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Abstract - The analysis of heart rate variability (HRV) is an
important tool for the assessment of the autonomic regulation of
circulatory function. HRV analysis is usually performed using
methods that are based on the assumption that the signal is
stationary within the RR interval duration (up to 24 hour per
patient), which is generally not true for long duration signals.
Analysis and evaluation of Electrocardiography(ECG) arrhythmia
data can be processed by the method of time methods, frequency
methods and nonlinear methods. Detrended fluctuation analysis
(DFA), afractal analysis method which is widely used in heart rate
variability studies, is used to analyze the scaling behavior of RR
interval series of preterm neonates. In this paper, we improve the
DFA algorithm to MDFA (MultiDetrended fluctuation analysis) to
evaluate the possibility of arrhythmias RR intervals detail for each
period of 20 minutes in entire RR intervals. Evaluation results are
shown graphically intuitive with three levels of basic arrhythmia
arrhythmia is high, medium and low arrhythmia.
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variability; HRV; Early Infant.

1. Introduction

Heart rate variability (HRV) is the physiological
phenomenon of variation in the time interval between
heartbeats. It is measured by the variation in the beat-to-
beat interval. Other terms used include: “"cycle length
variability”, "RR variability" (where R is a point
corresponding to the peak of thethree of the graphical
deflections seen on a typical ECG (QRS); and RR is the
interval between successive Rs), and "heart period
variability”. Methods used to detect beats include: ECG,
blood pressure, ballistocardiograms,[1][2] and the pulse
wave signal derived from a photoplethysmograph (PPG).
ECG is considered superior because it provides a clear
waveform, which makes it easier to exclude heartbeats not
originating in the senatorial node. The term "NN" is used
in place of RR to emphasize the fact that the processed
beats are "normal™ beats.

The analysis of heart rate variability (HRV) is an
important tool to the assessment of the autonomic
regulation of circulatory function. HRV is especially useful
for assessing sympathovagal balance [3]. HRV is typically
studied by analyzing the variability of the intervals between
two consecutive heartbeats. Most commonly, these are
calculated by measuring the RR intervals, i.e., the interval
between two consecutive R waves in the electrocardiogram.
The most popular techniques for analysis of HRV include
time domain analysis (e.g., coefficient of variation, pNN50,
RMSSD) [4], frequency domain analysis (e.g., Fourier
transform,  auto-regressive  model, = Lomb-Scargle
periodogram) [5], and geometrical techniques (e.g.,Poincar’
e plot, trend analysis) [6]. Given the complexity of the
mechanisms regulating heart rate, it is reasonable to assume

Tém tat - Phan tich tin hiéu loan nhip tim (HRV) la mét cong cu
quan trong trong viéc danh gia cac chirc nang tuan hoan cla hé
than kinh thuc vat. Phan tich HRV thwéng dwoc thwe hién bang
cach str dung phuong phap dwa trén gia dinh réng cac tin hiéu RR
(Ién t&i 24 gi®) co6 lién quan v&i nhau trong qué trinh thu nhan.
Phan tich va danh gia di liéu dién tim loan nhip cé thé dwoc xt ly
béng cac phuong phap thoi gian, phwong phap tan sb va phuong
phap phi tuyén. Trong cac phwong phap phan tich HRV, phwong
phap phan tich dong tin hiéu déng da tri dwoc st dung rong rai,
dé&c biét 1a trong viéc danh gia cac thong sb loan nhip RR cua tré
so sinh. Trong bai bdo nay, ching t6i cai thién thuat toan DFA
thanh MDFA dé danh gia kha nang rdi loan nhip mét cach chi tiét
cho tirng khoang thoi gian 20 phat. Két qua danh gia dwoc biéu
di&n béng db thi trwc quan véi ba mirc dd loan nhip co ban la loan
nhip cao, loan nhip vira va khéng loan nhip.

Twr khéa - phan tich dong tin hiéu dong da tri; MDFA, loan nhip
tim; HRV; tré so sinh.

that applying HRV analysis based on methods of non-linear
dynamics will yield valuable information. Although chaotic
behavior has been assumed, more rigorous testing has
shown that heart rate variability cannot be described as a
chaotic process [7]. The most commonly used non-linear
method of analyzing heart rate variability is the Poincaré
plot. Each data point represents a pair of successive beats,
the x-axis is the current RR interval, while the y-axis is the
previous RR interval. HRV is quantified by fitting
mathematically defined geometric shapes to the data [8].

Other methods used are the correlation dimension,
nonlinear  predictability [7], pointwise correlation
dimension and approximate entropy [9]. Detrended

fluctuation analysis (DFA), a method that characterizes
power-law scaling in the time domain, is widely used in
HRV analysis since it is considered to be robust and to
correctly identify long range correlations in certain types of
non-stationary time series [10]. The scaling exponent’s o
obtained with DFA are reported to have diagnostic and
prognostic value for patients with various types of cardiac
diseases. A recent study, on a small group of patients,
suggests that the DFA scaling exponents allow the
discrimination of normal neonates from neonates having
experienced an apparent life threatening event (ALTE),
which are considered to be at increased risk for sudden
infant death syndrome (SIDS) [11]. The main goal of the
present paper is to contribute to the understanding of the
performance of DFA and its interactions with physiological
signals [12]. Although the results are based on the analysis
of neonatal heart rate data, the methodologies and findings
are also useful for the interpretation of the DFA results
obtained from other signals [13].
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2. Methods
2.1. Heart rate data in RR matrix

This case-control study included 10 newborn very low
birth weight infants with intraventricular hemorrhage (5
grade IV, 4 grade 111, and 1 grade 11) and 14 control infants
without intraventricular hemorrhage. Heart rhythm data
from the first day of life before the development of
intraventricular hemorrhage were evaluated. The infants’
medical charts were reviewed and the following data were
recorded: birth weight, gestational age, race, gender, date
and time of birth, cranial ultrasound findings, maternal
demographics, delivery route, obstetrical history, maternal
medications, labor and delivery complications, details of
newborn stabilization, neonatal complications, type of
ventilator and settings, and timing and number of
surfactant doses. The length of each RR matrix was
between 90000 and 135000 RR intervals. It can be noted
that the mean heart rate of neonates is approximately 150
bpm (2.5 Hz), corresponding to a mean RR interval of 0.4
s, which is higher than in adults.

2.2. Multi Detrended Fluctuation Analysis (MDFA)

The MDFA is a well-established method for
determining the scaling of long-term correlation in
presence of trends without knowing their origin and shape.
In general the MDFA procedure consists of three steps:

(Step 1) Split RR matrix into smaller matrices, each
matrix element RR satisfying some conditions the total
time of the matrix RR = 1200 seconds.

Y=>Y() @)
Where:
Y (®)= 3 RRi =1200 @)

(Step 2) Determine the aggregated or profile function:
10-% Yo=Y YO-(yd),,] ©

of the deseasoned record o (t) of length N.

(Step 3) Divide the Y(t) time series into non
overlapping segments [N, =int(N /s)] of equal length s.

In each of these v segments (L< 0 < N/S), determine

the local polynomial trend of order n, Pol,.(t,v)by a
least-square fitting. l.e., Pol,s(t,0), v=1 2,...N/s,
consist of concatenated polynomials of order n which are
calculated separately for each of the segments. The
interpolating curve represents the local trend in the vth-
segment.The order of the polynomial can be varied in
order to eliminate linear (n=1), quadratic (n=2), cubic
(n=3) or higher order trends in the profile function.
Compute for each segment v the detrended series:

Zys(t,0) =Y (t) - Pol,s(t,0) (4)
with  (v—-1)s+1<t<vs
Instead a polynomial, a linear fit (i.e, N=1) is

normally used. In each of the segments determine the mean
squared fluctuation or spread F (v) around the local trend

[Pol.s (t,0)]

VS

1
Frs(0) == Z [Zs (t,0)] ®)
t=(v-1)s+1
(Step 4) At last determine the fluctuation function or the
square root of the average over all segments of length s (Ns)

1 Ns 1/2
Fa(s) = [Fn2 (S)]ll2 = |:N_Z Fos (U):| (6)

s v=1
For different detrending orders n one obtains different
fluctuation functions F,(s). We are interested in the s-

dependence of F, (s).

(Step 5) Repeat the above procedure for a broad range
of segment lengths s. According to recommendation
made by Peng CK[10],, the following range smi» ~5 and
Ssmx * N/4 may be selected. It is apparent, that the
fluctuation functionill increase with increasing the
segments length “s” (duration). If data (Y(t)) are long-
range correlated without deterministic trend, a power-law
behavior for the fluctuation function F,(s) is observed

Fn(s) =™ U]

where ¢, is the scaling exponent.RR matrix Y can
calculate from Y(t) as array of an:

Y1=) R(s)~s" (8)

Y2=)" F(s)~s™ 9)

We focus on al and 02 to concentration to assess the
correlation of type 1 (linear), level 2 (parabolic) chain of
ECG arrhythmia 20 minutes. The values of a1 and 02 show
the correlation values in RRmatrix. The degree of this
correlation will reflect the possibility of cardiac
arrhythmias. Table 1 below shows the ability to detect ECG
arrhythmias depending on the value calculated.

(Step 6) Performing matrix Y1 and Y2 over time and
compared with the threshold of 0.5 and 1 will determine
the extent and timing of arrhythmia occurs. Location
arrhythmias are computed at time step 20 minutes from the
start of the track.

Table 1. Correlation of type 1 and type 2.

No TYPE 1 AND TYPE 2
' Values Correlation status|HRV status
1 ]0.5<al and 02 <1 High Low
2 |0<al and a2 <0.5 Nomal Nomal
3 |1 <al and 02 Low High
4 jaland o2 =1
5 lalanda2=1.5 Noises Noises
6 |olanda2=0.5
3. Results

The process of calculation is used with patients with
follow-up time of about 23 hours. The -calculated
parameters were calculated arrhythmias through the
Kubios HRV tool. This heart rate variability (HRV)
analysis software is developed by the Biosignal Analysis
and Medical Imaging Group (BSAMIG) at the Department
of Applied Physics, University of Eastern Finland, Kuopio,
Finland. HRV parameters using Kubio tools is user to
calculate the single al and a2 as the Table 2 below:
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Table 2. HRV Parameter by using Kubios tools.

N HRV PARAMETER
o Parameter Values | Unit
1 |Poincare plot, SD1 925.76 Ms
2 |Poincare plot, SD2 929.32 Ms
3 |Recurrence plot, Lmean 94.296 beats
4 |Recurrence plot, Lmax 528.60 beats
5 |Recurrence plot, REC 84.848 %
6 |Recurrence plot, DET 99.942 %
7 |Recurrence plot, ShanEn 4.3053
8 |DFA, al 0.65235
9 |DFA, a2 0.59586
10 |ApEn 0.35554
11 [SampEn 0.30910
12 |Correlation dimension, D2 |0.74620
13 |Recurrence plot, Lmax 528.60 beats

As the HRV parameter al and a2 are 0.65235 and
0.59586. When we implement algorithms MDFA of
patients with the same RR matrix, the number value ofal
and o2 are more than about 80 al and a2 values.The set of
values al through MDFA calculations are shown in Fig. 1
below. This data set is divided into 3 different values range
from 0 to 0.5, from 0.5 to 1 and greater than 1. al ratio
values are approximately corresponding to the value of 3 is
shown in Table 3.
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Figure 1. al array in MDFA results
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Figure 2. A2 array in MDFA results

The set of values o2 through MDFA calculations are
shown in Fig. 2 below. This data set is divided into 3
different values range from 0 to 0.5, from 0.5 to 1 and
greater than 1. o2 ratio values are approximately
corresponding to the value of 3 is shown in Table 3.

Table 3. Correlation of type 1 and type 2

No TYPE 1 AND TYPE 2
' Values al a2

1 ]0.5<al and a2 <1 84% 79%
2 |0<al and a2 <0.5 15% 3%
3 1 <al and a2 1% 18%
4 Jolando2=1
5 Jalanda2=1.5 0% 0%
6 |olanda2=0.5

Table 3 shows the percentage al and a2 values
calculated by the method MDFA. This result is mainly
concentrated in the range of 0.5 to 1. The threshold of less
than 0.5 and greater than 1 accounted for the low rate, and
no value is in 0.5 or 1 or 1.5 corresponding to different
types of noise.

With 84% and 79% of the data are calculated in the range
from 0.5 to 1, the degree of correlation between the values
in the matrix is large. This is equivalent to the possibility of
ECG arrhythmia is low. This advantage is more prominent
than the DFA method of Peng CK. This result allows
eliminating most about ECG little noise or no noise.

Each pair of al and o2 values outside the range 0.5 to
1.0 will show an average arrhythmia (0 < al and a2 <0,5),
high  arrhythmias (1 <aland@2) or noise
(aland a2 = 1.0 or al and a2 = 0.5 or al and a2 =
1.5). Besides, the order of the pairs in the value chain al
and a2 calculated results also reflect the time of the ECG
arrhythmia.

4, Conclusions

MDFA results of our calculations allow assessment of
the correlation matrix more detailed and specificthan DFA
method of Peng CK [10].With the original data matrix of
about 100000 RR heart rate, we can calculate the value of
80 pairs al and a2 different from specific classification
level in accordance with the arrhythmia low level (0.5 < al
and a2 < 1), middle average(0 < a1l and a2 < 0.5) or higher
(1 < al and o2). Besides, comparing the order of
calculation and DFA2 DFA1 value pairs will allow a
period determined arrhythmia occurs (correct up to 20
minutes). The process of calculating the data also give
similar results with the ability to remove over 54% of the
RR data matrix stability and help researchers can focus
detecting arrhythmias level with remaining data.
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