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Abstract

Introduction: Blunt thoracic trauma frequently results in pneumothorax (PTX), haemothorax (HTX), and pulmonary
contusion (PC), injuries that may contribute to post-traumatic pulmonary complications such as pneumonia. Although
computed tomography (CT) enables detailed assessment of these injuries, their extent is generally not quantified rou-
tinely. Automated image analysis may enable objective quantification of thoracic injury burden and provide quantitative
imaging features for prediction of post-traumatic pneumonia. This study investigated whether PTX, HTX, and PC can
be automatically and reliably quantified from admission CT and whether these quantitative imaging features can be
integrated into pneumonia prediction.
Methods: PTX and HTX were segmented using a multi-class nnU-Net model with lung parenchyma as an auxiliary
anatomical class. Model configurations and post-processing thresholds were optimised during development, and the
final pipeline was evaluated on an independent test set. For PC, six clinical observers assessed contusion extent within
twelve predefined lung regions. Inter- and intraobserver agreement were evaluated, and the mean assessment of the
six observers was used as a consensus reference for development of a 3D convolutional neural network (CNN) for
automated PC quantification. Finally, the automatically derived PTX, HTX, and PC measurements were evaluated as
radiological features within an existing clinical–radiological model for post-traumatic pneumonia prediction.
Results: On independent testing, PTX achieved a sensitivity of 1.00, specificity of 0.80, and mean absolute volume
error of 5.2 mL. For HTX, sensitivity was 0.81, specificity 0.82, and mean absolute volume error 35.4 mL. Including
lung parenchyma as an auxiliary class significantly reduced HTX volume error and false-positive predictions. PC as-
sessment showed moderate interobserver agreement and substantial variation in intraobserver agreement. Automated
PC quantification achieved a patient-level mean absolute error of 5.70 percentage points and a calibration slope of 0.68
on independent testing, with better performance at patient than regional level. Integration of the resulting automated pul-
monary injury measurements into the pneumonia prediction framework yielded a test area under the receiver operating
characteristic curve (AUC) of 0.81, compared with 0.83 for the previously developed combined clinical–radiological
model.
Conclusion: Automated quantification of pulmonary injury from trauma CT was feasible, although performance dif-
fered between injury types. The resulting PTX, HTX, and PC measurements could be integrated into the existing
pneumonia prediction framework while largely preserving discrimination compared with the original combined model.
External validation is required to determine whether these measurements and resulting risk estimates can provide clin-
ically meaningful support for patient management.
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1
Introduction

1.1. Clinical background

Blunt thoracic trauma is a common mechanism of in-
jury in trauma care, accounting for approximately 10–
25% of all trauma cases [1, 2, 3, 4, 5]. Thoracic in-
juries such as rib fractures, pneumothorax, haemothorax
and pulmonary contusion are frequent findings following
blunt thoracic trauma and may substantially affect res-
piratory function [6, 7]. Collectively, these injuries are
associated with an increased risk of pulmonary compli-
cations, including pneumonia [6, 8, 9, 10, 11]. Pneumo-
nia is an important determinant of adverse clinical out-
come and has been identified as an independent predic-
tor of in-hospital mortality in trauma patients [12]. In
a meta-analysis, pneumonia was the complication most
strongly associated with mortality following blunt chest
wall trauma [13].
Post-traumatic pneumonia typically develops several
days after the initial traumatic insult, which complicates
risk assessment at presentation and limits the opportu-
nity for timely preventive intervention [14]. Early iden-
tification of patients at increased risk may therefore sup-
port closer respiratory monitoring and preventive man-
agement. In patients with rib fractures, early risk strati-
fication may also influence treatment planning. Surgical
stabilisation can improve selected clinical outcomes, al-
though optimal patient selection remains uncertain [15,
16].
The development of pneumonia after blunt thoracic
trauma is influenced by both patient-related and injury-
related factors. Thoracic injuries, including rib fractures,
pneumothorax and haemothorax, may impair respiratory
function through pain, reduced chest wall movement,
compromised lung expansion and impaired regional ven-
tilation. These changes can contribute to atelectasis and
impaired secretion clearance [8, 9, 10, 11]. Pulmonary
contusion represents direct injury to the lung parenchyma
and has been associated with ventilator-associated pneu-
monia and adverse pulmonary outcomes [6, 8]. Quanti-
fying pneumothorax and haemothorax volume and pul-
monary contusion extent may therefore complement es-
tablished clinical predictors by providing objective mea-
sures of thoracic injury burden.
The potential clinical value of these measurements is sup-
ported by associations between injury burden and out-
come. Pulmonary contusion involving approximately
18–24%ormore of total lung volume has been associated
with worse in-hospital outcomes [17], while CT-based
haemothorax volume has been associated with the need

for drainage intervention [18]. These findings suggest
that quantitative imaging measures may provide clini-
cally relevant information beyond conventional categori-
cal variables. However, evidence on the prognostic value
of pneumothorax volume for post-traumatic pneumonia
remains limited.
In routine clinical practice, pneumothorax, haemothorax
and pulmonary contusion are generally assessed visually
rather than through explicit volumetric delineation. Ob-
taining quantitative measurements by manual or semi-
manual CT segmentation is time-consuming and requires
anatomical expertise [19]. Reproducible quantification
may also be challenging: small pneumothoraces and
haemothoraces can be difficult to delineate [20, 21],
while pulmonary contusions often have ill-defined bor-
ders and may overlap with atelectasis, aspiration, depen-
dent density or other parenchymal abnormalities on CT
[6, 17]. These challenges may contribute to inter- and in-
traobserver variability, which is particularly relevant for
pulmonary contusion assessment and may affect the con-
struction of reliable reference standards for supervised
deep learning [22]. Automated CT-based segmentation
may therefore offer a more objective and reproducible
approach for extracting quantitative thoracic imaging fea-
tures [23].
This study therefore aimed to investigate whether tho-
racic injury burden can be automatically and reliably
quantified from admission CT and whether these quan-
titative imaging features provide additional information
for prediction of post-traumatic pneumonia following
blunt thoracic trauma.

1.2. Previous work on automated pulmonary injury
quantification

Automated CT-based methods have been developed
for quantification of pneumothorax, haemothorax and
pulmonary contusion, but evaluation in representative
trauma populations remains limited. A systematic re-
view conducted as part of the present research identi-
fied substantially more studies addressing pneumotho-
rax than haemothorax or pulmonary contusion. Deep
learning-based pneumothorax segmentation has shown
promising performance, with reported Dice similarity co-
efficients of approximately 0.87–0.96 [24, 25, 23, 26,
27, 28]. However, several studies included exclusively
pneumothorax-positive patients, while negative cases
and concurrent thoracic abnormalities were handled in-
consistently [24, 25, 23, 28].
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For haemothorax, Dreizin et al. reported a mean Dice
coefficient of 0.75 and strong volumetric agreement us-
ing an nnU-Net-based approach, but trace haemotho-
races of 50 mL or less were excluded [21]. Quantifica-
tion of pulmonary contusion has been investigated using
deep learning-based segmentation and attenuation-based
or hybrid approaches [29, 30, 31], but substantial het-
erogeneity exists in how contusion extent is defined and
quantified.
An additional challenge in pulmonary contusion quantifi-
cation concerns the reference annotations used for model
development. Previous studies used different annotation
strategies and levels of expert review, while formal as-
sessment of inter- or intraobserver variability was not
reported [29, 30, 31]. Further standardisation of pul-
monary contusion quantification and evaluation of inter-
and intraobserver agreement have previously been high-
lighted as areas for future research [17]. More broadly,
existing automated pulmonary injury methods have pre-
dominantly been evaluated in retrospective single-centre
datasets without external validation.

1.3. Previouswork on post-traumatic pneumonia pre-
diction

Several prediction models have been developed to esti-
mate the risk of pneumonia or pulmonary complications
after blunt thoracic trauma [32, 33, 34]. These models
primarily combine clinical and injury-related variables,
including age, injury severity, and rib fracture character-
istics. Some studies have additionally incorporated CT-
based measures of pulmonary contusion severity. These
include the BPC18 score, which grades contusion den-
sity across six lung regions, and Yang’s index, which
approximates pulmonary contusion volume from three-
dimensional CT measurements [33, 35]. However, quan-
titative measures of pleural injury extent, and automated
measurements of pulmonary contusion extent, remain
limited in existing prediction models.
Previous work within the present research line estab-
lished an automated CT-based framework for thoracic in-
jury characterisation. Marting et al. developed a deep
learning-based method for automatic detection and clas-
sification of rib fractures on chest CT [36]. These auto-
matically derived rib fracture features were subsequently
combined with clinical variables and other automatically

derived CT characteristics in a machine-learning model
for post-traumatic pneumonia prediction developed us-
ing the same research cohort [37]. However, pneumoth-
orax, haemothorax and pulmonary contusion were quan-
tified using previously available image-analysis methods
rather than dedicated deep learning models developed
and independently evaluated for quantitative pulmonary
injury assessment.

1.4. Contributions

Building on the methodological and clinical gaps out-
lined above, the present study makes four main contri-
butions:

1. A deep learning-based multi-class segmentation
pipeline for quantitative assessment of pneumothorax
and haemothorax, including systematic evaluation of
model configuration, post-processing thresholds and
the contribution of lung parenchyma segmentation.

2. A multi-observer consensus reference for regional
pulmonary contusion assessment, supported by quan-
titative evaluation of inter- and intraobserver agree-
ment.

3. A three-dimensional convolutional neural network
for automated regional pulmonary contusion quantifi-
cation, together with evaluation of the influence of
training strategy and dataset composition.

4. Integration of automatically derived pneumothorax,
haemothorax and pulmonary contusion measure-
ments into an existing pneumonia prediction frame-
work, enabling evaluation of their performance on a
held-out test set.

The remainder of this study is organised as follows.
Chapter 2 describes the study population, datasets and
the methods developed. Chapter 3 presents the ex-
periments and results for automated pneumothorax and
haemothorax quantification, pulmonary contusion con-
sensu reference construction and automated quantifica-
tion, and integration of the resulting imaging features
into the pneumonia prediction model. Chapter 4 dis-
cusses the principal findings, methodological consider-
ations, clinical implications and limitations, followed by
the overall conclusion in Chapter 5.



2
Methods

2.1. Study framework and workflow

An overview of the study framework and integration of
the different imaging features is illustrated in Figure 1.
Pneumothorax, haemothorax and pulmonary contusion
were quantified from admission chest CT scans using
dedicated automated image analysis models developed
in this study, while rib fracture characteristics were ob-

tained using an existing automated pipeline. For pul-
monary contusion, observer agreement was evaluated be-
fore construction of the consensus reference and model
development. The resulting imaging features were sub-
sequently combined with clinical variables and evaluated
within an existing machine-learning framework for pre-
diction of post-traumatic pneumonia.

Figure 1: Overview of the study framework and automated imaging-to-prediction workflow. CNN, convolutional neural network;
CT, computed tomography; HTX, haemothorax; PC, pulmonary contusion; PTX, pneumothorax.

2.2. Data

2.2.1. Study population
The dataset underlying the pneumonia prediction tool
was derived from the previously conducted RIB-Spiro
and RIB-CPR cohort studies at ErasmusMC, whose orig-
inal eligibility criteria and study procedures have been
described previously [38, 39]. For the present study, pa-
tients from these cohorts were eligible for inclusion if
they were aged 16 years or older, had at least one CT-
confirmed rib fracture, had complete electronic health
records available, and had at least 30 days of follow-up
for pneumonia assessment. Exclusion criteria were a pre-
existing pulmonary infection at the time of trauma, an
unavailable or missing CT scan, and incomplete visual-
ization of the ribs.

2.2.2. Study design and dataset partitioning
The source radiological dataset had previously been par-
titioned for development of the final pneumonia predic-
tion model. The predefined pneumonia test set was kept
completely separate and was not used for development
or evaluation of the automated imaging models.
The remaining non-test data were used for develop-
ment of the pulmonary injury models. Five-fold cross-
validation within the predefined training set was used for
model development, internal validation and model selec-
tion. The predefined validation set served as a held-out
test set for evaluation of the pulmonary injury models
before integration into the pneumonia prediction frame-
work (Figure 2).

3



2. Methods 4

Figure 2: Overview of the study design and dataset partitioning strategy. CT, computed tomography; HTX, haemothorax; PC,
pulmonary contusion; PTX, pneumothorax.

2.2.3. Dataset selection
For each automated imaging task, dedicated subsets were
selected from the available non-test data. Positive cases
were selected to include a broad range of injury severities,
while negative cases were included to support discrim-
ination between injured and non-injured scans. Scans
with concurrent thoracic abnormalities, including atelec-
tasis, bullae, emphysema and other traumatic lung abnor-
malities, were intentionally retained because these find-
ings could resemble the target abnormalities and there-
fore represent clinically relevant sources of error. The
pneumothorax/haemothorax and pulmonary contusion
datasets were selected independently for their respective
modelling tasks and therefore partially overlapped.

2.2.4. Pneumonia outcome
The primary outcome was pneumonia diagnosed within
30 days after trauma. Pneumonia was identified from
the clinical records based on clinical signs, including
fever, respiratory distress and increased sputum produc-
tion; laboratory findings including leukocytosis and ele-
vated C-reactive protein; and radiological evidence of a
new pulmonary infiltrate, consistent with the Centers for
Disease Control and Prevention criteria [40].

2.3. Reference annotations

2.3.1. Pleural injury reference annotations
Voxel-level reference segmentations were created for
pneumothorax, haemothorax and lung parenchyma.
Pneumothorax was defined as air located within the

pleural space, whereas haemothorax comprised blood or
blood-containing fluid within the pleural space. Lung
parenchyma was defined as all pulmonary tissue within
the visceral pleural boundary, irrespective of its degree
of aeration, thereby including contused, consolidated and
atelectatic lung regions.
Reference annotations were created in 3D Slicer by a
trained Technical Medicine master’s student. Ambigu-
ous cases were reviewed together with a trauma sur-
geon with more than ten years of clinical experience in
the treatment of thoracic injuries. Pneumothorax and
haemothorax were manually delineated on selected axial
slices, followed by interpolation and manual correction
where necessary. Particular attention was paid to distin-
guishing pneumothorax from emphysematous bullae and
haemothorax from atelectatic, contused or densely con-
solidated lung tissue. Preliminary single-label models
were additionally used as a quality-control step to iden-
tify potential annotation inconsistencies, which were re-
viewed and corrected where necessary.
Previously generated thoracic cavity masks obtained
with TotalSegmentator were available for all scans [41].
These masks comprised the volume enclosed by the pari-
etal pleural boundary, including lung parenchyma and
any pleural air or fluid, while excluding the mediastinum
and chest wall. Lung parenchyma masks were obtained
by subtracting the manually annotated pneumothorax
and haemothorax segmentations from the thoracic cavity
mask. The anatomical reference volumes are illustrated
in Figure 3.
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(a) Original CT (b) Thoracic cavity

(c) Pleural injuries (d) Lung parenchyma

Figure 3: Determination of anatomical reference volumes for quantitative injury assessment. (a) Original CT image. (b) Tho-
racic cavity mask obtained using TotalSegmentator. (c) Manually annotated pleural injuries, comprising pneumothorax (blue) and
haemothorax (red). (d) Derived lung parenchyma mask (green), obtained by subtracting PTX and HTX from the thoracic cavity
mask. CT, computed tomography; HTX, haemothorax; PTX, pneumothorax.

Thoracic cavity masks served as anatomical reference
volumes for expressing pneumothorax and haemothorax
volumes relative to thoracic cavity volume, whereas the
derived lung parenchyma masks served as reference vol-
umes for expressing pulmonary contusion extent. For
pulmonary contusion, 100% was defined as the seg-
mented lung parenchyma present on the admission CT.

2.3.2. Pulmonary contusion reference annotations
Pulmonary contusion severity was quantified as the es-
timated percentage of affected lung parenchyma within
twelve predefined anatomical lung regions. Each lung
was automatically subdivided into six equal-volume re-
gions, allowing patient-level pulmonary contusion sever-
ity to be calculated as the unweighted mean across all
twelve regions. Colour-coded overlays were generated
in 3D Slicer to facilitate standardised assessment (Fig-
ure 4).

(a) Axial (b) Coronal (c) Sagittal

Figure 4: Automatic subdivision of the lung parenchyma into twelve anatomical regions used for standardised pulmonary contusion
assessment. The same anatomical partitioning is shown in the axial (a), coronal (b) and sagittal (c) planes.



2. Methods 6

Forty-seven CT scans were independently assessed by
six clinical observers, comprising four trauma surgeons
and two surgical residents with varying levels of experi-
ence in the management of patients with thoracic trauma.
Observers estimated the pulmonary contusion percent-
age within each anatomical region using a continuous
scale ranging from 0% to 100% and were encouraged
to use rounded estimates rather than overly precise val-
ues. The complete assessment protocol is provided in
Appendix B.
To evaluate intraobserver agreement, four observers re-
peated the assessment after a minimum interval of two
weeks using the same assessment protocol.
For the pulmonary contusion model, the reference value
for each region was defined as the mean pulmonary con-
tusion percentage across the six clinical observers during
the first assessment round. Inter- and intraobserver agree-
ment were evaluated in Sections 3.3.1 and 3.3.2.

2.4. Model development

2.4.1. Pleural injury model
Pneumothorax and haemothorax segmentation was im-
plemented using nnU-Net v2 with PyTorch 2.11.1 in
Python 3.11.3. nnU-Net automatically configures pre-
processing, image resampling, network architecture and
training parameters based on the characteristics of the in-
put dataset [42]. Unless stated otherwise, the automat-
ically generated configuration and default training set-
tings were used. Model development was performed us-
ing five-fold cross-validation on the development set.
The evaluated configurations included two-dimensional
and three-dimensional full-resolution models, as well as
an ensemble of both configurations. During inference,
CT scans were cropped to the thoracic field of view and
the resulting predictions were restored to the original im-
age space before volumetric feature extraction.

2.4.2. Pulmonary contusion model
A separate model input was generated for each of the
twelve predefined anatomical lung regions described in

Section 2.3.2.
For each region, the smallest three-dimensional bound-
ing box containing the regional mask was extracted. A
fixed input shape was determined from the maximum re-
gional bounding-box dimensions across the dataset, with
an additional ten-voxel margin on each side. Smaller CT
blocks and masks were zero-padded to 254× 241× 214
voxels. No spatial resampling or mask erosion was ap-
plied.
CT intensities were clipped to −1024 to 400 Hounds-
field units (HU) and scaled to 0–1. Voxels outside the
selected anatomical region were set to zero after normal-
isation. The CT block and binary regional mask formed a
two-channel input, while anatomical region identity was
encoded as a twelve-dimensional one-hot vector.
The compact three-dimensional convolutional neural net-
work (CNN) comprised four convolutional blocks with 8,
16, 32 and 64 output channels. Each block consisted of a
three-dimensional convolution, batch normalisation and
rectified linear unit activation, with max pooling after
the first three blocks. Global adaptive average pooling
generated a 64-dimensional image feature vector, which
was concatenated with the region identifier. The result-
ing 76-dimensional vector was passed through a 32-unit
fully connected layer with ReLU activation and dropout
of 0.2, followed by a linear output layer. Predictions
were clipped to 0–100% before evaluation. A compact
architecture was selected to limit model complexity and
reduce the risk of overfitting given the limited number
of annotated patients. The resulting model input and net-
work architecture are illustrated in Figure 5.
Models were trained using the Adam optimizer with an
initial learning rate of 1 × 10−4 and a weight decay of
1 × 10−5. A ReduceLROnPlateau scheduler was used
with a reduction factor of 0.5 and a minimum learning
rate of 1 × 10−6. Early stopping was based on the val-
idation value of the respective training objective, with a
patience of 15 epochs.

Figure 5: Input generation and network architecture of the pulmonary contusion convolutional neural network (CNN).
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2.4.3. Pneumonia prediction
Pneumonia prediction was performed using an existing
machine-learning pipeline. The original training, valida-
tion and test partitioning was retained. Candidate pre-
dictors consisted of clinical variables and automatically
derived CT features. Categorical variables were encoded
and continuous variables were normalised prior to model
development.
Feature selection was performed using Least Absolute
Shrinkage and Selection Operator (LASSO) regression.
Alternative representations of the same injury character-
istic were defined as mutually exclusive feature groups
to reduce redundancy. Within each group, only the fea-
ture with the largest absolute LASSO coefficient was re-
tained.
Five classification algorithms were evaluated: Naive
Bayes, logistic regression, random forest, support vec-
tor machine and extreme gradient boosting (XGBoost).
Classifier hyperparameters were optimised using strati-
fied five-fold cross-validation on the training set, with
balanced accuracy as the optimisation criterion. The val-
idation set was reserved for final model selection based
on area under the receiver operating characteristic curve
(AUC), while the independent test set remained excluded
from model development and selection. Following final
model selection, the selected configuration was retrained
on the combined training and validation sets and evalu-
ated on the independent test set.

2.5. Evaluation

2.5.1. Pleural injury model evaluation strategy
Because the primary objective of the pleural injury mod-
els was accurate quantification of pneumothorax and
haemothorax volume for downstream pneumonia predic-
tion, volumetric accuracy was considered the primary
evaluation outcome. Segmentation accuracy was eval-
uated as a complementary measure of spatial overlap.
All primary performance analyses were conducted at
the scan level. Model performance was evaluated sep-
arately for pleural injuries and lung parenchyma. For
pneumothorax and haemothorax, detection performance
was assessed per scan using sensitivity, specificity and
balanced accuracy after application of the selected post-
processing thresholds. Quantitative performance was
evaluated by comparing predicted and reference vol-
umes, expressed in millilitres and as percentages of tho-
racic cavity volume. Mean absolute error (MAE) was
calculated across all scans to reflect overall model per-
formance and separately across reference-positive scans
to assess volumetric accuracy when injury was present.
Bias was defined as the mean signed volume error. Spa-
tial overlap was assessed using the Dice similarity coeffi-
cient in reference-positive scans only. Lung parenchyma
segmentation was evaluated using the Dice similarity co-
efficient and absolute volume error.
For the ablation analysis, paired differences in abso-
lute volume error between the models with and with-
out the lung parenchyma class were evaluated using the
Wilcoxon signed-rank test.
Finally, scan-level error analysis was performed to char-

acterise false-positive and false-negative predictions and
to identify systematic patterns in volumetric over- or un-
derestimation.

2.5.2. Inter- and intraobserver agreement evaluation strategy
Analyses were performed at both the segment and patient
levels. Patient-level pulmonary contusion severity was
obtained by averaging the pulmonary contusion percent-
ages across the twelve anatomical lung regions for each
observer. Interobserver agreement was assessed across
the six clinical observers, whereas intraobserver agree-
ment was evaluated for the four observers who repeated
all assessments after a minimum interval of two weeks.
Interobserver agreement was quantified using a two-way
absolute agreement intraclass correlation coefficient for
single measures, ICC(A,1), based on the first-round rat-
ings of all six clinical observers. Intraobserver agree-
ment was evaluated separately for each of the four ob-
servers who repeated the assessment, using ICC(A,1)
to quantify absolute agreement between that observer’s
first- and second-round ratings. According to the classi-
fication proposed by Koo and Li, ICC values below 0.50
were interpreted as poor, values between 0.50 and 0.75
as moderate, values between 0.75 and 0.90 as good, and
values above 0.90 as excellent [43].
Because ICC does not directly describe the magnitude or
direction of disagreement, intraobserver analyses were
complemented by the mean absolute error, mean signed
difference between repeated assessments, 95% Bland–
Altman limits of agreement and the percentage of obser-
vations differing by no more than 10 percentage points.
As an exploratory analysis, interobserver and intraob-
server disagreement were additionally evaluated across
pulmonary contusion severity groups. Detailed defini-
tions and calculation procedures are provided in Ap-
pendix C.

2.5.3. Pulmonary contusion model evaluation strategy
Patient-level MAE was considered the primary perfor-
mance metric because it reflects the overall error in pul-
monary contusion estimation for each patient. Segment-
level MAE was evaluated as a secondary measure to
assess prediction accuracy within individual anatomical
lung regions. Additional performancemeasures included
the Pearson correlation coefficient, calibration slope, pre-
diction range and prediction standard deviation to evalu-
ate linear association with the reference, calibration and
the ability of the model to reproduce the full spectrum of
pulmonary contusion severities.

2.5.4. Pneumonia prediction model evaluation strategy
Because the primary objective of the pneumonia pre-
diction model was accurate discrimination between pa-
tients with and without post-traumatic pneumonia, the
area under the receiver operating characteristic curve
(AUC) was considered the primary performance metric.
Balanced accuracy, sensitivity, specificity, positive pre-
dictive value and negative predictive value were addi-
tionally calculated to characterise classification perfor-
mance.
Potential overfitting was assessed by comparing training
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and cross-validation balanced accuracy. Feature contri-
butions to the final model predictions were evaluated us-
ing SHapley Additive exPlanations (SHAP).

For all statistical analyses, statistical significance was de-
fined as p < 0.05.



3
Experiments and Results

3.1. Datasets

3.1.1. Pleural injury dataset
The pleural injury dataset comprised 157 development
and 33 independent test CT scans, selected according
to the partitioning strategy described in Section 2.2.2.
The development set included scans with pneumothorax,
haemothorax, both injuries and neither injury. The inde-
pendent test set was used exclusively for final evaluation.
Dataset composition is presented in Table 1.

Table 1: Distribution of pneumothorax and haemothorax in the
pleural injury datasets.

Characteristic DevelopmentIndependent
test

Total 157 33
PTX only 30 (19%) 4 (12%)
HTX only 27 (17%) 7 (21%)
Both injuries 40 (25%) 9 (27%)
Neither injury 60 (38%) 13 (39%)

HTX, haemothorax; PTX, pneumothorax.

3.1.2. Pulmonary contusion dataset
The pulmonary contusion dataset comprised 70 CT scans.
Of 47 scans assessed by the six clinical observers, 37
were included in the development set and ten were re-
served for independent testing. An additional 23 scans
were assessed by the student following the validation de-
scribed in Section 3.4.1 and were used for training only.
Dataset composition is presented in Table 2.
Five-fold cross-validation was performed using the
expert-annotated development cases. Student-annotated
cases were included only in the training portion of each
fold and were excluded from validation, model selection
or independent testing.

Table 2: Pulmonary contusion annotation distribution.

Dataset Expert Student Total

Development set 37 23 60
Independent test set 10 0 10

3.1.3. Pneumonia dataset
The original pneumonia prediction dataset comprised
325 patients with complete data. One patient was ex-
cluded because the corresponding CT scan could not be

processed, resulting in 324 patients. The original train-
ing, validation and independent test partitioning was re-
tained. Dataset composition is presented in Table 3.

Table 3: Pneumonia outcome distribution across the dataset
partitions.

Dataset No pneumonia Pneumonia Total

Training set 184 24 208
Validation set 46 7 53
Test set 57 6 63

Total 287 37 324

3.2. Pleural injury segmentation

3.2.1. Ablation of the parenchyma label
Pneumothorax and haemothorax were combined into a
single multi-class segmentation model because both in-
juries occupy the pleural space and frequently coexist.
Lung parenchyma was included as an auxiliary class to
provide explicit anatomical information on the boundary
between pulmonary tissue and the pleural cavity.
The contribution of the lung parenchyma class was evalu-
ated in a matched ablation experiment. The final pipeline
was retrained without this additional class, while keeping
the dataset, data splits, network configuration, training
settings and evaluation strategy unchanged.

Table 4: Contribution of the lung parenchyma class to pleural
injury segmentation performance.

PTX HTX

Metric Without With Without With

MAE, all cases (mL) 6.0 5.2 56.6 35.4
Sensitivity 1.00 1.00 0.81 0.81
Specificity 0.75 0.80 0.59 0.82

Difference in absolute volume error (95% CI) p

PTX −0.75 mL (−2.50 to 0.84) 0.277
HTX −21.19 mL (−43.11 to−4.80) 0.009

CI, confidence interval; HTX, haemothorax; MAE, mean absolute
error; PTX, pneumothorax.

The addition of the lung parenchyma class had limited
effect on pneumothorax performance, whereas haemoth-
orax volume error was significantly reduced and speci-
ficity improved (Table 4). The three-label representation
was therefore retained for the final pipeline.

9
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3.2.2. Segmentation configuration and threshold optimisation
Three nnU-Net configurations and ten thresholds per in-
jury were evaluated, resulting in 300 candidate pipelines.
Thresholding was applied to suppress small false-
positive predictions and to prevent very small predicted
volumes from being interpreted as clinically relevant in-
juries. The evaluated ranges were centred around vol-
ume thresholds previously used in pneumothorax and
haemothorax segmentation studies, approximately 1 mL
and 50 mL, respectively [24, 25]. The evaluated thresh-
old values and additional details of the model-selection
analysis are provided in Appendix A.
Because the intended output was quantitative injury vol-
ume for downstream pneumonia prediction, pipeline se-
lection prioritised volumetric accuracy rather than voxel-
wise overlap alone. Candidate pipelines were first re-
quired to achieve predefined sensitivities of at least 0.95
for pneumothorax and 0.90 for haemothorax. The pneu-
mothorax threshold was selected to approximate the high
sensitivity reported for automated CT-based pneumotho-
rax detection [44]. A slightly lower threshold was pre-
specified for haemothorax because it represents a more
challenging detection and segmentation task, while still
prioritising injury detection before optimisation of volu-
metric accuracy.
Eligible pipelines were ranked according to the mean of
the pneumothorax and haemothorax MAEs. In the event
of an exact tie, the pipeline with the highest mean bal-
anced accuracy was selected, followed by the pipeline
with the lower post-processing thresholds. The selection
procedure is summarised in Figure 6.

Figure 6: Hierarchical model selection strategy for the pleural
injury segmentation pipeline. HTX, haemothorax; MAE, mean
absolute error; PTX, pneumothorax.

Of the 300 available pipelines, 103 satisfied both sensitiv-
ity requirements. The three-dimensional full-resolution
configuration with thresholds of 3 mL for pneumothorax

and 40 mL for haemothorax achieved the lowest com-
bined MAE and was selected for independent evaluation.

3.2.3. Independent test performance
Independent test-set performance is summarised in Ta-
ble 5. Pneumothorax showed higher spatial overlap and
smaller volume errors than haemothorax, while haemoth-
orax showed an overall tendency towards volume un-
derestimation. Lung parenchyma segmentation showed
high spatial overlap, supporting its subsequent use as the
anatomical reference volume for pulmonary contusion
quantification.

Table 5: Independent test-set performance of the pleural injury
segmentation pipeline.

Metric PTX HTX Parenchyma

Sensitivity 1.00 0.81 –
Specificity 0.80 0.82 –
Dice, reference-positive 0.82 0.61 0.98
MAE, all cases (mL) 5.20 35.40 31.30
MAE, reference-positive (mL) 10.70 62.80 –
MAE, all cases (% thoracic
cavity volume)

0.12 0.91 0.81

Bias, reference-positive (mL) +6.70 −41.80 +2.20

Dice was calculated in reference-positive scans for PTX and HTX.
HTX, haemothorax; MAE, mean absolute error; PTX, pneumothorax.

Reference and predicted injury volumes for reference-
positive cases are shown in Figure 7. Predictions gen-
erally followed the line of identity, with greater devia-
tions observed for haemothorax, particularly at larger ref-
erence volumes.

Figure 7: Reference and predicted pleural injury volumes on
the independent test set for reference-positive pneumothorax
and haemothorax cases. The dashed line represents perfect
agreement.

3.2.4. Error analysis
False-negative detections occurred exclusively in small
haemothoraces. In all three cases, the predicted haemoth-
orax volume was below the 40-mL post-processing
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threshold and was therefore classified as negative. Three
false-positive haemothorax predictions were observed,
with predicted volumes ranging from 43.0 to 75.1 mL.
In contrast, the two largest haemothoraces were both
correctly detected, although their volumes were under-
estimated. One case showed a large underestimation of
476.4 mL, which contributed substantially to the overall
negative volume error (Figure 7).
Four false-positive pneumothorax predictions were ob-
served, with predicted volumes ranging from 3.3 to 15.0
mL.
Visual review of the false-positive predictions revealed
several recurring sources of misclassification. Pneu-
mothorax false positives primarily involved intrapul-
monary or subdiaphragmatic air that was incorrectly clas-
sified as pleural air, including emphysematous bullae, a
focal low-attenuation parenchymal region, and colonic
gas below the diaphragm in a scan affected by motion
artefact. Haemothorax false positives predominantly in-
volved increased-density pulmonary abnormalities that
were incorrectly classified as pleural fluid, with the pre-
dicted regions extending through the lung parenchyma
rather than conforming to the pleural space.

3.3. Pulmonary contusion assessment agreement

3.3.1. Interobserver agreement
The interobserver agreement analysis included 47 pa-
tients (564 lung segments) scored by six clinical ob-
servers. Agreement between individual observer ratings
was moderate at both the segment and patient level (Ta-
ble 6).

Table 6: Interobserver agreement for pulmonary contusion as-
sessment.

Metric Segment Patient

ICC(A,1) 0.654 0.635
95% CI 0.55–0.74 0.47–0.76
Interpretation Moderate Moderate
CI, confidence interval; ICC, intraclass correlation coefficient.

Interobserver disagreement increased with pulmonary
contusion severity. Cases without pulmonary contusion
showed almost no disagreement, whereas the largest dis-
agreement was observed in segments with pulmonary
contusion scores of 30% or higher (Figure 8). Exact de-
scriptive results by severity category are provided in Ap-
pendix C.

Figure 8: Interobserver disagreement across pulmonary contusion severity categories. Disagreement is shown as the absolute
difference between individual observer scores and the leave-one-out consensus.

3.3.2. Intraobserver agreement
Observer A showed excellent intraobserver agreement
at both the segment and patient levels. Agreement was
lower for observers B, C and D, particularly for observer
B at the patient level (Table 7). Mean absolute errors

were smaller at the patient level for all four observers.
Bland–Altman analysis showed small systematic biases
for all observers, but substantially greater variability be-
tween repeated assessments for observers C and D than
for observers A and B (Table 7; Figure 9).
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Table 7: Intraobserver agreement statistics for repeated pulmonary contusion assessments.

Observer Level ICC(A,1) (95% CI) Interpretation MAE (pp) Bias (pp) LoA (pp) Within±10 pp (%)

A Segment 0.922 (0.89–0.95) Excellent 4.15 0.97 −14.4 to 16.3 91.67
A Patient 0.961 (0.93–0.98) Excellent 2.17 0.97 −5.3 to 7.3 97.87
B Segment 0.551 (0.30–0.80) Moderate 6.37 −1.93 −30.3 to 26.4 86.17
B Patient 0.416 (0.14–0.87) Poor 4.67 −1.93 −24.5 to 20.6 89.36
C Segment 0.741 (0.60–0.85) Moderate 6.51 −3.73 −30.8 to 23.3 87.41
C Patient 0.692 (0.49–0.88) Moderate 5.57 −3.73 −20.9 to 13.4 85.11
D Segment 0.592 (0.39–0.79) Moderate 13.15 −4.78 −53.7 to 44.1 75.18
D Patient 0.521 (0.27–0.81) Moderate 10.38 −4.78 −45.2 to 35.6 76.60

CI, confidence interval; ICC, intraclass correlation coefficient; LoA, limits of agreement; MAE, mean absolute error; pp, percentage points.

Figure 9: Scatterplots and Bland–Altman plots for intraobserver agreement between repeated pulmonary contusion assessments for
observers A–D.

Absolute round-to-round differences were positively as-
sociated with pulmonary contusion severity for all four
observers (Spearman’s ρ = 0.560, 0.713, 0.652 and

0.656 for observers A, B, C and D, respectively; Fig-
ure 10).

Figure 10: Absolute differences between repeated pulmonary contusion assessments across pulmonary contusion severity for ob-
servers A–D.
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3.4. Pulmonary contusion quantification

3.4.1. Validation of student annotations for training-set expan-
sion

To determine whether the limited expert-annotated
dataset could be expanded, annotations from a trained
Technical Medicine master’s student were compared
with the six-observer mean. The student independently
assessed the same 47 CT scans while blinded to the clin-
ical observer scores and their variability.
Comparability was evaluated using four predefined cri-
teria: ICC(A,1) with the clinical observer mean, abso-
lute mean bias, coverage of the clinical observer range,
and the ratio between the student MAE and the mean
leave-one-observer-out clinical observer MAE. The pre-
defined acceptance criteria and corresponding results are
presented in Table 8; the rationale for these criteria and
additional details of the validation procedure are pro-
vided in Appendix D.

Table 8: Predefined acceptance criteria for validation of stu-
dent annotations.

Criterion Acceptance
threshold

Result

ICC(A,1) with clinical observer mean ≥ 0.50 0.777
MAE ratio relative to clinical
observers

≤ 1.10 1.006

Absolute mean bias ≤ 5.0 pp 1.96 pp
Scores within clinical observer range ≥ 80% 86.9%
ICC, intraclass correlation coefficient; MAE, mean absolute error; pp,
percentage points.

All four predefined acceptance criteria were satisfied.
The student annotations were therefore considered suit-
able for training-set expansion, and the student annotated
23 additional CT scans that were included exclusively in
the training portion of each cross-validation fold.

3.4.2. Loss function and batch size comparison
Four regression objectives and batch sizes were com-
pared while keeping the network architecture, data par-
titions, and remaining training settings fixed. Mean
squared error (MSE) served as the conventional base-
line, Huber loss as a less outlier-sensitive objective,
DenseWeight-weightedMSE to increase the contribution
of underrepresented target values, and Balanced MSE
to account for imbalance in the continuous target distri-
bution [45]. For MSE, Huber loss, and DenseWeight-
weighted MSE, batch sizes of 2, 4, and 8 were evalu-
ated. The original MSE configuration with batch size
1 was retained as a baseline. Balanced MSE was im-
plemented using the batch-based Monte-Carlo formula-
tion and evaluated with batch size 8, the largest com-
putationally feasible batch size, to provide a larger
within-batch approximation of the training-label distribu-
tion [45]. DenseWeight was applied with α = 0.25 [46].
Performance at higher pulmonary contusion severity
was additionally summarised for patients with reference
PC percentages above 24%, reflecting the approximate
threshold previously associated with worse in-hospital
outcomes [17]. Differences in patient-level absolute er-

ror between configurations were assessed using a Fried-
man test, accounting for repeated evaluation of the same
patients across configurations.
Key cross-validation performance measures for the eval-
uated training configurations are summarised in Ta-
ble 9; complete performance results are provided in Ap-
pendix E.

Table 9: Key cross-validation performance measures for the
evaluated pulmonary contusion training configurations.

Objective BS
Patient
MAE

Segment
MAE

Calibration
slope

MAE
> 24%

MSE 1 8.69 12.85 0.31 19.09
MSE 2 6.79 11.99 0.63 10.74
MSE 4 6.46 11.60 0.59 11.80
MSE 8 6.31 11.34 0.59 12.16
Huber 2 6.77 10.19 0.60 15.22
Huber 4 6.26 10.24 0.64 13.93
Huber 8 6.41 10.14 0.57 16.33
DenseWeight-MSE 2 6.19 11.88 0.71 8.08
DenseWeight-MSE 4 6.40 11.77 0.67 8.64
DenseWeight-MSE 8 6.30 11.55 0.64 10.04
Balanced MSE 8 9.54 14.42 0.47 9.23

MAEs are reported in percentage points. The selected training
configuration is shown in bold. Severity-specific MAE was calculated
for patients with reference pulmonary contusion percentages above
24%. BS, batch size; MAE, mean absolute error; MSE, mean squared
error.

Overall patient-level absolute errors did not signifi-
cantly differ between training configurations (Friedman
χ2(10) = 15.60, p = 0.112; Kendall’s W = 0.042).
DenseWeight-weighted MSE with batch size 2 achieved
the lowest patient-level MAE and the highest calibration
slope among the evaluated configurations. Huber loss re-
sulted in lower segment-level MAE, whereas Balanced
MSE showed the highest overall patient-level MAE.
Given the absence of a significant overall difference
in patient-level absolute error, DenseWeight-weighted
MSE with batch size 2 was selected based on its combi-
nation of the lowest patient-level MAE and a calibration
slope closest to one.

3.4.3. Independent test-set evaluation
Independent test-set performance is summarised in Ta-
ble 10. Performance was stronger at patient level than at
segment level. Segment-level predictions covered a nar-
rower range than the reference values. Figure 11 shows
the patient-level predictions against the clinical consen-
sus, with lower reference PC values tending to be over-
estimated and prediction errors becoming more variable
at higher severity.
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Table 10: Independent test-set performance of the selected pul-
monary contusion model.

Metric Patient Segment

n 10 120
MAE (pp) 5.70 10.23
Mean bias (pp) 2.32 2.32
Pearson correlation (r) 0.904 0.654
Calibration slope 0.677 0.500
Prediction range (%) 3.0–37.8 0.0–60.1
Reference range (%) 2.2–37.6 0.0–82.5
MAE, mean absolute error; pp, percentage points.

Figure 11: Reference and predicted patient-level pulmonary
contusion percentages on the independent test set. The dashed
line represents perfect agreement.

3.5. Pneumonia prediction model

3.5.1. Primary matched analysis
The primary analysis evaluated whether the newly devel-
oped deep learning-derived pulmonary injury measure-
ments could replace the corresponding imaging features
in the original combined pneumonia prediction model.
Three models are distinguished: the clinical-only model,
containing only clinical predictors; the original com-
bined model, containing clinical and conventionally de-
rived radiological predictors; and the deep learning (DL)-
feature matched model, in which the original pulmonary
injury measurements were replaced by the newly devel-
oped measurements (Table 11).
For the DL-feature matched analysis, the original mod-
elling strategy and predefined data partitions were re-
tained. Pneumothorax and haemothorax were repre-
sented by absolute and relative volumes, while pul-
monary contusion was represented by absolute volume,
relative extent and binary presence.
Across the evaluated LASSO regularisation values and
classifiers, the highest validation AUC was obtained at
α = 0.0125 by both Naive Bayes and support vec-

tor machine. Naive Bayes was retained in accordance
with the original modelling procedure. LASSO selected
pulmonary contusion volume, pneumothorax percent-
age, haemothorax percentage, mechanical ventilation
and parenchyma percentage.

Figure 12: Receiver operating characteristic curves on the
held-out test set for the original combined model and the
DL-feature matched model using the newly developed deep
learning-derived pulmonary injury measurements. AUC, area
under the curve; DL, deep learning.

Following retraining on the combined training and vali-
dation sets, the DL-feature matched model showed simi-
lar discrimination to the original combined model on the
independent test set. Both models showed higher test
AUCs than the clinical-only model (Table 11 and Figure
12).

Table 11: Comparison of the clinical-only, original combined
and DL-feature matched pneumonia prediction models.

Model Selected predictors Class.
Val.
AUC

Test
AUC Sens. Spec.

Clinical-
only

Flail chest, chest tube, asthma, age,
diabetes, mechanical ventilation LR 0.81 0.74 0.75 0.67

Original
combined

PC (mL), PTX (%), HTX (%),
mechanical ventilation, bilateral rib
fractures, age

NB 0.81 0.83 1.00 0.67

DL-
feature
matched

PC (mL), PTX (%), HTX (%),
mechanical ventilation, parenchyma
(%)

NB 0.83 0.81 0.83 0.77

AUC, area under the curve; Class., classifier; DL, deep learning;
HTX, haemothorax; LR, logistic regression; NB, Naive Bayes; PC,
pulmonary contusion; PTX, pneumothorax; Sens., sensitivity; Spec.,
specificity; Val., validation.

SHAP analysis showed that pulmonary contusion vol-
ume had the largest mean absolute contribution to predic-
tions in the DL-feature matched model, followed by me-
chanical ventilation and haemothorax percentage (Fig-
ure 13A-B). Higher pulmonary contusion volume and
haemothorax percentage, as well as mechanical venti-
lation, were predominantly associated with increased
predicted pneumonia risk, whereas higher pneumotho-
rax percentage was predominantly associated with lower
predicted risk within the fitted model. Corresponding
SHAP analyses for the original clinical-only and com-
bined clinical–radiological models are provided in Ap-
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pendix F for comparison.

(a)Mean absolute SHAP values

(b) SHAP summary plot

Figure 13: Interpretation of the DL-feature matchedmodel. (a)
Mean absolute SHAP values indicating global feature impor-
tance. (b) SHAP summary plot showing the direction and mag-
nitude of individual feature contributions. DL, deep learning;
SHAP, Shapley additive explanations.

3.5.2. Exploratory optimisation
Three exploratory modifications of the imaging feature
representation were evaluated using the same modelling

procedure as the DL-feature matched analysis (Table 12).
Parenchyma volume and percentage were first excluded
because these variables do not directly quantify traumatic
pulmonary injury, resulting in numerically higher vali-
dation and test AUCs. Applying post-processing thresh-
olds for pneumothorax and haemothorax did not improve
discrimination. Finally, additional descriptors of injury
severity and anatomical distribution were evaluated, in-
cluding severity categories, bilateral involvement and re-
gional pulmonary contusion measures. None of these ad-
ditional descriptors was selected by LASSO, and predic-
tive performance remained unchanged.
Overall, exclusion of parenchyma was the only modifi-
cation associated with numerically higher AUCs. Given
the exploratory nature of these analyses and the small in-
dependent test cohort, these numerical differences were
not interpreted as evidence of superior predictive perfor-
mance.

Table 12: Performance of the DL-feature matched model and
exploratory feature optimisation experiments.

Metric
DL-feature
matched

No
parenchyma

Thresholded
PTX/HTX

Extended
descriptors

LASSO α 0.0125 0.0125 0.0125 0.020
Classifier NB NB NB SVM
Validation AUC 0.83 0.84 0.84 0.83
Test AUC 0.81 0.82 0.81 0.81
Sensitivity 0.83 0.83 0.83 0.83
Specificity 0.77 0.68 0.68 0.77

AUC, area under the curve; DL, deep learning; HTX, haemothorax;
LASSO, least absolute shrinkage and selection operator; NB, Naive
Bayes; PTX, pneumothorax; SVM, support vector machine.



4
Discussion

4.1. Principal findings

This study investigated whether thoracic injury burden
following blunt thoracic trauma can be automatically and
reliably quantified from admission CT and whether these
quantitative imaging features provide additional informa-
tion for prediction of post-traumatic pneumonia. Au-
tomated quantification was feasible for pneumothorax
and haemothorax, although haemothorax remained more
challenging. For pulmonary contusion, substantial inter-
and intraobserver variability highlighted uncertainty in
visual assessment, and the mean assessment of six clin-
ical observers was therefore used as a consensus refer-
ence formodel development. Automated pulmonary con-
tusion quantification was feasible particularly at patient
level, although regional performance remained more lim-
ited. Incorporation of the newly developed pulmonary
injury measurements into the existing pneumonia predic-
tion framework resulted in similar test-set discrimination
to the original combined model.

4.2. Pleural injury quantification

Automated pleural injury quantification was more ac-
curate for pneumothorax than for haemothorax. Pneu-
mothorax was detected with high sensitivity and showed
relatively low volumetric error, whereas haemothorax
segmentation showed lower spatial overlap and system-
atic volumetric underestimation. Previous pneumotho-
rax segmentation studies reported Dice scores of approx-
imately 0.87–0.96, although differences in study design
limit direct comparison [24, 25, 23, 26, 27, 28]. Sev-
eral studies evaluated only pneumothorax-positive cases,
whereas the present pipeline was required to both detect
and quantify injury in a heterogeneous trauma population.
Similarly, the higher haemothorax Dice of 0.75 reported
byDreizin et al. was obtained in a population selected for
haemothorax and excluding trace collections [21]. These
differences underline the importance of considering de-
tection and volumetric accuracy alongside spatial over-
lap when evaluating quantitative injury segmentation.
Injury volume remains relevant when interpreting quanti-
tative performance. Small pneumothoraces and haemoth-
oraces are relatively sensitive to segmentation inaccura-
cies because small absolute errors represent a larger pro-
portion of the total injury volume, consistent with pre-
vious findings for pneumothorax quantification at low
volumes [27]. All false-negative haemothoraces had
non-zero predicted volumes that fell below the 40-mL
post-processing threshold and were therefore classified

as negative. This illustrates the trade-off introduced by
post-processing: suppressing small false-positive predic-
tions may also remove small true-positive predictions.
Conversely, the largest haemothoraces were correctly
detected, although substantial volumetric underestima-
tion could still occur. Thus, balancing suppression of
small false-positive predictions against retention of true
small injuries, while maintaining accurate quantification
of larger collections, remains an important challenge.
The ablation experiment demonstrated the value of
anatomical context for haemothorax segmentation. Re-
moving the parenchyma class significantly increased
haemothorax volume error and reduced specificity,
whereas pneumothorax performance changed little. Ex-
plicit modelling of the lung parenchyma therefore ap-
pears to help distinguish pleural fluid from adjacent struc-
tures and reduce false-positive haemothorax segmenta-
tion. This supports the use of a multi-class approach
in the present pipeline, although separate pneumothorax
and haemothorax models were not evaluated.

4.3. Pulmonary contusion assessment and quantifica-
tion

Pulmonary contusion posed a different challenge from
pleural injury quantification because its extent lacks a dis-
tinct anatomical boundary and therefore partly depends
on visual interpretation. This was reflected by moderate
agreement between individual clinical observers and sub-
stantial differences in intraobserver repeatability. Both
inter- and intraobserver disagreement increased with pul-
monary contusion severity. In the absence of an ob-
jective reference standard, the mean assessment of six
clinical observers was used as a consensus reference for
model development. Although observer disagreement re-
mained, this approach provided a more robust reference
than reliance on an individual observer.
The limited expert-annotated dataset was expanded only
after student annotations satisfied all predefined compa-
rability criteria against the clinical consensus. The addi-
tional student-annotated scans were restricted to model
training, thereby increasing the available training data
while retaining an expert-based standard for validation
and testing. However, these additional cases were la-
belled by a single observer, and the acceptance criteria
were pragmatic study-specific thresholds rather than ex-
ternally validated criteria for annotation equivalence.
On the independent test set, pulmonary contusion quan-
tificationwasmore accurate at patient than segment level,
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suggesting that averaging across regions may reduce the
influence of local errors. This is favourable for its in-
tended use as a measure of overall injury burden. Cali-
bration slopes below one indicated reduced variation in
predicted severity relative to the reference, particularly
at segment level. Errors were more variable at higher
severity, which may be relevant because greater pul-
monary contusion extent has been associated with worse
in-hospital outcomes [17]. This difficulty at higher sever-
ity may partly reflect the limited number of severe cases
available for training, although the small independent
test set limits conclusions regarding severity-dependent
performance.

4.4. Pneumonia prediction

Incorporation of the newly developed quantitative pul-
monary injury measurements into the existing predic-
tion framework preserved pneumonia discrimination at
a level similar to that of the original combined model.
The technical performance of the original and newly de-
veloped injury measurements is not directly compara-
ble because their target definitions and evaluation strate-
gies differed. The original pipeline evaluated segmenta-
tion on selected two-dimensional slices and injury detec-
tion against clinical diagnoses, whereas the present mod-
els used full-volume reference segmentations for pleural
injury and multi-observer regional assessments for pul-
monary contusion. This illustrates that methodological
improvements in upstream injury quantification do not
necessarily translate into improved downstream predic-
tion.
Pulmonary contusion volume showed the largest mean
absolute SHAP contribution in the DL-feature matched
model, consistent with previous literature identifying pul-
monary contusion as an important risk factor for pneu-
monia and other pulmonary complications after thoracic
trauma [6, 8]. In particular, increasing contusion extent
has been associated with adverse pulmonary outcomes
[17]. Mechanical ventilation and haemothorax percent-
age also predominantly contributed towards higher pre-
dicted pneumonia risk. In contrast, higher pneumothorax
percentages predominantly contributed towards lower
model predictions. This should not be interpreted as ev-
idence of a protective effect, as SHAP reflects contribu-
tions within the fitted model rather than independent or
causal associations and may reflect correlations or inter-
actions between predictors.
Non-selection of the additional descriptors does not es-
tablish that injury distribution or bilateral involvement is
clinically irrelevant, as their contribution may have been
redundant with existing predictors or difficult to detect in
the available sample. Interpretation of all pneumonia pre-
diction results remains limited by the small independent
test cohort, in which only six of 63 patients developed
pneumonia.

4.5. Clinical implications

The potential clinical relevance of the quantitative imag-
ing features developed in this study lies in their auto-
mated availability early after admission. In contrast to

previous prediction studies in which thoracic injuries
were commonly represented by binary presence or man-
ually derived severity measures, the present workflow
provides automatically derived continuous measures of
pneumothorax, haemothorax and pulmonary contusion
extent directly from the admission CT [32, 33, 34, 35].
Because pneumonia generally develops later during the
clinical course, these measurements could contribute to
risk stratification before the complication becomes clin-
ically apparent. Their automated derivation may facil-
itate integration into an early prediction workflow and
complement existing clinical assessment. The prominent
contribution of pulmonary contusion volume within the
fittedmodel further supports the potential value of quanti-
tative injury extent, although this does not establish supe-
riority over categorical injury representations or clinical
utility.

4.6. Strengths and limitations

A major strength of this study was the construction and
evaluation of the pulmonary contusion consensus refer-
ence using assessments from six clinical observers. This
allowed observer agreement to be quantified and reduced
dependence on a single subjective assessment. A fur-
ther strength was evaluation in a heterogeneous trauma
population including injury-positive and injury-negative
cases and concurrent thoracic injuries. This reflects the
intended application more closely than evaluation re-
stricted to selected injury-positive cases.
The principal limitation was the amount of available data,
particularly for pulmonary contusion quantification and
pneumonia prediction. The pulmonary contusion model
was independently tested in only ten patients. Addition-
ally, only six pneumonia events occurred among the 63
patients in the pneumonia test set. Performance estimates
are therefore sensitive to individual cases, limiting con-
clusions regarding generalisability and differences be-
tween model configurations.
Reference-standard quality differed between study com-
ponents. Pulmonary contusion assessment was based on
six independent clinical observers, whereas pneumotho-
rax and haemothorax reference segmentations were de-
lineated by a single annotator and their inter- and intraob-
server variability was therefore unknown. The pneumo-
nia outcome was derived from routinely collected clini-
cal data, in which different pneumonia aetiologies could
not always be distinguished. These sources of label un-
certainty, together with errors in automatically derived
rib fracture and pulmonary injury features, may affect
downstream pneumonia prediction.
Finally, this was a retrospective single-centre study with-
out external validation. Differences in patient popula-
tions, CT acquisition and clinical management may af-
fect performance in other settings. Validation in larger,
preferably prospectivemulticentre cohorts is therefore re-
quired before clinical applicability can be established.
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4.7. Future work

Future work should first focus on further development
and external validation of the automated pulmonary in-
jury measurements in larger and more diverse datasets.
This is particularly important for pulmonary contusion,
for which the limited expert-annotated dataset restricted
representation of the full severity range. The annotation
strategy used in this study may provide a scalable ap-
proach in which multi-observer assessment of a subset is
used to establish a consensus reference and evaluate ad-
ditional trained annotators, whose assessments can sub-
sequently expand the training dataset.
The complete automated workflow should subsequently
be evaluated in external and preferably prospective mul-
ticentre cohorts. Such studies should use a standard-

ised pneumonia definition to reduce outcome-label un-
certainty and define a clear prediction time point, restrict-
ing predictors to information available at that time. This
would establish whether predictive performance is main-
tained across differences in patient populations, CT ac-
quisition protocols and clinical practice.
Finally, future research should investigate how pneumo-
nia risk estimates could contribute to clinical decision-
making rather than prediction alone. A high predicted
risk does not necessarily imply benefit from a particular
intervention. Randomised controlled studies could eval-
uate whether treatment effects differ according to pre-
dicted risk or injury profile, and ultimately determine
whether incorporating automated risk estimates into clin-
ical decision-making improves patient outcomes.



5
Conclusion

This study investigated automated quantification of pul-
monary injury after blunt thoracic trauma and its in-
tegration into prediction of post-traumatic pneumonia.
Pneumothorax could be quantified with high detection
sensitivity and relatively low volumetric error, whereas
haemothorax remained more challenging, particularly re-
garding volumetric underestimation. Explicit modelling
of the lung parenchyma improved haemothorax quantifi-
cation and reduced false-positive predictions.
Pulmonary contusion assessment showed substantial
inter- and intraobserver variability, highlighting the un-
certainty inherent in visual assessment. The mean as-
sessment of six clinical observers was therefore used as a
consensus reference for model development. Automated
pulmonary contusion quantification was feasible, partic-
ularly at patient level, although regional performance re-
mained more limited.

Integration of the resulting automated pulmonary injury
measurements into the existing pneumonia prediction
framework largely preserved discrimination compared
with the original combined model. Overall, this study
demonstrates that pneumothorax, haemothorax and pul-
monary contusion burden can be automatically quanti-
fied from trauma CT and translated into quantitative
imaging features for pneumonia risk prediction. By pro-
viding continuousmeasures of injury extent directly from
admission imaging, this approach forms a basis for fur-
ther development of automated, imaging-informed risk
assessment following blunt thoracic trauma.
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A
Pleural injury model selection and post-processing

Table 14 presents the ten eligible candidate pipelines with the lowest combined PTX and HTX mean absolute volume
error during cross-validation.

Table 13: Post-processing thresholds evaluated during pleural injury model selection.

Injury Evaluated thresholds (mL)

Pneumothorax 0, 0.1, 0.25, 0.5, 1, 1.5, 2, 3, 5, 10
Haemothorax 0, 5, 10, 15, 20, 30, 40, 50, 75, 100

Table 14: Ten eligible candidate pipelines with the lowest combined PTX and HTX mean absolute error, with the best-performing
candidate from the remaining configurations shown for comparison.

Threshold (mL) Sensitivity MAE (mL)

Rank Configuration PTX HTX PTX HTX PTX HTX Combined

1 3D full-resolution 3 40 0.986 0.910 8.80 23.83 16.32
2 3D full-resolution 2 40 0.986 0.910 8.83 23.83 16.33
3 3D full-resolution 1.5 40 0.986 0.910 8.85 23.83 16.34
4 3D full-resolution 1 40 0.986 0.910 8.88 23.83 16.36
5 3D full-resolution 0.5 40 0.986 0.910 8.90 23.83 16.37
6 3D full-resolution 0.25 40 0.986 0.910 8.92 23.83 16.38
7 3D full-resolution 0.1 40 1.000 0.910 8.93 23.83 16.38
8 3D full-resolution 0 40 1.000 0.910 8.94 23.83 16.39
9 3D full-resolution 3 30 0.986 0.955 8.80 24.85 16.83
10 3D full-resolution 2 30 0.986 0.955 8.83 24.85 16.84

– 2D + 3D ensemble 1 20 0.986 0.955 6.95 35.20 21.07
– 2D 0.5 10 0.971 0.910 7.44 44.46 25.95

The selected pipeline is shown in bold. The unranked rows show the eligible pipeline with the lowest combined MAE for each of the two remaining
configurations. HTX, haemothorax; MAE, mean absolute error; PTX, pneumothorax.
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B
Pulmonary contusion assessment protocol

The following sections reproduce the pulmonary contusion assessment guidance provided to the clinical observers.
Software-specific instructions were omitted.

B.1. Assessment purpose

Observers assessed 47 CT scans for the extent of pulmonary contusion. Each lung was divided into six predefined
regions, resulting in twelve regions per patient. For each region, observers assigned a pulmonary contusion percentage
ranging from 0% to 100%.

B.2. Definition and interpretation

Pulmonary contusion was defined on CT as poorly demarcated areas of increased pulmonary density, presenting as
ground-glass opacity or consolidation, generally without clear volume loss and often with a patchy distribution.
Observers were instructed to score abnormalities that they would clinically interpret as traumatic pulmonary contusion.
Similar parenchymal abnormalities, such as atelectatic changes, could also be encountered. Observers were therefore
instructed to apply their clinical interpretation consistently across all patients.

B.3. Assessment of contusion extent

For each of the twelve lung regions, observers estimated the percentage of the region affected by pulmonary contusion.
The percentage represented the spatial extent of the abnormality throughout the region rather than its intensity on an
individual CT slice.
Observers were instructed to scroll through the complete region in at least the axial plane before assigning a score.
Coronal and sagittal reconstructions could additionally be used when considered helpful.

B.4. Percentage scoring guidance

Pulmonary contusion extent was recorded on a continuous scale from 0% to 100%. The following values were provided
as guidance for interpretation of the scale:

• 0%: no pulmonary contusion;

• 10–20%: small areas of pulmonary contusion;

• 25–40%: pulmonary contusion clearly present, involving less than half of the region;

• 50–75%: a large proportion of the region affected;

• > 75%: almost the entire region affected.

These values served only as guidance and were not predefined scoring categories. Observers could assign any percent-
age between 0% and 100%.

B.5. Assessment instructions

Observers were instructed to:

• scroll through the complete extent of each region before assigning a score;

• assess each region independently;

• use rounded percentage estimates, generally in increments of approximately 5–10 percentage points;
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B. Pulmonary contusion assessment protocol 25

• avoid unnecessary numerical precision, for example preferring 40% or 45% over 43%;

• apply a consistent interpretation and scoring scale throughout the complete assessment set; and

• consider that the assessment set could contain CT scans without pulmonary contusion.

B.6. Reference examples

The following CT examples were provided to the clinical observers as visual guidance for the interpretation of pul-
monary contusion.

(a) (b) (c)

Figure 14: Reference CT examples of pulmonary contusion provided to the clinical observers as part of the pulmonary contusion
assessment instructions.



C
Detailed pulmonary contusion observer analysis

This appendix provides additional methodological detail and descriptive results for the exploratory analyses of observer
disagreement across pulmonary contusion severity.

C.1. Interobserver disagreement across severity

For the analysis of interobserver disagreement across pulmonary contusion severity, each observer was compared with
a leave-one-observer-out consensus. For observer j, the leave-one-observer-out consensus for segment iwas calculated
as

Ci,−j =

∑
k ̸=j xik

5
,

where xik denotes the pulmonary contusion percentage assigned to segment i by observer k, and Ci,−j denotes the
corresponding consensus score excluding observer j.
Absolute disagreement Dij was defined as

Dij = |xij − Ci,−j | .

Segments were grouped according to their leave-one-observer-out consensus score into four severity categories: 0%,
> 0–< 10%, 10–< 30% and ≥ 30%.
For descriptive comparison across severity, segment-level absolute disagreements were averaged within each patient,
observer and severity category. Each patient–observer combination therefore contributed at most one value per severity
category. The resulting values were summarised using the median and interquartile range (Table 15).

Table 15: Interobserver disagreement across pulmonary contusion severity categories.

Severity category n Median absolute
disagreement [IQR] (pp)

0% 182 0.00 [0.00–0.00]
> 0–< 10% 254 3.07 [2.13–4.68]
10–< 30% 221 8.33 [4.67–14.00]
≥ 30% 148 17.71 [9.62–26.98]

IQR, interquartile range; pp, percentage points. n represents patient–observer combinations contributing to each severity category.

C.2. Intraobserver disagreement across severity

For the intraobserver severity analysis, pulmonary contusion severity was defined using the mean round-1 score of all
six clinical observers for each segment:

C
(1)
i =

1

6

6∑
j=1

x
(1)
ij ,

where x(1)
ij denotes the round-1 pulmonary contusion percentage assigned to segment i by observer j, and C(1)

i denotes
the corresponding six-observer round-1 consensus score.
Absolute round-to-round disagreement for each repeated observer was calculated as

26



C. Detailed pulmonary contusion observer analysis 27

Di =
∣∣∣x(2)

i − x
(1)
i

∣∣∣ ,
where x(1)

i and x(2)
i denote that observer’s first- and second-round scores for segment i, respectively.

For descriptive visualisation, segments were grouped according to the six-observer round-1 consensus into four severity
categories: < 5%, 5–< 15%, 15–< 30% and ≥ 30%.
The association between pulmonary contusion severity and absolute round-to-round disagreement was additionally
quantified separately for each repeated observer using Spearman’s rank correlation coefficient. The correlation was
calculated at the segment level using the continuous six-observer round-1 consensus score rather than the categorical
severity groups.



D
Validation of student pulmonary contusion

annotations

This appendix provides additional methodological detail on the validation of the student pulmonary contusion assess-
ments against the assessments of the six clinical observers.

D.1. Reference and comparison measures

For each segment i, the clinical consensus score was defined as the mean pulmonary contusion percentage assigned by
the six clinical observers:

Ci =
1

6

6∑
j=1

xij ,

where xij denotes the pulmonary contusion percentage assigned to segment i by clinical observer j, and Ci denotes the
corresponding six-observer clinical consensus score.
To estimate the disagreement expected for an individual clinical observer, each observer was additionally compared
with a leave-one-observer-out consensus. For observer j, this consensus was calculated as

Ci,−j =

∑
k ̸=j xik

5
,

where Ci,−j denotes the consensus score for segment i after excluding observer j.
The mean absolute error for clinical observer j relative to the corresponding leave-one-observer-out consensus was
calculated as

MAEj =
1

n

n∑
i=1

|xij − Ci,−j | .

The clinical observer benchmark was subsequently defined as the mean of the six individual leave-one-observer-out
MAEs:

MAEclinical =
1

6

6∑
j=1

MAEj .

The student MAE was calculated relative to the six-observer clinical consensus:

MAEstudent =
1

n

n∑
i=1

|si − Ci| ,

where si denotes the pulmonary contusion percentage assigned by the student to segment i.
The relative magnitude of student disagreement was expressed as

MAEratio =
MAEstudent

MAEclinical
.

A ratio of 1 therefore indicated that the student’s mean absolute disagreement from the clinical consensus was equal to
the mean disagreement observed for an individual clinical observer relative to the remaining clinical observers.
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Table 16: Mean absolute disagreement of the student and individual clinical observers relative to their respective consensus scores.

Assessment MAE (pp)

Clinical observer 1 5.77
Clinical observer 2 10.23
Clinical observer 3 8.12
Clinical observer 4 7.69
Clinical observer 5 12.67
Clinical observer 6 5.68

Mean clinical observer 8.36
Student 8.41

MAE, mean absolute error; pp, percentage points. For each clinical observer, MAE was calculated relative to the mean assessment
of the remaining five clinical observers. Student MAE was calculated relative to the mean assessment of all six clinical observers.

The mean leave-one-observer-out MAE across the six clinical observers was 8.36 percentage points, compared with
8.41 percentage points for the student, resulting in an MAE ratio of 1.006.

D.2. Bias and observer-range coverage

Mean bias of the student assessments relative to the clinical consensus was defined as

Biasstudent =
1

n

n∑
i=1

(si − Ci) .

For validation, the absolute value of this mean bias was used, such that the criterion reflected the magnitude rather than
the direction of systematic disagreement.
Observer-range coverage quantified the proportion of student assessments that fell within the range of scores assigned
by the six clinical observers. For each segment, the clinical observer range was defined as[

min
j
(xij),max

j
(xij)

]
.

Observer-range coverage was calculated as

1

n

n∑
i=1

I
[
min
j
(xij) ≤ si ≤ max

j
(xij)

]
× 100%,

where I denotes the indicator function.

D.3. Rationale for the predefined acceptance criteria

The validation criteria were defined a priori to evaluate complementary aspects of comparability between the student
and clinical observer assessments. The ICC(A,1) threshold of 0.50 corresponded to the lower bound for moderate
agreement according to Koo and Li [43]. The MAE-ratio threshold of 1.10 was chosen to require the student’s absolute
disagreement to remain within 10% of the mean disagreement observed for an individual clinical observer.
The thresholds for absolute mean bias and observer-range coverage were pragmatic study-specific criteria. An absolute
mean bias threshold of 5 percentage points was used to limit systematic deviation of the student assessments from
the clinical consensus. Observer-range coverage was included as a complementary measure of whether individual
student assessments remained within the variability observed among the six clinical observers, with a threshold of
80% requiring this for the large majority of assessments. These thresholds were not derived from established external
validation standards.



E
Detailed pulmonary contusion

training-configuration performance

This appendix provides complete cross-validation results for the training configurations evaluated during pulmonary
contusion model development and additional performance metrics for the final model on the independent test set.

E.1. Training-configuration performance

Complete cross-validation performance results for the evaluated loss functions and batch sizes are presented in Table 17.
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Table 17: Cross-validation performance of the evaluated pulmonary contusion training configurations. Error and bias metrics are reported in percentage points. Severity-specific MAEs were calculated
according to the patient-level reference pulmonary contusion percentage.

Objective BS
Patient
MAE

Patient
RMSE

Segment
MAE

Segment
RMSE

Pearson
r Slope Intercept Bias

SD
ratio

Prediction
min

Prediction
max

MAE
< 18%

MAE
18–24%

MAE
> 24%

Bias
> 24%

MSE 1 8.69 11.43 12.85 18.04 0.651 0.313 9.06 -1.66 0.480 1.10 35.01 5.88 5.54 19.09 -19.09
MSE 2 6.79 8.07 11.99 16.28 0.841 0.630 7.03 1.27 0.749 0.00 51.85 6.19 3.37 10.74 -10.74
MSE 4 6.46 7.90 11.60 16.14 0.858 0.590 7.08 0.69 0.688 0.27 45.20 5.48 2.66 11.80 -11.80
MSE 8 6.31 7.75 11.34 16.20 0.864 0.594 6.48 0.16 0.688 0.06 47.35 5.04 3.09 12.16 -12.16

Huber 2 6.77 8.77 10.19 16.33 0.835 0.602 3.01 -3.20 0.721 0.95 49.46 3.82 7.40 15.22 -15.22
Huber 4 6.26 8.42 10.24 16.29 0.844 0.638 2.70 -2.94 0.756 0.29 52.60 3.48 7.34 13.93 -13.93
Huber 8 6.41 8.78 10.14 16.36 0.864 0.572 2.82 -3.86 0.662 0.29 44.74 3.16 6.15 16.33 -16.33

DenseWeight 2 6.19 7.75 11.88 16.47 0.859 0.712 6.59 2.09 0.829 0.78 56.87 6.11 3.52 8.08 -8.08
DenseWeight 4 6.40 7.65 11.77 16.26 0.869 0.669 7.32 2.15 0.770 0.24 52.20 6.19 3.79 8.64 -8.64
DenseWeight 8 6.30 7.58 11.55 16.11 0.869 0.639 7.01 1.39 0.736 0.10 50.07 5.69 3.27 10.04 -10.04

Balanced MSE 8 9.54 11.29 14.42 18.21 0.741 0.471 13.71 5.45 0.635 0.84 46.69 10.54 5.24 9.23 -9.23
BS, batch size; MAE, mean absolute error; MSE, mean squared error; RMSE, root mean squared error; SD, standard deviation. The selected training configuration is shown in bold.
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E.2. Independent test-set performance

Additional segment- and patient-level performance metrics for the final pulmonary contusion model on the independent
test set are presented in Table 18.

Table 18: Detailed performance of the final pulmonary contusion model on the independent test set. Error and bias metrics are
reported in percentage points.

Metric Segment level Patient level

n 120 10
MAE (pp) 10.23 5.70
RMSE (pp) 14.27 6.29
Mean bias (pp) 2.32 2.32
Pearson r 0.654 0.904
Spearman ρ 0.729 0.964
Calibration slope 0.500 0.677
Calibration intercept (pp) 10.27 7.46
SD ratio 0.764 0.749
Prediction range (%) 0.0–60.1 3.0–37.8

MAE, mean absolute error; pp, percentage points; RMSE, root mean squared error; SD, standard deviation. At segment
level, n represents lung regions; at patient level, n represents patients.



F
Original pneumonia prediction model feature

importance

For comparison with the matched pneumonia prediction model presented in the main results, SHAP-based feature
importance for the original clinical-only and combined clinical–radiological models is shown in Figure 15.

(A) (B)

(C) (D)

Figure 15: SHAP-based feature importance for the original pneumonia prediction models. (A–B) Clinical-only model. (C–D)
Combined clinical–radiological model.
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