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Abstract— Heart Rate Variability has been reported as very simple and adequate methodology to evaluate
the homeostasis of an individual. It can easily be measured by recording the RR interval from a heart generated
signal, which can be performed by a noninvasive procedure with, for example, Holter or Polar cardiac monitors.
The aim of the present study was to verify the influence of the temporal series length on the predictive ability for
adverse events using the heart rate variability. Results indicated that series with 1, 000 RR intervals retain the
same capacity of the clinic interpretation of series up to 3, 000 RR intervals. The predictive power was assessed
by ROC curve analysis, and no significant statistical differences were found among the short and long series
analyzed.
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Resumo— A variabilidade da frequência card́ıaca (VFC) tem sido apontada como uma metodologia simples e
adequada para avaliar a homeostase de um indiv́ıduo. A VFC pode ser facilmente medida obtendo-se os intervalos
RR do sinal gerado do coração, a partir de monitores card́ıacos como o Polar e/ou Holter. O principal objetivo
desse estudo foi verificar a influência do tamanho das séries temporais com habilidade de predizer a ocorrência de
eventos adversos usando a variabilidade da frequência card́ıaca. Os resultados indicam que as séries temporais
com 1.000 intervalos RR mantêm a mesma capacidade de interpretação cĺınica de séries até 3.000 intervalos
RR. A capacidade de predição foi avaliada pela curva ROC, e diferenças estat́ısticas não significativas foram
encontradas para as séries curtas e longas analisadas.

Keywords— Gráfico de Poincaré, Análise da curva ROC, Tamanho das séries temporais, Variabilidade da
Frequência Card́ıaca.

1 Introduction

Cardiac measuring devices, either Holter (Krum
et al., 1995; Goldsmith et al., 1997) or Polar mon-
itors (Gamelin et al., 2006; Vanderlei et al., 2008)
produce time series of RR intervals that, while re-
flecting heartbeats, allow analysis of alterations
in the homeostasis of an individual (Vanderlei
et al., 2009). Depending on acquisition time and
specific conditions of the individual, time series
of the RR intervals or tachograms may have dif-
ferent extensions. In general, it is expected that
the analysis of tachograms with longer extension
provide more information, regardless of the diffi-
culty in collecting the RR signal. Therefore, it is
important to establish the minimum extension of
the time series to statistically represent the coun-
terpart series with longer extension.

2 Data

The RR intervals series were collected using the
PolarR© monitor (S810i or RS 800) (Gamelin et al.,
2006; Vanderlei et al., 2008; Nunan et al., 2009;
Selig et al., 2011). For this analysis, the variables
SD1, SD2 and SD1/SD2 were selected (see Sec-
tion 3).

To evaluate the influence of the extension of
the time series on the prediction of clinical events,
a group of 42 time series from adults with coro-
nary artery disease in the preoperative period of
surgical myocardial revascularizationin was cho-
sen, because it was known from this group that
thirty seven individuals had a good outcome and
five died in hospital after surgery. This allowed us
to compare the predictive power of the variables
of the Poincaré plot according to time series size
(1, 000 and 2, 000 and longer than 2, 000 RR inter-
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vals initially recorded). The objective was to find
the shortest time series statistically representative
out of the total time series that maintainined the
ability to predict the occurrence of a clinically rel-
evant event, in this case death.

3 Poincaré Plot

The Poincaré plot is defined as a method of
analysis based on linear and nonlinear dynamics,
whereby each value (an RR interval) of the ana-
lyzed series is plotted against the previous value.

This method have been used in studies of
heart rate variability (HRV) (Brennan et al., 2001;
Piskorski and Guzik, 2007; Karmakar et al., 2009;
Vanderlei et al., 2009), considered an important
method with features to enable analysis by visual
inspection summarizing a series of RR intervals
in a figure. Moreover, the Poincaré plot is also a
technique that provides quantitative information
about the behavior of short-HRV (SD1) and long
(SD2) durations (Piskorski and Guzik, 2007).

According to Piskorski and Guzik (2007) the
Poincaré plot of RR intervals is composed of
points (RRi, RRi+1), where a pair of consecu-
tive RR intervals specifies a coordinate point in
the graph (see Figure 1). Among other mea-
sures, from the graph the following parameters can
be extracted: X1, X2, centroid, SD1, SD2 and
SD1/SD2. Figure 1 shows a sample chart with
the Poincaré parameters mentioned above.

The Poincaré plot parameters used in this
work are directly related to the physiology of the
heart and to the autonomic nervous system. The
parameter SD1 relates to the short range of RR
intervals, reflecting the variability of successive in-
tervals, connected to the parasympathetic control
of sinus node, whilst SD2 relates to long range
RR intervals, correlated to the sympathetic con-
trol sinus node by the autonomic nervous system
(Mourot et al., 2004).

Some works have discussed the analysis of
HRV variables for understanding the physiolog-
ical and biological phenomena occurring during
physical training (Mourot et al., 2004) in patients
with congestive heart failure (Y. Isler, 2007) and
during the practice of meditation (A. Goshvar-
pour, 2011).

4 Statistical Analysis

The data were evaluated using analysis of variance
(ANOVA) upon comparison of the mean values of
variables in different sets. It was assumed an alpha
error of 5%, with p-values less than or equal to
0.05 being considered significant. For cases where
the p value by ANOVA was 0.05 or less then it
was applied the multiple comparison test of Tukey
pairwise comparisons (Driscoll, 1996). Finally for
comparison in terms of predictive validity related

Table 1: Example of the contigency table or con-
fusion matrix to classify models by ROC analysis.

P N Total
Yes TP FP TP+FP
No FN TN FN+VN
Total TP+FN FP+TN TP+FP+FN+VN

TP = true positive - number of ill patients classified by
test; FP = false positive - number of non-diseased not clas-
sifed by test; FN = false negative - number of ill patients
not classified by test; TN = true negative - number of non-
diseased classified correctly by test.

to the extension of the time series considered, the
ROC curve analysis was used.

The analysis by the Receiver Operating Cha-
racteristic Curve (ROC) is a technical classifica-
tion largely used in signal detection theory to rep-
resent the exchange between the success rates and
rates of false classification given by a particular
variable and can be used to assess the applicability
of diagnostic methods (Fawcett, 2006). Initially,
according to (Fawcett, 2006), consider the classi-
fication problem using two classes. Each case i is
mapped to an element of the set of positive class
(P) (possessing a certain characteristic, for exam-
ple, being sick) or negative (N) (not possessing
a certain characteristic, for example, not being
sick). To distinguish the current class from the
predictive class, the labels yes (the characteristic
follows a certain established cutoff point) and no
(the characteristic does not have a certain cutoff
point) are used for the classes predicted by the
model (see Table 1).

From Table 1 some information may be
obtained, (i) the sensitivity (S=TP/(TP+FN)),
which is defined as the probability of a test
to give a positive result, given that the pa-
tient has the disease or condition, (ii) specificity
(Sp=TN/(TN+FP)), defined as the probability
of a negative result, given that the patient does
not have the disease or the desired trait, (iii) the
positive predictive value (PPV=TP/(TP+FP)),
defined as the percentage of patients having the
disease or condition given that the test results
are positive, (iv) the negative predictive value
(NPV=TN/(TN+FN)), the percentage of pa-
tients not having the disease or condition given
that the test results are indeed negative, and pos-
itive likelihood ratio (LRP = sensitivity/(1 - speci-
ficity)) which corresponds to the ratio between
the probability of a diagnostic test to be positive
on someone having the disease (sensitivity) and
the probability of that test to be positive in those
without the disease (1-specific features).

5 Results

Comparisons of tachograms collected with the Po-
lar monitor (S810i and S800) were performed us-
ing three sets with series of different extensions:
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Figure 1: Example of Poincaré plot obtained from a tachogram. The parameters extracted from the
graph are: X2 (line identity), X1 (perpendicular to the line identity), centroid (intersection between the
means of x−axis (RR1, RR2, ..., RRn) and the y−axis (RR2, RR3, ..., RRN+1), SD1 (standard deviation
over X1) related to short-term HRV, SD2 (standard deviation over X2) related to long-term HRV and
SD1/SD2 (ratio of short and long range variations).

1, 000, 2, 000 and the total number of intervals
collected (between 2, 000 and 3, 000). The purpose
was to found the minimum number of RR intervals
required for the analysis to maintain correspon-
dence with the total sizes of tachogram (≥ 2, 000
RR intervals). Initially, all sets of total sizes were
filtered to remove artifacts using the adaptive fil-
tering method. This filtering method removes
the intervals with values below 350ms and above
1, 200ms. The intervals are filtered as described
in (Wessel et al., 2000). After filtering, the series
were divided into the desired sizes and separately
had the parameters SD1, SD2 and SD1/SD2 cal-
culated from the Poincaré plot.

To verify the ability of these variables asso-
ciated with different sizes for the prediction of
events, the clinical interpretation of the groups
was taken into account. From a clinical stand-
point of 42 patients submitted to revasculariza-
tion surgery and who had assessment of heart rate
variability prior to the operation five died post-
surgery and 37 were discharged from hospital.

For this analysis the same series (same pa-
tient) was considered in three different sizes:
1, 000, 2, 000 and total RR intervals (between
2, 000 and 3, 000) with p ≥ 0.05, that is, the aver-
ages are not significantly different from each other.
The objective was to verify if this scenario with
the series with 1000-RR interval-long series were
equivalent to the interpretation obtained from the
total series of RR intervals and if the parameters
of the Poincaré plot could be used as predictors of
death in this group of patients.

To determine the effectiveness of the diagnos-
tic test, ROC curve analysis was used by setting
values of the matrix of confusion (or contingency
table) for each variable analyzed.

Table 2 shows an example of the confusion
matrix for the parameter SD1 designed for full-

Table 2: Confusion matrix for the parameter SD1
considering the total size of the RR interval series
of 42 patients undergoing preoperative coronary
artery bypass.
SD1 - size total death not death Total
patients positive results∗ 5 18 23
patients negative results∗∗ 0 19 19
Total 5 37 42

∗SD1 ≤ 11.65 (cutoff point)
∗∗SD1 > 11.65

sized series of 42 patients in the pre-operative with
a cutoff value of 11.65.

The ROC curve was assessed in this context
to examine the performance of diagnosis (predic-
tion) studying the sensitivity and specificity of the
Poincaré plot parameters given a particular cutoff
value. Table 3 shows the cutoff values, sensi-
tivity (S), specificity (Sp), positive likelihood ra-
tio (LRP), accuracy (A) and area under the ROC
curve of the Poincaré plot parameters considering
different sizes of the series of RR intervals of 42
patients. This set was divided in two groups: one
that includes the presence of the event analyzed (5
died after surgery) and the second group without
including the event analyzed (37 recovered after
surgery).

Upon considering the parameters of the
Poincaré plot, the different sizes of the tachograms
analyzed yielded sensitivity and specificity values
very similar to each other, with an area under
the ROC curve above 0.60 demonstrating that the
length of the series (from 1, 000 intervals to more
than 2, 000 is irrelevant for the predictive capac-
ity), with relatively high levels of accuracy (A), in
general.

Figure 2 shows the ROC curves obtained from
analysis of the chart parameter SD1 Poincaré con-
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Table 3: ROC analysis of Poincaré plot parameters considering three different sizes of the RR intervals
time series (1, 000, 2, 000 and total). It is possible to see that, independently of the size of the time series
values of sensitivity (S), specificity (Sp), obtained are the similar to each other.

Parameter Size Cutoff S Sp A LRP Area under ROC curve

total 11.65 1 0.51 0.57 2.06 0.75 (0.46 to 1)
SD1 1000 12.13 1 0.51 0.57 2.06 0.76 (0.47 to 1)

2000 11.63 1 0.51 0.57 2.06 0.75 (0.46 to 1)

total 36.17 0.8 0.57 0.60 1.85 0.61 (0.30 to 0.92)
SD2 1000 45.48 1 0.46 0.52 1.85 0.67 (0.37 to 0.97)

2000 36.55 0.8 0.57 0.60 1.85 0.64 (0.34 to 0.95)

total 0.20 0.6 0.81 0.79 3.17 0.61 (0.30 to 0.91)
SD1/SD2 1000 0.21 0.6 0.84 0.81 3.70 0.66 (0.36 to 0.96)

2000 0.20 0.6 0.81 0.79 3.17 0.62 (0.31 to 0.92)

∗Wilcoxon’s Estimate (confidence interval of 95%).

sidering the different sizes of tachogram analyzed.
It is noted that Figures 2A, 2B and 2C all have
an area under the ROC curve very similar, con-
firming that this parameter showed a good perfor-
mance in predicting death in the event the data
set analyzed.

6 Conclusion

For prediction of adverse events (in the present
context, the death of a patient), the Poincaré plot
parameters were analyzed for 42 time series (ac-
quired with the Polar) with different extensions
captured from adults with severe coronary disease
in the preoperative evaluation for coronary artery
bypass grafting.

The results indicated that the series from
1, 000 to over 2, 000 RR intervals preserved its
ability to predict death in the postoperative pe-
riod of surgical myocardial revascularization (us-
ing SD1, SD2 or SD1/SD2 as predictors).
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