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Abstract

Our aim was to determine the agreement of heart rate (HR) and respiratory rate (RR) measurements by the Philips Biosensor
with a reference monitor (General Electric Carescape B650) in severely obese patients during and after bariatric surgery.
Additionally, sensor reliability was assessed. Ninety-four severely obese patients were monitored with both the Biosensor
and reference monitor during and after bariatric surgery. Agreement was defined as the mean absolute difference between
both monitoring devices. Bland Altman plots and Clarke Error Grid analysis (CEG) were used to visualise differences. Sen-
sor reliability was reflected by the amount, duration and causes of data loss. The mean absolute difference for HR was 1.26
beats per minute (bpm) (SD 0.84) during surgery and 1.84 bpm (SD 1.22) during recovery, and never exceeded the 8 bpm
limit of agreement. The mean absolute difference for RR was 1.78 breaths per minute (brpm) (SD 1.90) during surgery and
4.24 brpm (SD 2.75) during recovery. The Biosensor’s RR measurements exceeded the 2 brpm limit of agreement in 58%
of the compared measurements. Averaging 15 min of measurements for both devices improved agreement. CEG showed
that 99% of averaged RR measurements resulted in adequate treatment. Data loss was limited to 4.5% of the total duration
of measurements for RR. No clear causes for data loss were found. The Biosensor is suitable for remote monitoring of HR,
but not RR in morbidly obese patients. Future research should focus on improving RR measurements, the interpretation of
continuous data, and development of smart alarm systems.

Keywords Continuous monitoring - Wireless technology - Wearable electronic devices - Monitoring - Physiologic/
instrumentation - Vital signs

1 Introduction

Despite medical advances, the risk of developing postopera-

tive complications for patients undergoing surgery is ever
Niels Kant and Guido M. Peters have contributed equally to the present. A recent review found the incidence of 30-day post-
work. operative complications to range from 5.8 to 43.5% in gen-
eral surgery patients [1]. Early warning scores (EWS) have
been developed to identify early signs of patient deteriora-
tion [2, 3]. Heartrate (HR) and respiratory rate (RR) are used

4 Carine J. M. Doggen
cdoggen @rijnstate.nl

Department of Anesthesiology and Pain Management,
Rijnstate Hospital, Arnhem, The Netherlands

Scientific Bureau, Rijnstate Hospital, Rijnstate Research
Center, Wagnerlaan 55, PO Box 9555, 6800 TA Arnhem,
The Netherlands

Technical Medical Centre, Department of Health Technology
and Services Research, University of Twente, Enschede,
The Netherlands

Rijnstate Hospital, Vitalys Obesity Centre, Arnhem,
The Netherlands

Published online: 08 December 2021

in these EWS because these are among the first vital signs
to change when deterioration occurs [4-6]. Since EWS in
general wards are commonly measured intermittently, early
signs of deterioration can easily be missed, possibly leading
to life threatening events and even death [7].

Continuous monitoring of vital signs using conventional
monitors, which connect the patient to a limited space
around the bedside, may lead to worse health outcomes by
restricting patient mobility [8—10]. However, continuous
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monitoring using wireless wearable devices enables patients
to ambulate without restriction, and could therefore be a
preferable solution for early detection of deterioration, pro-
vided that measurements are valid [10-14].

Previous studies of various wearable devices showed an
accurate ECG-based heart rate measurement. The accuracy
of RR was lower, depending on the method of measure-
ment and patient characteristics [15—17]. RR may be derived
from ECG, accelerometry, impedance, capnography, or a
combination. The sensor that is the subject of this study, the
Philips Biosensor, is an updated version of the VitalCon-
nect HealthPatch, with a new algorithm for computing RR.
It measures HR with ECG, and determines RR through a
combination of ECG derivatives and accelerometry. Limi-
tations of previous studies investigating wireless wearable
sensors for continuous monitoring include non-clinical set-
tings, non-device-based monitoring as reference, compari-
son with intermittent measurements, and small and often
healthy study populations [15-23]. As a result, generaliza-
tion of their findings to an obese population as well as to use
in clinical practice is limited. As populations are becoming
increasingly overweight [24], it is especially important that
wearable devices are validated in obese patients, as a larger
amount of subcutaneous fat might interfere with measure-
ments. Additionally results achieved in lab settings often
differ from results seen in clinical settings. Thus, validating
devices in a clinical setting is imperative before implementa-
tion at a wider scale.

The objective of this study was to determine the agree-
ment of HR and RR measured by the Philips wearable
Biosensor in morbidly obese patients undergoing bariatric
surgery.

Agreement was determined during surgery and in the
recovery room where standard monitoring was available. A
secondary aim was to assess the reliability of this sensor in
terms of the duration and frequency of data loss. This was
determined over the total duration of Biosensor measure-
ments, i.e. during surgery, recovery and on the ward.

2 Methods

Ethical approval for this study was asked for and waived by
the Medical Research Ethics Committee Arnhem-Nijmegen,
(registration 2019-5489). The study fell outside the remit of
the law for Medical Research Involving Human Subjects Act
and was approved by the local ethical committee.

2.1 Study design
We conducted a prospective observational study in a large

topclinical hospital in the Netherlands. All patients sched-
uled for bariatric surgery between June and September
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2019 were screened for inclusion. Patients were eligible if
they were > 18 years of age, had a body mass index (BMI)
of > 35 kg/m? and were scheduled for laparoscopic Roux-
en-Y gastric bypass surgery or laparoscopic sleeve gastrec-
tomy. Patients with a pacemaker/implantable cardioverter
defibrillator, allergy to adhesives, or skin deformities on
the left chest were excluded. All patients received a writ-
ten invitation and a phone call to participate in the study.
All participants provided written informed consent. Ethi-
cal approval for this study was asked for and waived by
the Medical Research Ethics Committee of Commissie
Mensgebonden Onderzoek Arnhem-Nijmegen, (registration
2019-5489). The study fell outside the remit of the law for
Medical Research Involving Human Subjects Act and was
approved by the local ethical committee.

2.2 Study protocol

All patients were equipped with a Biosensor on the upper
left side of the chest by a trained nurse on the morning of
surgery. The Biosensor was calibrated and connected with
a relay station (IntelliVue, Philips, The Netherlands). Hav-
ing received a Biosensor, patients were seated in a movable
operating chair and brought to the operating room, where
they were attached to routine monitoring, consisting of a
3-lead ECG, automated non-invasive blood pressure meas-
urement and pulseoximetry (General Electric Carescape
B650, GE Healthcare, United States). In the operating room,
patients were anaesthetised and their trachea intubated for
mechanical ventilation. Surgery was performed with patients
in reversed-Trendeleburg position. After surgery, anaesthe-
sia was discontinued and residual neuromuscular blockade
was measured and antagonised, if needed. Patients’ trachea
were subsequently extubated and taken to the recovery room.
Discharge from the recovery room to the ward was allowed
when the patient had an Aldrete score > 8 and pain, nau-
sea and other side-effects were well managed. On the ward,
patients were stimulated to start ambulating as soon as pos-
sible. The Biosensor was removed from the patient’s chest
upon hospital discharge or when the battery was depleted.

3 Materials

The wearable Biosensor (Philips, Amsterdam, the Nether-
lands) is a disposable self-adhesive patch, which is designed
for wirelessly measuring HR, RR, skin temperature, posture
and detecting falls in patients. It is an updated version of the
VitalConnect HealthPatch, which has been the subject of
several prior validation studies [15, 16, 17, 19, 20, 23], with
a new algorithm for computing respiratory rate. The new
algorithm uses ECG derivatives and tri-axial accelerometry
to compute respiratory rate, instead of ECG derivatives and
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bio-impedance. The Biosensor is powered by a zinc-air bat-
tery, designed to last for 4 days of continuous monitoring.
This study focused on the measurements of HR and RR. The
Biosensor employs two ECG electrodes to derive QRS com-
plexes from a single-lead ECG, based on which an algorithm
calculates HR using R-R intervals [17].

RR is calculated using an algorithm based on three meas-
urements: (1) breathing-induced change in cardiac axis,
measured by ECG derived R wave amplitude, (2) chest
movement, detected by 3-axis MEMS accelerometer, and
(3) respiratory modulations, determined by ECG derived
respiratory sinus arrhythmia [25].

The sensor sends these data to a ‘relay’ using a secured
Bluetooth connection. The ‘relay’ is a device that sends
these data to the ‘Intellivue Guardian Solution’ (IGS) server
using a secured Wi-Fi connection. The relays used in this
study were phones that were adapted to perform this task
only. When the connection between the relay and the IGS
is lost, the Biosensor is able to buffer up to ten hours of
data. These data are later retrieved automatically when the
connection is restored. The IGS is a software analytics pro-
gram used to collect data from different Philips devices. The
reference monitor used in this study is the General Electric
Carescape B650, which is used in both high-dependency
intensive care units and operating rooms. This monitor uses
ECG to determine HR and thoracic impedance pneumogra-
phy to determine RR. During surgery, the RR is determined
by the settings of the ventilator machine (pre-set RR).

3.1 Data collection

The Biosensor took measurements until hospital discharge
or battery depletion. The data were retrieved from the IGS
and transferred to a research database, which is a secured
storage within the hospital’s servers that is only accessible
for research collaborators. For each measurement, it was
registered at what time the measurement was performed by
the Biosensor, and at what time it was received by the relay
device. Reference monitor measurements and patient char-
acteristics were extracted from the electronic health record
and also transferred to the research database. Patients for
whom no RR measurement was generated within the first
45 min of the first HR measurement were defined as ‘failed
calibration’, and were excluded from the analyses.

3.2 Outcomes

The primary outcome of this study was the mean absolute
difference in HR and RR measurements by the wearable
Biosensor in comparison to the reference monitor in the
operating room and the recovery room. The mean absolute
difference was also calculated for the average HR and RR

over 15 min to adjust for outliers (see “Statistical analyses”
section).

Secondary outcomes were the percentage of data that fell
outside the predefined limits of agreement, as well as the
duration and causes of data loss, and delay in transmission
between the Biosensor and the relay device until hospital
discharge.

3.3 Statistical analysis

The HR and RR measurements from the reference monitor
were documented every 30 s. Since the Biosensor measures
HR and RR every 4 s, we only used those measurements
closest in time to the reference monitors’ measurements.
We refer to this as the ‘original dataset’. In this dataset, two
comparisons were possible for each minute of measurement.
We used these data to calculate the mean absolute difference
for each patient, for both HR and RR.

To minimise the impact of incidental measurement arte-
facts on the mean absolute difference, we also compared
the mean of both measurements over a period of time. We
deemed 15 min to be the maximum acceptable time with-
out measurements for monitoring a postoperative patient.
Therefore, we calculated the 15-min mean for each reference
monitor measurement, and each Biosensor measurement
closest in time. As this was repeated every 30 s, there was
14 min and 30 s of overlap between each mean. We will refer
to this as the ‘averaged’ dataset. We excluded measurements
generated during the time when patients were moved from
the operating room to the recovery room. During this time,
the reference monitor was disconnected from the patient,
thus no comparison was possible. Note that the data from
this period were included for the analyses of data loss and
delays in transmission.

Bland Altman plots were created for both individual
patients and the overall study population to assess the agree-
ment at different values of HR and RR. The limits of agree-
ment were set to 8 beats per minute (bpm) for HR and 2
breaths per minute (brpm) before the start of the study based
on a 10% margin of error. Furthermore, we conducted a
Clarke Error Grid analysis to determine the clinical accuracy
of the Biosensor compared to the reference monitor, and the
implications for treatment decisions. The zone boundaries
were based on cut-off values for the Modified Early Warning
Score [26], as done in another study [23].

The amount of clinically relevant data loss was calcu-
lated in minutes of total measurement duration. We con-
sidered missing data to be clinically relevant if more than
15 min of data were missing. Different potential causes of
data loss, like movement, sensor detachment and failed
internet connection were noted. Delays in data transmis-
sion between the Biosensor and the relay device was cal-
culated in minutes for the entire duration of measurement,
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including the operating room, the recovery room, and the
ward. A power calculation was not feasible in this study
due to the lack of preliminary data with the wearable Bio-
sensor. Therefore, this study aimed to include at least 100
patients. All analyses were performed using R (version
3.6.1, www.r-project.org). Figures were created using the
R-package ‘ggplot2’ [27], except for the Clarke Error Grid,
which was produced using the R package ‘ega’ [28].

The statistical analysis plan was written (in Dutch) and
filed with the institutional review board before data were
accessed.

Table 1 Baseline characteristics of the 94 bariatric patients included
for analysis

Baseline characteristics N=94
Gender

Female n (%) 68 (72)
Age years (SD) 44.8 (12.1)
Body mass index kg/m? (SD) 42.6 (5.9)
Type of surgery n(%)

Roux-en-Y Gastric bypass 78 (83)
Sleeve gastrectomy 16 (17)
Comorbidity

Obstructive sleep apnea n (%) 22 (23)
Diabetes mellitus n (%) 13 (14)
Cardiovascular disease n (%) 9 (10)
Duration of surgery (minutes) mean (SD) 77 (20)
Duration of recovery (minutes) mean (SD) 86 (19)

Fig. 1 Measurements of HR
(top) and RR (bottom) from
both the Biosensor and the ref-
erence monitor during surgery
and recovery. The vertical lines
indicate the period between
surgery and recovery, which
was excluded from analysis
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4 Results
4.1 Participants

Participants were recruited between June 2019 and Septem-
ber 2019. Out of 157 patients undergoing bariatric surgery
eligible for participation, who received an information let-
ter at home, and were contacted by phone, 9 patients were
excluded for medical reasons, and 26 patients refused to par-
ticipate. Due to logistical problems and a high workload on
the ward, 112 of these remaining 122 patients were provided
with a Biosensor. Data from 18 Biosensors could not be used
due to failed calibration. Calibration was successful in 94
patients. Mean age was 44.8 with a standard deviation (SD)
of 12.1 years, 72% were women, 83% underwent a Roux-en-
Y gastric bypass, and 17% a sleeve gastrectomy. Baseline
characteristics are shown in Table 1.

4.2 Example of the measurements of a single
patient

The measurements of HR and RR of one patient from the
start of surgery until the patient leaves the recovery room
are shown in Fig. 1. Overall, the HR and RR values of the
Biosensor and the reference monitor for this patient seem
comparable. The variability of the measurements is higher
during the recovery period compared to during surgery. The
measurements of RR during surgery show a horizontal line
because the RR value is set by the ventilator machine. Bland
Altman plots for both the original and the averaged dataset
are shown in Fig. 2. The averaged dataset shows a lower
mean difference in both HR and RR.
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Fig.2 Bland Altman plots for both the original and averaged dataset in one patient during recovery. The solid line shows the mean difference,

the dotted lines show the 95% confidence intervals

4.3 Heartrate

A total of 4954 min of HR measurements during surgery and
7642 min during recovery in 94 patients were compared to
reference monitor measurements. The mean absolute differ-
ence of HR between the Biosensor and the reference moni-
tor was 1.26 bpm (SD 0.84) during surgery and 1.84 bpm
(SD 1.22) during recovery. In the averaged dataset a smaller
mean absolute difference of 1.04 bpm (SD 0.46) during sur-
gery and 1.45 bpm (SD 0.54) during recovery (Table 2) were
found. All measurements of both the original and the aver-
aged dataset were within the limits of agreement of 8 bpm.
No clear association between the average value of the meas-
urement and the difference between the measurements can
be seen, as shown in Fig. 3. The Clarke Error Grid analysis
(Fig. 4) shows that adequate treatment decisions would have
been taken in 99.98% of cases if they had been based on the
biosensor (Table 3), for both the original and the averaged
datasets. Three measurements (out of 14,143) were located

within Region D (Table 3) for the original dataset, indicating
that patient safety might have been compromised if those
data points had been used in clinical decision making. For
the averaged dataset two measurements were located in
Region D (Table 3).

4.4 Respiratory rate

A total of 4811 min of respiratory rate measurements during
surgery and 7312 min during recovery in 94 patients were
compared to reference monitor measurements. The mean
absolute difference of respiratory rate between the Biosensor
and the reference monitor was 1.78 brpm (SD 1.90) during
surgery and 4.24 brpm (SD 2.75) during recovery. Using the
averaged dataset resulted in a smaller mean difference for
RR of 1.62 brpm (SD 1.73) during surgery and 3.34 brpm
(SD 2.52) during recovery (Table 2). During surgery 72% of
the mean differences of the original dataset and 76% of the
mean differences of the averaged dataset were within the 2
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Table 2 Mean differences
from heart rate and respiratory

Mean absolute difference ~ Median absolute difference in

. in beats/minute (SD) beats/minute (minimum—maxi-
rate for both the original and mum)
averaged dataset
Heart rate During surgery
Original dataset 1.26 (0.84) 1.00 (0.72-6.40)
Averaged dataset 1.04 (0.46) 0.91 (0.65-3.46)
During recovery
Original dataset 1.84 (1.22) 1.31 (0.72-6.44)
Averaged dataset 1.45 (0.54) 1.33 (0.61-4.15)
Respiratory rate During surgery
Original dataset 1.78 (1.90) 1.19 (0.07-10.72)
Averaged dataset 1.62 (1.73) 1.06 (0.07-8.04)
During recovery
Original dataset 4.24 (2.75) 3.52 (0.93-16.00)
Averaged dataset 3.34 (2.52) 2.48 (0.44-12.16)
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Fig.3 Bland Altman plots for both the original and averaged dataset in all patients during recovery. The solid line shows the mean difference,
the dotted lines show the 95% confidence intervals. Increasing density of points is illustrated by the change of colour from purple to yellow
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Fig.4 Clarke Error Grid analysis showing the clinical accuracy of
the HR and RR measurements of the Biosensor compared with the
reference monitor. Each colored dot represents a measurement pair.
The color intensity is proportional to the number of observations.
Region A contains points within 20% of the reference monitor;

Table 3 Results of the Clarke Error Grid analysis, showing the num-
ber of measurements in Regions A through E for HR and RR, for
both the original and the averaged datasets

HR RR
Region Original Averaged Original Averaged
A 14,062 13,873 4999 (62.4%) 5353 (68.3%)
(99.4%) (99.9%)
B 78 (0.6%) 8(0.1%) 2673 (33.4%) 2414 (30.8%)
C - - 25 (0.3%) 6 (0.1%)
D 3 (0.0%) 2 (0.0%) 236 (2.9%) 62 (0.8%)
E - - 74 (0.9%) 5(0.1%)
Total 14,143 13,883 8007 7840

brpm limit of agreement. During recovery the numbers for
the original and the averaged dataset were 24% and 40%
respectively. Figure 3 shows that there is no clear correla-
tion between the absolute value of the measurement and the
difference between the measurements. Clarke Error Grid
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region B encloses points outside 20% of the reference, but not lead-
ing to unnecessary treatment; region C is composed of points leading
to unnecessary treatment; region D indicates a potentially dangerous
failure to detect bradypnoea or tachypnoea, and region E represents
points where events are confused (e.g., bradypnoea with tachypnoea)

analysis (Fig. 4) showed that using the RR measurements
from the biosensor would have resulted in adequate treat-
ment decisions in 95.8% of cases for the original dataset,
and in 99.1% of cases for the averaged dataset. Patient safety
might have been compromised in 4.2% of cases if the origi-
nal dataset had been used to take clinical decisions (Table 3).
Using the averaged dataset, this would have been true for
0.9% of measurements (Table 3).

4.5 Missing data

From hospital admission to hospital discharge, the Biosen-
sors recorded a total of 176,063 min of HR data. The Bio-
sensors showed a total of 2200 min of clinically relevant
data loss for HR (1.3% of the total measurement duration).
For RR, 172,613 min of data were recorded, of which
7730 min were lost (4.5% of the total). The proportion of
data loss was greater on the ward than during surgery and
recovery for both HR and RR. The data loss was caused by
10 different Biosensors. Table 4 provides a comprehensive

@ Springer



Journal of Clinical Monitoring and Computing

Table 4 Duration and frequency of clinically relevant data loss in
minutes of the 10 Biosensors in which it occurred

HR RR
Total measurement duration 176,063 172,613
Total data loss 2200 (1.3%) 7730 (4.5%)
Measurement duration surgery/recov- 14,644 14,136
ery
Data loss surgery/recovery 47 (0.32%) 222 (1.6%)
Measurement duration ward 161,356 158,477
Data loss ward 2153 (1.3%) 7508 (4.7%)
Data loss frequency (Median [Min— 2 [1-10] 1[1-10]
Max])
Data loss duration (Median [Min— 26 [16-1436] 49 [16-1592]
Max])

overview of the clinically relevant data loss that occurred.
Among the patients who received a biosensor, there were
eight instances of Biosensors detaching from the patient dur-
ing the measurement period. No clear association between
movement, defined as the change in posture, and data loss
could be found. Loss of internet connection, interference of
other monitoring devices, cardiac arrhythmias and supine
position of the patient were investigated but also provided
no clear explanation for data loss.

Delays in the transmission from the Biosensor to the relay
of HR data occurred 1322 times over 88 patients, for a total
duration of 74,660 min of data (42.4% of all measurements).
In 7.4% the delay was longer than 15 min, which occurred
in 39 patients and accounted for 3758 min of data (2.1%
of measurements). RR data was delayed 1549 times over
87 patients, accounting for 143,609 min of data (83.2% of
measurements). In 71.5% of delays, the duration exceeded
15 min, which occurred in 87 patients and accounted for
141,221 min of data (81.8% of all measurements).

5 Discussion

In this study we compared the HR and RR measurements
of a wearable biosensor to a reference monitor in 94 mor-
bidly obese patients in a perioperative setting. The agree-
ment of HR was within the predetermined limits for clinical
use. However, RR showed significantly less agreement and
exceeded these limits. The amount of data loss was low, but
the cause of the data loss remains unclear.

All HR measurements by the wearable biosensor fell
within the limits of agreement of +8 bpm compared to the
reference monitor, although it did overestimate HR some-
what overall. This is consistent with findings of previous
studies [16, 22, 23]. Agreement of RR measurements were
within predefined limits of agreement of +2 brpm 72% and
76% of the time during surgery for the original and averaged
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datasets, respectively. Previous studies, using limits of agree-
ment of 3 brpm, showed similar agreement [21, 23]. How-
ever, in the recovery room, agreement was reduced to 24%
and 40%. Like HR, RR was also consistently overestimated
compared to reference monitor measurements. This devia-
tion can partly be explained by the limitations of impedance
pneumography, used by the reference monitor. However, a
previous study showed that the mean difference of the Bio-
sensor compared to capnography was 3.5 breaths/minute
(+5.2 breaths/minute) on average [21]. This suggests that
the deviation of the RR measurements of the Biosensor can-
not be explained by the limitations of impedance pneumog-
raphy alone. The results from the pre-set RR during surgery,
which showed a smaller mean absolute difference, supports
these findings. The remaining difference in agreement of
RR measurements in comparison to the reference moni-
tor, is most likely caused by the Biosensor’s measurement
method for RR. The Biosensor uses a combination of three
derivatives to measure RR: R wave amplitude that meas-
ures change of cardiac axis during breathing, 3-axis MEMS
accelerometer detecting chest movement and ECG derived
respiratory sinus arrhythmia that measures respiratory mod-
ulations. It is possible that the calculation algorithm does not
sufficiently correct for imprecision of measurements.
Despite the fact that a large percentage of the Biosensor’s
RR measurements fell outside of the limits of agreement,
Clarke Error Grid analysis showed that the effect on treat-
ment decisions would be greatly reduced compared with
its predecessor, the VitalConnect HealthPatch. RR meas-
urements taken by the Biosensor might have compromised
patient safety for 4.2% of measurements using the original
data, and for 1% of measurements using the averaged data-
set, while this was 22.6% for the HealthPatch [23]. This
finding the difficulty in validating devices where software
updates can lead to major changes in device performance.
Data loss was 1.3% for HR and 4.5% for RR over the total
measurement duration. This amount of data loss is lower
than that reported in previous studies, which reported 6% to
13.1% data loss [16, 23]. We did not find an explanation for
the data loss that occurred. No association between patient
movement, internet connection, interference with other mon-
itoring devices, cardiac arrhythmias and supine position of
the patient and data loss was apparent. It is possible that data
loss of both HR and RR was caused by minor disconnections
of the ECG electrodes from the patients’ skin. To generate
a RR measurement, the Biosensor uses derivatives from the
ECG signal and acquires calibration after an adequate HR
signal is generated. However, the HR measurement only
requires an adequate connection of the ECG electrodes to
the patient’s skin. In other words, an RR measurement can
only be generated with an HR measurement. This is demon-
strated by the fact that data loss only occurred for RR alone
or HR and RR at the same time. The reason for the data
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loss of RR alone remains unclear but could be explained by
failed recalibration of the Biosensor, which is automatically
initiated by the Biosensor when the patient shows a certain
amount of movement.

In addition to the data loss that occurred, some data was
retrieved later in time. This delay was mostly caused by
the loss of connection between the Biosensor and the relay
device. The Biosensor is able to buffer measurements up
to 10 h when connection is lost, and the missing data was
received later. While delays longer than 15 min accounted
for only 2.1% of data for HR, 81.8% of RR data was delayed
for more than 15 min. This makes the biosensor unsuitable
for situations wherein the maximum permissible interval
between measurements is 15 min. It is unclear why there
is such a discrepancy between the delays in HR and RR
measurements.

Investigating an obese population provides new infor-
mation on the agreement of the measurements of wearable
devices in patients with a large quantity of subcutaneous fat.
Another strength of this study is the large number of patients
which provides information about the clinical applicability
of wearable sensors. By validating the RR for both a fixed
RR (during surgery) and a variable RR (after surgery), the
sensor is compared with both a pre-set RR and impedance
pneumography. Because impedance pneumography itself
has its limitations, the pre-set RR provides additional infor-
mation about the agreement of the RR measurements.

In contrast to the conventional bedside monitors, the
Biosensor allows patients to increase their physical activity
beyond the limited space of the bedside, which itself might
positively influence the patient’s recovery. However, since
the measurements used for validation took place during
and right after surgery, patients were under sedation or still
recovering from sedation and therefore patient movement
was limited. Although this provided a controlled setting to
measure vital signs, it might not be representative for situa-
tions in which patients have increased physical activity. An
earlier study found that increased physical activity might
decrease the agreement of HR and RR measurements from
the Biosensor [21].

The results of the current study should be interpreted in
the context of some limitations. For one, we only included
morbidly obese patients, meaning that generalizability to
non-obese populations may be limited. Furthermore, we
used impedance pneumography as a reference standard,
rather than the gold standard of capnography. We chose to
do so because although capnography is the gold standard,
snoring—which is highly prevalent among (morbidly) obese
populations—is known to cause measurement artefacts, and
because impedance pneumography is often used in practice,
despite being less accurate than capnography. Moreover, we
were not able to validate the Biosensor’s measurements in
the general ward, while ambulating, or at home. It should be

noted that validating any sensor in these settings in a mean-
ingful way is difficult, since patients are typically not moni-
tored in these settings. As pointed out in a recent editorial,
guidelines or at least a consensus statement on how to best
conduct validation studies in these settings may be helpful
[13]. Finally, we did not compute the sensitivity and speci-
ficity of the biosensor in terms of its ability to detect tachy-
cardia, bradycardia, tachypnea, and bradypnea. Our study
was not designed for that purpose, and as a consequence it
was not powered to estimate sensitivity and specificity. As
such we did not have enough data in the low and high ranges
to provide a reliable estimate.

While the Biosensor has the benefits of wireless connec-
tivity, limited data loss, and reliable HR measurement, it
does not reliably measure RR in obese patients with limited
movement. Yet, it may be possible to use the data generated
by the Biosensor to predict patient deterioration, in addition
to detecting when HR and RR measurements exceed pre-set
limits of agreement. Recent studies have shown promising
results in terms of predicting adverse events using alarms
that were personalised, based on time trends, or based on
risk spikes [29, 30]. Such approaches may be feasible even
if a sensor overestimates the value of a vital sign, as long
as it does so consistently, as the true value is less important
using these approaches. Moreover, it may be that HR alone
is enough to indicate deterioration, though predictions based
on more parameters may be more accurate. Future studies
should focus on improving RR measurements by wireless
wearable sensors, the interpretation of continuous data, and
development of early alarm systems which can be applied
in clinical practice. Further research is needed to determine
whether the Biosensor can be used to detect deterioration
based on HR and RR, despite the limited agreement of RR
with the reference monitors used in this study.
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