{]{N Interdisciplinary Journal of Virtual Learning in Medical Sciences

Original Article

Deep Learning Model for Pneumothorax Detection in Chest
Radiographs: A Multicenter Retrospective Cross-Sectional
Study

Reza Ibrahimi!,® Mohammad Reza Azimi-Aval®® Jalal Karger®, Seyed Zia Hejripour?, Behrang
Rezvani Kakhki', Reza Gerami?, Hojat Ebrahiminik®

'Department of Emergency Medicine, School of Medicine, Mashhad University of Medical Sciences, Mashhad, Iran

’Radiation Sciences Research Center, AJA University of Medical Sciences, Tehran, Iran

*Department of Radiology, Faculty of Medicine, AJA University of Medical Sciences, Tehran, Iran

*Department of Emergency Medicine, Be-sat Hospital, AJA University of Medical Sciences, Tehran, Iran

*Department of Interventional Radiology and Radiation Sciences Research Center, Aja University of Medical Sciences, Tehran, Iran

ABSTRACT

Background: Pneumothorax is a common clinical condition
characterized by the presence of air within the pleural space, occurring
in about half of chest trauma cases. Its clinical presentation ranges
from asymptomatic cases to severe conditions causing hemodynamic
instability or death. Deep learning models offer transformative potential
for both clinical diagnosis and medical education through automated
detection and interactive training tools. This study sought to evaluate
deep learning models for detecting pneumothorax in Chest Radiographs
(CXRs), assessing their diagnostic accuracy and potential to enhance
medical education.

Methods: This retrospective cross-sectional study was conducted
between February 2022 and September 2023 to assess the performance
of four deep learning models for pneumothorax detection: Mask Region-
based Convolutional Neural Network (Mask R-CNN), Deep Labelling
version 3 (DeepLabv3), You Only Look Once version 8 (YOLOVS), and
the U-shaped CNN model (U-Net). The evaluation was conducted using
20,000 chest X-ray images sourced from three hospitals in Iran, along
with three open source datasets, including PTX-498, PTX-227, and
SIIM-ACR-Pneumothorax. Images were labeled by consensus from two
radiologists and two traumatologists. Rather than applying a conventional
percentage-based split, a tiered data strategy was applied: internal datasets
for training and validation, and external datasets (CheXpert and NIH) for
independent testing to verify generalizability. Each model was trained to
detect pneumothorax by extracting features and performing segmentation.
Performance was evaluated using sensitivity, specificity, precision, recall,
and Fl-score. The outputs were analyzed for integration into virtual
learning platforms to train medical students in diagnosing pneumothorax.
Results: The YOLOv8 algorithm showed the best performance for
detecting and localizing pneumothorax, achieving an F1 score of 0.68.
The final model’s precision was 0.79, and a recall of 0.60, and it worked
best on chest X-ray images with 1024x1024 resolution, particularly
showing greater accuracy in identifying larger pneumothoraces.
Conclusion: Integration of YOLOv8 into medical education has
the potential to improve diagnostic training via interactive Al-
based simulations. However, challenges remain in detecting smaller
pneumothoraces, highlighting the need for further optimization.
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Introduction

Pneumothorax, defined as  the
accumulation of air between the visceral and
parietal pleura, can result in the separation
of the lung from the thoracic wall. This
condition is of significant clinical concern
worldwide, presenting with a broad spectrum
of symptoms ranging from asymptomatic
cases to severe respiratory distress and
hemodynamic instability (1). Pneumothorax
is typically classified as either traumatic or
spontaneous, with chest pain and dyspnea
being the most common symptoms (2).
Diagnosis is commonly made through chest
X-ray, ultrasound, Computed Tomography
(CT) scan, or clinical observation, particularly
after air extraction and symptom relief from
needle thoracostomy (3).

While pneumothorax can be life-
threatening, especially in trauma patients, its
timely diagnosis is critical. Chest trauma is
seen in approximately 60% of multiple trauma
patients, and pneumothorax occurs in about
half of these individuals, contributing to a
10% mortality rate (4, 5). Early identification
is challenging, as chest X-ray interpretation
can be inconsistent among clinicians due
to the complex anatomy and subtle signs of
pneumothorax (6). Moreover, about 20% of
pneumothoraces are missed on chest X-ray,
and occult pneumothorax, visible on CT but
not on X-ray, occurs in 30% of severe chest
trauma cases (7, 8). This situation increases the
dependence on CT imaging, raising concerns
about cost, radiation exposure, and delayed
diagnosis in emergency settings (9, 10).

Artificial intelligence (Al) offers
transformative potential in medical education
by providing virtual learning environments
where students can practice diagnostic skills.
Deep learning models, such as Convolutional
Neural Networks (CNNs), can simulate real-
world diagnostic scenarios, enhancing training
for medical students and residents. Recent
advancements in Al have shown promising
results in Computer-Aided Diagnosis (CAD),
particularly in radiology. The CNNs have
contributed significantly to improving
diagnostic accuracy in cardiothoracic
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imaging, a field that includes chest X-rays,
which are among the most commonly
performed radiologic procedures (6).
However, several technical challenges persist
in developing Al models for pneumothorax
detection. The appearance of pneumothorax
on chest X-rays can be subtle and varies
greatly, which makes accurate segmentation
quite challenging (11). Chest radiographs
often contain noise from scattered radiation,
patient movement, or medical devices (such
as tubes and lines), which can either mimic
or obscure the features of pneumothorax
(12). Additionally, pneumothorax cases are
relatively rare compared to standard chest
X-rays, leading to class imbalances that can
negatively impact model performance (13).
Despite these challenges, AI models have
demonstrated performance comparable to that
of specialists in identifying various thoracic
conditions, such as pulmonary nodules,
pneumonia, and tuberculosis (14, 15). This
automated analysis capability addresses key
limitations of traditional diagnostic methods
by reducing reliance on subjective expert
interpretation and minimizing resource-
intensive manual procedures. Recent research
has concentrated on various models tailored to
different medical urgencies and emergencies.
Consistent with our findings, some studies
reported that the YOLO model had high
accuracy in detecting pathologies in chest
X-rays (16, 17). In medical education, these
models can be integrated into interactive
platforms, allowing learners to analyze
Chest Radiographs (CXRs), receive real-time
feedback, and improve diagnostic proficiency.

Nevertheless, many existing studies
rely on open-source datasets and lack true
external validation, limiting the real-world
applicability of their models. For instance, a
study by Kitamura and colleagues reported
significant performance degradation when
a model was tested on an external dataset
(18). Furthermore, many Al models do not
include segmentation of the pathology, which
is crucial for localizing pneumothorax (19).
Some models, such as Lunit Insight, have been
commercially developed, but their datasets are
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often small and geographically limited, which
can hinder their generalizability (19). This
study addresses these gaps by developing an
Al model for pneumothorax detection using
diverse datasets and rigorous validation,
while exploring its application in medical
education to train future clinicians through
virtual simulations. The model was trained
using a diverse set of images from both
native and open source datasets to enhance
generalizability, and evaluated through both
internal and external validation to ensure
reliability and segmentation capabilities.

Methods
Study Design and Setting

This retrospective cross-sectional study
analyzed a dataset consisting of approximately
20,000 CXRs collected between February 4,
2023, and September 20, 2024, to assess the
performance of four deep learning models for
pneumothorax detection. The majority of the
images were gathered from trauma patients
who were referred to three hospitals: Besat,
Imam Reza, and Hasheminejad, located in
the cities of Mashhad and Tehran, IRAN.
Additional images were sourced from publicly
available datasets, including PTX-498, PTX-
227, and SIIM-ACR-Pneumothorax.

Participants and Sampling

The sample size was determined based on
the theoretical Vapnik—Chervonenkis (VC)
dimension of the CNN model, as described by
D’Souza and colleagues (20). The inclusion
criteria encompassed chest radiographs from
trauma patients aged 18 years and older with
confirmed pneumothorax (PTX) diagnoses.
Exclusion criteria included incomplete
imaging data and unclear CXRs. Control
images were randomly selected at a 4:1 ratio
to ensure balance between PTX-positive
and PTX-negative samples. All images
were reviewed and labeled by a consensus
of two experienced radiologists and two
traumatologists. To ensure consistency
across model comparisons, all images
were resized to three standard resolutions:
640x640, 840%840, and 1024x1024 pixels.

Rather than applying a conventional 70/15/15
split for training, validation, and testing, we
implemented a tiered data strategy. Internal
datasets—including PTX-227, PTX-498,
SIIM-ACR, and images from Besat, Imam
Reza, and Hasheminejad hospitals—were
used for training and validation. External
testing was exclusively performed on 300
PTX-positive cases from CheXpert and NTH
datasets to assess generalizability across
institutions, imaging protocols, and patient
populations. This stratified division was
consistently applied to all resolution-specific
subsets to maintain comparable conditions
for model development and evaluation. The
tiered design was selected to mitigate dataset-
specific biases and to simulate real-world
deployment scenarios, where models are
often exposed to data distributions different
from those seen during training,.

Tools / Instruments

The primary tool used in this study was
a CNN-based deep learning algorithm. This
architecture included four convolutional layers
(kernel size=3x3, stride=1, ReLU activation)
and three fully connected layers (512, 256, and
2 neurons with Softmax activation), designed
to perform segmentation, feature extraction,
and classification of PTX regions in CXRs.
Batch normalization was applied after each
convolutional layer. The study employed the
following segmentation models:

U-Net

U-Net is a neural network architecture
specifically designed for segmentation
tasks and has been widely applied in chest
radiography studies (6, 11). The term
“U-Net” is derived from the architecture’s
design, which resembles the letter “U” when
depicted visually. Its U-shaped encoder—
decoder structure enables precise pixel-wise
segmentation, which is particularly valuable
in CXRs where pneumothorax boundaries
are subtle and often linear or discontinuous.
In our study, U-Net provided a benchmark
for evaluating whether detailed pixel-level
feature extraction could delineate the pleural
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line despite the known limitations of portable
CXR imaging, such as noise and overlapping
anatomical structures.

DeepLabV3

Deep Labelling V3 (DeepLabV3), which
is designed for semantic image segmentation
using atrous convolution and multi-scale
feature extraction, has demonstrated improved
recognition of variable-sized regions in
thoracic imaging. This model was particularly
suitable for detecting pneumothorax, as PTX
manifestations range from very small apical
collections to large hemithorax collapses,
and subtle findings may be obscured by
ribs or devices. Incorporating DeepLabV3
enabled us to explore whether its multi-scale
contextual learning improves sensitivity to
these size and positional variations, which are
frequently identified as challenges in previous
studies.

Mask R-CNN

Mask Region-based Convolutional
Neural Network (Mask R-CNN) provides
both bounding-box detection and instance
segmentation, addressing acommon limitation
in many earlier pneumothorax studies that
were unable to localize the affected areas (19).
In trauma cases, which often present multiple
pneumothorax sites along with interfering
elements like chest tubes and monitoring
lines, Mask R-CNN facilitates simultaneous
localization and segmentation even in
complex imaging scenarios, making it well-
suited for addressing the practical challenges
encountered in CXR interpretation.

YOLOv8

You Only Look Once version 8 (YOLOVS)
is a real-time object detection system. YOLO
models have been repeatedly reported in
recent studies to achieve high accuracy in
detecting thoracic pathologies in CXRs while
maintaining real-time performance (16, 17).
We selected YOLO for its specific optimization
in both speed and accuracy. This choice aligns
with the clinical fact that pneumothorax is a
time-sensitive condition where rapid detection
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is critical, as well as with our study’s aim of
integrating Al into medical education platforms
for interactive learning.

Data Collection

The data collection process involved
retrospective review and annotation of
CXRs by radiologists and traumatologists.
The datasets used are described in detail as
follows:
» PTX-498 Dataset: Initially contained
498 images; 87 false-positive images were
excluded after a radiologist review.
o PTX-227 Dataset: Initially contained
227 images; 18 false-positive images were
excluded after review.
» SIIM-ACR-Pneumothorax: This dataset
contained 12,047 CXRs and mask images,
including 3,576 PTX cases. Labels were
initially generated using Natural Language
Processing (NLP) and validated by two
radiologists. Ultimately, a total of 2,156
images were confirmed as true positives,
while the remainder were excluded. False
negatives were negligible during the review.
* Besat Hospital Dataset: A total of 3,000
images were retrospectively collected over
six months from the trauma and emergency
departments. An experienced traumatologist
identified 158 PTX-positive cases, which
were subsequently confirmed through
consensus reviews by two radiologists and
a pulmonologist.
e Imam Reza Hospital Dataset: A total of
4,000 images were prospectively collected
over the course of a year and screened by
an experienced radiologist. Since this was
a general hospital, not limited to trauma
patients, only 88 images were identified as
positive for PTX.
* Hasheminejad Hospital Dataset: A total
of 4,000 images were collected over six
months from the emergency department.
An experienced traumatologist identified
169 PTX-positive images, confirmed by
CONSensus review.

Validity and Reliability
To assess generalizability, two publicly
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available datasets—CheXpert and NIH—
were reserved exclusively for external
testing and were not used during model
training or internal validation. From the
CheXpert dataset, comprising over 190,000
anteroposterior CXRs, 150 PTX-positive
images were randomly selected through
visual inspection. Similarly, the NIH dataset,
containing 120,000 CXRs depicting various
pathologies, provided 150 PTX-positive
images selected through visual assessment.
Additionally, 800 negatively labeled images
were randomly sampled as controls from both
datasets.

The models were trained for 200 epochs
with a patience value of 25 and optimized
using the following loss functions:

» Segmentation: Binary Cross-Entropy.

* Bounding Box Localization: Complete
Intersection over Union (CloU).

* Classification: Categorical Cross-Entropy.

To maximize the reliability, all images were
annotated via consensus by two experienced
radiologists and two traumatologists. This
multi-expert labeling reduced inter-observer
variability and ensured consistentidentification
and delineation of pneumothorax regions.
Cases with unclear or incomplete imaging
were excluded to maintain data quality.

Prior to analysis, the data underwent
preprocessing to improve image quality
and enhance the robustness of the model.
This process involved normalization,
noise reduction using MedianBlur
from Albumentations, and various data
augmentation techniques such as rotation,
horizontal flipping, contrast and brightness
adjustments, gamma correction, elastic
transformations, grid distortions, and
optical distortions to simulate real-world
variability.

Data Analysis

The dataset was split into training,
validation, and testing sets to optimize the
performance and generalizability of the deep
learning models. It was comprised of a total
of 3,191 cases, and 12,764 control images.
The training dataset included 2,934 images

distributed as follows: 209 cases from PTX-
227, 411 cases from PTX-498, 2,156 cases from
SIIM-ACR-Pneumothorax, and 158 cases from
the Besat Hospital dataset. A total of 257 cases
were used to validate and fine tune the model, in
which Imam Reza and Hashemi Nejad hospitals
contributed 88 and 169 cases respectively. As for
the test set, external testing was performed on
300 PTX-positive cases equally selected from
Chexpert and NIH datasets by visual inspection.
During training, class imbalance was addressed
through weighted loss functions (positive
class weight=4) and balanced batch sampling,
while preserving the natural 4:1 distribution in
test sets. Additionally, performance metrics,
including sensitivity, specificity, precision,
recall, and F1-score, were calculated to evaluate
the models’ diagnostic accuracy. All analyses
were performed using Python 3.9 on Ubuntu
20.04 LTS, employing PyTorch 1.10.0 with
torchvision 0.11.0 for U-Net, DeepLabv3, and
Mask R-CNN architectures, the Ultralytics
YOLOVS 8.2.93 package, Albumentations 1.1.0
for data augmentation, and an NVIDIA RTX
3090 GPU with 24GB VRAM accelerated by
CUDA 11.7.

Ethics - The study received ethical
approval from the Ethics Committee of AJA
University of Medical Sciences, Tehran,
Iran. Informed consent was waived due to
the retrospective nature of the study and
the use of anonymized data. All data were
handled in accordance with relevant ethical
guidelines to ensure patient confidentiality
and data security. All patient information
was anonymized at the point of collection
by removing sensitive data, including names,
IDs, and examination dates.

Results

The performance of the segmentation
models, including U-Net, DeepLabv3, Mask
R-CNN, and YOLOVS, was evaluated using
various image resolutions and confidence
scores. As shown in Table 1 and Figure 1,
the U-Net model was trained with a resolution
of 840x840 pixels. It demonstrated limited
performance in segmenting PTX regions,
with low recall and moderate precision.
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Table 1: Performance metrics for different seimentation models across various imaie resolutions

DeepLabv3: Deep Labelling Version 3; Mask R-CNN: Mask Region-based Convolutional Neural
Network; YOLOVS: You Only Look Once version 8; U-Net: U-Shaped Convolutional Neural Network
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Figure 1: Segmentation loss function for U-Net, DeepLabv3, and Mask R-CNN. DeepLabv3: Deep
Labelling Version 3; Mask R-CNN: Mask Region-based Convolutional Neural Network; U-Net:
U-Shaped Convolutional Neural Network.

The DeepLabv3 model achieved slightly better and precision across all tested configurations
precision compared to U-Net but exhibited (Figure 2).

similar limitations in recall, indicating Various confidence thresholds were tested
challenges in detecting all positive regions. for the classification task to identify the
The Mask R-CNN model demonstrated optimal balance between precision and recall.
superior segmentation performance compared The optimal probability score for classifying
to U-Net and DeepLabv3, achieving the pneumothorax was empirically determined
highest Fl-score among the three. However, to be 0.03 after evaluating precision-
recall remained suboptimal, highlighting the recall trade-offs across multiple scores. At
need for further optimization. The YOLOvV8 this score, the model achieved balanced
model was evaluated at three image resolutions performance (precision=0.82, recall=0.82,
(640640, 840x840, and 1024x1024 pixels, and F1=0.82). Higher thresholds increased
with the best results obtained at 1024x1024 precision but reduced recall, which is crucial
pixels, where it achieved the highest F1-score for maintaining clinical sensitivity (Table 2).

~
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Figure 2: The segmentation loss and classification loss during the training and validation phases of the
YOLOv8 model. *YOLOVS: You Only Look Once version 8.

Table 2: Performance metrics for classification across different confidence thresholds

0.30 0.94 0.39 0.55
0.10 0.81 0.56 0.66
0.05 0.76 0.66 0.70
0.01 0.61 0.82 0.70
The YOLOvVS8 model with a resolution of significant issue in previous studies, where
10241024 pixels showed the best segmentation high precision often compromised the
performance, achieving an Fl-score of 0.68. clinically important aspect of sensitivity.
The classification task achieved the highest Due to institutional and clinical resource
overall performance at a confidence threshold constraints, efforts focused on the most
of 0.03, with precision, recall, and F1-score all effective outcome. Initially, a baseline
equal to 0.82. Moreover, a higher confidence comparison was established, where all
threshold improved precision but significantly models were compared at a uniform 840x840
decreased recall, which is a critical metric for resolution. At this benchmark, YOLOvVS (F1-
clinical applications. score of 0.52) significantly outperformed all
other models, thereby making it the most
Discussion logical candidate for further evaluation.
The results of this study demonstrated Higher resolutions like 1024x1024 demand
that YOLOVS outperforms other prominent significantly greater computational resources
segmentation models, such as U-Net, and can lead to memory bottlenecks and

DeepLabv3, and Mask R-CNN, in detecting a reduction in usable batch size (20, 21).
pneumothorax. It achieved its highest F1-score U-Net, DeepLabv3, and Mask R-CNN

of 0.68 at a resolution of 1024x1024 pixels, models all rely on more complex, multi-
which represents a 70% to 94% improvement stage architectures that are inherently slower
over competing architectures. Notably, the and more computationally taxing, making
model demonstrated a balanced precision of them ill-suited for high-resolution (22). In

0.79 and a recall of 0.60. This addresses a contrast, YOLOv8’s single-stage architecture

Co
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is renowned for its efficiency and speed,
allowing it to scale more effectively to higher
resolutions without the same performance
penalties. The exclusive evaluation of
YOLOVS8 at 1024x1024 warranted the dual
benefit of superior accuracy and computational
feasibility for general clinical use.

For classification, an optimal confidence
threshold of 0.03 was identified, yielding
a well-balanced precision, recall, and F1-
score of 0.82 each. This balance is critical
in practice, as low recall risks missing
diagnoses. These findings underscore
YOLOVS8’s potential as a fast, accurate, and
deployable CAD solution for pneumothorax
detection, especially due to its web-based,
real-time inference capabilities.

Early detection is critical in managing
time-sensitive medical conditions, and
pneumothorax is no exception. Timely
diagnosis and treatment of tension
pneumothorax can significantly reduce
mortality rates, which range from 3% to 7%
when treated promptly but escalate to over
90% in cases of delayed or inappropriate
management (23). Given the straightforward
and cost-effective treatment options for
pneumothorax, enhancing diagnostic
efficiency is vital. CAD systems have emerged
as promising tools, offering the potential to
reduce diagnostic time and improve patient
outcomes drastically (24). For instance, one
study demonstrated a significant reduction
in pneumothorax diagnosis time from 9.8+2
to 1£0.5 minutes using a CAD model (25).

Recent studies highlight the critical role
of Al in medical education, demonstrating
that it greatly enhances trainees’ accuracy in
diagnosing conditions across various imaging
modalities. This includes interpretations of
hip fracture X-rays, brain MRIs, clinical
reasoning exercises, and enhanced surgical
practices (26-29). Despite these advancements,
many algorithms in the field have been
developed for specific clinical scenarios, such
as post-procedural pneumothorax detection.

For instance, Park and colleagues
developed an algorithm using a dataset of
1,596 post-biopsy pneumothorax cases,

Interdiscip J Virtual Learn Med Sci 2025, Vol. 16, No. 3

achieving an AUC of 0.905. However, the
specificity of this model to post-procedural
pneumothorax limits its applicability to
broader populations, including trauma-
related cases (30). Aligning with our findings,
Tseng WC and colleagues also demonstrated
AT’s strong potential to enhance diagnostic
efficiency and accuracy, particularly in
complex and high-volume pneumothorax
detection on chest CXRs (31). Our study
aimed to address this gap by developing
a model trained on a diverse dataset with
rigorous labeling standards. Unlike many
other datasets used in CAD development,
which often rely on pre-labeled cases from
competitions, our dataset was annotated
through a consensus among two radiologists
and two traumatologists, ensuring a high
standard of reliability (7). This approach
enhanced the clinical relevance and
generalizability of our findings.

External validation remains a critical
challenge for CAD models. For instance, Kim
and colleagues (32) reported a sensitivity of
90% for their pneumothorax model during
internal validation, but this dropped to 69%
when benchmarked against CT scans, the
gold standard for diagnosis. This underscores
the importance of rigorous external validation
to assess the real-world utility of such models.

Additionally, the web-based, real-time
serving capability of our YOLOvV8 model
enhanced its clinical applicability, particularly
in controlled and monitored environments.
The confidence interval used in deployment
ensured reliable performance, making it a
practical tool for integration into clinical
workflows.

Other architectures, such as U-Net,
DeepLabv3, and Mask R-CNN, showed
varied performance, with specific strengths in
segmentation and precision metrics. However,
YOLOVS outperformed these models in terms
of overall accuracy and real-time diagnostic
potential.

Moving forward, efforts should focus on
improving the recall of the YOLOvVS model,
particularly for smaller pneumothoraces, and
exploring its integration into clinical practice
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for broader validation. The findings of this
study highlight the potential of CAD systems
to augment traditional diagnostic approaches,
ultimately contributing to better patient
outcomes through faster and more accurate
pneumothorax detection.

Limitations and Suggestions

This study faced several limitations. First,
while our comparison of four advanced
segmentation models provided robust
benchmarks, the predominance of native
datasets (79.8% of images) raises potential
concerns about overfitting to institution-
specific patterns and label noise from single-
center annotations. Second, variations in
image acquisition protocols and labeling
methods across datasets may introduce biases,
despite our rigorous validation process. Third,
hardware constraints limited resolution
standardization across models; for instance,
YOLOVS8 was evaluated at a resolution of
1024x1024, while the others used 840x840
resolution. Future works should incorporate
multicenter external validation and consensus
labeling to address these limitations.

Conclusion

The results of our study indicate that
the YOLOvS8-based model achieved a well-
balanced performance for pneumothorax
detection in trauma patients, with precision,
recall, and F1-score all at 0.82 at the optimal
threshold of 0.03. This model surpassed other
architectures in segmentation tasks, which
showed an Fl-score of 0.68 at 1024x1024
resolution. Although these findings highlight
the model’s promise for supporting radiologists
and emergency physicians in trauma care,
additional validation is necessary to confirm
its effectiveness and integration in real clinical
workflows.
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