
Original paper

Enhancing pulmonary embolism diagnosis: a squeeze-and-attention U-Net 
for precise detection and segmentation in CT angiography

Hanie Arabian a , Alireza Karimian a,* , Marjan Mansourian b, Alireza Dehghan c ,  
Ebrahim Etaati c, Hossein Arabi d , Habib Zaidi d,e,f,g

a Department of Biomedical Engineering, Faculty of Engineering, University of Isfahan, Isfahan, Iran
b Department of Epidemiology and Biostatistics, School of Health, Isfahan University of Medical Sciences, Isfahan, Iran
c Medical Imaging Research Center, Shiraz University of Medical Sciences, Shiraz, Iran
d Division of Nuclear Medicine & Molecular Imaging, Geneva University Hospital, CH-1211 Geneva, Switzerland
e Department of Nuclear Medicine and Molecular Imaging, University of Groningen, Groningen, Netherlands
f Department of Nuclear Medicine, Odense University Hospital, Odense, Denmark
g University Research and Innovation Center, Óbuda University, Budapest, Hungary
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A B S T R A C T

Objective: Pulmonary embolism (PE) is a life-threatening condition requiring rapid and accurate diagnosis. This 
study proposes a deep learning-based approach for automated PE segmentation, focusing on both pixel-level 
accuracy and clinical applicability. The objective is to enhance segmentation performance by incorporating 
Squeeze-and-Attention (SA) modules within the network architecture and to evaluate its generalizability on 
multi-center datasets.
Materials and Methods: A neural network architecture combining convolutional layers, Long Short-Term Memory 
(LSTM) units, and SA blocks was developed. The model was trained and evaluated using two publicly available 
PE datasets and two private datasets. Performance was assessed using five-fold cross-validation, hold-out testing, 
and ablation studies. Evaluation metrics are computed at pixel, slice, and lesion levels, both per-patient and per- 
slice.
Results: The results demonstrated a Dice similarity coefficient of 69.87% at the pixel level and 98.79% sensitivity 
at the lesion-level on the public dataset, indicating competitive segmentation accuracy. The incorporation of SA 
blocks significantly improved performance, increasing the Dice score by 7.58% while reducing both false positive 
and false negative rates. The model showed good generalizability across different imaging centers and scanner 
types.
Conclusion: The proposed model demonstrates acceptable accuracy in PE segmentation and robustness across 
diverse datasets. Its design and evaluation framework support its potential utility in clinical settings. However, 
accurate delineation of small emboli remains challenging, and further investigation is required to improve 
segmentation performance in such cases. Future work will focus on real-time deployment and integration into 
diagnostic workflows.

1. Introduction

Pulmonary embolism (PE) refers to the obstruction of the pulmonary 
arteries by a clot, which often originates from a thrombus that migrates 
to the pulmonary arteries from deep vein thrombosis (DVT) located in 
the lower limbs [1–3]. PE is both common and serious, often leading to 
complications such as breathing difficulties and cardiovascular issues 

[4–6]. Therefore, rapid diagnosis and treatment in patients with PE are 
essential, since its clinical manifestations are heterogeneous and often 
overlap with those of other conditions, complicating timely diagnosis 
and management [7–11].

PE is a prevalent medical condition affecting approximately 60 in
dividuals per 100,000 annually. This condition is particularly prevalent 
among hospitalized patients, those undergoing surgery, and those with a 
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history of venous thrombosis [8]. Clinicians identify pulmonary emboli, 
assess their severity, and plan treatment strategies based on clinical 
evaluation, ventilation–perfusion (V/Q) scanning, and computed to
mography pulmonary angiography (CTPA). Nevertheless, these meth
odologies have intrinsic limitations, including high costs, inter-observer 
variability influenced by the patient’s overall clinical condition, and the 
need for experienced radiologists [7,12,13].

To address these challenges, advancements in artificial intelligence 
(AI) and machine learning have introduced novel diagnostic method
ologies [4,14]. Due to the high complexity and spatial variability of 
pulmonary emboli in CTPA scans, deep neural networks, particularly 
convolutional architectures, offer superior capacity in learning hierar
chical and spatial features compared to conventional machine learning 
approaches. Among the advancements in this field, neural networks, 
especially convolutional neural networks (CNNs), have demonstrated 
remarkable efficacy in medical imaging analysis due to their ability to 
recognize intricate patterns that may evade human observation [15–17]. 
CNNs excel in image segmentation tasks and have demonstrated high 
accuracy in segmenting pulmonary emboli, thereby enabling the 
assessment of embolism severity and spatial distribution within the 
pulmonary vasculature [18]. This automation reduces the cognitive 
burden on radiologists and facilitates faster and more consistent diag
nostic workflows [19,20].

While existing AI-driven approaches have shown promising results, 
numerous challenges persist. Many existing models rely on high-quality 
training datasets that fail to adequately capture the diversity of real- 
world clinical settings, thereby limiting their generalizability. Addi
tionally, false positives and false negatives remain significant concerns, 
necessitating continuous improvement and validation of these models. 
For instance, Yang et al. (2019) introduced a two-stage CNN for the 
detection of PE in CTPA images, achieving a sensitivity of 75.4% with an 
average of two false positives per examination. However, their method 
encountered challenges regarding generalizability due to its reliance on 
high-quality training datasets [7]. Similarly, Huang et al. (2020) 
developed the PENet model, a 77-layer 3D convolutional neural 
network. The network demonstrated strong generalization across 
diverse datasets but exhibited a relatively high false positive rate, 
increasing the need for radiologists supervision [11,21]. In 2019, Yang 
et al. proposed a two-stage CNN-based ResNet architecture for PE 
detection (positive or negative). The proposed network achieved a 
sensitivity of 75.4 with a False Positive Rate (FPR) of 2 per scan on the 
CADPE [22] dataset. Since the dataset was limited to a single center, the 
results may not be fully generalizable, highlighting the need for vali
dation on multi-center datasets in future studies [7]. In 2020, Weikert 
et al. evaluated an AI-enhanced algorithm with a ResNet architecture for 
detecting PE in CTPA scans, reporting a sensitivity of 92.7% and a 
specificity of 95.5% on a private dataset. However, the reliance on 
single-institution data and differences in PE prevalence across centers 
raise concerns about its broad generalizability [23]. In 2021, Yuan et al. 
enhanced Faster R-CNN models based on ResNet architecture with 
additional modules, improving detection accuracy for small emboli. This 
approach significantly reduced false positives and achieved an average 
accuracy of 85.88% on a private dataset. However, its reliance on a 
small and non-public dataset raises concerns about its broader gener
alizability [24]. In 2021, Long et al. developed a Mask R-CNN incor
porating clinical information (such as most probable PE location) to 
detect and segment PE lesions, achieving a Dice score of 69.84 and an 
average precision (AP) of 37.55 on the FUMPE dataset [25,26]. In 2022, 
Huhtanen et al. developed a deep learning model with an 
InceptionResNet-V2 architecture, achieving a high sensitivity of 86.6% 
and a specificity of 93.5% despite using a poorly labeled private dataset. 
However, the study’s reliance on balanced datasets may not accurately 
reflect the clinical prevalence observed in real-world settings, high
lighting the need for further validation [8]. In 2022, Xiaotian et al. 
introduced a two-phase algorithm based on ResNet architecture to 
detect the presence of PE and classify its type or location, achieving a 

sensitivity of 86 on the RSNA dataset [27]. The model failed to detect 
some small PE lesions, mostly in the left lower lobe segmental and sub- 
segmental parts of the lung [28,29]. In 2022, Ajmera et al. proposed a 
2D U-Net architecture with an Xception encoder for automated PE 
detection, focusing on reducing missed diagnoses rather than precise 
lesion delineation, with a sensitivity of 80 and an accuracy of 76 on a 
private dataset [30]. In 2023, Xu et al. presented a deep learning model, 
Scaled-YOLOv4, for the automatic PE detection, achieving a recall of 
84.10 and an AP of 72.74 on the FUMPE dataset [26]. The findings 
revealed that Scaled-YOLOv4 can efficiently detect PE in real-time, 
assisting radiologists in making timely diagnoses and ultimately 
reducing the risk of delayed patient care [31]. In 2023, Khan et al. uti
lized a DenseNet201 framework to detect presence of PE on the RSNA 
dataset [27] and achieved a sensitivity of 88. This study used datasets 
containing only positive PE cases, leading to potential selection bias and 
limiting model’s generalizability in real-world applications [32]. In 
2023, Pu et al. proposed a novel algorithm based on R2-Unet to segment 
PE without manual outlining. The model achieved a Dice score of 67.6 
and a sensitivity of 62, with an FPR of 1.86 on a subset of the RSNA 
dataset [27,33]. In 2024, Silva et al. introduced an RNN based on 
InceptionResNet-V2 with LSTM blocks to detect PE in CT slices, 
achieving a stack-level sensitivity of 69 and a slice-level sensitivity of 56 
on the RSNA dataset [27,34]. In 2025, Amini et al. investigated fully 
automatic segmentation of acute pulmonary embolism, including nnU- 
Net and a transformer-based VT-UNet. The nnU-Net achieved a Dice 
similarity coefficient of 88.25 ± 10.19 and an average 95th percentile 
Hausdorff distance (HD95) of 10.57 ± 34.56 mm on a private CTPA 
dataset within a five-fold cross-validation framework [35].

A major limitation of current models is their reliance on homoge
neous datasets, which do not fully capture the demographic and clinical 
diversity present in real-world practice. Future models should incorpo
rate and utilize more diverse datasets to improve their generalizability. 
Despite the promising potential of AI-based models, challenges remain, 
including variations in image quality, noise, and the need for accurate 
segmentation of small or delicate emboli, which are critical for correct 
diagnosis and treatment planning.

This study, an extension of our previous work [36–38], aims to 
overcome the mentioned challenges by developing a robust neural 
network-based approach for automated PE diagnosis and segmentation. 
By leveraging advances in CNN architectures and addressing existing 
limitations, such as the diversity of datasets and high false positive rates, 
this research amis to improve diagnostic accuracy and optimize clinical 
workflows. In addition to pixel-wise embolus segmentation, slice-level 
detection was incorporated to reflect the practical workflow of inter
preting CTPA studies. Radiologists typically examine axial slices 
sequentially, and identifying the subset of slices containing emboli can 
meaningfully reduce reading time and facilitate early triage in emer
gency settings. Slice-level prediction, therefore, serves as an interme
diate decision layer between pixel-level analysis and patient-level 
diagnosis, and it enables direct comparison with previously published 
PE detection systems that report slice-wise sensitivity and false-positive 
rates. Integrating AI-based models in clinical practice may accelerate 
diagnosis, improve the efficiency of clinical workflows, and enhance 
outcomes through the early and accurate identification of pulmonary 
embolism. Additionally, it could offer a clinically solution that reduces 
the cognitive burden on radiologists. Furthermore, these advancements 
hold promise for broader applications in cardiovascular and pulmonary 
diagnostics.

2. Materials and methods

This study presents a robust method for automatic PE detection and 
segmentation using a modified U-Net CNN architecture. By combining 
advanced image processing and deep learning techniques, this method 
addresses challenges in PE detection, including the segmentation of 
small emboli and generalizability across diverse datasets. The study is 
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conducted in five main stages: data selection, image processing, data 
augmentation, model architecture design and training, and model 
evaluation on internal and external datasets. By utilizing a combination 
of public datasets, this study aims to ensure the diversity required to 
develop a generalizable model for clinical settings. The sequence of steps 
in this study's implementation process is described in the following 
sections, with each step detailed thoroughly.

2.1. Data selection

2.1.1. Public dataset
In this research, two publicly available datasets consisting of CTPA 

scans were used due to their diversity in patient demographics, imaging 
protocols, and anatomical variations. This dataset's diversity in imaging 
protocols, slice thicknesses, and annotation methods provides an 
excellent foundation for developing a robust and generalizable deep 
learning model.

Table S1 provides a detailed comparison of the characteristics of 
these datasets, highlighting differences in imaging protocols and patient 
characteristics (see supplementary material). As reported in Table S1, 
the first dataset, FUMPE, included CTPA images from 35 individual 
patients (33 with emboli), collected using Philips NeuViz 16 multi-slice 
helical CT scanners. Patients diagnosed with PE had clots either the main 
or peripheral arteries, with the smallest clot appearing in 15 slices. PE 
binary masks were annotated by two expert radiologists using a semi- 
automated image-processing software tool [26,39].

As highlighted in Table S1, the second dataset, CAD-PE, contains a 
larger number of slices per patient, which may be advantageous for 
training deep learning models. The CAD-PE comprises CTPA images 
from 91 patients (89 with emboli) collected from six different hospitals 
using Siemens Somatom Sensation 40 scanners. PE masks were anno
tated at least by one experienced radiologist, and each embolus in each 
mask is numbered [22].

2.1.2. Internal dataset
This study collected a dataset of CTPAs from two hospitals in Shiraz, 

Iran, consisting of 34 patients diagnosed with PE. The collected dataset 
was used exclusively for network performance evaluation and not for 
model training. The mean and standard deviation of patients’ ages were 
about 70 ± 15 yrs, including 16 males and 18 females. The CTPA scans 
were acquired using two different scanners with DICOM format: a Phi
lips 128-slice CT scanner with 1 mm slice thickness and a General 
Electric 16-slice CT scanner with 2.5 mm slice thickness. Table S2
summarizes the demographic and acquisition characteristics of the in
ternal dataset used for validation.

The standard of reference for the internal dataset was generated 
using 3D Slicer, a widely used open-source software for medical image 
processing, through a two-stage annotation protocol involving two ra
diologists: a board-certified expert with 12 years of experience and a 
second-year radiology resident. For approximately half of the cases, both 
annotators independently delineated pulmonary emboli on all positive 
slices. The two masks were subsequently combined using a hybrid 
union–intersection strategy, in which overlapping regions were retained 
as definitive emboli and marginal discrepancies were resolved through 
consensus to avoid loss of true-positive pixels. For the remaining cases, 
the resident produced the initial segmentation, which was then 
reviewed and refined by the expert radiologist to ensure consistency and 
anatomical correctness across slices.

The inter-observer agreement between the two annotators on a 
subset of independently segmented cases yielded a Dice coefficient of 
65.38, indicating moderate agreement. This value highlights the 
inherent variability of manual pulmonary embolism segmentation, 
particularly for small or peripheral emboli. It provides an important 
reference for interpreting the model’s performance on the private 
dataset.

2.2. Image processing

The online datasets were preprocessed before being fed into the 
neural network. As shown in Fig. 1, the voxel size was first resampled to 
1 × 1 × 1 mm3 and CT image intensities measured in Hounsfield Units 
(HUs). Given the focus of this study on pulmonary arteries in the pres
ence of a contrast agent, pixel intensities exceeding 2100 were clipped at 
2100, and the images were normalized using the min–max method. To 
remove redundant regions from the input images, Otsu thresholding and 
morphological operations were used to extract the lung mask. The di
mensions of the largest part of the lung mask were calculated, and the 
images were cropped accordingly. Finally, all slices were resized to 256 
× 256 pixels, and all steps were applied to the embolism mask.

In total, 111 images were selected from this set, of which 11 images 
were set aside for the unseen set to evaluate the model's performance on 
completely new data. After applying data augmentation (as described in 
Section 2.3), 125 images remained and were divided into 5 folds for 
cross-validation. In each run, 100 images were used for training, 15 
images for validation, and 10 images for testing. This partitioning was 
done to accurately evaluate the model's performance under different 
conditions and reduce the impact of data distribution in the training 
process.

2.3. Data augmentation

In this study, data Augmentation methods were applied to a portion 
of the dataset to improve model performance and address data imbal
ance. For this purpose, 25 images from positive samples were selected, 
and three different data augmentation techniques were applied to them. 
These techniques included: Rotation with a random angle between − 5 
and 5 degrees, Contrast Adjustment in the range of 0.8 to 1.2, and 
Brightness Adjustment in the range of − 0.1 to 0.1. The augmented im
ages were added to the dataset to increase training data diversity and 
enhance the model's generalizability. Only positive slices were used 
during the training of the segmentation model. Including the full set of 
negative slices resulted in an extreme pixel-level imbalance (often >
99.9% negative pixels), substantially hindering Dice-based optimization 
and leading to slow or unstable convergence. This approach is consistent 
with prior CTPA segmentation studies in which negative slices 
contribute minimal discriminatory signal for pixel-wise learning. 
Importantly, substantial pixel-level imbalance remains even within 
positive slices, given that emboli typically occupy a very small fraction 
of the pulmonary arterial cross-section.

2.4. Model architecture design and training

For pulmonary embolism detection, the U-Net architecture is suit
able due to its high accuracy in identifying precise boundaries and its 
application in medical images. U-Net uses skip connections to transfer 
precise information from lower to higher layers, helping preserve fine 
details in image segmentation and reconstruction, which is crucial for 
pulmonary embolism detection.

In this study, a 103-layer U-Net-based convolutional neural network 
architecture is designed that uses Squeeze-and-Attention (SA) and Long 
Short-Term Memory (LSTM) blocks to extract and learn features related 
to PE in CTPA images. SA blocks are placed after each convolutional 
layer in the encoder and decoder paths, extracting more informative 
features by compressing them and emphasizing important channels. A 
unidirectional convolutional LSTM block is used to model the spatial 
dependencies between three consecutive CTPA slices. This approach 
helps to understand better the shape of the lesions and the spatial de
pendencies between slices [40].

The encoder path of this network focuses on extracting more 
important features and suppressing unnecessary information using SA 
blocks. The LSTM block in the bottleneck processes three consecutive 
slices (the central slice and two adjacent slices), enabling the network to 
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better capture spatial patterns related to emboli shape and distribution, 
and to create a more accurate feature representation. In the decoder 
path, spatial resolution is restored, with skip connections transferring 
features extracted in earlier stages to later stages.

The final output of the network is a segmentation mask for the 
central slice of the input sequence. The processed CTPA images are used 
as input, and the corresponding pulmonary embolism masks serve as the 
network outputs. By integrating SA and LSTM blocks, this design im
proves the network’s efficiency in accurately identifying and segment
ing pulmonary emboli.

In the model training process, the Dropout value was set in the range 
of 0.3 to 0.4. The Adam optimizer was used with a learning rate of 1e-4 
and a weight decay factor of 5e-4. The ReLU activation function was 
used in all hidden layers, and the Softmax function was applied in the 
output layer. All convolutional layers employed 3 × 3 × 3 kernels. To 
improve model performance and reduce the impact of class imbalance, a 
combined loss function consisting of Dice loss and Focal loss (α = 0.8 and 
γ = 2) was used, with equal weighting (0.5) for each component. The 
average of the pre-trained weights from the best previous model was 
used to initialize the network (Pretrained Weight Initialization). To 
facilitate reproducibility, a detailed summary of the proposed network 
architecture and training configuration is provided in Table S3 in the 
Supplementary Material.

2.5. Model evaluation

Performance was assessed on both public and private datasets. For 
the public datasets, a 5-fold cross-validation strategy was employed, and 
the model achieving the best validation performance was selected. This 
model was subsequently evaluated on an unseen test set. In addition, 
external validation was performed using a private multi-institutional 
dataset collected from two hospitals, enabling assessment of model 
generalizability across different imaging systems.

The performance of the model was evaluated at three analytical 
levels: (1) Pixel-level, a pixel was labeled as positive if it belonged to the 
manually delineated embolus mask; (2) Slice-level, a slice was desig
nated as positive if it contained at least one positive embolus pixel; and 
(3) Lesion-level, a detected lesion was considered true positive if it 
overlapped with any reference embolus component. This formulation 
enables evaluation of the model’s ability to identify clinically relevant 
cross-sections within a volume, independent of pixel-wise segmentation 
accuracy. Slice-level analysis, therefore, complements pixel- and lesion- 

level metrics by quantifying the model’s slice-wise sensitivity, false- 
negative rate, and potential triage value.

For each level, the evaluation was performed both in a patient-wise 
and slice-wise manner. In the patient-wise evaluation, all slices 
belonging to a patient were aggregated, and metrics were calculated 
across the entire patient volume. In the slice-wise evaluation, each slice 
was considered independently, and metrics were averaged over all slices 
in the dataset. This multi-level, multi-granularity approach was 
employed to comprehensively assess both segmentation quality and 
clinical applicability of the model.

To evaluate the model's performance at the pixel level, confusion 
matrix components (TP, TN, FP, FN) were computed for each slice and 
also collected for each patient. Based on these, we calculated pixel-based 
metrics including Sensitivity, Specificity, AUC (at 0.5 threshold), False 
Positive Rate (FPR), False Negative Rate (FNR), Dice similarity coeffi
cient, Jaccard coefficient, and Hausdorff distance. Additionally, FPR and 
FNR were separately calculated at the slice level, treating each slice as a 
classification unit to assess the model's ability to detect emboli across 
different cross-sectional images. This evaluation framework was 
designed to address the highly imbalanced nature of the dataset, where 
the proportion of embolism pixels is very small compared to the total 
number of pixels in each image.

2.6. Statistical methods

Statistical methods were performed to compare the model perfor
mance with and without SA-blocks using the paired t-test, and to assess 
the differences between the two imaging devices (Philips vs. GE) using 
an independent-sample t-test, with a significance level of P-value <
0.05).

All the processing steps mentioned were programmed in MATLAB 
R2023a (The MathWorks, Inc., Natick, Massachusetts, United States). 
Training and evaluation of neural network models in this research were 
carried out using the Google Colab Pro Plus platform (with an NVIDIA 
A100 GPU) and the PyTorch library. Statistical tests in this study were 
performed using IBM SPSS Statistics (Version 22).

This study was approved by the University of Isfahan under Approval 
ID IR.UI.REC.1402.131 on December 23, 2023.

3. Results

The performance of the model was assessed in three stages: (1) 5-fold 

Fig. 1. Processing pipeline for computed tomography pulmonary angiography images in pulmonary embolism segmentation.
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cross-validation on the public dataset, (2) testing on the Unseen dataset 
from the public dataset, and (3) evaluation of private internal datasets 
collected from two hospitals. Furthermore, the impact of Squeeze-and- 
Attention blocks was analyzed through an ablation study comparing 
model performance with and without these components. Evaluation 
metrics—including Dice, Jaccard, Sensitivity, Specificity, AUC, FPR, 
FNR, and Hausdorff Distance—were computed in terms of patient-wise 
and slice-wise at three levels: pixel-, slice-, and lesion-based analysis.

The model was trained and validated using 5-fold cross-validation on 
the combined FUMPE and CADPE datasets. The mean and standard 
deviation of pixel-level evaluation metrics across five folds are sum
marized in Table 1 and Table S4 (in supplementary material) for patient- 
wise and slice-wise analyses, respectively.

At the pixel level, the highest Dice score achieved was 69.87 ± 11.12 
(95% CI; 61.92 to 77.82) for patient-wise, while the lowest recorded was 
58.44 ± 26.09 (95% CI; 56.28 to 60.61) for slice-wise. The Hausdorff 
Distance at the pixel level ranged from [40.76–69.95] mm for patient- 
wise analysis and [29.60–35.88] mm for slice-wise analysis, indicating 
challenges in segmenting fine-grained PE regions.

After finalizing the training process, the model was evaluated on the 
11 unseen CTPA cases excluded from training. To investigate the 
effectiveness of the Squeeze-and-Attention blocks, the model was 
trained in two settings: (1) with SA blocks enabled and (2) without these 
blocks. The inclusion of these blocks improved the Dice score from 66.60 
± 6.14 to 74.18 ± 7.11 for patient-wise and from 56.89 ± 25.67 to 
68.03 ± 23.09 for slice-wise while reducing FPR from 0.25 ± 0.16 to 
0.17 ± 0.10 and from 0.27 ± 0.29 to 0.18 ± 0.20, respectively. In 
addition, using SA blocks, the model achieved a sensitivity of 76.68 ±
10.87 (95% CI; 70.26 to 83.11) and a specificity of 99.83 ± 0.10 (95% 
CI; 99.77 to 99.88) for patient-wise analysis, indicating the model’s 
generalization capability. Table S5 in the supplementary material pro
vides a detailed comparison.

Fig. 2 shows the boxplot of Dice, Jaccard, AUC, and sensitivity 
criteria at the pixel level for patient-wise across five folds. Fig. 3 shows 
boxplots of sensitivity, specificity, AUC, and Dice metrics at the pixel 
level, comparing the model performance with and without SA blocks.

The paired-sample T-test was conducted to assess the significance of 
performance differences between models with and without Squeeze- 
and-Attention blocks. The p-value was less than 0.05 (P-value =
0.001) for all the pixel-level evaluation metrics, confirming a statisti
cally acceptable improvement in segmentation accuracy with the use of 
SA blocks in the network layers.

Fig. 4 shows a random slice of the public unseen dataset and internal 
datasets with their corresponding ground-truth mask. The predicted 
emboli mask for each slice, generated by the proposed network with SA 
Blocks, are also shown. The Dice scores for the illustrated slice of the 
public dataset, Philips internal dataset, and GE internal dataset are equal 
to 69.57, 62.91, and 57.49, respectively.

The trained model was tested on two independent private datasets. 
Pixel-level segmentation performance on the private dataset is reported 
in Table 2. At the patient-wise evaluation, the model achieved a mean 
sensitivity of 57.20 ± 23.36 (AUC: 78.53 ± 11.64) for scans acquired on 
the Philips system and 60.69 ± 22.17 (AUC: 80.17 ± 11.05) for scans 
acquired on the GE system. Corresponding Dice similarity coefficients 
were 45.47 ± 17.12 (95%CI; 36.67 to 54.27) for Philips and 42.91 ±
16.09 (95% CI; 31.40 to 54.42) for GE.

At the slice-wise pixel-level evaluation, mean sensitivity values of 
57.63 ± 38.64 and 57.88 ± 34.49 were obtained for the Philips and GE 
systems, respectively, with identical mean AUC values of 78.73 for both 
scanners. Dice coefficients at the slice level were 39.28 ± 28.58 for 
Philips and 41.01 ± 24.35 for GE.

In addition to pixel-wise segmentation accuracy, we evaluated the 
model’s performance at the slice level to assess its ability to detect 
embolism presence across different CT slices. The results are reported for 

Table 1 
Patient-wised criteria for 5-fold cross-validation on the public dataset (FUMPE & CADPE). Hausdorff is in mm unit.

Parameters Public dataset
K = 1 
(N = 10)

K = 2 
(N = 10)

K = 3 
(N = 10)

K = 4 
(N = 10)

K = 5 
(N = 10)

Sensitivity 
(Mean ± std) 
[95%CI] 
[min–max]

69.92 ± 17.58 
[57.34–82.50] 
[28.98–85.53]

77.39 ± 13.97 
[67.40–87.38] 
[42.32–92.03]

70.58 ± 10.03 
[63.41–77.75] 
[54.08–84.19]

62.55 ± 24.45 
[45.06–80.04] 
[2.56–93.08]

70.50 ± 8.96 
[64.09–76.90] 
[52.41–85.71]

Specificity 
(Mean ± std) 
[95%CI] 
[min–max]

99.81 ± 0.16 
[99.69–99.92] 
[99.47–99.99]

99.85 ± 0.05 
[99.81–99.89] 
[99.76–99.94]

99.86 ± 0.11 
[99.78–99.94] 
[99.59–99.97]

99.88 ± 0.09 
[99.82–99.95] 
[99.71–100]

99.89 ± 0.06 
[99.85–99.93] 
[99.77–99.96]

AUC 
(Mean ± std) 
[95%CI] 
[min–max]

84.86 ± 8.80 
[78.57–91.16] 
[64.48–92.73]

88.62 ± 6.97 
[83.63–93.60] 
[71.12–9.95]

85.22 ± 4.99 
[81.65–88.79] 
[77.03–91.89]

81.22 ± 12.22 
[72.48–89.96] 
[51.27–96.48]

85.19 ± 4.48 
[81.99–88.40] 
[76.13–92.84]

FPR 
(Mean ± std) 
[95%CI] 
[min–max]

0.19 ± 0.16 
[0.08–0.31] 
[0.01–0.53]

0.16 ± 0.05 
[0.11–0.19] 
[0.06–0.24]

0.14 ± 0.11 
[0.06–0.22] 
[0.03–0.42]

0.12 ± 0.0.09 
[0.05–0.18] 
[0–0.29]

0.11 ± 0.06 
[0.07–0.15] 
[0.04–0.23]

FNR 
(Mean ± std) 
[95%CI] 
[min–max]

30.08 ± 17.59 
[17.50–42.66] 
[14.47–71.02]

22.62 ± 13.97 
[12.62–32.61] 
[7.97–57.68]

29.42 ± 10.03 
[22.25–36.59] 
[15.81–45.92]

37.45 ± 14.45 
[19.96–54.94] 
[6.92–97.44]

29.50 ± 8.96 
[23.10–35.91] 
[14.29–47.59]

Dice 
(Mean ± std) 
[95%CI] 
[min–max]

69.87 ± 11.12 
[61.92–77.82] 
[43.01–80.46]

66.94 ± 15.75 
[55.67–78.20] 
[32.26–84.75]

66.08 ± 10.20 
[58.78–73.38] 
[48.38–80.29]

60.64 ± 24.03 
[43.45–77.83] 
[4.38–80.47]

65.92 ± 11.41 
[57.77–74.08] 
[39.60–77.67]

Jaccard 
(Mean ± std) 
[95%CI] 
[min–max]

54.70 ± 11.86 
[46.22–63.19] 
[27.39–67.30]

52.20 ± 16.12 
[40.67–63.73] 
[19.24–73.53]

50.20 ± 11.32 
[42.10–58.30] 
[31.91–67.06]

47.02 ± 20.48 
[32.38–61.67] 
[2.24–67.32]

50.17 ± 11.86 
[41.69–58.66] 
[24.69–63.49]

Hausdorff 
(Mean ± std) 
[95%CI] 
[min–max]

58.19 ± 34.25 
[33.11–82.79] 
[23.54–117.10]

49.65 ± 34.47 
[25.24–74.14] 
[14.74–116.41]

69.95 ± 42.42 
[39.78–99.43] 
[28.35–146.19]

40.76 ± 37.21 
[14.67–66.49] 
[1.75–136.86]

52.46 ± 45.28 
[19.17–84.93] 
[3.28–154.42]
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both public and private datasets. The model was validated using a 5-fold 
cross-validation approach on the public dataset, and the best-performing 
model was tested on the unseen dataset. Additionally, the model was 
tested on the private dataset collected from two hospitals.

With SA-blocks, the patient-wise sensitivity at the slice level for the 
public dataset was 95.20 ± 5.64 (95% CI; 91.41 to 98.99) with an FNR 
of 4.80 ± 5.64 (95% CI; 1.01 to 8.59). For the private dataset, the model 
achieved sensitivity of 91.91% (Philips scanner) and 88.63% (GE 

Fig. 2. Boxplot of Dice, Jaccard, Sensitivity, and AUC scores at pixel-level for patient-wise across five folds.

Fig. 3. Boxplot of sensitivity, specificity, AUC, and Dice scores at the pixel level for patient-wise. Left: with SA blocks. Right: without SA blocks.

H. Arabian et al.                                                                                                                                                                                                                                Physica Medica 145 (2026) 105785 

6 



Fig. 4. Left to right: CT slices and their emboli masks from public unseen data, internal GE data, and internal Philips data, respectively. Top row: CT scans with their 
ground-truth mask in green. Bottom row: CT scans with their model’s prediction mask in green. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)

Table 2 
Model performance on the internal dataset with two different imaging systems. Hausdorff is in mm unit.

Parameters Patient-wised Slice-wised
Philips 
(N = 17)

GE 
(N = 10)

Philips 
(N = 121)

GE 
(N = 254)

Sensitivity 
(Mean ± std) 
[95%CI] 
[min–max]

57.20 ± 23.36 
[45.19–69.20] 
[6.63–94.96]

60.69 ± 22.17 
[44.83–76.55] 
[12.80–89.06]

57.63 ± 38.64 
[50.72–64.55] 
[0–100]

57.88 ± 34.49 
[53.63–62.13] 
[0–100]

Specificity 
(Mean ± std) 
[95%CI] 
[min–max]

99.86 ± 0.14 
[99.79–99.94] 
[99.56–99.98]

99.65 ± 0.18 
[99.52–99.78] 
[99.34–99.98]

99.83 ± 0.25 
[99.78–99.87] 
[98.61–100]

99.58 ± 0.40 
[99.53–99.63] 
[97.89–100]

AUC 
(Mean ± std) 
[95%CI] 
[min–max]

78.53 ± 11.64 
[72.55–84.52] 
[53.31–97.26]

80.17 ± 11.05 
[72.26–88.07] 
[56.39–94.49]

78.73 ± 19.28 
[75.28–82.18] 
[49.87–99.98]

78.73 ± 17.17 
[76.61–80.84] 
[49.40–99.98]

FPR 
(Mean ± std) 
[95%CI] 
[min–max]

0.14 ± 0.14 
[0.06–0.21] 
[0.02–0.44]

0.35 ± 0.18 
[0.22–0.48] 
[0.02–0.66]

0.17 ± 0.25 
[0.13–0.22] 
[0–1.39]

0.42 ± 0.40 
[0.37–0.47] 
[0–2.11]

FNR 
(Mean ± std) 
[95%CI] 
[min–max]

42.80 ± 23.35 
[30.80–54.81] 
[5.04–93.37]

39.31 ± 22.17 
[23.45–55.17] 
[10.94–87.20]

42.37 ± 38.64 
[35.45–49.28] 
[0–100]

42.12 ± 34.49 
[37.87–46.37] 
[0–100]

Dice 
(Mean ± std) 
[95%CI] 
[min–max]

45.47 ± 17.12 
[36.67–54.27] 
[11.51–78.71]

42.91 ± 16.09 
[31.40–54.42] 
[11.04–61.83]

39.28 ± 28.58 
[34.17–44.39] 
[0–88.75]

41.01 ± 24.35 
[38.01–44.01] 
[0–84.68]

Jaccard 
(Mean ± std) 
[95%CI] 
[min–max]

31.02 ± 14.57 
[23.53–38.51] 
[6.11–64.90]

28.58 ± 12.36 
[19.73–37.42] 
[5.84–44.75]

28.55 ± 23.41 
[24.36–32.74] 
[0–79.78]

28.67 ± 18.98 
[26.34–31.01] 
[0–73.44]

Hausdorff 
(Mean ± std) 
[95%CI] 
[min–max]

88.85 ± 55.34 
[60.40–117.31] 
[7.81–177.11]

71.49 ± 43.47 
[40.39–102.58] 
[19.34–146.34]

57.93 ± 59.55 
[47.28–68.59] 
[0–180.60]

50.23 ± 47.70 
[44.35–56.11] 
[2.24–168.05]
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scanner), with corresponding FNR values of 8.09% and 11.37%, 
respectively. The evaluation results are summarized in Table 3.

To assess the clinical relevance of our segmentation approach, we 
also evaluated lesion-wise detection. This analysis measures whether the 
network can correctly identify individual emboli, regardless of their 
pixel size. The lesion-wise evaluation provides a more detailed perfor
mance assessment by analyzing the detection of individual PE instances. 
The public dataset achieved a sensitivity of 98.79 ± 3.83 (min–max: 
[86.67–100]), a precision of 80.68 ± 26.11 (min–max: [37.50–100]), 
and an average of 1.19 false positive and 0.54 false negative emboli per 
patient. The private dataset had a sensitivity of 98.04 (Philips scanner) 
and 83.59 (GE scanner), a precision of 67.65 (Philips scanner) and 76.67 
(GE scanner). On average, the number of false negatives per patient was 
0.06 and 3.10 for Philips and GE datasets, respectively. In parallel, the 
average number of false positive detections per patient was 0.94 for the 
Philips dataset and 0.80 for the GE dataset. The lesion-wise results are 
detailed in Table 4.

4. Discussion

Accurate segmentation of pulmonary embolism is critical for auto
mating PE detection in emergency settings. The proposed deep learning 
model demonstrated acceptable accuracy in segmenting pulmonary 
embolism in CTPA scans, achieving competitive Dice, Jaccard, and AUC 
scores across both public and private datasets. Our evaluation consid
ered segmentation at three levels: pixel-level, slice-level, and lesion- 
level, providing a multi-scale assessment of model performance.

The model’s performance at the pixel level was evaluated across 
various metrics, including Dice, Jaccard, Hausdorff Distance, AUC, FPR, 
and FNR. According to Table 1, the Dice coefficient averaged 69.87 ±
11.12 (95% CI; 61.92 to 77.82) across test samples, ranging from 43.01 
to 80.46. The Jaccard index showed a similar trend, averaging 54.70 ±
11.86, indicating moderate overlap between the predicted and ground- 
truth segmentations. These results represent a substantial improvement 
over traditional thresholding-based methods, though further refinement 
is needed, particularly for low-contrast or small emboli cases. The FPR 
was relatively low, averaging 0.14 ± 0.11, confirming that the model 
effectively minimizes over-segmentation. However, the FNR averaged 
29.42 ± 10.03, suggesting that while the model is precise in its seg
mentations, it still misses some embolic regions, particularly smaller or 
less distinct ones.

As shown in Tables 1 and S4, the patient-wise and slice-wise AUC 
scores were 88.62 ± 6.97 (95% CI; 83.63 to 93.60) and 88.36 ± 12.86 
(95% CI; 87.37 to 89.35), demonstrating strong classification perfor
mance. While this indicates a reliable model, improvements could be 
made in distinguishing ambiguous cases, particularly for emboli near 
vascular structures. As reported in Table S4, the slice-wise Hausdorff 
distance at pixel-level, which quantifies boundary accuracy, averaged of 
29.60 ± 36.74 (95% CI;26.91 to 32.30), indicating a high variability in 
boundary delineation. This suggests that the model performs well on 
larger, well-defined emboli but struggles with boundary definition on 
smaller or irregularly shaped emboli.

Furthermore, incorporating Squeeze-and-Attention (SA) blocks into 
the model architecture significantly improved segmentation perfor
mance, particularly in lesion-level detection, confirming the effective
ness of attention-based feature enhancement in medical image analysis. 
Our results in Table S5 (see supplementary material) confirm that lighter 
SA blocks effectively enhance pixel-level performance, increasing the 
patient-wise Dice score from 66.60 to 74.18 and the slice-wise sensitivity 
from 56.89 to 68.03, thereby improving feature selection and segmen
tation accuracy while offering a more computationally efficient alter
native to full transformer-based architectures in CTPA analysis. The 
Jaccard index increased from 50.23 to 59.45 for patient-wise analysis 
and from 43.73 to 55.25 for slice-wise analysis, which could be attrib
uted to the use of SA blocks. In addition, t-test results approved the 
better performance of U-net using SA-blocks than not using SA-blocks, 
with a p-value of less than 0.05 for all the pixel-level evaluation criteria.

According to Table 2, pixel-level analysis of the internal dataset 
showed that the model’s patient-wise AUC ranged from 78.53 ± 11.64 
to 80.17 ± 11.05, closely aligning with its performance on the public 
dataset. However, the slice-wise FPR was slightly higher, ranging from 
0.17 ± 0.25 to 0.42 ± 0.40, possibly due to variations in image quality 
and dataset diversity.

The lower Dice scores observed on the internal dataset can be 
attributed to several factors inherent to real-world CTPA imaging, 
including small or peripheral emboli, scanner heterogeneity, and 
anatomical mimics. These factors disproportionately affect segmenta
tion accuracy and underscore the importance of multi-center training 
data and domain-aware modeling strategies. Taken together, these fac
tors highlight the inherent limitations of PE segmentation systems when 
confronted with subtle emboli or heterogeneous acquisition protocols, 
emphasizing the importance of multi-institutional training and domain- 
adaptive approaches in future work.

To further characterize the trade-off between sensitivity and false- 
positive behavior at different operating points, a pixel-level pre
cision–recall analysis across multiple probability thresholds is presented 
in Fig. S1 of Supplementary Material. Lower thresholds favor higher 

Table 3 
Slice-level metrics for the different datasets.

Parameters Public unseen dataset Internal dataset
SA-LSTM LSTM Philips 

(N = 121)
GE 
(N = 254)

Sensitivity 
(Mean ± std) 
[95%CI] 
[min–max]

95.20 ± 5.64 
[91.41–98.99] 
[83.67–100]

92.69 ± 9.55 
[86.27–99.10] 
[65.31–100]

91.91 ± 13.29 
[85.08–98.74] 
[66.66–100]

88.63 ± 17.47 
[76.13–100] 
[40.01–100]

FNR 
(Mean ± std) 
[95%CI] 
[min–max]

4.80 ± 5.64 
[1.01–8.59] 
[0–16.33]

7.31 ± 9.55 
[0.90–13.73] 
[0–0.3469]

8.09 ± 13.29 
[1.26–14.92] 
[0–33.33]

11.37 ± 17.47 
[0–23.87] 
[0–60]

Table 4 
Patient-wised metrics at lesion-level for the different datasets.

Parameters Public Internal
FUMPE + CADPE Philips GE

Sensitivity 
(Mean ± std) 
[min–max]

98.79 ± 3.83 
[86.67–100]

98.04 ± 7.84 
[66.67–100]

83.59 ± 25.40 
[11.11–100]

Precision 
(Mean ± std) 
[min–max]

80.68 ± 26.11 
[37.50–100]

67.65 ± 28.27 
[16.67–100]

76.67 ± 24.94 
[0.33–100]

FNR 
(Mean ± std) 
[min–max]

1.21 ± 3.83 
[0–13.33]

1.96 ± 7.84 
[0–33.33]

16.41 ± 25.39 
[0–88.89]

FP 
#N/patient

1.19 0.94 0.8

FN 
#N/patient

0.54 0.06 3.1
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sensitivity, making them more suitable for screening or triage, while 
higher thresholds reduce false-positive detections at the expense of 
missing subsegmental emboli.

As shown in Table 3, the slice level analysis revealed that sensitivity 
remained high across most slices, at 95.20 ± 5.64 for the public dataset 
and 91.91 ± 13.29 for the internal dataset (Philips), alongside 
decreasing FNRs to 4.80 ± 5.64 for the public dataset and 8.09 ± 13.29 
for the internal dataset. The proposed model demonstrated consistent 
slice-level performance across both public and private datasets, indi
cating its ability to detect PE reliably across different slices.

The lesion-level evaluation provides a more specific assessment of 
segmentation performance by directly analyzing the detection of indi
vidual emboli. This approach helps understand how well the model 
performs in detecting and localizing PE at the embolus level rather than 
at the pixel or slice level. According to Table 4, the model correctly 
identified the majority of embolic lesions across all datasets, with 
particularly high sensitivity for the public and Philips cohorts. Sensi
tivity decreased for the GE internal dataset, accompanied by a higher 
false negative rate and an increased number of missed emboli per pa
tient. This behavior can be attributed to several factors intrinsic to the 
GE cohort, including thicker slice acquisition (2.5 mm), reduced 
through-plane resolution, and a higher prevalence of small or sub
segmental emboli. These factors are known to adversely affect lesion 
continuity across slices and increase the likelihood of partial volume 
effects, thereby complicating lesion-level detection. Precision values 
varied across datasets, reflecting differences in image characteristics and 
lesion morphology. The slightly lower precision observed in the internal 
datasets suggests that certain anatomical structures or image artifacts 
may be incorrectly identified as emboli. Nevertheless, the average 
number of false positive detections per patient remained below 1 across 
both internal cohorts, which is clinically acceptable and indicates that 
the model does not produce excessive false alarms at the lesion level.

Lesion-level evaluation indicates that certain pulmonary embolism 
cases remain challenging for deep learning–based segmentation, 
particularly when emboli are small or subsegmental, consistent with 
findings from previous studies. These cases are more susceptible to 
partial-volume effects and reduced contrast, increasing the likelihood of 
false-negative detections. Improving performance in this setting may 
require targeted strategies such as incorporating a higher proportion of 
small-embolus examples during training, applying contrast-consistent 
normalization across datasets, or adopting adaptive loss-weighting 
schemes that emphasize underrepresented and low-volume embolic 
lesions.

The best-performing segmentation models in prior work include 
Long et al. (2021) [25], who proposed a Mask R-CNN framework 
incorporating clinical priors, such as the most probable location of 
emboli, achieving a Dice score of 69.84% and an average precision of 
37.55% on the FUMPE dataset. Although their method leverages region- 
proposal mechanisms and contextual cues, its pixel-level performance 
remains lower than ours, despite being evaluated on the same public 
dataset. In addition, Pu et al. (2023) [33] reported a Dice score of 67.6, a 
sensitivity of 62, and 1.86 false positives per scan on the RSNA dataset 
using an R2-Unet. In contrast, according to Table S6, our model achieved 
a Dice score of 68.58 on FUMPE and 65.71 on CADPE, a sensitivity of 
75.79 on FUMPE and 69.65 on CADPE, and a false positive emboli per 
patient of 1.73 on FUMPE and 0.89 on CADPE, demonstrating compa
rable or superior performance with a diverse and smaller training 
dataset.

As reported in Table S6, the model outperformed previous studies in 
slice-level PE detection, achieving sensitivities of 97.14 on FUMPE and 
93.26 on CAD-PE, with FNRs of 6.74 and 2.86, respectively. In com
parison, Yang et al. [7], using a ResNet-based classifier on CAD-PE, 
achieved a sensitivity of 75.40 with approximately 2 false positives 
per scan. On the other hand, Xu et al. [31], employing a YOLO-v4 
detection framework, reported a recall of 84.10 and an average preci
sion of 72.74 on FUMPE. Also, Xiaotian et al. [28], Khan et al. {Khan, 

2023 #38}[32], and Sliva et al. [34] achieved a sensitivity of 86, 88, and 
69 on the RSNA dataset, respectively. The improvement observed in the 
present study likely reflects the enhanced capability of the integrated 
squeeze-and-attention and LSTM modules to capture spatial de
pendencies and contextual continuity across adjacent slices.

Compared to previous deep learning-based segmentation ap
proaches, the model’s pixel-level Dice score and Slice-level sensitivity 
are within a competitive range. However, false positive and false 
negative rates remain a challenge, indicating that further improvements 
in data preprocessing and hyperparameter tuning could enhance model 
accuracy. The model’s high sensitivity at the pixel and slice levels sug
gests its potential as an assistive triaging tool for rapid risk stratification. 
Our lesion-level evaluation highlights that some PE cases remain chal
lenging for deep learning models, particularly when emboli are small or 
subsegmental, consistent with prior research. Addressing this issue may 
require additional training on enriched datasets containing smaller PE 
instances, contrast normalization techniques, or adaptive weighting 
strategies to emphasize underrepresented emboli.

While our study advances PE segmentation with deep learning, 
several limitations must be acknowledged. Although our model was 
trained on both public and private datasets, the overall sample size re
mains limited compared to large-scale clinical trials. Future work should 
involve multi-center datasets with diverse imaging protocols to enhance 
model generalizability. While overall performance was strong, FNR was 
relatively high in some complex cases, particularly in patients with lung 
pathologies or imaging noise. This suggests that incorporating clinical 
metadata (e.g., D-dimer levels and patient history) could improve model 
specificity. The current study relied on 2D slice-wise segmentation, 
whereas 3D volumetric models (e.g., 3D U-Net, Transformers) could 
better capture spatial continuity across slices. Implementing 3D archi
tectures may further enhance embolus-wise segmentation accuracy, 
particularly for identifying small emboli spanning multiple slices. A key 
limitation of this study was the cost of hardware resources, which 
restricted the number of training iterations. Several training and archi
tectural parameters, including the learning rate, loss function, kernel 
sizes, and optimizer, were selected based on empirical monitoring of 
training stability and convergence (using a grid search) and constraints 
of the available computational hardware. Although these choices 
ensured feasible and stable model training, they were not subjected to 
exhaustive hyperparameter optimization and may therefore limit 
adaptability across datasets with different characteristics. Data 
augmentation strategies were designed based on the visual character
istics of CTPA images to introduce variability while preserving the un
derlying anatomical and diagnostic content of the scans. However, the 
reliance on predefined augmentation ranges may introduce bias by 
emphasizing certain transformations and may not fully capture vari
ability seen in real-world acquisitions. Future work should explore 
adaptive augmentation strategies and systematic parameter optimiza
tion to improve model robustness and generalizability further.

5. Conclusions

This study presented a deep learning-based segmentation model 
using squeeze-and-attention blocks and LSTM for PE detection and 
segmentation in CTPA scans, demonstrating acceptable accuracy across 
pixel, slice, and lesion levels. The incorporation of Squeeze-and- 
Attention blocks enhanced segmentation performance. The proposed 
framework, by enabling automated PE detection and segmentation, can 
support radiologists in reducing diagnostic burden and improving early 
intervention, by enhancing decision-making in clinical workflows and 
healthcare resource allocation. Beyond segmentation accuracy, deep 
learning–based pulmonary embolism analysis holds promise for several 
downstream clinical applications. Automated triage systems could help 
prioritize CTPA examinations with suspected emboli in emergency set
tings, potentially reducing diagnostic delays. In addition, quantitative 
assessment of embolic burden may support risk stratification and 
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treatment planning, particularly in patients with extensive or bilateral 
disease. Such models may also serve as clinical decision support tools by 
highlighting embolus candidates for radiologist review and facilitating 
workflow prioritization. However, challenges remain in detecting small 
emboli and reducing false positives, necessitating future work on multi- 
modal integration, 3D models, and real-world clinical validation. Due to 
computational constraints, the number of training iterations was 
limited, suggesting that future work should focus on optimizing training 
efficiency to improve model performance. By addressing these chal
lenges, deep learning models like ours can revolutionize automated PE 
detection, ultimately reduce radiologist workload and improving patient 
outcomes in emergency care settings. Future research should focus on 
validating these applications in prospective, multi-center settings and 
assessing their impact on clinical decision-making.
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