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Abstract

Background Mechanical ventilation is essential for treating respiratory failure. However, ventilator over-assistance
can lead to ventilator-induced diaphragm dysfunction (VIDD), and insufficient assistance can necessitate excessive
effort, which leads to high stress and damage diaphragm function. Current methods monitoring respiratory effort

face clinical implementation challenges due to invasiveness and complexity. This study introduces and validates a

novel non-invasive real-time respiratory muscle pressure (N-Pmus) monitoring method.

Methods (1) The bench study involved developing a non-invasive, real-time respiratory muscle pressure monitoring
algorithm (N-Pmus) based on the equation of motion of the respiratory system and validated with efforts generated
by the ASL simulator (ASL5000-Pmus) across 270 clinical scenarios. (2) A clinical validation was performed through a
prospective observational study (n=23), comparing N-Pmus with the Pmus derived from simultaneously monitored
esophageal pressure (Pmus,,.) to assess correlation and agreement. The association between N-Pmus and the
established Pmus benchmarks was analyzed using linear mixed-effects models. Bias and agreement were evaluated
through Bland-Altman analysis for repeated measures.

Results (1) The bench study demonstrated that N-Pmus correlated well with ASL5000-Pmus, with marginal R*=0.993
and conditional R*=0.997. The bias was —0.23 cmH,0, with limits of agreement ranging from —1.51 to 1.04 cmH,0. (2)
The clinical validation revealed strong N-Pmus/Pmus,.., agreement with marginal R>=0.97 and conditional R°=0.971.
The bias was —0.2 cmH,0O, with limits of agreement ranging from —2.22 to 1.83 cmH,0.

Clinical trial number Retrospectively registered with https://www.chictr.org.cn/. Registration number:
ChiCTR2300076940, registered 24 October 2023.
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Background

Mechanical ventilation stands as a critical intervention
for patients grappling with respiratory failure, while its
improper usage can potentially lead to ventilator asso-
ciated injury [1-3]. During the process of mechani-
cal ventilation, ventilator over-assistance may result in
insufficient breathing effort, ultimately contributing to
atrophy and weakness of the diaphragm. Conversely,
insufficient assistance can necessitate excessive effort,
which leads to high stress and damage diaphragm func-
tion. Vigorous effort can significantly elevate local lung
stress and strain, potentially resulting in injurious trans-
pulmonary pressure, pendelluft, and asynchrony with
ventilator, thereby inciting or exacerbating patient self-
inflicted lung injury (P-SILI) [4]. Furthermore, excessive
breathing effort could incite eccentric contractions of
diaphragm, which have been shown to cause sarcolem-
mal disruption and inflammation on a microscopic scale
in animal models, so called load injury [5].

Ventilator-induced diaphragm dysfunction (VIDD)
due to underuse or overuse of the diaphragm is fre-
quently encountered in critically ill mechanical ventilated
patients, which is associated with prolonged mechanical
ventilation and poor prognostic outcomes [6]. Therefore,
precise and reliable monitoring of respiratory effort is of
paramount importance to maintain appropriate effort
and prevent both VIDD and P-SILI. Currently, bedside
routine methodologies for the direct assessing breath-
ing effort include esophageal pressure (Pes) [7, 8], end-
inspiratory airway occlusion pressure (PMI) [9], and
end-expiratory airway occlusion pressure (Pocc) [10].
Additionally, diaphragm electromyography (EAdi) [11,
12], and diaphragm ultrasound [13] are employed for the
indirect evaluation of breathing effort. These methodolo-
gies require manual oversight by medical professionals
or respiratory therapists, and the use of diaphragm elec-
tromyography and esophageal pressure catheter inser-
tion involve invasive procedures, which carry inherent
risks in clinical application. Furthermore, the assessment
of diaphragm ultrasound poses specific challenges in
clinical execution [14, 15]. At present, a straightforward,
non-invasive, and continual monitoring modality is lack-
ing in clinical praxis to accurately gauge the strength of
patients’ spontaneous respiratory efforts.

This study developed an innovative noninvasive
approach for real-time dynamic monitoring of sponta-
neous breathing effort (N-Pmus), achieved by modeling
respiratory mechanics through mathematical optimiza-
tion algorithms, thereby eliminating the need for cath-
eter insertion. Subsequently, simulated scenarios and
clinical trials were conducted to compare N-Pmus with
the bedside routine Pmus measurement (Pmus,,) to
confirm their correlation and alignment. Furthermore,
subgroup analyses encompassing a variety of conditions,
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ventilation modalities, and levels of respiratory effort
were performed to further validate these findings.

Methods

Study design

The study comprised two distinct steps (Fig. 1). In Step
One, termed the Bench study, a real-time algorithm for
monitoring N-Pmus was developed and integrated into a
ventilator platform (SV800, Mindray, Shenzhen, China).
An experimental setup was established using the Active
Servo Lung 5000 (ASL 5000, IngMar Medical, Pitts-
burgh, PA, USA) and the ventilator to validate its accu-
racy by comparing N-Pmus with ASL5000-Pmus. Step
Two involved clinical validation through a single-center,
prospective observational trial conducted in 2023 in
the ICUs of West China Hospital, Sichuan University.
N-Pmus was compared with simultaneously monitored
Pmus,, to assess its clinical correlation and agreement.
The study was approved by the Ethics Committee of West
China Hospital, Sichuan University (Ethics Approval
No. 2023 Approval (105)), and informed consent was
obtained from all participants before enrollment. The
study is registered under ChiCTR2300076940.

Bench study
The N-Pmus algorithm was developed based on the
equation of motion of the respiratory system:

V()
Crs

Paw (t) = V (t) *Rys + + Pous (t) + Py (1)

Here, P, (t) (airway pressure), V(t) (flow), and
V (t) (volume, derived from flow integration) are time-
dependent values measured by ventilator sensors. The
unknowns include three constants: R,s (respiratory sys-
tem resistance), C,s (respiratory system compliance),
and Py (end-expiratory pressure), as well as the time-
varying respiratory muscle pressure P,y (t). Directly
solving for these variables is infeasible due to an under-
determined system (fewer equations than unknowns).
To address this, the morphology of Py, (t) is modeled
using a physiologically plausible polynomial function—
specifically, a cubic function template that accounts for
active expiration—and reduces the number of unknown
variables. The detailed derivation is provided in the Addi-
tional file, with corresponding illustrations shown in
Figure E1. This reformulates the system into an overde-
termined framework (more equations than unknowns),
solvable via iterative least-squares optimization [16].

The experiment utilized an ASL5000 simulator in
conjunction with an SV800 ventilator to simulate three
clinical scenarios: normal (compliance: 50 mL/cmH,O;
resistance: 10 cm H,O/L/s), restrictive (compliance:
20, 30, 40 mL/cmH,O; resistance: 13 cmH,0O/L/s), and
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Fig. 1 Studies performed and flowchart

obstructive (compliance: 60 mL/cmH,O; resistance: 15,
20, 25 ¢cmH,0/L/s), following established benchmarks
[17, 18]. Spontaneous breathing was modeled using pro-
grammable sinusoidal patient muscle pressure (Ppyus)
waveforms (intensity: 3, 5, 6, 9, 10, 12, 15, 18, 20, 25, and
30 cmH,0), with adjustable rise (10%, 20%) and release
(10%, 20%, 30%) phases to replicate varied effort profiles
(see Additional file: Table E1).

Clinical study

The study flowchart, including the inclusion and exclu-
sion criteria, is summarized in Fig. 1. Comprehensive
procedural details are documented in the Additional file.

Study population

Three groups of patients were enrolled to this study: (1)
acute respiratory distress syndrome (ARDS) per Berlin
definition [19], (2) chronic obstructive pulmonary dis-
ease (COPD) per GOLD guidelines [20], and (3) non-
ARDS/non-COPD respiratory failure.

Study protocol After obtaining informed consent,
enrolled patients were intubated and mechanically venti-
lated using the Mindray SV800 ventilator. An esophageal
balloon catheter (SDY-1, Mindray, China) was inserted

nasally to monitor respiratory mechanics [8]. The study
did not interfere with the patients’ ventilation modes or
parameters. Chest wall compliance (Ccw) was measured
at one timepoint during volume-controlled ventilation
under sedation-induced apnea.

Thereafter, the ventilator automatically recorded wave-
forms (flow, pressure, volume, and esophageal pressure)
along with the real-time calculated parameters N-Pmus
and N-PTPmus.

+ N-Pmus: The peak amplitude of Pmus(t) calculated
using the novel algorithm during the patient’s
spontaneous inspiratory phase.

o N-PTPmus: The time integral of N-Pmus(t) during
inspiration, reflecting the patient’s total inspiratory
muscle effort.

Esophageal pressure-derived metrics were used as the
reference standard for validation:

+ Pmus,,: Calculated as the maximal difference
between the esophageal pressure (Pes) and recoil
pressure of the chest wall (Pcw, volume/Ccw) [8].
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+ PTPmus,,,: Obtained by integrating esophageal
pressure-derived Pmus,(t) over the inspiratory

phase [8].

€eso

Statistical analysis

In the Bench study, each experimental scenario yielded a
single averaged value, reducing the influence of repeated
measurements. In the Clinical study, stable respiratory
segments were selected based on predefined criteria for
esophageal pressure and peak expiratory flow (see Figure
E5). For each participant, 2 to 4 segments were identi-
fied, each comprising 20 consecutive breath cycles with
consistent signal quality. These cycles were subsequently
divided into 3 to 4 groups of 5 to 6 cycles each, and their
averages were calculated to generate aggregated Pmus
data. This approach effectively reduced intra-cycle vari-
ability [21] and minimized the influence of cardiac arti-
facts [22].

Data are presented as mean (standard deviation) or
median [interquartile range], as appropriate.

Linear mixed-effects models were used to evaluate
the association between N-Pmus, ASL5000-Pmus, and
Pmus,,, with patients treated as random effects [23].
Marginal R? and conditional R* were computed to quan-
tify the variance in the dependent variable explained by
the mixed models, excluding and including the variance
attributed to random effects, respectively [24].

Bias and agreement were assessed using Bland-Alt-
man analysis [25] for repeated measures. To account for
repeated measures within patients, linear mixed-effects
models were used to estimate within-patient limits of
agreement and to compute the mean and between-
patient standard deviation of the bias [26]. To address
limited sample sizes, we used parametric bootstrap resa-
mpling to estimate 95% confidence intervals (Cls) [27].

Statistical analyses included the Wilcoxon tests. A
p-value less than 0.05 was considered significant. Offline
computation and aggregation of waveform data were per-
formed using MATLAB (The MathWorks, Inc., Natick,
MA, USA). Statistical analyses were conducted in RStu-
dio (R Foundation for Statistical Computing, Vienna,
Austria).

Results

The primary outcomes of this study include the correla-
tion and agreement between N-Pmus and Pmus bench-
marks (ASL5000-Pmus or Pmus,,).

Bench study

A total of 270 scenarios were evaluated in the ASL5000
simulation experiment, simulating patients with differ-
ent RC types, ventilation modes, Pmus amplitudes, and
Pmus patterns. N-Pmus showed excellent correlation
with ASL5000-Pmus, with a marginal R* of 0.993 and a
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conditional R* of 0.997 (Fig. 2(B)). The bias was —0.23
c¢mH,O0, and the limits of agreement ranged from -1.51
to 1.04 cmH,O (Fig. 2(C)). Scenarios were further cat-
egorized into restrictive (across a range of compliances)
and obstructive (across varying airway resistances) sub-
groups, with all demonstrating robust correlations (mar-
ginal R* > 0.988 and conditional R* > 0.992). Detailed
clinical scenarios and simulation results are provided in
Table E1 and Figure E4 in the Additional file.

Clinical study

Twenty-five patients initially met the inclusion crite-
ria, but two were excluded due to absent of spontane-
ous breathing or missing of esophageal pressure data.
The final analysis included 23 patients, with their clini-
cal characteristics presented in Table 1. These patients
contributed 1,380 single-cycle Pmus data pairs and 261
aggregated Pmus data pairs. The median number of
aggregated data points per patient was 10 (IQR: 8-14),
reflecting the number of distinct effort levels analyzed for
each individual. As an example, representative tracings
for Patient 16 are presented in Fig. 3(A), with the corre-
sponding theoretical fit obtained using the N-Pmus algo-
rithm shown in Fig. 3(B).

The analysis of aggregated Pmus data between N-Pmus
and Pmus,,, showed a marginal R* of 0.97 and a condi-
tional R? of 0.971 (Fig. 4(B)). The bias was — 0.2 cmH,0,
with limits of agreement ranging from -2.22 to 1.83
c¢cmH,O (Fig. 4(C)). In contrast, single-cycle data exhib-
ited a correlation with a marginal R? of 0.884 and a condi-
tional R* of 0.952 (Fig. 4(E)). The bias was - 0.23 cmH,0,
with limits of agreement from - 2.33 to 1.88 cmH,O (Fig.

4(F)).
Furthermore, the correlation between N-PTPmus
and PTPmus,,, showed a marginal R* of 0.861 and a

conditional R* of 0.907 (Fig. 5(B)). The bias was —0.18
c¢cmH,O-s, with limits of agreement ranging from —2.45 to
2.08 cmH,O:s (Fig. 5(C)).

Post-hoc subgroup analysis

Patients were stratified by disease type (COPD, ARDS,
others). The ARDS subgroup demonstrated the strongest
correlation between N-Pmus and Pmus,,, (marginal R? =
0.955, conditional R* = 0.959; bias=-0.26 cmH,O [95%
CI: -0.75 to 0.35]), with limits of agreement (LOA) rang-
ing from -2.87 to 2.35 cmH,O. The COPD and other
subgroups exhibited slightly lower correlations (COPD:
marginal R* = 0.822, LOA =-1.85 to 1.47 cmH,O; others:
marginal R* = 0.876, LOA =-1.56 to 1.22 cmH,0) (Table
E2, Figure E6).

Analysis across ventilation modes (P-A/C, V-A/C, PSV,
SIMV) revealed robust agreement, with V-A/C showing
the highest correlation (marginal R* = 0.978, conditional
R* = 0.982; bias=-0.06 cmH,0 [95% CI: —0.89 to 0.75]),
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Fig. 2 Correlation and agreement analysis of Pmus parameter across ASL5000 test scenarios. (A) Violin plot depicting the Pmus measured by the ventila-
tor (N-Pmus) and the Pmus settings from ASL5000 (ASL500-Pmus), with “NS”indicating no significant difference (p>0.05). (B) Linear mixed-effects model
fit plot showing the correlation between N-Pmus and ASL500-Pmus (marginal R*=0.993, conditional R*=0.997). (C) Corresponding Bland-Altman plot
with a bias of —0.23 cmH,0 (95% Cl: —0.36 to —0.12), L-LOA of —=1.51 cmH,0 (95% Cl: —1.69 to — 1.33), and U-LOA of 1.04 cmH,0 (95% Cl: 0.85 to 1.21). The
linear regression of the bias is shown as the black line, illustrating the trend in the bias
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Table 1 All patient’s basic characteristics

No Sex Age BMI Sub-group Diagnosis Deptht OccRatio¥ Ccw Ventilation mode TV  PEEP
(years) (kg/m?) (cm) (mL/cmH,0) (mL) (cmH,0)

1 M 43 286 ARDS Necrotizing pancreatitis 57.5 1.01 107 pPSvV 416 12
2 M 51 25.1 Other TAAA 60 1.09 175 V-A/C 438 10
3 M 64 225 Other Coronary heart disease 65 0.87 206 P-A/C 456 10
4 M 74 24.5 ARDS Severe acute pancreatitis  57.5 0.94 102 V-SIMV 420 12
5 F 23 18.7 Other Autoimmune encephalitis 60 1.08 143 P-A/C 381 8
6 M 75 159 COPD Emphysema 575 1.01 172 P-SIMV 474 8
7 M 53 26.0 ARDS Type 1 RF 60 0.98 122 P-A/C 611 5
8 M 6l 254 ARDS Acute cerebral infarction 60 092 130 V-A/C 495 12
9 M 53 248 ARDS Type 1 RF 60 0.93 360 PSV 608 6
0 M 72 229 ARDS Pulmonary embolism 60 0.98 167 V-A/C 426 8
1M1 M 82 233 ARDS Sepsis, Severe pneumonia  57.5 1.08 351 P-A/C 488 5
12 F 52 17.7 Other Sepsis, Severe pneumonia  52.5 0.96 1M PSV 388 10
13 M 55 244 Other Space-occupying lesion 60 1.08 333 P-A/C 754 5
4 M 87 213 COPD Type 2 RF 65 0.98 165 P-A/C 472 8
15 F 87 289 COPD Invasive aspergillosis 60 1.03 69 p-A/C 405 8
6 M 53 17.7 ARDS Type 1RF 575 1.07 76 )% 391 8
17 M 56 256 COPD End-stage renal disease 575 1.07 259 P-SIMV 401 8
18 F 79 27.5 COPD AECOPD 60 0.99 84 pPSV 358 8
19 F 58 202 Other Traumatic brain injury 575 1.02 131 V-A/C 550 8
20 M 24 26.7 Other Traumatic brain injury 55 1.03 222 p-A/C 503 10
21 F 74 18.7 COPD AECOPD, Type 2 RF 51 1.08 112 pPSv 351 5
2 M 75 230 COPD AECOPD, Type 2 RF 57.5 0.96 91 V-A/C 397 8
23 M 61 26.0 COPD Sepsis, AECOPD 575 12 141 P-A/C 520 8

Definition of abbreviations: BMI=body mass index; Ccw=compliance of the chest wall; TV=measured tidal volume; PEEP=positive end expiratory pressure;
ARDS =acute respiratory distress syndrome; COPD =chronic obstructive pulmonary disease; TAAA=thoracoabdominal aortic aneurysm; RF =respiratory failure;
AECOPD =acute exacerbation of chronic obstructive pulmonary disease;

1 The transnasal esophageal balloon placement depth is measured from the nasal orifice to the catheter tip

$ The APes/APaw ratio during the Baydur (occlusion) test with spontaneous breathing or the Positive Pressure Occlusion test without spontaneous breathing
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Fig. 3 Representative Tracings and Fitting Results of Pmus in Stable Breathing. (A) Representative tracings for Patient 16 during stable breathing, ob-
tained through ventilator measurements or calculations, including airway pressure (Paw), flow, volume, and esophageal pressure (Pes) signals recorded
by the ventilator. Pmus, estimated as the difference between Chest wall elastic recoil pressure (Pcw) and Pes (baseline Pmus defined as 0 cm H,0), was
quantified by the peak inspiratory muscle pressure (Pmus,,,) and the pressure-time product of Pmus per breath (PTPmus.,.). (B) Typical fitting results
using the non-invasive Pmus algorithm. The algorithm calculates the onset ( tg) and offset ( tm) of respiratory muscle activity. The red solid line repre-
sents the Pmus,,, waveform, while the black solid line represents the N-Pmus waveform, with N-Pmus quantified identically to Pmus,, for data analysis
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Fig. 4 Correlation and agreement analysis between N-Pmus and Pmus,, for patient data from the clinical trial. (A), (B), and (C) display the analysis results
for aggregated Pmus data across varying levels of inspiratory effort, while (D), (E), and (F) show the analysis results for single-cycle Pmus data. (A) and (D)
are violin plots depicting the Pmus measured by the ventilator (N-Pmus) and the gold-standard Pmus calculated using esophageal pressure (Pmus,,.),
with “NS”indicating no significant difference (p>0.05). (B) and (E) show linear mixed-effects model fit plots demonstrating the correlation between N-
Pmus and Pmus,., where (B) has marginal R’=0.97 and conditional R’=0.971, and (E) has marginal R’=0.884 and conditional R’>=0.952. (C) and (F) are the
corresponding Bland-Altman plots, where (C) has a bias of —0.2 cmH,0 (95% Cl: —0.4 to —0.05), L-LOA of —2.22 cmH,0 (95% Cl: —2.52 to — 1.89), and U-LOA
of 1.83 cmH,0 (95% Cl: 1.54 to 2.18), while (F) has a bias of —0.23 cmH,0 (95% Cl: —0.37 to —0.08), L-LOA of —2.33 cmH,0 (95% Cl: —=2.51 to —2.16), and
U-LOA of 1.88 cmH,0 (95% Cl: 1.71 to 2.06). The linear regression of the bias is shown as the black line, illustrating the trend in the bias

and LOA ranging from -2.88 to 2.76 cmH,O. P-A/C, Stratification by Pmus,,, magnitude (low: <4 cmH,0O;
PSV, and SIMV modes demonstrated narrower LOA  normal: 4-10 cmH,O; high: >10 cmH,O) revealed stron-
ranges (P-A/C: -2.04 to 1.18 cmH,O; PSV: -2.46 to 2.17  ger correlations in the high-effort group (marginal R*
c¢cmH,O; SIMV: -1.48 to 1.45 cmH,0O) (Table E3, Figure = 0.895, conditional R* = 0.916; bias=-0.12 cmH,O
E7). [95% CI: -1.1 to 0.59]), with LOA spanning from - 3.04

to 2.79 ¢mH,O. The low- and normal-effort groups
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Fig.5 Correlation and agreement analysis between N-PTPmus and PTPmus,.,, for patient data from the clinical trial. (A) Violin plot depicting the PTPmus

values measured by the ventilator (N-PTPmus) and the usual monitoring PTPmus values calculated using esophageal pressure (PTPmus,

), with “NS"in-

eso’!

dicating no significant difference (p > 0.05). (B) Linear mixed-effects model fit plot showing the correlation between N-PTPmus and PTPmus,,, (marginal
R’=0.861, conditional R?=0.907). (C) Corresponding Bland-Altman plot with a bias of —0.18 cmH,0-s (95% Cl: —0.48 to —0.15), L-LOA of —2.45 cmH,O's
(95% Cl: —2.93 to — 1.99), and U-LOA of 2.08 cmH,0-s (95% Cl: 1.63 to 2.53). The linear regression of the bias is shown as the black line, illustrating the trend

in the bias
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exhibited reduced agreement (low: marginal R* = 0.611,
LOA=-1.46 to 0.97 cmH,0; normal: marginal R* =
0.628, LOA =-2.38 to 1.65 cmH,O) (Table E4, Figure E8).

Discussion

In this investigation, we introduced and validated
N-Pmus, an innovative non-invasive approach for con-
tinuous, real-time monitoring of respiratory effort at the
bedside in mechanically ventilated patients. The essence
of the N-Pmus algorithm lies in integrating a functional
model with physiological constraints into the equation
governing respiratory motion, solving it iteratively via the
least squares method. A bench study conducted in a sim-
ulated setting demonstrated a perfect correlation of 0.99
between N-Pmus and ASL5000-Pmus, with narrow 95%
limits of agreement of [-1.51, 1.04] cmH,0O. Additionally,
a subsequent clinical validation study showcased a high
correlation of 0.97 between N-Pmus and Pmus,,, with
tight 95% limits of agreement of [-2.22, 1.83] cmH,0.
Subsequent subgroup analyses post hoc unveiled a robust
correlation and excellent agreement across diverse dis-
ease categories, ventilation modalities, and degrees of
respiratory effort.

Feasible and reliable monitoring of respiratory effort
in mechanically ventilated patients is paramount to miti-
gate potential lung and diaphragm injuries. Currently, the
accuracy of both direct monitoring techniques (Pes and
Pdi) and indirect methods (P0.1, PMI, and Pocc) can be
susceptible to various factors including procedural stan-
dards, the state of illness, and the respiratory status of
patients [28] impeding seamless real-time monitoring.
Notably, Albani et al. [29, 30] proposed a noninvasive
real-time monitoring technique for inspiratory effort by
analyzing the concavity of the inspiratory flow waveform
in pressure support ventilation (PSV). However, this
method is restricted to PSV and lacks automated calcula-
tion capabilities. Pmus, recognized as a key indicator of
respiratory effort, has been a focal point of research for
achieving noninvasive real-time monitoring.

In reviewing decades of research, methodologies for
real-time Pmus calculation using respiratory mechanics
equations can be categorized into two main approaches.
The first approach entails solving for respiratory sys-
tem resistance and compliance before back-calculating
the Pmus waveform [16, 31-36]. The second approach
involves simultaneously determining Pmus, resistance,
and compliance while incorporating constraints into
the motion Egs. [37-39]. Previous studies often under-
estimate Pmus because active respiratory muscle effort
distorts airway pressure and flow profiles, leading to
inaccuracies when such activity is not fully accounted for
[37-39]. In contrast, our algorithm enhances Pmus esti-
mation by employing global constrained least-squares fit-
ting, a cubic function template to model active expiration,
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and advanced waveform feature recognition using both
inspiratory and expiratory data. These advancements sig-
nificantly improved the accuracy of Pmus peak estima-
tion and morphology characterization, as detailed in the
Additional file (see Figure E2 and Figure E3). Validation
of this approach is conducted through simulation stud-
ies and clinical trials, offering promising prospects for
enhanced respiratory effort monitoring in mechanically
ventilated patients.

The simulation experiment validated scenarios encom-
passing prevalent disease types, including restrictive and
obstructive lung diseases, as well as typical ventilator
mode settings, such as V-A/C, P-A/C, PSV, and SIMV,
commonly seen in clinical practice. The high correlation,
reaching up to 0.99, can be ascribed to the meticulous
mathematical model of the Pmus waveform generated
by the ASL5000 and the precise fitting effect of the theo-
retical model. The 95% limits of agreement were found
to be [-1.51, 1.04] cmH,O. Furthermore, Silva et al. [39]
simulated 49 scenarios, revealing that deviations from
the absolute Pmus amplitude predominantly clustered
within the quartiles (0.4 to 1.3 cmH,0). Our simula-
tion experiments confirmed similar outcomes across a
wider range of use case scenarios, including those with
elevated resistance and decreased compliance. However,
it should be noted that the observed correlation may be
influenced by the method of effort generation used by the
ASL5000, which warrants further investigation to assess
its generalizability.

In our clinical trial with 23 patients, the correla-
tion between N-Pmus and Pmus,,, was 0.97, with 95%
limits of agreement from -2.22 to 1.83 c¢cmH,O. This
demonstrates significantly improved accuracy and repro-
ducibility compared to previous studies, particularly that
of Kondili et al. [34], who estimated Pmus by applying
historical measurements of resistance and compliance to
the equation of motion in 11 patients (correlation of 0.83;
95% limits of agreement from -7.23 to 5.41 cmH,0),
and Natalini et al. [35], who studied 18 patients (corre-
lation of 0.58; 95% limits of agreement from -12 to 12
c¢cmH,0). Similarly, the correlation between N-PTPmus
and PTPmus,, was 0.86, with 95% limits of agreement
from —2.45 to 2.08 cmH,0O-s, surpassing the findings of
Kondili et al. [34] (correlation of 0.77, 95% limits of agree-
ment between —3.01 and 1.99 ¢cmH,0O-s), and Natalini
et al. [35] (correlation of 0.52, 95% limits of agreement
between —8.35 and 7.74 cmH,0O-s).

In a post-hoc subgroup analysis, the ARDS subgroup
showed the highest correlation between N-Pmus and
Pmus,,, (marginal R* = 0.955) but exhibited a wide limit
of agreement (LOA: -2.87 to 2.35 cmH,0). In contrast,
the COPD and other disease subgroups demonstrated
lower correlations (COPD: marginal R* = 0.822; others:
marginal R* = 0.876) with narrower LOA. Stratification
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by respiratory effort revealed that the high-effort group,
similar to the ARDS subgroup, had the highest correla-
tion with a wider LOA, whereas the normal and low-
effort groups had lower correlations and narrower LOA.
These differences are primarily attributable to the influ-
ence of respiratory effort magnitude on measurement
precision: in high-effort states (commonly observed in
ARDS), larger Pmus values reduce the relative impact
of small absolute errors—enhancing correlation—but
also amplify absolute differences. In practice, the relative
error remains small, yet this leads to a wider LOA. Con-
versely, in low-effort states (as seen in other subgroups),
smaller Pmus values exaggerate the relative effect of min-
imal errors, leading to lower correlations but narrower
LOA. Therefore, further investigations are imperative to
validate the observations within this subgroup.

Strengths and limitations

This study systematically presents the derivation of the
N-Pmus algorithm along with the results from labora-
tory simulations and clinical validation. The simulation
scenarios strived to cover a broad spectrum of patient
profiles, Pmus configurations, and a wide array of ampli-
tudes, while the clinical trials aimed to confirm the effi-
cacy across diverse patient phenotypes. Nonetheless, our
study does have certain limitations. Firstly, while esopha-
geal pressure serves as the most accurate approximation
of pleural pressure, it may not accurately represent the
actual intrathoracic pressure under various pathologi-
cal conditions. Although chest wall compliance typically
remains relatively constant, patients subjected to differ-
ing circumstances, such as controlled versus spontane-
ous ventilation, might exhibit slightly varying effects on
this compliance. Thus, the aforementioned limitations
regarding the discrepancy between Pmus,, in the control
group and the true Pmus necessitate further refinement.
Secondly, the study is constrained by its brief duration,
diminutive sample size, and confinement to a single cen-
ter. Finally, it omitted the inclusion of healthy subjects
or individuals with specific conditions like abdominal
hypertension, and it did not assess transdiaphragmatic
pressure (Pdi). Subsequent validation endeavors should
incorporate long term, more extensive, multicenter
research initiatives.

Conclusions

This study introduces an innovative, bedside, non-inva-
sive, real-time approach to quantitatively evaluate respi-
ratory effort. Our investigation illustrated that N-Pmus
showcases a robust correlation and agreement with the
established Pmus benchmarks (ASL5000-Pmus or Pmus-
eso)» SUrpassing conventional metrics for assessing respi-
ratory effort. Further research is essential to validate
this technique and explore its clinical applications. In
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the future, N-Pmus will enable precise monitoring and
guide parameter adjustments in mechanical ventilation,
potentially supporting lung- and diaphragm-protective
ventilation.

Abbreviations

Pmus Respiratory muscle pressure

Pes Esophageal pressure

Pcw Chest wall elastic recoil pressure

Cew Compliance of the chest wall

N-Pmus Real-time Pmus amplitude monitored by the ventilator

Pmus.., The usual monitoring for Pmus amplitude, calculated from
Pes and Pcw

ASL5000-Pmus  Pmus settings from ASL5000

N-PTPmus Pressure—time-product of Pmus measured by the ventilator
in a single breath
PTPMUS,, The usual monitoring pressure—~time-product of Pmus,

calculated using esophageal pressure in a single breath
P-A/C Pressure-assist/control ventilation
pPSv Pressure support ventilation
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