
ORIGINAL RESEARCH

This copy is for personal use only. To order printed copies, contact reprints@rsna.org

Chronic obstructive pulmonary disease (COPD) is a multisys-
tem disease that affects organ systems in addition to the lungs. 

Individuals with COPD experience chronic low-grade inflam-
mation that can trigger pathways of protein catabolism, leading 
to muscle atrophy (1). This progressive loss of muscle tissue, de-
fined as sarcopenia, occurs in ~22% of patients with COPD (2) 
and has been recognized as a comorbid predictor of outcomes 
such as airflow obstruction (3), exacerbations (3), exercise intol-
erance (4), and mortality (5).

Some standard approaches for quantifying muscle mass include 
dual-energy absorptiometry and bioelectrical impedance assess-
ments, but neither are typically performed during routine COPD 
care. However, chest CT scans are routinely performed in those 
with and at risk for COPD during persistent exacerbations (6), dis-
cordant symptomology (6), or lung cancer screening (6). Although 
chest CT scans are primarily used to evaluate COPD phenotypes 
such as emphysema or small airways disease, they can also visualize 
the respiratory musculature and are, therefore, useful in the quan-
tification of sarcopenia. Identifying those with COPD who also 
have comorbid sarcopenia may have important clinical implica-
tions, as pulmonary rehabilitation can directly target muscle loss as 
a treatable condition and complement existing treatment strategies 
focused primarily on halting disease progression, and prediction 
models may be improved, as sarcopenia is an established risk factor 
for COPD morbidity and mortality (7–11).

A particular muscle of interest is the pectoralis, as it is in the 
complete field of view during chest CT scans, and its cross-sec-
tional area has been validated against the dual-energy absorpti-
ometry measurements in individuals exposed to tobacco (7). 
The established methods for extracting pectoralis muscle mea-
surements from chest CT scans involves measurement of the 
two-dimensional (2D) pectoralis muscle area (PMA) on a single 
axial section containing the aortic arch (8). PMA measurements 
have been shown to quantitatively reflect sarcopenia in patients 
with COPD and are significantly associated with lung function 
(8–10), exercise capacity (8,11), and quality-of-life questionnaire 
scores (8,10). However, single-section measurements are suscep-
tible to variability in section selection and anatomic differences, 
which can result in differences in the measured 2D PMA at 
different points during analysis. Furthermore, 2D muscle mea-
surements fail to consider the three-dimensional (3D) structure 
of the muscle and, thus, fail to capture spatially heterogeneous 
muscle atrophy and adipose tissue infiltration.

Two recent studies leveraged deep learning methods to extract 
the entire 3D pectoralis muscle volume (PMV) (12,13). How-
ever, neither study externally tested their models, which is critical 
for generalizability and translation, nor did they compare 3D to 
2D muscle measures.

Therefore, the objective of this study was to develop a deep 
learning model to automatically segment the 3D PMV from 

Purpose:  To develop a deep learning model for segmenting pectoralis muscle volume (PMV) at CT and evaluate the reproducibility, group differences, and 
associations of pectoralis muscle area (PMA) and PMV with chronic obstructive pulmonary disease (COPD)–related outcomes.

Materials and Methods:  This study was a secondary analysis of the prospective Canadian Cohort Obstructive Lung Disease study (CanCOLD, data collected 
from November 2009 to July 2015). Randomly sampled CT scans from CanCOLD were used for model training, validation, and internal testing (n = 96, 
16, and 32, respectively) and an external dataset for external testing (n = 32). A U-Net model was trained for PMV segmentation, and performance was 
assessed using the Dice similarity coefficient (DSC). PMA and PMV values were extracted from paired inspiration and expiration scans to assess segmenta-
tion reproducibility. Differences between individuals with or without COPD and associations with forced expiratory volume in 1 second (FEV1), diffusing 
capacity of the lungs for carbon monoxide (Dlco), and peak oxygen uptake during exercise (VO2) were reported.

Results:  Individuals included those with (n = 634; mean age, 67.3 years ± 10.1 [SD]; 394 male participants) and without (n = 601; mean age, 65.8 years ± 
9.6; 327 male participants) COPD. The model yielded DSCs of 0.94 ± 0.04, 0.93 ± 0.03, and 0.92 ± 0.04 in the training and validation, internal testing, 
and external testing datasets, respectively. Contrary to PMV (bias, 0.1 cm3; P = .77), PMA showed bias between inspiration and expiration (bias, −2.7 cm2; 
P < .001). Both PMA and PMV were reduced in patients with COPD (P < .05), but PMV was more strongly associated with FEV1 (adjusted R2 [Radj

2], 
0.609/0.598), Dlco (Radj

2, 0.645/0.627), and VO2 (Radj
2, 0.680/0.666).

Conclusion:  An accurate and generalizable CT-based deep learning model for pectoralis muscle segmentation was developed. Compared with PMA, PMV 
showed better reproducibility and stronger associations with COPD outcomes.
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chest CT scans and to evaluate the generalizability of the model 
on an external test set of unseen data. The secondary objectives 
were to quantitatively compare the PMA and PMV in terms of 
(a) reproducibility between paired inspiration and expiration 
CT scans, (b) differences between individuals with and without 
COPD, and (c) associations with common COPD outcomes, 
such as lung function, exercise capacity, and quality-of-life ques-
tionnaire scores.

Materials and Methods

Study Individuals
All individuals in the population-based Canadian Cohort Ob-
structive Lung Disease study (CanCOLD; ClinicalTrials.gov 
identifier no. NCT00920348) (14) were evaluated using data 
in the baseline visit collected from November 2009 to July 
2015. Analysis of data from the CanCOLD study has resulted 
in more than 50 publications from other research groups. Al-
though CT analysis of 2D muscle measurements in 90 of 1561 
participants in the CanCOLD study has previously been de-
scribed (9), this secondary analysis reports the development of 
3D muscle measurements for all individuals in the CanCOLD 
study, independent of previous work. Informed written consent 
from all individuals and institutional review board approval 
were obtained at each participating site.

Briefly, the original CanCOLD study used random digit di-
aling to contact individuals >40 years of age from nine centers 

across six Canadian provinces. More than 1500 individuals with 
forced expiratory volume in 1 second to forced vital capacity ratio 
(FEV1:FVC) values less than 0.7 were enrolled and categorized 
into one of four groups according to the Global Initiative for 
Obstructive Lung Disease (GOLD) criteria (6), as follows: (a) 
individuals without COPD who never smoked, (b) individuals 
without COPD who had a history of smoking, (c) individuals 
with mild COPD (GOLD 1), and (d) individuals with moder-
ate-severe COPD (GOLD 2+). A flowchart detailing the selec-
tion criteria for this study is shown in Figure 1. For this secondary 
analysis, individuals who were missing inspiratory CT scans, spi-
rometry data, or pack-year information or who had a preserved 
FEV1:FVC ratio (FEV1:FVC > 0.7) but an FEV1 percent of the 
predicted value less than 80% (preserved ratio but impaired spi-
rometry) were excluded from this study. Individuals who were 
missing expiratory CT scans were also excluded from the repro-
ducibility study.

An external group of participants with COPD who were re-
cruited to identify phenotypes that could predict a positive re-
sponse to inhaled nitric oxide (iNO) were retrospectively ana-
lyzed as an external test group (ClinicalTrials.gov identifier no. 
NCT03679312) (15). Data collection for the external test group 
began in November 2019 and was completed by November 
2023. The iNO study was a single-center randomized controlled 
trial, distinct from the CanCOLD study, involving individuals 
with mild to severe COPD. Individuals were recruited from com-
munity COPD clinics, with inclusion criteria requiring a COPD 
diagnosis and a smoking history of at least 10 pack-years. Partic-
ipants with significant cardiovascular or metabolic disease, mus-
culoskeletal impairments, or those taking oral corticosteroids or 
medications known to affect nitric oxide bioavailability were ex-
cluded. Informed written consent from all individuals in the iNO 
study and institutional review board approval was also obtained.

Pulmonary Function, Cardiopulmonary Exercise Test, and 
Questionnaire Scores
The pulmonary function, exercise testing results, and question-
naire scores used for this secondary analysis were sourced from 
the baseline CanCOLD visit. Pulmonary function testing was 
performed to measure postbronchodilator FEV1 and FVC in li-
ters according to American Thoracic Society guidelines (16,17). 
Similarly, the pulmonary diffusing capacity for carbon monox-
ide (Dlco) in mL/min/mm Hg was measured using standard-
ized protocols (17). A symptom-limited incremental cardiopul-
monary cycle exercise test was conducted to measure the peak 
rate of oxygen consumption (VO2), as previously described 
(18). VO2, a surrogate marker of aerobic capacity, is reported in 
liters per minute relative to normative values (18). Finally, the 
COPD assessment test (19), a quality-of-life questionnaire indi-
cating the impact of COPD symptoms on individuals’ everyday 
lives, was administered (scores ranged 0–40, with higher scores 
indicating greater impact).

CT Image Acquisition
The CT scans used for this secondary analysis were also sourced 
from the baseline CanCOLD visit. CanCOLD participant 
chest CT scans were acquired at each site using various CT 
scanners with individuals in the supine position at full inspi-

Abbreviations
AIC = Akaike information criterion, BMI = body mass index, 
CanCOLD = Canadian Cohort Obstructive Lung Disease, COPD 
= chronic obstructive pulmonary disease, Dlco = diffusing capacity 
of the lungs for carbon monoxide, DSC = Dice similarity coefficient, 
FEV₁ = forced expiratory volume in 1 second, FVC = forced vital 
capacity, GOLD = Global Initiative for Obstructive Lung Disease, 
iNo = inhaled nitric oxide, PMA = pectoralis muscle area, PMV = 
pectoralis muscle volume, Radj

2 = adjusted R2, 3D = three dimension-
al, 2D = two dimensional, VO2 = peak rate of oxygen consumption 
during exercise

Summary
A deep learning model was developed to accurately segment pectoralis 
muscle volume on CT scans, and three-dimensional measurements 
showed greater reproducibility and stronger associations with chronic 
obstructive pulmonary disease outcomes than two-dimensional 
measurements.

Key Points
	■ A deep learning pectoralis muscle volume (PMV) segmentation 

model yielded Dice similarity coefficients of 0.94 ± 0.04 (SD), 0.92 
± 0.04, 0.93 ± 0.03, and 0.92 ± 0.04 in the training, validation, 
internal test, and external test datasets, respectively.

	■ PMV measurements showed no evidence of bias between inspira-
tory and expiratory scans, contrary to two-dimensional pectoralis 
muscle area (PMA) measurements (P < .001).

	■ PMA and PMV measurements differentiated individuals with and 
without chronic obstructive pulmonary disease (COPD) (P < .05), 
but PMV was more strongly associated with COPD outcomes.

Keywords
CT, Thorax, Lung, Volume Analysis, Chronic Obstructive Pulmo-
nary Disease, Segmentation

http://radiology-cti.rsna.org


Radiology: Cardiothoracic Imaging Volume 8: Number 2—2026  ■  rcti.rsna.org� 3

Deep Learning Segmentation of Pectoralis Muscle Volume at CT and Association with COPD Genkin et al

ration and full expiration without the use of contrast agents 
(14). All scans were collected helically, with each participant’s 
arms placed above their heads, and with a field of view con-
taining the base to apex of both lungs. The imaging parameters 
during acquisition were 120 kVp, a 100–110-mA tube current, 
a 0.5-second gantry rotation time, a pitch of 1.25, a 1.0- or 
1.25-mm section thickness, a 512 × 512 matrix reconstruc-
tion size, and 0.51–0.98-mm2 pixel spacing. In the iNO study, 
full-inspiration chest CT scans were also acquired with individ-
uals in the supine position, with arms raised above the head, 
and the following imaging protocol: 120 kVp, 220-mA tube 
current, a 0.5-second gantry rotation time, a pitch of 1.00, a 

0.75-mm section thickness, a 512 × 512 matrix 
reconstruction size, and 0.56–0.80-mm2 pixel 
spacing. A standard kernel was used for image 
reconstruction in both groups. A complete list 
of the acquisition parameters for both the in-
spiratory and expiratory CT scans stratified by 
site is shown in Tables S1 and S2.

Reference Standard Creation
All subsequent steps related to image processing 
and model training were performed in MAT-
LAB R2024a (version 24.1.0; MathWorks). 
Data from individuals from eight of nine Can-
COLD centers were used for deep learning 
model training and validation, whereas the un-
seen data from the ninth center were used as an 
internal test set for the model. Seven batches 
of 16 individuals each (112 total, balanced for 
COPD vs no COPD and male vs female in-
dividuals, with two individuals for each of the 
eight CanCOLD centers) were randomly sam-
pled to ensure that the model was trained on a 
diverse representative dataset, minimizing the 
risk for bias across demographics, disease status, 
and geographic regions. In addition, 32 indi-
viduals were randomly sampled from the ninth 
CanCOLD center for internal testing (ensuring 
the same equal stratification as the training and 
validation data). Manual segmentation of the 
PMVs from the first two batches of the training 
and validation data (n = 32), the internal test 
data (n = 32), and the external test data from the 
iNO cohort (n = 32) was first performed by an 
image analyst (M.V., with 2 years of experience). 
An active learning approach was then imple-
mented for reference standard segmentation on 
the remaining batches of the training and val-
idation data. Initial model predictions on new 
batches of unannotated data were performed 
using intermediate deep learning models, which 
were iteratively trained on all available training 
data and then manually corrected by the image 
analyst, as described in further detail in Figure 
2. This process continued until training and val-
idation performance plateaued and there were 
at least 100 reference standard segmentations in 

the training and validation set, similar to previous work (12,13). 
To assess the reproducibility of the reference standard segmenta-
tions produced by the image analyst, the first batch of the train-
ing and validation set data (n = 16) was completely manually re-
segmented 2 weeks later by the same image analyst and another 
experienced image analyst (D.G., with 5 years of experience). 
Both image analysts were blinded to all individual information 
before any segmentations occurred.

Deep Learning Model Training
Once the complete reference standard set was created, the fi-
nal deep learning model was trained using the training and 

Figure 1:  Participant consort flowchart. The baseline Canadian Cohort Obstructive Lung Disease 
(CanCOLD) study cohort included 1561 individuals, using data collected from November 2009 to July 
2015. Individuals for whom inspiratory CT images could not be analyzed for any reason were excluded (n 
= 210). Individuals with no classification information, namely, no information related to spirometry (n = 26) 
or smoking status (n = 19), were excluded. Finally, individuals with a preserved forced expiratory volume in 
1 second (FEV1) to forced vital capacity (FVC) ratio (FEV1:FVC > 0.7) but abnormally low FEV1 percent of 
the predicted (FEV1 %pred < 80%) value, also known as preserved ratio but impaired spirometry (PRISm) 
(n = 71), were also excluded. A total of 1235 individuals were included in the final clinical application 
analysis, and chronic obstructive pulmonary disease (COPD) status was spirometrically defined according 
to a postbronchodilator FEV1:FVC value less than 0.70 (non-COPD: n = 601; COPD: n = 634). The indi-
viduals were further stratified into four groups: (a) non-COPD with no smoking history, (b) non-COPD with 
a smoking history (at risk), (c) mild COPD (Global Initiative for Chronic Obstructive Lung Disease [GOLD] 
1: FEV1 %pred ≥ 80%), and (d) moderate-severe COPD (GOLD 2+: FEV1 %pred < 80%). The subset of 
individuals with paired expiratory CT images (n = 1108) was included for the reproducibility analysis. From 
the individuals selected for clinical analysis (n = 1235), 144 were randomly sampled (and sex matched) for 
model training and validation (n = 112, eight of nine CanCOLD centers) and internal testing (n = 32, ninth 
center from CanCOLD). Data from the inhaled nitric oxide study (n = 32, ClinicalTrials.gov identifier no. 
NCT03679312) collected between November 2019 to November 2023 were used to externally test the 
trained model. 
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validation set data to segment the PMV completely automat-
ically. First, the CT volumes and pectoralis segmentations 
were downsampled to a matrix size of 256 × 256 × 256 using 

nearest neighbor interpolation. A four-layer 3D U-Net archi-
tecture was created (20), and sevenfold cross-validation was 
implemented, with early stopping once the validation perfor-

Figure 2:  Complete process for creating reference standard pectoralis muscle volume segmentations. (A) Complete manual segmentation of pectoralis muscle volumes 
from the first two batches of training set data (n = 32), the complete internal testing data (n = 32), and all the external testing data from the inhaled nitric oxide cohort (n = 32; 
ClinicalTrials.gov identifier no. NCT03679312) was performed by an image analyst. The first batch of training set data (n = 16) was completely manually resegmented by 
the same research analyst and another experienced image analyst to evaluate reference standard segmentation reproducibility. (B) An active learning approach was imple-
mented for reference standard segmentation of the five remaining batches of training set data by iteratively training intermediate deep learning models on all available training 
data as new batches were completed. First, an intermediate deep learning model was trained on the second batch of training set data (n = 16), with early stopping occurring 
once performance failed to improve for 2 epochs on the held-out first batch of training set data used for validation (n = 16). Preliminary predictions of the pectoralis muscle 
volumes for the third batch of training set data (n = 16) were then created by the first intermediate deep learning model and subsequently manually corrected by the same 
image analyst. The second and third batches of training set data were then combined (n = 32) and used to train the second intermediate deep learning model, using the same 
criteria for early termination on the same validation data (n = 16) followed by manual edits. The active learning process continued until all seven batches of training set data 
were segmented (n = 112) and the complete model training and validation reference standard set was created.
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mance failed to improve for 2 epochs. Performance of the fi-
nal model was evaluated based on the training and validation 
data, and the generalizability of the model was evaluated on 
the data from the ninth CanCOLD center (internal testing) 
and external iNO group. A complete list of model hyper-
parameters is available in Table S3. Model training was per-
formed on an NVIDIA RTX 6000 48 GB GPU. The trained 
model is publicly available upon request at https://drive.google.
com/drive/folders/18y9eOAMVidULfvvJ62ujtPd7JbO7sYwi?usp 
= sharing.

Postprocessing and Measurement Extraction
After model training, the pectoralis segmentations were auto-
matically extracted. The complete pectoralis muscle extraction 
pipeline with postprocessing steps is described in Figure 3. 
Briefly, model outputs were binarized at a threshold of 0.5, 
and the largest connected component in contact with the 
sternum (automatically segmented using TotalSegmentator 
[21]) was retained as the pectoralis after the removal of voxels 
outside the standard muscle radiodensity range of −29 to 150 
HU (22). The aorta was also automatically segmented using 
TotalSegmentator, and its area on the topmost axial section 
was defined as the aortic arch. The PMA was defined as the 
number of pectoralis pixels in the aortic arch section in cen-
timeters squared, whereas the PMV was defined as the total 
number of pectoralis voxels in cubic centimeters. Finally, us-

ing the complete pipeline, the PMA and PMV were extracted 
from all eligible baseline inspiratory (n = 1235) and expiratory 
(n = 1108) CT scans in the CanCOLD dataset for clinical 
application of the measurements.

Statistical Analysis
Statistical analyses were performed using GraphPad Prism (ver-
sion 10.2.3; GraphPad Software) and SPSS (version 29.0.2). 
Differences between the no-COPD and COPD groups as well 
as the training and validation, internal testing, and external test-
ing groups were evaluated using one-way analysis of variance or 
the Fisher exact test with Tukey correction for multiple com-
parisons. The overlap between the automated pectoralis volume 
segmentation and the reference standard segmentations was 
quantified using the Dice similarity coefficient (DSC), Jaccard 
index, absolute error (cm2/cm3), and relative error (%) (9).

DSC values were categorized as excellent (>0.90), very good 
(0.80–0.90), good (0.70–0.79), or poor (<0.70). Measurement 
reproducibility was strictly evaluated in the subset of individuals 
with inspiration and expiration measurements using Bland-Altman 
analysis, the coefficient of variation, the intraclass correlation coef-
ficient (absolute agreement, single rater case), and the Spearman 
correlation coefficient. Formal comparisons between the PMA 
and PMV reproducibility metrics were performed using random 
bootstrapped resampling (n = 500) and paired t tests. All further 
analyses were conducted on inspiratory measurements. Analysis of 

Figure 3:  Complete pectoralis muscle extraction pipeline. The original CT image is resized to a matrix size of 256 × 256 × 256 using nearest 
neighbor interpolation and is fed to the developed deep learning model. The raw model outputs are then resized back to the original 1-mm3 size 
using nearest neighbor interpolation and binarized at a threshold of 0.5. The largest connected component in direct contact with the sternum (seg-
mented using TotalSegmentator) is maintained as the pectoralis, and the remaining components are removed. Morphologic operations (1. Open: 
sphere; radius, 2 mm) (2. Close: sphere, radius, 5 mm) are applied to the binarized volume, and all voxels outside the radiodensity range of −29 to 
150 HU are removed. The aortic arch section is automatically determined as the topmost section of the aorta (segmented using TotalSegmentator). 
Finally, the two-dimensional pectoralis muscle area (PMA) is extracted as the number of voxels in the aortic arch section (in centimeters squared), 
while the three-dimensional pectoralis muscle volume (PMV) is extracted as the total number of voxels belonging to the pectoralis muscle segmenta-
tion (in cubic centimeters).
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covariance was used to compare PMA and PMV between individ-
uals with and without COPD, as well as among the four study 
groups. The covariates in the analysis of covariance model included 
age, sex, height, body mass index (BMI), pack-years, smoking sta-
tus, history of heart disease, systemic hypertension, diabetes mel-
litus, and ConCOLD study center. Spearman correlation coeffi-
cients were used to determine the associations of PMA and PMV 
with demographics (age, height, BMI, and pack-years). Univariable 
and multivariable linear regression models were constructed to de-
termine associations of the independent PMA and PMV variables 
with the FEV1, VO2, Dlco, and CT scores. The multivariable lin-
ear regression models were also similarly adjusted for the same po-
tential confounding variables of age, sex, height, BMI, pack-years, 
smoking status, history of heart disease, systemic hypertension, 
diabetes mellitus, and ConCOLD study center. Generalized addi-
tive model analysis with smoothing splines indicated that the asso-
ciations were primarily linear with minor nonlinear components, 
supporting the use of linear regression, as shown in Figure S1. A 
base model with the aforementioned covariates was created, and 
the adjusted R2 (Radj

2) and Akaike information criterion (AIC) were 
used to evaluate model fit. PMA and PMV were separately and 
sequentially added to the model, and the F statistic change, Radj

2, 
AIC, and standardized β coefficients are reported. In accordance 
with suggested interpretation guidelines, a ΔAIC greater than 2 
indicated moderate evidence of improved fit, and a ΔAIC greater 
than 4 indicated strong evidence of improved model fit (23). P < 
.05 was considered to indicate a significant difference.

Results

Group Characteristics
A total of 1235 individuals from the CanCOLD project were 
considered eligible for this study (634 individuals with COPD: 
mean age, 67.3 years ± 10.1 [SD], 394 male individuals; 601 
without COPD: mean age, 65.8 years ± 9.6, 327 male individ-
uals), including 1108 with paired inspiratory and expiratory CT 
scans for the reproducibility analysis (572 patients with COPD: 
mean age, 67.1 years ± 10.1, 358 male individuals; 536 without 
COPD: mean age, 65.7 years ± 9.7, 290 male individuals), and 
32 individuals from the iNO study were considered eligible and 
included in the external test group (31 individuals with COPD: 
mean age, 68.6 years ± 7.4; 16 male individuals), as described in 
Figure 1. Complete demographics, pulmonary function scores, 
exercise capacities, and quality-of-life questionnaire scores for all 
eligible individuals stratified by COPD status are listed in Table 
1. Compared with the individuals without COPD, those with 
COPD were older (P = .009), more likely to be male (P = .006), 
and taller (P < .001). In addition, the individuals with COPD 
had worse FEV1 (P < .001), VO2 (P < .001), Dlco (P = .001), 
and COPD assessment scores (P < .001). These characteristics 
are also reported separately for the individuals in the training and 
validation, internal test, and external test sets in Table 1. Indi-
viduals from the training, validation, internal test, and external 
test sets were well matched for age and sex, although the external 
test set individuals had worse pulmonary function (P < .001). 
Characteristics stratified by the four study groups and among the 
individuals included in the reproducibility analysis are presented 
in Tables S4 and S5.

Reference Standard Segmentation Reproducibility
The intraobserver reproducibility of the reference standard seg-
mentations on the first batch of training and validation data, 
as measured with DSC, was excellent (0.95 ± 0.02), while the 
interobserver reproducibility was very good (0.88 ± 0.04), in-
dicating that the reference standard PMVs on which the final 
model was trained were consistent and reliable. These DSC 
values corresponded to intra- and interobserver measurement 
errors of 22.9 cm3 ± 13.3 (4.4% ± 2.6) and 66.8 cm3 ± 28.3 
(12.9% ± 5.8), respectively, as summarized in Table 2.

Deep Learning Model Performance
Model performance for each incremental batch added during 
the active learning process is described in Figure S2. The DSC 
plateaued after the third batch, indicating that adding more 
data to the training set would not have markedly altered model 
performance. In total, the active learning process aided in the 
successful creation of 112 reference standard segmentations 
(~16 000 sections) for model training and validation. Table 
S6 describes the model performance for each fold during the 
cross-validation training of the final model. The average train-
ing time and number of epochs until conversion were 166.7 
minutes ± 83.8 and 62.4 epochs ± 10.8, respectively, for the 
seven folds.

The segmentation accuracy for the seven folds is also described 
in Table 2. Average model performance, as measured with DSC, 
was 0.94 ± 0.04, 0.92 ± 0.04, 0.93 ± 0.03, and 0.92 ± 0.04 in the 
training, validation, internal test, and external test data, respec-
tively. These corresponded to measurement errors of 22.0 cm3 ± 
31.8 (4.4% ± 5.9), 28.0 cm3 ± 29.5 (5.6% ± 5.7), 36.9 cm3 ± 
28.4 (6.7% ± 5.6), and 38.7 cm3 ± 27.4 (8.2% ± 6.1), respec-
tively. An example of automated pectoralis segmentation high-
lighting PMA on the axial section containing the aortic arch and 
the entire PMV for a healthy male individual who never smoked 
and a male individual with severe COPD is shown in Figure 4. 
A reduction in the muscle area and volume is readily apparent in 
the participant with severe COPD compared with the healthy 
participant who had never smoked.

Pectoralis Measurement Reproducibility
The Bland-Altman plots generated using the inspiratory and 
expiratory PMA and PMV are shown in Figure 5. There was 
a high degree of agreement and no evidence of a bias in the 
PMV measurements between the two CT scans (bias, 0.1 
cm3 [95% CI: −48.0, 48.3]; P = .77). However, the PMA was 
greater at expiration than at inspiration (bias, −2.7 cm2 [95% 
CI: −11.3, 5.9]; P < .001). In addition, the coefficient of vari-
ation between the inspiration and expiration measurements 
was lower, whereas the intraclass correlation coefficient and 
Spearman correlation coefficient were greater for PMV than 
for PMA (P < .001) (Table 3).

Clinical Validation of Pectoralis Measurements
Individuals with COPD had lower PMA (no COPD, 36.9 cm2 vs 
COPD, 34.7 cm2; P < .001) and PMV (no COPD, 508.2 cm3 vs 
COPD, 488.0 cm3; P = .004) after adjustment for covariates, as 
shown in Figure 6. Furthermore, compared with all the individ-
uals in the other groups, the individuals in the moderate-severe 
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Table 1: Demographics, Pulmonary Function, and Cardiopulmonary Exercise Scores of All Study Individuals 
and Those Only Included in Training and Evaluation of Deep Learning Model

Parameter

Clinical Application
(n = 1235)

Model Development
(n = 176)

No COPD
(n = 601)

COPD
(n = 634)

Training and Validation
(n = 112)

Internal Test
(n = 32)

External Test
(n = 32)

Age (y) 65.8 ± 9.6 67.3 ± 10.1 65.5 ± 9.1 68.0 ± 10.6 68.6 ± 7.4
Female sex 274 (45.6) 240 (37.9) 54 (48.6) 15 (46.9) 16 (50)
Height (cm) 167.6 ± 9.4 169.5 ± 9.7 167.8 ± 9.6 168.4 ± 8.8 168.4 ± 9.2
BMI (kg/m2) 27.5 ± 4.9 27.5 ± 5.3 28.1 ± 4.8 29.7 ± 5.7 27.9 ± 5.6
Does not smoke 254 (42.3) 177 (27.9) 34 (30.4) 10 (31.2) NA
Smoking habit (pack-years) 22.2 ± 19.8 33.9 ± 23.5 22.1 ± 23.7 21.8 ± 29.1 NA
HDHTDM 204 (33.9) 259 (40.9) 50 (44.6) 11 (34.4) NA
COPD 0 (0) 634 (100.0) 65 (58.0) 16 (50.0) 31 (96.9)
GOLD 1 0 (0) 361 (56.9) 29 (25.9) 9 (28.1) 10 (31.3)
GOLD 2 0 (0) 236 (37.2) 31 (29.5) 5 (15.6) 13 (40.6)
GOLD 3 0 (0) 37 (5.8) 5 (4.8) 2 (6.3) 7 (21.9)
GOLD 4 0 (0) 0 (0) 0 (0) 0 (0) 1 (3.1)
FEV1 (L) 2.9 ± 0.7 2.4 ± 0.8 2.4 ± 0.8 2.5 ± 0.9 1.7 ± 0.5
FEV1 (%pred) 103.7 ± 14.0 82.6 ± 18.8 86.5 ± 21.2 91.8 ± 24.2 67.1 ± 17.0
FVC (L) 3.7 ± 1.0 3.8 ± 1.1 3.6 ± 1.0 3.8 ± 1.1 3.4 ± 0.9
FVC (%pred) 104.2 ± 14.3 103.3 ± 18.1 100.1 ± 17.6 106.9 ± 15.2 107.7 ± 19.0
FEV1:FVC ratio (%) 77.2 ± 4.6 61.3 ± 8.0 66.4 ± 9.6 66.0 ± 14.7 50.0 ± 9.2
Dlco (mL/min/mm Hg) 22.4 ± 6.4 20.8 ± 7.1 20.4 ± 6.5 24.0 ± 7.4 NA
Dlco (%pred) 99.8 ± 19.9 90.1 ± 22.6 90.8 ± 20.9 107.4 ± 26.7 NA
VO2 (L/min) 1.8 ± 0.7 1.7 ± 0.6 1.6 ± 0.6 1.7 ± 0.7 NA
VO2 (%pred) 94.9 ± 24.8 85.1 ± 22.8 85.0 ± 23.1 89.0 ± 16.8 NA
COPD assessment test score (N) 5.7 ± 4.3 8.1 ± 6.5 8.0 ± 6.5 8.1 ± 6.1 NA

Note.—Continuous data are reported as means ± SDs, and categorical data are reported as numbers of individuals, with 
percentages of total individuals in parentheses. Forced expiratory volume in 1 second (FEV1) percent of the predicted (%pred) 
values were calculated using reference equations from reference 35. Diffusion capacity for carbon monoxide (Dlco) %pred 
values were calculated using reference equations from reference 36. Peak rate of oxygen consumption on symptom-limited in-
cremental cardiopulmonary cycle exercise testing (VO2) %pred values were calculated using reference equations from reference 
37. The training and validation data are sourced from eight of nine centers from the CanCOLD study (n = 112). The internal 
test data are sourced from the ninth center from CanCOLD (n = 32). The external test data are sourced from the inhaled nitric 
oxide (iNO) study (n = 32) (ClinicalTrials.gov identifier no. NCT03679312). BMI = body mass index (calculated as weight in 
kilograms divided by height in meters squared), COPD = chronic obstructive pulmonary disease, FVC = forced vital capacity, 
GOLD = Global Initiative for Chronic Obstructive Pulmonary Disease, HDHTDM = heart disease, systemic hypertension, or 
diabetes mellitus, NA = data not available. 

Table 2: Deep Learning Model Performance for Pectoralis Muscle Volume Segmentation

Parameter DSC Jaccard Index Absolute PMV Error (cm3) Relative PMV Error (%)

Reproducibility
  Intraobserver (n = 16) 0.95 ± 0.02 0.91 ± 0.04 22.9 ± 13.3 4.4 ± 2.6
  Interobserver (n = 16) 0.88 ± 0.04 0.95 ± 0.02 66.8 ± 28.3 12.9 ± 5.8
Deep learning model
  Training (n = 96) 0.94 ± 0.04 0.88 ± 0.06 22.0 ± 31.8 4.4 ± 5.9
  Validation (n = 16) 0.92 ± 0.04 0.86 ± 0.06 28.0 ± 29.5 5.6 ± 5.7
  Internal test (n = 32) 0.93 ± 0.03 0.87 ± 0.05 36.9 ± 28.4 6.7 ± 5.6
  External test (n = 32) 0.92 ± 0.04 0.85 ± 0.06 38.7 ± 27.4 8.2 ± 6.1

Note.—Data are means ± SDs. Reference standard segmentation reproducibility is reported both within the 
same human observer and between human observers strictly using the first batch of training and validation data 
segmented (n = 16). The performance of the deep learning model is reported after training the final model in 
comparison to the entire set of reference standard segmentations after postprocessing and is the average perfor-
mance over all seven folds. DSC = Dice similarity coefficient, PMV = pectoralis muscle volume.
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COPD group had lower PMA and PMV (P < .05), as shown in 
Figure S3. Unadjusted differences are shown in Figure S4.

Spearman correlations between PMA, PMV, and common 
demographics are shown in Figure S5. PMV was more strongly 
correlated with age (PMA: ρ, −0.16 [P < .001]; PMV: ρ, −0.25 
[P < .001]) and height (PMA: ρ, 0.61 [P < .001]; PMV: ρ, 0.75 
[P < .001]) than PMA, but neither was correlated with pack-years 
(PMA: ρ, −0.04 [P = .13]; PMV: ρ, −0.02 [P = .40]).

Finally, Table 4 shows the univariable and multivariable asso-
ciations of PMA and PMV with FEV1, VO2, Dlco, and COPD 

assessment scores in individuals with COPD. The associations 
for all individuals are shown in Table S7. In all univariable 
models, the PMV yielded higher Radj

2 values and smaller AIC 
scores than the PMA did. Both PMA and PMV remained sig-
nificant independent predictors (P < .001) when added to the 
base models (including covariates only), resulting in a change in 
the F statistic (P < .001), an improved Radj

2, and a smaller AIC. 
However, base models that included the PMV yielded higher 
Radj

2 and smaller AIC scores than those that included the PMA. 
For all outcomes except CT, the ΔAIC between the PMV and 

Figure 4:  Images show the pectoralis muscles of a healthy male individual who never smoked (age, 66 years; height, 178 cm; body 
mass index [BMI, calculated as weight in kilograms divided by height in meters squared], 28.4; number of cigarette pack-years, 0; forced 
expiratory volume in 1 second [FEV1], 97.6% predicted; FEV1:forced vital capacity [FVC] ratio, 0.71; pectoralis muscle area [PMA], 59.4 
cm2; pectoralis muscle volume [PMV], 764.0 cm3) and a male individual with a smoking history and chronic obstructive pulmonary disorder 
(COPD) (age, 66 years; height, 178 cm; BMI, 27.5; number of cigarette pack-years, 43.2, FEV1, 48% predicted; FEV1:FVC, 0.56; PMA, 
35.0 cm2; PMV, 480.8 cm3) from the Canadian Cohort Obstructive Lung Disease (ie, CanCOLD) study. The CT image is shown in the axial 
plane. The PMV is automatically extracted using the developed deep learning model and overlayed onto the lungs for visual clarity. 

Figure 5:  Bland-Altman plots show the relationships between inspiratory (insp) versus expiratory (exp) (A) pectoralis muscle area (PMA; bias, −2.7 cm2 [95% CI: −11.3, 
5.9]; P < .001) and (B) pectoralis muscle volume (PMV; bias, 0.1 cm3 [95% CI: −48.0, 48.3]; P = .77) measurements among individuals from the Canadian Cohort Obstruc-
tive Lung Disease (ie, CanCOLD) study with both inspiratory and expiratory CT scans (n = 1108). 
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PMA models exceeded 4 units, which is considered a meaning-
ful improvement.

Discussion
In this study, a highly accurate deep learning model that auto-
matically extracts the 3D PMV from chest CT scans was devel-
oped (training set DSC: 0.94 ± 0.04; validation set DSC: 0.92 
± 0.04). The deep learning model maintained excellent segmen-
tation performance in unseen hold-out CanCOLD center and 
unseen external test datasets (internal test set DSC: 0.93 ± 0.03; 
external test set DSC: 0.92 ± 0.04). PMV (bias, 0.1 cm3 [95% 
CI: −48.0, 48.3]; P = .77) was also shown to be more reproduc-
ible than PMA (bias, −2.7 cm2 [95% CI: −11.3, 5.9]; P < .001) 
between chest CT scans taken in different lung inflation states 
(inspiration vs expiration). Furthermore, the PMV was lower 
in individuals with COPD than in those without COPD (no 
COPD: 508.2 cm3 vs COPD: 488.0 cm3, P = .004) and was 

more strongly associated with important clinical outcome mea-
sures than the PMA was (FEV1: Radj

2, 0.609 vs 0.598; Dlco: 
Radj

2, 0.645 vs 0.627; and VO2: Radj
2, 0.680 vs 0.666). These 

findings highlight the potential of PMV as a more reliable and 
clinically meaningful imaging measure for assessing muscle 
mass in patients with COPD over PMA.

CT-derived PMV has been previously investigated as a surro-
gate biomarker for muscle mass. Seo et al (24) reported that PMV 
can be used to quantify muscle loss up to 48 months after radia-
tion therapy, whereas Yokosuka et al (25) reported that PMV is an 
independent prognostic predictor of future hospitalizations in pa-
tients with pneumonia. However, in both studies, the PMV seg-
mentations required time-intensive user input, and automating 
the process could allow for large-scale analysis of data from many 
individuals within minutes. Yang et al (12) and Choi et al (13) 
published deep learning pectoralis volume segmentation models 
that obtained average DSC values of 0.83 and 0.98, respectively, 

Table 3: Reproducibility Analysis between Inspiration and Expiration Pectoralis Muscle Measure-
ments

Parameter Coefficient of Variation (%) Intraclass Correlation Coefficient Spearman Correlation Coefficient

PMA 12.0 0.92 (0.82, 0.96) 0.95
PMV 4.8* 0.99 (0.99, 0.99)* 0.99*

Note.—Values are calculated as inspiratory minus expiratory pectoralis muscle measurements for individuals 
enrolled in the Canadian Cohort Obstructive Lung Disease (ie, CanCOLD) study who underwent both scans 
(n = 1108). The intraclass correlation values are reported with 95% CIs in parentheses. PMA = pectoralis muscle 
area, PMV = pectoralis muscle volume.
* The PMV values are significantly different (P < .001) from the PMA values according to a paired t test analysis 
following n = 500 bootstrapping with random sampling.

Figure 6:  Plots show adjusted differences between (A) pectoralis muscle area (PMA) (no chronic obstructive pulmo-
nary disorder [COPD] mean, 36.9 cm2 [95% CI: 35.9, 37.9] vs COPD mean, 34.7 cm2 [95% CI: 35.7, 33.8]; P < .001) 
and (B) pectoralis muscle volume (PMV) (no COPD mean, 508.2 cm3 [95% CI: 495.8, 520.6] vs COPD mean, 488.0 cm3 
[95% CI: 476.1, 499.9]; P = .004) measurements stratified by the absence or presence of COPD using all the inspiratory 
CT scans of the eligible individuals in the Canadian Cohort Obstructive Lung Disease (ie, CanCOLD) study (n = 1235). The 
measurements shown are estimated marginal means adjusted for age, sex, height, body mass index, center, smoking status, 
cigarette pack-years, and the presence of comorbidities (heart disease, hypertension, and diabetes mellitus). * = differences 
are significantly different between groups (P < .05).
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Table 4: Univariable and Multivariable Associations between PMA and PMV Measurements and Pulmonary Function, Ex-
ercise Capacity, and Quality-of-Life Scores in Patients with COPD

Parameter

FEV1 (L) VO2 (L/min) Dlco (mL/min/mm Hg)
COPD Assessment Test Score

(N)

βstand P Value Radj
2/AIC βstand

P 
Value Radj

2/AIC βstand P Value Radj
2/AIC βstand

P 
Value Radj

2/AIC

Univariable
  PMA 0.57

(0.50, 
0.64)

<.001 0.29/1266 0.63
(0.56, 

0.70)

<.001 0.37/767 0.56
(0.49, 

0.63)

<.001 0.29/3872 −0.18
(−0.27, 

−0.10)

<.001 0.03/4156

  PMV 0.69
(0.63, 

0.75)

<.001 0.45/1104 0.72
(0.65, 

0.78)

<.001 0.48/666 0.68
(0.62, 

0.74)

<.001 0.43/3734 −0.19
(−0.27, 

−0.11)

<.001 0.03/4153

Multivariable
  BM NA NA 0.59/929 NA NA 0.60/546 NA NA 0.65/3451 NA NA 0.13/4115
  BM + 

PMA
0.16
(0.08, 

0.24)

<.001 0.60/916 0.29
(0.20, 

0.38)

<.001 0.63/507 0.20
(0.12, 

0.28)

<.001 0.67/3429 −0.16
(−0.28, 

−0.04)

.003 0.14/4114

  BM + 
PMV

0.28
(0.18, 

0.38)

<.001 0.61/900 0.44
(0.33, 

0.54)

<.001 0.65/481 0.34
(0.24, 

0.43)

<.001 0.68/3403 −0.17
(−0.32, 

−0.03)

.006 0.14/4114

Note.—Unless otherwise noted, data are values, with 95% CIs in parentheses, or numerators and denominators. Data based on 634 patients. 
The data shown for the standardized beta coefficients (βstand) are the standardized parameter estimates. The R2 values reported for the model 
are adjusted for the number of input variables (Radj

2). All multivariable models included age, sex, height, body mass index, center, smoking 
status, pack-years, and the presence of comorbidities (heart disease, hypertension, and diabetes mellitus). The pectoralis muscle area (PMA) 
and pectoralis muscle volume (PMV) measurements are extracted from all the inspiratory CT scans of the individuals with chronic obstruc-
tive pulmonary disease (COPD) in the eligible Canadian Cohort Obstructive Lung Disease (ie, CanCOLD) study. AIC = Akaike informa-
tion criterion, BM = base model, Dlco = diffusing capacity of the lungs for carbon monoxide, FEV1 = forced expiratory volume in 1 second, 
NA = data not available, VO2 = peak rate of oxygen consumption at symptom-limited incremental cardiopulmonary cycle exercise testing.

on their training data. However, neither study ensured an equal 
balance of male and female participants, strictly included low-
dose scans in their training data, nor reported performance on 
unseen testing groups. These factors are critical for ensuring gen-
eralizability to real-world CT imaging. In contrast, our investiga-
tion ensured an equal split of male and female participants and 
exclusively used low-dose CT scans in the training and validation 
data. Additionally, model performance in this study was evalu-
ated on two unseen sets of data with different imaging protocols 
and disease severity. Therefore, the excellent generalizability of the 
deep learning model reported in this work lends credibility to 
the real-world capabilities of the developed model, particularly 
for use in large population-based, low-dose groups, such as the 
National Lung Screening Trial (26).

To our knowledge, this was the first study to evaluate the re-
producibility of both PMA and PMV. Variations in lung volume 
during CT image acquisition significantly impact quantitative 
measurements of emphysema (27) and airways (28). However, 
the impact on measurements of muscle mass is unknown. The 
findings of this study indicated that the PMA was significantly 
greater at expiration than at inspiration, whereas the PMV was 
not. This could be explained by coupled movements of the car-
diac-respiratory systems, as the aorta reportedly moves up to 8.9 
mm during respiration (29). Consequently, measurements taken 
at a lower axial section, owing to insufficient inspiration, could 
lead to the underestimation of the PMA. Although breath-hold 

volumes are typically coached during CT imaging, inspiratory 
capacity is often abnormally low because of static hyperinflation 
(30) in people with obstructive lung diseases such as COPD, po-
tentially explaining the sources of variability reported during eval-
uation (31). Therefore, this study provides important information 
on the greater reproducibility of 3D PMV relative to 2D PMA 
and suggests that the PMV can be assessed at any lung volume 
that is most comfortable for the patient in the CT scanner. This 
finding also implies that both intra- and interindividual changes 
in PMV are unlikely to be caused by differences in lung volume, 
allowing for evaluations of changes in muscle mass in response to 
pharmacologic treatments, pulmonary rehabilitation programs, 
and lifestyle modifications.

Finally, PMV performed comparably to, and in some cases 
exceeded, the established PMA in group comparisons and asso-
ciation analysis in patients with COPD. Our findings agree with 
those in previous work showing that pectoralis measurements 
are significantly lower in individuals with COPD than in those 
without COPD (8–11) and demonstrate strong associations with 
common clinical COPD markers (8–11). However, associations 
between PMV and clinical markers of COPD, such as VO2 and 
COPD assessment scores, have never been reported. Therefore, 
this study presents, to our knowledge, the first evidence that 
PMV outperforms single-section 2D PMA in terms of these as-
sociations, laying an important foundation for the future wide-
spread implementation of PMV as a standard index of muscle 
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mass on chest CT scans. It is also important to note that unlike 
2D measures, volumetric indexes make it possible to study re-
gional variations in composition (eg, fat infiltration) along the 
muscle, and, although this was not the focus of this study, future 
work should evaluate these regional differences.

Our study had important limitations. First, we acknowledge 
that the training and validation group sample size of 112 indi-
viduals was relatively small. However, manual segmentation of 
3D volumes is time-consuming, and the final sample size was 
similar to that of previously published volumetric body compo-
sition deep learning training sets (32,33), with more than 16 000 
individual 2D sections used during training and validation. Im-
portantly, various countermeasures were taken during training, 
including cross-validation, imaging protocol variation, and inter-
nal and external testing. Furthermore, the DSC plateaued after 
the third batch of added data during the active learning process, 
indicating that adding more data to the training and validation 
set did not markedly alter model performance. Second, it is also 
acknowledged that the craniocaudal field of view (z-axis) fluctu-
ates between chest CT scans and could act as a source of variabil-
ity (34). However, the superior reproducibility and associations 
of PMV relative to PMA suggest that while biomarker standard-
ization is an important area of future research, the benefits of 3D 
measurements outweigh these concerns. Third, the generalizabil-
ity of the model on chest CT scans collected with larger section 
thicknesses (~2–3 mm) is unknown and should be evaluated in 
future work. This study also does not report attenuation or tex-
ture measurements, which could offer an enhanced understand-
ing of the composition of the pectoralis muscle, and future work 
should investigate these indexes. Fourth, and finally, while identi-
fying abnormally low respiratory muscle mass on chest CT scans 
for referral to pulmonary rehabilitation programs is a potential 
application of the developed model, healthy cutoffs stratified by 
age, sex, and BMI are needed to ensure accurate personalized de-
cision-making. Determining abnormally low population cutoffs 
for PMV measurements should be the focus of future work.

In conclusion, this work presents a highly accurate and gen-
eralizable deep learning model to automatically extract the com-
plete 3D PMV from low-dose chest CT scans. Compared with 
the established 2D single-section PMA, the 3D PMV offered 
greater reproducibility and showed stronger associations with 
clinical outcomes in individuals with COPD. These findings en-
courage the use of the PMV as a surrogate measure of muscle 
mass in chest CT scans, serving as a potential marker of comorbid 
sarcopenia in those with COPD. Future studies should investi-
gate normative population reference values to determine abnor-
mally low CT-derived PMV sarcopenic thresholds.
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