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ABSTRACT
Objective: To evaluate whether machine learning (ML) models can detect endoleak following endovascular aneurysm
repair (EVAR) and quantify their diagnostic accuracy.

Methods: A systematic review and meta-analysis were conducted in accordance with Preferred Reporting Items for
Systematic Reviews and Meta-Analyses guidelines. PubMed, Web of Science, Embase, and Scopus were searched from
inception to August 2025 for studies developing or validating ML models for endoleak prediction after EVAR. Eligible
studies included adult patients undergoing endovascular aortic repair. Data extraction was performed independently
by two reviewers, and risk of bias was assessed using the Prediction Model Risk of Bias Assessment Tool. Pooled
diagnostic performance metrics were estimated using randome-effects meta-analysis, including a bivariate Reitsma
model to jointly synthesize sensitivity and specificity.

Results: Thirteen studies comprising 4051 patients, including 1641 with endoleaks, were included. Reported ML ap-
proaches encompassed logistic regression, random forests, support vector machines, and deep learning models. The
pooled area under the receiver operating characteristic curve was 0.89 (95% confidence interval [Cl], 0.83-0.94). Pooled
sensitivity was 0.86 (95% CI, 0.75-0.92), specificity 0.87 (95% CIl, 0.83-0.91), and accuracy 0.85 (95% CI, 0.80-0.90). Sub-
stantial heterogeneity was observed across all pooled estimates (7 > 85%). All included studies were judged to be at
high overall risk of bias, primarily because of retrospective single-center designs, lack of external validation, and
inconsistent handling of missing data.

Conclusions: ML-based models demonstrate high average diagnostic performance for predicting endoleak after EVAR;
however, substantial heterogeneity and pervasive risk of bias limit their current clinical applicability. Future research
should prioritize large, multicenter prospective validation studies, methodological standardization, and rigorous
assessment of clinical impact before routine implementation. (JVS-Vascular Insights 2026;4:100508.)
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Although several machine learning (ML) models have
been developed for predicting endoleak risk,! no
comprehensive synthesis currently exists to evaluate
these models. It remains unclear which algorithms
have been used,? which clinical and imaging variables
are most incorporated, how models perform based on
key metrics, such as accuracy, area under the receiver
operating characteristic curve (AUC), sensitivity, and
specificity,” and whether these tools have been exter-
nally validated or adopted in clinical workflows. This
knowledge gap limits both implementation and future
research directions.

Despite advances in stent graft design, endoleaks
remain a common complication that may necessitate
reintervention or even contribute to rupture.* Computed
tomography angiography (CTA), interpreted by experi-
enced vascular radiologists, remains the current gold
standard for post-EVAR endoleak detection. Contrast-
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enhanced ultrasound may provide complementary
diagnostic information in selected patients but has not
replaced CTA in routine surveillance.® Ultrasound is safer
but limited by operator dependency and reduced sensi-
tivity.° Current risk stratification relies on static clinical
and anatomical parameters, failing to capture complex
interrelationships between variables.”

ML technigues may address these limitations by syn-
thesizing diverse data sets to generate more accurate,
individualized detections.® By identifying patients at
increased risk for specific endoleak types, ML could sup-
port earlier imaging, better resource allocation, and
timelier reintervention.®

This review aims to systematically identify and summa-
rize ML approaches used to predict endoleak risk
following endovascular aneurysm repair (EVAR).' It will
evaluate model performance using metrics such as ac-
curacy, AUC, sensitivity, and specificity, and determine
which clinical, procedural, and imaging features are
most frequently incorporated into detective modeling.
In addition, it will critically appraise the methodological
quality of existing studies to identify current limitations
and inform future research."

The purpose of this study is to evaluate whether ML
models can detect endoleak following EVAR and to
quantify their diagnostic accuracy.

METHODS

Search strategy and study selection. A literature
search was conducted in alignment with Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses guidelines. To ensure a high-quality system-
atic review, we also utilized the AMSTAR-2 checklist as
a guide. Four databases were extensively searched uti-
lizing search strings related to “Machine Learning,”
“‘Endoleak,” and “Abdominal Aortic Aneurysm.” Data-
bases searched include PubMed, Web of Science,
Embase via Ovid, and Scopus from inception to August
2025. No restrictions were applied to either language or
date of publication. Types of studies included were
randomized controlled trials, nonrandomized trials,
and observational studies (prospective and retrospec-
tive). The protocol was registered in PROSPERO
(CRD420251054492). The review included studies on
adult patients undergoing endovascular aortic repair,
including infrarenal, juxtarenal, and thoracoabdominal
aneurysms. Studies including children or animal
models will be excluded, as well as in vitro models,
conference papers, and preprints. Duplicates were
removed, and screening of articles was carried out by
two independent authors (CW. and D.H.), and any dis-
agreements were discussed with a senior reviewer
(A.B.). The screening process is shown in the Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses flowchart, which can be found in Fig 1.
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ARTICLE HIGHLIGHTS

- Type of Research: Systematic review and meta-
analysis

- Key Findings: Across 13 studies involving 4051 pa-
tients, machine learning models demonstrated
strong diagnostic performance for predicting endo-
leak after endovascular aneurysm repair, with a
pooled area under the receiver operating character-
istic curve of 0.89, sensitivity of 0.86, and specificity
of 0.87. However, all studies showed a high risk of
bias and substantial heterogeneity.

- Take Home Message: Machine learning models
show promise for improving post-endovascular
aneurysm repair surveillance but require multi-
center prospective validation before routine clinical
implementation.

Eligibility criteria. This systematic review included
studies involving adult patients undergoing EVAR for
abdominal aortic aneurysm (AAA), in which ML-based
models were used to detect post-EVAR endoleak
occurrence. Comparisons included traditional risk strat-
ification methods or the absence of predictive
modeling, with outcomes focused on the detection of
any endoleak subtype. Eligible studies were peer
reviewed, published in English, and employed any form
of ML or artificial intelligence approach, including su-
pervised, unsupervised, and deep learning (DL) models.
Studies not utilizing ML techniques, as well as animal
studies, in vitro or purely theoretical models without
clinical application, case reports, editorials, and narrative
reviews, were excluded.

Ethics and institutional review board statement. As
this study was a systematic review and meta-analysis
of previously published data, institutional review
board approval and informed consent were not
required.

Data extraction. Data extraction was performed using
a standardized Microsoft Excel spreadsheet following
study selection via Rayyan, an online tool for systematic
review screening. Two reviewers independently
screened all titles, abstracts, and full-text articles ac-
cording to predefined eligibility criteria. Any discrep-
ancies in inclusion of decisions were resolved through
discussion with a third reviewer. For each included
study, the following data were extracted: first author,
journal of publication, study design, year of publication,
database utilized, model development stage, type of
ML algorithm, study aim, total number of patients, and
number of patients with endoleak. Diagnostic perfor-
mance metrics, including sensitivity, specificity, accu-
racy, F1 score, positive predictive value, negative
predictive value, and AUC, are recorded. All extracted
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Fig 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) diagram. PRISMA flow
diagram illustrating study identification, screening, eligibility assessment, and final inclusion of studies in the

systematic review and meta-analysis.

data were cross-checked by a second reviewer for
completeness and consistency.

Quality assessment. Quality assessment was completed
by two reviewers independently. The Prediction Model
Risk of Bias Assessment Tool (PROBAST) was used to assess
the risk of bias and applicability of detection model/algo-
rithm studies.

Statistical analysis. All statistical analyses were per-
formed in accordance with established methodological
guidance for diagnostic test accuracy meta-analyses.

Descriptive statistics were summarized as frequencies
and proportions for categorical variables.

For quantitative synthesis, pooled estimates of AUC
were calculated using a randome-effects model
(restricted maximum likelihood estimation) with
inverse-variance weighting. Standard errors (SEs) were
derived from reported confidence intervals (Cls) where
available or approximated using binomial variance
methods when necessary.

Sensitivity, specificity, and accuracy were pooled using
random-effects proportional meta-analysis. For sensitivity,
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true positives were divided by total endoleak-positive
cases; for specificity, true negatives were divided by total
endoleak-negative cases. Accuracy was defined as:

(True positives + True negatives) | Total sample size

To jointly synthesize sensitivity and specificity while
accounting for their inherent correlation and between-
study heterogeneity, a bivariate random-effects meta-
analysis based on the Reitsma model was performed.
Logit-transformed sensitivity and false positive rate
(1 — specificity) were modeled as correlated outcomes.
A hierarchical summary receiver operating characteristic
(HSROC) curve was constructed, including 95% confi-
dence and prediction regions.

Between-study heterogeneity was quantified using
Cochran's Q statistic, 12 (between-study variance), and
12 statistics. Prediction intervals (Pls) were calculated to
estimate the range of effects expected in future compa-
rable studies.

Small-study effects and potential publication bias were
assessed using funnel plot visual inspection, Eggers
regression test, Begg's rank correlation test, and trim-
and-fill analysis.

All meta-analyses were conducted in R (RStudio,
version 4.0.1) using the mada, meta, and metafor pack-
ages. Descriptive analyses and data management were
performed using Microsoft Excel (Microsoft Corp). Statis-
tical significance was defined as P < .05.

The 13 included studies were published between 2019
and 2025 and conducted across diverse geographical
settings, including Asia (China, Japan), Europe (UK,
Netherlands, and Greece), and North America (USA).
Study designs were predominantly single-center retro-
spective analyses, with sample sizes ranging from 56 to
493 patients. The proportion of patients with endoleaks
varied across cohorts, from 19 cases (24%) in Egypt to
99 cases (30%) in USA, with the largest data set origi-
nating from China (n = 493, 80 endoleaks).

All13 studies utilized CTA as the primary imaging modal-
ity, whereas ultrasound-based imaging was not used for
ML model development in the included studies. All
included studies used preoperative, early postoperative,
or follow-up imaging data to train or validate detection
models, depending on study design. Several studies inte-
grated clinical or procedural variables,'> '* whereas others
incorporated radiomics features' to enhance detection.
Most models were trained to detect any type of endoleak,
though a subset specifically targeted type Il endoleaks.'

Earlier studies primarily employed traditional super-
vised learning algorithms including logistic regression,
support vector machines, and random forests, whereas
more recent investigations increasingly utilized DL archi-
tectures, such as convolutional neural networks and Ret-
inaNet. In addition to algorithmic differences, studies
varied substantially in predictor selection, with models
incorporating combinations of CTA-derived imaging
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features, radiomic parameters, anatomical measure-
ments, procedural characteristics, and clinical variables.

Across studies, the discriminative performance of ML/DL
models was consistently strong, with reported AUC
values ranging from 0.85 to 0.94 and accuracy between
0.81 and 0.89. Sensitivity and specificity were generally
above 0.80, although one study'” reported a lower AUC
of 0.71 despite maintaining high sensitivity (0.89) and
specificity (0.91).

RESULTS

A total of 13 studies were included within this system-
atic review and meta-analysis, published between 2015
and 2025 (present). Sample sizes ranged from small,
single-center cohorts (<100 patients) to larger data sets
(>300 patients). A total of 1641 patients were included.
All studies investigated ML- or artificial intelligence-
based predictive models developed for endoleaks in pa-
tients following AAA repair using an endovascular
approach. The studies employed a variety of ML algo-
rithms, including logistic regression, support vector ma-
chines, random forests, and DL-based approaches (a
table of baseline characteristics can be found within
the tables and figures section, under the Table).

Risk of bias. The risk of bias was assessed across all
included studies using the PROBAST framework. This
can be viewed within Supplementary Table | (online
only), evaluating four domains: participants, predictors,
outcome, and analysis. Across the data set, all 13 studies
were rated as high risk of bias overall, primarily because
of lack of external validation, single-center retrospective
designs, and limited reporting of calibration and missing
data handling.

In the predictors and outcome domain, all studies used
standard and prespecified definitions for endoleak, with
outcome assessors blinded to predictor information
where applicable. These domains were consistently
rated as low risk.

The participants and analysis domain showed a high
risk. A small subset of studies did not explicitly report
handling of missing data or did not perform external
validation, resulting in some concerns.

Study characteristics and analysis. The mean or me-
dian age of included populations ranged from the
mid-60s to early 70s, with a predominance of male pa-
tients, reflecting the known epidemiology of AAAs. Most
studies included patients treated for infrarenal AAA,
although a small number incorporated juxtarenal or
thoracoabdominal aneurysms (a table of median/mean
ages of patients, as well as the number of endoleak
patients per study, can be found respectively within
Supplementary Tables Il and Ill, online only).

Endoleak outcome detection also varied: some studies
modeled any endoleak, whereas others specifically
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Wang et al Belgium 94 (75 90
(2025)'° (single train, 15
center) test)

CNN (DL)

AUC, 0.917,
accuracy, 0.84

CTA imaging Type Il

Coatsaliou et al UK 56
(2024)"7

22 (39.3%)

CNN (Al CTA
software)

Any EL AUC, 0.71;
sensitivity, 0.89;
and specificity,

0.91

(PRAEVAorta)

Van Netherlands 147 147
Veldhuizen
et al (2024)"°

Charalambous
et al (2022)°!

SVM, RF

GCreece 944 15 CNN

AUC, 0.88;
accuracy, 0.83

CTA morphology

Type Il

AUC, 0.92;
accuracy, 0.88

CTA Any EL

AUC, 0.90;
accuracy, 0.85

Yang et al China 245 167

(2024)*

DL (CNN) CTA

Type Il

Masuda et al
(2022)*°

Japan m m

DL (CNN) CTA

AUC, 0.92;
accuracy, 0.88

Any EL

focused on type | or type Il endoleaks because of their
differing clinical significance.

Overall, the methodological quality of the included
studies was variable, with many at risk of bias because
of small sample sizes, a lack of external validation, and
inconsistent reporting of model development. Nonethe-
less, all studies demonstrated the feasibility of using ML

to detect endoleak risk, with promising diagnostic

accuracy.
We pooled AUC (primary; sensitivity/specificity/accu-
racy secondary) using random-effects (restricted
maximum likelihood estimation, inverse variance). SEs
came from reported Cls or were approximated as /{p
(1—-p)/n} heterogeneity was quantified with Cochran’s



6 Ward et al

Q, ?, and 1% Small-study effects were examined by fun-
nel plot, Egger/Begg test, and trim-and-fill method. All
analyses were done in RStudio. Some studies contrib-
uted only AUC data and were therefore included in
the meta-analysis but not in baseline characteristic
comparisons.

Within Fig 2, visual inspection of the funnel plot of AUC
vs SE suggested mild asymmetry, with a relative paucity
of small, imprecise studies reporting lower AUCs. Egger’s
regression indicated evidence of small-study effects
(t=—-2.47;df =11; P=.031), whereas Begg's rank correla-
tion was not significant (Kendall's 1 = —0.35; P = .098).
The trim-and-fill method did not impute any missing
studies on the right (0O added), and the pooled AUC
was unchanged (0.889; 95% CI, 0.842-0.936). Given the
very high between-study heterogeneity (# = 95%) and
that AUC is a bounded metric, these signals should be
interpreted cautiously, as asymmetry may reflect hetero-
geneity rather than publication bias per se.

Within Fig 3, nine studies contributed accuracy data.
The pooled accuracy was 0.85 (95% CI, 0.80-0.90), with
a 95% PI of 0.67 to 0.94, indicating that performance
in a new study could plausibly fall anywhere within
this range. Between-study heterogeneity was consider-
able (1> = 85.8%; Q-test P < .0001; t? = 0.1772), consistent
with meaningful variability in case-mix, model types,
and validation strategies across studies.

Within Fig 4, 13 studies contributed to AUC estimates.
The pooled AUC was 0.89 (95% CI, 0.83-0.94). The 95%
Pl was 0.69 to 1.00 (upper bound truncated at 1.00 for
display; the analytical PI slightly exceeded 1.0 because of
the SE approximation used for some studies). Between-
study heterogeneity was considerable (> = 981%;
12 = 0.0078; P < .0001), indicating marked dispersion
in discriminative performance across data sets and
modeling approaches.

Within Fig 5, 11 studies contributed sensitivity data. The
pooled sensitivity was 0.86 (95% ClI, 0.75-0.92), with a
95% PI of 0.50 to 0.97. Between-study heterogeneity
was considerable (12 = 92.7%; t* = 0.5739; P < .0001), indi-
cating wide dispersion of sensitivity estimates across
data sets and modeling approaches.

Within Fig 6, eight studies (n = 943). The pooled
specificity was 0.87 (95% CI, 0.83-0.91), with a 95%
Pl of 075 to 0.94. Heterogeneity was moderate
(I = 51.1%; 12 = 0.0960; Q P = .0458), indicating some
between-study variation but broadly consistent ability
of models to correctly classify nonendoleak cases.

Within Supplementary Fig (online only), an HSROC
curve derived from the bivariate randome-effects
(Reitsma) model. The solid ellipse represents the 95%
confidence region around the pooled estimate; the
dashed ellipse represents the 95% prediction region.

Across the eight studies reporting both sensitivity and
specificity, the bivariate random-effects (Reitsma) model
estimated a pooled sensitivity of 0.88 (95% ClI, 0.80-0.93)
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and a specificity of 0.87 (95% CI, 0.83-0.91). The HSROC
(Supplementary Fig, online only) sits toward the upper
left of the plot, with a tight 95% confidence region
around the summary point and a wider 95% prediction
region, indicating high average performance with mod-
erate between-study variability, suggesting performance
may differ across settings and underscoring the need for
external validation.

DISCUSSION

Our systematic review and meta-analysis provide a
quantitative synthesis of ML-based models developed
to predict endoleak following EVAR. Across 13 studies,
pooled diagnostic performance was high, with an AUC
of 0.89 and balanced sensitivity and specificity. These
findings indicate that ML approaches can discriminate
between scans or patients with and without endoleak
within the data sets on which they were developed.
However, this performance should be interpreted as an
average benchmark across heterogeneous studies
rather than evidence of ready clinical utility. Importantly,
the principal contribution of this meta-analysis is not
simply confirmation that ML models perform well, but
the provision of pooled diagnostic accuracy estimates
across heterogeneous studies together with a formal
assessment of methodological quality and between-
study heterogeneity. These findings demonstrate that
although reported diagnostic performance is consis-
tently encouraging, the overall certainty of evidence re-
mains limited by a high risk of bias and poor external
validation.””

Importantly, most included models were trained to
detect the presence of endoleak on postprocedural
imaging rather than to prospectively predict future
endoleak risk. As such, claims regarding improved
surveillance strategies or long-term outcomes must
be interpreted cautiously. None of the included studies
evaluated downstream clinical outcomes, tested
surveillance pathways, or assessed whether ML-guided
follow-up. Similarly, very few studies investigated
discordant cases in which ML detected endoleaks
that were not identified by radiologists. Consequently,
it remains unknown whether these additional detec-
tions represent clinically meaningful findings requiring
intervention or incidental abnormalities without thera-
peutic consequence, reintervention rates, radiation
exposure, or costs. In addition, false-negative detec-
tions are of particular clinical concern, as missed high-
risk endoleaks (eg, type | or Ill) may lead to catastrophic
consequences. Furthermore, the available evidence
does not support equivalent diagnostic performance
across all endoleak subtypes. Most studies evaluated
detection of any endoleak, whereas others focused
specifically on type Il endoleaks, limiting meaningful
comparison between subtypes.?®=°
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Fig 2. Funnel plot of area under the receiver operating characteristic curve (AUC). Funnel plot of AUC vs standard
error to assess small-study effects. The vertical line represents the pooled AUC estimate. Asymmmetry may reflect

publication bias or between-study heterogeneity.

The apparently strong performance of many models
likely reflects several methodological factors. Most
studies used retrospective, single-center data sets with
limited case-mix variation and high-quality CTA, where
endoleak features may be visually conspicuous. In such
settings, ML models may primarily reduce inter-reader
variability or automate recognition of obvious radiolog-
ical patterns rather than uncover novel prognostic sig-
nals. Few studies directly compared ML models with
expert vascular radiologists using the same imaging
data sets, preventing any robust conclusions regarding
superiority or noninferiority. Consequently, current evi-
dence supports ML as a potential adjunct to radiologist
interpretation rather than a replacement for expert clin-
ical assessment.”®

A key finding of this meta-analysis is the substantial
heterogeneity across studies, reflected in very high I?
values and wide detection intervals. The included
models differed fundamentally in algorithm type,
feature sets, imaging inputs, outcome definitions, and
validation strategies. Consequently, pooled AUC and
summary estimates largely reflect methodological vari-
ability rather than reproducible clinical performance.
There is no guarantee that any individual model, or a

newly developed model, would achieve the meta-
analytic AUC observed here. The pooled estimates
should therefore be interpreted as descriptive averages
rather than targets for implementation.

Future research should prioritize the development of sin-
gle, well-designed ML models using large, multicenter data
sets with robust external validation, transparent reporting,
and prospective evaluation. Emerging directions include
longitudinal models incorporating serial imaging, muilti-
modal approaches combining clinical, procedural, and im-
aging data, and assessment of clinical impact through
decision-analytic or implementation studies. To date, ML-
based endoleak detection remains primarily a research
tool rather than a part of routine clinical practice. No
included study evaluated widespread implementation
within established surveillance pathways.'®*'*?

One of the identified strengths of this systematic re-
view is its comprehensive methodology. We performed
an extensive literature search across multiple databases
(PubMed, Web of Science, Embase, and Scopus) from
inception to April 2025 to reduce the likelihood of
missing relevant studies as much as possible. Study
screening, data extraction, and risk-of-bias assessment
were conducted independently by two reviewers, which
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Study Events Total Proportion 95%-Cl Weight
Wang 2023 424 493 —'— 0.86 [0.83;0.89] 13.9%
Wang 2025 76 90 — 0.84 [0.75;0.91] 10.3%
Hahn 2020 297 334 P 0.89 [0.85;0.92] 12.9%
Hu 2024 37 43 n 0.86 [0.72;0.95] 7.2%
van Veldhuizen 2024 15 147 ———— 0.78 [0.71;0.85] 12.4%
Hahn 2019 297 334 P 0.89 [0.85;0.92] 12.9%
Peng 2024 278 381 ——+— 0.73 [0.68;0.77] 14.1%
Talebi 2020 66 70 S 0.94 [0.86;0.98] 6.1%
Masuda 2022 98 111 — 0.88 [0.81;0.94] 10.2%
Random effects model 2003 <> 0.85 [0.80; 0.90] 100.0%

Prediction interval

[0.67; 0.94]

Heterogeneity: /> = 85.8%, 1> = 0.1772, p < 00001’

0.7 0.75 0.8 0.85 0.9 0.95
Proportion

Fig 3. Table of diagnostic accuracy. Forest plot of diagnostic accuracy across included studies. Squares represent
individual study estimates weighted by inverse variance; horizontal lines represent 95% confidence intervals (Cls).
The diamond represents the pooled random-effects estimate with 95% Cl and prediction interval (PI).

Study AUC SE(AUC) AUC 95%-Cl Weight
Wang 2023 0.9300 0.0057 0.93 [0.92;0.94] 7.9%
Wang 2025 0.9170 0.0145 - 0.92 [0.89;0.95] 7.7%
Hahn 2020 0.9400 0.0065 0.94 [0.93;0.95] 7.9%
Coatsaliou 2024 0.7100  0.0303 — 0.71 [0.65;0.77] 7.1%
Hu 2024 0.9000 0.0229 . 0.90 [0.86;0.94] 7.4%
van Veldhuizen 2024 0.7700 0.0174 . 0.77 [0.74,0.80] 7.6%
Hahn 2019 0.9400 0.0065 0.94 [0.93;0.95] 7.9%
Charalambous 2022 0.9600 0.0253 i —=— 0.96 [0.91;1.01] 7.3%
Peng 2024 0.7400 0.0112 = 0.74 [0.72;0.76] 7.8%
Yang 2024 0.9700 0.0066 0.97 [0.96;0.98] 7.9%
Talebi 2020 0.9900 0.0059 0.99 [0.98;1.00] 7.9%
Masuda 2022 0.8800 0.0154 . 0.88 [0.85;091] 7.7%
Smorenburg 2025 0.8500 0.0120 L ¥ 0.85 [0.83;0.87] 7.8%
Random effects model (HK) < 0.89 [0.83; 0.94] 100.0%
Prediction interval : : : : : D> [0.69; 1.09]
05 06 07 08 09 1
Heterogeneity: /° = 98.1%, 1° = 0.0078, p < 0.0001 AUC

Fig 4. Table of area under the receiver operating characteristic curve (AUC). Forest plot of AUC for machine
learning (ML) models detecting endoleak. The pooled estimate was calculated using a random-effects model
(restricted maximum likelihood estimation). SE, Standard error.

minimizes subjectivity and enhances reliability. As per
our knowledge, this systematic review is the first meta-
analysis that specifically looks at ML-based detection
models for endoleaks following EVAR and is clinically
relevant at the time of writing because of the assimila-
tion of the current evidence landscape.

However, several limitations should be acknowledged.
First, all included studies were not considered to be of

very high quality based on the high overall risk of bias us-
ing the PROBAST. Second, significant variability (1> > 85%)
among studies in areas such as algorithm selection, im-
aging techniques, outcome definitions, and validation
approaches limited the ability to interpret combined es-
timates. Third, inconsistent management of missing data
and an absence of calibration reporting further reduce
confidence in the models’ reproducibility. Finally, while
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Study Events Total Proportion 95%-Cl Weight
Wang 2023 439 493 —~— 0.89 [0.86;0.92] 12.1%
Hahn 2020 301 334 . 0.90 [0.86;0.93] 11.8%
Coatsaliou 2024 50 56 — 0.89 [0.78;0.96] 9.4%
Hu 2024 43 43 P 1.00 [0.92;1.00] 2.8%
van Veldhuizen 2024 103 147 —a 0.70 [0.62;0.77] 11.8%
Charalambous 2022 15 15 T — 1.00 [0.78;1.00] 2.7%
Peng 2024 248 381 . 0.65 [0.60;0.70] 12.3%
Yang 2024 150 167 B 0.90 [0.84;0.94] 11.2%
Talebi 2020 70 70 — 1.00 [0.95;1.00] 2.8%
Masuda 2022 94 111 — 0.85 [0.77;0.91] 11.1%
Smorenburg 2025 161 220 — 0.73 [0.67;0.79] 12.0%
Random effects model 2037 —_— 0.86 [0.75; 0.92] 100.0%
Prediction interval [0.50; 0.97]
Heterogeneity: /° = 92.7%, t* = 0.5739, p < 0.0001 ! ! ! !

06 07 08 09 1

Proportion

Fig 5. Table of sensitivity of machine learning (ML) models. Forest plot of pooled sensitivity estimates across
included studies using random-effects meta-analysis. Considerable heterogeneity was observed. C/, Confidence

interval.

Study Events Total Proportion 95%-Cl Weight
Hahn 2020 294 334 e 0.88 [0.84;0.91] 21.0%
Coatsaliou 2024 51 56 — & 0.91 [0.80;0.97] 8.3%
Hu 2024 35 43 : 0.81 [0.67;0.92] 10.4%
van Veldhuizen 2024 116 147 — | 0.79 [0.71;0.85] 19.0%
Charalambous 2022 14 15 : f 0.93 [0.68; 1.00] 2.2%
Yang 2024 150 167 — 0.90 [0.84;0.94] 16.1%
Talebi 2020 63 70 — 0.90 [0.80;0.96] 10.2%
Masuda 2022 101 111 — 0.91 [0.84;0.96] 12.7%
Random effects model 943 <> 0.87 [0.83; 0.91] 100.0%

Prediction interval

[0.75; 0.94]

Heterogeneity: /° = 51.1%, ©° = 0.0960, p = 0.0458 '

0.7 0.75 0.8 0.85 0.9 0.95
Proportion

Fig 6. Table of specificity of machine learning (ML) models. Forest plot of pooled specificity estimates across
studies using random-effects meta-analysis. Moderate heterogeneity was identified. C/, Confidence interval.

publication bias could not be formally evaluated because
of the small number of studies, the potential for selective
reporting of high-performing models remains.

CONCLUSIONS

In conclusion, this meta-analysis not only confirms the
high diagnostic utility of ML models for predicting endo-
leak following EVAR but also highlights the substantial
variability in their performance. This is the first quantitative
meta-analysis focused specifically on ML-based detection
of endoleak after EVAR. Although pooled diagnostic per-
formance was encouraging, the available evidence does
not currently support routine clinical implementation of

ML-based endoleak detection as a standalone diagnostic
tool. Instead, ML should presently be regarded as an inves-
tigational adjunct to conventional radiological assessment
until prospective multicenter validation and clinical
impact studies have been completed.
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