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Abstract

Background: Respiratory inductance plethysmography (RIP) belts are the standard for measuring thoracoabdominal
movements in home sleep apnea testing (HSAT), but are often cumbersome and power-intensive.

Objective: This study aimed to characterize abdominal movement signals measured by a wireless, single-point, abdomen-
worn sensor to evaluate the sensor’s capability to track respiratory dynamics.

Methods: Overnight recordings were obtained from 37 participants using a wireless abdomen-worn sensor and a thoracic RIP
belt during HSAT. The abdominal movement signal was analyzed for breath detection, respiratory rate (RR) estimation, and
waveform similarity relative to the RIP signal. Factors influencing the agreement between the 2 signals were also investigated.

Results: Data from 34 participants were analyzed. The abdominal movement signal showed moderate agreement with the
thoracic RIP signal, achieving a sensitivity of 82.44%, a positive predictive value of 76.22%, and an F-score of 78.99% for
breath-cycle detection. RR estimation yielded a mean absolute percentage error of 5.42% and limits of agreement of +3 breaths
per minute (bpm). Morphological similarity was moderate, with an average distance correlation of 0.73 and a mean squared
error of 0.64. The agreement between the 2 signals declined with increasing respiratory event severity.

Conclusions: Compared with a standard thoracic RIP belt, the single-point, wireless, abdomen-worn sensor tracked basic
respiratory metrics and waveform morphology with moderate agreement. These findings show promising baseline performance
and suggest its viability as a simplified, low-profile data-acquisition platform for home-based respiratory monitoring.
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i by 140%, stroke by 60%, and coronary heart disease by
Introduction 30%, SA is often undiagnosed and untreated in cardiovascu-
lar practice [2,3]. Thus, accurate diagnosis and appropriate
management of SA are critical for mitigating cardiovascu-
lar risk. The gold standard method for diagnosing SA is
polysomnography (PSG), which is expensive and has limited
accessibility. Recently, home sleep apnea testing (HSAT) has
gained widespread adoption for detecting SA because of its

Sleep apnea (SA) is characterized by repetitive episodes
of airflow reduction (hypopnea) or cessation (apnea) for at
least 10 seconds during sleep and is associated with intermit-
tent hypoxia [1]. SA is highly associated with cardiovascu-
lar disease, affecting more than 40% of patients with these
conditions [2]. Although SA increases the risk of heart failure
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convenience and cost-effectiveness compared with PSG [4,
5]. A typical HSAT configuration includes nasal pressure
sensors, respiratory inductance plethysmography (RIP) belts,
and pulse oximetry [5]. RIP belts encircle the torso and
measure respiratory movements by detecting changes in band
expansion during breathing [5]. Thoracoabdominal RIP belts
are the recommended sensors by the American Academy of
Sleep Medicine for apnea event classification in nocturnal
PSG [6,7]. However, thoracoabdominal measurements using
RIP belts can be cumbersome and are often associated with
high power consumption [8,9].

To overcome the limitations of RIP belts, various
alternative approaches have been proposed, including both
contactless and contact-based measurement techniques, such
as cameras, radar, and strain sensors [10-12]. However, the
accuracy of contactless methods is significantly influenced by
environmental factors, making them less suitable for HSAT.
A promising approach to overcome the drawbacks of both
contactless and conventional contact-based methods is the
use of a single-point mechanical contact sensor placed on
the thorax, abdomen, or neck for thoracoabdominal meas-
urements. Among the single-point sensors, tracheal micro-
phones and accelerometer-based sensors have been widely
investigated due to their simplicity and low power consump-
tion [13-17]. Although studies have shown that the thoracic
RIP signal can be estimated from acceleration and supra-
sternal pressure (captured by tracheal microphones), these
signals are proxy measures of thoracoabdominal movement.
As a result, accurately approximating the thoracic RIP from
these signals often requires complex processing techniques,
such as principal component analysis or deep learning—based
methods. Additionally, neck-mounted sensors are generally
more prone to artifacts from head, neck, or body movements
during sleep compared to sensors placed on the chest or
abdomen.

In a previous study, we introduced an abdomen-worn
sensor system (Soomirang) as a promising tool for SA
screening [18]. This sensor operates passively without
requiring an external power source, providing a simple and
energy-efficient solution for monitoring thoracoabdominal
movement [19,20]. It detects thoracoabdominal movement
by measuring capacitance changes resulting from variations
in the distance between the sensor and the body surface
during breathing. The sensor is susceptible to motion artifacts,
particularly those arising from body shifts during sleep.
To mitigate this limitation, a triaxial accelerometer was
integrated into the system to detect and account for gross
movements. Although our previous studies demonstrated
the feasibility of SA screening using the wireless abdomen-
worn sensor, either as a standalone device [18] or as part
of an integrated multisensor system [19], the fundamental
characteristics and baseline measurement fidelity of the
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abdominal movement (Abdo) signal itself have not been
comprehensively reported, resulting in limited insight into the
underlying detection mechanisms.

This study characterizes the Abdo signals acquired from
a wireless abdomen-worn sensor over an entire night of
HSAT, encompassing both normal and disordered breathing
periods. The Abdo signals are compared with synchronized
respiratory signals obtained from a thoracic RIP belt, which
serves as the reference standard. The primary objective is to
evaluate breath detection, respiratory rate (RR) estimation,
and temporal waveform agreement between the Abdo and
RIP reference signals across consecutive respiratory cycles.
In addition, we examine the effects of respiratory events
and demographic factors on the performance of the wireless
abdomen-worn sensor.

Methods

Soomirang System

The abdomen-worn sensor is a compact, 45-mm-diame-
ter device designed for Abdo monitoring [19]. It integra-
tes several key components, including a power module,
Bluetooth module, capacitance-to-digital conversion system
with a capacitive sensor, 3-axis accelerometer, and mem-
ory. The Bluetooth module enables real-time data commu-
nication with a smartphone app. The capacitive sensor
embedded in the printed circuit board records respiratory
movement signals. The capacitance-to-digital conversion
system processes these analog signals, converts them into
digital data, and transmits the resulting data via Bluetooth.
Additionally, the 3-axis accelerometer detects directional
movement and sends motion data to the Bluetooth module.
In cases where Bluetooth connectivity is interrupted, data
are temporarily stored in memory and transmitted once the
connection is restored. The abdomen-worn sensor is placed
on the abdomen or chest to detect surface movement based on
the fringing field principle, where the electric field extending
beyond the capacitor’s plates is influenced by the presence of
the skin [19]. The capacitance variation (Cy) is determined
by the difference between the initial capacitance (Cp) and the
mutual capacitance (Cy,), which changes with the proximity
of the skin. During inspiration, the expansion of the body
surface decreases the distance between the skin and the
capacitive sensor, increasing Cp, and leading to a decrease
in Cy. Conversely, during expiration, contraction of the chest
or abdomen increases the distance between the skin and the
capacitive sensor, decreasing Cy, and resulting in an increase
in Cy. Figure 1A illustrates how the abdomen-worn sensor
detects surface movement during inspiration and expiration
using the fringing electric field principle.
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Figure 1. (A) Detection of surface displacement during inspiration and expiration based on the fringing electric field principle. (B) Simultaneous
acquisition of thoracic movement using a thoracic respiratory inductance plethysmography (RIP) belt (reference signal) and abdominal movement

using an abdomen-worn sensor.
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Data Collection

Thirty-seven participants were recruited for the experiment.
Written informed consent was obtained from all partici-
pants. All methods were performed in accordance with
the ethical principles of the Declaration of Helsinki and
were approved by the institutional review board of the
Ulsan National Institute of Science and Technology (UNIST;
UNISTIRB-24-006-A). Participant recruitment was carried
out between March 2024 and April 2024. Table 1 summarizes
the demographics of the participants in the study. Factors
included sex, age, BMI, apnea-hypopnea index (AHI), and
oxygen desaturation index (ODI). Each participant under-
went overnight monitoring with simultaneous data collec-
tion using the ApnealLink Air device (AL, ResMed) and
the Soomirang system. To provide a comfortable sleep-
ing environment while complying with institutional safety
requirements for an investigational device, the study was

Table 1. Demographics of the participants (N=37).

Thoracic movement sensor

Chest band

(B)

SN

ApnealLink Air

4

Abdomen-worn sensor
(Soomirang)

conducted in a dedicated residential-style testing suite at
UNIST rather than in participants’ homes or a conventional
hospital sleep laboratory. The suite was designed to simu-
late a home sleeping environment and was equipped with
private sleeping partitions and portable beds. Throughout
the overnight recording, research personnel remained in an
adjacent room to monitor participant safety without interfer-
ing with the sleep study. The AL device was chosen for
its proven reliability in detecting SA and its widespread use
in HSAT [21,22]. The AL recorded oronasal airflow at a
sampling frequency of 100 Hz, thoracic RIP at 10 Hz, and
pulse and peripheral oxygen saturation at 1 Hz. The abdo-
men-worn sensor was positioned on the abdomen between
the navel and the chest and captured the Abdo signal and
3-axis acceleration at 5 Hz. Figure 1B illustrates the setup of
the thoracic RIP belt and the abdomen-worn sensor for the
experiment.

Variables Values
Sex, n
Females 10
Males 27

Age (y), mean (SD), range

BMI (kg/mz), mean (SD), range

Apnea-hypopnea index (AHI; events/hour), mean (SD), range
Oxygen desaturation index (ODI; events/hour), mean (SD), range

37.33(8.99), 27-65
26.85 (4.73), 18.0-35.7

2342 (28.87),0.4-84.3
19.04 (22.46),0-72.1

Data Processing

Figure 2 provides an overview of the methodology used
to evaluate the Abdo signal compared with the thoracic
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movement signal recorded by the RIP belt. The evaluation
focuses on 2 main aspects: breath-cycle detection perform-
ance and signal pattern similarity.
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Figure 2. An overview of the methodology used to evaluate the abdominal movement signal in comparison to the thoracic movement signal. RIP:

respiratory inductance plethysmography.
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Preprocessing

The data obtained from the AL device and Soomirang system
were time-synchronized. To ensure temporal alignment, only
the overlapping recording interval between the Soomirang
and AL was retained. The synchronized window (7) was
defined as follows: Tstar=max(TSoomirang, start> L AL, start) and
Teng=min(7Tsoomirang, end> TAL, end)> Where TSoomirang and
Ta1, represent the absolute timestamp arrays of the Soomirang
and AL, respectively. Both data streams were then truncated
to the common interval [Tart, Tend] by identifying the nearest
boundary samples using the minimum absolute time-differ-
ence criterion. Breathing-disordered events were identified
using AL software (version 10.10), which classified each
sample as obstructive apnea (OA), central apnea (CA), mixed
apnea (MA), hypopnea (H), or nonapnea (N). Each Soomir-
ang data sample was then assigned a corresponding label of
OA, CA, MA, or H if its timestamp fell within the duration
of a matching event. Otherwise, it was labeled as N. To
ensure consistency in the sampling rates, the thoracic RIP
signal was downsampled from 10 to 5 Hz. Low-frequency
baseline drift was removed from the Abdo signal using a
causal, 1-sided moving-average detrending filter. The local
baseline was continuously tracked using a causal sliding
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window comprising the current sample and the 55 preced-
ing samples (11 s). The baseline-removed signal, )'c[n], was
obtained by systematically subtracting the estimated local
baseline from the original signal, x [n], expressed mathemati-
cally as follows:

M-1
M2 x[n —i]
i=0

x[n]=x[n] —

Here, M denotes the total causal window length. Both the
Abdo and thoracic RIP signals were then filtered using a
Savitzky-Golay filter with a window length of 11 samples and
a filter order of 3 [23]. The length of the acceleration vector
(Acc length) was calculated as the square root of the sum of
the squares of the data from each axis. The rolling SD of the
Acc length (0,c) was calculated by calculating the SD during
a moving window of 5 samples to capture local variations
per second. Figure 3 shows the measured signals during a
full-night measurement from the AL device and Soomirang
system. Figure 4 shows a detailed visualization of signals
with breathing-disordered events scored by AL software.
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Figure 3. Measured signals from a full-night measurement using the ApneaLink Air (AL) device (AL airflow: airflow and AL ThoEffort: thoracic
RIP) and the Soomirang system (Acc length: length of 3-axis acceleration and the abdominal movement signal). RIP: respiratory inductance

plethysmography.
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Figure 4. A detailed visualization of signals measured by ApneaLink Air (AL) device (AL airflow: airflow RIP and AL ThoEffort: thoracic RIP)
and Soomirang system (Acc length: length of 3-axis acceleration and the abdominal movement signal), in which breathing-disordered events scored
by the AL software are marked as follows: obstructive apnea (OA) events in red, hypopnea (H) in magenta, mixed apnea (MA) in green, and central

apnea (CA) in blue. RIP: respiratory inductance plethysmography.
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Breath-Cycle Detection

A customized peak detection algorithm was used to identify
the peaks and valleys in both the thoracic RIP and prepro-
cessed Abdo signals for each recording [24]. Respiratory
peaks and valleys were identified at a 5 Hz sampling rate
using an adaptive thresholding algorithm based on a sliding
window (2 s). This window continuously computed a moving
average baseline shifted by an adaptive safety margin of +0.1
times the running SD to accommodate dynamic variations
in breathing amplitude. Phase transitions were captured at

https://formative jmir.org/2026/1/e93351

03:52 03:54 03:56 03:58
Mar 26, 2024

the exact timestamps where the waveform intersected this
adaptive baseline. Because these crossover points inherently
occur shortly after a physical peak or valley, the algorithm
executed a backward search over the completed phase using
local extrema operators to pinpoint the precise coordinates.
Finally, artifactual breaths were automatically excluded if
their calculated amplitude fell below 30% of the preceding
valid breath’s volume. A breath cycle was defined as the
segment of the signal between 2 consecutive valleys and was
considered invalid if it met at least one of the following
criteria:
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1. Recording time window: The breath occurs during the
first 10 minutes and the last 2 minutes of the record-
ing. This constraint aligns with the evaluation protocol
of the AL system, which defines the valid analysis
window starting 10 minutes after the beginning and
ending 2 minutes before the end of the recording.

2. Baseline stability: The baseline change (the difference
in amplitude) between 2 consecutive valleys is higher
than 3 times the SD of all such valley-to-valley changes
across the entire recording. This criterion filters out
irregular or artifact-prone breaths due to baseline drift
or motion.

3. Physiological breath interval: The interval between
peaks of 2 breaths is less than 1.5 seconds, ensuring
that only physiologically plausible breathing cycles are
included and that spurious detections due to noise or
nonrespiratory movements are excluded.

The synchronized signals were segmented into 1-minute
intervals with a 5-second sliding step. One-minute intervals
were selected to provide sufficient duration to capture the
full dynamics of respiratory events, while the 5-second step
allowed for nearly breath-level resolution across overlapping
windows. The means of the rolling SD were calculated
for each segment (mo,..). A segment was excluded from
analysis if it met any of the following conditions for either
signal disconnection, an unrealistic breath count, or excessive
body movement: (1) either the reference or Abdo signal
was disconnected for more than 30% of the interval, (2)
the number of valid breaths was greater than 30 or fewer
than 2, or (3) the mo,,. was greater than 3 times the
median moOy,,. value within 15 consecutive segments. The
adaptive thresholding of maoy¢ accounts for local acceleration
variability trends, assuming that a typical 1-minute segment
contains approximately 15 breaths. For each valid segment,
the RR was computed as 60 divided by T, where T is the
average time in seconds between consecutive peaks of valid
breaths.

Performance Metrics

To evaluate performance on a discrete, breath-by-breath
basis, a strict breath-matching tolerance protocol was
enforced. A detected breath from the Abdo signal was
classified as a true-positive match (ngorrect) if and only if
its inspiration peak occurred within the temporal boundaries
defined by 2 consecutive valleys of a single thoracic RIP
respiratory cycle. Furthermore, to prevent ambiguous pairing
or overcounting, instances where multiple or zero Abdo peaks
fell within a single reference interval were classified as
mismatched events, ensuring that each counted true positive
corresponds precisely to the same physiological respiratory
cycle. Breath detection performance was evaluated using
standard classification metrics, including sensitivity (Se),
positive predictive value (PPV), and Fi-score, defined as
follows:

Se = Meorrect
Nref
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PPV = Aeorrect

Mtest

2 X PPV X Se
PPV+Se

Fi-score =
where ngr is the number of reference breaths identified in the
thoracic RIP signal, ng is the number of breaths detected
in the Abdo signal, and nggprect 1S the number of correctly
matched breaths between the 2 signals [13].

To evaluate the accuracy of RR estimation, the mean
absolute percentage error (MAPE) was calculated as follows:

RRref, i~ RRest, i

X 100\%
RRref,i 0

1 N
MAPE=~-
v

where N represents the number of valid measurement
segments, and RRef and RR¢ denote the RRs derived from
the reference thoracic RIP and the Abdo signals, respectively.

In addition, a Bland-Altman analysis was performed to
assess agreement between the estimated and reference RR
across the entire dataset. To quantify the reliability of RR
estimation and understand how often estimation was possible,
we calculated the coverage, defined as the proportion of
1-minute segments that were valid in both the RIP and Abdo
signals relative to the total number of segments:

Coverage (\%):(%) X 100
total

where Nyyiq is the number of 1-minute segments that
successfully passed all quality exclusion criteria for both
signals simultaneously, and Niy, is the total number of
I-minute segments across the entire overnight recording time.

To assess waveform and trend similarity between the
Abdo and thoracic RIP signals, we computed both distance
correlation and mean squared error (MSE) across 1-minute
sliding windows. Distance correlation was selected because
it captures both linear and nonlinear relationships and is
sensitive to differences in waveform shape [25,26]. Unlike
Pearson correlation, it does not assume that a zero correla-
tion implies independence, which is a critical distinction for
physiological signals.

Accurate temporal alignment is essential for waveform
similarity analysis because both distance correlation and MSE
are sensitive to temporal offsets that may arise from sensor
latency or body movement during sleep. Since synchroniza-
tion performed only at the beginning of a recording cannot
compensate for subsequent timing shifts, an automatic local
alignment procedure was applied to each 1-minute window.
Specifically, the optimal time lag was estimated by maximiz-
ing the cross-correlation between the Abdo and thoracic RIP
signals within a constrained lag search range of +2 s (+10
samples at 5 Hz), using a search step of 2 samples. This
range is considered physiologically reasonable, as it falls
within the duration of a typical respiratory cycle and ensures
more robust waveform comparison under real-world sleep
conditions. The Abdo signal was subsequently shifted by the
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estimated lag, and boundary samples affected by the temporal
shift were discarded to avoid edge artifacts in the subsequent
analysis. Prior to computing the final waveform similarity
metrics, an explicit amplitude normalization protocol was
executed: both the Abdo and thoracic RIP signals within each
1-minute window were z-score normalized (z = [x — p] / 0)
to center the baseline at =0 and fix the scaling parameter to
unit variance (0=1). This normalization eliminates arbitrary
sensor scaling biases, ensuring that the metric evaluates
underlying morphological and structural variations rather than
scaling differences.

Effects of Respiratory Event Types and
Demographics of the Participants on
Performance Metrics

To evaluate the effects of respiratory event types on
monitoring performance, individual breath cycles and
I-minute signal segments were categorized into 4 mutually
exclusive classes: N, H, OA, and CM (ie, CA and MA).
Breath cycles were classified according to the timing of their
inspiratory peaks. A breath was labeled as N if its inspira-
tory peak occurred outside any annotated respiratory event.
Otherwise, it was assigned the label corresponding to the
annotated event encompassing its inspiratory peak (H, OA, or
CM). One-minute signal segments were classified using the
same 4 categories. Segments containing no respiratory events
were labeled as N, whereas segments containing one or more
respiratory events were assigned the event type occupying the
greatest cumulative duration within the 1-minute interval.

To assess the influence of respiratory event type on breath
detection and RR estimation, participant-level performance
metrics, including Se, PPV, Fj-score, MAPE, limits of
agreement (LOA), and coverage, were first calculated
separately for each event category within each participant.
Linear mixed-effects models were then fitted using respira-
tory event type as a fixed effect and participant identity as
a random intercept to account for within-participant cor-
relation [27]. The effects of participant demographics on
whole-recording performance metrics were evaluated using 4
categorical variables: AHI (<5, 5.0-14.9, and >14.9 events/h),
ODI (<5, 5.0-149, and >14.9 events/h), BMI (<25, 25.0-
299, and >299 kg/m?), and sex (male or female partici-
pants). Each demographic factor was analyzed independently.
Differences among the 3-level groups were assessed using
the Kruskal-Wallis test followed by Dunn-Siddk post hoc
pairwise comparisons, whereas differences between sexes
were evaluated using the 2-tailed Mann-Whitney U test.

To investigate the effects of respiratory event type and
participant demographics on waveform similarity, distance
correlation and MSE were analyzed using the original
I-minute segment-level data. Because each participant
contributed multiple repeated observations, segment-level
linear mixed-effects models were fit directly to the unaggre-
gated dataset. Respiratory event type or a single demographic
factor was included as the fixed effect in separate models,
while participant identity was modeled as a random inter-
cept to account for within-participant dependence. Post hoc
pairwise comparisons were performed using Wald tests on the
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fixed-effects contrasts (coefTest, MATLAB). All statistical
analyses were performed using the Statistics and Machine
Learning Toolbox in MATLAB (MathWorks), and statistical
significance was defined as P<.05.

Ethical Considerations

This study was conducted in accordance with the principles
of the Declaration of Helsinki. Approval was granted by the
institutional review board of UNIST (UNISTIRB-24-006-A).
Written informed consent was obtained from all participants.
No identifiable personal data or images of participants are
included in this manuscript.

Results

Of the 37 recordings collected, 3 were excluded because
of technical failures during unconstrained home monitoring.
Two recordings were excluded due to Soomirang system
issues, including one with missing accelerometer data and
another with critical sampling-time errors. The third recording
was excluded because of a hardware-related connection
failure of the thoracic RIP belt, which resulted in prolonged
signal flatlining and high-amplitude contact jitter caused by
sensor detachment or cable disconnection. All exclusions
were due to technical issues and were unrelated to participant
characteristics or clinical outcomes. Thirty-four recordings
were used for analysis; 8 recordings were obtained from
female participants and 26 recordings from male participants.
The distributions of participants across different obstructive
sleep apnea (OSA) severity levels of normal, mild, moder-
ate, and severe were 14, 9, 1, and 10, respectively. Figure
5 presents representative examples of breath-cycle detection
in thoracic RIP and Abdo signals after preprocessing and
normalization across segments of different respiratory event

types.

The Abdo signal shows good performance in breath
detection, with overall sensitivity, PPV, and Fj-score of
82.44% (69.58%-97.25%), 76.22% (50.06%-92.85%), and
78.99% (60.27%-94.16%), respectively; and in RR estima-
tion, with a MAPE of 542% (2.04%-12.98%), a Bland-
Altman bias of 0.21 breaths per minute (bpm), and a
Bland-Altman LOA of +3 bpm (-2.8 to 3.2 bpm). The RR
coverage was high at 84.74% (27.82%-95.8%). For pattern
similarity comparison, the distance correlation and MSE
between the Abdo and reference RIP signals were moderate at
0.73 (0.51-0.92) and 0.64 (0.25-1.78), respectively.

The number of valid breaths in the reference/Abdo signal
across respiratory event categories was 131,778/132,503 for
N, 8581/7849 for H, 16,191/15,993 for OA, and 1055/2139
for CM, respectively. The number of valid segments across
respiratory event categories was 8445 for N, 1239 for H,
2140 for OA, and 329 for CM. Table 2 summarizes the
impact of different respiratory event types on the perform-
ance of breath detection and RR estimation. The Se and
F1-score were highest during N segments and showed a
gradual decline across H and OA, with the lowest values
observed in CM segments. Specifically, sensitivity decreased
from 83.17% in N segments to 70.81% in CM segments
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(P<.001). A similar pattern was observed for F{-score, which
dropped from 82.95% in N segments to 46.78% in CM
segments (P<.001). While PPV was relatively high in H
and OA segments (86.27% and 75.25%, respectively), it
dropped substantially to 34.92% in CM segments (P<.05).
Overall, all performance metrics showed a marked reduc-
tion from N to CM segments (P<.001), indicating decreased
breath-detection reliability in the presence of more complex
or irregular respiratory events. The RR estimation perform-
ance gradually degraded with event severity, as indicated
by a significant overall effect of event type on MAPE and
LOA (P<.001). The lowest error occurred during N seg-
ments (MAPE=4.72%; LOA=-2.6 to 3.0 bpm) and increased
progressively across H (MAPE=6.15%; LOA=-3.0 to 3.2
bpm) and OA (MAPE=7.31%; LOA=-2.9 to 3.6 bpm) events.

Dang et al

The error peaked during CM segments (MAPE=9.72%;
LOA=-4.8 to 4.8 bpm), with post hoc testing revealing that
this CM group had a significantly higher MAPE than all other
categories (P<.001 for all pairwise comparisons). Conversely,
variations in MAPE among the N, H, and OA groups
were not statistically significant. Regarding data coverage,
the highest values were observed during OA (92.34%) and
H (88.54%) segments, followed by N segments (81.93%),
with coverage dropping sharply to a minimum during CM
segments (57.45%). Pairwise comparisons for patient-level
coverage showed that N segments differed significantly from
H (P=.002), OA (P<.001), and CM (P=.02). Coverage also
differed significantly between OA and CM (P=.04), whereas
the remaining differences between H and OA (P=.06) or CM
(P=.63) did not reach statistical significance.

Figure 5. Examples of thoracic respiratory inductance plethysmography (RIP) and abdominal movement (Abdo) signals measured during different

respiratory event types: (A) nonapnea, (B) obstructive apnea, (C) hypopnea,

(D) mixed apnea, and (E) central apnea. The solid black, solid blue, and

dashed gray lines represent the thoracic RIP (ThoEffort), the time-aligned Abdo signal, and the preprocessed Abdo signal, respectively. The detected
peaks in ThoEffort and in the time-aligned Abdo signal are marked in red and magenta colors, respectively.
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Table 2. Effect of respiratory events on breath detection and respiratory rate estimation performance metrics.
Performance metrics N? HP OA° cmd
Se (%)° 83.17 7891 7435 70.81
PPV (%) 82.72 86.27 7525 3492
F1-score (%) 82.95 82.42 74.78 46.78
MAPE (%)® 472 6.15 731 9.72
LOAP (bpm) 2.8 (-2.6t03.0) 31(-3t03.2) 33(-291t03.6) 48 (-4.8t04.8)
Coverage (%) 81.93 88.54 92.34 57.45

AN nonapnea.

by: hypopnea.

COA: obstructive apnea.

dCM: central apnea and mixed apnea.
€Se: sensitivity.

fPPV: positive predictive value.

8MAPE: mean absolute percentage error.
YL OA: limits of agreement.

ippm: breaths per minute.
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Figure 6 and Table S1 in Multimedia Appendix 1 present
the effects of different respiratory event types on the
segment-level pattern similarity metrics. The highest distance
correlation was observed in N segments (0.78+0.192),
indicating the strongest pattern similarity and waveform
alignment between the Abdo and thoracic RIP signals.
Conversely, the lowest distance correlation occurred in CM
segments (0.59+0.17), reflecting degraded morphological
agreement during mixed or central apneas. The distance
correlation in H segments (0.66+0.19) was significantly
higher than that observed in both OA and CM segments

Dang et al

(P<.001). Furthermore, OA segments (0.61+£0.17) exhibited
a slightly higher distance correlation than CM segments
(P=.04). In terms of MSE, the lowest MSE values were
achieved during N segments (0.53+0.45), indicating the
greatest overall agreement. The highest MSE occurred in
CM segments (1.01+0.43), suggesting the largest deviation
in waveform shape. The MSE in H segments (0.8+0.47)
was significantly lower than that in OA and CM segments
(P<.001). Additionally, OA segments (0.88+0.45) yielded a
significantly lower MSE than CM segments (P<.001).

Figure 6. Effect of respiratory events on pattern similarity performance indices: distance correlation and mean squared error (MSE). CM: central
apnea and mixed apnea; H: hypopnea; N: nonapnea; OA: obstructive apnea. Statistical significance was defined as P<.05.
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Table 3 summarizes the impacts of AHI, ODI, BMI,
and biological sex on breath detection and RR estimation
performance. Se, PPV, and Fi-score noticeably declined as
AHI, ODI, and BMI increased. All 3 performance metrics
were consistently higher in female participants than in male
participants. Statistically significant variations in Se were
observed across AHI groups (P=.01), ODI groups (P=.004),
and between sexes (P=.04), whereas variations across BMI
groups were nonsignificant (P=.42). For PPV, no significant
differences were found across AHI, ODI, or BMI groups,
but a statistically significant difference was observed between
male and female cohorts (P=.049). F{-score variations did
not reach statistical significance across AHI or BMI groups,
but significant differences were found across ODI groups
(P=.048) and between female and male participants (P=.049).
For RR estimation performance, MAPE and LOA generally
increased with higher AHI, ODI, and BMI. Performance
metrics were consistently lower in female compared to male
participants. Statistically significant differences in MAPE
were observed across AHI groups (P=.02) and ODI groups
(P<.001). However, variations in MAPE across BMI groups
(P=.57) and between sexes (P=.38) did not reach statisti-
cal significance. Regarding data coverage, no significant
differences were observed across any of the evaluated
demographic groups.

Figure 7, Figure 8, and Table S2 in Multimedia Appen-
dix 1 present the effects of AHI, ODI, BMI, and sex on
distance correlation and MSE. A significant difference in
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both metrics was observed across the AHI groups. The
highest distance correlation and lowest MSE were observed
in participants with normal sleep profiles (AHI<5 events/h;
0.8+0.19 and 0.48+0.45, respectively), whereas participants
with moderate-to-severe SA (AHI>14.9 events/h) exhibi-
ted the lowest distance correlation (0.65+0.2) and highest
MSE (0.81+0.48). Pairwise comparisons revealed signifi-
cant differences between all AHI cohorts for both distance
correlation (normal vs mild: P=.008; normal vs moder-
ate-to-severe: P<.001; mild vs moderate-to-severe: P=.01)
and MSE (normal vs mild: P=.02; normal vs moderate-to-
severe: P<.001; mild vs moderate-to-severe: P=.02). An
identical pattern was observed across ODI categories, with
all pairwise differences for both metrics reaching high
statistical significance (P<.009). For BMI, participants with
a normal weight (BMI<25 kg/m?) and overweight partici-
pants (BMI=25-29.9 kg/m?) showed no significant differen-
ces in waveform similarity (P=.79 for distance correlation;
P=.88 for MSE). However, waveform agreement deteriora-
ted in participants with obesity (BMI>29.9 kg/m?), resulting
in the lowest overall distance correlation (0.67+0.21) and
the highest MSE (0.77+0.51). Obese participants showed
significantly lower distance correlation and higher MSE
compared to both normal weight (distance correlation: P=.03;
MSE: P=.03) and overweight cohorts (distance correla-
tion: P=.01; MSE: P=.02). Lastly, no statistically signifi-
cant sex-based differences were observed for both pattern
similarity metrics.
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Figure 7. Influences of the apnea-hypopnea index (AHI), oxygen desaturation index (ODI), BMI, and sex on the distance correlation metric of
pattern similarity. Statistical significance was defined as P<.05.
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Figure 8. Influences of the apnea-hypopnea index (AHI), oxygen desaturation index (ODI), BMI, and sex on the mean squared error (MSE) of
pattern similarity. Statistical significance was defined as P<.05.
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Discussion

This study presents a characterization of the respiratory
signals recorded by a wireless, abdomen-worn sensor during a
full night of HSAT. The measured Abdo signal was com-
pared with the respiratory signal recorded by the thoracic
RIP belt in terms of breath-cycle detection, RR estimation,
and waveform morphology. Additionally, the influences of
sleep and demographic factors on performance metrics were
investigated.

The Abdo signal demonstrated moderate performance for
respiratory measurement across several key metrics. For
breath-cycle detection, it achieved a sensitivity of 82.44%
(range: 69.58-97.25), a PPV of 76.22% (range: 50.06-92.85),
and an Fj-score of 78.99% (range: 60.27-94.16). In RR
estimation, the MAPE was 5.42%, with an average LOA of
+3 bpm and coverage of 84.74%. For waveform similarity,
the average distance correlation was 0.73, and the MSE was
0.64. These results suggest the Abdo signal is moderately
similar to the reference signal, and that the abdomen-worn
sensor offers a promising approach for noninvasive respira-
tory monitoring during sleep. Comparable studies support
these findings. Cerina et al evaluated suprasternal pressure
signals for breath detection against thoracic RIP and reported
a sensitivity of 78.21%, a PPV of 78.04%, and an F'{-score of
77.62%. For RR estimation, their system achieved a MAPE
of 4.14%, an average LOA of +2.78 bpm, and coverage of
84.26% when compared with the thoracic RIP signal. Their
evaluation of waveform similarity, based on breath ampli-
tude, yielded an average distance correlation of 0.692 [13].
Schipper et al [17] used a deep learning model to estimate
respiratory effort from accelerometer data and reported a
sensitivity and PPV of 93.7% and 93.5%, respectively, for
breath-cycle detection. Their morphology similarity assess-
ment showed an average Pearson correlation coefficient of
0.83 and an MSE of 0.33. While these comparisons offer
useful context, direct performance comparisons are limited
by differences in study populations and methodologies. For
instance, the dataset used in the study of Schipper et al
[17] included fewer respiratory events, which may have
contributed to higher detection performance. Additionally,
their use of Pearson correlation assumes linear relationships
and independence of data points, which might not fully
capture the complex, potentially nonlinear and temporally
dependent nature of physiological signals recorded during
sleep. In contrast, our use of distance correlation allows for
a more general assessment of waveform similarity. Cerina et
al [13] compared respiratory pattern features across sequen-
ces of valid breaths. While this approach offers valuable
insights, its robustness may be limited when valid breaths
occur at different times in the reference and test signals. In
such cases, sequence-based comparisons could be affected by
temporal misalignment, potentially leading to less accurate
assessments.

The performance of the abdomen-worn sensor for
respiratory signal detection is strongly influenced by the
factor of respiratory event types. The metrics of breath-cycle
detection and RR estimation are considerably higher in N
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and H events compared to OA and CM events. There is a
significantly higher distance correlation and a lower MSE in
N and H events compared to OA and CM events. The results
indicate that the respiratory signal detection of the abdo-
men-worn sensor worsens as the severity of the respiratory
event increases. This observation is similar to those observed
in signals measured from a microphone and an accelerom-
eter, where the quality of the respiratory signal measured
from these devices reduced significantly in severe respiratory
events [13,15,16]. One possible explanation is that irregu-
lar breathing patterns complicate the relationship between
thoracic and Abdo signals and overall body circumference,
making accurate signal tracking more challenging [28]. In
abnormal breathing scenarios like paradoxical breathing,
thoracic and abdominal signals may become out of phase,
further reducing signal agreement [28,29]. Moreover, since
the abdomen-worn sensor captures Abdo at a single loca-
tion, it may not fully reflect overall Abdo and can be more
susceptible to motion artifacts. The presence of noise during
breathing-disordered events contributes to a reduced distance
correlation, increased MSE, and greater differences in RR
between Abdo and thoracic RIP signals. Although respira-
tory event type influenced both breath detection and RR
estimation, the abdomen-worn sensor maintained moderate
performance during OA and CM, achieving a breath detection
sensitivity greater than 70%, a MAPE below 10%, and LOA
within +4.8 bpm.

The performance of the abdomen-worn sensor was
compared across participant groups stratified by AHI, ODI,
BMI, and sex. The breath-cycle detection and RR estima-
tion performance declined with increasing AHI and ODI.
Significant differences in distance correlation and MSE were
observed between groups with varying AHI and ODI levels,
likely due to the higher frequency of respiratory events
in participants with more severe OSA. These respiratory
events introduce irregularities that affect signal quality and
detection accuracy. Analysis by sex revealed that while
waveform similarity metrics showed no significant intergroup
differences, breath-cycle detection performance was slightly
elevated in the female cohort compared with the male cohort.
Attributing this discrepancy solely to sex remains challeng-
ing due to a pronounced imbalance in baseline clinical
severity; the average AHI and ODI were substantially lower
among female participants (7.60 and 7.13 events/h) than
among male participants (27.32 and 22.71 events/h). This
heavily skewed distribution in baseline apnea severity likely
confounded the performance differences observed between
sexes. BMI was another factor influencing the performance
metrics. Participants with a BMI>29.9 showed significantly
lower distance correlation and higher MSE compared to
those with a BMI<25 or between 25.0 and 29.9. This result
suggests that higher body weight may reduce the accuracy
of respiratory signal detection in both the RIP belt and the
abdomen-worn sensor. The added mass around the chest
and abdomen may also reduce the strength or clarity of the
respiratory signal. These observations are consistent with
existing literature, reinforcing the impact of body composition
on respiratory monitoring accuracy using wearable sensors
[30,31]. However, it is also noted that in our population, the
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participants with BMI>29.9 have higher AHI compared to the
people with lower BMI; therefore, the significant differ-
ence between these groups could be influenced by respira-
tory events. Beyond these clinical and demographic factors,
part of the reduced agreement observed across participant
subgroups may stem from the different anatomical measure-
ment sites. The abdomen-worn sensor captures abdominal
movement, whereas the reference RIP belt records thoracic
respiratory motion. Because the thorax and abdomen function
as distinct respiratory compartments, their movements can
naturally differ in amplitude or become temporarily asynchro-
nous during altered breathing, particularly during respiratory
events. Consequently, some degree of disagreement between
the 2 signals is physiologically expected and may contribute
to the observed reduction in waveform agreement.

While the baseline performance metrics reported here
demonstrate a stable foundation for tracking abdominal
movements, evaluating downstream clinical diagnostic
capacities remains outside the scope of this specific work.
The underlying characteristics evaluated in this study provide
the necessary metrological foundation that allows these raw
signals to be viably used in deep learning applications.
Indeed, our previous work has successfully demonstrated that
once these fundamental respiratory dynamics are established,
they can be integrated into advanced Al frameworks for
automated SA screening, AHI estimation, and SA severity
classification [18].

This study has several limitations. First, although
abnormal breathing events were shown to affect the Abdo
signal, the influence of other factors such as sleep posi-
tion, sleep stage, and snoring could not be evaluated due
to the lack of corresponding data in the reference HSAT
system [17]. Second, the reference signal was obtained
from a thoracic RIP belt rather than an abdominal belt,
as dictated by the standard configuration of the AL sys-
tem. As discussed, chest and abdominal movements may
diverge during disordered breathing; thus, this measurement
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location mismatch represents a practical limitation when
directly comparing thoracic and abdominal waveforms. Third,
although conducting the study in a home setting allows
participants to sleep in a familiar environment, providing
more natural usage conditions for wearable devices, a more
thorough evaluation of the abdomen-worn sensor should be
performed in a controlled sleep lab using PSG as the gold
standard. Fourth, the number of CM events was relatively
small compared to other respiratory event types, limiting
the ability to draw statistically robust conclusions regard-
ing signal behavior during CM events. Fifth, the num-
ber of participants was relatively small, and there was a
sex imbalance, which makes it harder to fully understand
how demographic factors affect performance. Despite these
limitations, to the best of our knowledge, this is the first
study to analyze Abdo signals from a wireless, single-point
abdomen-worn sensor for respiratory movement detection,
highlighting its potential as a simple and practical tool for
monitoring thoracoabdominal movement during sleep.

This study characterized the Abdo signal measured during
HSAT using a simple, wireless, abdomen-worn sensor. We
assessed the performance of the Abdo signal in breath-
cycle detection, RR estimation, and waveform similarity,
using thoracic RIP from an HSAT device as the reference.
Additionally, we analyzed the influence of sleep-related
and demographic factors on the signal quality and detec-
tion performance. The Abdo signal demonstrated moderate
agreement with the reference across both breath-by-breath
detection and waveform morphology metrics. However, this
agreement was significantly influenced by factors such as
apnea severity and BMI. These findings support the potential
of a small, wireless, abdomen-worn sensor for home-based
respiratory monitoring. Future studies should aim to enhance
performance in sleep laboratory settings and explore its
application in OSA and central sleep apnea (CSA) classifica-
tion.
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ODI: oxygen desaturation index

OSA: obstructive sleep apnea

PPV: positive predictive value

PSG: polysomnography

RIP: respiratory inductance plethysmography
RR: respiratory rate

SA: sleep apnea
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