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ABSTRACT
Continuous measurement of physiological functions, like heart
rate (HR) and heart rate variability (HRV), using commercially
available wearable sensors provides the prospects of improving the
healthcare of individuals with a positive impact on society, bringing
pervasiveness, lower cost, and broader access. However, common
wearable devices use photoplethysmography (PPG) to derive data
onHR andHRV, and it is yet unclear towhich extent PPG signals can
be used as a proxy for data collected using medical-grade devices.
To address this challenge, we consider five consumer devices to
assess the signal quality of HR and two devices measuring HRV and
compare them with a standard electrocardiography (ECG) Holter
monitor. We collect data from fourteen participants who followed
a 55 minutes protocol for at least two sessions. Using this data set,
which we make publicly available to the research community, we
show that PPG is a valid proxy for both HR and standard time- and
frequency-domain measurements of HRV. Further, we demonstrate
that wearable devices are suitable for monitoring both HR and HRV
in daily life but might be limited during strenuous exercise. The
study indicates that armband-based devices are more reliable than
wrist-based wearables for HRV assessment.
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1 INTRODUCTION
Market shipment of wearable devices is expected to reach 190.4
million units by 2022, according to the latest report of the Interna-
tional Data Corporation (IDC), representing an increase of 60.6%
from the 115.4 million units shipped in 2017 [20]. Rapid advances
in sensor technology contribute to the increasing interest in wear-
ables. They are no longer perceived solely as fitness trackers able
to count steps, but also as an opportunity to enhance health-care
systems [21]. Health care can significantly benefit from wearable
technology by allowing continuous monitoring [4, 26, 27], as op-
posed to the traditional, often limiting, one-time assessments that
evaluate the health status of patients during a medical consultation.
Moreover, wearables are unobtrusive, cheaper than standard med-
ical devices, and can measure body vital signs such as heart rate
(HR) and derive further parameters such as heart rate variability
(HRV). Even thoughwearable devices offer several advantages, their
level of agreement with conventional medical-grade devices is still
questionable. A significant limitation of existing validation studies
is that they rely solely on linear correlation, which has been shown
to be insufficient to evaluate agreement [6, 14, 35], or fail to report
the intraclass correlation coefficient (ICC) form used in their analy-
sis [25]. In this paper, wemake use of the Bland-Altman [6] (BA) plot
and report ICC with its corresponding model, type, and definition.
Both BA and ICC are widely considered as appropriate methods
for validating agreement between two devices [6, 14, 25, 35].

HRV is a powerful metric for evaluating the health status of a
person. In particular, it is widely used for assessing the role of the
autonomous nervous system in healthy individuals and patients [1].
It is a good prognostic tool for myocardial infarction [7], atrial
fibrillation [28], and risk of mortality [37]. Moreover, it can help to
assess conditions like stress [9], depression [23], and fatigue [33].
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Routine heart rate evaluation is performed through electrocar-
diography (ECG). ECG records the electrical activity of the heart
over a period of time using electrodes placed over the skin [24].
Intervals between successive heartbeats are known as inter-beat
(RR) Intervals. HRV metrics are derived from those intervals. An
ECG Holter monitor is commonly used to evaluate RR-intervals
in ambulatory conditions [1, 35]. This device typically allows the
monitoring of the heart rate at high resolution, i.e. 250-1000 Hz,
over a period of 24-72 hours.

In the last decades, standalone heart rate monitors based on
photoplethysmography (PPG) gained popularity. These devices
have the advantage that they do not require additional equipment
such as chest straps. Today, it is common for consumer-wearable
devices such as smartwatches and fitness trackers to include a PPG
heart rate monitor.

PPG is a non-invasive technique for monitoring blood volume
changes in the microvascular bed of tissue [8]. PPG technology
detects the blood pulse wave by illuminating the skin andmeasuring
the portion of light which is reflected back to the device. Heart
rate is computed by detecting peaks (beats) in the PPG signal. A
parameter that can be extracted from the PPG data is the heart rate
variability (HRV). HRV measures the variation in the time interval
between heartbeats.

Wearables capable of measuring RR-intervals provide many ad-
vantages over traditional methods, e.g., they are portable, easy to
use, low-cost and do not require specialized knowledge for the
placement of the electrodes. A number of studies [22, 38] analyze
the level of agreement between the mean HR of these devices and
ECG Holters. However, the level of agreement of the RR-intervals
and HRV metrics has rarely been subjected to study. Different stud-
ies show that the chest strap monitors used by Polar devices have
good agreement with the RR-intervals derived from ECG Holters
with 3, 5, and 12 leads [3, 16, 18, 35].

The European Society of Cardiology and the North American
Society of Pacing and Electrophysiology highlight that it is essen-
tial to validate the potential of new technologies to accurately and
reliably record RR-intervals for use in clinical or research applica-
tions [1]. Moreover, a recent study on the ability of wearable devices
to measure HRV concludes that there is a need for robust studies
in non-stationary conditions with appropriate methodologies to as-
sess the accuracy of HRV derived from consumer-wearable devices
with PPG heart rate sensors [14]. Thus, part of our study aims at ver-
ifying if the RR-intervals obtained from PPG sensors in consumer-
wearable devices are a valid proxy for HRV in non-stationary con-
ditions. To this end, we conduct a series of experiments to evaluate
the level of agreement between consumer-wearable devices capable
of measuring heart rate and RR-intervals based on PPG technol-
ogy. The inclusion criteria for sensors in our validation study are:
availability, access to raw data, capable of measuring HR, inter-beat
interval (IBI) and electrodermal activity (EDA), battery life for over
24 hours and storage capability for over a day. These considera-
tions would enable monitoring over extended periods. Following
our criteria we select two devices, the Empatica E4 [10] and Eve-
rion [5]. As the baseline, we consider a medical-grade 5-lead ECG
Holter [12]. Furthermore, we explore how the level of agreement of
these two devices compares with the mean heart rate derived from
popular fitness trackers: Fitbit Charge HR [11], Polar OH1 [34], and

Wahoo Ticker Fit [40]1. Finally, we perform a quantitative analysis
of participants placement preferences of the wearable device during
long-term monitoring.

In summary, this paper makes the following contributions:
• Evaluation of level of agreement of five different PPG heart
rate monitors (Empatica E4, Everion, Fitbit Charge HR, Polar
OH1, Wahoo Ticker Fit) and a standard Holter monitor (Seer
1000).

• Evaluation of level of agreement of HR, RR-Intervals and
HRVmetrics derived from consumer-wearable PPGmonitors
(Empatica, Biovotion) and a standard Holter monitor (Seer
1000).

• Activity dataset2 comprised of fourteen participants (7 fe-
male and 7 male), six different wearable devices including
HR, IBI, EDA, and three different experiments (30 sessions
of 55 minutes each).

The goal of this study is to provide an analysis of the accuracy of
new consumer-wearable devices. To the best of our knowledge, the
resulting dataset, which we make publicly available through the
ETH research collection, is the first of its kind. Our contributions are
thus especially relevant for researchers interested in exploring the
possibilities of using the HR and EDA sensors included on wearable
devices.

2 BACKGROUND AND RELATEDWORK
The Task Force of the European Society of Cardiology and the North
American Society of Pacing and Electrophysiology [1] released a
report in an effort to provide standardization in the research and
application of HRV [1]. HRV metrics are extracted from the ECG
signals. The largest-amplitude portion of the ECG signal is called
QRS complex [29] and corresponds to the depolarization of the right
and left ventricles of the heart. Normal-to-normal (NN) intervals,
are the intervals between adjacent QRS complexes. HRV refers to
the oscillation in the interval between consecutive heartbeats (RR
intervals) and oscillation between instantaneous heart rate.

Validation studies on HR and HRV derived from wearable devices.
Several studies show that wearable devices can accurately measure
mean HR based on PPG [22, 32, 41]. Others focus on assessing the
accuracy of HRVmetrics extracted from chest strap monitors. Many
authors [3, 16, 18, 31] have used the Polar chest strap, which is an
electrode-based sensor, in their studies. For instance, Giles et al. [16]
show that the Polar V800 is able to produce RR interval recordings
consistent with an ECG during rest, and that the HRV parameters
derived from these recordings are also highly comparable. Nunan
et al. [31] compare the number of RR intervals recorded by the
Polar S810 and a standard 12-lead ECG monitor and found that
both devices have good agreement when the wearer is laying down.
Additionally, they found good agreement between the derived HRV
metrics. Hernando et al. [18] explore the reliability of Polar RS800
to measure HRV metrics during exercise. Their work shows that
at high exercise intensity low-frequency domain measurements
have excellent reliability indices, however, high-frequency mea-
surements have low agreement.
1Disclaimer: the authors have no conflict of interest nor received funding from any of
these device manufacturers
2https://www.research-collection.ethz.ch/
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Table 1: Collected sensor data.

Device Variable Frequency Export
Empatica E4 HR (bpm) 1 Hz Empatica

IBI -
Everion HR (bpm) 1 Hz Bluetooth LE

IBI -
Seer 1000 HR (bpm) 1 Hz CardioDay V2.5

RR-intervals -
Polar HR (bpm) 1 Hz PolarFlow
Fitbit HR (bpm) 1/3 Hz (varies) Fitbit.com
Wahoo HR (bpm) 1 Hz Wahoo Fitness

Less common are studies that examine the validity of HRV met-
rics derived from off-the-shelf wearable devices with PPG technol-
ogy. Giardino et al. [15] found good agreement between the HRV
metrics obtained from a finger plethysmograph and an ECG with
three leads. Vescio et al. [39] developed a customized device that
converts the PPG signal generated by a LED-photodiode couple
placed on the earlobe into electric pulses. Their device was tested
under stationary conditions with 10 participants. Their results show
good agreement with the ECG recordings. On a recent review about
heart rate variability based on wearable device, Georgiou et al. [14]
reviewed 308 articles, from those only two articles considered mea-
suring HRV with wearable devices using PPG technology. Their
research concludes that there is a need for more robust studies in
non-stationary conditions, with appropriate methodology, acquisi-
tion and analysis techniques to evaluate the ability of wearables to
measure HRV based on PPG [14].

In summary, previous research has shown that the interbeat in-
tervals (IBI) derived from PPG signals are comparable to the RR in-
tervals obtained from ECG Holter monitors under non-ambulatory
conditions. However, little is known about the quality of the signal
provided by off-the-shelf wearable device and their capability to
measure HRV [14]. Therefore, in this work we address this open
question by evaluating two devices (Everion and Empatica) under
different conditions.

3 METHODS
Our goal is to evaluate the performance of PPG sensors, found in
commodity wearable devices, under different settings for measuring
HR and IBI. To this end, we conducted a series of experiments.
Fourteen volunteers, seven males with median age 33 (range 23-54)
and seven females with median age 36 (range 26-51), took part in
the study. Their mean height is 170 cm and mean weight is 67 kg.
Volunteers gave full written informed consent to participate in
the study. All procedures were approved by the ETH Zurich local
committee (EK 2018-N-89).

Table 1 shows details regarding the used data, frequency, and
export method. During the experiment, Polar data was stored locally
on the devices and later exported using the Polar Flow smartphone
application. Similarly, Wahoo data was exported to a CSV file using
the Wahoo Fitness application. Fitbit data was downloaded from
fitbit.com [17]. Empatica data was stored locally on the devices and
later exported with the Empatica Connect software. Everion data
was streamed via Bluethooth Low Energy to an Android phone

during the experiment and later exported as a CSV file. Finally, QRS
complexes were obtained from the ECG Holter with the software
CardioDay [13] from GE Healthcare.

In order to assess the validity of the PPG sensors, we use a
protocol similar to Jo et al. [22]. The protocol starts with 5 minutes
of resting on a stationary bike followed by five activities: biking
(60 W), biking (120 W), walking (5 km/h), jogging (8 km/h) and
running (10 km/h). Each activity lasts for 5 minutes, and between
each activity, there is a resting period of 5 minutes. The left side of
Figure 1 depicts our validation protocol.

Experiment I - Accuracy of PPG based HR monitors. The goal
of this experiment is to compare the level of agreement of the
Empatica E4 [10](version 1) and Everion [5](VSM1-3.0, M4 version
03.11.00) with the mean HR derived from popular fitness trackers:
Fitbit Charge HR [11], Polar OH1 [34], and Wahoo Ticker Fit [40].
Participants wore two Empatica E4 devices (one on each wrist), two
Everion devices (one per arm), and a medical-grade Holter monitor,
the General Electric Seer 1000 [12] with 5 leads, as depicted on the
right side of Figure 1. The fitness trackers were placed on the arm
of the participants without a predefined position. Six participants
took part in this experiment, three male and three female. Each
participant completed our validation protocol two times on different
days.

Experiment II - Comparing Everion, Empatica and Holter . The
goal of this experiment is to assess the heart rate and interbeat in-
tervals derived from PPG sensors as a valid proxy for HRV. We con-
sidered two off-the-shelf sensors capable of measuring HR through
photoplethysmography (PPG) and electrodermal activity (EDA):
Empatica E4 and Everion devices. Fourteen participants took part
in the experiment and completed the protocol two times on dif-
ferent days. Participants wore two Empatica E4 devices (one on
each wrist), two Everion devices (one per arm), and a medical-grade
Holter monitor, the General Electric Seer 1000 [12] with 5 leads,
to record ECG signals. The sensor placement is depicted on the
right side of Figure 1. Moreover, we explore the variance between
successive measurements. To this end, two participants performed
three extra sessions. We compute the mean HR difference between
Everion, Empatica and Holter per activity and perform an ANOVA
analysis per session.

4 DATA ANALYSIS
Before evaluating the level of agreement of the different devices
involved in our experiments, sequences of interbeat intervals de-
rived from the ECG and PPG devices were aligned through cross
correlation mechanism. Additionally, we did an outlier analysis and
excluded data points resulting from potential errors or artifacts
caused during data acquisition, i.e. HR equal to zero during the
experiment.

4.1 Metrics
We use different metrics to measure the performance and level of
agreement of the different devices. We report mean and standard
deviation of the HR.We evaluate the existence of bias, with its limits
of agreement [LoA], using the Bland-Altman [6] plot. The Bland-
Altman plot [6] is a plot of the difference between two methods
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Figure 1: Sensor validation protocol at the left side and sen-
sor placement at the right side. Empatica E4 devices placed
on the subject’s wrist; Everion devices on the arms; and the
Holter monitor attached with five electrodes to the chest.

against their mean, allowing to investigate any possible relation-
ship between the measurement error and the true value. In this
plot none of the values are considered to be the true value, thus,
the mean value is used as the best estimate. In our analysis, we
consider the HR derived from the Holter versus HR derived from
the wearable devices. Additionally, we compute the intraclass cor-
relation coefficient (ICC) with its 95% confidence interval, Pearson
correlation (corr ) and squared error R2.

Following Koo and Li guidelines for selecting and reporting
ICC [25], we computed ICC and its 95% confident intervals using
IBM SPSS statistics [2] based on single measurement type, absolute
agreement definition and 2-way mixed-effects model. ICC results
are interpreted as in [25]: values less than 0.5 indicate poor reliabil-
ity, values between 0.5 and 0.75 indicate moderate reliability, values
between 0.75 and 0.9 indicate good reliability, and values greater
than 0.90 indicate excellent reliability.

4.2 Heart rate variability
We derive different time and frequency domain measures of HRV
from the IBI and NN time series provided by the Empatica, Eve-
rion and ECG Holter. An overview of the metrics is depicted in
Table 2. According to the recommendations [1], 5 minutes is an
appropriate length for short-term recordings of HRV. When analyz-
ing the spectrum for short-term recordings time varies between 2
and 5 minutes. We use fast Fourier transformation (FFT) to derive
frequency domain HRV measurements from the IBI interval time
series. In accordance with [1], we divide the power spectrum for
frequency domain HRV analysis into the following bands: VLF (0.00
- 0.04 Hz), LF (0.04 - 0.15 Hz) and HF (0.15 - 0.40 Hz). For the calcu-
lation of HRV parameters, we select identical segments larger than
180 s of NN intervals from the ECG and a wearable device. Then,
we apply cubic interpolation. Finally, we analyze the spectrum with
Welch’s periodogram using the following parameters: hamming
window, overlap of 50% and linear detrend.

Table 2: Overview of the heart rate variability metrics com-
puted.

Metric Domain Definition
RMSS time Square root of the mean squared

differences of successive NN intervals.
SDNN time Standard deviation of the NN intervals.
NN50 time Number of interval differences of

successive NN intervals greater than
50 ms.

pNN50 time Proportion derived by dividing NN50 by
the total number of NN intervals.

VLF frequency Very low frequency.
LF frequency Low frequency.
HF frequency High frequency.
LFnu frequency Normalized low frequency.
HFnu frequency Normalized high frequency.
LF:HF frequency Ratio.

5 RESULTS
In this section, we start by showing the accuracy of the HR sensors
in different off-the-shelf wearable devices. Following, we look into
their ability to extract IBI.

5.1 Accuracy of PPG based HR monitors
We compare the performance of the Empatica and the Everion
versus commonly used fitness trackers. Table 3 depicts different
metrics comparing each wearable with the Holter. The table is
organized by device with its associated sample size. Additionally,
we split each case into activities. Tomake a fair comparison between
the fitness trackers, Empatica and Everion, we did not use quality
filters on the data as this functionality is not available on the fitness
trackers. Figure 2 depicts the Bland Altman plot for all devices.

5.1.1 Wrist-based devices. Figure 2 shows that the wrist-based de-
vices, Empatica and Fitbit, have the largest bias, 17.35 bpm and
5.898 bpm respectively. The analysis per activity (Table 3) shows
that in both cases the bias increases with the level of activity. The
Fitbit is more affected during bike activities and the Empatica dur-
ing jogging and running. Figure 3 shows an overview of the level of
agreement of each device per activity. These results are consistent
with the bias analysis. Wrist-based devices are more affected than
armband-based devices. The Empatica shows lowest agreement
(poor agreement) within all different activities, especially during
jog and run. However, the results for Empatica are improved after
filtering the data, resulting in good agreement during the initial,
and rest activities. The Fitbit has the lowest agreement during bike
activities, good agreement during rest and moderate agreement
during the initial activity. A possible explanation for the poor agree-
ment during bike activities with these devices is the posture of the
wrist on the bike. Bending of the wrist can generate loose contact
between the skin and the heart rate monitor resulting in low quality
measurements.

5.1.2 Armband-based devices. In Figure 2 we can observe that the
bias and data distribution is similar for all armband-based devices,
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Table 3: Experiment I - Heart rate analysis per activity

Device Activity Size Mean/Seer STD/Seer ICC [95% CI] Corr Bias [95% LoA]
Empatica init 6268 84.21/87.04 9.91/13.60 .464 [+.422,+.502] 0.50 +2.83 [-21.04, +26.69]
(79241) rest 33676 92.94/100.15 15.87/18.61 .466 [+.349,+.558] 0.51 +7.21 [-26.46, +40.88]

bike (60W) 7856 90.66/108.61 21.23/12.88 .167 [-.002,+.314] 0.29 +17.95 [-24.07, +59.96]
bike (120W) 7968 104.54/137.18 36.99/20.56 .223 [-.027,+.422] 0.42 +32.64 [-33.95, +99.24]
walk 8096 102.31/108.91 16.09/16.50 .433 [+.331,+.517] 0.47 +6.60 [-26.32, +39.52]
jog 7690 102.98/138.73 26.28/18.29 .026 [-.015,+.068] 0.06 +35.76 [-25.11, +96.63]
run 7687 102.85/152.94 30.08/19.74 .016 [-.014,+.046] 0.05 +50.08 [-18.77 ,+118.94]
avg 97.21/119.08 22.35/17.17 0.256 [+.149, +.346] 0.33 +21.87 [-25.10, +68.84]

Everion init 6268 87.71/87.04 14.26/13.60 .957 [+.953,+.960] 0.96 -0.67 [-8.59, +7.25]
(78821) rest 33590 101.19/100.13 19.36/18.62 .972 [+.967,+.976] 0.97 -1.06 [-9.59, +7.47]

bike (60W) 7856 108.88/108.61 12.89/12.88 .981 [+.980,+.982] 0.98 -0.27 [-5.15, +4.61]
bike (120W) 7666 137.58/137.40 20.14/20.55 .988 [+.988,+.989] 0.99 -0.18 [-6.31, +5.95]
walk 8096 109.14/108.91 16.61/16.50 .993 [+.993,+.993] 0.99 -0.23 [-4.05, +3.58]
jog 7683 137.87/138.75 17.98/18.28 .965 [+.962,+.969] 0.97 +0.89 [-8.29, +10.07]
run 7662 152.66/152.94 19.84/19.77 .952 [+.950,+.954] 0.95 +0.29 [-11.73, +12.30]
avg 119.29/119.11 17.30/17.17 0.972 [+.970,+.974 ] 0.97 -0.17 [-7.67, +7.32]

Fitbit init 3134 83.23/87.04 11.48/13.60 .767 [+.645,+.838] 0.82 +3.80 [-11.34, +18.95]
(39624) rest 16812 98.71/100.14 19.81/18.62 .827 [+.821,+.832] 0.84 +1.43 [-20.21, +23.07]

bike (60W) 3928 99.02/108.61 16.56/12.88 .499 [+.170,+.682] 0.63 +9.59 [-16.21,+35.38]
bike (120W) 3984 118.37/137.18 27.97/20.56 .353 [+.079,+.542] 0.48 +18.81[-31.24, +68.87]
walk 4048 103.48/108.90 12.73/16.50 .729 [+.541,+.824] 0.81 +5.43 [-13.62, +24.47]
jog 3854 130.61/138.70 20.01/18.29 .703 [+.441,+.822] 0.78 +8.09 [-17.09, +33.27]
run 3852 144.74/152.96 22.01/19.73 .782 [+.468,+.887] 0.86 +8.22 [-13.93, +30.38]
avg 111.17/119.08 18.63/17.17 0.665 [+.452, +.776] 0.74 +7.91 [-17.66, +33.48]

Polar init 3134 88.12/87.04 14.44/13.60 .959 [+.936,+.953] 0.95 -1.08 [-9.93, +7.77]
(39624) rest 16812 101.60/100.14 19.45/18.62 .969 [+.959,+.976] 0.97 -1.46 [-10.27, +7.35]

bike (60W) 3928 108.73/108.61 13.30/12.88 .972 [+.970,+.973] 0.97 -0.13 [-6.24,+5.99]
bike (120W) 3984 136.90/137.18 21.23/20.56 .984 [+.983,+.985] 0.98 +0.28 [-7.10, +7.66]
walk 4048 108.89/108.90 16.74/16.50 .989 [+.988,+.989] 0.99 +0.01 [-4.86, +4.89]
jog 3854 137.51/138.70 19.17/18.29 .964 [+.957,+.969] 0.97 +1.19 [-8.41, +10.80]
run 3852 152.27/152.96 21.09/19.73 .950 [+.947,+.953] 0.95 +0.69 [-11.89,+13.26]
avg 119.15/119.08 17.92/17.17 0.969 [+.963,+.971 ] 0.97 -0.07 [-8.38, +8.24]

Wahoo init 3094 84.91/86.97 13.77/13.51 .913 [+.875,+.936] 0.92 +2.06 [-8.41,+12.53]
(38492) rest 16406 99.37/99.95 19.52/18.76 .965 [+.964,+.967] 0.97 +0.58 [-9.22,+10.38]

bike (60W) 3567 106.16/106.76 11.80/11.81 .971 [+.966,+.974] 0.97 +0.60 [-4.88, +6.08]
bike (120W) 3732 135.42/136.22 20.87/20.64 .984 [+.982,+.986] 0.99 +0.80 [-6.21, +7.81]
walk 3975 107.80/108.94 17.00/16.63 .972 [+.964,+.977] 0.97 +1.14 [-6.36 ,+8.65]
jog 3854 136.58/138.70 19.67/18.29 .939 [+.918,+.952] 0.95 +2.13 [-10.29, +14.54]
run 3852 151.65/152.96 20.88/19.73 .937 [+.930,+.944] 0.94 +1.30 [-12.56, +15.18]
avg 117.41/118.64 17.64/17.05 0.954 [+.943,+.962] 0.96 +1.23 [-8.28, +10.74]

Figure 2: Bland-Altman plot with LoA for each HR monitor. Wrist-based devices show largest bias (Empatica 17.35 [-37.16,
+71.86] and Fitbit 5.89 [-22.19, +33.97]) than armband-based monitors (Everion -0.46 [-8.67, +7.75], Polar -0.51 [-9.38, 8.36], and
Wahoo 1.01 [-8.95, +10.96]).
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Figure 3: Level of agreement according to ICC for each de-
vice in experiment II. Notably the level of agreement of the
wrist-based devices is lower than for the armband-based de-
vices with Empatica beingmore affected as the activity level
increases.

i.e., Everion, Polar, and Wahoo. The three devices show smaller bias
in comparison to the wrist-based devices. There is no particular
trend on the bias depending on the activity. Similarly, Figure 3
shows that all devices have a similar level of agreement in terms
of ICC. Everion, Polar and Wahoo show excellent reliability with
regards to the Holter in all the activities, showing that armband-
devices are less susceptible to artifacts due to movement.

5.1.3 Users’ preferences. After the experiments, participants com-
pleted a short questionnaire indicating their preferred style of wear-
able device (armband, wristband) for continuous monitoring during
(i) day, (ii) sleep and (iii) 24/7. A Cochran’s Q test did not indicate
any differences among the three proportions, p = .717, showing that
user’s preference is not affected by the duration of the monitoring
phase.

5.1.4 Discussion. In general, devices perform better when there is
less movement involved, as in the case of the rest period and initial
activity. Both wrist-located devices perform poorly on the bike,
jog and run activities, indicating that (i) wrist’s posture may affect
the accuracy of wrist-based monitoring, (ii) wrist-based monitors
are more susceptible to movement in comparison with non-wrist
devices such as the Polar OH1,Wahoo Ticker, and Everion. From our
short questionnaire, we learned that 58.3% of the participants prefer
wrist-based devices. Thus, when designing experiments, there is
a trade-off to be made between comfort/users’ preferences and
reliability.

5.2 Comparing Everion, Empatica and Holter
To compare both devices, we started by computing metrics corre-
sponding to the mean HR derived from the Empatica E4 and Everion
relative to the medical-grade Holter. Both devices, Empatica and
Everion, have mechanisms to assess the quality of the retrieved
heart rate i.e., low or high quality. We refer to high quality datasets
as Everion Best and Empatica Best. To filter values depending on
their quality, Everion provides a heart rate quality parameter. In
our analysis Everion Best corresponds to HR quality parameter of
99%. Additionally, we include in our analysis a dataset with HR
quality 90%, we refer to these as Everion q90. In the case of Empat-
ica, we consider HR quality to be high when IBI is present on the
data. Empatica applies a filter to its IBI data, thus wrong beats are

Figure 4: Bland-Altman plot for Empatica/Holter and Eve-
rion/Holter. Empatica’s mean bias (8.23 LoA [51.13,-34.66])
is larger than Everion’s mean bias (-0.24 LoA [6.06, -6.55]).
Overall the data seems to bewell distributed showing no par-
ticular pattern.

not included in the output IBI file [19]. Table 4 shows the metrics
corresponding to the datasets Everion Best and Empatica Best.

Figure 4 shows the Bland-Altman plot for the Empatica Best and
Everion Best datasets. For Empatica, the 95% limits of agreement
ranged from -34.66 to +51.13 with a mean difference of 8.23 bpm.
While for the Everion, the 95% limits of agreement ranged from
-6.55 to +6.06 with a mean difference of -0.24 bpm. The data distri-
bution of both devices shows no specific pattern. Further analysis
showed that the data of both devices is normally distributed with
the majority of the data points located within two standard devia-
tions.

5.2.1 Performance per activity. To understand why the Empatica
has a larger bias, Figure 5 shows the bias per activity. The bias
increases significantly during activities involving exercise (µ bias
30 bpm) and remains low (µ bias 1 bpm) during the initial activity,
rest and walking. Similarly, during non-strenuous activities the
Empatica’s mean HR and standard deviation are similar to the
Holter’s. However, as the level of activity increases the difference
between the Empatica’s mean HR and the Holter also increases.
This behavior is not observed with the Everion. Figure 5 shows
that over all activities the Everion’s mean HR behaves similarly
to the Holter, with no significant difference between the values.
Additionally, we can observe that the Everion’s bias increases as
the level of activity increases. The largest bias occurs during rest,
where Everion underestimate the mean HR in average by 1 bpm.
However, over all activities the bias of the Everion is small with a
mean value of -0.01 bpm.

Figure 6 shows at the bottom the ICC per activity for Everion Best,
Everion q90 and Empatica Best. The Empatica’s ICC significantly
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Table 4: Experiment II - Heart rate analysis per activity

Case Activity Size Mean/Seer STD/Seer ICC [95% CI] Corr Bias [95% LoA]
Everion Best init 3808 83.09/82.83 14.03/13.94 .979 [+.978,+.981] 0.98 -0.26 [-5.83, +5.31]
(63592) rest 21364 103.28/102.21 22.91/22.67 .988 [+.984,+.991] 0.99 -1.07 [-7.67,+5.53]

bike (60W) 9445 106.87/106.92 13.84/13.73 .989 [+.989,+.990] 0.99 +0.05 [-3.91, +4.01]
bike (120 W) 8299 137.37/137.54 21.72/21.72 .995 [+.995,+.995] 1.00 +0.17 [-4.00, +4.34]
walk 6722 104.00/103.90 16.57/16.54 .995 [+.995,+.995] 0.99 -0.10 [-3.36, +3.16]
jog 8093 137.32/137.66 17.24/17.22 .973 [+.971,+.974] 0.97 +0.34 [-7.55, +8.23]
run 5861 151.27/152.03 21.41/20.76 .974 [+.971,+.976] 0.97 +0.77 [-8.59, +10.12]
avg 117.60/117.59 18.25/18.08 0.985 [+.983,+.986] 0.99 -0.01 [-5.84,+5.81]

Empatica Best init 3852 81.63/81.64 11.56/12.83 .755 [+.741,+.769] 0.76 +0.01 [-16.74, +16.76]
(35705) rest 20883 94.65/96.01 16.44/18.22 .834 [+.825,+.842] 0.84 +1.36 [-18.09, +20.82]

bike (60W) 4948 88.17/108.33 20.33/15.43 .031 [-.006,+.067] 0.05 +20.16 [-28.61, +68.94]
bike (120 W) 4401 103.46/137.93 34.33/22.11 .118 [-.023,+.247] 0.22 +34.47 [-37.06, +106.00]
walk 1287 104.02/106.43 16.46/18.03 .597 [+.558,+.634] 0.61 +2.41 [-27.74, +32.56]
jog 233 107.95/140.09 22.33/22.17 .073 [-.044,+.195] 0.15 +32.14 [-24.77, +89.04]
run 101 112.02/146.14 31.32/ 22.87 .120 [-.056,+.300] 0.22 +34.12 [-33.35, +101.59]
avg 98.84/116.65 21.83/18.81 0.361 [+.285,+.436] 0.41 17.81 [-26.62,+62.24]
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Figure 5: Mean HR, standard deviation and bias per activity
of Empatica, Everion and Holter. In particular, Empatica’s
bias increases significantly during strenuous activities and
remains low while being less active. The difference between
Empatica’s mean HR and Holter shows a similar behavior
to the bias, increasing with exercise. Everion’s bias increases
with the level of activity but overall remains low. Everion’s
mean HR and standard deviation show similar behaviors as
the Holter.

decreases during the bike, jog and run activities, indicating that the
device is not suitable for monitoring HR during strenuous activity.
The Everion, on the other hand, shows high ICC in both datasets.
Moreover, the top of Figure 6 shows that the Everion q90 dataset
is around three times larger than Everion Best. Thus, relaxing the
heart rate quality threshold allows to have a larger dataset with
similar accuracy. In the case of Empatica, we can see that the size
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Figure 6: The bottom image shows the ICC corresponding
to each activity. In particular, Empatica’s accuracy is signif-
icantly lower during strenuous activities. In the case of Ev-
erion, both datasets are comparable showing high ICC over
all activities. The top figure shows the fraction of the sam-
ple size of each dataset in relation to its original dataset. The
Everion q90 dataset is up to four times the size of Everion
Best. Empatica best is considerably smaller than its original
dataset, and it is more affected while jogging and running.

of the dataset gets greatly affected as movement increases with the
sample size being only 0.5% of the original data for the run activity.

Finally, we analyzed the mean HR difference per activity on five
successive sessions and found no statistically significant differences
between group means as determined by one-way ANOVA F(4,30) =
.338, p = .850. In summary, both devices provide useful mechanisms
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to ensure a high quality of the resulting dataset. We recommend
to make use of these parameters. Overall we consider both of the
Everion’s datasets comparable and showing excellent agreement
with respect to the Holter in all activities. Empatica provides good
agreement for the initial activity and rest periods, and moderate
agreement while walking. Our results indicate that Empatica is less
suitable for tracking mean HR during ambulatory conditions or
high intensity activities.

5.3 Heart rate variability analysis
We started our analysis by extracting IBI segments from the time-
series. From the Empatica we obtained a total of 137 IBI segments
with an average length of 49 s. Per activity we gathered the fol-
lowing number of segments (with mean duration): init 12 (µ 44 s),
rest 81 (µ 50 s), bike slow 23 (µ 44 s), bike fast 20 (µ 53 s), walk 1 (µ
34 s). Only two IBI segments in the whole dataset are longer than
2 minutes. The recommended length for short-term HRV analysis
ranges from 3-5 minutes [1, 36]. Thus, we are unable to compute
short-term HRV analysis for this device. Future work can overcome
this limitation by applying techniques to approximate the missing
IBI signal.

Table 5 depicts the results of our HRV analysis comparing the
Everion with the ECG Holter. The table is organized per activity.
For each activity we extracted IBI segments larger than 3 minutes.
Figure 7 depicts the level of agreement between the HRV metrics
derived from the Everion and Holter during each activity. There is
good agreement during the initial and rest activities in all metrics.
Agreement decreases with higher level of activity and it varies
depending on the metric. HF is more affected with increasing level
of activity.

5.3.1 Sedentary activities. During the initial and rest activity there
is good agreement in all HRV measurements. For the initial activity,
we found 17 segments larger than 3 minutes, the mean length of
the segments is 241 s. Highest agreement occurs on the frequency
domain metric LF with ICC between +.952 and +.993, indicating
excellent agreement. Lowest agreement occurs on the ratio LF:HF
with mean ICC ranging from +.215 to +.846, indicating poor agree-
ment. Time domain measurements indicate better agreement with
the Holter, ranging from moderate to excellent. For the rest activ-
ity, we collected 111 segments with an average duration of 249 s.
Overall the results are satisfactory in this activity. Excellent agree-
ment occurs in all time domain metrics and LF. Followed by good
agreement in HF, moderate agreement in the normalized LF and
HF, and poor agreement for the ration LF:HF.

5.3.2 Moderate/High intensity activities. In the activity bike (60W)
the average length of the 28 considered segments is 294 s. Highest
agreement happens in LF with ICC ranging from +.886 to +.974,
indicating good agreement. Followed by moderate agreement in
SDNNwith ICC ranging from +.596 to +.899. The rest of the metrics
show poor agreement in relation to the Holter. In the bike (120 W)
activity only 13 segments are larger than 3 minutes, with an average
length of 272 s. In this activity only one metric shows moderate
agreement, SDNN with ICC ranging from +.552 to +.946. The rest
of the metrics show poor agreement. We consider 17 segments with
average length of 291 s for the walk activity. In this activity all
metrics show poor reliability. The activities jog and run are not
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Figure 7: Intraclass correlation for different HRV metrics.
As the activity level increases the ICC decreases, more no-
tably in the HF band.
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Figure 8: LFnu increases during low-moderate intensity ex-
ercise and decreases during higher intensity exercise, while
HFnu demonstrates the opposite behavior.

included in the analysis as we were unable to extract IBI segments
longer than 3 minutes from them.

5.3.3 Discussion. The evaluation of HRV during ambulatory activ-
ities is still subject of study. LF shows higher agreement than HF as
the activity level increases. This is consistent with the results found
in [18]. Moreover, our findings agree to those reported in [30]. In
general, the reliability of time domain and frequency domain mea-
surements decrease as exercises intensity increases. Moreover, our
analysis shows similar results in terms of the normalized spectral
analysis, with LFnu increasing during low-moderate intensity exer-
cise and decreasing during higher intensity exercise, while HFnu
shows the opposite response as shown in Figure 8. Additionally,
Figure 8 shows that the normalized metrics of the Everion and the
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Table 5: Experiment II - Heart rate variability analysis per activity for the Everion device.

Activity Metric Mean/Seer STD/Seer ICC [95% CI] Corr R2 Bias [95% LoA]
Init RMSS 23.17/23.39 12.40/14.92 +.899 [+.742, +.967] +0.91 +0.82 +0.22 [-12.22, +12.65]
µ len: 241 s SDNN 58.49/60.62 16.71/17.54 +.876 [+.697, +.953] +0.88 +0.75 +2.13 [-14.57, +18.84]
µ peaks: 318/314 PNN50 4.70/5.46 8.55/10.42 +.967 [+.912, +.988] +0.99 +0.94 +0.76 [-3.99, +5.50]
# seg: 17 LF 1740.17/1801.81 1293.81/1265.94 +.982 [+.952, +.993] +0.98 +0.96 +61.63 [-416.36, +539.63]

HF 603.85/747.19 934.21/1333.10 +.918 [+.792, +.969] +0.98 +0.87 +143.34 [-754.77, +1041.46]
LF:HF 5.26/7.53 2.90/6.65 +.625 [+.215, +.846] +0.92 +0.49 +2.27 [-5.85, +10.38]
LFnu 80.86/81.10 8.90/14.16 +.745 [+.420, +.900] +0.81 +0.63 +0.24 [-16.67, +17.15]
HFnu 19.14/18.90 8.90/14.16 +.745 [+.420, +.900] +0.81 +0.63 -0.24 [-17.15, +16.67]

Rest RMSS 18.85/17.93 8.86/9.97 +.935 [+.904, +.956] +0.95 +0.88 -0.91 [-7.35, +5.53]
µ len: 249 s SDNN 58.11/58.21 20.89/21.95 +.982 [+.974, +.988] +0.98 +0.97 +0.10 [-7.89, +8.09]
µ peaks: 363/357 PNN50 3.09/3.14 4.66/5.39 +.954 [+.933, +.968] +0.96 +0.92 +0.04 [-2.97, +3.06]
# seg: 111 LF 1324.54/1361.74 1051.67/1177.61 +.946 [+.946, +.946] +0.95 +0.89 +37.20 [-724.00, +798.40]

HF 372.58/365.69 519.14/656.80 +.914 [+.877, +.940] +0.94 +0.86 -6.90 [-489.31, +475.52]
LF:HF 5.16/6.47 2.96/3.63 +.614 [+.413, +.744] +0.67 +0.30 +1.31 [-4.05, +6.67]
LFnu 79.79/83.05 10.32/8.96 +.701 [+.525, +.808] +0.75 +0.26 +3.26 [-10.40, +16.93]
HFnu 20.21/16.95 10.32/8.96 +.701 [+.525, +.808] +0.75 +0.26 -3.26 [-16.93, +10.40]

Bike (60W) RMSS 10.82/8.13 4.28/2.78 -.018 [-.292, +.303] -0.02 -3.42 -2.70 [-12.81, +7.41]
µ len: 294 s SDNN 29.20/27.11 9.68/9.07 +.793 [+.596, +.899] +0.81 +0.53 -2.10 [-13.50, +9.31]
µ peaks: 489/483 PNN50 0.28/0.14 0.56/0.33 +.394 [+.045, +.662] +0.46 -1.44 -0.14 [-1.12, +0.85]
# seg: 28 LF 247.06/240.91 185.05/182.23 +.945 [+.886, +.974] +0.94 +0.88 -6.15 [-126.78, +114.49]

HF 93.06/52.20 101.05/37.16 +.053 [-.271, +.389] +0.09 -8.16 -40.86 [-245.64, +163.93]
LF:HF 3.15/5.73 1.15/2.93 -.012 [-.208, +.250] -0.03 -0.98 +2.59 [-3.65, +8.82]
LFnu 73.41/81.02 9.83/11.49 -.065 [-.345, +.266] -0.08 -1.32 +7.61 [-23.17, +38.40]
HFnu 26.59/18.98 9.83/11.49 -.065 [-.345, +.266] -0.08 -1.32 -7.61 [-38.40, +23.17]

Bike (120 W) RMSS 13.07/6.91 5.13/3.01 +.064 [-.161, +.427] +0.15 -6.94 -6.15 [-17.04, +4.73]
µ len: 272 s SDNN 54.11/49.63 20.39/16.76 +.835 [+.552, +.946] +0.87 +0.55 -4.48 [-24.52, +15.57]
µ peaks: 541/533 PNN50 0.52/0.18 0.63/0.27 +.355 [-.112, +.728] +0.59 -4.47 -0.34 [-1.36, +0.67]
# seg: 13 LF 100.62/42.73 96.74/39.70 +.266 [-.168, +.669] +0.47 -5.93 -57.90 [-225.22, +109.43]

HF 114.36/32.75 112.56/33.92 -.136 [-.464, +.347] -0.34 -19.56 -81.61 [-332.89, +169.66]
LF:HF 1.07/3.49 0.61/3.89 +.053 [-.316, +.507] +0.23 -0.37 +2.43 [-5.03, +9.88]
LFnu 48.23/62.76 12.94/25.16 +.031 [-.386, +.512] +0.05 -0.58 +14.53 [-39.90, +68.96]
HFnu 51.77/37.24 12.94/25.16 +.060 [-.386, +.512] +0.05 -0.58 -14.53 [-68.96, +39.90]

Walk RMSS 14.67/8.93 3.54/2.46 +.144 [-.091, +.478] +0.42 -6.66 -5.74 [-12.31, +0.83]
µ len: 291 s SDNN 33.36/29.83 9.17/8.28 +.755 [+.358, +.910] +0.81 +0.38 -3.54 [-14.15, +7.07]
µ peaks: 444/446 PNN50 1.00/0.20 1.46/0.31 -.008 [-.361, +.412] -0.03 -30.34 -0.79 [-3.74, +2.15]
# seg: 17 LF 414.73/337.55 195.72/115.77 +.417 [-.017, +732] +0.51 -1.59 -77.18 [-407.37, +253.02]

HF 208.90/50.43 181.55/24.16 +.046 [-.193, +.386] +0.30 -97.74 -158.47 [-503.17, +186.23]
LF:HF 3.17/8.13 2.09/3.90 +.238 [-.104, +.614] +0.63 -1.32 +4.95 [-1.01, +10.92]
LFnu 69.65/87.26 15.27/4.73 +.128 [-.111, +.455] +0.49 -22.01 17.61 [-9.04, +44.26]
HFnu 30.35/12.74 15.27/4.73 +.128 [-.111, +.455] +0.49 -22.01 -17.61 [-44.26, +9.04]

Holter follow similar trends, even though their level of agreement
is low.

5.4 Monitoring during ambulatory conditions
Even though many studies, including ours, use the Holter monitor
as a baseline, it may not be the best solution to monitor HR dur-
ing strenuous sports. The Holter’s cables and electrodes are very
susceptible to movement. Therefore, wearable devices may provide
better reliability under these conditions. Figure 9 shows an example
of this case. We can observe that the Holter signal becomes noisy as
the subject engages with the jog and running activities. However,

this may not be the case when monitoring IBI. Figure 10 shows the
Everion’s and Holter’s IBI of one subject during the rest and bike
activities. Everion and Holter show good agreement during rest, but
Everion shows more noise during the bike activity. Further experi-
ments are required to determine if wearable devices can provide
more reliability than a Holter monitor during sports activities.

6 CONCLUSIONS
We gather a dataset with multiple off-the-shelf wearable devices
comprising several sensors used to track physiological data and
made our dataset publicly available to the research community. We
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Figure 9: Signals collected using the Everion and medical-
grade Holter monitor. In particular, the Everion device
shows very good agreement with the data of theHoltermon-
itor. The Holter shows less reliability (noise) during the jog
and run activities.
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Figure 10: Comparing of Everion and Holter IBI during rest
and bike activities. The devices show very good agreement
during rest. Everion signals showmore variation during the
bike session.

focus on evaluating the agreement between mean HR and HRV
metrics derived from the PPG sensor in wearable devices and a
standard ECG Holter monitor under different physiological condi-
tions. We show that armband-based devices dominate in precision
when monitoring mean HR in all considered settings. Additionally,
we show that the Everion device is a valid proxy for HRV metrics
during periods not involving strenuous physical activity. Therefore,
we hypothesize that the Everion is a potential candidate for con-
tinuous monitoring physiological data in persons with sedentary
lifestyles such as office workers, patients, etc. Furthermore, we look

into the future and challenge whether the Holter monitor is a better
baseline than wearable devices for monitoring HR and HRV during
strenuous activities and conclude that further exploration in this re-
gard is needed. Finally, we show that participants have a preference
for wrist-based devices and that their choices are not significantly
affected by the predetermined duration of the monitoring. Thus,
there is a trade-off between comfort and reliability when deciding
between armband-based or wrist-based devices.
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