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ABSTRACT
In a pandemic crisis such as the one that the world has been experi-
encing since January 2020, utilizing remote mobile health monitor-
ing can help monitor the cardiac health of healthy individuals as
well as chronically ill patients. Apple Watch is a fitness tracker that
measures heart rate and can facilitate this need due to its availability
worldwide and relative affordability. Hence, it has the potential of
being useful in assessing and monitoring one’s cardiac health. This
paper reports the preliminary results from an ongoing study aimed
at assessing the accuracy of the Apple Watch in measuring heart
rate variability. To achieve the goal of the study, concurrent mea-
surements of electrocardiogram (ECG), as a gold standard, and in-
stantaneous AppleWatch heartrate values were made in six (4 male)
age 26.4±3.2 years old volunteer healthy subjects. Both time and
frequency domain measures of heartrate variability (HRV) were ob-
tained from the recorded ECG and estimated from the Apple Watch
instantaneous heartrate values. The results indicate that it may be
possible to obtain a reasonable estimate of HRV time-domain and
frequency-domain metrics using Apple Watch in healthy subjects.
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1 INTRODUCTION
One of the clinically important biomarkers of cardiac health is heart
rate variability (HRV). HRV is shown to be an indicator of the neu-
rocardiac function and is generated by heart-brain interactions in
conjunction with the nonlinear dynamics of the autonomic nervous
system (ANS) [1]. Since HRV can be measured non-invasively, it
is a logical choice for monitoring one’s cardiac health remotely.
Previous research has investigated the usage of HRV monitoring in
calculating or detecting sleep quality, mental stress, chronic pain,
posttraumatic stress disorder, bipolar disorder, cardiac health [2],
and traumatic brain injury [3]. Furthermore, other research has
investigated the accuracy of the Apple Watch HRV measurements
against another device (Polar chest strap; Polar Electro, Kempele,
Finland) [4].

Heart rate variability is a quantitative measure of the fluctua-
tions in the time interval between consecutive heartbeats [5]. HRV
reflects neurocardiac function which is generated by heart-brain
interactions and dynamic non-linear autonomic nervous system
(ANS) process [5]. HRV reflects the regulation of autonomic bal-
ance, blood pressure (BP), gas exchange, gut, heart, and vascular
tone [5]. HRV can be considered as a measure of ANS imbalances
[5]. Specifically, the variation between the temporal position of the
consecutive heartbeats is low when a person finds herself/himself
in a fight-or-flight mode, and when the variation between the tem-
poral position of consecutive beats is high a person’s body is in a
more relaxed state [6]. In other words, the healthier the ANS the
faster the patient can switch gears and show more resilience and
flexibility when responding to stimuli [6]. A low HRV is even asso-
ciated with an increased risk of death and cardiovascular disease
[7].
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In addition to the relation of cardiac health to HRV, cognitive and
emotional control have also been shown to be related to cardiac va-
gal tone [8] [9] [10]. In the HRV spectrum, the high-frequency band
corresponds to parasympathetic cardiac activity [2]. The successful
adaptation of the individual to changing environmental demands
is influenced by the parasympathetic nervous system [5] [11] [8]
[12]. A lack of ability to respond flexibly to varying demands could
be indicated by a reduction in vagal control (i.e., decreased high
frequency-HRV), decreasing the range of possible cognitive and
emotional options and thus limiting the individuals’ ability to gen-
erate appropriate responses and inhibit inappropriate ones [1].

The quantitative measures of HRV have been developed and
they can be categorized as time-domain, frequency-domain, and
non-linear measurements [5]. The time series of the interval be-
tween R peaks is called the RR interval. The time series formed by
RR intervals is used for both time-domain and frequency-domain
measures [5]. Non-linear measurement is usually used to quantify
the unpredictability of a time series [5].

The amount of variability in a measurement of the inter-beat
intervals (IBI) which is the period between successive heartbeats
[5] can be used to estimate the time-domain measures of HRV.
Alternatively, HRV frequency-domain measures approximate the
distribution of absolute or relative power of the IBI in four frequency
bands.

The ULF band range is ≤0.003Hz indexes fluctuations in IBIs
with a period from 5min to 24 h and is measured using 24 h record-
ings [5]. The VLF band range is 0.0033–0.04Hz is covered with
patterns for intervals between 25 and 300 s [5]. The LF band range
is 0.04–0.15Hz is contained of patterns with periods between 7
and 25 s and is influenced by breathing from ∼3 to 9 bpm [5]. In a
5min sample, there are 12–45 complete periods of oscillation [5].
The HF or respiratory band range is 0.15–0.40Hz and is affected by
breathing from 9 to 24 bpm [5]. The ratio of LF to HF power (LF/HF
ratio) may approximate the ratio between the sympathetic nervous
system (SNS) and parasympathetic nervous system (PNS) activity
under regulated conditions [5].

2 METHOD
Apple Watch Series 3 (Apple, Cupertino, CA USA) was used for this
study’s evaluation. Heart rate measuring while sitting was chosen
to test the accuracy of the Apple Watch in measuring heart rate
variability.

Testing the Apple Watch during sitting can elucidate the heart
rate variability recordings in restingmode. The heart rate variability
was compared with concurrently recorded electrocardiography
(ECG) using Biopac MP 150 ECG system (BIOPAC Systems, Goleta,
CA USA) with a 5 ECG electrode configuration. The ECG data
were sampled using the National Instrument NI-USB-6128 analog-
to-digital converter (National Instruments, Austin, TX USA). The
sample rate was 256 samples/s and data were recorded using a
Dell Latitude E640 laptop computer (Dell, Round Rock, TX USA)
running a custom-made LabView program by National Instruments
for data acquisition.

The data were stored and analyzed offline. The data reported here
is obtained from 6 adult healthy subjects who were non-smoker (2F
and 4M; age 26.4±3.20 years; BMI 24.7±1.92 kg/m2). The protocol

for the study was approved by our institutional review board (IRB)
and the subjects signed an informed consent form which was also
approved by our IRB. The subjects performed the test while they
placed the Apple Watch on the right wrist. Each data recording
session lasted 5minutes. The data collected by theApplewatchwere
analyzed using the Fitiv Pulse application on an iPhone (MOTIFIT,
Moncton, Canada). The Fitiv Pulse makes downloading the recorded
heart rates from the Apple Watch into a separate computer for
further analysis possible.

The recorded ECG QRS complex waveform was analyzed using
the MATLAB program (version R2018; MathWorks, Natick, MA
USA). For this purpose, for each recorded QRS the R wave peak was
automatically detected using a peak detection algorithm available
in MATLABwhich is called “findpeaks”. This allowed us to compute
the temporal duration of IBI’s for recorded heartbeats within the 5
minutes while the subject remained sitting. Since the heartbeats do
not occur at regular intervals, it was necessary to interpolate be-
tween the recorded instances of heartbeats to achieve and uniformly
resample the resulting interpolated curve. Similarly, the recorded
heart rates from the Apple Watch were interpolated and resampled.
An example of this method of obtaining uniformly sampled RR
from ECG and Apple Watch is shown below. The interpolation of
the ECG heartbeat data and the Apple-Watch heartbeat data were
achieved using a cubic spline interpolation method which is avail-
able in MATLAB software. Both resulting interpolated heartbeat
waveforms were uniformly sampled at 256 samples/s.

The time-domain and frequency-domain measures of HRV were
computed using the Apple-Watch-recorded heart rate and the con-
current corresponding ECG recorded waveforms. Specifically, for
the time-domain measures, we computed the mean, standard devi-
ation, and coefficient variation.

For the frequency domain measures, we obtained the power spec-
tral density (PSD) of the interpolated heart rates derived from the
recorded ECG and the PSD of the interpolated heart rates obtained
by the Apple Watch. Signal energy is found within a frequency
band defined as signal power [1].

Heart rate (HR) oscillations were split up into three bands, very-
low-frequency (VLF), low-frequency (LF), high-frequency (HF)
bands [12]. Those bands were presented by the Task Force of the
European Society of Cardiology and also by the North American
Society of Pacing and Electrophysiology (1996). [7]. Using these
PSD’s, we computed power values for very low (0.0-0.04 Hz), low
(0.04-0.15 Hz), and high frequency (0.15-0.4 Hz) range. HRV mea-
surements in frequency-domain can be stated in absolute or relative
power [5]. Absolute power is computed as second squared divided
by cycles per second (s2/Hz) [1]. In our study, we used absolute
power computations.

3 DATA ANALYSIS
The temporal distance between the location of the peak of the R
wave of the concurrently recorded ECG QRS complex was used to
compute the RR intervals for the 5 minutes of recording in sitting
posture then, the interval between detected consecutive R peaks
were interpolated and uniformly resampled at 256 samples/s Figure
1 and Figure 2. To calculate the RR intervals from the recorded
Apple Watch heart rates (Apple HR), we estimated the RR interval
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Figure 1: Subject No. 2 RR Peaks detection (star: R wave detected peeks, line: ECG QRS wave)

associate with each recorded heart rate (Apple RR) by the following
formula:

Apple RR =
60

Apple HR
(1)

where the Apple HR is measured in beats per minute and Apple
RR is expressed in seconds. As in the case of ECG RR, the resulting
Apple RR values for the 5 minutes of recording were interpolated
and uniformly sampled at 256 samples/s.

To gauge the difference between the Apple RR and ECG RR, we
compute the root means square error (RMSE) for all the interpolated
value of the Apple RR and ECG RR as:

RMSE =

√∑n
i=1 E

2
i

n
(2)

where, Ei = (ECG RR)i- (Apple RR)i, and i signifies the interpolated
sample point, and n is the number of interpolated sample points in
the recorded data.

Using the interpolated values of ECG RR and Apple RR, the
time-domain and the frequency-domain measures of HRV were
computed. Using the time-domain and the frequency-domain mea-
sures of HRV obtained from ECG as gold standards, we performed
paired T-Test of the equivalency of the mean values of these mea-
sures with their counterparts which were obtained from the Apple
Watch heart rate data. Further, we applied the Bald-Altman (B&A)
analysis of these HRV metrics to ascertain the agreement of the
HRV derived from the recorded Apple Watch heart rates and their
corresponding values obtained from the concurrently recorded ECG
data.

Figure 2: Subject No 2 ECG RR interpolation (star: RR value obtained from ECG, line: interpolation between RR values)
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Figure 3: Subject No.2AppleWatchRR interpolation (star: RRvalue obtained fromECG, line: interpolation betweenRRvalues)

For Bland and Altman plots, the average of each pair values of
Apple HRV and ECG HRV measures is shown on the x-axis, and
the difference between the pair values on y-axis, then bias (B) and
95% limits of agreement (LOA’s) were calculated as follows:

Bias =
1
n

n∑
i=1

(yi − xi ) (3)

LOA = Bias ± 1.96SD (4)

where, xi is the ith of the samples of the metric measured by the
Apple Watch (i.e., Apple HRV), yi is the ith sample of the heart rate
variability metric measured by ECG (i.e. ECG HRV), n is the number
of samples compared, and SD denotes the standard deviation of the
difference between the measure and reference (i.e., yi - xi).

4 RESULTS
For data analysis, we started by detecting the peaks of R waves in
the ECG QRS complex. Figure 1 shows plots of ECG for subject 2 in
the sitting recordings and peak detection for the first five seconds
of the first minute. After that ECG heart rate values interpolated
over exercise duration. Figure 2 shows ECG RR values and their
interpolation values.

Next, Apple Watch’s RR values interpolated and compared with
ECG’s interpolated wave. Figure 3 shows interpolated Apple RR
values compared to the interpolated ECG RR values.

RMSE between ECG and Apple RR measurements were com-
puted for every subject, as it is illustrated in Figure 4. The mean±
standard deviation for RMSE from all subjects’ measurements was
0.0707±0.0420 seconds.

Figure 4: ECG RR and Apple RR Root Mean Square Error
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Table 1: Paired T-test (p=0.05) results for the HRV metric measurements between ECG and Apple Watch

HRV Metric ECG (Mean ± SD) Apple Watch (Mean ± SD)

SD of RR
(s)

9.23x10-2 ± 3.42X10-2 9.64x10-2 ±3.74x10-2

Mean of RR
(s)

67.51x10-2 ± 17.62x10-2 66.11x10-2± 17.13x10-2

SDRR Coefficient of Variation
(s)

13.00x10-2 ± 6.00x10-2 14.00x10-2 ± 3.00x10-2

Very-Low Frequency
(s)2

7.88x10-3±7.18x10-3 1.01x10-2±7.49x10-3

Low Frequency
(s2)

1.30x10-3±1.09x10-3 2.80x10-4± 2.00x10-4

High Frequency
(s2)

4.40x10-4±5.05x10-4 4.37x10-5± 3.96x10-5

Low Freq./High Freq. 4.33±1.51 8.40± 5.99

Figure 5: ECG-RR and Apple-RR B&A plot. It is noted that the values shown are for every 100th sample point from the inter-
polated data to improve the visibility of the plot. Themiddle line shows the Bias (Eq. 3) and the top and bottom lines represent
the

To quantify Apple Watch accuracy and agreement B&A plots were
studied, and statistic measures were calculated. Figure 5 shows
ECG vs. Apple’s B&A plots for the RR measurements. The power
spectrum density for ECG and Apple watch interpolated heartrate
signal are shown in Figures 6 and 7. Figure 8 shows the B&A plot
mean ECG and Apple Watch RR measurements. Figures 9 and 13
shows ECG and Apple Watch HRV measurements B&A plot in time
and frequency domain, respectively. Also, very low frequency, low

frequency, and high-frequency B&A plots for ECG vs. Apple are
shown in 10 10, 11 and 12.

5 DISCUSSION
In this paper, it is proposed to extract the RR intervals for the Apple
Watch be obtained by converting the instances of the measured
heart rates to estimate the associated RR intervals using Eq. 1. Since
the AppleWatch does notmeasure the heart rate at regular intervals,
the cubic spline interpolation of the estimated RR intervals provides
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Figure 6: Subject No.2 ECG power spectrum density plot

Figure 7: Subject No.2 Apple Watch power spectrum density plot

a promising method of estimating the RR intervals at a fixed sample
rate and allows further analysis of the RR interval. The recordings
that were obtained in this study contained a transition of the heart
rate at the beginning of the recorded session, Figures 2 and 3, as
before the subjects starting the sitting session for the collection of
data they were walking. Hence, the values reported and analyzed
reflect both the transition and the steady-state values recorded.

The RMSE calculations (Figure 4) showed that this measure
of deviation between all the interpolated sample points of ECG-
derived and Apple Watch-estimated RR values (i.e., approximately
76,800 values from each device for each subject) has less than 0.13

s error. The least error was with subject 3, while the highest RMSE
reached up to 0.1262 s different than the gold standard of ECG-
derived RRwith subject 4. In the course of this study, it was observed
that the watch must be worn fairly tightly around the wrist to
increase readings accuracy. A loose-fitting watch could not record
the heart rates accurately.

The results of the B&A analysis showed that the RR values ob-
tained from the Apple Watch have a reasonable agreement with
the ECG-derived RR. In particular, comparing the RR values which
are used for extraction of the HRV metrics in Figure 5 reveals that
most of the measurements lie within the limit of agreements of the
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Figure 8: Mean ECG RR and Mean Apple RR B&A plot. The middle line shows the Bias (Eq. 3) and the top and bottom lines
represent the LOA: Bias ±1.96SD (Eq. 4)

Figure 9: HRV B&A plot for Standard deviation of the RR intervals ECG and Apple. The middle line shows the Bias (Eq. 3) and
the bottom lines represent the LOA: Bias ±1.96SD (Eq. 4)

571



PETRA 2021, June 29–July 02, 2021, Corfu, Greece Ahmad Turki et al.

Figure 10: ECG and Apple very-low-frequency HRV B&A plot. The middle line shows the Bias (Eq. 3) and the top and bottom
lines represent the LOA: Bias±1.96SD (Eq. 4)

Figure 11: ECG and Apple low-frequency HRV B&A plot. The middle line shows the Bias (Eq. 3) and the top and bottom lines
represent the LOA: Bias±1.96SD (Eq. 4)

B&A analysis. This is evidenced by both small bias value as well
as smaller deviation from the ECG-derived RR (i.e., narrower 95%
confidence interval).

The data reported here is obtained from 6 volunteers healthy,
non-smoker, adult subjects. These preliminary results show that
the level accuracy for the Apple Watch heart rate variability for
the experimental setup in this study is comparable to the gold
standard ECG. A paired T-Test of the mean values of the Apple
Watch-derived and ECG-derived HRV metrics showed that for p=
0.05 (Table 1) no statistically significant difference between the
means was detected. This lack of difference in the means was the

case for both the time-domain (i.e., SD of RR intervals) as well as
the four frequency-domain metrics.

The results shown in this paper are for a relatively short record-
ing (i.e., 5 min), but there is some evidence in the literature that
short recording can still be useful [2]. Due to their relative simplic-
ity of recording, 5 min of HRV have been broadly used and studied
for several years, and mostly found to be a source of published HRV
data [2]. Nonetheless, it should be mentioned that the recording
length period highly influences time-domain values [5]. Shorter
periods are associated with smaller values and poorly estimate 24 h
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Figure 12: ECG and Apple high-frequency HRV B&A plot. The middle line shows the Bias (Eq. 3) and the top and bottom lines
represent the LOA: Bias ±1.96SD (Eq. 4)

Figure 13: ECG and Apple HRV B&A plot in the frequency domain. The middle line shows the Bias (Eq. 3) and the top and
bottom lines represent the LOA: ±1.96SD (Eq. 4)

HRV time-domain metric values [5]. Furthermore, short-term time-
domain metric values are only suitable when a subject is breathing
normally [5]. The recordings that were obtained in this study con-
tained a transition of the heart rate at the beginning of the recorded
session Figures 2 and 3, as before the subjects starting the sitting
session for the collection of data they were walking.

HRV measurement in the time domain is measured by taking
the standard deviation of the RR intervals, the B&A plot showed
that measurements by the ECG and Apple Watch have a reasonable
agreement. The power spectrum density plots (Figures 6 and 7) of
the interpolated heartrate signal from ECG and Apple watch also

show a similar profile for the spectra for the ECG and Apple Watch
measurements, particularly at frequencies greater than 0.0033 Hz,
where the frequency-domain metrics are computed. As shown in
Table 1, the frequency domain HRV metrics that were considered in
this paper were the very-low-frequency (VLF, 0.0033–0.04Hz), low
frequency (LF, 0.04–0.15Hz), and high frequency (HF, 0.15–0.40Hz
) of the signal power of the interpolated heart rate waveforms, and
the ratio of LF/HF. Almost all of the B&A analysis for the frequency
domain metrics indicated that the measurements are within the
limits of agreement, as illustrated in Figure 10, 11, 12 and 13, except
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one of the measurements in the LF/HF (Figure 11) which is slightly
outside the lower limit of agreements.

6 CONCLUSION
Based on the preliminary results presented in this study, the RR
values obtained from the Apple Watch follow those obtained from
ECG. Moreover, the time-domain and frequency-domain metrics of
HRV in the sample population presented in this paper suggest that
it may be possible to estimate HRV metrics using Apple Watch in
healthy subjects. However, a study with more subjects is needed
to further establish this. As this study revealed promising results,
in our future investigations, we are planning to test this method
in a different population, for example, traumatic brain injury (TBI)
patients to study the efficacy of measuring HRV using Apple Watch
in the TBI patient population.
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