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Abstract

The diversity of the mammalian cerebral cortex demands technical approaches to map the
spatial distribution of neurons with different biochemical identities. This issue is magnified in
the case of the primate cortex, characterized by a large number of areas with distinctive
cytoarchitectures. To date, no full map of the distribution of cells expressing a specific pro-
tein has been reported for the cortex of any primate. Here we have charted the 3-dimen-
sional distribution of neurons expressing the calcium-binding protein calbindin (CB*
neurons) across the entire marmoset cortex, using a combination of immunohistochemistry,
automated cell identification, computerized reconstruction, and cytoarchitecture-aware reg-
istration. CB™ neurons formed a heterogeneous population, which together corresponded to
10—20% of the cortical neurons. They occurred in higher proportions in areas corresponding
to low hierarchical levels of processing, such as sensory cortices. Although CB* neurons
were concentrated in the supragranular and granular layers, there were clear global trends
in their laminar distribution. For example, their relative density in infragranular layers
increased with hierarchical level along sensorimotor processing streams, and their density
in layer 4 was lower in areas involved in sensorimotor integration, action planning and motor
control. These results reveal new quantitative aspects of the cytoarchitectural organization
of the primate cortex, and demonstrate an approach to mapping the full distribution of neuro-
chemically distinct cells throughout the brain which is readily applicable to most other mam-
malian species.

Author summary

The cerebral cortex is the part of the brain which expanded the most in primate evolution.
Part of this change corresponds to differentiation into a larger number of areas, each char-
acterized by a different combination of cells that express different proteins, and the
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arrangement of these cells into layers. Finding ways to fully map this diversity has been a
challenge. We have developed a workflow based on immunohistochemistry, automated
cell identification, and computerized reconstruction which allowed us to map the full dis-
tribution of neurons expressing calbindin, a protein that is important for regulating the
levels of intracellular calcium. This 3-dimensional map has revealed that cortical areas
vary not only with respect to the number of cells expressing calbindin, but also to where
they are located. This approach is readily adaptable to mapping the distribution of other
proteins, across various species, which will allow future work towards understanding the
anatomy, physiology and evolution of the cortex.

Introduction

One of the essential criteria for characterizing neuronal classes is the cellular expression of
molecules such as neurotransmitters, neuromodulatory peptides, and calcium-binding pro-
teins. This type of characterization is often used to distinguish classes of cells that prove, upon
additional work, to have distinct functional features and anatomical connections [1-3]. Areas
of the cerebral cortex vary in terms of proportions of neurons that express different proteins
and their distributions across layers (e.g. [4,5]). However, much research is still needed to fully
understand the extent to which areas differ in this respect, and the rules that explain this vari-
ety. For example, to date, comprehensive spatial maps of neurons defined by expression of cal-
cium-binding proteins have only been obtained in the mouse brain [6,7]. Our knowledge of
this subject in the primate cortex remains less complete, despite recent progress in mapping
the different types of cells based on transcriptomics [8,9] and receptor radioautography [10]. A
comprehensive knowledge of the distribution of biochemically distinct neurons in non-
human primates is important given the marked elaboration of the cortex in primate evolution
and their essential role in translational research [11,12].

Here we report on the full distribution of neurons expressing the calcium-binding protein
calbindin-D28K (CB" neurons) in the cortex of the marmoset monkey (Callithrix jacchus).
Calbindin (CB) can increase the neuronal calcium buffering capacity, which leads to modula-
tory effects on synaptic plasticity, memory, and other facets of cognition and behavior [13-16].
In addition, it has been suggested that intracellular CB has protective roles which are impor-
tant in the context of the development of neurodegenerative disorders and recovery from
brain injury [17-20]. CB* neurons in the primate cortex are, in vast majority, inhibitory
(GABAergic) interneurons [21-25], but also include, in some areas, a smaller and more vari-
able population of pyramidal cells [26]. The CB marker gene (CALBI) is mainly expressed by
the somatostatin (SST) and lysosome-associated membrane protein 5 (LAMP5) subclasses of
GABAergic cells, which are among the five main categories of interneurons in the mammalian
brain [8,27-29].

Previous studies have described the distribution of CB* neurons, using either qualitative or
quantitative (stereology-based) methods, in specific regions of the primate cortex such as pre-
frontal [4], temporal [24,26], auditory [30] and visual [25,31] areas. However, we are still lack-
ing a comprehensive spatial analysis of the distribution of CB™ neurons across the entire
cortex of any primate. In the present study, the distribution of CB" neurons across the marmo-
set cortex was defined using a computational workflow that incorporates artificial intelligence-
based identification of neuronal bodies, validated by manual counting by multiple experts, as
well as 3-dimensional reconstruction and cytoarchitecture-aware registration [32].
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The marmoset is one of the species for which quantitative data on the areal and laminar dis-
tributions of cortical neurons are available [33]. This species has also been the subject of large-
scale studies focused on structural and functional connectivity [34-38] and of a comprehensive
analysis of neuronal types based on single-nucleus RNA sequencing [9]. To allow further stud-
ies, the present datasets are also provided for download in a spatially oriented, three-dimen-
sional form (NIFTI files available at https://www.marmosetbrain.org/whole_brain_cb_maps).

Results

We have applied immunohistochemical techniques to reveal the locations of CB* neurons

(Fig 1A) in the brains of 3 young adult marmosets (one cerebral hemisphere each). From the
resulting coronal sections in one of the cases (CJ1741), we selected radially oriented strips
from each of the currently recognized cytoarchitectural areas of the cortex in this species (e.g.
Fig 1B and 1C). Manual annotation of the positions of CB™ neurons in these strips (Fig 1D and
1E), using the workflow described in [33], resulted in a library of 4,072 counting boxes, which
provided the basis for training and evaluation (Fig 2A and 2B) of a U-Net architecture Convo-
lutional Neural Network [39,40] (U-Net CNN, see Materials and Methods section). Differenti-
ation between putative subtypes such as those shown in Fig 1A was not attempted; rather,
manual annotators were instructed to identify every CB* cell body.

We found that the U-Net CNN-generated neuronal densities reflect a consensus between
the estimates obtained by different human experts (Figs 2C-2E and S3). The U-Net CNN was
then used to compute the densities of CB™ neurons in every fifth section across the entire cor-
tex (e.g. Fig 2F and 2G). Adjacent sections stained for Nissl substance or NeuN (Neuronal
Nuclear protein; a neuron-specific marker; [41]), myelin and cytochrome oxidase were used to
identify cortical areas and layers, as detailed in the Materials and Methods section. This allowed
the evaluation of the relations between the density of CB* neurons and categories of areas
defined by anatomical-functional, (see hierarchical levels [36,42]) and structural (see type of
lamination [4,43]) measures.

Areal distribution of CB* neurons

Figs 3 and 4 show the density (neurons-mm™) of CB* neurons across different cortical areas.
For the summary in Fig 3A, cortical areas were arranged in groups defined by location and
function [45]. The CB" neuronal density varies according to area, within an approximately
six-fold range (5-10% and 30-10° cells-mm™>; means for 3 animals; individual data shown in

Fig 4). Given that the total neuronal density estimated by NeuN staining is also known to vary
substantially between cortical areas [33], a natural question is whether these observations can
be explained by a simple model whereby CB™ neurons form a constant fraction of the neuronal
population across areas. Our analyses demonstrate that this is not the case. Despite a signifi-
cant correlation being found between the density of CB* neurons and total neuronal density
(Fig 3B, top left), the data revealed that areas containing higher densities of CB" neurons also
tend to have these forming higher percentages of the total neuronal population (Fig 3B, top
right and bottom graphs show data from individual animals). Significant differences between
areas in different functional groups persist after correction for total neuronal density (Fig 3C).
Thus, different cortical areas show variations in intrinsic cellular circuitry, suggesting different
functional requirements mediated by CB* neurons.

Auditory areas were particularly notable, as a group, for having high absolute and relative
proportions of CB" neurons, with the highest peak relative densities (CB* neurons as a per-
centage of the total neuronal population) occurring in the auditory core areas (AuAl, AuR,
AuRT). Visual areas also tended to show high absolute CB* neuron densities (Figs 3 and 4),
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+13.0 mm

A8C

Fig 1. Manual annotation of calbindin-positive (CB*) neurons across the cerebral cortex. (A) Representative types of CB" neurons
(from top left to bottom right): bipolar, multipolar, small pyramidal, and neurogliaform neurons, imaged at x20 magnification

(0.4974 pm per pixel). The neurogliaform neurons were identified according to criteria described in studies of the macaque cortex
[22,24], and their neuronal identity has been confirmed by immunofluorescence co-staining with NeuN and GABA in other sections (S1
Fig). (B) Locations of 163 image strips sampled in case CJ1741, visualized against a semi-transparent rostrolateral view of the 3D
reconstructed left hemisphere (opaque model presented as a thumbnail for clarity). Different colors of the image strips correspond to the
areas they were derived from (see e.g. S1 File), and the black contour indicates the coronal level of the section presented in panel C. (C)
Coronal cross-section taken approximately at the interaural +13.0 mm [44] containing five image strips (black rectangles) from areas
A24c, A6M, A6DR, A8C, ProM, clockwise. (D, E) Strips from areas 6M and 8C shown at high magnification. Counting boxes are
represented with red (gray matter) or green (white matter) squares of 150 pum in size. The thin, dashed band in the middle of the strips
indicates the boundaries of layer 4, while the bottom dashed line shows the border between layer 6 and the white matter. The laminar
boundaries were determined by comparison with adjacent Nissl-stained sections.

https://doi.org/10.1371/journal.pchi.1012428.g001
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Fig 2. Training and evaluation of the U-Net Convolutional Neural Network (U-Net CNN). (A) Examples of counting boxes manually annotated by
neuroanatomists (red circles of various sizes). The entire counting box is 150 x 150 um while the area annotated with the red square is a 256 x 256 px
(127 pm x 127 pm) image patch used for training the CNN. A total of 4,072 counting boxes were defined, including boxes representing various densities
of neurons (top left and top middle), parts of the tissue containing blood vessels or artifacts (top right and bottom left), as well as samples of white matter
(bottom center) or samples that do not depict the brain tissue (bottom right). (B) Density map generated based on the counting box indicated by the gray
arrow. A single Gaussian blob corresponds to a single CB" neuron, and 43.89 neurons are located within the indicated image patch (red square). Note that
non-integer cell number estimates are possible, as explained in Automated detection of CB* neurons Methods section. Upon training the U-Net CNN
counting boxes not previously presented to the network can be turned into a density maps, and the total number of neurons within an image patch can be
computed. (C) Locations of nine areas selected for a comparison between the CB* densities estimated by the U-Net CNN and multiple human annotators
(V1, V2, MT, AuAl, A3b, A3a, Adab, A8C, and A13M, see S1 File for a list of areas, color coding and abbreviations). (D) Per-area (i.e. average values for
all boxes sampled from a given area) densities for the three analyzed hemispheres. Different symbols show the results for individual human experts (dyy;

to dpi3), an average of the three expert observers (EM), and the densities obtained with the U-Net CNN (dcnn). The mean of the differences between deny
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and the dy; densities is statistically indifferent from zero (see S3F and S3G Fig for statistical details), indicating that the automatic and the average manual
counts are indistinguishable. (E) The results obtained by the U-Net CNN reflect the consensus between the expert annotators. (rows, top to bottom)
Examples of individual CB* neurons marked by all, two, and only one expert, respectively, and a proportional density estimate by the U-Net CNN. The
proposed method helps alleviate the interindividual variability of manual cell counting. Box size: 50 um. (F) We applied the procedures for estimating the
density of CB" neurons to all CB-stained sections in all three hemispheres studied. Here, results for an example section (CJ1741-r16¢) are presented. From
left to right: section image, segmentation of the cortex into individual areas based on manual parcellation and coregistration to the reference template [35]
(see Materials and Methods for details), and density map of CB" neurons (see G for scale). Note that the quantification of the results is performed only in
the cortical areas, while the subcortical regions are not considered. (G) Example three-dimensional reconstruction of a CB" density map constituting the
basis of the flat maps illustrated in other figures. The black line indicates the location of the section presented in panel F, and the black patches correspond
to the parts of cortex excluded from the analyses due to staining artifacts or corrupted tissue. The datasets are available for download from https://www.
marmosetbrain.org/whole_brain_cb_maps.

https://doi.org/10.1371/journal.pchi.1012428.9002

but these are somewhat offset by high overall neuronal densities [33], resulting in less notable
relative densities (Fig 3C). The primary visual cortex (V1) was an outlier both in terms of over-
all CB* neuronal density, and in having these neurons forming a very high proportion of the
total neuronal population (Fig 3B and 3D; see Fig 5 for individual data), with the second visual
area (V2) providing a transition between the extreme values in V1 and those in other visual
areas. Although the somatosensory cortex (SSC) included areas with a wide range of CB* neu-
ronal densities, the primary areas (areas 3a and 3b) represented well-defined local maxima,
which contrasted with the adjacent motor/ premotor complex and posterior parietal areas
(Figs 3D and 5).

Although isocortical association areas did not show extreme variations in CB* neuronal
density, a finer-grained analysis revealed a few notable trends. For example, in the prefrontal
cortex, ventrolateral prefrontal areas (VLP) such as 45, 47M, and 470 tended to show higher
percentages of CB* neurons in comparison with other (frontopolar, dorsolateral prefrontal,
orbitofrontal, and medial prefrontal) subdivisions (e.g. Fig 3C). In the temporal lobe, caudal
lateral and inferior temporal areas such as TEO, TE2, and TE3 showed higher absolute CB*
neuron densities in comparison with ventral (VTC) areas such as 36 and TH (Fig 3A), but rela-
tive densities showed less variation (Fig 3C). The posterior parietal areas (PPC) were distinct,
as a group, for low relative densities of CB" neurons (Fig 3C).

Correlation between the distribution of CB* neurons and hierarchical
levels

One of the basic organizational principles of the primate cortex is the existence of an anatomi-
cal hierarchy of areal connectivity, which can be quantified based on the laminar origins and
terminations of cortico-cortical connections [46,47]. This hierarchy, which is theorized to
reflect the principal direction of information flow from sensory input to the generation of
behavioral responses and executive function [42,48,49] has been determined for many areas of
the marmoset cortex [36]. This raises the question of whether there is a systematic relation
between the density of CB" neurons and the hierarchical rank. We found that hierarchically
“low” areas, such as the primary sensory areas, tend to show high densities of CB" neurons,
compared to “high” areas (Fig 3E). A similar but weaker relation is also detected when the per-
centages of CB* neurons in different areas was considered (Fig 3F).

Dombrowski et al. [4] demonstrated that the distribution of cell types defined by expression
of calcium-binding proteins varied according to the degree of differentiation between cortical
layers (a characteristic that is hypothesized to reflect the evolutionary history of the mamma-
lian cortex [50]) in areas of the macaque prefrontal cortex. When analyzed according to the six
main cytoarchitectural categories of lamination proposed for the primate cortex (adapted for
the marmoset cortex classification detailed in [43]), we found that CB* neurons tended to
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Fig 3. Variation in the density of calbindin-positive (CB") neurons across the marmoset cortical areas. (A) Density (neurons-mm™) of
CB" neurons across areas, grouped according to the classification proposed by [45]. For each box plot, the center line indicates the median,
the box limits the upper and lower quartiles, the whiskers 1.5x the interquartile range, and the annotated points outliers). Abbreviations: DLP:
dorsolateral prefrontal cortex; VLP: ventrolateral prefrontal cortex; OFC: orbitofrontal cortex; MPC: medial prefrontal cortex; MPM: motor
and premotor cortex; INS: insular cortex; SSC: somatosensory cortex; AUD: auditory cortex; LIT: lateral and inferior temporal cortex; VTC:
ventral temporal cortex (encompassing parahippocampal, perirhinal and entorhinal areas); PCR: posterior cingulate and retrosplenial cortex;
PPC: posterior parietal cortex; VIS: visual cortex. (B) Top left: the relation between the absolute density of CB* neurons and total neuronal
density (NeuN staining) in different areas. Top right and bottom: relations between relative and absolute densities of CB* neurons in 3
animals. (C) Percentages of CB* neurons across groups of areas, classified as in panel A. (D) Flat map representation of the CB" neuronal
density (mean of all 3 animals) in different areas. Some of the cortical areas are identified for orientation. (E, F) The relation between the
absolute and relative densities of CB* neurons and hierarchical level derived from laminar patterns of connections between cortical areas [36].
(G) Differences in relative density of CB* neurons between areas according to the degree of lamination (adapted from [43]). Abbreviations:
Agr: agranular areas; Dys: dysgranular areas; Eul, Eu2, Eu3: eulaminate areas with increasing levels of laminar differentiation; Kon:
koniocortical areas. Colors in B, E, and F correspond to those in A and C; see S1 File for a full list of areas, color coding and abbreviations.

https://doi.org/10.1371/journal.pchi.1012428.9003
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Fig 4. Densities of CB" neurons in cortical areas of three marmosets. For this figure, areas were grouped according
to the classification proposed by [45] (modified from [44]). Abbreviations (groups of areas): DLP: dorsolateral
prefrontal cortex; VLP: ventrolateral prefrontal cortex; OFC: orbitofrontal cortex; MPC: medial prefrontal cortex;
MPM: motor and premotor cortex; INS: insular cortex; SSC: somatosensory cortex; AUD: auditory cortex; LIT: lateral
and inferior temporal cortex; VTC: ventral temporal cortex (encompassing parahippocampal, perirhinal and
entorhinal areas); PCR: posterior cingulate and retrosplenial cortex; PPC: posterior parietal cortex; VIS: visual cortex.
See S1 File for a full list of areas, color coding and abbreviations.

https://doi.org/10.1371/journal.pcbi.1012428.9004

form a higher proportion of the neuronal population in areas with the highest degree of lami-
nation (eulaminate 3 and koniocortex), but few differences were apparent between other types
of the cortex (Fig 3G).

Laminar distribution of CB™ neurons

Next, we addressed the extent to which the laminar distribution of CB* neurons varied in dif-
ferent areas. To perform this analysis, the upper and lower boundaries of layer 4 were delin-
eated in adjacent Nissl-stained sections, generating a mask that was transferred to the
3-dimensional reconstruction based on CB-stained sections. In a few isocortical areas where a
clearly delineated layer 4 was not obvious (e.g. the representations of the limb and axial muscu-
latures in the primary motor cortex, A4ab), we analyzed separately a thin (75 um wide) strip of
cortex centered on the interface between layers 3 and 5; areas without a defined layer 4 homo-
log (e.g. the entorhinal and piriform areas, see Materials and Methods) were not considered in
this analysis. Other landmarks including the interfaces between layers 1 and 2 and between
layer 6 and white matter were also incorporated, therefore allowing us to analyze the distribu-
tion of neurons according to three compartments in each area: layers 2 and 3 (supragranular),
layer 4 (granular) and layers 5 and 6 (infragranular).

Although in general CB" neurons are heavily concentrated in the supragranular and granu-
lar layers of the cortex (S2 Fig), significant quantitative differences were observed between
areas, as detailed below. To investigate these areal differences, we calculated two ratio-based
measures: the ratio of CB* neuronal density in supragranular to infragranular layers (d, 3/ ds 6
ratio; Fig 6A and 6C), and the ratio of CB" neuronal density in supragranular to granular lay-

ers (d, 3/ dg ratio; Fig 6B and 6D).
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Fig 5. Maps of the distribution of CB* neurons in three animals, shown in unfolded representations of a left hemisphere. For each map, the upper
scale indicates densities in neurons-mm, and the lower scale shows the same data normalized to the peak density of a given individual.

https://doi.org/10.1371/journal.pcbi.1012428.9005
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Fig 6. Laminar trends in the distribution of calbindin-positive (CB*) neurons in areas of the marmoset cortex. (A) Ratios of the density of CB*
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https://doi.org/10.1371/journal.pchi.1012428.g006
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Fig 7. Relations between the laminar distribution of CB™ neurons and large-scale trends in cortical organization.
(A) The d, 5/ ds  ratios were strongly correlated with the area’s hierarchical level, derived from the laminar pattern of
connections. This demonstrates that the bias towards higher density of CB* neurons in supragranular layers was most
marked in low-level (e.g. purely sensory) areas, and more subtle in association and premotor areas. (B) In parallel, the
d, 3/ ds 6 ratios varied systematically with respect to the classification of an area according to the degree of laminar
differentiation. Analyses of the laminar distribution of CB+ neurons. (C) In contrast with (A), there was no significant
correlation between d, 3/ dy 4 and hierarchical level. (D) Analysis of d, 3/ d4 relative to the degree of cortical lamination
indicated significantly lower d, 5/ d, ratios (i.e. higher relative concentrations in layer 4) in koniocortex and eulaminate
3 areas, compared to others.

https://doi.org/10.1371/journal.pchi.1012428.9007

As shown in Fig 6A, the ratio of CB" neuronal density in supragranular to infragranular lay-
ers (d, 3/ ds ¢ ratio) was >1 in every area. However, the data also revealed significant differ-
ences between areas, with this ratio varying between 1.28 (agranular insula, AI) and 4.88 (area
3b). Lower d, 3/ ds ¢ ratios (<2) were typically associated with areas of the limbic cortex,
including most subdivisions of the insula (e.g. the agranular insula, AI), caudal orbitofrontal
cortex (e.g. OPAI, OPro), ventromedial frontal cortex (areas 14C and 25), the temporal pole
(TPPro) and ventral temporal areas (e.g. area 36). In contrast, higher ratios (strong supragra-
nular bias) were found in most visual areas and in primary somatosensory areas (A3a and
A3b), among others. Most of the areas of association isocortex and motor/ premotor areas
(MPM) had intermediate d, 3/ ds ¢ ratios, with CB" neurons being 3-4 times as densely distrib-
uted in the supragranular layers, compared to infragranular layers. In addition, there was a
strong negative correlation between CB™ neuron d, 3/ ds ¢ ratio and hierarchical level (Fig 7A),
as well as a clear trend for an increase in this ratio with an increasing degree of lamination
(Fig 7B).

There were, in addition, systematic differences between areas in terms of the ratio of CB*
neurons densities in layers 2-3 and layer 4 (d, 3/ d,). Here, the data revealed that in visual,
auditory, and somatosensory areas the density of CB™ neurons in layer 4 tended to be similar
to that found in the supragranular layers (Fig 6B) resulting in relatively low d, 3/ d4 ratios. In
contrast, CB* neurons tended to be sparsely distributed around layer 4 in premotor areas (e.g.
A6M, A6DC), anterior cingulate (medial motor) areas (e.g. A24d), and posterior parietal areas

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 11/28


https://doi.org/10.1371/journal.pcbi.1012428.g007
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY Calbindin-immunoreactive neurons in the primate cortex

that have known functions in visuomotor and somatomotor planning (e.g. MIP, V6A), result-
ing in much higher d, 3/ d, ratios. This functional association was also suggested when visual
and auditory areas belonging to different functional streams were considered. For example,
visual areas linked primarily to the ventral stream (e.g. V4, TEO, TE3) all had d, 5/ d, ratios
<1, thus resembling V1 and V2 in having relatively high densities of CB* neurons in layer 4
(Fig 6B). In contrast, dorsal stream areas (e.g. V3A, V5, V6, MST, and FST), which provide
critical input for the frontoparietal network (and thus for visual control of action [51,52]),
were all characterized by d, 3/ d, ratios >1. Following a similar trend, whereas most of the
auditory cortex areas had d, 5/ d, ratios below 1, the exceptions were caudal auditory belt areas
(AuCL, AuCM), which are part of the auditory dorsal (“where”) stream [53]. An analogous
functional distinction in CB* neuron distribution extended even to the prefrontal cortex,
where ventrolateral areas (e.g. subdivisions of area 47), theorized to represent extensions of the
visual and auditory ventral streams [54,55], all showed low dj »3/ d; 4 ratios in comparison with
dorsolateral areas associated with the dorsal streams (e.g. areas 8b, 8aD, 9 and 46; see [56]).

The correlation of d, 3/ d, with an area’s level in the anatomical hierarchy was not signifi-
cant (Fig 7C). Likewise, an analysis relative to the degree of cortical lamination indicated only
a few differences, with the exception of lower d, 3/ d, ratios (i.e. higher relative concentrations
in layer 4) in koniocortex (Fig 7D). In summary, the relative paucity of CB" neurons in layer 4
appears to be more correlated with an area’s function (in particular its involvement in sensori-
motor integration or planning of action) rather than its relation to structural attributes of the
cortex.

Discussion
Significance for the field of Neuroinformatics

The incorporation of neuroinformatics to the discipline of neuroanatomy has been most evi-
dent in the rapid progress in our knowledge of the human brain, including the combination of
results from non-invasive techniques which have allowed new insights at millimeter to centi-
meter scales [57]. More recently, comparable change has been taking place in our knowledge
at the level of cells and their connectivity, primarily using animal models. Starting with studies
in rodents [6,7,58], the traditional approach of investigating areas and nuclei one or a few at a
time is being complemented by projects involving more comprehensive datasets. Such
approaches have recently made their way to the brains of non-human primates, revealing new
information based on single-neuron resolution connectivity [35,59] and transcriptomics
[8,9,60], sometimes combined with non-invasive imaging [34,38]. However, one missing link
in these efforts has been their relation to neurons defined by biochemical identity, for which a
wealth of cytological and physiological knowledge is available. The present paper demonstrates
a strategy to overcome this gap. Using a combination of traditional immunohistochemistry,
expert annotation, and neuroinformatics solutions (the latter aimed at high-throughput image
analysis, brain reconstruction and cytoarchitecture-aware registration), we demonstrate the
feasibility of obtaining maps of the distribution of neurons showing preferential expression of
a calcium-binding protein across the entire marmoset cortex.

Estimating cellular densities: regression counting vs instance segmentation
methods
The density or regression counting paradigm employed in this study allows for estimating the

total number of labeled cells within a defined region (e.g. a counting box) instead of identifying
individual instances of CB* neurons. This approach significantly reduces the annotation time,
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which is beneficial in situations when objects are densely packed, there are large expanses of
tissue is to be analyzed, or the imaging data has a resolution insufficient to visualize the details
of neuronal morphologies. From this perspective, the proposed approach is affordable in
terms of ease of implementation, modest annotation workload, and fast execution in produc-
tion. Therefore, it can be more easily applied to the brain in less commonly used species with-
out the requirement of genetic modifications [6], or expensive large-scale spatial
transcriptomics [8], hence facilitating studies focused on comparative anatomy. Another
advantage is that, by relying on the strong expression of a protein, it can be related to tradition-
ally recognized cell types, about which there is a wealth of physiological information that can
be leveraged for biophysical modeling [61-63].

Expert annotators exhibit a natural bias [64,65] and their annotations vary between each
other or over time (i.e. between plotting sessions). Our approach, however, represents a con-
sensus among human annotators in the dataset used in this study (as shown in Fig 2D and 2E),
thereby helping to mitigate these biases. Evaluation of the model’s performance showed that
the discrepancy between the manual and U-Net CNN counts reduces with the amount of tis-
sue under consideration (S3F and S3G Fig, see Materials and Methods, Comparison against
multiple human raters).

Alternative approaches could include object detectors based on classical machine learn-
ing methods, such as random forests [66,67] or deep learning instance segmentation archi-
tectures. In particular, transformer-based algorithms [68] such as MEDIAR [69], are
increasingly used in similar contexts over the recent years. These solutions use self-attention
mechanisms to generalize better on diverse datasets thus require relatively limited transfer
learning. Transformer-based approaches seem to be an advancement over algorithms rely-
ing predominantly on the convolutional neural networks (CNNs) such as Cellpose [70] or
DeepLab [71]. The latter exhibit relatively limited generalization capability and typically
require extensive and well-curated outlines of individual cells, which could potentially offset
the cost reduction promised by the machine learning approaches in the first place (see [72]
for a comprehensive review).

To encourage the development of improved methods for identifying and exploring CB*
density patterns, we have released the dataset used to train our model at https://www.
marmosetbrain.org/whole_brain_cb_maps. It includes individual counting strips and annota-
tions into boxes and marked cells (Fig 1B-1E). Finally, we provide the results not only in tabu-
lar, but also in three-dimensional form. This enables much wider interoperability, for instance
warping the CB* neuronal density maps into the space of MRI marmoset brain templates [34],
and analyzing the density patterns in the context of structural and functional connectivity.

Mapping cell distributions across the entire cortex

The present method has the capacity to obtain maps of the distribution of cells showing the
expression of a protein for the whole cortex of single individuals, hence robust detection of quan-
titative differences between areas. Among other reasons, this is significant given that there can be
method-related differences in estimates of the prevalence of the same biochemically-defined cell
type obtained by different laboratories, in different individuals [70]. Moreover, although the esti-
mates of absolute cell densities can vary between individuals, the relative density demonstrates a
highly reproducible pattern (Fig 5). It remains unclear whether individual variation in the abso-
lute density of CB* neurons reflect methodological factors, or genuine (biologically relevant) dif-
ferences, such as those related to sex [73], age [74]or postnatal experience. This is an important
question that will require systematic analysis of a much larger number of individuals, since sim-
ple measures of dispersion seem insufficient to address this matter (S6C-S6E Fig).
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The only previous study which has attempted an extensive mapping of CB* neurons in the
cortex was focused on the mouse brain [7]. The distribution reported in this species is signifi-
cantly different from the present results obtained in a non-human primate. For example, a sig-
nificant peak in CB* neuronal density was observed in the infralimbic area, which was not
apparent in the corresponding region of the marmoset brain (subdivisions of medial prefrontal
cortex). In addition, particularly low densities were observed in retrosplenial and posterior
cingulate areas, which were unremarkable in this respect in the marmoset brain. Furthermore,
the densities in auditory, visual and somatosensory areas were similar in the mouse, in contrast
with differences observed in the marmoset. However, in both species relatively low densities of
CB" neurons were observed in motor and premotor areas. Finally, the absolute CB" neuron
densities were much lower in the mouse cortex (~300-3500 cells-mm ) compared to marmo-
set (~5000-25000 cells-mm ) or estimates obtained in the macaque frontal lobe [4]. These
results underline the importance of comparative approaches studies at understanding the
diversity of the cortex across species, which the present methodology enables.

Although there have been previous reports of diversity in CB" neuron distribution across
areas of the primate cortex [4,22,25,75], the present results establish that these differences are
not only of a larger magnitude, but also systematic in ways not previously appreciated. For
example, auditory areas are notable in their high densities of CB* neurons, and there were cor-
tex-wide correlations between the prevalence of these cells and both hierarchical levels, defined
by laminar pattern of connections, and type of lamination. These observations, which do not
simply reflect differences in overall neuronal density, are compatible with the notion that sen-
sory cortex (in particular, primary sensory areas) differs from association and motor planning
areas in terms of intrinsic circuitry, including the required levels of GABAergic inhibition
(one of the main functions associated with several types of CB* neurons).

Differences in laminar distribution

This heterogeneity in neuronal circuitry is also underlined by systematic differences in laminar
distribution. Although CB™ neurons are overall more densely distributed in the supragranular
and granular layers, this trend was more pronounced in sensory areas, and least pronounced in
limbic areas, in correlation with hierarchical levels. Given the well-documented differences in
the distribution of projection neurons forming feedforward and feedback connections (with the
latter being formed primarily by infragranular pyramidal cells [42,48]), this result suggests that
the distribution of CB" interneurons reflects to some extent functional requirements linked to
the physiological shaping of the interareal projection output. In addition, across the entire cortex
areas involved in sensorimotor integration and action planning showed reduced densities of CB"
neurons in layer 4, compared to areas more directly related to sensory analysis. This correlation
is independent of the hierarchical levels at which such function is performed, or the presence of a
clearly defined layer 4 (e.g. it is also evident in posterior parietal areas). These observations may
reflect the temporal level of integration needed for different functions [76], with the shorter time
scale required for visual and auditory analysis requiring more precise spatiotemporal modulation
of the levels of inhibition at the level of the sensory input layers. Together, the present results sig-
nificantly extend our knowledge of the degree of heterogeneity across areas of the primate cortex,
which will need to be considered by future models of cortical function.

In the present study the assignment of CB* neurons to layers was based on superimposition of
CB-stained sections upon adjacent Nissl-stained sections. The use of Nissl for layer delineation
reflects the fact that this stain has been used in most cytoarchitectural studies to date, therefore
providing a standard reference translatable to most species (despite the fact that there may be dis-
crepancies between layer delineations provided by different stains, and variations according to
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stage of development [77]). Although the superimposition was always found to be straightforward,
it was a time-consuming step. Contingent on the availability of large-volume fluorescence scan-
ning, further refinement of the method could include the use of DAPI staining to reveal a Nissl-
like pattern of layers [78] in the same sections containing antibody-labeled neurons.

Limitations of the study

The primary limitation of the present approach is that it cannot differentiate between neurons
that share preferential expression of a protein but may be physiologically distinct. The focus of
the present study was to establish density maps of CB" neurons rather than analyze their sub-
types. However, this limitation can be at least partially addressed in future work by using deep
learning architectures capable of instance segmentation [79,80] to distinguish morphological
categories [81]. Additionally, adopting higher imaging magnifications [82] combined with
double-labeling for other molecular markers and followed by generating expert-curated train-
ing sets, could provide further insights on the distribution of more specifically defined cell
categories.

Despite carefully executed experimental protocols, the staining intensity variation is an
unavoidable part of immunohistochemical staining, particularly when a large number of sec-
tions is considered, such as in this study (between 146 and 156 sections, depending on the
case). This variation manifests in vertical bands in the 3D reconstruction of the brain hemi-
sphere (e.g. S5B Fig) and could potentially affect the density estimates. The primary means of
mitigating this effect was to make the model resilient to the staining intensity variation by
establishing a diverse training dataset (Fig 2A) and applying extensive image augmentation
during the training. While this resulted in robustness against variations in staining intensity
that is comparable to that achieved by human experts (54 Fig), some artifacts in density estima-
tion due to the slicing plane were still evident (Fig 2G). Given that the quantitative analyses we
present are based on averages across several coronal sections, and the random nature of such
artifacts, this factor is unlikely to have affected our main conclusions.

Our analysis of laminar variations was based on delineation of three compartments, namely
the supragranular, granular and infragranular layers. This level of compartmentalization was
chosen as it allowed a high level of consistency in the analysis despite cytoarchitectural varia-
tions across areas (for example, the existence of finer subdivisions of layer 3 in some areas, and
indistinct boundaries between layers 5 and 6 in other areas). In addition, it allowed direct com-
parison with connectivity-based estimates of other measures of cortical network structure,
which are usually expressed in terms of a ratio of labeled neurons in supragranular vs. infragra-
nular layers [46-48]. Finer differentiation between layers by future studies may reveal other
trends and features in the distribution of CB" neurons. In addition, the fact that the analysis
required identification of layer 4 as a necessary step meant that areas where the precise homo-
log of this layer is unclear (gray regions in Fig 6) had to be excluded.

Conclusions

Calbindin has long been recognized as one of the main calcium-binding proteins in the brain,
but there has been no comprehensive mapping of cells expressing this protein across the entire
primate cortex. Enabled by computational techniques, the present results highlight a previ-
ously unsuspected degree of heterogeneity across cortical areas and layers, and significant dif-
ferences relative to data obtained in rodent brains. The methods developed for the purpose of
this study are generally applicable to the distribution of other cells that can be revealed by
immunocytochemistry, hence offering a flexible solution for whole-cortex mapping.
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Materials and Methods
Ethics statement

This project was reviewed, approved, and monitored by the Monash University Animal Ethics
Committee (Project ID: 26071 “Enabling an accurate model of brain wide connections”).

Experimental model and subject details

After experiments involving retrograde tracer injections unrelated to the present study, three
marmosets (Callithrix jacchus, aged between 41-43 months, including two females [C]1741
and CJ200] and one male [C]205]) were overdosed using sodium pentobarbitone (100 mg/kg,
i.v.), and perfused transcardially using heparinized saline, followed by 4% paraformaldehyde
in 0.1 M phosphate buffer (PB). The collected brains were post-fixed overnight and cryopro-
tected in a buffered paraformaldehyde solution containing increasing concentrations of
sucrose (10%, 20%, and 30%) over a period of a week. The hemisphere without injections
(right hemisphere for CJ1741 and CJ205; left for CJ200) was sectioned at 40 um, yielding five
sequential series of coronal sections used for different stainings. Myelin and Nissl-stained
series of sections were used to delineate area boundaries (see [33,35] for details), with the
Nissl-stained sections being in addition used to define the cortical layers (see below). Another
series was used for CB immunostaining, as described previously [83]. Briefly, the sections were
incubated in blocking solution (10% normal horse serum and 0.3% Triton-X100 in 0.1 M PB)
for one hour at room temperature before undergoing primary antibody (calbindin-D28K,
1:8000, Swant Swiss, Code No. 300, RRID: AB_10000347) incubation at 4°C. A biotinylated
horse anti-mouse IgG secondary antibody (1:200, PK-6102, Vectastain elite ABC HRP kit,
Vector Laboratories, RRID: AB_2336821) incubation was then conducted for 30 min—fol-
lowed by treatment with Avidin-Biotin Complex (ABC) reagent (PK-6102) and DAB substrate
working solution (DAB kit SK-4100, RRID: AB_2336382) as a chromogen. Stained sections
were scanned using an Aperio Scanscope AT Turbo system (Leica Biosystems) at x20 magnifi-
cation, providing a resolution of 0.4974 um per pixel.

Method details

Manual annotation of CB* neuronal somata. The manual annotators were instructed to
identify every CB" cell body rather than to differentiate between putative subtypes (Fig 1A).
The annotation was performed using an in-house web-browser-based interface which enabled
an annotator to flexibly browse the microscopic resolution images, place counting boxes, and
identify individual neuronal somata. Neuroanatomists could then manually annotate the loca-
tion of every neuron within a counting box by placing a circular marker centered on the soma,
and then adjusting the marker radius to reflect the size of the neuronal body (Fig 2A).

In case CJ1741, following reconstruction and registration (see Three-dimensional recon-
struction, below), columns of counting boxes, each 150 um x 150 pm, were defined for each of
the 116 cortical areas [44] to encompass all cortical layers and a fragment of underlying white
matter (Fig 1B and 1C). Further, additional boxes were placed liberally to increase the diversity
of the image features (e.g. blood vessels, artifacts, see Fig 1D and 1E) to improve the training of
the network. This dataset, comprising 2,220 counting boxes was split randomly into training
(1,617 counting boxes) and validation (603 counting boxes) batches.

The training dataset included boxes from at least one strip for each of the 116 areas from
case CJ1741 (Fig 1B). These were further complemented with an auxiliary dataset comprising
boxes covering the subcortical white matter and parts of the images that did not depict brain
tissue (1,812 boxes in total). These boxes were inspected visually to ensure they contained no
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CB" neurons (Fig 2A, bottom middle and bottom right). Subsequently, they were included in
training dataset to suppress false positive rate by presenting the neural network examples of
cell-alike objects such as dust and spots, smudges, etc.

In addition, in all three examined hemispheres, in nine areas selected to represent various
types of cytoarchitecture (V1, V2, MT, AuAl, A3b, A3a, Adab, A8C, and A13M; Fig 2C), addi-
tional strips were defined and annotated independently by three experts. This dataset was used
to assess the performance of the automated method against multiple human raters (see Com-
parison against multiple human raters, below).

Automated detection of CB* neurons. The automated estimation of densities of CB" neu-
rons relied on the regression or density counting approach [40,84,85]. This paradigm allows for
estimating the total number of labeled cells within a defined region (e.g. counting box) of the
microscopic images, in contrast to identifying individual instances of cells. Since the regression
counting has a statistical nature, the number of detected cells might be expressed as a non-inte-
ger value. Our solution uses the U-Net [39] convolutional neural network (U-Net CNN),
derived from [40] implementation, to map an input microscopic, color (24 bits per pixel, RGB)
image of an immunohistochemically stained tissue into a density map of CB* neurons (Fig 2B).

For each 150 pm x 150 pm (302 px x 302 px) counting box, a corresponding ground truth
density map image was generated based on markers placed by the human annotators (Fig 2B).
Each marker was converted into a 2D Gaussian blob of a size proportional to the radius of the
marker. This way, the entire blob sums up to 1.0 (a single neuron); hence the sum of all blobs
in a counting box corresponds to the total number of neurons identified within this box. To
avoid edge effects and to increase the training performance, the counting box image and the
density map were cropped to 256 px x 256 px (127 um x 127 pm), hereafter referred to as
image patches (Fig 2A and 2B).

In summary, the training dataset comprised 3,429 pairs of image patches and correspond-
ing density maps, of which 64.5% (2,216) contained no CB" cell annotation. In the remaining
1,213 boxes, the median number of neurons was 4.9, while the total was 9,219. The validation
dataset consisted of 603 pairs of image patches and density maps totaling 3,072 neurons (a
median of 4.78 neurons per patch), while 109 density maps contained no CB* cell annotation.

Training of the U-Net CNN. Each of the red, green, and blue channels of an image patch
was independently normalized to zero mean and a unit standard deviation. The normalized
image patches and corresponding density maps were then piped into four-level-deep U-Net
CNN. On each level, the convolutional layers were set to 64 filters, 3 px kernel size, and ReLu
activation, while the final convolutional layer was set to linear activation. The model was
trained for 160 epochs with varying learning rates: 1072 (epochs 1-40), 1073 (epochs 41-80),
107* (epochs 81-120), and 10~ (epochs 121-160). Image augmentation included intensity and
contrast variations, 0-45° rotation, and random horizontal and vertical flips. As the purpose of
the network is to map (regress) an image into a density map, the mean square error (MSE) was
used as the loss function, and the mean absolute error (MAE) was additionally calculated for
monitoring.

The U-Net CNN returns a total number of CB* neurons within a given image patch
(Fig 2B). To calculate the density (i.e. number of objects per unit of physical volume), the fol-
lowing conversion is applied: d = 0.801-n-s>t"', where d is the density, # is the number of neu-
rons detected within an image patch, s is the surface of a counting box (127 um x 127 pm),  is
the nominal thickness of the section (40 um), and the factor of 0.801 is applied to correct for
the shrinkage [33].

Training results. The network successfully learned to map the images into CB" density
maps. A strong linear relation between the ground truth and U-Net CNN-based counts (n,, =
1.021-ncny + 0.299, R? = 0.896) can be observed (S3A Fig), and the distribution of the
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residuals averages to zero. The relative difference between the automated count and the base-
line decreases with the density (S3B Fig). The CNN learned well to avoid spurious objects as
the median error for a validation box that is known to contain no cells is only 0.06 (i.e. given
an empty image patch, the U-Net CNN estimate is going to be <70 cells - mm™ for the half of
the patches, S3C Fig).

Comparison against multiple human raters

Since the model was trained on samples derived from a single marmoset hemisphere (CJ1741)
manually annotated by a single expert neuroanatomist, there could be a risk of overfitting the
model, which could negatively affect the performance on the hemispheres that did not contrib-
ute to the training process. To assess the model’s accuracy on samples from the other cases
(CJ200L and CJ205) and to confront the U-Net CNN performance against multiple experts,
we generated a holdout (benchmark) dataset. In all three analyzed hemispheres, nine cortical
areas (V1, V2, MT, AuAl, A3b, A3a, Adab, A8C, and A13M; Fig 2C) were selected, thus com-
prising a variety of cytoarchitectural types. In each area, a single strip was defined and then
annotated independently by three neuroanatomists. Therefore, the benchmark dataset
amounts to 313 counting boxes per expert (939 in total). The counting boxes were pre-pro-
cessed and converted into benchmark density maps as described above (Fig 2B) and were pro-
cessed by the U-Net CNN. Finally, the neuronal densities were calculated based on both sets of
density maps computed with the U-Net CNN and those defined by the experts.

A clear linear relation between the ground truth and CNN-based counts was found (dy; =
1.093-dexn—0.90, R? = 0.938, S3D Fig). The U-Net CNN results seem slightly but systematically
lower than the manual estimates (95% CI: [1.07-1.11]). Analysis of the discrepancy against the
neuronal density (S3E Fig) reveals that the primary sources of the differences are the counting
boxes with the highest densities (>70-10° cells per mm™, see also the red rectangle in S3D Fig),
found in layer 4 of areas V1 and V2. For these densities, the automated results can be noticeably
lower; for the remainder of the boxes, the automated and manual results match well.

The results also show that the densities obtained by human experts carry a noticeable vari-
ability (e.g. Fig 2D). Since we consider each expert’s results equally important, we averaged
(&M) the densities obtained by each human annotator (dyy; to dy3) for each counting box, and
analyzed those densities against the U-Net CNN. First, we found that the mean U-Net CNN
density for each area (i.e. the average density of all counting boxes in a given cortical area) and
its manual counterpart are statistically indifferent in either absolute or relative terms (S3F and
S3G Fig white violin plots). This is also the case when it comes to the individual counting
boxes. However, the dispersion of the differences is much more prominent (S3F and S3G Fig
violin plots in gray).

In the case of per-area estimates, the distribution of differences between the manual and the
U-Net CNN densities was normal in either absolute or normalized terms (Shapiro-Wilk test:
p = 0.22 and p = 0.79, respectively), and the average difference was indifferent from zero (t-test
p-values of 0.13, and 0.11 for absolute and normalized differences, respectively). As far as
image patch (127 um x 127 um) densities were concerned, the distribution of both the absolute
and normalized differences was not normal (Shapiro-Wilk test: p<10~° in both cases), yet the
differences were statistically indifferent from zero (Wilcoxon signed-rank test p = 0.12 and
p = 0.07, respectively). In other words, the variance of the differences was noticeable, yet, on
average, the U-Net CNN and manual results were comparable. When several counting boxes
were considered (e.g. a set of boxes that belong to a single cortical area), the variance of the dif-
ferences was noticeably smaller (Levene test p-values of 0.016 and 6-10~* for differences of var-
iances between the differences of areas and boxes, absolute and normalized, respectively), with
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the differences still statistically indifferent from zero. In conclusion, the U-Net CNN estimates
of CB" neurons reflected the average of human experts well, particularly when an area equiva-
lent to several counting boxes was considered (~0.25 mm?, or more).

Three-dimensional reconstruction. To segment the individual hemispheres into cortical
areas, we performed a computational alignment and three-dimensional reconstruction follow-
ing procedure detailed in Figs 4 and 5 in [86] and S5 and S6 Figs in [35]. As a reference, we
used the Nencki-Monash marmoset brain template [32] (RRID:SCR_018367), which repre-
sents an average morphology of twenty young adult individuals of similar age range as the
individuals used in this study. This helps, to a large degree, to mitigate the issue of interindivid-
ual variability. Since the Calbindin-stained sections were used instead of Nissl-stained ones,
we introduced minor changes to the procedure. In essence, a series of images of CB-stained
sections covering an entire brain hemisphere (from 146 to 156 sections, depending on the
case) were downsampled to a resolution of 15 pm per pixel. Next, the parts of the image repre-
senting brain tissue of a single hemisphere were selected, while the remaining voxels (contra-
lateral hemisphere and the cerebellum) were discarded. The masking procedure was
conducted using the open-source ITK-SNAP 3.8.0 application ([87], http://itksnap.org; RRID:
SCR_002010). Subsequently, the sections underwent a series of two-dimensional affine align-
ments to each other and to corresponding template cross-sections to obtain a rudimentary
reconstruction that matches the template brain hemisphere and accounts for deviations from
the exact coronal sectioning plane. The affine alignment was followed by deformable correc-
tions to refine the reconstruction and make it more suitable for the mapping into the reference
template (S5B Fig).

The registration to the Nencki-Monash template [32] was carried out by the Advanced
Normalization Tools (ANTSs) software suite ([88], http://stnava.github.io/ANTs/; RRID:
SCR_004757) with parameters akin to those specified in [86] and [35]. The non-linear registra-
tion utilized the Symmetric Normalization algorithm (SyN) with a default gradient step of
0.25. The velocity field was regularized with a Gaussian kernel (standard deviation of one
voxel), and smoothing of the displacement field was turned off. The 3D reconstructions and
the atlas image were resampled to an isotropic resolution of 100 um. The registration was
simultaneously driven by three pairs of images (S5E-S5G Fig) and corresponding image simi-
larity metrics to mitigate issues related to the cross-modal (CB to Nissl) nature of the mapping.

First, grayscale (red channel) images of stained sections were registered using the cross-cor-
relation metric ([89], CC, S5E Fig) with a kernel size of 4 voxels and a relative weight of 0.2.
The second pair of images comprised label maps of cortical areas outlined manually on Nissl
sections (adjacent to corresponding CB-stained sections, S5A Fig) by an expert (M.G.P.R),
based on both cyto- and myelo- architecture, and only then transferred onto the CB-stained
sections. An analogous set of label maps was defined in the template (S5B Fig). Subsequently,
corresponding labels were forced to match during registration using the Point-Set Expectation
image similarity metric ([89], PSE, S5F Fig) set to an exhaustive (100%) sampling of the labeled
voxels and a relative weight of 1.0. The set of label maps delineated in each case differed slightly;
see S3 Table for a detailed list. Finally, the third pair of images were maps of normalized cortical
thickness computed using a 2-surface Laplacian-based approach [32,90] to constrain the dis-
placement in the direction perpendicular to cortical lamination. The maps (S5G Fig) contained
values between zero (pial surface) and one (border between gray and white matter) and were
registered using the mean squared difference similarity metric (relative weight: 1.0). The results
were then investigated visually and no gross misregistration or unrealistically strong displace-
ment was identified. Finally, we assessed the post-registration overlap between the experimental
case and the template for each defined label map (S5H Fig and S3 Table).
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Segmentation into cortical areas and layers. The 3D reconstruction procedure resulted
in a spatial mapping between the experimental dataset’s coordinate system and the reference
template’s stereotaxic coordinates. We then used these transformations to map the segmenta-
tion into cortical areas from the template onto the experimental cases (S5D Fig, left).

Segmentation of layer 4 on CB-stained sections was carried out manually on every other
section in each hemisphere using adjacent Nissl-stained sections as a reference (S5D Fig, mid-
dle). The border between layers 1 and 2 was defined computationally as the steepest increase
of the CB" neurons density starting from the pial surface. This resulted in the segmentation of
the cortex into supragranular layers (layers 2 and 3), granular cell layer (layer 4), and infragra-
nular layers (layers 5 and 6).

In addition, to account for occasional tissue distortions (tears, folds, ruptures, etc.) and
local staining artifacts, a separate mask was introduced to exclude these regions from any
quantitative analyses. The mask was defined manually by closely inspecting individual sections
for any of the mentioned defects.

Whole-brain CB” density maps. The CB" neurons density maps were generated for all
sections in all cases. They were then downsampled from the native resolution (0.4974 um per
pixel, X20 magnification) to a mesoscale resolution of 40 um per pixel. Subsequently, they
underwent spatial transformations computed in previous steps. During this procedure, the
density maps were corrected by the Jacobian determinant of affine and deformable transfor-
mations to maintain accurate values (i.e. the per-section sum of all CB" neurons on the micro-
scopic resolution maps and the spatially transformed maps are preserved). With the 1) density
maps of all CB* neurons, 2) segmentation into cortical areas, and 3) segmentation into layers,
it was now possible to calculate the average densities for each area and its laminar divisions
(S5D Fig, left) by computing a voxel-wise average density within a mask created by intersecting
relevant areal and laminar segmentations.

We excluded the amygdalopiriform transition area (APir) from the analyses due to its small
size and difficulties in identifying the precise boundaries of this area, either manually or by the
registration algorithm. In addition, we decided to exclude the entorhinal cortex (Ent), piriform
cortex (Pir), area 24a, (A24a), area 29a-c (A29a-c), and area 35 (A35) from any analyses involv-
ing laminar divisions due to the lack of a clearly defined layer 4 homolog.

Quantification and statistical analysis

ANOVA analyses presented in Figs 3 and 7 were carried out using the scikit-posthocs Python
package (v. 0.7.0) using the Kruskal-Wallis H test. Statistical significance was assessed accord-
ing to post-hoc Dunn’s test with Holm-Bonferroni correction for multiple comparisons.

Supporting information

S1 Fig. Co-localization of CB" staining with NeuN and GABA. Confocal images for colocali-
zation of calbindin-positive (CB*) neurons with neuronal marker (NeuN) and marker for
inhibitory neurons (GABA) taken from primary motor cortex (A4ab). Color-coded arrows
point to several CB" neurons, including an example of a neurogliaform neuron (yellow
arrow). Scale bar: 50 pm. Primary antibodies used to create the images are: Calbindin D28K,
(CB, 1:100 from Thermo Fisher, Cat# PA1-931, RRID: AB_2068509), Neuronal marker
(NeuN, 1:700 from Millipore, Cat# MAB377, RRID: AB_2298772), gamma aminobutyric acid
(GABA, 1:500 from Sigma-Aldrich, Cat# A2052 RRID: AB_477652). For fluorescence staining,
sections were incubated in blocking solution (0.3% Triton-X100 and 10% horse serum in 0.1
phosphate buffer solution) for 1 h at room temperature, followed by 46-48 h incubation in pri-
mary antibodies. The secondary antibodies [1:600, Alexa Fluor 488 (ab150109), Alexa Fluor
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594 (ab150064) and Alexa Fluor 647 (ab150111)] were applied for 60 min at room tempera-
ture.
(TIF)

S2 Fig. Laminar density of CB* neurons. (A) Supragranular layers 2 and 3. (B) Layer 4. (C)
Infragranular layers 5 and 6. Each column shows maps for the average of the three cases (top
row) followed by the three individual marmosets. For each map, the scale (bottom right) indi-
cates densities in neurons-mm .

(TIF)

S3 Fig. Detailed evaluation of the automated cell counting method. (A) The evaluation of
the automatic cell counting performance using the validation dataset (603 counting boxes).
The relation between the automated count (ncnn, abscissas) and the ground truth manual
count (ny, ordinates) shows a linear relation between the two quantities. The residuals average
to zero (two-sided t-test, t<107%, p =1, u=0). (B) Relative error of the U-Net CNN (dcnw)
neuronal densities against those established by manual counting (dy). Black points represent
results for the individual counting boxes. Order statistics (median: thick black line, the light
gray bands: 5™ and 95™ centiles, dark gray: lower and upper quartiles) calculated locally within
a 5-10°’mm wide moving window. The red dashed line represents the agreement between the
U-Net CNN and the manual results. The relative error decreases with increasing CB* densities
(the bands are wider for lower densities and narrower for higher ones). (C) Histogram of the
residual densities (i.e. the density estimated by the U-Net CNN within image patches known
to contain no neurons). Among the 2,216 empty image patches, 50% had a residual density
less or equal to 70 mm>, and the mean residual density amounted to 170 mm >, which shows
that the impact of the background on the U-Net CNN results is negligible. (D) Comparison of
the CB™ densities estimated by the U-Net CNN against three expert neuroanatomists. Densi-
ties established by the U-Net CNN (dcnn, abscissas) against the count obtained manually (dyy,
ordinates) for each image patch in these areas (939 values in total) show a linear relation
between the two quantities. (E) Relative error of the U-Net CNN (dcny) neuronal densities
against manual counting (dy) for the benchmark dataset. Black points represent results for the
individual image patches. Order statistics (median: thick black line, light gray bands: 5™ and
95" centiles, dark gray: lower and upper quartiles) calculated locally within a 5-10° mm wide
moving window. The dashed red line represents the agreement between the U-Net CNN and
the manual results. The densities based on U-Net CNN match those established by manual
plotting for all counting boxes except those with the highest densities (>70-10° mm™), such as
those obtained in the granular layer of V1 and V2. For these, the U-Net CNN densities tend to
be lower than those established manually, likely reflecting occurrences of multiple, superim-
posed small cells. (F, G) Analyses of the discrepancies between the dony and the d v densities,
either for absolute (F) or normalized (i.e. divided by the average of the three expert observers,
d u) (G) density values. In either approach, the mean difference is statistically indifferent from
zero. However, per-box comparisons (gray violin plots) exhibit higher variance than the per-
area comparisons (white violin plots).

(TIF)

$4 Fig. Evaluation of the automated cell counting method against staining intensity. Rela-
tion between the mean tile intensity of the validation (panel A) or the benchmark dataset
(panel B) and the relative error of the U-Net CNN (dcnn) neuronal densities against those
established by manual counting (dy,) presented as relative difference: (dcan-di) / (dv+denn)-
The mean tile intensity is based on all three color channels and then normalized to the 0-1
range. Black points represent results for the individual counting boxes. Order statistics
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(median: thick black line, the light gray bands: 5™ and 95 centiles, dark gray: lower and upper
quartiles) calculated locally within a 0.05 wide moving window. The red dashed line represents
the agreement between the U-Net CNN and the manual results. The thick blue curve repre-
sents the fraction of tiles of equal or lower mean intensity (cumulative distribution). The up
(T) or down (|) arrows on the abscissa axis represent the mean tile intensity values for which
examples of image tiles are provided in panels C (for the validation dataset) and D (for the
benchmark dataset). The relative error increases with mean tile intensity (the bands are wider
for higher mean intensity and narrower for lower), however, it remains relatively stable up to
the average image intensity of approximately 0.75, which corresponds to approximately 80%
of image tiles for which the relative error could be described as independent from the mean
image intensity. It has to be noted that the mean tile intensity of 0.75 and higher (gray level of
192 in 8-bit images) corresponds mainly to bright image tiles (see the bottom center and the
bottom right examples in panels C and D) mainly from the bottom of the strips (e.g., deep
layer VI or white matter). Such tiles typically have only a few cells which exaggerates the rela-
tive error due to the division by small numbers. Overall, these findings suggest that the U-Net
model is similarly affected by staining variation as the manual plotting.

(TTF)

S5 Fig. Cytoarchitecture-aware registration to Nencki-Monash reference template [32].
(A) Label maps outlined manually on Nissl sections (left) are transferred onto the adjacent CB-
stained sections (right). (B) Registration of the experimental case to the reference template. A
combined view of the CB-stained sections and the outlined label maps (left) in the experimen-
tal case, the Nissl-stained section, and the label maps in the reference template (right). (C) The
computed spatial transformations are used to map the segmentation from the reference tem-
plate (right) onto the experimental case (left). The black line indicates the coronal location of
the section shown in panels A and D-G. (D) Example CB-stained coronal section segmented
into cortical areas (right), manual segmentation of the same section into supragranular, granu-
lar, and infragranular layers (red, green and blue, respectively, middle). The combination of
the areal and laminar segmentation allows for computing densities of CB* neurons in individ-
ual areas across different layers (left). See S1 File for a full list of areas, color coding and abbre-
viations. (E-G) Pairs of images and respective metrics used to simultaneously drive the
registration. (E) Cross-correlation (CC, [89]) between grayscale images of the stained sections,
here shown in color for clarity. (F) Point-Set Expectation (PSE, [88]) metric forces correspond-
ing label maps from the experimental case and the template to overlap. See S3 Table for a
detailed list of label maps delineated for each case. (G) Normalized cortical thickness maps cal-
culated using a 2-surface Laplacian-based approach [32,90]. Zero (blue color) corresponds to
the pial surface, while one (red) to the border between the gray and the white matter. (H) Reg-
istration accuracy expressed with the Dice coefficient between individual label maps. The vio-
lin plots represent distributions of the overlap values between pairs of corresponding maps.
The thick black lines represent the median values of the Dice coefficient for all label maps in
each case. See S3 Table for registration accuracy for individual label maps.

(TTF)

S6 Fig. Additional insights into data quality and individual variation in the density of CB*
neurons. A) Relation between the ratio of voxels annotated as artifacts against the total num-
ber of voxels per area in all three brain hemispheres. For clarity, data for all 345 areas are plot-
ted with a thick black line. Areas with more than 5% of their volume affected by artifacts are
displayed with color-coded points and annotated. Out of all areas, over 35% did not suffer
from a single artifactual voxel, while only slightly over 4% of areas (14 out of 345) had more
than 5% of their volume annotated as artifacts. In other words, almost 96% of areas had fewer
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than 5% of voxels excluded from analysis. B) Linear relation between an area’s mean CB" neu-
ronal density and its standard deviation. The points represent the mean density per area in
each case (red-CJ1741, green—CJ200L, blue-CJ205), the color lines represent the best linear fit
for each case, and the dashed black lines indicate the 95% confidence interval for the fit. The
results are consistent among the three cases and indicate a strong dependence of the dispersion
on the mean value of a sample (i.e. heteroskedasticity). This implies caution when using the
standard deviation to interpret the variance of densities. C-E) Maps of the coefficient of varia-
tion (ratio of the standard deviation to the mean, CV =s;/ d ;) for all areas in three animals
reveal no clear patterns of the degree of variation.

(TIF)

S1 Table. Source dataset for reproducing analyses presented in Figs 3-7.
(XLSX)

S2 Table. Source dataset for analyses of the variance in densities.
(XLSX)

$3 Table. Source dataset for valuation of the registration accuracy.
(XLSX)

S1 File. Reference card with the full names, abbreviations, color-codes and flatmap loca-
tions of the individual cortical areas, groups of areas, and the cytoarchitectural categories
of lamination.

(PDF)

Acknowledgments

The authors would like to acknowledge the contributions of Cecilia Cranfield, Daria Malama-
nova and Melissa Chong during the data input phase (manual annotation of images). We also
thank Emilia Chojak and Piotr Szulim for assistance in data quality assurance and image
processing.

Author Contributions
Conceptualization: Marcello G. P. Rosa, Piotr Majka.
Data curation: Nafiseh Atapour, Shi Bai, Piotr Majka.

Formal analysis: Nafiseh Atapour, Marcello G. P. Rosa, Sylwia Bednarek, Agata Kulesza, Gab-
riela Saworska, Sadaf Teymornejad, Piotr Majka.

Funding acquisition: Nafiseh Atapour, Marcello G. P. Rosa, Piotr Majka.
Methodology: Nafiseh Atapour, Marcello G. P. Rosa, Katrina H. Worthy, Piotr Majka.
Project administration: Marcello G. P. Rosa, Katrina H. Worthy, Piotr Majka.
Software: Shi Bai, Sylwia Bednarek, Piotr Majka.

Supervision: Marcello G. P. Rosa, Piotr Majka.

Validation: Nafiseh Atapour, Marcello G. P. Rosa, Piotr Majka.

Visualization: Agata Kulesza, Gabriela Saworska, Piotr Majka.

Writing - original draft: Nafiseh Atapour, Marcello G. P. Rosa, Piotr Majka.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 23/28


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012428.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012428.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012428.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012428.s010
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY Calbindin-immunoreactive neurons in the primate cortex

Writing - review & editing: Nafiseh Atapour, Marcello G. P. Rosa, Shi Bai, Sylwia Bednarek,
Piotr Majka.

References

1. Markram H, Toledo-Rodriguez M, Wang Y, Gupta A, Silberberg G, Wu C. Interneurons of the neocorti-
cal inhibitory system. Nat Rev Neurosci. 2004; 5: 793-807. https://doi.org/10.1038/nrn1519 PMID:
15378039

2. DeFelipe J, Lopez-Cruz PL, Benavides-Piccione R, Bielza C, Larrafiaga P, et al. New insights into the
classification and nomenclature of cortical GABAergic interneurons. Nat Rev Neurosci. 2013; 14: 202—
16. hittps://doi.org/10.1038/nrn3444 PMID: 23385869

3. Huang ZJ, Paul A. The diversity of GABAergic neurons and neural communication elements. Nat Rev
Neurosci. 2019; 20: 563-572. https://doi.org/10.1038/s41583-019-0195-4 PMID: 31222186

4. Dombrowski SM, Hilgetag CC, Barbas H. Quantitative architecture distinguishes prefrontal cortical sys-
tems in the rhesus monkey. Cereb Cortex. 2001; 11: 975-88. https://doi.org/10.1093/cercor/11.10.975
PMID: 11549620

5. ScalaF, Kobak D, Shan S, Bernaerts Y, Laturnus S, Cadwell CR, et al. Layer 4 of mouse neocortex dif-
fers in cell types and circuit organization between sensory areas. Nat Commun. 2019; 10: 4174. https://
doi.org/10.1038/s41467-019-12058-z Erratum in: Nat Commun. 2019;10:5075. PMID: 31519874

6. KimY, Yang GR, Pradhan K, Venkataraju KU, Bota M, Garcia Del Molino LC, et al. Brain-wide maps
reveal stereotyped cell-type-based cortical architecture and subcortical sexual dimorphism. Cell. 2017;
171(2): 456-469.e22. https://doi.org/10.1016/j.cell.2017.09.020 PMID: 28985566

7. Bijerke IE, Yates SC, Laja A, Witter MP, Puchades MA, Bjaalie JG, et al. Densities and numbers of cal-
bindin and parvalbumin positive neurons across the rat and mouse brain. iScience. 2020; 24: 101906.
https://doi.org/10.1016/j.isci.2020.101906 PMID: 33385111

8. ChenA,SunY,LeiY,LiC,Liao S, Meng J, et al. Single-cell spatial transcriptome reveals cell-type orga-
nization in the macaque cortex. Cell. 2023:S0092—-8674(23)00679-7. https://doi.org/10.1016/j.cell.
2023.06.009 PMID: 37442136

9. Krienen FM, Levandowski KM, Zaniewski H, Del Rosario RCH, Schroeder ME, Goldman M, et al. A
marmoset brain cell census reveals regional specialization of cellular identities. Sci Adv. 2023; 9(41):
eadk3986. https://doi.org/10.1126/sciadv.adk3986 PMID: 37824615

10. Froudist-Walsh S, Xu T, Niu M, Rapan L, Zhao L, Margulies DS, et al. Gradients of neurotransmitter
receptor expression in the macaque cortex. Nat Neurosci. 2023; 26: 1281-1294. https://doi.org/10.
1038/s41593-023-01351-2 PMID: 37336976

11.  Mitchell AS, Thiele A, Petkov Cl, Roberts A, Robbins TW, Schultz W, et al. Continued need for non-
human primate neuroscience research. Curr Biol. 2018; 28(20): R1186—R1187. https://doi.org/10.1016/
j.cub.2018.09.029 PMID: 30352184

12. Lear A, Baker SN, Clarke HF, Roberts AC, Schmid MC, Jarrett W. Understanding them to understand
ourselves: The importance of NHP research for translational neuroscience. Curr Res Neurobiol. 2022
Aug 17; 3:100049. https://doi.org/10.1016/j.crneur.2022.100049 PMID: 36518342

13. Chard PS, Jordan J, Marcuccilli CJ, Miller RJ, Leiden JM, Roos RP, et al. Regulation of excitatory trans-
mission at hippocampal synapses by calbindin D28k. Proc Natl Acad Sci U S A. 1995; 92: 5144-8.
https://doi.org/10.1073/pnas.92.11.5144 PMID: 7761464

14. Harris EP, Abel JM, Tejada LD, Rissman EF. Calbindin knockout alters sex-specific regulation of behav-
ior and gene expression in amygdala and prefrontal cortex. Endocrinology. 2016; 157: 1967—79. https://
doi.org/10.1210/en.2016-1055 PMID: 27010449

15.  LiJT, Xie XM, Yu JY, Sun YX, Liao XM, Wang XX, et al. Suppressed calbindin levels in hippocampal
excitatory neurons mediate stress-induced memory loss. Cell Rep. 2017; 21: 891-900. https://doi.org/
10.1016/j.celrep.2017.10.006 PMID: 29069596

16. Molinari S, Battini R, Ferrari S, Pozzi L, Killcross AS, Robbins TW, et al. Deficits in memory and hippo-
campal long-term potentiation in mice with reduced calbindin D28K expression. Proc Natl Acad Sci U S
A. 1996; 93: 8028-33. https://doi.org/10.1073/pnas.93.15.8028 PMID: 8755597

17. German DC, Manaye KF, Sonsalla PK, Brooks BA. Midbrain dopaminergic cell loss in Parkinson’s dis-
ease and MPTP-induced parkinsonism: sparing of calbindin-D28k-containing cells. Ann N Y Acad Sci.
1992; 648: 42—62. https://doi.org/10.1111/j.1749-6632.1992.tb24523.x PMID: 1353337

18. Hof PR, Morrison JH. Neocortical neuronal subpopulations labeled by a monoclonal antibody to calbin-
din exhibit differential vulnerability in Alzheimer’s disease. Exp Neurol. 1991; 111: 293-301. hitps://doi.
0rg/10.1016/0014-4886(91)90096-u PMID: 1999232

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 24/28


https://doi.org/10.1038/nrn1519
http://www.ncbi.nlm.nih.gov/pubmed/15378039
https://doi.org/10.1038/nrn3444
http://www.ncbi.nlm.nih.gov/pubmed/23385869
https://doi.org/10.1038/s41583-019-0195-4
http://www.ncbi.nlm.nih.gov/pubmed/31222186
https://doi.org/10.1093/cercor/11.10.975
http://www.ncbi.nlm.nih.gov/pubmed/11549620
https://doi.org/10.1038/s41467-019-12058-z
https://doi.org/10.1038/s41467-019-12058-z
http://www.ncbi.nlm.nih.gov/pubmed/31519874
https://doi.org/10.1016/j.cell.2017.09.020
http://www.ncbi.nlm.nih.gov/pubmed/28985566
https://doi.org/10.1016/j.isci.2020.101906
http://www.ncbi.nlm.nih.gov/pubmed/33385111
https://doi.org/10.1016/j.cell.2023.06.009
https://doi.org/10.1016/j.cell.2023.06.009
http://www.ncbi.nlm.nih.gov/pubmed/37442136
https://doi.org/10.1126/sciadv.adk3986
http://www.ncbi.nlm.nih.gov/pubmed/37824615
https://doi.org/10.1038/s41593-023-01351-2
https://doi.org/10.1038/s41593-023-01351-2
http://www.ncbi.nlm.nih.gov/pubmed/37336976
https://doi.org/10.1016/j.cub.2018.09.029
https://doi.org/10.1016/j.cub.2018.09.029
http://www.ncbi.nlm.nih.gov/pubmed/30352184
https://doi.org/10.1016/j.crneur.2022.100049
http://www.ncbi.nlm.nih.gov/pubmed/36518342
https://doi.org/10.1073/pnas.92.11.5144
http://www.ncbi.nlm.nih.gov/pubmed/7761464
https://doi.org/10.1210/en.2016-1055
https://doi.org/10.1210/en.2016-1055
http://www.ncbi.nlm.nih.gov/pubmed/27010449
https://doi.org/10.1016/j.celrep.2017.10.006
https://doi.org/10.1016/j.celrep.2017.10.006
http://www.ncbi.nlm.nih.gov/pubmed/29069596
https://doi.org/10.1073/pnas.93.15.8028
http://www.ncbi.nlm.nih.gov/pubmed/8755597
https://doi.org/10.1111/j.1749-6632.1992.tb24523.x
http://www.ncbi.nlm.nih.gov/pubmed/1353337
https://doi.org/10.1016/0014-4886%2891%2990096-u
https://doi.org/10.1016/0014-4886%2891%2990096-u
http://www.ncbi.nlm.nih.gov/pubmed/1999232
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY Calbindin-immunoreactive neurons in the primate cortex

19. Yamada T, McGeer PL, Baimbridge KG, McGeer EG. Relative sparing in Parkinson’s disease of sub-
stantia nigra dopamine neurons containing calbindin-D28K. Brain Res. 1990; 526: 303-7. https://doi.
org/10.1016/0006-8993(90)91236-a PMID: 2257487

20. Atapour N, Worthy KH, Rosa MGP. Remodeling of lateral geniculate nucleus projections to extrastriate
area MT following long-term lesions of striate cortex. Proc Natl Acad Sci U S A. 2022; 119(4):
€2117137119. https://doi.org/10.1073/pnas.2117137119 PMID: 35058366

21. Hendry SH, Jones EG, Emson PC, Lawson DE, Heizmann CW, Streit P. Two classes of cortical GABA
neurons defined by differential calcium binding protein immunoreactivities. Exp Brain Res. 1989; 76:
467-72. https://doi.org/10.1007/BF00247904 PMID: 2767197

22. CondéF, Lund JS, Jacobowitz DM, Baimbridge KG, Lewis DA. Local circuit neurons immunoreactive
for calretinin, calbindin D-28k or parvalbumin in monkey prefrontal cortex: distribution and morphology.
J Comp Neurol. 1994; 341: 95-116. https://doi.org/10.1002/cne.903410109 PMID: 8006226

23. DekFelipe J. Types of neurons, synaptic connections and chemical characteristics of cells immunoreac-
tive for calbindin-D28K, parvalbumin and calretinin in the neocortex. J Chem Neuroanat. 1997; 14: 1—
19. https://doi.org/10.1016/s0891-0618(97)10013-8 PMID: 9498163

24. DeFelipe J, Gonzélez-Albo MC, Del Rio MR, Elston GN. Distribution and patterns of connectivity of
interneurons containing calbindin, calretinin, and parvalbumin in visual areas of the occipital and tempo-
ral lobes of the macaque monkey. J Comp Neurol. 1999; 412: 515-26. https://doi.org/10.1002/(sici)
1096-9861(19990927)412:3<515::aid-cne10>3.0.co;2-1 PMID: 10441237

25. Bourne JA, Warner CE, Upton DJ, Rosa MGP. Chemoarchitecture of the middle temporal visual area in
the marmoset monkey (Callithrix jacchus): laminar distribution of calcium-binding proteins (calbindin,
parvalbumin) and nonphosphorylated neurofilament. J Comp Neurol. 2007; 500: 832—49. https://doi.
org/10.1002/cne.21190 PMID: 17177255

26. Kondo H, Tanaka K, Hashikawa T, Jones EG. Neurochemical gradients along monkey sensory cortical
pathways: calbindin-immunoreactive pyramidal neurons in layers Il and lll. Eur J Neurosci. 1999; 11:
4197-208. https://doi.org/10.1046/j.1460-9568.1999.00844.x PMID: 10594645

27. Hodge RD, Bakken TE, Miller JA, Smith KA, Barkan ER, Graybuck LT, et al. Conserved cell types with
divergent features in human versus mouse cortex. Nature. 2019; 573: 61-68. https://doi.org/10.1038/
s41586-019-1506-7 PMID: 31435019

28. BakkenTE, Jorstad NL, Hu Q, Lake BB, Tian W, Kalmbach BE, et al. Comparative cellular analysis of
motor cortex in human, marmoset and mouse. Nature. 2021; 598: 111—119. https://doi.org/10.1038/
s$41586-021-03465-8 PMID: 34616062

29. Yao Z,van Velthoven CTJ, Nguyen TN, Goldy J, Sedeno-Cortes AE, et al. A taxonomy of transcriptomic
cell types across the isocortex and hippocampal formation. Cell. 2021; 184(12): 3222—-3241.e26.
https://doi.org/10.1016/j.cell.2021.04.021 PMID: 34004146

30. Morino-Wannier P, Fujita SC, Jones EG. GABAergic neuronal populations in monkey primary auditory
cortex defined by co-localized calcium binding proteins and surface antigens. Exp Brain Res. 1992; 88:
422-32. https://doi.org/10.1007/BF02259117 PMID: 1374348

31. Goodchild AK, Martin PR. The distribution of calcium-binding proteins in the lateral geniculate nucleus
and visual cortex of a New World monkey, the marmoset, Callithrix jacchus. Vis Neurosci. 1998; 15:
625—42. https://doi.org/10.1017/s0952523898154044 PMID: 9682866

32. Majka P, Bednarek S, Chan JM, Jermakow N, Liu C, Saworska G, et al. Histology-based average tem-
plate of the marmoset cortex with probabilistic localization of cytoarchitectural areas. Neuroimage.
2021; 226: 117625. https://doi.org/10.1016/j.neuroimage.2020.117625 PMID: 33301940

33. Atapour N, Majka P, Wolkowicz IH, Malamanova D, Worthy KH, Rosa MGP. Neuronal distribution
across the cerebral cortex of the marmoset monkey (Callithrix jacchus). Cereb Cortex. 2019; 29: 3836—
3863. https://doi.org/10.1093/cercor/bhy263 PMID: 30357325

34. LiuC, YeFQ, Newman JD, Szczupak D, Tian X, Yen CC, et al. A resource for the detailed 3D mapping
of white matter pathways in the marmoset brain. Nat Neurosci. 2020; 23: 271-280. https://doi.org/10.
1038/s41593-019-0575-0 PMID: 31932765

35. Majka P, Bai S, Bakola S, Bednarek S, Chan JM, Jermakow N, et al. Open access resource for cellular-
resolution analyses of corticocortical connectivity in the marmoset monkey. Nat Commun. 2020; 11:
1133. https://doi.org/10.1038/s41467-020-14858-0 PMID: 32111833

36. Theodoni P, Majka P, Reser DH, Wojcik DK, Rosa MGP, Wang XJ. Structural attributes and principles
of the neocortical connectome in the marmoset monkey. Cereb Cortex. 2021; 32: 15-28. https://doi.org/
10.1093/cercor/bhab191 PMID: 34274966

37. Schaeffer DJ, Klassen LM, Hori Y, Tian X, Szczupak D, Yen CC, et al. An open access resource for
functional brain connectivity from fully awake marmosets. Neuroimage. 2022; 252: 119030. https://doi.
org/10.1016/j.neuroimage.2022.119030 PMID: 35217206

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 25/28


https://doi.org/10.1016/0006-8993%2890%2991236-a
https://doi.org/10.1016/0006-8993%2890%2991236-a
http://www.ncbi.nlm.nih.gov/pubmed/2257487
https://doi.org/10.1073/pnas.2117137119
http://www.ncbi.nlm.nih.gov/pubmed/35058366
https://doi.org/10.1007/BF00247904
http://www.ncbi.nlm.nih.gov/pubmed/2767197
https://doi.org/10.1002/cne.903410109
http://www.ncbi.nlm.nih.gov/pubmed/8006226
https://doi.org/10.1016/s0891-0618%2897%2910013-8
http://www.ncbi.nlm.nih.gov/pubmed/9498163
https://doi.org/10.1002/%28sici%291096-9861%2819990927%29412%3A3%26lt%3B515%3A%3Aaid-cne10%26gt%3B3.0.co%3B2-1
https://doi.org/10.1002/%28sici%291096-9861%2819990927%29412%3A3%26lt%3B515%3A%3Aaid-cne10%26gt%3B3.0.co%3B2-1
http://www.ncbi.nlm.nih.gov/pubmed/10441237
https://doi.org/10.1002/cne.21190
https://doi.org/10.1002/cne.21190
http://www.ncbi.nlm.nih.gov/pubmed/17177255
https://doi.org/10.1046/j.1460-9568.1999.00844.x
http://www.ncbi.nlm.nih.gov/pubmed/10594645
https://doi.org/10.1038/s41586-019-1506-7
https://doi.org/10.1038/s41586-019-1506-7
http://www.ncbi.nlm.nih.gov/pubmed/31435019
https://doi.org/10.1038/s41586-021-03465-8
https://doi.org/10.1038/s41586-021-03465-8
http://www.ncbi.nlm.nih.gov/pubmed/34616062
https://doi.org/10.1016/j.cell.2021.04.021
http://www.ncbi.nlm.nih.gov/pubmed/34004146
https://doi.org/10.1007/BF02259117
http://www.ncbi.nlm.nih.gov/pubmed/1374348
https://doi.org/10.1017/s0952523898154044
http://www.ncbi.nlm.nih.gov/pubmed/9682866
https://doi.org/10.1016/j.neuroimage.2020.117625
http://www.ncbi.nlm.nih.gov/pubmed/33301940
https://doi.org/10.1093/cercor/bhy263
http://www.ncbi.nlm.nih.gov/pubmed/30357325
https://doi.org/10.1038/s41593-019-0575-0
https://doi.org/10.1038/s41593-019-0575-0
http://www.ncbi.nlm.nih.gov/pubmed/31932765
https://doi.org/10.1038/s41467-020-14858-0
http://www.ncbi.nlm.nih.gov/pubmed/32111833
https://doi.org/10.1093/cercor/bhab191
https://doi.org/10.1093/cercor/bhab191
http://www.ncbi.nlm.nih.gov/pubmed/34274966
https://doi.org/10.1016/j.neuroimage.2022.119030
https://doi.org/10.1016/j.neuroimage.2022.119030
http://www.ncbi.nlm.nih.gov/pubmed/35217206
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY Calbindin-immunoreactive neurons in the primate cortex

38. Tian X, ChenY, Majka P, Szczupak D, Perl YS, Yen CC, et al. An integrated resource for functional and
structural connectivity of the marmoset brain. Nat Commun. 2022; 13(1): 7416. https://doi.org/10.1038/
s41467-022-35197-2 PMID: 36456558

39. Ronneberger O, Fischer P, Brox T. U-net: Convolutional networks for biomedical image segmentation.
InMedical Image Computing and Computer-Assisted Intervention—-MICCAI 2015: 18th International
Conference, Munich, Germany, October 5-9, 2015, Proceedings, Part Il 18 2015 (pp. 234-241).
Springer International Publishing. https://doi.org/10.1007/978-3-319-24574-4_28

40. Xie W, Noble JA, Zisserman A. Microscopy cell counting and detection with fully convolutional regres-
sion networks. Comput. methods Biomech. Biomed. Eng. Imaging Vis. 2018; 6: 283-92. https://doi.org/
10.1080/21681163.2016.1149104

41. Mullen RJ, Buck CR, Smith AM. NeuN, a neuronal specific nuclear protein in vertebrates. Development.
1992; 116: 201—-11. https://doi.org/10.1242/dev.116.1.201 PMID: 1483388

42. Markov NT, Vezoli J, Chameau P, Falchier A, Quilodran R, Huissoud C, et al. Anatomy of hierarchy:
feedforward and feedback pathways in macaque visual cortex. J Comp Neurol. 2014; 522: 225-59.
https://doi.org/10.1002/cne.23458 PMID: 23983048

43. John YJ, Zikopoulos B, Garcia-Cabezas MA, Barbas H. The cortical spectrum: A robust structural con-
tinuum in primate cerebral cortex revealed by histological staining and magnetic resonance imaging.
Front Neuroanat. 2022; 16: 897237. https://doi.org/10.3389/fnana.2022.897237 PMID: 36157324

44. Paxinos G, Watson C, Petrides M, Rosa M, Tokuno H. The marmoset brain in stereotaxic coordinates.
Elsevier Academic Press; 2012

45. Reser DH, Burman KJ, Yu H-H, Chaplin TA, Richardson KE, Worthy KH, et al. Contrasting patterns of
cortical input to architectural subdivisions of the area 8 complex: a retrograde tracing study in marmoset
monkeys. Cereb Cortex. 2013; 23: 1901-22. https://doi.org/10.1093/cercor/bhs177 PMID: 22735155

46. Rockland KS, Pandya DN. Laminar origins and terminations of cortical connections of the occipital lobe
in the rhesus monkey. Brain Res. 1979; 179:3-20. https://doi.org/10.1016/0006-8993(79)90485-2
PMID: 116716

47. Maunsell JH, van Essen DC. The connections of the middle temporal visual area (MT) and their relation-
ship to a cortical hierarchy in the macagque monkey. J Neurosci. 1983; 3: 2563—86. https://doi.org/10.
1523/JNEUROSCI.03-12-02563.1983 PMID: 6655500

48. Barone P, Batardiere A, Knoblauch K, Kennedy H. Laminar distribution of neurons in extrastriate areas
projecting to visual areas V1 and V4 correlates with the hierarchical rank and indicates the operation of
a distance rule. J Neurosci. 2000; 20: 3263-81. https://doi.org/10.1523/JNEUROSCI.20-09-03263.
2000 PMID: 10777791

49. Chaudhuri R, Knoblauch K, Gariel MA, Kennedy H, Wang XJ. A large-scale circuit mechanism for hier-
archical dynamical processing in the primate cortex. Neuron. 2015; 88: 419-31. https://doi.org/10.1016/
j.neuron.2015.09.008 PMID: 26439530

50. Pandya DN, Petrides M, Cipolloni PB. Cerebral cortex: architecture, connections, and the dual origin
concept. Oxford University Press; 2015

51. Goodale MA, Milner AD. Separate visual pathways for perception and action. Trends Neurosci. 1992;
15: 20-5. https://doi.org/10.1016/0166-2236(92)90344-8 PMID: 1374953

52. D’Souza JF, Price NSC, Hagan MA. Marmosets: a promising model for probing the neural mechanisms
underlying complex visual networks such as the frontal-parietal network. Brain Struct Funct. 2021 Dec;
226(9):3007-3022. https://doi.org/10.1007/s00429-021-02367-9 PMID: 34518902

53. Rauschecker JP, Tian B. Mechanisms and streams for processing of "what" and "where" in auditory cor-
tex. Proc Natl Acad Sci U S A. 2000; 97: 11800-6. https://doi.org/10.1073/pnas.97.22.11800 PMID:
11050212

54. Poremba A, Mishkin M. Exploring the extent and function of higher-order auditory cortex in rhesus mon-
keys. Hear Res. 2007; 229: 14-23. https://doi.org/10.1016/j.heares.2007.01.003 PMID: 17321703

55. Diehl MM, Romanski LM. Responses of prefrontal multisensory neurons to mismatching faces and
vocalizations. J Neurosci. 2014; 34: 11233—43. https://doi.org/10.1523/JNEUROSCI.5168-13.2014
PMID: 25143605

56. Kravitz DJ, Saleem KS, Baker Cl, Mishkin M. A new neural framework for visuospatial processing. Nat
Rev Neurosci. 2011; 12: 217-30. https://doi.org/10.1038/nrn3008 PMID: 21415848

57. ElamJS, Glasser MF, Harms MP, Sotiropoulos SN, Andersson JLR, Burgess GC, et al. The Human
Connectome Project: A retrospective. Neuroimage. 2021; 244: 118543. https://doi.org/10.1016/j.
neuroimage.2021.118543 PMID: 34508893

58. OhSW, Harris JA, Ng L, Winslow B, Cain N, et al. A mesoscale connectome of the mouse brain. Nature.
2014; 508: 207—14. https://doi.org/10.1038/nature 13186 PMID: 24695228

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 26/28


https://doi.org/10.1038/s41467-022-35197-2
https://doi.org/10.1038/s41467-022-35197-2
http://www.ncbi.nlm.nih.gov/pubmed/36456558
https://doi.org/10.1007/978-3-319-24574-4%5F28
https://doi.org/10.1080/21681163.2016.1149104
https://doi.org/10.1080/21681163.2016.1149104
https://doi.org/10.1242/dev.116.1.201
http://www.ncbi.nlm.nih.gov/pubmed/1483388
https://doi.org/10.1002/cne.23458
http://www.ncbi.nlm.nih.gov/pubmed/23983048
https://doi.org/10.3389/fnana.2022.897237
http://www.ncbi.nlm.nih.gov/pubmed/36157324
https://doi.org/10.1093/cercor/bhs177
http://www.ncbi.nlm.nih.gov/pubmed/22735155
https://doi.org/10.1016/0006-8993%2879%2990485-2
http://www.ncbi.nlm.nih.gov/pubmed/116716
https://doi.org/10.1523/JNEUROSCI.03-12-02563.1983
https://doi.org/10.1523/JNEUROSCI.03-12-02563.1983
http://www.ncbi.nlm.nih.gov/pubmed/6655500
https://doi.org/10.1523/JNEUROSCI.20-09-03263.2000
https://doi.org/10.1523/JNEUROSCI.20-09-03263.2000
http://www.ncbi.nlm.nih.gov/pubmed/10777791
https://doi.org/10.1016/j.neuron.2015.09.008
https://doi.org/10.1016/j.neuron.2015.09.008
http://www.ncbi.nlm.nih.gov/pubmed/26439530
https://doi.org/10.1016/0166-2236%2892%2990344-8
http://www.ncbi.nlm.nih.gov/pubmed/1374953
https://doi.org/10.1007/s00429-021-02367-9
http://www.ncbi.nlm.nih.gov/pubmed/34518902
https://doi.org/10.1073/pnas.97.22.11800
http://www.ncbi.nlm.nih.gov/pubmed/11050212
https://doi.org/10.1016/j.heares.2007.01.003
http://www.ncbi.nlm.nih.gov/pubmed/17321703
https://doi.org/10.1523/JNEUROSCI.5168-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/25143605
https://doi.org/10.1038/nrn3008
http://www.ncbi.nlm.nih.gov/pubmed/21415848
https://doi.org/10.1016/j.neuroimage.2021.118543
https://doi.org/10.1016/j.neuroimage.2021.118543
http://www.ncbi.nlm.nih.gov/pubmed/34508893
https://doi.org/10.1038/nature13186
http://www.ncbi.nlm.nih.gov/pubmed/24695228
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY Calbindin-immunoreactive neurons in the primate cortex

59. Skibbe H, Rachmadi MF, Nakae K, Gutierrez CE, Hata J, Tsukada H, Poon C, Schlachter M, et al. The
Brain/MINDS Marmoset Connectivity Resource: An open-access platform for cellular-level tracing and
tractography in the primate brain. PLoS Biol. 2023; 21(6): €3002158. https://doi.org/10.1371/journal.
pbio.3002158 PMID: 37384809

60. Krienen FM, Goldman M, Zhang Q, C H Del Rosario R, Florio M, et al. Innovations present in the pri-
mate interneuron repertoire. Nature. 2020; 586: 262—269. https://doi.org/10.1038/s41586-020-2781-z
Erratum in: Nature. 2020;588(7837): E17. PMID: 32999462

61. Ascoli GA, Alonso-Nanclares L, Anderson SA, Barrionuevo G, Benavides-Piccione R, et al. (Petilla
Interneuron Nomenclature Group). Petilla terminology: nomenclature of features of GABAergic inter-
neurons of the cerebral cortex. Nat Rev Neurosci. 2008; 9: 557-68. https://doi.org/10.1038/nrn2402
PMID: 18568015

62. Markram H, Muller E, Ramaswamy S, Reimann MW, Abdellah M, et al. Reconstruction and simulation
of neocortical microcircuitry. Cell. 2015; 163: 456—92. https://doi.org/10.1016/j.cell.2015.09.029 PMID:
26451489

63. Tripathy SJ, Burton SD, Geramita M, Gerkin RC, Urban NN. Brain-wide analysis of electrophysiological
diversity yields novel categorization of mammalian neuron types. J Neurophysiol. 2015; 113: 3474-89.
https://doi.org/10.1152/jn.00237.2015 PMID: 25810482

64. Jacobs JJ, Lehé C, Cammans KD, Yoneda K, Das PK, Elliott GR. An automated method for the quantifi-
cation of immunostained human Langerhans cells. J Immunol Methods. 2001; 247: 73-82. https://doi.
org/10.1016/s0022-1759(00)00328-8 PMID: 11150538

65. Bloom K, Harrington D. Enhanced accuracy and reliability of HER-2/neu immunohistochemical scoring
using digital microscopy. Am J Clin Pathol. 2004; 121: 620-30. https://doi.org/10.1309/Y73U-8X72-
B68T-MGHS5 PMID: 15151201

66. Berg S, Kutra D, Kroeger T, Straehle CN, Kausler BX, Haubold C, et al. ilastik: interactive machine
learning for (bio)image analysis. Nat Methods. 2019; 16: 1226—1232. https://doi.org/10.1038/s41592-
019-0582-9 PMID: 31570887

67. Bouvier C, Souedet N, Levy J, Jan C, You Z, Herard AS, et al. Reduced and stable feature sets selec-
tion with random forest for neurons segmentation in histological images of macaque brain. Sci Rep.
2021; 11: 22973. https://doi.org/10.1038/s41598-021-02344-6 PMID: 34836996

68. Vaswani A, Shazeer NM, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is all you need.
Neural Information Processing Systems, 30 (NeurlIPS, 2017).

69. LeeG,KimS, KimJ, Yun S-Y. MEDIAR: Harmony of Data-Centric and Model-Centric for Multi-Modality
Microscopy. Proceedings of The Cell Segmentation Challenge in Multi-modality High-Resolution
Microscopy Images, PMLR 212:1-16, 2023.

70. Stringer C, Wang T, Michaelos M, Pachitariu M. Cellpose: a generalist algorithm for cellular segmenta-
tion. Nat Methods. 2021; 18: 100-106. https://doi.org/10.1038/s41592-020-01018-x PMID: 33318659

71. Chen L-C, Papandreou G, Kokkinos |, Murphy K, Yuille AL. DeepLab: Semantic Image Segmentation
with Deep Convolutional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE Transactions on
Pattern Analysis and Machine Intelligence. 2018; 40(4): 834—48. https://doi.org/10.1109/TPAMI.2017.
2699184 PMID: 28463186

72. MalJ, Xie R, Ayyadhury S, Ge C, Gupta A, Gupta R, et al. The multimodality cell segmentation chal-
lenge: toward universal solutions. Nat Methods 2024; 21(6): 1103—13. https://doi.org/10.1038/s41592-
024-02233-6 PMID: 38532015

73. Abel JM, Witt DM, Rissman EF. Sex differences in the cerebellum and frontal cortex: roles of estrogen
receptor alpha and sex chromosome genes. Neuroendocrinology. 2011; 93: 230—40. https://doi.org/10.
1159/000324402 PMID: 21325792

74. BuJ, Sathyendra V, Nagykery N, Geula C. Age-related changes in calbindin-D28k, calretinin, and par-
valbumin-immunoreactive neurons in the human cerebral cortex. Exp Neurol. 2003; 182: 220-31.
https://doi.org/10.1016/s0014-4886(03)00094-3 PMID: 12821392

75. Elston GN, Gonzalez-Albo MC. Parvalbumin-, calbindin-, and calretinin-immunoreactive neurons in the
prefrontal cortex of the owl monkey (Aotus trivirgatus): a standardized quantitative comparison with sen-
sory and motor areas. Brain Behav Evol. 2003; 62: 19-30. https://doi.org/10.1159/000071957 PMID:
12907857

76. LiS, Wang XJ. Hierarchical timescales in the neocortex: Mathematical mechanism and biological
insights. Proc Natl Acad Sci U S A. 2022; 119(6): e2110274119. https://doi.org/10.1073/pnas.
2110274119 PMID: 35110401

77. Spatz WB, Vogt DM and llling RB. Distribution of cytochrome oxidase in layers IV and V of the striate
cortex in neonate monkeys. Exp Brain Res 95, 183-186 (1993). https://doi.org/10.1007/BF00229668
PMID: 7691643

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 27/28


https://doi.org/10.1371/journal.pbio.3002158
https://doi.org/10.1371/journal.pbio.3002158
http://www.ncbi.nlm.nih.gov/pubmed/37384809
https://doi.org/10.1038/s41586-020-2781-z
http://www.ncbi.nlm.nih.gov/pubmed/32999462
https://doi.org/10.1038/nrn2402
http://www.ncbi.nlm.nih.gov/pubmed/18568015
https://doi.org/10.1016/j.cell.2015.09.029
http://www.ncbi.nlm.nih.gov/pubmed/26451489
https://doi.org/10.1152/jn.00237.2015
http://www.ncbi.nlm.nih.gov/pubmed/25810482
https://doi.org/10.1016/s0022-1759%2800%2900328-8
https://doi.org/10.1016/s0022-1759%2800%2900328-8
http://www.ncbi.nlm.nih.gov/pubmed/11150538
https://doi.org/10.1309/Y73U-8X72-B68T-MGH5
https://doi.org/10.1309/Y73U-8X72-B68T-MGH5
http://www.ncbi.nlm.nih.gov/pubmed/15151201
https://doi.org/10.1038/s41592-019-0582-9
https://doi.org/10.1038/s41592-019-0582-9
http://www.ncbi.nlm.nih.gov/pubmed/31570887
https://doi.org/10.1038/s41598-021-02344-6
http://www.ncbi.nlm.nih.gov/pubmed/34836996
https://doi.org/10.1038/s41592-020-01018-x
http://www.ncbi.nlm.nih.gov/pubmed/33318659
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1109/TPAMI.2017.2699184
http://www.ncbi.nlm.nih.gov/pubmed/28463186
https://doi.org/10.1038/s41592-024-02233-6
https://doi.org/10.1038/s41592-024-02233-6
http://www.ncbi.nlm.nih.gov/pubmed/38532015
https://doi.org/10.1159/000324402
https://doi.org/10.1159/000324402
http://www.ncbi.nlm.nih.gov/pubmed/21325792
https://doi.org/10.1016/s0014-4886%2803%2900094-3
http://www.ncbi.nlm.nih.gov/pubmed/12821392
https://doi.org/10.1159/000071957
http://www.ncbi.nlm.nih.gov/pubmed/12907857
https://doi.org/10.1073/pnas.2110274119
https://doi.org/10.1073/pnas.2110274119
http://www.ncbi.nlm.nih.gov/pubmed/35110401
https://doi.org/10.1007/BF00229668
http://www.ncbi.nlm.nih.gov/pubmed/7691643
https://doi.org/10.1371/journal.pcbi.1012428

PLOS COMPUTATIONAL BIOLOGY

Calbindin-immunoreactive neurons in the primate cortex

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Elston GN and Rosa MGP. The occipitoparietal pathway of the macaque monkey: comparison of pyra-
midal cell morphology in layer Il of functionally related cortical visual areas. Cereb Cortex. 1997 Jul-
Aug; 7(5):432-52. https://doi.org/10.1093/cercor/7.5.432 PMID: 9261573

Kayasandik CB, Ru W, Labate D. A multistep deep learning framework for the automated detection and
segmentation of astrocytes in fluorescent images of brain tissue. Sci Rep. 2020; 10: 5137. https://doi.
org/10.1038/s41598-020-61953-9 PMID: 32198485

Wu H, Souedet N, Jan C, Clouchoux C, Delzescaux T. A general deep learning framework for neuron
instance segmentation based on Efficient UNet and morphological post-processing. Comput Biol Med.
2022; 150: 106180. https://doi.org/10.1016/j.compbiomed.2022.106180 PMID: 36244305

Xiong L, Tian K, Li Y, Ning W, Gao X, Zhang QC. Online single-cell data integration through projecting
heterogeneous datasets into a common cell-embedding space. Nat Commun. 2022; 13: 6118. https:/
doi.org/10.1038/s41467-022-33758-z PMID: 36253379

Garcia-Cabezas MA, John YJ, Barbas H, Zikopoulos B. Distinction of neurons, glia and endothelial
cells in the cerebral cortex: an algorithm based on cytological features. Front Neuroanat. 2016; 10: 107.
https://doi.org/10.3389/fnana.2016.00107 PMID: 27847469

Chong MHY, Worthy KH, Rosa MGP, Atapour N. Neuronal density and expression of calcium-binding
proteins across the layers of the superior colliculus in the common marmoset (Callithrix jacchus). J
Comp Neurol. 2022; 530: 2966—2976. https://doi.org/10.1002/cne.25388 PMID: 35833512

Sindagi VA, Patel VM. A survey of recent advances in cnn-based single image crowd counting and den-
sity estimation. Pattern Recognition Letters. 2018; 107: 3—-16. https://doi.org/10.1016/j.patrec.2017.07.
007

Hoekendijk JPA, Kellenberger B, Aarts G, Brasseur S, Poiesz SSH, Tuia D. Counting using deep learn-
ing regression gives value to ecological surveys. Sci Rep. 2021; 11(1): 23209. https://doi.org/10.1038/
s41598-021-02387-9 PMID: 34853327

Majka P, Chaplin TA, Yu HH, Tolpygo A, Mitra PP, Wojcik DK, et al. Towards a comprehensive atlas of
cortical connections in a primate brain: Mapping tracer injection studies of the common marmoset into a
reference digital template. J Comp Neurol. 2016; 524: 2161-81. https://doi.org/10.1002/cne.24023
PMID: 27099164

Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, et al. User-guided 3D active contour
segmentation of anatomical structures: significantly improved efficiency and reliability. Neuroimage.
2006; 31: 1116-28. hitps://doi.org/10.1016/j.neuroimage.2006.01.015 PMID: 16545965

Avants BB, Tustison NJ, Song G, Cook PA, Klein A, Gee JC. A reproducible evaluation of ANTs similar-
ity metric performance in brain image registration. Neuroimage. 2011; 54: 2033—44. https://doi.org/10.
1016/j.neuroimage.2010.09.025 PMID: 20851191

Avants BB, Epstein CL, Grossman M, Gee JC. Symmetric diffeomorphic image registration with cross-
correlation: evaluating automated labeling of elderly and neurodegenerative brain. Med Image Anal.
2008; 12: 26—41. https://doi.org/10.1016/j.media.2007.06.004 PMID: 17659998

Jones SE, Buchbinder BR, Aharon I. (2000). Three-dimensional mapping of cortical thickness using
Laplace’s equation. Human Brain Mapping, 11(1), 12-32. https://doi.org/10.1002/1097-0193(200009)
11:1<12::aid-hbm20>3.0.co;2-k PMID: 10997850

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012428 September 23, 2024 28/28


https://doi.org/10.1093/cercor/7.5.432
http://www.ncbi.nlm.nih.gov/pubmed/9261573
https://doi.org/10.1038/s41598-020-61953-9
https://doi.org/10.1038/s41598-020-61953-9
http://www.ncbi.nlm.nih.gov/pubmed/32198485
https://doi.org/10.1016/j.compbiomed.2022.106180
http://www.ncbi.nlm.nih.gov/pubmed/36244305
https://doi.org/10.1038/s41467-022-33758-z
https://doi.org/10.1038/s41467-022-33758-z
http://www.ncbi.nlm.nih.gov/pubmed/36253379
https://doi.org/10.3389/fnana.2016.00107
http://www.ncbi.nlm.nih.gov/pubmed/27847469
https://doi.org/10.1002/cne.25388
http://www.ncbi.nlm.nih.gov/pubmed/35833512
https://doi.org/10.1016/j.patrec.2017.07.007
https://doi.org/10.1016/j.patrec.2017.07.007
https://doi.org/10.1038/s41598-021-02387-9
https://doi.org/10.1038/s41598-021-02387-9
http://www.ncbi.nlm.nih.gov/pubmed/34853327
https://doi.org/10.1002/cne.24023
http://www.ncbi.nlm.nih.gov/pubmed/27099164
https://doi.org/10.1016/j.neuroimage.2006.01.015
http://www.ncbi.nlm.nih.gov/pubmed/16545965
https://doi.org/10.1016/j.neuroimage.2010.09.025
https://doi.org/10.1016/j.neuroimage.2010.09.025
http://www.ncbi.nlm.nih.gov/pubmed/20851191
https://doi.org/10.1016/j.media.2007.06.004
http://www.ncbi.nlm.nih.gov/pubmed/17659998
https://doi.org/10.1002/1097-0193%28200009%2911%3A1%26lt%3B12%3A%3Aaid-hbm20%26gt%3B3.0.co%3B2-k
https://doi.org/10.1002/1097-0193%28200009%2911%3A1%26lt%3B12%3A%3Aaid-hbm20%26gt%3B3.0.co%3B2-k
http://www.ncbi.nlm.nih.gov/pubmed/10997850
https://doi.org/10.1371/journal.pcbi.1012428

