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Department Study of individuals aged 1 to 100 years (y) [2]. 
Several studies have demonstrated that iICAC is associated 
with cardiovascular risk factors and with elevated risk of 
stroke [3, 4]. Despite the growing recognition of iICAC as a 
significant factor in cerebrovascular health, its relationship 
with brain atrophy, an imaging finding in aging [5], is not 
well understood. An autopsy study in the USA found that 

Introduction

Intracranial internal carotid artery calcification (iICAC) is 
a form of intracranial arteriosclerosis at the most preva-
lent site of calcification among all intracranial arterial beds 
[1]. iICAC can be detected from the first decade of life 
and increases with age, as found by a Dutch Emergency 
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Abstract
Purpose  Intracranial internal carotid artery calcification (iICAC) is a form of intracranial arteriosclerosis and is associated 
with an elevated risk of stroke and dementia. However, iICAC’s relationship with brain atrophy remains poorly understood. 
We aimed to automatically quantify iICAC morphometric characteristics and evaluate their associations with regional brain 
volumes (BVs).
Methods  We developed an automated approach to compute iICAC surface area and thickness from CT brain scans in a 
sample of physically active South American subsistence farmers (n = 1,232, age range: 40 years to 92 years, 48.1% female, 
794 Tsimane and 438 Moseten). Linear regression models were used to assess associations between two iICAC features and 
regional BVs, adjusted for age, sex, population, and total intracranial volume.
Results  Significant negative relationships were found between regional BVs and iICAC surface area, but not iICAC thick-
ness. Frontal, parietal, temporal, and subcortical BVs exhibited significant negative associations with iICAC surface area 
(standardized β range: -0.146 to -0.066, p ≤ 0.013), while the occipital BV did not (standardized βleft = -0.035, p = 0.249; 
βright = 0.007, p = 0.810). Subcortical BVs demonstrated the strongest negative associations with iICAC surface area (stan-
dardized βleft = -0.146, p < 0.001; βright = -0.139, p < 0.001).
Conclusion  iICAC surface area—assumed to reflect arterial stiffness—shows a stronger relationship with regional BV loss 
than iICAC thickness—assumed to indicate arterial stenosis. The findings suggest that brain regions primarily supplied 
by the anterior circulation are more vulnerable to iICAC-related atrophy. Subcortical BVs showed the strongest negative 
associations with iICAC surface area, with region-specific analyses identifying significant effects in the putamen, thalamus, 
hippocampus, amygdala, pallidum, and ventral diencephalon, suggesting heightened vulnerability of deep gray-matter struc-
tures to iICAC-related atrophy.
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the effects of arteriosclerosis on cognitive impairments act 
through cortical gray matter atrophy [6, 7]. Regional brain 
atrophy is a common age-related phenomenon, progressing 
at different rates across sexes [8, 9], with distinct spatial and 
temporal patterns that can help to assess risk of neurodegen-
erative diseases, including Alzheimer’s disease (AD) [10]. 
The Rotterdam Study found that intracranial arteriosclerosis 
increases the risk of dementia [11]. Studying the relation-
ship between brain atrophy and iICAC could therefore offer 
important insights into how vascular calcification may con-
tribute to normative aging processes as well as to dementia-
related neurodegeneration.

Computed tomography (CT) brain scans can detect arte-
rial calcifications and are therefore used clinically to map 
iICAC. The traditional CT-based measurement of iICAC, 
however, is limited to volumetric assessment, which pro-
vides insufficient information on iICAC severity [1–4]. A 
more comprehensive understanding of iICAC requires a 
broader range of measurements to quantify the complex 
characteristics of calcification. The surface area S of iICAC, 
for instance, has potential to serve as a possible marker of 
arterial stiffness. As the vascular calcification process pro-
gresses, the surface area of the calcified region expands, 
reflecting a reduction in the arterial walls’ ability to adapt to 
changes in blood flow [12]. The diminished arterial elastic-
ity, corresponding to increased S, is a key factor that may 
result in impaired cerebral blood flow and that could con-
tribute to brain atrophy [13, 14]. On the other hand, iICAC 
thickness T is a measure that correlates with the degree of 
arterial blockage (i.e., stenosis). As T increases, the narrow-
ing of the arterial lumen may reduce blood flow, leading to 
chronic ischemia and subsequent brain atrophy [15].

We present an automated, non-invasive method to 
directly calculate S, and T using the CT scans of 1,232 par-
ticipants from two indigenous South American populations. 
The Tsimane and Moseten are populations in the Bolivian 
Amazon with distinct lifestyles compared to industrial-
ized societies. The Tsimane (population ~ 17,000) follow 
a traditional subsistence lifestyle, while the neighboring 
population, the Moseten (population ~ 3,000), are more 
acculturated with greater access to modern amenities such 
as electricity, sanitation, medical services, and market foods 
[16–19]. Both groups maintain high physical activity levels 
and have fewer dementia risk factors (e.g., type 2 diabetes, 
cardiovascular disease, smoking) compared to industrial-
ized populations [18, 20, 21]. These factors were individu-
ally associated with vascular calcification and brain atrophy 
in prior studies [22–26]. Because of fewer industrialization-
related risk factors in the Tsimane and Moseten, studying 
iICAC and brain atrophy in these two populations reduces 
potential confounding and allows examination of the rela-
tionship between vascular calcification and brain atrophy in 

a context that more closely reflects their fundamental bio-
logical mechanisms. Beyond individual risk factors, prior 
work has also shown cross-population differences in iICAC 
prevalence between industrialized and non-industrialized 
groups: iICAC was present in 79% of Tsimane and Moseten 
adults [27], compared to 16.9% in a European population-
based cohort [28]. These differences further motivate the 
study of iICAC in Indigenous populations, where lower 
exposure to industrialized lifestyle factors allows clearer 
investigation of fundamental vascular and neurodegenera-
tive processes.

Previous studies commonly relied on manual assessment 
of CT to measure the morphological features of iICAC [29]. 
Some studies have utilized post-mortem brain autopsy [30], 
with inability to meaningfully correlate findings to pre-mor-
tem measures. Some investigations used semi-quantitative 
grading schemes, assigning discrete categories to measures 
T [31–33]. This study provides an automated approach for 
iICAC quantification, reducing manual scoring effort and 
enabling continuous measurement of thickness based on 3D 
surface modeling. We then assess how S and T contribute to 
regional brain atrophy and compare the relative importance 
of these measures as correlates of brain volumes (BVs). We 
suggest that S reflects reduced arterial wall elasticity, the 
diminished ability of the intracranial internal carotid artery 
(iICA) to expand and contract in relation to arterial pulse 
waves, whereas T reflects stenotic restrictions on blood flow. 
We examine the relationships between S and T with regional 
BVs (i.e., frontal, parietal, occipital, temporal lobes, and 
subcortical regions) using multiple linear regression while 
controlling for age, sex, population, and total intracranial 
volume. Different brain regions vary in their vascular sup-
ply: the occipital lobe is primarily supplied by the posterior 
cerebral artery (PCA), whereas the other lobes are mainly 
perfused by the anterior (ACA) and middle cerebral arter-
ies (MCA), both of which originate from the iICA [34–36]. 
Since iICAC reflects calcification in the internal carotid 
artery, we hypothesize that its association with brain atro-
phy is stronger in regions primarily supplied by the ACA or 
MCA, and weaker or negligible in regions predominantly 
supplied by the PCA.

Materials and methods

Participants

This study included 1,232 participants, comprising 794 
Tsimane and 438 Moseten (48.1% female). The Tsimane 
are an indigenous population of forager-horticulturalists 
in lowland Bolivia, primarily depending on subsistence 
farming, hunting, fishing and gathering [16]. The Moseten, 
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a neighboring population with similar genetic and ethno-
linguistic background as the Tsimane, live as commercial 
farmers [17]. Detailed demographic information, including 
age and sex ratios for each population, are listed in Table S1 
(Online Resource) and published elsewhere [8, 9]. For the 
Tsimane, ages range from 40 y to 92 y, with a mean of 59.9 
y (SD = 10.3 y). For the Moseten, ages range from 40 y to 85 
y, with a mean of 55.9 y (SD = 10.3 y). The proportions of 
women and men are similar across both populations.

Imaging

CT scans of the brain were acquired for both Tsimane and 
Moseten participants between 2015 and 2018. A 16-detec-
tor row scanner (General Electric BrightSpeed, Milwaukee, 
WI) was used in the clockwise helical mode with a standard 
convolutional kernel. Reconstructions were performed with 
a matrix size of 512 × 512, generating two datasets: one at 
1.25 mm resolution (N = 31) and another at 0.625 mm reso-
lution (N = 1201). The small subset of participants scanned 
at 1.25 mm resolution did not correspond to a specific popu-
lation, age range, or sex group. Additional scanning param-
eters included: kilovoltage peak = 120  kV; data collection 

diameter = 25 cm; mean exposure time = 1.417 s; X-ray tube 
current = 140 mA; focal spot = 0.7 mm [21].

iICAC segmentation

Segmentation of iICAC from CT was performed in two 
steps (Fig.  1). First, three coders were trained and super-
vised by physician-scientist Giuseppe Barisano (Depart-
ment of Neurosurgery, Stanford University) to manually 
labeled voxels corresponding to the iICA on the CT scans 
using ImageJ [37]. The iICA label covered the entire arterial 
cross-section, including both the vessel wall and the luminal 
space. Next, calcifications within the iICA were identified 
by thresholding CT attenuation values. Voxels with attenu-
ation values between 130 and 500 Hounsfield units (HU) 
were considered calcified. The lower threshold value of 130 
HU is commonly used in the calcium scoring method such 
as the Agatston score [38, 39]. The upper threshold value of 
500 HU was applied to distinguish the vascular calcifica-
tion from the bone close to the iICA. The iICAC volumetric 
measurement based on the manually labeled artery regions 
was validated by three independent raters, with an esti-
mated intraclass correlation coefficient (ICC) of 0.97 (95% 

Fig. 1  Two-step iICAC segmen-
tation. a presents two example 
participants’ original CT scans 
in the axial view. b presents the 
intracranial internal carotid artery 
(iICA) voxels labeled in green by 
specialists in neuroimaging (step 
1). c displays iICAC voxels (yel-
low) after thresholding between 
130–500 HU (step 2)
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the down-sampled data, identifying calcified voxels within 
the lumen mask using the same attenuation threshold (130 
HU–500 HU). Reproducibility between original and down-
sampled iICAC volumes was evaluated using Pearson cor-
relation, ICC, and mean absolute volume difference. CT 
scans at different spatial resolutions were processed using 
identical segmentation procedures without harmonization.

iICAC S and T calculation

A new pipeline was developed to calculate S and T at differ-
ent points on the calcification surface for each participant. 
Figure 2 illustrates the five steps involved in the iICAC S 

confidence interval: 0.91–0.99, p < 0.001), demonstrating 
excellent reliability and reproducibility.

Reproducibility of iICAC segmentation across CT 
spatial resolutions

CT scans were acquired at two spatial resolutions (0.625 mm 
and 1.25 mm). To assess the reproducibility of iICAC seg-
mentation across resolutions, we conducted a down-sam-
pling analysis. CT scans originally acquired at 0.625 mm 
resolution (N = 1201), along with their manually labeled 
iICA lumen masks, were down-sampled to 1.25 mm resolu-
tion. The full iICAC segmentation pipeline was repeated on 

Fig. 2  iICAC S and T calcula-
tion. Step 1: the iICAC label map 
of an example participant was 
converted to a 3D surface model. 
Step 2: The example participant’s 
right iICAC surface model is 
shown in detail. S was calculated 
by summing all the triangle 
meshes’ areas over the iICAC 
surface model. The normal vec-
tors for random triangle meshes 
are displayed. Step 3: The dot 
product of a chosen triangle 
mesh’s normal vector (

−→
A ) and 

another triangle mesh’s normal 
vector (

−→
B ) was calculated. Step 

4: Only the triangle meshes 
with negative dot products were 
selected as potential candidates 
to match the currently selected 
one. Potential candidates were on 
the other side (opposing surface) 
of the iICAC surface model. 
Step 5: The best candidate was 
chosen as the candidate with 
shortest distance to the currently 
selected triangle mesh. The dis-
tance between the centers of the 
selected triangle mesh and of the 
candidate mesh was seen as the T 
value at this point
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T1-weighted MRI scan using the publicly available 
artificial intelligence tool SynthSR [43]. FreeSurfer was 
utilized to segment the cortical gray matter and to further 
parcellate it into 148 cortical regions and 14 subcortical 
structures (162 structures in total) based on the Destrieux 
parcellation scheme [44, 45]. Finally, the parcellated gray 
matter regions were mapped to 5 main brain regions in 
each hemisphere (10 total) – frontal, parietal, occipital, and 
temporal lobes, as well as subcortical regions [46]. Here, 
subcortical regions include the caudate nucleus, putamen, 
thalamus, hippocampus, amygdala, pallidum, and ventral 
diencephalon.

Validation of CT-derived Synthetic MRI volumetrics

To evaluate the accuracy of CT-derived synthetic MRI brain 
parcellation volumes, we performed a validation using two 
independent datasets containing paired CT and T1-weighted 
MRI scans. For each participant, CT scans were converted 
to synthetic MRI using SynthSR and then processed through 
the same FreeSurfer parcellation pipeline described above 
to obtain 162 cortical and subcortical regional volumes.

The first dataset, the Irimia dataset [8], contains 13 par-
ticipants with paired non-contrast CT and MRI scans. CT 
scans were acquired using a Toshiba Aquilion ONE scan-
ner (120  kV, 140  mA, helical acquisition, FC68 convolu-
tion kernel; voxel size 0.46 mm × 0.46 mm × 0.60 mm). MRI 
scans were obtained on a 3 T Siemens Prisma system using 
a magnetization-prepared rapid gradient echo (MPRAGE) 
sequence (TR = 1950 ms, TE = 3 ms, TI = 900 ms, flip angle 
= 9°, voxel size = 1 mm × 1 mm × 1 mm).

The second dataset, SynthRAD2023 [47], is a publicly 
available benchmark from which we selected 59 paired non-
contrast CT and T1-weighted MRI scans, all acquired at the 
University Medical Center Utrecht. CT scans were acquired 
on Philips Big Bore or Brilliance Big Bore scanners 
(120 kV, 234 mA–350 mA, 400 mAs–450 mAs, exposure 
time 1143ms–1712 ms, pixel spacing 0.57 mm–1.17 mm, 
slice thickness 1 mm–2 mm), and MRI scans were acquired 
on Philips Ingenia or Achieva dStream systems using a 3D 
spoiled T1-weighted gradient-echo sequence (flip angle = 
8°, TE 3.48–4.06 ms, TR 7.63 ms–8.67 ms, pixel spacing 
0.22 mm–0.96 mm).

For both datasets, participant-wise weighted absolute 
percent differences between synthetic MRI-derived and 
real MRI-derived regional volumes were calculated. Each 
region’s percentage difference was weighted by its pro-
portion of total brain volume for the participant. Weighted 
differences were then averaged across participants to sum-
marize volumetric discrepancies for each dataset.

and T calculation. First, for each participant, a 3D surface 
model of iICAC was constructed based on the iICAC label 
mask (Fig. 2, Step 1). 3D Slicer (www.slicer.org) [40] was 
used to construct a surface model representing the geomet-
ric structure of iICAC with a smoothing factor of zero. The 
iICAC surface model is composed of triangle meshes. S was 
measured via Visualization Toolkit (VTK) by summing all 
the triangle meshes’ areas over the iICAC surface model 
[41]. Second, to calculate T, normal vectors for all triangle 
meshes were obtained using VTK (Fig. 2, Step 2). Third, for 
each triangle mesh on the surface model, dot products were 
computed between (i) the currently selected triangle mesh’s 
normal vector (

−→
A ) and (ii) all other triangle meshes’ normal 

vectors (
−→
B ) (Fig. 2, Step 3). Fourth, 

−→
B  vectors with nega-

tive dot products (
−→
A · −→

B < 0) were selected as normal vec-
tors for potential candidates to pair with 

−→
A . This is because 

the negative sign of 
−→
A · −→

B  indicates that the angle between −→
A  and 

−→
B  is over 90 degrees; thus, the two corresponding 

triangle meshes are on opposite sides of the surface (Fig. 2, 
Step 4). On the iICAC surface model, when two triangle 
meshes were not on the same side, the distance between 
them was likely to represent T at that point. Fifth, the dis-
tances between the current triangle mesh and all its potential 
pairing candidates were calculated (Fig. 2, Step 5). The final 
value of T on the current triangle mesh was identified as the 
shortest distance from its center point to the center point of 
candidate triangle meshes. 

Following the fifth step, each T value measured over 
the iICAC surface model was weighted based on the radial 
direction of the iICA. Specifically, for each triangle mesh 
on the iICAC surface model, five nearest mesh triangles 
were selected on the iICA model and the angle between 
the normal vectors of each pair of mesh triangles was com-
puted. If the average angle associated with the five triangles 
approached 90 degrees, a weight near zero was assigned. 
In contrast, if the average angle was closer to 0 degrees or 
180 degrees, a higher weight, approaching 1, was assigned. 
This directional correction ensured that we only considered 
T values measured across the artery’s cross-sectional plane. 
Finally, the 97th percentile of all values of T over the sur-
face model was selected as the representative parameter of 
T for each participant. This percentile was chosen because it 
effectively captures extreme iICAC thickness while remain-
ing robust to local surface irregularities, providing a stable 
and clinically meaningful measure.

Brain segmentation

The intracranial space was segmented using a probabilistic 
classification algorithm based on CT [42]. Before brain 
parcellation, each CT scan was converted to a high resolution 
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had intimal iICAC defined as T≥1.50 mm [30]. Age is asso-
ciated positively with both S and T using Spearman correla-
tion. As shown across decade-based age groups in Table 1, 
all participants aged 70 y and above exhibited iICAC, 
whereas 74% (26 of 35) of those without iICAC were in the 
youngest age group (40 y–49 y). There are no statistically 
significant population differences in S or T, with median S = 
57.48 mm2 (IQR = 190.37 mm2), median T = 1.09 mm (IQR 
= 0.66 mm) in Moseten population and median S = 68.06 
mm2 (IQR = 191.91 mm2), median T = 1.06 mm (IQR = 
0.57 mm) in Tsimane population.

Figure 3B visualizes the T calculation results for a single 
participant. At each point over the surface of a 3D iICAC 
model, a T value was obtained. After adjusting the 3D 
model opacity to reveal the internal structure of the iICAC, 
it becomes evident that the calculated T values are higher in 
regions where the iICAC is thicker. The overall distribution 
of the T values over all points on the surface of this partici-
pant’s iICAC model is displayed in Fig. 3C.

Reproducibility of iICAC measurements across CT 
spatial resolutions

iICAC volumes derived from original (0.625  mm resolu-
tion) and down-sampled (1.25  mm resolution) CT scans 
demonstrated near-perfect agreement. The Pearson correla-
tion between original and down-sampled iICAC volumes 
was 0.999 (p < 0.001), and the ICC [1, 2], which quantifies 
the absolute agreement between single measurements while 
accounting for both systematic and random differences, 
ranged from 0.998 to 0.999. The mean absolute difference 
between measurements was 3.15  mm³ (SD = 3.75  mm³), 
which is small relative to the mean iICAC volume 
(54.45 mm³). A scatter plot (Fig. S1) further illustrates the 
high reproducibility of iICAC segmentation, showing that 
iICAC volumes from CT scans at different resolutions align 
almost perfectly along the identity line.

Regression analysis between iICAC measurements 
and regional BV

For each regional BV, three linear regression models were 
employed to examine their relationships with S and T. We 
evaluated collinearity across all independent variables by 
calculating the variance inflation factor (VIF). For model 
1, the linear regression model of regional BV included S as 
a predictor, controlling for age, sex, population, and total 
intracranial volume (TICV). Model 2 used T as a predictor 
with the same control variables as model 1. Model 3 utilized 
both S and T as multiple predictors, again with the same 
control variables. Each dependent and independent variable 
was modeled as a standardized unit via z-scoring (except 
categorical variables of sex and population). The regression 
estimates reflect the mean difference of regional BV stan-
dard deviation (SD) units per 1 SD difference in the pre-
dictor. To control for multiple comparisons of regression 
estimates across brain regions, the Benjamini & Hochberg 
procedure was applied to control the false discovery rate 
[48].

Results

iICAC measurements

Table 1 presents the estimates of iICAC S, T, and their dis-
tribution by age. Both S and T significantly deviate from 
a normal distribution (p < 0.001) according to the Shap-
iro–Wilk test (Fig. 3A) [49]. The median of S is 62.75 mm2 
with an interquartile range (IQR) of 193.35 mm2. For T, the 
median is 1.07 mm with an IQR of 0.60 mm. S and T are 
strongly correlated with each other (Spearman’s correla-
tion = 0.862, p < 0.0001) [50]. Only 35 of 1,232 participants 
(2.8%) had no iICAC. 5.8% of participants exhibit T that is 
1.50 mm or greater, consistent with a previous study in the 
Netherlands where approximately 5% of local participants 

Table 1  iICAC S and T measurements distributed by age
iICAC measure Median IQR Difference of measures between 

Tsimane & Moseten (U-test)
Correlation with age

S (mm2) 62.75 193.35 0.0435 ( p = 0.13) 0.64 ( p < 0.001)
T (mm) 1.07 0.60 0.0116 ( p = 0.68) 0.55 ( p < 0.001)

S (mm2) T (mm)
Age group Size Females: Males Minimum Median IQR Minimum Median IQR
40–49 305 1:0.87 0.00 13.99 38.25 0.00 0.63 0.77
50–59 394 1:1.20 0.00 41.97 107.64 0.00 0.98 0.59
60–69 345 1:1.08 0.00 136.32 246.00 0.00 1.18 0.37
70–79 147 1:1.41 1.48 352.22 400.86 0.23 1.31 0.21
80+ 41 1:0.78 58.04 475.98 517.82 0.93 1.36 0.26
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Relationship of iICAC to regional BVs

For each regional BV, three linear regression models were 
used to examine the relationships of BV with iICAC mea-
surements of S and T. VIFs of all variables were verified 
to be below 5, indicating no significant collinearity among 
independent variables. Here, the brain was segmented into 
5 regions in each hemisphere (total of 10 BV regions), 
including the frontal, parietal, occipital, and temporal lobes, 
as well as subcortical regions. The subcortical regions 
included 14 structures, 7 in each hemisphere: the caudate 
nucleus, putamen, thalamus, hippocampus, amygdala, pal-
lidum, and ventral diencephalon. We expected stronger 
associations of iICAC measurements to brain atrophy in 
regions supplied by the ACA or MCA, and weaker or no 

Validation of CT-derived synthetic MRI volumetrics

Because acquiring MRI scans from the Tsimane/Moseten 
cohort was not feasible, CT scans were acquired instead. 
Regional brain volumes were extracted from CT scans con-
verted to synthetic MRI using SynthSR, followed by seg-
mentation with FreeSurfer. Validation of this process used 
paired CT-MRI brain scans. In the Irimia dataset, which 
consists of 13 participants with paired CT and MRI scans, 
the participant-wise weighted percent difference between 
SynthSR-derived and MRI-derived FreeSurfer volumes 
(over 162 structures) was 9.7% in median (IQR 5.8%). In 
the SynthRAD2023 dataset, which includes 59 paired CT 
and MRI scans, the corresponding mean weighted percent 
difference was 3.5% in median (IQR 2.0%).

Fig. 3  Distribution of S and T 
across participants (a) and one 
participant’s calculated T on 
different points of its iICAC 
surface model (b). b is the iICAC 
surface model (axial, coronal, 
and sagittal view) of one partici-
pant, where T on each point is 
represented by the varied color 
(darker red = thicker iICAC). The 
opacity of the model is reduced 
to 70% for clearer observation 
of its internal structure. c is the 
histogram of T values located on 
all points over this participant’s 
iICAC surface model
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standardized estimates visualized over brain regions). The 
standardized estimate β⋆

S  reflects the mean difference in SD 
units of regional BV associated with a one SD difference 
in S. This measure enables us to compare the magnitude 
of estimates between regions. Bilaterally, compared with 
other brain regions, the subcortical regions have the highest 
magnitudes of β⋆

S , displaying the strongest trend in BV loss 
associated with S. In the same model where 162 regional 
BVs are regressed on S, most subcortical structures’ vol-
umes, including each hemisphere’s thalamus, hippocampus, 
putamen, pallidum, ventral diencephalon, as well as the left 
amygdala, are significantly and negatively associated with 
S, except the bilateral caudate nucleus. Table 3 shows that 
bilateral putamen volumes have the strongest negative asso-
ciation with S among all the 162 regions (β⋆

S  visualized over 
subcortical structures in Fig. 4A).

Model 2 in Table 2 presents the comparable linear regres-
sion models of 10 regional BVs on T, again controlling for 
age, sex, population, and TICV (standardized estimates 
visualized over brain regions are shown in Fig. 4C). Com-
pared with Model 1, where regional BVs are regressed on 
S, fewer regional BVs are significantly and negatively asso-
ciated with T. Only the subcortical regions of both hemi-
spheres have significantly smaller BVs with larger T. The 
subcortical β⋆

T s from Model 2 are lower in magnitude than 
the subcortical β⋆

Ss from Model 1, indicating the weaker 

associations in regions supplied by the PCA. Regression 
Model 1 and 2 reveal how S or T independently contributes 
to these 10 regional BVs. Model 3 compares the relative 
importance of S and T in their contribution to regional BVs. 
Table 2 lists the regression estimates from Models 1, 2 and 3 
regressed on 10 regional BVs. In addition, we applied these 
three models to 162 regional BVs (148 cortical, 14 subcorti-
cal) further parcellated based on the Destrieux atlas. Table 3 
displays the regression results for 14 subcortical structures 
from Models 1, 2, and 3 regressed on 162 regional BVs. 
Figure  4A and B visualize the estimates of S over brain 
lobes and further-parcellated subcortical structures from 
Model 1 and 3, respectively. Figure 4C and D visualize the 
estimates of T over brain lobes and further-parcellated sub-
cortical structures from Model 2 and 3, respectively. The 
regression results for 148 cortical regions from Model 1, 2, 
and 3 are shown in Table S2, S3, and S4 (Online Resource), 
respectively, and visualized in Fig. S2  (Online Resource). 
The false discovery rate correction was applied to all regres-
sion models [48].

In Model 1, where 10 regional BVs are regressed on S 
(Table 2), we find that after controlling for age, sex, popu-
lation, and TICV, 60% (6 of 10) of brain regions are sig-
nificantly and negatively associated with S. These regions 
include the frontal and parietal lobes, as well as the sub-
cortical structures in each hemisphere (see Fig. 4A for the 

Table 2  Linear regression model 1, 2, and 3 where 10 regional BVs are regressed on S, on T, and on S as well as T simultaneously, controlling for 
age, sex, population, and total intracranial volume, after false discovery rate correction. model specifications use Wilkinson notation, e.g., BV ~ S 
indicates that S predicts BV

Model 1: BV ~ S Model 2: BV ~ T
Index Hemi Region βS(β⋆

S) SE p βT (β⋆
T ) SE p

1 L frontal −2.17 (−0.079) 0.581 < 0.001 −213.4 (−0.013) 332.2 0.729
2 R frontal −1.54 (−0.055) 0.594  0.022 41.3 (0.002) 338.3 0.903
3 L parietal −1.37 (−0.077) 0.447  0.006 −368.1 (−0.035) 254.7 0.297
4 R parietal −1.65 (−0.089) 0.454  0.001 −597.5 (−0.055) 258.7 0.059
5 L occipital −0.39 (−0.023) 0.436 0.473 161.9 (0.016) 247.6 0.729
6 R occipital 0.18 (0.010) 0.484 0.827 107.3 (0.010) 274.9 0.813
7 L temporal −0.75 (−0.045) 0.417 0.125 401.2 (0.040) 237.1 0.212
8 R temporal −0.78 (−0.044) 0.454 0.135  669.8 (0.064) 257.5 0.044
9 L subcortical −1.30 (−0.145) 0.200 < 0.001  −285.9 (−0.054) 115.3 0.047
10 R subcortical −1.28 (−0.142) 0.199 < 0.001  −321.9 (−0.061) 114.6 0.044

Model 3: BV ~ S + T
Index Hemi Region βS(β⋆

S) SE p βT (β⋆
T ) SE p

1 L frontal −2.39 (−0.086) 0.631  0.001 314.5 (0.019) 358.6 0.592
2 R frontal −1.85 (−0.066) 0.644  0.010 450.1 (0.027) 366.1 0.592
3 L parietal −1.32 (−0.074) 0.485  0.013 −75.8 (−0.007) 275.8 0.851
4 R parietal −1.46 (−0.079) 0.493  0.009 −274.9 (−0.025) 279.9 0.592
5 L occipital −0.59 (−0.035) 0.473 0.249 292.2 (0.030) 268.7 0.592
6 R occipital 0.13 (0.007) 0.525 0.810 79.4(0.007) 298.6 0.851
7 L temporal −1.21 (−0.072) 0.452  0.013  669.0 (0.067) 256.7 0.043
8 R temporal −1.46 (−0.082) 0.490  0.009  992.0 (0.095) 278.6 0.005
9 L subcortical −1.30 (−0.146) 0.217 < 0.001 1.4 (< 0.001) 123.3 0.991
10 R subcortical −1.25 (−0.139) 0.216 < 0.001 −45.9 (−0.009) 122.7 0.851
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those of T (βT ) are positive. Moreover, 6 more (8 com-
pared to 2) regional BVs exhibit significant associations 
with S than with T. Compared to Model 1 where regional 
BVs are regressed only on S, the volumes of both tempo-
ral lobes are significantly negatively associated with S in 
Model 3 with adjustment for T. Additionally, two significant 
negative βT s related to both sides of the subcortical region 
in Model 2 (where regional BVs are regressed only on T) 
are non-significant in Model 3, with the βT  related to the 
left subcortical region turning positive. The magnitudes of 
both subcortical β⋆

T s are substantially reduced from Model 
2 to Model 3, while the magnitudes of both subcortical β⋆

S

s remain similar. The statistical non-significance of β⋆
T  esti-

mates with adjustment for S, as well as the substantial reduc-
tion in magnitude of regression coefficients suggest that the 
impact from T on regional BV is smaller than that from S. 

contribution of T to subcortical BV loss compared to S. In 
addition, there is one marginally significant positive βT  in 
Model 2, indicating a potential positive relationship between 
T and the volume of the right temporal lobe. It is also notice-
able that, in both Models 1 and 2, no significant relationship 
is found between either hemisphere’s occipital lobe vol-
ume and S or T. This result is anatomically expected, as the 
occipital lobe is perfused by the posterior circulation (which 
is not directly supplied by the iICA).

Model 3 in Table 2 compares the contribution of S and 
T to regional BV, where both S and T were simultaneously 
modeled as predictors controlling for age, sex, popula-
tion, and TICV (see Fig.  4B and D for standardized esti-
mates visualized over brain regions). Collinearity is not a 
concern in Model 3, with low VIFs(below 2.00) of S and 
T. The significant estimates of S (βS) are negative while 

Table 3  Regression results for 14 subcortical regions (ventral DC refers to the ventral diencephalon) from model 1, 2, and 3 where totally 162 
regional BVs (parcellated based on Destrieux atlas) are regressed on S, on T, and on S as well as T simultaneously, controlling for age, sex, popula-
tion, and total intracranial volume, after false discovery rate correction. model specifications use Wilkinson notation, e.g., BV ~ S indicates that S 
predicts BV

Model 1: BV ~ S Model 2: BV ~ T
Index Hemi Region β⋆

S SE p β⋆
T SE p

a L Caudate −0.031 0.029 0.467 −0.028 0.028 0.629
b R Caudate −0.026 0.028 0.556 −0.046 0.027 0.334
c L Putamen −0.198 0.029 < 0.001 −0.035 0.028 0.559
d R Putamen −0.187 0.029 < 0.001 −0.058 0.029 0.231
e L Thalamus −0.109 0.027  0.001 −0.063 0.026 0.166
f R Thalamus −0.129 0.026 < 0.001 −0.092 0.025 0.013
g L Hippocampus −0.112 0.026 < 0.001 −0.054 0.025 0.215
h R Hippocampus −0.108 0.026  0.001 −0.006 0.025 0.952
i L Amygdala −0.083 0.028  0.020 −0.004 0.027 0.971
j R Amygdala −0.053 0.028 0.181 0.013 0.027 0.814
k L Pallidum −0.111 0.027  0.001 −0.030 0.026 0.572
l R Pallidum −0.096 0.028  0.004 −0.019 0.027 0.733
m L Ventral DC −0.129 0.026 < 0.001 −0.110 0.025 0.003
n R Ventral DC −0.134 0.025 < 0.001 −0.077 0.025 0.037

Model 3: BV ~ S + T
Index Hemi Region β⋆

S SE p β⋆
T SE p

a L Caudate −0.023 0.031 0.677 −0.020 0.030 0.806
b R Caudate −0.009 0.030 0.894 −0.043 0.029 0.505
c L Putamen −0.217 0.031 < 0.001 0.046 0.030 0.505
d R Putamen −0.192 0.032 < 0.001 0.014 0.031 0.863
e L Thalamus −0.098 0.030  0.008 −0.026 0.028 0.659
f R Thalamus −0.107 0.029  0.002 −0.052 0.028 0.390
g L Hippocampus −0.106 0.029  0.003 −0.014 0.027 0.863
h R Hippocampus −0.124 0.028 < 0.001 0.040 0.027 0.505
i L Amygdala −0.096 0.030  0.012 0.031 0.029 0.634
j R Amygdala −0.069 0.030 0.094 0.039 0.029 0.545
k L Pallidum −0.117 0.030  0.001 0.014 0.028 0.863
l R Pallidum −0.104 0.030  0.006 0.020 0.029 0.788
m L Ventral DC −0.100 0.029  0.005 −0.072 0.027 0.255
n R Ventral DC −0.121 0.028 < 0.001 −0.032 0.027 0.606

1 3

919



Neuroradiology (2026) 68:911–926

is associated with smaller BV across multiple brain regions 
(i.e., frontal, parietal, temporal) primarily supplied by ante-
rior and middle circulation but not posterior circulation. 
However, further longitudinal data are needed to establish 
a causal relationship and to evaluate the utility of S as a 
predictor of developing brain atrophy.

Bilaterally, subcortical BVs exhibit the strongest nega-
tive associations with S (|β⋆

S | ≥0.100) in Model 1 (where 
regional BVs are regressed on S) and in Model 3 (with both 
S and T as predictors). This suggests that the subcortical 
structures, including the putamen, thalamus, hippocam-
pus, amygdala, pallidum, and ventral diencephalon, are 
more vulnerable to volume loss associated with increasing 
S than other regions. This heightened vulnerability may be 
explained by two anatomical factors. First, the lenticulo-
striate arteries (LSAs), which arise from the M1 segment 
of the MCA and supply subcortical structures, are small in 
diameter. This makes them more sensitive to alterations in 
cerebral blood flow [51]. Second, the LSAs originate from 
the M1 segment at right angles, amplifying the transmission 
of pulsatile stress [52]. Since the MCA originates from the 
iICA, these findings align with the hypothesis that iICAC, 
particularly when extensive in surface area, impairs perfu-
sion to deep brain structures more severely than to cortical 
regions. Among all the subcortical structures, the putamen 
(one of the basal ganglia) exhibits the strongest negative 

Discussion

This study analyzed the relationship between iICAC and 
regional BV using a novel automated method to quantify 
iICAC S and T from CT images. Our findings identify a 
statistically significant association between S and regional 
BV loss. The subcortical BVs exhibit the strongest negative 
associations with S among all brain regions, suggesting their 
heightened vulnerability to atrophy related to increased S. 
Compared to S, T exhibits a relatively weaker association 
with regional brain atrophy, suggesting that arterial stiffness 
indicated by S may contribute more to brain atrophy com-
pared to arterial stenosis indicated by T.

iICAC-related change in BV

Model 1 (using S as a predictor of regional BVs) and Model 
3 (using both S and T as predictors) revealed statistically 
significant negative relationships between S and regional 
BVs. Specifically, 90% (9 of 10) of regional BVs in Model 
1 using only an S predictor exhibited negative βS  estimates, 
with 6 reaching statistical significance. In Model 3 (using 
both S and T as predictors), the same 90% (9 of 10) βS  
estimates were negative, but with 8 being statistically sig-
nificant. These patterns suggest a trend in which greater S 

Fig. 4  Standardized estimates distributed over 4 brain lobes in each 
hemisphere (8 total, each being labelled according to the index of 
Table 2) and 6 bilateral subcortical structures (12 total, each labelled 
according to the index of Table 3). a visualizes the standardized esti-
mates of S from Model 1 where regional BVs are regressed only on 
S. b visualizes the standardized estimates of S from Model 3 where 
regional BVs are regressed on S and T simultaneously. c visualizes 

the standardized estimates of T from Model 2 where regional BVs are 
regressed only on T. d visualizes the standardized estimates of T from 
Model 3 where regional BVs are regressed on S and T simultaneously. 
Data were analyzed by linear regression, adjusted for age, sex, popula-
tion, and total intracranial volume, after false discovery rate correc-
tion (Note: βX−std ≡ β⋆

X ) 
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stiffness (which is assumed to be explained by S). These 
results provide valuable insights into the mechanisms by 
which arterial calcification influences cerebral blood flow 
and potentially causes brain atrophy, indicating the poten-
tial importance of preserving arterial elasticity in preventing 
vascular contributions to brain dysfunction. 

Indirect effects of iICAC on brain regions

Brain structures are not directly fed by the iICA, but by 
the ACA, MCA, and PCA [34]. Among the 4 brain lobes, 
3 of them are primarily fed by the ACA or MCA, while the 
occipital lobe is primarily fed by the PCA [35]. The ACA 
and MCA arise from the terminal bifurcation of the iICA, 
while the PCA does not [36]. This explains the finding that 
no significant relationship was found between the volume of 
occipital lobe and iICAC S or T.

In addition, downstream brain regions far from the iICA, 
such as frontal and parietal lobes, were more affected by S 
compared to the temporal lobe closer to the iICA. This may 
be because the expansion of iICAC S, which is assumed to 
increase arterial stiffness and reduce pulsatility, might still 
allow some blood to reach the lobes closer to the iICA but 
might allow less blood to reach downstream lobes farther 
from the iICA. The subcortical region supplied by the LSAs 
has the strongest negative association with S, which may 
be explained by several anatomical and hemodynamic fea-
tures of LSAs. First, the LSAs arise perpendicularly from 
the M1 segment of the MCA [52]. When iICAC reduces the 
blood flow within parent arteries, the right-angle origin of 
LSAs may further impede perfusion to subcortical regions. 
Second, the LSAs are terminal arteries with no significant 
collateral circulation, rendering their territories particularly 
vulnerable to hypoperfusion [58]. Third, the small size of 
LSAs reduces perfusion to subcortical structures when cere-
bral blood flow is altered by iICAC from the origin arteries 
[51].

Limitations

This study introduces a novel automated method for quan-
tifying the complex morphological features of iICAC, 
including S and T, and provides valuable insights into the 
relationship between iICAC and regional brain atrophy. 
Nonetheless, several limitations should be acknowledged. 
First, while studying indigenous populations offers unique 
insights into iICAC and brain atrophy among groups with 
low coronary atherosclerosis living in non-industrialized 
settings, it also limits the generalizability of our findings. 
Future studies should compare these associations with 
results in other populations with different lifestyles, and 
should test the role of vascular risk factors for dementia that 

association with S (Table 3, visualized in Fig. 4A and B), 
indicating the volume loss of the putamen is most possible 
with increased S. Atrophy of the putamen was found by a 
study in the Netherlands to be significantly correlated with 
cognitive decline in AD [53]. The negative association 
between S and the subcortical BV indicates that the atrophy 
of deeper brain regions may be more associated with iICAC 
calcification and warrants further investigation into the rela-
tionship between iICAC and neurodegenerative diseases 
related to this atrophy.

Although some regions (notably the right temporal lobe) 
showed modest positive β values for T, these effects were 
small and not statistically robust. Given that T represents 
only a localized maximal thickness measurement and is 
therefore more sensitive to noise, these isolated positive 
associations should be interpreted with caution. By contrast, 
S reflects the global calcification burden and consistently 
demonstrates stronger, more biologically plausible associa-
tions with regional brain volume. Future studies with larger 
cohorts will be needed to determine whether the localized 
temporal findings related to T are reproducible.

Arterial stiffness compared with stenosis

There are two main mechanisms hypothesized to explain 
how changes in arterial properties impact blood flow and 
contribute to brain atrophy: arterial stiffness and arterial ste-
nosis. Arterial stiffness reduces the artery’s ability to expand 
and contract with each heartbeat, leading to impaired cere-
bral blood flow regulation [54, 55]. This loss of elasticity 
increases pulsatile pressure, damages small vessels, and 
disrupts cerebral autoregulation, which may contribute to 
chronic hypoperfusion and brain atrophy [13, 14, 56, 57]. 
As iICAC increases, the expansion of S may cause reduced 
elasticity of iICA walls, which makes S a potentially repre-
sentative parameter of arterial stiffness. In contrast, arterial 
stenosis is assumed to increase when T grows and narrows 
the artery lumen, restricting blood flow and reducing oxy-
gen supply to the brain, potentially accelerating neurode-
generation and volume loss [15]. In our study, S, which is 
assumed to possibly indicate arterial stiffness, exhibited a 
significant negative relationship with regional BV. By con-
trast, T, assumed to represent arterial stenosis, did not. When 
S is modeled as an independent variable along with T, from 
Model 2 to Model 3, the standardized estimates of T (β⋆

T ) 
on subcortical BV become smaller in magnitude and change 
from negative to positive. This suggests that the surface area 
of calcification, which is assumed to indicate arterial stiff-
ness, has a more profound association with brain atrophy 
compared to the thickness of calcification. Arterial steno-
sis, as assumed to be represented by T, appears to play very 
little role in brain atrophy in this population beyond arterial 
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are presumably more frequent in more industrialized popu-
lations. Second, the cross-sectional nature of the study lim-
its our ability to draw conclusions about causal relationships 
between iICAC expansion and brain atrophy. Longitudinal 
studies are needed to better understand the temporal pro-
gression of iICAC morphometry and its potential impacts on 
brain health over time. Third, the measurement of T was con-
strained by the spatial resolution of the CT scans. Utilizing 
a CT scanner with higher spatial resolution could improve 
the precision of T quantification, particularly for capturing 
finer morphological details. Fourth, while we focused on S 
as a proxy for arterial stiffness, more direct measurements 
of stiffness, such as pulse wave velocity or other mechani-
cal properties, could provide a more precise understanding 
of how arterial stiffness influences brain structures. Future 
research should incorporate more direct stiffness assess-
ments to enhance the accuracy and depth of findings regard-
ing the impact of iICAC on brain atrophy and to validate S 
as a marker of arterial stiffness. Fifth, the T metric used in 
this study does not distinguish whether iICAC thickening 
occurs inward, narrowing the arterial lumen, or outward, 
expanding beyond the vessel wall. This limitation arises 
because the segmentation relies on a lumen mask including 
both the artery wall and the space inside the vessel. Future 
studies with accurate arterial wall labeling could enable a 
stricter measure of narrowness that separates inward ver-
sus outward growth of iICAC. Sixth, the CT-derived syn-
thetic MRI volumes remain a limitation. Validation on 
independent datasets (Irimia and SynthRAD2023) showed 
participant-wise weighted percent differences below 12% 
compared to real MRI-derived volumes, indicating gener-
ally acceptable agreement but also highlighting residual dis-
crepancies. Future work should also aim to improve brain 
segmentation pipelines to further enhance volumetric accu-
racy. It may also be important to note that conducting MRI 
in this population is not feasible, because there are no MRI 
facilities within a reasonable travel distance from the popu-
lation; thus, CT remains the only available modality.

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​0​​0​2​3​4​-​0​
2​6​-​0​3​9​1​8​-​9.

Author contributions  X.X., H.K., and A.I. designed the study. X.X. 
performed the study. B.B., G.S., M.A., and G.B. contributed to data 
labeling. D.K.C., D.E.R., P.L.H., E.S., R.C.T., B.C.T., M.D.G., J.S., 
C.E.F., M.G., and H.K. contributed to data acquisition. X.X., N.N.C., 
B.H., G.B., M.L.S., J.D.S., H.C.C., M.G., W.J.M., H.K., and A.I. con-
tributed to data analysis and interpretation. X.X., N.N.C., P.I., N.F.C., 
F.L., J.A.S.G., B.H., G.B., P.L.H., R.C.T., B.C.T., M.D.G., J.S., C.E.F., 
M.L.S., J.D.S., H.C.C., M.G., W.J.M., H.K., and A.I. contributed to 
manuscript preparation. All authors reviewed the manuscript.

Funding  Open access funding provided by SCELC, Statewide Cali-
fornia Electronic Library Consortium. This research was funded in 

1 3

922

https://tsimane.anth.ucsb.edu/data.html
https://tsimane.anth.ucsb.edu/data.html
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s00234-026-03918-9
https://doi.org/10.1007/s00234-026-03918-9


Neuroradiology (2026) 68:911–926

18.	 Kraft TS, Stieglitz J, Trumble BC, Martin M, Kaplan H, Gurven 
M (2018) Nutrition transition in 2 lowland Bolivian subsistence 
populations. Am J Clin Nutr 108(6):1183–95

19.	 Dinkel KA, Costa ME, Kraft TS, Stieglitz J, Cummings DK, Gur-
ven M et al (2020) Relationship of sanitation, water boiling, and 
mosquito Nets to health biomarkers in a rural subsistence popula-
tion. Am J Hum Biology 32(1):e23356

20.	 Kaplan H, Hooper PL, Gatz M, Mack WJ, Law EM, Chui HC 
et al (2023) Brain volume, energy balance, and cardiovascular 
health in two nonindustrial South American populations. Proc 
Natl Acad Sci U S A 120(13):e2205448120

21.	 Kaplan H, Thompson RC, Trumble BC, Wann LS, Allam AH, 
Beheim B et al (2017) Coronary atherosclerosis in indigenous 
South American Tsimane: a cross-sectional cohort study. Lancet 
389(10080):1730–9

22.	 Harper E, Forde H, Davenport C, Rochfort KD, Smith D, Cum-
mins PM (2016) Vascular calcification in type-2 diabetes and 
cardiovascular disease: integrative roles for OPG, RANKL and 
TRAIL. 82:30–40Vascular pharmacology

23.	 Moran C, Phan TG, Chen J, Blizzard L, Beare R, Venn A et al 
(2013) Brain atrophy in type 2 diabetes: regional distribution and 
influence on cognition. Diabetes Care 36(12):4036–42

24.	 Sabayan B, van Buchem MA, Sigurdsson S, Zhang Q, Meire-
lles O, Harris TB et al (2016) Cardiac and carotid markers link 
with accelerated brain atrophy: the AGES–Reykjavik study 
(Age, Gene/Environment Susceptibility–Reykjavik). Arterioscler 
Thromb Vasc Biol 36(11):2246–2251

25.	 Li W, Chen D, Wong S-s, Kwan M-P, Tse LA (2025) Associations 
of smoking status with carotid atherosclerosis: mediated role of 
blood indexes and blood pressure. Nutr Metab Cardiovasc Dis 
35(2):103709

26.	 Meysami S, Garg S, Hashemi S, Akbari N, Gouda A, Choda-
kiewitz YG et al (2025) Smoking predicts brain atrophy in 10,134 
healthy individuals and is potentially influenced by body mass 
index. NPJ Dement 1(1):17

27.	 Barisano G, Sutherland ML, Sutherland JD, Gatz M, Mack WJ, 
Chui HC et al (2023) Prevalence of cerebrovascular calcifica-
tions in indigenous Bolivian Tsimane and Moseten. Alzheimers 
Dement 19:e064946

28.	 Vinke EJ, Yilmaz P, van der Toorn JE, Fakhry R, Frenzen K, 
Dubost F et al (2021) Intracranial arteriosclerosis is related to 
cerebral small vessel disease: a prospective cohort study. Neuro-
biol Aging 105:16–24

29.	 Bjergfelt SS, Sørensen IM, Hjortkjær HØ, Landler N, Ballegaard 
EL, Biering-Sørensen T et al (2021) Carotid plaque thickness is 
increased in chronic kidney disease and associated with carotid 
and coronary calcification. PLoS One 16(11):e0260417

30.	 Kockelkoren R, Vos A, Van Hecke W, Vink A, Bleys RL, Ver-
doorn D et al (2017) Computed tomographic distinction of inti-
mal and medial calcification in the intracranial internal carotid 
artery. PLoS One 12(1):e0168360

31.	 Woodcock RJ Jr, Goldstein JH, Kallmes DF, Cloft HJ, Phillips 
CD (1999) Angiographic correlation of CT calcification in the 
carotid siphon. AJNR Am J Neuroradiol 20(3):495–9

32.	 Babiarz LS, Yousem DM, Wasserman BA, Wu C, Bilker W, 
Beauchamp NJ (2003) Cavernous carotid artery calcification and 
white matter ischemia. AJNR Am J Neuroradiol 24(5):872–7

33.	 Subedi D, Zishan US, Chappell F, Gregoriades M-L, Sudlow C, 
Sellar R et al (2015) Intracranial carotid calcification on cranial 
computed tomography: visual scoring methods, semiautomated 
scores, and volume measurements in patients with stroke. Stroke 
46(9):2504–9

34.	 Zarrinkoob L, Ambarki K, Wåhlin A, Birgander R, Eklund A, 
Malm J (2015) Blood flow distribution in cerebral arteries. J 
Cereb Blood Flow Metab 35(4):648–654

References

1.	 Bartstra JW, van den Beukel TC, Van Hecke W, Mali WP, Spier-
ing W, Koek HL et al (2020) Intracranial arterial calcification: 
prevalence, risk factors, and consequences: JACC review topic of 
the week. J Am Coll Cardiol 76(13):1595–1604

2.	 Kockelkoren R, De Vis JB, de Jong PA, Vernooij MW, Mali 
WPTM, Hendrikse J et al (2018) Intracranial carotid artery calci-
fication from infancy to old age. J Am Coll Cardiol 72(5):582–4

3.	 Bos D, Portegies ML, van der Lugt A, Bos MJ, Koudstaal PJ, 
Hofman A et al (2014) Intracranial carotid artery atherosclerosis 
and the risk of stroke in whites: the Rotterdam study. JAMA Neu-
rol 71(4):405–11

4.	 De Weert T, Cakir H, Rozie S, Cretier S, Meijering E, Dippel D et 
al (2009) Intracranial internal carotid artery calcifications: asso-
ciation with vascular risk factors and ischemic cerebrovascular 
disease. Am J Neuroradiol 30(1):177–184

5.	 Hodler J, Kubik-Huch RA, von Schulthess GK (2020) Diseases 
of the brain, head and neck, spine 2020–2023: diagnostic imaging

6.	 Zheng L, Vinters HV, Mack WJ, Zarow C, Ellis WG, Chui HC 
(2013) Cerebral atherosclerosis is associated with cystic infarcts 
and microinfarcts but not Alzheimer pathologic changes. Stroke 
44(10):2835–2841

7.	 Zheng L, Vinters HV, Mack WJ, Weiner MW, Chui HC, Proj-
ect IP (2016) Differential effects of ischemic vascular disease 
and alzheimer’s disease on brain atrophy and cognition. J Cereb 
Blood Flow Metabolism 36(1):204–215

8.	 Chaudhari NN, Imms PE, Chowdhury NF, Gatz M, Trumble 
BC, Mack WJ et al (2024) Increases in regional brain volume 
across two native South American male populations. Geroscience 
46(5):4563–83

9.	 Irimia A, Chaudhari NN, Robles DJ, Rostowsky KA, Maher AS, 
Chowdhury NF et al (2021) The indigenous South American Tsi-
mane exhibit relatively modest decrease in brain volume with age 
despite high systemic inflammation. J Gerontol A Biol Sci Med 
Sci 76(12):2147–55

10.	 Whitwell JL (2010) Progression of atrophy in Alzheimer’s dis-
ease and related disorders. Neurotox Res 18(3):339–346

11.	 van den Beukel TC, Wolters FJ, Siebert U, Spiering W, Ikram 
MA, Vernooij MW et al (2024) Intracranial arteriosclerosis and 
the risk of dementia: a population-based cohort study. Alzheim-
er’s Dement 20(2):869–879

12.	 Chen Y, Zhao X, Wu H (2020) Arterial stiffness: a focus on vas-
cular calcification and its link to bone mineralization. Arterioscler 
Thromb Vasc Biol 40(5):1078–1093

13.	 Haidegger M, Lindenbeck S, Hofer E, Rodler C, Zweiker R, 
Perl S et al (2023) Arterial stiffness and its influence on cere-
bral morphology and cognitive function. Ther Adv Neurol Disord 
16:17562864231180715

14.	 Palta P, Sharrett AR, Wei J, Meyer ML, Kucharska-Newton A, 
Power MC et al (2019) Central arterial stiffness is associated with 
structural brain damage and poorer cognitive performance: the 
ARIC study. J Am Heart Assoc 8(2):e011045

15.	 Muller M, van der Graaf Y, Algra A, Hendrikse J, Mali WP, Geer-
lings MI (2011) Carotid atherosclerosis and progression of brain 
atrophy: the SMART-MR study. Ann Neurol 70(2):237–44

16.	 Gurven M, Stieglitz J, Trumble B, Blackwell AD, Beheim B, 
Davis H et al (2017) The Tsimane health and life history project: 
integrating anthropology and biomedicine. Evol Anthropol Issues 
News Rev 26(2):54–73

17.	 Lea AJ, Garcia A, Arevalo J, Ayroles JF, Buetow K, Cole SW et al 
(2023) Natural selection of immune and metabolic genes associ-
ated with health in two lowland Bolivian populations. Proc Natl 
Acad Sci 120(1):e2207544120

1 3

923



Neuroradiology (2026) 68:911–926

47.	 Thummerer A, Van der Bijl E, Galapon A Jr, Verhoeff JJ, Lan-
gendijk JA, Both S et al (2023) SynthRAD2023 grand challenge 
dataset: generating synthetic CT for radiotherapy. Med Phys 
50(7):4664–4674

48.	 Benjamini Y, Hochberg Y (1995) Controlling the false discovery 
rate: a practical and powerful approach to multiple testing. J Roy 
Stat Soc: Ser B (Methodol) 57(1):289–300

49.	 Shapiro SS, Wilk MB (1965) An analysis of variance test for nor-
mality (complete samples). Biometrika 52(3–4):591–611

50.	 Spearman C (1961) The proof and measurement of association 
between two things

51.	 Marinković S, Gibo H, Milisavljević M, Ćetković M (2001) Ana-
tomic and clinical correlations of the lenticulostriate arteries. Clin 
Anatomy: Official J Am Association Clin Anatomists Br Associa-
tion Clin Anatomists 14(3):190–195

52.	 Akashi T, Taoka T, Ochi T, Miyasaka T, Wada T, Sakamoto M et 
al (2012) Branching pattern of lenticulostriate arteries observed 
by MR angiography at 3.0 T. Jpn J Radiol 30:331–5

53.	 de Jong LW, van der Hiele K, Veer IM, Houwing J, Westendorp 
R, Bollen E et al (2008) Strongly reduced volumes of puta-
men and thalamus in alzheimer’s disease: an MRI study. Brain 
131(12):3277–3285

54.	 Young T (1809) On the functions of the heart and arteries. Print. 
W. Bulmer

55.	 Nichols W (2005) McDonald’s blood flow in arteries. Theoreti-
cal, experimental and clinical principles 67:321–37

56.	 Laurent S, Boutouyrie P, Asmar R, Gautier I, Laloux B, Guize 
L et al (2001) Aortic stiffness is an independent predictor of 
all-cause and cardiovascular mortality in hypertensive patients. 
Hypertension 37(5):1236–41

57.	 Westerhof N, Stergiopulos N, Noble MI, Westerhof BE (2018) 
Snapshots of hemodynamics: an aid for clinical research and 
graduate education. Springer

58.	 Chen Y-C, Wei X-E, Lu J, Qiao R-H, Shen X-F, Li Y-H (2019) 
Correlation between the number of lenticulostriate arteries and 
imaging of cerebral small vessel disease. Front Neurol 10:882

Publisher’s note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

35.	 Tatu L, Moulin T, Bogousslavsky J, Duvernoy H (1998) Arterial 
territories of the human brain: cerebral hemispheres. Neurology 
50(6):1699–1708

36.	 Linfante I, Llinas RH, Selim M, Chaves C, Kumar S, Parker RA 
et al (2002) Clinical and vascular outcome in internal carotid 
artery versus middle cerebral artery occlusions after intravenous 
tissue plasminogen activator. Stroke 33(8):2066–71

37.	 Schneider CA, Rasband WS, Eliceiri KW (2012) NIH image to 
ImageJ: 25 years of image analysis. Nat Methods 9(7):671–5

38.	 Agatston AS, Janowitz WR, Hildner FJ, Zusmer NR, Viamonte 
M Jr, Detrano R (1990) Quantification of coronary artery cal-
cium using ultrafast computed tomography. J Am Coll Cardiol 
15(4):827–832

39.	 Bos D, van der Rijk MJ, Geeraedts TE, Hofman A, Krestin GP, 
Witteman JC et al (2012) Intracranial carotid artery atherosclero-
sis: prevalence and risk factors in the general population. Stroke 
43(7):1878–84

40.	 Fedorov A, Beichel R, Kalpathy-Cramer J, Finet C, Fillion-Robin 
C, Pujol S et al (2012) 3D slicer as an image computing platform 
for the Quantitative Imaging Network. Magn Reson Imaging 
30(9):1323–41

41.	 Schroeder W, Martin KM, Lorensen WE (1998) The visualization 
toolkit an object-oriented approach to 3D graphics. Prentice-Hall, 
Inc

42.	 Irimia A, Maher AS, Rostowsky KA, Chowdhury NF, Hwang 
DH, Law EM (2019) Brain segmentation from computed tomog-
raphy of healthy aging and geriatric concussion at variable spatial 
resolutions. Front Neuroinform 13:9

43.	 Iglesias JE, Billot B, Balbastre Y, Magdamo C, Arnold SE, Das 
S et al (2023) SynthSR: a public AI tool to turn heterogeneous 
clinical brain scans into high-resolution T1-weighted images for 
3D morphometry. Sci Adv 9(5):eadd3607

44.	 Destrieux C, Fischl B, Dale A, Halgren E (2010) Automatic 
parcellation of human cortical gyri and sulci using standard 
anatomical nomenclature. NeuroImage 53(1):1–15. 0.1016/j.
neuroimage.2010.06.010

45.	 Fischl B (2012) FreeSurfer. Neuroimage 62(2):774–81. ​h​t​t​p​​s​:​/​​/​d​o​
i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​j​.​​n​e​u​​r​o​i​​m​a​g​e​​.​2​​0​1​2​.​0​1​.​0​2​1

46.	 Irimia A, Chambers MC, Torgerson CM, Van Horn JD (2012) 
Circular representation of human cortical networks for subject 
and population-level connectomic visualization. Neuroimage 
60(2):1340–51. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​o​​r​​g​​/​​1​0​​.​1​0​​​1​​6​​/​j​.​​n​e​u​r​​o​i​m​​​a​g​​e​.​​2​0​1​​2​.​0​1​.​1​0​
7

1 3

924

https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.107
https://doi.org/10.1016/j.neuroimage.2012.01.107


Neuroradiology (2026) 68:911–926

Authors and Affiliations

Xiao Xu1,2 · Nikhil N. Chaudhari1,2 · Phoebe Imms2 · Nahian F. Chowdhury2 · Fangyun C. Liu2,3 ·  
Jorge A. Solis Galvan1,2 · Bavrina Bigjahan4,5 · Grant Schleifer6 · Maria Ashna7 · Blake Hannagan8 · 
Giuseppe Barisano9 · Daniel K. Cummings8 · Daniel Eid Rodriguez10,11 · Paul L. Hooper8,12 · Edmond Seabright13 · 
Randall C. Thompson14 · Benjamin C. Trumble15,16 · Michael D. Gurven17 · Jonathan Stieglitz18 ·  
Caleb E. Finch2,19,20,21 · M. Linda Sutherland22 · James D. Sutherland22 · Helena C. Chui23 · Margaret Gatz24 ·  
Wendy J. Mack25 · Hillard S. Kaplan8 · Andrei Irimia1,2,3,26

	
 Andrei Irimia
irimia@usc.edu

Xiao Xu
xxu44271@usc.edu

Nikhil N. Chaudhari
nikhilc@usc.edu

Phoebe Imms
Phoebe.imms@gmail.com

Nahian F. Chowdhury
nfchowdh@usc.edu

Fangyun C. Liu
fangyunl@usc.edu

Jorge A. Solis Galvan
solisgal@usc.edu

Bavrina Bigjahan
bigjahan@gmail.com

Grant Schleifer
gschleif11@gmail.com

Maria Ashna
maria@thetravelingguitar.net

Blake Hannagan
hannagan@chapman.edu

Giuseppe Barisano
giuseppe.barisano91@gmail.com

Daniel K. Cummings
Dankcummings@gmail.com

Daniel Eid Rodriguez
d.eid@umss.edu

Paul L. Hooper
pablophoenix@gmail.com

Edmond Seabright
ed.seabright@gmail.com

Randall C. Thompson
heartrct@googlemail.com

Benjamin C. Trumble
btrumble@asu.edu

Michael D. Gurven
Gurven@anth.ucsb.edu

Jonathan Stieglitz
jonathan.stieglitz@iast.fr

Caleb E. Finch
cefinch@usc.edu

M. Linda Sutherland
mlsutherland@me.com

James D. Sutherland
jds5145@gmail.com

Helena C. Chui
helena.chui@med.usc.edu

Margaret Gatz
gatz@usc.edu

Wendy J. Mack
wmack@usc.edu

Hillard S. Kaplan
hkaplan@chapman.edu

1	 Alfred E. Mann Department of Biomedical Engineering, 
Viterbi School of Engineering, University of Southern 
California, Los Angeles, United States

2	 Ethel Percy Andrus Gerontology Center, Leonard Davis 
School of Gerontology, University of Southern California, 
Los Angeles, United States

3	 Department of Quantitative and Computational Biology, 
Dana and David Dornsife College of Letters, Arts and 
Sciences, University of Southern California, Los Angeles, 
United States

4	 Department of Radiology, Keck School of Medicine, 
University of Southern California, Los Angeles, United 
States

5	 School of Medicine, University of Illinois at Chicago, 
Chicago, United States

6	 Department of Physical Medicine and Rehabilitation, 
Harvard Medical School, Cambridge, United States

7	 Brain and Creativity Institute, University of Southern 
California, Los Angeles, United States

8	 Economic Science Institute, Argyros School of Business and 
Economics, Chapman University, Orange, United States

9	 Department of Neurosurgery, Stanford University, Stanford, 
United States

10	 Institute of Biomedical Research, Universidad Mayor de San 
Simon, Cochabamba, Bolivia

11	 Tsimane Health and Life History Project, San Borja, Bolivia
12	 Department of Anthropology, University of New Mexico, 

Albuquerque, United States
13	 School of Collective Intelligence, Université Mohammed VI 

Polytechnique, Marrakesh, Morocco

1 3

925



Neuroradiology (2026) 68:911–926

14	 Saint Luke’s Mid America Heart Institute, University of Missouri–Kansas City, Kansas City, United States
15	 Center for Evolution and Medicine, School of Human Evolution and Social Change, Arizona State University, Tempe, United States
16	 Institute of Human Origins, Arizona State University, Tempe, United States
17	 Department of Anthropology, University of California, Santa Barbara, Santa Barbara, United States
18	 Department of Social and Behavioral Sciences, Toulouse School of Economics, Toulouse, France
19	 Department of Biological Sciences, Dana and David Dornsife College of Letters, Arts and Sciences, University of Southern California, 

Los Angeles, United States
20	 Department of Anthropology, Dana and David Dornsife College of Letters, Arts and Sciences, University of Southern California, Los 

Angeles, United States
21	 Department of Psychology, Dana and David Dornsife College of Letters, Arts and Sciences, University of Southern California, Los 

Angeles, United States
22	 MemorialCare Health Systems, Fountain Valley, United States
23	 Department of Neurology, Keck School of Medicine, University of Southern California, Los Angeles, United States
24	 Center for Economic and Social Research, Dana and David Dornsife College of Letters, Arts and Sciences, University of Southern 

California, Los Angeles, United States
25	 Department of Population and Public Health Sciences, Keck School of Medicine, University of Southern California, Los Angeles, 

United States
26	 Institute of Psychiatry, Psychology and Neuroscience, Department of Psychological Medicine, Kings College London, London, United 

Kingdom

1 3

926


	﻿Segmentation and morphometry of intracranial internal carotid artery calcification in relation to brain atrophy
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Participants
	﻿Imaging
	﻿iICAC segmentation


	﻿Reproducibility of iICAC segmentation across CT spatial resolutions
	﻿iICAC ﻿S﻿ and ﻿T﻿ calculation
	﻿Brain segmentation
	﻿Validation of CT-derived Synthetic MRI volumetrics
	﻿Regression analysis between iICAC measurements and regional BV
	﻿Results
	﻿iICAC measurements
	﻿Reproducibility of iICAC measurements across CT spatial resolutions
	﻿Validation of CT-derived synthetic MRI volumetrics
	﻿Relationship of iICAC to regional BVs

	﻿Discussion
	﻿iICAC-related change in BV
	﻿Arterial stiffness compared with stenosis
	﻿Indirect effects of iICAC on brain regions
	﻿Limitations

	﻿References


