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Abstract

Rupture of Intracranial Aneurysms (IAs) is the leading cause of non-traumatic intracranial
hemorrhage. Early detection of aneurysms prior to rupture or their prompt identification
in cases of intracranial hemorrhage is critical and guides treatment strategies. The develop-
ment of artificial intelligence tools to automate the labor-intensive detection and analysis
of IAs is an active research field, but it depends on the availability of large, well-curated
datasets for robust model training, validation, and testing. Collaborative data sharing is
essential for advancing this field, yet remains relatively uncommon. Here, we present a col-
lection of 172 Computed Tomography Angiography (CTA) scan series—a widely available
and commonly used modality for the diagnosis of IAs—supplemented with structured
metadata. The dataset comprises 90 scans from healthy patients and 82 scans from patients
with IAs of diverse shapes, sizes, and anatomical locations, annotated and validated by
two experts. The annotations include 122 surface mesh models in STL format. This openly
accessible dataset is intended to support the development of automated segmentation or
classification tools, medical image analysis, and assessment of disease progression risks
through morphometric and hemodynamic evaluations.

Dataset: https://doi.org/10.5281/zenodo.15697196.
Dataset License: CC-BY 4.0

Keywords: intracranial aneurysm; computer tomography angiography; dataset; artificial
neural networks; segmentation; annotation; training sample; aneurysm rupture; SAH

1. Summary

An aneurysm is an outpouching of an arterial wall caused by structural abnormali-
ties. Under continuous hemodynamic stress, the aneurysmal dilatation can progress and
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ultimately rupture, leading to hemorrhage. Intracranial Aneurysms (IAs) are particularly
dangerous, as their rupture is the most common cause of non-traumatic intracranial hem-
orrhages [1]. Brain hemorrhages are associated with high mortality and disability rates,
making early diagnosis and treatment crucial [2,3]. Timely detection of unruptured IAs
is also critical for risk stratification and for selecting preventive management strategies,
particularly as the rate of incidental—often asymptomatic—detections is rising with the
expanding use of imaging.

Diagnosis, surveillance, and treatment planning for IAs are imaging-dependent and
resource-intensive. Digital Subtraction Angiography (DSA) remains the reference standard,
yet Computed Tomography Angiography (CTA) and Magnetic Resonance Angiography
(MRA) are more widely used, owing to their noninvasive nature and broad availability [4].
Because of the considerable variability in IA shape, size, and location, accurate image
interpretation demands thorough slice-by-slice review, as well as post-processing proce-
dures such as multiplanar and three-dimensional (3D) reconstructions, and adjustment
of density display, orientation, and slice thickness. Findings must also be differentiated
from adjacent vessel fragments, contrast-related artifacts, and other vascular abnormali-
ties. Rising imaging volumes, together with the labor-intensive nature of visual review,
increase radiologists” workload and the risk of diagnostic error—especially when studies
are performed for unrelated conditions; this risk also depends on reader experience and
subspecialty, aneurysm size, and image quality.

Recent years have seen intense efforts to introduce machine-learning-based computer-
aided diagnostic tools into clinical practice for segmenting anatomical structures and
automatically detecting pathology on radiological images [5]. Using such tools to flag
regions that require a physician’s attention can substantially accelerate the diagnostic
process and reduce errors—particularly relevant for IAs. The capabilities of these tools
can be extended beyond aneurysm detection to the provision of additional diagnostically
important information. For example, Feng et al. created a tool that automatically detects
aneurysms, performs segmentation and morphological measurements, and also identified
radiomic features that differentiate ruptured from asymptomatic aneurysms [6]. Xie et al.
used deep learning and radiomics to identify aneurysms prone to rupture [7]. The training
data play a pivotal role in achieving diagnostic performance. In addition to the obvious
need for large case numbers and high-quality annotation, it is important that training sets
encompass the full diversity of the target pathology. For clinical deployment, algorithms
should be validated on representative multicenter datasets. In many existing publications,
training datasets include only a few hundred studies, are typically limited to a single
institution and scanner, and are tested without external data—factors that may impair the
reproducibility of the resulting models [8-10]. Datasets are also often constructed for a
specific clinical task and have limitations such as the absence of patients without the target
pathology [10,11], inclusion of only ruptured or only asymptomatic aneurysms [11,12],
or restriction to aneurysms of particular shapes and sizes [13]. These constraints may
ultimately limit real-world clinical applicability of new algorithms and tools.

Beyond detecting pathology per se, radiological findings form the basis for decisions
about surgical treatment and play an important role in investigating the pathophysiology of
IA formation and progression. Assessing the rupture risk of a detected aneurysm remains
an unresolved challenge. Existing scales such as PHASES (Population, Hypertension, Age,
Size, Earlier Sah, Site) [14] and UIATS (Unruptured Intracranial Aneurysm Treatment
Score) [15], which estimate the need for surgery based on key clinical and morphological
factors, have not undergone large-scale prospective validation of their reliability [16], and in
most cases physicians make decisions based on morphometric indicators. At the same time,
numerous studies report a weak correlation between IA size and rupture and emphasize
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the need to account—on a per-case basis—for three-dimensional aneurysm parameters [17]
and local hemodynamics features obtainable through computational modeling [18]. In
many such studies, the sample size is small, and limited data is cited as a major limitation.

Given the well-known challenges of collecting medical data, information sharing
among researchers could make a significant contribution to improving diagnosis and
understanding IA pathogenesis, yet it remains difficult. Despite the importance of the
problem, there is a shortage of publicly available IA datasets. At present, collections
of Time-Of-Flight Magnetic Resonance Angiography (TOF-MRA) and 3D rotational an-
giography (3DRA) are most common, and in most cases, they include relatively small
samples. A recently published dataset by de Nys et al. [19] contains annotated TOF-MRA
studies from 63 patients with IA, including longitudinal follow-up for 24 of them, which
is a valuable contribution to studying disease progression. However, it lacks data from
healthy subjects. Another public TOF-MRA collection published by Di Noto et al. [20]
includes annotated images from 157 patients with IA and 127 healthy controls. Neither
dataset includes cases with ruptured IA. Additional downloadable datasets have been
released as training sets for challenges on aneurysm detection and analysis: the “Cerebral
Aneurysm Detection and Analysis Challenge (CADA)” [21], which provides 109 3DRA
images from patients with IA, and the “Aneurysm Detection And segMentation Challenge
(ADAM)” [22], which provides TOF-MRA from 113 patients, 93 of whom had IAs. From
2015 to 2020, the international AneuX project [23] collected 750 three-dimensional mod-
els of ruptured and unruptured aneurysms reconstructed from 3DRA. The dataset also
incorporated earlier projects, @neurIST [24] and Aneurisk [25]. The AneuX database, like
several other collections [26,27], does not contain raw images, which limits its applicability.
Although CTA is the most common and accessible modality for visualizing the vascula-
ture in medical institutions and offers non-invasive acquisition with rapid scanning and
high spatial resolution [28], there is currently only one large open dataset containing CTA
data. Bo et al. published an annotated multicenter CTA dataset from six institutions that
includes 1338 image series, supplemented by an external dataset with 138 examinations
from two institutions [29]. The dataset includes both ruptured and unruptured aneurysms
larger than 2 mm, of various shapes and locations; however, data from healthy subjects
are present only in the external set (96 cases). More recently, an open dataset including
non-contrast Computed Tomography (CT) and CTA from 143 patients—99 of them with
ruptured and unruptured aneurysms—was released [30]. That dataset includes only mid-
dle cerebral artery aneurysms but provides extensive additional information, including
three-dimensional aneurysm models and aneurysm-with-parent-artery models, as well as
rich clinical data.

It is therefore essential to expand open datasets to provide researchers with multicenter
and multinational data for advancing tools that assist in interpreting medical images and
for use in clinical decision-support systems. Data sharing is especially important for IAs
because of the wide variability in location, extent of arterial involvement, and morphology.
Classically, aneurysms are categorized by shape into saccular and non-saccular. Saccular
aneurysms are lateral outpouchings of the arterial wall. Non-saccular aneurysms involve a
segment of an artery (fusiform IAs) or a vascular bifurcation [31]. Aneurysms frequently
display atypical morphology; they may have daughter sacs and can combine features
of fusiform dilatation with a large lateral outpouching. Another recognized subtype is
a blister-like aneurysm, typically broad-necked and shallow, with an aggressive clinical
course [32]. These IAs are not amenable to standard surgical techniques and are classified as
“complex”. Additional complicating factors include difficult-to-reach locations, giant size,
vessels arising from the aneurysm dome, thrombosis, and wall calcification [33,34]. Very
small (“miliary”) aneurysms up to 3 mm warrant additional attention; they are difficult
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to diagnose and are often not considered a potential cause of hemorrhage, yet ruptures of
such aneurysms have been reported [35]. This diversity of morphological presentations
complicates the study of IAs and their treatment when observations are limited.

This diversity of pathology and the uniqueness of each case complicate the study of
IAs and their treatment when observations are limited.

In this study, we compiled a CTA dataset comprising contrast-enhanced head CT
images from patients with and without IAs, together with expert aneurysm segmentations.
The dataset is accompanied by patient-level metadata and a detailed IA classification
scheme to facilitate reuse by researchers. It can be used to develop, test, and validate
algorithms for automatic IA detection and classification; for segmentation of the intracranial
arterial tree; for texture-analysis tasks; for analyses of aneurysm morphology; and for blood-
flow simulations using physical and mathematical models. Three-dimensional models
generated from CTA volumes may also support training and the planning of surgical or
endovascular treatment, including device selection and placement [36].

A current limitation of the dataset is the absence of postoperative studies with
implanted devices and cases involving neoplasms or arteriovenous malformations,
which—given the differential diagnosis with IA—could significantly improve the per-
formance of automatic detection algorithms. Another inherent limitation relates to the
sampling strategy: while the non-IA group was formed by random sampling among
patients who underwent CTA, IA cases were collected consecutively to capture the full
spectrum of the pathology. Furthermore, despite our efforts to include diverse aneurysm
morphologies, the sample size remains modest for certain rare subtypes, which may affect
the statistical power of subtype-specific analyses.

Overall, this dataset represents a comprehensive collection of CTA head images,
including both patients with and without intracranial aneurysms, accompanied by expert-
annotated segmentations and detailed metadata. Its diverse and multicenter nature aims
to facilitate the development of robust machine learning algorithms for aneurysm de-
tection, classification, and morphological analysis. Although some limitations exist, the
dataset offers a valuable resource for advancing diagnostic tools and supporting clinical
decision-making in cerebrovascular disease. We hope it will contribute to filling the current
gaps in publicly available neurovascular imaging data, fostering collaborative research
and innovation.

2. Data Description

All data described in this article are available in the Zenodo repository [37] (https:
//doi.org/10.5281/zenodo.15697196) and occupy approximately 25.6 GBs of storage.

2.1. Dataset Composition

The root “Dataset” directory contains the metadata file, the “Studies” directory with
tomographic examinations, and the “Annotations” directory containing segmented objects
(Figure 1).

Each case is assigned a unique identifier used as the filenames in both study and
segmentation folders. The file Metadata.csv contains a table listing the studies included
in the dataset along with all accompanying information. The “Studies” directory contains
subfolders with DICOM (Digital Imaging and Communications in Medicine) data; each
subfolder is named according to the corresponding study identifier. The “Annotations”
folder contains segmentation files of all intracranial aneurysms in STL format (.stl). Consid-
ering that some patients harbor multiple aneurysms, the IA segmentation filenames consist
of the patient identifier and the object’s sequential index as specified in the “IA” column of
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the table (not including the total number of aneurysms). The coordinates of all segmented
objects are aligned with the coordinate system of the original images.
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Figure 1. Folder structure of the dataset.

2.2. Metadata File Structure

The metadata file provides additional patient-level information and may be used for
downstream analysis or for filtering according to predefined criteria. The data are stored as
a table containing demographic information (including age and sex), the involved artery
(including laterality), aneurysm rupture status, aneurysm classification and morphological
parameters, as well as the number of slices, slice thickness, and whether the images extend
inferiorly to include the neck (Table 1).

The value in the “IA” column consists of two numbers separated by an underscore:
the first indicates the aneurysm’s index number, and the second indicates the total number
of aneurysms for that patient. Columns coded as “0/1” are binary and denote the presence
or absence of the feature for the data entry. If a value was unavailable, “NA” was recorded.

Table 1. Components of the metadata table.

Characteristic Name Description Characteristic Format and Values
ID Unique patient identifier Number (1-N)
Number (0-i_N): 0—without aneurysm,
IA Aneurysm Count i—aneurysm sequence number, N—total number
of aneurysms in the case
. F-female
Sex Patient sex M_male
Age Patient age, years Number
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Table 1. Cont.

Characteristic Name

Description

Characteristic Format and Values

Parent artery (if several arteries are

(L/R) ICA—Ileft/right internal carotid artery
(L/R) MCA—Ileft/right middle cerebral artery
(L/R) PCA—Ileft/right posterior cerebral artery

Artery affected by aneurysm, the proximal ~ (L/R) ACA—left/right anterior cerebral artery
one is noted) BA—Basilar artery
AComA—anterior communicating artery
MACC—median artery of the corpus callosum
Classification of aneurysm shape as 0-non-saccular shape
Saccular
saccular 1-saccular shape
o Aneurysm position classification ) latera.l
Position relative to the parent artery bifurcation
NA (unclassifiable, not applicable for this case)
blister-like
Extended aneurysm classification by fus'1forrr.1
Type eccentric-fusiform
shape .
fusiform-saccular
NA (unclassifiable, not applicable for this case)
miliary (<3 mm)
. Aneurysm classification by middle (3-15 mm)
Size . .
maximum size large (15-25 mm)
giant (>25 mm)
Neck Neck size (as available), mm Number
Length Aneurysm maximum length, mm Number
Width Aneurysm maximum width, mm Number
Volume Aneurysm volume, mm? Number
0-no rupture event
Rupture Aneurysm rupture event l-rupture with hemorrhage
0-no blebs
Bleb Aneurysm wall secondary bulge 1-bleb present
Thrombus Thrombosed aneurysm 0-no thrombus
1-thrombus present
. 0-no vessel arising from the aneurysm
Vessel Vessel arising from the aneurysm 1-presence of vessel
Calcification Aneurysm wall calcification 0-no calcification

1-presence of calcification

Total number of image (slices) in

Images Count . Number
series
Slice Thickness DICOM image slice thickness, mm Number
Head + Neck The examination includes the carotid O-only head in the scanning area

bifurcation area 1-head and neck within the scanning area

3. Methods
3.1. Data Collection

The study was conducted across three healthcare institutions: the N.V. Sklifosovsky
Research Institute for Emergency Medicine (lead institution), the Clinical Medical Center
of the Russian University of Medicine, and the Moscow Multidisciplinary Clinical Center
“Kommunarka” of the Moscow Healthcare Department. The study was conducted in
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accordance with the Declaration of Helsinki, and approved by the Biomedical Ethics
Committee of the N.V. Sklifosovsky Research Institute for Emergency Medicine (Protocol
No. 2-23 dated 28 March 2023). Since the institutions provided access to pre-anonymized
retrospective data, no informed consent was required.

Data were collected using consecutive sampling. All patients diagnosed with IAs,
regardless of size, shape, or location, who were admitted to the neurology and neurosurgery
departments between 2022 and 2023 were included. The IA-negative group was formed
through random sampling among patients who underwent head CTA with a slice thickness
of no more than 2 mm until the number of IA-negative cases approximately matched the
number of IA cases.

In total, the final dataset comprised 172 cases: 82 (48%) with at least one IA
(122 aneurysms in total) and 90 (52%) without aneurysms. Single aneurysms were present
in 58 patients, while the remaining patients had multiple aneurysms (29% of IA patients).
Additionally, nine patients had aneurysmal rupture confirmed by radiological and clin-
ical evidence, with intracranial hemorrhage of varying severity (11% of patients with
aneurysms). Patient ages ranged from 17 to 94 years (mean 60 =+ 16 years), with 42% male
and 58% female. Key population characteristics and aneurysm parameters are detailed in
Tables 2 and 3.

Table 2. Demographic Data (n = 172).

Category (Characteristic) Cases, 1 (%)
Sex, male 72 (42%)
Sex, female 100 (58%)
Age, years (M £ SD) 60 =16

Patients with severe atherosclerotic disease of the intracranial arteries, vascular mal-
formations, oncologic disease, or a surgical history within the scanned region were not
included. Examinations with artifacts that substantially distorted the region of interest
or violated the scanning protocol—specifically, cases in which arterial opacification was
insufficient to permit confident image interpretation—were also excluded. At the same
time, examinations in which the presence of artifacts and suboptimal vascular opacification
did not affect diagnostic confidence were retained. Owing to the profiles of the contribut-
ing departments, the IA-negative group included conditions such as arterial stenosis and
occlusion, which improves the validity and scalability of algorithms developed using this
dataset given the prevalence of these conditions.

All studies included in the dataset were evaluated by two specialists—a radiologist
and a neurosurgeon, each with more than 20 years of experience—who also annotated the
[A-positive cases.

Table 3. Aneurysm Characteristics (n = 122).

Category (Characteristic) Description Cases, 1 (%)

0 90

58 (71%)

15 (18%)
4 (5%)
3 (4%)
2 (2%)

Aneurysms Count

Gk WO -
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Table 3. Cont.

Category (Characteristic) Description Cases, 1 (%)
<3 mm 30 (25%)
Maxi Si 3 to <15 mm 56 (46%)
aximum o1ze 15 to <25 mm 20 (16%)
>25 mm 16 (13%)
Internal carotid artery 60 (49%)
Middle cerebral artery 32 (26%)
Locati Anterior cerebral artery 8 (7%)
ocation Posterior cerebral artery 3 (2%)
Basilar artery 12 (10%)
Other 7 (6%)
Saccular 36 (30%)
Shape Non-saccular 86 (70%)
Lateral 69 (57%)
Position Bifurcation 32 (26%)
Unclassifiable 21 (17%)
Blister-like 39 (32%)
Fusiform 8 (7%)
Type Eccentric-fusiform 9 (7%)
Fusiform-saccular 9 (7%)
Unclassifiable 57 (47%)

3.2. Image Acquisition

CTA data were acquired using CT scanners from six manufacturers: Toshiba IT &
Control Systems Corporation (Tokyo, Japan; n = 128), Siemens Healthineers (Erlangen,
Germany; n = 23), GE Healthcare (Chicago, IL, USA; n = 12), Philips Healthcare (Amsterdam,
Netherlands; n = 7), Canon Medical Systems (Otawara, Japan; n = 1), and Hitachi, Ltd.
(Tokyo, Japan; n = 1). Examinations were performed with a slice thickness of 0.5-2 mm and
a matrix size of 512 x 512 pixels. All patients received an intravenous iodinated contrast
agent at a weight-adjusted dose. All images covered the brain; however, in some cases
several slices in the vertex region were missing. Some studies also include the neck. All
images were stored in DICOM format, making them compatible with standard medical
imaging software.

3.3. Data Depersonalization

All data were anonymized through the removal of any potentially identifying personal
and institutional information. DICOM technical metadata were preserved.

In addition, to ensure full confidentiality, a defacing procedure was performed. We
used an algorithm based on a publicly available pretrained model for automatic facial
segmentation (CTA-DEFACE) [38]. The model detected the facial soft tissues (from the
forehead to the chin) and generated 3D masks. The segmented region was then automati-
cally refined using morphological operations. Morphological operations such as dilation,
erosion, and hole filling were applied to smooth object boundaries, eliminate gaps in the
mask caused by segmentation errors, and remove noise components unrelated to the facial
region. After preprocessing, the frontal portion of each image corresponding to the masks
was removed. This approach ensured complete anonymization of the studies without
affecting intracranial structures.
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3.4. Intracranial Aneurysm Segmentation

Intracranial aneurysms were segmented by two experienced clinicians: a neuroradiol-
ogist and a neurosurgeon. The IA-positive cases were randomly divided into two equal
subsets, with each expert independently performing segmentations on one subset using the
radiology workstation “Gamma Multivox D2” (Gammamed-Soft, Ltd., Moscow, Russia).

After defining the region of interest on the three-dimensional reconstruction, segmenta-
tion was performed using intensity thresholding, with the threshold values determined by
the expert individually for each study to optimally capture the aneurysm volume (Figure 2).

Il with segmented mask

Manual aneurysm [
extraction [l

Threshold- I
segmented mask
of aneurysm 0
[T

[l

[l

3D model |
export 1]
(STL Format) ||

\
I
|
|
I
|
[
|
|
|
I
|
|
|
y |
I
|
I
| |

Figure 2. Annotation workflow for cerebral aneurysms: (a) segmentation pipeline; (b) multiplanar
visualization with segmented aneurysm highlighting (red).

The segmented object represented only the aneurysm sac (lumen) without arteries
uninvolved by the pathology. The extracted object included only the contrast-opacified
blood volume and excluded the thrombosed and calcified portions of the aneurysmes.

Both experts then reviewed the annotations of the counterpart. In the event of any
discrepancies, the case was discussed jointly, and a consensus was reached to generate the
final segmentation. The finalized segmentations were exported as a polygonal surface in
STL format.

3.5. Aneurysm Classification

This subsection details the clinical and image-based criteria that form the basis for
the aneurysm classification and morphometric data compiled in the metadata file (Meta-
data.csv). The structure of this file is described in Section 2.2. These metadata enable
efficient, targeted filtering of cases for specific research needs.

By morphology, IAs were classified as saccular or non-saccular; the aneurysm’s loca-
tion relative to the parent vessel was noted (lateral, bifurcation, or unclassifiable within
this scheme), and an expanded classification of non-saccular aneurysms by type was also
provided (Figure 3).

To facilitate querying the dataset for specific lesion morphologies, non-saccular
aneurysms were classified into blister-like, fusiform, eccentric-fusiform, and fusiform—
saccular types. Blister-like aneurysms appear hemispheric, with the base representing the
widest portion of the dome. Fusiform aneurysms are defined as a uniform, spindle-shaped
dilatation of a vessel segment, whereas eccentric-fusiform aneurysms are characterized by
an offset relative to the vessel’s central axis. Finally, aneurysms with complex morphology,

https://doi.org/10.3390/data11040074
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Unclassifiable (24%) 86 (70%)

Fusiform
- -
2

Blister-like

Eccentric- Fusiform-
fusiform saccular

Fusiform- Unclassifiable
saccular

combining dilatation of the parent vessel, branching vessels, and a dome-like outpouch-
ing were designated as fusiform-saccular. If a case could not be assigned to any class, it
was labeled “Unclassifiable.” Examples from this dataset for each category are shown in

Figure 3.

Nonsaccular Saccular
36 (30%)

Lateral (89%)

Bifurcation
(11%)

Bifurcation (33%)

Lateral (43%)

I saccular morphology

Blister-like and location

- Nonsaccular morphology
and location

I Non-saccular subtype
classification within
each location

Figure 3. Classificational composition of the aneurysm dataset: hierarchical distribution with relative
proportions. Percentages represent proportions relative to immediate parent category.

Morphological parameters were measured and recorded to enable more refined data
selection during use. All linear measurements were performed manually by an experienced
radiologist at a workstation using multiplanar reconstruction of the original axial slices. To
improve measurement accuracy, standard tools were used to adjust image display (window
width/window level), reorient section planes, and modify slice thickness. For fusiform
aneurysms, maximum length was defined as the distance from the beginning to the end
of the dilatation; in all other cases, maximum length was defined as the distance from the
center of the neck base to the most remote point on the dome. Maximum width was defined
as the largest transverse diameter of the aneurysm dome. Aneurysm neck width, when
present, was also recorded (Figure 4a).

For bifurcation aneurysms with a well-defined neck and an unaltered size of the
parent-artery bifurcation, the neck width and the maximum dome length measured from
the neck were recorded. When the arterial bifurcation itself was involved in the pathological
process, maximum length was measured from the onset of the dilatation, and the neck
was considered absent. The reported aneurysm volume was computed on the already seg-
mented object. Based on the maximum measured dimension, aneurysms were categorized
by size as miliary (<3 mm), medium (3-15 mm), large (15-25 mm), and giant (>25 mm)
(Figure 4b).

In collaboration with a neurosurgeon, we identified and recorded the key aneurysm
morphological features that complicate surgical management: the presence of vessels
arising from the aneurysm dome, mural thrombosis and wall calcification, and the presence
of additional bulges (bleb) on the dome.
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Figure 4. Aneurysm sizing: measurement guidelines for different morphological variants (a) and
cohort distribution (b).
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3.6. Quality Assurance and Technical Validation

All CTA scans were acquired as part of routine clinical workflows using imaging
protocols approved by the respective institutions. All CT scanners used undergo regular
maintenance and calibration. The segmentation process included cross validation of the
segmented objects by two experienced clinicians and joint discussion in case of any discrep-
ancies. This procedure ensured that the final annotations reflect a validated, agreed-upon
ground truth. The experts also validated defacing across all series.

4. Usage Notes

The dataset is publicly available in the Zenodo repository at https://doi.org/10.5281/
zenodo.15697196 [37], under the Creative Commons Attribution 4.0 International license
(CC BY 4.0). The dataset files may be used without restriction provided that this publication
is appropriately cited in any resulting work.

All STL, CSV, and DICOM files were verified for compatibility with multiple medical
imaging and visualization software platforms.
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Abbreviations

The following abbreviations are used in this manuscript:

3D Three-dimensional
DICOM Digital Imaging and Communications in Medicine
CT Computed Tomography
CTA Computed Tomography Angiography
IA Intracranial Aneurysm
DSA Digital Subtraction Angiography
MRA Magnetic Resonance Angiography
TOF-MRA  Time-Of-Flight Magnetic Resonance Angiography
3DRA 3D Rotational Angiography
CADA Cerebral Aneurysm Detection and Analysis challenge
ADAM Aneurysm Detection and segMentation challenge
PHASES (Population, Hypertension, Age, Size, Earlier Sah, Site) Risk Prediction Score
UIATS Unruptured Intracranial Aneurysm Treatment Score
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