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ABSTRACT

Heart rate complexity (HRC) is a measure of the beat-to-beat variations in heart rate which can be used in patients to
identify their physiologic deterioration caused by critical injury. This measurement is the results of nonlinear analysis to
the R-to-R interval (RRI) of the electrocardiogram (ECG) of pre-hospital trauma patients. Power spectra, entropy, frac-
tal dimension, auto-correlation function and auto-correlation time are some tools for this nonlinear analysis of ECG
signal. However, the measurements of these tools for some RRI data in the heart rates for healthy subjects and those
with congestive heart failure are so close and hard to distinguish and use for further emergency care. In this case, surro-
gating raw data by some manipulated data will provide more informative vital signs. In this article, we will compare the
nonlinear analysis of raw data by manipulated data using dominant frequency extraction. Here, we will use real data of

270-beat sections of ECG from 45 emergency patients brought to Shiraz Rejaee Hospetal prior to any medication.
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1. Introduction

Recently, nonlinear analysis of R-to-R interval (RRI) in
heart rate has brought research attention in medicine to
improve predictive accuracy of medication in severely
injured patients. It seems conventional vital signs infor-
mation such as heart rate and blood pressure to identify
critically injured patients eventually replaced by heart-
rate complexity (HRC) analysis to the electrocardiogram
(ECG) of patients in trauma centers. In this respect, dif-
ferent nonlinear analysis tools such as; power spectra,
entropy, fractal dimension, auto-correlation function and
auto-correlation have been adapted for this complexity
analysis of ECG signal. Reidbord and Redington [1]
were one of the early reports on applications of nonlinear
analysis of the heart physiology. Moody and his col-
leagues could confidently predicted survival in heart
failure cases by use of fully automated methods for de-
riving nonlinear and conventional indices of heart rate
dynamics [2]. Further studies were reported in cases of
arrhythmia or general anesthesia by Pomfrett [3], Fortrat
[4], Lass [5] and references therein. Recently, notewor-
thy works of Batchinsky and coworkers have shown that
prehospital loss of RRI complexity is associated with
mortality in trauma patients [6-8]. They have also shown
that prediction of trauma survival by analysis of heart
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rate complexity is even possible by reducing data set size
from 800-beat to 200 or lower beat data sets. In this arti-
cle, we will use different data nonlinear analysis tools
such as; power spectrum, entropy, Lyapunov exponent,
capacity dimension and correlation function to analyze
HRC as a sensitive indictor of physiologic deterioration.
In these analyses, we will use real data of 270-beat sec-
tions of ECG from 45 emergency patients brought to
Shiraz Rejaee Hospetal trauma center prior to any medi-
cation. As we can see, using some manipulation on raw
data will provide more informative vital signs in our
nonlinear analyses.

2. Nonlinear Analysis Tools

Here, we have used the following data analysis tools for
both, raw and manipulated data.

1) Power spectrum of HRC is a sensitive indicator of
physiologic deterioration that demonstrates a fast Fourier
transform of our data and displays the mean square am-
plitude as a function of frequency. The frequency is in
units of the reciprocal of twice the interval between the
data points (Nyquist frequency). Here, we illustrate lin-
ear-log representation of frequently versus square of the
amplitude.

2) Entropy is a quantity that is interpreted as a measure
of the amount of disorder in the system to specify the
state of the system. So, if we suppose a unite interval
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subdivided by N subintervals for which p; is the probabil-
ity of an outcome to be occurred in the ith subinterval,
then the entropy of the system is define by

S =_ZiN:1 p log? .

3) Lyapunov exponent may be used to obtain a meas-
ure of the sensitive dependence upon initial conditions
that is characteristic of chaotic behavior. In this case,
orbit of the system has at least one positive Lyapunov
exponent. Indeed, Lyapunov exponent gives the stretch-
ing rate per iteration in a map, averaged over the trajec-

[f/(4)] .

e

tory and hence is defined by lzlim%zrjlog

Here, we calculated this exponent in units of bits per data
sample. Thus a value of +1 means that the separation of
nearby orbits doubles on the average in the time interval
between data samples.

4) Capacity dimension of d-dimensional square of side
L covered by N(s)=L%(1/s)° boxes is defined by

logN (&)
logL +logl/e
involving L becomes negligible. In the case of data sets,
the average slope of the line for the two middle segments
is taken as the capacity dimension.

5) Correlation function is the correlation between ran-
dom variables at two different points in space or time,
usually as a function of the spatial or temporal distance
between the points. To calculate we multiply each data
x(t) by x(t—z) and summing the result over all the
data points. The sum is then plotted as a function of z.
Thus, this function gives a measure of how dependent data
points are on their neighbors. The value of z at which the
correlation function remains small is the correlation time.

, and in the limit of small &, the term

Data Manipulation
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3. Data Selection and Results

Clinical data from 65 patients, brought to Shiraz Rejaee
Hospetal trauma center, were screened and among them
45 patients were selected for our study. These sets of data
presence of ECG recordings free of electromechanical
noise with at least 270 heart beats. These 270 discrete
datasets are used to analyze by the tools described in
above section. Some of these nonlinear analysis per-
formed by Chaos Data Analyzer (CDA) [9] and some
others are calculated manually.

Prior to calculating and illustrating the results of our
data nonlinear analysis, we analyze and present a sample
set of data in both raw and manipulated data find by re-
placing each data with the average of itself and its two
nearest neighbors.

First, we illustrated the raw and manipulated of sample
data as time series in Figure 1. As we can see, manipu-
lated data in the right shows more complex and chaotic
situation than the raw data on the left side of Figure 1.

Second, power spectrum in logarithmic-linear repre-
sentation for both raw and manipulated data are shown in
Figure 2. In this figure, for high frequencies indicating
noise or fluctuating behavior the small peaks from the
original signal appears amplified in the manipulated data.
Similarly, for the low dominant frequency in left Figure
2, a monotone decrease of the amplitude replaces by the
increase of the frequency in right Figure 2 for low and
medium values.

Finally, in Figure 3 we illustrated the correlation func-
tion and correlation time for both raw and manipulated
data. As we can see in this figure, correlation function of
raw data (on the left) converging to zero more frequently
than the one related to manipulated data (on the right).

Data Manipulation

MAN . DAT

Figure 1. Raw ECG signals (left) and manipulated data (right).
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Power Spectrum

RAW.DAT

Power versus frequency

1

Correlation Function

RAW.DAT

Power Spectrum

Power versus fregquency MAN . DAT

frequency

Correlation Function

MAN.DAT

Figure 3. Correlation function and correlation time for both raw (left) and manipulated (right) data.

This indicates the stronger chaotic characteristic of the
manipulated data.

Therefore, in this study instead of raw data we use
manipulated data to find the chaotic measurements de-
scribed in Section 2. Here we use power spectrum, en-
tropy and Lyapunov exponent to show these chaotic
measurements.

Recently, these measurements as a nonlinear analysis
tools play an important role in biology. Indeed, bioclogic
processes, as a highly complex system, cannot be de-
scribed by analysis of the simple calculation. In the car-
diovascular system, one consequence of this complexity
is the irregularity and chaotic behavior in RRI. The

Copyright © 2012 SciRes.

above measurements described in Section 2 are among of
well suitable tools for analysis of such signals. Perrier to
use these tools for human RRI analysis Batchinsky and
his co-workers have used them in two animal models of
hemorrhagic shock [9]. They have used Entropy tech-
nique to measure RRI complexity on which was de-
creasing during the shock and was restoring by fluid re-
suscitation. Similar study have reported in decreasing of
RRI complexity in human volunteers subjected to central
hypovolemia by means of lower body negative pressure
[10]. In this study, we have used the same methodology
in these and some other articles [6], with some different
chaotic measurements for real data, to discriminate
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Table 1. Various RRI complexity (chaos) measurements for 37 survival patients.

sival oo, yepunor R capaoity TR, Correlaton (RO

patients exponent error dimension error dimension error
1 2.8647 1.092 0.247 1.522 1.117 2.059 0.261
2 1.2362 0.975 0.294 1 0.734 2.081 0.701
3 2.8304 0.689 0.213 0.5 0.367 2.06 0.142
4 1.1959 1.011 0.237 1.429 1.049 1.829 0.297
5 2.1142 0.713 0.337 1 0.734 2.085 0.285
6 0.9122 0.701 0.24 0.792 0.582 1.861 0.44
7 1.34 0.973 0.302 1.161 0.857 2.23 0.291
8 1.219 0.477 0.186 1.044 0.766 1.794 0.31
9 1.2621 0.674 0.212 1.044 0.77 2.07 0.127
10 0.5907 0.453 0.37 0.661 0.488 1.802 0.26
11 2.3376 1.112 0.268 1.292 0.948 2.145 0.32
12 0.6429 0.741 0.313 1.404 1.03 1.643 0.339
13 1.1155 0.851 0.282 1.085 0.796 2.16 0.376
14 1.3285 0.643 0.367 0.85 0.624 1.805 0.372
15 1.2804 1.04 0.22 1.292 0.948 1.951 0.56
16 1.2843 0.588 0.223 1.161 0.857 1.967 0.44
17 0.6814 0.952 0.266 1.624 1.198 2.163 0.292
18 0.3924 0.835 0.236 1.35 0.991 2.125 0.681
19 1.7064 0.964 0.319 0.953 0.704 2.053 0.311
20 0.1173 1.352 0.317 1.044 0.77 1.581 0.5
21 1.1959 1.011 0.237 1.429 1.049 1.829 0.297
22 0.6958 0.652 0.253 0.953 0.7 2.135 0.892
23 1.3242 1.02 0.255 1.477 1.09 2.116 0.221
24 0.9937 0.988 0.263 0.73 0.535 1.94 0.321
25 0.9228 0.66 0.196 1.044 0.77 2.455 0.878
26 0.9432 0.83 0.246 1.196 0.883 2.063 0.219
27 2.2675 0.794 0.266 0.743 0.548 2.055 0.758
28 1.9974 1.241 0.291 1.429 1.049 2.067 0.343
29 0.8531 0.898 0.272 1.161 0.857 1.703 0.462
30 1.2228 1.119 0.212 1.292 0.948 2.176 0.255
31 1.7226 0.904 0.233 1.404 1.03 1.909 1.148
32 2.8479 0.871 0.199 1.377 1.016 1.997 0.403
33 0.4409 0.709 0.394 1.531 0.864 2.005 0.936
34 0.2617 0.921 0.339 0.792 0.585 1.893 0.035
35 1.588 0.983 0.306 1.429 1.049 2.091 0.39
36 1.6394 1.085 0.226 1.477 1.09 2.134 0.172
37 0.8167 0.865 0.247 1.044 0.766 2.133 0.334

Average 1.3023 0.8753 0.26713 1.16403 0.7415 2.0045 0.4154

Copyright © 2012 SciRes. 1JCM
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Table 2. Various RRI complexity (chaos) measurements for 8 non-survival patients.

Patients exponent error dimension error dimension error
1 0.7406 1.05 0.259 1.35 0.991 2,771 0.188
2 0.1369 0.869 0.269 1.23 0.741 2.357 0.334
3 0.5885 0.698 0.228 0.5 0.369 2.617 1.06
4 0.9389 0.728 0.159 0.971 0.612 2.052 0.039
5 1.2201 0.67 0.265 1.085 0.796 2.078 0.168
6 0.4507 0.546 0.228 1.292 0.7 1.829 0.132
7 1.1596 0.767 00.697 0.585 0.748 2.695 1.285
8 0.0263 1.207 0.302 1.762 1.239 2.392 0.452

Average 0.6577 0.8169 0.3009 1.0968 0.7745 2.3489 0.4572

between survivors and non-survivors of trauma in the
prehospital setting. As noted in these studies, we also
hypothesized that loss of RRI complexity is associated
with mortality after trauma.

In order to do our data analyze, among the 65 available
data recorded by ECG from trauma patients brought to
Shiraz Rejaee Hospetal prior to any medication, we were
screened for presence of ECG recordings free of elec-
tromechanical noise, free of ectopic beats, and at least
270 heart beats in length of 45 patients were selected.
Before using these raw data, as we explained above, we
have manipulated data by replacing each data with the
average of itself and its two nearest neighbors. Then
these manipulated data have imported into Chaos Data
Analyzer (CDA) [9] to evaluate Lyapunov exponents,
capacity dimension and correlation dimension. We have
also evaluated entropy manually, i.e. using our prepared
code to evaluate these quantities. In order to be consis-
tence, we have used dimension 2 for our embedding di-
mension in all these evaluation quantities and the results
are showed in Tables 1 and 2. Table 1 shows the results
for 37 survivals and Table 2 for 8 non-survival patients.
As we expected, by comparing the average values in last
row of both tables, all values correspond to survival pa-
tients are more than the values corresponds to non-sur-
vivals unless the last value, correlation dimension, on
which the value corresponding to non-survivals is bigger
than the one corresponding to the survivals. This shows
that the data corresponding to non-survival are more
correlated than the corresponding survival data. There-
fore, in average the chaos measurements, entropy,
Lyapunov exponents and capacity dimension in survival
patients are higher than non-survival, which proof our
assertion.

4. Conclusion

In this article, we have hypothesized the loss of RRI

Copyright © 2012 SciRes.

complexity is associated with mortality after trauma. To
prove our assertion, we have used the real data of 270-
beat sections of ECG from 45 emergency patients. Using
these data, we have calculated entropy, Lyapunov expo-
nent, capacity dimension and correlation function and
illustrated in Tables 1 and 2. By comparing the average
values in last row of these two tables, all values corre-
spond to survival patients are more than the values cor-
respond to non-survivals unless the last value, correlation
dimension, on which the value corresponding to non-
survivals is bigger than the one corresponding to the sur-
vivals. This shows that the data corresponding to non-
survival are more correlated than the corresponding sur-
vival data. Therefore, in average the chaos measurements,
entropy, Lyapunov exponents and capacity dimension in
survival patients are higher than non-survival, which
proof our assertion.
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