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A Novel Robust Index to Assess Beat-to-Beat
Variability in Heart Rate Time-Series Analysis

Miguel A. García-González*, Member, IEEE,and Ramon Pallàs-Areny, Fellow, IEEE

Abstract—A new index is proposed to estimate the variance of
the differentiated heart rate (RR) time series from its truncated
histogram. The index is more robust to artifacts than the standard
deviation of the differentiated RR time series (rMSDD) and, unlike
the pNN50, does not saturate for very high or very low heart rate
variability.

Index Terms—Artifact rejection, heart rate variability, time-do-
main analysis.

I. INTRODUCTION

T IME-DOMAIN analysis of heart rate (RR) time series im-
proves the diagnosis and prognosis of some cardiac and

neural disorders [1], [2]. Indexes such as the standard devia-
tion of normal-to-normal RR time series quantify heart rate vari-
ability (HRV) regardless of its rate of variation. Other indexes
quantify fast (beat-to-beat) changes, usually from the differen-
tiated RR (DRR) time series (rMSDD).

The recommended index to analyze DRR variability is the
rMSDD [3], which is the standard deviation of the DRR time
series (root-mean square of the DRR series) [4]. Although
the standard deviation is the best estimate of the variance
of a signal [5], the rMSDD index is very sensitive to arti-
facts. Another common index to characterize DRR variability
is the pNN50, which is defined as the percentage of beats
whose DRR is larger than 50 ms [4]. The pNN50 is very
robust to artifacts but saturates at 0% for low HRV and at
100% for high HRV. The correlation between the rMSDD
and pNN50 indexes is very high for normal electrocardio-
gram (ECG) records [4].

This work compares the rMSDD and pNN50 indexes and
proposes a modified rMSDD index with improved performance
in front of artifacts that avoids the saturation problems of the
pNN50 when analyzing RR time series from healthy subjects
and patients.
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II. A DVANTAGES AND SHORTCOMINGS OF THErMSDD AND

pNN50 INDEXES

The rMSDD index is very sensitive to artifacts. The DRR time
series corresponding to a non contaminated RR time series is

(1)

where is the total number of RR intervals recorded.
A false positive (FP) beat replaces one value of the RR

time series by two values. If the FP beat occurs at theth beat
we have

(2)

where and . The corresponding DRR
time series is

(3)

If we designate the rMSDD index of the series RR by
rMSDD and the mean of the series DRR by ,
by considering that

(4)

we obtain

(5)

On the other hand

(6)

but because of the differences between DRRand DRR ,
we have
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(7)

Applying (6) to the series yields

(8)

Then, substituting (8) into (7), and (7) and (5) into (6) yields (9),
shown at the bottom of the page. Therefore, the error produced
by the artifact depends on its amplitude (i.e., its distance to the
previous normal beat), which is described by. The closer is
to 0.5, the larger are the amplitude of the artifact and its effect
on the computation of rMSDD. False negative (FN) beats yield
similar results.

Because , artifacts may lead to
the wrong diagnostic. One solution is to remove artifacts and
then calculate the standard deviation of the artifact-free signal.
However, this procedure implies the manipulation of the DRR
time series in order to replace several values by approximated
artificial values. Another solution is to use an index robust to
artifacts and highly correlated with rMSDDtrue.

The pNN50 is defined as [4]

(10)

where

if ms

if ms.
(11)

By definition, the Heaviside function in (11) is
for RR interval differences larger than 50 ms regardless of their
amplitude. Consequently, the pNN50 index saturates at 0% and
100% when the variance of DRR is respectively very low or
very high. Therefore, the pNN50 index does not appropriately
describe very low or very high beat-to-beat HRV.

III. T HE rMSDD INDEX

Heart rate artifacts always fall inside the tails of the histogram
of the DRR time series. Therefore, computing the rMSDD index
after excluding the histogram tails should yield an index more

robust to artifacts than the common rMSDD and highly corre-
lated to it.

If we define the sDRR time series as the DRR time series
sorted from minimum to maximum, sDRR and DRR will have
the same histogram. Then we define sDRRas the series

(12)

where
ent greatest integer less than or equal to;

percent fraction of the histogram ex-
cluded;

rMSDD index standard deviation of sDRR.
If is small, rMSDD and rMSDD will be highly correlated.
If is large enough, rMSDDwill be very robust to artifacts.
Hence, should be selected according to the estimated fraction
of artifacts in the RR time series. Because the estimation of the
variance of DRR relies on the standard deviation, rMSDDwill
not saturate as the pNN50 does.

IV. SIMULATION STUDIES

We have compared the linearity and robustness of the pNN50
and rMSDD indexes by first analyzing artificial RR time se-
ries. The simulated signal for linearity assessment was random
Gaussian noise with a mean of 1 s, a length of 300 samples
(about 5 min) and different standard deviations (SD). For each
SD, 100 realizations were computed and the average index cal-
culated. The values for were zero, one, five, and ten. Fig. 1
shows the dependence of the pNN50 and rMSDDon the SD of
the input signal. The pNN50 clearly saturates for high SD but
the rMSDD linearly increases with SD, the slope decreasing
for increasing . The correlation between rMSDDand rMSDD
after removing the linear trend ranges from 0.985 for 1 to
0.82 for 10.

Since the slope of each straight line in Fig. 1 depends on, we
can define a correction factor (CF) as the slope of the rMSDD
line divided by that of the line corresponding to rMSDD. For
example, CF is, respectively, 1.0475, 1.2477, and 1.4899 for

1, 5, and 10. The finite length of the series (300 samples)
has negligible influence on CF. Then, from rMSDDwe can
estimate rMSDD provided that the amplitude distribution of the
RR series is Gaussian.

The robustness of the pNN50 and rMSDDindexes to arti-
facts has been assessed by adding from one to five FP beats.
The simulated signals were Gaussian noise with a mean of 1 s,
SD 30 ms, and 300 samples length. The indexes were calcu-
lated for 100 realizations for each artifact number. FP beats were

(9)



GARCÍA-GONZÁLEZ AND PALLÀS-ARENY: NOVEL ROBUST INDEX TO ASSESS BEAT-TO-BEAT VARIABILITY 619

Fig. 1. Dependence of rMSDDand pNN50 on the SD of the RR signal.

TABLE I
SENSITIVITY OF DIFFERENTHRV INDEXES IN FRONT OFFALSE POSITIVE BEATS EXPRESSED ASRELATIVE ERROR INPERCENT(MEAN � SD)

introduced by replacing a sample (i.e., a beat) by two samples
according to

(13)

where was a uniform random variable with , and
the position was chosen at random.

Table I shows the mean and SD for each index when there are
no artifacts, and the relative error (meanSD) corresponding
to different values for and number of artifacts, calculated for
100 realizations. The relative error increases with the number
of artifacts and decreases for large, as expected. The common
rMSDD index has quite a large error. FN (undetected) beats
yield similar results.

V. EXPERIMENTAL RESULTS AND DISCUSSION

Results from simulated RR series cannot be directly extrap-
olated to actual RR series because these are not necessarily
Gaussian. Therefore, we have tested the correlation between in-
dexes and their robustness to artifacts when calculated for actual
ECG recordings.

We have analyzed ambulatory recordings of 18 healthy sub-
jects of the MIT-BIH database [6]. Each RR time series was
decomposed in segments that included 300 beats and the corre-
sponding indexes were calculated. Artifacts were identified by
variations on DRR greater than 100 ms. Artifacts were so abun-
dant that for most subjects the standard deviation of each index
was larger than the mean. Segments severely contaminated by
artifacts would probably be rejected in a clinical study, but they
have been considered here in order to test the robustness of in-
dexes to artifacts. Table II shows the mean and standard devia-
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TABLE II
AVERAGE AND STANDARD DEVIATION OF THE RELATIVE ERROR OFDIFFERENTHRV INDEXES FOR18 AMBULATORY ECG RECORDINGS FROM THEMIT

DATABASE THAT HAVE ARTIFACTS. ERRORSARE EXPRESSED INPERCENTAGE

tion of the relative error (normalized difference between index
before and after artifact removal) for the different indexes and
subjects. For the rMSDDindex, the relative error decreases
when increases, exception made of the record labeled 16773,
which has a larger error for 10 than for 5. The error for
the rMSDD index is always larger than the error for the rMSDD
index. The error for the rMSDDindex is smaller than the error
for the pNN50 in 14 from the 18 subjects.

The correlation coefficient between the rMSDD index and the
other indexes after artifact removal is higher than 0.95 in most
cases. Theworst resultsare those of record16 272whosecorrela-
tioncoefficientsbetweentherMSDDandtherMSDD,rMSDD ,
andrMSDD are,respectively,0.99,0.86,and0.72.Kleigeretal.
[4] found a good correlation between the pNN50 and the rMSDD
for normal subjects. The rMSDDindex introduced here corre-
lates well with the rMSDD index because it is computed from a
largefractionofthedatavaluesusedtocomputerMSDD.Because
of the linearity between rMSDD and rMSDD, rMSDD can

be estimated by computing rMSDDfor an appropriate and
thenmultiplytheresultbythecorrespondingCF,providedthat the
distributionoftheRRtimeseriesisknownorestimated.

Table II shows that the pNN50 has smaller relative error than
the rMSDD index when the ECG record includes artifacts. Nev-
ertheless, records with small pNN50 are more sensitive to ar-
tifacts than records with large pNN50. Moreover, the pNN50
saturates when the HRV is small. Fig. 2 shows a RR time se-
ries from a healthy subject exercising on a static bicycle and
the corresponding pNN50 and rMSDDobtained by a moving
window of 100 beats width. Clearly, the rMSDDyields more
information than the pNN50.

Patients may have a very low HRV, resulting in a mean-
ingless pNN50 0%. Fig. 3, for example, shows the results
for the sel103 recording of the MIT-BIH QT database [7].
The rMSDD and pNN50 have been calculated in a moving
window of 100 beats width. The pNN50 does not provide any
information.
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Fig. 2. RR series, pNN50 and rMSDDfor a healthy subject exercising on a
bicycle.

Fig. 3. The pNN50 of an RR series with very low variability saturates to zero,
but the rMSDD calculated for a moving window of 100 beats informs about
beat-to-beat variability.

VI. CONCLUSION

The beat-to-beat variability of the rMSDD is often analyzed
by the pNN50 and rMSDD indexes [3]. However, the pNN50
tends to saturate for small and large HRV and the rMSDD is
very sensitive to artifacts. The proposed rMSDDindex is very
robust to artifacts and does not saturate.

The rMSDD index is calculated from the sorted DRR series
(series of beat-to-beat RR differences) by excluding the fraction

of samples falling inside the tails of the histogram. Conse-
quently, it correlates very well with the rMSDD index, which is
calculated from the complete DRR series. Since the rMSDD
is linearly related to the rMSDD index (when the RR series is
Gaussian) and does not saturate, it is suitable to analyze ECG
recordings with very low variability, such as those from some
patients, without any artifact removal procedure.
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