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Abstract

Aims/Background Pulmonary embolism (PE) is a life-threatening condition with significant diagnostic
challenges due to high rates of missed or delayed detection. Computed tomography pulmonary angiog-
raphy (CTPA) is the current standard for diagnosing PE, however, demand for imaging places strain on
healthcare systems and increases error rates. This systematic review aims to assess the diagnostic ac-
curacy and clinical applicability of artificial intelligence (Al)-based models for PE detection on CTPA,
exploring their potential to enhance diagnostic reliability and efficiency across clinical settings.
Methods A systematic review was conducted in accordance with Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) guidelines. Excerpta Medica Database (EMBASE), Med-
ical Literature Analysis and Retrieval System Online (MEDLINE), Cochrane, PubMed, and Google
Scholar were searched for original articles from inception to September 2024. Articles were included if
they reported successful Al integration, whether partial or full, alongside CTPA scans for PE detection
in patients.

Results The literature search identified 919 articles, with 745 remaining after duplicate removal. Fol-
lowing rigorous screening and appraisal aligned with inclusion and exclusion criteria, 12 studies were
included in the final analysis. A total of three primary Al modalities emerged: convolutional neu-
ral networks (CNNs), segmentation models, and natural language processing (NLP), collectively used
in the analysis of 341,112 radiographic images. CNNs were the most frequently applied modality in
this review. Models such as AdaBoost and EmbNet have demonstrated high sensitivity, with EmbNet
achieving 88-90.9% per scan and reducing false positives to 0.45 per scan.

Conclusion Al shows significant promise as a diagnostic tool for identifying PE on CTPA scans, particu-
larly when combined with other forms of clinical data. However, challenges remain, including ensuring
generalisability, addressing potential bias, and conducting rigorous external validation. Variability in
study methodologies and the lack of standardised reporting of key metrics complicate comparisons.
Future research must focus on refining models, improving peripheral emboli detection, and validating
performance across diverse settings to realise AI’s potential fully.

Key words: artificial intelligence; natural language processing; machine learning; pulmonary
embolism; CT pulmonary angiogram scan; data science; medical technology
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Introduction

Pulmonary embolism (PE) is a life-threatening cardiovascular condition with
significant global morbidity and mortality, ranking as the third most common acute
cardiovascular event after myocardial infarction and stroke (Kearon et al, 2016).
The estimated annual incidence of PE varies widely worldwide, with approximately
60—70 cases per 100,000 people in North America and Europe; significant regional
variation has been observed, often related to healthcare accessibility and diagnos-
tic practices (Vyas et al, 2024). Early and accurate detection of PE is essential, as
untreated or undiagnosed cases can result in mortality rates of up to 30%, making
prompt diagnosis critical to prevent adverse outcomes and improve survival rates
(Curcio et al, 2022). However, the diagnosis of PE remains challenging, with high
rates of missed diagnoses or delayed detection. Computed tomography pulmonary
angiography (CTPA) is the current gold standard for diagnosing PE, offering high
sensitivity and specificity, typically reported at approximately 80% for both metrics
(Hirsh et al, 2008). Despite this, healthcare systems globally are burdened with an
increasing demand for diagnostic imaging, while radiologists are tasked with inter-
preting complex CTPA scans within constrained timelines. This growing pressure
has contributed to diagnostic errors, with some studies reporting missed diagnosis
rates for PE on CTPA scans as high as 40% in certain centres (Raptis et al, 2022;
Wang et al, 2023; Wichmann et al, 2015).

The diagnostic challenge of PE is further compounded by variability in radi-
ologist experience and proficiency, particularly in detecting central and peripheral
emboli, which may lead to inconsistencies in diagnostic accuracy (Wichmann et
al, 2015). These issues underscore the urgent need for advanced diagnostic tools
to improve the reliability, efficiency, and accuracy of PE detection, thus reducing
the risk of missed or delayed diagnoses. In this context, artificial intelligence (Al)
represents a promising adjunctive tool for enhancing the diagnostic process. In
recent years, Al, particularly through deep learning (DL) methodologies like con-
volutional neural networks (CNNs), has demonstrated significant utility in medical
imaging, with applications successfully developed to detect pulmonary nodules,
pneumothorax, and intracranial hemorrhage, among other conditions (Esteva et al,
2019; Lakhani, 2017; Tang et al, 2019). For PE detection, Al models are being de-
signed to automate the identification of emboli on CTPA scans, thereby improving
diagnostic efficiency and workflow for radiologists and healthcare facilities.

Despite these advancements, a gap remains in understanding the full clinical
impact and limitations of Al applications for PE detection on CTPA. While earlier
studies, such as a review by Soffer et al (2021), have shown promising results in di-
agnostic accuracy with Al tools, the rapid evolution of machine learning (ML) and
DL methodologies has led to increasingly sophisticated applications, often involv-
ing multiple imaging modalities and intricate segment analyses (Tang et al, 2019).
Nevertheless, critical issues remain unresolved, including the management of false
positives and false negatives and the overall effect of these technologies on patient
outcomes and healthcare delivery when integrated into clinical settings (Hosny et
al, 2018).
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This systematic review addresses these gaps in the literature by examining the
current state of Al applications specifically for PE detection on CTPA, evaluating
the effectiveness, diagnostic accuracy, and workflow impact of these tools. This re-
view provides a focused analysis of how these Al models perform across different
clinical environments, such as emergency and non-emergency settings, to assess
their applicability and potential integration into routine diagnostic pathways. Thus,
the primary aims of this review are to evaluate the diagnostic accuracy of Al-based
models for PE detection on CTPA, to determine the clinical applicability and ef-
fectiveness of these models in various healthcare settings, and to identify current
limitations and potential areas for future research that may optimise Al applications
in PE diagnosis. By addressing these key issues, this review aims to provide a com-
prehensive overview of Al’s role in enhancing PE diagnosis, identifying both its
potential and limitations in clinical practice.

Methods

Literature Search Strategy

A systematic review was conducted in accordance with the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses (PRISMA) statement. A
PRISMA checklist for this review is provided in Supplementary material. A lit-
erature search was conducted in Excerpta Medica Database (EMBASE), Medical
Literature Analysis and Retrieval System Online (MEDLINE), Cochrane, PubMed,
and Google Scholar from inception to September 2024. The full search terms can
be found in Appendix Table 2. Additional articles were identified through a man-
ual search of the references lists of articles found through the original search and
use of the ‘related articles’ function on MEDLINE. The only limits used were the
mentioned time frame and English language.

Study Inclusion and Exclusion Criteria

All original articles were included if they reported the use of Al or ML for PE
detection via a CTPA scan. Studies were considered if they presented ML mod-
els in any aspect of a detection technique that made at least partial use of CTPA,
whether as the mainstay or a supportive modality. There were no geographical
restrictions. Studies were excluded from the review if there were inconsistencies
in the data that impeded data extraction or the study was performed in an animal
model. Reviews, editorials, case reports, abstracts from meetings, and preclinical
studies were excluded. In line with the predefined inclusion and exclusion criteria,
two reviewers (VS and HR) independently selected articles for further assessment
following the title and abstract review. A third independent reviewer (AAR) re-
solved any disagreements between the two reviewers. Potentially eligible studies
were then retrieved for full-text assessment. The software used for the described
process was Covidence (Covidence systematic review software, Veritas Health In-
novation, Melbourne, Australia, https://www.covidence.org/). A full list of the in-
clusion/exclusion criteria may be found in the Appendix Table 2, including the
PRISMA screening process.
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Data Extraction and Critical Appraisal of Evidence

All full texts of retrieved articles were read and reviewed by two authors (VS
and HR) and a unanimous decision was made regarding the inclusion or exclusion
of studies. When there was disagreement, the final decision was made by a third re-
viewer (AAR). Using a pre-established protocol, the following data was extracted:
first author; study type and characteristics; number of patients; population demo-
graphics; study aims; category of ML method used; method of ML implemented
and main reported outcomes. A data extraction sheet for this review was developed
and pilot-tested using three randomly selected included studies and subsequently
was refined accordingly. Data extraction was performed by two review authors
(VS and HR) who carried out the process in duplicate on two separate extraction
sheets. Correctness of the tabulated data was validated by a third author (AAR)
who evaluated both extraction sheets and assessed full texts where incongruences
existed. Due to the high heterogeneity of the included studies’ methodology, the
research group did not conduct a meta-analysis or include a quantitative risk-of-
bias assessment. Nevertheless, a qualitative assessment of the quality of studies
included was conducted, and is detailed within the Discussion below.

Results

Study Selection

The literature search identified 919 articles; following the removal of dupli-
cates, 745 were screened. A total of 139 full-text articles were reviewed and as-
sessed aligned with the inclusion and exclusion criteria. Following critical ap-
praisal, 12 studies were included in this review. Fig. | outlines the study selection
process. A summary of included articles and their respective designs, type of ML
modalities, as well as the main reported outcomes are presented in Table 1.

Study Characteristics

Studies were published between 2017 and 2024, analysing a total of 341,112 ra-
diographic images. All the eligible studies (n = 12/12) were retrospective in nature,
and all of these employed radiologist interpretation as the reference comparison
standard.

ML Modality Employed

Seven of the twelve studies used a supervised ML approach as their model in
the form of a CNN, with two additional studies applying a semi-supervised model
in the form of a segmentation model. In two cases, natural language processing
(NLP) was employed as the modality of choice. In one study, the modality was
unidentifiable. Within the studies that reported using a supervised learning method,
there was strong homogeneity in the ML approach used, with all seven of these
studies applying a CNN. The semi-supervised approach used a segmentation model
that was based on a HRNet-based architecture; however, only two studies employed
this modality. Seven studies were conducted in USA centres, which was the modal
study location in this review.
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Identification of studies via databases and registers

Records removed before
screening:
Duplicate records removed
(n=174)

Records excluded

(n = 606):
Study design (n = 511)
Irrelevant topic area (n = 80)
Non-English (n = 15)

Reports not retrieved
(n=0)

Reports excluded (n = 127):
No clear application of CTPA
(n=102)
No clear use of Al (n = 20)
Conference abstract (n = 5)

c
o
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e
: !
(7]
Reports assessed for eligibility
(n =139)
——/
] Studies included in review
Q
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| Reports of included studies
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Fig. 1. A flow summary of the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) methodology adopted for this review. “*”: Databases. CTPA, computed
tomography pulmonary angiography; Al artificial intelligence.

Outcome in NLP Techniques

100% (Amin et al, 2024; Swartz et al, 2017).

Of the two studies that employed NLP, the range of sensitivities observed was
between 86.0% and 97.1%, while specificities observed were between 98.6% and
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Table 1. A summary table of the main reported outcomes of all studies that met review’s inclusion criteria.

Study &  Study Country Number of  Machine learning Main reported outcomes
Year design (s) datapoints modality
analysed (n) employed
(Swartz et R, NA USA 2000 Natural language e The novel NLP tool demonstrated high accuracy in classifying venous thromboem-
al, 2017) processing bolism (VTE) reports, achieving a sensitivity of 95.7% (UTZ) and 97.1% (CTPA), with
both modalities having a specificity of 100% and 98.6%, respectively.
e The diagnostic yield was evaluated at the individual provider level, leading to the
development of an imaging dashboard for enhanced data presentation.
(Tajbakhsh R, M USA 121 Convoluted e Vessel-oriented image representation (VOIR) enhances pulmonary embolism (PE)
et al, 2019) neural network detection, achieving 0 mm localisation error in the PE challenge and enabling more
accurate diagnoses by both radiologists and computer-aided design (CAD) systems.
e The novel image representation accelerates model training and improves accuracy,
outperforming 3D CNNs while requiring fewer training samples.
e VOIR’s compact and consistent design facilitates multi-view visualisation of vessels,
supporting confident diagnosis and demonstrating robust performance across various
computed tomography (CT) scanners.
(Wittenberg ~ R,M  Netherlands 129 Segmentation e Patient groups were similar regarding age (p = 0.22), accompanying lung disease (p
et al, 2012) model = 0.12), and inpatient/outpatient ratio (p = 0.67), with no significant differences in sen-

sitivity (100%, 97%, and 92%) or specificity (18%, 15%, and 13%) across institutions
(»=0.21 and p = 0.820, respectively).

e While the mean number of false positive (FP) findings varied significantly (4.5, 6.2,
and 3.7; p = 0.02 and p = 0.03), the median numbers (2, 3, and 3) were comparable,
with image quality parameters showing a significant association with the number of
FPs (p < 0.05), but not with sensitivity.

e The performance of CAD systems was found to be independent of the type of scanner
used, emphasising that image quality and scanning protocols are critical factors influ-
encing CAD effectiveness.
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Study &  Study Country Number of Machine learning Main reported outcomes
Year design (s) datapoints modality
analysed (n) employed
(Weikert et R,M Switzerland 29,465 Convoluted e The Al prototype algorithm demonstrated a high degree of diagnostic accuracy, iden-
al, 2020) neural network tifying 215 of 232 pulmonary embolism (PE) positive exams [sensitivity 92.7%; 95%
confidence interval (CI) 88.3-95.5%)] and 1178 of 1233 negative exams (specificity
95.5%; 95% CI1 94.2-96.6%).
e On a per-finding basis, the algorithm correctly marked 1174 of 1352 identified emboli
as true positives, with false positives primarily attributed to contrast agent-related flow
artefacts, pulmonary veins, and lymph nodes.
e This algorithm can aid clinicians by automatically prioritising exams with high suspi-
cion of PE, serving as a secondary reading tool, thereby expediting the diagnostic and
therapeutic processes while minimising the risk of false negatives.
(Huang et R,NM USA 1837 Convoluted e This study developed and evaluated various multimodal fusion model architectures
al, 2020a) neural network that integrate pixel data from volumetric Computed Tomography Pulmonary Angiog-

raphy (CTPA) scans and clinical patient data from electronic medical records (EMR)
for the automatic classification of pulmonary embolism (PE) cases.

e The top-performing model, a late fusion approach, achieved an area under the receiver
operating characteristic curve (AUROC) of 0.947 (95% CI: 0.946—-0.948) on the entire
held-out test set.

e This late fusion model significantly outperformed both imaging-only and EMR-only
single modality models, demonstrating the efficacy of combining multimodal data for
enhanced PE classification.
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Study &
Year

Study
design

Country  Number of
(s) datapoints
analysed (n)

Machine learning Main reported outcomes

modality
employed

(Liu et al,
2020)

R,M

China 878

Convoluted
neural network

o The study found that the U-Net deep learning model demonstrated a sensitivity of 94.6%
and specificity of 76.5% for detecting clots at a probability threshold of 0.1, with an area
under the curve (AUC) of 0.926 (95% CI: 0.884—0.968).

e Additionally, the clot burden quantified using U-Net was significantly correlated with
established clinical scores, such as the Qanadli score (r = 0.819, p < 0.001) and the Mas-
tora score (r = 0.874, p < 0.001), as well as with right ventricular functional parameters
assessed via CTPA.

e These findings suggest that the deep learning convolutional neural network (DL-CNN)
can effectively detect acute pulmonary embolism (APE) and quantitatively assess clot
burden, potentially alleviating clinician workload in the diagnostic process.

(Huang et
al, 2020b)

R,M

USA 1997

Convoluted
neural network

e The PENet model achieved an AUROC of 0.84 (95% CI: 0.82—0.87) on an internal
dataset and 0.85 (95% CI: 0.81-0.88) on an external dataset, demonstrating robust gener-
alisability for detecting pulmonary embolism (PE).

e PENet outperformed current state-of-the-art 3D convolutional neural networks, effec-
tively diagnosing PE without extensive preprocessing.

e This model has the potential to function as a triage tool, enabling automatic identification
of clinically significant PEs and improving prioritisation for diagnostic interpretation.

(Shapiro
et al,
2024)

R,M

USA NA

NA

e Implementation of the Viz.ai PE Module at TriHealth Bethesda Hospital significantly
reduced time-to-consult from an average of 240.45 minutes (pre-Al) to 6.72 minutes (post-
Al), highlighting a dramatic improvement in evaluation times for potential pulmonary
embolism (PE) cases.

e The average time for pulmonary embolism response team (PERT) activation was notably
faster in the post-Al cohort, with a marked decrease in in-hospital mortality from 8.4%
(pre-Al) to 2.2% (post-Al).

e Overall, the Al-powered platform improved scan-to-assessment time from 318.42 min-
utes to 5.47 minutes and facilitated faster anticoagulant administration for PERT-activated
cases, demonstrating a significant enhancement in clinical workflow and patient outcomes.

British Journal of Hospital Medicine | 2025 | https://doi.org/10.12968/hmed.2024.0757


https://www.magonlinelibrary.com/journal/hmed
https://doi.org/10.12968/hmed.2024.0757

SYSTEMATIC REVIEW

Table 1. Continued.

Study &  Study Country Number of Machine learning Main reported outcomes

Year design (s) datapoints modality
analysed (n) employed
(Somani et  R,NM USA 320,746 Convoluted e Inacohort of 21,183 patients with moderate to high suspicion of pulmonary embolism
al, 2021) neural network (PE), a Fusion model combining clinical data and electrocardiogram (ECG) waveform
representation achieved an AUROC of 0.81, outperforming ECG (0.59) and electronic
health record (HER) models (0.65).
e The Fusion model showed superior specificity (0.18) and performance (AUROC
0.84) compared to four clinical scores (AUROC 0.50—-0.58) and maintained consistent
performance across sex (0.81) and racial/ethnic groups (0.77-0.84).
e This study demonstrates that integrating ECG waveforms with clinical data enhances
PE detection specificity in patients with moderate to high suspicion of PE.
(Cheng et  R,NM Taiwan 33 Segmentation e Training a semi-supervised learning model on an open-source dataset and unlabeled
al, 2023) model data from National Cheng Kung University Hospital achieved mean intersection over

union (mIOU), dice score, and sensitivity of 0.3510, 0.4854, and 0.4253, respectively.
e Fine-tuning the model with a limited set of unlabeled pulmonary embolism CTPA
images from China Medical University Hospital resulted in improvements in mIOU
(from 0.2344 to 0.3721), dice score (from 0.3325 to 0.5113), and sensitivity (from
0.3151 to 0.4967).

e These findings indicate that the semi-supervised model enhances accuracy across
datasets while minimizing labelling efforts by requiring only a small number of unla-
beled images for fine-tuning.
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Study &  Study Country Number of  Machine learning Main reported outcomes
Year design (s) datapoints modality
analysed (n) employed

(Aminetal, R,M USA 12,183 Natural language e The natural language processing model demonstrated high accuracy in identifying

2024) processing pulmonary embolism (PE) from radiology reports, achieving an area under the receiver
operating characteristic curve (ROC) of 0.99, sensitivity of 0.86 to 0.87, and specificity
0f 0.99 in internal and temporal validation cohorts.
e Among PE-CTPA studies, 10.5% were positive for PE, with 22.2% classified as
low-risk by the simplified Pulmonary Embolism Severity Index (sPESI) score; notably,
74.3% of low-risk PE patients were admitted for inpatient management.
e This study highlights the model’s effectiveness in real-time identification of PE and
its potential as a clinical decision support tool for outpatient management of low-risk
patients in the emergency department when combined with the validated sPESI risk
stratification score.

(Zhu et al, R,M China 555 Convoluted e The EmbNet achieved per-scan sensitivity of 90.9% (internal validation) and 88.0%

2024) neural network (external validation), with specificity at 75.4% and 70.5%, respectively. Positive pre-

dictive value (PPV) was 48.4% (internal) and 42.7% (external), while negative predic-
tive value (NPV) was 97.0% and 95.9%.

e At the per-embolus level, sensitivity was 86.0% (internal) and 83.5% (external), with
PPV at 61.3% and 57.5%. Sensitivity for central emboli was 89.7% (internal) and
94.4% (external), while lobar emboli sensitivity was 95.2% and 93.5%. Peripheral
emboli sensitivity was 82.6% (internal) and 80.2% (external).

e The average false positive rate was 0.45 (internal) and 0.69 (external) false emboli
per scan, indicating that EmbNet provides high sensitivity across different embolus
locations, supporting its potential use for initial screening in clinical practice.

Note: R, Retrospective; M, Multicentre; NM, Not Multicentre; NLP, natural language processing.
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Outcome in Segmentation Model Techniques

Of the two studies that employed segmentation models, the range of sensitivi-
ties observed was between 31.51% and 100%, and specificities observed were be-
tween 13% and 18% (Wittenberg et al, 2012; Cheng et al, 2023).

Outcome in CNN Techniques

Of the seven studies that employed CNNs, the range of sensitivities observed
was between 83.5% and 95.2%, while specificities observed ranged from 70.5% to
95.5% (Weikert et al, 2020; Huang et al, 2020a; Liu et al, 2020; Huang et al, 2020b;
Somani et al, 2021; Zhu et al, 2024; Tajbakhsh et al, 2019).

Discussion

The use of Al in detecting PE on CTPA imaging has made significant strides.
This systematic review has identified significant heterogeneity inherent in these ap-
proaches, including NLP and DL models. While the review has found clear poten-
tial for all Al modalities identified to enhance diagnostic accuracy, evidence of their
utility in clinical workflows remains seldom considered. This remains challenging
given several key themes still persist in radiology, including time constraints, accu-
racy, and scalability.

Al models, such as those integrating clinical data with ML, provide a substan-
tial improvement over traditional clinical scoring systems like the Wells and Geneva
scores. For instance, in the Exarchos et al (2020) pilot study and follow-on Huang
etal (2020a) application, the AdaBoost classification coupled with the Wrapper fea-
ture selection technique has demonstrated higher accuracy and sensitivity compared
to traditional methods, indicating the potential for Al to enhance early and accurate
diagnosis of PE. This is particularly crucial as PE continues to be underdiagnosed
despite advancements in imaging, as aforementioned. Such models offer the poten-
tial to mitigate this by reducing over-reliance on CTPA and improving diagnostic
yields (Amin et al, 2024).

NLP in Clinical Decision Support for Low-Risk PEs

NLP has emerged as a promising approach in assisting clinicians with PE diag-
nosis and risk stratification. Several studies, notably Swartz et al (2017), who pio-
neered the integration of NLP with clinical decision support systems (CDSS), have
demonstrated the utility of NLP in analysing CTPA radiology reports to identify
low-risk PE cases in real-time. These tools, including those developed by Amin
et al (2024), are designed to support outpatient management by identifying low-
risk patients, thus reducing unnecessary hospitalisations and associated healthcare
costs. The incorporation of NLP allows for the automated extraction of essential
clinical and operational terms—Iike “right heart strain” or “result discussed with
Dr XYZ”—that help stratify patient risk.

While the performance of NLP-based models is comparable to other PE detec-
tion models, their scalability, ease of integration into existing healthcare infrastruc-
tures, and lower development costs make them particularly attractive (Amin et al,
2024; Soffer et al, 2021). Moreover, the ability of NLP models to operate in real-
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time aligns well with clinical needs, ensuring prompt intervention and follow-up.
Nevertheless, the current literature indicates that clinical decision support systems
incorporating NLP are most beneficial when applied to low-risk patient groups—as
identified by Amin et al (2024), where 26.7% of such patients are routinely outpa-
tient cases. As the evidence is focused on this demographic, questions persist about
their generalisability across different risk categories and clinical settings.

DL and Image-Based Al

The introduction of DL models, particularly CNNs, has significantly improved
the accuracy of PE detection on CTPA scans. Models such as EmbNet (Zhu et al,
2024) have demonstrated high sensitivity in both internal and external validations,
achieving sensitivity rates of 88% to 90.9% per scan and 83.5% to 86% per embolus.
Notably, these models can be enhanced by preprocessing techniques like vessel
segmentation, which help focus detection efforts on pulmonary arteries, thereby
reducing false positives—this has previously been applied to retinal vasculature
(Zhu et al, 2024). Compared to traditional models, which often yield high false
positive rates—up to 2.5 false positives per scan—Al-based systems have achieved
notable reductions, bringing rates down to as low as 0.45 false positives per scan,
as identified by Zhu et al (2024). This improvement not only aids radiologists
in prioritising cases but also reduces the cognitive load associated with manually
reviewing false positives.

However, despite these advancements, there are inherent challenges in DL
models, particularly concerning the trade-off between sensitivity and positive pre-
dictive value (PPV). While models like EmbNet (Zhu et al, 2024) have optimised
sensitivity to ensure high recall of PE cases, their relatively lower PPV (42.7%—
48.4% per scan) highlights the need for radiologist oversight in balancing the de-
tection of true positives against potential over-detection. Furthermore, as [Lynch
and Suriya (2022) portray in their study, CNN-based models often face difficulties
in detecting peripheral emboli, with sensitivity rates for such cases ranging lower
from 80.2% to 82.6%. This issue underscores the importance of developing Al
models that can accurately detect both central and peripheral emboli without com-
promising sensitivity.

Combining CTPA and Non-Imaging Data via Al

A novel aspect of recent Al applications is their ability to integrate non-imaging
data, such as raw ECG waveforms, alongside traditional clinical variables like
CTPA data (Somani et al, 2021). This multi-modal approach appears to be more
effective in detecting PE, especially in cases with moderate-to-high clinical suspi-
cion, compared to conventional clinical scores. For example, in Somani et al (2021)
cohort study, ECG waveform embeddings contributed significantly to model pre-
dictions, identifying subtle electrocardiographic markers that may signal early PE
or predisposition to thrombosis, which might not be visible to clinicians using stan-
dard diagnostic tools. This aligns with existing literature suggesting that subtle
cardiac abnormalities could correlate with higher PE risk (Abdulaal et al, 2024).
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AT’s ability to process complex data inputs from multiple sources has a clear ef-
ficiency advantage, potentially improving diagnostic accuracy and enhancing clini-
cal workflows. By integrating diverse data types, these Al models can refine patient
triage decisions, ensuring that those with the highest likelihood of PE are prioritised
for imaging, while others may avoid unnecessary CTPA exposure. This not only
helps reduce resource strain on imaging departments but also enables clinicians to
make more targeted and data-informed decisions in complex cases where clinical
symptoms alone may not be definitive.

Enhanced Diagnostic Specificity and Eliminating CTPA Overuse

One of the most critical contributions of Al in this space is its capacity to re-
fine patient selection for CTPA, aiming to reduce unnecessary imaging. Traditional
clinical scoring systems often overpredict the need for CTPA, leading to increased
patient exposure to radiation and contrast agents, which is especially concerning
in older populations. Al-driven models have demonstrated superior specificity, re-
ducing reliance on CTPA and potentially improving the diagnostic efficiency of
PE workups. For instance, fusion models that incorporate ECG and clinical data
alongside Al have achieved higher specificity and discrimination power than clini-
cal scores alone, effectively reducing unnecessary imaging in patients where PE is
unlikely—a trend observed as early as 2021 (Soffer et al, 2021). Based on the cur-
rent evidence, the use of Al-driven ECG and clinical data models could potentially
allow for the selective omission of CTPA in patients with low pre-test probability
for PE, such as those with low Wells scores and negative D-dimer results (Chen et
al, 2020).

However, while these Al-enhanced diagnostic pathways have shown promise
in reducing CTPA utilisation, they do introduce some risk of misdiagnosis if CTPA
is omitted. Misdiagnosis rates vary across models and depend on patient selection
criteria; however, misdiagnosis rates in studies employing Al-driven ECG fusion
models have generally ranged from 3% to 8% in cases with a low clinical probabil-
ity for PE (Somani et al, 2021). Although these rates are promising, they highlight
the need for further validation before CTPA can be safely omitted in broader patient
populations. Thus, while Al can potentially reduce the frequency of CTPA, careful
patient selection and external validation of AI models are essential to avoid com-
promising diagnostic accuracy. This approach not only improves patient safety but
also enhances resource allocation within clinical settings, addressing inefficiencies
in diagnostic workflows. Future research should continue to evaluate the misdiag-
nosis risk across patient demographics to refine selection criteria and ensure safe,
effective use of Al as an adjunct to traditional diagnostic methods.

Generalisability and External Validation

The generalisability of Al models across diverse clinical settings remains a
critical concern. Although many Al-based systems demonstrate high accuracy in
internal validations, their performance tends to decrease during external validations.
For example, models like EmbNet experienced a modest decline in sensitivity (1.1-
5.7%) and an increase in false positives (FPs) when validated externally, reflecting
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the discrepancies between controlled environments and real-world clinical contexts
(Somani et al, 2021). These differences can be attributed to the presence of con-
comitant diseases such as atelectasis and pleural effusion, which were excluded
from internal datasets but present in real-world cases (Abdulaal et al, 2024). Con-
sequently, Al models trained on homogeneous datasets may struggle to replicate
their performance in broader, more varied clinical populations. The performance
of Al models must be evaluated across diverse patient populations, particularly as
ML models infamously reflect the biases present in the data used to train them
(Belkouchi et al, 2023).

Encouragingly, recent studies, such as Amin et al (2024), suggest that Al mod-
els for PE detection have shown consistent performance across different demo-
graphic groups, including varied racial and gender subgroups, which indicates a
positive step towards reducing healthcare disparities.

Nonetheless, future AI models must undergo rigorous external validation with
similarly diverse datasets to corroborate this, ensuring the models perform reliably
outside controlled development datasets. Furthermore, datasets must include com-
plex cases, such as post-pulmonary surgery patients and chronic PE cases. Expand-
ing training datasets to include asymptomatic PE cases, which are often underrep-
resented due to selection bias in current CTPA use, a fact well-understood from the
Soffer et al (2021) review, could enhance model sensitivity and mitigate the risk
of false-negative readings. Without such advancements, the clinical utility of Al in
PE detection may remain limited to high-risk and symptomatic patient cohorts.

Clinical Applications, Strengths, and Limitations of AI Models for PE
Detection

The use of Al models for detecting PE in clinical settings shows significant
promise across emergency, inpatient, and outpatient contexts, each benefiting from
specific Al strengths while facing particular limitations.

In emergency settings, where rapid response is crucial, DL models, especially
CNNs, can swiftly identify high-risk PE cases on CTPA, facilitating prompt treat-
ment. Models such as EmbNet demonstrate high sensitivity, achieving detection
rates of up to 88-90.9% per scan, helping prioritise critical cases (Zhu et al, 2024).
However, the associated lower positive predictive value (PPV) contributes to FPs,
requiring radiologists to review non-significant findings, which can increase work-
load. This trade-off underscores the need for optimising PPV without sacrificing
essential sensitivity.

In inpatient scenarios, Al’s ability to integrate clinical and imaging data sup-
ports targeted monitoring of high-risk patients, such as post-surgical or immobilised
individuals. Models like the AdaBoost classifier with Wrapper feature selection
outperform traditional scoring systems by improving accuracy and sensitivity, re-
ducing unnecessary CTPA reliance and limiting patient exposure to radiation and
contrast (Somani et al, 2021). However, patient heterogeneity within inpatient set-
tings may challenge the consistency of Al performance, highlighting the need for
external validation to maintain reliability across diverse patient profiles.
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In outpatient and low-risk settings, NLP models offer an efficient, scalable op-
tion for identifying cases where immediate imaging may not be necessary. NLP
systems, demonstrated by Swartz et al (2017) and Amin et al (2024), streamline
PE management by extracting key terms from radiology reports and identifying
low-risk cases suitable for outpatient follow-up (Chen et al, 2020). Although cost-
effective and easily integrated, these models primarily target low-risk cases, limit-
ing their generalisability for higher-risk patients.

The integration of CTPA with non-imaging data, such as ECG waveforms, rep-
resents a recent Al innovation. For instance, ECG embeddings in models like those
studied by Somani et al (2021) help detect early PE indicators, refining patient se-
lection for CTPA and reducing unnecessary imaging. However, incorporating such
diverse data into routine workflows poses logistical challenges, emphasising the
importance of robust clinical infrastructure.

Overall, each Al model displays unique strengths within its respective clinical
context. Emergency and inpatient settings benefit from the sensitivity of CNNs
and multi-modal models, while NLP is best suited for low-risk outpatient manage-
ment. Rigorous validation across diverse datasets remains critical to optimising
these models’ effectiveness across patient populations.

Future Directions

The integration of Al in clinical respiratory practice, particularly for PE detec-
tion on CTPA, holds significant promise for enhancing diagnostic workflows and
reducing the burden on radiologists. However, the continued development of Al
applications in this field requires a strategic focus on hybrid and multimodal fu-
sion models, which combine the complementary strengths of NLP and DL. Hybrid
models that integrate NLP and CNN algorithms could harness the interpretability
of NLP for analysing radiology reports alongside the advanced image recognition
capabilities of CNNss, resulting in more comprehensive diagnostic systems. Such
an approach could enhance model accuracy by enabling systems to synthesise both
imaging data and textual insights, thus supporting a more holistic analysis of PE
presentations.

To improve model robustness and generalisability, future research should also
prioritise semi-supervised learning methods, as demonstrated in recent segmenta-
tion approaches included in this review. Semi-supervised learning could help Al
models adapt to a wider array of datasets with limited labelling, which is espe-
cially pertinent for detecting PE given its often subtle radiological presentations.
Another important avenue for enhancing model adaptability is the use of multicen-
tre datasets for model training and validation. Validating models across multiple
healthcare centres and varied populations would improve generalisability and en-
sure applicability across diverse clinical settings, increasing the feasibility of Al
deployment in everyday practice.

Additionally, iterative advancements in algorithmic architecture should be ex-
plored to improve diagnostic sensitivity and reduce false positives, especially as PE
detection requires distinguishing between central and peripheral emboli—tasks that
can be challenging for traditional algorithms. Thus, the development of more so-
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phisticated segmentation algorithms and fusion models is essential for Al to reach
a clinically reliable standard, paving the way for Al models that can be adapted
across multiple diagnostic workflows and patient demographics.

Operational and Ethical Considerations

The application of Al in medical imaging also necessitates addressing crucial
operational, ethical, and data privacy concerns to ensure sustainable and responsi-
ble integration within healthcare systems. Patient privacy, for example, remains
paramount; Al models require access to substantial amounts of clinical data, which
introduces potential vulnerabilities. Healthcare systems implementing Al tools
must establish stringent data security protocols, incorporating anonymisation and
secure data storage practices, to protect patient confidentiality and comply with
regulations such as the General Data Protection Regulation (GDPR). Furthermore,
transparency in data handling processes can help build trust with both patients and
clinicians, facilitating Al adoption.

Another key consideration is mitigating data bias, which can arise if models are
trained on datasets that do not adequately represent diverse populations. Data bias
not only limits generalisability but also poses ethical risks, as biased models may
deliver suboptimal or inaccurate diagnoses for underrepresented groups. To address
this, future AI models should be trained and validated on inclusive datasets that
reflect the diversity of real-world patient populations. This effort could be bolstered
by collaborations between institutions to aggregate data from varied sources, thus
reducing model biases and ensuring fairness and equity in Al-assisted diagnosis.

Finally, the adaptability and feasibility of Al within various healthcare systems
require careful planning. Many Al tools, including those discussed in this review,
are currently in the early stages of development and may require substantial compu-
tational resources and technical infrastructure to be integrated effectively. Resource
limitations, particularly in under-resourced healthcare systems, may affect the fea-
sibility of widespread Al adoption. Developing Al models that are both computa-
tionally efficient and scalable can help mitigate these challenges, as can training
programmes to enhance clinician understanding and acceptance of Al tools. By
proactively addressing these ethical, privacy, and feasibility concerns, Al applica-
tions in PE detection and beyond can be deployed responsibly and effectively, max-
imising clinical impact while safeguarding patient rights and promoting equitable
healthcare outcomes.

Limitations of Studies

Despite the promising results, there remain several limitations to the current Al
models for PE detection. One key issue is the retrospective nature of many studies,
where data timeliness and completeness can influence model accuracy. Addition-
ally, models tend to perform well in patients with moderate-to-high suspicion of
PE but require further refinement to address low-risk populations that are often
excluded from CTPA. Future work should focus on improving model calibration
for patients with low clinical suspicion, enabling better decision-making across the
full spectrum of PE risk. Moreover, embedding institutional or provider-specific
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diagnostic biases within models poses another challenge. Continued refinement,
feature ablation studies, and validation against more diverse datasets will be vital
to ensure the robustness and ethical deployment of Al in real-world settings. Given
the marked heterogeneity of studies, it was not possible to perform a pooled analysis
of all outcomes for a particular Al modality.

Limitations of Review

This systematic review is subject to several inherent limitations that must be
carefully considered when interpreting its findings. Given the novelty of the Al
models investigated, this review identified only 12 studies, all of which were proof-
of-concept or pilot studies. A significant limitation is the small sample sizes present
across these studies, with the majority (>6 studies) having fewer than 100 cases
each. This limitation in sample size may increase the propensity for both type I
and type II errors, thereby limiting the statistical power and generalisability of the
review’s conclusions.

Additionally, the generalisability of these findings is further constrained by
data biases that exist in the reviewed studies. These biases stem from imbalanced
datasets, where certain patient demographics or PE characteristics are underrepre-
sented. Such biases may affect the performance and applicability of AI models
when applied to a broader, more diverse clinical population, as models trained on
biased datasets may not generalise well across varying patient presentations. More-
over, the majority of the studies included were retrospective, introducing a time lag
that may not reflect AI’s most recent advancements and real-time capabilities in
CTPA-based PE detection.

To address these limitations, future studies should focus on increasing sample
sizes and ensuring dataset diversity to reduce data bias and enhance generalisability.
Prospective studies, rather than retrospective analyses, are recommended to provide
a more current and realistic evaluation of AI’s clinical utility. As Al in this field is
advancing rapidly, particular attention should be given to more recent studies within
the review’s time horizon, as these are likely to offer the most relevant insights into
the present capabilities of Al for PE detection on CTPA.

Conclusion

The integration of Al into PE detection on CTPA scans presents significant ad-
vancements in diagnostic accuracy, with both NLP and DL models showing distinct
strengths. NLP models are particularly beneficial for streamlining the management
of low-risk patients, while DL models offer improved sensitivity and reduced FP
rates, positioning them as valuable tools for radiologists. However, limitations re-
lated to generalisability, the trade-off between sensitivity and PPV, and the practical
challenges of operational integration must be addressed to fully realise the potential
of Al in this context. Future research should prioritise hybrid models that combine
the strengths of NLP and CNNs, alongside rigorous external validation across di-
verse patient populations, to maximise the clinical utility of Al in PE detection.
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e The review collectively highlights significant advancements in the diag-
nosis and management of pulmonary embolism (PE), via artificial intel-
ligence (Al) and machine learning techniques. There is clear evidence
supporting the effectiveness of using deep learning algorithms in improv-
ing the accuracy and efficiency of PE detection through CT pulmonary
angiography (CTPA).

e The integration of natural language processing (NLP) tools is emphasised
for enhancing clinical workflows and supporting nationwide surveillance
of venous thromboembolism, ultimately streamlining diagnostic processes.

e Research also addresses the importance of developing reliable prediction
models and diagnostic tools, aiming to optimise patient outcomes while
mitigating challenges such as overtesting and inconsistencies in diagnos-
tic approaches.

e Collectively, these advancements signify a notable shift towards utilising
Al to support clinicians in more effectively managing and diagnosing pul-
monary embolism via CTPA.
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Appendix

See Table 2.
Table 2a. Inclusion and exclusion criteria for review.

1. ((pulmonary embol* or PE or lung embol* or respiratory embol* or respiratory clot* or pul-
monary clot* or lung clot* (‘*’ indicates a shortening for a search term)) and (Artificial Intelli-
gence or artificial intelligence or computational intelligence or machine intelligence or ambient
intelligence or computer reasoning or automated reasoning or machine reasoning or computer in-
ference or automated inference or machine inference or computer vision system or multi-criteria
decision or multicriteria decision or multiple criteria decision or machine learning or transfer
learning or deep learning or hierarchical learning or semi-supervised learning or semi super-
vised learning or semisupervised learning or support vector or heuristic or hyperheuristic or
metaheuristic or expert system or fuzzy logic or knowledge base or natural language processing
or neural network or perceptron or connectionist model or big data or computer algorithm)).mp.
[mp=ti, ab, hw, tn, ot, dm, mf, dv, kf, fx, dq, bt, nm, ox, px, rx, ui, sy, ux, mx|

2. computed tomography pulmonary angiogram or CTPA or CT angio* or CT or CT scan* or CT
imag*.mp. [mp=ti, ab, hw, tn, ot, dm, mf, dv, kf, fx, dq, bt, nm, ox, px, rx, ui, sy, ux, mx]

1 and 2

4. limit 3 to english language

Table 2b. Inclusion and exclusion criteria for review.

Criteria Inclusion Exclusion

Study Type Original articles Reviews, editorials, case reports,
abstracts from meetings,
preclinical studies

Focus of Study Use of artificial intelligence and/or ~ Studies not reporting Al or ML for
machine learning for PE detection PE detection
via CTPA scans
Methodology Machine learning models that use  Studies with inconsistencies in data
CTPA as a main or supportive that impede data extraction
modality
Geographical Restrictions No geographical restrictions N/A
Population Studies involving human Animal models
participants
Language Articles published in English Articles published in languages
other than English
Data Consistency Data presented is consistent and Inconsistent data that impedes
suitable for extraction extraction
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