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Abstract—We apply the maximal overlap discrete wavelet transform (MODWT)-based spectral density estimation method to measure heart rate variability (HRV) from short-duration pulse wave
signals produced by an automated oscillometric blood pressure
(BP) monitor during routine measurements. To test the accuracy
of this wavelet HRV metric, we study the linear correlations that it
achieves with chronological age and BP in a healthy population
of 85 subjects. We define accuracy as the quality of the linear
regression of HRV with age and BP. Results are compared with
a number of traditional HRV metrics and earlier published work.
The MODWT HRV metric achieves higher (and more significant)
correlations with age and BP compared to other metrics. Moreover, these correlations are in agreement with earlier published
work on correlations of HRV (measured from much longer duration electrocardiogram signals) with age and BP. As a further
enhancement, we combine the MODWT HRV metric with other
HRV metrics inside a multiple-linear-regression model and show
an improvement in the correlations between the predicted and
actual ages and the predicted and actual BP. Our work thus
indicates the suitability of the MODWT metric either as a stand
alone or in combination with other metrics for characterizing
HRV from short-duration oscillometric pulse wave signals. Based
on our results, we conclude that oscillometric BP monitors can be
used to measure HRV in addition to measuring BP.
Index Terms—Electrocardiogram (ECG), heart rate variability (HRV), oscillometric blood pressure (BP), pulse wave signal,
wavelet spectral density, wrist monitor.

I. I NTRODUCTION

H

EART rate variability (HRV), a measure of the beat-tobeat fluctuations in the heart rate (HR), is an important
biomarker of health and illness [1]. HRV is computed by
analyzing beat-to-beat interval time series derived from an
electrocardiogram (ECG), an arterial pressure tracing, or a
plethysmographic pulse wave signal. A variety of metrics have
been proposed for measuring HRV. These metrics can broadly
be classified into time- [2], frequency- [3], complexity- [4],
fractal- [5], and nonlinear- [6] domain measures of HRV.
Alterations—generally reductions—in HRV have been found
to be diagnostic and prognostic of pathologic states such
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as hypertension [7]–[9], heart failure [10], [11], and septic
shock [12], [13]. HRV has been found to be augmented in
the physically fit [14] and has been shown to diminish with
age [15]–[19]. Most studies have reported the degree of alteration in HRV to be correlated with the severity of the
pathology.
In the last decade or so, wavelet-based time–frequency analysis has received much attention for characterizing HRV from
ECG signals. Lin et al. employed thresholds based on the
amplitude characteristics of wavelet decompositions of HRV
signals to discriminate between healthy and congestive heart
failure subjects [20]. In a similar study, Thurner et al. used the
wavelet decomposition standard deviation to classify patients
as normal or with congestive heart failure [21]. Ivanov et al.
studied power law behavior in probability distributions of
wavelet decompositions of HRV signals [22]. They found scaleinvariant power law behavior in wavelet probability distributions of normal subjects, whereas such behavior was absent in
subjects who suffer from sleep apnea. Verlinde et al. measured
the average power (amplitude) of wavelet decompositions of
HRV signals in controls and aerobic athletes [23]. Their results
revealed that the average power of wavelet decompositions in
all frequency bands was higher for aerobic athletes as compared
to controls.
Since HRV information may either be extracted from ECG or
pulse wave signals, many studies have assessed the differences
between the two. While some studies have shown good agreement between ECG and pulse-wave-based HRV [24], [25],
others have shown that the latter is not a surrogate for the
former [26].
Despite an abundance of literature on HRV analysis and its
usefulness in assessing physiological status, no study, to the
best of our knowledge, reports the analysis of short-duration
pulse wave signals produced by oscillometric blood pressure
(BP) monitors. Moreover, no published work reports characterization of HRV from ECG and/or pulse wave signals of
durations shorter than 180 s. This may be attributed to the
recommendations of the task force of the European Society
of Cardiology and the North American Society of Pacing and
Electrophysiology [27]. This task force recommends that all
short-term HRV analysis should be carried out on signals that
are 300 s long, while all long-term HRV analysis should be
carried out on signals that are 86 400 s long. However, the pulse
wave signals produced by automated oscillometric BP monitors
generally have a duration range of 30–90 s—the time taken by
these monitors to complete a routine measurement. Therefore,
these short- and variable-duration HRV signals produced by
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an oscillometric BP monitor present a challenge for accurate
characterization of HRV.
In this paper, we introduce a new approach of measuring
HRV from short- and variable-duration (31–95 s) pulse wave
signals produced by an automated oscillometric BP monitor
during routine measurements. To characterize HRV, we employ
the maximal overlap discrete wavelet transform (MODWT)based spectral density estimation method introduced by
Percival and Walden [28]. Preliminary results of this research
were presented in [29], wherein the accuracy of the MODWT
HRV metric was evaluated by studying its linear correlations
with chronological age and mean arterial pressure (MAP) in
a healthy population of 85 subjects. We defined accuracy as
the quality of the linear regression of HRV with age and
BP. The correlations achieved by the MODWT metric were
compared with those achieved by other HRV metrics, i.e.,
standard deviation (SD), root mean square successive difference (RMSSD), fast Fourier transform (FFT), sample entropy
(SampEn), and earlier published work. The MODWT HRV
metric achieved higher and more significant correlations with
age and MAP compared to other metrics. Moreover, these
results were in agreement with earlier published work on correlations of HRV (measured from much longer duration ECG
signals) with age and BP. Our results thus showed that the
MODWT HRV metric offers an effective means of accurately
measuring HRV from short- and variable-duration pulse wave
signals produced by an oscillometric BP monitor during routine
measurements [29].
Here, we extend the work presented in [29] by: 1) incorporating more HRV metrics (fractal domain detrended fluctuation
analysis (DFA) and nonlinear domain Poincaré plot analysis)
in our analysis to enable the comparison of the MODWT
HRV metric with a wider range of alternative HRV measures,
2) including systolic and diastolic BP in addition to MAP
for studying HRV and BP correlations more comprehensively,
3) undertaking a correlation analysis amongst all HRV metrics
to understand the relationships between them, 4) performing
a multiple linear regression analysis utilizing combinations
of various HRV metrics to assess if correlations between the
predicted and actual age, and the predicted and actual BP can be
improved in comparison to single regression, and 5) comparing
our results with a larger body of published work on much longer
and constant duration ECG signals to highlight the effectiveness
of the proposed approach.
The MODWT metric achieves higher (and more significant)
correlations with age and BP compared to all other metrics,
and our results conform to earlier published work. Multipleregression modeling, which combines the MODWT metric with
other metrics, improves correlations between the predicted and
actual ages and the predicted and actual BP. These results
suggest that multiple measures provide a more comprehensive
characterization of HRV compared to single measures. Thus,
our work indicates the suitability of the MODWT metric either
as a stand alone or in combination with other metrics for
characterizing HRV from short duration oscillometric pulse
wave signals. From our results, we conclude that oscillometric
BP monitors can be used for measuring HRV in addition to
measuring BP.

II. M ETHODS
A. Participants
Eighty five healthy subjects (NT = 85; age range: 12–80 yrs),
37 of whom were females (NF = 37; age range: 17–65 yrs) and
48 were males (NM = 48; age range: 12–80 yrs), participated
in the study. No subjects had any history of cardiovascular or
respiratory disease, to the best of our knowledge. The local
ethics committee approved the study, and written informed
consent was obtained before enrolling participants in the study.
B. Data Collection
Pulse wave signals were acquired using an automated oscilloR TEN-10, Biosign Technolometric wrist BP monitor (UFIT 
gies Inc., Toronto, ON, Canada) at a sampling rate of 100 Hz.
The American Heart Association (AHA) committee [30]
and the task force of the European Society of Cardiology and
the North American Society of Pacing and Electrophysiology
[27] recommend that an ECG sampling frequency range of
250–500 Hz is optimum for accurate characterization of HRV.
Nonetheless, studies that specifically investigated the effects of
ECG sampling rate on the accuracy of HRV analysis found that
sampling frequencies as low as 100 Hz offer equivalent fidelity
to that offered by higher sampling frequencies (300–500 Hz)
[31]–[33]. Moreover, investigators have successfully extracted
useful physiologic information from HRV analysis performed
on ECG signals sampled at around 100 Hz [34], [35].
No guidelines currently exist regarding the ideal sampling
frequency of pulse wave signals for HRV characterization. In
addition, no studies have investigated the relationship between
the sampling frequency of pulse wave signals and the accuracy of HRV analysis. However, given the typical frequency
spectrum of pulse peaks (1–15 Hz) [36], [37], it follows from
the Shannon sampling theorem [38] that a sampling frequency
of 100 Hz is sufficient to provide correct estimation of HRV.
That is, pulse wave signals sampled at frequencies higher than
100 Hz would not provide any additional information. Indeed,
a survey of relevant literature also suggests that HRV can be
assessed efficiently from pulse wave signals sampled at around
100 Hz [37], [39].
Therefore, from the above discussion, we conclude that HRV
can be accurately measured from the oscillometric pulse wave
R BP monitor at a sampling rate
signals produced by the UFIT 
of 100 Hz.
R TEN-10 wrist BP monitor is a portable elecThe UFIT 
tronic unit that connects to a personal computer (PC) through
a universal serial bus (USB) connector. The device is powered
by the user’s computer. It has a PC-based user interface, which
is used to initiate a measurement. Once a measurement is complete, the interface prompts the user to log in and process the
measurement. When the user enters his or her login information
and hits the process button, the collected data is transferred to
the Biosign web server (over an ordinary Internet connection),
where it is processed using proprietary software. The processed
data, i.e., the cuff pressure waveform, the derivative of the cuff
pressure waveform, and the systolic and diastolic BP values, is
returned to the user’s PC in a format of their choosing. The data
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transfer (back and forth) and processing take approximately
3 s. We used the derivative of the cuff pressure waveform to
measure HRV by employing software that we developed in
R R2006a (The MathWorks Inc., Natick, MA, USA).
Matlab 
R automated oscillometric wrist
The choice of the UFIT 
BP monitor for this study was based on two factors. First, it
conveniently interfaces with a PC to provide seamless data
transfer. Second, automated wrist BP monitors have now become a standard in BP monitoring and are being widely and
successfully used around the world.
Each collected pulse wave signal was produced by the
R TEN-10 BP monitor during the period that it measured
UFIT 
systolic and diastolic BP. Five signals each {UFITk |k = 1, . . . ,
5} were collected from 84 subjects, and four signals {UFITk |
k = 1, . . . , 4} were collected from one subject, resulting in a total of 424 oscillometric BP signals (duration range: 31–95 s, duration median: 55 s). The variation in duration (31–95 s) of the
R BP monitor can be
pulse wave signals acquired by the UFIT 
explained as follows. The monitor establishes a rough estimate
of a subject’s systolic and diastolic BP before initiating a measurement or the process of inflation and deflation of the cuff.
For example, for a subject whose BP is estimated to be high
by the monitor, it inflates the cuff to a desired higher pressure.
Hence, the resulting oscillometric signal duration is longer,
because it takes the monitor longer to deflate the cuff back
to zero pressure from this higher starting pressure. Therefore,
the variation in duration (31–95 s) of the pulse wave signals
R BP monitor resulted from the different
acquired by the UFIT 
initial BP estimates that the monitor made from subject to
subject for 85 subjects (NT = 85). We had no control over the
R monitor.
durations of the signals acquired by the UFIT 
R
The aim of this study was not to validate the UFIT 
automated wrist BP monitor with a classic upper arm sphygmomanometer. However, as per the SP10 BP measurement
standards [40], for each of the 424 pulse wave signals acquired
R automated wrist BP monitor, we collected analby the UFIT 
ogous systolic and diastolic BP values employing the classic
auscultatory brachial BP measurement method. This approach
was adopted for two reasons: 1) to validate the systolic and
R automated wrist
diastolic BP values produced by the UFIT 
BP monitor in the future (if required) and 2) to correlate HRV
R aumeasured from pulse wave signals produced by the UFIT 
tomated wrist BP monitor with analogous classic auscultatory
brachial BP measurements for this study.
Because of the problem of occlusion of brachial arteries
by upper arm sphygmomanometers, simultaneous brachial and
wrist measurements were not possible. Therefore, approximately 1.5 min after each pulse wave signal acquisition by the
R automated wrist BP monitor, two nurses simultaneUFIT 
ously recorded systolic (SP1 and SP2 ) and diastolic (DP1 and
DP2 ) BP using a classic upper arm sphygmomanometer provided with means for simultaneous readings. Readings with
subscript 1 were taken by nurse 1, and readings with subscript 2
were taken by nurse 2. This resulted in five pairs of systolic
{SP1,k , SP2,k , |k = 1, . . . , 5} and diastolic {DP1,k , DP2,k , |k =
1, . . . , 5} BP values for each subject—five measured by nurse 1
{SP1,k , DP1,k , |k = 1, . . . , 5} and five measured by nurse 2
{SP2,k , DP2,k , |k = 1, . . . , 5}.
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Thus, each of the five classic BP measurements taken by
nurses 1 and 2 {(SP1,k , SP2,k ), (DP1,k , DP2,k ), |k = 1, . . . , 5}
corresponded with a delay of about 1.5 min to each of the
five pulse wave signals recorded by the automated oscillometric
BP monitor {UFITk |k = 1, . . . , 5} for each subject. This delay
between the arm and wrist measurements should be not only
as short as possible to minimize the natural BP variation in
time but also long enough to let the system settle down after
the occlusion of arteries during measurements. The 1.5-min
delay between arm and wrist measurements is a compromise
that aims at minimizing the method errors [40].
In this study, we used the HRV measured from pulse wave
R automated wrist BP monitor
signals produced by the UFIT 
to correlate with analogous classic auscultatory brachial BP
measurements recorded by the nurses and with subject age.
C. Deriving HRV Signals
The oscillometric pulse wave signals were cleaned using
bandpass filtering. The cut-off frequencies for the bandpass
filter were kept at 0.5 and 20 Hz. The bandpass filtering did
not change the relative temporal positions of pulse peaks (or
HRV information) in the filtered signal, because the choice
of the frequency spectrum of the bandpass filter (0.5–20 Hz)
ensured that it accommodated the frequency spectrum of typical
pulse peaks (1–15 Hz) [36], [37]. The bandpass filtering was
followed by the identification of pulse peaks by employing a
local maxima detection algorithm.
All data was visually inspected and manually corrected for
any peaks that were falsely identified or missed by the peak
detection algorithm. For all subjects (NT = 85), out of a total
of 29 626 true peaks, 911 (3%) were either falsely identified or
missed by the peak detection algorithm. Given the short durations (31–95 s) of our signals, we chose to manually correct all
falsely identified or missing peaks to maximize the accuracy of
our analyses. The manual peak correction exercise was straightforward and unambiguous, because signal durations were short,
and all true peaks were clearly visible for each signal.
Finally, based on the identified pulse peaks, we derived the
pulse-to-pulse (PP) interval time series (HRV signals).
D. Wavelet and Other HRV Metrics
Wavelet analysis provides a simultaneous time and frequency
(or timescale) representation of a signal. Unlike the Fourier
analysis, which only measures the overall frequency content of
a signal [41], wavelet analysis provides a temporal resolution
of the spectral content of a signal [42]. This makes the wavelet
analysis an attractive tool for studying signals that are characterized by nonstationarity, noise, and local transients.
We employed the MODWT [28] using Mallat’s pyramidal
decomposition paradigm [43] to analyze the HRV signals.
Daubechies least asymmetric 8-tap (LA8) filters [44] were used
for the computation of the MODWT. The MODWT algorithm
that we employed is presented in Fig. 1, where X is the input
HRV signal with N number of samples, and Hj and Gj are the
high- and low-pass filters, respectively, with M taps or coefficients (M = 8, for j = 1). The HRV signal X is symmetrically

2578

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 59, NO. 10, OCTOBER 2010

Fig. 1. MODWT algorithm.

Fig. 2. MODWT spectral-density estimation algorithm.

extended before it is convolved with the high-pass (Hj ) and
low-pass (Gj ) wavelet filters. For each decomposition level j
(timescale λj = 2(j−1) ) of the MODWT (Fig. 1), the spectral
density Cj is computed on wavelet coefficients Wj as per the
algorithm in Fig. 2. The plot of log (Cj ) versus log(λj ) is
called the wavelet spectral density plot. Fig. 3 demonstrates
the computation of the MODWT spectral density metric on an
HRV signal. We computed the area under the curve (AUC) of
the wavelet spectral density plot to characterize HRV.
Details of other HRV metrics that we assessed can be found
in [45] and [46]. In Table I, we present a summary of all

variability metrics that were employed for our analysis. A total
of eight HRV metrics—wavelet analysis, mean, SD, RMSSD,
SampEn, FFT, DFA, and Poincaré plot analysis—were computed. These eight HRV metrics produced a total of 13 HRV
parameters (Table I).
Variability was computed on each of the five HRV signals
R BP monitor for
{UFITk |k = 1, . . . , 5} acquired by the UFIT 
each subject. This resulted in five measures of variability for
each subject, {(HRVk |k = 1, . . . , 5)v |v = 1, . . . , 13}, where v
stands for each HRV parameter computed. Thus, we had five
sets of 13 HRV parameters for each subject.
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Fig. 3.
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Demonstration of the computation of the MODWT spectral-density metric on an HRV signal. See algorithms in Figs. 1 and 2 for more details.

E. Aggregating HRV and BP Data
To aggregate HRV, we computed the average of five HRV
values for each subject, {[(1/5)Σ(HRVk )|k = 1, . . . , 5]v |v =
1, . . . , 13}, where v stands for each HRV parameter computed.
Thus, after the HRV aggregation process, we had one set of
13 HRV parameters for each subject.
The oscillometric BP signals collected for this study are of
variable durations. This is because the signals are as long as
it took the automated oscillometric BP monitor to complete a
measurement. That is, the signal durations vary from recording
to recoding and from subject to subject. Therefore, to aggregate
signal duration, we computed the average of five signal durations for each subject {(1/5)Σ(Durationk )|k = 1, . . . , 5}. This
resulted in one aggregated signal duration for each subject.
To aggregate classic BP measurements, we computed the
average of two systolic and two diastolic values recorded by
nurses 1 and 2 {(SP1,k + SP2,k )/2, (DP1,k + DP2,k )/2|k =
1, . . . , 5}. This resulted in five systolic and five diastolic
BP values for each subject. We then computed the average of five systolic {(1/5)Σ[(SP1,k + SP2,k )/2]|k = 1, . . . , 5}
and five diastolic {(1/5)Σ[(DP1,k + DP2,k )/2]|k = 1, . . . , 5}
BP values for each subject. This resulted in one systolic
and one diastolic BP value for each subject. Mean arterial pressure [47] was computed as MAP = diastolic + 1/3 ∗
(systolic-diastolic), resulting in one MAP value for each
subject.

The HRV and BP aggregation process resulted in 13 HRV
parameters, 1 signal duration, 1 systolic, 1 diastolic, and 1 MAP
value for each subject.
F. Correlating HRV With Age and BP
All 13 HRV parameters and signal duration (a total of 14
parameters) per subject were correlated with the corresponding
subject age, systolic BP, diastolic BP, and MAP using a linear
regression analysis. We used classic (nurse-recorded) systolic,
diastolic, and MAP values for this analysis. The correlation
analysis was performed on both genders together (NT = 85)
and separately on females (NF = 37) and males (NM = 48). A
correlation and p-value was calculated for each least square fit
to the linear regression plot at a 95% confidence level.
Correlations of HRV with age and BP are well known and
widely reported in the literature. Therefore, the aim of studying
correlations of the measured HRV with age and BP was to test
the accuracy of our method by comparing our results with the
published work.
G. Correlating HRV Metrics
To study the relationship among HRV metrics, Pearson’s
linear correlation analysis was performed between each pair of
HRV metrics for all subjects (NT = 85). To study the dependence of variability on signal duration, we included the signal
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TABLE I
S UMMARY OF VARIABILITY M ETRICS C OMPUTED ON THE HRV S IGNALS

duration in this analysis. We produced a correlation matrix with
C(n, 2) = n!/(2!(n − 2)!) elements, where n is the number of
HRV parameters measured, including the signal duration. Thus,
for n = 14 (13 HRV parameters + 1 signal duration), we produced a correlation matrix with 91 elements (or correlations).
H. Multiple-Regression Analysis
We performed multiple-linear-regression analysis of various combinations of HRV metrics with age, classic systolic,
diastolic, and MAP BP values. The multiple regression analysis was performed by employing a training–testing paradigm,
whereby a regression model was built on the training data,
and this training model was used to predict the age and BP
values in the testing data. We trained on 75% of the data
(randomly chosen) and tested on the remaining 25% to ensure
that we do not overfit the data. The performance of the multiple
regression model was assessed based on the computation of
Pearson’s linear correlation between the actual and predicted
age and BP values and mean absolute error (MAE), {MAE =
(1/n)Σ(|fi − yi |)|i = 1, . . . , n}, where fi is the prediction, yi is
the true value, and n is the number of subjects in the testing set.
The multiple-linear-regression analysis was performed on
both genders together (NT = 85) and separately on females
(NF = 37) and males (NM = 48). For each of the three
populations (NT = 85, NF = 37, NM = 48), a total of ten
training–testing datasets were formed as described in the pre-

vious paragraph, and a regression analysis was performed on
each of these datasets. The overall age and BP prediction performance of the regression model was evaluated by averaging
the correlation and MAE values for the ten datasets.
The aim of the multiple-regression analysis was to evaluate
whether the correlations between the predicted and actual age
and the predicted and actual BP could be improved compared to
single-regression modeling. Such an improvement would point
towards multiple HRV metrics offering a more comprehensive characterization of variability than that offered by single
metrics.
III. R ESULTS
In Fig. 4, we present the results of the correlations of different
HRV metrics with age and BP. Correlations are studied for both
genders together (NT = 85) and separately for females (NF =
37) and males (NM = 48). A black bar represents a significant
correlation (p < 0.05), whereas a gray bar represents a correlation that is not significant (p ≥ 0.05). A positive or negative
sign beside each HRV metric indicates whether the correlation
is direct or inverse. The MODWT HRV metric achieves the
best overall performance. It shows the maximum number of
the highest (and most significant) inverse correlations with
age and BP. The RMSSD metric is the next best in performance. It achieves the highest (and most significant) negative
correlations with diastolic BP for all (both genders together),
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Fig. 4. Correlations between HRV and age and between HRV and BP. A black bar represents a significant correlation (p < 0.05), whereas a gray bar represents
a correlation that is not significant (p ≥ 0.05). A ± sign beside each HRV parameter indicates whether the correlation is direct or inverse.
TABLE II
C OMPARISON OF THE HRV–AGE C ORRELATIONS ACHIEVED BY THE MODWT M ETRIC W ITH OTHER P UBLISHED W ORK

diastolic BP for males, and MAP for males. None of the HRV
metrics achieve a significant correlation with systolic BP for
males.
In Table II, we present a comparison of the HRV−age correlations achieved by the MODWT metric with other published
work. The values of correlations with age that the MODWT

metric achieves are in range with values of correlations reported
by other researchers on significantly longer and constantduration ECG signals.
A comparison of the correlations between HRV and BP
achieved by the MODWT metric with other published work is
presented in Table III. Again, the correlation values achieved by
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TABLE III
C OMPARISON OF THE HRV–BP C ORRELATIONS ACHIEVED BY THE MODWT M ETRIC W ITH OTHER P UBLISHED W ORK

TABLE IV
C OMPARISON B ETWEEN THE MODWT AND THE DWT S PECTRAL -D ENSITY HRV M ETRICS T HAT E MPLOY D IFFERENT WAVELET F ILTERS

the MODWT HRV metric are well in range or even higher than
the correlation values reported by other researchers on much
longer and constant-duration ECG signals.
In Table IV, we present a comparison between the MODWT
and the classical discrete wavelet transform (DWT) spectraldensity HRV metrics employing different wavelet filters. To
this end, we study the correlations between HRV and age for
both genders (NT = 85). Our results indicate that the choice of
the wavelet filter does not significantly affect the correlation
between HRV and age for either the MODWT (SD of r =
0.8%) or the DWT (SD of r = 0.2%) metric. However, for
different filters, the MODWT metric consistently achieves a
higher and more significant correlation with age (Mean r =
−38%, Mean p = 0.0003) compared to the DWT metric
(Mean r = −32%, Mean p = 0.003). In addition, the highest
and most significant correlation (r = −40%, p = 0.0002) is
achieved by the MODWT metric that employs the LA8 filter.
For estimating the wavelet spectral density, Percival and
Walden prefer MODWT over DWT due to the poor statistical
properties of DWT [28]. For DWT, these poor statistical properties arise due to the downsampling of the signal at each decom-

position level and the lack of translational invariance. MODWT
avoids these disadvantages to provide a statistically superior
estimation of the wavelet spectral density. Moreover, the LA8
wavelet filter is designed to be an approximate zero-phase filter
with ideal bandpass properties, making it an efficient estimator
of the wavelet spectral density [28], [44].
Therefore, our empirical findings and an analysis of relevant
literature justify the use of the MODWT HRV metric that
employs the LA8 wavelet filter to characterize HRV from shortduration oscillometric BP signals.
The correlation matrix in Table V shows Pearson’s correlations between all HRV parameters for all subjects (NT = 85).
The highest correlation (r = 93%) is achieved between the
MODWT and DFA metrics of HRV. Other HRV metrics that
show a significantly high correlation (r ≥ 90%) are SD and
RMSSD (r = 91%), SD and Poincaré SD1 (r = 91%), SD
and Poincaré SD2 (r = 91%), and Poincaré SD1 and RMSSD
(r = 90%).
Fig. 5 shows snapshots of predicting age and BP using
multiple-linear-regression modeling. The left-hand plot shows
results of using one of the ten datasets (dataset #3) for
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TABLE V
C ORRELATION M ATRIX T HAT S HOWS P EARSON ’ S C ORRELATIONS B ETWEEN A LL HRV PARAMETERS FOR A LL S UBJECTS (NT = 85).
C ORRELATIONS G REATER T HAN OR E QUAL TO 90% A PPEAR IN B OLD F ONT AND A RE U NDERLINED

Fig. 5.

Snapshots of predicting age and BP using multiple-regression modeling.

predicting the female age by employing MODWT + DFA +
SD in the multiple-regression model. A correlation of 76% is
achieved between the actual and predicted female ages in the
testing set. The right-hand plot shows results of dataset #5 for
predicting the male diastolic BP by employing MODWT +
DFA + SD + RMSSD in the multiple-regression model. A
correlation of 63% is achieved between the actual and predicted
male diastolic BP in the testing set.

A summary of multiple-linear-regression analysis for predicting age and BP is presented in Table VI. Models based on
combinations of the MODWT, DFA, SD, and RMSSD measures of HRV are tested for predicting age and BP. Males and
females are studied together (NT = 85) and separately (NF =
37, NM = 48), and average results (correlation and MAE) for
all the ten datasets are reported. For each prediction of age
and BP, different combinations of the MODWT metric with
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TABLE VI
S UMMARY OF M ULTIPLE -R EGRESSION A NALYSIS FOR P REDICTING AGE AND BP. C OMBINING OTHER M ETRICS
W ITH MODWT I MPROVES P REDICTIONS (B OLD U NDERLINED N UMBERS )

DFA, SD, and RMSSD improve predictions compared to the
predictions achieved by the MODWT metric alone. For example, for predicting the female age, the MODWT model, on its
own, achieves a correlation of 42% and an MAE of 10.86 years.
When a model that employs MODWT + DFA + SD is used to
predict the female age, a correlation of 60% and an MAE of
9.57 years is achieved. The best prediction (highest correlation
and lowest MAE) for each predicted parameter appears in bold
underlined font in Table VI.
We have employed a combination of different HRV metrics
inside a simple multiple-linear- regression model for predicting
age and BP to evaluate whether combining HRV metrics offers
improved predictions and, hence, better characterization of
variability (Table VI) compared to single metrics. Other researchers have employed principal component analysis (PCA)
and neural networks (NN) to predict age. Colosimo et al.
employed PCA to predict age in healthy subjects (N = 141)
by analyzing 512-s-long segments of ECG signals [18]. They
report a correlation of 71% between the actual and predicted
ages. However, it seems that they trained and tested on the same
data (N = 141); thus, overfitting cannot be ruled out.

In Table VII, we report the results of our multiplelinear-regression analysis in light of the results reported by
Corino et al. [19], who employed a combination of PCA and
NN to predict age. Corino et al. report higher correlations than
those achieved by our multiple-linear-regression models. However, they have used 24-h-long ECG signals and employed 16
principal components (PCS; 100% kept variance), whereas we
have used short (31–95 s) oscillometric signals and employed
two to four HRV regressors. Moreover, Corino et al. report an
average of three sets of training–testing data, where the system
was trained and validated on 89% of the data and tested on
the remaining 11%. In comparison, we report an average of ten
datasets, where the system was trained on 75% of the data and
tested on the remaining 25% of the data.
In this study, we measured HRV from short-duration oscillometric BP signals for 85 subjects. For these subjects, we
did not record simultaneous ECG signals for cross validating
the accuracy of the proposed HRV measurement method. The
correlations of the measured HRV with age and BP conformed
to earlier published work (of HRV analysis on much longer
ECG signals), thus validating the accuracy of our method.
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TABLE VII
C OMPARISON OF ACTUAL V ERSUS P REDICTED AGE C ORRELATIONS ACHIEVED BY O UR M ULTIPLE -L INEAR -R EGRESSION
A NALYSIS W ITH OTHER P UBLISHED W ORK.

R
Fig. 6. Comparison of the pulse wave signal (second panel) acquired by the UFIT
automated oscillometric wrist BP monitor with a simultaneous ECG signal
(first panel) acquired by the BioHarness™ chest belt telemetry system for Subject 1. A similarity in patterns and a correlation of 98% is observed between
ECG-based RR intervals and pulse-wave-based PP intervals (third panel).

However, as an additional step in the validation of the
accuracy of our proposed HRV measurement method, we anR
alyzed the oscillometric BP signals acquired by the UFIT 
device, along with simultaneously recorded ECG signals for
four healthy subjects (two males and two females). ECG

signals were collected using a chest-belt telemetry system
(BioHarness™, Zephyr Technology Ltd., Auckland, New
Zealand) at a sampling rate of 250 Hz.
Fig. 6 shows the oscillometric pulse wave signal acquired by
R device (second panel), along with a simultaneous
the UFIT 
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TABLE VIII
R
S UMMARY OF THE A NALYSIS ON UFIT 
PP I NTERVALS AND THE S IMULTANEOUS B IO H ARNESS™ RR I NTERVALS FOR F OUR H EALTHY S UBJECTS .
C ORRELATIONS A RE S TUDIED B ETWEEN RR AND PP I NTERVAL T IME S ERIES . I N A DDITION , F IVE HRV PARAMETERS
A RE A SSESSED FOR THE RR AND PP I NTERVAL T IME S ERIES

ECG signal acquired by the BioHarness™ device (first panel)
R
for Subject # 1. The pulse wave signal acquired by the UFIT 
device appears clean and resembles a typical oscillometric BP
signal. The third panel in Fig. 6 shows the corresponding RR
and PP intervals. We note that the patterns of the RR and PP
interval time series are similar, and a correlation of 98% is
observed between the two.
In Table VIII, we present a summary of the analysis
R -derived PP intervals and the simultaneous
on the UFIT 
BioHarness™-derived RR intervals for all the four subjects.
For each subject, correlations are studied between RR and
PP interval time series. In addition, five HRV parameters are
assessed for the RR and PP interval time series. An RR–PP
correlation in the range of 96%–99% is observed for all four
subjects. Moreover, the values of the ECG-based and pulsewave-based HRV parameters are similar for all four subjects.
Therefore, results of the analysis of oscillometric BP signals
R device, along with the simultaneously
acquired by the UFIT 
recorded ECG signals, for four healthy subjects further validate
the accuracy of our proposed HRV analysis method.
IV. C ONCLUSION
This is the first study in which an automated oscillometric BP monitor has been utilized for measuring HRV. We
have employed the MODWT-based spectral density estimation
method for characterizing HRV from short pulse wave signals
of variable durations (range: 31–95 s; median: 55 s), acquired
by an automated oscillometric BP monitor during routine measurements. To assess the MODWT HRV metric, we compared
its performance with a number of alternative HRV metrics and
earlier published work. The MODWT HRV metric shows an
overall higher accuracy in characterizing HRV by achieving the

maximum number of high (and most significant) correlations
with age and BP compared to other techniques (Fig. 4). In
addition, our results show that the performance of the MODWT
HRV metric in analyzing short-duration oscillometric BP signals is at par with the techniques used by other researchers
to characterize variability from significantly longer duration
ECG signals. This result is validated by the fact that values
of correlations (with age and BP) achieved by the MODWT
HRV metric are in good agreement with the correlation values
reported by other researchers (Tables II and III).
The wavelet method that we employed (MODWT) and those
employed by other researchers, e.g., Lin et al., Thurner et al.,
Ivanov et al., and Verlinde et al., for transforming HRV signals
into the time–frequency domain are principally the same, with
only slight differences in how variability is computed. Given
the short durations of our HRV signals, we found that the
MODWT spectral density estimation method that employs the
LA8 wavelet filter is empirically the best suited and the most
effective for characterizing HRV (Table IV).
After the MODWT metric, the RMSSD metric was the next
best in performance, followed by the DFA and SD metrics
(Fig. 4). However, these techniques did not show the same
robustness and consistency in characterizing HRV as shown by
the MODWT metric. That is, they did not achieve significant
and steady correlations with age and BP similar to MODWT.
We attribute the success of the MODWT metric to the fact
that wavelet analysis is a recursive filtering technique that simultaneously characterizes a signal in both time and frequency
domains. This renders the wavelet analysis as a robust tool for
assessing signals that are noisy, nonstationary, and nonperiodic.
The fact that the analyzed signals were of extremely short durations seems to have left other techniques more sensitive to even
small amounts of noise, nonstationarity, and nonperiodicity that
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may have been present in these signals. On the other hand,
the MODWT metric that employs a filtered time–frequency
characterization of variability coped better with these signals.
The HRV measured from oscillometric BP signals showed
different correlations with different physiological parameters,
i.e., age, systolic BP, diastolic BP, and MAP (Fig. 4). These
results are in line with the results obtained by other researchers
who also found different correlations between HRV and different physiological parameters (Tables II and III). Although not
the focus of this study, an in depth investigation into the physiology of altered HRV may throw more light on the explanations
and interpretations of different correlations between HRV and
different physiological parameters.
We have observed that oscillometric pulse wave signal duration was correlated with BP. For example, for females, signal
duration showed a correlation of +40%(p < 0.05) with diastolic BP (Fig. 4). That is, a higher BP resulted in a longer
oscillometric pulse wave signal. This observation can be exR automated oscillometric BP
plained by the fact that the UFIT 
monitor establishes a rough estimate of a subject’s BP before
initiating a BP measurement or the process of inflation and
deflation of the cuff. For example, for a subject whose BP is
estimated to be high by the monitor, it inflates the cuff to a desired higher pressure. Hence, the resulting oscillometric signal
duration is longer, because it takes the monitor longer to deflate
the cuff back to zero pressure from this higher starting pressure.
Therefore, if the monitor makes correct initial assessments of
the actual BP values, it is expected that durations of acquired
oscillometric signals would be proportional to actual BP values.
The analysis of correlations among HRV metrics produced
interesting results. For example, the highest correlation (93%)
was achieved between the MODWT and DFA metrics of HRV
(Table V). This is understandable since the DFA, like the
MODWT, is a multiscaling technique whereby fluctuations are
studied by detrending the signal at different timescales or bin
sizes. However, despite such a high correlation with MODWT,
DFA could not perform as well as MODWT for characterizing
HRV. We observe that, based on the DFA algorithm, short signal
durations would only allow for a small number of bins to be
made. Therefore, we believe that the process of detrending and
measuring fluctuations in a limited number of bins with only
few samples did not result in an accurate-enough characterization of variability by the DFA metric.
Multiple-linear-regression analysis for predicting age and BP
showed that combining other HRV metrics with the MODWT
metric consistently resulted in a better performance than that
achieved by the MODWT metric alone (Table VI). We have
experimented with various combinations of the HRV metrics
for predicting age and BP. We empirically found that combining
the MODWT metric with the SD, RMSSD, and DFA metrics,
in particular, yields the best performance.
The correlations between the actual and predicted ages
achieved by our simple multiple-regression models were lower
than those reported by other researchers who employed PCA
and NN (Table VII). However, our goal was not to fit the data
or to provide precise predictions of age or BP by employing
multiple regressions. It was, rather, to evaluate whether the use
of multiple HRV metrics offers better characterization of vari-
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ability. In this light, the results of our multiple-linear-regression
analysis are noteworthy. An improvement in predicting age and
BP by combining other HRV metrics with the MODWT metric
suggests that multiple measures provide a more comprehensive
characterization of HRV compared to single measures.
As an additional step in the validation of the accuracy of
our HRV measurement method, we have analyzed oscillometric
R BP monitor, along with
BP signals acquired by the UFIT 
simultaneously recorded ECG signals, for four healthy subjects.
A correlation in the range of 96%–99% between RR–PP time
series and the closeness between ECG and pulse wave HRV
parameters confirmed that the fidelity of HRV that our method
offers is equivalent to that offered by the classical ECG-based
method (Fig. 6 and Table VIII).
Based on our results and the aforementioned discussion, we
conclude that it is possible to accurately measure HRV by
utilizing an automated oscillometric BP monitor. Moreover,
multiple measures of HRV provide a better and more comprehensive characterization of variability than single measures.
Therefore, incorporating a multiparameter HRV module inside
a conventional automated oscillometric BP monitor promises to
provide quick and accurate tracking of variability.
The proposed method of measuring HRV utilizing an automated wrist BP monitor offers certain advantages over the classical ECG-based method. It takes an oscillometric BP monitor
only about 30–90 s to acquire a pulse wave signal. Thus, our
method can more conveniently provide an accurate assessment
of HRV within this timeframe compared to ECG-based or other
HRV estimation methods, which require much longer monitoring (≥ 180 s). Our method is less intrusive than the ECGbased method, because we collect oscillometric signals from
the wrist as opposed to ECG data acquisition, which requires
chest electrodes or a chest belt. Finally, our method is more
economical, because commercially available wrist BP monitors
are cheaper than commercially available ECG monitors.
The main challenge that we have faced in this study was due
to the presence of about 3% noise in our PP interval time series
(HRV signals). Because signal durations were extremely short,
one or two peaks falsely identified or missed by the peak detection algorithm affected the variability analysis to some extent.
We had to manually correct peaks that were falsely identified
or missed by the peak detection algorithm before we carried
out the variability analysis. We are currently working on finetuning our cleaning and peak detection algorithms in an effort
to minimize errors and the need for manual peak correction.
Future work would involve exploring the PCA for predicting
age and BP. Given that the MODWT HRV metric has shown
significant correlations with age and BP and that combining
other HRV metrics with the MODWT metric that employs
simple multiple linear regressions has improved prediction of
these parameters, PCA appears to be a promising alternative
for further improving predictions. In particular, an accurate estimation of BP based on multiparameter HRV and PCA would
be a pertinent and important contribution toward the analysis of
pulse wave signals produced by an automated oscillometric BP
monitor during routine measurements.
Numerous new avenues could open with the accurate assessment of HRV from short-duration oscillometric BP signals.
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This method could be particularly useful in the assessment
of short-term changes in variability following certain physiologic perturbations. For example, our method could be used
to characterize variability, following the Valsalva or Mueller
maneuvers, which are imposed physiologic perturbations for
assessing cardiac function. The assessment of variability following such maneuvers would add a new dimension to the
analysis of cardiac function. Our method can also be used to
assess short-term variability following sleep apnea, which is a
natural physiologic perturbation. It is well known that there are
transient changes in HRV following sleep apnea. Our method
could be used to effectively study these changes.
Another application of our method could be for detecting
cardiac arrhythmias. Because HRV is known to exhibit characteristic signatures during arrhythmias, our method could be
used to detect arrhythmias from short-duration oscillometric BP
signals. This functionality would be of particular importance in
a BP monitor, whereby arrhythmias tend to obfuscate accurate
measurement of systolic and diastolic pressure.
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