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Abstract
Early and accurate detection of intracranial aneurysms (IAs) is critical for preventing rupture; however, manual interpretation  
of time-of-flight magnetic resonance angiography (TOF-MRA) scans requires time-intensive review, increasing clinician  
workload. Although deep-learning methods offer promising solutions, existing approaches often rely on impractical vessel  
segmentation or inefficient patch sampling. Herein, we propose a dual-stream synergistic framework for IA detection and  
segmentation that balances diagnostic accuracy with clinical feasibility. The first stage performs landmark-guided candidate  
detection, beginning with a U-Net-based model trained using a novel adaptive loss function to predict the locations of 18  
vascular landmarks. These landmarks guide the extraction of coordinate-aware patches, which are then analyzed using a  
hybrid UNETR-FPN model to identify potential aneurysm candidates. The second stream employs a fine-grained segmen- 
tation model (nnU-Net with a residual encoder) operating on the full MRA volume to delineate lesion boundaries. Final  
predictions are generated through conditional fusion of both streams, prioritizing candidate detection and refining shapes  
with segmentation information. The framework was trained and evaluated on 1055 TOF-MRA scans, including two distinct  
internal test sets. The landmark localization model achieved > 0.97 sensitivity in capturing the ground-truth aneurysms  
within generated patches. On the two test sets, the framework achieved lesion-wise sensitivities of 0.87 and 0.82 with cor- 
responding false-positive rates of 1.23 and 1.17 per case. Performance was robust across anatomical locations but declined  
for aneurysms ≤ 3 mm. This landmark-guided dual-stream framework provides strong performance for IA detection while  
reducing annotation demands, offering a clinically practical tool for cerebrovascular diagnostics.

Keywords  Intracranial aneurysm · Deep learning · Magnetic resonance angiography (MRA) · Landmark detection · Image 
segmentation · Computer-aided detection

Introduction

Artificial Intelligence (AI) has been increasingly adopted 
across diverse medical domains and is now widely used as 
a second reader or clinical decision-support tool, assisting 
clinicians in tasks ranging from classification and diagnosis 
to treatment selection. Recent studies have demonstrated 

that AI- and machine learning-based systems are increas-
ingly integrated into medical imaging workflows, assisting 
with tasks ranging from lesion detection and classification to 
treatment planning and outcome prediction, thereby under-
scoring their broad applicability in healthcare. This trend is 
equally evident in neuroimaging. Given the anatomical vari-
ability and structural complexity of the cerebral vasculature, 
automated assistance is particularly valuable for intracranial 
aneurysm (IA) detection.

IA is a localized dilation of the weak walls of the cer-
ebral arteries [1]. Approximately 3% of healthy adults 
have intracranial aneurysms, with approximately 1% of 
these patients at risk for rupture [2, 3]. Most IAs remain 
asymptomatic until rupture, which can lead to life-threat-
ening subarachnoid hemorrhage, with corresponding 
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high morbidity and mortality rates. Therefore, early IA 
detection is crucial for timely medical interventions and 
prevention.

IAs are most commonly detected using digital subtrac- 
tion angiography (DSA) and magnetic resonance angiogra- 
phy (MRA), the primary neuroimaging modalities widely  
used in clinical practice. Among these modalities, DSA is  
considered the gold standard for IA diagnosis because of  
its clear geometrical representation of aneurysm size and  
shape. Despite these advantages, its routine use is limited  
because of its invasiveness and high cost [4]. However, with  
recent advances in imaging resolution and safety, MRA has  
emerged as a viable alternative to DSA in several clinical  
scenarios [5], owing to its greater accessibility and lower  
cost. In particular, time-of-flight (TOF) MRA is generally  
used, as it does not require contrast injection and highlights  
blood flow, underscoring its noninvasive nature [6]. This  
avoids both contrast-related allergic reactions and radiation  
exposure [7]. Consequently, TOF-MRA demonstrates rela- 
tively high sensitivity and is frequently used in clinical set- 
tings for cerebral aneurysm diagnosis and follow-up.

Despite advances in MRA, aneurysm identification  
remains challenging. Their asymptomatic nature necessi- 
tates careful and detailed examination, which significantly  
increases clinician workload. To alleviate this burden, deep  
learning-based methods have been developed to support  
clinical decision-making. Several studies have proposed  
U-Net-based frameworks that incorporate attention mod- 
ules and residual connections in a patch-wise manner [8,  
9]. However, these approaches often neglect clinical char- 
acteristics that may affect detection accuracy. Because  
aneurysms occupy a small fraction of brain volume, ran- 
dom patch-based strategies may degrade model performance  
by including irrelevant regions and introducing redundant  
information.

Other approaches aim to improve aneurysm detection by  
removing non-informative anatomical information. Joo et al.  
[10] and Noto et al. [11] proposed frameworks that leverage  
vessel segmentation and region of interest (ROI) extrac- 
tion to focus on cerebral vasculature. Given that aneurysms  
occur exclusively along vessel walls, these methods suppress  
nonvascular brain regions and improve aneurysm detection.  
However, the high anatomical variability of cerebral ves- 
sels across individuals makes accurate vessel segmentation  
technically challenging and time-consuming. Moreover,  
obtaining and validating vessel annotations through expert  
confirmation requires substantial clinical effort.

This highlights a critical trade-off: context-agnostic ran- 
dom patch methods are inefficient, while annotation-heavy  
full segmentation methods are clinically impractical. To  
address this dilemma, we propose a novel framework to  
intelligently navigate the middle ground. The primary con- 
tributions include:

1.	 A dual-stream synergistic framework that separates aneu- 
rysm candidate detection from fine-grained morphologi- 
cal segmentation. This architecture allows each stream to  
be optimized, with their outputs conditionally fused to  
generate a robust final prediction [12].

2.	 Landmark-guided localization utilizing sparse anatomi- 
cal priors, specifically the coordinates of 18 clinically  
relevant vessel locations, to guide detection. This strat- 
egy provides essential spatial context without the pro- 
hibitive annotation costs of full-vessel segmentation.

3.	 An adaptive loss function for landmark localization 
that adjusts dynamically based on aneurysm presence 
or absence, encouraging model learning of clinically 
meaningful spatial relationships between landmarks and 
lesions.

4.	 Evaluation of a large-scale clinical dataset demonstrates 
a competitive balance between detection sensitivity and 
false-positive (FP) rates, thereby offering a practical and 
effective solution for automated IA detection.

By explicitly focusing on clinically relevant vessel  
regions and avoiding full-vessel segmentation, our method  
balances annotation efficiency with high diagnostic perfor- 
mance, thus supporting practical clinical applicability.

Materials and Methods

The study was conducted in accordance with the princi- 
ples of the Declaration of Helsinki. The study protocol was  
approved by the Institutional Review Board (IRB) of Sever- 
ance Hospital (IRB Nos. 4–2022-0261, 4–2024-0336, and  
4–2024-1015), which waived the requirement for informed  
consent owing to the retrospective study design.

Study Dataset and Preparation

Patient Cohort and Data Acquisition

The dataset was retrospectively collected from 880 patients  
who underwent three-dimensional (3D) TOF-MRA of the  
brain at Severance Hospital, Neurosurgery, between Janu- 
ary 2006 and December 2023. Patients were excluded if  
they had (1) missing image slices, (2) non-saccular aneu- 
rysms, (3) ruptured aneurysms or hematomas that distorted  
the surrounding brain anatomy, and (4) other severe lesions  
affecting cerebral vascular morphology. After applying  
these criteria, 25 patients were excluded, yielding a pri- 
mary cohort of 855 patients (79 aneurysm-negative and 776  
aneurysm-positive).

To ensure robust evaluation of less frequent aneurysm 
locations (e.g., the posterior circulation) underrepresented 
in the initial test split, we added an additional 200 cases (20 



Journal of Imaging Informatics in Medicine	

aneurysm-negative and 180 aneurysm-positive) not used for 
model training. Therefore, the final dataset included 1055 
cases, comprising 99 aneurysm-negative and 956 aneurysm-
positive scans. The data inclusion and exclusion processes are 
summarized in Fig. 1.

Imaging was performed on scanners from three manufac- 
turers (Philips, GE Medical Systems, and Siemens) across  
15 different models, with field strengths of 1.5 T or 3 T. The  
acquisition parameters are summarized in Table 1.
Ground Truth Annotation

Ground-truth labels were established using a rigorous con- 
sensus process. Three clinical experts (two neurosurgeons  
and one radiologist) independently reviewed each TOF- 
MRA scan to determine IA presence, number, and loca- 
tion. Disagreements between the two neurosurgeons were  
adjudicated by the radiologist.

To maximize the data utilization, a specialized annotation  
strategy was employed for patients with prior aneurysm treat- 
ment (e.g., coiling or clipping). The treated regions were anno- 
tated using a distinct label class (values in the 100 s). During  

training, patches containing these labels were excluded to pre- 
vent treatment-related artifacts from affecting model learning,  
while retaining usable portions of the scans [13].

In addition to aneurysm segmentation, experts anno-
tated the center points of 18 major cerebral vessel regions 
where IAs frequently occur. These landmarks, listed in 
the Appendix, provided anatomical priors for the land-
mark-guided detection model. All manual segmentation 
and annotation were performed using ITK-SNAP (http://​
itksn​ap.​org).

Fig. 1   Flowchart showing data 
inclusion and exclusion. TOF, 
time-of-flight; MRA, magnetic 
resonance angiography; IRB, 
institutional review board

Table 1   Imaging parameters of the TOF-MRA dataset

TOF-MRA time-of-flight-magnetic resonance angiography, TR repeti- 
tion time, TE echo time

Parameter 3-T scanners 1.5-T scanners

TR 17.5–34.8 ms 19.3–30.0 ms
TE 2.3–4.0 ms 2.5–7.2 ms
Flip angle 14–20° 20–25°
Slice thickness 0.4–0.4 mm 0.6–1.4 mm

http://itksnap.org
http://itksnap.org
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Image Preprocessing Pipeline

All TOF-MRA scans underwent a standardized preprocess- 
ing pipeline before being input into the deep learning mod- 
els, as follows:

1.	 Reorientation: Image volumes were reoriented to the 
right-anterior–superior coordinate system to ensure 
consistent anatomical alignment.

2.	 Histogram standardization: Applied to normalize inten- 
sity values across scans from different scanners and pro- 
tocols to reduce inter-scan variability [14].

3.	 Intensity normalization: Voxel intensities were scaled to 
a range of [− 1, 1].

4.	 Resizing: Volumes were resized to (480, 480, and 160) 
voxels to streamline model training. By not resampling 
to a uniform voxel spacing, this approach intentionally 
preserves inherent variability in image resolution across 
the dataset, thus compelling the model to learn features 
robust to such differences, which are commonly seen in 
real-world clinical data.

Dual‑Stream Synergistic Framework for Aneurysm 
Detection

Architectural Overview

The proposed dual-stream, coarse-to-fine framework syner- 
gistically combines targeted candidate detection with precise  
boundary segmentation (Fig. 2). The architecture consists of  

two parallel pathways that concurrently process input MRA  
data.

•	 Stream 1: Landmark-guided candidate detection: This  
stream operates in a coarse-to-fine manner to identify  
high-probability candidate aneurysm regions. Key vas- 
cular landmarks are first localized to guide a patch-based  
detection model. This stream primarily aims to maximize  
detection sensitivity.

•	 Stream 2: Fine-grained boundary delineation: This  
stream processes the full MRA volume to produce highly  
accurate segmentation masks and provides precise mor- 
phological details of potential lesions.

Finally, the outputs from these two streams are then com- 
bined using conditional fusion logic to synthesize a high- 
sensitivity candidate list from Stream 1 with high-precision  
boundaries from Stream 2 to generate the final output.

Stream 1: Landmark‑Guided Candidate Detection

ROI Landmark Localization  To efficiently guide the detection  
model to clinically relevant areas, a landmark localization  
network was developed to predict the 3D coordinates of 18  
predefined vascular regions (Fig. 3). The network architec- 
ture is based on the U-Net framework, featuring a symmet- 
ric encoder-decoder structure with skip connections [15].  
The encoder path consists of sequential blocks of convolu- 
tion, instance normalization, dropout, and parametric ReLU  
(PReLU) activation, followed by max pooling. Rather than  

Fig. 2   Workflow overview of  
the proposed model. 1 Aneu- 
rysm detection consists of two  
staged models: ROI localization  
and detection. 2 The detailed  
segmentation model predicts a  
more elaborate mask. The final  
output from 1 and 2 is merged.  
ROI, region of interest



Journal of Imaging Informatics in Medicine	

directly regressing coordinates, the model generates proba- 
bilistic heatmaps for each landmark to improve training sta- 
bility and localization accuracy [16, 17].

Adaptive Loss for Landmark Localization  We introduce a  
novel adaptive loss for ROI localization to encourage learn- 
ing of meaningful spatial correspondences between aneu- 
rysms and vascular structures. The loss function is based on  
the mean squared error (MSE) between the predicted and  
ground-truth locations. During training, in the absence of an  
aneurysm, the model predicts the geometric center of each  
vessel region. For aneurysm-positive cases, the model iden- 
tifies the center of the aneurysm and computes its Euclidean  
distance from the nearest vessel ROI. The MSE is used to  
minimize the distance when the aneurysm was associated  
with the vessel ROI and to penalize mismatches by increas- 
ing the distance otherwise, adding -MSE.

The loss Ladaptive is based on the MSE and is calculated as 
follows:

where i is the index for one of the 18 landmarks, Pi is the 
predicted coordinate, Cv,i is the ground-truth center of the 
vessel region, and Ca,i is the ground-truth center of the aneu-
rysm. The binary indicator yia equals 1 if an aneurysm is 
present and associated with landmark i , and 0 otherwise. 
The term sim(∙, ∙) represents a similarity metric (e.g., a nega-
tive exponential of the distance) to penalize predictions far 
from the vessel center, even in positive cases. The weight-
ing hyperparameter � is empirically set to 2 to place greater 
emphasis on aligning the predictions with each other.

Ladaptive =
1

18

18
∑

i

(
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)
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In practice, for aneurysm-negative cases ( yia = 0), the loss  
minimizes the distance between the prediction and the vessel  
center. For aneurysm-positive cases ( yia = 1), the loss pri- 
marily minimizes the distance to the aneurysm center while  
also encouraging proximity to the vessel center. These dual  
objectives guide the model to learn the typical spatial dis- 
tribution of aneurysms around major vessels.

Landmark‑Guided Patch Cropping Module  Based on the  
coordinates predicted by the landmark localization model, a  
patch-cropping module is used to extract regions of interest  
(ROIs) for subsequent detection. For each predicted land- 
mark, a 64 × 64 × 64 voxel patch is cropped and centered  
on the predicted coordinates. This step effectively removes  
irrelevant extravascular tissue, allowing the detection model  
to focus on information-rich vascular structures.

Aneurysm Candidate Detection and Coarse Segmenta- 
tion  The core of the candidate detection stream is a hybrid  
architecture that combines an UNETR encoder with a fea- 
ture-pyramid network (FPN) decoder [18] (Fig. 4). This  
design leverages the strengths of both transformers and con- 
volutional neural networks (CNNs). The vision transformer  
backbone of UNETR [19] captures long-range global con- 
textual features within each patch, while the FPN decoder  
handles multi-scale objects by generating predictions at dif- 
ferent feature resolutions.

To compensate for the loss of global spatial context inher-
ent in patch-based processing, 3D coordinate information is 
explicitly provided to the model. A coordinate map corre-
sponding to each patch is concatenated channel-wise with the 
image data, making the model “coordinate-aware.”

A two-stage refinement cycle is implemented to improve 
specificity and reduce FPs:

Fig. 3   Architecture of the proposed ROI landmark localiza-
tion model. The model produces 18 heatmaps and generates ROI 
locations. These locations are fed back into the model for train-

ing; however, the final prediction restores the location to a size of 
480 × 480 × 160. 3D, three-dimensional; ROI, region of interest
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1.	 Initial prediction: The model first generates coarse seg- 
mentation predictions for landmark-guided patches.

2.	 Candidate refinement: Patch-level predictions are reas- 
sembled into a full-volume mask, and connected compo- 
nents (clusters) in this mask are identified as initial aneu- 
rysm candidates. Each candidate cluster is then used to  
define a newly centered patch. These candidate-centered  
patches are fed back into the same detection model for  
a second pass, which effectively acts as a classifier to  
prune FPs. The final output of this stream is a refined  
mask of high-confidence aneurysm candidates.

Stream 2: Fine‑Grained Boundary Delineation

To achieve high-precision segmentation of the final aneu- 
rysm masks, a separate model is operated in parallel on  
the full, uncropped MRA volume. Specifically, we used an  
nnU-Net framework with a residual encoder (ResEnc) con- 
figuration [20, 21]. This architecture was chosen because  
nnU-Net is widely considered a state-of-the-art, self-config- 
uring baseline for medical image segmentation, consistently  
delivering top-tier performance across diverse datasets and  
modalities without task-specific manual tuning [22]. This  
model receives the entire preprocessed image as input and is  
optimized to produce segmentations with precise and accu- 
rate boundaries.

Synergistic Output Fusion

The final prediction is generated by conditionally merging  
the outputs of the two parallel streams. This fusion logic  
establishes a clear hierarchy: the candidate detection stream  
(Stream 1) acts as the primary driver of sensitivity, while  

the boundary delineation stream (Stream 2) serves as a con- 
ditional refiner to enhance precision. The fusion rules are  
as follows:

1.	 Condition 1 (Overlap): If a candidate mask from Stream 
1 overlaps with a segmentation mask from Stream 2, the 
final output for that region is obtained by element-wise 
multiplication of the two masks. This method uses the 
precise boundary from Stream 2 to refine the shape of 
the confirmed candidate from Stream 1.

2.	 Condition 2 (Detection only): If a candidate mask exists  
only in Stream 1 (no corresponding overlap in Stream  
2), it is retained in the final output. This ensures that  
true aneurysms detected by the more sensitive candi- 
date model are not discarded if the more conservative  
segmentation model fails to delineate them.

3.	 Condition 3 (Segmentation only): If a segmentation  
mask exists only in Stream 2 (without a corresponding  
candidate in Stream 1), it is discarded. This “gating”  
mechanism is critical, as it prevents potential FPs gener- 
ated by the segmentation model.

Experimental Setup and Evaluation

Implementation Details

The dataset was randomly split into training and testing 
sets in an 80:20 ratio, yielding 695 training cases (29 
aneurysm-negative, 666 aneurysm-positive) and 160 cases 
in the first internal test set (Test Set 1). The supplementary 
200 cases formed the second internal test set (Test Set 2). 
Each model in the framework was trained separately using 
task-specific optimization parameters on NVIDIA RTX 
4090 GPUs.

Fig. 4   Full detection model training pipeline using UnetR and feature  
pyramid network. The network refines the segmentation across mul- 
tiple resolutions, while an 8 × 8 × 8-sized output is selected for infer- 

ence and to reconstruct the full-sized mask. Each cluster in the mask  
is re-patched with cluster center alignment and refined by repeated  
training. 3D, three-dimensional
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•	 ROI landmark localization: The model was trained using  
the AdamW optimizer with an initial learning rate of  
1 × 10−4 and a dropout rate of 0.1. A step-decay learn- 
ing rate scheduler was applied with a gamma of 0.8 per  
epoch.

•	 Candidate detection: Due to the high-class imbalance in 
patch-wise detection, we used a composite loss function 
of focal and Tversky losses to improve robustness [23]. 
The model was trained using the AdamW optimizer and a 
cosine annealing warm restart scheduler for 1000 epochs, 
with an initial learning rate of 1 × 10−3.

•	 Boundary delineation (nnU-Net): This model was trained 
using a hybrid loss function combining Dice and cross-
entropy losses. We used the Adam optimizer with an 
initial learning rate of 3 × 10−4. The learning rate was 
reduced by a factor of 5 if the validation loss did not 
improve for 30 consecutive epochs.

Evaluation Protocol

We assessed the framework’s performance using a compre- 
hensive set of metrics.

•	 ROI localization sensitivity: To evaluate the effective- 
ness of the landmark localization model, we calculated  
the proportion of ground truth aneurysms fully con- 
tained within the 64 × 64 × 64 patches generated from  
the predicted landmark coordinates.

•	 Lesion-wise sensitivity: This metric evaluated the mod- 
el’s ability to correctly identify aneurysms. It was cal- 
culated as the number of correctly detected aneurysms  
divided by the total number of ground truth aneurysms.

•	 FP rate: To measure the model’s specificity and poten- 
tial clinical burden, we calculated the average number  
of FP detections per patient scan.

•	 Dice similarity coefficient (DSC): The DSC was used  
to evaluate the spatial overlap and accuracy of the seg- 
mentation masks for correctly detecting lesions. The  
DSC was calculated for the output of the detection  
model alone, segmentation model alone, and final fused  
output.

•	 Hausdorff Distance 95% (HD-95): The HD-95 was used  
to assess the boundary errors of segmentation perfor- 
mance. Unlike DSC, HD-95 is sensitive to outliers;  
hence, it can be evaluated robustly. For further evalu- 
ation of the segmentation performance, HD-95 was  
calculated for final fused output only.

•	 True positive (TP) criterion: A predicted lesion was 
considered a TP if the Euclidean distance between the 
center of mass of the mask and the center of mass of 
the corresponding ground-truth mask was < 3 mm in 

the voxel space, which is a standard criterion used in 
similar studies [24, 25].

Statistical Methods

All statistical analyses were performed using Python soft- 
ware (version 3.12.9). Associations between lesion-wise  
sensitivity and FP rate across models were explored using  
Spearman’s rank correlation coefficient (ρ). Differences  
in lesion-wise sensitivity across vascular territories were  
assessed using chi-square and Fisher’s exact tests, as appro- 
priate. Statistical significance was defined as two-sided �  
< 0.05.

Results

Dataset Characteristics

The two internal test sets comprised a wide range of aneu-
rysm sizes and locations (Table 2). Test Set 1 contained 160 
scans of 155 aneurysms, and Test Set 2 included 200 scans 
of 249 aneurysms. The mean aneurysm size was approxi-
mately 6 mm in both sets, ranging from 2 to > 32 mm. Most 
aneurysms were located in the internal carotid artery and 
middle cerebral artery, consistent with their clinical preva-
lence. Test Set 2 was specifically curated to include more 

Table 2   Characteristics of the internal test sets

std standard deviation, ICA  internal carotid artery, MCA middle cer- 
ebral artery, ACA​ anterior cerebral artery, ACOM anterior communi- 
cating artery, BA basilar artery

Characteristics Internal Test Set 1 Internal Test Set 2

Number of scans (N) 160 200
Aneurysm-negative 50 20
Aneurysm-positive 110 180
Number of aneurysms (N) 155 249
Aneurysm size (mean ± std, 

mm)
5.89 ± 2.41 6.29 ± 4.18

 ≤ 3 mm (N) 6 15
3–5 mm (N) 59 94
5–7 mm (N) 53 84
 > 7 mm (N) 37 56
Aneurysm locations
ICA (N) 108 137
MCA (N) 30 55
ACA (N) 3 11
ACOM (N) 12 12
BA (N) 2 22
Posterior circulation (N) 0 12
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aneurysms in the basilar artery and posterior circulation, 
which were underrepresented in Test Set 1.

Performance of the Proposed Framework

Table 3 summarizes the overall performance of the proposed 
dual-stream framework. The ROI landmark localization 
model demonstrated high effectiveness, with sensitivities of 
0.97 and 0.98 in Test Sets 1 and 2, respectively, indicating 
the successful generation of patches encompassing nearly 
all ground-truth aneurysms.

The final fused output of the framework achieved a lesion-
wise sensitivity of 0.87 with 1.23 FPs/case on Test Set 1, and 
a sensitivity of 0.82 with 1.17 FPs/case on Test Set 2. Regard-
ing segmentation accuracy, the final merged output produced 
a dice similarity coefficient (DSC) of 0.68 in Test Set 1 and 
0.70 in Test Set 2, demonstrating a substantial improvement 
over the coarse segmentation from the detection model alone 
(DSC of 0.28 and 0.34) and reflecting a successful fusion 
with high-quality masks from the fine-grained segmentation 
model (DSC values of 0.80 and 0.78).

Table 4 depicts the model’s performance stratified by 
aneurysm size and location. The sensitivity was positively 
correlated with aneurysm size, with notably lower values for 
small aneurysms (≤ 3 mm) (0.67 and 0.40) compared with 
larger aneurysms (> 7 mm) (0.92 in Test Set 1). Conversely, 
detection was highly consistent across different anatomical 
locations.

Performance Comparison with State‑of‑the‑Art 
Approaches

Benchmarking of the proposed model against those of  
prior studies (Fig. 5) revealed a general trade-off between  
sensitivity and false-positive rates in the literature. Many  
studies reporting sensitivity > 0.90 also exhibit high FP  
rates (e.g., > 2.5), while those with very low FP rates often  

achieve sensitivities < 0.75 [8, 9, 24, 26]. For instance, Joo  
et al. [10] achieved a high sensitivity of 0.92, with an excep- 
tionally low FP rate of 0.123, representing state-of-the-art  
performance. In comparison, our model achieved a slightly  
lower sensitivity (0.87) with a higher FP rate (1.23), placing  
it in a competitive position that prioritizes high sensitivity  
while maintaining a clinically manageable FP burden.

Ablation Study

To illustrate the improvement on the performance metrics  
from the proposed structure, we evaluated our framework  
by each stream on Internal Test Sets 1 as shown in Table 5.  
With the use of Stream 2 only, it achieved DSC of 0.80 and  
FP rate of 0.14. This is considered to be a very accurate per- 
formance, but the sensitivity has reached only 0.73. Stream  
1 achieved the highest sensitivity of 0.87, but the DSC value  
produced 0.28. Therefore, fusion of the two streams adjusted  
DSC values, resulting in 0.87 sensitivity, 1.23 FP rate, and  
0.68 DSC.

Discussion

In this study, we developed and validated a dual-stream 
deep learning framework for automated IA detection and 
segmentation using TOF-MRA data. By integrating a 
landmark-guided candidate detection stream with a parallel 
fine-grained segmentation stream, our method achieved a 
strong balance between lesion-wise sensitivity (0.82–0.87) 
and clinically acceptable FP rates (1.17–1.23 per case). The 
key contribution is its ability to leverage sparse anatomi-
cal priors to guide detection, thereby avoiding impractical 

Table 3   Overall detection and segmentation performance on internal 
test sets

ROI  region of interest, FP  false-positive, DSC  dice similarity coef- 
ficient, HD Hausdorff distance.

Metric Internal Test Set 1 Internal Test Set 2

ROI localization sensitivity 0.97 (151/155) 0.98 (240/246)
Lesion-wise sensitivity 0.87 (135/155) 0.82 (203/249)
FP rates 1.23 (196/160) 1.17 (234/200)
HD 1.57 mm 1.74 mm
DSC (final merged output) 0.68 0.70
DSC (detection model only) 0.28 0.34
DSC (segmentation model 

only)
0.80 0.78

Table 4   Lesion-wise sensitivity stratified by aneurysm size and loca- 
tion

ICA internal carotid artery, MCA  middle cerebral artery, ACA​  ante- 
rior cerebral artery, ACOM anterior communicating artery, BA basilar  
artery

Stratification Category Sensitivity 
(Test Set 1)

Sensitivity 
(Test Set 2)

By size  ≤ 3 mm 0.67 (4/6) 0.40 (6/15)
3–5 mm 0.85 (50/59) 0.81 (76/94)
5–7 mm 0.89 (47/53) 0.90 (76/84)
 > 7 mm 0.92 (34/37) 0.80 (45/56)

By location ICA 0.86 (93/108) 0.80 (109/137)
MCA 0.93 (28/30) 0.84 (46/55)
ACA​ 0.67 (2/3) 0.82 (9/11)
ACOM 0.83 (10/12) 0.92 (11/12)
BA 1.00 (2/2) 0.82 (18/22)
Posterior circulation N/A 0.83 (10/12)
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full-vessel segmentation while providing sufficient context 
to outperform simple patch-wise methods.

Recent advances in AI have driven substantial progress 
across a wide range of medical fields. AI-based systems  
are increasingly used to support clinical workflows, assist- 
ing with tasks such as disease classification, lesion detec- 
tion, segmentation, and even treatment planning. These  
advances reflect a broader shift in radiology toward AI- 
assisted interpretation, where AI systems increasingly  
function as complementary tools that enhance diagnostic  
accuracy and reduce oversight. This trend is also evident  
in neurovascular imaging, where the inherent complex- 
ity of the cerebral vasculature, the small size of many  
aneurysms, and substantial inter-reader variability make  
automated assistance highly valuable. Consequently, the  
integration of deep learning-based support systems into  
TOF-MRA workflows has gained growing clinical interest,  
reinforcing the relevance of developing robust IA detec- 
tion models such as the framework proposed in this study.

The landmark localization model is the central com- 
ponent of the proposed framework. Its ability to correctly  
position patches over the ground truth aneurysms in > 97%  

of cases validated this guiding mechanism and represents a  
significant step toward clinical application. Although full- 
vessel segmentation methods have demonstrated excellent  
performance [26], the extensive annotation effort required  
limits their scalability. Our landmark-based strategy drasti- 
cally reduces this burden by annotating only 18 points per  
scan, making the creation of large-scale training datasets  
far more feasible. Compared with other landmark-based  
methods, such as that described by Di Noto et al. [11], who  
reported a sensitivity of 0.80, our framework demonstrated  
a notable improvement, underscoring the effectiveness of  
our synergistic architecture and novel adaptive loss function.

The study further benefits from the patch-based training 
strategy, which resolves patient-level class imbalance. Our 
cohort includes a substantially higher number of aneurysm-
positive patients compared to the negative (956 positive vs. 
99 negative patients). Each patient scan is sampled with 18 
anatomical locations and labeled positive if more than half 
of an aneurysm volume is included. This ensured adequate 
exposure to negative samples during optimization, enabling 
the model to learn reliable discriminative patterns despite 
the extreme imbalance of data distribution.

The performance of our model relative to the existing  
literature highlights the well-known trade-off between sen- 
sitivity and specificity. Spearman’s rho (ρ = 0.54, n = 5)  
suggested a moderate positive trend between sensitivity  
and FP rates, although the small number of previous stud- 
ies [27] limits the strength of this inference. Although some  
methods reported lower FP rates [9, 10, 26], the operating  
point of our model is clinically valuable for second-reader  
or computer-aided detection systems. In such workflows,  
maximizing sensitivity to ensure that no lesions are missed  

Fig. 5   Comparisons of overall 
lesion-wise sensitivity and 
false-positive rates between the 
model proposed in the present 
study and previous studies. A 
smaller false-positive rate and 
higher sensitivity are preferable

Table 5   An ablation study of proposed framework on each stream

FP false-positive, DSC dice similarity coefficient

Fused streams Sensitivity FP rate DSC

Stream 1 Stream 2

✓ 0.73 0.14 0.80
✓ 0.87 1.23 0.28
✓ ✓ 0.87 1.23 0.68
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is often prioritized, provided the FP rate remains low  
enough to avoid “alarm fatigue” for the reviewing clini- 
cian. An average of approximately one FP result per scan  
is a manageable workload in routine diagnostic settings.  
Accordingly, our model has the potential to reduce missed  
aneurysms by reliably flagging candidate lesions while  
simultaneously providing detailed segmentation masks  
that delineate aneurysm morphology. This dual output can  
support clinicians not only in detecting subtle aneurysms  
but also in assessing whether a lesion may warrant further  
intervention or surgical consideration. Such capabilities  
highlight the model’s clinical utility and suggest its broader  
potential for integration into medical workflows.

The key strength of the proposed framework was its robust  
and consistent performance across diverse anatomical loca- 
tions. The chi-square test showed no significant differences in  
lesion-wise sensitivity across the six major vessel territories  
( p = 0.610 for Test Set 1; p = 0.924 for Test Set 2). This loca- 
tion-invariant robustness is particularly important for clinical  
applicability, as it demonstrates reliability even in anatomi- 
cally complex and high-risk regions such as the anterior com- 
municating artery, basilar artery, and posterior circulation [2].  
Previous studies reporting high-rupture-risk regions were often  
limited to a median of only 14 aneurysms, whereas our dataset  
comprised 74 aneurysms. This substantially larger sample size  
enhanced the reliability of our findings and provided a more  
robust foundation for clinical translation.

These advantages are expected to provide substantial ben- 
efits in real-world clinical practice. Notably, the diagnostic  
performance of the proposed model exceeds the previously  
reported performance of physicians in detecting intracranial  
aneurysms on TOF-MRA [29, 30]. These findings suggest  
that the proposed model may serve as a clinically assistive  
tool in the diagnosis of IAs. Importantly, the framework can  
be flexibly incorporated into different clinical settings. In  
healthcare screening centers or primary care environments  
where specialized neurovascular expertise may be limited,  
our framework could be utilized as a preliminary interpreta- 
tion or screening tool to highlight suspicious regions and  
reduce the risk of missed IAs. In contrast, in tertiary medi- 
cal centers with sufficient expert staffing, our framework  
may function as a supportive second reader or double-check  
tool, enhancing diagnostic confidence while maintaining a  
manageable false-positive burden. Hence, the integration of  
automated systems is designed to support clinicians, rather  
than replace clinical judgment.

However, our results revealed a clear performance depend-
ency on aneurysm size. The sensitivity for aneurysms ≤ 3 mm 
was substantially lower than that for larger lesions. This is 
a common challenge in automated detection systems and 
reflects the inherent difficulty of identifying these tiny struc-
tures, which have a low signal-to-noise ratio and can easily be 
mistaken for vessel bifurcations or imaging artifacts.

This study has certain limitations. First, the validation was  
performed using data from a single institution. Although the  
dataset was large and included images from diverse scanners  
and protocols, external multicenter datasets are needed to  
establish the model’s generalizability. Second, while the FP  
rate is acceptable for an assistive system, it is significantly  
higher than that of expert clinicians (approximately 0.03)  
[27]. Thus, the model is not yet suitable for fully autonomous  
diagnostic use and should be implemented as a decision-sup- 
port tool within clinical workflows. In addition, we plan to  
further refine the model in future work to improve its perfor- 
mance for aneurysms smaller than 3 mm, aiming to minimize  
the performance gap across size categories. Last, even though  
the proposed model ensures balanced exposure to positive  
and negative samples, it is true that the original cohort does  
not fully reflect real-world prevalence where aneurysms are  
significantly less common.

Several future research directions are planned to address  
these limitations. First, we aim to investigate a dynamic  
patch-sizing mechanism to improve the detection of small  
aneurysms. This approach involves an initial coarse predic- 
tion to identify candidate regions, followed by the extrac- 
tion of smaller, higher-resolution patches tailored to the  
lesion size, thereby improving feature representation of  
small aneurysms [1]. Additionally, as aneurysms ≤ 3 mm  
are rare [30], training data are inherently biased toward  
larger lesions. To mitigate this, we plan to use generative  
models such as generative adversarial networks (GANs) or  
diffusion models to synthesize anatomically plausible and  
realistic small aneurysms. Augmenting the training set with  
these synthetic examples is expected to improve the robust- 
ness and sensitivity of the model for this challenging but  
clinically critical subgroup. Finally, we intend to collect  
more clinically representative datasets with real prevalence  
distributions for validation, allowing more rigorous assess- 
ment of the model’s clinical applicability.

Conclusions

This study introduced a dual-stream synergistic framework  
for the automated detection of IAs from TOF-MRA images.  
By combining landmark-guided ROI localization with par- 
allel patch-wise detection and detailed segmentation, this  
method achieved competitive lesion-wise sensitivity with  
a low false-positive rate while avoiding the need for labor- 
intensive full-vessel segmentation. The framework demon- 
strated consistent, location-invariant performance across  
anatomically complex and high-risk vascular territories,  
highlighting its potential for broad clinical applicability.  
While the detection of very small aneurysms remains chal- 
lenging, our promising approach provides a practical balance  
of detection accuracy, annotation efficiency, and clinical  
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utility. With further validation, this framework could be inte- 
grated into neurovascular imaging workflows as an assistive  
tool to support timely and accurate diagnosis of IAs.

Appendix

List of 18 major cerebral vessel landmarks

Left posterior inferior cerebellar artery (PICA), right PICA,  
left anterior inferior cerebellar artery (AICA), right AICA,  
left superior cerebellar artery (SCA), right SCA, basilar  
artery, left communicating internal carotid artery (ICA),  
right communicating ICA, left cavernous (CAV) ICA, right  
CAV ICA, left clinoid-ophthalmic ICA, right clinoid-oph- 
thalmic ICA, left middle cerebral artery (MCA), right MCA,  
anterior communication artery, left distal anterior cerebral  
artery (ACA), right distal ACA.
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