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Abstract
BACKGROUND The circle of Willis (CoW) is an important network of arteries connecting 
major circulations of the brain. Its vascular architecture is believed to influence the risk, 
severity, and outcome of serious neurovascular diseases. However, characterizing the highly 
variable CoW anatomy remains a manual and time-​consuming expert task. The CoW is com-
monly imaged by two noninvasive angiographic imaging modalities — magnetic resonance 
angiography (MRA) and computed tomography angiography (CTA) — yet few datasets with 
annotated CoW anatomy exist, and there have been no established benchmarks for compar-
ing CoW segmentation algorithms.

METHODS We organized the Topology-​Aware Anatomical Segmentation of the Circle of 
Willis for Computed Tomography Angiography and Magnetic Resonance Angiography 
(TopCoW) benchmark challenge alongside the release of an annotated CoW dataset with 
125 paired MRA and CTA scans from the same patients. Voxel-​level annotations for 13 ves-
sel components were created using virtual reality technology and verified by clinical experts. 
Participants submitted algorithms for CoW segmentation and variant classification, which 
we evaluated on internal and external test sets comprising 226 scans from over five centers. 
The benchmark includes voxel-​level segmentation, CoW component detection, CoW vari-
ant classification, and two clinical application tasks.
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RESULTS We received submissions from over 250 par-
ticipants across six continents. Top-​performing teams 
achieved over 90% Dice similarity coefficient scores for 
CoW segmentation, over 80% F1 scores for detecting key 
vessel components, and over 70% balanced accuracy in 
CoW variant classification across nearly all test sets. The 
best algorithms also supported clinically relevant down-
stream tasks by accurately classifying fetal-​type posterior 
cerebral arteries and localizing aneurysms in relation to 
CoW anatomy. Notably, modality-​agnostic models and 
topological optimization emerged as key factors in improv-
ing segmentation performance.

CONCLUSIONS This benchmark demonstrated the util-
ity of CoW segmentation algorithms for some downstream 
clinical applications with explainability. The annotated 
datasets and top-​performing algorithms are published 
alongside this benchmark to foster methodological 
advances and clinical tool development. (Funded by the 
Digitalization Initiative of the Zurich Higher Education 
Institutions and the Helmut Horten Foundation.)

Introduction

T he circle of Willis (CoW) is an important anasto-
motic network of arteries connecting the anterior 
and posterior circulations of the brain, as well as 

the left and right cerebral hemispheres.1 Owing to its cen-
trality, the CoW is commonly involved in pathologies such 
as aneurysms and stroke. Clinically, the vascular architec-
ture of the CoW is believed to impact the occurrence and 
severity of stroke,2-​5 pose a potential risk for aneurysm for-
mation,6,7 and affect the neurologic events and clinical out-
comes of neurosurgeries.8,9 Accurate CoW characterization 
is therefore of great clinical relevance.

Clinicians have articulated an unmet demand for efficient 
software tools to analyze the angio-​architecture of the 
CoW. Assessing the anatomy of the CoW from angiographic 
images remains a manual, time-​consuming task requiring 
specialist judgment. The CoW anatomy involves vessels 
that vary in diameter from around 1–4 mm.10 The vessels are 
often tortuous and difficult to identify in isolation; anatom-
ical identification frequently depends on their spatial rela-
tionships. Furthermore, the CoW exhibits numerous natural 
variants, with key arteries being frequently hypoplastic or 
absent.10,11 Such complexity and heterogeneity of the anat-
omy make characterizing CoW vasculature challenging.

The CoW vessels are commonly diagnosed by two nonin-
vasive angiographic imaging modalities, namely magnetic 

resonance angiography (MRA) and computed tomogra-
phy angiography (CTA). Although there have been recent 
releases of public MRA datasets,12-​16 vessel annotations 
were binary with no anatomical labeling of the CoW. 
Annotated datasets on the other important modality, CTA, 
did not exist. Prior work on the CoW characterization was 
developed mainly as a labeling task built upon binary ves-
sel masks, skeletons, or graphs,17-​22 with two recent studies 
tackling it as a multiclass segmentation task.23,24 However, 
only private CoW annotations were used, and the modality 
was restricted to MRA only. There were no benchmarks to 
compare CoW segmentation algorithms. Furthermore, past 
studies have not sufficiently explored the difficulties asso-
ciated with the complex and variable CoW anatomies in 
clinical settings, leaving their clinical relevance uncertain.

To this end, we organized a benchmark on Topology-​Aware 
Anatomical Segmentation of the Circle of Willis for Com-
puted Tomography Angiography and Magnetic Resonance 
Angiography (TopCoW) in 2023 and 2024. TopCoW was the 
first public challenge on CoW anatomical segmentation fea-
turing a paired dataset with voxel-​level vessel annotations on 
both MRA and CTA. The main tasks benchmarked were CoW 
segmentation and CoW variant classification. Algorithms 
were crowdsourced from global participants and evaluated 
on both internal and external multicenter test datasets. CoW 
segmentation algorithms were additionally evaluated on two 
clinical downstream tasks: classifying fetal-​type posterior 
cerebral artery (PCA) and locating intracranial aneurysms 
using CoW segmentation. For transparency and continued 
development, we publicly released our annotated datasets 
and top-​performing algorithms on Zenodo (see links in data 
and code availability section at the end of the article).

Methods

DATASETS

The TopCoW challenge cohort was composed of patients 
admitted to the Stroke Center of University Hospital Zurich 
in 2018 and 2019 with suspicion of stroke-​related neu-
rologic conditions. The inclusion criteria for the TopCoW 
data were (1) both MRA and CTA scans were available and 
of good quality for the patient; (2) at least one of the MRA 
or CTA images allowed for an assessment of the CoW anat-
omy; (3) no large aneurysms were identified inside the CoW 
region of interest (ROI); and (4) certain rare CoW variants 
that could not be characterized by our 13 annotated CoW 
components were excluded. All TopCoW data were ano-
nymized, defaced, reoriented, and cropped to the braincase 
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region. More information on the TopCoW dataset can be 
found in Sections S1–S4 in the Supplementary Appendix.

In addition to the internal test sets from the TopCoW data-
set, we gathered and annotated 86 MRA and CTA scans 
from four external multicenter test datasets to evaluate the 
robustness of the algorithms. The external test datasets were 
sourced from existing public datasets and annotated in the 
same way as the TopCoW dataset. Two external CTA test 
sets were from the Ischemic Stroke Lesion Segmentation 
Challenge 2024 (ISLES’24) training set25,26 and the 2021 
Large Intracranial Aneurysm Segmentation (LargeIA) 
dataset.27,28 Two external MRA test sets were from the 
2022 Lausanne OpenNeuro aneurysm dataset29,30 and 
the Information Extraction from Images Hammersmith 
Hospital dataset (IXI-​HH).13 The external data comprised 
scans from multiple manufacturers. The statistical sum-
mary of the image information for the training, internal 
test, and external test data is shown in Section S5.

DATA ANNOTATION

For each 3D angiography image, we provided three types of 
annotations regarding the CoW: the voxel-​level multiclass 
segmentation mask of the CoW, a 3D bounding box for the 
CoW ROI, and the CoW variant graph. Virtual reality (VR) 
was used to efficiently annotate and verify CoW anatomy 
in 3D. Figure 1A shows the workflow and view from VR. 
VR annotations were performed using syGlass,31 as pre-
viously described.32 Figure 1A, far right panel, shows an 
MRA example with all 13 CoW vessel classes of multiclass 
segmentation annotation: left and right internal carotid 
artery (ICA), left and right anterior cerebral artery (ACA), 
left and right middle cerebral artery, anterior communicat-
ing artery (Acom), left and right posterior communicating 
artery (Pcom), left and right PCA, and basilar artery (BA). 
Occasionally, the anterior part of the CoW can have a third 
A2 artery arising from the Acom, and we labeled it with 
class third A2. Figure 1B shows an example segmentation 
mask and ROI annotations for both MRA and CTA from a 
TopCoW patient. The CoW annotation protocol was devel-
oped by a senior neurosurgeon (Y.M., over 10 years of expe-
rience) and reviewed by another senior neurosurgeon (P.B., 
over 15 years of experience) and a senior neurologist (S.W., 
over 15 years of experience). Two doctoral researchers (K.Y. 
and F.M.) performed voxel-​level annotations after training 
by Y.M. The annotators each labeled half of the dataset par-
titioned by patient. Uncertain cases were adjudicated by 
Y.M., and a subset was resolved through expert consensus 
involving additional neurosurgeons and neurologists. More 
information on the annotation protocol is in Section S6.

The CoW variant graph for classification was derived from 
the segmentation mask and encompasses the anterior vari-
ant (AV) and posterior variant (PV) graphs. These variants 
were defined based on the presence of left A1, Acom, third 
A2, and right A1 vessels for AV; and left Pcom (L-​Pcom), 
left P1, right P1, and right Pcom (R-​Pcom) vessels for PV. 
Hypoplastic vessels were categorized as present. Figure 
1C shows the AV and PV graph composition. Distributions 
of the CoW variants for AV and PV in all our datasets are 
shown in Section S8.

To estimate the variability of the annotations used for 
benchmarking and the upper bounds of algorithmic perfor-
mance, we analyzed interrater agreement for CoW variant 
classification and voxel-​level annotation. For CoW variant 
classification, senior neurosurgeon P.B. independently rela-
beled the AV and PV classes for 40 CTA patients from the 
TopCoW test set. These cases were selected using stratified 
sampling across all available CoW variants in the internal 
test data, prioritizing rare anatomical variants. As shown in 
Figure 1D, the selected sample included four AV and six PV 
classes. Labels from P.B. were compared with the annota-
tions used in the benchmark. Balanced accuracies between 
the raters were 88% for AV and 78% for PV. Cohen’s kappa 
scores were 83% for AV and 72% for PV, suggesting good 
agreement. Detailed results on the voxel-​level segmenta-
tion agreement can be found in Section S7.

CHALLENGE STRUCTURE

The featured task of TopCoW across both iterations was 
multiclass segmentation. The first 2023 challenge had a 
task of merged binary segmentation, which was deemed 
sufficiently solved and replaced by CoW ROI detection and 
CoW variant graph classification tasks in the 2024 iteration. 
The dataset expanded considerably in 2024 (125 training 
and 70 internal test patients). Teams were ranked by aver-
age metric performance on internal data, with top perform-
ers validated on external datasets. Our challenge had two 
modality tracks, MRA and CTA, for algorithm evaluations. 
For the internal test set, algorithm input was an MRA and 
CTA pair, and teams could choose one or both modalities. 
The input during the external test phase was single-​modal-
ity, which was compatible with all top submissions. (See Fig. 
S1 and Sections S9–S11 for details.)

EVALUATION OF SEGMENTATION ALGORITHMS

The submitted algorithms were in the form of isolated 
Docker containers and were evaluated within the CoW ROI 
using the following metrics.
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Figure 1. (Continued)
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Voxel-​Level Multiclass Segmentation
For voxel-​level metrics, the multiclass CoW segmentation 
predictions were evaluated using Dice similarity coefficient 
(Dice score),33 centerline Dice,34 Hausdorff distance at 95th 
percentile,35,36 and connected component error.37,38

Beyond Segmentation I: Key CoW Component 
Detection
The first beyond-​segmentation metric was the average F1 
score for detection of Acom, Pcom, and third A2. Positive 
detection was defined as at least 25% intersection over 
union between the predicted and ground truth masks. This 
relatively lenient cutoff is consistent with prior studies on 
small object detection in medical imaging with a similar 
range (10%–30%).39,40

Beyond Segmentation II: CoW Variant Classification
The second beyond-​segmentation metric was variant bal-
anced accuracy (VarBalAcc) for CoW variant graph classifi-
cation. The VarBalAcc was calculated for both AVs and PVs. 
The variant class was determined using the AV and PV edge 
list of the variant graph, as shown in Figure 1C. The segmen-
tation mask was converted to an edge list based on presence 
of the Acom, Pcom, and third A2 labels, and whether the 
ACA and PCA were connected to their respective neigh
boring labels — ICA and BA — for the A1 and P1 edges.

Clinical Application I: Fetal PCA Classification
We extracted centerlines and diameters of CoW segmen-
tation masks using a prior workflow41,42 (see Section S12 
for more details). The diameters along the Pcom and P1 
segments were used to determine the CoW anatomical 

variant called the fetal PCA variant.1 We compared the 
diameters of the Pcom and P1 at the 25th percentile. The 
CoW was classified as having a fetal PCA variant if the 
Pcom was slightly larger in diameter (>1.05× the diameter 
of P1). Fetal PCA was assessed separately for the left and 
right sides. The same set of 40 TopCoW CTA cases used in 
interrater agreement for variant classification was labeled 
for fetal PCA class by a senior neurosurgeon (P.B). The fetal 
PCA labels from P.B. were treated as ground truth.

Clinical Application II: Locating Aneurysm
We selected 12 patients with intracranial aneurysms along 
their CoW vessels from the aforementioned external 
LargeIA dataset, which included aneurysm ground truth 
annotations. The aneurysm locations were then labeled 
by a senior neurosurgeon (Y.M.). CoW segmentation algo-
rithms were applied to the images of the aneurysm patients, 
and the resulting CoW predictions were overlaid with the 
provided aneurysm ground truth. The predicted location 
of the aneurysm was determined by identifying the CoW 
labels adjacent to or overlapping with the aneurysm mask.

Results

THE TOPCOW DATASET

In total, 200 paired MRA and CTA scans from unique 
patients were curated and randomly split by patient into 
125 training, 5 validation, and 70 test subjects. The cohort 
was 40% female with a median age of 74 years (interquar-
tile range, 61–82; Table 1). The primary imaging indication 
was ischemic stroke (61%), followed by stroke or transient 
ischemic attack (TIA) mimic (15.5%) and TIA (14.0%).

Figure 1.  Circle of Willis Annotation Overview.
In Panel A, the left image shows data annotation using virtual reality. The middle image shows tailored settings by adjusting opacity, 
threshold, and window dynamically for suitable visualization during annotation. The right image shows the 13 anatomical labels for 
the circle of Willis (CoW) anatomy. In Panel B, the Topology-​Aware Anatomical Segmentation of the Circle of Willis for Computed 
Tomography Angiography and Magnetic Resonance Angiography (TopCoW) dataset provides paired images from two modalities, 
computed tomography angiography (CTA) and magnetic resonance angiography, for each patient. Voxel annotations of the CoW 
vessels and a 3D bounding box of the CoW region of interest are labeled for each modality. In Panel C, the CoW segmentation mask 
is converted into a CoW variant graph annotation. Each CoW can be classified by an anterior variant (AV) and a posterior variant (PV) 
graph. Both AV and PV are identified by a four-​edge graph, with 0 being absent and 1 being present in the edge list. Panel D shows 
interrater agreement for CoW variant classification on 40 TopCoW CTA test cases. Accuracy for each variant is shown along with the 
balanced accuracy and Cohen’s kappa score. Acom denotes anterior communicating artery; AV, anterior variant; BA, basilar artery; 
CoW, circle of Willis; CT, computed tomography; L-​ACA, left anterior cerebral artery; L-​ICA, left internal carotid artery; L-​MCA, left 
middle cerebral artery; L-​PCA, left posterior cerebral artery; L-​Pcom, left posterior communicating artery; MR, magnetic resonance; 
PV, posterior variant; R-​ACA, right anterior cerebral artery; R-​ICA, right internal carotid artery; R-​MCA, right middle cerebral artery; 
ROI, region of interest; R-​Pcom, right posterior communicating artery; R-​PCA, right posterior cerebral artery; TopCoW, Topology-​Aware 
Anatomical Segmentation of the Circle of Willis for Computed Tomography Angiography and Magnetic Resonance Angiography; and 
VR, virtual reality.
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WINNING ALGORITHM DESIGN

Twenty-​five teams out of over 250 registrants from six con-
tinents submitted to the challenge. As shown in Figure 2A, 
the performance improved for the five teams participating 
in both years, particularly for the CTA modality. Figure 2B 
summarizes key design choices of the segmentation algo-
rithms from the top teams in 2024. Most teams utilized a 
unified architecture with shared parameters to process sin-
gle-​modality inputs from a mixed-​modality training pool, 
making their models modality-​agnostic. Only one team 
used additional independently prepared training data, 
which included some of the external MRA test images but 
without our ground truth labels. Over half adopted a two-​
stage pipeline, such as localization followed by segmen-
tation, which allowed the model to localize segmentation 
training to a subvolume, reduce false positives in the back-
ground, and conserve computational resources for ensem-
bling. All top teams based their architectures on nnUNet.43 
From 2023 to 2024, two methodological shifts emerged: 
broader adoption of mixed-​modality training and topologi-
cal optimization as shown in Figure 2C.

VOXEL-​LEVEL MULTICLASS SEGMENTATION

Figure 3A shows qualitative segmentation results on the 
TopCoW internal test sets from a top team. Two patients 

per modality were selected, representing a wide range of 
CoW variants and class-​average Dice scores. The predic-
tions accurately segmented various complex CoW anato-
mies, capturing vessel curvatures and class boundaries.

Figure 3B shows class-​average Dice scores from the top 
six teams on internal and external test sets. All top teams 
showed good generalization across the external test sets, 
with median Dice scores above 80% across modalities 
and test sets. The IXI-​HH performance drop was unique 
to team IMR owing to their 0–700 intensity truncation for 
MRA training data preprocessing, which reduced general-
ization to a subset of IXI-​HH images with high mean inten-
sities. Other voxel-​level metrics showed similarly strong 
performance and generalization trends (see Sections S14 
and S15).

BEYOND SEGMENTATION I: KEY COW COMPONENT 
DETECTION

The presence or absence of four key CoW components — 
the communicating arteries (Acom, R-​Pcom, L-​Pcom) and 
the third A2 segment — directly determines many CoW 
variant types. Accurate detection of these four components 
is a clinically relevant feature of segmentation algorithms. 
We assessed detection performance across all test sets in 
Figure 3C, showing F1 scores from the top six teams of 
each modality in boxplots. Detection of the communicating 
arteries was consistent across test sets and modalities, with 
top teams achieving over 75% F1 scores on most sets.

BEYOND SEGMENTATION II: COW VARIANT 
CLASSIFICATION

Notably, four teams took part in both the segmentation 
task and the classification task with segmentation-​based 
and classification-​based algorithms respectively. As shown 
in Figure 3D, segmentation-​based methods outperformed 
classification-​based ones by at least a factor of two on the 
internal test sets.

Figure 3E shows the VarBalAcc from the top six segmen-
tation teams for AVs and PVs across all test sets. The top 
teams were able to generalize well to external MRA data-
sets, with both anterior and posterior VarBalAcc averaging 
around 80%, and to external CTA datasets, with above 70% 
VarBalAcc in general, at near human-​level performance.

CLINICAL APPLICATION I: FETAL PCA 
CLASSIFICATION

One potential clinical use of CoW segmentation models 
is fetal PCA classification, which is important for surgical 

Table 1.  Clinical Characteristics of the TopCoW Cohort, Including 
Age, Sex, and Type of Event.*

Variable Values (n = 200)

Age, years

  Mean (±SD) 71.27 (14.08)

  Median (IQR) 74 (61–82)

  Min–max 24–92

Sex — n (%)

  Male 119 (59.5%)

  Female 80 (40.0%)

Type of event — n (%)

  Ischemic stroke 122 (61.0%)

  Stroke or TIA mimic 31 (15.5%)

  Transient ischemic attack 28 (14.0%)

  Intracerebral hemorrhage 9 (4.5%)

  Retinal infarct 6 (3.0%)

  Cerebral sinus vein thrombosis 2 (1.0%)

  Amaurosis fugax 2 (1.0%)

*�Age statistics exclude one case with an implausible age of 0 years. 
Sex statistics exclude one case with no recorded sex information. 
IQR denotes interquartile range; max, maximum; min, minimum; 
SD, standard deviation; TIA, transient ischemic attack; and TopCoW, 
Topology-​Aware Anatomical Segmentation of the Circle of Willis 
for Computed Tomography Angiography and Magnetic Resonance 
Angiography.
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planning and interpretation of perfusion imaging;1 neuro-
surgeons and neuroradiologists routinely assess fetal PCA 
status from CTA and MRA images. As shown in Figure 4A, 

diameters along the ipsilateral Pcom and P1 masks were 
used to predict the fetal PCA class. This allowed us to con-
vert the top teams’ segmentation outputs into fetal PCA 

A

B

C

Figure 2.  Progression of TopCoW Submissions and Winning Strategies.
Panel A shows the performance of the five teams that participated in both years on the same 34 patients in each year’s test sets. 
The metrics shown are class-​average Dice scores, variant-​balanced accuracy of the anterior and posterior circle of Willis variant 
classifications, and average F1 score for detection of anterior communicating arteries, posterior communicating arteries, and third A2 
arteries. The upper row shows computed tomography angiography performance; the lower shows magnetic resonance angiography 
performance. Panel B shows key characteristics of the segmentation algorithms from the top six teams from both tracks in alphabetical 
team name order. Panel C shows two methodological breakthroughs for segmentation in 2023 that got picked up by many more teams 
in the following year. CC denotes connected component; CE, cross-​entropy; CT, computed tomography; MR, magnetic resonance; 
TopCoW, Topology-​Aware Anatomical Segmentation of the Circle of Willis for Computed Tomography Angiography and Magnetic 
Resonance Angiography; and VarBalAcc, variant-​balanced accuracy.
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labels. Figure 4B shows that these outputs achieved around 
80% or higher precision and recall for both fetal left PCA 
and fetal right PCA classification.

CLINICAL APPLICATION II: LOCATING ANEURYSM

Another important potential clinical use is locating aneu-
rysms using CoW segmentation as reference. Clinicians 
routinely need to locate intracranial aneurysms relative 
to CoW anatomy in MRA and CTA images, as aneurysms 

most often occur along CoW vessels.1 A total of 12 
patients with aneurysms at various locations were seg-
mented by the top four teams. Figure 4C shows the aneu-
rysm ground truth overlaid with the CoW segmentations 
from a top team for four representative cases. CoW ves-
sel labels overlapping or adjacent to the aneurysm were 
used to detect its location. Team UZH correctly located 
the aneurysms in all 12 patients, teams NIC-​VICOROB 
and CLAIM in 11 out of 12, and team IMR in 10 out of 
12 patients.

A

B

D

E

C

Figure 3. (Continued)
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Discussion

BENEFITS OF MIXED-​MODALITY TRAINING FOR CTA

Training a unified model with mixed modalities was an 
effective strategy, especially for the more difficult CTA 
modality. Between MRA and CTA, CTA consistently 
showed lower metric scores. This may be on account of 
veins and bones near the CoW being seen in CTA, and 
less detailed soft tissue being in the background compared 
with MRA. CTA benefited significantly more from mixed-​
modality training, showing greater performance gains than 
MRA. This is a key finding that may inform other CTA seg-
mentation tasks.

IMPORTANCE OF TOPOLOGICAL OPTIMIZATIONS

Topological optimizations enabled CoW segmentation 
algorithms to be used in topology-​dependent downstream 
clinical tasks, such as CoW variant and fetal PCA classi-
fication. These applications require segmented vessels 
to preserve key topological properties. Top submissions 
applied a range of topological optimizations, such as topol-
ogy-​preserving loss functions,44-​46 connected component 
postprocessing,47,48 and class neighborhood relations.49,50 
Collectively, these methods improved connectivity, center-
line accuracy, and overall topological correctness, making 
the segmentations suitable for topology-​sensitive down-
stream tasks.

COMPARISON WITH CROWN RESULTS

Concurrent with the TopCoW challenge in 2023, the 
Circle of Willis Intracranial Artery Classification and 
Quantification (CROWN) challenge22 also benchmarked 
the CoW variant classification task. The key difference 
was that CROWN did not provide any CoW segmenta-
tion annotations and instead formulated the task purely 
as image classification. We compared the performance of 
our algorithms with those reported in CROWN. Based on 
the merged common set of variants, the top two CROWN 
teams achieved 24%–30% anterior and 28%–50% poste-
rior balanced accuracy, whereas the top two TopCoW MRA 
teams reached 82%–89% anterior and 75%–82% posterior 
balanced accuracy. Similar findings were observed in our 
analysis (Fig. 3D), where segmentation-​based algorithms — 
trained and optimized for the CoW multiclass segmenta-
tion task — outperformed classification-​based methods on 
the variant classification task by at least twofold.

EXPLAINABILITY VIA SEGMENTATION

CoW segmentation algorithms also provide explainabil-
ity  — a key feature in clinical settings. We showed that 
top-​performing models could effectively detect key CoW 
components, classify CoW variants and fetal-​type PCA, 
and locate intracranial aneurysms. Importantly, the con-
version of segmentation masks into downstream outputs 
was fully transparent and interpretable, unlike black-​box 
approaches. When clinicians require a confidence score 
or rationale behind a prediction — whether for detection, 

Figure 3.  Segmentation Performance.
Panel A shows qualitative results for the multiclass segmentation task. Ground truth masks are shown alongside predictions from 
team UZH for four selected cases from the internal test set, ordered by increasing class-​average Dice score. Red arrowheads in the 
image indicate challenging features for each case (magnetic resonance [MR] 116: indeterminate anterior communicating artery vessel; 
computed tomography [CT] 115: hypoplastic right posterior communicating artery; CT 095: venous contamination; MR 166: third A2 
artery variant). Panel B shows class-​average Dice scores from the top six teams on CT angiography (CTA) and MR angiography (MRA) 
internal and external test sets. Team NIC-​VICOROB is abbreviated as NIC. Team CLAIM used additional training data, which included 
some external MRA test images from Lausanne OpenNeuro aneurysm dataset and Information Extraction from Images Hammersmith 
Hospital dataset (IXI-​HH) without our ground truth labels. Team IMR had five cases in IXI-​HH with Dice scores below the shown 
range. The charts show violin plots with the middle bar indicating the median. Panel C shows detection of key circle of Willis (CoW) 
components for all test datasets by the top six teams from each modality. F1 scores from the six teams were displayed in boxplots. 
Panel D shows that four teams submitted both classification-​based and segmentation-​based algorithms for classifying the CoW 
variants. Classification-​based algorithms were trained to predict CoW variant classes directly. Segmentation-​based algorithms were 
purely for CoW segmentation and later evaluated for CoW variant classification performance. Panel E shows CoW variant classification 
performance from the top six segmentation teams on internal and external test sets. The boxplots show the anterior and posterior 
variant-​balanced accuracy scores from the top six teams. Acom denotes anterior communicating artery; CT, computed tomography; 
ISLES, Ischemic Stroke Lesion Segmentation Challenge; IXI-​HH, Information Extraction from Images Hammersmith Hospital; LargeIA, 
Large Intracranial Aneurysm Segmentation; L-​Pcom, left posterior communicating artery; MR, magnetic resonance; R-​Pcom, right 
posterior communicating artery; TopCoW, Topology-​Aware Anatomical Segmentation of the Circle of Willis for Computed Tomography 
Angiography and Magnetic Resonance Angiography; and VarBalAcc, variant-​balanced accuracy.
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A

B

C

Figure 4.  Two Clinical Applications of CoW Segmentation.
In Panel A, segmentation masks of the ipsilateral posterior communicating artery and P1 segments were used to determine whether a 
fetal posterior cerebral artery (PCA) class was present on that side. The upper row shows computed tomography angiography images 
overlaid with segmentation masks related to fetal PCA. The lower row shows a zoomed-​in view of the segmentation masks. Examples 
shown illustrate the fetal right PCA classification. Panel B shows fetal PCA classification performance in terms of precision and recall 
scores from the top four teams. In Panel C, the upper row shows CTA images with aneurysms indicated by red arrowheads. The lower 
row shows the aneurysm masks in a silver color overlaid with predicted CoW segmentation masks from team UZH. The “Location in 
CoW Pred” indicates the predicted CoW labels that the aneurysm overlapped with or was adjacent to. ACA denotes anterior cerebral 
artery; Acom, anterior communicating artery; BA, basilar artery; CoW, circle of Willis; L-​ACA, left anterior cerebral artery; L-​PCA, left 
posterior cerebral artery; PCA, posterior cerebral artery; Pcom, posterior communicating artery; R-​ACA, right anterior cerebral artery; 
R-​ICA, right internal carotid artery; R-​MCA, right middle cerebral artery; and R-​PCA, right posterior cerebral artery.
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classification, or localization — they can better interpret 
and contextualize the results by inspecting the CoW seg-
mentation output.

VR TO HANDLE COMPLEX ANATOMY

As one of the first challenges to use VR-​generated annota-
tions at scale, our VR-​based expert-​in-​the-​loop annotation 
protocol proved very effective and can overcome the oth-
erwise time-​consuming annotation process for a complex 
multiclass anatomical segmentation problem. The 3D 
depth view offered efficient annotation and verification 
capabilities that are well suited for curvilinear structures 
such as the CoW vessels, enabling fast and accurate anno-
tation of complex CoW anatomies and rare variants. This 
allowed us to prepare a densely annotated large-​scale data-
set that covered many clinically relevant CoW anatomies. 
This VR-​driven efficiency mirrors recent findings where VR 
increased the speed and accuracy of 3D annotations.32

CLINICAL IMPLICATIONS, LIMITATIONS, AND 
FUTURE WORK

Accurate CoW variant characterization is relevant for neu-
rovascular practice because variant patterns may influ-
ence collateral circulation assessment and procedural 
planning. In this benchmark, the segmentation-​based 
approach provided voxel-​level vessel delineation and 
transparent derivation of key components, variant classes, 
fetal PCA classification, and aneurysm localization. These 
outputs can inform endovascular catheter navigation and 
support evaluation of flow redistribution during micro-
surgical interventions, including bypass strategies and 
temporary vessel occlusion. The benchmarked algorithms 
may therefore help automate CoW analysis and enable 
more standardized preprocedural planning, although this 
benchmark does not directly evaluate effects on proce-
dural outcomes or safety. Nevertheless, several limitations 
of our study should be acknowledged. Owing to the large 
heterogeneity of CoW anatomy, not all CoW variants were 
included in our annotation scheme. Expanding labels to 
include rarer variants could improve model robustness and 
applicability. The current CoW variant graph could also be 
refined to include more detailed types involving hypopla-
sia and vessel diameters using the same workflow applied 
in our fetal PCA classification, where diameters were 
extracted along the centerlines of P1 and Pcom. Our data-
set exhibited class imbalance, with certain vessel variants 
represented by only two to three training examples, which 
may reduce prediction reliability for uncommon but clini-
cally important variants. External validation was restricted 

to the top six teams per modality owing to resource con-
straints; however, as this represents approximately half of 
all submissions in the 2024 iteration, the subset provides 
a representative assessment of the state of the art. Finally, 
while this work solely focuses on the CoW, future efforts 
could focus on segmenting the full brain vessel anatomy, 
including all major arteries and veins visible in angio-
grams, enabling a more comprehensive vascular analysis.
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