance level of the detection accuracy or
DAsig(𝑡) was computed empirically by randomly permuting
the class labels during the training of the classifier. This
procedure was conducted also 30 times for each subject
using 80% of the trials for training (with random labels) and
remaining 20% for evaluation. The significant chance level
of the classification accuracy or CAsig was computed as the
maximum empirical chance level in the relax [𝑡ini, 𝑡ini+3] and
intention [−3, 0] s phases. To examine significant differences
between the distributions of CA and the significant chance
level CAsig the Wilcoxon signed rank test was used, while to
examine significant differences between DA(𝑡) and DAsig(𝑡)
the Wilcoxon rank-sum test was employed. These statistical
tests were performed at a confidence level of 𝛼 = 0.01.

3. Results

The time instant of the movement initiation computed with
the EMG activity was estimated in all the trials of all subjects
after the presentation of the second visual cue (i.e., the
one instructed to self-initiate the reaching movement of the
left/right arm). Movement onset was lower than 3 s in 3%
of the trials while it was greater than 11 s in 1% of the trials.

Table 2: Summary of the estimated EEG-based movement onset
for all subjects and the average across all of them. It only includes
trials for which the movement onset was estimated from 𝑡 ≥ 3
and 𝑡 < 11 with respect to the presentation of the second visual
cue which instructed to self-initiate the reaching movement of the
left/right arm.

EMG-based movement onset (s)
Mean Std Min Max

S1 6.19 1.37 3.18 9.35
S2 7.54 1.30 4.04 10.36
S3 7.52 1.39 4.27 10.82
S4 6.69 1.30 3.55 10.00
S5 6.93 1.29 3.77 9.66
S6 7.38 1.30 4.07 10.41
Avg 7.04 1.42 3.19 10.82

These trials were discharged and not used in the rest of the
work. Then, the total number of trials across all subjects
used in this study was on average 92.83 ± 2.79 (minimum
of 89 and maximum of 96). Table 2 shows a summary of
the estimated EMG-based movement onset for all subjects
and the average for all of them.The average movement onset
across all subjects was 7.04 ± 1.42 s (minimum of 3.18 s and a
maximum 10.82 s).

The significant activity of event-related desynchroniza-
tion/synchronization computed across all trials and subjects
is presented in Figure 3. Significant desynchronization (𝑝 <
0.05) is observed in all sensors and in the motor-related
𝛼[8, 13]Hz and 𝛽[14, 30]Hz frequency bands around the
movement onset 𝑡 = 0 s. This significant desynchronization
starts in the movement intention phase roughly at 1 s prior to
the movement onset and remains significant up to the move-
ment execution interval 𝑡 ≥ 0. No significant desynchro-
nization or synchronization (𝑝 > 0.05) is observed before ≈
−1 s. Note that the significant desynchronization is uniformly
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Figure 3: Significant event-related desynchronization/synchronization activity computed for all trials and subjects. Horizontal axis represents
time (units of s) while vertical axis represents frequency (units of Hz). Solid black lines in all graphs represent 𝑡 = 0 s or the movement onset.
Significant desynchronization (𝑝 < 0.05) is observed in all sensors in the motor-related 𝛼[8, 13]Hz and 𝛽[14, 30]Hz frequency bands from
𝑡 ≈ −1.5 s, while no significant desynchronization or synchronization (𝑝 > 0.05) is observed before 𝑡 ≈ −1.5 s.

distributed in all sensors and in both hemispheres; that is,
no spatial pattern of desynchronization/synchronization is
observed across the motor cortex.

The average of significant event-related desynchroniza-
tion/synchronization in the 𝛼[8, 13]Hz and 𝛽[14, 30]Hz
frequency bands of each electrode was computed over time
windows along the entire duration of the trial. These results
are presented in Table 3. In all electrodes, the significant

desynchronization is absent for time windows from [−6, −5)
to [−4, −3) s but then begins to intensify gradually from
[−3, −2) s up to [0, 1) s. Thus, the significant desynchro-
nization starts prior to the movement onset, that is, at
the movement intention phase, and remains significant up
to the movement execution phase. Note that the event-
related desynchronization/synchronization in the 𝛼/𝛽 fre-
quency bands averaged for all electrodes is −4.72/−3.84,
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Table 3: Across all subjects average of significant event-related desynchronization/synchronization in the motor-related 𝛼[8, 13]Hz and
𝛽[14, 30]Hz frequency bands over several time windows from −6 s to 1 s. Results are presented for each electrode and the last row presents
the integrated values for all channels.

Time window (s)
[−6, −5) [−5, −4) [−4, −3) [−3, −2) [−2, −1) [−1, 0) [0, 1)

𝐹3

𝛼 2.12 0.00 0.00 −0.59 −8.09 −28.66 −40.04
𝛽 0.79 −2.23 0.26 −1.13 −0.83 −15.89 −18.23

𝐹𝑧

𝛼 1.76 0.00 0.00 0.00 −3.99 −22.92 −37.74
𝛽 0.99 −1.05 0.20 −1.16 −1.34 −13.88 −16.39

𝐹4

𝛼 2.07 −0.22 0.00 0.00 −5.82 −28.64 −41.14
𝛽 1.62 −0.70 −1.07 −0.17 −3.58 −16.18 −17.45

𝐶3

𝛼 4.92 −0.39 0.00 0.00 −4.53 −23.90 −38.85
𝛽 0.31 −1.24 0.22 −1.50 −2.56 −14.74 −21.39

𝐶𝑧

𝛼 4.43 −0.38 0.00 −0.37 −4.47 −23.44 −40.67
𝛽 1.36 0.10 0.00 −2.17 −3.97 −15.19 −19.10

𝐶4

𝛼 3.36 −0.20 0.00 −0.77 −5.17 −26.23 −40.19
𝛽 0.60 0.42 0.00 −2.87 −5.01 −18.70 −20.82

𝑃3

𝛼 4.70 −0.20 0.00 −0.44 −6.86 −21.79 −42.01
𝛽 1.01 −1.06 −1.14 −3.64 −2.41 −16.42 −16.79

𝑃𝑧

𝛼 4.25 0.00 0.27 −0.21 −4.38 −16.06 −36.00
𝛽 0.57 −0.26 −2.00 −2.52 −1.71 −11.28 −9.26

𝑃4

𝛼 4.09 0.00 0.00 0.00 −5.02 −21.56 −41.10
𝛽 0.73 0.04 −0.80 −0.94 −1.48 −16.26 −16.55

Avg 𝛼 4.24 −0.32 0.00 −0.38 −4.72 −24.53 −39.90
𝛽 0.76 −0.24 0.07 −2.18 −3.84 −16.21 −20.44

−24.53/−16.21, and −39.90/−20.44 for time windows [−2, −1),
[−1, 0) and [0, 1) s, respectively. This shows that the sig-
nificant desynchronization is more prominent during the
movement execution phase than during themovement inten-
tion phase and that it is stronger in 𝛼[8, 13]Hz than in the
𝛽[14, 30]Hz frequency band.

The first classification analysis explored the impact of the
window size 𝑇 used to compute the spectral power features
to classify between relax and intention. Figure 4 shows, for
each subject and for all of them, the distributions of the
classification accuracy metric CA for window sizes of 𝑇 =
0.5, 𝑇 = 0.75, and 𝑇 = 1 s and the significant chance level
CAsig (maximum chance level across all subjects achieved in
the relax and movement intention phases). For subjects 1, 3,
4, and 6, themedian of the distribution for all𝑇 is greater and
significantly different than the chance level CAsig (𝑝 < 0.01,
Wilcoxon signed rank test). However, for subjects 2 and 5, no
significant differences were found between the median of the
distributions and the chance level CAsig (𝑝 > 0.01, Wilcoxon
signed rank test). The averages of CA for 𝑇 = 0.5 s were
0.64±0.18, 0.55±0.16, 0.65±0.14, 0.65±0.17, 0.54±0.16, and
0.68 ± 0.14, for 𝑇 = 0.75 s were 0.70 ± 0.18, 0.57 ± 0.19, 0.67 ±
0.14, 0.66 ± 0.18, 0.58 ± 0.18, and 0.68 ± 0.14, and for 𝑇 = 1 s
were 0.72±0.19, 0.59±0.20, 0.70±0.16, 0.70±0.19, 0.59±0.20,
and 0.70 ± 0.16, respectively, for subjects 1 to 6. The results
across all subjects showed that themedian of the distributions
of CA for all 𝑇 is also greater and significantly different than
the chance level CAsig (𝑝 < 0.01, Wilcoxon signed rank
test). Table 4 summarizes the results of classification accuracy

Table 4: Summary of the classification accuracy, true positive
events, and true negative events achieved for all subjects for different
window sizes 𝑇 = 0.5, 𝑇 = 0.75, and 𝑇 = 1.0 s.

Classification accuracy
Mean Min Max TPE TNE

0.50 0.62 ± 0.06 0.54 0.68 0.62 0.62
0.75 0.64 ± 0.05 0.57 0.70 0.65 0.64
1.00 0.67 ± 0.06 0.59 0.72 0.67 0.66

(CA), true positive events (TPE), and true negative events
(TNE) obtained across all subjects for the three windows
sizes. The averaged values of CA for 𝑇 of 0.5, 0.75, and 1
were 0.62 ± 0.06, 0.64 ± 0.05, and 0.67 ± 0.06, respectively,
while TPE/TNE were 0.62/0.62, 0.65/0.64, and 0.67/0.66,
respectively. These results show that the performance in the
recognition between relax and intention increases as the time
window size 𝑇 increases. Therefore, a window size 𝑇 = 1 s
was used in the rest of this work to study the detection of
movement intention.

Figure 5 shows the time-resolved detection accuracy
DA(𝑡) and the significant chance level of the detection
accuracy DAsig(𝑡). Results are presented for each subject
separately. In all subjects DA(𝑡) is presented from 𝑡 = −5 s.
This is due to the following: first, the trial’s initiation time
𝑡ini is different across all subjects and trials and the common
initiation time across all of them is 𝑡 = −6 s and, second, the
window size used to compute the causal features is 𝑇 = 1 s.
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Figure 4: Distribution of the classification accuracy CA obtained
for time windows 𝑇 = 0.5, 0.75, and 1. Results are clustered by
subject and the last group of boxplots present the CA for all subjects.
Horizontal line over each boxplot represents themedian,meanwhile
the circle represents the mean.

For all subjects (except number 5), DA(𝑡) is initially at the
chance level and starts to rise before the movement initiation
at around 𝑡 = −1 s. In other words, no movement intention
is detected from −6 to ≈ −1 s while detection of movement
intention is observed from ≈ −1 s. The maximum DA(𝑡) is
0.92, 0.73, 0.97, 0.86, and 0.85 for subjects 1 to 6, respectively,
(excluding subject 5). These peaks of detection accuracy are
achieved at 𝑡 = 0.7, 𝑡 = 0.9, 𝑡 = 0.8, and 𝑡 = 0.8, for
subjects 1 to 4 and for subject 6 the maximum is reached in
𝑡 = 0.2 and 𝑡 = 0.4 (see vertical dotted blue lines in all plots
of figures). Note that DA(𝑡) always peaks at the movement
execution phase 𝑡 > 0. For subject 5, DA(𝑡) is above chance
level from −6 to ≈ 0 s and suddenly drops at about 𝑡 = 0 s.
This indicates that movement intention is always detected,
even before the movement intention phase 𝑡 < −3 s (i.e., it
is not possible to discriminate between movement intention
and no movement intention) and that movement intention
is at the chance level at the movement execution phase 𝑡 >
0 s. Thus, no movement intention information was detected
for this participant. This result agrees with the distribution
and average values of classification accuracy CA presented
in Figure 4 for 𝑇 = 1 where subject 5 presented the lower
performance.

The fraction of trials where movement intention was
detected prior to movement initiation NTD and the time
of movement intention detection tMI are summarized in
Table 5. tMI may also be observed in Figure 5. These metrics
were not computed for subject 5 as no significant time-
resolved detection accuracy DA(𝑡) was achieved for this
participant. On average, movement intention was detected
in 80 ± 0.7% of the trials across all subjects (minimum 69%,

Table 5: Rate of trials wheremovement intentionwas unequivocally
detected (NTD) and the time instant of the movement intention
detection (tMI).

Movement intention detection
NTD 1 − NTD tMI

S1 0.84 0.16 −1.0
S2 0.69 0.31 −0.5
S3 0.87 0.13 −0.8
S4 0.79 0.21 −0.6
S5 — — —
S6 0.84 0.16 −1.0
Avg 0.80 ± 0.07 0.20 −0.78 ± 0.23

maximum 87%). These results reveal that movement inten-
tion is detected in the majority of the reaching movements
performed by the participants. In addition, the time instant
of movement intention detection is 0.78 ± 0.23 s prior to
movement initiation (minimum −0.5 s, maximum −1.00 s).

4. Conclusions

This work proposed the continuous detection of movement
intention from electroencephalographic (EEG) brain signals
during natural self-paced reaching movements of the upper
limbs. In the context of this work, movement intention was
defined as the mental motor task (with no physical output)
that occurs before the initiation of a movement, for example,
motor planning. Six healthy subjects participated in this study
and the EEG and electromyographic (EMG) activities were
recorded.

The event-related synchronization/desynchronization of
the EEG activity showed significant task-related cortical
rhythms that started before the movement initiation, that
is, at the movement intention phase, and remained during
movement execution. Significant desynchronization (𝑝 <
0.05) was observed in the motor-related 𝛼[8, 13]Hz and
𝛽[14, 30]Hz frequency bands in all the selected sensors
which were located above the motor cortex. This signif-
icant power decrease started about 1 s before the initia-
tion of the movement and remains significant up to the
movement execution, while no significant synchroniza-
tion/desynchronization (𝑝 > 0.05) was observed before this
time.This significant desynchronization was detected in both
hemispheres and was consistent with the experimental motor
task which includes reaching movements with either the left
or right arm.

These task related cortical rhythms were then used to
investigate the feasibility of discriminating between the relax
phase and the movement intention phase. Therefore, biclass
classification between relax and intentionwas evaluated using
the spectral power of the ongoing EEG activity and a support
vector machine as classifier. This classification was evaluated
using different window sizes 𝑇 of EEG to compute the
spectral power features.The results showed that classification
accuracy between the relax and the intention phases increases
as the time window size 𝑇 increases. Thus, a window size
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Figure 5: Time-resolved movement intention detection accuracy DA(𝑡) (solid green line) and the empirical significant chance level of
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of 𝑇 = 1 s was selected to compute the spectral power
features used to study the continuous detection of movement
intention.

Finally, significant time-resolved detection accuracy was
obtained in 5 out of the 6 participants before actualmovement
initiation. In one of the participants, it was not possible to
distinguish between movement intention from relax. The
significant detection of movement intention starts to rise at
about 1 s before the onset of the movement and remained
during the movement execution phase. The time-resolved
detection accuracy reached the maximum during move-
ment execution. This agrees with the observed significant
desynchronization activity reported above. The initial time
instant of movement intention was on average 0.78 s, that
is, almost half a second before the actual movement, which
was detected in 80% of the trials. The proposed detector
of movement intention could be used in BMI-based robot-
assisted rehabilitation scenarios. The advantage would be
the reduction of the temporal delay between mental motor
processes and the actual movement performed by the robotic
devices. This could in principle provide fast, natural, and
continuousmotor control that enhances and promotesmotor
relearning at the cortical level.

The next steps for this research are (i) detection of
the moved arm, (ii) determination of novel features based
on the estimation of spikes, (iii) testing a novel classifier
based on lattice neural networks with dendritic processing,
and (iv) performing feature reduction and selection using
Fast Correlation Based Filter (FCBF) [25, 26] or sequential
forward selection (SFS).
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Monitoring of foetal heart rate and its variability (FHRV) covers an important role in assessing health of foetus. Many analysis
methods have been used to get quantitative measures of FHRV. FHRV has been studied in time and in frequency domain and
interesting clinical results have been obtained. Nevertheless, a standardized definition of FHRV and a precise methodology to be
used for its evaluation are lacking. We carried out a literature overview about both frequency domain analysis (FDA) and time
domain analysis (TDA). Then, by using simulated FHR signals, we defined the methodology for FDA. Further, employing more
than 400 real FHR signals, we analysed some of the most common indexes, Short Term Variability for TDA and power content of
the spectrum bands and sympathovagal balance for FDA, and evaluated their ranges of values, which in many cases are a novelty.
Finally, we verified the relationship between these indexes and two important parameters: week of gestation, indicator of foetal
growth, and foetal state, classified as active or at rest. Our results indicate that, according to literature, it is necessary to standardize
the procedure for FHRV evaluation and to consider week of gestation and foetal state before FHR analysis.

1. Introduction

Foetal heart rate (FHR) monitoring is of great importance
to obtain information about foetal health during pregnancy
and labour. In particular, electronic monitoring of the FHR
(EFM), commonly named cardiotocography when an exter-
nal Doppler probe is used, is the most employed method to
detect foetal distress and prevent neurologic damage or even
foetal death [1, 2]. However, despite its usefulness for obstetri-
cians, the problem of EFM is its poor predictive value. It often
lacks specificity leading to unnecessary interventions that
increase caesarean delivery and operative vaginal delivery
rates [1–4]. Moreover, there is often disagreement between
obstetricians analysing FHR traces, since the interpretation
is usually performed by means of a visual inspection, which
obviously lacks objectivity and reproducibility [5, 6]. In recent
years, hence, interest has grown in how to recognize changes
in FHR thatmight predict more accurately foetal distress. For
example, in order to overcome the subjective nature of FHR

interpretation, several attempts have been made to automate
the diagnosis of the foetal status and many computerised
algorithms have been developed to assess FHR parameters
[1, 6–10].

Independently of the recording methods, the main FHR
morphologic characteristics and parameters observed by
physicians for foetal health evaluation are FHR mean value
(which is related to week of gestation), baseline of the FHR,
acceleration’s rate and shape, deceleration’s rate and shape,
and FHR variability (FHRV) [11–15]. Among these, FHRV
is probably the most important one, since it reflects the
activity of autonomic nervous system (ANS) in the foetus
who is growing and developing [1, 16–19], although the exact
contributions of the two branches of theANS are still object of
investigation even in adult subjects [20]. The study of FHRV,
often referred to as the beat-to-beat fluctuations of the FHR
signal, could be, like for heart rate variability (HRV) of adult
subjects, a base for a more powerful, detailed, and objective
FHR analysis and for better knowledge of ANS reactions and
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its development [11, 16, 21–24].With respect to the first studies
[25, 26], nowadays, the knowledge of FHRV is improved, so
that different ranges of variability can be identified in order to
classify FHR recordings [27] and its assessment employed to
evaluate foetal reactivity andwellbeing in nonstress condition
[28]. Even though the presence of good variability may not
always be, by itself, a certain sign of reassuring FHR signal
(corresponding to a well-oxygenated foetus), most clinicians
agree that minimal or absent variability could be an indicator
of foetal distress [28–30].

Due to its recognized importance, a large number of
new analysis methods have been enforced to obtain more
objective and quantitative measures of FHRV [31, 32]. Tra-
ditionally, as HRV of adult subjects, FHRV can be studied
both in time (statistical indexes) and in frequency (spectral
indexes) domain. In the time domain, Short Term Variability
(STV) indexes and Long Term Variability (LTV) indexes
are usually distinguished. In the frequency domain, different
methods have been employed to estimate the power spectral
density (PSD), which is widely considered the index that best
covers all the information of the heart rate series. However,
since FHRV signal shows a nonstationary behaviour, the
time-frequency analysis of the FHRV is generally employed
[1, 22, 33–39]. As far as time domain analysis (TDA) is
concerned, it could present some limitations because it
mainly relies on statistical measurements, so it can only
describe the magnitude of the variability around an aver-
age value, without providing further information about the
physiologicalmechanisms involved [40, 41]. Some limitations
have been also shown for the frequency domain analysis
(FDA) since it is generally sensitive to artifacts [42] and
can provide information only about periodical fluctuations
of the heart rate rhythm, without inspecting other possible
nonperiodic trends embedded in the variability signal [40,
41]. In order to overcome these limitations and also to inves-
tigate and improve risk stratification, during the last decades,
techniques analysing nonlinear dynamics, such as symbolic
dynamics, approximate entropy, and fractal analysis, have
been employed both in adults and in foetuses, even if, at the
moment, none appears to be predominant and completely
satisfying [26, 43, 44].

TDA and FDA hence remain the most used methods of
HRV and FHRV analysis also due to their simplicity and
higher acceptance in clinical environments. Nevertheless, a
standardized definition of FHRV is still lacking and subject
to changes and updates. Traditional analysis lack of stan-
dardized methods for computing time or frequency domain
indexes and the relationship between FHRV and foetal
growth is actually not completely clear andmost of the studies
inspecting this issue are by now rather old [52, 54, 71, 72].

This works aims to compare some common indexes
of TDA and FDA, employing both real and artificial FHR
signals.

To get this objective, we firstly introduce a brief report
on themost relevant literature works about traditional FHRV
analysis, focusing the attention on those studies based on the
computation of the STV, as a time domain index, and on the
power of the FHRV in different frequency bands.

Then, through the use of simulated FHR signals, we define
the methodology to be employed for the estimation of the
chosen indexes for FDA.

Finally, we apply the time and frequency indexes to the
analysis of real FHR recordings in order to assess the capa-
bility of these indexes to correlate with foetal development
during gestation and with foetal state and to provide an
overview of their reference values.

2. Literature Report

2.1. Spectral Analysis of FHRV: A Brief Literature Report. The
study of biologic signals in the frequency domain can offer
deeper knowledge of their behaviour. In adults and foetuses,
the spectral analysis permits estimating the power of the
periodic HR fluctuations and it represents a noninvasive
and powerful tool to understand ANS functional state and
reactions [28].

After the study of Akselrod et al. [73], which intro-
duced the power spectral analysis of short term heart rate
fluctuations as a noninvasive quantitative probe of beat-to-
beat cardiovascular autonomic control, FDA has been widely
performed to point out the relation between the ANS activity
and low frequency and high frequency bands, whose power
content reflects changes of sympathetic and vagal activity
[24, 26, 61]. Besides, changes in power distribution have been
recognized as predictors of foetal distress, both in antepartum
and in intrapartum periods [65, 74]. The work of Padhye et
al. [19] investigated the correlation of power in LF (computed
using the Lomb periodogram) and HF bands and noted an
increasing trend of the power with gestational age. In their
study, van Laar et al. [63] used fast Fourier transform to
calculate the FHRV spectral power in LF and HF bands in
order to compare spectral values between near term and
postterm foetuses and found a sympathetic predominance in
foetuses near term during active state, but an increased vagal
modulation in postterm foetuses during rest state. According
to Kwon et al. [4], changes in spectral power corresponding
to a low pH are different between term and preterm foetuses,
confirming a correlation between frequency indexes and
gestational age.

Despite these interesting and important clinical results,
problems in interpretation and comparison arise because
literature works employ different frequency analysis method-
ologies, use discordant measure units for the PSD, and
show disagreement about the frequency bands of the FHRV
spectrum [36, 75], even if most of the literature agrees
that, like the case for adult subjects, three bands can be
detected in the FHR power spectrum: a very low frequency
(VLF)band, which seems to be related to thermoregulation
mechanisms [12, 67]; a low frequency (LF) band, which is
mainly associated with the sympathetic branch activity and
is an indicator of foetal development and wellbeing [54, 67];
a high frequency (HF) band, which reflects the respiratory
activity and the vagal stimulation [38, 45, 47, 49, 61].

In order to clarify the definition of frequencies bands,
a study of literature was conducted, involving about eight
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Table 1: Literature overview of FHRV spectral bands.

Reference First author Year VLFl VLFu LFl LFu MFl MFu HFl HFu
[45] Divon 1985 0.70 0.95
[38] Cerutti 1989 0.00 0.03 0.04 0.15 0.20 0.40
[46] Ferrazzi 1989 0.70 0.90
[47] Karin 1992 0.60 0.80
[48] Metsälä 1993 0.025 0.069 0.07 0.129 0.13 1.00
[16] Sibony 1994 0.02 0.05 0.05 0.15 0.15 0.50
[49] Oppenheimer 1994 0.00 0.20 0.70 0.95
[50] Groome 1994 0.00 0.04 0.04 0.20 0.20 2.50
[17] Sibony 1995 0.02 0.04 0.04 0.16 0.16 0.30
[18] Sibony 1995 0.20 0.50
[51] Rassi 1995 0.07 0.12 0.56 1.10
[52] Kimura 1996 0.00 0.30
[53] Moczko 1998 0.01 0.10 0.60 1.00
[54] Ohta 1999 0.06 0.31 0.30 0.50
[55] Rantonen 2000 0.03 0.07 0.07 0.13 0.13 1
[56] Zhuravlev 2002 0.05 0.05 0.20 above 0.2
[57] Magenes 2002 0.04 0.15 0.15 0.50 0.50 1.00
[43] Signorini 2003 0.00 0.30 0.03 0.15 0.15 0.50 0.50 1.00
[58] Van Leeuwen 2003 0.04 0.15 0.15 0.40
[19] Padhye 2004 0.05 0.25 0.25 1.00
[59] Yum 2004 0.04 0.15 0.15 0.40
[60] Siira 2005 0.04 0.15 0.15 1.00
[61] David 2006 0.01 0.08 0.08 0.20 0.40 1.50
[62] Tsoulos 2006 0.00 0.03 0.03 0.15 0.15 0.50 0.50 1.50
[36] David 2007 0.02 0.08 0.08 0.20 0.20 0.40 0.40 1.70
[63] van Laar 2009 0.04 0.15 0.40 1.50
[64] Schneider 2009 0.02 0.08 0.08 0.20 0.40 1.70
[4] Kwon 2012 0.04 0.15 0.15 0.50 0.50 1.00
[65] Warrick 2012 0.03 0.15 0.15 0.50
[66] Reinhard 2012 0.04 0.15 0.15 0.40
[67] Gonçalves 2013 0.00 0.03 0.03 0.15 0.15 0.50 0.50 1.00
[68] Van Laar 2013 0.04 0.15 0.40 1.50
[69] Van Leeuwen 2014 0.08 0.20 0.40 1.70
Results from the studied literature works (listed in chronological order) on FHRV spectral bands (l and u indicate, resp., the lower and upper limit of each band).

hundred literature works concerning foetal monitoring, pub-
lished between 1983 and 2013. Among these, only a hundred
works are directly related to frequency analysis and only
about thirty works gave details about the three bands; the
major disagreement is about the VLF band. Some researchers
identifies the VLF band in the range from 0 to 0.03Hz, while
others consider VLF band ranging from 0 to 0.04Hz or from
0 to 0.05Hz [12, 50, 56, 67]. Furthermore, some authors
introduce amiddle frequency (MF) band in the range of 0.15–
0.5Hz or 0.2–0.4Hz [36, 43].

A concise overview of different literature works focused
on the computation of the FHRV spectral bands and corre-
sponding power content is shown, respectively, inTables 1 and
2. Empty cells are due to the absence of data in the original
papers.

2.2. STV in Foetal Monitoring: A Brief Literature Report. As
mentioned, in the time domain, Short TermVariability (STV)

indexes and Long Term Variability (LTV) indexes are usually
distinguished.The former, also according to FIGO guidelines
[76], refer to the continuous small changes in difference
between successive interbeat intervals, which occur under
physiological conditions. These minimal oscillations cannot
be reliably interpreted by the naked eye; furthermore, a
correspondent shared mathematical definition is lacking, so
that this important parameter has lost part of its relevance
and in some more recent guidelines it is not even considered
but they speak broadly of variability, referring implicitly to
the amplitude of FHR signal and without differentiating by
LTV, since in practice they are visually determined as a unit
[14, 77, 78].

When a computerised system is available, different
indexes are used, many of which are borrowed from studies
concerning adult heart rate. Among them there are Root
Mean Square Successive Difference (RMSSD), that is, the



4 Computational and Mathematical Methods in Medicine

Table 2: Literature overview of FHRV power values.

Reference First author Year VLF LF MF HF Measure unit Foetal state

[38] Cerutti 1989

27.30 9.30 44.20 % Breathing
69.20 25.30 2.60 % Nonbreathing
8.10 2.80 10.20 ms2 Breathing
75.40 27.60 2.90 ms2 Nonbreathing

[50] Groome 1994

35.6 ± 15.3 28.6 ± 10.7 35.8 ± 13.2 % Breathing
30.9 ± 11.6 28.6 ± 9.5 40.5 ± 13.9 % Nonbreathing
0.9 ± 0.67 0.62 ± 0.37 0.77 ± 0.29 ms2 Breathing
0.4 ± 0.43 0.33 ± 0.24 0.42 ± 0.21 ms2 Nonbreathing

[43] Signorini 2003

324 ± 174 28 ± 26 ms2 Active
123 ± 95 16 ± 9 ms2 Quiet

31.10 56.84 8.37 0.18 % Active
33.9 ± 15.7 48.3 ± 18.1 12.4 ± 5.6 1.27 ± 1.31 % Quiet

[59] Yum 2004 100.5 ± 6.3 15.5 ± 0.9 ms2

[63] van Laar 2009

0.8 ± 0.08 0.07 ± 0.03 % Active
0.69 ± 0.1 0.14 ± 0.06 % Quiet
429 ± 410 21.3 ± 7.3 ms2 Active
92 ± 79.9 10.5 ± 5.3 ms2 Quiet

[70] Ferrario 2009 274.82 ± 234.41 136.76 ± 84.21 19.13 ± 10.93 4.8 ± 3.61 ms2

83.82 ± 4.79 12.26 ± 2.51 3.93 ± 2.55 %
[69] Van Leeuwen 2014 45 ± 43 24 ± 12 ms2

Results from the studied literature works (listed in chronological order) on FHRV power estimation.

square root of the mean squared differences of successive RR
intervals, and pNN50, that is, the percentage of differences
between following RR intervals greater than 50ms [26, 79].
The LTV, instead, refer to fluctuations in the FHR over
seconds, such as SDNN-Index, that is, the mean of the 5-
minute standard deviation of the NN interval (normal to
normal interval) calculated over 24 h, and SDANN, that is,
the standard deviation of the average NN interval calculated
over short periods [26].

In clinical practice, beat-to-beat indexes are often pre-
ferred since a good beat-to-beat variability is widely accepted
as a significant index to assess foetal wellbeing, since a
good beat-to-beat variability is a reliable indicator of a
healthy foetal ANS [80]. Hence, many studies in time
domain attempted to compute indexes for quantifying STV
in foetuses by using very different techniques and methods
(modification of the mean, standard deviation (SD), slope
changes, and varying epoch lengths) [81]. The lack of a
unique standardized methodology along with the fact that
STV formulas, usually based on ECG, are often applied
without any adaptation to the ultrasound technique makes
the comprehension of the measure and the comparison
between two or more indexes very difficult [79].

Despite the lack of standardization, STV is broadly
employed. For example, Short Term Variability was found to
be a good predictor of Apgar scores by Ayres-De-Campos et
al. [82]. D’Elia et al. [83] analysed healthy term foetuses sub-
jected to vibroacoustic stimulation bymeans of computerised
CTG and found a statistically significant increase in foetal
movements, acceleration rates, and STV with foetal activity.
In their work, Serra et al. [84] examined the clinical value

of the STV in the timing of the delivery of severely growth-
retarded foetuses and confirmed that the STV can assess
the condition of foetuses with severe intrauterine growth
restriction (IUGR) and that it is an important marker of
perinatal outcome in severely growth-retarded foetuses. Also
Galazios et al. [85] have rather recently observed that STV
value is associated with foetal distress and, more recently,
the study of Annunziata et al. [86] evaluated the impact of
vibroacoustic stimulation on STV of CTG recordings in low
and high risk pregnancies and noted that an increase in STV
is significantly associated with good perinatal outcome.

Finally, Cesarelli et al. [79] proposed a comprehensive
study on nine different mathematical indexes utilised to
compute STV fromCTG recordings, testing their robustness,
sensitivity, and dependence on other parameters (FHR stor-
age rate, FHR mean value, etc.) and demonstrated that the
SD index, computed after floating line extraction, provides
efficient information and is independent of the considered
variables.

3. Methods

3.1. Data Collection. Real CTG traces were recorded by
healthy pregnant women during the clinical practice, using
commercially available cardiotocographs (HP-135x or Soni-
caid). Five hundred and eighty recordings, lasting on average
more than 25 minutes, recorded from women between the
24th and the 42nd gestation weeks, were considered for the
study. Gestational age was determined from the last menstru-
ation date or from ultrasound measurements executed in the
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first trimester of pregnancy.The database was completedwith
other pieces of clinical information of patients and newborns.
All patients gave their informed consent to participate in the
research concerning foetal monitoring.

CTG signals were processed by software previously devel-
oped by the authors [7, 84]. Firstly, they were preprocessed
by means of a software [10, 84] which processes signals in
output from the cardiotocographs in order to recognize signal
tracts having good and bad quality (these last including tracts
of signal loss); for each segment of good quality, recover the
real uneven FHR series when CTG output is evenly spaced
(case of HP/Philips cardiotocographs) [87] and detect and
process outliers [88]; interpolate signal tracts of poor quality
(according to an index provided by the equipment) or signal
loss which last maximum 3 s, in order to avoid an excessive
fragmentation of the signal.

In this way, all CTG signals available for further process-
ing have the same characteristics and are unevenly sampled
(in correspondence with the real heart beat) regardless of the
equipment employed for their recording, hence regardless of
the acquisition and sampling mode.

3.2. CTG Simulation. Like it is known, real FHR signals
are affected by a considerable amount of variability and
complexity, because of relationships, complicated and not yet
fully known, among the different physiological mechanisms
involved in heart rate regulation. Hence, in order to have
available signals with characteristics known a priori, artificial
CTG signals were employed for the analysis carried out
in order to define an adequate methodology for FHRV
evaluation.

According to previous works [79, 89, 90], an artificial
uneven RR series with specific power spectrum characteris-
tics, proper for FHR, was firstly generated. In particular, we
set central frequencies of the spectral bands, the bandwidths,
and the ratio between power of low and high frequency
bands. Then, in line with the operations made by the car-
diotocographs which detect heart beats (bymeans of Doppler
technique), compute interbeats distances series, and then
reversing it get the FHR signal, this last one was computed as
FHR= 60/RR, fixing FHRmean value and standard deviation
of its peak-to-peak amplitude. After that, acceleration rates
and deceleration rates with different amplitude and duration
were simulated by using Gaussian-like signal tracts (for a
more detailed explanation about how these synthetic signals
were generated, please refer to previous works of the authors
[79, 89, 90] and see Figure 1 for an example).

Our final simulated signals, hence, are in principle similar
to those obtained with ultrasound technique [90].

The software for generating artificial CTG signals, as well
as that for signal processing employed for his work, was
developed using MATLAB R2011a [10].

3.3. FHRV Estimation. Previously, we proposed definition of
FHRV as difference between FHR signal and its floating line
[10, 12]. Of course, for FHRV assessment, the floating line
has to be correctly estimated, so that we proposed also a
procedure, using spline nonlinear filtering, developed to this
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Figure 1: Synthetic FHR. Example of FHR artificially generated
according to a procedure previously developed and published.

aim (the methodology has been recently updated, and results
are submitted but not yet published).

Here, as further test, we compared the mean frequency
spectrum computed on 30 simulated FHRV signals obtained
with twodifferentmethodologies: bymeans of the application
of our procedure for floating line estimation or simply as
a result of the detrend operation, often employed in the
literature [16, 55, 59, 63, 67]. (Let us remember that detrend
is an operation which removes the linear trend from a signal;
in Matlab it is a default function.)

3.4. Frequency Domain Indexes. We estimated FHRV as
explained in Section 3.3 and considered for this signal LF
(0.05–0.2Hz) and HF bands (0.2–1Hz); then, as VLF band,
we computed the power spectral density (PSD) of the floating
line.

Because of the nonstationarity of FHR and hence of
FHRV, PSD was estimated by means of the Short Time
Fourier Transformation [10], themethodology stillmore used
for its simplicity, using a sliding Hamming window of 32 s
[34, 47]. This window is shifted sample by sample and a
new PSD is computed each time [35]. To be able to use
the STFT, the FHR signal was previously interpolated (4Hz
sampling rate) by means of cubic interpolation, which has
been demonstrated to reduce the error introduced [37].Then,
by means of a simple integral rule, we have computed the
power values, absolute (called𝑃LF,𝑃HF), and percentage, with
respect to the total power (called LF%, HF%), in the bands
defined above. Further, the sympathovagal balance (SVB)
index, which is an important index that reflects the relations
between vagal and sympathetic branches of theANS [26], was
computed as ratio between 𝑃LF and 𝑃HF. Finally, using the
samemethodology, we computed 𝑃VLF (and VLF%) as power
of PSD of the floating line (using a commercial personal
computer with a processor i5-3337U@1.8GHz and RAM of
8GB, the computation requires about 4 s for a CTG signal of
more than 2 hours of length and about 10 s when also a 3D
representation of the PSD is required).

3.5. Time Domain Indexes. As index of variability in time
domain, we chose STV for its importance in monitoring of
foetal health, since it is related to regulation mechanisms
elicited by ANS activity [84, 86], as already mentioned in
the previous sections. In agreement with a previous study of
the authors, we assessed STV as standard deviation of the
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Figure 2: Foetal states. Example of FHR recorded from a foetus in an active state (a) and a foetus at rest (b) WG: week of gestation.
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Figure 3: FHRVpower spectrum.Meanpower spectrumof FHRVcomputed using detrend (a) andmeanpower spectrumof FHRVcomputed
after floating line subtraction (b). In the oval (a), the part of VLF band modified by a residual of VLF band.

FHRV, obtained after subtraction of the floating line from the
FHR signal [79]. In order to enrich the available information,
without worsening the computational complexity, the calcu-
lation is carried out on sliding windows of length𝑀 (with𝑀
covering 30 s), with an overlap of𝑀 − 1 samples [10]; then,
to provide an overall STV index of the signal, the mean of all
STV values is computed (the computation and the graphical
representation require about 8 s for aCTG signal ofmore than
2 hours of length, using the same personal computer utilised
for FDA).

3.6. Week of Gestation and Foetal State. To test time and
frequency indexes, we chose to verify their relationship with
the week of gestation, the most simple indicator of foetal
growth, and the foetal state.

It is known that foetal behavioural states have a great
importance in influencing FHR patterns. However, the exact
recognition of the foetal state is not a simple task, since
respiratory acts, eyes closure and opening, just to name some
aspect, should be simultaneously detected by ultrasound
imaging. Hence, according to the literature [36, 63], for CTG
recorded from 30th week of gestation onward, we defined
active or resting foetal state. In particular, we classified a FHR
signal as recorded from a foetus in active state if, at visual
inspection, it showed a good variability (at least equal to
5 bpm) and at least two acceleration rates in 20 minutes of
recording. If the signal showed low variability and absence of

acceleration rates, the foetus was classified as at rest. Doubt
cases were excluded from the analysis.

In Figure 2, examples of FHR signals classified as active
and rest are shown ((a) and (b), resp.).

3.7. Statistical Analysis. For all indexes studied, we analysed
the correlation with week of gestation by means of regression
lines (a polynomial quadratic curve was considered).

Besides, we tested the ability of these indexes to differ-
entiate active from rest foetal state by means of the Mann-
Whitney test, because of the non-Gaussian distribution of
data.

4. Results

4.1. FHRV Mean Spectrum. In order to verify which is the
more appropriate operation for FHRV estimation, detrend or
floating line subtraction, in Figures 3(a) and 3(b), we show
results of the frequency analysis conducted on simulated FHR
signals.

It is clear that when the detrend operation is used
(Figure 3(a)), a residual of VLF component appears superim-
posed on LF component. Of course, that can alter power com-
putation and results of sympathovagal balance estimation.

4.2. Foetal State. In Table 3, the results of the Mann-Whitney
test carried out for all tested indexes are shown; they concern
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Table 3: Results of the Mann-Whitney test.

Rest
# CTG:

55

Activity
# CTG:
384 Mann-Whitney 𝑈 𝑝

Median value
DT STV 1.74 2.80 1850 ∗∗∗∗

DF

𝑃VLF 11.3 44.7 1366 ∗∗∗∗

𝑃LF 3.22 7.87 2123 ∗∗∗∗

𝑃HF 0.41 0.99 2526 ∗∗∗∗

𝑃tot 15.8 55.5 958 ∗∗∗∗

SVB 8.20 8.54 11124 ns
VLF% 76.5 83.4 7196 ∗∗∗∗

LF% 20.2 14.4 7291 ∗∗∗∗

HF% 2.56 1.73 7348 ∗∗∗

∗∗∗ for 𝑝 < 0.001 that is statistically highly significant; ∗∗∗∗ for 𝑝 ≤
0.0001; ns for not significant.
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Figure 4: STV trend. Short Term Variability values and regression
curve with week of gestation.

the comparison between foetuses at rest (55 CTG recordings)
and active foetuses (384 CTG).

4.3. FHRV Indexes. Since all indexes, except SVB, resulted
significantly differently in active state with respect to rest
state, in Tables 4 and 5 we report ranges (minimum and
maximum value) of all indexes here analysed and their mean
and SD, computed on real FHR, separately for the two foetal
states.

4.4. Foetal Development. In Figures 4–7, as examples, the
trends with the pregnancy course of average values of some
analysed indexes are depicted and in Table 6 values of
coefficient of determination (𝑅2) are shown for all indexes
here analysed. In this case, the analysis is carried out without
distinguishing foetal states that are not defined early in
pregnancy.
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5. Conclusions

In this paper, firstly we provided an overview of the literature
concerning the use of some traditional indexes. It is a concise
overview but, at the best of our knowledge, it is the first
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Table 4: Values ranges of all indexes.

STV [bpm] 𝑃VLF [bpm
2] 𝑃LF [bpm

2] 𝑃HF [bpm
2] 𝑃tot [bpm

2] SVB VLF% LF% HF%
Mean 1.80 14.72 3.57 0.47 18.76 8.37 74.04 22.40 3.23
SD 0.42 10.32 1.93 0.24 10.78 3.85 14.24 12.13 2.93
Minimum 1.13 1.79 0.85 0.16 4.31 1.91 31.10 5.40 0.43
Maximum 2.88 46.46 9.49 1.44 50.89 19.21 94.18 64.87 17.02
Rest foetal state [55 CTG].

Table 5: Values ranges of all indexes.

STV [bpm] 𝑃VLF [bpm
2] 𝑃LF [bpm

2] 𝑃HF [bpm
2] 𝑃tot[bpm

2
] SVB VLF% LF% HF%

Mean 2.90 52.39 9.04 1.24 62.50 8.53 81.31 16.19 2.41
SD 0.78 30.12 4.64 0.94 31.36 3.62 10.06 8.31 2.28
Minimum 1.53 11.20 2.05 0.20 15.65 1.92 38.67 2.68 0.26
Maximum 5.77 179.64 27.09 5.61 189.59 20.64 97.06 47.88 16.42
Active foetal state [384 CTG].

Table 6: Values of the coefficients of determination (𝑅2).

STV 𝑃VLF 𝑃LF 𝑃HF 𝑃tot SVB VLF% LF% HF%
0.72 0.51 0.67 0.69 0.57 0.38 0.12 0.16 0.03

time that so many quantitative indications and results are
compared (Tables 1 and 2).

In the review section, we reported just some clinical
results (being this aspect out of the main aim of the work
and already treated in the literature [75]) and we neglected
the choice of the methodology to compute PSD, since in
a previous work we compared three methodologies and
obtained not so different results. So, we focused on the
definition of FHRV (since a FHRV definition shared and
mathematically translatable is still missing) and frequency
bands.

As here shown, about the frequency spectrum, although
there is agreement in considering three main bands, VLF, LF
and HF, and aMF when a more detailed analysis is necessary,
even the same author or authors of the same research group
employ different bands limits in theirworks (Table 1). Besides,
frequency analysis is often carried out without providing
power values and, in case, a large variability is present among
different papers (Table 2), so that a comparison is quite
difficult.

Furthermore, it is worth underlying that the analyses are
very often carried out starting from RR intervals, maybe for
historical reasons or for “continuity” with studies involving
adult subjects. Nevertheless, ECG is not yet so diffused in
clinical routine for difficulty in signal processing (in case of
recording through maternal abdomen) or ethical reasons (in
case of direct fECG), whereas clinicians are used to analyse
FHR signal, measured in beats per minute (bpm).

For these reasons, we prefer to process FHR signal
(without converting it into RR signal) and propose definition
of FHRV as the difference between FHR and floating line.
Preliminary results here shown (Figure 3) confirmed the
usefulness of this methodology. About PSD computation, in

previous works [34, 37], we used the Lombmethodwhich can
be applied directly on uneven series; however, it has too long
computational time by losing an advantage of the frequency
analysis that can be used, if desired, also for real-time analysis;
therefore, for successive as well as for this work we employed
STFT. Furthermore, comparing different papers and taking
into account experimental results obtained on our database,
we decided to define for FHR signals the following bands
limits: 0–0.05Hz for VLF; 0.05–0.2Hz for LF; and 0.2–1Hz
for HF.

Once defined details of the procedure are to be employed,
through a retrospective study on a very large amount of CTG
data recorded during physiological pregnancies (439 signals
whereas most papers report results computed on a much
smaller number of signals), we provided range of values of
all frequency indexes here considered (differentiated on the
basis of the foetal state, Tables 4 and 5). Some of them show
high values of SD that put in evidence the high intersubject
variability, even in healthy foetuses.

About STV index, the literature is even in more dis-
agreement and we did not find reference values to report in
our brief summary. However, we limited our analysis to a
literature overview of the main results obtained in its clinical
use since previously we already analysed different mathe-
matical formula employed for its assessment and proposed a
new evaluation methodology. By means of this methodology,
we computed its value in healthy foetuses and for week of
gestation. It, on average, resulted in increase with gestational
age (Figure 4), according to the literature [91], and is very
different in rest or active foetal state.

Then, we carried out a statistical analysis to test the
correlation between the different indexes employed and the
foetal growth (week of gestation).

Regression analysis showed that, on average, only some
indexes can represent foetal growth in a satisfying way (𝑅2
about 0.7, Table 6). Moreover, although a reliable comparison
is rather difficult, because of the significant differences in
employed methodologies and in a general lack of details
provided, as proved here and in the literature [75], they are
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substantially consistent with others. Absolute LF power and
HF power, for example, (Figure 5), increase with gestational
age but decrease their growth rate towards the end of preg-
nancy [58, 61]. With regard to the VLF, we do not have clear
literature results with which wemake a comparison; however,
we may observe that the power in this band increases with
week of gestation (Figure 6) and this is coherent with the
increase of foetal movements and acceleration rates [61, 92]
(let us remember that we computed 𝑃VLF as power of the
floating line which, in turn, includes acceleration rates and
deceleration rates). Besides, its value represents the most of
the total power so that the two indexes have an equivalent
behaviour both with gestational age and with regard to foetal
state.We can observe also that in the last weeks of gestation all
powers change really little (both in absolute and percentage
values), confirming the almost ended development of the
SNA (further modifications will concern the adaptation to
postnatal life).

The trend of SVB (Figure 7) is an exception but it is
not a surprising result. Its value decreases with gestational
age, coherently with the literature [36, 56, 61], and with the
increase of HF band, related to development of the vagal
branch.

Finally, about the foetal state, almost all indexes appeared
to be able to separate the two groups (Table 3).

The findings we get in this work lead us to say, in
accordance with the literature [63, 75], that standardization
of FHRV assessment is necessary and that, since foetal state
and gestational age can strongly affect results, it is not possible
to process FHR signals regardless of these conditions.
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References

[1] E. Salamalekis, P. Thomopoulos, D. Giannaris et al., “Com-
puterised intrapartum diagnosis of fetal hypoxia based on
fetal heart rate monitoring and fetal pulse oximetry recordings
utilising wavelet analysis and neural networks,” BJOG: An
International Journal of Obstetrics & Gynaecology, vol. 109, no.
10, pp. 1137–1142, 2002.

[2] A. M. Vinitzleos, A. Antsaklis, I. Varvarigos, C. Papas, I.
Sofatzis, and J. T. Montgomery, “A randomized trial of intra-
partum electronic fetal monitoring versus intermittent auscul-
tation,”Obstetrics&Gynecology, vol. 81, no. 6, pp. 899–907, 1993.

[3] S. L. Clark and G. D. V. Hankins, “Temporal and demographic
trends in cerebral palsy—fact and fiction,” American Journal of
Obstetrics and Gynecology, vol. 188, no. 3, pp. 628–633, 2003.

[4] J. Y. Kwon, I. Y. Park, J. C. Shin, J. Song, R. Tafreshi, and J. Lim,
“Specific change in spectral power of fetal heart rate variability
related to fetal acidemia during labor: comparison between
preterm and term fetuses,” Early Human Development, vol. 88,
no. 4, pp. 203–207, 2012.

[5] R. Mantel, H. P. Van Geijn, I. A. P. Ververs, G. J. Colenbrander,
and P. J. Kostense, “Automated analysis of antepartum fetal heart
rate in relation to fetal rest-activity states: a longitudinal study
of uncomplicated pregnancies using the Sonicaid System 8000,”
European Journal of Obstetrics Gynecology & Reproductive
Biology, vol. 71, no. 1, pp. 41–51, 1997.

[6] J. Bernardes, A. Costa-Pereira, D. Ayres-De-Campos, H. P. Van
Geijn, and L. Pereira-Leite, “Evaluation of interobserver agree-
ment of cardiotocograms,” International Journal of Gynecology
and Obstetrics, vol. 57, no. 1, pp. 33–37, 1997.

[7] G. Improta, M. Romano, F. Amato, M. Sansone, and M.
Cesarelli, “Development of a software for automatic analysis
of CTG recordings,” in Proceedings of the 3rd Congress Gruppo
Nazionale Bioingegneria (GNB ’12), Paper no. 69, Rome, Italy,
2012.

[8] J. Pardey, M. Moulden, and C. W. G. Redman, “A computer
system for the numerical analysis of nonstress tests,” American
Journal of Obstetrics and Gynecology, vol. 186, no. 5, pp. 1095–
1103, 2002.

[9] R. M. Grivell, Z. Alfirevic, G. M. L. Gyte, and D. Devane,
“Antenatal cardiotocography for fetal assessment,” Cochrane
Database of Systematic Reviews, no. 1, Article ID CD007863,
2010.

[10] M. Romano, P. Bifulco, M. Ruffo, G. Improta, F. Clemente,
and M. Cesarelli, “Software for computerised analysis of car-
diotocographic traces,” Computer Methods and Programs in
Biomedicine, vol. 124, pp. 121–137, 2016.

[11] M. Romano, P. Bifulco, M. Cesarelli, M. Sansone, and M.
Bracale, “Foetal heart rate power spectrum response to uterine
contraction,”Medical and Biological Engineering & Computing,
vol. 44, no. 3, pp. 188–201, 2006.

[12] M. Cesarelli, M. Romano, G. D’Addio et al., “Floatingline
estimation in FHR signal analysis,” in 5th European IFMBECon-
ference, 14, Budapest, Hungary, vol. 37 of IFMBEProceedings, pp.
179–182, 2011.

[13] A. Sweha, T. W. Hacker, and J. Nuovo, “Interpretation of
the electronic fetal heart rate during labor,” American Family
Physician, vol. 59, no. 9, pp. 2487–2500, 1999.

[14] National Institue of Child Health and Human Development
Research PlanningWorkshop, “Electronic fetal heart ratemoni-
toring: research guidelines for interpretation,”American Journal
of Obstetrics & Gynecology, vol. 177, no. 6, pp. 1385–1390, 1997.

[15] Royal College of Obstetricians and Gynaecologists, The Use
of Electronic Fetal Monitoring. The Use and Interpretation of
Cardiotocography in Intrapartum Fetal Surveillance, vol. 8 of
Evidence-Based Clinical Guideline, Royal College of Obstetri-
cians and Gynaecologists, 2001.

[16] O. Sibony, J.-P. Fouillot, M. Benaoudia et al., “Quantification
of the fetal heart rate variability by spectral analysis of fetal
well-being and fetal distress,” European Journal of Obstetrics and
Gynecology and Reproductive Biology, vol. 54, no. 2, pp. 103–108,
1994.

[17] O. Sibony, J. P. Fouillot, D. Luton, J. F. Oury, and P. Blot, “Effects
of neuromuscular blockade on fetal heart rate variability: a
power spectrum analysis,” Journal of Applied Physiology, vol. 79,
no. 1, pp. 63–65, 1995.



10 Computational and Mathematical Methods in Medicine

[18] O. Sibony, J.-P. Fouillot,M. Bennaoudia,D. Luton, P. Blot, andC.
Sureau, “Spectral analysis of fetal heart rate in flat recordings,”
Early Human Development, vol. 41, no. 3, pp. 215–220, 1995.

[19] N. S. Padhye, A. Brazdeikis, and M. T. Verklan, “Monitoring
fetal development withmagnetocardiography,” in Proceedings of
the 26th Annual International Conference of the IEEE EMBS, San
Francisco, Calif, USA, 2004.

[20] G. E. Billman, “Heart rate variability-a historical perspective,”
Frontiers in Physiology, vol. 2, article 86, 2011.

[21] D. Hoyer, E. Heinicke, S. Jaekel et al., “Indices of fetal
development derived from heart rate patterns,” Early Human
Development, vol. 85, no. 6, pp. 379–386, 2009.

[22] M. Cesarelli, M. Romano, M. Ruffo, P. Bifulco, and G. Pasquar-
iello, “Foetal heart rate variability frequency characteristics with
respect to uterine contractions,” Journal of Biomedical Science
and Engineering, vol. 3, no. 10, pp. 1014–1021, 2010.

[23] M. Romano, M. Cesarelli, P. Bifulco, M. Sansone, and M.
Bracale, “Development of an algorithm for homogeneous FHR
signals identification,” in Proceedings of the 2nd European
Medical and Biological Engineering Conference (EMBEC ’02),
vol. 2, p. 1542, Vienna, Austria, December 2002.

[24] C. M. A. Van Ravenswaaij-Arts, L. A. A. Kollee, J. C. W.
Hopman, G. B. A. Stoelinga, and H. P. Van Geijn, “Heart rate
variability,” Annals of Internal Medicine, vol. 118, no. 6, pp. 436–
447, 1993.

[25] E. H. Hon and S. T. Lee, “Electronic evaluations of the fetal
heart rate patterns preceding fetal death, further observations,”
American Journal of Obstetrics & Gynecology, vol. 87, pp. 814–
826, 1965.

[26] Task Force of the European Society of Cardiology and theNorth
American Society of Pacing andElectrophysiology, “Guidelines,
heart rate variability, standards of measurement, physiological
interpretation, and clinical use,” European Heart Journal, vol. 17,
pp. 354–381, 1996.

[27] K. P. Williams and F. Galerneau, “Fetal heart rate parameters
predictive of neonatal outcome in the presence of a prolonged
deceleration,” The American College of Obstetricians and Gyne-
cologists, vol. 100, no. 5, part 1, pp. 951–954, 2002.

[28] M. Romano, M. Bracale, M. Cesarelli et al., “Antepartum car-
diotocography: a study of fetal reactivity in frequency domain,”
Computers in Biology and Medicine, vol. 36, no. 6, pp. 619–633,
2006.

[29] A. M. Ponsiglione, M. Romano, G. Improta, P. Bifulco, D. G.
Addio, and M. Cesarelli, “Symbolic dynamics analysis as a
tool for assessing foetal heart rate variability,” in Congresso del
GruppoNazionale di Bioingegneria (GNB ’14), PaperM-36, 2014.

[30] G. S. Dawes, M.Moulden, and C.W. G. Redman, “System 8000:
computerized antenatal FHR analysis,” Journal of Perinatal
Medicine, vol. 19, no. 1-2, pp. 47–51, 1991.

[31] H. Cao, D. E. Lake, J. E. Ferguson, C. A. Chisholm, M. P.
Griffin, and J. R.Moorman, “Toward quantitative fetal heart rate
monitoring,” IEEE Transactions on Biomedical Engineering, vol.
53, no. 1, pp. 111–118, 2006.

[32] D. Cysarz, P. Van Leeuwen, and H. Bettermann, “Irregularities
and nonlinearities in fetal heart period time series in the course
of pregnancy,” Herzschrittmachertherapie und Elektrophysiolo-
gie, vol. 11, no. 3, pp. 179–183, 2000.

[33] P. Laguna, G. B.Moody, andR.G.Mark, “Power spectral density
of unevenly sampled data by least-square analysis: performance
and application to heart rate signals,” IEEE Transactions on
Biomedical Engineering, vol. 45, no. 6, pp. 698–715, 1998.

[34] M. Romano, M. Cesarelli, P. Bifulco, M. Ruffo, A. Fratini,
and G. Pasquariello, “Time-frequency analysis of CTG signals,”
Current Development in Theory and Applications of Wavelets,
vol. 3, no. 2, pp. 169–192, 2009.

[35] J. L. A. Carvalho, A. F. Rocha, L. F. Junqueira, J. S. Neto, I. Santos,
and F. A. O. Nascimento, “A tool for time-frequency analysis
of heart rate variability,” in Proceedings of the 25th Annual
International Conference of the IEEE Engineering in Medicine
and Biology Society (EMBC ’03), September 2003.

[36] M. David, M. Hirsch, J. Karin, E. Toledo, and S. Akselrod, “An
estimate of fetal autonomic state by time-frequency analysis of
fetal heart rate variability,” Journal of Applied Physiology, vol.
102, no. 3, pp. 1057–1064, 2007.

[37] M. Cesarelli, M. Romano, M. Ruffo, P. Bifulco, G. Pasquariello,
and A. Fratini, “PSD modifications of FHRV due to interpo-
lation and CTG storage rate,” Biomedical Signal Processing and
Control, vol. 6, no. 3, pp. 225–230, 2011.

[38] S. Cerutti, S. Civardi, M. G. Signorini, E. Ferrazzi, G. Pardi,
and A. Bianchi, “Spectral analysis of antepartum heart rate
variability,” Clinical Physics and Physiological Measurement, vol.
10, no. 4B, pp. 27–31, 1989.

[39] K. K. Spyridou and L. J. Hadjileontiadis, “Analysis of fetal heart
rate in healthy and pathological pregnancies using wavelet-
based features,” in Proceedings of the 29th Annual International
Conference of the IEEE EMBS. Cité Internationale, Lyon, France,
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Dementia is a growing problem that affects elderly people worldwide. More accurate evaluation of dementia diagnosis can help
during the medical examination. Several methods for computer-aided dementia diagnosis have been proposed using resonance
imaging scans to discriminate between patients with Alzheimer’s disease (AD) or mild cognitive impairment (MCI) and healthy
controls (NC). Nonetheless, the computer-aided diagnosis is especially challenging because of the heterogeneous and intermediate
nature of MCI. We address the automated dementia diagnosis by introducing a novel supervised pretraining approach that takes
advantage of the artificial neural network (ANN) for complex classification tasks. The proposal initializes an ANN based on linear
projections to achieve more discriminating spaces. Such projections are estimated by maximizing the centered kernel alignment
criterion that assesses the affinity between the resonance imaging data kernel matrix and the label target matrix. As a result,
the performed linear embedding allows accounting for features that contribute the most to the MCI class discrimination. We
compare the supervised pretraining approach to two unsupervised initializationmethods (autoencoders and Principal Component
Analysis) and against the best four performing classificationmethods of the 2014CADDementia challenge. As a result, our proposal
outperforms all the baselines (7% of classification accuracy and area under the receiver-operating-characteristic curve) at the time
it reduces the class biasing.

1. Introduction

In 2010, the number of people aged over 60 years with
dementia was estimated at 35.6 million worldwide and this
figure had been expected to double over the next two decades
[1]. Actually, World Health Organization and the Alzheimer’s
Disease International had declared dementia as a public
health priority, encouraging articulating government policies
and promoting actions at international andnational levels [2].
Alzheimer’s disease (AD) is the most diagnosed dementia-
related chronic illness that demands very expensive costs of
care, living arrangements, and therapies. Thus, efforts are
underway to improve treatment whichmay delay, at least, one
year the AD onset and development, leading to decreasing
the number of cases by nine millions [3]. AD can be early
diagnosed by predicting the conversion to dementia from
a state of mild cognitive impairment (MCI) that especially
increases the AD risk [4].

In this regard, early diagnosis is directly related to the
effectiveness of interventions [5]. Along with clinical history,
neuropsychological tests, and laboratory assessment, the joint
clinical diagnosis of AD also includes neuroimaging tech-
niques like positron emission tomography (PET) and mag-
netic resonance imaging (MRI).These techniques are usually
incorporated in the routine workup for excluding secondary
pathology causes (e.g., tumors) [6, 7]. However, factors
related to image quality and radiologist experience may limit
their use [8]. For dealing with this issue, the imaging-based
automatic assessment of quantitative biomarkers has been
proven to enhance the performance for dementia diagnosis.
In the particular case of AD, there are two groups of widely
studied biomarkers: (i) patterns of brain amyloid-beta, such
as low cerebrospinal fluid (CSF) 𝐴𝛽42 and amyloid PET
imaging, and (ii) measures of neuronal injury or degener-
ation like CSF tau measurement, fluorodeoxyglucose PET,
and atrophy on structural MRI [9]. Thus, structural MRI
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has become valuable for biomarker assessment since this
noninvasive technique explains structural changes at the
onset of cognitive impairment [10].

For the purpose of automated diagnosis, the first stage
to implement is the structure-wise feature extraction from
available MRI data, including voxel-based morphometry,
volume, thickness, shape, and intensity relation. Nonetheless,
more emphasis usually focuses on the classification approach
due to its strong influence on the entire diagnosis system.
With regard to neurodegenerative diseases, the reported
classifiers range from straightforward approaches (𝑘-Nearest
Neighbors [11], Linear Discriminant Analysis [12], Support
Vector Machines [13], Random Forests [14], and Regressions
[15]) to the combination of classifiers [16]. Most of the above
approaches had been evaluated for the 2014 CADDementia
challenge which aimed to reproduce the clinical diagnosis
of 354 subjects in a multiclass classification problem of
three diagnostic groups [17], Alzheimer’s diagnosed patients,
subjects with MCI, and healthy controls (NC), given their
T1-weighted MRI scans. As a result, the best-performing
algorithm yielded an accuracy of 63.0% and an area under
the receiver-operating-characteristic (ROC) curve of 78.8%.
Nonetheless, reported true positive rates are 96.9% and 28.7%
for NC and MCI, respectively, resulting in class biasing.

Generally speaking, dementia diagnosis from MRI still
remains a challenging task, mainly, because of the nature
of mild cognitive impairment; that is, there is a hetero-
geneous and intermediate category between the NC and
AD diagnostic groups, from which subjects may convert to
AD or return to the normal cognition [4]. For overcoming
this shortcoming, machine learning tools as the artificial
neural networks (ANN) have been developed to enhance
dementia diagnosis, presenting the following advantages [18,
19]: (i) ability to process a large amount of data, (ii) reduced
likelihood of overlooking relevant information, and (iii)
reduction of diagnosis time.

Nonetheless, an essential procedure for ANN implemen-
tation is initializing deep architecture (termed pretraining)
which can be carried out by training a deep network to
optimize directly only the supervised objective of interest,
starting from a set of randomly initialized parameters.
However, this strategy performs poorly in practice [20].
With the aim to improve each initial-random guess, a local
unsupervised criterion is considered to pretrain each layer
stepwise, trying to produce a useful higher-level description
based on the adjacent low-level representation output of the
previous layer. Particular examples that use unsupervised
learning are the following: Restricted Boltzmann Machines
[21], autoencoders [22], sparse autoencoders [23], and the
greedy layer-wise unsupervised learning which is the most
common approach that learns one layer of a deep architecture
at a time [24]. Although the unsupervised pretraining gen-
erates hidden representations that are more useful than the
input space, many of the resulting features may be irrelevant
for the discrimination task [25, 26].

In this paper, we benefit from the ANN advantages
for complex classification tasks to introduce a novel super-
vised ANN initialization approach devoted to the automated
dementia diagnosis. The proposed pretraining approach

searches for a linear projection into a more discriminating
space so that the resulting embedding features and labels
become as much as possible associated. Consequently, the
obtained ANN architecture shouldmatch better the nature of
supervised training data. Taking into account the fact that the
ANN straightforward hybridization with other approaches
yields stronger paradigms for solving complex and compu-
tationally expensive problems [27, 28], we also incorporate
kernel theory for assessing the affinity between projected data
and available labels. The use of kernel approaches offers an
elegant, functional analysis framework for tasks, gathering
multiple information sources (e.g., features and labels) as
the minimum variance unbiased estimation of regression
coefficients and least squares estimation of random variables
[29]. Moreover, we consider the centered kernel alignment
criterion as the affinity measure between a data kernel matrix
and a target label matrix [30, 31]. As a result, the linear
embedding allows accounting for features that contribute the
most to the class discrimination.

The present paper is organized as follows: Section 2
firstly describes the mathematical background on learning
projections using CKA and ANN for classification. Section 3
introduces all the carried out experiments for tuning the algo-
rithm parameters and the evaluation scheme with blinded
data. Then, achieved results are discussed in Section 4.
Finally, Section 5 presents the concluding remarks and future
research directions.

2. Materials and Methods

2.1. Classification Using Artificial Neural Networks. Within
the classification framework, an𝐿-layeredANN is assumed to
predict the needed class label set through a battery of feedfor-
ward deterministic transformations, which are implemented
by the hidden layers h𝑙, which map the input space x to the
network output h𝐿 as follows [27]:

h𝑙 = 𝜙 (b𝑙 +W𝑙h𝑙−1) , ∀𝑙 = 1, . . . , 𝐿 − 1,

h0 = x,
(1)

where b𝑙 ∈ R𝑚𝑙+1 is the 𝑙th offset vector,W𝑙 ∈ R𝑚𝑙+1×𝑚𝑙 is the
𝑙th linear projection, and 𝑚𝑙 ∈ Z+ is the size of the 𝑙th layer.
The function 𝜙(⋅) ∈ R applies saturating, nonlinear, element-
wise operations. Here, we choose the standard sigmoid,
𝜙(𝑧) = sigmoid(𝑧), expressed as follows:

sigmoid (𝑧) = (tanh (𝑧) + 1)
2

. (2)

The first layer in (1) (i.e., h0 ∈ R𝐷) is conventionally
adjusted to the input feature vector. In turn, the output
layer h𝐿 ∈ [0, 1]

𝐶 predicts the class when combined with a
provided target 𝑡 ∈ {1, . . . , 𝐶} into a loss functionL(h𝐿, 𝑡). In
practice, the output layer can be carried out by the nonlinear
softmax function described as follows:

ℎ
𝐿

𝑐
=

exp (𝑏𝐿
𝑐
+ w𝐿
𝑐
h𝐿−1)

∑
𝑗
exp (𝑏𝐿

𝑐
+ w𝐿
𝑐
h𝐿−1)

, (3)
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where 𝑏𝐿
𝑐
is the 𝑐th element of b𝐿, w𝐿

𝑐
is the 𝑐th row ofW𝐿, h𝐿

is positive, and ∑
𝑐
ℎ
𝐿

𝑐
= 1.

The rationale behind the choice of softmax function is
that each yielded output ℎ𝐿

𝑐
can be used as an estimator of

𝑃(𝑡𝑖 = 𝑐 | x𝑖), so that the interpretation of 𝑡𝑖 relates to the class
associated with input pattern x𝑖. In this case, the softmax loss
function corresponds often to the negative conditional log-
likelihood:

L (h𝐿, 𝑡) = −log∑
𝑐

𝑃 (𝑡 = 𝑐 | x) . (4)

Therefore, the expected value over (x, 𝑡) pairs is mini-
mized with respect to the biases and weighting matrices.

2.2. ANN Pretraining Using Centered Kernel Alignment. Let
X ∈ {x𝑖 ∈ R𝐷 : 𝑖 ∈ 𝑁} be the input feature matrix with
size R𝐷×𝑁 which holds𝑁 trajectories and let x𝑖 ⊂ X be a 𝐷-
dimensional random process. In order to encode the affinity
between a couple of trajectories, {x𝑖, x𝑗}, we determine the
following kernel function:

𝜅 (x𝑖, x𝑗) = ⟨𝜑 (x𝑖) , 𝜑 (x𝑗)⟩ , ∀𝑖, 𝑗 ∈ 𝑁. (5)

⟨⋅, ⋅⟩ stands for the inner product and 𝜑(⋅) : R𝐷 → H maps
from the original domain, R𝐷, into a Reproduced Kernel
Hilbert Space (RKHS),H. As a rule, it holds that |H| → ∞,
so that |R𝐷| ≪ |H| can be assumed. Nevertheless, there
is no need for computing 𝜑(⋅) directly. Instead, the well-
known kernel trick is employed for computing (5) through
the positive definite and infinitely divisible kernel function
as follows:

𝑘𝑖𝑗 = 𝜅 (𝑑 (x𝑖, x𝑗)) , (6)

where𝑑 : R𝐷×R𝐷 → R+ is a distance operator implementing
the positive definite kernel function 𝜅(⋅). A kernel matrix
K ∈ R𝑁×𝑁 that results from the application of 𝜅 over each
sample pair in X is assumed as the covariance estimator of
the random processX over the RKHS.

With the purpose of improving the system performance
in terms of learning speed and classification accuracy, we
introduce the prior label knowledge into the initialization
process. Thus, we compute the pairwise relations between
the feature vectors through the introduced feature similarity
kernel matrix K ∈ R𝑁×𝑁 which has elements as follows:

𝑘𝑖𝑗 = 𝜅x (𝑑𝑊 (x𝑖, x𝑗)) , ∀𝑖, 𝑗 ∈ {1, . . . , 𝑁} , (7)

with 𝑑𝑊 : R𝐷 × R𝐷 → R+ being a distance operator that
implements the positive definite kernel function 𝜅x(⋅), and
{(x𝑖, 𝑡𝑖) : 𝑖 = 1, . . . , 𝑁} is a set of input-label pairs with
x𝑖 ∈ R𝐷 and 𝑡𝑖 ∈ {1, 𝐶}, with 𝐶 being the number of classes
to identify.

Since we look for a suitable weighting matrix for initial-
izing the ANN optimization, we rely on the Mahalanobis
distance that is defined on a 𝐷-dimensional space by the
following inverse covariance matrixW⊤W:

𝑑𝑊 (x𝑖, x𝑗) = (x𝑖 − x𝑗)
⊤

W⊤W (x𝑖 − x𝑗) , (8)

where matrix W ∈ R𝑚1×𝐷 holds the linear projection y𝑖 =
Wx𝑖, with y𝑖 ∈ R𝑚1 , 𝑚1 ≤ 𝐷.

Based on the already estimated feature similarities, we
propose further to learn the matrix W by adding the prior
knowledge about the feasible sample membership (e.g.,
healthy or diseased groups) enclosed in a matrix B ∈ R𝑁×𝑁

with elements 𝑏𝑖𝑗 = 𝛿(𝑡𝑖 − 𝑡𝑗). Thus, we measure the similarity
between thematricesK andB through the following function
of centered kernel alignment (CKA) [32]:

𝜌 (K,B) = ⟨HKH,HBH⟩𝐹
‖HKH‖𝐹 ‖HBH‖𝐹

, 𝜌 ∈ [0, 1] , (9)

whereH = I−𝑁−111⊤, withH ∈ R𝑁×𝑁, is a centeringmatrix,
1 ∈ R𝑁 is an all-ones vector, and ⟨⋅, ⋅⟩𝐹 and ‖⋅, ⋅‖𝐹 stand for
the Frobenius inner product and norm, respectively.

Therefore, the centered version of the alignment coeffi-
cient leads to better correlation estimation compared to its
uncentered version [31]. Therefore, the CKA cost function,
described in (9), highlights relevant features by learning the
matrixW that bestmatches all relations between the resulting
feature vectors and provided target classes. Consequently,
we state the following optimization problem to compute the
projection matrix:

W⋆ = arg max
W

𝜌 (KW,B) , (10)

and we thus initialize the first layer of the ANN withW⋆.
Additionally, the weighting matrix allows analyzing the

contribution of the input feature set for building the projec-
tionmatrix by computing the feature relevance vector  ∈ R𝐷

in the following form:

𝑑 = E {𝑤
2

𝑢𝑑
: ∀𝑢 ∈ [1,𝑚1]} , (11)

where 𝑤𝑢𝑑 ∈ R is the weight that associates each 𝑑th feature
to 𝑢th hidden neuron.E{⋅} stands for the averaging operator.
Themain assumption behind the introduced relevance in (11)
is that the larger the values of 𝑑 the larger the dependency of
the estimated embedding on the input attribute.

3. Experimental Setup

An automated, computer-aided diagnosis system based on
artificial neural networks is introduced to classify structural
magnetic resonance imaging (MRI) scans in accordance
with the following three neurological classes: normal control
(NC), mild cognitive impairment (MCI), and Alzheimer’s
disease (AD). Figure 1 illustrates the methodological devel-
opment of the proposed approach.

3.1. ADNI Data. Data used in the preparation of this paper
were obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (http://adni.loni.usc.edu/) which
was launched in 2003 by the National Institute on Aging
(NIA), the National Institute of Biomedical Imaging and
Bioengineering (NIBIB), the Food and Drug Administration
(FDA), private pharmaceutical companies, and nonprofit
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Table 1: Demographic and clinical details of the selected ADNI cohort.

“best” quality “partial” quality
NC MCI AD NC MCI AD

𝑁 655 825 513 465 130 34
Age 74.9 ± 5.0 74.4 ± 7.4 74.0 ± 7.4 76.6 ± 6.4 76.0 ± 6.3 74.3 ± 6.5
Male 47.5% 39.5% 47.6% 70.1% 62.3% 70.6%
MMSE 29.0 ± 1.0 27.1 ± 2.5 21.9 ± 4.4 27.5 ± 2.0 21.2 ± 1.6 14.4 ± 2.8

Input
MRI scans

MRI processing:
(i) Segmentation
(ii) Feature extraction

Cross-validation training:
(i) ANN classifier
(ii) CKA-based initialization

Computer-aided
diagnosis

Figure 1: General processing pipeline: FreeSurfer independently segments and extracts features from givenMRIs. Centered kernel alignment
is proposed to learn a projectionmatrix initializing the NN training in a 5-fold cross-validation scheme. Tunedmodel is used for classification
task.

organizations. The primary goal of ADNI is to test whether
serial magnetic resonance imaging (MRI), positron emission
tomography (PET), other biologicalmarkers, and clinical and
neuropsychological assessment can be combined to measure
the progression of mild cognitive impairment (MCI) and
early Alzheimer’s disease (AD). From the ADNI 1, ADNI 2,
and ADNI GO phases, we selected a subset of 633 subjects
with scans that had been noted with the “best” quality mark.
As a result, the selected subset holds 𝑁 = 1993 images
with three class labels described above; 𝐶 = 3. Besides,
a random subset of 70% data was chosen for tuning and
training stages, while the remaining 30% is for the test
purpose. In addition, 629 imageswith a “partial” qualitymark
were selected in order to assess the performance under more
complicated imaging conditions. Table 1 briefly describes the
demographic information for the ADNI selected cohort.

3.2. Processing of MRI Data. We used FreeSurfer, version 5.1
(a free available (http://surfer.nmr.mgh.harvard.edu/), widely
used and extensively validated brain MRI analysis software
package), to process the structural brain MRI scans and
compute the morphological measurements [33]. FreeSurfer
morphometric procedures have been demonstrated to show
good test-retest reliability across scanner manufacturers and
across field strengths [34]. The FreeSurfer pipeline is fully
automatic and includes the next procedures: a watershed-
based skull stripping [35], a transformation to the Talairach,
an intensity normalization and bias field correction [36],
tessellation of the gray/white matter boundary, topology cor-
rection [37], and a surface deformation [38]. Consequently, a
representation of the cortical surface between white and gray
matters, of the pial surface, and segmentation of white matter
from the rest of the brain are obtained. FreeSurfer computes
structure-specific volume, area, and thicknessmeasurements.
Cortical Volumes and Subcortical Volumes are normalized
to each subject’s Total Intracranial Volume (eTIV) [39].
Table 2 summarizes the five feature sets extracted for each
subject, which are concatenated into the featurematrixXwith
dimensions𝑁 = 1993 and𝐷 = 324.

Table 2: FreeSurfer extracted features. # stands for the number of
features.

Type # features Units
Cortical Volumes (CV) 70 mm3

Subcortical Volumes (SV) 42 mm3

Surface Area (SA) 72 mm2

Thickness Average (TA) 70 mm
Thickness Std. (TS) 70 mm
Total 324

3.3. Tuning of ANN Model Parameter. Given input 𝐷 = 324

MRI features for classification of the 3neurological classes, we
use the feedforward ANNs with one hidden layer: 324-input
and 3-output neurons. An exhaustive search is carried out
for tuning the single free parameter, namely, the number of
neurons in the hidden layer (𝑚1). We also compare our pro-
posal against autoencoders (AEN) [20] and the well-known
Principal Components Analysis (PCA) for the initialization
stage. All of these approaches (AEN, PCA, and CKA) provide
a projection matrix with an output dimension that, in this
case, equates the hidden layer size.Thus, resulting projections
are used as the initial weights for the first layer. Also, biases
and output layer weights are randomly initialized. For a
different number of neurons, Figure 2 shows the accuracy
results obtained by each considered strategy of initialization
using 5-fold cross-validation scheme. Since we look for the
most accurate and stable network configuration, we chose the
optimal net as the one with the highest mean-to-deviation
ratio. The resulting search indicates that the best number of
hidden neurons is accomplished at 𝑚1 = 20, 𝑚1 = 16, and
𝑚1 = 14 for AEN, PCA, and CKA approaches, respectively.

We further analyze the influence of each feature to the
initialization process regarding the relevance criterion intro-
duced in (11). Obtained results of relevance in Figure 3 show
that the proposed CKA approach enhances the Subcortical
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Table 3: Best performing algorithms in the 2014 CADDementia challenge [17].

Algorithm Features Classifier
Abdulkadir Voxel-based morphometry Support Vector Machine
Ledig Volume and intensity relations Random Forest classifier
Sørensen Volume, thickness, shape, and intensity relations Regularized Linear Discriminant Analysis
Wachinger Volume, thickness, and shape Generalized Linear Model
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Figure 2: Artificial neural network performance along the number of nodes in the hidden layer (𝑚1) for the three initialization approaches:
autoencoder, PCA-based projection, and CKA-based projection. Results are computed under 5-fold cross-validation scheme.

Volume features at the time it diminishes the influence
of most Cortical Volumes and Thickness Averages. The
relevance of each feature set provided by AEN and PCA
is practically the same. Hence, CKA allows the selection of
relevant biomarkers fromMRI.

3.4. Classifier Performance of Neurological Classes. As shown
in Table 3, the ANN models that have been tuned for the
three initialization strategies are contrasted with the best four
performing approaches of the 2014 CADDementia challenge
[17]. The compared algorithms are evaluated in terms of
their classification performance, accuracy (𝛼), area under the
receiver-operating-characteristic curve (𝛽), and class-wise

true positive rate (𝜏𝑐
𝑝
) criteria, respectively, which are defined

as

𝛼 =

∑
𝑐
(𝑡
𝑐

𝑝
+ 𝑡
𝑐

𝑛
)

∑
𝑐
𝑁𝑐

,

𝜏
𝑐
=

𝑡
𝑐

𝑝

𝑁𝑐
,

𝛽 =
∑
𝑐
𝛽
𝑐
⋅ 𝑁
𝑐

∑
𝑐
𝑁𝑐

,

(12)

where 𝑐 ∈ {NC,MCI,AD} indexes each class and 𝑁
𝑐, 𝑡𝑐
𝑝
,

and 𝑡
𝑐

𝑛
are the number of samples, true positives, and true

negatives for the 𝑐th class, respectively. The area under the
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Figure 3: Relevance indexes grouped by feature type: Cortical Volume (CV), Subcortical Volume (SV), Surface Area (SA),Thickness Average
(TA), andThickness Std. (TS).

curve 𝛽 is the weighted average of the area under the ROC
curve of each class 𝛽

𝑐. Presented results for the baseline
approaches are the ones reported on the challenge for 354
images. Although the testing groups on the challenge and on
this paper are not exactly the same, the amount of data, their
characteristics, and the blind setup make those two groups
equivalent for evaluation purposes.

As seen in Table 4 which compares the classification
performance on the 30% “best” quality test set for considered
algorithms, the proposed approach, besides outperforming
other compared approaches of initialization, also performs
better than other computer-aided diagnosis methods as a
whole. For the “partial” quality images, as expected, the
general performance diminishes in all ANN approaches.
Nonetheless, the overall accuracy and AUC are still com-
petitive with respect to the challenge winner. Based on
the displayed ROC curves and confusion matrices for the
ANN-based classifiers with the optimum parameter set (see
Figure 4), we also infer that the proposed approach improves
MCI discrimination.

4. Discussion

From the validation carried out above forMRI-based demen-
tia diagnosis, the following aspects emerge as relevant for the
developed proposal of ANN pretraining:

Table 4: Classification performance on the testing groups for
considered algorithms under evaluation criteria. Top: baseline
approaches. Bottom: ANN pretrainings.

Algorithm 𝛼 𝜏
NC

𝜏
MCI

𝜏
AD

𝛽 𝛽
NC

𝛽
MCI

𝛽
AD

2014 CADDementia
Sørensen 63.0 96.9 28.7 61.2 78.8 86.3 63.1 87.5
Wachinger 59.0 72.1 51.6 51.5 77.0 83.3 59.4 88.2
Ledig 57.9 89.1 41.0 38.8 76.7 86.6 59.7 84.9
Abdulkadir 53.7 45.7 65.6 49.5 77.7 85.6 59.9 86.7

“best” quality testing
NN-AEN 47.6 73.4 33.1 38.1 64.9 71.4 53.4 75.1
NN-PCA 63.8 70.4 56.7 66.9 80.0 87.2 70.0 87.0
NN-CKA 70.9 78.4 66.6 68.3 85.3 91.7 78.4 88.3

“partial” quality
NN-AEN 62.9 64.6 46.4 32.0 77.0 82.5 65.6 72.5
NN-PCA 64.4 67.6 49.3 26.0 78.4 82.3 67.5 79.2
NN-CKA 65.2 68.6 38.6 42.0 81.6 85.7 70.1 82.4

(i) As commonly implemented by the state-of-the-
art ANN algorithms, the proposed initialization
approach also has one free model parameter which
is the number of hidden neurons. Tuning of this
parameter is proposed to be carried out heuristically
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Figure 4: Receiver-operating-characteristic curve ((a), (b), and (c)) and confusionmatrix ((d), (e), and (f)) on the 30% test data for AEN ((a)
and (d)), PCA ((b) and (e)), and CKA ((c) and (f)) initialization approaches at the best parameter set of the ANN classifier.

by an exhaustive search so as to reach the highest
accuracy on a 5-fold cross-validation (see Figure 2).
Thus, 24, 20, and 16 hidden neurons are selected for
CKA, AEN, and PCA, respectively. As a result, the
suggested CKA approach improves other pretraining
ANN approaches (in about 10%) with the additional
benefit of decreasing the performed parameter sensi-
tivity.

(ii) We assess the influence of each MRI feature at the
pretraining procedure regarding the relevance crite-
rion introduced in (11). As follows fromFigure 3,AEN
and PCA ponder every feature evenly, restraining
their ability to extract biomarkers. By contrast, CKA
enhances the influence of Subcortical Volumes and
Thickness Standard deviations at the time it dimin-
ishes the contribution of Cortical Volumes andThick-
ness Averages. Consequently, the proposed approach
is also suitable for feature selection tasks.

(iii) In the interest of comparing, we contrast the devel-
oped ANN pretraining approach with the best four

classification strategies of the 2014 CADDementia,
devoted especially to dementia classification. From
the obtained results, summarized in Table 4, it follows
that proposed CKA outperforms other algorithms
in most of the evaluation criteria and imaging con-
ditions, providing the most balanced performance
over all classes. Particularly for the 30% testing
images, CKA increases by 7%-points the classification
accuracy and average area under the ROC curve. It
is worth noting that although Sørensen’s approach
accomplishes a 𝜏NC value that is 18.5%-points higher
than the proposal, its performance turns out to be
biased towards theNC, yielding aworse value ofMCI.
That is, CKA carries out unbiased class performance
of the dementia classification. In the case of “partial”
quality images, in spite of the general performance
reduction, CKA remains as the best ANN initializa-
tion approach. Moreover, the overall measures are
still competitive with the results provided by the
CADDementia challenge.
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(iv) Figure 4 shows the per-class ROC curves and confu-
sion matrices obtained by the contrasted approaches.
In all cases, the area under the curve and accuracy for
NC and AD classes are higher than the ones achieved
by the MCI class (Figures 4(a)–4(c)). Hence, MCI
classification from the incorporated MRI features
remains a challenging task due to the following facts:
the widely known MCI heterogeneity, the MCI being
an intermediate class between healthy individuals and
those diagnosed with Alzheimer’s disease, and the
possibility of MCI subjects eventually converting to
AD or NC. Moreover, confusion matrices displayed
in Figures 4(d)–4(f) confirm that NC and AD are
suitable for distinction inmost of the cases. Neverthe-
less, the MCI class introduces the most errors when
considered as both target and output class. Therefore,
particular studies on the mild cognitive impairment
should improve the diagnosis [5, 40].

5. Conclusion and Future Work

In this paper, we propose a supervisedmethod for initializing
the training of artificial neural networks, aiming to improve
the computer-aided diagnosis of dementia. Given a set of
volume, area, surface, and thickness features extracted from
the subject’s brain MRI, the examined dementia diagnosis
task consists of assigning subjects to the next neurological
groups: normal control, mild cognitive impairment (MCI),
or Alzheimer’s disease. This dementia classification task is
particularly challenging because MCI is a heterogeneous
and intermediate category between NC and AD. Also, MCI
subjects may convert to AD or come back to NC.

To improve the classification performance, we incorpo-
rate a matrix projecting the samples into a more discrim-
inating feature space so that the affinity between projected
features and class labels is maximized. Such a criterion
is implemented by the centered kernel alignment (CKA)
between the feature and target label kernels, providing two
key benefits: (i) the only free parameter is the hidden
dimension; (ii) a relevance analysis can be introduced to find
biomarkers. As a result, our proposal of ANN pretraining
outperforms the contrasted algorithms (7% of classification
accuracy and area under the ROC curve) and reduces the
class biasing, resulting in better MCI discrimination.

Nonetheless, the use of CKA implies a couple of restric-
tions. Firstly, the number of samples should be larger than
input and output dimensions to avoid overfitted linear
projections. We cope with this drawback by considering a
large enough subset of samples for training purposes (about
1300). Secondly, attained projections must always be of lower
dimension compared to the original feature space. In this
case, the enhancement on class discrimination is due to the
affinity between labels and features, not due to an increase of
the dimension.

As future work, we plan to evaluate the CKA discrimina-
tive capabilities in other neuropathological tasks from MRI
as predictingAlzheimer’s conversion fromMCI and attention
deficit hyperactivity disorder classification. We also expect to

develop a neural network training scheme using CKA as the
cost function.

Appendix

Gradient Descend-Based Optimization of CKA
Approach

The explicit objective function of the empirical CKA in (9)
yields [32]

�̂�CKA (KW,B) = log (tr (KWHBH))

−
1

2
log (tr (KWHKWH)) + 𝜌0,

(A.1)

with 𝜌0 ∈ R being a constant independent of W. We then
consider the gradient descent approach to iteratively solve the
optimization problem. To this end, we compute the gradient
of the explicit function in (A.1) with respect toW as

∇W (�̂�CKA (KW,B))

= −4W ((G ∘ KW) − diag (1
⊤
(G ∘ KW))) (XW)

⊤
,

(A.2)

where diag(⋅) and ∘ denote the diagonal operator and the
Hadamard product, respectively.G ∈ R𝑁×𝑁 is the gradient of
the objective function with respect to the kernel matrix KW:

G = ∇KW
(�̂�CKA (KA,B))

=
HBH

tr (KWHBH)
−

HKWH
tr (KWHKWH)

.

(A.3)

As a result, the updating rule for W, given the initial guess
W0, becomes

W𝑡+1 = W𝑡 − 𝜇𝑡
𝑊
∇W𝑡 (�̂�CKA (KW,B)) , (A.4)

with 𝜇𝑡
𝑊
∈ R+ being the step size of the updating rule andW𝑡

being the estimated projection matrix at iteration 𝑡.
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Purpose. The purpose of present study was to construct the best screening model of congenital heart disease serummarkers and to
provide reference for further prevention and treatment of the disease.Methods. Documents from 2006 to 2014 were collected and
meta-analysis was used for screening susceptibility genes and serum markers closely related to the diagnosis of congenital heart
disease. Data of serum markers were extracted from 80 congenital heart disease patients and 80 healthy controls, respectively, and
then logistic regression analysis and support vector machine were utilized to establish prediction models of serum markers and
Gene Ontology (GO) functional annotation. Results. Results showed that NKX2.5, GATA4, and FOG2 were susceptibility genes
of congenital heart disease. CRP, BNP, and cTnI were risk factors of congenital heart disease (𝑝 < 0.05); cTnI, hs-CRP, BNP, and
Lp(a) were significantly close to congenital heart disease (𝑝 < 0.01). ROC curve indicated that the accuracy rate of Lp(a) and cTnI,
Lp(a) and BNP, and BNP and cTnI joint prediction was 93.4%, 87.1%, and 97.2%, respectively. But the detection accuracy rate of the
markers’ relational model established by support vector machine was only 85%. GO analysis suggested that NKX2.5, GATA4, and
FOG2 were functionally related to Lp(a) and BNP. Conclusions. The combined markers model of BNP and cTnI had the highest
accuracy rate, providing a theoretical basis for the diagnosis of congenital heart disease.

1. Introduction

Congenital heart disease (CHD) indicates the presence of
abnormality in heart and vascular structure and function at
birth, the pathogenesis of which is complex. It is the interac-
tion results of multiple factors like heredity and environment.
The known risk factors include mental stimulation during
pregnancy [1], harmful substances exposure [2], smoking and
drinking [3], viral infections at early stage of pregnancy [4],
diabetes mellitus [5], history of unhealthy pregnancy [6],
and too high maternal age [7]. Its clinical consequences are
extremely serious. It is the important cause of miscarriage,
stillbirth, neonatal death, and children, adolescents, and

adults with disabilities. The incidence of fetal CHD reaches
as much as 6% to 10% [8] and continues to show a significant
upward trend in China [9].

Currently, CHD is still cured by surgery. Many scholars
believe that a number of indicators such as the level of serum
C-reactive protein (CRP), brain natriuretic peptide (BNP),
cardiac troponin I (cTnI), and Lipoprotein(a) (Lp(a)) can
better reflect the functional status of the heart in patients
with CHD and have good potential in clinical analysis. These
proteins may serve as indicators in prognosis evaluation.

Since the United States has announced precision
medicine plan, countries around the world have increased
the support for precisionmedicine.With the enrichment and
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improvement of clinical big data and biological networks,
it has become a general trend to complete interdisciplinary
collaboration in disease prediction, diagnosis, and etiology
analysis. In daily life, clinicians commonly use Logistic
regression analysis to analyze the prognostic factors of
the disease and estimate the probability of occurrence of
variables [10]. Support vector machine (SVM) is a new
machine learning method based on statistical theory. SVM
is good at coping with linearly nonseparable sample data,
which is achieved mainly through the slack variables (which
are also called punishment variables) and kernel technology.
It provides a unified framework in solving learning problems
of finite samples [11].

Increasing studies show that the pathogenesis of congen-
ital heart disease is related to certain transcription factors,
while the relationship between the susceptibility genes and
serological markers of congenital heart disease is not yet
reported. With the rapid application of bioinformatics, Gene
Ontology (GO)has become important tool andmethod in the
field of bioinformatics. In terms of gene function annotation,
GO plays a huge role. It can analyze the location of gene
or protein in the cell, molecular functions, and biological
processes involved; thus it simplifies the annotation of genes
and their products as standardized vocabularies.

In this study, data of the susceptibility genes and clinical
serology risk factors literatures of CHD were performed
Meta-analysis to systematically evaluate them. By detecting
levels of serum markers in patients with CHD, Logistic
regression analysis, receiver operating characteristic (ROC)
curve, and SVM approaches were used to evaluate the value
of each serum marker in clinical diagnosis of CHD. The
detection model of serum markers of this disease was then
established. The functional relationship between suscepti-
bility genes and serum markers was established by GO
analysis. As a result, this study provides a theoretical basis for
clinical practice and personalized treatment of cardiovascular
disease.

2. Materials and Methods

2.1. Meta-Analysis

2.1.1. Subjects. Clinical research documents on susceptibility
genes and serological markers of CHD published in China
and foreign countries from January 2006 to October 2014
were selected.

2.1.2. Document Retrieval. Google Scholar was a major
source of Chinese documents; PubMed, EMBASE, MED-
LINE, and MD consult were main sources of English docu-
ments and the Chinese or English key words were “congenital
heart disease”, “gene”, and “mutation” as well as “congenital
heart disease”, “serum markers”, and “diagnosis”. The years
of publication were from January 1, 2000, to October 31, 2014.

2.2. Statistical Analysis. RevMan5.1 was used for meta-
analysis of the included literature. 𝑝 ≥ 0.05 showed that
the merge statistics of multiple studies had no statistical

significance; 𝑝 < 0.05 indicated that the combined statistics
were statistically significant.

2.3. Establishing Relational Model of CHDMarkers Group

2.3.1. Research Data. In this study, 80 CHD patients (33
with atrial septal defect, 36 with ventricular septal defect,
3 with patent ductus arteriosus, and 8 with tetralogy of
Fallot) received treatment in the Department of Cardiac
Surgery at our hospital from December 2009 to September
2014 (54 males and 26 females, aged from 7 days to 59
years) and 80 healthy outpatients as determined by a physical
examination given at the hospital (38 males and 42 females,
aged 3.6 months to 51 years) were selected as the subjects.
Patients in case group were confirmed by echocardiography
and (or) surgery, and the following cases were excluded:
(1) renal insufficiency, chronic liver disease, and acute and
chronic infectious diseases; (2) systemic lupus erythemato-
sus, rheumatoid, and other immune system diseases; and
(3) infectious endocarditis, rheumatic heart disease, cardiac
tumors,myocarditis, and other types of heart disease.Healthy
control groupdenied a family history ofCHD.Theywere con-
firmed to have no cardiac dysfunction and organic diseases
by physical examination and echocardiography. Infection,
trauma, autoimmune diseases, cancer, and so on were also
excluded.

10mL of venous blood was collected from all study
subjects in the morning after 12 h overnight fasting and put
into the EDTA anticoagulant tube. Samples were centrifuged
within 2 h at 3 000 r/min for 10min, and then the super-
natants were collected.

2.3.2. Sample Testing. Serum BNP level was detected using
enzyme-linked immunosorbent assay (ELISA). Serum hs-
CRP was examined using immune rate nephelometry.
Immunofluorescence method was used to determine serum
cTnI level. ELISA double-antibody sandwich assay was
adopted to test serum Lp(a) level. Detection methods were
carried out in strict accordancewith the kit instructions. Each
sample received parallel testing twice and the average value
was regarded as final test results.

2.3.3. Establishing Relational Model of CHD Markers Group
Based on Logistic Regression Analysis. Serum markers BNP,
hs-CRP, cTnI, and Lp(a) levels of CHD patients and healthy
control group undergone Logistic regression analysis with the
new variables of Logistic regression model as test variables
and the pathological diagnosis results as state variables; the
ROC curve was drawn. According to the value of the area
under the curve (AUC) of ROC and diagnostic accuracy, its
application value in early diagnosis of CHD was evaluated.

2.3.4. Establishing Relational Model of CHD Markers Group
Based on SVM. Data of the 80 CHD patients were treated
with normalization processing. The establishment, training,
and validation of SVM model were achieved through MAT-
LAB programming.
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2.3.5. Statistical Analysis. The data obtained undergone sig-
nificance of difference analysis using statistical software
SPSS19.0 and the data were expressed by the following: mean
± standard deviation. 𝑝 < 0.05 indicated that the difference
was statistically significant.

2.4. Bioinformatics Functional Analysis of Serum Markers
Lp(a) and BNP and Susceptibility Genes of CHD

2.4.1. GO Retrieval. Congenital heart disease-related suscep-
tibility genes NKX2.5, GATA4, and FOG2 and serological
markers hs-CRP, Lp(a), BNP, and cTnI undergone GO func-
tional annotation using AmiGO platform.

2.4.2. RT-PCR. RNA kit from TAKARA (Takara Bio Inc.,
Shiga, Japan) was used to extract serum RNA, and Thermo
Scientific RevertAid First Strand cDNA Synthesis Kit was
used for reverse transcription experiments. With the synthe-
sized cDNA template andGAPDHas template, we performed
fluorescence quantitative PCR reactions. Fluorescent dye
SYBR and quantitative real-time PCR instrument CFX96
were applied in this experiment. Primers are shown in Table 1
(primers were synthesized by Shanghai Sangon Biotech Co.,
Ltd., Shanghai, China). 20 𝜇L system of PCR reaction was
as follows: 10 𝜇LSYBG Mix + 8 𝜇L H

2
O + 0.5 𝜇L upstream

primer + 0.5𝜇L downstream primer + 1𝜇L cDNA; reaction
conditions were as follows: denaturation at 95∘C for 30 s, PCR
reaction at 95∘C for 5 s, and collecting fluorescence at 55∘C for
30 s, with a total of 40 cycles, repeated three times.

3. Results

3.1. Meta-Analysis of Susceptibility Genes and SerumMarkers.
There were 176 documents about susceptibility and 216 docu-
ments about serummarkers for initial survey after screening,
there were 19 documents about susceptibility [12–31], and
20 documents about serum markers [32–51] were eventually
included for meta-analysis.

Meta-analysis results of susceptibility genes and serum
markers are shown in Tables 2 and 3. The heterogeneity
test result of susceptibility genes NKX2.5 and FOG2 was
𝑝 > 0.05, indicating the consistency of the literatures was
well, so fixed effect model was used to pool the data. The
heterogeneity test result of GATA4 was 𝑝 < 0.05, suggesting
that heterogeneity existed between the literatures, so the
random effect model was adopted.The upper and lower limit
of pooled SMD and 95% CI were greater than 1, indicating
that the correlation between the mutation of three genes
and congenital heart disease was statistical significance. The
heterogeneity test result of three serummarkers was𝑝 < 0.05,
indicating that heterogeneity existed between literatures, so
the random effect model was adopted. The upper and lower
limit of pooled WMD and 95% CI were all greater than 0.
Additionally, 95% CI transverse lines of three serummarkers
fell to the left side of the invalid vertical lines, suggesting that
the incidence rate of the experimental group was bigger than
that of the control group. Specific meta-analysis results are
shown in Additional Files 1–6 (see Supplementary Material
available online at http://dx.doi.org/10.1155/2016/9506829).

Table 1: Name, sequence, and product length of each primer.

Primer name Primer sequence Product length
NKX2.5-F AGAAGACAGAGGCGGACAAC 175 bp
NKX2.5-R CGTGGACGTGAGTTTCAGCA
GATA4-F GTGTCCCAGACGTTCTCAGT 226 bp
GATA4-R TCCGTGCAGGAATTTGAGGA
FOG2-F TTAATCAACGGAAGCAAATG 466 bp
FOG2-R CCACTCAAATACAGGGTTAGG
GAPDH-F AGAAGGCTGGGGCTCATTTG 258 bp
GAPDH-R AGGGGCCATCCACAGTCTTC

3.2. Test Results of Serum Markers. The test results of serum
markers cTnI, hs-CRP, BNP, and Lp(a) of 80 patients with
CHD and 80 healthy persons are shown in Figure 1. As can
be seen from the figure, the levels of cTnI, hs-CRP, BNP, and
Lp(a) in the case group were significantly higher than those
in the controls (𝑝 < 0.05).

3.3. Logistic Regression Analysis Results. With cTnI, hs-CRP,
BNP, and Lp(a) as independent variables and sick or not as
the dependent variable, SPSS19.0 was used for dichotomy
Logistic regression analysis. Univariate regression analysis
results are presented in Table 4, which suggested that the
relationship between Lp(a), BNP, and cTnI with CHD was
statistically significant (𝑝 < 0.05). These three factors
were then used for multivariate Logistic regression analysis.
The results showed that the combination of these three
factors was unfavorable for accurate diagnosis of CHD (𝑝 >
0.05, Table 5). Pairwise combinations of three factors were
conducted for multivariate Logistic regression analysis and
the results are presented in Table 6. It was indicated that
the relationship between Lp(a), BNP, and cTnI with CHD
had statistical significance (𝑝 < 0.05). The accuracy rates of
combined predication of Lp(a) and cTnI, Lp(a) and BNP, and
BNP and cTnI were 93.4%, 87.1%, and 97.2%, respectively.

3.4. Application Value Evaluation of Serum Markers on the
Detection of CHD. SPSS19.0 software was adopted to evaluate
the application value of Lp(a), BNP, and cTnI combined
detection of CHD. ROC curves are shown in Figure 2. The
AUC of Lp(a) and cTnI, Lp(a) and BNP, and BNP and cTnI
joint detection were 0.994, 0.981, and 0.999, respectively,
showing a high application value.

3.5. Establishing Relational Model of CHD Serum Markers
Group Based on SVM. Serum markers cTnI, hs-CRP, BNP,
and Lp (a) levels of 80 CHD patients and 80 healthy
controls undergone attributive analysis. It was indicated that
attributive analysis had significant classification and the data
were consistent with the basic calculation requirements of
SVM (Figure 3).

The relationalmodel of CHD serummarkers group based
on SVM was established. Then, the test data of 20 CHD
patients and 20 healthy controls were input into it. The test
results are shown in Figure 4.The hollow circles represent the
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Table 2: Meta-analysis results of susceptibility genes.

Susceptibility gene Number of documents Heterogeneity test OR 95% CI
𝐼
2

𝑝

NKX2.5 7 36% 0.16 2.02 1.42–2.86
GATA4 11 58% 0.01 2.08 1.50–2.88
FOG2 4 0% 0.85 19.43 4.52–83.63

Table 3: Meta-analysis of serum markers.

Serum markers Number of documents Heterogeneity test WMD 95% CI
𝐼
2

𝑝

cTnI 4 99.2% 0.000 0.33 0.12∼0.55
hs-CRP 8 87.5% 0.000 1.84 1.36∼2.32
BNP 19 99.9% 0.000 321.33 279.03–364.29

Table 4: Univariate regression analysis of serummarkers associated
with CHD.

Serum
markers 𝐵 SE Wals Sig. Exp(𝐵)

Lp(a) 0.036 0.006 40.422 0.000 1.036

BNP 0.478 0.077 38.954 0.000 1.612

hs-CRP 83.858 400.679 0.044 0.834 2.625𝐸36

cTnI 172.096 37.484 21.079 0.000 5.502𝐸74

Table 5: Three-factor multivariate regression analysis of serum
markers associated with CHD.

Serum
markers 𝐵 SE Wals Sig. Exp(𝐵)

Lp(a) 0.046 52.695 0.018 0.869 1.047
BNP 156.787 72890.460 0.008 0.924 1.235
cTnI 0.665 152.952 0.000 0.997 1.944

Table 6: Two-factor multivariate regression analysis of serum
markers associated with CHD.

Serum
markers 𝐵 SE Wals Sig. Exp(𝐵)

1 Lp(a) 0.045 0.011 15.672 0.000 1.046

BNP 0.508 0.114 19.774 0.000 1.662

2 Lp(a) 0.043 0.012 11.876 0.001 1.044

cTnI 211.657 61.321 11.914 0.001 8.348𝐸91

3 BNP 0.682 0.247 7.619 0.006 1.978

cTnI 263.631 111.283 5.612 0.018 3.115𝐸114

target output; “∗” is the actual simulation output of SVM. As
can be seen from the figure, the diagnostic accuracy of the
model was 34/40 = 85%.

3.6. GO Functional Annotation Results Comparison between
Susceptibility Genes and Serum Markers of CHD. After com-
paring the GO functional annotation results of susceptibility
genes NKX2.5, GATA4, and FOG2 and serological indicators
hs-CRP, Lp(a), BNP, and cTnI, it was found that NKX2.5,

GATA4, and FOG2 had same GO functional annotation
with Lp(a) and BNP. The functional relations between three
susceptibility genes and BNP were mainly in gene expression
and metabolic process. The internal connections between
Lp(a) and NKX2.5, GATA4, and FOG2 were mainly in func-
tion, especially in the aspects of Lipoprotein transmembrane
transport and blood circulation. The same GO functional
annotations of them are shown in Tables 7–9.

3.7. Relative Expression Contents of Susceptibility Genes in
mRNA Level. Real-time fluorogenic quantitative PCR was
used to detect the expression levels of susceptibility genes
NKX2.5, GATA4, and FOG2 in mRNA. 2−ΔΔCt was used to
calculate the relative expression levels, and the results were
0.59 ± 0.18, 0.47 ± 0.14, and 0.33 ± 0.09, respectively. If the
content of the control group was 1, the relative expression
levels of NKX2.5, GATA4, and FOG2 in the case group
were 0.59 ± 0.18, 0.47 ± 0.14, and 0.33 ± 0.99, respectively
(Figure 5). The expression levels of susceptibility genes
NKX2.5, GATA4, and FOG2 in the case groupwere obviously
lower than those in the controls.The results of serum indexes
detection showed that Lp(a) and BNP levels in the case
group were significantly higher than those in the controls
(Figure 1).Thus it can be inferred that the unusual increase of
serum Lp(a) and BNP levels may be related to the abnormal
expression of NKX2.5, GATA4, and FOG2 genes.

4. Discussion

CHD is the most common congenital malformation at
present and also the leading cause of infant death. Many
factors interact with each other temporally and spatially in
the development of heart.The combined actions of hereditary
and environmental factors in embryonic phasewill lead to the
dysplasia of heart. Due to the complex genetic mechanism of
CHD, the reason resulting in themalformation of heart is still
unclear. The type of CHD is diverse, which has become a big
problem in the treatment and prevention of CHD.

In this study, meta-analysis found that the mutation of
NKX2.5, GATA4, and FOG2 genes played an important
role in the development of CHD. The mutation of NKX2.5
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Figure 1: Detection results of four serum markers of CHD patients. ∗ indicates 𝑝 < 0.05.

gene occurred mainly in homeodomain structural domain.
McElhinney et al. [52] reported that the mutation of exon
1 of NKX2.5 gene existed in various CHD. The pathological
and physiological effects of GATA4 gene related to heart
development have been extensively researched. Garg et al.
[53] have verified that GATA4 gene mutation is one of the
causes of CHD for the first time by the molecular genetics
research on two independent and simple CHD families.
FOG2 gene is a transcription factor with early expression in

the process of heart development. Its interactionwithGATA4
runs through the entire process of heart development. FOG2
plays an essential role in the development process of heart [3].
Both Tan and De Luca found a mutation in FOG2 gene exon
from patients with double-outlet right ventricle combined
ventricular septal defect [30, 31].This paper found that serum
markers cTnI, hs-CRP, and BNP were related to CHD and
they can predict the occurrence of the disease. Guo [32]
believed that the changes in serum levels of cTnI were of
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Figure 2: ROC curve of combined detection of CHD. (a) Lp(a) and cTnI; (b) Lp(a) and BNP; (c) BNP and cTnI.

great value in understanding the state and prognosis of CHD.
However, researches on the relationship between Lp(a) and
CHDweremuch rare, andLp(a) did notmeet the condition of
meta-analysis, so we could not perform analysis of this factor.

By examining the levels of cTnI, hs-CRP, BNP, and
Lp(a) of 80 CHD patients and 80 healthy control subjects,
this study showed that the levels of cTnI, hs-CRP, BNP,
and Lp(a) in the case group were significantly higher than
those in the controls, and the difference was statistically
significant. Geiger et al. [54] found that, compared to the
non-CHDsubjects, BNP level of CHDchildrenwas obviously
increased.. Similarly, Akhabue et al. [55] also believe that
the difference of BNP concentration between CHD children
patients and non-CHD children was significant. A number
of studies show that the relationship between LP(a) and
atherosclerotic disease was close, and the increased LP(a)
is an independent risk factor of cardiovascular events [56–
59]. Guo [32] has shown that serum cTnI level in patients
with CHD was significantly higher than that in normal
people. Logistic regression analysis showed that there existed

significant correlations between cTnI, BNP, Lp(a), and CHD.
When performing combined diagnosis, cTnI, BNP, and Lp(a)
pairwise binding were associated with CHD. According to
the joint detection ROC curve, it was found that the pairwise
combination AUC of cTnI, BNP, and Lp(a) were greater
than 0.9, and the accuracy rates were higher than 87%. The
bigger the data is, the better the effect is when using Logistic
regressionmodel. SVM in contrast has a higher accuracy rate
as to small sample size.

Recent studies showed that GATA4 and GATA6 can col-
laborate and regulate the expression of brain natriuretic pep-
tide (BNP).Thedeletion of any factor ofGATAwill lead to the
downregulation of BNP level [60]. Other studies indicated
that NKX2.5 and FOG2 could cooperate with GATA4, all of
which play an important role in the normal process of heart
development [61, 62]. As an independent protein molecule
having a specific antigenicity, themetabolic pathways of Lp(a)
is completely different from other apolipoproteins. It can
interfere with lipid metabolism and the fibrinolytic system
and then play an important role in cardiovascular diseases
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Figure 4: Relational model of CHD markers group based on SVM.
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Figure 5:The relative expression levels of CHD susceptibility genes.
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like thrombosis and atherosclerosis [63, 64]. Studies have
shown that Lp(a) is an independent risk factor formyocardial
infarction, coronary heart disease, and other cardiovascular
diseases [65–68], but few researches are conducted on the
relationship between Lp(a) and CHD. At present, it is not
reported which transcription factor Lp(a) is regulated by. By
bioinformatics analysis, this study showed that there were
the same GO functional annotations between susceptibility
gene NKX2.5, GATA4, and FOG2 and Lp(a) and BNP. The
links between susceptibility genes and BNP existed mainly
in gene expression and metabolism. Lp(a), especially in
Lipoprotein membrane transport and blood circulation, was
intrinsically linked to NKX2.5, GATA4, and FOG2. This
paper conducted a study on the mRNA relative expression
levels of susceptibility genes, Lp(a) and BNP. It was indicated
that the levels of NKX2.5, GATA4, and FOG2 of the case
group were significantly lower than those of the controls.
The contents of Lp(a) and BNP of the case group were
significantly higher than those of the controls, suggesting that
the abnormal expression of susceptibility genes may lead to
the increase of BNP level. However, the mechanism which
causes the abnormal expression of Lp(a) is still not clear, so

further study is required.This also gives us a direction on the
in-depth study of CHD.

5. Conclusions

In conclusion, as risk factors associated with CHD, cTnI,
CRP, BNP and Lp(a) also have functional relation with
susceptibility genes; therefore, they may provide a basis for
the clinical detection of CHD, but its specific application still
requires a lot of clinical cases data to train and optimize,
thusmaking itmore accurate. Clinical auxiliary testingmodel
is only as an auxiliary tool at the early stage and cannot
completely replace an experienced clinician’s diagnosis. The
clinical diagnosis of CHD still needs to integrate all aspects
of judgments.
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Correa, “Maternal age and prevalence of isolated congenital
heart defects in an urban area of the United States,” American
Journal of Medical Genetics A, vol. 155, no. 9, pp. 2137–2145, 2011.

[5] L. A. Lisowski, P. M. Verheijen, J. A. Copel et al., “Congenital
heart disease in pregnancies complicated by maternal dia-
betes mellitus: an international clinical collaboration, literature
review, and meta-analysis,” Herz, vol. 35, no. 1, pp. 19–26, 2010.



12 Computational and Mathematical Methods in Medicine

[6] L. L. Lipscombe, A. T. Banerjee, S. McTavish et al., “Readiness
for diabetes prevention and barriers to lifestyle change in
women with a history of gestational diabetes mellitus: rationale
and study design,” Diabetes Research and Clinical Practice, vol.
106, no. 1, pp. 57–66, 2014.

[7] B. Pejtsik, J. Pintér, M. Horváth, and J. Hadnagy, “Relationship
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This study presents the design of the recognition system that will discriminate between healthy people and people with Parkinson’s
disease. A diagnosing of Parkinson’s diseases is performed using fusion of the fuzzy system and neural networks. The structure
and learning algorithms of the proposed fuzzy neural system (FNS) are presented. The approach described in this paper allows
enhancing the capability of the designed system and efficiently distinguishing healthy individuals. It was proved through simulation
of the system that has been performed using data obtained fromUCImachine learning repository. A comparative study was carried
out and the simulation results demonstrated that the proposed fuzzy neural system improves the recognition rate of the designed
system.

1. Introduction

In the world, many people suffer from Parkinson’s disease
(PD).The disease more often appeared after the age of 60 [1].
Parkinson’s disease is a chronicle disorder of central nervous
systemwhich causes the death of the nervous cell in the brain.
Parkinson’s disease is progressive and the number of people
suffering from the disease is expected to rise. The disease
usually happens slowly andpersists over a long period of time.

The symptoms of the PD continue and worsen over time.
The basic symptoms of PD are movement related symptoms.
These are tremor, rigidity or stiffness of the limbs and
trunk, bradykinesia or slow movement, and problems with
balance or walking [2, 3]. Tremor is a basic symptom which
may affect shaking or trembling of legs, arms, hands, jaw,
or face. The patients may have difficulty talking, walking,
or completing some other simple tasks as these symptoms
become more pronounced. Other symptoms are related to
the behavioural problems, depression, thinking, sleep, and
emotional problems. A person with Parkinson’s may have a
trouble in speaking and swallowing and chewing problems.
Especially in advanced stages of the disease nonmotor fea-
tures, such as dementia and dysautonomia, occur frequently.

The diagnosis and timely treatments are important in order to
manage its symptoms.The diagnosis is based on neurological
examination and medical history of patients. The diagnosis
of the disease in the early stages is difficult [3]. Diagnosis of
PD depends on the presence of two or more of the above
symptoms.

Vocal symptoms that include impairment of vocal sounds
(dysphonia) and problems with the normal articulation of
speech (dysarthria) are important in diagnosis of PD [4].The
research paper [5] shows that the most important symptom
of PD is dysphonia. The dysphonia is the disorder of voice.
Dysphonic symptoms typically include reduced loudness
and roughness and breathiness and decreased energy in the
higher parts of the harmonic spectrum and exaggerated
vocal tremor. The treatment of these symptoms is difficult
for the people having Parkinson’s disease. In [4–6] it was
shown that approximately 90% of people with Parkinson’s
disease have dysphonia. Dysphonia includes any pathological
or functional problem with voice [6]. The voice will sound
hoarse, strained, or effortful. It may be difficult to understand
the voice of people having PD.The usedmethod for diagnosis
of Parkinson’s disease (PD) is basically based on speech
measurement for general voice disorders [4, 7–9].
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Specialists doctors need to make an analysis of many
factors for accurate diagnose of PD. Usually, decisions made
are based on evaluating the current test results of patients.
The problem becomes too difficult if the number of attributes
that the specialist wants to evaluate is high. Recently var-
ious computational tools have been developed in order to
improve the accuracy of diagnosis of PD. These tools have
provided excellent help to the doctors andmedical specialists
in making decisions about the patients. Different Artificial
Intelligence (AI) techniques, expert systems, and decision
making systems are designed for diagnosis or classification of
diseases. They were potential and good supportive tools for
the expert/doctor. The development of efficient recognition
systems in medical diagnosis is becoming more important.
Nowadays various Artificial Intelligence techniques such
as expert systems, fuzzy systems, and neural networks are
actively applied for diagnosis of Parkinson’s diseases using
voice signals. Reference [4] introduces a new measure of
dysphonia, pitch period entropy (PPE), which is robust to
many uncontrollable confounding effects including noisy
acoustic environments and separates healthy people from the
people having PD. Nonlinear dynamical systems theory [4,
10] and statistical learning theory, such as linear discriminant
analysis (LDA) and support vector machines (SVMs) [5, 11],
are preferred for classification of healthy people or those
with PD and discriminate the healthy people on the basis of
measures of dysphonia. Different techniques, such as SVM
[12], SVMwith RBF (radial based function) kernel [13], SVM
with Multiple Layer Perceptron (MLP), and a Radial Basis
Function Network (RBFN) [14], are used for diagnosis of PD.
In [15] integration of Kohonen self-organizing map (KSOM)
and least squares support vector machine (LS-SVM), and
in [3, 16] nonlinear time series analysis tools are applied
for diagnosing of PD. Reference [17] uses fuzzy c-means
algorithm, [18] uses four independent classification schemas,
neural networks, DMneural, regression, and decision tree for
classification purpose, and a comparative study was carried
out.

The above methods are used in order to increase clas-
sification accuracy of PD. Classification systems can help
in increasing the accuracy and reliability of diagnoses and
minimizing possible errors, as well as making the diagnoses
more time efficient. Success in the discovery of knowledge
depends on the ability to explore different classes of specific
data and to apply appropriate methods in order to extract the
main features. This paper deals with the application of fusion
of fuzzy systems and neural networks for designing of the
recognition system of PD.

Fuzzy systems can handle uncertainties associated with
information or data in the knowledge bases [19] and are
widely used to solve different real world problems. Fuzzy
system uses data and knowledge specific to chaotic dynamics
of the process and increases the performance of the system.
In the literature, different neural and fuzzy structures are
proposed for solving various problems [20–26]. In [22, 23]
clustering algorithm and gradient descent algorithm are
applied for the design of multi-input and single output FNS.
Well known ANFIS (adaptive neurofuzzy inference system)
structure is used for solving cervical cancer recognition [27],

for optimizing the chiller loading [28], and for distinguishing
ESES (electrical status epilepticus) and normal EEG (elec-
troencephalography) signals [29].The use of multiple ANFIS
structures, in [27], leads to the increase of the number of
parameters of the network. In these papers the used systems
are designed for special purpose and most of them are
basically based on Mamdani type rules. Performances of
these systems are determined by measuring classification
rate. In this paper, in order to improve the performance of
classification system, a multi-input and multioutput fuzzy
neural system (FNS) based on TSK rules is proposed for
identification of the PD.

The paper is organized as follows. Section 2 describes
the structure of proposed fuzzy neural system used for
recognition of PD.Theparameter update rule of the proposed
system is presented in Section 3. Section 4 describes the
simulation results. The conclusions are given in Section 5.

2. FNS Based Recognition

The fuzzy neural system combines the learning capabilities
of neural networks with the linguistic rule interpretation
of fuzzy inference systems. The design of FNS includes
the development of the fuzzy rules that have if-then form.
This can be achieved by dint of optimal definition of the
premise and consequent parts of fuzzy if-then rules for the
classification system through the training capability of neural
networks. The two basic types of if-then rules used in fuzzy
systems are Mamdani and Takagi-Sugeno-Kang (TSK) type
fuzzy rules. The first type consists of rules, whose antecedent
and consequent parts utilize fuzzy values. The second one
uses the fuzzy rules that have fuzzy antecedent and crisp
consequent parts. In the paperwe useTSK type fuzzy rules for
system design.The second type of fuzzy system approximates
nonlinear system with linear systems and has the following
form:

If 𝑥
1
is 𝐴
1𝑗

and 𝑥
2
is 𝐴
2𝑗

and . . . and 𝑥
𝑚
is 𝐴
𝑚𝑗

Then 𝑦
𝑗
is
𝑚

∑

𝑖=1

𝑎
𝑖𝑗
𝑥
𝑖
+ 𝑏
𝑗
,

(1)

where 𝑥
𝑖
and 𝑦

𝑗
are input and output signals of the system,

respectively, 𝑖 = 1, . . . , 𝑚 is the number of input signals, and
𝑗 = 1, . . . , 𝑟 is the number of rules. 𝐴

𝑖𝑗
are input fuzzy sets; 𝑏

𝑗

and 𝑎
𝑖𝑗
are coefficients.

The structure of fuzzy neural networks used for the
classification of PDs is based on TSK type fuzzy rules and
is given in Figure 1. The FNS includes six layers. In the
first layer, 𝑥

𝑖
(𝑖 = 1, . . . , 𝑚) input signals are distributed.

The second layer includes membership functions. Here each
node corresponds to one linguistic term. Here, for each input
signal entering the system, the membership degree to which
input value belongs to a fuzzy set is calculated. The Gaussian
membership function is used in order to describe linguistic
terms:

𝜇1
𝑗
(𝑥
𝑖
) = 𝑒
−(𝑥𝑖−𝑐𝑖𝑗)

2
/𝜎
2

𝑖𝑗
, 𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟, (2)
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Figure 1: Classifier based on FNS.

where 𝑐
𝑖𝑗
and 𝜎

𝑖𝑗
are center and width of the Gaussian mem-

bership functions, respectively, and 𝜇1
𝑗
(𝑥
𝑖
) is membership

function of 𝑖th input variable for 𝑗th term.
The third layer is a rule layer. Here number of nodes is

equal to the number of rules. Here 𝑅
1
, 𝑅
2
, . . . , 𝑅

𝑟
represents

the rules. The output signals of this layer are calculated using
t-norm min (AND) operation:

𝜇
𝑗
(𝑥) = ∏

𝑖

𝜇1
𝑗
(𝑥
𝑖
) 𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟, (3)

where Π is the min operation.
These 𝜇

𝑗
(𝑥) signals are input signals for the fifth layer.

Fourth layer is a consequent layer. It includes 𝑛 linear systems.
Here the output values of the rules are determined using
linear functions (LF):

𝑦1
𝑗
=

𝑚

∑

𝑖=1

𝑥
𝑖
𝑤
𝑖𝑗
+ 𝑏
𝑗
. (4)

In the fifth layer, the output signals of the third layer are
multiplied by the output signals of the fourth layer.Theoutput
of 𝑗th node is calculated as 𝑦

𝑗
= 𝜇
𝑗
(𝑥) ⋅ 𝑦1

𝑗
.

The output signals of FNS are determined as

𝑢
𝑘
=

∑
𝑟

𝑗=1
𝑤
𝑗𝑘
𝑦
𝑗

∑
𝑟

𝑗=1
𝜇
𝑗
(𝑥)

. (5)

Here 𝑢
𝑘
are the output signals of FNS (𝑘 = 1, . . . , 𝑛) and 𝑤

𝑗𝑘

are weight coefficients of connections used between layers 5
and 6. After calculating the output signal, the training of the
network starts.

3. Parameter Updates

3.1. Fuzzy Classification. The design of FNS (Figure 1)
includes determination of the unknown parameters of the
antecedent and the consequent parts of the fuzzy if-then rules
(1). In fuzzy rules the antecedent part represents the input
space by dividing the space into a set of fuzzy regions and
the consequent part describes the system behaviour in those
regions.

As mentioned above, recently a number of different
approaches have been used for designing fuzzy if-then rules.
Some of them are based on clustering [20–24, 26], the least
squares method (LSM) [20, 22, 30], gradient algorithms [14,
20–23, 26], genetic algorithms [24, 25, 28], andparticle swarm
optimization (PSO) [31].

In this paper, fuzzy clustering and gradient technique
are used for the design of FNS. At first the fuzzy clustering
is used to design the antecedent (premise) parts, and then
gradient algorithm is used to design the consequent parts of
the fuzzy rules. Fuzzy clustering is an efficient technique for
constructing the antecedent structures. The aim of clustering
methods is to identify a certain group of data from a large
data set, such that a concise representation of the behaviour of
the system is produced. Each cluster center can be translated
into a fuzzy rule for identifying the class. Different clustering
algorithms are developed [32–34]. Recently fuzzy c-means
[32] and subtractive clustering [33, 34] algorithms have been
developed for fuzzy systems. Subtractive is unsupervised
clustering [33] which is an extension of the grid based
mountain clustering [34]. Here the number of clusters for
input data points is determined by the clustering algorithm.
Sometimes we need to control the number of clusters in
an input space. In these cases, the supervised clustering
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algorithms are of primary concern. Fuzzy c-means clustering
is one of them. It can efficiently be used for fuzzy systems
[32] with a simple structure and sufficient accuracy. In this
paper, the fuzzy c-means (FCM) clustering technique is used
for structuring the premise part of the fuzzy system.

Learning of FNS starts with the update of parameters
of antecedent part of if-then rules, that is, the parameters
of the second layer of FNS. For this aim FCM classification
is applied in order to partition input space and construct
antecedent part of fuzzy if-then rules.The following objective
function is used in FCM algorithm:

𝐽
𝑞
=

𝑁

∑

𝑖=1

𝐶

∑

𝑗=1

𝑢
𝑞

𝑖𝑗
𝑑
2

𝑖𝑗
, where 𝑑

𝑖𝑗
=






𝑥
𝑖
− 𝑐
𝑗






, 1 ≤ 𝑞 < ∞, (6)

where 𝑞 is any real number greater than 1, 𝑢
𝑖𝑗
is the degree

of membership of 𝑥
𝑖
in the cluster 𝑗, 𝑥

𝑖
is the 𝑖th of 𝑑-

dimensional measured data, 𝑐
𝑗
is the 𝑘-dimension center of

the cluster, and ‖ ∗ ‖ is any norm expressing the similarity
between any measured data and the cluster centers.

The fuzzy classification of input data is carried out
through an iterative optimization of the objective function
(6), with the update of membership 𝑢

𝑖𝑗
and the cluster centers

𝑐
𝑗
. The algorithm consists of the following steps:

(1) Initialize 𝑈 = [𝑢
𝑖𝑗
]matrix, 𝑈(0).

(2) Calculate the centers vectors 𝐶(𝑡) = [𝑐
𝑗
] with 𝑈(𝑡):

𝑐
𝑗
=

(∑
𝑁

𝑖=1
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)

∑
𝑁

𝑖=1
𝑢
𝑞

𝑖𝑗

. (7)

(3) Update 𝑈(𝑡) and 𝑈(𝑡+1):

𝑢
𝑖𝑗
=

1

∑
𝐶

𝑘=1
(𝑑
𝑖𝑘
/𝑑
𝑗𝑘
)

2/(𝑞−1)
. (8)

(4) If {|𝑈(𝑡+1) −𝑈(𝑡)|} < 𝜀 then stop; otherwise set 𝑡 = 𝑡+1
and return to Step (2).

In the results of partitioning the cluster centers are
determined. These cluster centers will correspond to the
centers of the membership functions used in the input layer
of FNS.The width of the membership function is determined
using the distance between cluster centers.

After the design of the antecedents parts by fuzzy cluster-
ing, the parameter update rules are derived for training the
parameters of the consequent parts of the fuzzy rules. In the
paper, we applied gradient learning with adaptive learning
rate. The adaptive learning rate guarantees the convergence
and speeds up the learning of the network.

3.2. Learning Using Gradient Descent. At the beginning, the
parameters of the FNS are generated randomly. To generate
a proper FNS model, the training of the parameters has
been carried out. For generality, we have given the learning
procedure of all parameters of FNS using gradient descent

algorithm. The parameters are the membership function of
linguistic values in the second layer of the network and the
parameters of the fourth and fifth layers. In the design of FNS
cross validation technique is used for separation of the data
into training and testing set. Training includes the adjusting
of the parameter values. In this paper, a gradient learningwith
adaptive learning rate is applied for the update of parameters.
The adaptive learning rate guarantees the convergence and
speeds up the learning of the network. In addition, the
momentum is used to speed up the learning processes.

The error on the output of the network is calculated as

𝐸 =

1

2

𝑛

∑

𝑘=1

(𝑢
𝑑

𝑘
− 𝑢
𝑘
)

2

. (9)

Here 𝑛 is the number of output signals of the network,
𝑢
𝑑

𝑘
and 𝑢

𝑘
are desired and current output values of the net-

work (𝑘 = 1, . . . , 𝑛), respectively. The parameters 𝑤
𝑗𝑘
, 𝑎
𝑖𝑗
, 𝑏
𝑗

(𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟, 𝑘 = 1, . . . , 𝑛) in consequent
part of network and the parameters of membership functions
𝑐
𝑖𝑗
and 𝜎

𝑖𝑗
(𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟) in the premise part of

FNS are adjusted using the following formulas:

𝑤
𝑗𝑘
(𝑡 + 1) = 𝑤

𝑗𝑘
(𝑡) − 𝛾

𝜕𝐸

𝜕𝑤
𝑗𝑘

+ 𝜆 (𝑤
𝑗𝑘
(𝑡) − 𝑤

𝑗𝑘
(𝑡 − 1)) ;

𝑎
𝑖𝑗
(𝑡 + 1) = 𝑎

𝑖𝑗
(𝑡) − 𝛾

𝜕𝐸

𝜕𝑎
𝑖𝑗

+ 𝜆 (𝑎
𝑖𝑗
(𝑡) − 𝑎

𝑖𝑗
(𝑡 − 1)) ;

𝑏
𝑗
(𝑡 + 1) = 𝑏

𝑗
(𝑡) − 𝛾

𝜕𝐸

𝜕𝑏
𝑗

+ 𝜆 (𝑏
𝑗
(𝑡) − 𝑏

𝑗
(𝑡 − 1)) ;

(10)
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𝑖 = 1, . . . , 𝑛; 𝑗 = 1, . . . , 𝑟; 𝑘 = 1, . . . , 𝑛.

(11)

Here 𝛾 is the learning rate, 𝜆 is the momentum, 𝑚 is the
number of input signals of the network (input neurons) and
𝑟 is the number of fuzzy rules (hidden neurons), and 𝑛 is the
number of output neurons.

The derivatives in (10) are computed using the following
formulas:
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here 𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟, 𝑘 = 1, . . . , 𝑛.
(12)

The derivatives in (11) are determined by the following
formulas:
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Here 𝑖 = 1, . . . , 𝑚, 𝑗 = 1, . . . , 𝑟, 𝑘 = 1, . . . , 𝑛. Consider
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(14)

Using equations (12)–(14), the derivatives in (10) and (11)
are calculated and the correction of the parameters of FNS is
carried out.

Convergence is very important problem in learning of
FNS model.The convergence of the learning algorithm using
gradient descent depends on the selection of the initial values
of the learning rate. Usually, the initial value of learning rate
is selected in the interval [0-1]. A large value of the learning
rate may lead to unstable learning; a small value of the
learning rate results in a slow learning speed. In the paper an
adaptive approach is applied for updating these parameters.
The learning of the FNS parameters is started with a small
value of the learning rate 𝛾. During learning, 𝛾is increased if
the value of change of errorΔ𝐸 = 𝐸(𝑡)−𝐸(𝑡+1) is positive and
decreased if negative. This strategy ensures a stable learning
for the FNS. In addition a momentum term is used to speed
up learning processes. The optimal value of the learning rate
for each time instance can be obtained using a Lyapunov
function [22, 23]. The derivation of the convergence is given
in [22, 23].

4. Simulation Studies

The FNS, described above, is applied for classification of
Parkinson’s dieses. The people are divided into two classes:

normal and PD. For this aim, the database is taken from
University of California at Irvine (UCI) machine learning
repository. The data set is donated from hospitals and it
has been studied by many researchers. The data set includes
biomedical voice measurements of 31 people; 23 were diag-
nosed with PD. Each row contains the value of the 23 voice
parameters. Each column contains 195 items of data for
each parameter. The main aim of the data is to discriminate
healthy people from those with PD. The parameters that are
used for recognition of PD are given in Table 1. These are
the parameters of the voice signals recorded directly on the
computer using Computerized Speech Laboratory. During
modelling the preprocessing have been done on the input
data and the input data are normalized in the interval of [0, 1].
The scaling operation helps andmakes the training process of
the system easy. After normalization, these data are entered as
an input signal to the FNS.

To design classification model the FNS structure with
23 input and 2 output neurons is generated first. If we use
traditional neurofuzzy structure (e.g., [20] or [26]) for 23
inputs and 2 cluster centers, pow(2,23) = 8383608 rules
should be generated. The rules are constructed using all
possible combinations of inputs and cluster centers. This is
very large number. In this paper the number of rules is
selected according to the clustering results, equal to cluster
centers.

In the design of FNS, the fuzzy classification is applied
in order to partition input space and select the parameters
of the premise parts, that is, the parameters of Gaussian
membership functions used in the second layer of FNS. FCM
clustering is used for the input space with 16 clusters for
each input. 16 fuzzy rules are constructed using a different
combination of these clusters for 22 inputs. After clustering
input space gradient decent algorithm is used for learning
of consequent parts of the fuzzy rules, that is, parameters of
the 4th layer of FNS. Learning is implemented using cross
validation. Cross validation generalizes two independent data
sets: training and testing. It is applied to find accurate model
of classifier. In the paper 10-fold cross validation is used for
separation of the data into training and testing set and for
evaluation of classification accuracy. There should be set of
experiments in order to achieve required accuracy in the FNS
output. The simulation is performed using different number
of neurons in hidden layer. The design steps of FNS for the
diagnosing PD are given below:

(1) Read PD data set. Select input and output (target)
signals from statistical data. Apply normalization.

(2) Enter the values of learning rate and momentum. Set
the number of clusters. Generate network parameters.
Set a maximal number of epochs for learning.

(3) Apply classification algorithm to the input signals and
determine the cluster centers.

(4) Use cluster centers to determine the centers of mem-
bership functions of layer 2.

(5) Use the centers of membership functions to deter-
mine the widths of membership functions.
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Table 1: List of measurement methods applied to acoustic signals recorded from each subject.

Name ASCII subject name and recording number
MDVP:Fo (Hz) Average vocal fundamental frequency
MDVP:Fhi (Hz) Maximum vocal fundamental frequency
MDVP:Flo (Hz) Minimum vocal fundamental frequency
MDVP:Jitter (%)

Five measures of variation in fundamental frequency
MDVP:Jitter (Abs)
MDVP:RAP
MDVP:PPQ
Jitter:DDP
MDVP:Shimmer

Six measures of variation in amplitude

MDVP:Shimmer (dB)
Shimmer:APQ3
Shimmer:APQ5
MDVP:APQ
Shimmer:DDA
NHR Two measures of ratio of noise to tonal components in the voice
HNR
RPDE Two nonlinear dynamical complexity measures
D2
DFA Signal fractal scaling exponent
Spread1

Three nonlinear measures of fundamental frequency variationSpread2
PPE
Status Health status of the subject: one, Parkinson’s; zero, healthy

(6) Using input statistical data define a random partition
for 10-fold cross validation.

(7) Initialize current number of learning epochs to 1.
(8) Use PD data set and cross validation and determine

training and testing data sets.
(9) Determine the numbers of rows in training and

testing data sets.
(10) Initialize the number of iterations to 1.
(11) According to the number of iterations select input

data from training data set and send them to the input
of FNS.

(12) Calculate network outputs.
(13) Determine the values of errors using network output

and target output signals. Use these error values to
compute the sum of the squared errors (SSE).

(14) Using error values update the network parameters
(learning of network).

(15) Apply adaptive strategy for updating the learning rate
using current and previous values of SSE.

(16) Compute sum of SSE obtained on each iteration and
save as the training error. Repeat Steps (11)–(16) for
other remaining training data sets. If the current
number of iterations will be less than a number of
rows in the training set then go to Step (11), otherwise
go to Step (17).

(17) Select test data set.

(18) Set number of iterations to 1.
(19) According to the number of iterations select input

data from test data set and send them to the input of
FNS.

(20) Compute the output of FNS.
(21) Determine the values of errors using network output

and target output signals. Compute SSE on the output
of the network.

(22) Compute sumof SSE obtained on each iteration of the
loop and save as the testing error. Repeat Steps (19)–
(22) for other remaining test data sets.

(23) Check the value of testing error with the value of
testing error obtained in the previous epoch. If the
current error value is less than the previous one then
go to Step (24), otherwise go to Step (25).

(24) Save the parameters of the network. Save the values of
training and testing errors.

(25) Use the sum of SSE to find root mean squared error
(RMSE). Print the values of testing and training
errors; increment the epochs number.

(26) Check a current number of epochs for the continua-
tion of the learning process. If this number is less than
themaximal number of epochs then repeat Steps (8)–
(26). Otherwise go to Step (27).

(27) Print the values of training and testing errors obtained
in Step (24).

(28) Stop the training.
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Table 2: Fragment from PD data set.

MDVP:Fo (Hz) 119.99200 122.4000 236.20000 237.32300 260.10500 197.56900 151.73700 148.7900
MDVP:Fhi (Hz) 157.30200 148.6500 244.66300 243.70900 264.91900 217.62700 190.20400 158.3590
MDVP:Flo (Hz) 74.99700 113.8190 102.13700 229.25600 237.30300 90.79400 129.85900 138.9900
MDVP:Jitter (%) 0.00784 0.00968 0.00277 0.00303 0.00339 0.00803 0.00314 0.00309
MDVP:Jitter (Abs) 0.00007 0.00008 0.00001 0.00001 0.00001 0.00004 0.00002 0.00002
MDVP:RAP 0.00370 0.00465 0.00154 0.00173 0.00205 0.00490 0.00135 0.00152
MDVP:PPQ 0.00554 0.00696 0.00153 0.00159 0.00186 0.00448 0.00162 0.00186
Jitter:DDP 0.01109 0.01394 0.00462 0.00519 0.00616 0.01470 0.00406 0.00456
MDVP:Shimmer 0.04374 0.06134 0.02448 0.01242 0.02030 0.02177 0.01469 0.01574
MDVP:Shimmer (dB) 0.42600 0.62600 0.21700 0.11600 0.19700 0.18900 0.13200 0.14200
Shimmer:APQ3 0.02182 0.03134 0.01410 0.00696 0.01186 0.01279 0.00728 0.00839
Shimmer:APQ5 0.03130 0.04518 0.01426 0.00747 0.01230 0.01272 0.00886 0.00956
MDVP:APQ 0.02971 0.04368 0.01621 0.00882 0.01367 0.01439 0.01230 0.01309
Shimmer:DDA 0.06545 0.09403 0.04231 0.02089 0.03557 0.03836 0.02184 0.02518
NHR 0.02211 0.01929 0.00620 0.00533 0.00910 0.01337 0.00570 0.00488
HNR 21.03300 19.08500 24.07800 24.67900 21.08300 19.26900 24.15100 24.41200
RPDE 0.414783 0.458359 0.469928 0.384868 0.440988 0.372222 0.396610 0.402591
D2 0.815285 0.819521 0.628232 0.626710 0.628058 0.725216 0.745957 0.762508
DFA −4.813031 −4.075192 −6.816086 −7.018057 −7.517934 −5.736781 −6.486822 −6.311987
Spread1 0.266482 0.335590 0.172270 0.176316 0.160414 0.164529 0.197919 0.182459
Spread2 2.301442 2.486855 2.235197 1.852402 1.881767 2.882450 2.449763 2.251553
PPE 0.284654 0.368674 0.119652 0.091604 0.075587 0.202879 0.132703 0.160306
Status 1 1 0 0 0 0 1 1

The training of input/output data for the classification
system will be a structure whose first component is the
twenty-three-dimension input vector and second component
is the two-dimension output clusters. Table 2 depicts the
fragment from PD data set. The FNS structure is generated
with 23 input and two output neurons. After generation
fuzzy c-means clustering and gradient descent algorithms are
applied for training the parameters of FNS. In the first step,
using fuzzy clustering, cluster centers are determined using
the input data. These cluster centers are used to organize the
membership functions of the inputs of antecedent part of
each fuzzy rules.The rule layer is the second layer.The conse-
quent parts of the fuzzy rules are organized using linear func-
tions. Linear functions are determined in fourth layer. After
clustering and designing antecedent part the learning of the
parameters of consequent part starts. The initial values of the
parameters𝑤 and 𝑏 of linear functions of consequent part are
selected in interval [0, 0.2]. The initial values of learning rate
and momentum are selected as 0.02 and 0.625, correspond-
ingly. During learning the parameters 𝑤 and 𝑏 of the rule are
updated. In the results of learning the fuzzy rules are con-
structed. The clusters obtained from classification operation
will be the centers of Gaussianmembership functions used in
antecedent parts of fuzzy rules.The consequent parts are con-
structed on the basis of learning of the parameters of linear
functions.

The simulation results of FNS is compared with the
simulation results of other models used for classification of
PD. For evaluation of the outcomes of the models the Root
Mean Square Error (RMSE) is used:

RMSE = √ 1
𝑁

𝑁

∑

𝑖=1

(𝑢
𝑑

𝑖
− 𝑢
𝑖
)

2

. (15)

Here 𝑢𝑑
𝑖
are desired values of output and 𝑢

𝑖
are actual values

of the system output.
To estimate the performance of the FNS clustering

systems, the recognition rates and RMSE values of errors
between clusters and current output signal are taken. RMSE
is computed using formula given above. Recognition rate is
computed by the number of items correctly classified divided
by the total number of items:

Recognition rate

=

Number of items correctly classified
Total number of items

⋅ 100%.
(16)

During training of FNS, all input data are scaled to interval
[0, 1]. Then fuzzy c-means clustering is applied to input
data. The result of clustering is used to set up parameters
of the antecedent part of fuzzy rules, that is, parameters of
the second layer of FNS structure. The parameters of the
consequent part of fuzzy rules are determined by applying
gradient learning. The learning has been performed for
2000 epochs. The synthesis of FNS classification system is
performed using different number of fuzzy rules.The training
has been performed using different number of rules: 2, 5,
8, 12, and 16. Training is performed using 10-fold cross
validation. In the results of training the parameters of FNS
are determined. Figure 2 depicts the values of RMSE obtained
during training. Once the FNS is trained then it has been
used for testing. The values of RMSE obtained for train,
evaluation, and test stages for FNS having 16 hidden neurons
are 0.232154, 0.291636, and 0.283590, correspondingly. The
training has been performed with the learning rate 0.01 and
momentum rate 0.825. Table 3 describes training and testing
results of FNS model obtained using different number of
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Table 3: Simulation results of FNS.

Number of hidden neurons RMSE training RMSE evaluation RMSE testing Accuracy (%)
2 0.548520 0.560548 0.551954 81.025641
5 0.397395 0.401047 0.379963 93.333333
8 0.341242 0.435460 0.428456 95.897436
12 0.333357 0.343488 0.335679 97.948718
16 0.232154 0.291636 0.283590 100
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500 1000 1500 20000
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Figure 2: RMSE values.

rules: 2, 5, 8, 12, and 16. Simulation results are averaged over
ten simulations.

From Table 3, it was shown that the increase in the
number of rules (or the number of hidden neurons) decreases
the values of RMSE for training and testing cases and
increases recognition rate. The use of clustering and gradient
techniques for learning allows quick obtaining of low RMSE
value and allows improving performance of FNS for training
and testing stages. In the second simulation a comparative
analysis of the classification of PD has been performed. The
result of the simulation of the FNS classification model is
compared with results of simulations of different classifica-
tion models, such as support vector machine (SVM), neural
networks (NN), regression model, decision tree, and FCM
based feature weighting. To estimate the performance of the
NN, SVM, and FNS clustering systems, the recognition rates
and RMSE values of errors between clusters and current
output signal are compared. In Table 4, the comparative
results of simulations of different models are given. As shown
in the table the performance of FNS classification system is
better than the performance of the other models.

5. Conclusion

The paper presents the diagnosis of Parkinson’s diseases
using fuzzy neural structures. The structure and learning
algorithms of FNS are presented. Fuzzy clustering and
gradient descent learning algorithms are applied for the

Table 4: Comparative results of different models for classification
of PD.

Models Accuracy (testing)
Decision tree [18] 84.3
Regression [18] 88.6
DMneural [18] 84.3
Neural network [18] 92.9
FCM based feature weighting [17] 97.93
SVM 93.846154
FNS 100

development of the FNS. Learning is performed using 10-
fold cross validation data set. The design of the classification
system is carried out using different number of fuzzy rules
used in FNS. Recognition rate of classification is obtained as
100% with 16 hidden neurons. For comparative analysis, the
simulation of PD is performed using different models. The
obtained results demonstrate that the performance of FNS is
better than the other models used for classification of PD.
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