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Abstract

The laminar microstructure of the cerebral cortex has distinct anatomical characteristics of the development, function,
connectivity, and even various pathologies of the brain. In recent years, multiple neuroimaging studies have utilized magnetic
resonance imaging (MRI) relaxometry to visualize and explore this intricate microstructure, successfully delineating the
cortical laminar components. Despite this progress, T1 is still primarily considered a direct measure of myeloarchitecture
(myelin content), rather than a probe of tissue cytoarchitecture (cellular composition). This study aims to offer a robust,
whole-brain validation of T1 imaging as a practical and effective tool for exploring the laminar composition of the cortex.
To do so, we cluster complex microstructural cortical datasets of both human (N = 30) and macaque (N= 1) brains using an
adaptation of an algorithm for clustering cell omics profiles. The resulting cluster patterns are then compared to established
atlases of cytoarchitectonic features, exhibiting significant correspondence in both species. Lastly, we demonstrate the
expanded applicability of T1 imaging by exploring some of the cytoarchitectonic features behind various unique skillsets,

such as musicality and athleticism.
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Introduction
Progress in MRl imaging of T1 layers

The intricate laminar structure of the cerebral cortex was
first discovered toward the end of the nineteenth century
using ex vivo histological methods, sparking over a cen-
tury of studies into its assumed roles in the development,
function, connectivity, and even pathologies of the brain
(Meynert 1872; Bevan Lewis 1879; Ramoén y Cajal et al.
1988; Garcia-Cabezas et al. 2019). With the advent of MRI
neuroimaging, the cerebral cortex was successfully seg-
mented, delineating its cortical surfaces bordering with
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underlying white matter and the surrounding cerebrospinal
fluid (Fischl 2012). However, the laminar substructure of the
cerebral cortex was initially assumed to be beyond the imag-
ing capabilities of MRI. Since then, an increasing number
of neuroimaging studies have proposed a variety of MRI
imaging modalities and approaches for exploring the lami-
nar composition of the cortex, with T1 relaxometry proving
to be one of the most suitable and accurate approaches so
far (Clark et al. 1992; Barbier et al. 2002; Bridge and Clare
2006; Duyn et al. 2007; Deistung et al. 2013; Glasser et al.
2014; Lutti et al. 2014; Shafee et al. 2015; Assaf 2019; Van
Essen et al. 2019).

The applicability of T1 relaxometry in exploring the
cortical laminar composition was established in a series of
studies. In 2012, a study characterized the cortical layers
in the brains of both humans and rats and compared the
resulting T1 clusters to histological findings from the rat
brain (Barazany and Assaf 2012). In 2018, a larger scale
study used the same inversion recovery (IR) MRI protocol
to explore the laminar composition of both humans and
rats, concluding that low-resolution T1 mapping is the most
appropriate approach for delineating the layers (Lifshits
et al. 2018). The study concluded that due to their small
physical thickness, the layers are better delineated using
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high resolution in the T1 relaxation domain, rather than
high resolution in the spatial domain. While this conclu-
sion is counterintuitive, it is analogous to diffusion MRI, in
which micron-level resolution is achieved not by generating
an image at the micron scale, but rather by characterizing a
micron-scale phenomenon (Lifshits et al. 2018). In 2019, a
complete automated framework was formed for analyzing
the cortical laminar composition using low-resolution multi-
T1 mapping and a simple surface-based volumetric sampling
system (Shamir et al. 2019). What followed were several
studies using multi-T1 imaging to explore the role of the
cortical laminar composition in different pathologies, such
as epilepsy (Lotan et al. 2021), as well as in healthy aging
(Tomer et al. 2022). Other studies modeled and explored
patterns of cortical connectivity on the laminar level (Shamir
and Assaf 2021a, b; Shamir et al. 2022).

The abovementioned studies provide further
substantiation for cortical laminar composition analysis
using low-resolution, multi-T1 imaging. However, this
methodology has so far been limited by the fact that T1
is still not considered a direct measure of cytoarchitecture
(cellular composition). This study aims to offer a robust,
whole-brain validation of T1 imaging as a practical and
effective probe for exploring cortical microstructure on the
laminar level.

Challenges in clustering multilayered surface-based
data

Use of the framework for cortical laminar composition anal-
ysis (Shamir et al. 2019, 2022; Shamir and Assaf 2021a, b)
results in a multilayered, surface-based dataset represent-
ing the regionally varying laminar composition across the
cortical surfaces of both hemispheres. Despite the estab-
lished correspondence between T1 layers and the actual cor-
tical layers (Clark et al. 1992; Barbier et al. 2002; Bridge and
Clare 2006; Duyn et al. 2007; Barazany and Assaf 2012;
Deistung et al. 2013; Glasser et al. 2014; Lutti et al. 2014;
Shafee et al. 2015; Lifshits et al. 2018; Assaf 2019; Shamir
et al. 2019, 2022; Van Essen et al. 2019; Lotan et al. 2021;
Shamir and Assaf 2021a, b; Tomer et al. 2022), T1 is still
thought to be more of a direct measure of myeloarchitec-
ture (myelin content) than of cytoarchitecture (Glasser et al.
2016; Shamir and Assaf 2023). This dataset is both multi-
dimensional and geometrically complex: up to six cortical
laminar components, representing the regionally varying
microstructure of the cortex, are measured across vertices of
a Delaunay triangulation, delineating the intricate geometry
of the cortex. It is noted that some components (or laminar
components) can have the value zero at some vertices. More
specifically, for each hemisphere the triangulation consists of
~150,000 vertices, connected by ~300,000 faces, with lami-
nar composition values available for each vertex, including
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six laminar components corresponding to the widths of T1
layers 1-6 (see Fig. 1, part 1).

We hypothesize that suitable clustering of the T1 layer
composition across the entire cortex should correlate
to spatially defined cortical regions with distinct
cytoarchitectonic features. While many cortical atlases
exist, one of the most robust reference atlases for cortical
cytoarchitecture is the granularity atlas (von Economo 2009).
The granularity atlas divides each hemisphere into about a
dozen continuous regions, each labeled with a granularity
index of 1-6 according to the level of overall cross-section
cellular granularity observed histologically (see Fig. 1,
parts 2-3). Its robustness and applicability for our needs
lie in the fact that it divides the cortex into regions based
on cytoarchitectonic features alone. Since its publication,
the granularity atlas has been further discussed (Beul and
Hilgetag 2014), made publicly available (Scholtens et al.
2016), and repeatedly utilized (Shamir and Assaf 2021a, b;
Parkes et al. 2022; Sajad et al. 2022; Shamir et al. 2022;
Wallace et al. 2022; Katsumi et al. 2023).

Analyzing patterns in this complex laminar dataset is no
simple task, since the ability to visualize the entire dataset
simultaneously is limited, and therefore, accurate whole-
brain clustering must be accomplished. The first challenge
in clustering the dataset relates to its surface-based nature,
in which the spatial locations of the data are not given across
pixels or voxels, but rather across vertices on a triangulation
surface. The second challenge relates to the dimensionality
and low variability of the data, which includes six T1 layer
widths with an overall average cortical cross section of
approximately two millimeters. The third and final challenge
relates to both spatial dispersion and multidimensionality:
accurate clustering must take into consideration not only
the T1 layer composition at each given data point but
also the compositions of its neighboring data points. The
importance of identifying neighborhoods of data points with
similar laminar compositions (clusters) lies in the expected
correspondence with well-defined cortical regions with
distinct cytoarchitectonic features. Furthermore, at times
even smaller regions vary in their cytoarchitectonic features.
For example, gyral caps (peaks) and sulcal fundi (valleys)
vary in their overall thickness as well as in their laminar
substructure.

Existing methods for clustering multidimensional,
graph-based datasets

One popular approach for clustering data with spatial
information is by using graphs. In this approach, graph
vertices represent data points in space and graph edges
connect vertices that are close in space. Edges can be
weighted reflecting the distance between the points. Over
the years, a plethora of clustering algorithms have been
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Fig. 1 Multilayered surface-based dataset and a cytoarchitectonic
granularity atlas: (1) Multilayered cytoarchitectonic surface-based
dataset: the cerebral cortex is represented by a Delaunay triangula-
tion, delineating the mid cortical surfaces of each hemisphere (seen
from a superior view in A). A single vertex is seen (yellow) on a
sulcus in the frontal lobe of the right hemisphere, surrounded by its
thirty closest neighboring vertices (blue) (B). The cytoarchitectonic
laminar composition at the location of the chosen vertex is shown,
including widths of six laminar components: T1 layers 1-6 (colored

developed for the problem, including some of the following:
similarity graph connectivity clustering (Hartuv and
Shamir 2000), density-based clustering using both attribute
similarity and spatial proximity (Liu et al. 2012), distributed
K-means clustering of mesh networks (Ramesh 2015), and
community detection in networks (Girvan and Newman
2002; Traag et al. 2019).

In medical imaging, various algorithmic approaches
have been proposed for dealing with graph-based image
segmentation (Chu et al. 2002) and density-based image
segmentation using super-pixels (Zhang et al. 2017). In the
field of MRI neuroimaging, different algorithmic approaches
have been developed for threshold-free, surface-based
clustering (Lett et al. 2017), as well as for community
detection in functional networks (Akiki and Abdallah
2019). Recently, a novel algorithm in the field of omics,
which includes genomics, transcriptomics, proteomics, and
metabolomics, has been developed for clustering cell omics
profiles using the spatial organization of the cells (Singhal
et al. 2022). The algorithm, Building Aggregates with a
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individually in C). (2-3) A cytoarchitectonic atlas of granularity
indices: cytoarchitectonic labeling of cortical regions according to
granularity indices across the cerebral cortex. Granularity indices: (0)
non-neocortical regions, (1) agranular, (2) slightly granular, (3, 4, 5)
increasing levels of granule cell presence (3 < 4 < 5), (6) granular
cortex. The entire atlas (2) and its components (3) can be seen from
different viewpoints: (A) superior, (B) caudal, (C) lateral (left), (D)
inferior

Neighborhood Kernel and Spatial Yardstick (BANKSY),
clusters multidimensional omics data across a surface-based
spatial representation.

Methods and materials
Histological dataset-BigBrain segmentation

The histological dataset was provided by BigBrain, a high-
resolution, three-dimensional histological model of the
human brain (Amunts et al. 2013). Based on reconstruction
of 7,404 histological sections, BigBrain provides a cellular-
level resolution of 20 um of the brain. This dataset was
utilized to provide the first whole-brain three-dimensional
segmentation of all cortical and laminar surfaces in the
human cerebral cortex. The layers were automatically
segmented using a convolutional neural network based
on histological intensities along cortical profiles sampled
between the pial and white matters throughout the cortex.
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These surfaces were used to evaluate cortical thickness
gradients and the contributions of different cortical laminae
to these gradients (Wagstyl et al. 2020). Since its publication,
this dataset has been made publicly available and repeatedly
utilized (e.g., Bazinet et al. 2023; Han et al. 2023; Shafiei
et al. 2023). The BigBrain dataset is provided in a surface-
based format, including cortical surfaces delineating the
borders of all cortical laminar components, from which
laminar widths are easily extracted. Data are freely available
at: https://bigbrainproject.org/

Neuroimaging datasets-MRI T1 layers
Human (N =33)

The human neuroimaging dataset includes (N = 33) healthy
human subjects, 16 male and 17 female, 18—78 years old, all
neurologically and radiologically healthy with no history of
neurological diseases. Of the (N = 33) subjects, (N = 30)
subjects were chosen from the same dataset used by (Shamir
et al. 2022) for assessing the overall resulting clustering
patterns. The additional (N = 3) subjects included were
chosen from three groups of interest: a professional athlete, a
professional musician, and a multilingual subject (polyglot).
These exemplary subjects were chosen for assessing subject-
specific features in comparison to the thirty-subject group
average. Data for all subjects (N = 33 in total) were collected
and processed in the same way.

All subjects gave fully informed consent before
enrollment in this study. The whole study and the imaging
protocols were approved by the institutional review boards
of Sheba Medical Center and Tel Aviv University, where
the MRI investigations were performed. All methods were
performed in accordance with the relevant guidelines
and regulations. Each subject was then scanned in a 3 T
Magnetom Siemens Prisma (Siemens, Erlangen, Germany)
scanner with a 64-channel RF coil and gradient strength of
up to 80 mT/m at 200 m/T/s. The scans include the following
sequences:

1. A Tl-weighted MPRAGE sequence, with the following
parameters: TR/TE = 1750/2.6 ms, TI=900 ms,
1 x1x 1 mm? 224 x 224 x 160 voxels. Acquisition
time was approximately 3.5 min.

2. An inversion recovery echo planar imaging (IR
EPI) sequence, with the following parameters: TR/
TE = 10,000/30 ms and 60 inversion times spread
between 50 ms up to 3000 ms, 3 X 3 X 3 mm3,
68 X 68 X 42 voxels, each voxel fitted with up to 7 dis-
crete and weighted T1 values using seven individual
exponential fits, based on an assumption regarding the
number of T1 components in the tissue (Lifshits et al.
2018). Acquisition time was approximately 12 min.
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Total scan time for both sequences was approximately
15.5 min.

The first sequence was used as an anatomical reference,
as well as for delineating the cortical surfaces, and the
second sequence was used for characterizing the cortical
layers. The acquired images were processed according to
the framework for cortical laminar composition analysis.
In general terms, the framework starts with estimation of
multiple T1 components per voxel in the IR EPI images
using an IR decay function fit. The whole-brain histogram
of weighted T1 values then undergoes probabilistic clas-
sification into different brain tissues using a t-distribution
mixture model. After precise image registration, the corti-
cal surfaces are extracted from the MPRAGE image and a
cortical sampling system of virtual spheres is built within
the delineated cortical volume. The per-voxel classified T1
values are then sampled within the cortical spheres using
a super-resolution solution. The result is an estimation of
T1 layer values across the cortical surfaces (Shamir et al.
2019; Shamir and Assaf 2021b; Shamir et al. 2022; Shamir
and Assaf 2023, see Fig. 2).

Macaque (N=1):

The macaque neuroimaging dataset is taken from Shamir
and Assaf (2021b) and includes a single excised macaque
brain that was obtained from the Mammalian MRI (MaMI)
database (Assaf et al. 2020). No animals were deliberately
euthanized for the present study. The excised macaque
brain was formalin fixated, and some 24 h before MRI it
was placed in phosphate-buffered saline for rehydration.
For the scan, the brain was placed in a plastic bag and
immersed in fluorinated oil (Flourinert, 3 M) to minimize
image artifacts caused by magnetic susceptibility effects.
The brain was scanned on a 7 T/30 Bruker scanner with
a 660 mT/m gradient system. The high-resolution scans
include the following sequences:

1. A Tlw sequence with a 3D modified driven equilibrium
Fourier transform (MDEFT), with the following
parameters: TR/TE = 1300/2.9 ms, TI = 400 ms,
0.2 x 0.2 x 0.2 mm?, 300 x 360 x 220 voxels.
Acquisition time was approximately 2 h and 13 min.

2. Aninversion recovery sequence using 3D FLASH, with
the following parameters: TR/TE = 1300/4.672 ms and
44 inversion times spread between 25 ms up to 1000 ms,
voxel size 0.67 X 0.67 x 0.67 mm?3, 96 X 96 x 68 voxels,
each voxel fitted with up to 8 discrete and weighted
T1 values using eight individual exponential fits
(similarly to (Lifshits et al. 2018)). Acquisition time was
approximately 69 h and 34 min.
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Image Image
acquisition: processing:
1 MPRAGE 2 Cortical surfaces
(Fischl 2012)
\4

3 Cortical spheres
(Shamir et al. 2019)

4 IREPI 5 T1 analysis

(Lifshits et al. 2018)

Fig.2 An outline of the framework for analyzing the cortical
laminar composition: (/) MPRAGE image acquisition (axial) as an
anatomical reference of the overcall cortical geometry. (2) Cortical
surfaces extraction, including the inner and outer cortical borders. (3)
Cortical spheres formation, including a system of volumetric spheres
across the cortex. (4) The outer cortical surface of the left hemisphere
(gray) and the cortical spheres beneath it (red) are seen from a cau-
dal viewpoint. (5) IR EPI image acquisition (axial) for characterizing
composition of the cortical layers. (6) T1 analysis using probabilistic

Total scan time for both sequences was approximately
71 h and 47 min.

The first sequence was used as an anatomical reference
with high gray/white matter contrast for segmentation
and estimation of cortical surfaces (like the clinical
MPRAGE sequence), and the second sequence was used for
characterizing the cortical layers. The acquired images were
processed according to the framework for cortical laminar
composition analysis, using an adaptation for the macaque
dataset (Shamir et al. 2019, 2022; Shamir and Assaf 2021b).

Ground truth reference-granularity atlas

In performance analysis of algorithms, to evaluate the
quality of a solution, it is compared to an independently
available, established reference resource, defined—for the
sake of the evaluation—as the ideal expected result, or
the “ground truth”. Here, the cortical atlas of granularity
indices (as shown in Fig. 1, parts 2-3) was used as the
ground truth reference for cytoarchitecture. The granularity
atlas labels cortical regions according to the overall level of
cytoarchitectonic granularity observed histologically across
cortical cross sections, from agranular low order cortex
to high order granular cortex. The atlas was generated by
manual labeling of the 44 cytoarchitectonic regions (per
hemisphere) of the von Economo—Koskinas atlas, resulting

Laminar composition

6 T1layer sampling

Resulting
T1 layers:

analysis:

Cortical surfaces
Pial border

-T2

W ne-ne

T3-T114

TIL4-T1LS

T5-T116

oo

classification of the T1 histogram (black bins) into a mixture of t-dis-
tributions (colored lines) corresponding to different brain tissues. (7)
T1 layer sampling of t-distributions 2-9, corresponding to T1 layers
VI-I (top), from a weighted voxel-wise basis to the system of corti-
cal spheres (bottom). (8) Resulting T1 layers 1-6, represented here by
the cortical surfaces bordering with each component (coronal view of
both hemispheres). The thirty-subject average dataset, including both
standard connectivity and laminar connectivity, is freely available at
https://github.com/ittais/Laminar_Connectivity

in about a dozen continuous regions with varying degrees
of granularity (von Economo 2009; Beul and Hilgetag 2014;
Scholtens et al. 2016; Shamir and Assaf 2021a). A similar
atlas of cortical granularity was used for the macaque brain,
based on a map of cytoarchitectonic features across the
primate cortex (Beul and Hilgetag 2019; Shamir and Assaf
2021b).

BANKSY algorithm adaptation

In this study we use the BANKSY algorithm for spatial
clustering (Singhal et al. 2022). The algorithm was
originally developed for clustering cells into types based
on their transcription profiles and spatial organization. We
adapt and implement the algorithm on surface-based cortical
laminar composition datasets, both histological (BigBrain)
and neuroimaging (MRI T1 layers). Our implementation of
the algorithm includes the following steps:

1. Neighbor-augmented matrix construction:

For each hemisphere, we construct a neighbor-
augmented matrix as described by Singhal et al. (2022)
using cortical layer width values instead of genomic
transcription expression values. The matrix B is m X n,
where n = 150,000 columns, corresponding to vertices
on the cortical surface, and m = 12 (see Eq. 1). Each
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column in the top half of the matrix B, includes the
six cortical layer widths for the vertex, and the bottom
half By, includes the six layer widths averaged
over the neighborhood of the vertex. The contribution
of each component is controlled by parameter A (see
Egs. 1-3). The neighborhood values are calculated by
locating the thirty nearest vertices on the cortical surface
and averaging them using the inverse of the distance
to the original vertex, after normalizing the sum of the
distances to one (see Egs. 4 and 5).

s_ | VI-4 By, 0
A Bbottom

where A is the neighborhood weight, we used 4 = 0.3
(Singhal et al. 2022).

B, =1C, G, ... C)] )
where C; is the cortical layer widths for vertex i.

Bboltom = [yl V2 e yn] (3)

where y; is the average cortical layer widths of
neighborhood of vertex i.

30
= Wi G “
where C; is the cortical layer widths for neighbor j of
vertex i, w;—weight for neighbor ;.

1

Tij

Wi= S50 1 ®)
Zq=1 a

where r;; is the distance of neighbor j from vertex i.

For the histological dataset, because of its assumed
high resolution and accuracy, we only used the six
layer width values for each vertex. In other words, the
neighbor-augmented matrix was ~150,000 x 12 as
described above.

For the neuroimaging datasets, because the T1 layers
correspond to laminar components and lack a one-to-
one correspondence to the histological cortical layers,
we used the six layer width values as well as the overall
cortical width values. The addition of the overall cortical
width can be further explained by the relatively more
established measurement of the cortical cross-section
segmentation using MRI (Fischl 2012). Overall, the
neighbor-augmented matrix was ~150,000 x 14,
including six cortical layer widths and the overall
cortical width of the vertex, and six averaged cortical
layer widths and the averaged overall cortical width of
its neighborhood.
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2. Neighbor-augmented matrix clustering:

The neighbor-augmented matrices for both
hemispheres are concatenated into a single whole-brain
matrix for clustering (see Eq. 6).

B whole brain — [B left hemisphere B right hemisphere ] . (6)

For both the histological and the neuroimaging
datasets we clustered the corresponding matrices using
a simple unsupervised K-means clustering algorithm,
which partitions the vectors (~150,000 X 2 matrix
columns) into K clusters. Aside from the variation in
the construction of the neighbor-augmented vectors (see
step 1), we used a different number of clusters K for
the histological and neuroimaging datasets. For each
dataset, K was selected according to visual assessment
using global matching of regional patterns to those in the
granularity atlas. For the histological dataset we got the
best results when using K = 6, and for the neuroimaging
datasets (N = 30 subjects) we repeatedly got the best
results using K = 4. For the first neuroimaging subject,
the clusters were relabeled 1-4 in increasing levels of
average granularity according to the granularity atlas
(see Fig. 1, parts 2-3). To obtain consistent cluster
labeling across subjects, the K-means solution of one
subject was used as seed for all other (N = 29) subjects.
For the macaque neuroimaging dataset, we got the best
results when using K = 5.

Evaluating the clustering results:

After assigning a label to each vertex, the clusters were
plotted across the cortical surfaces and visually assessed
for hemispheric symmetry and overall similarity to the
granularity atlas using global matching of regional
patterns. To integrate the results across subjects, we used
the Brainnetome atlas, which partitions the cortex into
210 cortical regions, 105 regions per hemisphere (Fan
et al. 2016). Three visual and quantitative assessments
were then performed:

a. Hemispheric symmetry:

i. A cross-subject cluster label was assigned
to each cortical region according to a
majority vote of all vertices in that region
across all subjects (N = 30). To visually
assess the symmetry, the clusters were
plotted across the cortical surfaces.

ii. To quantitatively assess the level
of symmetry, for each subject, each
region was assigned a per-subject label
according to majority vote of its vertex
labels. To measure symmetry, we used
the pairing of regions in the left and right
hemispheres. Symmetry for a single
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subject was defined as the percentage of
pairs of regions that had the same label.
Cohort symmetry was defined in the
same way using the cross-subject cluster
labels (see a(i)). Symmetry for randomly
spatially permuted datasets was computed
for comparison.

b. Inter-subject variability:

To assess inter-subject variability, the per-subject
region labels described in a(ii) were used. The
standard deviation in cluster assignment per region
across all (N = 30) subjects was then measured and
plotted across the cortical surfaces.

c. Similarity to granularity atlas:

To visually assess the similarity, the cross-subject
region labels described in a(i) were used. The
clusters were plotted across the cortical surfaces and
compared to a simplified version of the granularity
atlas. To quantitatively assess the correspondence,
a hypergeometric test was performed (Fisher 1922,
1992; Liddell 1976). The hypergeometric test, also
known as Fisher’s exact test, uses the hypergeometric
distribution to measure the statistical significance of
drawing a sample consisting of a specific number
of at least k successes out of a total of n draws
from a given population size containing a given
number of successes, assuming that draws are done
independently at random without replacement. This
test was used for comparing the resulting clusters
to the simplified groups of granularity indices. For
each index and cluster, the number of regions in
that index that belong to that cluster was computed,
and the significance of the index-cluster overlap
was computed. P-values were corrected using the
Bonferroni correction for multiple comparisons.

d. Subject-specific features:

To visually assess the relative granularity features
of the (N = 3) exemplary subjects, for each subject
clusters were plotted in comparison to the thirty-
subject regional majority vote. Regions with clusters
corresponding to higher granularity levels than
the majority vote are presented in hot colors, and
regions with lower granularity level are presented
in cold colors.

Results

The same basic clustering algorithm was used for both the
histological and the neuroimaging datasets, including two
main parameters: neighborhood size and neighborhood
weight. The neighborhood size, or number of vertices nearest

to a given vertex to be averaged, was chosen by testing
multiple values ranging between 0 and 100. When testing
both types of datasets and increasing the neighborhood size
incrementally, results did not change much beyond a size
of thirty neighboring vertices. Accordingly, a neighborhood
size of thirty vertices was deemed satisfactory for both types
of datasets. The second parameter is the neighborhood
weight (4), which weighs the relative contributions of
the two components per vertex: its individual laminar
composition value, and the averaged values of its
neighborhood. The neighborhood weight was chosen by
testing multiple values ranging between 0, representing
no neighborhood contribution, and 1, representing solely
neighborhood contribution. For both types of datasets,
4 = 0.3 resulted in the most visually distinct and cohesive
clusters across the cortex and was consequently deemed
most fitting. It is worth noting that the same neighborhood
weight was used for omics data in the study that introduced
BANKSY (Singhal et al. 2022).

Clustering the histological dataset

K-means clustering of the neighbor-augmented matrix for
the histological dataset resulted in six distinct clusters that
show correspondence to most of the six granularity indi-
ces in the granularity atlas (see results in Fig. 3). When
examining the resulting six clusters, global matching of
regional patterns appears. Firstly, overall visual assessment
of the clusters shows high hemispheric symmetry between
the left and right hemispheres. Secondly, the methodology
successfully delineated occipital regions with increasingly
high granularity, alongside successful delineation of tem-
poral regions with mid-to-low granularity levels (Fig. 3,
top row B and C, respectively). When examining the six
clusters individually, additional interesting features appear.
As seen, the process successfully delineated non-neocortical
regions (Fig. 3, row 1). This result is expected given the fact
that no layer data are included for non-neocortical regions
that have no granularity index labeling. The other clusters
seem to correspond to regions with increasing granular-
ity indices, from frontal regions that are considered more
agranular (Fig. 3, rows 2 and 3), to temporal and parietal
regions that are considered more granular (Fig. 3, rows 4
and 5), up to occipital regions that are considered entirely
granular (Fig. 3, row 6). A third notable feature across all
individual clusters is the differentiation across the cortical
folding, i.e., gyral caps and sulcal fundi, which are known
to differ in both thickness and laminar composition (Wagstyl
et al. 2020; MacDonald et al. 2000).

The effective clustering of cortical layers in the
histological dataset, accurately identifying cortical regions
with varying cytoarchitectonic features, provided a proof
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Fig.3 Clustering histological dataset (BigBrain): All six clusters
can be seen in the top row, and each individual cluster can be seen on
the rows below (1-6): (/) non-neocortical regions, (2, 3, 4) agranular

of concept for the consequent application of the BANKSY
clustering algorithm on our T1 layer neuroimaging datasets.

Clustering the neuroimaging datasets

The results of K-means clustering of the neighbor-aug-
mented matrix for the neuroimaging dataset with K = 4
clusters show correspondence to a coarser division of the
granularity indices in the granularity atlas (see Fig. 4). When
examining all four clusters simultaneously, once again it
appears that the process successfully delineated occipital
regions with increasingly high granularity, alongside suc-
cessful delineation of temporal regions with mixed granular-
ity levels (Fig. 4, top row B and C, respectively). Addition-
ally, relatively high hemispheric symmetry can be seen from
visual assessment of clusters 1 and 4. When examining the
four clusters individually, some interesting features appear.
As seen, the process delineated non-neocortical regions but
merged it with the agranular cortex (Fig. 4, row 1). While
the histological dataset only includes laminar information
for neocortical regions, the neuroimaging datasets also
include information for non-neocortical regions, which are
characterized by a laminar composition of only three to four
layers. The other clusters seem to correspond to a coarser
division into regions with increasing granularity indices,
from frontal regions that are considered less granular (Fig. 4,
row 2), to temporal and parietal regions that are considered
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to increasingly granular cortices, (5, 6) increasingly granular to gran-
ular cortex. The clusters can be seen from different viewpoints: (A)
superior, (B) caudal, (C) lateral (left), (D) inferior

more granular (Fig. 4, row 3), ending once more in occipital
regions with high granularity (Fig. 4, row 4).

Similar patterns were observed in the clustering results
of all (V= 30) subjects. The differentiation between cyto-
architecture in gyri and sulci that was previously observed
for the histological dataset is also noticeable here across all
individual clusters (see Fig. 5, part 1). Furthermore, when
we randomly permute the spatial locations of the neighbor-
augmented vectors in the neuroimaging dataset and then
apply the same adaptation of the BANKSY algorithm, any
delineation of regions of cytoarchitectonic importance dis-
appears (see Fig. 5, part 2).

When examining the six resulting clusters for the excised
Macaque brain, a similar cytoarchitectonic differentiation
between gyri and sulci appears (see Fig. 5, part 3). While
the excised macaque brain displays fewer dominant clusters,
presumably relating to formalin fixation, the resulting
clusters display high hemispheric symmetry and a clear
delineation of regions relating to the macaque motor cortex.

To further evaluate the performance of the algorithm
on the neuroimaging datasets, we computed per-subject
cluster assignment to each region using majority voting
and measured the standard deviation of results across all
(N = 30) subjects. The regional majority vote was also
used for measuring the overall accuracy of the results on
a regional level, by finding cross-subject cluster assign-
ment to each region using majority vote of the points in
the region across all subjects (see Fig. 6, part 1). Standard
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Fig.4 Clustering neuroimaging dataset for a single subject
(MRI T1 layers): All four clusters can be seen in the top row, and
each individual cluster can be seen on the rows below (1-4): (/) non-

deviation was used for measuring variability in per-subject
regional cluster assignment across subjects (see Fig. 6, part
2). The evaluation reestablishes the coarser delineation of
overall granularity patterns: high granularity in occipital
regions and in the postcentral gyrus, mixed granularity
in temporal regions, low granularity in frontal regions
(merged with non-neocortical regions), and increasing
granularity in temporal and parietal regions. When assess-
ing hemispheric symmetry, some asymmetry appears, par-
ticularly in regions with mixed granularity indices, such
as frontal and temporal regions, which also exhibit high
inter-subject variability. To quantitatively assess the hemi-
spheric asymmetry, we measured the percentage of pairs
of corresponding regions (mirroring regions between hem-
ispheres, including 105 pairs of regions) that differ in their
cluster assignment. The datasets include the following
three categories: cross-subject region labels, per-subject
region labels (N = 30), and per-subject region labels on
randomly spatially permuted datasets (N = 30). The results
show high symmetry values for the original datasets in
comparison to the spatially permuted datasets (see Fig. 6,
part 4).To quantitatively assess the overall similarity to
the granularity atlas (shown in Fig. 6, part 3), we meas-
ured hypergeometric scores, testing the correspondence
between the four clusters and four groups of granularity
indices. Significant correspondence was found between
cluster 1 and granularity indices 2-3, cluster 2 and indi-
ces 0-1, cluster 3 and index 4, and between cluster 4 and
indices 5-6 (see Fig. 6, part 5).

neocortical regions, agranular cortex, (2, 3) increasingly granular, (4)
granular cortex. The clusters can be seen from different viewpoints:
(A) superior, (B) caudal, (C) lateral (left), (D) inferior

To examine subject-specific cytoarchitectonic features,
we applied the clustering methodology on each of the
(N = 3) exemplary subjects, including an athlete, a musician,
and a polyglot. The clustering results for these exemplary
subjects are shown in relation to the thirty-subject majority
vote (no statistical calculation performed here, see Fig. 7).
The results show several notable features in concordance
with prior neuroanatomical knowledge: the professional
athlete exhibits relatively higher granularity in motor and
premotor regions, as well as frontal regions (see Fig. 7, part
1), the professional musician exhibits higher granularity
in motor and auditory regions (see Fig. 7, part 2), and the
polyglot exhibits higher granularity in regions associated
with language perception and formation (see Fig. 7, part 3).
Subject handedness is also apparent in the results: both the
athlete and the musician are right handed, and accordingly
they exhibit higher granularity in motor regions of the left
hemisphere, while the polyglot is left handed and accord-
ingly exhibits high granularity in mirrored language regions
of the right hemisphere.

Discussion

In this study we cluster microstructural multilayered
surface-based data in the cerebral cortex using adaptations
of an omics algorithm called Building Aggregates with a
Neighborhood Kernel and Spatial Yardstick (BANKSY).
This algorithm was developed in the field of omics for
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A B

Fig.5 Clustering different neuroimaging datasets: Differences in
clusters between an original and a randomized neuroimaging dataset
(human): (/) Original dataset: the resulting clusters in a neuroimag-
ing dataset showcase a differentiation between gyri and sulci across
the cortical folding. (2) Randomized dataset: the same neuroim-
aging dataset was permuted spatially and then clustered using the
same algorithm, resulting in no delineation of any regions of cyto-
architectonic importance. The results across the left hemisphere can
be seen from a superior view (A) of the postcentral gyrus (B), and
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from a caudal view (C) of the primary visual cortex (D). (3) Cluster-
ing macaque neuroimaging dataset: of the five resulting clusters, four
dominant clusters can be seen from different viewpoints: (A) superior,
(B) caudal, (C) lateral (left), (D) lateral (right). (4) Granularity atlas
(reduced): the cytoarchitectonic atlas of granularity indices (as seen
in Fig. 1), adapted for the macaque brain (Bridge and Clare 2006; von
Economo 2009) and reduced to five components
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Fig.6 Inter-subject (N = 30) clustering results and quantitative
assessments: (1) Inter-subject majority vote: the most common clus-
ter assigned to vertices belonging to each Brainnetome atlas region,
evaluated across all subjects (N = 30). (2) Inter-subject variability:
the standard deviation of the majority vote clusters across Brain-
netome atlas regions, evaluated across all subjects (N = 30). (3)
Granularity atlas (reduced): the cytoarchitectonic atlas of granularity
indices (as seen in Fig. 1), reduced from the original six components
to a coarser division including four components. Images are shown
from different viewpoints: (A) superior, (B) caudal, (C) lateral (leff),
(D) lateral (right), (E) inferior. (4) Hemispheric symmetry: boxplots

clustering genomic and biological datasets based on both
cell types and tissue domains and it has been shown to
outperform related clustering methods for multiple types
of datasets, including successful delineation of the cortical
layers by clustering omics data from the dorsolateral

Cluster label:

of the distribution of the fraction of pairs of corresponding cortical
regions (left and right hemispheres, including 105 pairs of regions)
that match in their cluster assignment. Three distributions are shown:
randomly spatially permuted datasets (N = 30), per-subject major-
ity vote (N = 30), and majority vote for the entire cohort (all sub-
jects). (5) Similarity to granularity atlas: hypergeometric p values for
the correspondence between the four cross-subject clusters and four
groups of granularity indices. P values were Bonferroni corrected for
multiple comparisons. Significantly correlated pairs (p value <0.05)
are marked in yellow

prefrontal cortex (Singhal et al. 2022). The same basic
clustering methodology was used for both the histological
and the neuroimaging datasets. However, its adaptations
for these two types of datasets differed in two principal
ways: (1) the inclusion, or exclusion, of the overall cortical
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Fig. 7 Relative clustering results for exemplary subjects (N = 3)
from different groups of interest: Clustering results are shown in
relation to the thirty-subject majority vote (presented in Fig. 6, part
1), where regions with higher granularity levels than the majority
vote are presented in hot colors and regions with lower granularity
level are presented in cold colors: (/) A professional athlete (N = 1):
relatively higher granularity in motor and premotor regions (i), as
well as frontal regions (if). (2) A professional musician (N = 1): rela-

thickness in the input vector; (2) a varying number of
clusters generating.

We first adapted the algorithm for the BigBrain
histological dataset (Amunts et al. 2013), a high-resolution
three-dimensional segmentation of all cortical and laminar
surfaces in the brain (Wagstyl et al. 2020). This initial
adaptation involved the use of the six width values of the
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tively higher granularity in motor (iii) and auditory (iv) regions. (3) A
polyglot, or person with fluency in multiple languages (N = 1): rela-
tively higher granularity in regions associated with language percep-
tion and formation (v and vi). It should be noted that while the pro-
fessional athlete and musician are both right handed, the polyglot is
left handed. Images are shown from different viewpoints: (A) lateral
(left), (B) superior, (C) lateral (right)

laminar components and clustering into K = 6 clusters,
resulting in delineation of multiple cortical regions with
distinct cytoarchitectonic features, including non-neocortical
regions, regions with increasing granularity from frontal to
temporal and parietal regions, and high granularity regions
in the occipital cortex as well as the postcentral gyrus.
This adaptation provided an initial proof of concept for
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the applicability of the BANKSY methodology for other
surface-based cytoarchitectonic datasets.

We then adapted the algorithm for the neuroimaging
datasets, which include the laminar composition of six
T1 layers across the cortical surfaces of (N = 30) healthy
subjects (Shamir et al. 2022). For this adaptation of the
algorithm, we achieved optimal results when using the
widths of the six laminar components combined with the
overall cortical width, all clustered into K = 4 clusters.
The inclusion of the overall cortical thickness in the input
vector for the neuroimaging dataset can be explained due
to the relatively lower resolution of the MRI data, as well
as the more well-established and well-documented nature
of MRI segmentation of overall cortical thickness. The
use of (K = 4) clusters when clustering the neuroimaging
datasets can be explained by the relatively lower resolution
of the neuroimaging datasets, compared to the ultrahigh
resolution of the BigBrain histological dataset. Once again,
the clustering resulted in delineation of multiple regions
with distinct cytoarchitectonic features, including regions
with increasing granularity from frontal to temporal and
parietal regions, and high granularity in occipital regions as
well as in the postcentral gyrus.

One of the main limiting factors of this study lies in the
relatively small sample size tested, including thirty subjects.
However, future studies can use the framework detailed here
on a wider scale of subjects. Additional limitations relate
to the qualitative nature of the selection process of some
algorithm parameters, primarily the number of clusters
generated. This process involves visual assessment of
the results, which necessitates a level of neuroanatomical
expertise. One final limitation involves the use of the
granularity atlas as a gold standard reference for cortical
cytoarchitecture. While many cytoarchitectonic atlases exist,
none provide an actual in vivo, subject-specific reference.

The resulting clusters in both adaptations of the algorithm
are characterized by a “patchy” appearance, compared to
the more uniform nature of our chosen reference atlas
of cytoarchitectonic features (von Economo 2009). The
“patchiness” appears to relate to a differentiation between
gyri and sulci across the cortical folding, known to vary
in both overall thickness as well as in laminar composition
(Wagstyl et al. 2020; MacDonald et al. 2000). This
explanation is strengthened by the fact that this feature
appears in both the histological dataset, which includes only
laminar composition as input, as well as in the neuroimaging
datasets, which also incorporates the overall cortical
thickness as input. The difference in uniformity across
cortical regions can also be attributed to methodological
differences relating to the labeling process of the granularity
atlas. This atlas is the result of a manual labeling process by
histologists over a century ago according to cellular features
observed across entire cortical regions. By comparison, our

clustering methodology involves unsupervised labeling
of present-day datasets according to assumed cellular
features on a vertex-wise basis. The vertex-wise clustering
better suits the nature of the neuroimaging datasets and the
regional variability in laminar composition. Nevertheless,
to better assess the accuracy of the results quantitatively we
used a majority vote for clusters across cortical regions. Our
analysis found a significant correspondence between each of
the four resulting clusters and a different set of granularity
indices. Furthermore, examination of the clustering results
for three exemplary subjects with unique skills highlights the
applicability of this framework in the exploration of some
of the structural mechanisms and cytoarchitectonic features
behind different skillsets.

It should be noted that this study does not claim
to offer a single “optimal” cortical parcellation based
on cytoarchitecture. Multiple other cytoarchitectonic
parcellations were proposed, based on other modalities
(Glasser et al. 2016; Palomero-Gallagher and Zilles 2019).
Our study offers an effective solution to the challenge of
clustering multilayered, surface-based datasets that represent
the regionally varying laminar composition across the
cortex. By doing so, three main goals are achieved. First and
foremost, the results highlight the role of MRI neuroimaging
as a probe of tissue cytoarchitecture, by providing a
validation of T1 imaging as a tool for exploring cortical
laminar composition. The full validation process is the
accumulated result of multiple qualitative and quantitative
assessments throughout the study: use of multiple datasets
from different modalities (histology and neuroimaging)
and species (human and macaque); visual assessment of
the clusters as part of an initial global matching of regional
patterns; assessment of results for spatially randomized
datasets for comparison; and quantitative evaluations
of the results, starting with hemispheric symmetry and
culminating in correspondence with the granularity atlas.
The correspondence between T1 layer clusters and regions
with distinct cytoarchitectonic features shows that the T1
imaging framework enables cortical laminar composition
analysis (Shamir et al. 2019, 2022; Shamir and Assaf 2021a,
b).

Additional achievements of this study include
demonstrating the adaptability and applicability of the
BANKSY algorithm (Singhal et al. 2022) to neuroimaging
data, as well as demonstrating the applicability of the
framework in exploring the cytoarchitectonic features behind
unique skillsets, such as musicality or athleticism. In the
future, the methodology presented here can be applied to
large groups of subjects not only to create a new and updated
in vivo atlas of cytoarchitectonic features but also to further
characterize subject-specific features associated with various
abilities and skills.

@ Springer



Brain Structure and Function

Author contributions Study conception and design: 1.S., Y.A.,R.S.;
Data collection: I.S., Y.A.; Analysis and interpretation of results: 1.S.,
R.S.; Draft manuscript preparation: I.S.; Author. All authors reviewed
the results and approved the final version of the manuscript.

Funding The authors declare that no funds, grants, or other supports
were received during the preparation of this manuscript.

Data availability The histological datasets generated and/or analyzed
during the current study are available in the BigBrain repository,
https://bigbrainproject.org/. The thirty-subject (N = 30) average
neuroimaging dataset generated and/or analyzed during the current
study are available in Matlab format in a GitHub repository, https://
github.com/ittais/Laminar_Connectivity. Per-subject datasets
available from the corresponding author upon reasonable request. The
three additional (N = 3) neuroimaging subjects datasets used and/or
analyzed during the current study available from the corresponding
author upon reasonable request. The macaque (N = 1) neuroimaging
dataset used and/or analyzed during the current study available from
the corresponding author on reasonable request.

Declarations

Conflict of interest The authors have no relevant financial or non-fi-
nancial interests to disclose.

Ethics approval This study was performed in line with the principles of
the Declaration of Helsinki. The whole study and the imaging protocols
were approved by the institutional review boards of Sheba Medical
Center and Tel Aviv University, where the MRI investigations were
performed.

Consent to participate Fully informed consent was obtained in writing
from all subjects before enrollment in this study.

Consent to publish The authors affirm that human research participants
provided informed consent before enrolment in this study, including
consent to publish the images resulting from this study.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Akiki TJ, Abdallah CG (2019) Determining the hierarchical architec-
ture of the human brain using subject-level clustering of func-
tional networks. Nat Sci Rep 9(19290). https://doi.org/10.1038/
$41598-019-55738-y

Amunts K, Lepage C, Borgeat L, Mohlberg H, Dickscheid T, Rousseau
ME, Bludau S, Bazin PL, Lewis LB, Oros-Peusquens AM, Shah
NJ, Lippert T, Zilles K, Evans AC (2013) BigBrain: an ultrahigh-
resolution 3D human brain model. Science 340(6139):1472-1475.
https://doi.org/10.1126/science.1235381

@ Springer

Assaf Y (2019) Imaging laminar structures in the gray matter with dif-
fusion MRI. Neuroimage 197:677—-688. https://doi.org/10.1016/j.
neuroimage.2017.12.096

Assaf Y, Bouznach A, Zomet O, Marom A, Yovel Y (2020) Con-
servation of brain connectivity and wiring across the mamma-
lian class. Nat Neurosci 23:805-808. https://doi.org/10.1038/
$41593-020-0641-7

Barazany D, Assaf Y (2012) Visualization of cortical lamination pat-
terns with magnetic resonance imaging. Cereb Cortex 22:2016—
2023. https://doi.org/10.1093/cercor/bhr277

Barbier EL, Marrett S, Danek A, Vortmeyer A, van Gelderen P,
Duyn J, Bandettini P, Grafman J, Koretsky AP (2002) Imag-
ing cortical anatomy by high-resolution MR at 3.0T: detection
of the stripe of gennari in visual area 17. Magn Reson Med
48:735-738. https://doi.org/10.1002/mrm.10255

Bazinet V, Hansen JY, Misic B (2023) Towards a biologically anno-
tated brain connectome. Nat Rev Neurosci. https://doi.org/10.
1038/541583-023-00752-3

Beul SF, Hilgetag CC (2014) Towards a “canonical” agranular cor-
tical microcircuit. Front Neuroanat 8:165. https://doi.org/10.
3389/fnana.2014.00165

Beul SF, Hilgetag CC (2019) Neuron density fundamentally relates
to architecture and connectivity of the primate cerebral cor-
tex. Neuroimage 189:777-792. https://doi.org/10.1016/j.neuro
image.2019.01.010

Bevan Lewis W (1879) On the comparative structure of the cortex
cerebri. Brain 1:79-96. https://doi.org/10.1093/brain/1.1.79

Bridge H, Clare S (2006) High-resolution MRI: in vivo histology?
Philos Trans R Soc 361:137-146. https://doi.org/10.1098/rstb.
2005.1777

Chu Y, Lihua L, Clark RA (2002) Graph-based region growing for
mass-segmentation in digital mammography. SPIE 4684 Med
Imaging Conf. https://doi.org/10.1117/12.467139

Clark VP, Courchesne E, Grafe M (1992) In vivo myeloarchitectonic
analysis of human striate and extrastriate cortex using magnetic
resonance imaging. Cereb Cortex 2:417-424. https://doi.org/10.
1007/10.1093/cercor/2.5.417

Deistung A, Schafer A, Schweser F, Biedermann U, Turner R,
Reichenback JR (2013) Toward in vivo histology: A comparison
of quantitative susceptibility mapping (QSM) with magnitude-,
phase-, and R2*-imaging at ultra-high magnetic field strength.
Neuroimage 65:299-314. https://doi.org/10.1016/j.neuroimage.
2012.09.055

Duyn JH, van Gelderen P, Li TQ, de Zwart JA, Koretsky AP, Fuku-
naga M (2007) High-field MRI of brain cortical substructure
based on signal phase. PNAS 104(28):11796-11801. https://
doi.org/10.1073/pnas.0610821104

Fan L, Li H, Zhuo J, Zhang Y, Wang J, Chen L, Yang Z, Chu C, Xie
S, Laird AR, Fox PT, Eickhoft SB, Yu C, Jiang T (2016) The
human brainnetome atlas: a new brain atlas based on connec-
tional architecture. Cereb Cortex 26(8):3508-3526. https://doi.
org/10.1093/cercor/bhw157

Fischl B (2012) FreeSurfer. Neuroimage 62:774-781. https://doi.org/
10.1016/j.neuroimage.2012.01.021

Fisher RA (1922) On the interpretation of %2 from contingency
tables, and the calculation of P. J Roy Stat Soc 85(1):87-94.
https://doi.org/10.2307/2340521

Fisher RA (1992) Statistical methods for research workers. In: Kotz
S, Johnson NL (eds) Breakthroughs in statistics. Springer series
in statistics. Springer, New York, NY. https://doi.org/10.1007/
978-1-4612-4380-9_6. Reprint. Book originally published in
1925

Garcia-Cabezas MA, Zikopoulos B, Barbas H (2019) The structural
model: a theory linking connections, plasticity, pathology, devel-
opment and evolution of the cerebral cortex. Brain Struct Funct
224(3):985-1008. https://doi.org/10.1007/s00429-019-01841-9


https://bigbrainproject.org/
https://github.com/ittais/Laminar_Connectivity
https://github.com/ittais/Laminar_Connectivity
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/s41598-019-55738-y
https://doi.org/10.1038/s41598-019-55738-y
https://doi.org/10.1126/science.1235381
https://doi.org/10.1016/j.neuroimage.2017.12.096
https://doi.org/10.1016/j.neuroimage.2017.12.096
https://doi.org/10.1038/s41593-020-0641-7
https://doi.org/10.1038/s41593-020-0641-7
https://doi.org/10.1093/cercor/bhr277
https://doi.org/10.1002/mrm.10255
https://doi.org/10.1038/s41583-023-00752-3
https://doi.org/10.1038/s41583-023-00752-3
https://doi.org/10.3389/fnana.2014.00165
https://doi.org/10.3389/fnana.2014.00165
https://doi.org/10.1016/j.neuroimage.2019.01.010
https://doi.org/10.1016/j.neuroimage.2019.01.010
https://doi.org/10.1093/brain/1.1.79
https://doi.org/10.1098/rstb.2005.1777
https://doi.org/10.1098/rstb.2005.1777
https://doi.org/10.1117/12.467139
https://doi.org/10.1007/10.1093/cercor/2.5.417
https://doi.org/10.1007/10.1093/cercor/2.5.417
https://doi.org/10.1016/j.neuroimage.2012.09.055
https://doi.org/10.1016/j.neuroimage.2012.09.055
https://doi.org/10.1073/pnas.0610821104
https://doi.org/10.1073/pnas.0610821104
https://doi.org/10.1093/cercor/bhw157
https://doi.org/10.1093/cercor/bhw157
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.2307/2340521
https://doi.org/10.1007/978-1-4612-4380-9_6
https://doi.org/10.1007/978-1-4612-4380-9_6
https://doi.org/10.1007/s00429-019-01841-9

Brain Structure and Function

Girvan M, Newman ME (2002) Community structure in social and bio-
logical networks. Proc Natl Acad Sci 99(12):7821-7826. https://
doi.org/10.1073/pnas.12265379

Glasser MF, Goyal MS, Preuss TM, Raichle ME, Van Essen DC (2014)
Trends and properties of human cerebral cortex: correlations with
cortical myelin content. Neuroimage 93:165-175. https://doi.org/
10.1016/j.neuroimage.2013.03.060

Glasser MF, Coalson TS, Robinson EC, Hacker CD, Harwell J, Yacoub
E, Ugurbil K, Andersson J, Beckmann CF, Jenkinson M, Smith
SM, Van Essen DC (2016) A multi-modal parcellation of human
cerebral cortex. Nature 536:171-178. https://doi.org/10.1038/
nature18933

Han X, Guo S,Ji N, LiuJ, Li T, Ye X, Wang Y, Yun Z, Xiong F,
Rong J, Liu D, Ma H, Wang Y, Huang Y, Zhang P, Wu W, Ding
L, Hawrlylycz M, Lein E, Ascoli GA, Xie W, Liu L, Peng H
(2023) Whole human-brain mapping of single cortical neurons
for profiling morphological diversity and stereotypy. Sci Adv
9:eadf3771. https://doi.org/10.1126/sciadv.adf3771

Hartuv E, Shamir R (2000) A clustering algorithm based on graph
connectivity. Inf Process Lett 76(4—6):175-181. https://doi.org/
10.1016/S0020-0190(00)00142-3

Katsumi Y, Zhang J, Chen D, Kamona N, Bunce JG, Hutchinson
JB, Yarossi M, Tunik E, Dickerson BC, Quigley KS, Barrett
LF (2023) Correspondence of functional connectivity gradi-
ents across human isocortex, cerebellum, and hippocampus.
Communications Biology 6(1):401. https://doi.org/10.1038/
$42003-023-04796-0

Lett TA, Waller L, Tost H, Veer IM, Nazeri A, Erk S, Brandl EJ,
Charlet K, Beck A, Vollstiddt-Klein S, Jorde A, Kiefer F, Heinz
A, Meyer-Lindenberg A, Chakravarty MM, Walter H (2017)
Cortical surface-based threshold-free cluster enhancement and
cortexwise mediation. Hum Brain Mapp 38(6):2795-2807.
https://doi.org/10.1002/hbm.23563

Liddell D (1976) Practical tests of 2 X 2 contingency tables. J R Stat
Soc. Series D (The Statistician) 25(4):295-304. https://doi.org/
10.2307/2988087. Accessed 11 Nov 2023.

Lifshits S, Tomer O, Shamir I, Barazany D, Tsarfaty G, Rosset S,
Assaf Y (2018) Resolution considerations in imaging of the
cortical layers. Neuroimage 164:112-120. https://doi.org/10.
1016/j.neuroimage.2017.02.086

Liu Q, Deng M, Shi Y, Wang J (2012) A density-based spatial clus-
tering algorithm considering both spatial proximity and attrib-
ute similarity. Comput Geosci 46:296-309. https://doi.org/10.
1016/j.cageo.2011.12.017

Lotan E, Tomer O, Tavor I, Blatt I, Goldberg-Stern H, Hoffmann C,
Tsarfaty G, Tanne D, Assaf Y (2021) Widespread cortical dys-
lamination in epilepsy patients with malformations of cortical
development. Neuroradiology 63(2):225-234. https://doi.org/
10.1007/500234-020-02561-2

Lutti A, Dick F, Sereno MI, Weiskopf N (2014) Using high-resolu-
tion quantitative mapping of R1 as an index of cortical myelina-
tion. Neuroimage 93:176—188. https://doi.org/10.1016/j.neuro
image.2013.06.005

MacDonald D, Kabani N, Avis D, Evans AC (2000) Automated 3-D
extraction of inner and outer surfaces of cerebral cortex from
MRI. Neuroimage 12(3):340-356. https://doi.org/10.1006/nimg.
1999.0534

Meynert T (1872) The brain of mamals. In: Stricker S (ed) Manual of
human and comparative histology, vol II. The New Sydenham
Society, Londres, p 367-537.

Palomero-Gallagher N, Zilles K (2019) Cortical layers: Cyto-,
myelo-, receptor- and synaptic architecture in human cortical
areas. Neuroimage 197:716-741. https://doi.org/10.1016/j.neuro
image.2017.08.035

Parkes L, Kim JZ, Stiso J, Calkins ME, Cieslak M, Gur RE, Gur
RC, Moore TM, Ouellet M, Roalf DR, Shinohara RT, Wolf
DH, Satterthwaite TD, Bassett DS (2022) Asymmetric signal-
ing across the hierarchy of cytoarchitecture within the human
connectome. Sci Adv 8(50):eadd2185. https://doi.org/10.1126/
sciadv.add2185

Ramesh V (2015) The distributed K-means clustering over peer-to-
peer mesh networks. Int J Comput Sci Mobile Appl 3(5):1-8

Ramoén y Cajal S, DeFelipe J, Jones EG (1988) Cajal on the cerebral
cortex : an annotated translation of the complete writings. His-
tory of neuroscience, vol 1. Oxford University Press, New York.

Sajad A, Errington SP, Schall JD (2022) Functional architecture
of executive control and associated event-related potentials in
macaques. Nat Commun 13(1):6270. https://doi.org/10.1038/
$41467-022-33942-1

Scholtens LH, de Reus MA, de Lange SC, Schmidt R, van den Heu-
vel MP (2016) An MRI von Economo-Koskinas atlas. Neuroim-
age 170:249-256. https://doi.org/10.1016/j.neuroimage.2016.
12.069

Shafee R, Buckner RL, Fischl B (2015) Gray matter myelination
of 1555 human brains using partial volume corrected MRI
images. Neuroimage 105:473-485. https://doi.org/10.1016/j.
neuroimage.2014.10.054

Shafiei G, Fulcher BD, Voytek B, Satterthwaite TD, Baillet S, Misic
B (2023) Neurophysiological signatures of cortical micro-
architecture. Nature Communication 14:6000. https://doi.org/
10.1038/s41467-023-41689-6

Shamir I, Assaf Y (2021a) An MRI-based, data-driven model of
cortical laminar connectivity. Neuroinformatics 19(2):205-218.
https://doi.org/10.1007/s12021-020-09491-7

Shamir I, Assaf Y (2021b) Modelling cortical laminar connectivity
in the macaque brain. Neuroinformatics 20(3):559-573. https://
doi.org/10.1007/s12021-021-09539-2

Shamir I, Assaf Y (2023) Expanding connectomics to the laminar
level: A perspective. Network Neuroscience 7(2):377-388.
https://doi.org/10.1162/netn_a_00304

Shamir I, Tomer O, Baratz Z, Tsarfaty G, Faraggi M, Horowitz
A, Assaf Y (2019) A framework for cortical laminar compo-
sition analysis using low-resolution T1 MRI images. Brain
Struct Funct 224(4):1457-1467. https://doi.org/10.1007/
$00429-019-01848-2

Shamir I, Tomer O, Krupnik R, Assaf Y (2022) Modelling the
laminar connectome of the human brain. Brain Struct Funct
227:2153-2165. https://doi.org/10.1007/s00429-022-02513-x

Singhal V, Chou N, Lee J, Liu J, Chock WK, Lin L, Chang YC, Teo
E, Lee HK, Chen KH, Prabhakar S (2022) BANKSY: A Spatial
Omics Algorithm that Unifies Cell Type Clustering and Tissue
Domain Segmentation. https://www.biorxiv.org/content/https://
doi.org/10.1101/2022.04.14.488259v 1

Tomer O, Barazany D, Baratz Z, Tsarfaty G, Assaf Y (2022) In vivo
measurements of lamination patterns in the human cortex. Hum
Brain Mapp 43(9):2861-2868. https://doi.org/10.1002/hbm.
25821

Traag VA, Waltman L, van Eck NJ (2019) From Louvain to Leiden:
guaranteeing well-connected communities. Nat Sci Rep 9:5233.
https://doi.org/10.1038/s41598-019-41695-z

Van Essen DC, Donahue CJ, Coalson TS, Kennedy H, Hayashi T,
Glasser MF (2019) Cerebral cortical folding, parcellation, and
connectivity in humans, nonhuman primates, and mice. PNAS
116(52):26173-26180. https://doi.org/10.1073/pnas.19022
99116

von Economo C (2009) Cellular structure of the human cerebral
cortex. Karger Medical and Scientific Publishers, Basel. https://
doi.org/10.1159/isbn.978-3-8055-9062-4

@ Springer


https://doi.org/10.1073/pnas.12265379
https://doi.org/10.1073/pnas.12265379
https://doi.org/10.1016/j.neuroimage.2013.03.060
https://doi.org/10.1016/j.neuroimage.2013.03.060
https://doi.org/10.1038/nature18933
https://doi.org/10.1038/nature18933
https://doi.org/10.1126/sciadv.adf3771
https://doi.org/10.1016/S0020-0190(00)00142-3
https://doi.org/10.1016/S0020-0190(00)00142-3
https://doi.org/10.1038/s42003-023-04796-0
https://doi.org/10.1038/s42003-023-04796-0
https://doi.org/10.1002/hbm.23563
https://doi.org/10.2307/2988087
https://doi.org/10.2307/2988087
https://doi.org/10.1016/j.neuroimage.2017.02.086
https://doi.org/10.1016/j.neuroimage.2017.02.086
https://doi.org/10.1016/j.cageo.2011.12.017
https://doi.org/10.1016/j.cageo.2011.12.017
https://doi.org/10.1007/s00234-020-02561-2
https://doi.org/10.1007/s00234-020-02561-2
https://doi.org/10.1016/j.neuroimage.2013.06.005
https://doi.org/10.1016/j.neuroimage.2013.06.005
https://doi.org/10.1006/nimg.1999.0534
https://doi.org/10.1006/nimg.1999.0534
https://doi.org/10.1016/j.neuroimage.2017.08.035
https://doi.org/10.1016/j.neuroimage.2017.08.035
https://doi.org/10.1126/sciadv.add2185
https://doi.org/10.1126/sciadv.add2185
https://doi.org/10.1038/s41467-022-33942-1
https://doi.org/10.1038/s41467-022-33942-1
https://doi.org/10.1016/j.neuroimage.2016.12.069
https://doi.org/10.1016/j.neuroimage.2016.12.069
https://doi.org/10.1016/j.neuroimage.2014.10.054
https://doi.org/10.1016/j.neuroimage.2014.10.054
https://doi.org/10.1038/s41467-023-41689-6
https://doi.org/10.1038/s41467-023-41689-6
https://doi.org/10.1007/s12021-020-09491-7
https://doi.org/10.1007/s12021-021-09539-2
https://doi.org/10.1007/s12021-021-09539-2
https://doi.org/10.1162/netn_a_00304
https://doi.org/10.1007/s00429-019-01848-2
https://doi.org/10.1007/s00429-019-01848-2
https://doi.org/10.1007/s00429-022-02513-x
https://doi.org/10.1101/2022.04.14.488259v1
https://doi.org/10.1101/2022.04.14.488259v1
https://doi.org/10.1002/hbm.25821
https://doi.org/10.1002/hbm.25821
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1073/pnas.1902299116
https://doi.org/10.1073/pnas.1902299116
https://doi.org/10.1159/isbn.978-3-8055-9062-4
https://doi.org/10.1159/isbn.978-3-8055-9062-4

Brain Structure and Function

Wagstyl K, Larocque S, Cucurull G, Lepage C, Cohen JP, Bludau S, Publisher's Note Springer Nature remains neutral with regard to

Palomero-Gallagher N, Lewis LB, Funck T, Spitzer H, Dicksc- jurisdictional claims in published maps and institutional affiliations.
heid T, Fletcher PC, Romero A, Zilles K, Amunts K, Bengio Y,
Evans AC (2020) BigBrain 3D atlas of cortical layers: cortical
and laminar thickness gradients diverge in sensory and motor
cortices. PLoS Biol 18(4):e3000678. https://doi.org/10.1371/
journal.pbio.3000678

Wallace MN, Zobay O, Hardman E, Thompson Z, Dobbs P, Chakra-
barti L, Palmer AR (2022) The large numbers of minicolumns in
the primary visual cortex of humans, chimpanzees and gorillas
are related to high visual acuity. Front Neuroanat 16:1034264.
https://doi.org/10.3389/fnana.2022.1034264

Zhang W, Zhang X, Zhao J, Qiang Y, Tian Q, Tang X (2017) A seg-
mentation method for lung nodule image sequences based on
superpixels and density-based spatial clustering of applications
with noise. PLoS ONE 12(9):e0184290. https://doi.org/10.1371/
journal.pone.0184290

@ Springer


https://doi.org/10.1371/journal.pbio.3000678
https://doi.org/10.1371/journal.pbio.3000678
https://doi.org/10.3389/fnana.2022.1034264
https://doi.org/10.1371/journal.pone.0184290
https://doi.org/10.1371/journal.pone.0184290

	Clustering the cortical laminae: in vivo parcellation
	Abstract
	Introduction
	Progress in MRI imaging of T1 layers
	Challenges in clustering multilayered surface-based data
	Existing methods for clustering multidimensional, graph-based datasets

	Methods and materials
	Histological dataset-BigBrain segmentation
	Neuroimaging datasets-MRI T1 layers
	Human (N = 33)
	Macaque (N = 1):

	Ground truth reference-granularity atlas
	BANKSY algorithm adaptation

	Results
	Clustering the histological dataset
	Clustering the neuroimaging datasets

	Discussion
	References


