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Abstract

Background: Heart rate (HR) and heart rate variability (HRV) measurements are widely used to monitor stress and recovery
status in sedentary people and athletes. However, effective HRV monitoring should occur on a daily basis because sparse
measurements do not allow for acompl ete view of the stress-recovery balance. Morning electrocardiography (ECG) measurements
with HR straps are time-consuming and arduous to perform every day, and thus compliance with regular measurements is poor.
Contact-free, ballistocardiography (BCG)-based Emfit QSiseffortlessfor daily monitoring. However, to the best of our knowledge,
thereis no study on the accuracy of nocturnal HR and HRV measured via BCG under real-life conditions.

Objective: Theam of this study was to evaluate the accuracy of Emfit QS in measuring nocturnal HR and HRV.

Methods: Healthy participants (n=20) completed nocturnal HR and HRV recordings at home using Emfit QS and an ECG-based
reference device (Firstbeat BG2) during sleep. Emfit QS measures BCG by aferroelectret sensor installed under a bed mattress.
HR and the root mean square of successive differences between RR intervals (RMSSD) were determined for 3-minute epochs
and the sleep period mean.

Results: A trivial mean bias was observed in the mean HR (mean —0.8 bpm [beats per minute], SD 2.3 bpm, P=.15) and Ln
(natural logarithm) RM SSD (mean —0.05 ms, SD 0.25 ms, P=.33) between Emfit QSand ECG. In addition, very large correlations
were found in the mean values of HR (r=0.90, P<.001) and Ln RMSSD (r=0.89, P<.001) between the devices. A greater amount
of erroneous or missing data (P<.001) was observed in the Emfit QS measurements (28.3%, SD 14.4%) compared with the
reference device (1.1%, SD 2.3%). The results showed that 5.0% of the mean HR and Ln RM SSD values were outside the limits
of agreement.

Conclusions; Based on the present results, Emfit QS provides nocturnal HR and HRV data with an acceptable, small mean bias
when calculating the mean of the sleep period. Thus, Emfit QS has the potential to be used for the long-term monitoring of
nocturnal HR and HRV. However, further research is needed to assess reliability in HR and HRV detection.

(JMIR Biomed Eng 2020;5(1):€16620) doi: 10.2196/16620
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College of Sports Medicine, wearable technology is the most
popular fitness trend of 2019 [1]. Data from everyday life can
Technological development has brought forth numerous apps, 0 €asily recorded by wearable solutions. Because of the
gadgets, and high-tech solutions designed to enhance health, 9"OWing use of wearable technologies, it has become important

fitness, and performance. Based on a survey by the American to determine their validity. However, more than half of the
devices currently used to monitor and improve personal health
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and sports performance have not been validated through
independent research [2].

Over the past several decades, heart rate (HR) has been used to
monitor physiological stress and workload during exercise [3].
Recently, heart rate variability (HRV) measurements has been
growing in popularity. HRV reflects the activity of cardiac
autonomic regulation and can be used in the monitoring of stress
and recovery status[4-6]. Traditionally, HR has been determined
through the process of e ectrocardiography (ECG) by measuring
the electrical activity of the heart. A 12-lead ECG, with
electrodes attached to the body surface, is widely used in
medical examinations. Traditional HR monitors allow for
real-time measurement, using a chest strap with wireless ECG
sensors [3]. Nowadays, HR can also be measured optically by
photopl ethysmography (PPG) with wearables, such aswatches
and mobile phones[7,8]. In addition, HR can be determined by
ballistocardiography (BCG), which measures ballistic forces
on the heart arising from the sudden gjection of blood into the
great vessels with each heart beat [9]. It is a long-established,
noninvasive technique that uses several types of sensors like
pressure sensors, film-type force sensors, microbend fiber optic
BCG sensors, electromechanical film transducer sensors,
piezoelectric film sensors, polyvinylidene fluoride sensors,
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strain gauges, and pneumatic and hydraulic sensors [10]. The
novel sensor technologies may detect HR and HRV more
accurately. In addition, several different algorithms are being
used to detect BCG peaks, each with differing detecting abilities
[11]. However, previous studies have been conducted under
laboratory conditions. Thus, it is necessary to evaluate the
validity of BCG measurements under real-life conditions.

Emfit QS is a BCG-based commercial device for monitoring
dleep and recovery. An EMFi sensor (6 cm x 55 cm in size)
installed under a bed mattress can detect HR, HRV, breathing,
and other body movements (Figure 1 [12]). Emfit QS
measurement starts automatically shortly after the user goesto
bed and stops recording once they have left the bed in the
morning. Data are transferred viaa Wi-Fi or 3G network to the
internet, and the results can be accessed from a smartphone,
tablet, or computer shortly after awakening. Thus, it is a
contact-free, effortless, and user-friendly method with the
capacity toimprove user compliance on adaily basis. However,
to the best of our knowledge, there is no previously published
data on measuring BCG-based nocturnal HR and HRV under
real-life conditions. Thus, the aim of this study was to evaluate
the accuracy of Emfit QS in measuring HR and HRV during
sleep, alongside an ECG-based device as areference.

Figure 1. Correct placement of the Emfit QS sensor beneath the mattress or mattress topper under the chest area. Source: Emfit Ltd [12].

Methods

Participants

A total of 20 participants were recruited to the study. Women
(n=11; mean age 34 yrs, SD 7 yrs; mean height 1.69 m, SD 0.05
m; mean weight 67 kg, SD 10 kg) and men (n=9; mean age 42
yrs, SD 8 yrs; mean height 1.80 m, SD 0.06 m; mean weight
78 kg, SD 3 kg) were healthy (eg, no disease) and nonsmokers,
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and did not take medication on aregular basis. The participants
were fully informed about the study design and the use of
measurement devices before signing an informed consent
document. The study complies with the standards set by the
Ethics Committee of the University of Jyvaskyld, Finland.

Data Collection

Nocturnal recordings were taken at home during sleep.
Recordings began shortly after participants went to bed and
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stopped once they left their bed in the morning. Before thefirst
recording, Emfit QS's own proprietary cellular ferroelectret
sensor was placed beneath the mattress or mattresstopper under
chest area (Figure 1). Thereference RR interval (RRI) datawere
recorded with Firstbeat Bodyguard 2 (BG2), an ECG-based
recorder with two disposable electrodes and a sampling
frequency of 1000 Hz. BG2 and its electrodes were set up on a
participant’s body according to instructionsin the user manual.
The accuracy of BG2 was previously evaluated in laboratory
protocol studies by Parak et al [13] and Bogdany et al [14], and
in our unpublished study, which showed perfect agreement in
the detection of RRIs (r=1.00) during a 30-minute rest period
with Custo Cardio 100BT, a 12-channel ECG device (Custo
med GmbH). The participants recorded the data over 3
consecutive nights, and the last recording was used in the
analysis. Before measurementsweretaken, time synchronization
was performed on the devices.

Data Analysis

Emfit QS provides HR, the vagal-related HRV index, and the
root mean square of successive differences (RMSSD) in RRIs
throughout the sleep period in 3-minute epochs. If heart beat
detection is disturbed due to a poor signal or artifacts any time
during this period, data are not collected. The RRI data of BG2
were analyzed using the Firstbeat Sports software (Firstbeat
Technologies Ltd). RRIswere checked by an artifact detection
filter of the Firstbeat Sports software [15] and subsequently
excluded all falsely detected, missed, and premature heart beats
caused by movement artifacts or any other artifacts of unknown
origin. HR and RMSSD values were calculated for each
3-minute epoch throughout the measurement. Averages of the
whole night period, which were used in the analysis, were
calculated from those 3-minute values. Emfit QS and BG2 data
were synchronized according to the time stamp. In addition to
HR and RMSSD data, the amount of missing data was
calculated.

Statistical Analysis

Values are expressed as mean (SD). Averages of the whole
night period were calculated from the 3-minute epochs. The
Gaussian distribution of the data was assessed with the
Shapiro-Wilk goodness-of-fit test. Ln (natural logarithm)-
transformation was applied to the RM SSD datain order to meet
the assumptions of the parametric statistical analysis. The
accuracy of HR and RMSSD measured by Emfit QS was
evaluated by determining the amount of missing data, the mean
bias (absolute and percentage), and the root mean square error
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(RMSE) compared with the reference (BG2). Statistical
difference between the measurements of BG2 and Emfit QS
was analyzed using a paired Student t test. In addition, the
magnitude of the differences was expressed as effect size (ES).
The difference was considered trivial when ES<0.2, small when
ES<0.6, moderate when ES<1.2, large when ES<2.0, and very
largewhen ES>2.0. A Pearson product-moment correlation and
a Bland-Altman plot were used to analyze agreement between
the reference and Emfit QS data. A Spearman rank correlation
coefficient was cal culated to investigate the correl ation between
the absolute differences (reference minus Emfit QS) and the
average of the devices for HR and Ln RMSSD. In addition to
the measures of statistical significance, the following criteria
were adopted to interpret the magnitude of the correlation
between measurement variables: <0.10 (trivial), 0.11-0.30
(small), 0.31-0.50 (moderate), 0.51-0.70 (large), 0.71-0.90 (very
large), and 0.91-1.0 (almost perfect) [16]. Significance was
accepted as P<.05. Data were analyzed using SPSS Statistics
25 software (IBM Corp).

Results

No significant differences were found in HR (mean difference
—1.7%, SD 4.6%, P=.15) and Ln RMSSD (mean difference
—2.0%, SD 6.5%, P=.33) between the measurements by ECG
(BG2) and BCG (Emfit QS) (Figure 2 and Table 1). A greater
amount of erroneous or missing data (P<.001) wasfoundinthe
3-minute values of Ln RMSSD by Emfit QS (mean 28.3%, SD
14.4%) compared with the reference device (mean 1.1%, SD
2.3%). Very large correlations were found in HR and Ln
RMSSD between the devices (Figure 3). Bland-Altman plots
detailing the differences in the mean HR and Ln RMSSD
between the reference and Emfit QS areshownin Figure 4. The
Spearman rank correlation coefficient between the absolute
differences and the average of the devices was r=0.39 (P=.09)
for HR and r=0.53 (P=.02) for Ln RMSSD.

No differences were found in the 3-minute averaged HR values
between the recordings of the reference device and Emfit QS
(Figure 5). Significant differences in Ln RMSSD were found
between the devices at 4 time points: 15 minutes (P=.01), 57
minutes (P=.05), 171 minutes (P=.04), and 450 minutes (P=.03).
A very large correlation (r=0.72, P<.001) was found in the
3-minute averaged HR, and alarge correlation (r=0.58, P<.001)
was found in Ln RMSSD between the reference device and
Emfit QS.

JMIR Biomed Eng 2020 | vol. 5 | iss. 1| €16620 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOMEDICAL ENGINEERING Vesterinen et &

Figure 2. (A) Mean nocturnal heart rate (HR) and (B) the natural logarithm of the root mean square of successive differences between RR intervals
(LNnRMSSD), measured by el ectrocardiogram (the reference) and ballistocardiogram (Emfit QS) (n=20). Box plots represent median values (solid line),
50th percentile values (box outling), and minimal and maximal values (whiskers).
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Table 1. Comparison between the mean (SD) values of Emfit QS and the reference device.

Variable Bias® (absolute), mean (SD)  Bias® (%), mean (SD) ~ RMSEP Effect size
HR® (bpm) -08(2.3) -1.7 (4.6) 24 0.16 (trivial)
Ln RMSsDY (ms) —-0.05 (0.25) -2.0(6.5) 0.25 0.14 (trivial)

3Bias: the difference between the reference and Emfit QS.

PRMSE: the root mean square error.

°HR: heart rate.

dLn RMSSD: natural logarithm of the root mean square of successive differences.

Figure 3. Correlation of the mean (A) heart rate (HR) and (B) the natural logarithm of the root mean square of successive differences (Ln RMSSD)
between RR interval's between electrocardiogram (the reference) and ballistocardiogram (Emfit QS). The dashed line represents the line of equivalence
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Figure4. A Bland-Altman plot comparing the reference mean to that of Emfit QS: (A) heart rate (HR) and (B) the natural logarithm of the root mean
square of successive differences (Ln RMSSD) between RR intervals.
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Figure5. Nocturna (A) heart rate (HR) (n=17-20) and (B) the natural logarithm of the root mean square of successive differences (Ln RMSSD) between
RR intervals (n=9-19) in 3-minute epochs during sleep between recordings of electrocardiogram (the reference) and ballistocardiogram (Emfit QS).
Significant difference between the devices noted (P<.05).
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Discussion

Principal Results

To the best of our knowledge, this study is the first to evaluate
the accuracy of BCG-based nocturna HR and HRV
measurements under real-life conditions. The main finding of
this study is that BCG-based Emfit QS showed a trivial mean
biasin nocturna mean HR (1.7%, ES=0.16) and RM SSD (2.0%,
ES=0.14) compared with the ECG-based reference device. In
addition, the correlation coefficient showed good agreement
(r=0.89-0.90) between the devices. Terbizan et al [17] suggested
aminimum correlation of 0.9 for heart monitorsto beclinically
reliable. However, it needs to be acknowledged that a high
correlation coefficient does not solely represent good agreement
inall cases[18].

Comparison With Prior Work

Choe and Cho [19] found an RMSE of 1.8 bpm (beats per
minute) for HR measured over a 15-minute rest period by a
piezoelectric sensor (BCG) under laboratory conditions. The
error was slightly smaller compared with that in our study (2.4
bpm). In addition, Xie et a [20] reported a 0.90 bpm mean
absolute error in HR detection by a BCG sensor placed under
a chair during 15-minute recordings and a greater correlation
(r=0.98) compared with the present study. In previous studies,
the participants were instructed to avoid movement since
muscular activity may cause measurement errors in BCG. In
this study, the measurements were carried out at home under
real-life conditions. During sSleep, movement can have
interfering effectson HR and HRV detection, which can explain
the dlightly higher error and the amount of missing datain the
present study.

For valid HRV determination, consecutive heart beats must be
detected with ahigh degree of accuracy. Shin et al [21] observed
a 5% relative error and a strong correlation (r=0.97) in a
time-domain analysis of HRV by BCG and ECG. Wang et a
[22] observed perfect correlations (r=0.99-1.00) in HRV
variables between BCG and ECG. The authors concluded that
HRV can be measured reliably with BCG. In this study, the
mean biasin RMSSD was smaller (2.0%) than that in the study
by Shin et a [21], but the correlation was weaker (r=0.89).

The Bland-Altman plots showed that 5% (1/20) of the mean
HR and Ln RMSSD val ues were outside the limits of agreement
(LoA). Bland and Altman [23] recommended that 95% of the
data points should lie within the mean difference (SD 1.96).
Our results showed aproportional error inthemean Ln RMSSD
determined by Emfit QS. Based on the Bland-Altman plot, a
larger error can be found in smaller and larger Ln RMSSD
values; it seems that Emfit QS underestimates Ln RMSSD at
high HRV levels and overestimates Ln RMSSD at low HRV
levels. The LoA for the mean HR is relatively narrow (SD 4.6
bpm, ~8%). It is important that LoA would be narrower than
daily changes in long-term monitoring. Al Haddad et al [24]
reported a ~12% day-to-day variation in resting Ln RMSSD.
In the present study, the LoA for the mean Ln RMSSD was
~12%. Thus, it can be concluded that it is not greater than the
day-to-day variation in Ln RMSSD; the LOA is barely
acceptable. Unfortunately, thisresearch did not answer whether
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the biases are stable in repetitive measurements. Reliability is
crucia for long-term monitoring of stress and recovery states;
if the bias varies within an individua in repetitive
measurements, the true changes in daily HR and HRV cannot
be detected, and thus, an accurate interpretation of cardiac
autonomic regulation will be compromised. In addition, it is
good to standardize sleeping and measurement conditions (eg,
bed, mattress) in long-term monitoring for reducing biases.

The 3-minute averaged data showed no differences in HR at
any time points during the night and few differences in Ln
RMSSD (Figure 5). The differences can be explained by the
greater amount of missing data of Emfit QS; it is possible that
a 3-minute epoch can include only, for example, 15 seconds of
Emfit QS data; yet, the system providesavaluefor the 3-minute
epoch. Comparatively, the reference data could include the
entire 3-minute data, which could explain the differencesin the
3-minute values. Thus, it seems that HR and HRV values for
the entire night are more adequate. The overall view of nocturnal
HRV is aso more important than a single 3-minute value
because HRV fluctuates during sleep according to sleep phases
[25,26].

Although the bias and LoA analyses appear promising, future
development in the accuracy of HRV measurement is needed
to decrease the amount of missing data and incorrect 3-minute
values. Because of the relatively large amount of missing data
in HRV by Emfit QS compared to the reference data (28% vs
1%), the HRV data do not reflect values of the whole night for
every individual. Suliman et a [11] observed large differences
(77%-95%) inthe ability to detect BCG peaks between different
algorithms during a short resting period. Thus, the devel opment
of these algorithms may decrease missing data. It could be
speculated that individual s with a high amount of missing data
could also have more differences between the reference and
Emfit QS, but our results showed no correlation between the
amount of missing dataand the mean bias of the measurements.
Furthermore, future studies should clarify reliability over time
for measuring HR and HRV by Emfit QS.

Practical Applications

Morning ECG measurements with HR straps are
time-consuming and arduous to perform every day, and thus,
compliance with regular measurementsis poor [27]. Nocturnal
HRV is a time-efficient method compared to morning HRV
measurements taken at waking [28]. Previous studies have
mainly focused on BCG measurements under laboratory
conditions. Thisstudy showed the potential of Emfit QSto serve
as atool for everyday use at home to measure nocturnal HRV.
Contact-free and fully automatic analysisby Emfit QSfacilitates
effortless daily monitoring of stress and recovery status among
athletes. Furthermore, it does not require attaching electrodes
on the body surface and thus does not disturb participants
typical deep behaviors, which isadvantageous over ECG. Based
on our results, Emfit QS provides HR and HRV data with an
acceptable, small mean bias compared with ECG. However,
due to some large errors in detecting HR and HRV in some
individuals, it would be best practice to ensure accuracy by
comparing initial results from Emfit QS with ECG.
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Conclusions compared with ECG. Thus, Emfit QS can be a potential tool

This study evaluated the accuracy of BCG-based Emfit QS for for thelong-term monitoring of HR and HRV. However, further
measuring HR and HRV. Our results showed that Emfit QS research is needed to evaluate the reliability of HR and HRV

providesHR and HRV datawith an acceptable, small mean bias

detected by Emfit QS.

Acknowledgments
Funding for this study was provided by Emfit Ltd. The study was conducted by KIHU — Research Ingtitute for Olympic Sports.

Conflictsof Interest
None declared.

References

1.

Thompson W. World wide survey of fithess trends for 2018. ACSM's Health & Fitness Journal 2017;21(6):10-19. [doi:
10.1249/FIT.0000000000000341]

2. Peake M, Kerr G, Sullivan JP. A Critical Review of Consumer Wearables, Mobile Applications, and Equipment for
Providing Biofeedback, Monitoring Stress, and Sleep in Physically Active Populations. Front Physiol 2018 Jun 28;9. [doi:
10.3389/fphys.2018.00743]

3. Lambert MI, Mbambo ZH, Gibson ASC. Heart rate during training and competition for longdistance running. Journal of
Sports Sciences 2011 Feb 07;16(supl):85-90. [doi: 10.1080/026404198366713]

4.  Bellenger CR, Fuller JT, Thomson RL, Davison K, Rabertson EY, Buckley JD. Monitoring Athletic Training Status Through
Autonomic Heart Rate Regulation: A Systematic Review and Meta-Analysis. Sports Med 2016 Feb 18;46(10):1461-1486.
[doi: 10.1007/s40279-016-0484-2]

5. Buchheit M. Monitoring training status with HR measures: do all roads lead to Rome? Front Physiol 2014;5:73 [FREE Full
text] [doi: 10.3389/fphys.2014.00073] [Medline: 24578692]

6. PlewsDJ, LaursenPB, Stanley J, Kilding AE, Buchheit M. Training Adaptation and Heart Rate Variability in Elite Endurance
Athletes. Opening the Door to Effective Monitoring. Sports Med 2013 Jul 13;43(9):773-781. [doi:
10.1007/s40279-013-0071-8]

7.  deZambotti M, Baker FC, Willoughby AR, Godino JG, Wing D, Patrick K, et al. Measures of sleep and cardiac functioning
during sleep using a multi-sensory commercially-available wristband in adolescents. Physiology & Behavior 2016
May;158:143-149. [doi: 10.1016/j.physbeh.2016.03.006]

8. PlewsD, Scott B, Altini M, Wood M, Kilding A, Laursen P. Comparison of Heart-Rate-Variability Recording With
Smartphone Photopl ethysmography, Polar H7 Chest Strap, and Electrocardiography. Int J Sports Physiol Perform 2017
Nov 01;12(10):1324-1328. [doi: 10.1123/ijspp.2016-0668] [Medline: 28290720]

9.  Eblen-Zgjjur A. A simple ballistocardiographic system for amedical cardiovascular physiology course. Adv Physiol Educ
2003 Dec;27(1-4):224-229 [FREE Full text] [doi: 10.1152/advan.00025.2002] [Medline: 14627620]

10. Inan OT, Migeotte P, Park K, Etemadi M, Tavakolian K, CasanellaR, et al. Ballistocardiography and Seismocardiography:
A Review of Recent Advances. |EEE JBiomed Health Inform 2015 Jul;19(4):1414-1427. [doi: 10.1109/jbhi.2014.2361732]

11. Suliman A, Carlson C, Warren S, Thompson D. Performance eval uation of processing methodsfor ballistocardiogram peak
detection. 2018 Jul 17 Presented at: Conf Proc IEEE Eng Med Biol Soc; 2018; Honolulu, Hawaii p. 502-505. [doi:
10.1109/embc.2018.8512317]

12.  Emfit Ltd. Emfit: Sleep sensing solutions [photo] URL: https:.//www.emfit.com/ [accessed 2020-02-05]

13. Parak J, Korhonen I. Accuracy of firstbeat bodyguard 2 beat-to-beat heart rate monitor. Whitepaper 2013 [FREE Full text]

14. Bogdany T, Boros S, Szemerszky R, Koteles F. Validation of the firstbeat TeamBelt and Bodyguard2 systems. Magyar
Sporttudomanyi Szemle(3) 2016:6-12 [FREE Full text]

15. Sadladti S. Neura networks for heart rate time series analysis. Doctoral thesis. Department of Mathematical Information
Technology, University of Jyvaskyld, Jyvaskyld Studiesin Computing 2003:33 [FREE Full text]

16. Hopkins WG, Marshall SW, Batterham AM, Hanin J. Progressive Statistics for Studiesin Sports Medicine and Exercise
Science. Medicine & Science in Sports & Exercise 2009;41(1):3-13. [doi: 10.1249/mss.0b013e31818ch278]

17. Terbizan DJ, Dolezal BA, Albano C. Validity of Seven Commercially Available Heart Rate Monitors. Measurement in
Physical Education and Exercise Science 2002 Dec;6(4):243-247. [doi: 10.1207/s15327841mpee0604_3]

18. Zaki R,BulgibaA, Ismail R, Ismail NA. Statistical Methods Used to Test for Agreement of Medical Instruments M easuring
Continuous Variables in Method Comparison Studies. A Systematic Review. PLoS ONE 2012 May 25;7(5):€37908. [doi:
10.1371/journal .pone.0037908]

19. Choe S, Cho W. Simplified real-time heartbeat detection in ballistocardiography using a dispersion-maximum method.
Biomedical Research 2017;28(9):3974-3985 [FREE Full text]

20. XieQ, Wang G, Lian Y. Heart rate estimation from ballistocardiography based on hilbert transform and phase vocoder.
Electrical Engineering ans Systems Science:arXiv.0 2018:3174 [FREE Full text] [doi: 10.1109/apccas.2018.8605724]

http://biomedeng.jmir.org/2020/1/€16620/ JMIR Biomed Eng 2020 | vol. 5 | iss. 1 | €16620 | p. 7

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1249/FIT.0000000000000341
http://dx.doi.org/10.3389/fphys.2018.00743
http://dx.doi.org/10.1080/026404198366713
http://dx.doi.org/10.1007/s40279-016-0484-2
https://doi.org/10.3389/fphys.2014.00073
https://doi.org/10.3389/fphys.2014.00073
http://dx.doi.org/10.3389/fphys.2014.00073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24578692&dopt=Abstract
http://dx.doi.org/10.1007/s40279-013-0071-8
http://dx.doi.org/10.1016/j.physbeh.2016.03.006
http://dx.doi.org/10.1123/ijspp.2016-0668
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28290720&dopt=Abstract
http://journals.physiology.org/doi/full/10.1152/advan.00025.2002?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1152/advan.00025.2002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14627620&dopt=Abstract
http://dx.doi.org/10.1109/jbhi.2014.2361732
http://dx.doi.org/10.1109/embc.2018.8512317
https://www.emfit.com/
https://assets.firstbeat.com/firstbeat/uploads/2015/11/white_paper_bodyguard2_final.pdf
http://asp01.ex-lh.hu:1801/webclient/StreamGate?folder_id=0&dvs=1584623761381~107
https://jyx.jyu.fi/bitstream/handle/123456789/13267/951391707X.pdf?sequence=1
http://dx.doi.org/10.1249/mss.0b013e31818cb278
http://dx.doi.org/10.1207/s15327841mpee0604_3
http://dx.doi.org/10.1371/journal.pone.0037908
https://www.alliedacademies.org/articles/simplified-realtime-heartbeat-detection-in-ballistocardiography-using-a-dispersionmaximum-method.html
https://arxiv.org/pdf/1809.03174v1
http://dx.doi.org/10.1109/apccas.2018.8605724
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOMEDICAL ENGINEERING Vesterinen et &

21. Shin JH, Hwang SH, Chang MH, Park KS. Heart rate variability analysis using a ballistocardiogram during Valsalva
manoeuvre and post exercise. Physiol. Meas 2011 Jul 08;32(8):1239-1264. [doi: 10.1088/0967-3334/32/8/015]

22. WangK, Zhu T, Zhang X, Yu C, Cao X, Tang J, et a. [Comparison of heart rate variability measurements between
ballistocardiogram and electrocardiography]. Zhonghua Xin Xue Guan Bing Za Zhi 2015 May;43(5):448-451. [Medline:
26419993]

23. Bland J, Altman D. Measuring agreement in method comparison studies. Stat Methods Med Res 1999 Jun 01;8(2):135-160.
[doi: 10.1191/096228099673819272]

24. Al Haddad H, Laursen P, Chollet D, Ahmaidi S, Buchheit M. Reliability of Resting and Postexercise Heart Rate Measures.
Int J Sports Med 2011 May 13;32(08):598-605. [doi: 10.1055/s-0031-1275356]

25. Chouchou F, Desseilles M. Heart rate variability: atool to explore the sleeping brain? Front Neurosci 2014 Dec 11;8:402
[FREE Full text] [doi: 10.3389/fnins.2014.00402] [Medline: 25565936]

26. Stickgold R, Walker MP, editors. The Neuroscience of Sleep. London: Academic Press/Elsevier; 2009.

27. Schifer D, Gjerdalen GF, Solberg EE, Khokhlova M, Badtieva V, Herzig D, et al. Sex differencesin heart rate variability:
alongitudinal study in international elite cross-country skiers. Eur JAppl Physiol 2015 May 23;115(10):2107-2114. [doi:
10.1007/s00421-015-3190-0]

28. Herzig D, Testorelli M, Olstad D, Erlacher D, Achermann P, Eser P, et al. Heart-Rate Variability During Deep Sleep in
World-Class Alpine Skiers: A Time-Efficient Alternative to Morning Supine Measurements. Int J Sports Physiol Perform
2017 May;12(5):648-654. [doi: 10.1123/ijspp.2016-0257] [Medline: 27768512]

Abbreviations

BCG: ballistocardiography
BG2: Bodyguard 2

bpm: beats per minute

ECG: electrocardiography

ES. effect size

HR: heart rate

HRV: heart rate variability

Ln: natura logarithm

LoA: limits of agreement
PPG: photoplethysmography
RMSE: root mean square error
RMSSD: root mean square of successive differences
RRI: RRinterval

Edited by G Eysenbach; submitted 09.10.19; peer-reviewed by C Bellenger, H Durrani; commentsto author 26.01.20; revised version
received 05.02.20; accepted 01.03.20; published 23.04.20

Please cite as:

Vesterinen V, Rinkinen N, Nummela A

A Contact-Free, Ballistocardiography-Based Monitoring System (Enfit QS) for Measuring Nocturnal Heart Rate and Heart Rate
Variability: Validation Sudy

JMIR Biomed Eng 2020;5(1):€16620

URL: http://biomedeng.jmir.org/2020/1/e16620/

doi: 10.2196/16620

PMID:

©Ville Vesterinen, Niina Rinkinen, Ari Nummela Originaly published in JMIR Biomedica Engineering
(http://biomedeng.jmir.org), 23.04.2020. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Biomedical Engineering, is properly cited. The complete
bibliographic information, alink to the original publication on http://biomedeng.jmir.org/, as well as this copyright and license
information must be included.

http://biomedeng.jmir.org/2020/1/€16620/ JMIR Biomed Eng 2020 | vol. 5 | iss. 1| €16620 | p. 8
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1088/0967-3334/32/8/015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26419993&dopt=Abstract
http://dx.doi.org/10.1191/096228099673819272
http://dx.doi.org/10.1055/s-0031-1275356
https://doi.org/10.3389/fnins.2014.00402
http://dx.doi.org/10.3389/fnins.2014.00402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25565936&dopt=Abstract
http://dx.doi.org/10.1007/s00421-015-3190-0
http://dx.doi.org/10.1123/ijspp.2016-0257
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27768512&dopt=Abstract
http://biomedeng.jmir.org/2020/1/e16620/
http://dx.doi.org/10.2196/16620
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

