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the manuscript Background: Assessing measurement error in alveolar recruitment on computed
*Correspondence: tomography (CT) is of paramount importance to select a reliable threshold identifying
J-christopherichard@chu-lyon fr patients with high potential for alveolar recruitment and to rationalize positive end-

? Service de Médecine Intensive expiratory pressure (PEEP) setting in acute respiratory distress syndrome (ARDS). The
Eii:i;e“laHtf;;iﬁfspg‘jﬁfjfLcyfx aim of this study was to assess both intra- and inter-observer smallest real difference
103 Grande Rue de La Croix (SRD) exceeding measurement error of recruitment using both human and machine
Rousse, 69004 Lyon, France learning-made lung segmentation (i.e,, delineation) on CT. This single-center observa-
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il st tional study was performed on adult ARDS patients. CT were acquired at end-expira-

tion and end-inspiration at the PEEP level selected by clinicians, and at end-expiration
at PEEP 5 and 15 cmH,O. Two human observers and a machine learning algorithm
performed lung segmentation. Recruitment was computed as the weight change of
the non-aerated compartment on CT between PEEP 5 and 15 cmH,0.

Results: Thirteen patients were included, of whom 11 (85%) presented a severe
ARDS. Intra- and inter-observer measurements of recruitment were virtually unbiased,
with 95% confidence intervals (Clgs,,) encompassing zero. The intra-observer SRD of
recruitment amounted to 3.5 [Clgg,, 2.4-5.21% of lung weight. The human-human
inter-observer SRD of recruitment was slightly higher amounting to 5.7 [Clgsg, 4.0-8.01%
of lung weight, as was the human—machine SRD (5.9 [Clgse, 4.3-7.8]% of lung weight).
Regarding other CT measurements, both intra-observer and inter-observer SRD were
close to zero for the CT-measurements focusing on aerated lung (end-expiratory lung
volume, hyperinflation), and higher for the CT-measurements relying on accurate
segmentation of the non-aerated lung (lung weight, tidal recruitment...). The aver-
age symmetric surface distance between lung segmentation masks was significatively
lower in intra-observer comparisons (0.8 mm [interquartile range (IQR) 0.6-0.9]) as
compared to human-human (1.0 mm [IQR 0.8-1.3] and human-machine inter-
observer comparisons (1.1 mm [IQR 0.9-1.3]).

. ©The Author(s) 2023. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
@ Sprlnger O pen use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
— author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://

creativecommons.org/licenses/by/4.0/.


http://orcid.org/0000-0003-1503-3035
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40635-023-00495-6&domain=pdf

Penarrubia et al. Intensive Care Medicine Experimental (2023) 11:8 Page 2 of 15

Conclusions: The SRD exceeding intra-observer experimental error in the measure-
ment of alveolar recruitment may be conservatively set to 5% (i.e, the upper value of
the Clgsg,). Human-machine and human-human inter-observer measurement errors
with CT are of similar magnitude, suggesting that machine learning segmentation
algorithms are credible alternative to humans for quantifying alveolar recruitment on
CT.

Keywords: Acute respiratory distress syndrome, Computed tomography, Alveolar
recruitment, Bias, Repeatability, Reproducibility, Measurement error, Machine learning

Background

Quantitative computed tomography (CT) has been extensively used to study acute
respiratory distress syndrome (ARDS) morphology and physiopathology and may be
used in the near future to guide ARDS treatment [1, 2], but it requires time-consum-
ing manual segmentation of the lungs by trained physicians (i.e., delineation of lung
boundaries in order to quantify multiple lung CT parameters). This process is par-
ticularly challenging in ARDS patients, as non-aerated lung regions are often poorly
or non-distinguishable from the surrounding structures, especially in CT-images
acquired without iodine-based contrast materials.

However, repeatability (intra-observer variability) and reproducibility (inter-
observer variability among other) of the manual lung segmentation technique have
been poorly addressed in both experimental ARDS [3] and clinical acute respiratory
failure studies [4], and no studies has addressed to date this issue in ARDS patients,
especially in the most severely ill treated with extracorporeal membrane oxygenation
(ECMO). The issue of segmentation errors is especially critical for the measurement
of alveolar recruitment, as it is computed as the change in weight of the non-aer-
ated compartment (i.e., the one most prone to segmentation errors) between two
positive end-expiratory pressure (PEEP) levels [5], and hence is based on a differ-
ence between measurements (i.e., combining measurement errors of two consecutive
measurements).

Therefore, the smallest real difference (SRD) exceeding measurement error of alveo-
lar recruitment assessed with CT is to date unknown. This can be computed by the
repeatability and reproducibility coefficients (assessing intra- and inter-observer vari-
ability) which quantify absolute measurement error in the same units as the measure-
ment tool [6], both being required to reliably assess precision of a measurement tool.
Assessing measurement error in alveolar recruitment on CT is of paramount impor-
tance to select a reliable threshold identifying ARDS patients with high potential for
alveolar recruitment and to rationalize PEEP setting.

A modern answer to the issue of repeatability of CT-derived parameters should not
be restricted to human—human inter-observer variability, as machine learning (ML)
algorithms are increasingly used as automated lung segmentation tools [7-9]. Our
hypothesis was that human—ML may be lower than human—human inter-observer
variability.

The primary aim of the present study was to assess both intra- and inter-observer
SRD of alveolar recruitment detectable on both manually and ML segmented CT of
ARDS patients. Secondary aims of the study were:
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— to assess intra- and inter-observer SRD measured by both human and ML operators
in other commonly used CT-quantitative parameters,

— to assess intra- and inter-observer bias in CT-quantitative parameters measured by
human and ML operators,

— to quantify intra- and inter-observer accuracy of lung segmentations.

Methods

Study design and setting

This study is a single-center ancillary study of an ongoing prospective observational
multicenter study performed in two intensive care units (ICU) located in university hos-
pitals. The study was approved by our institutional ethics committee (CSE HCL20_194).
Consecutive patients were enrolled between June 21st, 2021, and September 15th, 2021.
Consent for data utilization was sought from the patients or their representative. Some
CT data of these patients have been used in a previous study [10].

Patients

Eligible patients were aged 18 or older, under invasive mechanical ventilation, with
ARDS [11] and a ratio of oxygen partial pressure in arterial blood over inspired oxygen
fraction (PaO,/FiO,) below 300 Torr, and had an indication for CT according to their
attending physician.

Exclusion criteria were ARDS onset>72 h or ECMO-onset>72 h, contra-indica-
tion to the transport to the imaging facility (PaO,/FIO, <60 Torr, mean arterial pres-
sure<65 mmHg, or intracranial hypertension), inability to sustain a 10-s respiratory
pause without respiratory effort, presence of intrathoracic metallic devices, previous
inclusion in the present study, chronic obstructive pulmonary disease, pneumothorax or
broncho-pleural fistula, pregnancy, patients under a legal protective measure and refusal

to participate by patient and/or relative.

Protocol description
The non-ECMO patients received ventilation with tidal volume (VT) 4 to 6 mL.kg™!
of predicted body weight (PBW) to keep plateau pressure (Pp, ) <30 cmH,O [12]. To
adjust the PEEDP, the ICU policy was to use a PEEP-FiO, table [13]. The ECMO patients
underwent ventilation with VT around 1 mL.kg™! PBW and PEEP adjusted to target
Ppqt s around 20 cmH,O.

Respiratory measurements and arterial blood gas analysis were performed at inclusion
at least 1 h after adjustment of ventilatory settings.

The patients were then transferred to the imaging facility using a MONNAL T60 ven-
tilator (Air Liquide Medical Systems, Antony, France). The endotracheal tube was briefly
occluded with a Kocher clamp during ventilator change to avoid derecruitment.

Data collection
The following variables were recorded at inclusion: anthropometric and demographic
data, time of ARDS identification, ARDS severity and risk factors, Simplified Acute
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Physiology Score 2 (SAPS 2) [14] and SOFA score [15], ventilatory settings, respiratory
measurements, and arterial blood gas.

CT measurements

Low-dose CT acquisitions were performed in supine position with an iCT 256 or Inge-
nuity CT (Philips Healthcare, Eindhoven, The Netherlands) using the following settings:
voltage 140 kVP, slice thickness 1 mm, matrix size 512 x 512. Field of view (FOV), pixel
size and tube current—time product were adapted for each patient.

Four different CT acquisitions were performed from apex to base during end-expir-
atory or end-inspiratory pauses: one end-expiratory and one end-inspiratory CT at the
PEEP level set by the attending clinician, an end-expiratory CT at PEEP 15 cmH,0, and
an end-expiratory CT at PEEP 5 cmH,O. The absence of respiratory efforts during the
pauses was checked on the ventilator pressure—time curves.

CT images reconstruction was performed using a smooth filter (kernel B).

Lung segmentation
The lungs were manually segmented by two independent observers with a CreaTools-
based software [16], by drawing the external boundaries of the lungs, excluding pleu-
ral effusions, main bronchi and main pulmonary arteries from lung region-of-interest.
Observer#1 performed two independent lung segmentations on each CT of the whole
dataset to assess intra-observer variability, with a time lag between successive segmen-
tations of the same CT amounting to at least 3 months. Observer#2 performed a single
segmentation on each CT of the whole dataset to assess human—human inter-observer
variability.

The lungs were also segmented with a deep 3D convolutional neural network using
a modified version of the 3D U-net architecture [17]. A lightweight version of the 3D
U-net was implemented with five convolutional layers (starting with 4 filters and dou-
bling at each layer up to 64 filters before the model bottleneck). The model was trained
with 316 CT volumes from 97 patients (yielding a Dice similarity coefficient of 0.972 on
the training set); none of which being included in the present study. Since the FOV and
the pixel size were adapted for each patient, every volume was preprocessed to obtain an
isotropic voxel size of 1 mm, resulting in an image size of 448 x 448 x 320. The model
was optimized with the Adam optimizer through a Dice-based loss function [18]. The
trained 3D convolutional model performed lung segmentation on each CT of the whole
dataset to assess human—ML inter-observer variability [18].

Computation of CT parameters
Segmented lung volumes were analyzed using MATLAB (MathWorks, Natick, MA). The
following CT parameters were assessed on each patient for each set of segmented CTs
(i.e., st and 2nd set of observer #1 segmentations, observer #2 and ML segmentations).
Voxel tissue and gas fraction were computed as previously described [19]. Tissue and
gas volumes were computed as the product of their respective fractions times voxel vol-
ume times number of voxels in segmented lung volume.
Lung parenchyma was classified into four compartments, according to CT number:
non-aerated (density between+ 100 and — 100 Hounsfield units (HU)), poorly aerated
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(density between — 101 and — 500 HU), normally aerated (density between — 501 and
— 900 HU), and hyper-aerated tissue (density < — 901 HU). Total lung weight and weight
of each compartment were estimated using lung tissue volume, assuming a tissue density
of 1 g.mL™! [20]. The non-aerated compartment weight was standardized to total lung
weight, while the aerated volume within the hyper-aerated compartment was standard-
ized to PBW (as tissue weight is negligible in this compartment).

Alveolar recruitment between PEEP 5 and 15 cmH,0O was computed as the weight of
the non-aerated compartment at PEEP 5 cmH,O minus its weight at PEEP 15 cmH,0O
and standardized to total lung weight.

Tidal recruitment of the non-aerated compartment was defined as the weight of the
non-aerated compartment at end-expiration minus its weight at end-inspiration [21],
and standardized to total lung weight.

Tidal hyperinflation was computed as the volume of the hyper-aerated compartment
at end-inspiration minus its volume at end-expiration [21], and standardized to PBW.

Assessment of lung segmentation accuracy
To assess the intra- and inter-observer accuracy of lung segmentations, the following
metrics were computed:

— the Dice similarity coefficient [18], a measure of overlap of two lung segmentation
masks, computed as
2% |XNY]
DSC = ———H, (1)
X[+ Y]

with X and Y being two lung segmentation masks, |[X N Y| the number of voxels com-
mon to both segmentation masks, and |X| + |Y| the total number of voxels in both lung
segmentation masks. The DSC ranges from 0 (case of two non overlapping segmentation

masks) to 1 in the case of two perfectly identical lung segmentation masks.

— the average symmetric surface distance (ASSD) expressed in mm computed as fol-
lows [22]. Surface voxels of two lung segmentation masks were determined as vox-
els having at least one non-lung voxel within their 26-neighborhood (i.e., adjacent
to their 12 edges, 8 corners and 6 faces). For each surface voxel of the first lung seg-
mentation mask, the Euclidean distance to the closest surface voxel of the second
lung segmentation mask was computed using the k-NN algorithm [23] and stored.
The same process was applied from the surface voxels of the second lung segmenta-
tion mask to the closest surface voxel of the first lung segmentation mask in order
to provide symmetry, and the ASSD was finally defined as the average of all stored
distances, 0 corresponding to a perfect match between the two lung segmentation
masks.

— the maximum symmetric surface distance (MSSD) expressed in mm computed as
follows [22, 24]. Differences in Euclidean distances between surface voxels of two
lung segmentation masks were determined, and the maximum value yielded the
MSSD. This measurement is sensitive to outliers and returns the true maximum

error.
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Statistical analysis

Statistical analysis was performed using R version 4.1.1 [25] with the following pack-
ages multcomp [26], Ime4 [27], ImerTest [28], and boot [29, 30]. A p-value <0.05 was
chosen for statistical significance.

Data were expressed as count (percentage) or median [interquartile range (IQR)],
unless otherwise stated. Between groups comparisons were performed using a linear
mixed model, to account for repeated measurements. Multiple comparisons between
groups were performed using the Holm-Sidak procedure.

Intra-observer and inter-observer bias and 95% confidence interval (Clys) for the
bias were computed for each CT parameters with the Bland and Altman method [31].

The repeatability coefficient (RC), (i.e., the SRD exceeding the measurement error
between repeated measurements by the same observer under identical measurement
conditions), was computed for each CT parameters as follows [32]:

RC = Sw x v/2 x 1.96, (2)

with Sy, being the within-subject standard deviation.

The reproducibility coefficient (RDC) (i.e., the SRD exceeding the measurement
error between different observers under identical measurement conditions) was com-
puted for each CT parameters as follows [33]:

RDC = Sg x v/2 x 1.96, (3)

with S being the between-subject standard deviation.

Clys for both repeatability and reproducibility coefficients were computed for each
CT parameters using non-parametric bootstrapping, 1000 replicates and the bias-
corrected and accelerated method [34].

Sample size was computed with the aim of assessing the within-subject standard
deviation with a precision of at most 40% of the population value at a level of alpha
error set to 0.05 [32]. Under these assumptions, a sample size of at least 12 patients
would be required and the study population was conservatively set to 13.

Results
Characteristics at inclusion
Thirteen patients were included and their clinical characteristics are reported in
Table 1. We included mostly severe ARDS [11 patients (85%)] according to the Ber-
lin definition [35], two of whom (15%) being under ECMO, and all patients but one
presented COVID-19 related ARDS (92%). CT scans were mostly realized during the
first 24 h after ARDS onset. Two CT volumes were missing for one patient, ending up
in a total of 50 CT volumes analyzed. Lung segmentation masks provided by human
operators and the ML algorithm in two representative patients are presented in Fig. 1.
CT-derived lung measurements are reported in Table 2. Extent of lung injury was
high in the study population as shown by a median non-aerated lung at PEEP 5
c¢cmH,O amounting to 59 [44—68] % of total lung weight. Median recruitment between
PEEP 5 and 15 cmH,0O amounted to 5.8 [4.2-9.2] % of total lung weight.
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Variables Whole dataset (n=13)
Sex male—no. (%) 8 (62%)
Median age [IQR]—year 65 [57-72]
Median BMI [IQR]—kg.m 2 29 [24-37]
Median delay between ARDS onset and CT [IQR]—day 1[0-1]
ARDS severity—no. (%) 2 (15%)
Moderate 9 (70%)
Severe without ECMO 2 (15%)
Severe under ECMO
COVID-19—no. (%) 12 (92%)
Median SAPS 2 at ICU admission [IQR] 42 [38-53]
Median SOFA score at inclusion [IQR] 8[7-9]
Vasopressor—no. (%) 11 (85%)
Median VT at inclusion [IQR]—mLkg ™" PBW 6.0 [5.9-6.0]
Median PEEP at inclusion [IQR]—cmH,0 8[5-10]
Median PEEP,,  at inclusion [IQR]—cmH,0 9[6-10]
Median Pplat’,S at inclusion [IQR]—cmH,0 20 [18-21]
Median AP ¢ at inclusion [IQR]—cmH,0 119-13]
Median pH at inclusion [IQR] 7.36 [7.30-7.39]
Median Pa0, at inclusion [IQR]—Torr 70 [62-75]
Median FiO, or FmO, at inclusion [IQRI—% ' 100 [90-100]
Median PaCO, at inclusion [IQR]—Torr 47 [40-49]
Day-90 mortality—no. (%) 6 (46%)
Median ventilator-free days at day-60 [IQR]—day 0[0-38]
Median ICU length of stay [IQR]—day 27 [10-44]

ARDS denotes acute respiratory distress syndrome; BMI, body mass index; CT, computed tomography; AP, driving
pressure of the respiratory system; ECMO, extracorporeal membrane oxygenation; FiO, inspired oxygen fraction; FmO,,
extracorporeal membrane oxygen fraction; ICU, intensive care unit; IQR, interquartile range; PaCO,, carbon dioxide partial
pressure in arterial blood; PaO,, oxygen partial pressure in arterial blood; PBW, predicted body weight; PEEP, positive end-
expiratory pressure; PEEP, ., total PEEP of the respiratory system; P, ., plateau pressure of the respiratory system; SAPS 2
Simplified Acute Physiology Score 2; VT, tidal volume

f FiO, is provided for non-ECMO patients, and FmO, for ECMO patients

Assessment of lung segmentation accuracy (Fig. 2)

The Dice similarity coefficient, gauging the overlap of two segmentations masks, was
close to 1, for intra-observer comparisons (0.97 [0.96—0.98]), human—human inter-
observer comparisons (0.96 [0.95-0.97]) or human—ML inter-observer comparisons
(0.96 [0.94-0.97]), but was however significantly lower in the latter group (Fig. 2).

The ASSD (i.e., the average difference between the surface of 2 segmentation masks in
three dimensions) was significantly lower for intra-observer comparisons (0.8 [0.6—0.9]
mm) as compared to both human-human inter-observer comparisons (1.0 [0.8—1.3]
mm) and human—-ML inter-observer comparisons (1.1 [0.9-1.3] mm) (Fig. 2).

The MSSD (i.e., the highest distance between the surface of two segmentation masks
in three dimensions) was not significantly different between the intra-observer compari-
sons (12.9 [10.7-16.8] mm) and human—human inter-observer comparisons (15.2 [12.9—
20.8] mm), but was significantly higher in the human—-ML inter-observer comparisons
(16.2 [13.3-23.0] mm) (Fig. 2).

The four individual points behaving as outliers in the human—ML comparisons (Fig. 2)
with respect to the three above-mentioned metrics correspond to the 4 CT of a single
patient with obvious segmentation errors by the ML algorithm (i.e., patient #1 in Fig. 1).
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Upper chest
level

Patient #1 Patient #2

Lower chest
level
Fig. 1 Lung segmentation masks performed by 3 different observers in 2 patients at 3 chest levels. Red
regions are lung segmentation masks performed by human operator#1, blue ones are lung segmentation
masks performed by human operator#2, and green ones are lung segmentation masks provided by the
machine learning algorithm. The arrows denote obvious segmentation errors by the machine learning
algorithm

Table 2 CT-derived lung measurement

Variables Median [IQR] Range
Alveolar recruitment PEEPs_;s—9% lung weight 8[4.2-92] —33-216
Lung weight at PEEP 5—g 1346 [1152-1681] 747-2343
Lung weight at PEEP 15—g 1347 [1155-1715] 712-2328
Non-aerated lung at PEEP 5—9% lung weight 9 [44-68] 25-91
Non-aerated lung at PEEP 15—9% lung weight 5 [36-60] 21-86
Tidal hyperinflation—mLkg~" PBW 4[0.2-1] 0.0-52
Tidal recruitment—% lung weight 2[1.9-64] —6.2-143
End-expiratory lung volume at PEEP 5—mL 682 [473 880] 141-2748
End-expiratory lung volume at PEEP 15—mL 970 [789-1354] 251-3365
Hyperinflation at PEEP 5—mL kg™ PBW .110.1-04] 0.0-203
Hyperinflation at PEEP 15—mLkg~' PBW 4[0.1-0.7] 0.0-29.7

Values are pooled values from measurements of observer#1 (measurement #1 and #2), observer#2 and machine learning

CT denotes computed tomography; IQR, interquartile range; PEEP, positive end-expiratory pressure; PEEP;_,5, PEEP change
from 5 to 15 cmH,0; and PBW predicted body weight

Bias

The intra- and inter-observer measurements of alveolar recruitment were virtually unbi-
ased, with Clys, encompassing zero in all repeatability or reproducibility conditions
(Fig. 3, Table 3). As for the other parameters exposed in Table 3, there was no significant
intra- and inter-observer bias apart for lung weight and end-expiratory lung volume, as
shown by their Clgs,, excluding zero, but the magnitude of the bias was very low.

Repeatability and reproducibility coefficient
The repeatability coefficient (or intra-observer SRD) of alveolar recruitment meas-
urement amounted to 3.5% [Clys, 2.4-5.2] % of total lung weight, and the upper
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Fig. 2 Accuracy of lung segmentation in various conditions (intra-observer, inter-observer human-human
and inter-observer human-ML). Each point refers to one computed tomography volume acquisition
(four computed tomography volumes were acquired for each patient, i.e,, at both end-expiration and
end-inspiration at the PEEP level chosen by attending physician, and at end-expiration at PEEP 5 and 15
cmH,0). p <0.05 vs intra-observer, *p < 0.05 vs inter-observer (human—human). ML denotes machine
learning and PEEP positive end-expiratory pressure

value of this Clgs would have identified 8 (62%) patients as being above the meas-
urement error (and hence considered as presenting significant alveolar recruitment).
The human—human reproducibility coefficient (or inter-observer SRD) was slightly
higher amounting to 5.7 [Clgys,, 4.0—-8.0] % of total lung weight, as was the human—-ML
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Table 3 Intra-observer and inter-observer bias for computed tomography measurements

Variables Intra-observer bias Inter-observer Inter-observer
bias (human- bias (human-ML)
human)

Alveolar recruitment PEEPs_;s—9% lung weight  — 0.4 [— 1.5-0.7] —03[-21-1.5] —03[- 6]

Lung weight at PEEP 5—g —41[—70to — 12] 5 [48- } 4 [— 28~ 97]

Lung weight at PEEP 15—g —30[—60to—1] 9 [53-126] 9[- 34-91]

Non-aerated lung at PEEP 5—9% lung weight —0.7[—1.8-0.2] 0[—04-24] 7 [ 1.6-3.0]

Non-aerated lung at PEEP 15—9% lung weight ~ — 0.4 [— 1.6-0.7] 3[0.2-2.3] 0[—18-37]

Tidal hypermﬂatiom—mLkg’1 PBW OOO[ 0.01-0.01] 0.01 [O 00— 002} OOB[ 0.04-0.09]

Tidal recruitment—% lung weight 6[—1.0-22] -05[— 3] —08[—23-08]

End-expiratory lung volume at PEEP 5—mL 1[—4-2] 7[4-10] 4[—4-11]

End-expiratory lung volume at PEEP 15—mL 06— ] 9[5-13] 6[—7-1 }

Hyperinflation at PEEP 5—mL kg~' PBW 0.00 [— 0.01-0.01] 0.01 [0.00-0.03] 01 [—0.01-0.03]

Hyperinflation at PEEP WS—mL.kg’1 PBW 0.00 [— 0.02-0.01] 0.02 [0.00-0.04] 0.03 [— 0.03-0.10]

Values are mean [Clys,,]

Clys, denotes 95% confidence interval; ML, machine learning; PEEP, positive end-expiratory pressure; PEEP;_,5, PEEP change
from 5 to 15 cmH,0; and PBW predicted body weight

reproducibility coefficient (5.9 [Clyzy, 4.3-7.8] % of total lung weight). In the other
measures reported in Table 4, both repeatability and reproducibility coefficients
(human—human and human—-ML) were close to zero for the CT-measurements focus-
ing on aerated lung (end-expiratory lung volume, hyperinflation), and higher for the
CT-measurements relying on accurate segmentation of the non-aerated lung (lung
weight, tidal recruitment, non-aerated lung).

Discussion

The main findings of the study were that: (1) the smallest real difference in alveo-
lar recruitment exceeding CT-measurement error may be conservatively set to 5%
(i.e., the upper value of the Clgys in the repeatability condition); (2) human-ML and
human-human inter-observer variability of alveolar recruitment measurement by
CT are of similar magnitude, suggesting that ML segmentation algorithms are cred-
ible alternative to human operators for quantifying alveolar recruitment on CT;
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Table 4 Repeatability and reproducibility coefficients for computed tomography measurements

Variables Intra-observer RC  Inter-observer RDC Inter-observer
(human-human) RDC (human-ML)

Alveolar recruitment PEEP,_;s—% lung weight 5[2.4-5. 2] 7 [4.0-8.0] 9[4.3-7.8]
Lung weight at PEEP 5—g 121 [78-181] 202 [146-300] 207 [139-270]
Lung weight at PEEP 15—g 1[79-189] 209 [152-278] 203 [143-274]
Non-aerated lung at PEEP 5—9% lung weight 5[2.6-4. 5] 7[3.7-6.3] 4[53-103]
Non-aerated lung at PEEP 15—9% lung weight 6[1.9- 64] 2[20-69] 8[5.0-12.9]
Tidal hyperinflation—mLkg~' PBW 0.02 [0.01-0.03] 0.03 [0.02-0.04] 2 [0.01-045]
Tidal recruitment—9% lung weight 9[2.7-88] 6[3.7-8.2] 8[2.9-6.9]
End-expiratory lung volume at PEEP 5—mL 0[7-15] 7 [11-26] 4 [7-51]
End-expiratory lung volume at PEEP 15—mL 1[7-43] 2 [14-34] 1[9- ]
Hyperinflation at PEEP 5—mL kg™' PBW 0.03 [0.02-0.04] 0.05 [0.02-0.09] 0.06 [0.01-0.14]
Hyperinflation at PEEP 15—mLkg~' PBW 0.04 [0.02-0.07] 0.08 [0.03-0.13] 0.22 [0.01-0. 50}

Values are mean [Clys,,]

Clgsg, denotes 95% confidence interval; ML, machine learning; PEEP, positive end-expiratory pressure; PEEP;_, 5, PEEP change
from 5 to 15 cmH,0; PBW, predicted body weight; RC, repeatability coefficient; and RDC reproducibility coefficient

(3) inter-observer repeatability and reproducibility of other CT measurements are
acceptable, even for measurements relying on accurate segmentation of the non-aer-
ated lung.

The present study was performed in a population characterized by its severity
(85% of severe ARDS, 15% under ECMO, median [IQR] non-aerated lung at PEEP 5
c¢cmH,0O amounting to 59 [44—68]% of total lung weight). For comparison, non-aerated
lung at PEEP 5 cmH,0 amounted to 37% of total lung weight in the seminal study by
Gattinoni on non-COVID ARDS [5]. Since the reliability of manual segmentation is
expected to be inversely related to the extent of lung non-aerated compartment, our
results should apply to the whole range of ARDS severity.

The measure of alveolar recruitment is fundamental to identify responders to higher
PEEP levels during ARDS. Visual semi-quantitative assessment of lung recruitability
has been proposed [36], but the precision of the measurement was poor (i.e., =7% of
total lung weight). On the other hand, quantitative measurement of alveolar recruitment
using CT requires to correctly identify non-aerated pulmonary areas during the manual
lung segmentation process. The magnitude reported for the inter-observer variability
of manual segmentation is approximately 2% of the region-of-interest volume in previ-
ous studies [3, 4, 37]. Even though manual lung segmentation has been used to evaluate
recruitment on CT since the mid-1980s, our study is, to our knowledge, the first assess-
ing the absolute measurement error in alveolar recruitment quantified on CT. Given the
lack of widely accepted threshold to identify lung recruitability, low and high recruiters
were often separated, in previous studies, on the basis of quartiles values of the popu-
lation [5, 38, 39] (i.e., a strategy highly dependent on the population case-mix regard-
ing lung recruitability). In our study, we showed that 5% of the total lung weight was
the upper limit of the measurement error of alveolar recruitment in the intra-observer
condition. As manual segmentation of the two CT required to compute alveolar recruit-
ment is performed by a single operator, this value may be viewed as the lowest value that
could be used to identify patients with higher potential for recruitment by PEEP.
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Contrary to our hypothesis, human—ML reproducibility of recruitment measurement
was not lower than human—human reproducibility. Several explanations may be raised
to explain this finding. First, training of the ML algorithm was performed on only 97
patients, an amount that may be insufficient to capture the diversity of lung injury and
chest shape in ARDS patients, and increasing the size of the training set may improve
future versions of the ML algorithm. Second, training of the ML algorithm was per-
formed using manual segmentations as a gold standard, and inaccuracy of manual
segmentations may limit the ability of ML algorithm to perform optimally. To our
knowledge, the SRD in alveolar recruitment was not assessed in previous studies using
ML-based segmentation on ARDS lungs [8, 9]. However, the Dice similarity coefficient
and ASSD were similar in our study and in a study by Maiello et al., although performed
on less severe ARDS patients as shown by substantially lower extent of the non-aerated
compartment in their study [8]. Precision of ML-based measurements was similar in
our study and in another study performed on ARDS patients in which limits of agree-
ment between ML and manual segmentation-based recruitment spanned from—5.5
and + 6.2% of lung weight [9], suggesting that our results may apply to the current gen-
eration of ML-based segmentation algorithms.

Regarding the lower repeatability of other CT measurements relying on accurate seg-
mentation of the non-aerated lung (i.e., lung weight, tidal recruitment, non-aerated
lung), this finding is not surprising and was previously identified with another ML seg-
mentation algorithm [9].

Some limitations of the present study should be acknowledged. First, the sample size
was relatively small, hence limiting the study ability to narrow the estimation of the SRD.
However, the 5% upper limit of the Clyg SRD in the intra-observer condition would
have identified more than 50% of the patients as recruiters by PEEP in the largest CT
study performed on COVID-19 ARDS patients [10], and the physiological implication of
lower values (i.e., below 5%) may be questionable. Second, as this study was performed
on all but one COVID-19 patients, the generalization of its results to patients with other
ARDS risk factors may be questionable, although infectious pneumonia are by far the
most frequent ARDS risk factor [40]. Third, different ML algorithms may have differ-
ent performance, but the present study may be viewed as a proof of concept on their
ability to provide reliable estimation of alveolar recruitment on CT in ARDS patients.
Finally, model training in ML depends on the reliability of manual segmentations pro-
vided as gold standard, and imprecision in manual delineation of the lung in some dif-
ficult to delineate areas (such as hilum or juxta diaphragmatic area) could degrade ML
performance.

The clinical implications of this study are the following. First, the 5% recruitment value
could be used as the lowest threshold candidate to classify patients as potential recruiter
by PEEP, and future studies should assess both the physiological meaning and relevance
of this threshold. Second, according to our results, the ML technique presents similar
reproducibility with human—human inter-observer variability, which may have impor-
tant implication for ARDS management in the near future. Indeed, using the methodol-
ogy of the present study, real-time analysis of CT images may be achievable. To date,
lung recruitment quantification requires 3—4 h of manual segmentation to analyze the
two CT volumes (i.e., PEEP 5 and 15 cm H,0O) with millimetric slice thickness, while
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ML-based segmentation of the two CT volumes was achieved in less than 5 min in the
present study. This may be a first step toward the development of new strategies aiming
to personalize ARDS ventilation using imaging (e.g., quasi-instantaneous lung segmen-
tation with ML to provide ‘real-time’ measurement of alveolar recruitment helping to
personalize PEEP setting [1]).

Conclusions

The manual lung segmentation technique is repeatable and reproducible in the evalu-
ation of alveolar recruitment by PEEP in ARDS patients, and the smallest real differ-
ence exceeding experimental error may be conservatively set to 5%. Human—ML and
human-human inter-observer measurement errors of alveolar recruitment by CT are of
similar magnitude, suggesting that ML segmentation algorithms are credible alternative
to humans for quantifying alveolar recruitment on CT.
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