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Abstract
Wearable monitoring devices are an innovative way to measure heart rate (HR) and heart rate variability (HRV), however, there is
still debate about the validity of these wearables. This study aimed to validate the accuracy and predictive value of the Empatica
E4 wristband against the VU University Ambulatory Monitoring System (VU-AMS) in a clinical population of traumatized
adolescents in residential care. A sample of 345 recordings of both the Empatica E4 wristband and the VU-AMS was derived
from a feasibility study that included fifteen participants. They wore both devices during two experimental testing and twelve
intervention sessions. We used correlations, cross-correlations, Mann-Whitney tests, difference factors, Bland-Altman plots, and
Limits of Agreement to evaluate differences in outcomes between devices. Significant correlations were found between Empatica
E4 and VU-AMS recordings for HR, SDNN, RMSSD, and HF recordings. There was a significant difference between the
devices for all parameters but HR, although effect sizes were small for SDNN, LF, and HF. For all parameters but RMSSD,
testing outcomes of the two devices led to the same conclusions regarding significance. The Empatica E4 wristband provides a
new opportunity to measure HRV in an unobtrusive way. Results of this study indicate the potential of the Empatica E4 as a
practical and valid tool for research on HR and HRV under non-movement conditions. While more research needs to be
conducted, this study could be considered as a first step to support the use of HRV recordings provided by wearables.
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The past two decades have witnessed an increase in psychophysiological studies that incorporate heart rate (HR) and other autonomic nervous system (ANS) parameters. In particular
heart rate variability (HRV) has become the focus of psychophysiological research since it provides several parameters of
the parasympathetic nervous system (PNS; [1]). These parameters serve as an index of an individual’s physiological reactivity to stress. Stress activates the sympathetic nervous system (SNS), responsible for high arousal including the fight-orflight response, whereas the PNS facilitates the rest and digest
response. Both branches are essential for the immediate stress
regulatory response of the body [2]. The PNS is associated
with self-regulation aspects of cognition, affection, and social
behavior [3].
Most traditional devices that measure ANS parameters are
based on electrocardiogram (ECG) recordings, such as the
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Biopac (Biopac ECG Module, Goleta, CA) or the VU
University Monitoring System (VU-AMS; Vrije
Universiteit, Amsterdam, the Netherlands). The VU-AMS is
a lightweight ECG device for ambulatory assessment that is
considered to be a ‘gold standard’ [4, 5]. Although the VUAMS provides excellent opportunities for ambulatory measurements in real-life contexts, application of the electrodes
and setup of the device needs to be done by an expert. Simpler
and less invasive monitoring systems such as wearable wristbands have been developed as a more convenient way to measure physiological parameters. Recent advances in technology, and in particular the development of wearable monitoring
devices, have provided both researchers and lay people with a
simple, non-invasive way to measure HR. The new generation
of health monitoring devices consists of easy wearable devices
that are worn as a smartwatch. Ideally, these wearables are
non-intrusive, robust to movement, and highly accurate [6].
The use of these wearable wristbands in healthcare yields high
expectations, but it is unclear whether these expectations are
warranted [7]. There are several commercially available wristbands that potentially provide a range of HRV parameters,
such as the Empatica E4 wristband [7–9], the Polar watch,
[10, 11], and the Fitbit watch [12–14] among others. These
devices provide a potentially simple and promising tool for
data acquisition in both research and clinical studies [15–18],
but are artefact prone due to movement [2, 15]. Due to their
non-invasive way of monitoring, these devices are in particular suitable for vulnerable populations such as clinical
patients.
Although the reliability and validity of the VU-AMS to
obtain HRV parameters has been established [4, 5], there is
still debate on the validity of wearables as HRV monitoring
systems. The use of these wearables in real-life is in particular challenging as there is considerable amount of
movement, temperature fluctuation, and diurnal variation
in HRV that could influence the recordings and subsequently the utility of the data [2, 16]. Validation studies
are critical to ensure the accuracy, reliability and limitations of wearables before recommending their widespread
adoption as a research tool. Studies testing the Polar V800
[10, 11] and the FitbitChargeHR™ [12] demonstrated that
HR and HRV recordings provided by wearables can be
highly comparable and show high agreement with those
of ECG systems.
Another type of wearable is the Empatica E4 wristband.
Although previous studies suggested that Empatica E4
recordingse are comparable to ECG [8, 9, 19, 20], these studies were no rigorous validation studies and had several limitations. While all compared the Empatica E4 to ECG, none of
these studies used an ambulatory gold standard instruments
such as the VU-AMS as reference device [4, 5]. Second, despite its potential effect on the detection of stress and emotion
[21], only Van Lier et al. [19] provided details about the
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application of the Empatica E4 wristbands. They attached
the Empatica E4 on participants’ left wrists, so they were
unable to make a comparison of different measurement conditions (e.g., left/right hand, dominant/non-dominant hand).
Third, most of these studies included only a few timedomain ANS parameters such as HR and RMSSD. Only
Ollander et al. [9] included frequency-domain measurements
too. None of the previous studies included SDNN, although
SDNN is considered the best parameter for medical stratification of cardiac risk [22]. Fourth and final, the studies of
McCarthy et al. [8], Ollander et al. [9], and Zheng and Poon
[20] were conducted with small sample sizes ranging from one
to seven participants. Only the study of Van Lier et al. [19]
was adequately powered, but their sample consisted of
University students only. In applied research, external validity
is critical. Because of their non-intrusiveness, wearables are a
promising tool for use in clinical research. Yet, it is important
to test the validity of these tools not only under ideal circumstances, but also in clinical settings when deployed in under
real-life routine conditions [23]. Therefore, the present study
aimed to evaluate the accuracy and predictive value of the
Empatica E4 wristband by comparing it to the VU-AMS as
reference golden standard while worn on both wrists in a
clinical population of adolescents in residential care.

Methods
Participants
Data for this study were obtained from a feasibility study
testing three game-based meditation interventions among adolescents in residential care [24]. This study yielded data of
fifteen participants who wore two recording devices during
two experimental testing sessions and twelve intervention sessions. During the experimental testing sessions and at the beginning of each intervention sessions, participants’ baseline
HRV parameters were measured. The intervention sessions
also included at least two measurement moments of participants’ heart rate parameters during short meditation sessions.
For a detailed description of the study protocol see
Schuurmans and colleagues [25]. The sample consisted of
fifteen adolescents (nine males, six females) with a mean
age of 14.46 years (standard deviation [SD] = 2.40).

Sample size
We expected that the recordings of the two measurement devices would be strongly correlated with an effect size of at
least .5 [26]. According to the sample size requirements for
estimating ICCs proposed by Bonett [27], this would require a
sample size of at least 218 cases.
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Although our sample did not consist of a large number of
individual participants, the study did include multiple measurement days for each participant, as suggested by Bonett
[27]. One experimental testing session was conducted before
the start of the intervention and one after the intervention
ended. During these experimental testing sessions, one recording was conducted. During the twelve intervention sessions, at
least two recordings were conducted. Recordings that were
retrieved during the sessions took three-to-five minutes. Data
from one participant was excluded due to a high frequency of
premature atrial complexes (PACs), a common arrhythmia
which is considered a benign phenomenon that could impact
assessments. Two participants dropped out because they refused to continue with the study. In total, 356 identical segments of NN intervals were recorded, which can be considered sufficient.”

Procedure
The current validation study used different levels of validity
assessment, as suggested by Van Lier et al. [19]. They identified three levels of validity assessment: (1) signal level: the
most direct comparison that assesses the capability of a device
to generate the same raw data as the reference device; (2)
parameter level: whether a device produces physiological parameters (e.g. HR) for each individual similar to the reference
device; and (3): event level: a comparison with the reference
device on ability to significantly detect event(s) via group
means. In the current study, the validity of the Empatica E4
was assessed on the signal level with intraclass correlations
(ICCs), cross correlations (CCs) and parameter level with
Bland Altman plots. For the current study, no data were available on the event level.
Ethical review and approval were provided by the CMO
Arnhem-Nijmegen under protocol NL58674.091.16.
Adolescents were recruited within three residential youth care
institutions. All participants gave written informed assent and
their legal guardians gave written consent. Participants were
randomly assigned to one of three conditions: Muse,
Daydream, or Wild Divine Games. Although the conditions
consist of three different interventions, all make use of
meditation-based relaxation techniques and short meditation
sessions. Thus, data recordings of the three interventions were
highly comparable, making these data suitable for validation
of the Empatica E4 wristband. Participants received a 15 euro
gift check at the end of the second experimental testing
session.

Data recording
Recordings were conducted at the pre-test experimental sessions (week 1), the intervention sessions (week 2–7), and at
the post-test experimental session (week 8). Participants wore
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two recording devices during all sessions: the Empatica E4
wristband (Empatica Inc., Cambridge, MA, USA; [8, 9, 19])
and the VU-AMS [4, 5]. Baseline HRV parameters were obtained while participants watched an aquatic video. This is a
common procedure to achieve a measurement of baseline recordings to which to compare the parameters retrieved during
other conditions [28]. Participants were instructed to sit quietly and watch the aquatic video for four minutes. Halfway the
intervention there were two participants who refused to continue with the VU-AMS recordings, due to discomfort with
the electrodes that needed to be applicated and removed each
session. These participants completed the remaining sessions
without VU-AMS recordings.

Empatica E4
The Empatica E4 wristband contains four sensors: (1) an electrode for Electrodermal activity (EDA), (2) 3-axis accelerometer, (3) a temperature sensor, and (4) a photoplethysmography
(PPG) to measure blood volume pulse (BVP) from which it
derives HR and the inter beat interval (IBI) ([29]; see Fig. 1).
Using the Empatica Manager, data were uploaded to Empatica
Connect and raw CSV data were downloaded and analyzed
using Kubios HRV 3.0 [30]. Kubios offers five artefact correction options based on very low to very high thresholds. We
compared Empatica E4 recordings with all five Kubios artefact
correction levels to the VU-AMS recordings and without any
Kubios artefact correction. Recordings without post-hoc artefact correction showed the highest correlation, so no Kubios
artefact correction was used for the analyses. This is not surprising, since the Empatica E4 already uses an algorithm that
removes wrong IBIs [31].

VU-AMS
The VU-AMS is a lightweight ambulatory device that
records the electrocardiogram and changes in thorax impedance from seven electrodes placed on participants’
chest and back. Five electrodes are placed on the chest
and two on the back. Participants need to partially undress
(i.e. lift up their shirt) for placement of the electrodes. The
electrodes are connected to a small device that can be
worn unobtrusively underneath participants’ clothes.
Participants are able to perform their normal daily routines with little constraint in their movements. The ECG
had a sampling rate of 1000 Hz and heart rate was obtained from the time between two adjacent R waves. For a
detailed description of the VU-AMS assessment procedures see Vrije Universiteit [32]. Heart rate data were
extracted and visually inspected for artefacts with the
Data Analysis and Management Software (DAMS) program version 4.0.
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Fig. 1 Block diagram for the
Empatica E4 wristband. Note.
BVP = blood volume pulse,
EDA = electrodermal activity,
HF = high frequency, HR = heart
rate, IBI = inter beat interval,
LF = low frequency, LF/HF =
ratio between low and high
frequency, RMSSD = root mean
squared differences of successive
difference of intervals, SDNN =
standard deviation of the normal
to normal interval

J Med Syst (2020) 44: 190
Empatica E4 sensors

Raw data
Æ

Electrode for EDA

Validated HRV parameters

EDA expressed as
microsiemens (μS)

Æ

BVP

HR
SDNN

Photoplethysmography (PPG)

Æ

IBI

Æ

HR

Æ

RMSSD
LF
HF
LF/HF

3-axis accelerometer

Æ

Acceleration: range -2g, 2g

Temperature sensor

Æ

Temperature expressed on the
Celsius (°C) scale

Data analysis
Time domain analysis concerns the amount of HRV within the
samples. To calculate HRV parameters for time-domain analysis, 343 identical segments of NN intervals were selected
from the VU-AMS and E4 recordings. These metrics include:
–
–
–

RR intervals (RR): the number of detected R waves in the
ECG.
mean HR: average time between two heart beats.
SDNN: the standard deviation of the NN interval, based
on normal sinus beats, thus abnormal beats (e.g. ectopic
beats that originate outside the rights artrium’s sinoatrial
node) are removed. SDNN tends to be higher when the
LF band has more power compared to the HF band [22].
RMSSD: the root mean squared differences of successive
difference of intervals, also based on normal sinus beats.
RMSSD stands for HR beat-to-beat variance and is the
main estimation for PNS mediated changes in HRV [22].

–

High frequency (HF) activity (0.15 to 0.40 Hz) reflects
PNS activity and is highly correlated with RMSSD [22].
The ratio between low and high frequency power (LF/
HF) is an estimation for the ratio between SNS and PNS
activity. LF/HF might provide insight in the relative influence of the SNS and PNS, but there is debate on the
relative relationship of both branches [15].

Statistical Analysis: Accuracy

Frequency-domain analysis allows for estimating sympathetic and parasympathetic contributions of HRV. To calculate HRV parameters for frequency-domain analysis, 243
identical segments of NN intervals were selected from the
VU-AMS and E4 recordings (since frequency-domain analysis requires recordings of at least five minutes). Fast Fourier
transformation allows for separating HRV into components of
the power spectrum:

Descriptive statistics (mean and SD), intraclass correlation
(ICC) and cross-correlations (CC) were calculated for all variables. Cross-correlations of > .80 were considered valid [19].
Normality was assessed by Kolmogorov-Smirnov tests. None
of the variables were normally distributed (all p < .05). MannWhitney tests were used to detect differences between VUAMS and E4 recordings. Effect size values (r) were calculated
for the significantly different outcomes to determine the effect
sizes [26]. Difference factors (DF%) were calculated to give a
difference estimation in terms of percent (XVU-AMS – XE4) /
XVU-AMS as was done by Ollander et al. [9]. Bland-Altman
plots were constructed and 95% limits of agreement (LoA),
where the true value varies, were calculated for all parameters
[33]. Bland-Altman plot analysis provides an evaluation for
the bias between mean differences of two methods, and an
estimation for an agreement interval wherein 95% of the differences of the second method fall, compared to the first.

–

Statistical Analysis: Predictive Validity

–

Low frequency (LF) activity (0.04 to 0.15 Hz). When
measured under resting conditions, like in the present
study, it typically reflects baroreceptor activity, which
helps to maintain blood pressure [22].

To evaluate predictive validity, it was assessed to what extent
recordings provided by the Empatica E4 wristband led to the
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same conclusions as the VU-AMS. We conducted analyses to
assess potential differences between the three game-based interventions. For each condition, Mann-Whitney tests were
conducted to test whether ANS parameters that were recorded
during meditation could be distinguished from those recorded
during rest.
All analyses were conducted four times: with Empatica E4
recordings of the device worn on participants’ left hand, worn
on participants’ right hand, worn on participants’ dominant
hand, and worn on participants’ non-dominant hand. For parsimony, only data of the Empatica E4 recordings on participants’ left hand are reported. Differences with the E4 recordings on the right hand, dominant hand, or non-dominant hand
were minimal, not significant, and did not lead to different
conclusions.

differences were found between the VU-AMS and Empatica
E4 recordings, although effect sizes were small for SDNN,
LF, and HF. Differences for RR, RMSSD, and LF/HF yielded
medium effect sizes. For time domain parameters, the E4 estimates SDNN lower and RMSSD higher than the VU-AMS.
All frequency domain parameters estimated by the E4 were
lower compared to the VU-AMS.
Figure 2A to 2D show Bland-Altman plots for combined
VU-AMS and Empatica E4 recordings on the time-domain
variables: (2A) RR; (2B) HR; (2C) SDNN; and (2D)
RMSSD. Fig. 3A to 3C show Bland-Altman plots for combined recordings on the frequency-domain variables: (3A) LF;
(3B) HF; and (3C) LF/HF. The differences between and the
average of the two measures are represented on the Y-axis and
X-axis, respectively.

Predictive Value

Results
Accuracy
Bivariate correlations between ANS variables are presented in
Table 1. Table 2 shows descriptive statistics, difference factors, LoA and outcomes of Mann-Whitney tests for ANS parameter recordings obtained from both the VU-AMS and the
Empatica E4 during rest and mediation. Highly significant (all
p < .001) and strong ICCs were observed for HR (r = .99),
SDNN (r = .91), RMSSD (r = .89), and HF (r = .88).
Medium yet significant ICCs were observed for RR
(r = .62), LF (r = .72) and LF/HF (r =. 73). The difference
factor for HR was particularly low with 1.60%. Differences
for SDNN, LF, and HF were below 25%, those for RR,
RMSSD, and LF/HF were higher than 25%. Notably, LoA
were small for HR.
There was no difference between VU-AMS and Empatica
E4 recordings for HR. For all other parameters, significant
Table 1

RR
HR
SDNN
RMSSD
LF
HF
LF/HF

Bivariate outcomes between ANS variables
RR

HR

SDNN RMSSD LF

–
.15**
−.11**
−.24**
.02
−.03
−.20**

–
−.58**
−.55**
−.28**
−.41**
.07

–
.88**
.57**
.76**
−.01

–
.35**
.83**
−.11**

HF

LF/
HF

–
.00
–
−.08* −.09* –

Note. ANS = autonomic nervous system, SD = standard deviation, HR =
heart rate, SDNN = standard deviation of the NN interval, RMSSD = root
mean squared differences of successive difference of intervals, LF = low
frequency, HF = high frequency, LF/HF = ratio between low and high
frequency. * p < .05. ** p < .01

Table 3 shows the descriptive statistics for both resting and
meditation ANS parameters per game (Muse, Daydream, Wild
Divine). Separately for each game, Mann-Whitney tests were
conducted to test whether there was a difference in HR,
SDNN, RMSSD, LF, HF, and LF/HF between resting and
meditation ANS parameters. Based on the significant differences, for all parameters but RMSSD, testing outcomes of
Empatica E4 recordings led to the same conclusions as for
testing outcomes of VU-AMS recordings.

Discussion
Key findings
The present study was conducted to evaluate the accuracy and
predictive value of the Empatica E4 wristband by comparing it
to the gold standard VU-AMS in a clinical population of adolescents in residential care. As for accuracy, results show that
Empatica E4 recordings of HR are highly comparable to VUAMS recordings. For the other parameters, significant differences were found, although effect sizes were small for SDNN,
LF, and HF. The Empatica E4 has good predictive value for
all ANS parameters except for RMSSD. The statistical tests
indicated that the results of the Empatica E4 and VU-AMS
were comparable in distinguishing between resting and
meditation.
The Empatica E4 performs excellent in estimating HR.
Empatica uses two algorithms to detect heartbeats based
on the blood volume pulse. Empatica [34] states that their
goal is to only detect beats of which they are certain. As a
result of movement, pressure, or not wearing the device
tight enough, the E4 fails to detect all beats resulting in
data loss, and hence, misses the IBI on which the more
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Table 2

RR
HR
SDNN
RMSSD
LF
HF
LF/HF
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Signal comparison of ANS parameters obtained from VU-AMS and Empatica E4 recordings (N = 345)
VUAMS
M

Empatica E4
SD

M

SD

DF%

ICC

CC

LoA

U

p

ES

345.05
84.64
63.24
49.99
1556.82
2126.21
3.40

163.53
11.85
35.16
45.75
2427.98
4977.59
4.90

213.97
83.28
56.94
66.28
1299.13
1674.06
1.53

147.14
11.62
43.08
43.08
1658.38
2733.47
1.94

37.99
1.61
9.96
32.59
16.55
21.27
55.13

.62*
.99*
.91*
.89*
.72*
.88*
.73*

.46
.60
.44
.47
.32
.33
.29

−129.88 to 399.69
−2.47 to 5.18
−22.40 to 32.87
−58.06 to 23.24
−3089.23 to 3528.61
−4998.61 to 5496.62
−5.71 to 9.62

29,004.00
56,856.00
54,150.00
36,230.00
54,306.50
54,865.00
28,618.00

< .001
.115
.010
< .001
.009
.017
< .001

.46
.06
.10
.35
.10
.09
.46

Note. ANS = autonomic nervous system, CC = cross-correlation, DF% = difference factor %, ES = effect size: r, HF = high frequency, HR = heart rate,
ICC = intraclass correlation, LF = low frequency, LF/HF = ratio between low and high frequency, LoA = Limits of Agreement, M = mean, RMSSD =
root mean squared differences of successive difference of intervals, SD = standard deviation, SDNN = standard deviation of the NN interval, U = MannWhitney between groups effect size. * p < .01

Fig. 2 a to d: Bland-Altman Plots: Time-domain parameters. Note. HR = heart rate, RMSSD = root mean squared differences of successive difference of
intervals, SDNN = standard deviation of the NN interval
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Fig. 3 a to c: Bland-Altman Plots: Frequency-domain parameters. Note. HF = high frequency, LF = low frequency, LF/HF = ratio between low and high
frequency

complex calculations of HRV parameters are based. This
loss of data resulted in the relatively large difference
(37.5%) in RR detection between the Empatica E4 and
the VU-AMS. This is comparable with other studies, for
example, Van Lier et al. [19] reported an artefact percentage of 45% in their data.
Yet, the results indicate that in situations where participants
show minimal movement, as in our study, Empatica E4 recordings of HR and SDNN are highly accurate, although the
Empatica E4 recordings are probably a slight underestimation
of the real SDNN values (given that the VU-AMS provides
higher, and presumbly more accurate, values). Surprisingly,
the RMSSD recordings, seem unreliable, since these not only
differ substantially from the VU-AMS values, but also lead to
different outcomes of statistical tests. Regarding the
frequency-domain parameters, LF and HF perform most
promising with minor differences from the VU-AMS
recordings.

Comparison to other studies
Zheng and Poon [20] and McCarthy et al. [8] did not provide
any parameters besides heart rate. Like Ollander et al. [9], we
calculated difference factors as an estimation of the difference
between recordings of the two devices. Similar to their results,
in our study difference factors for time domain parameters
were very low for HR and higher for the time domain parameter RMSSD. Unfortunately, they did not report SDNN.
Regarding the frequency domain parameters, our results for
LF were comparable, but our DF% was lower for HF and
higher for LF/HF. It should be noted that their sample was
very small, so no strong inferences about their findings can be
drawn.
Of all previous studies, Van Lier et al. [19] provided
the most extensive validation. Unfortunately, for time domain parameters, they only reported RMSSD and means
and SDs for the RR intervals. Although they reported that
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Differences between resting and meditation ANS parameters obtained from the VU-AMS and Empatica E4 per condition
Baseline ANS
VU-AMS
M

HR
Muse
Daydream
Wild Divine
SDNN
Muse
Daydream
Wild Divine
RMSSD
Muse*
Daydream*
Wild Divine
LF
Muse
Daydream
Wild Divine
HF
Muse
Daydream
Wild Divine
LF/HF
Muse
Daydream
Wild Divine

SD

ANS during meditation

Testing for differences

Empatica E4

VU-AMS

Empatica E4

VU-AMS

M

M

M

U

p

SD

SD

SD

Empatica E4
U

p

89.98
88.83
77.50

12.25
7.09
9.50

88.44
86.74
75.92

12.51
7.70
9.93

85.36
84.90
75.73

12.94
7.59
7.43

83.79
82.87
75.28

12.18
7.88
8.30

3449.00
444.00
595.00

< .001
.012
.597

3435.5
423.50
559.00

.002
.008
.995

49.45
43.22
104.94

18.49
15.50
43.64

45.85
41.82
95.09

17.03
15.97
49.34

49.37
56.97
119.37

15.34
16.11
38.34

46.68
52.89
99.23

13.53
16.71
31.42

4794.00
325.00
488.00

.881
< .001
.086

4358.00
412.50
445.50

.420
.007
.155

29.54
27.47

15.97
13.06

54.09
51.03

23.82
21.10

37.27
37.61

19.19
14.41

54.69
59.15

22.74
18.42

3652.00
368.00

.001
.001

4555.50
506.00

.756
.089

110.55

74.30

121.88

84.30

109.25

62.25

105.71

56.59

638.00

.954

524.00

.662

915.34
532.34
1695.82

889.27
394.17
889.49

802.51
633.43
1778.18

766.86
609.70
1124.74

821.87
1254.81
5840.89

684.10
1019.76
5071.62

760.74
1392.24
4051.13

722.40
1295.98
2945.14

1688.00
283.00
506.00

.986
< .001
< .001

4615.00
369.00
253.00

.838
.001
< .001

345.65
371.61
8259.74

405.47
373.80
9113.69

663.57
694.93
5093.93

613.32
645.88
5191.74

581.32
755.15
7051.98

599.53
754.40
7527.71

919.47
1172.21
4792.88

867.93
980.27
4401.17

1175.00
367.00
357.00

.005
.004
.569

3672.50
444.00
547.00

.010
.016
.877

5.63
2.10
0.69

7.28
1.56
0.68

1.74
1.11
0.60

1.82
0.68
0.51

3.08
2.40
3.75

4.03
1.80
4.30

1.42
1.42
2.68

1.71
0.96
3.69

1184.00
530.00
234.00

.006
.328
.008

3906.50
561.00
354.00

.049
.272
.008

Note. ANS autonomic nervous system, SD standard deviation, HR heart rate, SDNN standard deviation of the NN interval, RMSSD root mean squared
differences of successive difference of intervals, LF low frequency, HF high frequency, LF/HF ratio between low and high frequency. * = different
testing outcomes based on VU-AMS and Empatica E4 recordings

data of the Empatica E4 can be considered valid for HR
and RMSSD, we cannot make a comparison on SDNN,
another value besides HR that we considered as very
promising. Regarding validity on parameter level, our
findings with respect to HR show – in line with findings
of Ollander et al. [9], McCarthy et al. [8], [20], and Van
Lier et al. [19] – that the Empatica E4 suited for
estamating HR.
When we compare our results to the Polar validation studies of Giles et al. [11] and Caminal et al. [10], it can be noted
that our correlations – although significant – are lower than the
correlations of the Polar V800 and ECG recordings. These
studies did not report mean HR, but for all other parameters,
both time and frequency domain, the LoA reported in our
study were wider. However, although these studies did use
ECG to compare the Polar V800 to, these were not gold standard devices such as the VU-AMS or the Biopac.

Empatica E4 removal of artefacts
The PPG sensor of the Empatica E4 has LEDs that produce
light oriented towards the skin. The light receiver measures
the portion of the light that is reflected back. Therefore, the
sensor requires direct contact with the skin and is sensitive to
motion artefacts and incorrect placement [35, 36]. The
Empatica E4 automatically removes these artefacts from the
data, which results in shorter recordings. We found a difference score of approximately 40% in recording time between
the VU-AMS and the Empatica E4, although there was minimal movement during the recordings and Empatica states that
measurements in static condition could use IBI data as provided [37]. The large amount of missing IBI data suggests that the
Empatica E4 is highly sensitive to motion and motion artefacts, which impedes in particular its applicability for longterm recordings in daily life and experimental conditions that

J Med Syst (2020) 44: 190

include exercise or movement. Artefacts in real-life situations
are expected to have a significant influence on parameter estimation, which warrants further research on wearable, wristworn devices.

Strengths and limitations
Although four previous studies have provided a preliminary
examination of the Empatica E4, this is, to our knowledge, the
first study examining the validity of the Empatica E4 wristband while worn on both wrists and compared with a gold
standard ECG device. The study was conducted with fifteen
participants, but due to the repeated recording moment, our
sample for time-domain analysis included 345 recording segments, which can be considered a valid sample size to validate
ANS parameters [19]. Moreover, this study was conducted in
a clinical population of adolescents in residential care and thus
requires minimal translation to be relevant for clinical care.
While posing substantial scientific challenges, research in
clinical contexts is critical for practical innovation. We need
to be aware of both the practical advantages and limitations of
wearable HRV monitoring devices to decide whether these
devices can be used in clinical care. For example, it should
be noted that halfway the study, two participants refused to
continue with the VU-AMS recordings due to discomfort,
while they were willing to complete the remaining sessions
wearing only the Empatica E4 wristbands. This illustrates the
major practical advantage of wearable monitoring devices:
wristbands do not require the application of electrodes and
are non-intrusive, comfortable, and easy to wear.
To conduct the analyses for this study, we used data from a
feasibility study that focused on measuring HR and HRV.
While the Empatica E4 also measures EDA, XYZ raw acceleration, and skin temperature, the available data did not include these parameters. In particular EDA is a useful measure
of sympathetic activation [38]. We have to refrain from drawing strong conclusions regarding the validity of the Empatica
E4 only based on its HR and HRV data. Future validation
studies should include assessments of the other parameters
provided by the Empatica E4, and possibly combine information from different parameters to see whether combinations
could be even more informative. Also, our recordings were
made under static conditions while participants were at rest.
While informative as a first step toward validation of the
Empatica E4, future research that include gold a standard reference device could focus on its ability to distinguish between
states of stress and states of rest, and its recording quality
when participants do not sit still. As our measurements did
not include a stressor that was expected to prompt physiological changes, we were unable to assess validity on the event
level.
In this validation study we used Kubios to process the
Empatica E4 recordings, as recommended by Empatica [39].
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For the VU-AMS recordings, we used the DAMS program
that was developed to analyze VU-AMS recordings (Vrije
[32]). The reported differences between the Empatica E4
and VU-AMS recordings may – partly – be caused by software differences in processing and calculating HR and HRV
parameters. In particular for frequency domain parameters, the
use of different mathematical methods could lead to different
results [40]. It is noteworthy that in this study, the Empatica
E4 performed worst on the frequency domain parameters.
Although it is possible to analyze VU-AMS recordings in
Kubios, we decided not to since this would deviate from the
gold standard method that we wanted to compare the
Empatica E4 to. Agreement between the two devices might
have been higher when VU-AMS recordings were also analyzed with Kubios.

Conclusions
The development of wearable health technology provides new
opportunities to measure HRV with easy-to-use devices such
as the Empatica E4 wristband in clinical practice. Findings of
the present study indicate that the Empatica E4 is practical and
feasible for recording a limited set of ANS parameters. The
strong correlations and agreement found between Empatica
E4 and VU-AMS recordings for mean HR and SDNN suggest
its potential as a valid tool for research on HR and HRV while
people are at rest. While more research needs to be conducted,
this study could be considered as a first step to support the use
of HRV recordings provided by wearables.
Code Availability To retrieve the syntaxes of the analyses that were conducted in this study, the first author can be contacted.
Funding The study is external and not industry funded by the Dr. Couvee
Fonds and the Innovatiefonds Zorgverzekeraars.
Data Availability Data are not available. Since these data were conducted
in a clinical sample, the ethics committee required limited data access.

Compliance with Ethical Standards
Conflict of Interest The authors declare that they have no competing
interests.
Ethics Approval The ethics committee of the CMO Arnhem-Nijmegen
approved this study.
Consent to Participate We have obtained verbal and written assent from
all participants and written consent from their legal guardians.
Consent for Publication Informed consent for publication of anonymous data was obtained from participants and their legal guardians.
Abbreviations ANS, autonomic nervous system; CC, cross-correlations; ECG, electrocardiography; HF, high frequency; HR, heart rate;

190 Page 10 of 11
HRV, heart rate variability; LF, low frequency; LF/HF, ratio between low
and high frequency; NN, normal-to-normal; PNS, parasympathetic nervous system; SD, standard deviation; SDNN, standard deviation of the
NN interval; SNS, sympathetic nervous system; RMSSD, root mean
squared differences of successive difference of intervals
Open Access This article is licensed under a Creative Commons

Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were
made. The images or other third party material in this article are included
in the article's Creative Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included in the article's
Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

References
1.

2.

3.

4.

5.

6.

7.

8.

9.

10.

Chapleau, M. W., & Sabharwal, R. (2011). Methods of assessing
vagus nerve activity and reflexes. Heart Failure Reviews, 16, 109127.
De Looff, P. C., Cornet, L. J. M., Embregts, P. J. C. M., Nijman, H.
L. I., & Didden, H. C. M. (2018). Associations of sympathetic and
parasympathetic activity in job stress and burnout: A systematic
review. PLoS ONE, 13(10): e0205741.
McCrathy, R., & Shaffer, F. (2015). Heart rate variability: new
perspectives on physiological mechanisms, assessment of selfregulatory capacity, and health risk. Global Advances in Health
and Medicine, 4, 46-61.
De Geus, E. J. C., Willemsen, G. H. M., Klaver, C. H. A. M., & Van
Doornen, L. J. P. (1995). Ambulatory measurement of respiratory
sinus arrhytmia and respiration rate. Biological Psychology, 41,
205-227.
Willemsen, G. H. M., De Geus, E. J. C., Klaver, C. H. A. M., Van
Doornen, L. J. P., & Carroll, D. (1996). Ambulatory monitoring of
the impedance cardiogram. Psychophysiology, 33, 184-193.
García-Gonzalez, M. A., Fernández-Chimeno, M., GuedeFernández, F., Ferrer-Mileo, V., Argelagós-Palau, A., …, RamosCastro, J. (2016). A methodology to quantify the differences between alternative methods of heart rate variability measurement.
Physiological Measurement, 37, 128-144.
Garbarino, M., Lai, M., Bender, D., Picard, R. W., & Tognetti, S..
Empatica E3 – A wearable wireless multi-sensor device for realtime computerized biofeedback and data acquisition. In EAI 4th
International Conference on Wireless Mobile Communication and
Healthcare – “Transforming healthcare through innovations in
mobile and wireless technologies”, 39-42. (2014)
McCarthy, C., Pradhan, N., Redpath, C., & Adler, A.. Validation of
the Empatica E4 wristband. Proceedings of the 2016 IEEE EMBS
International Student Conference (ICS), Ottawa, ON, Canada, 2931 May 2016, 1-4. (2016)
Ollander, S., Godin, C., Campagne, A., & Charbonnier, S.. A comparison of wearable and stationary sensors for stress detection.
Proceedings of the IEEE International Conference on Systems,
Man, and Cybernetics, Budapest, Hungary, 9-12 October 2016,
1-5 (2016).
Caminal, P., Sola, F., Gomis, P., Guasch, E., Perera, A., Soriano,
N., & Mont, L. (2018). Validity of the Polar V800 for measuring
heart rate variability in mountain running route conditions.
European Journal of Applied Physiology, 118, 669-677.

J Med Syst (2020) 44: 190
11.

Giles, D., Draper, N., & Neil, W. (2016). Validity of the Polar V800
heart rate monitor to measure RR intervals at rest. European
Journal of Applied Physiology, 116, 563-571.
12. De Zambotti, M., Baker, F. C., Willoughby, A. R., Godino, J. G.,
Wing, D., Patrick, K., & Colrain, I. M. (2016). Measures of sleep
and cardiac functioning during sleep using a multi-sensory commercially-available wristband in adolescents. Physiology and
Behavior, 158, 143-149.
13. Diaz, K. M., Krupka, D. J., Chang, M. J., Peacock, J., Ma, J.,
Goldsmith, J., Schwartz, J. E., & Davidson, K. W. (2015).
Fitbit®: An accurate and reliable device for wireless physical activity tracking. International Journal of Cardiology, 185, 138-140.
14. Kang, S., Kang, J. M., Ko, K., Park, S., & Mariani, S. (2017).
Validity of a commercial wearable sleep tracker in adult insomnia
disorder patients and good sleepers. Journal of Psychosomatic
Research, 97, 38-44.
15. Jarczok, M. N., Jarczok, M., Mauss, D., Koenig, J., Li, J., Herr, R.
M., & Thayer, J. F. (2013). Autonomic nervous system activity and
workplace stressors—A systematic review. Neuroscience &
Biobehavioral Reviews, 37(8), 1810–1823
16. Kamath, M. V., Watanabe, M., & Upton, A.. Heart Rate Variability
(HRV) Signal Analysis: Clinical Applications. CRC Press (2016).
17. Trimmel, K., Sacha, J., & Huikuri, H. V.. Heart Rate Variability:
Clinical Applications and Interaction between HRV and Heart
Rate. Frontiers Media SA (2015).
18. Trotman, G. P., Williams, S. E., Quinton, M. L., & Veldhuijzen van
Zanten, J. J. C. S. (2018). Challenge and threat states: Examining
cardiovascular, cognitieve and affective responses to two distinct
laboratory stress tasks. International Journal of Psychophysiology,
126, 42-51.
19. Van Lier, H. G., Pieterse, M E., Garde, A., Postel, M. G., De Haan,
H. A., … & Noordzij, M. L. (2019). A standardized assessment
protocol for physiological signals from wearable technology:
Methodological underpinnings and an application to the E4 biosensor. Behaviour Research Methods. https://doi.org/10.3758/s13428019-01263-9
20. Zheng, Y., & Poon, C. C. Y. (2016). Wearable devices and their
applications in surgical robot control and p-medicine. In 2016 IEEE
20th International Conference on Computer Supported Cooperative
Work in Design (CSCWD) (659-663). Piscataway: IEEE Press.
21. Picard, R. W., Fedor, S., & Ayzenberg, Y. (2015). Multiple arousal
theory and daily-life electrodermal activity asymmetry. Emotion
Review, 8, 62-75.
22. Shaffer, F., & Ginsberg, J. P. (2017). An overview of heart rate
variability metrics and norms. Frontiers in Public Health, 5:258.
23. Steckler, A., & McLeroy, K. (2008). The importance of external
validity. American Journal of Public Health, 98(1), 9–10.
24. Schuurmans, A. A. T., Nijhof, K. S., Scholte, R., Popma, A., &
Otten, R. (2020). A novel approach to improve stress regulation
among traumatized youth in residential care: feasibility study testing three game-based meditation interventions. Early Intervention
in Psychiatry, 14(4), 476–485.
25. Schuurmans, A. A. T., Nijhof, K. S., Scholte, R., Popma, A., &
Otten, R. (2020). Effectiveness of game-based meditation therapy
on posttraumatic stress and neurobiological stress reactivity in traumatized adolescents: study protocol for a randomized controlled
trial. JMIR Reseearch Protocols. https://doi.org/10.2196/preprints.
19881.
26. Cohen, J. W. (1988). Statistical Power Analyses for the Behavioral
Sciences (2nd ed.). Hillsdale: Lawrence Erlbaum Associate.
27. Bonett, D. G. (2002). Sample size requirements for estimating
intraclass correlations with desired precision. Statistics in
Medicine, 21, 1331-1335.
28. Piferi, R. L., Kline, K. A., Younger, J., & Lawler, K. A. (2000). An
alternative approach for achieving cardiovascular baseline: viewing

J Med Syst (2020) 44: 190

29.
30.

31.

32.

33.

34.

an aquatic video. International Journal of Psychophysiology, 37,
207-217.
Empatica. E4 wristband User’s manual. Retrieved at 11.04.2018
from https://empatica.app.box.com/v/E4-User-Manual (2018a)
Tarvainen, M. P., Niskanen, J. P., Lipponen, J. A., Ranta-Aho, P.
O., & Karjalainen, P. A. (2014). Kubios HRV – heart rate variability analysis software. Compyter Methods and Programs in
Biomedicine, 113, 210-220.
Empatica. How is IBI.csv obtained? Retrieved at 11.02.2019 at
https://support.empatica.com/hc/en-us/articles/201912319-How-isIBI-csv-obtained- (2018b)
Vrije Universiteit. Data analysis and management software
(DAMS) for the Vrije Universiteit Ambulatory Monitoring
System (VU-AMS). Manual version 1.3. Retrieved on
04.08.2019 at http://www.vu-ams.nl/fileadmin/user_upload/
manuals/VU-DAMS_manual_v1.3.pdf (2015)
Bland, J. M., & Altman, D. G. (1986). Statistical methods for
assessing agreement between two methods of clinical measurement. Lancet, 1, 307-310.
Empatica. What should I know to use the PPG/IBI data in my
experiment? Retrieved at 11.02.2019 at https://support.empatica.
com/hc/en-us/articles/203621335-What-should-I-know-to-use-thePPG-IBI-data-in-my-experiment- (2019)

Page 11 of 11 190
35.

Allen, J. (2007). Photoplethysmography and its application in clinical physiological measurement. Physiological Measurement, 28,
R1-R39.
36. Zheng, Y., Ding, X., Poon, C. C., Zhang, H., Zhou, X. …, Sang, Y.
(2014). Unobtrusive sensing and wearable devices for health informatics. IEEE Transactions on Biomedical Engineering, 61, 15381554.
37. Empatica. What should I know to use the PPG/IBI data in my
experiment? Retrieved at 07.08.2018 at https://support.empatica.
com/hc/en-us/articles/203621335-What-should-I-know-to-use-thePPG-IBI-data-in-my-experiment- (2018c)
38. Boucsein, W.. Electrodermal activity (2nd eds.). New York:
Springer. (2012)
39. Empatica. Recommended tools for signal processing and data analysis. Retrieved at 09.08.2018 at https://support.empatica.com/hc/
en-us/articles/202872739-Recommended-tools-for-signalprocessing-and-data-analysis (2018d)
40. Radespiel-Tröger, M., & Rauh, R. (2003). Agreement of two different methods for measurement of heart rate variability. Clinical
Autonomic Research, 13, 99-102.
Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

