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Abstract 
Purpose: 

While vessel atlases, i.e. building one global mean representative vascular model, and vessel patterns, i.e. 

finding distinct differences in how a structure is vascularized across subjects, have gained momentum 

recently, both concepts are treated as two separated entities currently. The aim of this study was to bridge 

vessel atlases and patterns by identifying distinct arterial and venous vascular patterns in the human 

putamen at the mesoscopic scale using MRI.  

Methods: 

High resolution MRI of 20 healthy subjects (40 hemispheres) is leveraged to compute arterial and venous 

segmentations, respectively. The recently introduced Vessel Distance Mapping (VDM) framework was 

combined with so-called vascular fingerprints to find arterial and venous patterns in an unsupervised 

manner, respectively. As a complementary approach, qualitative pattern descriptions and expert ratings 

were generated. The patterns found are compared with each other and to the global mean in native image 

space and after spatial normalization to MNI space, respectively.  

Results: 

Automatic clustering and expert rating found similar vessel patterns in the putamen, with arterial and 

venous patterns following a unimodal and bimodal distribution, respectively. When neglecting patterns 

with single putamen assigned, the automatic clustering found 4 arterial and 3 venous, while the expert 

rating found 3 arterial and 4 venous patterns. While the patterns showed distinct differences w.r.t. each 
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other, arterial vascularization in the putamen is well described by one global mean with unimodal 

distributed subject-specific variations. Venous pattern showed a bimodal distribution with either a lower 

or higher vascularization then the global mean, limiting the representative character of a single global 

representation as commonly used in vessel atlases.  

Conclusion: 

To you best knowledge, this is the first description of distinctively different vessel patterns in the human 

putamen using MRI. Further, we provide tools to investigate the vasculature beyond global averages, i.e. 

by identifying vessel patterns using either unsupervised clustering or expert ratings. Furture applications 

included assessment of vessel biases in layer-specific function MRI and vascular resistance and resilience 

mechanisms in pathologies. Overall, the study advocates the use of vessel pattern-specifics atlases which 

become more relevant with increasing imaging resolutions as vessel patterns become more 

heterogeneous and explicit vessel co-registration is no longer possible. 

Key words: Vessel distance mapping; magnetic resonance imaging; ultra-high field; vessel imaging; 

vasculature; 

 

 

Introduction 
 

The vasculature has a profound effect on the brain’s function in health and disease. In recent years, 

tremendous progress with respect to mapping the vasculature has been made, such as the introduction 

of magnetic resonance imaging (MRI)-based vessel atlases (Huck et al. 2019; Bernier et al. 2018; Ward et 

al. 2018; Viviani 2016; Grabner et al. 2014; Mouches and Forkert 2019; Forkert et al. 2013; Dufour et al. 

2013). The main objective of these atlases was to provide the methodology to map and quantify the 

vasculature (similar to voxel-based morphometry (Ashburner and Friston 2000)). Further, understanding 

the vascular bias of the functional MRI (fMRI) signal was a driving force for these atlases. 

Besides these neuroscientific incentives to map the vasculature in vivo, neurological studies investigated 

vessel patterns as mechanisms for resistance and resilience towards pathologies. The hippocampal 

arterial vessel pattern, i.e. whether or not the anterior choroidal artery is involved in the supply of the 

hippocampus, has been linked to cognitive reserve in cerebral small vessel disease (Perosa et al. 2020; 

Vockert et al. 2021).  

This study aims to close the gap between the neuroscientific and neurological approach, hence, bring 

vessel mapping and vessel pattern into one framework. In this proof-of-principle study, the arterial and 

venous vasculature in the human putamen are studied at the mesoscopic scale (defined in this study as 

voxel volumes of approx. 0.125 mm³ or less). To that end, high resolution MRI is used and the following 

ideas as well as challenges are addressed:  

1) While explicit vessel co-registration, i.e. matching the positions of vessels across subjects, is a powerful 

tool to normalize the cerebral vascular tree, the vasculature becomes more variable across subjects with 

decreasing vessel diameter (Huck et al. 2019; Bernier et al. 2018). When leveraging high resolution MRI 



to assess the vasculature at the mesoscopic scale, inter-subject vessel probabilities decrease with 

decreasing vessel diameter even when using vessel co-registration (Bernier et al. 2018). This is due to 

inter-subject variabilities of higher order branches of the vascular tree, i.e. different number of arteries 

supplying the putamen across subjects (Akashi et al. 2012; Wei et al. 2022). Instead of enforcing one-on-

one matches of the vasculature across subjects, we propose to perform only spatial normalization and 

using vessel distance maps instead of vessel overlaps or densities. This is motivated by past studies 

leveraging vessel distances (Huck et al. 2019; Bernier et al. 2018; Bause et al. 2020; Haast et al. 2021) and 

further extended for pattern assessment in this study. We coined the approach Vessel Distance Mapping 

(VDM) (Garcia-Garcia et al. 2023) and envisioned VDM as complementary approach to vessel densities 

(Feldman et al. 2020). 

2) Beyond vessel atlas building, a framework is proposed to find distinct vessel patterns in the putamen 

i.e. identify differences in how the vessels propagate through a region of interest. To that end, expert 

rating as well as a complementary automatic approach using clustering of so-called vascular fingerprints 

is proposed. The main incentive is to test if distinct vessel patterns in the putamen exist and how well 

these would be represented by a single average vessel atlas. 

To test the proposed methodology the putamen was selected for four reasons. First and as mentioned 

before, its vasculature is highly variable across subjects, rendering vessel co-registrations arguably 

infeasible. Second, Huck et al. excluded all deep gray matter in their high-resolution venous atlas (Huck et 

al. 2019), rendering an assessment of the putamen’s venous vasculature valuable. Fourth, the putamen’s 

arteries supply neurologically critical zones (Takahashi 2010). Last, the putamen and its vasculature can 

be depicted reliably using high-resolution MRI (Mattern et al. 2018; Mattern et al. 2019; Akashi et al. 2012; 

Conijn et al. 2009; Kang et al. 2009; Ward et al. 2018; Huck et al. 2019; Bernier et al. 2018) and, therefore, 

enable the proposed vessel pattern assessment at the mesoscopic scale. 

 

Methods 
In the following the data used, image processing applied, methods implemented, and statistical 

assessment performed are explained. The aim was to identify distinctively different arterial and venous 

patterns in the human putamen. To avoid ambiguity, vessel patterns are defined in this study as how the 

vessels propagate through the brain as well as their distances and organization with respect to each other. 

Although highly relevant from a neurological perspective, within this study, a vessel pattern does not refer 

to the origin of supply or drainage. 

 

Data 
The publicly available “StudyForrest” dataset was re-used in this study 

(https://www.studyforrest.org/data.html) (Hanke et al. 2014). Although originally intended to study the 

human brain’s function, the dataset includes structural data to study the arterial and venous vasculature. 

Twenty right-handed participants (age 21–38 years, mean age 26.6 years, 12 males; gave written consent; 

study approved by local ethics committee) were included (Hanke et al. 2014).  

Subjects were scanned at 3-Tesla (3T) to obtain T1-weighted and T2*-weighted data as well as at 7-Tesla 

(7T) to acquire Time-of-Flight (ToF) angiography. At 3T (Philips Achieva equipped with a 32 channel head 
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coil), a whole brain T1-weighted Turbo Field Echo sequence with 0.7 mm isotropic resolution (repetition 

time (TR)/ inversion time (TI)/ echo time (T)E = 2500/900/5.7 ms) and a T2*-weighted, 3D PRESTO fast 

field echo sequence with 0.43x0.43x0.7 (reconstructed to 0.35) mm; (500 axial slices, with TR/shifted TE 

= 19/26ms) were acquired (Liu et al. 1993; Hanke et al. 2014).  

At 7T (Siemens 7 T Classic, Siemens Healthineers, Erlangen, Germany) equipped with a 32 channel Nova 

Medical Inc, MA, USA), a MOTSA ToF angiography was acquired with four slabs each 52 slices, and 

0.3x0.3x0.3mm voxel size (Parker et al. 1991; Hanke et al. 2014). 

 

Registration to MNI space 

 

Figure 1: Image processing pipeline showing how the data is processed and registered to transform it from the subject-specific 
native image space into the MNI space for group analysis. Registration is done using the bias-field corrected and brain-extracted 
magnitude images (done with N4 & BET). Vessel segmentation and vessel distance mapping (VDM) is performed in the native 
space, respectively, and transformed subsequently to the MNI space using the transforms found for the magnitude images. Each 
space is color-coded: blue ‒ subject-specific GRE space; red ‒ subject-specific ToF space; green ‒ subject-specific T1-weighed (T1-
w) space; yellow ‒ MNI space for group analysis. 

Figure 1 shows all processing and co-registration steps performed. Prior to co-registration all T1-weighted, 

magnitude images of the T2*-weighted and ToF volumes were bias field corrected using 

N4BiasFieldCorrection (Tustison et al. 2010) provided by ANTs (Avants et al. 2011) and subsequently skull-



stripped using BET2 provided by FSL (lenient fractional threshold of 0.1 and brain center estimation 

enabled; small field-of-view (FOV) option enabled for ToF angiography) (Smith 2002). 

After processing, but prior to co-registration, a left-right flipped copy of the data was generated per 

subject to enable voxel-by-voxel comparisons across hemispheres in the MNI space (asymmetric versions 

of MNI template and atlas were used). Hence, per subject, two datasets (original and mirrored version) 

existed and where co-registered individually. Per dataset, the 3T, T2*-weighted magnitude images were 

registered affinely to the corresponding 7T ToF volume. Subsequently, the ToF images were registered 

affinely to the subject’s T1-weighted data. Finally, the T1-weighted data were registered non-linearly 

(symmetric diffeomorphic image (Avants et al. 2008)) to the MNI template 

(mni_icbm152_t1_tal_nlin_asym_09b_hires from http://nist.mni.mcgill.ca/icbm-152-nonlinear-atlases-

2009/, 0.5mm isotropic resolution). All registrations were performed with ANTs (Avants et al. 2011; Avants 

et al. 2008). Using the output of the registrations, the vessel distance maps of all subjects were 

transformed into the MNI space to enable voxel-wise comparisons and generate a global group average. 

To identify the putamen, the Harvard-Oxford subcortical atlas (asymmetric version) was used (Makris et 

al. 2006; Frazier et al. 2005; Goldstein et al. 2007; Desikan et al. 2006). To bring the masks into the native 

image space, the inverses of the registration transforms were used per subject. Individual masks for left 

and right putamen where used when working in subject space. When working in MNI space, only the left 

putamen mask of the MNI template was used as a dedicated co-registration to the asymmetric MNI 

template for the original and left-right mirrored data existed per subject i.e. left and right putamen in 

subject space where co-registered to the left putamen in MNI space. 

 

Computation of susceptibility weighted images  
To enhance the venous vasculature, susceptibility weighted images (SWI) were generated from the 

unprocessed T2*-weighted magnitude and phase data. SWI were generated using high-pass filtered 

quantitative susceptibility mapping (QSM) since QSM-based SWI showed qualitatively sharper images 

than conventional SWI (Acosta-Cabronero et al. 2018). In brief, QSM-based SWI reconstruction were 

generated with QSMbox (Acosta-Cabronero et al. 2018) (available at 

https://gitlab.com/acostaj/QSMbox/-/tree/master) by performing the following steps: 

First, a brain mask is determined for the magnitude volume with BET2 (Smith 2002). Subsequently, the 

phase data were unwrapped using a discrete Laplacian method (Schofield and Zhu 2003) (MEDI toolbox 

implementation) followed by background field removal using Laplacian boundary value filtering (Zhou et 

al. 2014) (available from MEDI toolbox). To suppress local field inductions from large structures, high-pass 

filtered field maps were generated with the variable spherical mean filtering approach (Bilgic et al. 2016; 

Schweser et al. 2011; Li et al. 2011) using a starting radius of 3 mm. Using small radii suppresses low spatial 

frequencies, hence, only small structures such as the vasculature are enhanced in the final susceptibility 

maps (Acosta-Cabronero et al. 2018; Mattern et al. 2019). To generate these maps, the multi-scale dipole 

inversion (MSDI) (Acosta-Cabronero et al. 2018) was applied to the high-pass filtered field map. To further 

enhance small susceptibility sources such as veins, an additional high-pass was applied. Conventionally, 

MSDI uses a Laplacian-pyramid to compute the QSM by iterating from the finest to the coarsest spatial 

scale. Here, only the first scale (spherical mean value radius = 1mm) was used to suppress large structures 

further. Finally, the high-pass filtered QSM was used to generate QSM-based SWI following Acosta-
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Cabronero et al. (Acosta-Cabronero et al. 2018): First, voxel-wise weights 𝑊 are computed by rescaling 

the susceptibility values 𝜒 from 0 to 1 using a cut-off value 𝑐 of 0.2 ppm 

𝑊 =  {

0,     for 𝜒 > 𝑐
𝑐 − 𝜒

𝑐
,   for 0 ≤ χ≤ c

1,        otherwise

 

Second, the weights 𝑊 are raised to the power four and multiplied with the T2*-weighted magnitude 

images to yield the final QSM-based SWI images. Hence, the hypointense voxels in the magnitude images 

are further suppressed if their susceptibility is high (i.e. indicating iron-rich structures such as vessels).  

Note that although the described high-pass filtering suppresses large structure, non-venous, iron-rich 

structure on the scale of the vasculature are not suppressed. Suppressing for non-venous contribution is 

further described in the following vessel enhancement and segmentation section. 

 

Vessel enhancement and segmentation 
Arteries and veins were segmented from ToF angiography and QSM-based SWI in their respective native 

space using a Frangi vesselness filter (Frangi et al. 1998) and subsequent hysteresis thresholding (Fraz et 

al. 2011). The segmentation is based on the Openly available sMall vEsseL sEgmenTa-Tion pipeline 

(Mattern 2021a) (available at https://gitlab.com/hmattern/omelette). First, a top-hat preprocessing was 

performed to eliminate large structures from the image using morphological operations prior to vessel 

enhancement. Subsequently, the Frangi filter enhances tubular structures by computing the Hessian of 

the image and analyzing the ratio and sign of the Hessian’s eigenvalues to determine the enhancement. 

To convert the vessel enhanced data into a vessel segmentation thresholding is required. 

Instead of empirical tuning a single global threshold to find a trade-off between small vessel segmentation 

and noise contamination, multi-class Otsu method (Otsu 1979) and hysteresis thresholding (Fraz et al. 

2011) are combined (Mattern 2021a). First, from the vessel enhancement distribution a low and high 

threshold is determined with a 3-class Otsu approach. The bi-threshold rational is that voxels with 

enhancement values above the high threshold can be considered vessels and below the low threshold can 

be considered background with high confidence. For enhancement values in between the thresholds, 

hysteresis thresholding is leveraged to differentiate between background and vessel. All voxels with 

enhancement above the high threshold are segmented, while voxels with enhancement between the 

thresholds are only segmented if they are connected to beforementioned voxels above the high threshold. 

Therefore, noise contamination is suppressed, while structures with low enhancement, i.e. small vessel, 

are segmented as long as they are connected to regions with high enhancement, i.e. large vessels. While 

thresholds were estimated automatically, the following parameters were tuned empirically: Top hat 

transform with a sphere element with radius 3 and 5 voxels; Frangi filter gamma 0.01 and 0.08, scales 

[1:1:5] and [1:1:3] voxels for arterial and venous segmentation, respectively.  

 

Computation of vessel distance maps and vessel densities 
Vessels inside the putamen were analyzed with conventional vessel densities (i.e. study by Feldman et al. 

(Feldman et al. 2020)) and VDM (Mattern 2021b; Mattern and Speck 2020; Mattern et al. 2021; Garcia-
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Garcia et al. 2023), an approach inspired by recent studies in the field (Huck et al. 2019; Bernier et al. 

2018; Bause et al. 2020; Haast et al. 2021; Wei et al. 2022; Mouches and Forkert 2019). 

Vessel densities were computed in the native image space, i.e. of the ToF angiography or T2*-weighted 

data. Per hemisphere a putamen mask (inferred from co-registration to MNI space, see previous section) 

was used to compute the ratio of detected vessel volume to total putamen volume. Hence, vessel 

densities summarize the vasculature as the relative volume occupied by segmented vessel. 

VDM is based on the vessel segmentation as well and computes for each non-vessel voxel the distance to 

the closest vessel using the Euclidian distance transform (Maurer et al. 2003). Therefore, VDM provides a 

distance estimate for each voxel, hence, interpolates the sparse vessel information, which is a distinct 

difference to region-of-interest (ROI)-wise density estimates (Garcia-Garcia et al. 2023). The VDM source 

code can be found here: https://github.com/hendrikmattern/VesselDistanceMapping. 

Due to the heterogeneous vessel patterns at the mesoscopic scale (i.e. number of arterial stems in the 

basal ganglia differs across subjects (Akashi et al. 2012; Wei et al. 2022)), no explicit vessel co-registration 

was performed (i.e. individual vessels were not co-registered with each other). Hence, computing the 

overlap of vessels on a voxel-bases (i.e. voxel-wise vessel densities) was not performed. 

 

Expert vessel pattern assessment: 
To date, the putamen’s vasculature is studied in terms of vessels supplying (i.e. the lenticulostriate arteries 

and the recurrent artery of Heubner (Zunon-Kipré et al. 2012)) and draining the putamen (through small 

veins originating either from the internal cerebral vein or basal vein (Gillilan 1968)) but not with respect 

to the vessels’ trajectory or pattern. While this origin of supply and drainage is important, we observed 

that the vessel patterns vary considerably. Hence, the organization of the vessels within the putamen 

might not be characterized by a single global average, but instead by distinct vessel pattern groups. 

This observation was particularly striking when looking at the data on sagittal intensity projections as 

patterns largely varied in the anterior-posterior direction. Based on these sagittal intensity projections 

three arterial and four venous patterns were defined empirically for this study (see Figure 2). Although 

sagittal intensity projects collapse the left-right dimension, hence, the defined patterns are not sensitive 

to variations along the projection direction, 2D projections render comparison between putamen patterns 

feasible and easy for human observers. Finding consistent patterns in 3D for the 40 hemispheres included 

in this study would be non-trivial for humans and is left for machine-based automatic pattern assessment 

(see next section). 

To eliminate any potential bias due to vessel filtering or segmentation, the intensity projections were 

generated from image data itself after transforming the data to MNI space and applying the putamen 

masks. For ToF angiography maximum intensity projections (MIP) and for SWI minimum intensity 

projections (minIP) were used, respectively. Transformation into MNI space improves comparability of 

patterns further, because the structure was standardized while the vessel organization remained variable 

(only co-registration of structure, no explicit vessel co-registration). 

For the arterial side, three patterns were identified based on the collateralization and span of the fan-like 

vessel pattern with pattern A having a sparse vasculature and a narrow fan-like pattern, while pattern C 
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features many collaterals and a fan-like pattern spanning most of the anterior-posterior extent of the 

putamen. Pattern B has medium collateralization and moderate vessel fanning.  

For the venous side, the four patterns were identified based on the vessel sparseness and localization of 

the vessels itself (propagating through the putamen from inferior or superior direction) with pattern I 

being very sparse, pattern II having the vasculature localized mainly in the superior part of the putamen, 

pattern III having the vasculature localized mainly in the inferior part of the putamen, and pattern IV 

having approximately equal vessels localized in the inferior and superior part of the putamen. 

For each arterial and venous pattern, a representative putamen was selected and provided as reference 

in the expert rating process (representative patterns shown in the top columns and left row of Figure 2). 

To quantify expert agreement, the mean intraclass correlation coefficient (ICC) was computed for arterial 

and venous patterns, respectively. 

Subsequently, the majority vote for each vessel pattern was computed (20 subjects, 2 hemispheres, 

arterial and venous side, 80 majority votes in total). These majority votes were used in all subsequent 

expert assessments. 

 

Automatic vessel pattern assessment and vascular fingerprints 
 

To assess the vasculature in 3D and without requiring expert assignment of the putamen patterns, an 

automatic vessel pattern pipeline was implemented. To that end, vascular fingerprints were generated. 

In brief, these fingerprints were generated by transforming the 3D distance maps per putamen into MNI 

space (spatial normalization), computing the image moments per map, and finding patterns between 

fingerprints using hierarchical clustering.  

Instead of using the distance maps after spatial normalization directly for clustering, using image moments 

to create a latent space has been proven beneficial (Flusser 2009; Zhang et al. 2015; Hu 1962). In this 

study central image moments are used which are defined for 3D discretized images 𝐼(𝑥, 𝑦, 𝑧) as (Flusser 

2009) 

𝜇𝑝,𝑞,𝑟 = ∑ ∑ ∑(𝑥 − 𝑥̅)𝑝 (𝑦 − 𝑦̅)𝑞 (𝑧 − 𝑧̅)𝑟 𝐼(𝑥, 𝑦, 𝑧)

𝑧𝑦𝑥

 

with 𝑥̅, 𝑦̅, 𝑧̅ as the center of gravity and 𝑝, 𝑞, 𝑟 as the maximal prescribed order in x, y, and z direction, 

respectively. In the following, the maximal order is set equally in all three spatial direction and referred to 

as 𝑜. Hence, computing the image moments for a 3D distance map results in a matrix of size (𝑜 + 1, 𝑜 +

1, 𝑜 + 1), which is subsequently flattened into a 1D vector of length (𝑜 + 1)3 (Flusser 2009). To account 

for the exponential growth of the moment’s amplitude with increasing order, the logarithm was 

computed. While central moments lack rotation and scaling invariance spatial normalization to MNI space 

prior to computing the moments accounted for the bias explicitly. 

By computing the image moments, a 3D distance map was collapsed into a (flattened) 1D vector. This 1D 

vector then represents the data in a latent space, which we coined vascular fingerprints. Within the latent 



space, we approximated the similarity between two individual vascular fingerprints as the Euclidian 

distance between the corresponding 1D vectors. 

To find patterns across vascular fingerprints, hierarchical clustering (Nielsen 2016) with the Ward metric 

(Ward 1963) was applied. This clustering approach finds patterns by iteratively linking the (groups of) 

fingerprints which minimize the variance of the clusters being merged. This bottom-up pattern finding 

was similar to the expert assessment used in this study in which similar pattern pairs were found first and 

then general descriptions were formulated subsequently. 

The outcome of the hierarchical clustering can be represented as a dendrogram (see Figure S1). This tree-

like plot represents the linkage between all samples. By defining the number of clusters, from the 

dendrogram the data is split into distinct pattern clusters (see color coding in Figure S1).  

Therefore, the automatic pattern assessment pipeline used in this study had two degrees of freedom: The 

maximal image moment order 𝑜 used to compute the vascular fingerprints, ranging from 3 to 33, and the 

number of clusters to be found, ranging from 2 to 10. To search the parameter space for the optimal 

clustering parameters the Calinski Harabasz (CH) score (Calinski and Harabasz 1974) was used. This score 

does not require a ground truth (patterns were found in an unsupervised manner) and is defined as the 

ratio between the sum of inter-cluster dispersion to the sum of intra-cluster dispersion.  

For ToF and SWI clustering the maximal image moment order of 𝑜 = 31 and 𝑜 = 33 were selected, 

respectively. The number of clusters was chosen to be 7 and 5 for arterial and venous assessment, 

respectively. The empirical parameter choice was based on the maximal returned CH scores and further 

explanation on the parameter selection process is provided in the supplementary material (see Figure S2). 

Note that the fingerprints and clustering were also computed for the filtered (vessel enhanced) ToF and 

SWI data respectively, but results with VDM returned higher CH scores (see Figure S2) and, therefore, in 

the following only the VDM-based clusters are considered. 

 

Quantitative data assessment and statistical comparison 
The quantitative assessment was done with two different approaches: First, by computing putamen-wise 

averaged vessel densities and distances from the data in its respective native image space. Second, by 

transforming the data into MNI space to look at average distance profiles and voxel-wise comparisons.  

Using putamen-wise averaged vessel densities and distances (computed in respective native space) for 

the arterial and venous vasculature, several assessments were performed. (i) To find significant 

differences between the left and right hemisphere, the putamen-wise averaged arterial densities, venous 

densities, arterial distances, and venous distances of all 20 subjects were assessed with paired Wilcoxon 

signed-rank tests, respectively. The null hypothesis was that the estimates of the left and right hemisphere 

came for the same underlying distribution. (ii) Pearson correlation between all 40 putamen-wise averaged 

estimates was used to find significant relations between arterial and venous as well as vessel densities 

and vessel distances. (iii) Box plots were used to compare differences in putamen-wise averaged estimates 

between vessel patterns and Mann-Whitney U-rank tests were used to find significant differences 

between vessel patterns. All statistical test results were Bonferroni-corrected.  



To generate the average line profiles along the anterior-posterior (A-P) direction the data was first 

transformed in to MNI space. Subsequently, for each arterial and venous pattern found by the expert 

rating and automatic clustering, respectively, the average distance for each voxel along the A-P direction 

was computed. Hence, the 3D data was summarized into a 1D vector by averaging along 2 dimensions. 

Further, the 25th and 75th profile were computed.  

Further, in MNI-space voxel-wise differences were assessed by subtracting the pattern-wise mean from 

the global mean per voxel. The degree to which the pattern average deviates from the global mean was 

reported as relative distance differences in percent. Computing the differences of 𝑁 patterns to the global 

mean (yielding 𝑁 comparisons) was chosen as computing the differences between of all patterns with 

each other would have resulted in (𝑁
2

) 3D difference image volumes. Hence, the former approach is easier 

to comprehend, while returning overall lower difference with increasing number of putamen assigned to 

an individual pattern. Further, this approach measures how much single global mean vessel atlas (i.e. the 

commonly used vessel mapping approach) and multiple group-specific vessel patterns differ from each 

other. Note that pattern with only a single putamen assigned (n=1) were omitted from this average 

distance profile and voxel-wise differences assessment. 

Results 
For the assessment of the arterial and venous vasculature inside the human putamen at the mesoscopic 

scale the results are structured in the following order. First, the patterns and their frequencies found by 

expert and automatic assessment respectively are presented. Subsequently, putamen-wise averaged 

vessel distances, vessel densities and their correlations are reported including comparisons across vessel 

patterns. Last, quantitative differences in vessel distances across patterns are assessed using anterior-

posterior distance profiles and voxel-wise comparisons.  

 

Expert and automatic pattern assessment 
All pattern assessment steps were performed after transforming the data to MNI space. For expert-based 

pattern assessment sagittal 2D intensity projections were used, while for automatic clustering the 3D 

VDMs per putamen were leveraged (see methods above). Note, that the expert and automatic pattern 

assessment represent two different and arguably complementary approaches to finding vessel patterns 

and not that the automatic pattern pipeline was designed to re-generate the patterns found by experts. 

For the expert assessment, the MIPs of the arterial and venous vasculature were grouped empirically and 

representative example patterns/MIPs were selected (see top row and left column in Figure 2). 

Subsequently, four raters were provided with the representative patterns and individually assigned a 

group label per arterial and venous pattern. Inter-rater agreement between experts was high for arterial 

patterns (ICC3k=0.877, p <0.001) and venous patterns (ICC3k=0.833, p < 0.001), respectively. The majority 

vote per arterial and venous pattern was computed and used in all subsequent analysis.  

The occurrence of each arterial-venous pattern combination is shown in Figure 2. Most common arterial 

pattern was B with 26 out of 40 putamen, accounting for more samples than pattern A and C combined. 

Hence, most cases have a moderate arterial collateralization and vessel fanning (pattern B). The two most 

common venous patterns were IV and III with 17 and 12 out of 40 putamen, respectively. Both patterns 

feature pronounced inferior drainage, hence 72.5% of all cases had prominent drainage via inferior veins. 



The arterial and venous pattern combination B-III and B-IV accounted for half of all 40 samples (each 

pattern combination with 10 putamen, respectively). Subsequently, pattern combination B-I accounts for 

5 out of 40 putamen, followed by A-IV (4 putamen) and C-IV (3 putamen). Together these five pattern 

combinations (i.e. B-III, B-IV, B-I, A-IV, C-III) represent 80.0% of all cases (32 out of 40). Hence, the 

remaining seven pattern combinations (A-I, A-II, A-III, B-II, C-I, C-II, C-III) account for the remaining 17.5%, 

each pattern combination with one or two cases, respectively. In general, the venous pattern II was found 

in only 3 hemispheres, representing the lowest frequency of any arterial or venous pattern 

Overall, the expert assessment yields that the putamen vasculature is most commonly characterized by 

an arterial pattern with moderate collateralization and vessel fanning and veins either with dominant 

inferior or pronounced inferior and superior drainage.  

 

Figure 2: Overview of expert rating on arterial and venous patterns in MNI space. For each hemisphere, the arterial and venous 
vascularture is plotted as intentisty projections next to each other. Respresantative MIPs for each pattern are shown in top row/left 
column and were provided as examples in the expert rating. Global and lateralized pattern frequencies for arterial (red) and 
venous (blue) pattern are reported, cummulating to 40 hemispheres in total. 

 

For the automatic vessel assessment, patterns were found by hierarchical clustering of the vascular 

fingerprints for arterial and venous patterns respectively (see Figure S1 for dendrogram). A vascular 

fingerprint was generated by computing the image moments of the 3D VDM of an individual putamen up 

to an empirically determined maximal order and flatten the results into a 1D vector. Hence, the 

fingerprints represent a latent space in which the clustering was performed in an unsupervised manner. 

Similarity between individual vascular fingerprints was approximated by the Euclidean distance between 

the respective fingerprints/vectors in the latent space.  

In total, seven arterial and five venous patterns were identified. However, three arterial (labeled as “d”, 

“e”, and “g”) and 2 venous patterns (labeled as “4” and “5”) consisted of a single putamen. For the 

remaining four arterial and three venous patterns at least 5 putamen were assigned per pattern. Since 



this clustering was performed unsupervised, no representative pattern existed ad hoc. Alternatively, 

group intensity projections were generated. First, MIP and minIP were computed for arterial and venous 

data, respectively. Then, the samples were pooled by patterns. For each pattern, the corresponding 

projections were combined into group projection by performing a MIP/minIP once more. The resulting 

group intensity projections per hemisphere are shown in the top row and left column of Figure 3. Further, 

Figure 3 shows the frequency of pattern and arterial-venous patterns combinations.  

The most frequent arterial patterns were pattern a with 16, c with 10, and f with 6 samples, respectively. 

While visually pattern f appears more vascularized towards the tail than pattern a, pattern c appears less 

vascularized than pattern a at the head of putamen. Pattern b appears overall less vascularized than 

pattern a, c, and f. The most frequent venous patterns were pattern 1 and 3 with 16 samples, respectively, 

accounting for 80% of all cases. Interestingly, the ratio of left to right putamen was approximately 1:2 and 

2:1 for pattern 1 and 3, respectively. Qualitatively, pattern 1 and 3 appear similar, with a slightly more 

pronounces inferior draining toward the anterior head in pattern 3. Compared to pattern 1 and 3, pattern 

2 (6 out of 40 cases) seems overall less vascularized. Further characterization of the automatically 

determined clustered will be provided in the following sections. 

The four most frequent arterial-venous pattern combinations for the automatic clustering were a-3 (9 

putamen), a-1 (6 putamen), c-1 (5 putamen) and c-3 (3 putamen), accounting for 57.5% of the 40 samples. 

The remaining 31 pattern combinations had zero to two samples per pattern. Compared to the expert 

rating, this sparse pattern combination is driven by the higher number patterns found by the explorative 

clustering. When neglecting arterial and venous patterns with only one sample, respectively, the 

combination of visually appearing lower arterial (pattern b, n=5) and lower venous vascularization 

(pattern 2, n=6), was observed only once (i.e. b-2), while combinations of visually higher arterial and lower 

venous vascularization and vice versa appeared more frequently, i.e. in total 4 times for pattern b-1 and 

b-3, and 4 times for pattern a-2, c-2, and f-2  

 



 

Figure 3: Overview of automatic assessment of arterial and venous patterns in MNI space. For each hemisphere, the arterial and 
venous vascularture are plotted as intentisty projections next to each other. Group intentisy projections for each pattern are shown 
in top row/left column. Global and lateralized pattern frequencies for arterial (red) and venous (blue) pattern are reported, 
cummulating to 40 hemispheres in total. 

 

Assessment of putamen-wise averaged vessel metrics 
Summarizing the vasculature into a single number per ROI, i.e. computing the mean vessel density, is 

common practice. The detailed putamen-wise average vessel estimates are shown in the supplementary 

material (see Figure S4 and Figure S5 for vessel distances and densities, respectively) and summarized 

here. For the intra-metric comparison of left and right hemisphere putamen-wise averages, showed 

significant difference for arterial densities, while all other metrics, i.e. venous densities, arterial distances, 

venous distances, showed no significant difference. Although densities and distances are conceptional 

different, i.e. VDM considering the vessel trajectory and densities the pure volume, there was a significant 

correlation for arterial and venous putamen-wise averages. There was very low, non-significant 

correlation of arterial vs. venous vessel metrics, i.e. the degree of sparseness in arterial and venous 

vasculature did not correlate when considering putamen-wise averaged densities and distances. Assessing 

group differences for patterns found by expert rating and automatic clustering, respectively, returned 

significant group differences only for putamen-wise averaged venous distances. Beyond significance, 

visually perceived trends, i.e. sparser vascularization of some patterns, could be observed numerically 

with the group averages. Nevertheless, putamen-wise averages vessel densities and distances does not 



capture fully the differences in spatial vessel trajectories. While these results, indicate the complementary 

nature of vessel densities and distances, in the following assessments vessel densities are omitted. Given 

the heterogenous branching patterns of putamen arteries and veins an explicit co-registration of is non-

trivial. Hence, vessel distances with their smooth spatial manifestation are used in the following for the 

projection as well as voxel-wise assessment. 

 

Comparison of group-wise averaged distance profiles 

 

Figure 4: Averaged distance profiles along the anterior-posterior (A-P) direction computed in MNI space. Averaged profiles were 
obtained for each pattern of the expert and automatic assessment as well as arteries and veins, respectively. Note that patterns 



to which only one sample/putamen was assigned were omitted here. Shading around the profiles represents the 25th and 75th 
percentile of each line profile. Additionally, the global average (computed for all 40 putamen) is plotted as a dotted line (shading 
for percentiles omitted).  

To elucidate the patterns found further, average distance profiles were computed along the anterior-

posterior direction after normalization into MNI space (see Figure 4). The anterior-posterior direction was 

chosen as for arterial patterns, most variance in the vessel patterns was observed in anterior-posterior 

direction. For the venous patterns, drainage followed either anterior-inferior or posterior-superior 

prominence, rendering the collapse to 1D feasible. Note that pattern with only a single sample/putamen 

assigned were omitted, i.e. automatically found patterns d, e, g, 4, and 5.  

Overall, the trends observed match with the above qualitative descriptions of patterns and their relations. 

For the arterial expert ratings, the degree of vascularization, i.e. average distance, increases from pattern 

A to be to C with the exception of the most anterior part of the putamen where pattern A returns the 

lowest average vessel distances. For the automatically clustered arterial patterns, above mentioned 

qualitative trends and average distance profiles are in line as well. Pattern a, c, and f, are similar with 

higher average distances posterior and lower distances anterior for pattern c compared to pattern a. 

Comparing pattern f and a, the opposite is true, f is on average more densely vascularized posterior and 

less anterior than pattern a. Pattern b returns overall larger distances than the other patterns from the 

anterior to center of the putamen. Interestingly, the pattern C and f, found by expert rating and automatic 

clustering, respectively, show similar profiles. As expected, pattern B and pattern a, accounting for 65% 

and 40% of all putamen for the expert rating and automatic clustering, respectively, closely resembles the 

global mean (computed for all 40 putamen).  

In contrast to the arterial pattern, for the expert- and automatic clustering-based venous patterns, no 

average pattern profile matched the global mean to a large extend. For the expert rating, in the central to 

posterior part of the putamen pattern I and III and anterior part pattern I and II return the highest average 

distances. Hence, pattern I and IV showed lowest and highest average vascularization, respectively. For 

the automatic clustering, pattern 1 and 3 showed similar behavior, with pattern 3 returning higher 

average distances in the center, and pattern 1 in the anterior head of the putamen. Pattern 2 is 

distinctively less vascularized in the posterior part of the putamen. 

 

Voxel-wise pattern assessment 
To elucidate the spatial patterns in 3D, pattern-wise averaged vessel distance maps are shown in MNI 

space for 5 representative axial slices along the global mean (computed over all 40 putamen) for expert-

based arterial patterns (see Figure 5), clustering-based arterial patterns (see Figure 6), expert-based 

venous patterns (see Figure 7), and clustering-based venous patterns (see Figure 8), respectively. Note 

that patterns with only a single putamen are omitted in the figures. 



 

Figure 5: Voxel-wise arterial distances and differences between the global mean (computed for all 40 putamen) and the respective 
pattern-wise mean found by expert rating. VDMs are shown along the relative distance differences.  

For the arterial expert rating, the most frequently assigned pattern B (26 out of 40 putamen) closely 

resembles the global average (average absolute difference approx. 4%), while pattern A and C show more 

distinct difference (average absolute difference approx. 15% and 16%, respectively). As prescribed by the 

empirical pattern definition, pattern A returned an overall higher distance distribution expect for some 

patches anteriorly. Similarly, pattern C matches the pattern description with markedly lower distance than 

the global averages at the posterior tails and some patches with higher distance in the central and anterior 

part of the putamen.  



 

Figure 6: Voxel-wise arterial distances and differences between the global mean (computed for all 40 putamen) and the respective 
pattern-wise mean found by automatic clustering. VDMs are shown along the relative distance differences. Note that patterns 
with only a single putamen were omitted. 

For the arterial automatic clustering, the most frequently assigned pattern a (16 out of 40 putamen) 

closely resembles the global average (average absolute difference approx. 7%) while the patterns b, c, and 

f showed more distinct differences (average absolute difference approx. 16%, 11%, and 17%, 

respectively). Overall, the 3D pattern distributions observed here matched the trends found with the 

distance profiles. Overall pattern b returns higher distances anteriorly, patterns c hast higher distances a 

the most posterior tail of the putamen, and pattern f returns its lowest distances posteriorly.  

For both pattern assessments, i.e. expert- and clustering-based, the most frequent patterns closely 

resemble the global average with additionally patterns representing a gradually increasing or decreasing 

arterial vasculature in the putamen (i.e. the amount of vessel fanning for expert rating and anteriorly or 

posteriorly prominent arterial patterns for the automatic clustering). 



 

Figure 7: Voxel-wise venous distances and differences between the global mean (computed for all 40 putamen) and the respective 
pattern-wise mean found by expert rating. VDMs are shown along the relative distance differences.  

For the venous expert rating, the least frequently identified pattern II (3 out of 40 putamen) is distinctively 

different from the global mean (on average an absolute difference of approx. 22%) with higher distances 

in the anterior part of the putamen and lower distance headwards. This spatial vessel distance distribution 

matches the empirically derived pattern definition (i.e. pronounced superior drainage). Compared to the 

global mean, pattern I and III return increasing distances headwards. In contrast, pattern IV showed except 

for a few small patches and overall lower distance distribution than the global average, indicating the 

highest vascularization amongst the patterns found. The average absolute differences for pattern I, III, 

and IV are arguably not distinct (i.e. approx. 10%, 9%, and 7%). Nevertheless, pattern IV (represents 17 

out of 40 samples) returned in the comparison here and in the distance profiles overall lower distance 

than the global average.  



 

Figure 8: Voxel-wise venous distances and differences between the global mean (computed for all 40 putamen) and the respective 
pattern-wise mean found by automatic clustering. VDMs are shown along the relative distance differences. Note that patterns 
with only a single putamen were omitted. 

For the venous automatic clustering, pattern 2 is distinctively different from the global mean (on average 

an absolute difference of approx. 17%) with lower distances in the anterior part of the putamen and higher 

distance headwards. Pattern 1 and 3 are almost spatially complementary, i.e. if one is below the global 

mean the other is above (average absolute difference of approx. 8% and 7%, respectively). This is in line 

with the previous observations as the global mean is largely defined by both pattern, each with 16 out of 

40 samples. Hence, the automatic venous clustering suggests that there are at three venous patterns 

(neglecting single putamen patterns), with two being the most frequent.  

For both pattern assessments, i.e. expert- and clustering-based, a single pattern representing the 

normative vessel trajectory distribution was not found. In contrast, an at least bimodal distance pattern 

distribution, i.e. with one higher vascularized and one lower vascularized pattern, was more appropriately 

fitting the data. Hence, these results suggest that the use of a global mean to model the putamen’s venous 

vascularization would be an oversimplification. 

Discussion 
This study introduced the methodology to assess arterial and venous patterns in the human putamen at 

the mesoscopic scale with the aim to build a bridge between vascular assessment in neuroscience and 



neurology. To that end, VDM was combined with vasculature fingerprints to find arterial and venous 

vessel patterns respectively via hierarchical clustering. As a complementary approach, expert ratings of 

empirically defined vessel patterns were obtained for all 40 putamen. Automatic clustering and expert 

rating found similar distinct vessel patterns in the putamen, with arterial and venous patterns following a 

unimodal and bimodal distribution, respectively. Beyond the to you best knowledge first description of 

distinctively different vessel patterns in the human putamen using MRI, this study provides tools to 

investigate the vasculature beyond global averages, i.e. by identifying vessel patterns in a fully spatially 

resolved manner. 

VDM-based vessel pattern assessment 
As a complementary approach to commonly used expert-rating of vessel patterns we leveraged a VDM-

based clustering approach. The smooth and continuous nature of VDM omits the need of explicit vessel 

co-registration, arguably non-trivial at the mesoscopic scale where the vasculature is heterogenous across 

subjects, i.e. the subject-specific number of vessels. Therefore, only spatial normalization of the structure 

itself was performed and the structure-vasculature interdependency described by the spatial distribution 

of vessel distances. Further, as vessel become more spatially specific with decreasing diameter, arguably, 

the distance of voxel to vessel becomes more relevant, representing an alternative to either pure vessel 

morphometry (i.e. vessel length, vessel count) and the probability of vessels overlapping across subjects. 

To cluster the spatially normalized vessel distance maps the data were first transformed into a latent 

space via computing the central moments per putamen and flatten the obtained results into a 1D vector, 

which we coined the vascular fingerprint. Although the hierarchical clustering of these vascular 

fingerprints was not intended to mimic the expert-based rating, similar patterns can be observed (e.g. 

arterial pattern C and f) and the same global trends were observed (see next section).  

Although improving and standardizing vascular fingerprints and pattern clustering is required in the 

future, using an automatic approach to assess if distinct vessel patterns exist in an unsupervised manner 

hold great potential. This is in particular relevant as manual rating are inherently time consuming and 

challenging with increasing vessel complexity and for larger regions.  

 

Arterial and venous patterns in the putamen 
As mentioned above, arterial and venous patterns were observed by the expert rating and automatic 

clustering. To describe the patterns several approaches were applied, i.e. comparison of 1D distance 

profiles, 2D intensity projects, and 3D distance maps, all returning coherent results. 

In general, arterial vasculature in the putamen follows most frequently a pattern with moderate arterial 

collateralization and vessel fanning. Patterns deviating from this normative pattern can be observed, but 

patterns with higher and lower vascularization respectively are observed less frequently.  

Overall, the venous patterns in the putamen follow show either a dominant inferior or pronounced 

inferior and superior drainage. Notably, not a single normative pattern was observed. There are at least 

two distinct venous patterns in the putamen, one with lower and one with higher vascularization than 

the global mean. Potential implications of this outcome are discussed in the next section. 

When quantifying differences across patterns using putamen-wise averages, the two complementary 

metrics vessel distances and vessel densities show trends and, in some cases, significant group 



differences. Comparing putamen-wise averaged vessel distances and densities in the putamen, no 

significant correlation between arterial and venous vasculature was observed. Hence, the degree of 

arterial vascularization does not correlate with the degree of venous vascularization and vice versa. In 

contrast, Bernier et al. found that arterial and venous densities co-vary. However, this correlation was 

observed on a whole-brain basis (Bernier et al. 2018). Focusing on a single region such as the putamen in 

this study could have potentially reduced the value range of (mean) density and distance estimates 

causing low correlation compared to Bernier et al. (Bernier et al. 2018).  

Although these putamen-wise averages results are in line with spatially resolved comparisons, they lack 

inherently the specificity to show were difference occur. Hence, spatial differences in e.g. the head and 

tail between patterns can average out. If the variability in the vasculature is mainly along one direction, 

as the case for the putamen, using 1D average distance line profiles represent an alternative to ROI-wise 

averages, providing spatial specificity while being easy to comprehend and compare. While increasing 

the degree of dimensions further, i.e. 2D or 3D, renders comparisons less trivial, certain application will 

require the additional spatial specificity such as assessing the vessel bias in fMRI. With increasing 

imaging resolution, correcting vascular biases in functional estimates becomes more relevant (e.g. layer-

specific fMRI). Besides physiological aspects of vessel patterns, they can function as vascular resistance 

and resilience mechanisms in pathologies, rendering vessel mapping and pattern assessment promising 

tools for the future (Garcia-Garcia et al. 2023; Schreiber et al. 2023; Zhu et al. 2020). 

 

Implications of vessel patterns on vessel mapping and atlases: 
In this study we aimed to merge the concepts of vessel patterns with the vessel mapping and atlases. 

There are two difference scopes of assessing vessel patterns: 1) the dimensionality at which the 

vasculature is assessed and 2) the degree of vascular variability captured in an atlas or study.  

1) ROI-wise summarized vessel metrics can capture changes in vascularization and pathologies-induced 

group differences, but for a more in-depth analysis they lack spatial specificity. For physiological effects 

such as the vascular bias in layer-specific fMRI and potential vascular reserves towards pathologies, spatial 

specificity is key. 

2) Computing one vessel atlas across all participants (Huck et al. 2019; Bernier et al. 2018) is a valid 

approach, especially when dealing with low numbers of samples or if the underlying vasculature is 

represented by unimodal pattern distribution (i.e. the arterial pattern in this study). However, distinct 

vessel patterns can exist such as the at least bimodal distribution of venous patterns in this study. For 

these configurations, a global mean representation can be an oversimplification. Besides the 

heterogenous vasculature branching and trajectories at the mesoscopic scale studied here, even major 

cerebral arteries are non-uniform across subjects. Using ToF angiography, for less than 50% of all healthy 

participants a complete circle of Willis was observed, hence, it is common to observe subject-specific 

vessel patterns even in larger cerebral arteries (Krabbe-Hartkamp et al. 1998).  

Overall, the optimal degree of spatial specificity and number of patterns depend on the study at hand, i.e. 

number of samples, ROIs included in the analysis, and the variability of the vasculature within ROIs itself. 

Hence, the concept of vessel patterns and vessel atlases are not mutually exclusive but enrich each other, 

i.e. by building group-specific vessel atlases (Grabner et al. 2014). Future studies are required to 



understand the potential effect of vessel patterns on brain structure and function in health as well as 

elucidate potential vascular resistance- and resilience-mechanism to pathologies.  

 

Study limitations, strengths and potentials 
This explorative, methodology study used part of an openly available data set. Hence, was retrospective 

in design. Further, only young subjects without any known neurological condition were included and, 

therefore, all results have to be interpreted in light of the data and cohort at hand. Effects of aging and 

pathology remain future tasks. Overall, the cohort size was comparable to vessel atlas studies involving 

7T imaging, i.e. Huck et al. with 20 subjects (Huck et al. 2019). Nevertheless, the here performed pattern 

assessment would have benefited from more volunteers. 

Further, only the putamen was assessed instead of the more common whole brain analysis (Huck et al. 

2019; Ward et al. 2018; Bernier et al. 2018). As part of the basal ganglia, the putamen and its (arterial) 

vasculature are relevant in several vascular pathologies (Takahashi 2010; Wei et al. 2022) and can be 

detected reliably using high resolution ToF angiography and susceptibility-based venography (Mattern et 

al. 2018; Mattern et al. 2019; Akashi et al. 2012; Conijn et al. 2009; Kang et al. 2009; Ward et al. 2018; 

Huck et al. 2019; Bernier et al. 2018). Further, limiting the scope on one region rendered this proof-of-

principle study feasible and extension to the whole brain will be performed in the future. 

Imaging resolution and vessel segmentation determine vessel detection and, therefore, represent a 

considerable bias in vessel distance and density estimates. With higher resolution even smaller vessels 

would have been depicted and more elaborate segmentation approaches, i.e. (Straub et al. 2022; 

Chatterjee et al. 2020) would have improved small vessel segmentation further. Note that preliminary 

results show a linear scaling of vessel distances and densities with the imaging resolution used (Mattern 

and Speck 2022). 

Besides the resolution itself, venous data was acquired at 3T and arterial data at 7T. While the contrast 

mechanisms of ToF angiography (i.e. inflow enhancement) and SWI (i.e. susceptibility of venous blood) 

are inherently different, rendering a comparison of their small vessel imaging capabilities non-trivial, there 

is a confounding factor for the SWI data acquired. A PRESTO sequence was used which did not utilize 

gradient moment nulling and, therefore, flow artifacts can affect the phase images (Kan et al. 2017). As a 

result, discontinuities in the venous vasculature were observed in susceptibility maps in this study. Using 

QSM-based SWI overcomes this challenge in part as it combines the high specificity of the QSM to iron 

rich-structures and the vessel continuity of the T2*-weighted magnitude images.  

No vessel co-registration was performed in this study (only spatial normalization of the brain structure). 

Previous whole brain vessel atlases used explicit vessel co-registration to achieve overlap of vessel across 

subjects (Huck et al. 2019; Bernier et al. 2018). Nevertheless, it was reported that with decreasing vessel 

diameter the vessel patterns become more variable and co-registration more challenging. Arguably, at 

the mesoscopic scale, the number and orientation of vessels become too variable (Akashi et al. 2012; Wei 

et al. 2022) to enforce explicit vessel co-registration. Hence, conventional voxel-based vessel densities 

(i.e. percentage of vessel overlap across subjects) become infeasible but VDM can be used as an 

alternative when taking the smooth maps and more subtle differences between maps into account.  



Conclusion 
VDM is a complementary approach to commonly used vessel densities and enables vessel pattern 

assessment at the mesoscopic scale where co-registration of individual vessels becomes infeasible. 

Further, the automatic clustering with VDM and vascular fingerprints represents an unsupervised 

alternative to expert-based pattern assessment. Both pattern assessment, i.e. expert- and clustering-

based, found distinct arterial and venous patterns, stimulating the idea of using pattern-specific (vessel) 

atlases instead of one global average. The here presented methodology could enable future studies to 

understand the potential effect of the vasculature on brain function in health and disease. 
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Supplementary Material: 

Dendrograms for automatic clustering 

 

Figure S1: Clustering results represented as dendrograms for the (a) arterial and (b) venous vasculature of the putamen. The 
patterns where found using VDM data with the parameters returning the highest Calinski-Harabas score. Pattern clusters were 
color-coded. Note that patterns with only a single putamen were colored black. The x-axis represents the Euclidian distance of 
the vascular fingerprints (fingerprint introduced as a 1D vector approximating the vasculature’s trajectory in a latent space 
using image moments) and this distance is used to approximate similarity between vessel patterns. 

For the clustering for arterial and venous VDM are shown as dendrograms in Figure S1, respectively.  

 



Parameter search for automatic clustering: 

 

Figure S2: Heatmaps for the Calinski-Harabas (CH) score for the parameter search space for (a, b) arterial (ToF) and (c, d) venous 
(SWI) data using (a, c) vessel enhanced (filtered) images or (b, d) vessel distance maps (VDM) as inputs for the automatic vessel 
pattern clustering. The two free variables for the pipeline are the maximal image moment order used to generate the latent 
space and number of clusters found by the hierarchical clustering approach in the latent space. 

The automatic vessel pattern assessment pipeline had two free variables: The maximal order of the image 

moments 𝑜 (3 to 33) and the number of clusters (2 to 10). To find the optimal parameter set, the Calinski-

Harabasz (CH) score (Calinski and Harabasz 1974) was computed for the parameter space using vessel 

enhanced (filtered) images and vessel distance maps as inputs, respectively. Overall, VDM-based 

assessment yielded higher CH scores (see Figure S2), hence, VDM was used for the subsequent pattern 

analysis.  

For ToF VDM data, 𝑜 = 31 and 7 clusters were selected, yielding the highest CH score (42.16) in the 

selected parameter space. 

For SWI VDM data, 𝑜 = 33 and 5 clusters were selected, yielding the highest CH score (41.34) in the 

selected parameter space. 

 



Correlation of putamen-wise averaged vessel densities and distances 

 

Figure S3: Correlation of vessel densities and distances averaged per putamen for arterial and venous side, respectively. Regression 
lines are plotted as well as color-coded dots for left and right hemisphere. While the inter-metric comparison shows that mean 
vessel densities and distances correlate for (a) arterial and (c) venous estimates, respectively, the intra-metric comparison between 
arterial and venous vasculature showed no significant correlation for either (d) mean vessel densities or (b) distances. 

Per putamen, the average vessel density and distance was computed in the respective native image space. 

There is a significant correlation of putamen-wise averaged vessel densities and distances for arterial and 

venous vasculature, respectively (p<0.0001 for both; see Figure S3). For arterial estimates, the Pearson 

regression yields r=-0.61, slope=-0.92 %/mm, and an intercept of 5.00 %, while for the venous estimates 

it yields r=-0.67, slope=-0.66 %/mm, and an intercept of 3.19 %. 

Correlation of arterial VDM with venous VDM as well as correlation of arterial densities with venous 

densities were non-significant. Hence, in this study no significant correlation of putamen-wise averaged 

vessel metrics across the arterial and venous side of the vasculature was detected. Further, the Pearson 

correlation coefficient was small for VDM (r=0.05) and vessel densities (r=0.03) across vasculatures (see 

Figure S3). 



When comparing estimates across hemispheres with a paired Wilcoxon signed-rank test, only arterial 

vessel density estimates returned a significant difference (p=0.014), rejecting the null hypothesis that left 

and right estimates come from the same underlying distribution. For all other metrics, i.e. venous 

densities, arterial VDM, and venous VDM, the putamen-wise averages did not differ significantly between 

left and right hemisphere.  

 

Group differences of putamen-wise averaged vessel densities and distances 

 

Figure S4: Boxplot of putamen-wise averaged vessel distances grouped by pattern for (a, b) arterial and (c, d) venous vasculature, 
respectively. Patterns are based on the (a, c) expert rating and (b, d) automatic clustering. Group mean is indicated by the white 
dot, median by the black horizontal line, quartiles by the extent of the box, and the whiskers extending to 1.5 times the interquartile 
range below/above the low/high quartiles (values outside whiskers considered as outliers). Additionally, each data point is scatter 
plotted. No significant group difference was found. 

Per putamen, the average vessel density and distance was computed in the respective native image space. 

Subsequently, Mann-Whitney U-rank tests were applied to find significant differences between pattern-



wise distribution of average vessel metrics (see Figure S4 and Figure S5 for vessel distances and densities, 

respectively). Significant differences after correction for multiple comparisons was found only for venous 

vessel distances and patterns based on expert rating, i.e. pattern I vs. IV (p<0.001), and pattern II vs. IV 

(p<0.05). Beyond significant differences, trends were observed with overall larger group differences for 

vessel densities than for distances. 

Since the arterial expert rating differentiated patterns based on the arterial collateralization and vessel 

fanning, the decrease of arterial distances from pattern A to C was expected (approx. -13% and -12% for 

mean and median, respectively). However, arterial density did not show the expected increase. Hence, 

mean arterial VDM values mimic the perceived pattern better then mean arterial densities. Similarly, 

expert rating of venous patterns was based on the vessel sparseness and localization of the vessels itself. 

Therefore, a decrease in venous distances and an increase in density from pattern I to IV was expected 

(approx. -11%/-12% for mean/median distances, and +84% /+80% for mean/median densities, 

respectively). Further, a monotonic increase in mean and median venous densities as well as decrease in 

median distances was observed from pattern I to IV. 

The automatic pattern assessment was unsupervised. Hence, comparing pattern-wise mean/median 

estimates is not a validation of the patterns found, but rather an explorative assessment. Note that some 

of the patterns found consisted of a single putamen (pattern with n=1). For the arterial patterns, putamen-

wise averaged density and distance estimates show similar behavior for pattern a, c, and f. Pattern b is on 

average less vascularized than pattern a, c, and f (approx. -9%/23% for b vs. a, approx. -10%/34% for b vs. 

c, and approx. -13%/32% for b vs. f, in mean distances and densities, respectively). For the patterns with 

n=1, d and g had an overall low vascularization while pattern e appeared similar to the patterns a, c, and 

f, requiring an assessment beyond putamen-wise averages to disentangle difference. For the automatic 

clustering of the veins, pattern 2 is on average less vascularized than pattern 1 and 3 (approx. -10%/16% 

for 2 vs. 1, approx. -6%/33% for 2 vs. 3 in mean distances and densities, respectively). Pattern 1 and 3 

have similar median values, but have differences in mean due to the larger data spread of pattern 3. For 

patterns with n=1, 4 appears highly vascularized, returning the highest venous density of all putamen, 

while pattern 5 appears comparable to pattern 1, 2, and 3. 



 

Figure S5: Boxplot of putamen-wise averaged vessel densities grouped by pattern for (a, b) arterial and (c, d) venous vasculature, 
respectively. Patterns are based on the (a, c) expert rating and (b, d) automatic clustering. Group mean is indicated by the white 
dot, median by the black horizontal line, quartiles by the extent of the box, and the whiskers extending to 1.5 times the interquartile 
range below/above the low/high quartiles (values outside whiskers considered as outliers). Additionally, each data point is scatter 
plotted. Significant group difference (Bonferroni-corrected) was found for venous expert-based patterns I vs. IV (p<0.001***) and 
II vs. IV (p<0.05*) 

The statistics per pattern of the putamen-wise averaged vessel distances and densities are shown as 

numerical values in the tables Table S1, Table S2, Table S3, and Table S4, respectively. 



Table S1: Putamen-wise averaged arterial vessel densities and distances reported per group/pattern as mean ± standard 
deviation, median using patterns found by the expert assessment 

 Pattern A Pattern B Pattern C 

Mean arterial distance 
[mm] 

3.729 ± 0.457; 3.667 3.394 ± 0.300; 3.376 3.237 ± 0.210; 3.231 

Mean arterial density [%] 1.931 ±- 0.736; 1.974  1.790 ± 0.523; 1.755 1.866 ± 0.269; 1.869 

 

Table S2: Putamen-wise averaged arterial vessel densities and distances reported per group/pattern as mean ± standard 
deviation, median using patterns found by the automatic pipeline 

 Pattern a Pattern b Pattern c Pattern d Pattern e Pattern f Pattern g 

Mean 
arterial 
distance 
[mm] 

3.372 ± 
0.256; 
3.369 

3.721 ± 
0.373; 
3.601 

3.387 ± 
0.402; 
3.348 

4.070 ± 
0.000; 
4.070 

3.481 ± 
0.000; 
3.481 

3.234 ± 
0.207; 
3.231 

4.125 ± 
0.000; 
4.125 

Mean 
arertial 
density [%] 

1.858 ± 
0.571; 
1.879 

1.503 ± 
0.374; 
1.686 

2.008 ± 
0.542; 
1.998 

1.412 ± 
0.000; 
1.412 

1.649 ± 
0.000; 
1.649 

1.978 ± 
0.445; 
2.070 

0.950 ± 
0.000; 
0.950 

 

Table S3: Putamen-wise averaged venous vessel densities and distances reported per group/pattern as mean ± standard 
deviation, median using patterns found by the expert assessment 

 Pattern I Pattern II Pattern III Pattern IV 

Mean venous 
distance [mm] 

3.519 ± 0.268; 3.462 3.320 ± 0.043; 3.306 3.438 ± 0.416; 3.271 3.149 ± 0.269; 
3.080 

Mean venous 
density [%] 

0.667 ± 0.210; 0.698 0.672 ± 0.104; 0.700 1.035 ± 0.266; 0.996 1.226 ± 0.286; 
1.255 

 

Table S4: Putamen-wise averaged venous vessel densities and distances reported per group/pattern as mean ± standard 
deviation, median using patterns found by the automatic pipeline 

 Pattern 1 Pattern 2 Pattern 3 Pattern 4 Pattern 5 

Mean venous 
distance [mm] 

3.224 ± 0.293; 
3.183 

3.571 ± 0.229; 
3.508 

3.356 ± 0.390; 
3.230 

2.885 ± 0.000; 
2.885 

3.306 ± 0.000; 
3.306 

Mean venous 
density [%] 

0.959 ± 0.321; 
0.954 

0.826 ± 0.177; 
0.857 

1.102 ± 0.323; 
1.206 

1.898 ± 0.000; 
1.898 

0.784 ± 0.000; 
0.784 

 

 


