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Abstract

Background To investigate the morphology of the basilar artery (BA) using 1-mm
magnetic resonance (MR) vessel wall imaging (VWI).

Methods This retrospective study included 36 patients who underwent intracranial
1-mm MR-VWI. The BA morphology was evaluated following a machine learning
paradigm. Twenty patients (1073 cross-sectional BA images) were used to fine-tune
a pre-trained deep learning model, Mask-RCNN, for BA segmentation. Six (373
cross-sectional BA images) were used for model vaiidation and 10 (186 axial BA
images) for comparison with human expert ratings. Human expert ratings were
conducted in radial directions oriented at 3, 6, 9, and 12 o’clock. Agreement
between human expert and machine estimation was evaluated using the intraclass
correlation coefficient (ICC) and statistical significance was estimated by paired
student’s t-test. BA wall segmentation was assessed using the intersection-over-
union (IOU) metric.

Results The BA exhibits a tapered shape, with the widest diameter at the beginning
(3.17 £ 0.69 mm) and significantly narrowing towards the end (2.71 = 0.55 mm)
(p-value<0.001). The deep-learning model demonstrated moderate to excellent

agreement with human expert ratings (ICC: 0.72-0.83) when measuring BA



diameter. However, agreement was less optimal (ICC<0.5) when measuring artery
wall thickness. For vessel wall segmentation, the model achieved a mean IOU score
of 0.756 = 0.079.

Conclusion This study demonstrates the effectiveness of using a 1-mm MR-VWI
protocol for characterizing and evaluating the vertebrobasilar circulation. This
enhanced knowledge of basilar artery shape is critical and should help
neurosurgeons safely diagnose and manage posterior circulation diseases.
Keywords: Atherosclerosis, deep learning, intracranial aitery, magnetic resonance

angiography, vessel wall segmentation



Introduction

Approximately 20% of all transient ischaemic attacks and ischaemic strokes occur
in the area of vertebrobasilar (also known as posterior) circulation !. Posterior
circulation ischaemic stroke is complex and difficult to diagnose because patients
present with a wide range of symptoms. Furthermore, the vertebrobasilar vessels
and their walls are not easily evaluated by ultrasound and are only indirectly
assessed by digital subtraction angiography (DSA) or conventional magnetic
resonance (MR) techniques 23. The basilar artery (BA) is the main conduit that
supplies oxygen-rich blood to the posterior cerebral circulation. Atherosclerosis in
the BA can limit or block blood flow to the cerebellum, brainstem, thalamus,
occipital, and temporal lokes 4.

Diagnosis of BA stenosis is challenging as the morphology of the BA varies
according to aging and vertebral artery dominance 5. The length of BA is
approximately 25-35 mm with a diameter of 2.7-4.3 mm at the proximal portion 6
and a wall thickness of 0.2-0.3 mm 7. Both abnormal BA dilation and narrowing
increase the risk of strokes. For example, a BA diameter larger than 4.3 mm
suggests dolichoectasia and increases the chance of suffering a fatal stroke 8.

Conversely, a luminal diameter of 2 mm or smaller has been more commonly



observed in individuals with posterior circulation ischaemic stroke !. However,
anatomical variability of the vertebrobasilar circulation, including BA fenestrations
9, variable fusion levels of the vertebral arteries 19, and fetal-type posterior cerebral
arteries 11, can significantly alter BA geometry. Consequently, a relatively thin BA
does not necessarily indicate pathology, and prominent vessels are not synonymous
with dolichoectasia 11,12,

Digital subtraction angiography (DSA) is considered the gold standard for the
diagnosis of BA stenosis. However, DSA is invasive and cainnot detect wall thickness.
Alternatively, ultrasound can identify both stenosis and wall thickness in the carotid
arteries, but it is not sensitive enough to diagnose BA stenosis 13. Due to the small
diameter of BA, traditional computed tomography angiography (CTA) and magnetic
resonance angiography (MRA) have limited spatial resolution or tissue contrast to
accurately assess the vessel wall 1415 Importantly, aside from histopathologic
examination or autopsy, no true gold standard exists for BA vessel wall imaging.
This lack of a definitive reference standard highlights the need to investigate
alternative imaging techniques that can delineate the BA vessel wall.

In recent years, magnetic resonance (MR) vessel wall imaging (VWI) has

emerged as a promising noninvasive imaging modality that can directly visualize



the intracranial vessel wall and characterize plaque features with excellent soft-
tissue contrast 16-18, With its superior soft tissue contrast and spatial resolution, the
MR-VWI scanning protocol allows for the direct visualization of the vessel wall and
enables the differentiation of various intracranial vascular lesions 16.17, However,
measuring the vessel wall thickness and the luminal diameter of the BA is laborious
and prone to the human operator variance. To enhance the efficiency and
consistency of vascular morphology measurement, several deep learning models
have been proposed to process CTA and MRA datasects. However, these solutions
have primarily focused on segmenting the carotid artery lumen 1922, While more
recent 3D models, such as nnU-Net 2° and TotalSegmentator 24, can perform
arterial wall segmentation direcily on volumetric data, they are currently limited to
large vessels, such as aorta 2°. To the best of our knowledge, no deep learning
models have been specifically developed for segmenting the BA due to its inherently
small size and complex surrounding anatomy.

In this study, we proposed applying 2D segmentation models to cross-sectional
images of the BA, resampled along the arterial centerline. This unique approach
was designed to achieve high accuracy in detecting and segmenting the BA’s thin

wall structures. The model’s accuracy was subsequently assessed by directly



comparing the machine-generated results to those provided by a human expert.
Materials and methods

This feasibility study retrospectively investigated the accuracy of deep learning
models in identifying BA wall thickness and luminal diameters using a 1-mm MR-
VWI scanning protocol. This study protocol was reviewed and approved by the
Institutional Review Board (IRB) of Fu Jen Catholic University Hospital, Taiwan
(approval no. FJUH109080). All procedures were conducted in accordance with the
Declaration of Helsinki, and written informed conseni was obtained from all
participants.

Dataset

This retrospective, single-center study enrolled patients at Fu Jen Catholic
University Hospital. A total of 38 patients who underwent MR vessel wall imaging
(MR-VWI) for atherosclerosis diagnosis between November 2020 and July 2022
were included (Fig 1). Two patients were excluded due to suboptimal image quality;
specifically, partial segments in these cases exhibited significant adjacency to the
pons, which precluded clear visualization of the outer wall and resulted in low
confidence during manual labeling. The final dataset therefore included 36 patients

(28 males, mean age 63.3 £ 6.6 years; 8 females, mean age 64.0 = 10.8 years). Each



dataset consisted of 155 slices (1 mm slice thickness, spatial resolution = 0.2246
or 0.5188 mm) acquired from the base of the pons to the top of head, encompassing
vascular segments such as intracranial carotid artery, middle cerebral artery,
intracranial vertebral artery, and basilar artery. Intracranial vessel wall images
were acquired on a 3-Tesla MR system with BB-HR-VWI 3D variable refocusing flip
angle sequence (Ingenia; Philips Healthcare, Best, the Netherlands) with the
following parameters: TR/TE = 600/29.819 ms; flip angle = 90; accelerate factor =
1.0; matrix = 272x272; field of view = 230x230; slice thickness = 1 mm; spacing
= 1 mm; percent phase field of view = 79%; and pixel bandwidth = 266 Hz/pixel.
Our data pool of 36 study dataseis inciudes 20 (55.5%) training and 6 (16.7%)
validation datasets with their manual annotations from our previous study 26. Ten
(27.8%) datasets were reserved for testing and comparison with visual assessment
by radiologists.

Preprocessing

The lumen center points of the BA (Figs. 2A and 2B) were manually selected using
in-house software (implemented in MATLAB) where users only needed to select
pixels by mouse clicking. These center points were interpolated to generate a

smooth centerline, and cross-sectional images were resampled along the centerline



at 0.5 mm intervals with a spatial resolution of 0.1 mm (Fig 2C). The cross-sectional
images, sized 160x160 pixels (16x16 mm), were rearranged in a grid with 5 rows,
progressing from proximal to distal (Fig 2D). These 2D cross-sectional slices were
semi-automatically annotated, as delineated in the following section.
Semi-automatic vessel wall annotation
The BA typically runs within the central groove of the pons, located in the pontine
cistern. Under normal circumstances, a small gap exists between the artery and
the pons to prevent compression of neural structures. This gap generally positions
the BA a few millimeters anterior to the pons. However, this distance can vary
individually due to factors such as BA tortuosity, atherosclerosis, or underlying
pathologies like aneurysms or dolichoectasia. When the BA is in close proximity to
the pons, tissue contirast in imaging can become poor, even with high-resolution
MRI. This occurs because the signal intensity of the tissue between the pons and
the basilar artery wall is very similar, making it challenging to distinguish between
them.

Due to the aforementioned challenge, significant discrepancies emerged
between automated and visual identification of the BA’s outer wall near the pons;

therefore, we opted to manually delineate and label the outer wall boundaries



through visual inspection. A MATLAB labeling tool (called Image Labeler App) was
used to manually demarcate the BA’s outer wall in the resampled 2D serial cross-
sectional slices. The objective was to deduce the edge according to human visual
perception along the vessel's contour (the dashed line shown in Fig 3C). The manual
outer wall marking and the image itself were then processed fully automatically by
using a 1D piecewise linear model (PLM) 26.27 to derive the inner wall boundaries
(the dotted line shown in Fig 3D). We assumed that the inner wall border was
located at the mid intensity value between the lumen iniensity Cy and the peak wall
intensity Ynax (Fig 3C). The software drew radial samples in equally divided
directions and fit the 1D intensity signal using the PLM defined in Equation (1):

C O0=sx=x
Y = PLM(x) = {CO‘O 0 (1)

+ C1(X - Xg) Xo < X = Xq

The PLM model consists of a constant value Cy within lumen (0 = x < xp) and a
linear model along the vessel wall from xy to x; (xp = x < x1, where x; corresponds
to the maximum value Y(x1) = Ymax). Co, C1, and xp can be solved by minimizing the
sum of squared errors (SSE):

X1

SSE(Cp,C1.,X0) = 2 (PLM(X) -y;)? (2)

x=0

Replacing the right side of Equation (1) with Cyp + C1x, where x=0if 0 = x < x,

and x = x- xp if xp) < x = x1, Equation (1) can be simplified as:



PLM(x) = Co + C; X X (3)

The parameters Cy and C; in Equation (3) can be efficiently solved through linear
least-squares estimation. Consequently, xp can be found using linear search to
minimize Equation (2). Lastly, the inner wall is located at mid intensity, (Co +
Ymax)/2, by linearly searching between xy and x.

Model training and validation

We fine-tuned a pre-trained model, Detection2, which was originated from the
Mask RCNN framework proposed by Facebook Artificial Intelligence Research
(FAIR) 28, to detect and segment the BA’s wall as a ring-shaped object (Fig 3E) by
transfer learning. From the 20 subjects in the training group, 1073 BA cross-
sectional images, sized 160x160 pixels (0.1 mm/pixel), with their respective BA
wall semantic segmentation annotation files were collected as the training dataset.
The annotation files were then converted to the COCO dataset format 29. Our
experiment was conducted on the Google Colaboratory platform using the PyTorch
model provided in the official FAIR Detectron2 tutorial and documentation. We
selected MASK-RCNN-R50-FPN-3X as the backbone and fine-tuned the Detectron2
model with a learning rate of 0.0025 and a maximum iteration limit of 3000. The

trained model was configured with an object detection threshold of 0.7 and a



maximum of 120 objects detected per image.
For model validation, the segmentation performance was evaluated based on
overlap, using the intersection over union (IOU) score with 373 BA cross-sectional

images from the 6 subjects in the test group. IOU score is defined as:

Area of Overlap
Area of Union *

I0U =

Visual performance comparison

To assess the level of agreement between AI models and human experts, 10
additional hold-out datasets (comprising 186 axial view images) were used to
measure BA wall and lumen. These datasets were not included in the training and
validation phases of the Al development process. The measurements were taken
following a specific visual examination protocol 39. This protocol involved sampling
measurements at four key positions: 12 o'clock (anterior), 3 o'clock, 6 o'clock, and
9 o'clock. A neuroradiologist (H.M.L. with over 30 years of experience) measured
the transverse diameter (Trans), anteroposterior diameter (AP), luminal transverse
diameter (LTrans), luminal anteroposterior diameter (LAP), wall thickness at 9
o’clock (RTrans), and wall thickness at 12 o’clock (AAP) (illustrated in Fig. 4). The
visual measurements were performed on the original axial view DICOM images, all

of which were magnified 801.75 times for visual estimation using MicroDicom



Viewer (MicroDicom, Sofia, Bulgaria). For Al models, the test images were also

cropped from the original axial view DICOM images and resized to 160x160 pixels

with a spatial resolution of 0.1 mm/pixel.

Luminal diameter definition

Mean luminal diameter was defined as the mean value of LAP and LTrans (Fig 4A):

LAP(x=i) +LTrans(x=i)
2

Dx=1)=
where x = 7 represented the ith cross-sectional resampling image from BA’s
proximal end (Fig 2D). In addition, three sectional BA luminal diameters were

defined at the proximal, mid, and distal segments as:

N
33 .
Dprox =N i3=1 D(x = 1),

Dinid = %z?:gﬂ D(x = i),
Daist = §Zjan, , D(x = ).
where N was the total number of resampling images, and Dyrox, Dmid, Daist stood
for proximal, mid, and distal BA diameters respectively.

Statistical analysis

Intraclass correlation coefficient (ICC, two-way mixed model for absolute

agreement, single measurement) was used to assess the degree of agreement for

the six BA morphological (Trans, AP, Ltrans, LAP, RTrans, and AAP) measurements



between the trained Al model and the radiologist expert. The ICC analysis was also
used to assess the agreement between the trained AI model and the PLM method.
The 95% confidence intervals (CI) of the estimated ICC scores were calculated from
10,000 bootstrap simulations. An ICC score less than 0.5 indicates poor reliability,
between 0.5 and 0.75 moderate reliability, between 0.75 and 0.9 good reliability,
and greater than 0.9 excellent reliability 3!. Student’s t-test was used to determine

statistical significance in the mean differences of Dyrox, Dmid, and Daist.

Results

BA wall detection and segmentation

The fine-tuned Detectron2 model successfully detected and segmented BA arterial
walls from 371 (99.5%) out of 373 cross-sectional images from the 6 test datasets
with a mean IOU score of 0.756 + 0.079 mm. Figure 5 illustrates some examples of
segmented ring-shaped BA walls. The trained model successfully detected all
arterial walls for both the images with good conspicuity (left) and those with fair
conspicuity (right). The model’s less accurate outer wall segmentations were
mainly due to small vessels, such as pontine arteries, branching out of the BA

(indicated by the arrow in Figure 5).



Morphological measurements and ICC reliability analysis

In processing the 10 hold-out datasets for visual measurement comparison, the
fine-tuned Detectron2 model successfully detected and segmented BA arterial walls
from 183 (98.4%) out of 186 axial view images. Of the 183 segmented arterial walls,
BA morphological measurements of AP, Trans, AAP, RTrans, LAP, and LTrans were
4.963 + 0.783 (mean + std) (mm), 5.613 = 0.684, 1.383 + 0.164, 1.267 = 0.241,
2.725 = 0.778, and 3.036 + 0.650, respectively. Comparatively, they were 4.872 +
0.716, 5.686 + 0.717, 1.151 = 0.249, 1.280 + 0.275, 3.633 + 0.587, and 3.339 +
0.522 by the radiologist expert, respectively. The scatter plots of these
measurements are shown in Figures 4B-G.

The ICC agreement scores were 0.77 [0.71, 0.83] (95% CI), 0.83 [0.77, 0.87], 0.25
[-0.04, 0.48], 0.32[0.18, 0.44], 0.72[0.41, 0.85], and 0.73 [0.28, 0.87], respectively.
Only the AP’s 95% CI was in the moderate reliability (agreement) range and Trans’
95% confidence interval was in the good reliability range. Rest of the ICC scores
were considered poor reliability. While comparing the Al-detected inner wall
boundaries with those by PLM, LAP and LTrans measurements (Figs. 4H and 4I)
had excellent and good ICC scores of 0.98 [0.97, 0.99] and 0.95 [0.80, 0.98]

respectively. All the morphological measurements and ICC scores are summarized



in Table 1.

BA luminal diameters

The fine-tuned Detectron2 model was applied to estimate the proximal, mid, and
distal BA diameters (Dprox, Dmia, and Dgist) from all 36 datasets using the proposed
centerline resampling strategy. It has successfully detected 35 (97.2 %) datasets.
The failed dataset had poor conspicuity in its distal segment. Figure 6 presents the
distribution and comparison of BA luminal diameters from 35 datasets. The means
of Dprox, Dmia, and Dgist were 3.170 = 0.685, 2.840 + 0.629, and 2.712 *+ 0.554 mm,
respectively. In Figure 6A, the box plot on the left shows that the mean proximal
BA diameter (Dprox) is the largest compared to the mid and distal BA diameters
(Dmia and Dgist). Student’s t-test confirmed that Dyrox Was significantly larger than
both Dpig and Dgist (p < 0.001 for both comparisons). The estimated Dyjq was
slightly larger than the estimated Dgist (p = 0.026). The scatter plot in Figure 6B
shows that Dnjq measurements are generally smaller than the Dyrox. Similarly, Dgist
and Dyrox measurements show a similar pattern in Figure 6C. Figure 6 highlights
how the BA diameter changes gradually from the proximal, mid to distal segments.
BA luminal diameter and wall thickness measurements are summarized in Tables

2 and 3, respectively. They are compared to the results from previous related



studies 32-39,

Visualization of BA morphological measurements

Figure 7 presents two examples illustrating the BA morphological measurements
using our proposed approach. A normal and an atherosclerotic BA example are
shown in Figures 7A-D and 7E-H, respectively. Figures 7A and 7B depict the normal
BA case’s MR scan in lumen-centered coronal and sagittal views, respectively.
Figure 7C illustrates the arterial wall thickness estimates at the 12, 3, 6, and 9
o'clock positions respectively. The details of arterial wall thickness and luminal
diameter measurements along the BA are illusirated in Figure 7D. It demonstrates
that its luminal diameter gradually decreases while its wall thickness remains
constant at various slice locations from the proximal to the distal end. Figures 7E-
H illustrate the atherosclerotic case with arrows pointing to bright MR spots in
Figures 7E and 7F. The diagram in Figure 7H shows a bulged wall thickness curve
and a narrowed lumen between slices 40 and 44. Figure 7H also shows that the
distal luminal diameter is slightly larger than the proximal luminal diameter, which
is atypical compared with common BA cases.

Discussion

Our results indicate that Detectron2, a deep learning segmentation model fine-



tuned through transfer learning with a small dataset of 1073 annotated MR-VWI
images, can effectively identify ring-shaped vessel walls. Measurements of outer
BA boundary diameters, made by the fine-tuned model, were reliable and showed
moderate to good agreement with human expert ratings, with the 95% CI of ICC
scores ranging from 0.71 to 0.87. The inner luminal diameters measured by PLM
and the trained Detectron2 model showed good to excellent agreement, with the
95% CI of ICC scores ranging from 0.80 to 0.99. Since PLM markings were the de
facto ground truth in the training phase, the gocod ICC scores obtained on
unforeseen datasets suggest that deep learning models are consistent and have the
potential to automate the detection of BA stenosis from MR-VWI scans.

Wall thickness measuremieiiis, on the other hand, showed poor agreement with
human expert ratings (ICC < 0.5). The normal BA wall thickness is 0.2-0.3 mm 7,
which is smaller than our 1-mm MR-VWI protocol’s imaging resolutions (1 mm slice
thickness, spatial resolution = 0.2246 or 0.5188 mm) using 3T-MRI. The resultant
wall thickness estimates in our study were 1.2 mm by human experts and 1.3 mm
by the trained model, indicating that partial volume effects might play a noticeable
role limiting the 1 mm MR-VWI’s capacity for quantitatively interpreting

atherosclerotic plaques. The situation of overestimation has been reported in other



studies 3435 with estimated values of 0.9-1.0 mm using 3T-MRI. The measurements
improve to 0.5-0.6 mm using 7T-MRI with a resolution of 0.13x0.13x0.13 or
0.11x0.11x0.11mm3 36, In addition, our AI models tended to give relatively low
wall thickness estimates for the BA close to the pons, where the outer wall
boundaries were not clear (Figs 7C and 7G). Another known obstacle was small
arterial branching, making it difficult for the machine to accurately define the
boundaries (Fig 5).

Although the resolution of our 1-mm MR-VWI scaniiing protocol may not be
sufficient for quantitative estimation of BA wall thickness, Figures 7E-H
demonstrate that the proposed centeriine resampling approach can effectively
visualize brightened MR intensity spots and bulging wall thickness. With increasing
age and atherosclerotic risk factors, extracranial vasa vasorum may extend into the
proximal intracranial segments and the vessel walls of the BA, causing similar MR
intensity enhancement 49. Figures 7G and 7H show enlarged distal luminal
diameters of the same BA, making the misinterpretation of atherosclerosis less
likely. The rationale for this reasoning is that our results support the notion that
most BAs exhibit a tapered shape, becoming narrower distally. The enlarged distal

segment in Figure 7H appears to remodel itself to compensate for the constricted



mid-segment.

A primary limitation of this study is the absence of a true gold standard for
definitively confirming the existence of atherosclerotic plaques. Since the risks
associated with performing angiography to diagnose BA stenosis often outweigh
the potential benefits, we suggest that follow-up 1-mm MR-VWI or higher-
resolution scanning of suspicious lesions as a reasonable, non-invasive alternative
for confirmation. A secondary limitation stems from the homogenous nature of the
subject pool, which consisted solely of Han Chinese individuals. Finally, the
relatively small sample size (20 patients for training, 6 for validation, and 10 for
visual scoring) and single-center design may limit the generalizability and
reproducibility of the proposed deep learning framework. Consequently, the
present results should be interpreted as a feasibility and proof-of-concept
demonstration; future multi-center studies with larger cohorts are warranted for
further validation.

To facilitate integration of this research into routine clinical practice, future
studies will focus on fully automating BA centerline detection and all associated
morphological computations. This would make the framework adaptable for

investigating the prevalence and morphology of the tapering BA phenotype across



diverse populations, while extending its utility to the detection and characterization
of other complex lesions, such as small, blister-like, or perforator-related
aneurysms. These lesions are often minute and located at the origins of BA
branches, making them difficult to visualize on standard MRA. While this study
provides novel insights into BA lumen diameter and wall thickness estimation, it
simultaneously underscores the critical need for implementing Al-assisted
automation in vessel segmentation to streamline and scale intracranial
atherosclerotic studies using MR-VWI throughout the entire cerebrovascular
system.

Conclusion

Our study demonstrates the efiectiveness of using a 1-mm MR-VWI protocol to
characterize BA morphology. Knowledge of the normal tapering of the BA lumen
will significantly aid neurosurgeons, neuroradiologists, and neurologists in
evaluating and managing posterior circulation vascular diseases, thereby ensuring
the safety of periprocedural planning. Furthermore, if our findings regarding
abnormal BA remodeling are clinically confirmed, they could lead to non-invasive,
alternative methods for monitoring posterior circulation atherosclerotic diseases,

utilizing anomalous luminal diameters at different segments as measured by 1-mm
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Table 1. BA morphological measurements in the 10 hold-out datasets using axial

view images

*Fine-tuned Detectron2 model

AP = Anteroposterior, Trans: Transverse, LAP = Luminal anteroposterior, LTrans = Luminal transverse, AAP

= Anterior wall length, RTrans = Right Transverse

Morphological Visual/*Al PLM/*AI
Visual (mm) *Al (mm) PLM (mm)
metric ICC [95%CI] ICC [95%CI]
AP 4.872 = 0.716 4.963 = 0.783 - 0.774[0.71, -
0.83]
Trans 5.686 = 0.717 5.613 + 0.684 - 0.827 [0.77, -
0.87]
AAP 1.151 = 0.249 1.383 = 0.164 - 0.251 [-0.04, -
0.48]
Rtrans 1.280 = 0.275 1.267 = 0.241 - 0.319[0.18, -
0.44]
LAP 3.033 £ 0.587 2.725 £ 0.778 2.672 = 0.840 0.722[0.41, 0.982 [0.97,
0.85] 0.99]
Ltrans 3.339 £ 0.522 3.036 = 0.650 2.902 = 0.700 0.730 [0.28, 0.954 [0.80,
0.87] 0.98]




Table 2. Comparison of BA luminal diameter measurements with previous studies

Specim Image / BA luminal diameter (mm)
Study Yea Sources
en measurement Range Mean Proximal Mid Distal
number Modality
r
Pai et al., 32 200 Optical - - -
Cadaver 25 3-7 4.3
7 Microscopy
201 Optical - - -
Gutierrez et al. 7 Cadaver 12 - 3.2+ 0.6
3 Microscopy
201 2.73 + - - -
Tanaka et al. 33 Patient 493 MRI, MRA 1.1-5.2
3 0.70
201 3.82 + - - -
Zhang et al. 34 Patient 38 MRA
4 0.47
201 Digital - - -
Gunnal S. et al. 35 Cadaver 170 3-6 4.8 0.7
5 Photography
201 3.05 + - - -
Satapathy et al. 35 Cadaver 38 Vernier Caliper 2-3.9
8 0.41
201 2.82 + - - -
Cogswell et al. 38 Patient 82 3T-MRI# -
9 0.47
202 2.82 + - - -
Cogswell et al. 3° Healthy control 23 3T-MRI# -
0 0.46
Present study
202 3.18 = 3.28 + 3.17 = 3.08 +
Manual (axial view) Patient 10 3T-MRI& 2-4.86
4 0.58 0.51 0.62 0.58
202 2.79 + 3.01 = 2.78 + 2.56 =
PLM (axial view) Patient 10 3T-MRI& 1.3-5.2
4 0.78 0.79 0.74 0.76




202

Al (axial view) Patient 10 3T-MRI&
4
202

Al (resampling) Patient 35 3T-MRI&
4

2.88 =

14-51
0.73
291 =

1.48-4.6
0.65

3.08 +
0.74
3.17
0.69

2.88 +
0.70
2.84 +
0.63

2.68 +
0.71
2.71 +
0.55

*Resolution 0.13%0.13x0.13 or 0.11x0.11x0.11 mm3
#Slice thickness = 1 mm, spatial resolution = 0.5 mm

& Slice thickness = 1 mm, spatial resolution = 0.2246 or 0.5188 mm




Table 3. Comparison of BA wall thickness measurements with previous studies

Imaging / BA Wall thickness (mm)
Study Specimen
Year Sources measurement
Number Mean Proximal Mid Distal
modality
Gutierrez et al. 0.29 = -
; 2013 Cadaver 12 Optical Microscopy - -
0.01
Harteveld et al. 0.61 = - 0.53 =
2018 Cadaver 15 7T-MRI* -
37 0.16 0.08
Cogswell et al. 0.91 = -
2019 Patient 82 3T-MRI# - -
38 0.10
Cogswell et al. Healthy 0.99 + -
2020 23 3T-MRI# - -
39 control 0.12
Present study
Manual (axial 1.21 + 1.24 + 1.20 £ 1.20 +
2024 Patient 10 3T-MRI&
view) 0.27 0.28 0.26 0.28
1.33 = 1.34 = 1.33 £+ 1.31 +
Al (axial view) 2024 Patient 10 3T-MRI&
0.21 0.22 0.21 0.21

*Resolution 0.13x0.13%0.13 or 0.11x0.11x0.11 mm?3
#Slice thickness = 1 mm, spatial resolution = 0.5 mm

&Slice thickness = 1 mm, spatial resolution = 0.2246 or 0.5188 mm



Figure captions
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Fig. 1. Flowchart of case inclusion and data splitting for the supervised learning.



Fig. 2. Steps of the proposed centerlins-hased resampling strategy.

(A) Manually place BA lumen center points. (B) Zoomed-in view of the BA. (C) Cross-
sectional images in the local coordinate system along the BA centerline. (D)
Rearrange cross-sectional images from the proximal to the distal BA (in an up-down,

left-right order).



@A

Fig. 3. Automated PLM inner wall annotation aigorithm.

(A) Cross-sectional vessel image and (B) its outer wall mask are used as input. (C)
Radial samples are drawn and fitted with a PLM to identify the average lumen
intensity (Co), the peak wali intensity (Ymax), and their corresponding locations (xy
and x1). (D) The inner wall (dotted line) is located at the mid-intensity between the

lumen and wall peaks. (E) The final output is the ring-shaped vessel wall mask.
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Fig. 4. BA morphology definitions and the levels of agreement with radiologist’s
measure.

(A) Protocol for manual delinieation of BA morphology. (B)-(G) Scatter plots
comparing measurements by a human expert (x-axis) and a fine-tuned Detectron?2
model (y-axis) for anteroposterior diameter (AP), transverse diameter (Trans), wall
thickness at 12 o’clock (AAP), wall thickness at 9 o’clock (RTrans), luminal
transverse diameter (LTrans), and luminal anteroposterior diameter (LAP),
respectively. (H) and (I) Scatter plots comparing measurements by PLM (x-axis)

and the fine-tuned Detectron2 model (y-axis).



Fig. 5. Automated BA wall segmentation results compared with manual
annotations.

Predicted ring-shaped walls by the fine-turied Detectron2 model are shown in blue
(second row), manual annotations in orange (third row), with IOU scores. The arrow

in the fifth column indicates a bifurcating branch causing bulging in the prediction.
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Fig. 6. Statistical distribution of BA lumen diameters at different segments.

5

(A) Boxplots illustrate the distribution of BA lumen diameters at the proximal, mid,

and distal segments (n=35). (B) and (C) Scatter plots conipare the diameters of the

mid vs. proximal and distal vs. proximal segments, respectively.
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Fig. 7. Typical and atypical cases of BA morphology.

(A-D) A typical, normal case showing lumen diameter and wall thickness profiles
across slice locations. (E~-H) An atypical case with arrows indicating suspected
plaque. LMean, WMean, and WMax represent mean luminal diameter, mean wall

thickness, and maximal wall thickness, respectively.



