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Abstract
Heart failure with preserved ejection fraction (HFpEF) is a complex and heterogeneous clinical syndrome. For the purpose of
assisting HFpEF diagnosis, a non-invasive method using extreme learning machine and heart sound (HS) characteristics was
provided in this paper. Firstly, the improved wavelet denoising method was used for signal preprocessing. Then, the logistic
regression based hidden semi-Markov model algorithm was utilized to locate the boundary of the first HS and the second HS,
therefore, the ratio of diastolic to systolic duration can be calculated. Eleven features were extracted based on multifractal
detrended fluctuation analysis to analyze the differences of multifractal behavior of HS between healthy people and HFpEF
patients. Afterwards, the statistical analysis was implemented on the extracted HS characteristics to generate the diagnostic
feature set. Finally, the extreme learning machine was applied for HFpEF identification by the comparison of performances with
support vector machine. The result shows an accuracy of 96.32%, a sensitivity of 95.48% and a specificity of 97.10%, which
demonstrates the effectiveness of HS for HFpEF diagnosis.

Keywords Heart failure with preserved ejection fraction . Heart sounds . Multifractal detrended fluctuation analysis . Extreme
learningmachine

Introduction

Heart failure with preserved ejection fraction (HFpEF) ac-
counts for approximately 50% of all heart failure (HF) patients
[1], and it is often associated with multiple comorbidities,
including hypertension, obesity, atrial fibrillation and meta-
bolic syndrome [2]. In addition, the morbidity and mortality
of HFpEF are comparable to or a little lower than HF with
reduced ejection fraction [1, 3], but the diagnosis of HFpEF is
more challenging [4].

The following conditions should be considered for HFpEF
diagnosis according to the 2016 European Society of
Cardiology Guidelines [4]: (1) The symptoms and/or signs
of HF. (2) A preserved left ventricular ejection fraction (≥
50%). (3) An increased B-type natriuretic peptide (BNP >
35 pg/ml) and/or N-terminal pro-BNP (> 125 pg/ml). (4)
Evidence of other changes in cardiac structure or function.
(5) An elevated left ventricular filling pressure confirmed by
stress test or invasive measurement. However, many HFpEF
patients show symptoms only after exercise and the BNP will
not elevate when such individuals are in rest state [5].
Moreover, the symptoms and signs of HFpEF patients are
non-specific for HFpEF is the early stage of HF, and the in-
vasive measurement is not suitable to promote among people.
All of these may lead guideline based HFpEF diagnosis to be
insensitive. Hence, it is of great significance to explore new
directions for HFpEF diagnosis. Tells et al. [6] found that
novel cardiovascular imaging modalities seems promising
for HFpEF characterization. Heart sound (HS) can provide
effective information for early recognition of cardiac abnor-
malities due to its direct reflection of the mechanical proper-
ties of cardiac activity [7]. However, to the best of our knowl-
edge, the study of HFpEF using HS has not been reported yet.
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HS is a non-stationary physiological signal with ob-
vious multifractal characteristics [8]. Multifractal
detrended fluctuation analysis (MF-DFA) [9] is regarded
as an effective method for analyzing the multifractality
of non-stationary signals. Zheng et al. [10] manifest that
normal HS has a stronger multifractality than HF based
on MF-DFA. Sikdar et al. [11] used MF-DFA for elec-
troencephalogram classification and obtained a high ac-
curacy of 99.6%. Besides, Lin and Chen [12] utilized
MF-DFA to detect the fault gear. Tang et al. [13] ap-
plied MF-DFA method for partial discharge signals
analysis. The aforementioned studies demonstrate the
effectiveness of MF-DFA in dealing with complex and
non-stationary nonlinear signals, however, the research
on HS using MF-DFA method has been rarely reported
yet.

In previous study, the support vector machine (SVM)
with gaussian radial basis kernel function was confirmed
to have a good performance in HS classification [14],
but the values of kernel function parameter δ and pen-
alty parameter C are difficult to select appropriately.
Many intelligent optimization algorithms such as parti-
cle swarm optimization [15], ant colony optimization
[16] and social emotional optimization [17] were pro-
posed for parameters optimization, but it will take a
long time. Extreme learning machine (ELM) is an ex-
tremely effective method [18], which achieves similar or
preferable generalization performance at much faster
speed than SVM [19].

Therefore, we proposed an automatic approach using
ELM classifier for HFpEF identification based on HS
characteristics in this study. The preprocessing was imple-
mented based on resampling, modified wavelet denoising
and amplitude normalization. The ratio of diastolic to sys-
tolic duration (D/S) and 11 MF-DFA based features were
calculated by means of average method and MF-DFA,
respectively. Then a t-test was performed on the above
characteristics, the features with significant differences
were selected to generate the diagnostic feature set, which
was input into ELM for HFpEF identification, and SVM
was designed for comparison in order to testify the supe-
riority of the proposed method.

The remaining of this paper is structured as follows. In
“Materials and methods” section, the experimental data as
well as the algorithms of preprocessing, features extraction
and classification are introduced. The “Results” section de-
scribes the statistical results of the extracted HS characteristics
and compares the performance of ELM and SVM. In
“Discussion” section, the differences of the features between
healthy people and HFpEF patients are discussed, moreover,
the advantages and limitations of this study are analyzed. The
“Conclusion” section summarizes the preliminary conclusions
and puts forward some suggestions for future work.

Materials and methods

Selection and description of data

The dataset selected for this study consists of 401 HS signals
from healthy volunteers with no history of cardiovascular dis-
ease in Chongqing University as control group, and 441 HS
signals from HFpEF patients who were diagnosed and con-
firmed by the cardiologists in University-Town Hospital of
Chongqing Medical University as experimental group. All
the data were acquired by the HS collector (Patent No:
CN2013093000306700) at the sampling frequency of
11025 Hz when the subjects are in rest state.

Data preprocessing

Since the frequency of HS generally does not exceed 800 Hz
[20], firstly, the signals were resampled into 2205 Hz accord-
ing to the Nyquist sampling theorem. Then, the improved
wavelet denoising method where the different mother wavelet
as well as decomposition layer for different signals were se-
lected adaptively based on the method described in article
[21], the threshold values at different decomposition level
and the threshold function were calculated based on Eq. (1)
[22] and Eq. (2) [23], respectively.

λ j ¼ σ
ffiffiffiffiffiffiffiffiffiffi
2lnN

p

ln eþ j−1ð Þ ; j ¼ 1; 2; :::J ð1Þ

DT
j k½ � ¼ Dj k½ �

Dj k½ �3=λ j
2
; if jDj k½ �j > λ j

; if jDj k½ �j≤λ j

�
ð2Þ

where N is the length of the signal, J represents the total
number of decomposition layer, e is the natural logarithm,
Dj is the detail coefficient of jth decomposition level, let
MAD represents the median of absolute value, σ =
MAD{Dj[k]}/0.6745 denotes the standard deviation of noise
[24]. Finally, the amplitude normalization was applied to the
denoised signal S(n):

Snorm nð Þ ¼ S nð Þ
maxNn¼1 jS nð Þjð Þ ð3Þ

HS characteristics extraction

The D/S

The D/S value (illustrated in Fig. 1) is a time index that has the
ability to assess whether the blood perfusion time of myocar-
dial is sufficient during diastole [25]. It can be used as a non-
invasive indicator for cardiac function assessment of HFpEF
patients. Firstly, the signals were segmented by the logistic
regression based hidden semi-Markov model [26–28], then,
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calculated the average value of D/S over 20 cycles as the
result.

MF-DFA based features

Generally, multifractal characteristics of time series can be
divided into two types, one is because of the broad probability
density function, and the other is because of the different long-
range correlations of large and small fluctuations [29]. The
MF-DFA method, which enables both integral and local de-
tection of the multifractality, was utilized to analyze the
multifractal characteristics of HS in this study. Supposing that
{xk} is a compact support discrete time series of length N, the
algorithms of MF-DFA [9] are as follows:

Step 1: Calculate the “profile”:

Y ið Þ ¼ ∑
i

k¼1
xk−x
h i

; i ¼ 1; 2; :::;N ð4Þ

where x denotes the average value of xk.

Step 2: Divide Y(i) into Ns = int[N/s] non-overlapping seg-
ments of length s and repeat this procedure from
opposite end to avoid data disregarding. The length
of minimum segments should be large to avoid over-
fitting, while the length of maximum segments
should be small to provide adequate segments for
fluctuation function calculation [30], which were
set as 28 and N/10, respectively.

Step 3: For each segment, the least-square fit using second
order polynomial was selected to calculate the local
trend yv(i), and the fluctuations F2(s, v) are calculat-
ed as:

F2 s; vð Þ ¼ 1

s
∑
s

i¼1
Y v−1ð Þsþ i½ �−yv ið Þf g2; v ¼ 1; 2; :::;Ns

ð5Þ

F2 s; vð Þ ¼ 1

s
∑
s

i¼1
Y N− v−Nsð Þsþ i½ �−yv ið Þf g2;

v ¼ Ns þ 1;Ns þ 2; :::; 2Ns

ð6Þ

where s is the segment size, v ∈ [1, 2Ns] is the current segment
number.

Step 4: The q order fluctuation function is:

Fq sð Þ ¼ 1

2Ns
∑
2Ns

v¼1
F2 s; vð Þ� �q

2

� �1
q

ð7Þ

where q is the weight of local fluctuations and can be any non-
zero real values, q > 0 represents the large fluctuations and q <
0 represents the small fluctuations [30], when q = 0, the fluc-
tuation function can be obtained based on Eq. (8). In addition,
the calculation accuracywill decreasewith the increase of ∣q∣
[30]. A choice of q between −3 and 3 is sufficient in this paper.

F0 sð Þ ¼ exp
1

4Ns
∑
2Ns

v¼1
ln F2 s; vð Þ� �� �

ð8Þ

If the signal is long-range power-law dependent, the rela-
tionship between Fq(s) and s can be written as:

Fq sð Þ∝sh qð Þ ð9Þ

where h(q) is the slope of log-log plot of Fq(s) versus s, which
is called the generalized Hurst exponent, and it is directly
related to the scaling exponent τ(q) in standard multifractal
analysis.

τ qð Þ ¼ qh qð Þ−1 ð10Þ

Fig. 1 The illustration of the ratio
of diastolic to systolic duration
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Applying the Legendre transform to τ(q), the singularity
exponent α and its corresponding dimension f(α) can be ob-
tained as follows:

α ¼ h qð Þ þ qh
0
qð Þ ð11Þ

f αð Þ ¼ q α−h qð Þ½ � þ 1 ð12Þ

Eleven features were calculated based onMF-DFAwith the
full use of h(q), τ(q), α and f(α) in this study, and the detailed
interpretations of these parameters are shown in Table 1.

ELM-based classification

An ELM is a single hidden layer feedforward network (shown
in Fig. 2) with the parameters of hidden neurons selected
stochastically and the output weights determined directly
without iteration. For datasets x j; t j

� �
; j ¼ 1; :::;N , where

xj = [xj1, xj2, ..., xjn]
T ∈ Rn represents the input features, tj = [tj1,

tj2, ..., tjm]
T ∈ Rm denotes the labels of xj, N is the number of

samples selected in this study. The structure of ELM with L
hidden neurons can be represented as [18]:

∑
L

i¼1
βig wi⋅x j þ bi

	 
 ¼ o j ; j ¼ 1; :::;N ð13Þ

where wi = [wi1,wi2, ...,win]
T and βi = [βi1, βi2, ..., βim]

T are the
weight vectors connecting the ith hidden neuronwith the input
neurons and the output neurons, respectively. bi represents the
threshold of the ith hidden neuron. wi ⋅ xj denotes the inner
product of wi and xj, g(x) is the activation function, oj is the
output of the network corresponding to the input xj. This mod-
el can approximate all the input samples without deviation,
which means:

∑
N

j¼1
‖oj−t j‖ ¼ 0 ð14Þ

∑
L

i¼1
βig wi⋅x j þ bi

	 
 ¼ t j ; j ¼ 1; :::;N ð15Þ

The Eq. (15) can be rewritten as HLβ = T, where

HL w1; :::;wL; b1; :::; bL; x1; :::; xNð Þ

¼
g w1x1 þ b1ð Þ

:::
g w1xN þ b1ð Þ

:::
:::
:::

g wLx1 þ bLð Þ
:::

g wLxN þ bLð Þ

2
4

3
5
N�L

ð16Þ

β ¼
βT

1

:::
βT

L

2
4

3
5
L�m

; T ¼
tT 1
:::
tT N

2
4

3
5
N�m

ð17Þ

where HL is called the output matrix of hidden layer.
Once wi and bi are randomly determined, HL is uniquely

defined correspondingly. Therefore, β can be obtained by:

β̂̂ ¼ HL
†T ð18Þ

where HL
† denotes the Moore-Penrose generalized inverse of

HL. Thereby, the output of ELM is as follows:

f x j
	 
 ¼ ∑

L

i¼1
β̂̂igi wi⋅x j þ bi

	 
 ð19Þ

Results

The statistical results of HS characteristics

All algorithms, statistical approaches and graphics were ac-
complished using MATLAB (version 9.5 R2018b), SPSS
(version 25.0) and ORIGIN (version OriginPro 2017C) soft-
ware, respectively. The statistical results are presented in
Table 2. The P values are less than 0.001, indicating that all
the extracted features are significantly different between con-
trol and HFpEF groups. HFpEF patients have a lower D/S
than control as shown in Fig. 3a. For MF-DFA based features
(Fig. 3b~l), the H, h(qmin), h(qmax), τ(qmax), Δα, αmin, αmax

and f(αmin) values of HFpEF group are lower than control
group, while the τ(qmin), f(αmax) and Δf values of HFpEF
group are higher. From Fig. 4, it is observed that both h(q)
and τq of control and HFpEF groups vary with q, and f(α)
shows a single-peak bell shape.

Table 1 The definitions of the extracted MF-DFA based features in this
study

Symbol Definition

H Hurst exponent, the value of h(q) when q = 2

h(qmin),
h(qmax)

The value of h(q) when q takes the minimum or
maximum value

τ(qmin),
τ(qmax)

The value of τ(q) when q takes the minimum
or maximum value

αmax, αmin The maximum or minimum value of α

Δα Multifractal spectrum width, where Δα =αmax −αmin

f(αmax),
f(αmin)

The fractal dimension corresponding to αmax or αmin

Δf Δf = f(αmax) − f(αmin)

Fig. 2 The network of extreme learning machine
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The experimental result of HS classification

A dataset consisting of 12 features with significant differences
was input into ELM for HFpEF identification. The classifica-
tion accuracy was calculated via the four-fold cross validation.
Sigmoidwas selected as the activation function and the hidden

neurons L was set as 60 according to Fig. 5. In addition, the
SVM with gaussian radial basis kernel function, whose pa-
rameter values were selected by particle swarm optimization
algorithm, was designed for comparison in order to verify the
superiority of ELM. The performance comparison of ELM
and SVM is presented in Table 3, it is noted that the ELM
achieved an accuracy of 96.32%, a sensitivity of 95.48% and a
specificity of 97.10%, which are 2.31%, 2.58%, and 2%
higher than SVM. Moreover, the ELM shows a faster speed
(nearly 1,384 times) than SVM.

Discussion

The distinctions of HS characteristics between healthy
people and HFpEF patients

The D/S value can assess whether the blood perfusion time of
myocardial during diastole is sufficient or not, and a higher D/
S shows a healthier myocardial perfusion state [10]. The path-
ophysiology of HFpEF remains not completely clear yet. A
preliminary consensus suggests that systemic low-grade

Table 2 The statistical results of heart sound characteristics

Features Control group HFpEF group P

D/S 1.77±0.22 1.64±0.29 <0.001

H 0.31±0.08 0.21±0.04 <0.001

h(qmin) 1.36±0.24 1.21±0.16 <0.001

h(qmax) 0.20±0.08 0.10±0.04 <0.001

τ(qmin) −5.07±0.72 −4.64±0.49 <0.001

τ(qmax) −0.39±0.24 −0.71±0.13 <0.001

Δα 1.67±0.26 1.50±0.18 <0.001

αmin −0.03±0.09 −0.15±0.05 <0.001

αmax 1.64±0.28 1.36±0.18 <0.001

f(αmin) 0.30±0.07 0.27±0.06 <0.001

f(αmax) 0.15±0.20 0.57±0.15 <0.001

Δf −0.15±0.23 0.30±0.17 <0.001

Fig. 3 The box plots showing variations of the selected features between control and HFpEF groups: a D/S, b ~ l MF-DFA based features, namely H,
h(qmin), h(qmax), τ(qmin),τ(qmax), Δα, αmin, αmax, f(αmin), f(αmax) and Δf

J Med Syst (2019) 43: 285 Page 5 of 8 285



inflammation and microvascular dysfunction are keystones to
the etiology of HFpEF [31]. Microvascular dysfunction af-
fects peripheral vascular resistance and blood pressure, as well

as (cardiac) muscle perfusion and metabolism [32]. Thus, the
D/S value of HFpEF is lower, which means that the healthy
people have a relatively long diastolic period and can store
more nutrients and oxygen for systolic work.

Since this is the first report for analyzing and detecting
HFpEF using HS, the MF-DFA based features are only used
to characterize and identify HFpEF without exploring its rea-
sons for variation. According to the multifractal theory, 0 <H
< 0.5 implies that the time series is long-range anti-correlated,
and a smallerH of HFpEF indicates a stronger anti-correlation
[9]. The variational generalized Hurst exponent demonstrates
that the long-range correlations of large and small fluctuations
are different, so that the HS of both healthy people and HFpEF
patients are multifractal in nature, and a lowerΔα indicates a
decrease of multifractal strength of HFpEF. h(qmin) and h(q-
max) reflect the attenuation rate of the minimum and maximum
fluctuations near the position being analyzed, respectively
[33], lower values of h(qmin) and h(qmax) show a rougher
fluctuations, hence, murmurs may generate in HS signals of

Fig. 4 The plots inMF-DFA of control and HFpEF groups: a plot of h(q)
versus q, b plot of τ(q) versus q, c plot of f(α) versus α

Fig. 5 The accuracy comparison of different parameters: a the number of
hidden neurons L, b activation function
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HFpEF patients. αmax and αmin illustrate the singularity of the
smallest and largest fluctuations of signal, whose intensity is
inversely proportional to the value of α [34], therefore, an
increase of the singularity can be obtained with the decreased
αmax and αmin. In addition, the variation of Δf from negative
to positive indicates that the multifractal spectrum of normal
HS is a unimodal convex curve with a left hook-like shape,
while it changed into a unimodal convex curve with a right
hook-like shape for HFpEF as shown in Fig. 4c.

The advantages and limitations of the proposed
method

The advantages of the method presented in this paper are
reflected in three aspects. Firstly, this is the first report using
HS characteristics to identify HFpEF, which is non-invasive,
convenient and low-cost. Secondly, the D/S value was calculat-
ed and the information ofMF-DFAwas fully considered, which
can not only express the differences of myocardial perfusion
status, but also reflect its variations in multifractal intensity,
long-range correlation and singularity etc. This is different from
the studies [10, 35]. Finally, ELM was employed for HFpEF
identification and achieved a better performance as well as a
1,384 times faster speed than SVM which was widely used in
HS classification in previous studies [14, 36]. However, the
proposed method cannot be fully verified due to the lack of
globally acknowledged HS databases, and the physical mean-
ing of τ(qmin) and τ(qmax) is not fully understood.

Conclusion

In this paper, the HS characteristics were extracted for HFpEF
identification based on ELM classifier. The experimental re-
sults validate the effectiveness of the proposedmethod. This is
also a preliminary exploration for HFpEF detection using HS
characteristics, and several conclusions can be obtained as
follows: (1) The myocardial perfusion status of HFpEF pa-
tients is worse than healthy people. (2) There is a loss of
multifractal intensity of HS signal of HFpEF. (3) The HS of
HFpEF patients shows a stronger anti-correlation than normal.
(4) The singularity is increased, and the HS signal of HFpEF
becomes rougher. (5) The multifractal spectrum of normal HS

is a unimodal convex curve with a left hook-like shape, while
it changed into a unimodal convex curve with a right hook-
like shape for HFpEF.

In the future, more standard HS signals should be applied
to verify the approach proposed in this paper. Moreover, the
relationship between the physical significance of MF-DFA
based features and the pathophysiological mechanism of
HFpEF should be investigated further. The research on
HFpEF is still in its infancy, and this study manifests the
validity of HS for HFpEF diagnosis.
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