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Abstract

Study Objectives: Loop gain (LG) is a critical parameter for assessing ventilatory control
stability in sleep apnea, with implications for personalized treatment. Existing LG estimation
methods are hindered by complex processing and specialized equipment, limiting clinical
applicability. This study aims to develop an automated method to quantify LG from respiratory
inductance plethysmography (RIP) signals to enhance precision management of sleep apnea.

Methods: Polysomnography data from Massachusetts General Hospital, high-altitude studies at
Beth Israel Deaconess Medical Centre, and heart failure patients were analysed. Cases included
an apnea-hypopnea index >15 and # hours of recorded sleep. RIP signals were filtered,
normalized, and segmented into 8-minute windows. LG estimation employed an augmented
Mackey-Glass equation and an expectation-maximization algorithm. Simulation experiments on
synthetic breathing data with known parameter values quantified the accuracy of our parameter
estimates.

Results: Data from 465 patients were analysed, including 400 patients from the Massachusetts
General Hospital dataset and 65 heart failure patients. The method accurately estimated LG across
diverse apnea phenotypes. Patients with a higher central apnea index, high self-similarity or

heart failure exhibited significantly higher median LG values (0.19, 0.27 and 0.41 respectively)
compared to those with obstructive apnea (median LG = 0.11-0.14; p <0.001). In addition, LG

was significantly elevated during non-rapid eye movement sleep and at higher altitudes.

Conclusions: The automated LG estimation method developed in this study provides a

scalable, non-invasive tool for endotyping in sleep apnea. By accurately modelling patient-specific
ventilatory control, this approach supports personalized management strategies in apnea and
broader clinical contexts.
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INTRODUCTION

Sleep apnea is a prevalent disorder affecting millions globally, with profound implications

for cardiovascular health, cognitive function, and overall quality of 1#8][ Accurate
identification of apnea phenotypes, such as obstructive sleep apnea (OSA) and central sleep
apnea (CSA) is critical for effective treatme#5]. The need for precise assessment of
polysomnography (PSG) and home sleep apnea testing data is essential for both diagnosis
and personalization of treatment.

Ventilatory control, which is influenced by factors like chemoreflexes, lung mechanics,
and arousal thresholds, determines how the body responds to changes in oxygen and
carbon dioxide levels, and plays a crucial role in the severity of aprgla A key

measure of this control is ventilatory loop gain (LG), which indicates the sensitivity

of the respiratory system to these changes. A high loop gain (HLG) signifies a more
reactive system, potentially leading to breathing instability. In OSA, HLG can exacerbate
respiratory instability and complicate interventiofl [n CSA and Hunter-Cheyne-Stokes
respiration (HCSR), increased chemosensitivity (higher controller gain) combined with
delayed responses can hinder the body’s ability to stabilize breathing, thereby prolonging
episodes of unstable breathing and apaéh [

Recognizing the unique role of LG in apnea subtypes is essential for tailored interventions.
For example, OSA patients with average LG should be generally expected respond to
continuous positive airway pressure (CPAP][whereas HLG patients may require
additional therapy such as$CO, therapy, acetazolamide, zonisamide or sulthiake [

17]. LG assessment aids in the optimization of treatment based on a patient’s breathing
stability, a decision-support tool.

Despite the availability of several methods for estimating LG in apnea patients, including the
use of hypoxic-hypercapnic ga&&18-21], breath-holding techniqueg&7-24], mechanical
ventilation R5-27], cardiopulmonary coupling?B,29], and mathematical modelling of

breathing dynamics3p-32], practical challenges such as manual data annotation and the
need for specialized equipment have limited their clinical use. To overcome these barriers,
we recently developed an automated algorithm that detects HLG by analysing self-similarity
(SS) in the envelope morphology of abdominal respiratory inductance plethysmography
(RIP) signals, thereby eliminating the need for manual proces33&y.

SS quantifies the degree to which the respiratory signal exhibits metronomic repeating,
oscillatory patterns. High SS indicates that the breathing pattern is consistently
symmetrically oscillatory—a hallmark of increased ventilatory instability and elevated LG.
In our approach, the SS metric serves as an indirect marker of LG, indicating expressed
HLG rather than the entire spectrum of LG intensities or the physiological interplay of its
underlying parameters.
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In this study, we present a model-based framework for automated LG assessment based
on RIP signals. Our approach uses modified Mackey-Glass equations to model ventilatory
control as a closed-loop system, enabling estimation of key parameters including gain and
delay in the time domain. By providing a practical method to quantify ventilatory control
stability, this work aims to support more targeted treatment selection in sleep apnea and
related respiratory disorders.

METHODS

Dataset

The primary data used in this work were selected from an archive containing clinical PSGs
from the Massachusetts General Hospital (MGH) sleep laboratory between 2008 and 2022.
The MGH and the Beth Israel Deaconess Medical Centre (BIDMC) Institutional Review
Boards approved the retrospective analysis of clinically acquired PSG data with waiver of
informed consent (protocol #s: MGH: 2013P001024, BIDMC: 2016P000058). The MGH
sleep centre is an American Academy of Sleep Medicine (AASM) accredited sleep centre
that scores obstructive and central apnea, and hypopnea’s using the 4% desaturation rule.
Hypopneas meeting the 3% desaturation or arousal criterion were automatically added
using a previously developed respiratory event dete8&rA secondary dataset with

heart failure (HF) patients was used to study the known association between HLG and this
specific population36,37]. Thirdly, PSG studies from BIDMC recorded four incremental
altitudes were included to show the relationship between LG and high-altitude breathing.

Patient selection based on ventilatory control profile

From all MGH recordings with an apnea—hypopnea index (AHI) >15 (moderate sleep apnea)
and # hours of sleep, we defined four ventilatory control subgroups:

1 “REM OSA": >10% rapid eye movement (REM) sleep and a REM AHI being at
least three times higher than the AHI during non-rapid eye movement (NREM).

2. “NREM OSA”": >10% REM sleep and a NREM AHI at least double the REM
AHI.

3. “High CAI": central apnea index (CAl) >5 with CAl exceeding the obstructive
apnea index (OAl).

4. “SS OSA”: CAI <5 and >25% of sleep exhibiting high SS.

Additionally, a “SS range” group was selected to encompass the full spectrum of SS levels,
where higher SS values are associated with more pronounced oscillatory breathing patterns
and thus a higher expressed HLG. One hundred recordings were randomly sampled per
subgroup. In the secondary dataset, all patients with AHI >10 and left ventricular ejection
fraction <50% comprised the “Heart Failure” group.

Preprocessing

Abdominal RIP signals were extracted with a sampling frequency of 200Hz or 512Hz
using the Natus system; in our data, thoracic effort signals were noisier. After applying
a notch filter of 60Hz (to remove power line noise) and a lowpass filter of 10Hz to
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reduce non-physiological noise, all recordings were resampled to 10Hz. Next, recordings
were normalized using the mean and standard deviation oftB&'5percentile clipped

signal. Ventilatory envelopes were computed by connecting inspiratory and expiratory
amplitude peaks, from which reductions of 30% and 90% for a duration >10 seconds

were associated with hypopnea and apnea, respectively. A surrogate for ventilation was
derived continuously from RIP signals and analyzed in the time domain. Sharp increases
in ventilation—defined as a rapid rise where the smoothed difference, calculated using a
10-second rolling maximum over a 3-second evaluation window, exceeds a threshold of
0.5—were flagged as potential arousal locations, typically occurring at the end of respiratory
events. This approach effectively isolates significant ventilatory spikes indicative of arousal
while minimizing the impact of minor fluctuations.

Segmentation

Characterizing ventilatory control overnight is difficult as its dynamics typically fluctuate
[38]. To assess the fragmented nature of expressed HLG in patients, we employed our
published SS algorithm in combination with a change-point dete83ptd approximate the
most common duration of expressed HLG in breathing. We then analyzed the “SS range”
group by constructing a histogram of the lengths of high SS segments and determined

that the median duration was 8 minutes. This window length represents a balancing act: a
window that is too short may fail to capture the full dynamics of ventilatory control, whereas
a window that is too long may average over important temporal variations. Therefore,

we selected an 8-minute window to reliably capture episodes of expressed HLG while
preserving the inherent fluctuations in ventilatory control.

Modelling and estimation of ventilatory control

For each 8-minute segment of breathing data we modelled the local dynamics of ventilatory
control.

The Mackey-Glass equations serve as the cornerstone of our methodology:

Vinax - x"(t)

X0 = L= vqlt =0)x(t). - where vgt) == (1)

which states that the rate of change of the arterigl é@@centration, x, is the GO
production rate, L, minus the ventilation rate a brief tinmethe pasty,(t — r), times the

current CQ concentration. Here,is the delay between plant (the lungs) and the controller
(the brainstem).

In our model, the “plant” refers to the physical components (such as the lungs and
associated structures) responsible for gas exchange, and its gain—commonly termed Plant
Gain (PG)—describes how changes in ventilation affect arteriall@®Is. The “controller”
represents the chemoreflex mechanism, primarily located in the brainstem, which responds
to deviations in C@levels; its sensitivity is captured by the paramgtaeferred to as

Controller Gain (CG). Although our closed-loop system identification does not directly
measure C@and therefore does not allow for complete separation of PG and CG, the
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parametery predominantly reflects the responsiveness of the controller. The overall Loop
Gain (LG) integrates these components by quantifying the system’s feedback sensitivity,
defined as the ratio of the ventilatory response to the magnitude of the disturbance. In
essence, while PG (which is also influenced by parameters sughygsavd CG represent
the individual contributions of the respiratory system and its regulatory feedback, LG
reflects their combined effect in determining whether the system maintains stability or
exhibits oscillatory behavior.

The ventilation rate,(¢) in turn is modeled as a sigmoid curve with two parametegssy, V
the maximum ventilation rate, andthe controller gain (steepness of the sigmoid curve),
such that ventilation increases with higher levels 0. @milding upon Equation 1, we
introduce a parameter for breathing disturbance, corresponding to the reduction in

ventilation during apneas or hypopneas, and a parameter for areyalstiich cause

transient increases in ventilation. With these modifications, we rewrite the original Mackey-
Glass equations as:

x(t) = L —vy(t — v)x(t), where vy(t) = vg(t) aU(t) + vg (1)

In this ventilatory control model we assume a constant @@duction rate (L = 0.05) and
we derivedU(r) andu,,(¢) a priori from the surrogate ventilation traces, whege is based

on the automatically scored respiratory events.

To recover the unobserved physiological state (i.e., arteriglcd@fxentration), from

observed ventilation data, we employed a recursive Bayesian filter based on a Gaussian
approximation. At each time step, the filter simulated the system'’s state evolution using
the Mackey-Glass equations, generating a prior (one-step prediction) for the current state.
This prior was then updated by incorporating the latest observation through a closed-form
update rule derived from the first and second derivatives of the log-likelihood function. The
recursive nature of this approach allowed for real-time tracking of state dynamics, while a
fixed-interval smoother was subsequently applied to refine these estimates using the entire
observation window.

All other parameters, i.ey, T, a, Vimax and the height of each individual arousal, are

treated as hidden parameters to be estimated. To estimate these hidden parameters, we used
the expectation-maximation (EM) algorithd(]. Initially, in the E step, this algorithm

estimates the hidden parameters by computing their probability distribution based on the
observed ventilation data from patients. Subsequently, in the M step, it refines the model’s
parameters by maximizing the expected log-likelihood computed in the E step. By iteratively
switching between these steps, the EM algorithm optimizes the model’s parameters, by
reducing the root mean square error (RMSE) between the modgHded observed

ventilation derived from the RIP signals.

Given the estimated parameters, we compute LG by analysing the system’s response
to disturbances and subsequent recovery. Specifically, LG is computed as the ratio of
the change in ventilation immediately following the end of an apnea or hypopnea (the
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“disturbance”), (A\R), to the change in ventilation induced by the disturbance)AMdere,

AV R is the absolute difference between the steady-state ventilatiggaiM the ventilation

after removing the disturbance, while AVepresents the absolute difference between

AV sgand the ventilation during the disturbance. We define the steady-state ventilation

as the average ventilation over each 8-minute segment, excluding periods of respiratory
events and arousals. This average is assumed to approximate eupneic breathing and serves
as the reference point for quantifying the ventilation disturbances and responses in the
calculation of LG. This ratiol.G = AV g/4V p, quantifies the system’s feedback sensitivity,

determining whether the system maintains stability or exhibits oscillatory behaviour. For
additional mathematical details, including the derivation of the Mackey-Glass equations,
the development of the recursive Bayesian filter and fixed-interval smoother, and the
physiologically informed constraints used in parameter estimation, please refer to the
Supplemental Material.

Simulation and validation of the LG estimator

Although no direct ground truth for loop gain exists in clinical data, we addressed this
through simulation studies. By generating synthetic breathing data with known parameter
values (varyingy from 0.1-2.0 and from 5-50 seconds), we quantified the accuracy of

our parameter estimation. These simulations demonstrated that our method reliably recovers
the true values (e.g., RMSE forconsistently <2 s and high correlation coefficients for

7v), thereby substantiating that our system accurately models ventilatory control. Boxplots
displayed parameter distributions for REM OSA, NREM OSA, SS OSA, and high CAl
groups, with T-tests comparing REM OSA to other subgroups for LG aAdscatterplot

with a 21 order polynomial fit (95% confidence interval with 10,000 bootstraps) of the “SS
range” group, including it€value and $-95 percentile range. Boxplots were created
showing the distribution of the estimated LG within NREM vs. REM within the “SS range”
group. For the altitude data, histograms of the estimated LG distribution were created.
Unpredictable LG segments (fewer than 5 apneas/hypopneas in 8-minute windows) were
excluded. The 98 percentile LG value per patient highlighted LG trends across increasing
altitudes, minimizing regular breathing effects and outliers.

Predicting CPAP failure

We selected recordings from patients with a baseline AHI >10 and at least 4 hours of

sleep. During the CPAP titration phase, patients were classified based on their AHI and

CAI: successes were defined as those with an AHI <10 and CAl <5, whereas failures were
defined as those with an AHI 30 or CAl 20 despite CPAP. Two hundred patients were
sampled from each group. Predictive performance was then evaluated by computing receiver
operating characteristic (ROC), precision-recall (PR), and calibration curves for three feature
sets: CAl alone, a combination of the median and interquartile range of LG estimates, and
the combined CAIl and LG features.

Sleep Author manuscript; available in PMC 2025 August 31.
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Data from MGH and BIDMC are summarized in Table 1. The “Heart Failure” group
included 65 patients. Altitude data from 8 patients with recordings at sea level, 5, 8, and 13
thousand feet were analysed. High SS chunks (expressed HLG) in the “SS range” group,
summarized in a histogram (Figure S2), typically lasted 4-10 minutes, with a median
duration of approximately 8 minutes.

Simulation experiments

Simulation experiments demonstrated that the LG estimator reliably recovers the true
parameter values. When the EM algorithm was initialized with the true values, the estimated
parameters closely matched the simulation settings (Figure S3, grey line). To evaluate
performance in non-simulated clinical scenarios, we assessed two different initialization
approaches for the EM algorithm: (i) fixed parameter initialization, and (ii) a “warm start”
approach that runs 5 parallel initializations and selects the best result. Both methods yielded
similar parameter recovery across three simulation experiments. Specifically, strong positive
correlations were observed between the median estimated and simulated vajues for
although highety values tended to be slightly underestimated, and medatimates

were nearly perfect across all simulations. Given that the fixed parameter initialization

was approximately 5-fold faster than the warm start approach, we opted to use the fixed
parameter initialization for the subsequent analysis of clinical data. Contour plots of the
RMSE for simulated versus estimated valueg ahdt (Figure S4) further demonstrated

that lowery estimates were associated with higher accuracy, while RMS&Ecfansistently
remained below 2 seconds over its physiological range. Our computational performance
analysis indicates that processing a single night’s recording takes approximately 5 minutes
on a standard computer, with the entire procedure being fully automated and requiring no
manual intervention.

Modelling ventilatory control

Figure 1 depicts six 8-minute breathing segments from patients suffering from various
apnea phenotypes. From top to bottom, the figures show two segments of a patient
exhibiting HCSR with overt centrally driven events and HLG; 2 segments of patient with
predominantly obstructive apneas with respective low and high estimated LG; 2 segments
with mostly hypopneas with a corresponding low and high estimated LG. Corresponding
LG values were found after estimating the underlying hidden dynamics that resulted in the
best fit with the patient’s breathing data, i.e., the parameter combinatjonr,ai, and

V max that minimized the RMSE between the overserved and modelled ventilation. Note how
the modelled; closely resembles the patient’s ventilation trend@gpdnatches the peak
ventilation amplitude following respiratory events. Figure 2 shows a full-night RIP recording
of a patient with HCSR including the varying LG estimations for all 8-minute segments

of consecutive NREM or REM sleep (without intermittent wake). Note that the respiratory
events and high SS breathing oscillations are automatically labelled by our SS detector.
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LG across patient ventilatory control profiles

SSvs LG

Boxplots in Figure 3 show the distribution of the estimated-y,@&ndt values across

patient subgroups. Patients from the “REM OSA” group show the lowest median LG.
Relative to this group, all other groups showed higher median LG aatlies with

strong significance (p<0.001). Notably, LG ap@xhibited parallel trends and strong
correspondence, with both metrics increasing progressively across the “high CAI,” “SS
OSA,” and “Heart Failure” ventilatory control profile groups. A mediaf 26 seconds was
found for the “Heart Failure” patients, whereas median values closer to 20 seconds were
found for the other apnea subgroups. Swimmer plots and bar graphs of the LG estimations
from 20 nights of each of the ventilatory control profiles of the MGH dataset are visualized
in Figure 4. Compared to the “REM OSA” group, the proportion of HLG among the other
ventilatory control profiles is markedly increased.

To characterize the relationship between the estimated LG and expressed LG, as measured
through self-similarity (SS), Figure 5 shows a scatterplot including!®#@5% percentile

range. A 24 order polynomial fit to the data has &nvalue of 0.75, indicating a strong
monotonic relationship. The LG distribution across all NREM segments showed a higher
median compared to during REM sleep, shown in Figure 6.

Altitude vs LG

Estimations from our LG model for 8 patient recordings at varying altitudes are shown in
Figure 7. The upper section displays normalized histograms of LG distributions at sea level,
5000 ft, 8000 ft, and 13,000 ft. The bottom left graph shows an increasing trend in the

95" percentile LG (triangles), while the bottom right graph depicts the percentage of high

SS (expressed HLG) breathing oscillations. Both indicate higher mean and median LG at
elevated altitudes compared to sea level. Interestingly, for some patients (e.g., 2 and 5), HLG
levels were higher at 5000/8000 ft than at 13,000 ft.

Predicting CPAP failure

The CAI model achieved a ROC AUC of 0.68 and a PR AUC of 0.66, while the LG model
yielded ROC and PR AUCs of 0.65 and 0.63, respectively, both indicating a similar ability

in predicting patients with poor CPAP-related outcomes. Notably, the combined CAIl and

LG model significantly improved performance with a ROC AUC of 0.78 and a PR AUC

of 0.71 (see Figure 8), demonstrating that integrating these features enhances the predictive
capability for CPAP failure compared to using either feature alone.

DISCUSSION

This study presents a novel method for estimating LG and its ventilatory control parameters
using RIP signals. By applying modified Mackey-Glass equations to overnight breathing
data, the approach offers a practical, equipment-free assessment of ventilatory stability. Our
results indicate its potential to differentiate LG patterns in diverse sleep-disordered breathing
populations. This capability, using routine clinical signals, could guide treatment selection
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and improve outcomes, especially in cases where ventilatory control instability exacerbates
sleep apnea severity.

LG measurements offer valuable potential for clinical decision-making in sleep apnea
treatment. HLG can predict CPAP intolerance, inadequate treatment response, and persistent
residual apnea, allowing clinicians to stratify patients by risk and optimize therapy

selection B4,41-43]. When considering alternative treatments such as oral appliances

or hypoglossal nerve stimulation, LG assessment can identify patients who may require
additional interventions targeting ventilatory control stability (e.g., acetazolamide or
supplemental oxygen}lpP-16]. Our automated approach provides unique advantages by
enabling continuous monitoring of LG dynamics across multiple time scales. This allows
guantification of how LG varies with body positiof4[45], time of night f€], night-to-

night if multi-night data is available, sleep stage, and overall sleep quality at an individual
patient level. The method can also track treatment effectiveness over time. While self-
similarity mapping provides complementary information about breathing patterns, our LG
measurements can possibly stand alone as an independent metric for assessing ventilatory
control stability.

Our findings reveal significant differences in LG across patient groups. Patients with high
CAl, elevated SS scores, or heart failure had the highest median LG (0.41) and significantly
higher controller gain than the REM-dominant OSA group, emphasizing the prominent role
of ventilatory control instability in these populations. Heart failure patients also exhibited
the highest median chemosensitivity delay, reflecting chronic respiratory control alterations.

In contrast, the REM-dominant OSA group exhibited a low median LG of 0.11 with
relatively small variability. Nearly no LG values greater than 0.4 were estimated by the
EM algorithm for patients with this ventilatory control profile. This finding aligns with our
understanding that classic OSA in this group involves stable mechanical obstruction with
less influence from ventilatory control instability.

The NREM-dominant OSA group, likely representing a more heterogeneous mixture of
obstructive and central pathologies, showed a significant increase in median LG and

higher variability compared to the REM-dominant group. This suggests a complex interplay
between physical obstruction and ventilatory control mechanisms, highlighting the necessity
for personalized treatment strategies in this subgroup.

The relationship between altitude and LG was explored using data from healthy patients
recorded at various elevations. The results indicated that overnight breathing at sea level

is associated with a lower LG compared to higher altitudes. Both average LG and the
percentage of sleep with high SS breathing oscillations increased with altitude, consistent
with known physiological responses to hypoxia, which include increased chemosensitivity
and changes in arousal thresholds. While it is known that the low oxygen at altitude induces
sensitization of the hypoxic ventilatory response, acclimatization was also observed in
multiple subjects.

The gradual increase in average LG across categories, despite remaining low (~0.5),
underscores the multifactorial nature of ventilatory control instability. While stable breathing
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periods were excluded, unstable periods vary in morphology and drivers even within

the same individual. In subgroups like NREM-dominant OSA, heart failure, and high-
altitude apnea, factors such as arousals and airway vulnerabilities influence sleep apnea
pathophysiology independently of LG. Periods of SS almost have high loop gain. Similarly,
SS varies dynamically and rarely reaches 100% expression across a full sleep period,
consistent with the observed median segment duration of 8 minutes. These findings
emphasize the complex factors influencing ventilatory control and their importance in
personalized sleep apnea management.

Importantly, our analysis of CPAP failure prediction further underscores the clinical utility

of our integrated approach. The LG and CAI models alone achieved similar discrimination
in identifying patients at risk for poor CPAP outcomes; however, combining CAl and LG
features significantly improved predictive accuracy, yielding a ROC AUC of 0.78 and a PR
AUC of 0.71 (see Figure 8). These findings indicate that integrating conventional respiratory
indices with dynamic ventilatory control measures more effectively captures the complex
pathophysiology of sleep-disordered breathing, thereby enhancing patient stratification and
facilitating more personalized therapeutic strategies. These results are consistent with our
earlier work B4]. Loop gain assessments are probably going to be most useful clinically
when the traditional CAl is relatively low.

Recent studies emphasize central mechanisms in OSA, suggesting drive-dependent OSA,
characterized by declining ventilatory drive, accounts for many c4ged his has

significant implications for apnea therapy, highlighting the need to address and stabilize
neural ventilatory drive by targeting treatments that either elevate or prevent its decline in
addition to mechanical airway patency. Understanding and detecting LG can thus play a
critical role in diagnosing and treating drive-dependent OSA.

To promote patient-level endotype targeted apnea therapy, the proposed method offers a
clinically applicable approach to study patient-specific ventilatory LG. While measuring

LG using mechanical ventilation has been established for several dez5d64 8], this

method requires dedicated equipment which is typically not available during routing sleep
studies. The more recent PUP method that can analyse LG from standard PSG signals
made an important step towards the clinical implementation of LG estimagdd]|

However, while the PUP method relies on standard PSG scoring—including exhaustive
manual or automated labeling of respiratory events—the current approach only requires
RIP, sleep staging and automated arousal detection, substantially reducing the annotation
burden (including the need to check event-scoring accuracy) while achieving comparable
outcomes. Moreover, by leveraging a RIP signal, our method provides a robust, continuous
surrogate of ventilatory drive with fewer artifacts than nasal pressure/flow signals, and

by analyzing ventilation in the time domain rather than on a breath-by-breath basis, it
captures both steady-state and transient dynamics within a unified model. These refinements
facilitate a more streamlined, patient-specific estimation of ventilatory loop gain, thereby
enhancing the clinical applicability of targeted apnea therapy. Cardiopulmonary coupling
can identify HLG through detection of narrow-band coupling, which reflects SS patterns in
physiological rhythms. However, this approach necessitates 15-17 uninterrupted minutes of
consistent cardiopulmonary oscillations to be effec820], making it less sensitive to
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short bursts of periodic breathing. Limitations of our previous work using SS in RIP data
include the method’s high sensitivity in detecting SS oscillatiddls fvhich sometimes

leads to the inclusion of noise, especially at lower SS scores. The proposed approach rivals
the accuracy of current LG estimation standards while enabling broader implementation by
relying solely on RIP signals, eliminating the need for event labelling. This innovation offers
opportunities for scalable and precise LG estimation, crucial for personalized OSA therapy.
The method could also be adapted for home sleep apnea testing using respiratory effort
tracking. However, further validation is needed to extend LG measurements to non-standard
signals such as oximetry, jaw movements, or pulse photoplethysmography.

Although we leverage the RIP envelope as a continuous proxy for ventilation, RIP
amplitude does not directly equate to airflow. During obstructive apneas, thoraco-abdominal
movements may persist despite upper-airway closure, producing residual RIP excursions
that overestimate ventilation and thus underestimatgac@umulation. This can bias our
loop-gain estimates upward; future work should consider direct airflow measurements or
correction factors during confirmed obstructive events.

Quantifying LG parameters across an entire overnight study requires caution. Even in
patients with severe HLG, some segments will show apneas amplified by an underlying
increased gain, whereas other parts of the recording, e.g., during REM, can display regular
breathing or classic OSA with a normal LG. Stable breathing periods without events

can lower whole-night LG averages. Our empirical approach using 8-minute windows
provided robust estimates, but LG’s variability highlights the need for careful consideration
of window size and estimation resolution. Future work should refine and validate these
methods across diverse patient populations.

Occasionally, the model is inaccurate in predicting HLG for individual segments,
particularly exhibiting a tendency to underestimate the controller gain paragnekbrs
underestimation was also observed in our simulation experiments, suggesting a bias in the
model’'s performance for higher LG values. Nevertheless, this limitation presents limited
practical problems when assessing a patient’s overall LG across an entire recording. The
aggregation of segmental estimates mitigates the impact of occasional underestimation,
providing a reliable overall assessment of a patient’s ventilatory control stability, as
demonstrated in Figure 3.

A limitation of our study is that we did not directly compare our loop gain estimates to

those obtained from gold-standard methods such as CPAP dial-down. Although our method
provides quantitative LG estimates from observational data, future studies should validate
these estimates against established techniques. Until such comparisons are available, our LG
values should be regarded as guidelines rather than absolute measurements. Furthermore,
our results, particularly the ability to predict CPAP adherence, underscore the clinical
relevance and interpretability of our approach.

The accuracy of this method relies on high-quality respiratory signals. Physicians should
interpret LG estimates as guidelines, not absolute values, to identify patients at higher risk

Sleep Author manuscript; available in PMC 2025 August 31.
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of ventilatory instability. These insights could inform therapies targeting ventilatory control
stability, such as strengthening respiratory driveq0,51] alongside traditional treatments

for mechanical airway obstruction, potentially enhancing treatment outcomes through a
personalized approach.

Conclusions

This study advances the understanding of ventilatory control dynamics in sleep apnea by
providing a novel, automated method to estimate LG and its stability parameters. Our
findings underscore the importance of personalized approaches to apnea management,
considering the complex interplay between mechanical and neural factors in respiratory
control. Further research and clinical validation are essential to fully integrate these methods
into routine practice, ultimately improving patient outcomes through tailored therapy
strategies.
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STATEMENT OF SIGNIFICANCE

This study presents an innovative method for estimating ventilatory control stability
using respiratory inductance plethysmography signals, offering a practical, scalable
solution for routine clinical use. By enabling detailed characterization of ventilatory
control dynamics, the method can differentiate sleep apnea phenotypes and identify
patients at elevated risk of ventilatory instability. This has direct clinical implications,
such as guiding personalized treatment strategies, predicting continuous positive air
pressure tolerance, and flagging patients for possible adjunctive therapies like oxyge
supplementation or carbonic anhydrase inhibitors. Furthermore, the fully automated
nature of our approach enables repeated assessments over time, facilitating longitug
monitoring of treatment efficacy and disease progression. By advancing diagnostic
precision and treatment tailoring, this innovation has the potential to improve the
management of sleep-disordered breathing and related conditions.
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Figure 1:
Six 8-minute examples of apnea patients with varying ventilatory control profiles and their

respective estimated stability parameters. a-b: 2 segments of a patient showing Cheyne-
Stokes respirations with overt centrally driven events and a high loop gain (LG); c-d:
segments of patient with predominantly obstructive apneas with respective low and high
LG; e-f: segments with mostly hypopneas with an estimated corresponding low and high
LG. Estimated parameters for each segment are displayed at the bottom of each subfigure.
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v=gain,t=delay, \fnax=maximum ventilation rate, L= CQproduction rateg=disturbance
scaling, RMSE=root mean square error between the modelled and the observed ventilation.
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Figure2:
Full-night example of patient showing periodic breathing, including estimations for the

variable loop gain (LG) parameter for all 8-minute segments of consecutive rapid eye
movement or non-rapid eye movement sleep. Note that the respiratory events and high
self-similarity (SS) breathing oscillations are automatically labelled by our SS detector.
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Figure 3:
Boxplots of the distribution of estimated loop gain (LG), controller ggjngnd delay

(t) parameters across the different ventilatory control profile groups. Compared to the
‘REM OSA’ group all other groups showed a statistically significant increase in median
LG/gain. The median was highest for the heart failure patients. OSA=obstructive sleep
apnea, REM=rapid eye movement, NREM=non-REM, CAl=central apnea index, SS=self-
similarity.
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Figure 4:

Swimmer plots and bar graphs left and right respectively, of 20 individuals from the MGH
ventilatory control profiles visualizing the proportion of elevated loop gain (LG) estimations
across overnight recordings. OSA=obstructive sleep apnea, REM=rapid eye movement,
NREM=non-REM, CAl=central apnea index, SS=self-similarity.
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Figure5:

Scatter plot showing the relationship between loop gain (LG) and self-similarity (SS),
including the 8-95 percentile range of all data points, from 100 patients?%ogler
polynomial was fit to the data together with its 95% confidence interval (Cl).
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Figure6:
Boxplots of the distribution of estimated loop gain (LG), during rapid eye movement (REM)

and non-REM sleep segments from 100 patients with ranging levels of self-similarity (SS).
The median LG across all NREM segments was notably higher compared to REM.
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Figure7:
Normalized histograms of the estimated loop gain (LG) distribution for 8 patients with each

four recordings measured at increasing altitudes, i.e., participants spent one night each at sea
level, 5000 feet, 9000 feet and then 13,000 feet for 2 weeks, as one continuous sequence.
The bottom left spaghetti graph shows the trend of tHep@Bcentile estimated LG, as

denoted by the triangles. The bottom right subfigure shows the automatically detected
percentage of sleep with high SS breathing oscillations.
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Figure8:

Receiver Operating Characteristic (ROC), Precision-Recall (PR), and calibration curves for
the estimated high loop gain (HLG), central apnea index (CAl), and their combination

as predictors of CPAP failure (defined as apnea-hypopnea index 30 or CAl 20 despite
CPAP). The ROC and PR curves include area under the curve (AUC) values with 95%
confidence intervals (CI) provided in the legends, while the calibration curves assess the
agreement between predicted and observed failure rates.
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Cohort demographics (mean £ SD).

Table 1:

Page 27

Category | Bins | REM OSA | NREM OSA | SSOSA | High CAl | Heart Failure | SSrange | Altitude
N 100 100 100 100 65 100 8
Sex | Female 70 27 30 27 21 39 5
Male 30 73 70 73 44 61 3
Age | <20 3 3 0 1 0 2 0
20-40 21 20 7 12 7 14 8
40-60 49 41 39 35 21 42 0
60-80 26 33 52 43 32 38 0
>80 1 3 2 9 8 4 0
Race | White 61 7 80 88 58 82 6
Black 13 5 5 2 5 6 0
Asian 3 3 3 3 0 2 0
Other 18 9 5 4 0 8 2
Unavailable 6 66 7 3 2 2 0
CAl 1.2+1.9 5.6 £18.8 2.0%1.4 | 24.4£19.0| 4.7 £11.2 3.9+6.3 | -
AHI (3%) | 5-15 0 0 0 0 16 0 -
15-30 80 30 3 1 23 33 -
>30 20 70 97 99 26 67 -
AHI (4%) | 5-15 0 0 6 0 30 28 -
15-30 95 65 40 21 14 41 -
>30 5 35 53 79 21 31 -
Medications | Info available for | 58 51 50 61 - 50 -
Hypertension 1 0 0 2 - 1 -
Cardiac 3 1 0 0 - 0 -
Sleep 4 4 0 4 - 3 -
Antidepressants 3 2 0 1 - 1 -
Antiseizure 0 0 0 1 - 0 -
Opiates 4 0 1 2 - 1 -
Benzodiazepines | 1 2 2 2 - 1 -
Diabetic 6 2 4 2 - 2 -
Z-drugs 0 1 0 3 - 2 -
Stimulants 3 3 0 2 - 1 -
Neuroleptics 0 0 0 1 - 0 -
RLS /PLMS 0 0 0 1 - 0 -
Immune 1 0 1 1 - 1 -
Neurodegenerativg 0 1 0 0 - 0 -
Other 39 40 31 48 - 30 -

OSA, obstructive sleep apnea. CAl, central apnea index. AHI, apnea hypopnea index. SS, self-similarity.
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