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Abstract 36 

Objective: To enable accurate 3D morphological assessment and support clinical decision 37 

making, DIVA-seg: a Deep learning-based method for Intracranial Vessel and Aneurysm 38 

segmentation from MRA-TOF using a pseudo labeling approach was developed and validated. 39 

Methods: Three MRA-TOF datasets were used: 1) labeled data for training (n=57) and testing 40 

(n=14), 2) unlabeled data for pseudo labels (n=518), and 3) labeled data for external validation 41 

(n=82). An nnU-Net (Model 1) was iteratively trained for creating pseudo labels for Dataset 2. 42 

Cases with stable segmentation performance across iterations were selected for further 43 

training. Stable cases (n=484) were combined with Dataset 1 to train a second nnU-Net 44 

(Model 2). Performance testing on Dataset 1 and 3 comprised of Dice similarity coefficients 45 

(DSC), 95%-Hausdorff distances, 3D morphological measures, and a blinded qualitative 46 

evaluation. 47 

Results: DIVA-seg achieved a mean (standard deviation) internal vessel and aneurysm DSC of 48 

0.925 (±0.025) and 0.880 (±0.045), respectively. On the external test set the DSC were 0.899 49 

(±0.028) and 0.861 (±0.114), respectively. Mean Hausdorff distances were 0.67mm for both 50 

test sets. Bland-Altman plots showed a high agreement between 3D morphological measures 51 

from ground truth and model segmentations; however, a proportional bias was observed for 52 

voxel volume, surface area, sphericity and shape index. The qualitative evaluation showed no 53 

clear preference for either ground truth or model segmentation. 54 

Conclusion: The model achieved accurate and reliable segmentation of vessels and aneurysms 55 

internally and externally while also showing high agreement between 3D morphological 56 

measures from automatic and manual segmentations, indicating its potential clinical utility.  57 
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 60 

Summary section 61 

Accurate intracranial aneurysm assessment is essential for treatment planning and risk 62 

stratification. Manual aneurysm segmentation is labor-intensive and subject to substantial 63 

inter- and intra-observer variability. Although automated segmentation approaches have 64 

been proposed, many suffer from limited accuracy, lack of robustness across datasets, or 65 

insufficient validation on heterogeneous, real-world data. As a result, reliable and 66 

generalizable tools for aneurysm segmentation and morphological analysis remain an unmet 67 

need. DIVA-seg, an nnU-Net-based model, achieved high aneurysm segmentation accuracy 68 

(DSC >0.86; HD <0.7mm) and close agreement with expert annotations in clinically relevant 69 

3D morphological measures, demonstrating consistent performance across internal and 70 

external datasets. This work demonstrates a robust and generalizable approach for 71 

automated intracranial aneurysm segmentation, enabling reliable morphological analysis. 72 

The proposed method has the potential to streamline aneurysm monitoring, reduce observer 73 

variability, and support future automated tools for risk predictions and clinical decision 74 

making.  75 
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Introduction 76 

It is estimated that the prevalence of unruptured intracranial aneurysms (UIAs) in the 77 

adult population is 3% [1]. While most UIAs remain asymptomatic, rupture leads to 78 

subarachnoid hemorrhage (SAH), which carries a high case fatality rate ranging from 13% to 79 

71% [2]. Preventative treatment options such as endovascular coiling or neurosurgical 80 

clipping can reduce the risk of rupture; however, the decision to intervene must carefully 81 

balance the rupture risk against potential complications associated with treatment. Rupture 82 

risk prediction is therefore of importance in clinical decision making in UIA patients. Key 83 

determinants in current prediction models for rupture risk are hypertension, age, size, shape 84 

and location of the UIA [3,4]. Growth and shape changes are also important in clinical 85 

decision-making, as both have been linked to rupture risk [5–8]. 86 

Currently, aneurysm size and growth are generally measured manually in 2 dimensions 87 

(2D). Recent studies, however, suggest that 3D morphological measurements are more 88 

reproducible and better predictors of aneurysm rupture risk than 2D measurements [6,9]. 89 

Yet, obtaining these 3D measurements requires manual segmentation of aneurysms, which is 90 

time-consuming and prone to human error. Robust and reproducible segmentations are 91 

essential to ensure stable measurements and therewith accurate change detection and risk 92 

prediction in UIAs. 93 

Automatic segmentation methods may provide faster, and more consistent results 94 

compared to manual approaches. Nonetheless, aneurysm segmentation remains a 95 

challenging task [10]. While several studies have applied deep learning techniques for 96 

aneurysm detection and/or segmentation, most primarily focused on detection, reporting 97 

sensitivity and specificity metrics [10]. In studies evaluating segmentation accuracy, reported 98 

Dice similarity coefficients (DSC) were moderate (<0.75) [11–15] and several models were 99 
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trained on relatively small sample sizes [11–17]. In addition, external testing was not always 100 

included, and where performed, generalizability across datasets remained limited [10]. 101 

This study addresses these shortcomings by developing and externally validating DIVA-102 

seg: Deep learning for Intracranial Vessel and Aneurysm segmentation, an nnU-Net model for 103 

automated segmentation of intracranial vessels and UIAs on magnetic resonance angiography 104 

time-of-flight (MRA-TOF) data. Our approach combines high-quality manually corrected 105 

annotations with a large and diverse pseudo labeled dataset, to overcome the limitations of 106 

small training cohorts and improve generalizability. We further provide extensive internal and 107 

external validation and, beyond conventional segmentation metrics, evaluate clinically 108 

relevant 3D morphological parameters. Together, these contributions provide a strong 109 

foundation for future clinical applications, including aneurysm change detection and rupture 110 

risk prediction.   111 
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Methods 112 

This study was performed following and in accordance with the Checklist for Artificial 113 

Intelligence in Medical Imaging (CLAIM). 114 

 115 

Datasets 116 

This study used MRA-TOF scans from three datasets 1) for training and testing [18,19], 2) 117 

for creating pseudo labels, and 3) for external validation [20] of the vessel and aneurysm 118 

segmentation model. A complete explanation of the used datasets is provided in the 119 

supplemental material. The inclusion process is illustrated in a flowchart (Figure 1), 120 

acquisition and preprocessing settings are provided (Table 1). This study retrospectively 121 

utilized existing data obtained from routine patient care. Local approval was obtained for 122 

conducting this study. Informed consent was not required, as the data were collected for 123 

clinical purposes. All patient records were reviewed for objections to the use of clinical data 124 

for research; patients who had registered objections were excluded from this study. 125 

 126 

Model and training 127 

Model architecture 128 

All models described in this study were trained using the nnU-NetV2 architecture 129 

(download November 18, 2024), with a 3D full resolution configuration and default settings, 130 

unless otherwise specified [21]. Inspired by the winning approach from Huang et al. [22] in 131 

the MICCAI FLARE22 challenge, we adopted the concept of iteratively training a model for 132 

generating pseudo labels and training a new model with this supplemented dataset (Figure 133 

2). Model 1 was iteratively trained, starting with training and validation data from Dataset 1 134 

for the first iteration, followed by Dataset 1 and 2 in the subsequent three iterations. Pseudo 135 
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labels for training were each time generated with the preceding iteration. After four 136 

iterations, the scans with the most stable pseudo labels over the four iterations were selected 137 

and combined with Dataset 1 for training Model 2. 138 

 139 

Training configuration 140 

Models were trained on NVIDIA RTX A5000 GPU servers using the 3D full resolution 141 

configuration and a 5-fold cross-validation. Batch size was automatically set at 2, patch size 142 

was dynamic; the first iteration of Model 1 used 64x224x160, all other models used patch size 143 

56x224x192. 1000 epochs were used for training. Standard augmentations from nnU-Net 144 

were used, including rotation, scaling, Gaussian noise, Gaussian blur, brightness and contrast 145 

changes, resampling to lower resolution, gamma correction, mirroring and elastic 146 

deformations. The segmentation model DIVA-seg is publicly available at 147 

https://github.com/Verschuur95/DIVA-seg. 148 

 149 

Pseudo labeling workflow 150 

Iterative pseudo labels were created by running inference on preceding models using all 151 

five folds; nnU-Net ensembles probability maps from different folds using softmax averaging 152 

to achieve final segmentation. After four iterations, the most stable cases were selected by 153 

calculating uncertainty measures using the formula given in Huang et al. [22]: 154 

𝑢 =
1

𝐾 − 1
∑

∑(𝑦𝑖 ≠ 𝑦𝑖−1)

∑(𝑦𝑖 > 0)

𝐾

𝑖=3

 155 

Where 𝑢 is the uncertainty measure, 𝐾 the total number of iterations and 𝑦𝑖 the binary voxel 156 

value from the pseudo label generated at iteration 𝑖. To determine an appropriate uncertainty 157 

threshold, uncertainty values were sorted and binned (bin size = 0.005) and visually inspected 158 

https://github.com/Verschuur95/DIVA-seg
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for discontinuities using a scatter plot (Supplemental Figure 1). Three candidate thresholds, 159 

corresponding to observed sharp increase in bin number in the scatter plot, were initially 160 

selected and statistically tested to assess their effect on model performance (See 161 

Supplemental Table 1). For each threshold, images with uncertainty values exceeding the 162 

threshold were manually reviewed to confirm the validity of the exclusion criterion. Based on 163 

this process, a final threshold of 0.1 was selected. All images from Dataset 1 exceeding this 164 

threshold, caused by a slowly declining segmentation quality with each iteration, were still 165 

included in the training of Model 2, as these images had manually created segmentations that 166 

were quality-checked and deemed reliable.  167 

 168 

Evaluation and analysis 169 

Performance metrics 170 

The test set from Dataset 1 (with automatic and manual center of mass separately) and 171 

Dataset 3 were used to assess model performance. Overlap between ground truth and model 172 

segmentations was evaluated by calculating the DSC (overall, vessel, and aneurysm scores) 173 

and the 95%-Hausdorff distance (95%-HD). The relation between those measures was 174 

visualized in a scatter plot. The outermost cases with highest and lowest scores were visually 175 

checked to assess segmentation quality of the aneurysm.  176 

  177 

3D morphological measures 178 

To add clinical value beyond standard performance measures such as DSC and HD, 3D 179 

morphological measures of the aneurysms, as previously described by Timmins et al. [23] and 180 

Kamphuis et al. [24] were calculated using PyRadiomics in Python (version 3.7) [25]. Included 181 

morphological measures were in compliance with the image biomarker standardization 182 
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initiative guidelines [26]: voxel volume, surface area, major axis length, sphericity, 183 

curvedness, shape index, elongation, and flatness. Curvedness and shape index are no 184 

radiomics measures and were therefore separately calculated [27]. Agreement between 185 

ground truth and model measurements were visualized with Bland-Altman plots for Dataset 186 

1 (test set) and 3 combined. Proportional bias was defined as measure deviations proportional 187 

to the mean of the measure, assessed with linear regression. For measures showing 188 

proportional bias, a prediction interval was visualized in the Bland-Altman plots in addition to 189 

the ‘classical’ limits of agreement [28]. The highest deviating aneurysm from each measure 190 

was visualized as 3D mesh reconstruction in the Bland-Altman plots to provide understanding 191 

of differences in measures. Three examples with high DSC and low 95%-HD were additionally 192 

included. Regression significance was set at p<0.05. 193 

 194 

Qualitative validation 195 

Although considered the ground truth, manual segmentations are not without error; 196 

previous studies have reported inter-rater volumetric differences ranging from 3.6 to 197 

20.6mm3 [9]. Therefore, a post-hoc qualitative validation was performed on outlier 198 

aneurysms identified from the Bland-Altman plots. For each 3D morphological measure, scans 199 

were selected for review: on the one hand, cases that fell outside the ‘classical’ ±1.96 200 

standard deviation limits (i.e. clear outliers; n=23), and on the other hand, a subset of cases 201 

that exhibited only small differences in morphological measures (control scans; n=7). On 202 

these scans a blinded evaluation was performed by ICvdS, selecting the preferred 203 

segmentation between the manual ground truth and the automated model output. In cases 204 

where the two segmentations appeared visually similar, the rater documented this similarity 205 

and additionally selected the segmentation judged to be more accurate. Segmentations were 206 
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presented side-by-side as image overlays in axial, coronal, and/or sagittal views using 3D 207 

slicer. Randomization of left/right positioning was performed using Python. Results were 208 

visualized in a bar-plot and group differences were assessed using an exact binomial test.  209 
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Results 210 

Included aneurysms 211 

An overview of basic aneurysm characteristics is provided (Table 2). Each dataset 212 

contained scans with multiple aneurysms. The primary aneurysms in Dataset 3 (72.7 [9.3-213 

433.5] mm3) were larger than Dataset 1 (55.8 [15.0-303.1] mm3) and Dataset 2 (51.2 [0.77-214 

389.7] mm3). 215 

 216 

Model performance metrics 217 

Inference was performed on an NVIDIA RTX A5000 GPU, with an average 5-fold ensemble 218 

processing time of 55-130 seconds per 3D volume. An example of the segmentation output 219 

from the test set of Dataset 1 is shown in 2D-overlay and 3D (Figure 3). Model 2 achieved a 220 

high mean vessel and aneurysm DSC with low 95%-HD for both internal and external test sets 221 

(Dataset 1 and 3; Table 3) and the DSC remained stable over three inference runs. Overall DSC 222 

and HD values and results from experiments with manually annotated aneurysm center of 223 

mass are additionally provided (Table 3). A statistical comparison between Model 1 and 2, 224 

precision and recall box plots and an aneurysm volume stratification using box plots is 225 

provided in the supplemental materials (Supplemental Table 2, Figures 2, 3 and 4, 226 

respectively).  227 

The relation between DSC and 95%-HD scores for both test sets is visualized (Figure 4). 228 

The lowest scoring segmentations from both test sets (Figure 4A and C), and best scoring 229 

segmentation from the test set of Dataset 1 (Figure 4B) are additionally shown in 2D-overlay 230 

and 3D. The lowest scoring segmentation from Dataset 3 shows severe under segmentation 231 

by the model in an aneurysm with inhomogeneous image intensities. Because this aneurysm 232 
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is a severe outlier compared to the other results, this image was removed from further 233 

analyses. 234 

 235 

3D morphological measures 236 

Bland-Altman plots of 3D morphological measures showed high agreement between 237 

manual ground truth and model segmentations (Figure 5 and Supplemental Figure 5). Mean 238 

differences were close to zero and limits of agreements were narrow. Voxel volume, surface 239 

area, sphericity and shape index showed proportional bias with a p-value ≤0.002 (Figure 5). 240 

3D reconstructions of aneurysm segmentations show the interpretation of differences in 241 

measures from ground truth or model segmentations. 242 

 243 

Qualitative validation 244 

Of the 30 assessed scans for qualitative validation by an experienced rater, the trained 245 

model’s segmentations were selected as more accurate in 17 (56.7%) cases, while the ground 246 

truth was selected as more accurate in 13 (43.3%) cases (Figure 6). In the control group, the 247 

model segmentation was selected as more accurate in five scans compared versus two for 248 

the ground truth (orange). Similarly, among the 6 (26%) outlier scans that were judged to be 249 

visually similar, the model was selected as more accurate in five cases versus one (green). In 250 

contrast, among the outlier cases (blue), the ground truth segmentation was preferred in 10 251 

out of 17 scans (58.9%). However, neither for the entire test (p=0.585), nor for only the outlier 252 

cases (p=0.648), did the binomial test indicate a significant preference for ground truth or 253 

model segmentation.   254 
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Discussion 255 

In this study, we trained and evaluated DIVA-seg, an nnU-Net model for segmentation of 256 

intracranial vessels and aneurysms on MRA-TOF using a pseudo labeling approach. The model 257 

achieved high DSC and 95%-HD performance measures and a high agreement between 3D 258 

morphological measures derived from the model’s and ground truth annotations. These 259 

results demonstrate the potential of our model for accurate and reliable segmentation of 260 

intracranial vasculature and aneurysms in a fully automated manner. 261 

Since 2019, efforts have been made to develop artificial intelligence methods for the 262 

detection and segmentation of UIA from MRA-TOF images [10]. However, reported DSC have 263 

generally remained low; <0.750 [10,18]. One study, using a 3D convolutional neural network, 264 

reported a peak test DSC of 0.980, suggesting near-perfect agreement between model 265 

predictions and ground truth [16]. A direct comparison to our results however remains 266 

challenging due to differences in evaluation design and reporting clarity. The described 267 

evaluation appears to have been conducted on a limited test set of six scans from two 268 

datasets [16]. The extent to which these scans represent the full variability of aneurysm 269 

presentations, such as differences in size, location, shape and image quality, is not clearly 270 

discussed. Two previous studies also reported a high aneurysm DSC on internal test sets. One 271 

study, utilizing nnU-Net, achieved a median aneurysm DSC of 0.85, but reported a larger 272 

median 95%-HD of 2.33mm and larger median aneurysm volumes (100.5mm3) compared with 273 

the current study [17]. Another study, using a transformer-based network, reported an 274 

average aneurysm DSC of 0.811 on an in-house dataset and 0.559 on the ADAM dataset (both 275 

also used for training) [29]. The in-house dataset contained larger aneurysms (4-28mm) than 276 

the ADAM dataset (1-17mm). Focusing on the ADAM results, our internal test set (also ADAM 277 

data) achieved a substantially higher DSC. Notably, both studies did not include external 278 
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testing. Taken together, compared with previous work, DIVA-seg achieved higher DSC scores 279 

across both internal and external test sets. 280 

When comparing DSC results from the internal test set using manual versus automated 281 

center of mass annotations, vessel DSC remained identical and aneurysm DSC differed only 282 

marginally (0.019). These findings indicate that new datasets with manually annotated 283 

aneurysm centers can also be expected to achieve accurate segmentation results, thereby 284 

supporting feasibility and ease of application in practice.  285 

In the external test set, we observed one scan with low aneurysm DSC score and high 286 

95%-HD (Figure 4), which was caused by insufficient (intensity) filling of the aneurysm as seen 287 

on the MRA-TOF image. These inconsistencies in scan quality from MRA-TOF data may 288 

influence segmentation results and should be carefully monitored. Because this scan was a 289 

severe outlier, we removed the scan from subsequent analyses.  290 

An important added value of our study is the translation of aneurysm segmentation into 291 

3D quantification of aneurysm morphology, as accurate estimation of 3D measures is 292 

essential for change detection and prediction modeling. To the best of our knowledge, this is 293 

the first study to systematically evaluate differences in 3D morphological measurement from 294 

MRA-TOF segmentations between the model and ground truth. While similar clinically 295 

oriented evaluations have been performed for CTA and 3D rotational angiography 296 

segmentation methods [30–37], such analyses have not yet been applied to MRA-TOF models. 297 

One exception is a prior MRA-TOF segmentation model that assessed maximum diameter; 298 

however, ground truth measurements in that work were obtained from DSA images rather 299 

than MRA-TOF [38]. 300 

The small deviation from 0 of the mean difference in 3D morphological measures 301 

indicates that there was no systematic bias between the ground truth and model 302 
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segmentations. To put the measures into perspective, assume a spherical aneurysm with a 303 

diameter of 3mm and 6mm. A mean volume difference of 8.38mm3 corresponds to adding a 304 

uniform layer of 0.25mm thickness around an aneurysm of 3mm, and a uniform layer of 305 

0.07mm all around an aneurysm of 6mm. Even for very small aneurysms, these distances are 306 

all <1 voxel distance (0.36mm) difference in segmentation and hold no clinical relevance. In a 307 

previous study, researchers found an average 9.1mm3 difference between raters, which is 308 

slightly higher than DIVA-seg compared to the ground truth [9]. These findings indicate that 309 

the model’s error is similar to the error between raters. However, the Bland-Altman plots 310 

showed a proportional bias for four morphological measures. This type of bias for voxel 311 

volume and surface area is expected; one additional layer of voxels at the edge of a larger 312 

aneurysm results in a larger increase in volume and surface area. For sphericity and shape 313 

index, the proportional bias is mainly determined by the definition of the neck (Figure 5 314 

reconstructed inserts), which remains difficult for clinical experts as well. Though the model 315 

segmentations of outlier cases generally appear more spherical than the ground truth. 316 

Because manually generated aneurysm segmentations are not always a perfect ground 317 

truth, we evaluated our own ground truth using a qualitative expert preference analysis. The 318 

results indicated no consistent preference between the ground truth and model outputs. 319 

Interestingly, for aneurysms rated as visually similar or included as control, the model 320 

segmentation was more frequently judged as more accurate. For other cases, there was no 321 

clear preference. These findings highlight that even carefully curated ground truths may be 322 

imperfect, and in some instances, model segmentations can be equally accurate or even 323 

preferred. This aligns with broader recommendations in the medical imaging literature 324 

suggesting that ground truth should be critically evaluated, for example by expert review or 325 

blinded comparison, to ensure reliability and support clinical translation [39,40]. 326 
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 327 

Strengths and limitations 328 

Compared to previous MRA-TOF models, DIVA-seg was trained on a larger dataset; 541 329 

scans compared to 62-217 in other models [10]. As outlined in the introduction, our approach 330 

aimed to overcome the limitations of small training cohorts by combining high-quality manual 331 

annotations with a larger pseudo labeled dataset to improve generalizability. The use of 332 

pseudo labeling allowed the inclusion of a larger and more diverse dataset without requiring 333 

time consuming manual labeling for all scans. Although the internal test DSC decreased 334 

slightly from Model 1 to 2, validation and external DSC significantly increased and 95%-HD 335 

decreased, suggesting improved model generalizability from incorporating a large pseudo 336 

labeled dataset. In addition, the use of the nnU-Net architecture promotes standardized 337 

preprocessing and data augmentation to improve data quality, which has been a source of 338 

variability in previous models [10]. An external validation on a heterogeneous dataset with 339 

MRA-TOF scans from different vendors, scanner models, imaging protocols and aneurysm 340 

sizes, confirmed the generalizability of the trained model for other data sources. 341 

Furthermore, a challenge in many segmentation models is the clinical interpretability of 342 

technical segmentation metrics, such as the DSC. The DSC is highly dependent on the size of 343 

the segmented structure, which can vary greatly within aneurysms. A new strategy for 344 

evaluating aneurysm segmentation models may be required to better understand the clinical 345 

implications of segmentation differences. In this study we have provided a first step towards 346 

this different strategy by including 3D morphological measures in the analysis of the model, 347 

allowing a more clinically meaningful interpretation of segmentation differences.  348 

Nevertheless, some limitations should be addressed. First, the proposed model requires 349 

the aneurysm location information as input channel. The model does therefore not allow for 350 
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detection of the aneurysms, manual annotation of the location or an independent detection 351 

should still precede segmentation. Second, the dataset for pseudo labels (Dataset 2) included 352 

aneurysms of all sizes to further finetune the model. Although the other datasets also 353 

contained tiny aneurysms as non-primary aneurysm, the performance of the model on these 354 

aneurysms was not separately tested, and inclusion of these aneurysms may have slightly 355 

altered the performance of the model. Model performance might have improved if tiny 356 

aneurysms were excluded, but they were retained to better reflect clinical practice, where 357 

such cases are common. Third, the ground truth segmentation from the external dataset was 358 

differently generated than the ground truth from the in-house dataset. Although we kept 359 

segmentation approaches as similar as possible by using the open access COSTA 360 

segmentations for Dataset 1 and the CESAR model, trained on COSTA data, for Dataset 3, the 361 

difference in approach may have affected our quantitative assessment for vessel 362 

segmentations. Nevertheless, aneurysm segmentations were all manually annotated by ASV 363 

and checked by ICvdS. Fourth, a formal stratified analysis of model performance (e.g. by 364 

aneurysm size or location) was limited by the heterogeneity of the test sets, uneven subgroup 365 

distributions and missing information on secondary aneurysm locations. Nonetheless, a 366 

stratified evaluation by aneurysm volume is provided in the supplemental data. Future work 367 

could explore additional stratified approaches, such as normalized surface distance or 368 

volume-specific DSC reporting, to further characterize model performance. Finally, 369 

hyperparameters were primarily selected using nnU-Net’s automated data-driven 370 

optimization strategy. In addition, a limited empirical assessment was performed by 371 

evaluating training behavior under alternative settings, including variations in patch size, 372 

batch size and number of epochs; however, these adjustments did not improve the model’s 373 

performance. More extensive optimization strategies, such as automated hyperparameter 374 
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tuning using tools like Optuna [41] and early stopping, could be explored in future work to 375 

further refine model performance. 376 

 377 

Future directions 378 

In future studies, a systematic comparison with other segmentation models and 379 

architectures should be performed to further evaluate performance differences, robustness 380 

and generalization across datasets. Such comparisons should, however, be interpreted with 381 

caution.  Furthermore, this study focused on the development of an MRA-TOF segmentation 382 

model. However, in clinical practice, some patients may undergo computed tomography 383 

angiography (CTA) instead of, or in addition to MRA-TOF. Future work should aim to extend 384 

segmentation algorithms to CTA, ideally through modality-agnostic approaches validated on 385 

paired datasets from patients who have undergone imaging from multiple modalities within 386 

a short time interval. Following the development of segmentation models, accurate 387 

automated segmentations will enable comprehensive 3D morphological analyses of 388 

aneurysms, providing a stronger and more reproducible basis for change detection and 389 

prediction models for aneurysm growth and rupture risks. The next step is therefore to 390 

leverage these segmentations in the development of such prediction models, with the goal of 391 

supporting personalized treatment decisions.  392 

Beyond clinical decision-making, accurate automated vessel and aneurysm segmentations 393 

also enable technical applications. For example, the proposed model could be used for fine-394 

tuning to generate segmentations for 4D flow analyses aimed at improving our understanding 395 

of cerebral blood flow and its role in aneurysm development and rupture [42].  396 
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Conclusion 397 

This study demonstrates that an nnU-Net deep learning model, leveraging the use of 398 

pseudo labeling, provides accurate and reliable segmentation of intracranial vessels and 399 

aneurysms across internal and external test sets, with a high agreement between 3D 400 

morphological measures derived from automated and manual segmentations. Future work 401 

should aim to extend segmentation models to other modalities and further investigate the 402 

use of 3D morphological measures from automated segmentations for change detection as 403 

well as growth and rupture risk prediction. 404 
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Tables 558 

Table 1: Acquisition and preprocessing settings MRA-TOF from the three datasets. 559 

Dat

a 

Fiel

d 

TR/TE Voxel spacing 

(median; min; max) 

Matrix size 

(median; min; 

max) 

Intensity 

normalization 

Resampling BET 

1.  1.5T 

- 3T 

22/3.4

5 ms 

 036x0.36x0.5mm; 

0.20x0.20x0.5mm; 

0.63x0.63x0.8mm 

 370x461x138; 

227x273x65; 

719x940x180 

Histogram 

standardization 

(by [21]). 

nnU-net default 

– z-score 

nnU-Net 

default – 

anisotropic 

resampling 

[21] 

Yes 

2.  1.5T 

- 3T 

22/3.4

5 ms 

0.36x0.36x0.5mm; 

0.20x0.20x0.20mm; 

0.81x0.81x2mm 

560x560x140; 

256x256x42; 

1024x1024x479 

nnU-Net default 

– z-score  

nnU-Net 

default 

No 

3.  1.5T 

- 3T 

18.6 – 

164.7 

/ 3.5 – 

6.6 

0.31x0.31x0.44mm; 

0.22x0.22x0.30mm; 

0.625x0.625x0.90m

m 

560x560x140; 

260x245x72; 

720x768x400 

nnU-Net default 

– z-score  

nnU-Net 

default 

No 

T: Tesla; TR/TE: repetition time/ echo time; BET: brain extraction; ms: millisecond; mm: 560 

millimeter.   561 
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Table 2: Basic aneurysm characteristics per dataset. 562 

 Dataset 1 Dataset 2 Dataset 3 

Number of patients, n 47 275 47 

Number of unique aneurysms from first scan, n 66 356 63 

Multiplicity on first scan, n 15 63 11 

Primary* aneurysm volume in mm3, median (range) 55.8 (15.0-

303.1) 

51.2 (0.77-389.7) 72.7 (9.3-433.5) 

Non-primary aneurysm volume in mm3, median (range) 18.5 (5.3-67.5) 15.2 (0.75-161.5) 34.8 (6.7-114.2) 

Primary aneurysm location, 

MCA/ICA/ACA/Post/PCoA/unknown 

18/12/9/4/4/0 88/56/49/28/12/42 26/20/12/4/1/0 

*Primary = largest. MCA: middle cerebral artery; ICA: internal carotid artery; ACA: anterior 563 

cerebral artery or anterior communicating artery; Post: posterior circulation; PCoA: posterior 564 

communicating artery.  565 
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Table 3: Performance metrics of Model 2. 566 

 Dataset 1 - Test set Dataset 1 - manual 

aneurysm COM 

Dataset 3 - External 

test set 

Overall DSC, mean 

(95%-CI) 
0.926 (0.910-0.941) 

0.926 (0.910-0.941) 
0.900 (0.894-0.907) 

DSC Vessels, mean 

(95%-CI) 
0.925 (0.910-0.940) 

0.925 (0.910-0.940) 
0.899 (0.893-0.906) 

DSC Aneurysm, 

mean (95%-CI) 
0.880 (0.853-0.906) 

0.861 (0.819-0.902) 
0.861 (0.836-0.886) 

Aneurysm 95%-HD 

in mm, mean (95%-

CI) 

0.671 (0.446-0.895)  
0.798 (0.511-1.08) 

0.674 (0.529-0.819) 

DSC: Dice similarity coefficient; 95%-HD: 95%-Hausdorff distance; SD: standard deviation; 567 

95%-CI: 95% Confidence Interval (with 5000 bootstrapping).  568 
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Figure captions: 569 

 570 

Figure 1: Inclusion flowchart for the three used datasets, providing exclusion criteria and 571 

numbers, segmentation method, center of mass estimation, final numbers for inclusion, and 572 

training/validation/testing split for each model. 573 
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 574 

 575 

Figure 2: Overview of the DIVA-seg training pipeline and pseudo label generation process. 576 

Model 1 was iteratively trained four times using Dataset 1 (first iteration) or Dataset 1 and 2 577 

with pseudo labels (iteration two to four), followed by training of Model 2 using Dataset 1 and 578 

selected stable scans from Dataset 2. Model 2 was tested on the test set from Dataset 1 and 579 

an external test set, Dataset 3. 580 

 581 
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 582 

Figure 3: Segmentation example from the Dataset 1 test set. From left to right, zoomed area 583 

of an MRA-TOF image, segmentation overlay on MRA-TOF and 3D reconstruction of the vessel 584 

tree (green) with an internal carotid artery aneurysm (yellow). The red box is the visualized 585 

area in the 2D(-overlay) images.  586 

 587 

 588 

Figure 4: Scatter plot of performance metrics; 95%-Hausdorff distance versus Dice similarity 589 

coefficient scores. Annotated in the scatter plot and rendered in 3D and 2D-overlay are a) 590 

lowest scoring aneurysm from the test set of Dataset 1, b) best scoring aneurysm from the test 591 

set of Dataset 1, and c) lowest scoring aneurysm from Dataset 3. Insufficient filling of the 592 

aneurysm caused under segmentation in the model’s results. 593 
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 594 

 595 

Figure 5: Bland-Altman plots assessing agreement between automated 3D morphological 596 

measurements from ground truth and deep learning-based segmentations across test sets 597 

from Dataset 1 and 3. Each plot displays the difference between ground truth and model-598 

derived measurements plotted against their mean. Overall, the results demonstrate high 599 

agreement with low bias and narrow limits of agreement. Proportional bias was observed in 600 

4 out of 8 measures (linear regression, p-value <0.05), though prediction intervals remained 601 

narrow. Scatter points are color coded by Dice Similarity Coefficient (DSC; see color bar) and 602 

sized by 95%-Hausdorff distance (95%-HD). Inserts show 3D reconstructions of ground truth 603 

(yellow) and model-predicted (red) segmentation corresponding to the largest outliers for 604 

each metric. For comparison, three representative examples with high DSC and low 95%-HD 605 

are shown in the bottom right corner of the figure. See also Supplemental Figure 2 for 606 

elongation, flatness and curvedness. 607 
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 608 

 609 

Figure 6: Qualitative validation of aneurysm segmentation as assessed by a 610 

neurointerventional radiologist who was blinded to segmentation method. 611 


