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ARTICLE INFO ABSTRACT

Keywords: Purpose: To assess the performance of a Deep Neural Network (DNN)-based prototype algorithm for automated
Pulmonary Embolism PE detection on CTPA scans.

Artificial intelligence Methods: Patients who had previously undergone CTPA with three different systems (SOMATOM Force, go.Top,

Deep neural network

and Definition AS; Siemens Healthineers, Forchheim, Germany) because of suspected PE from September 2022 to
Computed tomography

January 2023 were retrospectively enrolled in this study (n = 1,000, 58.8 % women). For detailed evaluation, all
PE were divided into three location-based subgroups: central arteries, lobar branches, and peripheral regions.
Clinical reports served as ground truth. Sensitivity, specificity, positive predictive value (PPV), negative pre-
dictive value (NPV), and accuracy were determined to evaluate the performance of DNN-based PE detection.

Abbreviations: 3D, three-dimensional; Al, artificial intelligence; BMI, body mass index; CNN, convolutional neural network; CTPA, computed tomography pul-
monary angiography; DNN, deep neural network; NPV, negative predictive value; PE, pulmonary embolism; PPV, positive predictive value.
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Results: Cases were excluded due to incomplete data (n = 32), inconclusive report (n = 17), insufficient contrast
detected in the pulmonary trunk (n = 40), or failure of the preprocessing algorithms (n = 8). Therefore, the final
cohort included 903 cases with a PE prevalence of 12 % (n = 110). The model achieved a sensitivity, specificity,
PPV, and NPV of 84.6, 95.1, 70.5, and 97.8 %, respectively, and delivered an overall accuracy of 93.8 %. Among
the false positive cases (n = 39), common sources of error included lung masses, pneumonia, and contrast flow
artifacts. Common sources of false negatives (n = 17) included chronic and subsegmental PEs.

Conclusion: The proposed DNN-based algorithm provides excellent performance for the detection of PE, sug-
gesting its potential utility to support radiologists in clinical reading and exam prioritization.

1. Introduction

Pulmonary embolism (PE) is a serious and potentially fatal condi-
tion, and with its high incidence and mortality rate, it ranks as the third
most common cardiovascular syndrome worldwide [1]. With the
advancement in imaging technology, including improved image quality,
the sensitivity of PE detection has increased [2]. CT pulmonary angi-
ography (CTPA) is currently the first-line modality for diagnosing PE
due to its excellent accuracy and low rate of inconclusive results [3,4].
Now, clinicians are more likely to suspect and begin a diagnostic eval-
uation for PE than they were in the past, considering the high spatial and
temporal resolutions, wider availability, non-invasion, and rapid
acquisition of CTPA [5]. However, the thorough evaluation of CTPA
scans is tedious, time-consuming, and requires review by an expert
radiologist [6]. Furthermore, in emergency settings, multiple life-
threatening conditions must be ruled out alongside PE, such as acute
coronary syndrome, aortic dissection, and pneumonia, contributing to
radiologists’ workload [7-9]. While improved PE detection can reduce
this burden, comprehensive assessment of other critical findings remains
essential. Additionally, oncologic patients, though at relatively lower
immediate risk, still face increased PE incidence due to malignancy-
associated thrombosis, making early detection crucial for optimal
management. Given the high mortality of PE, prompt diagnosis and
treatment is essential to prevent life-threatening complications, as
delayed detection and diagnosis significantly increases the risk of death
within 30 days [10,11]. The overall performance of radiologists in
detecting PE shows a sensitivity from 67 % to 87 % and a specificity from
89 % to 99 % when consensus reading is considered as reference stan-
dard [12,13], with higher accuracy for central than peripheral PE
[ranging from 74 % to 86 %) [13].

Deep learning, a type of machine learning, has been increasingly
used in medical image analysis due to technical advances in computer
science and the growing body of medical data. A well-trained neural
network has the potential to support radiology workflow by prioritizing
urgent exams on the worklist such as those with the presence of PE,
thereby expediting the diagnostic process [14,15]. However, despite the
advancements and promising results of deep learning in medical imag-
ing, there remain significant challenges that necessitate further inves-
tigation: the generalizability of algorithms across different scanners,
populations and clinical settings, as well as their integration into routine
clinical workflows, is still under active exploration. Furthermore, the
potential for deep learning models to overlook subtle or atypical cases of
PE, particularly in complex or high-noise environments, mandates a
dedicated evaluation.

Therefore, this study aimed to assess the performance of a Deep
Neural Network (DNN)-based prototype algorithm for automated PE
detection on CTPA scans consecutively acquired at a single university
hospital.

2. Materials and Methods
2.1. Study population

The local Institutional Review Board approved this retrospective,
single-center, Health Insurance Portability and Accountability Act-

compliant study and waived the requirement for informed consent.
Deidentified image data of all consecutive patients who had undergone
CTPA because of suspected PE from September 2022 to January 2023
were retrospectively included in this study. Cases were excluded due to
incomplete data transfer, inconclusive reports, failure of preprocessing
algorithms, and insufficient attenuation (< 180 Hounsfield Unit) at the
level of the pulmonary trunk. Demographic and clinical patient char-
acteristics were collected from medical records.

2.2. Image acquisition and reconstruction

The CTPA scans were acquired using three different systems
(SOMATOM Force, go.Top, and Definition AS; Siemens Healthineers,
Forchheim, Germany) according to the institutional standard protocols,
typically with a spiral acquisition using the following parameters:
collimation 0.6 mm, pitch 0.55, tube voltage 90-140 kVp, and reference
mAs 20-120. Iodinated contrast (iopromide, Ultravist 370 mgl/ml,
Bayer Healthcare; or iohexol, Omnipaque 350, GE Healthcare) was
administered at a standard injection rate of 4-5 ml/s and volume of
60-90 ml. Images were reconstructed using the following parameters:
Advanced Modeled Iterative Reconstruction [ADMIRE, Siemens] with a
strength level of 1, a Br36 kernel, at a slice thickness of 1 mm.

2.3. Al model for PE analysis

The computational pipeline used for PE detection utilized multiple
deep-learning models and was trained with a dataset of 5,165 CT vol-
umes containing 1,876 PE-positive studies. The embolic regions in the
PE-positive cases were annotated by human experts with radiologist
confirmation before being used as ground truth for training the model.

In the first step, convolutional neural network (CNN) based models
are used to perform lung lobe, heart, and pulmonary artery segmenta-
tions. These models are used to crop the input image to the relevant
region of interest. A sample input image and the corresponding organ
segmentations are shown in Fig. 1. The pulmonary artery segmentation
model is used to identify an ROI in the pulmonary trunk to evaluate the
opacification of the pulmonary artery. If the average intensity in the ROI
is less than 180 HU or if any of the segmentation algorithms fail, the
input volume is not processed further.

The PE detection model is a fully convolutional three-dimensional
(3D) DynUNet implementation with additional skip connections in the
downsampling layers [16]. The network comprises an encoder, bottle-
neck, and decoder, followed by a segmentation head, and utilizes 3D
convolutions followed by instance normalization and LeakeReLU acti-
vation functions. Dropout is used for regularization. The network pro-
cessed the input study and produces an output probability map
representing the likelihood of each voxel belonging to a region with PE.
The probability map is thresholded to label an entire study as being
positive or negative for the presence of PE.

2.4. Reference standard

Clinical reports served as the ground-truth. The clinical reports were
validated by board-certified radiologists. During the study, data was
extracted from the reports to stratify cases as positive or negative.
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Furthermore, all reports indicated the location of the PE which was also
collected from the reports. For false positive and false negative Al re-
sults, cases were further reviewed by a board-certified radiologist and a
radiology resident with 6 and 3 years of experience, respectively, to
confirm ground truth.

2.5. Image analysis

The AI assessment of CTPA studies was performed. Subgroup ana-
lyses were conducted to assess the algorithm’s performance in different
settings that may affect its accuracy. First, body mass index (BMI)-based
analysis was performed in non-obese vs. obese patients by dividing the
cohort into two subgroups, BMI < vs. > 30 kg/m?2. Second, PE location-
based analysis was carried out by dividing the pulmonary artery system
into the following three levels: (1) central arteries (main pulmonary
artery, right and left pulmonary artery), (2) lobar branches (right upper
lobe, right middle lobe, right lower lobe, left upper lobe, lingula, and left
lower lobe), and (3) peripheral regions (segmental and subsegmental
branches) [13,17]. In cases with multiple emboli, the location of the
most proximal PE was considered.

2.6. Statistical analysis

The Shapiro-Wilk test was used to assess the continuous variables for
normality. Depending on the normality distribution, continuous data are
reported as means =+ standard deviation (SD) or as medians with inter-
quartile ranges. Categorial variables were described as absolute fre-
quencies and proportions. Significance tests were conducted using the
Mann-Whitney tests for continuous variables and the Chi-square test for
categorical variables. A two-tailed p-value < 0.05 was considered as
statistically significant. The comparison between the results provided by
the radiology reports and those automatically computed by AI was
performed according to the numbers of the true positive, true negative,
false positive and false negative values. Sensitivity, specificity, accuracy,
and area under the receiver operating characteristic curve (ROC AUC)
were calculated for the total population. The 95 % confidence intervals

Pulmonary CTPA Volume

Lung Isolation
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(95 % CI) were computed. Statistical analysis was performed using
MedcCalc (version 23.0.2, Ostend, Belgium).

3. Results
3.1. Patient population

In total, 1,000 cases were included in the study. The flowchart of the
study is represented in Fig. 2. Scans were excluded due to incomplete
data transfer (n = 32), inconclusive radiology report (n = 17), insuffi-
cient contrast detected in the pulmonary trunk (n = 40), or failure of
preprocessing algorithms (n = 8). The final cohort included 903 cases
(age 58 years; 58.9 % female). The AI model successfully analyzed all
cases of the final cohort. The prevalence of PE was 12.2 % (n = 110). The
proportion of individuals with limited mobility (37.3 % vs. 25.3 %, p =
0.009), active malignancy (37.3 % vs. 26.6 %, p = 0.020), surgery
within one month (34.5 % vs. 20.9 %, p = 0.002), a history of clotting or
clotting disorder (55.5 % vs. 28.0 %, p < 0.001), and hemoptysis (7.3 %
vs 3.3 %, p = 0.040) were significantly higher in patients with PE.
Detailed patient characteristics are shown in Table 1.

3.2. Overall performance analysis

A sensitivity of 84.6 % (95 % CI: 76.4 %-90.7 %), specificity of 95.1
% (95 % CI: 93.3 %-96.5 %), and an accuracy of 93.8 % (95 % CI: 92.0
%-95.3 %) were achieved for the detection of PE. The performance of the
algorithm for the entire cohort are presented in detail in Table 2.

ROC curve showed an AUC of 0.935 (95 % CI: 91.7 %-95.0 %) for PE
detection (Fig. 3).

3.3. Obesity-based subgroup analysis
The prevalence of PE was similar in obese and non-obese patients
(12.2% vs. 11.9 %, p = 0.737, respectively). In the obese and non-obese

groups, the accuracy for detecting PE was 92.5 % (95 % CI: 89.2 %-95.1
%) and 94.6 % (95 % CI: 92.4 %-96.2 %), respectively. Further details of

Cropped CTPA Volume

3D DynUNet Model
for PE Detection

3D Crops &
of shape (64,64,64) L

n Prediction
Aggregation

Pulmonary Embolism
Heatmap Prediction

Fig. 1. The architecture diagram shows the pipeline used for pulmonary embolism detection. CTPA = CT pulmonary angiography, PE = pulmonary detection.
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Anonymized scans from consecutive patients

(n = 1000)
s TTETEEEEEEEEEEEEEEEEEEEEEE ST RN
Exclusions:
- Incomplete data transfer (n = 32)

Inconclusive report (n = 17)
Insufficient contrast in the pulmonary trunk (n = 40)
Failure of preprocessing algorithm (n = 8)

N -

Included scans
(n =903)

Fig. 2. Flowchart of the study.

Table 1 Table 2
Patient characteristics. Overall performance analysis of the Al model.
All cases With PE (n Without PE p-value All cases (n = 903)
(n =903) =110) (n=793) R
True positive 93
Clinical False negative 17
characteristics False positive 39
Sex (female) 532 (58.9) 60 (54.5) 472 (59.5) 0.321 True negative 754
Age (year) 58 (39, 70) 59 (44, 69) 57 (39, 70) 0.335 Sensitivity 84.6 % [76.4 %-90.7 %]
Body mass index (kg/ 27.9 (23.4, 28.5 (23.6, 28.2 (23.5, 0.745 Specificity 95.1 % [93.3 %-96.5 %]
m?) 33.5) 32.3) 33.4) Positive predictive value 70.5 % [63.5 %-76.6 %]
Race Negative predictive value 97.8 % [96.6 %-98.6 %]
White 467 (51.7) 57 (51.8) 409 (51.6) 0.962 Accuracy 93.8 % [92.0 %-95.3 %]
Elztcil‘:e American 1‘0(?8_(1‘;4'6) 35((5_4(;))'9) :1)’5(?)_(1‘;5'1) g:;(l)g 95% confidence intervals are in the squared brackets.
Native Hawaiian 1(0.1) 0(0.0) 1(0.1) 0.710
Asian 4(0.4) 1(0.9) 3(0.4) 0.432
Unknown 27 (2.9) 7 (6.4) 20 (2.5) 0.028 100 |-
Comorbidities
Limited mobility 242 (26.8) 41 (37.3) 201 (25.3) 0.009 I
Heart failure 140 (15.5) 23 (20.9) 117 (14.8) 0.096 I
Coronary artery disease 128 (14.2) 22 (20.0) 106 (13.4) 0.062 B
Prior myocardial 73 (8.1) 13(11.8) 60 (7.6) 0.129 80 |-
infarction I
COPD 124 (13.7) 16 (14.5) 108 (13.6) 0.792 -
Hypertension 526 (58.3) 63 (57.3) 463 (58.4) 0.825 |
Prior stroke 102 (11.3) 15 (13.6) 87 (11.0) 0.408 . 60 |-
Active malignancy 252 (27.9) 41 (37.3) 211 (26.6) 0.020 "§ |
Any smoking history 432 (47.8) 48 (43.6) 384 (48.4) 0.578 =
Surgery within 1 month 204 (22.6) 38 (34.5) 166 (20.9) 0.002 g I
History of clotting or 283 (31.3) 61 (55.5) 222 (28.0) <0.001 O I
clotting disorder n 40 H
Symptoms I
Tachypnea 304 (33.7) 45 (40.9) 259 (32.7) 0.086 I
Heart rate > 100 bpm 377 (41.7) 54 (49.1) 323 (40.7) 0.096 -
Hemoptysis 34 (3.8) 8(7.3) 26 (3.3) 0.040 20 H
Median (25th and 75th percentile) and frequencies (percentages). B
bpm, beats per minute; COPD, chronic obstructive pulmonary disease. - AUC = 0.935
* between patients with and without PE. 5 P < 0.001
O | | Il I Il L L I | Il I Il Il L I L
algorithm performance in the subgroups are shown in Table 3. 0 20 40 60 80 100

100-Specificity

3.4. Location-specific subgroup analysis
Fig. 3. Receiver-operating characteristic curve representing the overall per-

The most proximal level of PE in this cohort included 21 central, 30 formance of the algorithm. AUC = area under the curve.

lobar, and 59 peripheral cases of PE. In the central arteries, all emboli
were detected. In the lobar branches, 29 of 30 emboli were depicted,
while the remaining one, a chronic PE was missed. In the peripheral

Table 4 shows the detailed results of the location-specific analysis.

regions, 43 of 59 emboli were correctly detected, while 16 were missed. 3.5. Assessment of false negative and false positive findings
Latter were identified as chronic subsegmental PEs and acute/chronic
PEs in segmental or subsegmental arteries by further expert reading. There were 17 false negatives with a miss rate for PE of 15.5 % (17/
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Table 3
Obese vs. non-obese subgroup analysis.

Obese (n = 348) Non-obese (n = 555)

True positive 37 56

False negative 7 10

False positive 19 20

True negative 285 469

Sensitivity 84.1 % [69.9 %-93.4 %] 84.8 % [73.9 %-92.5 %]

Specificity

Positive predictive value
Negative predictive value
Accuracy

93.8 % [90.4 %—96.2 %]
66.1 % [55.3 %-75.4 %]
97.6 % [95.4 %-98.8 %]
92.5 % [89.2 %-95.1 %]

95.9 % [93.7 %-97.5 %]
73.7 % [63.3 %-81.3 %]
97.9 % [96.4 %-98.8 %]
94.6 % [92.4 %-96.2 %]

95% confidence intervals are in the squared brackets.

Table 4
Location-based performance analysis.

True positive False negative Sensitivity

Overall 93 17 84.6 % [76.4 %-90.7 %]
Central 21 100.0 % [83.9 %-100.0 %]
Lobar 29 96.7 % [82.8 %-99.9 %]
Peripheral 43 16 72.9 % [59.7 %-83.6 %]

95% confidence intervals are in the squared brackets.

110 positive cases). False negative cases mostly corresponded to small
chronic PEs in subsegmental arteries (n = 8) and probably acute PEs in
segmental or subsegmental branches (n = 7). Other causes were low
image quality due to high BMI (n = 1) and pneumonia with lymph-
adenopathy (n = 1).

There were 39 false positive cases. False positive cases were caused
by turbulent flow in the arteries and vascular branching (n = 9), beam
hardening artifacts (n = 4), breathing artifacts (n = 4), consolidation (n
= 6), pulmonary mass (n = 6), lymphadenopathy (n = 2), low image
quality (n = 2), and other pulmonary pathologies (pneumothorax,
atelectasis, and missing right pulmonary artery) (n = 6). Fig. 4 presents
examples of a true-positive, a false-positive, and a false-negative finding.
(Fig. 5, Fig. 6, Fig. 7).

4. Discussion

PE is a life-threatening condition with high incidence and mortality,
making prompt and accurate diagnosis essential. While CTPA is the gold
standard for PE detection, its evaluation is time-consuming and adds to
radiologists” workload. This study aimed to assess the performance of a
DNN-based algorithm for automated PE detection on a large number of
CTPA scans.

The algorithm showed high sensitivity (84.6 %) and specificity (95.1
%) for the detection of PE, with excellent overall accuracy (93.8 %).
Location-specific analysis revealed excellent sensitivity for detecting
central (100 %) and lobar PE (96.7 %), while accurately capturing acute
peripheral PE as well. False negative classification occurred in 17 out of
754 cases and was limited to lobar and peripheral branches. The

European Journal of Radiology 187 (2025) 112077

software did not miss any PE in the central pulmonary arteries.

PE is a potentially life-threatening condition; thus, prompt diagnosis
and initiation of therapy are essential to improve outcomes. The number
of CTPA scans continues to increase around 3-4 % annually due to fear
of missing PE, increased accessibility to CT systems, and financial con-
siderations [18]. Therefore, an Al-based algorithm that can triage and
prioritize studies in the radiologist’s worklist or even serve as a potential
second reader may improve the time to early diagnosis [19]. A suc-
cessful ATl model, however, must balance sensitivity and specificity by
setting optimal operating thresholds. Minimizing false positives when
employing Al for worklist triage is crucial to prevent unnecessary alerts
and disruptions to the radiologist’s workflow, ensuring that only legit-
imate cases of PE are flagged and expedited [20]. But even more
important is reducing false negative cases to guarantee no PE-positive
scans are overlooked.

The tested algorithm demonstrated an overall sensitivity of 84.6 %
and a specificity of 95.1 %, which aligns with previous literature and a
recent meta-analysis including five studies evaluating different Al al-
gorithms, with a pooled sensitivity of 88.0 % and a specificity of 86.0 %
[12,21,22]. Furthermore, the radiologist’s sensitivity for detecting PE
ranges from 67 % to 87 % with a specificity of 89 % to 99 %, which is
also consistent with the performance of the algorithm tested in our study
[13].

The present study showed that all central emboli were accurately
identified, and only one lobar embolus was missed, leading to a 100 %
and 96.7 % sensitivity, respectively. At peripheral locations, the algo-
rithm achieved a sensitivity of 72.9 %; however, it is important to note
that eight of these were small chronic PEs and seven were probably
acute lesions in segmental or subsegmental branches. The visual
assessment was limited in some of these cases due to the small caliber,
which prevented the distinction between acute and chronic PE. In recent
years, a significant rise in the incidence of subsegmental PEs has been
identified, owing to the ability of current high-resolution CT scanners to
detect filling defects even in subsegmental arteries with a diameter of
2-3 mm [23]. Since this, however, is coupled with a minimal decline in
mortality, it implies that a considerable portion of the additional, mostly
peripheral emboli being identified may not be clinically significant [24].
There is only a handful of studies researching the performance of
automated PE detection on a location-based level. In a recent study, the
performance of a convolutional neural network for PE detection was
investigated and showed a sensitivity of 94 % for central, 94 % for lobar,
and 80 % for peripheral emboli [25]. However, for their training and
internal validation set, CTPA scans with extensive chest abnormalities
were excluded, the training set only included PE positive scans and the
external validation set only included 250 CTPA scans, whereas the al-
gorithm tested in our study included 5,165 CTPA scans with around a
prevalence of 36 % of PE positive cases.

The subgroup analysis revealed minimal to negligible impact on
performance concerning BMI. This is important because CT image
quality typically reduces in patients with high BMI due to the elevated X-
ray absorption rates in adipose tissue, thereby increasing image noise

Fig. 4. Representative true positive case of a patient with right multiple right lower lobe subsegmental emboli using the AI algorithm for PE detection in axial (A),

coronal (B) and sagittal (C) planes.
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Fig. 5. Representative true positive case of a patient large right pulmonary embolism, branching into the right middle and lower lobe lobar branches using the Al

algorithm for PE detection in axial (A), coronal (B) and sagittal (C) planes.

Fig. 6. Representative true positive case of a patient with multiple bilateral emboli in segmental and subsegmental branches using the Al algorithm for PE detection

in axial (A), coronal (B) and sagittal (C) planes.

Fig. 7. Representative false positive and false negative cases. (A): flow related artifact at a bifurcation presenting as a false positive finding, (B): false positive finding
in a patient with right hilar mass with lymphadenopathy, (C): patient with thromboembolic material in the right interlobar artery, which was the only lobar level

false negative case from the algorithm.

[26]. Reduced spatial resolution due to a wider field of view and beam
hardening artifacts due to increased body size contribute to decreased
image quality, potentially compromising emboli detection [27].

Several previous studies tested various algorithms for PE detection
on cohorts typically including a high number of PE positive cases
[28-30]. However, as prevalence strongly influences diagnostic accu-
racy, this could potentially introduce a bias in evaluating diagnostic
accuracy and results might become incomparable to clinical practice. To
overcome this in our research, testing was performed on all consecutive
pertinent CTPAs at our institution over 5 months, ensuring an accurate
representation of clinical realities, including the proportion of positive
to negative exams and the distribution of emboli.

Analysis of patient demographics is important when determining the
generalizability of an Al algorithm. In our patient population, it was well
represented that patients with PE had a higher proportion of known risk
factors, e.g., limited mobility, active malignancy, surgery within 1
month, and clotting disorder. Due to the extended size of the study
cohort, testing the algorithm on the entire range of PE locations and
diverse disease severity was possible. Furthermore, our data, collected at
an academic hospital, included consecutive patients undergoing CTPA,
reflecting a real-life clinical situation. Additionally, subgroup analyses
were conducted to evaluate the algorithm’s performance in potentially
more challenging conditions. Demonstrating the algorithm’s ability to
reliably detect PE, especially in an acute setting, further supports the
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potential implementation of such an algorithm in radiology workflows,
to aid the fast and efficient detection of PE, and enable precise patient
prioritization.

This study had some limitations which should be acknowledged.
First, this study was a retrospective analysis that included patients from
a single center. Scans were acquired from scanner platforms from a
single vendor, which might limit the generalizability of our results to
patients imaged on other CT systems. Second, the classification of exams
for PE presence, and thus the reference standard, was based on clinically
approved reports. While any initial misclassification could impact per-
formance metrics, PE detection on CTPA is generally straightforward.
Additionally, all reports were validated by at least two radiologists,
including at least one board-certified physician, minimizing the likeli-
hood of significant influence on the results [31-33]. Third, in patients
with multiple emboli, only the most proximal embolus was included for
the location-based evaluation. Fourth, the tested algorithm was unable
to process datasets with an average intensity < 180 HU in the pulmonary
artery. Having such capability would be clinically useful to potentially
label incidental PEs from e.g., oncological scans where usually venous
phase scans are performed [34]. Future developments should encourage
the inclusion of these cases when developing an algorithm to further
improve their clinical relevance.

In conclusion, the proposed DNN-based algorithm provides excellent
performance for the detection of PE, suggesting its potential utility to
support radiologists in clinical reading and exam prioritization.
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