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ABSTRACT

Background: The generalizability and reproducibility of Al-assisted detection for cerebral aneurysms on 3D
time-of-flight MR angiography remain unclear. We aimed to evaluate physician performance using Al assis-
tance, focusing on inter- and intra-user variability, identifying factors influencing performance and clinical
implications.

Methods: In this retrospective study, four state-of-the-art Al models were hyperparameter-optimized on an in-
house dataset (2019—2021) and evaluated via 5-fold cross-validation on a public external dataset. The two best-
performing models were selected for evaluation on an expert-revised external dataset. Inclusion: saccular aneur-
ysms without prior treatment. Five physicians, grouped by expertise, each performed two Al-assisted evaluations,
one with each model. Lesion-wise sensitivity and false positives per case (FPs/case) were calculated for each phy-
sician—Al pair and Al models alone. Agreement was assessed using kappa. Aneurysm size comparisons used the
Mann—Whitney U test.

Results: The in-house dataset included 132 patients with 206 aneurysms (mean size: 4.0 mm); the revised external
dataset, 270 patients with 174 aneurysms (mean size: 3.7 mm). Standalone Al achieved 86.8 % sensitivity and
0.58 FPs/case. With Al assistance, non-experts achieved 72.1 % sensitivity and 0.037 FPs/case; experts, 88.6 %
and 0.076 FPs/case; the intermediate-level physician, 78.5 % and 0.037 FPs/case. Intra-group agreement was 80
% for non-experts (kappa: 0.57, 95 % CI: 0.54—0.59) and 77.7 % for experts (kappa: 0.53, 95 % CI: 0.51—-0.55). In
experts, false positives were smaller than true positives (2.7 vs. 3.8 mm, p < 0.001); no difference in non-experts
(p = 0.09). Missed aneurysm locations were mainly model-dependent, while true- and false-positive locations
reflected physician expertise. Non-experts more often rejected Al suggestions and added fewer annotations;
experts were more conservative and added more.

Conclusion: Evaluating AI models in isolation provides an incomplete view of their clinical applicability. Detection
performance and patterns differ between standalone AI and Al-assisted use, and are modulated by physician
expertise. Rigorous external validation is essential before clinical deployment.

Introduction

assessment, three-dimensional time-of-flight magnetic resonance angi-
ography (3D TOF-MRA) is now the preferred noninvasive method for

Cerebral aneurysm rupture accounts for 85 % of non-traumatic sub-
arachnoid hemorrhages, with mortality rates reaching up to 44 % and
20 % of survivors experiencing permanent disabilities. With a 3.2 %
prevalence in the general population, detecting unruptured intracranial
aneurysms (UIAs) has become a critical clinical priority."* Although dig-
ital subtraction angiography remains the gold standard for aneurysm

UIA detection and screening.” However, the rising number of annual
scans strains radiology resources, contributing to physician fatigue and
potential diagnostic errors.*

Automated aneurysm detection using convolutional neural networks
—a type of deep learning within artificial intelligence (AI)—has shown
promise in improving diagnostic performance on 3D TOF-MRA.*”

Abbreviations: UIA, unruptured intracranial aneurysm; 3D TOF-MRA, three-dimensional time-of-flight magnetic resonance angiography; Al, artificial intelligence;
TP, true positive; FN, false negative; FP, false positive; FPs/case, false positives per case; ACom, anterior communicating artery; MCA, middle cerebral artery
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Recent studies demonstrate enhanced sensitivity when deep learning
tools assist physicians, though most of this research has focused on CT
angiography.® '° Data on physicians using Al models for UIA detection
on 3D TOF-MRA remain limited.

Several critical gaps persist. Methodologically, concerns include the
lack of multicenter and public datasets, as well as insufficient data on
how different models perform on the same dataset—raising questions
about generalizability and reproducibility. In terms of interpretation,
variability in physician performance with Al tools, the influence of ana-
tomical features on detection, and the overall clinical relevance of Al-
assisted detection require further investigation. It also remains unclear
whether achieving optimal performance with the use of Al tools requires
expert-level neuroradiology training, or if non-expert physicians—par-
ticularly in peripheral centers—can attain comparable results using the
same tools. Finally, how Al-assisted detection shapes physician behavior
during interpretation is not well understood.

In this study, we aim to address these gaps by evaluating physician
performance when using Al assistance. We examine inter-user and intra-
user variability, the impact of anatomical features on detection, and the
influence of physician expertise when using Al tools. We leverage an
external public dataset with a well-defined reference standard and eval-
uate two different convolutional neural network models on the same
dataset.

Materials and methods

Our institutional review board approved the study. Informed consent
for the anonymous use of clinical imaging data was obtained through
institutional general consent procedures, with no patients opting out.

Datasets and annotation

Two 3D TOF-MRA aneurysm datasets were used. The first comprised
examinations collected consecutively at our institution (2019—2021)
based on the following criteria: unruptured saccular aneurysms
<20 mm, no prior treatment, and one examination per patient. An expert
interventional neuroradiologist (14 years of experience, LL) annotated
the in-house dataset. All images were acquired on a 3.0 T scanner (GE
Healthcare, USA), with detailed sequence parameters reported
previously.'!

The second dataset was an external public dataset from Lausanne
[12], collected on multi-vendor, multi-protocol MRI systems to reflect
real-world clinical scenarios. The original annotation was verified by a
senior neuroradiologist (>15 years of experience), external to our team.
Scans were acquired on 1.5 T or 3.0 T MRI systems from Philips and Sie-
mens; acquisition details are provided in Di Noto et al.'* In both data-
sets, aneurysms were annotated as spheres.

Our in-house dataset and the external dataset (with original annota-
tion) overlapped with our previous methodological study focused on
technical development and evaluation of an object detection-based
model.'" The present work expands the clinical scope, establishing a
revised reference standard for the external dataset and evaluating physi-
cian performance with Al assistance, focusing on user variability and
expertise-related differences. Analyses used non-overlapping training
and test sets, ensuring no data leakage.

Model selection and hyperparameter optimization

We selected four state-of-the-art AI models'®: nnU-Net,'* based on a
segmentation approach, and nnDetection,'® SCPM-Net,'® and the Assis
model,’’ based on object detection. The latter two required hyperpara-
meter optimization. Hyperparameter options were compared using a 5-
fold cross-validation strategy on the in-house dataset: the dataset was
divided into five subsets—four used for training and one for perfor-
mance estimation—iteratively, resulting in five assessments for statisti-
cal comparison of the hyperparameter options. The optimal settings—
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initial learning rate of 0.01, batch size of 32, and 200 epochs—were
selected based on sensitivity and false-positive rate. Full methodological
details are provided in our previous work."’

To assess model performance and the robustness of the original
annotation in the external dataset, we applied automatic detection to
the external dataset while maintaining the same hyperparameters, again
following a 5-fold cross-validation approach, with each model trained
from random initialization. In each fold, the model was trained on 80 %
of cases and tested only on the held-out 20 %, producing out-of-fold pre-
dictions. For each model, these out-of-fold predictions were aggregated
across the five folds to compute performance metrics. Based on mean
lesion-wise sensitivity and false positives per case across folds, the two
best-performing models, nnDetection and Assis, were selected for fur-
ther analysis.

Reference standard establishment

A review of Al-generated annotations on the external dataset
revealed numerous previously unlabeled aneurysms, raising concerns
about the original annotation quality. To address this, we established a
more robust reference standard for the external dataset. Two interven-
tional neuroradiology experts (LL and RA, with 14 and 32 years of expe-
rience) independently conducted a blinded review of all Al-generated
annotations, including false negatives, using 3D Slicer software.'” Dis-
agreements were resolved by consensus. This revised annotation served
as the reference standard. The two selected Al models were then evalu-
ated against this reference standard by re-scoring their out-of-fold detec-
tions; no retraining was performed. This produced two final Al-
generated annotation sets for standalone evaluation. In the next phase of
the study, the annotation tool used by physicians displayed 3D TOF-
MRA images overlaid with the Al-generated annotations from either
model, serving as initial proposed detections.

Additionally, we annotated the anatomical location of each aneu-
rysm in the reference standard, categorized by theoretical rupture risk
based on the literature.'®"® Locations included the anterior communi-
cating artery (ACom), cavernous segment, ophthalmic segment, supra-
ophthalmic segment (posterior communicating artery, anterior choroi-
dal artery, carotid termination), middle cerebral artery (MCA), perical-
losal, and posterior circulation (basilar tip, posterior inferior cerebellar
artery). Furthermore, we documented morphological features such as
vascular loops, adjacent perforators, and atheromatous or irregular par-
ent arteries.

Evaluation of physician performance in Al-assisted aneurysm detection

Five physicians participated in the study, grouped by expertise level:
two non-expert radiologists (4 and 5 years of experience in general radi-
ology), two expert physicians (an interventional neuroradiologist and a
vascular neurosurgeon, each with 8 years of experience), and one inter-
mediate-level physician (a general radiologist training in interventional
neuroradiology, with 6 years of total experience).

A senior interventional neuroradiologist (LL) trained all participants
on the 3D Slicer annotation interface. Physicians could validate or reject
Al-generated annotations and annotate any additional aneurysms they
believed the Al had missed. The final detection decision was physician-
driven, overriding Al-generated annotations; we define this outcome as
Al-assisted annotation. Additionally, physicians reported aneurysm loca-
tion and relevant morphological features.

Each physician evaluated the external dataset twice with Al assis-
tance—once using Al-generated annotations from nnDetection and once
from the Assis model—with a 3-week washout period between evalua-
tions. This resulted in ten Al-assisted annotation sets, in addition to the
two Al-generated annotation sets, each compared against the reference
standard to assess detection performance.
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Code and annotations availability

The code developed and used in this study, the reference-standard
annotations, our custom 3D Slicer annotation plug-in, and the evaluation
scripts (including fold assignments) are publicly available at https://
gitlab.inria.fr/yassis/DeepAneDet.

Statistical analysis and interpretation of detection errors

Predicted spheres were matched one-to-one with reference standard
spheres if their intersection over union exceeded 10 %, a commonly
used threshold for volumetric object detection tasks in the literature.'”
In cases of multiple overlaps, the pair with the highest score was
retained. Matched pairs were classified as true positives (TP).
Unmatched predictions were false positives (FP), and unmatched refer-
ence spheres were false negatives (FN). A detailed review of all FP and
FN cases was conducted for each user to identify anatomical factors con-
tributing to errors.

Lesion-wise sensitivity and false positives per case (FPs/case) were
calculated for each Al-assisted annotation and each Al-generated anno-
tation. Agreement was assessed using Cohen’s kappa (pairwise) and
Fleiss’ kappa (multi-rater). To compare agreement levels between physi-
cian groups, a jackknife procedure was applied by systematically exclud-
ing each aneurysm, recalculating kappa, and estimating variance for a Z-
test comparison.

Aneurysm size comparisons between FN, FP, and TP detections were
performed using the Mann—Whitney U test. At the physician group
level, each aneurysm was assigned a single label across both models,
ensuring independent statistical comparisons.

All analyses were conducted using R version 4.4.2, with p-values <
0.05 considered statistically significant.

Results
Patient and aneurysm characteristics

Our in-house dataset included 132 patients (mean age: 56 + 12 years
[SD]; 75 females, 57 males) with 206 aneurysms (mean size:
4.0 + 2.3 mm [SD]).

The external dataset initially comprised 296 examinations. After
applying the same inclusion criteria as the in-house dataset, 270 patients
remained for analysis (mean age: 52 + 14 years [SD]; 159 females, 111
males), with 164 aneurysms. Annotation revision, with disagreements in
7.7 % of cases resolved by consensus, identified 23 previously unlabeled
aneurysms and reclassified 13 annotated cases as vessel surface irregu-
larities, increasing the total number of aneurysms from 164 to 174
(mean size: 3.7 + 2.2 mm [SD]). 140 patients had aneurysms, and 130
were healthy individuals.

Aneurysm location details are provided in Table 1, and the flow dia-
gram of dataset processing, model selection, and evaluation framework
is shown in Fig. 1.

Performance and agreement of AI models and physician—AlI pairs

The pooled standalone performance of both Al models demonstrated
a sensitivity of 86.8 % with 0.58 FPs/case. With Al assistance, non-
experts achieved a sensitivity of 72.1 % with 0.037 FPs/case, experts
reached 88.6 % with 0.076 FPs/case, and the intermediate-level physi-
cian attained 78.5 % with 0.037 FPs/case. Full details are provided in
Table 2.

Agreement analysis showed an inter-Al model agreement of 39.4 %
between nnDetection and the Assis model, with a Cohen’s kappa of
—0.37 (95 % CI: —0.44 to —0.30; p < 0.001). Excluding FP cases, agree-
ment increased to 86.2 %, with a Cohen’s kappa of 0.42 (95 % CI: 0.24
—0.60; p < 0.001). Intra-user agreements, comparing the results of the
same user with both models, are summarized in Table 3. Intra-group
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Table 1
Dataset characteristics.

Characteristic In-house dataset Revised external dataset
No. of examinations 132 270
No. of male patients 57 111
No. of female patients 75 159
Mean age (years) 56 +12 52+ 14
No. of aneurysms 206 174
Mean aneurysm size (mm) 4.0+23 3.7+2.2
Aneurysm size range (mm) 1.2-19.6 1.2-185
No. of aneurysms by location
Middle cerebral artery 54 (26.2) 51 (29.3)
Anterior communicating artery 34 (16.5) 35(20.1)
Ophthalmic segment 28(13.6) 29(16.7)
Cavernous segment 26 (12.6) 20 (11.5)
Supra-ophthalmic segment 34 (16.5) 20 (11.5)
Pericallosal 14 (6.8) 10(5.8)
Posterior circulation 16 (7.8) 9(5.2)
No. of examinations by magnetic
field strength
15T 0 51(18.9)
30T 132 (100) 219 (81.1)

Note. Numbers in parentheses indicate percentages. Data are presented as
mean =+ standard deviation.

agreement was 80 % in the non-expert group (Fleiss’ kappa: 0.57, 95 %
CIL: 0.54—0.59; p < 0.001) and 77.7 % in the expert group (Fleiss’ kappa:
0.53, 95 % CIL: 0.51—-0.55; p < 0.001), indicating moderate agreement
and supporting homogeneous expertise within each group. The differ-
ence in kappa values (0.04) had a jackknife-estimated standard error of
0.047 (Z = —0.74, p = 0.46), showing no statistically significant differ-
ence in agreement levels between the two groups.

Influence of aneurysm characteristics on detection

In the pooled standalone detection results of both AI models, FN
aneurysms had a significantly smaller mean diameter than TP aneurysms
(2.5 + 1.4 mm vs. 3.7 + 2.0 mm, p < 0.001). This size difference was
also present when AI models were used by physicians. Among non-
experts, FNs were smaller than TPs (2.9 + 2.0 mm vs. 3.9 + 2.1 mm,
p < 0.001), and a similar difference was observed in experts
(2.6 +2.3mmvs. 3.8 + 2.1 mm, p < 0.001).

Regarding FP aneurysms, in the expert group, FPs were significantly
smaller than TPs (2.7 + 1.2 mm vs. 3.8 + 2.1 mm, p < 0.001). However,
in non-experts, no significant difference was observed (3.2 + 2.7 mm vs.
3.9 + 2.1 mm, p = 0.09). These detection error patterns across expertise
levels are illustrated in Fig. 2.

The most frequent FN locations varied between Al models in stand-
alone detection. For the nnDetection model, FNs were most common in
the cavernous segment (25 %, 5/20) and MCA (13.7 %, 7/51), whereas
for the Assis model, they were in the ophthalmic (20.7 %, 6/29) and cav-
ernous segments (20 %, 4/20). These patterns remained consistent
across all expertise levels when the models were used by physicians.

The most frequent TP locations also differed between models. For
nnDetection, TPs were most common in the supra-ophthalmic (100 %,
20/20) and ophthalmic segments (89.7 %, 26/29), while for the Assis
model, they were in the posterior circulation (100 %, 9/9) and supra-
ophthalmic segment (95 %, 19/20). However, when used by physicians,
TP locations varied by expertise level regardless of the Al model: in non-
experts and the intermediate-level physician, TPs were most frequent in
the ACom and supra-ophthalmic segment, whereas in experts, they were
in the supra-ophthalmic and pericallosal locations. FP locations were
also expertise-dependent. In non-experts, they were most common in
the ACom and supra-ophthalmic segment, while in experts, they were in
the ACom and posterior circulation. Details of these findings are summa-
rized in Table 4.
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Fig. 1. Flow diagram of dataset processing, model selection, and evaluation framework.
Table 2

Performance of Al models (standalone) and physician—AI pairs.

Reader & Model Sensitivity FPs/case

Al standalone performance 86.8 (302/348) 0.58 (313/540)
nnDetection model 86.8 (151/174) 0.63 (170/270)
Assis model 86.8 (151/174) 0.53 (143/270)

Non-expert physicians with Al assistance 72.1 (502/696) 0.037 (40/1080)
Radiologist 1 with nnDetection 66.7 (116/174) 0.037 (10/270)
Radiologist 1 with Assis model 68.9 (120/174) 0.029 (8/270)
Radiologist 2 with nnDetection 74.1 (129/174) 0.048 (13/270)
Radiologist 2 with Assis model 78.7 (137/174) 0.033 (9/270)

Expert physicians with Al assistance 88.6 (617/696) 0.076 (82/1080)
Interventional neuroradiologist with nnDetection 87.9 (153/174) 0.089 (24/270)
Interventional neuroradiologist with Assis model 90.8 (158/174) 0.089 (24/270)
Vascular neurosurgeon with nnDetection 86.2 (150/174) 0.063 (17/270)
Vascular neurosurgeon with Assis model 89.1 (155/174) 0.063 (17/270)

Intermediate-level radiologist with Al assistance 78.5(273/348) 0.037 (20/540)
Intermediate-level radiologist with nnDetection 77.6 (135/174) 0.048 (13/270)

Intermediate-level radiologist with Assis model

79.3 (138/174)

0.026 (7/270)

Note. Sensitivity is expressed as a percentage. Numbers in parentheses indicate the number of aneurysms or
cases. Values are pooled across physicians for expertise-level groups and across Al models for the intermedi-
ate-level radiologist. FPs/case = false positives per case.

Physician interpretation and decision-making

Among aneurysms correctly detected by AI models but incorrectly
rejected by physicians, FN cases accounted for 19.9 % (120/604) in non-
experts, 4.8 % (29/604) in experts, and 11.3 % (34/302) in the interme-
diate-level physician. In non-experts, the most frequent cause was misin-
terpretation of the aneurysm’s relationship to the curvature of MCA
dividing branches (20.8 %, 25/120) (Fig. 3), while in experts, it was
irregularity of the cavernous segment due to atheroma or dysplasia
(24 %, 7/29). For FNs neither detected by Al nor added by physicians,

the most frequently missed location was pericallosal in non-experts
(20 %, 8/40) and the intermediate-level physician (25 %, 5/20), while
for experts, it was the cavernous segment (20 %, 16/80).

The total number of annotations added by physicians was 25 for
non-experts, 74 for experts, and 6 for the intermediate-level physi-
cian. Among these, FPs accounted for 48 % (12/25) in non-experts
and 48.6 % (36/74) in experts. In experts, the most frequent loca-
tion for incorrectly added FPs was the ACom (12.2 %, 9/74). Con-
versely, the most frequent location for correctly added TPs was the
pericallosal artery (20 % of all pericallosal aneurysms, 8/40)—which
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Table 3
Agreement analysis.
Comparison Agreement Kappa 95 % CI p-value
Inter-Al model agreement
nnDetection vs Assis model 39.4 -0.37 —0.44 to —0.30 <0.001
nnDetection vs Assis model (excluding FPs) 86.2 0.42 0.24—0.60 <0.001
nnDetection vs Assis model (FPs only) 10.6 —-0.79 —0.86to —0.72 <0.001
Intra-user agreement (nnDetection vs Assis model)
Radiologist 1 80.9 0.61 0.52-0.71 <0.001
Radiologist 2 79.4 0.58 0.49-0.68 <0.001
Interventional neuroradiologist 80.6 0.55 0.44-0.66 <0.001
Vascular neurosurgeon 78.7 0.52 0.41-0.63 <0.001
Intermediate-level radiologist 81.3 0.62 0.53-0.72 <0.001
Intra-group agreement
Non-expert group 80.0 0.57 0.54-0.59 <0.001
Expert group 77.7 0.53 0.51-0.55 < 0.001

Note. Agreement is expressed as a percentage. Cohen’s kappa was used for pairwise comparisons, and Fleiss’ kappa for multi-rater agreement. Intra-user agree-
ment compares the results of each physician using nnDetection and Assis models. Abbreviations: 95 % CI = 95 % confidence interval, FPs = false positives.
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Fig. 2. Stacked histogram of detection errors (false positives and false negatives) by aneurysm size across expertise levels using Al-assistance. (A) and (B) show results
for the non-expert and expert groups, respectively. The aneurysm count in each group represents the pooled total from four evaluations, performed by two physicians
using both the nnDetection and Assis models. (C) shows results for the intermediate-level physician, where the aneurysm count is pooled from two evaluations, one
per Al model. (D) shows the size distribution of all reference standard aneurysms in the revised external dataset used for evaluation.

was also the most frequently missed location by non-experts when
Al failed to detect them (Fig. 4). The likelihood of physicians com-
pensating for an aneurysm missed by Al by correctly adding a new
detection was 14.1 % (13/92) for non-experts and 41.3 % (38/92)
for experts.

For FPs detected by Al and accepted by physicians, non-experts most
often misidentified branch origins or infundibula as aneurysms in the
ophthalmic or supra-ophthalmic carotid segment (27.6 %, 8/29), while
experts most commonly misclassified dysplasia at the A1—A2 junction
(17.4 %, 8/46).
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Table 4
Aneurysm size and common locations in detection outcomes.
Reader & Model FN size FN locations (Top 2) FP size FP locations (Top 2) TP size TP locations (Top 2)
Al standalone
nnDetection 24+1.2 Cavernous, 25 % (5/20) 3.3+25 .. 3.8+22 Supra-oph, 100 % (20/20)
MCA, 13.7 % (7/51) Oph, 89.7 % (26/29)
Assis model 25+1.5 Oph, 20.7 % (6/29) 39+25 . 3.6+1.7 Posterior, 100 % (9/9)
Cavernous, 20 % (4/20) Supra-oph, 95 % (19/20)
With Al assistance
NExp + nnDet 29+1.6 MCA, 35.3 % (36/102) 3.1+34 ACom (6) 4.0+23 ACom, 78.6 % (55/70)
Cavernous, 30 % (12/40) Supra-oph (6) Supra-oph, 75 % (30/40)
NExp + AM 28+25 Cavernous, 42.5 % (17/40) 34+09 ACom (4) 39+19 ACom, 92.9 % (65/70)
Oph, 31 % (18/58) Supra-oph (4) Supra-oph 77.5 % (31/40)
Exp + nnDet 26+1.9 Cavernous, 25 % (10/40) 25+1.0 ACom (14) 3.8+22 Supra-oph, 100 % (40/40)
MCA, 15.7 % (16/102) Posterior (10) Pericallosal, 100 % (18/18)
Exp + AM 2.6+29 Cavernous, 25 % (10/40) 29+1.4 ACom (10) 3.8+2.0 Supra-oph, 97.5 % (39/40)
Oph, 13.8 % (8/58) Posterior (8) Pericallosal, 94.4 % (17/18)
IntRad + nnDet 25+1.0 Cavernous, 40 % (8/20) 32+1.6 ACom (8) 40+23 ACom, 85.7 % (30/35)
MCA, 21.6 % (11/51) Supra-oph (3) Supra-oph, 80 % (16/20)
IntRad + AM 26+1.2 Cavernous, 35 % (7/20) 3.6+13 ACom (2) 39+23 ACom, 91.4 % (32/35)
Oph, 27.6 % (8/29) Supra-oph (2) Supra-oph, 90 % (18/20)

Note. Aneurysm size (mm) is reported as mean =+ standard deviation. The two most frequent locations are listed for false negatives (FN), false positives (FP), and
true positives (TP), with percentages indicating their proportion within each category. Numbers in parentheses indicate the absolute number of aneurysms. Val-
ues are pooled across physicians for expertise-level groups. For Al standalone detection outcomes, false-positive locations are not listed, because they can occur
anywhere, including outside the vascular tree. Abbreviations: NExp = Non-experts, Exp = Experts, IntRad = Intermediate-level radiologist,
nnDet = nnDetection model, AM = Assis model, MCA = Middle cerebral artery, Oph = Ophthalmic, ACom = Anterior communicating artery, Supra-
oph = Supra-ophthalmic.

Fig. 3. Example of a 3.1 mm false-negative aneurysm at the division of the middle cerebral artery, detected by Al but rejected by one of the non-expert radiologists. (A)
Volume-rendered 3D TOF-MRA shows the aneurysm flagged by Al (arrow). The anteroposterior view only partially reveals the aneurysm’s long axis and overlaps with
the lower division branch, potentially misleading an inexperienced physician. (B) Correct oblique view exposes the aneurysm neck and its full long axis (arrow). (C)
Axial 2D maximum intensity projection shows the aneurysm (arrow), which is difficult to distinguish from adjacent branches. (D) Oblique coronal reformation clearly
delineates the aneurysm (arrow).

Fig. 4. Examples of aneurysms added by expert physicians when they believe Al missed them. (A, B) A 2 mm false-positive aneurysm is incorrectly added at the ante-
rior communicating artery. (A) Volume-rendered 3D TOF-MRA with an embedded axial cross-sectional plane reveals a fenestration of the anterior communicating
artery complex (arrow). (B) Annotation is placed on the smaller channel of the fenestration, which the physician mistakenly identifies as an aneurysm (arrow). (C, D)
A 2.5 mm true-positive pericallosal aneurysm is correctly added by the expert. (C) Sagittal 2D maximum intensity projection highlights the small aneurysm missed by
Al (arrow). (D) Volume-rendered 3D TOF-MRA shows the correctly placed annotation of this aneurysm (arrow).

Discussion anatomical variables on detection performance and its clinical rele-

vance. Our findings show that evaluating Al models in isolation provides

The generalizability and reproducibility of Al models for UIA detec- an incomplete picture of their practical applicability. Detection perfor-

tion on 3D TOF-MRA—whether used in standalone mode or as assis- mance and patterns differ significantly between standalone AI and Al-
tance to physicians—remain unclear, as does the influence of assisted use, and are further modulated by physician expertise.



L. Liao et al.

We initiated this study with the premise—demonstrated in prior
work by Sohn et al.*—that Al-assisted detection can improve sensitivity
without substantially increasing FPs compared to unaided physician per-
formance. Given this, we focused on user variability and the impact of
physician expertise, rather than reevaluating unaided performance. This
approach was further supported by a posteriori analysis of the external
dataset’s original annotation: the expert neuroradiologist from the exter-
nal dataset’s team (independent of our group), working without Al assis-
tance, achieved 82.7 % sensitivity and 0.07 FPs/case when
retrospectively compared to our revised reference standard.'* Compared
to the performance of our expert physician—AlI pairs (88.6 % sensitivity,
0.076 FPs/case), sensitivity was higher with Al assistance, while the FP
rate remained comparable.

To evaluate Al integration in UIA detection, we designed a structured
framework incorporating several methodological strengths. We selected
two state-of-the-art Al models with comparable performance to mini-
mize bias and used an external public dataset with a robust, expert-
revised reference standard. Physicians of varying expertise levels each
performed two Al-assisted evaluations—one with each model—allowing
us to examine how expertise and decision-making interact with AI sup-
port. Consistent agreement patterns within groups validated this catego-
rization, enabling a focused analysis of the influence of expertise on
detection outcomes.

A marked reduction in FPs/case (from 0.58 to 0.05) was observed
when AI was used by physicians rather than in standalone mode,
highlighting the human ability to filter out incorrect Al-generated detec-
tions and maintain diagnostic coherence. A similar trend was reported
by Sohn et al.,® though with smaller magnitude (FPs/case from 0.12 to
0.06). However, in our study, Al-assisted detection by non-expert physi-
cians resulted in lower sensitivity (72.1 %) compared with standalone Al
(86.8 %), whereas pairing Al with expert physicians slightly improved
sensitivity to 88.6 %. This discrepancy was not described in previous
reports. In Sohn et al.’s study on 3D TOF-MRA,® Al-assisted detection by
non-expert physicians slightly outperformed standalone Al (94.8 % vs
92.3 %). Several differences may account for this divergence. First, our
evaluation used an external public dataset with heterogeneous scanners
and protocols, while Sohn et al. relied on a single-center internal dataset,
and their non-expert readers were from that same institution, which may
have made AI suggestions easier to validate. Second, Sohn et al.
excluded cases with annotator disagreement, all of which involved
aneurysms <2 mm, effectively removing the most challenging small
lesions. Third, their dataset was heavily imbalanced anatomically, with
63 % of aneurysms clustered around the dural ring, limiting location
diversity and potentially inflating sensitivity compared with cohorts
containing broader distributions. In a different modality, CT angiogra-
phy, Park et al. reported that Al assistance brought a resident’s perfor-
mance very close to standalone AI (91 % vs 94 %).° This may reflect the
higher spatial resolution of CT angiography, particularly advantageous
for small lesions, whereas flow-related artifacts and slab boundary
effects degrade effective resolution and detectability on 3D TOF-MRA.

Regarding aneurysm size, small aneurysms (<3 mm) remain chal-
lenging to detect, as previously reported,”*° and our results confirm
that all physician—AI pairs—regardless of expertise—were more likely
to miss them. Expert physicians, however, had greater difficulty decid-
ing whether to confirm small aneurysms flagged by Al resulting in more
frequent FPs, while non-experts more often misclassified larger aneur-
ysms. For aneurysm location, FN locations appeared to depend primarily
on the Al model rather than physician expertise, likely reflecting the ten-
dency of physicians to miss the same aneurysms that Al fails to detect
(85.9 % for non-experts, 58.7 % for experts). In contrast, TP and FP loca-
tions were more influenced by physician expertise, with each group
showing specific locations they were more inclined to confirm.

Non-experts more frequently rejected Al-proposed detections
(19.9 % incorrectly discarded) and rarely added new annotations (only
25). Experts, by contrast, were more conservative, with fewer incorrect
rejections (4.8 %) and more added annotations (74 in total). The
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intermediate-level physician demonstrated behavior between these two
extremes (11.3 % incorrect rejections and 6 added annotations). Non-
experts most often discarded aneurysms at the MCA division (20.8 %),
where the curvature and superposition of branches may require reorien-
tation of volume-rendered images and multiplanar review—skills they
may be less familiar with. Experts more frequently rejected cavernous
segment aneurysms (24 %), possibly because of their lower perceived
risk. Among FPs in the expert group, the ACom was the most common
site for added or accepted detections (29.3 %, 24/82), likely reflecting
the higher perceived bleeding risk of small aneurysms in this location.*!

These findings suggest a practical strategy for non-experts: Al-pro-
posed detections should be rejected only when the physician is reason-
ably confident the findings are not aneurysms. If uncertainty remains,
accepting an Al suggestion may be safer. Given their already low FP rate
(0.037), such an approach is unlikely to lead to clinically significant
increases in unnecessary follow-up. Moreover, since non-experts rarely
add new annotations—and nearly half of those are FPs—focusing on
reducing incorrectly discarded Al-proposed detections may offer more
clinical benefit than seeking additional undetected aneurysms. This rec-
ommendation is less critical for experts, who already demonstrate
strong, balanced performance when using Al support.

This study has several limitations. First, it was retrospective in
design. Second, we did not assess interpretation time per examination,
as this would be more meaningful when comparing unaided and Al-
assisted performance by the same physician—beyond the scope of this
study. Third, the external public dataset was of moderate size and
included relatively few aneurysms in certain locations—particularly the
pericallosal and posterior circulation—limiting more detailed statistical
analysis of the influence of location on detection performance. Fourth,
all five physicians who used the AI models were from a single institu-
tion, which may limit the generalizability of user behavior. Finally, only
one intermediate-level physician participated; although this physician
completed evaluations using both AI models, the findings may be less
generalizable for this experience level.

Conclusion

For UIA detection on 3D TOF-MRA, Al model evaluation should
incorporate physician use of Al assistance rather than rely solely on
standalone Al performance, as detection outcomes differ significantly
between the two approaches. Usage guidelines tailored to physician
expertise are also warranted. These findings highlight the need for rigor-
ous external validation—akin to medical device evaluation—prior to
clinical deployment. Future work should focus on retraining models
with the revised reference standard, with particular emphasis on
anatomically challenging regions, and on prospective evaluation in real-
world workflows to confirm clinical utility.
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