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Abstract

Heart rate variability (HRV) exhibits a different re-

sponse to different external stimuli (emotional, auditory,

etc). In this paper, HRV irregularity and correlations in

short time scales were assessed after a sudden increase

in plasma glucose concentration (a stimulus of glucose),

using approximate entropy (ApEn) and short-term fluctu-

ation (α1) of detrended fluctuation analysis, respectively,

in people with metabolic syndrome and healthy control

subjects. 5-min RR interval time series were extracted

from ECG recordings acquired at five timed intervals

(0, 30, . . . , 120 min) of an oral glucose tolerance test. We

have found that, in fasting and 30 min after the glucose

stimulus, people with metabolic syndrome showed statisti-

cally significantly greater values of ApEn than control, an

indicative of a more irregular HRV. In addition, 60 min

after the glucose stimulus, when plasma glucose concen-

tration reaches its maximum value, HRV irregularity and

short-term HRV correlation showed a reduction in people

with metabolic syndrome. Further studies, using other non-

linear measures and a larger dataset, must be carried to

characterize the response of HRV to the glucose stimulus.

1. Introduction

One of the major and escalating clinical and public

health problem worldwide is the metabolic syndrome, a

collection of cardiometabolic disorders (abdominal obe-

sity, fasting hyperglycemia, hypertension, hypertriglyc-

eridemia and decreased blood high-density lipoprotein

(HDL) cholesterol) that increase the risk for cardiovascular

disease, type 2 diabetes and stroke. A common screening

tool to check for glucose tolerance and diabetes is the oral

glucose tolerance test (OGTT), in which fasting plasma

glucose concentration is measured, then, after oral glucose

loading, plasma glucose concentration is measured again

each 30 or 60 min for two to three hours. In the OGTT, the

ingested dose of glucose can be seen as an external stimu-

lus that could influence short-term and long-term heart rate

dynamics. Indeed, it has been shown that heart rate vari-

ability (HRV) is affected, in different ways, by a variety of

stimuli (emotional, auditory, . . . ) [1, 2]. This variability is

nothing more than the result of the modulation exerted in

the heart by the sympathetic and parasympathetic compo-

nents of the autonomic nervous system.

The assessment of HRV is commonly performed using

time-domain and frequency-domain measures; however,

the nonlinear nature of HRV, as the vast majority of bio-

logical signals, has led to the use of chaos and complexity

of fractal dynamics techniques to assess cardiac autonomic

modulation and extract clinical information that are not ob-

servable using traditional linear methods. In this sense,

Lyapunov exponents, Poincaré plot, approximate entropy

(ApEn), correlation dimension and detrended fluctuation

analysis (DFA) are useful techniques to assess HRV from

a nonlinear point of view.

Healthy systems show higher values of ApEn, which

translates into greater complexity or irregularity, than

pathological ones. For instance, patients with type 2 di-

abetes show lower complexity of HRV (lower values of

ApEn) than healthy subjects [3], however, patients with

heart rate failure show higher complexity of HRV (higher

values of ApEn) than healthy subjects [4]. On the other

hand, short-term fractal scaling exponent α1 of DFA has

been used to understand the regulatory mechanisms of the

autonomic nervous system and the randomness of HRV. Fe-

tal HRV fractal correlations (α1) and irregularity (ApEn)

have been found to be increased after vibro-acustic stimu-

lation of the mother’s abdomen [2].

In this work we use ApEn and α1 of DFA measures to

investigate whether a sudden increase in plasma glucose

concentration (a stimulus of glucose) can modify short-

term HRV irregularity and fractal correlations, respectively.
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This hypothesis is evaluated using a dataset of people diag-

nosed with metabolic syndrome and age-matched control

subjects during an OGTT.

2. Materials and methods

2.1. Dataset

The dataset is composed of two groups: fifteen male

subjects diagnosed with the metabolic syndrome accord-

ing to the National Cholesterol Education Program–Adult

Treatment Panel (NCEP ATP III) [5], and ten male, age-

matched, control subjects. 12-lead ECG recordings and

plasma glucose and insulin concentrations were registered

in fasting and at each 30 min, after oral intake of 75 gr

of glucose, for two hours. ECG signals were recorded in

seated position during 10 min approximately at each timed

intervals (0, 30, . . . , 120 min) [6, 7]. Five of the control

subjects were removed from the dataset due to the presence

of at least, one of the metabolic syndrome factor. Table 1

shows the median value (interquartile range, IQR) of the

measured variables, for each study group.

2.2. Nonlinear analysis of HRV

The beat-to-beat interval variability or HRV was as-

sessed through the analysis of short-term RR interval time

series extracted from ECG recordings, where R corre-

sponds to the peak of the QRS complex and RR corre-

sponds to the successive differences of two R peaks. For

short-term HRV analysis (5 min), RR interval time series

were extracted from minutes 4 to 9 of the ECG recordings.

Accurate R-peak detection was performed by combining

individual R-peak detections made on each ECG lead us-

ing a data fusion technique [8].

Kubios software was used for HRV analysis [9]. RR in-

tervals differing from the previous one by more than 30%
were identified as artifacts and were corrected using Ku-

bios’ custom filter. To explore HRV irregularity and short-

term correlations on different time scales, two nonlinear

HRV parameters, ApEn and α1 from DFA, were obtained

using Kubios.

ApEn quantifies the irregularity of the RR interval series

and measures the disorder in the heart rate signal. Mathe-

matically speaking, ApEn corresponds to the difference be-

tween the logarithmic frequencies of similar segments of

length m and segments with length m+1. ApEn of a time

series measures the logarithmic likelihood that patterns of

length m that are close to each other in RR interval se-

ries will remain close in the next incremental comparisons,

m+ 1. In our experiments, m was set to 2.

DFA measures the correlation within the RR interval

time series over different time scales [10, 11]. For each

k = 1, . . . , N , the RR interval time series (N ≈ 300 beats)

is mapped to y(k), according to equation 1, where RR is

the average of the RRj interval time series.

y(k) =

k∑

j=1

(RRj −RR), k = 1, . . . , N. (1)

y(k) is then divided into segments of equal length n to

obtain yn(k), the local trend within each segment, which is

the least squares line fitted to the segment. F , as a function

of the length n, is computed for different segment lengths,

according to equation 2. Short-term correlations of HRV

are represented by α1, the slope of the regression line of

logF (n) as function of log n, in the range 4 ≤ n ≤ 16
heartbeats. Figure 1 shows an example of α1 for a subject

with metabolic syndrome and a control subject.

F (n) =

√√√√ 1

N

N∑

k=1

(y(k)− yn(k))2 (2)
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Figure 1: Example of short-term correlations of HRV for

a subject with metabolic syndrome (α1 = 1.07) and a con-

trol subject (α1 = 1.04) from our dataset.

2.3. Statistical analysis

Statistically significant differences in the median of the

parameters, ApEn and α1, between groups (metabolic syn-

drome and control) were assessed using the two-sided non-

parametric Wilcoxon rank-sum test, since these are non-

parametric, non-normal independent samples. In addition,

statistically significant differences among the timed inter-

vals of the OGTT for each group were assessed using

the two-sided non-parametric Friedman test and Tukey’s

honest post hoc analysis, since these are dependent, non-

parametric samples. A p-value less than 0.05 was consid-

ered statistically significant.
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Table 1: Median (IQR) of the measured attributes for each study group. p-values were obtained from the Wilcoxon rank-

sum test for nonparametric and not normal distribution data.

Attribute Metabolic syndrome Control p-value

Age (year) 33 (8) 29 (9) 0.11

Waist Circumference (cm) 108.8 (18.0) 87.5 (16.6) 0.027
Fasting plasma glucose (mg/dL) 109 (8.5) 95 (4) < 0.001
Fasting plasma insulin (µUI/mL) 11 (6.5) 2 (3) 0.018
Blood pressure (mmHg) 137 (6.5) / 88 (17.8) 116 (7.5) / 76 (17) < 0.01 / 0.03
Triglycerides (mg/dL) 195 (135.8) 72 (33.5) < 0.001
HDL cholesterol (mg/dL) 41 (10.5) 47.0 (10.0) 0.19

3. Results

Table 2 shows the median (IQR) of the nonlinear HRV

measures, ApEn and α1, for each stage of the test. In addi-

tion, Figures 2 and 3 show ApEn and α1, respectively, dur-

ing the test for subjects with metabolic syndrome (Mets)

and control (Ctrl).

0.95

1

1.05

1.1

1.15

1.2

1.25

A
p
E

n

Time (min)

0 30 60 90 120

Mets Ctrl Mets Ctrl MetsCtrl Mets Ctrl Mets Ctrl

Figure 2: Box plot of ApEn during the OGTT. Mets stands

for metabolic syndrome and Ctrl stands for control.
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Figure 3: Box plot of α1 during the OGTT. Mets stands

for metabolic syndrome and Ctrl stands for control.

We have observed that ApEn was statistically signif-

icantly greater, i.e. more irregular, in subjects with

metabolic syndrome compared to control people in fasting

(1.16 vs. 1.04, p = 0.018) and 30 min after the intake of

glucose (1.12 vs. 1.06, p = 0.008). For α1, we have not

found statistically significant differences between groups

for the timed intervals.

Concerning the differences between the timed intervals

of the OGTT, we have not found statistically significant

differences neither for ApEn nor for α1 for each group.

4. Discussion

We have found that subject with metabolic syndrome,

after prolonged fast and 30 min after the intake of glucose,

showed statistically significantly greater irregularity in the

HRV than control people. It would be expected that sub-

jects with metabolic syndrome would have shown less ir-

regularity than control people because hypertension, a con-

dition of the metabolic syndrome, cause a reduction in

the HRV irregularity [12]. However, a similar result has

been reported in the literature for ApEn, in which people

with heart failure show higher values of ApEn compared

to healthy people, an indicative of more erratic heart rate

pattern for a pathological system [4].

After the glucose stimulus, HRV irregularity decreases

in subjects with metabolic syndrome, especially at 60 min,

where plasma glucose concentration reach its higher val-

ues. This behavior is not observed in the control popula-

tion. Even if the reduction of HRV irregularity in subjects

with metabolic syndrome among the stages of the OGTT

is not statistically significant, it could be a reflex of the ex-

cess of glucose in blood and the inefficacy of the system to

cope with it. Similarly, the reduction of the short-scaling

correlation of HRV observed in subjects with metabolic

syndrome at the same timed interval (min 60) might be a

lagged response of the autonomic nervous system to cope

with the increased plasma glucose concentration.
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Table 2: Median (IQR) of ApEn and α1 during the OGTT.

Variable Group 0 min 30 min 60 min 90 min 120 min

ApEn
Metabolic syndrome 1.16 (0.13) † 1.12 (0.08)‡ 1.08 (0.15) 1.11 (0.14) 1.11 (0.13)

Control 1.02 (0.08) 1.04 (0.10) 1.05 (0.06) 1.10 (0.07) 1.05 (0.04)

α1
Metabolic syndrome 1.09 (0.37) 1.27 (0.23) 1.15 (0.28) 1.19 (0.23) 1.27 (0.21)

Control 1.28 (0.43) 1.17 (0.29) 1.16 (0.42) 1.29 (0.37) 1.20 (0.45)

† Statistically significantly greater than in control group.

‡ Statistically significantly greater than in control group.

5. Conclusion

This study has shown that a sudden increase of plasma

glucose concentration in subjects with metabolic syn-

drome may be observed in the cardiovascular system as a

reduction in the irregularity of the HRV. This, in fact, could

be seen as a reflected lagged response in the cardiac auto-

nomic modulation to handle with the increased plasma glu-

cose concentration (a metabolic response). However, fur-

ther studies must be carried out using a larger dataset. In

addition, the assessment of the HRV response to the stim-

ulus of glucose should be carried out using other nonlin-

ear measures, like multiscale entropy or LempelZiv com-

plexity, in order to find clinically relevant indicators to di-

agnose the metabolic syndrome and related diseases and

enhance our understanding of the mechanism involved in

cardiac autonomic modulation.
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