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This study investigated the validity of a novel parameter, percussion entropy index (PEI), for assessing baroreflex sensitivity. PEI
was acquired through comparing the similarity in tendency of change between the amplitudes of successive digital volume pulse
(DVP) signals and changes in R-R intervals (RRI) of successive cardiac cycles. Totally 108 upper middle-aged volunteers were
divided into three groups: healthy subjects (Group 1, age 41–80, n=41), those with well-controlled type 2 diabetes mellitus (T2DM)
(Group 2, age 41–82, n=36, glycated hemoglobin (HbA1c)<6.5%), and patients with poorly controlled T2DM (Group 3, age 44–77,
n=31, HbA1c≧6.5%). Percussion entropy index (PEI) was computed from DVP signals acquired through photoplethysmography
(PPG) and RRI from electrocardiogram in 1000 successive cardiac cycles for each subject. Autonomic function was also assessed
by Poincaré index (SD1/SD2 ratio, SSR), low- to high-frequency power ratio (LFP/HFP, LHR), and small-scale multiscale entropy
index (MEISS) for comparison. Demographic, anthropometric, hemodynamic, and serum biochemical parameters of all testing
subjects were obtained for investigating the significance of associations with the three parameters. The results showed that MEISS
and PEI successfully discriminated among the three groups (p<0.017). However, only PEI showed significant associations with
indicators of both acute (i.e., fasting blood sugar concentration, p<0.017) and chronic (i.e., HbA1c level, p<0.001) blood sugar
control. Multivariate analysis also showed significant associations of PEI with fasting blood sugar and HbA1c levels in all subjects.
The interpreting effect of the two independent variables, HbA1c level and fasting blood sugar concentration, on PEI was 71.4% and
12.3%, respectively. In conclusion, the results demonstrated that additional information on diabetic autonomic dysfunction can
be obtained through comparing two simultaneously acquired physiological time series. The significant associations of percussion
entropy index with indicators of blood sugar control also highlight its possible role in early screening of the disease.

1. Introduction

Diabetes mellitus (DM) is a dominant metabolic disease
worldwide with an estimated prevalence of 108 million in
1980, which soared by almost four times to 422million in 2014
and is still on the increase [1]. Patients with type 2 DM are at
increased risk of developing autonomic nervous dysfunction
[2], atherosclerosis [3, 4], and even cancers [5]. Therefore,
early diagnosis and treatment are of vital importance. Clin-
ically, retinopathy [6], nephropathy [7], and neuropathy [8]
are the three hallmarks of the disease [9]. Although the

former two can be diagnosed through physical examina-
tion and laboratory study, respectively, the latter cannot be
easily assessed objectively. The adverse impact of diabetes-
associated neurological damage cannot be overemphasized.
In addition to diabetic sensory and motor neuropathy [8],
a number of studies have shown significant associations
between compromised autonomic nervous function and an
increased risk of cardiovascular morbidity andmortality [10–
12]. Besides, depressed autonomic function has been found
to be a predictor of rapid progression of atherosclerosis
[13].

Hindawi
Complexity
Volume 2019, Article ID 6469853, 11 pages
https://doi.org/10.1155/2019/6469853

http://orcid.org/0000-0002-2524-9684
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/6469853


2 Complexity

Baroreflex is a physiological phenomenon in which an
increase in blood pressurewould lead to a prolongation of the
R-R interval (RRI). Accordingly, a decrease in blood pressure
would shorten theRRI [14]. It is a physiological compensatory
mechanism tomaintain hemodynamic stability of an individ-
ual [15]. Baroreflex sensitivity, which refers quantitatively to
the degree of matching between a change in blood pressure
and a change in interbeat intervals (i.e., RRI) of the heart
[14, 16], has been found to be impaired in patients with
systemic diseases such as diabetes [2, 11, 17]. Previous studies
have demonstrated the successful application of noninvasive
approaches to assessing autonomic function. For instance,
frequency domain analysis of heart rate variability (HRV)
based on R-R intervals (RRI) from electrocardiograph (EKG)
is an assessment method for autonomic nervous activity and
baroreflex sensitivity [14]. The parameter of low- to high-
frequency power ratio (LFP/HFP, LHR) thus obtained is
considered to reflect the relative activities of the sympathetic
and parasympathetic nervous systems [17–19]. However, such
a frequency domain parameter has its limitations because of
the nonstationary and nonlinear nature of the physiological
signals to be analyzed [20–22]. In an attempt to tackle this
problem, the Poincaré index (SD1/SD2 ratio, SSR) was intro-
duced to assess autonomic nervous activities and baroreflex
sensitivity using a nonlinear approach to analyzing HRV [20,
23]. Nevertheless, both frequency (i.e., LHR) and time (i.e.,
SSR) domain analyses assess autonomic activities (i.e., HRV)
merely based on a one-dimensional time series (i.e., RRI)
without taking into account other simultaneous physiological
changes.

Multiscale entropy (MSE), which was first proposed by
Costa et al. [24], is a method for analyzing the complexity
of nonlinear and nonstationary signals in finite length time
series. It was used to analyze the complexity of a single
time series (i.e., RRI) to differentiate between healthy and
diseased subjects [24].The present study attempted to apply a
novel parameter of “percussion entropy index (PEI)” to assess
baroreflex sensitivity by comparing the degree of matching
between the changes of two autonomic function-related time
series (i.e., amplitude of digital volume pulse and RRI) during
successive cardiac cycles to more accurately investigate an
individual’s autonomic functions. The concept of percussion
entropy index (PEI) in the present study is based on that
of MSE index (MEI). The difference between small-scale
multiscale entropy index (MEISS) and PEI is that the former
evaluates the degree of fluctuations of a parameter within a
defined region in a time series, whereas the latter is a simple
means to assess the similarity in the pattern of changes (i.e.,
increase or decrease) of two related time series to evaluate the
adaptive capacity of a physiological system.

Although baroreflex sensitivity (BRS) has been shown to
be a good indicator of autonomic activity [15], assessment
of BRS requires the simultaneous acquisition of information
on real-time blood pressure and HRV. Previous studies
have demonstrated that the sensitivity of BRS assessment by
noninvasive means is comparable to that acquired through
invasive measurement [14, 25]. Digital volume pulse (DVP)
signals acquired noninvasively through photoplethysmogra-
phy (PPG) have been found to correlate well with changes

in blood pressure [26–28]. Besides, the current study was
designed based on the finding that baroreceptor sensitivity
was impaired in subjects with chronic systemic diseases,
particularly those that affect the cardiovascular system (e.g.,
diabetes) [2, 11, 17]. Using percussion entropy index (PEI),
the present study is aimed at investigating the validity of
a two-dimensional approach to the assessment of diabetes-
associated changes in autonomic activities using two nonin-
vasively acquired time series, including waveform amplitudes
of DVP signals from finger and RRI. Results of autonomic
function assessment from data on RRI using time (i.e.,
Poincaré index: SD1/SD2 ratio, SSR) and frequency (i.e.,
low- to high-frequency power ratio: LFP/HFP, LHR) domain
analyses as well as MEISS were also obtained for comparison.

The rest of this paper is organized as follows: Section 2
comprises study population (i.e., study period, criteria for
subject recruitment, and grouping), study protocol (i.e.,
comparison of the computational parameters with the demo-
graphic, anthropometric, hemodynamic, and serum bio-
chemical parameters of the three groups of testing subjects),
details on data acquisition and analysis including calculation
of unilateral fingertip PPG amplitude sequence and RRI
sequence (i.e., Amp and RRI), and computation of multiscale
small-scale entropy index (MEISS) and percussion entropy
index (PEI) as well as statistical analysis. In Section 3, the
choice of shift number for percussion entropy index com-
putation was first justified, followed by the comparison of
the four computational parameters for autonomic function
assessment. In Sections 4 and 5, discussion and conclusions
derived from this study are summarized with several sugges-
tions for future work.

2. Methods

2.1. Study Population. Between July 2009 and Feb. 2012, 114
volunteers were recruited for the present study. All diabetic
patients were enrolled from the diabetes outpatient clinic of
the Hualien Hospital, while healthy controls were recruited
fromaphysical check-up programat the samehospital. Of the
114 volunteers, 6 were excluded due to incomplete or unsta-
ble waveform data acquisition. The remaining 108 subjects
were then divided into three groups, namely, healthy upper
middle-aged subjects (Group 1, age range: 41-80, number =
41), upper middle-aged subjects diagnosed as having type
2 DM with satisfactory blood sugar control (Group 2, age
range: 41-82, number = 36, glycated hemoglobin (HbA1c) <
6.5%), and type 2 diabetic patients with poor blood sugar
control (Group 3, age range: 44-77, number = 31, HbA1c≧ 6.5%) (Table 1). All healthy subjects had no personal or
family history of cardiovascular diseases. Type 2 diabetes
was diagnosed by either a fasting blood sugar concentration≧ 126 mg/dL or HbA1c ≧ 6.5% [29]. All diabetic patients
underwent regular treatment and follow-up in outpatient
clinic for at least two years. Each subject was required
to refrain from theophylline-containing medications and
caffeine-containing beverages for at least 8 hours before
acquisition of data. Before taking the tests, all subjects were
requested to sign informed consent and complete question-
naires on demographics and medical histories as well as
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Table 1: Demographic, anthropometric, hemodynamic, and serum biochemical parameters of the testing subjects.

Parameters Group 1 Group 2 Group 3
(number: 41) (number: 36) (number: 31)

Female/male 24/17 16/20 11/20
Age (year) 56.75 ± 3.88 59.16 ± 8.40 56.08 ± 11.38
Body height (cm) 163.49 ± 8.30 162.59 ± 7.95 163.39 ± 5.20
Body weight (kg) 65.01 ± 13.78 71.59 ± 11.89 79.69 ± 16.35
WC (cm) 81.74 ± 11.81 94.25 ± 9.72∗∗ 100.69 ± 13.51†

BMI (kg/m2) 24.17 ± 4.12 26.96 ± 2.87∗ 29.87 ± 6.05
SBP (mmHg) 116.41 ± 15.63 125.71 ± 18.06 126.69 ± 10.29
DBP (mmHg) 73.70 ± 9.70 74.06 ± 12.41 76.38 ± 4.23
PP (mmHg) 42.41 ± 10.73 51.65 ± 11.94 50.31 ± 12.07
HDL (mg/dL) 53.22 ± 20.81 44.07 ± 9.89 40.50 ± 9.68
LDL (mg/dL) 122.34 ± 29.49 94.36 ± 21.93 118.10 ± 29.91
Cholesterol (mg/dL) 192.46 ± 40.01 170.80 ± 31.00 199.09 ± 34.63†

Triglyceride (mg/dL) 98.05 ± 85.35 112.93 ± 39.92 185.91 ± 74.89†

HbA1c (%) 5.68 ± 0.38 6.95 ± 0.39∗∗ 9.25 ± 1.63††

Fasting blood sugar (mg/dL) 93.98 ± 10.67 127.47 ± 25.70∗∗ 176.91 ± 68.71†

Group 1: healthy subjects; Group 2: diabetic subjects with satisfactory blood sugar control; Group 3: diabetic subjects with poor blood sugar control. Values
are expressed as mean ± SD; WC: waist circumference; BMI: body mass index; SBP: systolic blood pressure; DBP: diastolic blood pressure; PP: pulse pressure;
HbA1c: glycated hemoglobin. ∗p < 0.017: Group 1 vs. Group 2; ∗∗p < 0.001: Group 1 vs. Group 2; †p <0.017: Group 2 vs. Group 3, and ††p < 0.001: Group 2 vs.
Group 3.

receive blood sampling for serum biochemical analysis. The
study was approved by the Institutional Review Board (IRB)
of Hualien Hospital.

2.2. Study Protocol. One waveform parameter (i.e., ampli-
tude, Amp) and one parameter of cardiac electricalactivity
(i.e., RRI) were acquired from all subjects. Autonomic func-
tion analysis was performed on the acquired data of RRI from
the frequency [17–19] and time [20, 23] domains to obtain
the low- to high-frequency power ratio (LFP/HFP, LHR) and
Poincaré index (SD1/SD2 ratio, SSR), respectively. Percussion
entropy index (PEI) was computed from the synchronized
Amp and RRI time series for each testing subject. The
associations of the computational parameters thus obtained
(i.e., PEI, MEISS, LHR, SSR) with the demographic (i.e., age),
anthropometric (i.e., body height, bodyweight, waist circum-
ference, body-mass index), hemodynamic (i.e., systolic and
diastolic blood pressures), and serum biochemical (i.e., high-
and low-density lipoprotein cholesterol, total cholesterol, and
triglyceride) parameters of the three groups of testing subjects
were then analyzed and compared.

2.3. Data Acquisition and Analysis. All participants were
required to rest supinely in a quiet, temperature-controlled
room at 25 ± 1∘C for 4 minutes before 30 minutes of mea-
surement.Using an automated oscillometric device (BP3AG1,
Microlife, Taiwan) with an inflatable cuff of appropriate size,
blood pressure was obtained once over left arm in supine
position. Data on left index finger waveform were collected
with a six-channel EKG-photoplethysmography (PPG) sys-
tem as described previously [30, 31]. The digitized signals
(both PPG and ECG) were processed through an analog-
to-digital converter (USB-6009 DAQ, National Instruments,

Austin, TX) using a sampling frequency of 500 Hz before
being stored in a computer for later analysis. The digital vol-
ume pulses (DVPs) were acquired through PPG as previously
reported [30]. In the present study, DVPs from the fingertip
were used for waveform contour analysis. The systolic peak
and foot point were identified from the contour of the DVP.
The amplitude of each waveform (Amp) was defined as that
between the foot point and the systolic peak of a pulse wave
[32] (Figure 1).

2.3.1. Calculation of Unilateral Fingertip PPG Amplitude
Sequence and RRI Sequence (i.e., Amp and RRI). Time
series of DVP waveform amplitude, {Amp(𝑗)} = {Amp(1),
Amp(2), . . . ,Amp(n)}, and that of RRI, {RRI(i)} = {RRI(1),
RRI(2), . . . ,RRI(n)}, were simultaneously acquired from n
successive and stable cardiac cycles with photoplethysmog-
raphy (PPG) and EKG, respectively, for each testing subject
[33]:

{Amp} = {Amp (1) ,Amp (2) ,Amp (3) , . . . ,Amp (n)} (1)

{RRI} = {RRI (1) ,RRI (2) ,RRI (3) , . . . ,RRI (n)} . (2)

2.3.2. Computation of Multiscale Small-Scale Entropy Index
(MEI�푆�푆). Multiscale entropy (MSE) was first proposed by
Costa et al. [21] as a method for analyzing the complexity of
time series of nonlinear signals in 2002 using the RRI time
series as mentioned in (2) above. MSE consists of two main
procedures, including coarse-graining and computation of
sample entropy for each coarse-grained time series as detailed
below.

(1) Coarse-Graining. Coarse-graining is the process of creat-
ing new time series of different lengths through averaging
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Figure 1: Computation of percussion rate by matching changes in the amplitudes (Amp, defined as the height of a waveform from foot point
to peak) of n successive photoplethysmography (PPG)-acquired digital volume pulse (DVP) waveforms with changes in R-R intervals (RRI)
using a shift number (s) of 1 and the dimension of vector pattern (m) (i.e., impact points) of 2. Note that n = 1000 for the present study. PPG:
photoplethysmography; EKG: electrocardiogram; Amp(n): amplitude of DVPwaveform during nth cardiac cycle; RRI(n): R-R interval during
nth cardiac cycle; a: binary code denoting increase (i.e., 1) or decrease (i.e., 0) in amplitude when compared with the previous waveform; r:
binary code denoting increase (i.e., 1) or decrease (i.e., 0) in RRI when compared with the previous cardiac cycle.

successive points in the original series according to a scale
factor, 𝜏, which is the number of points to be included:

RRI (𝑎)�휏 = 1
𝜏
�푎�휏∑

�푖=(�푎−1)�휏+1

RRI (𝑖) ,

1 ≤ 𝑎 ≤ 𝑛
𝜏 , 𝑎 is positive integer number.

(3)

Here n is the number of points in the original {RRI} time
series (i.e., n = 1000 in the present study). RRI(𝑖) refers to
the duration of RRI of the 𝑖th cardiac cycle (2). RRI(𝑎)�휏 is the
value of RRI during the 𝑎th cardiac cycle in the new time series
created according to 𝜏 (𝜏 = 1, 2, . . . , 10 in the present study).

For instance, coarse-graining (i.e., (3)) can transform a
time series {RRI} with 1000 points to a new series with 500
points when 𝜏 = 2 and to another time series with 333 points
when 𝜏 = 3. Following the same pattern of computation, a
time series with 100 points can be obtained when 𝜏 = 10.
In other words, through coarse-graining, the original {RRI}
time series can be transformed into 10 series of different
lengths (i.e., number of points). For the purpose of the
present study, the sample entropy for each of the 10 series was
computed for analysis.

(2) Sample Entropy. Sample entropy was first introduced in
the year 2000 for the assessment of complexity in physio-
logical time series [34]. The computation of sample entropy
involves three parameters, namely, m, r, and n. While m is
the dimension of vector pattern (i.e., impact points), r is the
range of acceptable fluctuation within the comparable time
segments and n is the number of points in the time series (i.e.,
length of the series). The process of computation is described
as follows:

(1) R-R intervals (RRI) of different time scales were
grouped into n-m+1 vectors with dimension m:

um (i)
= [RRI (j) RRI (j + 1) RRI (j + 2) ⋅ ⋅ ⋅ RRI (j +m − 1)] ,

1 ≤ j ≤ n −m + 1.
(4)

For instance, to analyze the changes in RRI among
three cardiac cycles, m is set at 2 (Figure 1). Accord-
ingly, to discern the fluctuations among four cardiac
cycles, m is set at 3. For the purpose of the present
study that analyzed 1000 cardiac cycles, m was set at
2 and 3 for the assessment of complexity of signals
acquired from each testing subject.
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(2) Define 𝑑[um(i), um(j)] as the maximum value:

𝑑 [um (i) , um (j)]
= max {RRI (i + k) − RRI (j + k) : 0 ≤ k ≤ m − 1} ,

(i ̸= j) .
(5)

Two time segments were considered comparable
when the absolute value of the difference between
their respective components was less than the range
of acceptable fluctuation, r (i.e., 𝑑[um(i), um(j)] ≤ r
in (5)). The acceptable range, r, was defined as 0.15 ×
SD (where SD is the standard deviation of the original
time series) according to a previous study [35].

(3) Count the number of 𝑑[um(i), um(j)] within r dis-
tance, and let nom(r) represent the number of vectors
um(j) within r distance of um(i). Therefore, Cm(r) in
(6) represents the probability that any vectors um(j)
exist within r distance of um(i).

Cm (r) = nom (r)(n −m + 1) (6)

(4) Themeanof the probability of similarity of n-m+1 sets
of data is denoted byΦm(r).

Φm (r) = 1
n −m + 1

N−m+1∑
j=1

Cm (r) (7)

(5) Similarly, repeating step (1) to step (4) above withm+1
gives Φm+1(r). The sample entropy of the RRI time
series at a particular time scale can then be obtained.

Sample entropy (S�퐸) = ln (Φm (r)) − ln (Φm+1 (r))
= ln Φm (r)

Φm+1 (r)
(8)

After acquisition of 10 time series from (3) using different
time scales (i.e., 𝜏 from 1 to 10), the corresponding sample
entropy for each time series was computed using (8). Each
sample entropy value provides information on an aspect of
complexity. Previous studies have reported that small-scale
entropy index (MEISS) and large-scale entropy index (MEILS)
obtained by taking the average of sample entropy values
from 1 to 5 and from 6 to 10, respectively, can reflect the
complexity of different physiological systems. While MEISS
represents the complexity of signals from the autonomic
nervous system, MEILS reflects signal complexity of the
vascular system [35, 36]. Accordingly, since the present study
is aimed at investigating autonomic nervous function, MEISS
of the testing subjects was acquired for comparison.

MEISS = 1
5
5∑
�휏=1

(S�퐸) (9)

Start

Data input
(Amp, RRI)

Initialization
(n = 1000)

Binary coding for
Amp & RRI

Setting impact points (m = 2, 3)
& shi� numbers (s = 1, 2, 3, …, sn)

Computation & Summation
of percussion number for each shi�

End

Percussion Entropy
= Ｇ=2 − Ｇ=3

Computation of  with m = 2, 3

 = ＦＨ(
ＭＨ

∑
Ｍ=1

０
Ｇ
Ｍ )

Figure 2: Flow chart of percussion entropy computation. Amp:
amplitude; RRI: R-R interval.

2.3.3. Computation of Percussion Entropy Index (PEI). The
computation of percussion entropy index (PEI) comprises the
following (Figure 2).

Step 1. Binary sequence transformation for {Amp} and {RRI}
BAmp = {a1 a2 a3 ⋅ ⋅ ⋅ an} ,

ai = {{{
0, Amp (i + 1) ≤ Amp (i)
1, Amp (i + 1) > Amp (i)

(10)

BRRI = {r1 r2 r3 ⋅ ⋅ ⋅ rn} ,

ri = {{{
0, RRI (i + 1) ≤ RRI (i)
1, RRI (i + 1) > RRI (i)

(11)

Based on the previous finding that the change in amplitudes
of DVP waveforms reflects the fluctuation in blood pressure
[26–28] that gives rise to a corresponding compensatory
change in RRI because of baroreflex, the fluctuations among
successive DVP waveform amplitudes and RRIs undergo
binary transformation to give two binary sequences (i.e.,
BAmp and BRRI, respectively).
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Step 2. Define the series BAmp and BRRI with length n as well
as the two parameters of m and sn [where m is the impact
points (i.e., embedded dimension of vectors); sn is the shift
number of BRRI].

Step 3. Define n – m + 1 vectors of sample pattern, each of
size m, composed as follows:

BAmp (i) = {ai, ai+1, . . . , ai+m−1} , 1 ≤ i ≤ n–m + 1. (12)

Step 4. For s = 1 to sn (i.e., shift numbers) for the series BRRI

BRRI (i + s) = {ri+s, ri+s+1, . . . , ri+s+m−1} ,
1 ≤ i ≤ n–m + 1, s = 1 to sn. (13)

Although an increase in blood pressure would cause a
prolongation of RRI in the next cardiac cycle in healthy
young subjects, this baroreflex responsemay be delayed in the
elderly or those with systemic diseases [2, 11, 17]. Therefore,
we assumed that variations in baroreflex sensitivity would
cause corresponding delays (counted as number of cardiac
cycles, i.e., 1, 2, 3. . . sn) in the effects of blood pressure changes
(i.e., reflected in DVP amplitudes) on RRI.

Step 5. Count the match number for BAmp(i) and BRRI(i + s)
with given m.

In addition, calculate the total match number of BAmp(i)
andBRRI(i+s)with the samepattern (i.e., percussion number)
and divide by the total number of vectors of pattern (n-m-s+1)
to obtain the percussion rate, which is defined as

Pm
s = 1

(n −m − s + 1)
n−m−s+1∑

i=1
count (i) . (14)

For example (Figure 1), Pm=2
s=1 = (1/(n − 2))∑n−2

i=1 count(i) is
a binary amplitude series (BAmp) to be compared to a binary
RRI series (BRRI) with a left shift of one cardiac cycle (s=1)
in the same testing subject. Comparing the amplitudes of
three consecutive waveforms gives two binary codes [a1 a2]
denoting increase (i.e., 1) or decrease (i.e., 0). Similarly,
[r2 r3] are binary codes representing increase or decrease in
RRI of three successive cardiac cycles with a shift number of
1 (i.e., s = 1) shown on EKG.

Matching the twobinary codes fromchanges inwaveform
amplitudes and the two binary codes of changes in RRI from
EKGwith left shift of one cardiac cycle gives a number 1 or 0.

[a1 a2] = [r2 r3] → count + 1
[a1 a2] ̸= [r2 r3] → count + 0 (15)

Similarly, the process continues till the amplitude of the nth
waveform.

[an−1 an] = [rn rn+1] → count + 1
[an−1 an] ̸= [rn rn+1] → count + 0 (16)

Summation of all the numbers of matches (i.e., percussion
number) is thus obtained and divided by the total number

of vectors of pattern gives the “percussion rate” (14). For
instance, if the number of impact points (m) is 2 with a delay
of one cardiac cycle [i.e., shift number (s) = 1] (Figure 1), then

Pm=2
s=1 = 1

n − 2
n−2∑
i=1

count (i) . (17)

Step 6. Because diabetes is known to delay the reaction time
of baroreflex due to impaired sensitivity [2, 11, 17], we assume
that there would be a delay in cardiac cycle from one to sn.
Taking logarithm of the sum of percussion rates (Pm

s ) from
shift number 1 to sn (i.e., s = 1, 2, . . . , sn) gives
𝜑m (n) = ln( sn∑

�푠=1

Pm
s ) ,
ln: natural logarithmic operation.

(18)

For the present study, 𝜑m=2(n) was used to assess barore-
flex sensitivity.

Step 7. Increase impact points (i.e., the embedded dimension)
to (m+1) and repeat Steps 2–6 to get

Pm+1
s = 1

(n −m − s + 2)
n−m−s+2∑

i=1
count (i) , (19)

𝜑m+1 (n) = ln( sn∑
s=1

Pm+1
s ) . (20)

In the current study, 𝜑m=3(n) indicated the complexity of
a biological system.Thehigher the value of𝜑m=3 (n), the lower
the complexity of the biological system.

Step 8. Therefore, percussion entropy index (PEI) can be
defined from (18) and (20):

PEI (m, s, n) = 𝜑m (n) − 𝜑m+1 (n) , (21)

= ln[ ∑sn
s=1 P

m
s∑sn

s=1 Pm+1
s

] . (22)

In (21) and (22), m represents the chosen impact points (i.e.,
vector dimension), s represents a shift number for BRRI, and
n is the data length.

In other words, the degree of similarity between the
changes in the binary series of digital volume pulse (DVP)
waveform amplitudes (BAmp) and the corresponding fluctua-
tions in the binary series of RRI (BRRI) on electrocardiogram
over n cardiac cycles were first compared using a vector
dimension of m, taking into account the possible delay in
baroreflex from one cardiac cycle to sn cardiac cycles. The
computation was then repeated with a vector dimension of
m+1 over the same set of data points. Subtraction of the
latter from the former gave the percussion entropy index
(PEI) as in (21). The present study adopted an embedded
vector dimension number of 2 (i.e., impact points, m =
2) to compute the value of percussion entropy, 𝜑m=2(n).
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Similarly, using m= 3, the percussion entropy value, 𝜑m=3(n),
was obtained. PEI was then obtained through subtracting𝜑m=3(n) from 𝜑m=2(n). Physiologically, 𝜑m=2(n) represents
baroreflex sensitivity, while 𝜑m=3(n) reflects the complexity
of a biological system. The higher the former, the more
sensitive the baroreflex. By contrast, an elevated value of the
latter denotes decreased complexity of the acquired signals
that implicates an impaired physiological status. Therefore,
the optimal physiological condition would be 𝜑m=2(n) ≫𝜑m=3(n) (i.e., a high PEI value) when both baroreflex sensi-
tivity and physiological complexity are high.

2.4. Statistical Analysis. Average values are expressed as
mean ± SD. One sample Kolmogorov-Smirnov test was
used for testing the normality of distribution, while the
Statistical Package for the Social Science (SPSS, version 14.0
forWindows, SPSS Inc. Chicago, II) was adopted for verifying
the homoscedasticity of variables. The significance of differ-
ence in anthropometric, hemodynamic, and computational
parameters (i.e., PEI, MEISS, LHR, SSR) among different
groups was determined using independent sample t-test with
Bonferroni correction. The correlation between parameters
and risk factors for different groups was compared using
Pearson correlation test with Bonferroni correction. For
significant parameters acquired through univariate analysis,
multivariate regression analysis was used for further verifi-
cation of the statistical significance. SPSS was used for all
statistical analyses.

In statistical hypothesis testing, the probability value (i.e.,
p-value) or asymptotic significance is the probability for a
given statistical model that, when the null hypothesis is true,
the statistical summary (e.g., the sample mean difference
between two compared groups) would be greater than or
equal to the actual observed results. Although the level of
significance is commonly set to 0.05, the p-values may need
to be corrected for multiple test comparison. For the purpose
of the present study, a corrected p-value of 0.017 was used
because of comparison among three groups (i.e., 0.05 divided
by three). Pearson’s correlation coefficient, also referred to as
Pearson’s r, is a measure of the linear correlation between two
variables X and Y. It has a value between +1 and −1. While 1
stands for total positive linear correlation, 0 means no linear
correlation, and −1 signifies total negative linear correlation.
3. Results

3.1. Choice of Shift Number for Percussion Entropy Index
Computation. The changes in percussion entropy index with
shift number in all testing subjects are shown in Figure 3.
Successful discrimination among the three groups was noted
at shift number 5. Therefore, shift number 5 was used for
percussion entropy index computation to ensure adequate
coverage of possible delays due to impaired baroreflex sen-
sitivity; the parameters of this study were set at m = 2, n =
1000, and s = 1 to 5.

3.2. Comparison of Computational Parameters for Autonomic
Function Assessment. The results of comparing the two
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Figure 3: Changes in percussion entropy index of the three groups
of testing subjects from shift number (s) of 1 to 8; ∗∗p < 0.001: Group
1 vs. Group 2; ††p < 0.001: Group 2 vs. Group 3; Group 1: healthy
subjects; Group 2: diabetic subjects with satisfactory blood sugar
control; Group 3: diabetic subjects with poor blood sugar control.
Values are expressed as mean ± SD.

one-dimensional HRV-based computational parameters (i.e.,
LHR and SSR) with percussion entropy index (PEI) for
autonomic function assessment among the three groups of
testing subjects are shown in Table 2. Although SSR was
significantly higher in Group 2 than that in Group 1 (p< 0.017), there was no notable difference in LHR among
the three groups. On the other hand, both MEISS and PEI
successfully discriminated among the three groups (all p <
0.017), although the discrimination between Group 1 and
Group 2 was more significant with PEI (p < 0.001) compared
to that with MEISS (p < 0.017).

3.3. Correlations of Demographic, Anthropometric, Hemody-
namic, and Serum Biochemical Data with Computational
Parameters for Autonomic Function Assessment in All Testing
Subjects. Significant associations were noted between LHR
and serum triglyceride concentration as well as between
SSR and fasting blood sugar concentration (both p < 0.017)
(Table 3). MEISS showed a significant positive association
with glycated hemoglobin level (p < 0.005), which is an index
of chronic diabetes control, but not with fasting blood sugar
concentration, an indicator of acute diabetes control. On the
other hand, percussion entropy was significantly related to
fasting blood sugar concentration (p < 0.017) and highly
significantly associated with glycated hemoglobin level (p <
0.001).

3.4. Multivariate Analysis for PEI, MEI�푆�푆, SSR, and LHR. The
demographic, anthropometric, hemodynamic, and serum
biochemical parameters of the testing subjects found to be
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Table 2: Comparison of computational parameters for autonomic function assessment in three groups of testing subjects.

Parameters Group 1 Group 2 Group 3
(n = 41) (n = 36) (n =31)

LHR 1.62 ± 1.03 1.59 ± 1.54 2.48 ± 2.43
SSR 0.47 ± 0.22 0.61 ± 0.27∗ 0.61 ± 0.31
MEISS 0.56 ± 0.08 0.54 ± 0.02∗ 0.44 ± 0.13††

PEI 0.73 ± 0.04 0.63 ± 0.05∗∗ 0.56 ± 0.06††

Group 1: healthy subjects; Group 2: diabetic subjects with satisfactory blood sugar control; Group 3: diabetic subjects with poor blood sugar control. Values are
expressed as mean ± SD. LHR: low- to high-frequency power ratio; SSR: Poincaré index (SD1/SD2 ratio);MEISS: small-scale multiscale entropy index (mean
value of sample entropy from time scale from 1 to 5); PEI: percussion entropy index; ∗p < 0.017: Group 1 vs. Group 2; ∗∗p < 0.001: Group 1 vs. Group 2; ††p <
0.001 Group 2 vs. Group 3.

Table 3: Associations of demographic, anthropometric, hemodynamic, and serum biochemical data with computational parameters for
autonomic function assessment in all testing subjects.

PEI MEISS SSR LHR
r p r p r p r p

Age (years) 0.10 0.562 0.06 0.662 0.02 0.832 0.09 0.398
BH (cm) 0.14 0.251 0.13 0.351 -0.02 0.887 0.17 0.142
BW (kg) -0.10 0.397 -0.12 0.417 -0.07 0.580 0.14 0.244
WC (cm) 0.55 0.241 0.65 0.351 0.05 0.861 0.20 0.074
BMI (kg/m2) -0.16 0.173 0.03 0.573 -0.04 0.742 0.07 0.543
SBP (mmHg) -0.06 0.641 -0.01 0.741 0.10 0.421 -0.02 0.870
DBP (mmHg) 0.06 0.620 0.07 0.650 0.10 0.409 0.10 0.419
PP (mmHg) -0.15 0.189 -0.10 0.428 0.06 0.632 -0.10 0.436
HDL (mg/dL) 0.01 0.942 0.05 0.963 -0.01 0.946 -0.08 0.548
LDL (mg/dL) -0.01 0.934 -0.06 0.534 -0.04 0.749 -0.10 0.449
Cholesterol (mg/dL) -0.10 0.439 -0.09 0.539 -0.01 0.920 0.02 0.899
Triglyceride (mg/dL) -0.09 0.468 -0.10 0.439 0.21 0.079 0.30 0.012
HbA1c (%) 0.16 0.001 0.14 0.005 0.11 0.371 0.01 0.946
FBS (mg/dL) 0.13 0.012 0.13 0.018 0.03 0.014 0.07 0.587
BH: body height; BW: body weight; WC: waist circumference; BMI: body mass index, SBP: systolic blood pressure; DBP: diastolic blood pressure; PP: pulse
pressure; HbA1c: glycated hemoglobin;HDL: high-density lipoprotein cholesterol; LDL low-density lipoprotein cholesterol; FBS: fasting blood sugar. LHR: low-
to high-frequency power ratio; SSR: Poincaré index (SD1/SD2 ratio); MEISS: small-scale multiscale entropy index (mean value of sample entropy from time
scale from 1 to 5); PEI: percussion entropy index; |r| ≦ 0.3: correlation of low significance; 0.3 ≦ |r| ≦ 0.7: correlation of moderate significance; 0.7 ≦ |r| ≦ 1:
highly significant correlation. ∗p < 0.017; ∗∗p < 0.001. Significance of correlations determined with Pearson correlation.

Table 4: Multivariate linear regression analysis for percussion entropy index (PEI), LHR, and SSR for all subjects (n = 108).

PEI MEISS SSR LHR
B-Coef 𝛽 p B-Coef 𝛽 p B-Coef 𝛽 p B-Coef 𝛽 p

Variable
FBS (mg/dL) 0.824 0.123 0.012 0.825 0.053 0.032 0.841 0.096 0.022 0.826 0.042 0.853
HbA1c (%) 0.654 0.714 <0.001 0.702 0.156 <0.001 0.734 0.037 0.041 0.724 0.129 0.566
Constant 0.894 - <0.001 0.507 - 0.003 1.750 - 0.010 0.409 - 0.008
B-Coef: regression coefficient; �훽: standardized coefficient; FBS: fasting blood sugar; HbA1c: glycated hemoglobin; PEI: percussion entropy index;MEISS : small-
scale multiscale entropy index (mean value of sample entropy from time scale from 1 to 5); SSR: Poincaré index (SD1/SD2 ratio); LHR: low- to high-frequency
power ratio.

significantly associated with PEI in this study using Pearson
correlation test were fasting blood sugar concentration and
glycated hemoglobin level for which multivariate analysis
was performed (Table 4). The results showed significant
associations of PEI with fasting blood sugar and glycated
hemoglobin levels in all subjects as a whole without focus-
ing on the effects of age and diabetes (all p < 0.05). In

addition, the interpreting effects [37] of the two independent
variables, glycated hemoglobin level and fasting blood sugar
concentration, on dependent variable PEI were 71.4% and
12.3%, respectively. In other words, with multiple linear
regression, the results of the present study demonstrated
an 83.7% accuracy when the two independent variables
(i.e., glycated hemoglobin level and fasting blood sugar
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concentration) were used to describe the dependent variable
(i.e., PEI). In contrast, the interpreting effects of glycated
hemoglobin level and fasting blood sugar concentration (i.e.,
independent variables) on the dependent variableMEISSwere
comparatively low at 15.6% and 5.3%, respectively.

4. Discussion

Diabetes is a common metabolic disease characterized by
vasculopathy commonly involving the eyes [6] and kidneys
[7]. Neuropathy is another well-known diabetes-associated
complication [8]. Using the method of multiscale cross-
approximate entropy, we previously investigated the feasibil-
ity of adopting a multiscale cross-approximate entropy index
in detecting diabetes-related arterial stiffness as reflected
by the crest time (CT) of the study subjects [38]. The
results of that study indicated that although multiscale cross-
approximate entropy could identify diabetes-associated sub-
tle changes in vascular functional integrity, it failed to demon-
strate the impact of diabetes on autonomic nervous function
[38]. Therefore, focusing on diabetes-associated autonomic
neuropathy, the present study proposed a new approach to
the assessment of baroreflex impairment through comparing
the tendency of changes between the primary time series
(i.e., Amp that reflects fluctuations in blood pressure) and
the secondary time series (i.e., RRI that indicates correspond-
ing baroreflex-triggered heart rate alterations) among three
successive cardiac cycles. Meanwhile, taking into account
the healthy physiological complexity of human body, lack of
variation in the tendency of changes among four successive
cardiac cycles is regarded as unhealthy and was used as
a negative contributor to computation of the percussion
entropy index.The results of the current study indicated that,
through taking into account the physiology of baroreflex [14–
16], this novel approach could give additional information
on diabetic autonomic dysfunction through comparing the
pattern of changes between two simultaneously acquired
physiological time series (i.e., digital volume pulse amplitude
and R-R interval).

The present study, which attempted to assess the impact
of diabetes and its control on autonomic nervous function
by comparing the tendency of changes of two simultaneous
physiological time series (i.e., DVP amplitude and RRI) in
subjects with and without the disease, has several interest-
ing implications. First, among the three one-dimensional
approaches to HRV analysis [i.e., frequency (i.e., LHR) and
time (i.e., SSR) domain as well as multiscale (i.e., MEISS)],
only MEISS successfully discriminated among nondiabetic
subjects as well as those with diabetes with and without sat-
isfactory blood sugar control. Besides, the two-dimensional
percussion entropy index (PEI) showed better ability to
differentiate between healthy subjects and those with well-
controlled diabetes than that of MEISS. Second, PEI was the
only parameter with significant correlations with both acute
(i.e., fasting blood sugar concentration) and chronic (i.e.,
glycated hemoglobin level) blood sugar control indicators.
Third, strong interpreting effects from the two independent
sugar control variables were noted only for PEI but notMEISS,
LHR, and SSR. The results, therefore, highlight its notable

sensitivity in detecting diabetes-associated autonomic dys-
function.

Previous studies have demonstrated that diabetes is
associated with suppressed autonomic activities and blunted
baroreflex [19, 39]. Previous studies have demonstrated the
use of frequency domain [17–19] and time domain [20, 23]
parameters in noninvasively assessing autonomic nervous
function in diabetic patients but their sensitivities remain
unclear. Taking into account the fact that baroreflex sensi-
tivity is an indicator of autonomic function [15] as well as
previous findings showing a good correlation between DVP
signals and real-time changes in blood pressure [26–28], the
current study investigated the possibility of assessing auto-
nomic sensitivity through quantifying the matches between
the two time series of DVP and RRI with a shift number of 1
to 5 based on the finding of a previous report that showed a
delay of BRS between one to five heartbeats [16]. The finding
of our study was consistent with that study [16] that using a
shift number of 5 provided the best discriminating ability for
PEI (Figure 3).

While considering the integrity of baroreflex by choosing
a dimension of vector pattern (i.e., impact point, m) of 2,
the physiological health of an individual as reflected in the
complexity of signals was taken into account through adding
a dimension of vector pattern of 3 into the computation
of percussion entropy index (PEI). The major difference
between multiscale entropy (MSE) and PEI is that the former
evaluates changes in actual sample values within a defined
range over time, whereas the latter simply compares the
pattern of fluctuation between two related time series. In
addition to utilizing the concept of MSE, PEI also encom-
passes the assessment of baroreflex sensitivity (BRS) (i.e., m =
2; higher value in (8) stands for higher BRS) and complexity
(i.e., m =3; higher value in (10) represents lower complex-
ity).

The present study has its limitations. First, the number
of testing subjects in each group was relatively small. Nev-
ertheless, highly significant associations between percussion
entropy and indices of blood sugar control were still noted.
Second, direct assessment of baroreflex sensitivity with either
invasive or noninvasive means was not performed for com-
parison with the results of the current study.

5. Conclusions

This study demonstrated the validity of gaining additional
information on diabetic autonomic dysfunction through
comparing two simultaneously acquired physiological time
series (i.e., digital volume pulse amplitude and R-R interval).
The significant associations of percussion entropy with the
indices of blood sugar control also highlight its possible role
in early screening of the disease.The successful identification
of the markers for diabetes by comparing the nonlinear
coupling behavior of two synchronized time series of different
natures raises the possibility of identifying the risk factors for
diseases of other organs through analyzing the complexity of
synchronized physiological signals related to the respective
organ systems.
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