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Abstract

Background: Accurate and portable respiratory parameter measurements are critical for properly managing chronic obstructive
pulmonary diseases (COPDSs) such as asthma or sleep apnea, aswell as controlling ventilation for patientsin intensive care units,
during surgical procedures, or when using a positive airway pressure device for sleep apnea.

Objective: The purpose of this research isto develop a new nonprescription portable measurement device that utilizes relative
humidity sensors (RHS) to accurately measure key respiratory parameters at a cost that is approximately 10 times less than the
industry standard.

Methods: We present the development, implementation, and assessment of a wearable respiratory measurement device using
the commercial Bosch BME280 RHS. In theinitial stage, the RHS was connected to the pneumotach (PNT) gold standard device
viaitsexternal connector to gather breathing metrics. Data collection wasfacilitated using the Arduino platform with a Bluetooth
Low Energy connection, and all measurements were taken in real time without any additional data processing. The device's
efficacy wastested with 7 participants (5 men and 2 women), all in good health. In the subsequent phase, we specifically focused
on comparing breathing cycle and respiratory rate measurements and determining the tidal volume by calculating the region
between inhalation and exhal ation peaks. Each participant's data were recorded over a span of 15 minutes. After the experiment,
detailed statistical analysis was conducted using ANOVA and Bland-Altman to examine the accuracy and efficiency of our
wearabl e device compared with the traditional methods.

Results: The perfused air measured with the respiratory monitor enables clinicians to evaluate the absolute value of the tidal
volume during ventilation of apatient. In contrast, directly connecting our RHS device to the surgical mask facilitates continuous
lung volume monitoring. The results of the 1-way ANOVA showed high P values of .68 for respiratory volume and .89 for
respiratory rate, which indicate that the group averages with the PNT standard are equivalent to those with our RHS platform,
within the error margins of atypical instrument. Furthermore, analysis utilizing the Bland-Altman statistical method revealed a
small bias of 0.03 with limits of agreement (LoAs) of —0.25 and 0.33. The RR bias was 0.018, and the LoAs were —1.89 and
1.89.

Conclusions: Based onthe encouraging results, we conclude that our proposed design can be aviable, |ow-cost wearable medical
device for pulmonary parametric measurement to prevent and predict the progression of pulmonary diseases. We believe that
this will encourage the research community to investigate the application of RHS for monitoring the pulmonary health of
individuals.

(JMIR Biomed Eng 2023;8:e47146) doi: 10.2196/47146
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Introduction

Theory

In 2020, respiratory disorders impacted approximately 550
million individualsglobally and caused 4 million annual desths.
The COVID-19 pandemic led to an increase in health care
expenditure, particularly in thefield of respiratory diseases[1].
The pandemic expedited the development of respiratory
diseases, and despite persistent respiratory and neurological
problems, many patients have been discharged [2,3].
Simultaneously, obstructive sleep apnea (OSA) [4] affects a
significant proportion of adults and is related to increased
morbidity and mortality worldwide.

These significant global health care issues warrant the pursuit
of solutions to prevent and optimize health care pathways [5].
Lung volume measurement is especially important for patients
with respiratory diseases[6,7], with OSA and under ventilation
[8], or in intensive care units (ICUs) [9]. Spirometers can
evaluate breathing in patientswith asthmaor chronic obstructive
pulmonary disease (COPD) [10]. Patients with OSA using an
automatic positive airway pressure (A-PAP) or continuous
positive airway pressure (C-PAP) device must be awake to
execute deep breathing (inhale and exhale) to be tested with a
spirometer [11]. Wearable devices that assess respiratory rate
(RR) using validated methods have been developed recently
[12-15], but they do not measure lung volume [16]. Thus, a
wearable device that gives comprehensive lung volume data to
improve quality of life, monitor remotely, and avoid respiratory
disease progression would be highly desirable [17,18].

In this work, we present a simple and inexpensive sensor
platform that can be used to quantify pulmonary inspiration,
expiration, and lung volumes. Our device uses a relative
humidity sensor (RHS) to detect breathing and calculate tidal
volumes (TVs), expiratory reserve volumes (ERVS), and
inspiratory reserve volumes (IRVs) [19]. To the best of our
knowledge, the innovative aspects of this study are the direct
measurement of respiratory cycles and the exact derivation of
TD, ERV, IRV, and vita capacity (VC) datafrom the calculation
of the breathing surface [16,20].

Prior Work

There are numeroustechniquesfor assessing respiratory function
and detecting lung disorders such as COPD and asthma [1].
Pulmonary function tests need accurate breathing volume and
flow measurements using abasic spirometer [21], requiring the
patient to inhal e deeply and then expel asforcefully as possible
viathe mouthpiece over aperiod of time. Thisisan inexpensive,
noninvasive test that can be administered in a medical facility
or at home. However, the requirements of this test can still be
hard for some patients who cannot fully empty their lungsduring
the procedure. This limits the usefulness of this well-known
diagnostic tool [22]. Additionally, laboratory blood tests can
be used to evaluate respiratory health. However, because this
is an intrusive procedure, it cannot be used to indefinitely
monitor patients outside of hospitals.

The number of rib cage movements per minute isanother crucial
indicator that indicates respiratory and heart health, via RR
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[23,24]. RR monitoring can be accomplished using | CU-specific
equipment [25]. Mathematical correlations of
photopl ethysmography (PPG) and electrocardiography (ECG)
data yield accurate RR values [26-28]. Numerical methods
estimate the RR from PPG and ECG using the following 3
physiol ogical modulations of breathing: amplitude modul ation,
frequency modulation, and baseline wander [29,30]. The noise
in the PPG and ECG signals affects the accuracy of these RR
measures [31], and considerable signal processing is needed to
extract meaningful information from the noise and improve the
measurements [32,33].

Measuring RR alone cannot assess lung capacity, a critical
indication of COPD status and development [34]. Respiratory
depression can be detected by lung volume measurements such
as TV, ERV, IRV, and VC. Pulmonary function tests measure
lung volume, capacity, flow rates, and gas exchange. Spirometry
haslow accuracy and significant latency and cannot be utilized
during sleep [35]. Plethysmography, which measures
intrathoracic gas during airflow obstruction, is used to calculate
lung volume [36]. Modern wearable devices like CO, gas
sensors analyze CO, or O, fluctuations during inspiration and
expiration to estimate lung capacities [37]. Computed
tomography radiography, whichisinvasive and time-consuming,
is another option [38,39].

A much easier method measures the RR directly from the
moisture content of the breath [20,40,41]. Patientsaretypically
attached to various monitoring devices in ICUs and during
surgery to continually monitor their pulse, blood pressure,
breathing rate, and oxygen saturation. Typically, humidity
sensors areincluded in the tube adaptor entry of respirator face
masks (Figure 1) [42].

Continuoudly measuring the humidity of theexhaled air provides
an accurate measurement of the patient's RR. In addition, it was
recently shown that TV might potentially be effectively
estimated from surface measurement during the normal
breathing cycle [43]. Exhaled air has a relative humidity (RH)
of 100% and is saturated with water [44]. Thisexhaled humidity
is afunction of pulmonary capacity and is proportional to RR
and lung volume [20,45]. Most crucially, atmospheric pressure,
external temperature, and sex-dependent fluctuations alter the
signal amplitude's maximum RH content [46].

A huge network of internet-connected objects, including
Bluetooth Low Energy devices, sensors, and global positioning
systems, is the goa of emerging Internet of Things (IoT)
paradigms[40,41]. Medical 10T devicesthat use cloud compute
power could improve chronic respiratory illness detection and
therapy. In medical 10T devices, embedded electronics like
accelerometers[17,42-44] and temperature sensors [45,46] are
used in new ways. Using achest-mounted belt, an accelerometer
may record rib cage movement to determine breathing rate. The
inhalation-exhalation temperature differential can aso be
monitored [47]. We can estimate the key pulmonary indicators
from studying the relationship among temperature, pressure,
and humidity of aperson [48]. Theonly |oT-compatible methods
for measuring lung capacity are somewhat sophisticated
spirometry  [49], capnometry [50], and impedance
pneumography devices [51,52]. In this new paradigm, data
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collection occurs simultaneously in real time and over an
extended period of time, enabling a move from a reactive
treatment strategy to an early warning and detection mode that
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maximizes results while minimizing the related human and
financial costs [53].

Figure1l. Commercia face maskstypically used (A) in intensive care units with the (B) ventilation connector including respiratory rate, humidity, and
pressure measurement sensors and (C) at home by patients with obstructive sleep apnea. All products are manufactured by ResMed Ltd.

Hypothesis

The key hypothesis of our work was that the changes in RH
during breathing provide an indication of pulmonary disorders
in a patient. Moreover, we also believed that the changein RH
during deep inhale-exhale cycles of breathing can be used to
measure pulmonary volume, especially TV, ERV, and IRV.
The combination of measurements providesthetotal pulmonary
VC. To prove our hypothesis, we designed alow-cost wearable
device that uses a single RHS to provide accurate and
sophisticated lung volume (TV, ERV, IRV, and VC) and RR
measurements. To validate our strategy, we incorporated the
electronic prototype into an OSA face mask with our own flow
adapter (Figure 2), which is designed to prevent moisture
retention and keep the sensor close to the mouth and nose.

The gap between the mask and humidity sensor was defined to
avoid saturation of the humidity sensor. In fact, we tested
different tube sizes to support the sensor, so as to avoid
phenomena saturation during deep exhalations. We based our
adapter on the venturi effect [54]. Various flow measurements
were carried out to create this adapter, from which the sensor
is attached and onto which the mask is fitted. This method is
also used to easily change the mask from one person to another.

We used statistical analysis methods including Bland Altman,
1-way ANOVA, and box plots to validate our results. The
preliminary results of the experimentswith multiple participants
showed that our hypothesis was correct, and the same was
corroborated by the statistical tests. With more participantsand
sophisticated models, we will be able to classify pulmonary
disorders based on changesin RH.

Figure 2. Humidity sensor adapter connected to the obstructive sleep apnea face mask to reduce the amount of trapped moisture: (A) outside view of
the airflow adapter with the reduction and humidity sensor, (B) inside view of the airflow adapter with the reduction and humidity sensor, and (C)
airflow adapter with the reduction and humidity sensor and the heater connected.
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Methods

Experimental Setup

We used the humidity sensor to estimate lung volumes, a key
respiratory function, by monitoring inspiratory and expiratory
humidity [47]. Figure 3 showsthe el ectronic prototypeinserted
into an OSA face mask to keep the sensor close to the mouth
and nose. The BME280 humidity sensor was protected from
face mask moisture by a 3D-printed airflow adapter. Bluetooth
data transmission and SD card data recording were enabled by
an Arduino Nano Bluetooth Low Energy interfaced to the
sensor. Figure 3A provides a schematic overview, and Figure
3B depicts our prototype. We developed the device using a
proven health care 10T architecture strategy that combines data
acquisition, low energy, and embedded systems [55]. Figure
3A shows the medical-compatible BME280 sensor measuring
RH, ambient temperature, and barometric pressure [56,57].
Additionaly, it has quick start-up and recovery times, with a
63% recovery occurring in roughly 1 second [58]. BME280 is
a widely used, commercial humidity sensor that retains a
long-term stability of +0.5% RH per year and a low
signal-to-noise ratio of 0.02% RH, as provided in the sensor's
data sheet [58]. The range of the RH measurement at an overall
level is89 (SD 7.8).

The sensor's embedded data preprocessing is enabled by an
NRF52832 microcontroller unit used in other medical devices
[59]. The microcontroller unit stores data on the SD card for
later retrieval when a Bluetooth connection is unavailable. The
smartphone's wireless connection and real-time data recording
app were developed in Android Studio. The |IEEE 754 standard
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requires converting the data transmitted via Bluetooth from
HEX to float [60]. Data cleaning, processing, and automated
parameter cal culation were done via Python scripting.

We worked on the raw data to highlight all possible anomalies
and artifacts. As the humidity sensor is placed on the front of
the mask, separated by a support to prevent saturation of the
sensor during deep exhalation, no movement artifacts were
detected. The only artefacts measured were those associated
with breathing, which can sometimes present saccades that
highlight the absence of ventilatory recovery.

A standard commercial breathing monitoring device
(pneumotach [PNT]; Hans Rudol ph) was used to independently
calculate the lungs volume and RR for comparison with our
sensing platform'sresults. Figure 4A showsthe PNT controller
and heater [61]. Figure 4B shows the Hans Rudolph PA-1 PNT
Amplifier [62]. Standard PNT devices monitor respiratory
parameters at 1 kHz [62,63].

For best results, our sensor should be placed behind the PNT
heater using an adapter to lower face mask humidity. This
adaptor in the face mask allowed precise humidity measurement
during respiration, enhancing sensor sensitivity and limiting
saturation. Thisdesign integrates our humidity measuring device
into the surgical face mask and connectsviathe PNT, as shown
in Figures 4 and 5. All participants were instructed to breathe
deeply every 30 seconds to determine TV, IRV, and ERV, then
they were instructed to breathe normally for the rest of the
15-minute test. The VC is the sum of the IRV and ERV
parameters. The RH sensor sampled dataat 5 kHz, and the PNT
sampled data at 1 kHz during the tests.

Figure 3. (A) Schematics of the proposed health care Internet of Things architecture and (B) our prototype. BLE: Bluetooth Low Energy; OSA:

obstructive sleep apnea.
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Figure4. Commercia pneumotach (PNT) used for reference baseline measurements: (A) PNT controller and heater and (B) PA-1 PNT amplifier. The

photos were taken from Hans Rudolph website [61].

Figure 5. Testing procedures, including the (A) global measurement setup and (B) face mask connected to the heater and relative humidity sensor

adapter.

Recruitment

All study participants, comprising 5 men and 2 women, were
healthy and had no preexisting respiratory conditions. Their
mean height was 171 (SD 10) cm, and their mean weight was

75 (SD 20) kg. The mean BMI was 25 (SD 4) kg/m?. Themean
age of this population was 38 (SD 8) years. All participants
were tested under identical conditions under medical
supervision.

The experiment was conducted according to a specific protocol
that ensured “identical” conditionsfor all participantsinvolved.
First, implementation of the mask was dealt with in 2 parts.
Each participant was given a dedicated, single-use mask. The
sensor part of the mask, affixed to the mount, was reusable and
did not need to be cleaned. To monitor its operation, a data
acquisition system was used to confirm that the sensor
maintained the same humidity saturation as the room
environment.

All measurements were taken at the same RH, in the same
location, and under the same automated climatization conditions.
These conditions included temperature, humidity, and
atmospheric pressure. To ensure this uniformity, all
measurements were conducted on the same day.

Regarding the selection of participants, they were chosen based
on specific criteria to ensure their homogeneity. Participants
had no respiratory history and were in good physical condition.
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They all used the same seated position and the same chair and
were exposed to the same environmental conditions as other
participants.

In terms of equipment setup, the equipment was placed
uniformly for all participants. A preliminary step in the protocol
confirmed that the baseline conditions (temperature and
humidity in the room) were the samefor all participants before
starting the experiment. A new mask was used for each
measurement to eliminate any risk of cross-contamination or
interference.

Physical parameters such as height, weight, and blood pressure
were measured before data collection, and all participants were
allowed 5 minutes of relaxation before starting.

Ethics Approval

The experiments presented in this paper were approved by the
research ethics committee at Ecole de Technologie Supérieure
(approval number: H20230603).

Statistical Analysis

We compared the means and IQRs from the commercial PNT
and our prototype using abox plot. We also compared the deep
breathing area (DBA) and RR series using a 1-way ANOVA
[64]. The hypothesis was tested with an optimal P value of .05
in the ANOVA analysis. DBA and RR Bland-Altman charts
were plotted against the PNT for all participants.
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M ethodology

A cleaning protocol was used for the mask before each
measurement to remove contamination risks. The following
method derives respiratory parameters from sensor-measured
RH and PNT: According to the experimenta section, the RH
was measured throughout the 15-minute test. Counting maxima
over a time segment gives the RR. We calculated TV by
calculating the area under the curve between 2 consecutive
minima using normal breathing data. All lung volumetric
parameters were calculated using the rectangle method, which
is presented in mathematical form in equation 1 [65].

b m=—1
J’ f(x)dx = ZCxH_l — xl-)f(O.S(xiH + xi)) (€8]
a i=1

where i indicates the sample number, x indicates the time
duration of measurement in seconds, f indicates the function to
compute the RH value at time x, and m indicates the total
number of samples.

Deep inhalation and exhalation areas determine IRV and ERV
parameters, and the VC is the sum of both. The beginning and
end of each deep inspiration and expiration cyclewereindicated
by asign changein the signal's second derivative [5]. Counting
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minima in beats per minute over a chosen time can aso
determine the RR, as shown in equation 2.

60

(xig1—x7)

RR

(2)

where x indicates the time duration of thr measurement in
seconds.

Indeed, RR and TV have been used to validate respiratory
parameters. As shown in Figure 6, lung volumes and RR were
caculated by measuring deep inhalation and exhalation
breathing and the respiratory cycle over 1 minute. The room
temperature remained at 21.5 °C. External humidity control in
the test room was turned off because the mask uses a heater to
control humidity.

Our prototype'sreset button synchronized data collection timers
with the PNT. A computer saved the PNT's benchmark
respiratory parameters. Volume capacity is indicated by the
areas of the orange rectangle in Figure 6A, which represents
the closed DBA signal that beginswith inhalation and endswith
deep exhalation. RH and PNT had the best correl ation (R=0.84)
when calculating the area using the rectangle method. The
triangle method had alower correlation coefficient (R=0.40).

Figure6. Respiratory parameters calculationsfrom the (A) commercia pneumotach (PNT) recordingsand (B) relative humidity sensor—based prototype.
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Results

Bland-Altman Analysis

Population-based Bland-Altman analysis was used for the
participant data [66]. We used the mean difference and limits
of agreement (LoAs) to quantify the humidity sensor-PNT
correlation. Bland-Altman graph analysis is a simple way to
assess the bias between the average differences and estimate an
interval of agreement in which 95% of the sensor data
differences fall relative to the PNT data. Both data sets were
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analyzed using unit difference and percent difference charts.
Figure 7 shows the Bland-Altman analysis for the
DBA-normalized plots to help estimate the within-subject and
between-subject variability. Bias and variability terms were
fixed to zero when they did not increase the objective function
by more than 2 points, and bias and variance variability were
assumed to be normal and log-normally distributed [66]. The
DBA's overall analysis yielded a bias of 0.03 with LoAs of
—0.25 and 0.33. The RR bias was 0.018, and the LoAs were
—1.89 and 1.89.
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Figure 7. The Bland-Altman plot and cal cul ations comparing the values from the relative humidity sensor with those from the pneumotach for the (A)
deep breathing area and (B) respiratory rate. The blue line indicates the bias, and the dotted lines indicate the limits of agreement.
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Statistical Analysis

We compared the PNT's experimental DBA and RR data with
our RHS-based IoT prototype. Figure 8 shows box plots
comparing the medians and 1QRs from the commercial PNT
with those from our prototype. The average DBA values from
the PNT and our sensor were 0.56 (SD 0.29) and 0.59 (SD 0.28),
respectively, showing similar values. The average RR with PNT
was 17.61 (SD 1.73), and the average RR with our prototype
was 17.58 (SD 1.71). This shows that our 10T sensor can
accurately measure the participants' respiratory parameters.

Furthermore, the 1-way ANOVA analysiswas useful to compare
the similarities between the DBA and RR data sets, as shown
in Table 1 [64]. After reviewing the ANOVA results, we still
needed to understand subgroup differences among the different
experimental and control groups. For the ANOVA, we used an
optimal P value of .05 to test the hypothesis. The results showed
values of F;3,=0.016 and F,3,,=0.01, indicating that the
differences between the group averages were negligible [67].
We could not reject the null hypothesis because the
corresponding P values of .64 for DBA and .89 for RR were
greater than .05 [67]. Thus, we concluded that there were no
statistically significant differences between the mean DBA and
RR measurements taken by the commercial PNT and our 1oT
sensor prototype.
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Finally, Figure 9 showsthe root mean square error (RMSE) for
the DBA and RR measurements, when comparing the
commercial PNT with our RHS prototype. The trend includes
the highest and lowest RR values. Abnormal breathing patterns
during DBA and RR measurements cause data anomalies. The
PNT and RHS prototype anomalies are shown in Figure 10.
Errorsin the DBA and RR can aso be caused by variationsin
the participant's breathing pattern during the test [65]. This
pattern appeared only once during our measurement, represented
by the outlier points outside of the RMSE and DBA regions
present in Figure 10. Most devices are very sensitive to changes
in breathing patterns, especially during flow measurements
because the face mask makes it hard to breathe normally. It is
possible to ameliorate this error by averaging the volume and
RR measurements over a longer period. Future generations
could leverage sensor fusion, multitenancy (sequential usage
of different sensors), or deep learning predictive value structures
to continuously monitor patients vita signs [68]. After
examining the volumes (ERV, IRV, TV, VC) and RR
measurements, we concluded that our loT RHS-based device
offers a unique way to properly measure essential respiratory
parameters using a low-cost sensor and without heavy-duty
medical devices.
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Figure8. Box plots comparing the calculated (A) deep breathing area (DBA) and (B) respiratory rate val ues from the relative humidity sensor prototype
with those from the pneumotach for al participantsin the test data set.
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Table 1. Resultsfrom the 1-way ANOVAS of respiratory volume and rate measurements.

Source of variation ss? df MsP F P value
Respiratory volume (L)
Between groups 0.02 1 0.014 0.016 .68
Within groups 3.13 38 0.08 _c —
Total 315 39 — — —
Respiratory rate (beats per minute)
Between groups 0.002 1 0.001 0.01 .89
Within groups 39.09 346 0.11 — —
Total 39.09 347 — — —

83S: sum of squares.
bMS: mean squares.
“Not applicable.

Figure 9. The plot shows the root mean square error (RMSE) of the (A) deep breathing area (DBA) and (B) respiratory rate (RR) values, comparing
our relative humidity sensor (RHS) prototype against the commercial pneumotach (PNT).
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Figure 10. Two examples of breathing pattern anomalies during the deep breathing area and respiratory rate measurements using (A) the commercial
pneumotach device and (B) our own relative humidity—based sensing device. The maximum point shows the value of the inspiratory reserve volume,
while the minimum represents the expiratory reserve volume during deep breathing measurements; during anormal breathing pattern, the graph shows

the tidal volume.
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Principal Findings

First, we showed that we can measure respiratory parameters
using the proposed RHS-based device. To calculatethe TV, we
used the area under the RH curve using the rectangle method,
asdescribed. Second, we compared the measurements from the
proposed device with those from the gold standard PNT for all
participants. The Bland-Altman analysis showed that the
measurements were within the LoAs and the biaswas very low.
Furthermore, the results from the ANOVA indicated that the P
values were above the threshold value of P<.05. Both statistical
experiments confirmed that the group average measurements
from the PNT and our proposed device were similar within
statistical limits (ie, we can use our proposed device to measure
respiratory parameters with an accuracy that is close to that of
the gold standard). Thisisfurther corroborated by the box plots
of the DBA and RR values. Most importantly, our deviceis 100
times [61,62] less expensive than the PNT device.

Comparison With Prior Work

The literature suggests that continuous and precise lung volume
and RR monitoring is difficult. Lung volume, a critica
indication of COPD status and devel opment, cannot be assessed
by RR aone [34]. TV, ERV, IRV, and VC can indicate
respiratory depression. Researchers have measured lung volume
with a spirometer, but it is inaccurate, has a large latency, and
cannot be used while the patient is asleep [35]. Our method
improves continuous lung volume monitoring by not requiring
the patient to be supine. It also measures lung volume without
acostly sensor or imaging tests.

Strengthsand Limitations

Our device is a low-cost medical device. It provides an
opportunity to measure respiratory parametersinreal time. The
device uses a widely used and tested commercial humidity
sensor that is stable and has a high signal-to-noise ratio. We
tested the device with a variety of participants with different

https://biomedeng.jmir.org/2023/1/e47146
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demographic characteristics and of different sexes to ensure
that the results are reproducible. Despite al the strengths, there
arecertain limitationsto our device. First, the framework of our
deviceis not suitable for commercial applications asthereisa
large number of ad hoc components. There is scope to improve
the design of the device by incorporating the sensors in the
fabrication of the mask. Second, detailed study of the device
with alarger number of participants and varying environmental
conditions is required for further testing and calibration.

Future Work

Dueto therestrictionsinherent to variationsin breathing patterns
and device sensitivity, we foresee the development of our own
array of humidity sensors, coupled with deep learning data
processing, with the goal of resolving any problems associated
with breathing pattern deviations. Thiswill enable extrapolation
of the unusable measurements to ensure the same level of
precision aslinear results. Thisarray of humidity sensors printed
on aflexible base would permit theincorporation into materials
for surgical masks without affecting the usability. Limitations
may include ahigh-humidity environment, which may increase
the risk of saturating the humidity sensor. A combination of
pressure and temperature measurements would limit this bias.
Ideally, the sensor should be integrated into the mask so that it
can be used in real-life conditions, without obstructing the
ventilatory connection. Increasing the sample size will not
validate the use of the sensor, but the inclusion of profileswith
respiratory disorders would make it possible to obtain
measurements with less obvious variations in amplitude and
thus include situations in which respiratory disorders could be
detected [12].

Conclusions

Wearable |oT medical technologies are developing as viable
options not just to monitor patients at home after hospitalization
but also to boost the affordability and accessibility of quality
health care. In fact, the development of more effective and less
expensive wearable medical devices could allow patients to
monitor their health at home. In recent years, the number of
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wearable medical devices for chronic disease monitoring has
expanded. Last, improved medically certified sensors will
facilitate the devel opment of better and less expensive medical
loT devices. In our investigation, we utilized a single sensor to

Vaussenat et al

respiratory volumes on a medical IoT platform. We plan to
examine the applicability of the RHS sensor to detect more
complex respiratory disorders using deep learning in a future
phase of development.

simultaneously detect pressure, temperature, and humidity. The
literature indicates that temperature is frequently used to
measure RR [45]. Theresultsindicate that our RHS can measure
RR within statistically acceptable control limits. The results of
the 1-way ANOVA indicate that the group means of the PNT
are equivalent to our RHS within the standard margin of error
of theinstrument. Thisisfurther supported by the Bland-Altman
analysis, which revealed low values of 0.03 and 0.018 for the
bias and RR, respectively. The data analysis revealed that the
evolution of RRs over time for the PNT and our low-cost RHS
follows a similar pattern. This is, as far as we are aware, the
first study to investigate the use of RHSfor reliably monitoring

In terms of utility, it is evident that continuous and precise
monitoring of lung capacity and RR represents a significant
basic obstacle. Nonetheless, it presents atremendous opportunity
to monitor patientswith OSA inintensive care or during surgery.
Lung volumes, namely TV, can be utilized to manage respiratory
pauses or identify the breathing pattern in patients with OSA
who utilize C-PAP or A-PAP devices, which, when combined
with artificial intelligence, can detect apnea occurrences and
enhance A-PAP performance. Regarding ventilated patients,
assessing TV will allow for better control of ventilatory
weaning.

Acknowledgments

SGC thanksthe Canada Research Chair and the Natural Sciences and Engineering Research Council (NSERC) Discovery programs
for their support. We are al so thankful to Dr. Ali Bahloul and Clothilde Brochot from Quebec’s Institut de recherche Robert-Sauvé
en santé et en Steurité du travail (IRSST) for fruitful discussions.

Data Availability
Datawill be provided upon reasonabl e request.

Authors Contributions

FV takes responsibility for the integrity of the complete work. SGC made the final decision to submit the manuscript. FV
participated in the study concept and design as well as the design for participant tests. JP acquired the data. FV, AB, and JP
processed and analyzed the data. FV, AB, JP, JABG, and LFG drafted the manuscript. All authorsinterpreted the dataand critically
reviewed the data and manuscript.

Conflictsof Interest
None declared.

References

1. HapinDMG, Criner GJ, Papi A, Singh D, Anzueto A, Martinez FJ, et al. Global Initiative for the Diagnosis, Management,
and Prevention of Chronic Obstructive Lung Disease. The 2020 GOLD Science Committee report on COVID-19 and
chronic obstructive pulmonary disease. Am J Respir Crit Care Med 2021 Jan 01;203(1):24-36 [FREE Full text] [doi:
10.1164/rccm.202009-3533S0] [Medline: 33146552]

2. Wang F, Kream RM, Stefano GB. Long-term respiratory and neurological sequelae of COVID-19. Med Sci Monit 2020
Nov 01;26:€928996 [FREE Full text] [doi: 10.12659/M SM.928996] [Medline: 33177481]

3. Williams GW, Berg NK, Reskallah A, Yuan X, Eltzschig HK. Acute respiratory distress syndrome. Anesthesiology 2021
Feb 01;134(2):270-282 [FREE Full text] [doi: 10.1097/ALN.0000000000003571] [Medline: 33016981]

4. LyonsMM, Bhatt NY, Pack Al, Magalang UJ. Global burden of sleep-disordered breathing and itsimplications. Respirology
2020 Jul;25(7):690-702 [FREE Full text] [doi: 10.1111/resp.13838] [Medline: 32436658]

5. Fazleen A, Wilkinson T. Early COPD: current evidence for diagnosis and management. Ther Adv Respir Dis
2020;14:1753466620942128 [FREE Full text] [doi: 10.1177/1753466620942128] [Medline: 32664818]

6.  Chuang M, Lin|. Investigating the relationships among lung function variables in chronic obstructive pulmonary disease
in men. Peerd 2019;7:€7829 [FREE Full text] [doi: 10.7717/peerj.7829] [Medline; 31592356]

7.  Mannée DC, de Jongh F, van Helvoort H. Telemonitoring techniques for lung volume measurement: accuracy, artifacts
and effort. Front Digit Health 2020 Sep 17;2:559483 [FREE Full text] [doi: 10.3389/fdgth.2020.559483] [Medline: 34713036]

8.  Kwon OE, Shin KH, Dang TH, Ahn HJ, Rhie EH, Jang GY, et a. Tidal volume and stroke volume changes caused by
respiratory events during deep and their relationship with OSA severity: apilot study. Sleep Breath 2021 Dec;25(4):2025-2038
[doi: 10.1007/s11325-021-02334-y] [Medline: 33683548]

9.  Brochard L, Martin GS, Blanch L, Pelosi B, Belda FJ, Jubran A, et al. Clinical review: Respiratory monitoring in the ICU
- aconsensus of 16. Crit Care 2012 Dec 12;16(2):219 [FREE Full text] [doi: 10.1186/cc11146] [Medline: 22546221]

https://biomedeng.jmir.org/2023/1/e47146 JMIR Biomed Eng 2023 | vol. 8 | e47146 | p. 10

(page number not for citation purposes)


https://europepmc.org/abstract/MED/33146552
http://dx.doi.org/10.1164/rccm.202009-3533SO
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33146552&dopt=Abstract
https://www.medscimonit.com/download/index/idArt/928996
http://dx.doi.org/10.12659/MSM.928996
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33177481&dopt=Abstract
https://europepmc.org/abstract/MED/33016981
http://dx.doi.org/10.1097/ALN.0000000000003571
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33016981&dopt=Abstract
https://doi.org/10.1111/resp.13838
http://dx.doi.org/10.1111/resp.13838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32436658&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1753466620942128?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1753466620942128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32664818&dopt=Abstract
https://europepmc.org/abstract/MED/31592356
http://dx.doi.org/10.7717/peerj.7829
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31592356&dopt=Abstract
https://europepmc.org/abstract/MED/34713036
http://dx.doi.org/10.3389/fdgth.2020.559483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34713036&dopt=Abstract
http://dx.doi.org/10.1007/s11325-021-02334-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33683548&dopt=Abstract
https://air.unimi.it/handle/2434/173454
http://dx.doi.org/10.1186/cc11146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22546221&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOMEDICAL ENGINEERING Vaussenat et a

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Johns DP, Walters JAE, Walters EH. Diagnosis and early detection of COPD using spirometry. J Thorac Dis 2014
Nov;6(11):1557-1569 [FREE Full text] [doi: 10.3978/}.issn.2072-1439.2014.08.18] [Medline: 25478197]

Rouathi S, Mezghani S, Khalfallah M, Benzarti M. [Early detection of COPD in smoking cessation outpatients]. Tunis
Med 2015 Jul;93(7):458-464 [FREE Full text] [Medline: 26757504]

Tippargju VV, Xian X, Bridgeman D, Wang D, Tsow F, Forzani E, et a. Reliable breathing tracking with wearable mask
device. |[EEE Sens J 2020 May 15;20(10):5510-5518 [FREE Full text] [doi: 10.1109/jsen.2020.2969635] [Medline:
33746622]

Chu M, Nguyen T, Pandey V, Zhou Y, Pham HN, Bar-Yoseph R, et a. Respiration rate and volume measurements using
wearable strain sensors. NPJIDigit Med 2019;2:8 [FREE Full text] [doi: 10.1038/s41746-019-0083-3] [Medline: 31304358]
Gargiulo GD, Gunawardana U, O’ Loughlin A, Sadozai M, Varaki ES, Breen PP. A wearable contactless sensor suitable
for continuous simultaneous monitoring of respiration and cardiac activity. Journal of Sensors 2015;2015:1-6 [FREE Full
text] [doi: 10.1155/2015/151859]

Monaco V, Stefanini C. Assessing the tidal volume through wearables: a scoping review. Sensors (Basel) 2021 Jun
16;21(12):1 [FREE Full text] [doi: 10.3390/s21124124] [Medline: 34208468]

Lutfi MF. The physiological basisand clinical significance of lung volume measurements. Multidiscip Respir Med 2017;12:3
[FREE Full text] [doi: 10.1186/s40248-017-0084-5] [Medline: 28194273]

Fekr AR, Radecka K, Zilic Z. Tidal volume variability and respiration rate estimation using a wearable accelerometer
sensor. 2014 Presented at: 4th | nternational Conference on Wirel ess M obile Communication and Healthcare - Transforming
Healthcare Through Innovations in Mobile and Wireless Technologies (MOBIHEALTH); November 3-5, 2014; Athens,
Greece [doi: 10.4108/icst.mobihealth.2014.257528]

Scholz R, Bracio BR, Brutscheck M, Trommler P. Non-invasive respiratory rate detection in spontaneous respiration by
humidity measurement. 2017 Presented at: 28th Irish Signals and Systems Conference (1SSC); June 20-21, 2017; Killarney,
Ireland [doi: 10.1109/issc.2017.7983620]

daCosta TD, VaraMFF, Cristino CS, ZanellaTZ, Neto GNN, Nohama P. Breathing Monitoring and Pattern Recognition
with Wearable Sensors. In: Nasiri N, editor. Wearable Devices. London, England: IntechOpen; 2019.

Kano S, Jarulertwathana N, Mohd-Noor S, Hyun JK, Asahara R, Mekaru H. Respiratory monitoring by ultrafast humidity
sensors with nanomaterials: areview. Sensors (Basel) 2022 Feb 07;22(3):1 [FREE Full text] [doi: 10.3390/s22031251]
[Medline: 35161997]

Rivero-Yeverino D. [ Spirometry: basic concepts]. Rev Alerg Mex 2019;66(1):76-84 [doi: 10.29262/ram.v66i1.536] [Medline:
31013409]

Liou TG, Kanner RE. Spirometry. Clin Rev Allergy Immunol 2009 Dec;37(3):137-152 [doi: 10.1007/s12016-009-8128-7]
[Medline: 19347610]

Nicold A, Massaroni C, Schena E, Sacchetti M. The importance of respiratory rate monitoring: from healthcare to sport
and exercise. Sensors (Basel) 2020 Nov 09;20(21):1 [FREE Full text] [doi: 10.3390/s20216396] [Medline: 33182463]
Rolfe S. The importance of respiratory rate monitoring. Br J Nurs 2019 Apr 25;28(8):504-508 [doi:
10.12968/bjon.2019.28.8.504] [Medline: 31002547]

Hodgson CL, Stiller K, Needham DM, Tipping CJ, Harrold M, Baldwin CE, et al. Expert consensus and recommendations
on safety criteriafor active mobilization of mechanically ventilated critically ill adults. Crit Care 2014 Dec 04;18(6):658
[FREE Full text] [doi: 10.1186/s13054-014-0658-y] [Medline: 25475522]

TamuraT. Current progress of photopl ethysmography and SPO for health monitoring. Biomed Eng L ett 2019 Feb;9(1):21-36
[FREE Full text] [doi: 10.1007/s13534-019-00097-w] [Medline: 30956878]

LuG, Yang F, Taylor JA, Stein JF. A comparison of photoplethysmography and ECG recording to analyse heart rate
variability in healthy subjects. JMed Eng Technol 2009;33(8):634-641 [doi: 10.3109/03091900903150998] [Medline:
19848857]

Alian AA, Shelley KH. Photoplethysmography. Best Pract Res Clin Anaesthesiol 2014 Dec;28(4):395-406 [doi:
10.1016/j.bpa.2014.08.006] [Medline: 25480769]

Birrenkott DA, Pimentel MAF, Watkinson PJ, Clifton DA. Robust estimation of respiratory rate viaECG- and PPG-derived
respiratory quality indices. Annu Int Conf IEEE Eng Med Biol Soc 2016 Aug;2016:676-679 [doi:
10.1109/EMBC.2016.7590792] [Medline: 28268418]

Felblinger J, Boesch C. Amplitude demodulation of the electrocardiogram signal (ECG) for respiration monitoring and
compensation during MR examinations. Magn Reson Med 1997 Jul;38(1):129-136 [doi: 10.1002/mrm.1910380118]
[Medline: 9211388]

Lei R, Ling BW, Feng P, Chen J. Estimation of heart rate and respiratory rate from PPG signal using complementary
ensembl e empirical mode Decomposition with both independent component analysis and non-negative matrix factorization.
Sensors (Basel) 2020 Jun 06;20(11):1 [FREE Full text] [doi: 10.3390/s20113238] [Medline: 32517226]

Giardino ND, Lehrer PM, Edelberg R. Comparison of finger plethysmograph to ECG in the measurement of heart rate
variability. Psychophysiology 2002 Mar;39(2):246-253 [doi: 10.1111/1469-8986.3920246]

Hernando A, Peldez-CocaMD, Lozano MT, Lazaro J, Gil E. Finger and forehead PPG signal comparison for respiratory
rate estimation. Physiol Meas 2019 Sep 30;40(9):095007 [doi: 10.1088/1361-6579/ab3be0] [Medline: 31422948]

https://biomedeng.jmir.org/2023/1/e47146 JMIR Biomed Eng 2023 | vol. 8 | e47146 | p. 11

(page number not for citation purposes)


https://europepmc.org/abstract/MED/25478197
http://dx.doi.org/10.3978/j.issn.2072-1439.2014.08.18
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25478197&dopt=Abstract
http://www.latunisiemedicale.com/article-medicale-tunisie.php?article=2868
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26757504&dopt=Abstract
https://europepmc.org/abstract/MED/33746622
http://dx.doi.org/10.1109/jsen.2020.2969635
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33746622&dopt=Abstract
https://doi.org/10.1038/s41746-019-0083-3
http://dx.doi.org/10.1038/s41746-019-0083-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304358&dopt=Abstract
https://www.hindawi.com/journals/js/2015/151859/
https://www.hindawi.com/journals/js/2015/151859/
http://dx.doi.org/10.1155/2015/151859
https://www.mdpi.com/resolver?pii=s21124124
http://dx.doi.org/10.3390/s21124124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34208468&dopt=Abstract
https://mrmjournal.biomedcentral.com/articles/10.1186/s40248-017-0084-5
http://dx.doi.org/10.1186/s40248-017-0084-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28194273&dopt=Abstract
http://dx.doi.org/10.4108/icst.mobihealth.2014.257528
http://dx.doi.org/10.1109/issc.2017.7983620
https://www.mdpi.com/resolver?pii=s22031251
http://dx.doi.org/10.3390/s22031251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35161997&dopt=Abstract
http://dx.doi.org/10.29262/ram.v66i1.536
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31013409&dopt=Abstract
http://dx.doi.org/10.1007/s12016-009-8128-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19347610&dopt=Abstract
https://www.mdpi.com/resolver?pii=s20216396
http://dx.doi.org/10.3390/s20216396
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33182463&dopt=Abstract
http://dx.doi.org/10.12968/bjon.2019.28.8.504
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31002547&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/s13054-014-0658-y
http://dx.doi.org/10.1186/s13054-014-0658-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25475522&dopt=Abstract
https://europepmc.org/abstract/MED/30956878
http://dx.doi.org/10.1007/s13534-019-00097-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30956878&dopt=Abstract
http://dx.doi.org/10.3109/03091900903150998
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19848857&dopt=Abstract
http://dx.doi.org/10.1016/j.bpa.2014.08.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25480769&dopt=Abstract
http://dx.doi.org/10.1109/EMBC.2016.7590792
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28268418&dopt=Abstract
http://dx.doi.org/10.1002/mrm.1910380118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9211388&dopt=Abstract
https://www.mdpi.com/resolver?pii=s20113238
http://dx.doi.org/10.3390/s20113238
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32517226&dopt=Abstract
http://dx.doi.org/10.1111/1469-8986.3920246
http://dx.doi.org/10.1088/1361-6579/ab3be0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31422948&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOMEDICAL ENGINEERING Vaussenat et a

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

Braun SR. Respiratory Rate and Pattern. In: Walker HK, Hall WD, Hurst JW, editors. Clinical Methods: The History,
Physical, and Laboratory Examinations, 3rd edition. Boston, MA: Butterworths; 1990.

Rebuck DA, HananiaNA, D'Urzo AD, Chapman KR. The accuracy of a handheld portable spirometer. Chest 1996
Jan;109(1):152-157 [doi: 10.1378/chest.109.1.152] [Medline: 8549178]

Garfield JL, Marchetti N, Gaughan JP, Steiner RM, Criner GJ. Total lung capacity by plethysmography and high-resolution
computed tomography in COPD. Int J Chron Obstruct Pulmon Dis 2012;7:119-126 [FREE Full text] [doi:
10.2147/COPD.S26419] [Medline: 22399851]

Escobedo P, Fernandez-RamosMD, L6pez-Ruiz N, Moyano-Rodriguez O, Martinez-Olmos A, Pérez de Vargas-Sansal vador
IM, et a. Smart facemask for wireless CO monitoring. Nat Commun 2022 Jan 10;13(1):72 [FREE Full text] [doi:
10.1038/s41467-021-27733-3] [Medline: 35013232]

Delgado BJ, Bajgj T. Physiology, Lung Capacity. Treasure Island, FL: StatPearls Publishing; 2023.

Tantucci C, Bottone D, Borghesi A, Guerini M, Quadri F, Pini L. Methods for measuring lung volumes: is there a better
one? Respiration 2016;91(4):273-280 [FREE Full text] [doi: 10.1159/000444418] [Medline: 26982496]

Kelly JT, Campbell KL, Gong E, Scuffham P. The Internet of Things: impact and implications for health care delivery. J
Med Internet Res 2020 Nov 10;22(11):€20135 [FREE Full text] [doi: 10.2196/20135] [Medline: 33170132]

Subahi AF. Edge-based 10T medical record system: regquirements, recommendations and conceptual design. |EEE Access
2019;7:94150-94159 [doi: 10.1109/access.2019.2927958]

Hung PD. Estimating respiration rate using an accel erometer sensor. CSBio '17: Proceedings of the 8th International
Conference on Computational Systems-Biology and Bioinformatics 2017:11-14 [doi: 10.1145/3156346.3156349]

LeeJ, Yoo SK. Respiration rate estimation based on independent component analysis of accel erometer data: pilot single-arm
intervention study. JMIR Mhealth Uhealth 2020 Aug 10;8(8):€17803 [FREE Full text] [doi: 10.2196/17803] [Medline:
32773384]

Leube J, Zschocke J, Kluge M, Pelikan L, Graf A, Glos M, et al. Reconstruction of the respiratory signal through ECG and
wrist accel erometer data. Sci Rep 2020 Sep 03;10(1):14530 [FREE Full text] [doi: 10.1038/s41598-020-71539-0] [Medline:
32884062]

BasraA, Mukhopadhayay B, Kar S. Temperature sensor based ultralow cost respiration monitoring system. 2017 Presented
at: 9th International Conference on Communication Systems and Networks (COMSNETS); January 4-8, 2017; Bengaluru,
India[doi: 10.1109/comsnets.2017.7945448]

Raji A, Devi PK, Jeyaseeli PG, Balaganesh N. Respiratory monitoring system for asthma patients based on |oT. 2017
Presented at: Online International Conference on Green Engineering and Technologies (1C-GET); November 19, 2016;
Coimbatore, India[doi: 10.1109/get.2016.7916737]

Shevchenko GV, Glubokov NA, Yupashevsky AV, KazminaAS. Air Flow Sensor Based on Environmental Sensor BME280.
2020 Presented at: 21st International Conference of Young Specialists on Micro/Nanotechnologies and Electron Devices
(EDM); June 29-July 3, 2020; Chemal, Russia [doi: 10.1109/edm49804.2020.9153474]

Mansour E, Vishinkin R, Rihet S, Saliba W, Fish F, Sarfati P, et al. Measurement of temperature and relative humidity in
exhaled breath. Sensors and Actuators B: Chemical 2020 Feb;304:127371 [doi: 10.1016/j.snb.2019.127371]

Paul A, Chandran DV, Ramesh R. A Novel 10T-Based Solution for Respiratory Flow Diagnosis. In: Nandan Mohanty S,
Chatterjee JM, Satpathy S, editors. Internet of Things and Its Applications. EAl/Springer Innovations in Communication
and Computing. Cham, Switzerland: Springer International Publishing; 2022:101-115

Hill B, Stapley R, Nesar MSB, Whitaker BM. Touchless Respiratory Monitor Preliminary Dataand Results. 2021 Presented
at: IEEE Aerospace Conference (50100); March 6-13, 2021; Big Sky, MT [doi: 10.1109/aer050100.2021.9438154]
Ashutosh K, Gilbert R, Auchincloss JH, Erlebacher J, Peppi D. Impedance pneumograph and magnetometer methods for
monitoring tidal volume. J Appl Physiol 1974 Dec;37(6):964-966 [doi: 10.1152/jappl.1974.37.6.964] [Medline: 4436235]
Mannée D, de Jongh F, van Helvoort H. The accuracy of tidal volume measured with a smart shirt during tasks of daily
living in healthy subjects: cross-sectional study. IMIR Form Res 2021 Oct 18;5(10):€30916 [FREE Full text] [doi:
10.2196/30916] [Medline: 34661546]

LiuH, Allen J, Zheng D, Chen F. Recent development of respiratory rate measurement technologies. Physiol Meas 2019
Aug 02;40(7):07TRO1 [doi: 10.1088/1361-6579/ab299¢] [Medline: 31195383]

Miyoshi E, Fujino Y, Uchiyama A, Mashimo T, Nishimura M. Effects of gas leak on triggering function, humidification,
and inspiratory oxygen fraction during noninvasive positive airway pressure ventilation. Chest 2005 Nov;128(5):3691-3698
[doi: 10.1378/chest.128.5.3691] [Medline: 16304335]

Xiang G, Zhu X, MaLl, Huang H, Wu X, Zhang W, et a. Clinical guidelines on the application of Internet of Things (10T)
medical technology in the rehabilitation of chronic obstructive pulmonary disease. J Thorac Dis2021 Aug;13(8):4629-4637
[FREE Full text] [doi: 10.21037/jtd-21-670] [Medline: 34527304]

Erdenechimeg D, Enkhzul D, Munkhtamir O, Enkhbat B. Wireless monitoring method for diabetic foot temperature. 2017
Presented at: 19th International Conference on Advanced Communication Technology (ICACT); February 19-22, 2017;
PyeongChang, South Korea[doi: 10.23919/icact.2017.7890053]

https://biomedeng.jmir.org/2023/1/e47146 JMIR Biomed Eng 2023 | vol. 8 | e47146 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1378/chest.109.1.152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8549178&dopt=Abstract
https://europepmc.org/abstract/MED/22399851
http://dx.doi.org/10.2147/COPD.S26419
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22399851&dopt=Abstract
https://doi.org/10.1038/s41467-021-27733-3
http://dx.doi.org/10.1038/s41467-021-27733-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35013232&dopt=Abstract
https://doi.org/10.1159/000444418
http://dx.doi.org/10.1159/000444418
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26982496&dopt=Abstract
https://www.jmir.org/2020/11/e20135/
http://dx.doi.org/10.2196/20135
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33170132&dopt=Abstract
http://dx.doi.org/10.1109/access.2019.2927958
http://dx.doi.org/10.1145/3156346.3156349
https://mhealth.jmir.org/2020/8/e17803/
http://dx.doi.org/10.2196/17803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32773384&dopt=Abstract
https://doi.org/10.1038/s41598-020-71539-0
http://dx.doi.org/10.1038/s41598-020-71539-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32884062&dopt=Abstract
http://dx.doi.org/10.1109/comsnets.2017.7945448
http://dx.doi.org/10.1109/get.2016.7916737
http://dx.doi.org/10.1109/edm49804.2020.9153474
http://dx.doi.org/10.1016/j.snb.2019.127371
http://dx.doi.org/10.1109/aero50100.2021.9438154
http://dx.doi.org/10.1152/jappl.1974.37.6.964
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=4436235&dopt=Abstract
https://formative.jmir.org/2021/10/e30916/
http://dx.doi.org/10.2196/30916
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34661546&dopt=Abstract
http://dx.doi.org/10.1088/1361-6579/ab299e
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31195383&dopt=Abstract
http://dx.doi.org/10.1378/chest.128.5.3691
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16304335&dopt=Abstract
https://europepmc.org/abstract/MED/34527304
http://dx.doi.org/10.21037/jtd-21-670
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34527304&dopt=Abstract
http://dx.doi.org/10.23919/icact.2017.7890053
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOMEDICAL ENGINEERING Vaussenat et a

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.
68.

Pratama NB, Nasution SM, Nugrahaeni RA. Clip On Wearable Device Design For Body Condition Monitoring. 2019
Presented at: International Conference on Information Technology Systemsand Innovation (ICITSI); October 22-26, 2018;
Bandung, Indonesia[doi: 10.1109/icitsi.2018.8695965]

Humidity sensor BME280. Bosch Sensortec. URL : https://www.bosch-sensortec.com/products/environmental -sensors/
humidity-sensors-bme?80/ [accessed 2022-12-15]

Faraone A, Delgado-Gonzal o R. Convol utional-Recurrent Neural Networks on Low-Power Wearable Platformsfor Cardiac
Arrhythmia Detection. 2020 Presented at: 2nd | EEE International Conference on Artificial Intelligence Circuitsand Systems
(AICAS); August 31-September 2, 2020; Genova, Italy [doi: 10.1109/ai cas48895.2020.9073950]

Kupriianova O, Lauter C, Muller IM. Radix conversion for |EEE754-2008 mixed radix floating-point arithmetic. 2014
Presented at: Asilomar Conference on Signals, Systems and Computers; November 3-6, 2013; Pacific Grove, CA [doi:
10.1109/acssc.2013.6810471]

Hans Rudol ph. URL : https.//mww.rudol phkc.com/product-page/linear-pneumotachs-heater-controllers [ accessed 2022-12-15]
PA-1 Pneumotach Amplifiers. Hans Rudolph. URL: https://www.rudol phkc.com/product-page/pa-1-pnemotach-amplifiers
[accessed 2022-12-15]

Xu XK, Harvey BP, Lutchen KR, Gelbman BD, Monfre SL, Coifman RE, et al. Comparison of a micro-electro-mechanical
system airflow sensor with the pneumotach in the forced oscillation technique. Med Devices (Auckl) 2018;11:419-426
[FREE Full text] [doi: 10.2147/MDER.S181258] [Medline: 30588132]

McHugh ML. Multiple comparison analysistesting in ANOVA. Biochem Med (Zagreb) 2011;21(3):203-209 [EREE Full
text] [doi: 10.11613/bm.2011.029] [Medline: 22420233]

Honal M, Leupold J, Huff S, Baumann T, Ludwig U. Compensation of breathing motion artifactsfor MRI with continuously
moving table. Magn Reson Med 2010 Mar;63(3):701-712 [ FREE Full text] [doi: 10.1002/mrm.22162] [Medline: 20187180]
Giavarina D. Understanding Bland Altman analysis. Biochem Med (Zagreb) 2015;25(2):141-151 [FREE Full text] [doi:
10.11613/BM.2015.015] [Medline: 26110027]

Wilcox RR. Introduction to Robust Estimation and Hypothesis Testing. Cambridge, MA: Academic Press; 2011.
Rumiriski J. Analysis of the parameters of respiration patterns extracted from thermal image sequences. Biocybern Biomed
Eng 2016;36(4):731-741 [FREE Full text] [doi: 10.1016/j.bbe.2016.07.006] [Medline: 32287710]

Abbreviations

A-PAP: automatic positive airway pressure
COPD: chronic obstructive pulmonary disease
C-PAP: continuous positive airway pressure
DBA: deep breathing area

ECG: electrocardiography

ERV: expiratory reserve volume

ICU: intensive care unit

[oT: Internet of Things

IRV: inspiratory reserve volume

LoA: limit of agreement

OSA: abstructive sleep apnea

PNT: pneumotach
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