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following right upper lobectomy
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Existing methods of grading atelectasis are typically subjective and not scalable. We aimed to develop
an automated, deep learning-based framework to quantify and grade postoperative atelectasis. We
retrospectively included all patients who underwent RULobectomy from 2008 to 2023. We trained
three nnU-Net v2 segmentation models for preoperative and postoperative lobes and airways with
volumetric quantification of the right middle lobe (RML), right lower lobe (RLL), and total lung volume.
Atelectasis severity in the RML was independently graded using a 5-point radiological scale (none,
minimal, subsegmental, segmental, lobar). The association between volume metrics with atelectasis
severity and clinical outcomes was evaluated. 236 patients comprised the study cohort. Median(IQR)
RML volume loss progressively increased with higher atelectasis grades, from—4.6 mL (—78.5,59.0) in
grade 0 to -317.8 mL (—440.7, —194.8) in grade 4 atelectasis (p < 0.001). Normalized RML/right lung
(RL) and RML/total lung (TL) volume ratios showed statistically significant differences across the
pooled atelectasis grades (p < 0.001). Normalized RLL volumes increased with worsening RML
atelectasis (p < 0.001), suggesting compensatory hyperinflation. A higher ARML/RL [OR(95%CI): 0.89
(0.81-0.98), p =0.01] and ARML/TL [0.80 (0.65-0.98), p = 0.03] were associated with reduced 1-year
need for bronchoscopy. We demonstrate the feasibility and clinical relevance of deep learning-based
volumetric assessment of atelectasis after RULobectomy.

Atelectasis—partial or complete collapse of a lung lobe resulting from
alveolar deflation or inadequate expansion—is one of the most common
pulmonary complications following surgery'. It is particularly common
following cardiothoracic surgery, with rates of 30-72%"’, versus 3.2% fol-
lowing non-cardiothoracic surgery’. Atelectasis can be classified into
obstructive (resorptive), compressive, and adhesive types, based on
underlying mechanisms such as internal airway obstruction, external
compression, or surfactant dysfunction. Collapse of lung lobes reduces the
alveolar surface area available for gas exchange, leading to impaired oxy-
genation, hypoxemia, and, in severe cases, respiratory failure. Further,
completely atelectatic lung lobes and segments have a propensity to become
infected.

While early postoperative atelectasis is often self-limited, complete
lobar collapse and ongoing, substantial sublobar collapse can lead to sig-
nificant morbidity, especially following lung resections, where the remain-
ing lung must compensate for the loss of resected parenchyma.
Postoperative atelectasis is typically identified through radiographic ima-
ging, with chest X-rays for preliminary assessment, followed by CT scans for
diagnostic confirmation and more detailed assessment of the severity of
atelectasis.

To facilitate consistent evaluation of atelectasis—albeit largely in non-
postoperative scenarios—several studies have proposed standardized
grading criteria’, some of which have also been validated against clinical
outcomes®’. Early objective approaches to grading atelectasis primarily
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relied on Hounsfield Unit (HU) measurements®'". CT slice intensity values

between -500 and +100 HU (vs. <—500 HU as aerated lung) have been used
to identify poorly aerated regions reflecting atelectasis®"’, and these metrics
demonstrated good correlation with clinical outcomes. While effective
within the lung parenchyma, this approach becomes less reliable when
atelectasis extends to the lung periphery, as the collapsed lung border may be
difficult to distinguish from adjacent mediastinal structures on CT. And in
complete lobar collapse, the proportion of collapsed voxels may be out-
weighed by the volume of the remaining aerated lung, leading to under-
estimation of atelectasis severity. Moreover, despite HU standardization
(-1000 HU—air, 0 HU—water), the HU thresholds may differ by scanner
type/imaging acquisition protocols (Supplementary Fig. 1).

More recently, other methods, such as the BEST-CT", have been used
to quantify atelectasis as a percentage of total lung volume. This method
divides axial CT slices into grids and classifies each segment into one of ten
status categories, including atelectasis, the percentage of which is then cal-
culated across the entire scan. While this methodology has been validated in
two clinical contexts—cystic fibrosis"’ and bronchiectasis'’—the grading
remains entirely manual and time-intensive. Recently, less time-intensive
scoring systems like the ASSESS criteria have been introduced in post-
interventional settings, such as following bronchoscopy under general
anesthesia, grading atelectasis by its extent on CT from the posterior chest
wall to the anterior vertebral border. Their applicability, however, is limited
to dependent dorso-caudal lung regions.

Overall, existing methods of grading atelectasis remain constrained by
their manual, condition-specific, subjective nature, with significant inter-
rater variability. This limits their generalizability, scalability, and reprodu-
cibility. Deep learning may enable more robust and automated grading of
atelectasis that is reproducible across diverse clinical contexts, imaging
protocols, and healthcare systems—provided such variability is adequately
represented in the training data. Atelectasis can be graded either by seg-
menting and quantifying the reduction in volume of the collapsed regions of
the lung™ or, alternatively, by segmenting and quantifying volume of the
aerated regions that represent the remaining functional lung. Prior
studies'*"” have confirmed that quantitative volumetric analysis of lung
aeration—whether by CT or MRI'*'*—provides objective metrics that can
serve as reliable proxies for assessing the degree of atelectasis. Hence, we
aimed to use automated volumetric analysis of aerated lung regions to
quantify and grade the severity of atelectasis.

Given its higher incidence following thoracic surgery, we evaluated
atelectasis following pulmonary lobectomy, using right upper lobectomy
(RULobectomy)—the most frequently performed lobectomy—as a
representative model. This was also an ideal model because chronic right
middle lobe (RML) atelectasis, often referred to as right middle lobe
syndrome, is a recognized long-term complication after right upper
lobectomy'”. Given this known risk, we specifically targeted the quanti-
fication of middle lobe volume loss and its correlation with physician-
assigned atelectasis grades.

We leveraged paired preoperative and six-month-postoperative CT
scans from patients who had undergone RULobectomy to develop and
validate an automated, deep learning—based volumetric pipeline to quantify/
grade atelectasis. Our aim was to establish a reproducible and clinically
interpretable framework for quantifying lobar volume changes and grading
postoperative atelectasis and to evaluate its clinical relevance by comparing
volumetry-derived atelectasis metrics with physician-assigned grades in a
large postoperative cohort. This approach may offer a scalable tool for both
retrospective research and prospective clinical risk stratification, with
potential applicability to other lobectomies and clinical contexts in which
atelectasis occurs.

Results

Baseline cohort characteristics

Baseline demographic and clinical characteristics are summarized in Table 1.
The median age was 69.2 years (IQR: 61.0-74.6), and 62.3% of patients were
female. Common comorbidities included diabetes mellitus (17.8%), chronic

Table 1| Baseline demographic and clinical characteristics of
all patients who underwent right upper lobectomy and those
who were included in the final study cohort

Characteristics Right upper Study cohort
lobectomy cohort  (n =236)
(n=438)

Age (years) (Median, IQR) 69.7(62.7-75.0) 69.2(61.0-74.6)

Sex Male 179(40.9%) 89(37.9%)
Female 259(59.1%) 147(62.3%)

Race White 282(64.4%) 144(61.0%)
Black 7(1.6%) 5(2.1%)
Asian 98(22.4%) 64(27.1%)
Other 43(9.8%) 23(9.7%)
Unknown 8(1.8%) 0(0%)

Approach Open 117(26.7%) 50(21.2%)
VATS 248(56.6%) 134(56.8%)
Robot-assisted 73(16.7%) 52(22.0%)

FEV; (%) (Median, IQR) 95(79.2-108) 97(80-109)

Diabetes mellitus 64(14.6%) 42(17.8%)

Chronic obstructive pulmonary disease  70(16.0%) 39(16.5%)

Congestive heart failure 25(5.7%) 15(6.4%)

History of cerebrovascular accident 45(10.3%) 27(11.4%)

Chronic kidney disease 40(9.1%) 26(11.0%)

Charlson-comorbidity score 6(4-7) 6(5-8)

(Median, IQR)

Operative Adenocarcinoma 329(75.1%) 191(80.9%)

diagnosis scc 43(9.8%) 14(5.9%)
NEC 16(3.7%) 6(2.5%)
Mixed 10(2.3%) 3(1.3%)
Metastases 17(3.9%) 11(4.7%)
Granulomatous 7(1.6%) 3(1.3%)
inflammation
Otherbenignlesions  16(3.7%) 8(3.4%)

Median time from preop scan to surgery ~ 44.5(24.0-74.0)

(days) (Median, IQR)

Median time from surgery to postop 196(173.2-207.7)

scan (days) (Median, IQR)

Atelectasis on 0 260(78.3%) 186 (78.8%)

S;r‘:‘tchas” e 1 48(14.5%) 32 (13.6%)
2 13(3.9%) 10 (4.2%)
3 6(1.8%) 6 (2.5%)
4 5(1.5%) 2(0.8%)

obstructive pulmonary disease (16.5%), cerebrovascular disease (11.4%),
and chronic kidney disease (11.0%).

Radiological data characteristics

The median time between preoperative CT scans and the surgery was 44.5
(24, 74) days, and the median time between the surgery and postoperative
CT scans was 196 (173.2, 207.7) days. The median slice thickness was 1.25
(1.0, 1.25) mm for preoperative and postoperative scans. RML atelectasis at
6 months was absent in 186 (78.8%) of patients, while grade 1, 2, 3, and 4
RML atelectasis were observed in 32 (13.6%), 10 (4.2%), 6 (2.5%), and 2
(0.8%) patients.

Preoperative model performance
On the training dataset (1 = 93), Dice scores ranged from 0.97 + 0.01 for the
RML to 0.99 £ 0.00 for the RLL, with an overall mean Dice of 0.98 +0.01.
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Table 2 | Preoperative lobe, postoperative lobe, and preoperative airway segmentation model performance on CT scans,
reported as Dice scores for each lung lobe and overall mean Dice score

Preoperative Training dataset Internal test External validation dataset (55)
Lung lobes (93) dataset (29)
Model inference After post-processing Model inference After post-processing

Right upper lobe 0.98 +0.01 0.97 +0.03 0.97 +0.03 0.94+0.07 0.95+0.06

Right middle lobe 0.97 +0.01 0.96 +0.03 0.96 +0.03 0.86 +0.22 0.86 +0.22

Right lower lobe 0.99 +0.01 0.98+0.04 0.98 +0.03 0.93+0.12 0.94+0.12

Left upper lobe 0.99 +0.00 0.98 +0.02 0.98 +0.02 0.93+0.13 0.95+0.13

Left lower lobe 0.99 +0.01 0.98 +0.03 0.98 +0.01 0.89+0.18 0.91+0.18

Overall mean 0.98 +0.01 0.97 £0.02 0.98 +0.02 0.91+0.16 0.92+0.15

Postoperative Training dataset Internal test External validation dataset
Lung lobes (65) dataset (17)

Model inference After post-processing - -
Right middle lobe 0.96 + 0.1 0.98 +0.01 0.98 +0.01 - -
Right lower lobe 0.98 +0.01 0.99 +0.00 0.99 +0.00 - -
Left lung 0.99 +£0.02 0.99 +0.00 0.99 +0.00 - -
Overall mean 0.98 +0.04 0.99 +0.00 0.99 +0.00 o -

Airways Training dataset (34) Internal test External validation dataset (27)
dataset (7)
Preoperative 0.94 +0.02 0.95+0.01 0.87 +£0.03
Training dataset (59) Internal test External validation dataset
dataset (22)
Postoperative 0.95+0.01 0.94 +£0.02

The internal test dataset (n=29) showed similarly strong performance,
achieving an overall mean Dice score of 0.98 £ 0.02 after postprocessing
(Table 2). The RML consistently yielded the lowest Dice scores across
training and test datasets, likely reflecting the higher likelihood of incom-
plete right horizontal fissure vs. other fissures and smaller volume of
this lobe.

On the external test dataset of LOLA11 challenge (n = 55), baseline
model performance showed moderate variability across lobes, with Dice
scores ranging from 0.86 + 0.22 for the RML to 0.94 + 0.07 for the RUL.
Postprocessing yielded minor improvements in the mean Dice score from
0.91 £ 0.16t00.923 + 0.15. This score is currently the joint state-of-the-art in
the most comprehensive and longest running lung lobe segmentation
challenge (0.928 +0.15)".

Postoperative model performance

On the training dataset (n = 65), Dice scores ranged from 0.96 + 0.1 for the
RML to 0.99 £ 0.02 for the left lung, with an overall mean Dice score of
0.98 £0.04 (Table 2). Internal testing (n=17) yielded excellent perfor-
mance, with an overall Dice score of 0.99 +0.00 after postprocessing.
Among the individual lobes, the RML showed slightly lower Dice scores.

Automated inference, volumetric analysis, and atelectasis
grading in clinical CT dataset

We applied our preoperative and post-operative model inference to the
entire clinical CT dataset (n = 236). Eight postoperative scans (3.4%) were
excluded from analysis owing to pleural pathologies, including effusion and
pneumothorax. Owing to the lack of a reference standard in the post-
operative dataset, all output masks were visually inspected, and manual
corrections were required in 16 scans (6.8%) to ensure accurate lobar
volumetry for atelectasis assessment. The median Dice score between the
edited and original masks (1 = 16) was 0.85 (IQR, 0.74-0.94).

We then extracted lobar volumes and assessed longitudinal lobar
volume change using various metrics (Table 3). Median (IQR) ARML
volume change demonstrated a progressive decline with increasing RML
atelectasis grades from -4.6mL (—78.5, 59.0) (no atelectasis) to

-317.8 mL (—440.7, —194.8) (grade 4 atelectasis) (p < 0.001). This pat-
tern persisted across normalized metrics, with ARML/RL and ARML/TL
volume changes showing increasingly negative values with increasing
grades of atelectasis (p <0.001). Importantly, RLL volume changes
showed an opposite trend, highlighting the expected compensatory
hyperinflation of the RLL with increasing degrees of RML atelectasis.
ARLL/RL volumes increased with worsening RML atelectasis (e.g.,
median ARLL/RL : 31.2% to 50.5%, p <0.001) (Table 3). However, the
ARLL/TL did not show a similar trend (p = 0.79). While the overall trend
of RML volume loss and compensatory ARLL/RL volume increase was
significant, pairwise comparisons reached statistical significance only
between grades 0-1 and occasionally in grades 1-2, but not between
higher grades (2-3 or 3-4), likely due to low sample sizes in those
categories (Fig. 1A-E).

While individual comparisons between consecutive atelectasis grades did
not reach statistical significance, comparisons after pooling the grades of
atelectasis as minimal-subsegmental (grades 1-2) and segmental-lobar col-
lapse (grades 3-4) showed a statistically significant difference (Table 4).
Notably, changes in ARML, ARML/RL, and ARML/TL between grades 0 vs
1-2 and 1-2 vs 3-4 were highly significant (p < 0.001). And while ARLL/RL
across atelectasis grades also reached significance, ARLL/TL did not (Fig. IF-J).

Sensitivity analysis of segmentation accuracy and volumetric
assessments after excluding RML wedge resections and repla-
cing the original unedited outputs

Excluding cases with additional RML wedge resections beyond the
index RULobectomy procedure, which could confound the inter-
pretation of lobar volume loss, resulted in similar directional trends in
volume metrics, reinforcing the association between automated
volume metrics and physician-assigned atelectasis severity grades
(Supplementary Fig. 2).

Moreover, analysis using the unedited segmentation outputs for the
postoperative dataset yielded similar statistical differences in most volume
metrics across both atelectasis and pooled atelectasis grades (Supplementary
Fig. 3).
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Qualitative analysis

Various grades of RML atelectasis are illustrated in Figs. 2 and 3. Qualitative
error analysis on segmentation errors was performed on CT scans where the
Dice score was <0.97. The most frequent errors were observed along the
fissure between the RUL-RML and at the hilar junction of RML-RLL.
Additional inaccuracies included over-segmentation of solid regions within
dense consolidation areas and under-segmentation of bullae (Supplemen-
tary Fig. 4).

A detailed qualitative error analysis was performed on the external
validation dataset, which is the most diverse publicly available dataset of
chest CT scans for lung lobe segmentation. Representative errors over
complex anatomical variations and challenging pathologies, such as sco-
liosis, chest wall deformities, severe COPD, large pleural effusions with near-
complete lung collapse, and other abnormalities are illustrated in Supple-
mentary Fig. 5.

(for trend)

<0.001
<0.001
<0.001
<0.001

p-value
0.79

Lobar

—317.8 (—440.7, —194.8)
-9.5(-12.1, -7.0)
~5.1(-6.4, -3.7)

50.5 (49.2, 51.9)
17.5(17.1, 18.0)

@

Association with clinical outcomes

Correlation analysis between volume metrics and APFT% revealed weak
associations (r<0.3) with RML volume metrics. However, ARLL/RL
(r=—043, p=0.047) and ARLL/TL (r = —0.65, p = 0.001) demonstrated a
negative correlation with AFEV,/FVC% (Fig. 4).

Among 236 patients, 41 (17.3%) experienced the composite compli-
cation outcome within 1 year, comprising 23 (9.7%) readmissions, 19 (8.0%)
bronchoscopies, and 6 (2.5%) reoperations. Among the bronchoscopies, 11/
19 (57.8%) were clearly performed for the indication of RML collapse/
atelectasis. The remainder of the RML atelectases were managed con-
servatively without bronchoscopic intervention.

Multivariable logistic regression showed no significant association
between lobar volume metrics and 1-year composite clinical complications
(Table 5). However, for bronchoscopy, ARML/RL [OR(95% CI):
0.89(0.81-0.98), p =0.01] and ARML/TL [0.80(0.65-0.98), p = 0.03] were
statistically significant predictors, indicating that lower proportional RML
volume—a proxy for RML atelectasis—was associated with an increased
likelihood of requiring bronchoscopic evaluation/intervention. (Table 6).
Given this, we selected ARML/RL as the primary volume metric for sub-
sequent evaluations involving airway metrics.

—244.9 (—289.6, —199.2)
—9.2(-12.1, -5.1)
—5.2(-6.7, —3.5)

42.7 (35.6, 47.1)

Segmental (3)
13.0 (6.0, 19.5)

Sub-segmental (2)
—189.9 (—296.2, —96.9)
—4.5(-8.6, —1.1)
-3.1(-52, -1.5)

38.2 (36.0, 42.5)
12.4(9.1,15.3)

Airway segmentation, preoperative airway metrics, and their
association with atelectasis

On the preoperative training dataset (1 = 34), the airway model achieved a
mean Dice 0of 0.94 + 0.02. Internal (n = 7) and external (n = 27) test datasets
yielded mean Dice scores of 0.95 + 0.01 and 0.87 + 0.03, respectively. On the
postoperative training (1 =59) and internal test (n =22) datasets, mean
Dice was 0.95 £ 0.01 and 0.94 + 0.02, respectively (Table 2).

The median(IQR) measures were as follows: RML bronchus length
[manual-18 mm(16-20.5), automated-16.3 mm(14.1-19.1)], mean RML
bronchus cross-sectional area [36.1 mm?(28.8-42.7)], RML bronchus-
intermedius angle [54°(49.1-58.9)], and RML bronchus angles with the
planes [sagittal - -31.6°(-37.1, -26.7), coronal - 42.2°(36.5-47.1), transverse -
-30.7°(-37,-22.9)]. The manually measured airway metric—RML bronchus
length—demonstrated strong correlation with the automated RML
bronchus length (r=0.71, p <0.001).

On multivariate linear and logistic regression, RML bronchus length
was the only metric that was associated with ARML/RL volume [B(95% CI):
0.47(0.13-0.81), p < 0.01] (Table 7) and with physician-assigned atelectasis
[OR(95% CI): 0.89(0.80-0.997), p = 0.04] (Table 8).

_74.3 (~146.5, —40.5)
(-2.3,3.2)

0.7
1.7 (-2.7, -02)
34.0 (29.4, 37.1)
11.1 (5.8, 13.4)

Minimal

a

—4.6(-78.5, 59.0)

3.7(1.1,6.5)
31.2 (27.5, 36.3)
11.6 (9.5, 14.0)

None
0.6 (—0.9, 1.8)

©)

Discussion

In this study, we developed and validated an automated, deep learning-
based volumetric pipeline to quantify and grade atelectasis—one of the
most common clinical problems in pulmonary medicine and surgery.
We selected postoperative atelectasis of the middle lobe following right
upper lobectomy as a representative model to demonstrate that atelec-
tasis can be graded using lobar volumetry. Importantly, such an auto-
mated system to reliably quantify atelectasis would also likely be

Median RML volume change (mL)
Median RML/RL volume change (%)
Median RML/TL volume change (%)
Median RLL/RL volume change (%)
Median RLL/TL volume change (%)
RML right middle lobe, RLL right lower lobe, RL right lung, TL total lung.

Metrics

Table 3| Quantitative assessment of lobar volume changes between preoperative and 6-month postoperative CT scans, stratified by radiographic atelectasis grade of 0-4

Volume changes are presented as absolute (mL) and percentage changes (%) relative to right lung (RL) and total lung (TL) volumes (Median, IQR).
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Fig. 1 | Boxplots showing changes in RML and RLL volume (ARML, ARLL) and
their normalized ratios with respect to RL and TL volumes across increasing
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bottom row (F-J) shows pooled atelectasis grades (none, minimal-subsegmental,
segmental-lobar). Asterisks indicate statistically significant pairwise comparisons
(with Bonferroni correction) (RML - right middle lobe, RLL -right lower lobe, RL
right lung, TL - total lung).

Table 4 | Quantitative assessment of lobar volume changes between preoperative and 6-month postoperative CT scans,
stratified by pooled atelectasis grades (grade 0, 1-2, and 3-4) Volume changes are presented as absolute (mL) and percentage
changes (%) relative to right lung (RL) and total lung (TL) volumes (p-values for pairwise comparisons in Fig. 1F-J) (Median, IQR)

Metrics None (0) Minimal (1) Segmental (3) p-value
and and (for trend)
Sub-segmental (2) Lobar (4)

Median RML volume change (mL) —4.4(-78.6,59.0) —93.7 (—168.6, —43.7) —244.9 (—318.0, —190.9) <0.001

Median RML/RL volume change (%) 3.7(1.1,6.5) —0.5(-3.5, 2.6) -9.2 (-12.9, -4.5) <0.001

Median RML/TL volume change (%) 0.6 (-0.9, 1.8) -1.7 (-3.1, -0.4) -5.2(-7.0, -3.3) <0.001

Median RLL/RL volume change (%) 31.2 (27.5, 36.3) 34.3 (29.6, 38.5) 45.4 (40.2, 48.8) <0.001

Median RLL/TL volume change (%) 11.6 (9.5, 14.0) 11.1(6.1,13.6) 17.2 (7.5, 18.9) 0.72

RML right middle lobe, RLL right lower lobe, RL right lung, TL total lung.

applicable to the broader assessment of atelectasis across diverse clinical
scenarios.

Although deep learning-based models have demonstrated high
accuracy in delineating lobar anatomy with Dice scores of 92-96%'*
(Table 9), they have been trained on preoperative anatomically normal
lungs, with limited validation in postoperative settings where anatomical
distortion is common. To date, only one study assessed lobar segmentation
before and after various lobectomies, but without examining associations
with clinical outcomes™. Our models achieved high accuracy in delineating
lobar anatomy, even in the anatomically distorted postoperative setting, and
further demonstrated that volumetric reduction of the RML with com-
pensatory hyperinflation of RLL correlated with increasing clinically
determined grades of atelectasis. These findings remained consistent in
sensitivity analyses. Together, the results support feasibility of automated
lobar volumetry as an objective surrogate for grading atelectasis severity,
with the caveat that some cases were excluded and some required manual
adjustment.

Beyond lobar volumetry, we identified that a longer preoperative RML
bronchus length was independently associated with lower odds of
physician-assigned atelectasis (OR <1) and higher ARML/RL (B coeffi-
cient > 0), ie. lesser degree of atelectasis. These findings suggest that a
shorter RML bronchus, perhaps may bend more sharply for the same
upward displacement of the RML into the empty postoperative RUL space,
thereby in some way predisposing to bronchial angulation, kinking, and

airflow obstruction. Certainly, however, this is purely theoretical, and fur-
ther studies would be required to validate this.

Despite claims of superior performance of novel architectures—
transformer-based and Mamba-based over CNNs for 3D medical seg-
mentation, the CNN-based nnU-Net demonstrated the best Dice scores ina
recent comprehensive benchmarking of six 3D medical datasets™. In
addition to its robust and generalizable performance with relatively small
datasets and its self-configuring architecture, the added advantages of lower
VRAM consumption and shorter training times vs. other architectures
influenced our choice of nnU-Net for model training. Table 9 lists other
preoperative lung lobe segmentation models reporting Dice scores up to
0.99, but which lack validation on external datasets like LOLA11",

Moreover, our study demonstrates that deep learning models can
robustly segment even complex, anatomically distorted postoperative lung
anatomy following lobectomy. We have also demonstrated the ability of the
models to generalize across vendors/scanners, acquisition protocols, and
reconstruction kernels. While the postoperative model was generally robust,
~6% of scans required manual editing to ensure accurate volumetry—
typically in cases with more severe anatomical distortion—reflecting a
limitation to full automation. But this is consistent with a human-centered
AI workflow in which the model provides high-quality segmentation for
>90% of cases and substantially reduces manual burden, with limited
human refinement needed only for a small subset and further performance
gains expected with larger, more diverse training datasets.
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Fig. 2 | Axial CT slices showing preoperative (left column) and 6-month post-
operative (right column) lobe segmentations in patients with increasing grades
of atelectasis. The lobe in yellow in right column depicts the progressively increasing
grades of atelectasis: minimal (grade 1) (A, E), subsegmental (grade 2) (B, F), seg-
mental (grade 3) (C, G), and lobar atelectasis (grade 4) (D, H). Lobe labels (colors):
RUL (green), RML (yellow), RLL (brown), LUL (blue), LLL (red), LL (pink) (RUL
right upper lobe, RLL right lower lobe, RML right middle lobe, LUL left upper lobe,
LLL left lower lobe).

To our knowledge, this is the first study to apply DL-based analysis for
grading postoperative atelectasis. While prior work has attempted binary
classification of atelectasis presence” ™, such approaches are overly sim-
plistic and fail to reflect the true spectrum of disease severity. Moreover,
manual grading systems are prone to mild-moderate inter- and intra-rater
variability, limiting their reliability and scalability. Our approach addresses
these limitations by not only detecting presence of atelectasis as a “present/
absent” decision, but also assessing its severity in a more objective, con-
tinuous, and reproducible manner by quantifying lobar volume loss. While
our study focused only on RML atelectasis, this approach is readily
applicable to other lobes and clinical scenarios where serial imaging is
available.

It is important to consider a few clinical implications of this volumetric
approach. While subtle streak-like atelectasis (grade 1) may not lead to overt
volume loss, we observed significant differences in volume metrics between
grades 0 and 1, suggesting that early changes can also be quantitatively
captured. On a different note, our model segments lung lobes with all
included structures, such as tumor masses or areas of consolidation. And

Fig. 3 | 3D modelling of lobe segmentations of preoperative (left) and 6-month
postoperative (right) CT scans in patients with increasing severity of post-
operative atelectasis. The lobe in yellow in the right column depicts the progres-
sively increasing grades of atelectasis: minimal (A, E), subsegmental (B, F),
segmental (C, G), and lobar atelectasis (D, H). Lobe labels (colors): RUL (green),
RML (yellow), RLL (brown), LUL (blue), LLL (red), LL (pink) (RUL right upper lobe,
RLL right lower lobe, RML right middle lobe, LUL left upper lobe, LLL left

lower lobe).

notably, unlike atelectasis, tumor masses or consolidation from pneumonia
typically do not lead to a substantial reduction in lobar volume. Therefore,
the volumetric approach may offer the potential to differentiate atelectasis
from other causes of increased opacity, such as pneumonia. This distinction,
however, would require more detailed validation.

This volumetric approach for grading atelectasis also aligns with the
principles of clinically explainable AI (xAI) as it yields outputs that are
directly interpretable by clinicians, radiologists, or even technicians. This is
unlike classification-based models, which often function as opaque “black
boxes”. Furthermore, developing a reliable classification model for atelec-
tasis grading would require a much larger dataset to capture the wide
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Fig. 4 | Correlation between lobar volume metrics and normalized changes in (0-4). Pearson correlation coefficients (), p-values, and sample sizes (1) are dis-

pulmonary function tests. Scatter plots showing associations between lobar volume  played for each comparison (RLL -right lower lobe, RML - right middle lobe, RL -
metrics (ARML/RL, ARML/TL, ARLL/RL, ARLL/TL) at 6 months and normalized  right lung, TL - total lung, FVC - forced vital capacity, FEV, - forced expiratory
changes in pulmonary function tests (AFVC%, AFEV,%, AFEV,/FVC%, ADLCO%)  volume in 1 second, DLCO - diffusing capacity of the lung for carbon monoxide).
at 3-24 months postoperatively. Points are colored by atelectasis severity grade

Table 5 | Univariate and multivariable logistic regression analysis for 1-year composite outcomes

Variables Univariate Multivariate*
OR (95% CI) p-value OR (95% CI) p-value

Age at surgery (years) 1.03 (1.00-1.07) 0.04

Male Gender (vs. Female) 2.48 (1.26-4.95) 0.01 -

Surgical approach (vs. Open) VATS 0.50 (0.23-1.10) 0.08 1.26 (0.40-3.99) 0.70°
Robot 0.52 (0.19-1.38) 0.19 1.69 (0.47-6.14) 0.42°

Congestive heart failure 1.81 (0.55-6.00) 0.33 -

Chronic kidney disease 1.50 (0.56-4.01) 0.42 -

Chronic obstructive pulmonary disease 1.85 (0.82-4.17) 0.14 -

Myocardial infarction 2.82 (1.20-6.60) 0.02 ®

Peripheral vascular disease 1.96 (0.91-4.23) 0.08 -

Length of stay (days) 1.15(1.06-1.24) 0.001 1.17 (1.05-1.29)% 0.003°

Preoperative FEV, (%) 0.98 (0.96-0.99) 0.007 0.99 (0.97-1.01) 0.59°

Volume metrics ARML/RL (%) 0.98 (0.94-1.04) 0.58 0.96 (0.89-1.03)° 0.22°
ARML/TL (%) 0.95 (0.85-1.06) 0.38 0.90 (0.78-1.01)° 0.18°
ARLL/RL (%) 1.00 (0.97-1.04) 0.87 1.01 (0.96-1.05)° 0.76°
ARLL/TL (%) 0.95 (0.90-1.01) 0.12 0.97 (0.90-1.04)° 0.37°

VATS video-assisted thoracoscopic surgery, OR odds ratio. *Only 4 variables were included given the 10 events per variable (EPV) rule.
*ORs and p-values are reported for the variables only for the model with ARML/RL.
"ORs and p-values are reported for separate multivariate models, each adjusting for length of stay, preoperative FEV4, and surgical approach separately.
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Table 6 | Univariate and multivariable logistic regression analysis for 1-year bronchoscopy

Variables Univariate Multivariate
OR (95% CI) p-value OR (95% CI) p-value
Age at surgery (years) 1.04 (1.00-1.09) 0.06
Male Gender (vs. Female) 1.94 (0.76-4.98) 0.17 -
Surgical approach (vs. Open) VATS 0.33 (0.12-0.94) 0.04 -
Robot 0.32 (0.08-1.28) 0.11 -
Congestive heart failure 0.80 (0.10-6.48) 0.84 -
Chronic kidney disease 1.58 (0.42-5.84) 0.49 -
Chronic obstructive pulmonary disease 1.92 (0.65-5.69) 0.23 -
Myocardial infarction 1.32 (0.36-4.83) 0.67 -
Peripheral vascular disease 1.11 (0.35-3.52) 0.86 -
Length of stay (days) 1.09 (1.02-1.17) 0.01 1.07 (0.97-1.18)% 0.19%
Preoperative FEV, (%) 0.97 (0.95-0.99) 0.006 0.97 (0.95-1.00) 0.07*
Volume metrics ARML/RL (%) 0.93 (0.86-1.1) 0.08 0.89 (0.81-0.98)° 0.01°
ARML/TL (%) 0.86 (0.72-1.01) 0.08 0.80 (0.65-0.98)° 0.03°
ARLL/RL (%) 1.03 (0.97-1.09) 0.39 1.02 (0.95-1.09)° 0.60°
ARLL/TL (%) 0.98 (0.90-1.06) 0.57 0.98 (0.89-1.08)° 0.74°

VATS video-assisted thoracoscopic surgery, OR odds ratio. *Only 3 variables were included given the 10 events per variable (EPV) rule.

“ORs and p-values are reported for the two variables only for the model with ARML/RL.

"ORs and p-values are reported for their combination with length of stay and preoperative FEV, separately.

Table 7 | Univariate and multivariate linear regression to evaluate the association between airways metrics and the continuous

outcome of ARML/RL volume change

Variables Univariate Multivariate
B coefficient (95% CI) p- B coefficient (95% CI) p-
valu- val-
e ue
Age at surgery (years) 0.01(-0.09 to 0.11) 0.83
Surgical approach (vs. Open) VATS —1.15(—3.34 to0 1.04) 0.31
Robotic 3.13(0.60-5.67) 0.02 3.03(0.52-5.55) 0.02
Preoperative FEV (%) —0.01(—0.06 to 0.05) 0.83
Charlson-Deyo score 0.23(—0.19 to 0.65) 0.28
Diabetes mellitus —0.50(—3.28 to0 2.28) 0.72
Myocardial infarction 1.40(—1.89 to 4.70) 0.40
COPD 0.92(—2.04 to 3.88) 0.54
Chronic kidney disease 0.74(—2.80 to 4.28) 0.68
Airway metrics RML bronchus length (mm) (manual) 0.43(0.08 t0 0.78) 0.01 0.47(0.12-0.81) 0.01
RML bronchus length (mm) (automated) 0.12(—0.12 to 0.36) 0.34
RML-Intermedius angle (°) —0.16(—0.29 to —0.02) 0.02 —0.15(-0.28 to —0.01) 0.03
RML transverse angle (°) —0.06(—0.16 to 0.04) 0.26
RML sagittal angle (°) 0.04(—0.08 to 0.18) 0.47
RML coronal angle (°) —0.05(—0.16 to 0.06) 0.35
Mean RML bronchus cross-sectional 0.06(—0.04 to 0.16) 0.25

area (mm?)

variability in radiographic appearances, particularly subtle findings like
linear opacities in grade 1—despite the positional invariance of CNNs.
Hence, this segmentation-based method offers a more interpretable means
of grading atelectasis and, by focusing solely on aerated volume, provides a
broadly applicable solution across clinical contexts that remains effective
even with limited training data.

This study offers several key strengths. Firstly, it leverages a large
real-world clinical cohort for automated quantification of atelectasis,

using clinically interpretable Al-derived volumetry. By validating model
outputs against physician-assigned atelectasis grades and demonstrating
ARML/RL and ARML/TL as potential markers of need for clinical
intervention, such as bronchoscopy, the study exemplifies clinically
applied Al in contrast to much of Al research in healthcare that is
decoupled from real-world outcomes. Unlike black-box classification
models, our pipeline generates outputs that can be reviewed and vali-
dated by clinicians/technicians in real time, exemplifying verifiable AL
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Table 8| Univariate and multivariate logistic regression to evaluate the association between airways metrics and the categorical

outcome of RML atelectasis on CT at 6-9 months

Variables Univariate Multivariate
OR (95% CI) p- OR (95% CI) pP-
val- val-
ue ue

Age at surgery (years) 0.99(0.96-1.02) 0.52
Surgical approach (vs. Open) VATS 1.41(0.73-2.72) 0.31
Robotic 0.75(0.34-1.68) 0.49
Preoperative FEV (%) 0.99(0.98-1.01) 0.52
Charlson-Deyo score 1.03(0.91-1.16) 0.66
Diabetes mellitus 1.26(0.57-2.79) 0.56
Myocardial infarction 1.29(0.51-3.23) 0.51
COPD 0.99(0.42-2.33) 0.99
Chronic kidney disease 1.20(0.45-3.20) 0.71

Airway metrics RML bronchus length (mm) (manual) 0.88(0.80-0.98) 0.02 0.89(0.80-0.997) 0.04
RML bronchus length (mm) (automated) 1.01(0.95-1.08) 0.73
RML-Intermedius angle (°) 1.01(0.97-1.05) 0.58
RML transverse angle (°) 1.01(0.98-1.04) 0.47
RML sagittal angle (°) 0.99(0.96-1.03) 0.74
RML coronal angle (°) 0.99(0.96-1.02) 0.54

Mean RML bronchus cross-sectional 0.96(0.93-0.996) 0.03 0.97(0.94-1.00) 0.05

area (mm?)

Table 9 | Prior state-of-the-art lung lobe segmentation performance reported in the literature and on the publicly available

LOLA11 challenge dataset comprising 55 chest CT scans

Author (Year) [citation] Right upper lobe Right middle lobe Right lower lobe Left upperlobe Leftlowerlobe Overall
Doel et al. (2012) - Traditional CV methods* 0.86+0.15 0.55+0.40 0.77+0.34 0.88+0.21 0.86+0.24 0.79+0.31
3D U-Net (2016-2020)° 0.93+0.07 0.84+0.12 0.93+0.04 0.92+0.04 0.93+0.04 0.91+0.08
Ferreira et al. FRV-Net (2018)* 0.94+0.07 0.87+0.12 0.94 +0.05 0.95+0.03 0.95+0.04 0.92 +0.02
Gerard et al. Series of 3D CNN (2019)*° 0.99 0.98 0.99 0.99 0.99 0.99

Xie et al. RU-Net (2020)*' - (loU) 0.95+0.03 0.96 +0.03 0.96 +0.01 0.96 +0.02 0.96 +0.02 0.95+0.03
Zheng et al. (2021) - Dual attention network*® 0.93+0.01 0.90+0.01 0.96 +0.01 0.94 +0.01 0.94 +0.01 0.93+0.02
Zhang et al. (2021)" 0.96 0.92 0.96 0.94 0.93 0.94
DenseVNet

Peng et al. (2022)** - Multi-feature fusion and 0.97 0.88 0.96 0.98 0.97 0.95
Ensemble.

Bao et al. (2023)** Edge enhancement cascaded 0.98 0.96 0.98 0.98 0.97 0.97
network

Nomura et al. (2025)* TriSwinUNETR 0.93 0.85 0.95 0.97 0.96 0.93
LOLA11 lung lobe segmentation challenge'®

Van Rikxkoort et al. (2010)** Traditional CV 0.85
Lassen et al. (2013)* Traditional CV 0.88
Bragman et al. (2017)'° Probabilistic model 0.91+0.20 0.88+0.24 0.93+0.07 0.80+0.23 0.91+0.19 0.88

Imran et al. (2018)*° PDV-Net 0.93+0.07 0.86+0.12 0.95+0.03 0.93+0.03 0.94+0.03 0.92+0.07
Current SOTA — nnU-Net (2025) 0.95+0.08 0.86 +0.22 0.96 +0.06 0.95+0.13 0.92+0.19 0.928 +0.15
Ours (2025) 0.95 + 0.06 0.86 +0.22 0.94+0.13 0.95+0.13 0.91+0.17 0.923 +0.16

Its utility is further enhanced by the availability of open-source scripts
for verifying segmentation accuracy and allowing integration into the
backend of most software. A major technical strength is the use of nnU-
Net—a widely validated segmentation framework in biomedical ima-
ging—requiring relatively lesser expertise to deploy. Additionally, the
volume metrics enable atelectasis to be measured as a continuous vari-
able, preserving more information than categorical grading, allowing for
more nuanced statistical modeling. Moreover, continuous outcomes

also provide greater statistical power and enable smaller sample sizes in
clinical studies, supporting their use as efficient and meaningful end-
points in clinical trials.

This work offers several potential avenues for both research and clinical
application. From a research perspective, we have already applied this fra-
mework in a retrospective study (under review) assessing whether surgical
fixation (“pexy”) of the RML reduces postoperative RML atelectasis and
torsion”. Beyond this, the model outputs of lobar volumes/atelectasis could
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be used as quantitative endpoints in clinical trials focused on ventilation
strategies and other interventions to prevent atelectasis, or on respiratory
biomechanics across anesthesiology, critical care, and thoracic surgery.
Clinically, the lobe segmentation model could be integrated into workflows
such as preoperative planning of lung surgery and tumor localization
through lobar mapping, along with other models of tumor segmentation. It
may also serve as an objective tool for postoperative assessment of atelectasis
in research or clinical applications. These applications, however, warrant
validation in prospective, context-specific studies.

Despite the strengths of this study, several limitations must be
acknowledged. While the preoperative model demonstrated strong gen-
eralizability, including external validation, caution is warranted in patients
with chest wall or vertebral anomalies, and at the RUL/RML junction, where
fissure incompleteness is often observed. Additionally, errors (Supple-
mentary Figs. 4 and 5) may stem from inconsistencies in reference standard
annotations, a persistent challenge in biomedical Al The postoperative
model lacks external validation due to the absence of publicly available
datasets. Furthermore, the clinical outcome of atelectasis grading was
derived from a single-center retrospective cohort, which may limit gen-
eralizability. Our thoracic surgery center, for example, cares for a particu-
larly healthy population of non-smokers of Asian ancestry who develop
lung cancer as a result of a genetic predisposition. These patients may have
different predispositions to and/or effects from RML atelectasis than the
sicker, tobacco-addicted population with COPD typically seen at other
centers. There may also be substantial, purely racial differences between our
population and those treated at other centers. Hence, until larger, more
diverse datasets become available, applying automated lobe volumes for
atelectasis grading may require visual confirmation. Special consideration is
needed in cases with pleural pathology or external compression, which can
globally affect lobar volumes and misrepresent aeration and relative lobar
volumes. Importantly, the current pipeline is designed for longitudinal
comparison and cannot interpret a single CT scan in isolation. Additionally,
although we demonstrated the utility of continuous volume metrics as a
surrogate for atelectasis, we did not define specific thresholds for grading
atelectasis—an area that warrants further investigation and validation in
future studies with clinical measurements like arterial blood gases and PFTs,
to establish meaningful thresholds for clinical classification. Lastly, among
the airway metrics introduced, only one underwent manual validation,
whereas others were evaluated as exploratory, hypothesis-generating indi-
ces, highlighting the need for more detailed and robust evaluation of these
automated airway metrics in future studies. We developed and validated a
deep learning-based volumetric pipeline to quantify postoperative atelec-
tasis after right upper lobectomy. Using automated lobar segmentation and
validation against physician-assigned grades of atelectasis, we show that
right middle lobe volume loss serves as an objective and reproducible sur-
rogate for differentiating clinical atelectasis severity. Among the evaluated
volume metrics, ARML/RL and ARML/TL served as candidate markers for
bronchoscopy requirement, indicating potential clinical relevance that
warrants further exploration in larger cohorts. These findings support the
broader applicability of deep learning—driven lobar segmentation and
volumetry as a reliable method for grading postoperative atelectasis in both
clinical and research settings, and potentially for any atelectasis across other
types of applications in pulmonary medicine and thoracic surgery.

Methods

Study design and reporting standards

This study was a single-center retrospective analysis. The Checklist for
Artificial Intelligence in Medical Imaging (CLAIM-2024) was used in study
design and implementation”. The CLAIM checklist is modeled after the
Standards for Reporting of Diagnostic Accuracy Studies (STARD) guide-
lines and is part of the EQUATOR network, ensuring best practices in
reporting and facilitating the translation of Al into clinical practice. The
study was approved by the Stanford University School of Medicine Insti-
tutional Review Board (IRB), which waived the requirement for informed
consent as the study involved only retrospective chart review (IRB-70048).

All procedures were carried out in accordance with the Declaration of
Helsinki ethical standards.

Patient cohort and clinical data for inference

We retrospectively reviewed all consecutive patients who underwent a right
upper lobectomy in the Division of Thoracic Surgery at Stanford University
Hospital from January 2008 through December 2023. Patients were iden-
tified using Stanford’s customized version of the Society of Thoracic Surgery
(STS) General Thoracic Database and the STAnford Research Repository
(STARR) clinical data warehouse. Patients without a preoperative CT scan
within 6 months prior to surgery or a postoperative CT scan performed at
approximately 6 months (range: 3-9 months) after surgery were excluded.
Patients with scans of axial slice thickness >3 mm were also excluded.
Baseline demographic and clinical data were extracted from the databases
and the electronic medical record. Clinical follow-up data were collected for
up to 12 months post-operatively. Out of the 438 patients who underwent
right upper lobectomy during the study period, 236 patients were included
in the study after applying the stated inclusion and exclusion criteria.

Imaging acquisition
Preoperative and postoperative diagnostic chest CT scans were acquired
using multidetector CT scanners from multiple vendors, most commonly
Siemens (Siemens Healthineers, Erlangen, Germany) and GE Medical
Systems (GE Healthcare, Chicago, IL, USA), occasionally with Toshiba
(Toshiba Medical Systems Corporation, Otawara, Japan) and Philips
(Philips Healthcare, Best, The Netherlands). Scans were performed during
end-inspiratory breath-hold when tolerated. A wide variety of reconstruc-
tion kernels was used across the cohort, with the most frequent being
STANDARD, T20f, Tr20f, and T20s. Axial images were reconstructed with
slice thicknesses ranging from 0.3 mm to 3 mm.

CT acquisition protocols varied, with tube voltages ranging from 80 to
130 kVp (median [IQR]: preoperative — 120 [120]; postoperative — 120
[80-120]) and tube currents ranging from 10 to 660 mA (median [IQR]:
preoperative — 30 [20-35]; postoperative — 35 [20-35]). Most preoperative
and postoperative scans were performed without intravenous contrast.

Training data

The training dataset was divided into training and test sets, ensuring that no
patient had scans in both sets. A separate validation set was not required, as
the self-configuring nnU-Net framework does not rely on manual hyper-
parameter tuning. The training pipelines for both the preoperative and
postoperative segmentation models are illustrated in Fig. 5. Conversion of
DICOM files to NIfTI format de-identified the images by removing all
protected health information from the image metadata.

To ensure generalizability, the preoperative lobe segmentation model
was trained using two datasets: an internal institutional dataset and an
external public dataset (OttawaChestCT dataset). The internal Stanford
dataset included a random subset of 41 CT scans (34 for training and 7 for
test) selected from a total of 236 clinical scans. The OttawaChestCT dataset
contributed 81 scans (59 for training and 22 for test) out of the original 100;
19 scans were excluded due to incomplete lobe annotations (i.e., missing one
or more of the five lobe masks). In total, the combined dataset comprised
122 annotated CT scans, with voxel-wise labels for six classes: background,
right upper lobe (RUL), RML, right lower lobe (RLL), left upper lobe (LUL),
and left lower lobe (LLL).

The postoperative lobe segmentation model was trained using only the
internal institutional dataset, consisting of randomly selected 82 CT scans
(65 for training and 17 for test) from the full cohort of 236 clinical scans.
Each scan comprised voxel-wise labels for four classes: background, RML,
RLL, and left lung.

An airway segmentation model was trained using the same 41 pre-
operative and 82 postoperative CT scans from the internal Stanford dataset
(101 for training and 22 for test). The AeroPath® dataset (1 = 27) was used
as the external test dataset. Each scan comprised voxel-wise labels for two
classes: background and airway.
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Preop CT Dataset

Combined dataset
(122)

Stanford Chest CTs
(34+7)

Ottawa chest CTs.
(59 +22)

Training
(93)

nnUNetv2 Full-res
5000 epochs
(Dice + Cross Entropy)

Best Model checkpoint

Internal Test
9]

H

External Validation
(LOLA11 dataset) (55)
A.

Postop CT Dataset

Stanford Chest CTs
(training - 65 +
test- 17)

Training
(65)

nnUNetv2 Full-res
5000 epochs
(Dice + Cross Entropy)

Internal Test
(Stanford CT scans)

Best Model
checkpoint

B.

Fig. 5 | Overview of the model development pipelines using preoperative and
postoperative CT datasets. A Preoperative CT model development: a total of

122 scans from Ottawa (59 training + 22 test) and Stanford (34 training + 7 test)
chest CT's were combined. The dataset was split into 93 training and 29 validation
scans, used to train a 3D nnUNetv2 full-resolution model for 5000 epochs with Dice

+Cross Entropy loss. The best-performing model checkpoint was evaluated on both
the internal test set (n =29) and an external test set (LOLA11 dataset, n = 55).

B Postoperative CT model development: a separate cohort of 82 Stanford post-
operative chest CTs (65 for training, 17 for testing) was used to train a second 3D
nnUNetv2 model using the same settings.
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Fig. 6 | A 3D U-Net architecture for airway and lung-lobe segmentation con-

sisting of six encoder stages with feature channels (32, 64, 128, 256, 320, 320) and
five decoder stages, all using 3 x 3 x 3 3D convolutional kernels. The input shape
264 x 512 x 512 reflects the median CT volume size of the preoperative cohort and is

Segmentation mask:
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shown for dataset context and representative scale only. Although the network
architecture is fully convolutional, both training and inference use memory-efficient
3D patches processed via a sliding-window approach, with patch-level predictions
aggregated to generate full-volume segmentations at inference.

Reference standard for segmentation masks

Reference standard segmentation masks for the lobe models were generated
using 3D Slicer (version 8.5.1; MIT, Massachusetts, USA)” by D.N.K. for
preoperative and postoperative CT scans in the internal Stanford dataset,
while the original annotations provided by the dataset creators were used for
the OttawaChestCT public dataset”. Reference standard segmentation
masks for the airway model were generated using a validated airway seg-
mentation model™.

Model architecture

This study utilized the nnU-Net v2 model, a self-configuring deep learning
framework for biomedical image segmentation. Its predecessor, nnU-Net
v1, was built upon the U-Net architecture and designed to automatically
adapt its network architecture, preprocessing steps, and training pipeline to
the specific characteristics of a given dataset—eliminating the need for
manual tuning of architectural or hyperparameter settings. The nnU-Net v2
retains the original self-adapting architecture and automated training
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configuration of the nnU-Net framework, with enhancements focused on
improved training efficiency and broader device compatibility. Detailed
implementation of the model is presented in the original paper***.

The lobe and airway segmentation network architectures followed the
default 3D full-resolution Conv-UNet design, composed of a six-stage
encoder (32, 64, 128, 256, 320, 320 features per stage) and a symmetric five-
stage decoder, both using 3 x 3 x 3 Conv3D kernels (Fig. 6)

Training hyperparameters

Aleaky ReLU activation function was used in all the hidden layers. The model
was trained using the Adam optimizer with an initial learning rate of 0.001,
followed by a polynomial learning rate decay schedule throughout training.
Combined Dice and cross-entropy loss was used to guide optimization. Deep
supervision was enabled. The checkpoint with the highest pseudo-Dice coef-
ficient—i.e., the approximate Dice score computed on training patches rather
than on the full CT volume—across all lung lobes on the training dataset was
selected for further evaluation on both the test set and the full clinical dataset.

Training pipeline

Model training was performed using a single NVIDIA H100-SXM5 GPU.
The preoperative and postoperative CT lobe segmentation models were
trained for 5000 epochs each (Fig. 7), and the airway segmentation model
was trained for 1000 epochs. Training time per epoch ranged from 22t0 30 s,
resulting in a total training duration of approximately 42 h for each lobe
model and 7 h for airway model.

Input CT images were resampled to a median voxel spacing of
1.25%0.70 x 0.70 mm for preoperative dataset, 1.0 x 0.70 X 0.70 mm for
postoperative dataset, and 1.0 x 0.70 x 0.70 mm for airway dataset. These
CT images were normalized using CT-specific intensity scaling. Due to the
large volumetric size of CT scans in the dataset (median shape:
264 x 512 x 512—preoperative CTs, 314 x 512 x 512—postoperative CTs,
312 x 512 x 512—airway CTs), training was performed with a patch size of
96 x 160 x 160 voxels and a batch size of 2.

Preprocessing, data augmentation, and postprocessing

These were handled using the default nnU-Net pipeline. Preprocessing
included resampling CT scans to the median dataset voxel spacing,
intensity normalization using foreground intensity statistics, and crop-
ping to nonzero regions to remove background. Data augmentation was
performed on-the-fly and included random spatial transformation
(rotation, scaling, elastic deformation) and intensity augmentations
(gamma, noise, blur). Postprocessing involved removing all but the largest
connected component for each predicted lobe label, applied selectively
based on whether it improved the Dice score compared to baseline
segmentation.

In addition to the default nnU-Net postprocessing, customized auto-
mated postprocessing was applied to further refine the predicted masks.
This included removal of anatomically discordant contralateral lobe pre-
dictions and isolated 3D islands disconnected from the largest lobar com-
ponent. These customized postprocessing steps were not part of the training
pipeline but were implemented post-inference and resulted in a marginal
improvement in overall Dice scores.

Due to the absence of reference standard masks for the full clinical
dataset, predicted lobe segmentations were visually inspected to confirm
adequate anatomical accuracy.

Outcomes—atelectasis severity

Atelectasis of the RML was graded using a 5-point scale: 0=none,
I=minimal/linear, 2=subsegmental, 3=segmental, and 4=near-total or
total lobar collapse. CT scans were reviewed using a lung window setting
(window width: 1500 HU; window level: -600 HU). Image evaluation was
performed using 3D Slicer (version 8.5.1; MIT, Massachusetts, USA)*.
Two board-certified surgeons independently reviewed and graded all
scans, resolving discrepancies through consensus until full agreement was
achieved.

Outcomes —clinical and functional outcomes of atelectasis

We evaluated 1-year clinical complications and functional outcomes to
assess the predictive ability of our automated volume metrics for clinical
events related to RML atelectasis following RULobectomy.

We evaluated complications over 1-year period, as RML atelectasis
after RULobectomy (apart from the rare event of acute torsion) is a chronic
process that typically develops and progresses for several months after
surgery. The outcomes included were: (1) bronchoscopy, (2) readmissions,
(3) reoperations, and (4) a composite outcome combining all three of these
outcomes (i.e., having suffered any of these three outcomes).

For the functional outcomes, pulmonary function tests (PFTs) were
assessed preoperatively (within 1 year before surgery) and postoperatively (3
months-2 years after surgery). We analyzed changes in %FVC, %FEV1, %
FEV/%FVC, and %DLCO, calculating absolute change (A =post-
operative — preoperative) and normalized percentage change:

Normalized APFT% = [(postoperative%PFT — preoperative %o PFT)/preoperative %PFT] x 100

Lobe model-based lobe volume metrics

Preoperative and postoperative lung volumes for the full clinical dataset
were quantified using automatically segmented masks derived from lobe
model inference on the respective CT scans. The preoperative CT seg-
mented regions included RUL, RML, RLL, LUL, and LLL, while the
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Fig. 8 | Sequential airway postprocessing workflow following automated CT
airway segmentation. A Reconstructed airway up to 5th generation, visualized as
blue surface vertices. B Airway centerline extraction via 3D skeletonization (red
line), overlaid with detected bifurcations (red diamonds). C Anatomical labeling of
airway using heuristics guided by detected airway bifurcations, enabling lobar airway
classification (color key shown). D Airway segmented into different anatomic

D.

segments by nearest neighbor approach along the labeled skeleton. Color key: tra-
chea (cyan); right main stem bronchus (orange); left main stem bronchus (red);
bronchus intermedius (steel blue); RUL airway (light green); RLL airway (dark
green); RML airways (magenta); RML bronchus (gold); LUL airways (sky blue); LLL
airway tree (navy) (RUL - right upper lobe, RLL -right lower lobe, RML - right

middle lobe, LUL left upper lobe, LLL - left lower lobe).

postoperative regions included RML, RLL, and left lung. Voxel volumes
were calculated using the dimensions of each voxel. Lobar and total lung
volumes were computed by multiplying the voxel volume (converted from
mm? to mL) with the number of voxels in each label. A subset of the
calculated volumes was cross validated against measurements obtained
using the standard volume computation tool in 3D Slicer (version 8.5.1;

MIT, Massachusetts, USA) to ensure accuracy. RML and RLL volumes were
also normalized with right lung and total lung volumes to minimize inter-
scan variability and reported as ARML/RL, ARML/TL, ARLL/RL, and
ARLL/TL.

These AVolume Ratios were calculated as:

[Postoperative Volume Ratio - Preoperative Volume Ratio]
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Fig. 9 | Automated airway metrics analysis from a single postoperative CT.
Reconstructed airway tree shown from anterior (A), right-lateral (B), and left-
superior (C) views, with the RML lobar bronchus highlighted (gold) and sampled for
cross-sectional area (CSA) along its centerline (CSA depicted as discs) (C, D).

E, F RML-bronchus intermedius angulation measured between the intermedius

vector (blue arrow) and the RML bronchus vector (red arrow) (here 67.7°).

G, H RML bronchus orientation relative to anatomical planes: sagittal (—11.4°),
coronal (455.4°), and transverse (—32.2°). Color key (applies across panels): trachea
(cyan), right main stem bronchus (orange), bronchus intermedius (steel blue), RML
bronchus (gold) (RML - right middle lobe).

Airway model-based airway metrics

Anatomical characteristics of preoperative airways for the full clinical
dataset were detected using the trained airway segmentation model. These
airway masks were skeletonized, and lobar airways were characterized using
the bifurcations in the airways (Fig. 8). The RML bronchus was confirmed
visually in all CT scans and several automated airway metrics were calcu-
lated such as length (RML bronchus length in mm), cross-sectional area
(mean RML bronchus cross-section area in mm?), and 3D orientation
(angle between RML bronchus and bronchus intermedius, transverse,
sagittal, and coronal planes) (Fig. 9)—any metrics that we felt may poten-
tially have an impact upon the development of postoperative atelectasis.

Statistical analysis

Descriptive statistics were used to summarize baseline demographic and
clinical data. The normality of continuous data was evaluated using the
Shapiro-Wilk test. Normally distributed continuous variables were
reported as mean * standard deviation (SD) and compared using
unpaired ¢-tests, while non-normally distributed variables were reported
as median (interquartile range, IQR) and compared using the
Mann-Whitney U test. Categorical variables were presented as fre-
quencies and percentages and compared using Pearson’s chi-square test
(x*) or Fisher’s exact test, as appropriate. The Jonckheere-Terpstra test
was used to assess for ordered trends in all volume metrics across
atelectasis severity grades.

The association between lobar volume metrics and clinical outcomes
was assessed using univariate and multivariate logistic regression for binary
outcomes (composite, bronchoscopy) and Pearson correlation for con-
tinuous outcomes (normalized A%PFTs). Given the limited number of

events in the clinical outcomes and the 10 events per variable (EPV)
requirement, we limited the modelling to only three covariates: length of
hospital stay, preoperative FEV,%, and one of the volume metrics. We
selected length of hospital stay as a proxy for early postoperative status that
may affect the 1-year outcomes, and we selected a single preoperative
variable, FEV, as a proxy for preoperative respiratory function and forced
the volume metrics into the model. The effect sizes were reported as odds
ratios (ORs) with 95% confidence intervals (CIs).

The association between airway metrics and RML atelectasis was
assessed by using univariate linear regression for the continuous outcome
(ARML/RL) and univariate logistic regression for the binary outcome
(physician-assigned atelectasis). Multivariable regression was subsequently
performed using all covariates meeting eligibility (p < 0.20). The effect sizes
(with 95% Cls) were reported as f3 coefficients for linear regression and ORs
for logistic regression.

A two-tailed « < 0.05 was considered statistically significant. Bonfer-
roni correction was applied for multiple testing. All analyses were conducted
using SPSS software (version 29.0, IBM Corp., Armonk, NY, USA), R
(version 4.4.2, R Foundation for Statistical Computing, Vienna, Austria),
and Python (version 3.13, Python Software Foundation, Wilming-
ton, DE, USA).

Data availability

The public datasets used for preoperative lobe segmentation and airway
segmentation are available in cited sources. However, the institutional
dataset used for preoperative and postoperative lobe segmentation is not
available due to institutional review board restrictions and patient privacy
protections.
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Code availability

The code and the final preoperative and postoperative model checkpoints
for lung lobe and airway segmentation are available on Github [https://
github.com/Devanish31/atelectasis] and Figshare [https://doi.org/10.6084/
m9.figshare.29877509], respectively.
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