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Abstract 

Brain cells can be classified according to their transcriptomic, morphological, and elec-

trophysiological features. Comprehensive data on the spatial density of cell types that 

integrate all three properties are critical for improving models of how neuronal diversity 

contributes to brain function, yet existing atlases lack this information. To address this 

gap, we created a quantitative, three-dimensional atlas of cell type density distributions 

in the mouse brain. We began by generating a transcriptomic cell type atlas, scaling 

regional density estimates from brain slices using cell counts and anatomical dimen-

sions. For densely populated regions like the cerebellum, we further refined these 

estimates by applying voxel-wise corrections based on average Nissl staining inten-

sity. To connect transcriptomic identities with functional characteristics, we leveraged 

patch-sequencing datasets that combine single-neuron mRNA profiles, morphological 

reconstructions, and electrophysiological recordings from cortical neurons. Transcrip-

tomic types were determined from gene expression data, morphological types were 

assigned based on structural reconstructions, and electrophysiological types were 

identified using K-means clustering. The resulting whole-brain atlas (consisting of 5274 

transcriptomic clusters and 458 functional morphological-electrophysiological types) 

and computational tools offer a high-resolution (25 μm3 voxel size), integrative resource 

compatible with a broad range of neuroscience applications and enable the parsing of 

individual cell types to reveal previously unrecognized features.

Author summary

This paper presents a multimodal spatial atlas of the mouse brain, integrating 
transcriptomic, morphological, and electrophysiological data to map cell type 
densities. The authors first generated a transcriptomic cell type (t-type) atlas by 
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scaling density estimates from publicly available spatial transcriptomics datasets. 
For densely populated regions, they refined these estimates using voxel-wise 
corrections based on average Nissl staining intensity. The study then created 
a bridge between transcriptomic identities and functional characteristics. Us-
ing patch-sequencing data, which combines gene expression, morphological 
reconstructions, and electrophysiological recordings from single neurons, the 
researchers derived a model to convert transcriptomic types to morphological 
(m-types) and electrophysiological (e-types) classifications. This allowed them 
to create a unified 3D atlas that combines all three modalities. This resource 
reveals previously unrecognized features, like spatial gradients of inhibitory neu-
rons, and enables quantitative comparisons between new transcriptomic data 
and older cell-counting literature. The accompanying computational tools provide 
a versatile platform for exploring the relationships between neuronal identity, 
function, and location.

Introduction

While neural networks in invertebrates are well-mapped [1–4], the mouse brain with 
its ~ 70 million neurons [5] serves as a critical model for bridging simple and complex 
vertebrate systems. For the mouse brain, current initiatives emphasize whole-brain 
approaches [6–9] to decipher the vast cellular diversity within it. These and other 
ambitious efforts [10–12] have yielded insights into the brain's complex organization 
and function. Over the past decade, single-cell RNA sequencing (scRNA-seq)  
[13–15] and single-nucleus RNA sequencing [16–18] revealed how gene expression 
varies across different brain regions [19–21]. Recently, comprehensive sampling of 
the entire mouse brain, often with single-molecule precision resolution [22,23] and 
within a common platform [24], now allows high-resolution mapping of neural cell 
types across the brain [25, 26]. The integration of large amounts of spatial transcrip-
tomic data [9,27] in the whole-brain broader context revealed complex interregional 
relationships, and precise analysis of tissue characteristics. However, since no 
mouse brain has yet been fully mapped at the single-cell level, estimations of tran-
scriptomic cell type placement will remain a necessary tool for researchers until com-
plete cellular identification can be realized on the whole-brain or whole-body scale.

Using transcriptomic data [8,9] and the common coordinate framework from the 
Allen Institute for Brain Science (AIBS) [27], we created 3D atlases that map the 
spatial distribution of distinct transcriptomic cell types (t-types). We extracted cell 
coordinates and their brain region’s volume from aligned brain sections to estimate 
cell densities across all brain regions. As sections often provide multiple samples 
from a region, coverage of the mouse brain is well-validated within the constraints of 
this methodology and almost complete.

Additionally, we developed a method for converting between various cell type clas-
sification systems. Recent advances in patch-sequencing technologies link transcrip-
tomic profiles of individual cells with morphological types (m-types), which categorize 
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cell shape and structure, and electrophysiological types (e-types), which categorize cells according to electrophysiological 
behavior [28–30]. From such experimental data, we derived a model to convert between various cell type classifications 
and recreate the 3D atlas for all other functional m- and e-type classifications. Aligning transcriptomic, morphological and 
electrophysiological modalities and validating putative correspondences remains challenging because each modality has 
different sampling biases, measurement noise and metadata conventions. Community portals and Python-based repro-
ducible workflow frameworks that promote standardized formats, provenance tracking and shared analysis pipelines (e.g., 
the neocortical microcircuit portal [31,32] and the broader Python/NWB/DataJoint [33] ecosystem) have proven useful 
for mitigating these issues and enabling cross-modal validation. We therefore built our conversion and atlas pipeline with 
these principles in mind to improve reproducibility and to make cross-modal comparisons more robust.

Our atlas revealed gradients and partial intermixing of certain inhibitory neuron types across cortical and subcortical 
regions. These patterns were not obvious from prior single-modality datasets and suggest that inhibitory circuits may 
be more spatially nuanced than previously appreciated. By integrating Patch-Seq data, we demonstrated that cell-type 
morphological and electrophysiological traits correlate with their transcriptomic identities in a spatially structured manner. 
This provides a more complete view of how neuronal identity, function, and location are interlinked in the brain. Previous 
scientific effort has focused on mapping the densities of inhibitory and excitatory neurons in the brain. The methods devel-
oped in this paper go beyond this by integrating cell type modalities (t-, m- and e-) on a whole-brain scale. Converting 
transcriptomic cell clusters into previous functional morphological-electrophysiological type classifications (me- 
classifications) bridges the gap with classifications present in the traditional body of literature, allowing quantitative com-
parison of older cell counting results with transcriptomic results. This provides neuroscientists with an accurate cell density 
map of the mouse brain that they can easily interpret and model, for example in large-scale simulators that consume 
atlas-based densities [34,35]. In addition, the accompanying computational framework allows researchers to dynamically 
query, compare, and model cell-type densities, providing a versatile platform for uncovering previously hidden structure-
function relationships (e.g., morphological and electrophysiological profiles correlate strongly with known anatomical 
hierarchies, unexpected gradients and intermixing of certain inhibitory cell types across cortical and subcortical regions / 
discovery of novel spatial gradients and transitions, statistical relationships between cell-type distributions). Of note, these 
tools enable the testing of targeted hypotheses on why certain brain areas are affected in neurological disorders and to 
develop more accurate, biologically grounded models of circuit-level behavior. Last, the integration of multimodal data, 
voxel-level density mapping, Patch‑Seq alignment, computational modeling tools, and data harmonization methods collec-
tively provide a new approach for comparative and cross-species neuroscience studies.

Methods

Atlas construction: whole-brain, voxel-scale cell-type density atlas

Data used for models.  In this study, we combined several publicly available whole-brain datasets to provide a more 
robust and detailed perspective: The Allen Brain Cell (ABC) Atlas [24], the multiplexed error-robust fluorescence in situ 
hybridization (MERFISH) dataset [19,24], the extended and improved version of the latest common coordinate framework 
annotation (CCFv3) and Nissl volume [36] from the AIBS and the Blue Brain Project, and two patch-seq datasets 
[29,30] (Fig 1). We recommend reviewing the referenced resources and methodologies beforehand, as they may help 
contextualize and enhance understanding of our approach.

The ABC Atlas is an online platform that provides a comprehensive cell type atlas, visualizing transcriptomic cell type 
expression, spatial organization, and diversity across the brain. MERFISH is a high-resolution spatial transcriptomics tech-
nique that quantifies and maps RNA molecules within cells. For our analysis, we downloaded both the complete mouse 
brain taxonomy (hierarchical clustering) and MERFISH dataset from the platform. All analyses were conducted using the 
2024-03-30 release of the ABC Atlas to ensure consistency and alignment with the latest available data. Patch-seq data-
sets are valuable because they link RNA sequencing, morphological reconstruction, and electrophysiological recordings 
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for the same neuron type. Each used dataset focuses on a different region of the mouse cortex: primary visual cortex for 
[29] (~500 inhibitory neurons) and primary motor cortex for [30] (~200 pyramidal cells and ~300 inhibitory neurons).

Extending CCFv3’s hierarchical annotations and parcellations for comprehensive dataset integration.  To 
integrate these heterogeneous datasets into a unified spatial framework, we next harmonized and extended the 
anatomical hierarchy of the common coordinate framework. First, we extended the hierarchical annotation of the AIBS 
CCFv3 annotation volume [27] for the whole dataset allowing all voxels to be assigned to a leaf region (the term leaf 
region represents the deepest level of the mouse brain ontology). We also extended the parcellation to parcellation 
term membership metadata that was created for the ABC Atlas (Fig 1 top-right). These steps were necessary to resolve 
inconsistencies between the original structural annotations of the CCF and the ABC Atlas parcellation system. We 
incorporated label IDs and alternative cluster names, omitting special symbols to facilitate easier processing. Finally, 
the main olfactory bulb, glomerular layer was added to the list as a substructure, as well as all granular, molecular, 
and Purkinje layers of all the lobules of the cerebellum. In all steps, we adhered to the ABC Atlas’s new multimodal 

Fig 1.  Pipeline overview from 3D mapping to linking cell type identities. The top module shows the workflow for building 3D transcriptomic cell 
type atlases from MERFISH data. We produced both unscaled and scaled versions of the densities by (i) integrating various datasets with MERFISH 
metadata, (ii) calculating cell type densities for each leaf region of the mouse brain, and (iii) projecting these densities back into the average brain 
space. T-type density estimates can subsequently be integrated with other neuron phenotypes through a probabilistic mapping framework. The bottom 
module derives P(me – type | t – type) from patch-seq data. The reference dataset for the three modalities was used to align the patch-seq datasets on 
established classification and derive the probability of observing an me-type given a t-type. The P(me – type | t – type) can be combined with the t-type 
density atlas to produce an met-type density atlas. The workflow integrates all these datasets and literature values and no additional input is required.

https://doi.org/10.1371/journal.pcbi.1014106.g001
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reference system which introduced parcellations, while maintaining backward compatibility with the CCFv3’s hierarchical 
annotations.

Aligning and resampling brain annotation volumes for improved cell density estimation.  Following the extension 
of the anatomical hierarchy, precise spatial alignment between MERFISH data and the reference annotation volumes was 
required to enable accurate volumetric density estimation. The ABC Atlas provides an aligned and resampled annotation 
volume in which region IDs were renumbered for better visualization. However, it is not perfectly aligned with the CCFv3 
annotation volume. Therefore, we used the original CCFv3 annotation volume (at 10 μm3 voxel resolution) and identified 
all original region IDs by matching voxel counts in the corresponding annotation volume slice for every cell. This gave 
access to a rotated, resampled and aligned annotation array with exact volumes for every brain region intersected by 
MERFISH slices (Fig 1 top-center). For example, a representative slice intersected a large number of voxels from leaf 
region 1, a moderate number from region 2, and a small number from region 3, illustrating how regional volumes were 
quantified across slices. Consequently, cells of every cell type located in these brain regions acquired the exact brain 
volume of their brain region within the brain slices as metadata. Acquiring this information allowed us to overcome issues 
like estimating cell type densities in multiple patches (e.g., a brain region was intersected in both hemispheres by the 
same MERFISH slice), or estimating cell densities by triangulating region volumes around their CCF coordinates.

Estimation of cutting angles and coronal region volumes for MERFISH sections.  For the coronal MERFISH 
sections, cutting angles (tilted in both horizontal and vertical directions) and coronal positions were estimated using 
normalized-mutual information (NMI) metrics [37], aided by the provided average template array (Fig 1 top-center). For all 
53 coronal slices the estimated axial angles were 36.84 ± 3.3 degrees, while the vertical angles were 6.36 ± 0.27 degrees 
(where 0° would indicate no tilt in alignment). This information was used to calculate the region’s volume of the MERFISH 
section in the plane for each individual cell.

For every cell in the ABC Atlas database next to its single reconstructed z coordinate (i.e., along the coronal axis), 
we added their voxel position, their template number, cutting angles, the region ID of their leaf region, together with the 
region’s voxel count (i.e., voxelized volume) (Fig 1 top). Cells which did not pass the ABC Atlas quality control (QC) were 
not included in the calculations. Additionally, 15 cells were removed from the database because their incorrect x_ccf and 
y_ccf coordinates were 0. Although these cells passed the ABC Atlas QC, we could not use them since they were physi-
cally located outside of the brain.

It is important to note that MERFISH slices did not completely cover every brain region: e.g., the frontal pole, layer 1, 
and retrosplenial area, dorsal part, layer 4 were not covered in this dataset. We included S1 Table listing all leaf regions 
with no direct coverage. Two substructures covering white matter of the brain were not broken down to their respective 
leaf regions in the AIBS’s parcellation annotations; thus they were used instead, which gives these areas a coarser res-
olution. These regions are: corpus callosum, anterior forceps with two regions, the inferior cerebellar peduncle with two 
regions, the sensory root of the trigeminal nerve with two regions, the superior cerebellar peduncles with four regions, and 
the stria terminalis with two regions. These regions inherited the same set of cell types and densities. We also recognized 
that zero density values can convey valuable biological information; thus, for regions without assigned voxels in the 3D 
reference space, we used N/A (not a number) to distinguish between the lack of information and the absence of cells.

Further, artifacts from imperfect sectioning, tissue damage, or chemical processing of the slices could obscure the esti-
mated volumes. However, many of these irregularities could be resolved or corrected during the alignment of MERFISH 
sections to the common coordinate framework. We estimated volumes from the annotation volume file registered to the 
MERFISH slices and incorporated this data into the metadata for each cell. Missing tissue, bad quality cell information or 
cells registered to uncharacterised regions could not be recovered.

After the preceding steps, 3,791,571 cells remained. These cells belonged to 677 regions in a total of 53 coronal sec-
tions. Out of these regions, the newly added main olfactory bulb (MOB) layer and the cerebellar lobule layers remained 
empty, as they were either not part of the ABC’s parcellation annotations or no cells were identified in the region which 
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passed QC. We split these substructures into their respective leaf regions based on a simple set of rules. Cerebellar lob-
ules can be split into Purkinje, molecular, and granular layers. Purkinje layers inherited 100% of the Purkinje cells, 100% 
of the Bergman glia, and they shared microglia equally with the other two leaf regions. Molecular layers were set to be 
purely inhibitory, thus they do not contain any Bergmann glia, Purkinje cells or cells expressing the neurotransmitter gluta-
mate (Glut). Granular layers inherit every cell type, except Purkinje cells and Bergmann glia; and only contain Golgi cells 
from the gamma-aminobutyric acid (GABA) expressing cell types. On the other hand, the missing main olfactory bulb, 
glomerular layer inherited all the cells from the unassigned region of the MOB.

Cells which were assigned to unassigned brain regions in the ABC Atlas were omitted from the calculations. This omis-
sion did not influence regional cell densities but reduced somewhat the overall cell count. Note that we have only included 
cells from the ABC Atlas where the CCF positional coordinates were identified, as the alignment process of MERFISH 
sections was not available to us. To reduce data processing and avoid potential signal spillover of cells from neighboring 
regions due to misalignment, we decided to not include sections which were not aligned to the common coordinate frame-
work. Instead we rigorously tested the ABC Atlas alignment ourselves to check for misalignment which could be detected 
in regions where cell composition was known from the literature.

Region structuring in the density atlas.  To work out a widely usable density atlas we adapted the parcellation 
annotation with 4–5 levels of hierarchy. To make it compatible with the original brain hierarchy used by older versions of 
the anatomical annotation volumes, we introduced missing leaf regions as a substructure. We handled gray and white 
matter regions in a similar manner. In the case of gray matter, we split those substructures which could be further split 
into leaf regions (the term leaf region represents the deepest level of the hierarchical ontology). For white matter, we 
initially treated parent regions undivided, assuming homogeneity. Later, their leaf regions were assigned the same density 
information as their parent regions. This provides the flexibility to select any brain region at any hierarchical level by 
concatenating its substructures. As a result, brain volumes identified in the MERFISH slices can be translated one-to-one 
to every level of hierarchy in the mouse brain anatomical reference atlas.

3D cell density maps from MERFISH data.  Processing all 53 MERFISH slices yielded 5,274 individual 3D brain 
volumes (for each cell type cluster) within the ABC Atlas. Densities were estimated for each cell type in each region by 
dividing the total number of cells in that region across all aligned slices by the sum of the corresponding region volumes. 
Additionally, we grouped cell types based on taxonomic hierarchy, creating 3D density volumes for major cell groups 
such as excitatory neurons, inhibitory neurons, modulatory neurons, glial cells, and all non-neuronal cells, among others 
(Fig 2). As a result, in each brain volume, leaf regions contain the estimated average cell density of the specified cell 
type, including t-type clusters or larger cell groups, calculated from MERFISH slices that intersected the region. For 
normalization and validation, we also generated brain volumes where voxels represent total cell counts in each region for 
the major cell groups. To reduce file numbers, we calculated cumulative densities of major cell groups at each level of the 
anatomical hierarchy, allowing them to be stored efficiently in a single table.

Cell Density Estimation and Scaling Across Brain Regions.  We estimated cell type densities in brain regions 
where alignment to the common coordinate framework was available by calculating region volumes from the voxelized 
region size per slice multiplied by section thickness (10 µm in the fresh-frozen state), and summing all cells per 
cell type divided by the region’s total volume across all intersecting slices (Fig 2). The extended and enhanced 
CCFv3 annotation volume provided a straightforward way to visualize cell densities (Fig 2A), and the ABC Atlas 
transcriptomic taxonomy tree enabled aggregation of cell type clusters into broader categories such as excitatory and 
inhibitory neurons, astrocytes, or oligodendrocytes (Fig 2E-2H). Pooling average densities across the brain allowed 
characterization of general populations, including all cells and neuronal versus non-neuronal groups (Fig 2B-2D). 
MERFISH slices covered 565 parcellation substructures with cell types passing QC, which, after division into leaf 
regions following the annotation hierarchy, resulted in cell coverage for 670 of the 677 possible regions. Of the seven 
missing regions (frontal pole, layer 1, central canal, spinal cord/medulla, pyramidal decussation, bed nucleus of the 
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Fig 2.  .Regional transcriptomic cell counts in the extended 3D atlas format (566, 320, 456). Sagittal (y = 200) and coronal (x = 300) sections from 
the A. extended and improved CCFv3 annotation volume (The annotation colors match those in the AIBS reference atlas.), B. regional cell counts with 
Nissl granularity, C. regional neuron counts (averages), and D. regional non-neuronal counts (averages). Colorbar shows cell numbers in number of cells 
/ mm3 for panel B. E. Sagittal (y = 200) and coronal (x = 300) sections of an excitatory cell type at 4 different hierarchies (class, subclass, supertype, clus-
ter). F. Inhibitory cell type examples at different hierarchical levels. G. Astrocytic cell type examples at different hierarchical levels. H. Oligodendrocytic 
cell type examples at different hierarchical levels. Colorbars (E-H) show cell numbers for the first cell type in the row. Resolution: 25 μm3 voxel size.

https://doi.org/10.1371/journal.pcbi.1014106.g002
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anterior commissure, cuneate fascicle, vomeronasal nerve, Gracile nucleus), only the frontal pole belonged to gray 
matter. For these regions, cell type numbers were reported as N/A, although approximate densities were estimated 
using scaling methods; more accurate estimates could be achieved by incorporating additional MERFISH slices. 
Using voxel-based volumetric information, we calculated total cell numbers for every cell type or group and refined 
initial whole-brain density estimates by scaling them to align with reference data reported in the literature [7] using 
three methods: global scaling, cell type density transplant, and Nissl staining based estimation (S5 Fig), which can 
be selected according to use case. In the global scaling method, all 5,274 MERFISH cell types were pooled into 
hierarchical groups based on the ABC Atlas taxonomy, separating neurons from non-neuronal classes. Neuronal 
classes included 29 groups, comprising 15 excitatory, 12 inhibitory, and two modulatory classes identified by their 
primary neurotransmitter. Astrocytic, oligodendrocytic, and microglial clusters were grouped as glia, while remaining 
non-neuronal cell types were classified as other non-neuronal cells. Neuron scaling rules for primate brains [5] were 
applied to set upper limits of 12,618,420 neurons in the cerebral cortex, 41,825,100 neurons in the cerebellum, and 
16,446,480 neurons in the rest of the brain, preserving relative differences between regions and cell type groups. An 
exception occurred in the cerebellum, where the ABC Atlas does not distinguish granular, molecular, and Purkinje 
layers; subdivision of lobules into leaf regions enabled separate scaling of excitatory neurons in granular layers while 
keeping inhibitory neuron numbers constant, and scaling non-neuronal cell types across all layers. In the cell type 
density transplant method, peer-reviewed literature values or user-provided inputs [7] served as ground truth for 
selected regions by directly editing the density values of corresponding clusters. For global scaling to a final total of 
70.89 million neurons, regions with transplanted densities were kept constant, and scaling from the first method was 
applied only to non-transplanted regions. A third scaling method was based on the average Nissl template, in which 
densities were scaled to reflect Nissl intensity values in each brain region. The template was generated from 86,901 
coronal Nissl-stained slices from 734 postnatal day 56 C57BL/6J mouse brains from the AIBS in situ hybridization data 
portal [36], mapped to a 10 µm³ isotropic volume and normalized by the number of intersecting sections. Scaling was 
performed either by assigning a specific density to a reference intensity value, such as the highest average intensity in 
the crus 2 lobule granular layer set to 4 million cells/mm³, or by assigning the lowest average intensity, observed in the 
lateral preoptic area, to its corresponding density, with proportional scaling applied across regions (S6 Fig). Within each 
region, relative cell type ratios determined final densities. Although the relationship between Nissl staining intensity and 
cell density is not strictly linear due to differences in cell size, cell type composition, and RNA content [38,39], Nissl 
intensity provided a useful proxy for relative cell density across brain regions under controlled conditions.

Normalization strategies, estimate adjustments

Adjustments for regions with high cell density.  To address the limitations of MERFISH-based estimations, we could 
enhance its accuracy by scaling the density values (S7 Fig). However, the challenge with scaling was that it relies on the 
adoption of a scientifically reviewed experiment from the literature as the reference point. Therefore, we proposed offering 
multiple methods for scaling density values across the brain to accommodate different use cases and expectations.

The first scaling method involves aligning the global values with those obtained through isotropic fractionation, specif-
ically the neuron scaling rules for primate brains. This approach allowed us to scale the total counts of neurons to 70.89 
million neurons and the total cell counts (glia included) to 108.69 million cells across every brain region. This scaling 
approach allowed us to adjust cell numbers across large brain regions while preserving the relative densities between 
regions and cell types. However, a limitation is that certain regions may retain errors and stand out as outliers due to 
issues such as poor coverage, low-quality slices, or compromised image quality.

In the second scaling technique we wanted to introduce density transplantation. For example, specific modeling stud-
ies require a defined set of neuron types, including particular density and standard deviation, often due to computational 
limitations or measurements that are not publicly available. In our scaling pipeline we provided the ability to swap out the 
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estimates from MERFISH values with specific values for any given cell type or cell class (or at any level of the cell type 
hierarchy) while keeping the other regions constant. In this case, we can still apply the first scaling method while the pipe-
line will take into consideration that transplanted regions have to stay constant in any subsequent changes. Since in the 
first step we need to scale up or down the total number of cells across regions to meet a maximum number (e.g., 70.89 
million neurons or 108.69 million with all cells included) the neighboring regions in the brain area will get scaled up or 
down depending on the transplanted values. In this study we transplanted 51 regions (including larger regions, e.g., Stria-
tum) where we had estimates of total neuron or inhibitory and/or excitatory cell densities [38]. After transplantation we ran 
our first global scaling method based on the neuron scaling rules for primate brains while keeping those densities constant 
which were fixed by the transplant operation.

The third method, average Nissl volume based scaling, also provided a way to scale density values without changing 
the ratio of individual cell types (S6 Fig). It also enabled us to estimate cell densities in regions that were not covered by 
the MERFISH slices.

Voxel-level granularity using Nissl intensity.  As cell type densities are calculated for each leaf region, densities 
remain constant within each region and do not vary on a voxel-by-voxel basis across the brain, except at regional borders. 
To address this limitation, we used the average Nissl template derived from 734 Nissl-stained mouse brains [36] and 
calculated voxel-level granularity within each brain region by normalizing Nissl intensity values relative to the mean. These 
normalized voxel values were then applied to each cell density in the 3D representation. We chose this template due to 
its alignment with the extended and improved CCFv3 annotation volume, though other Nissl-stained slices can also be 
used (S4 Fig). This adjustment replaces the constant average values of a given cell type with values that better reflect 
spatial variability. This step is optional, but one limitation to consider is that each cell type is normalized with the same 
Nissl-derived factor across its region, even though Nissl intensity represents the cumulative signal of all cell types in a 
given voxel, regardless of their specific contributions or ratios in that area. This approach maintains the region's overall 
density by keeping the cell type ratios constant; however, we lack information on the true ratio of cell types from one voxel 
to another.

In summary, our pipeline provides the ability of scaling or transplanting densities across the whole brain with voxel 
level granularity while leveraging the benefits of the transcriptomic atlas’s cell type resolution. At this stage of the pipeline, 
various types of biologically relevant experimental data can be incorporated into the 3D atlas and converted into transcrip-
tomic densities. The pipeline up to this stage is publicly available at https://github.com/BlueBrain/Molsys-transcriptomic-at-
las, and further example code and tutorials are provided at https://github.com/cveraszto/TME-types.

Alignment of transcriptomic cell types with morphology and electrophysiology

Alignment of mRNA to established neuronal t-types.  To link transcriptomic cell-type densities with functional 
neuronal properties, we aligned transcriptomic types to morphological and electrophysiological classifications derived 
from patch-seq data. One of the first steps of the pipeline was to assign reference t-types defined by [8] in their scRNA-
seq study to patch-seq datasets using mRNA data (Fig 1 bottom panel). We used the trimmed means (25% - 75%) of 
the scRNAseq dataset as reference points for the t-types alignments. To process and align gene expression profiles 
we integrated several libraries, including scanpy, mygene, and UMAP [39, 40]. We first cleaned the t-types from Yao et 
al. [8] using a reproducible preprocessing pipeline implemented in Python. Briefly, gene identifiers in the Yao reference 
dataset were mapped from Ensembl IDs to gene symbols with the mygene API [41]. Only genes that appeared exactly 
once in the Yao reference table were retained to build the unique_genes list. For the patch-seq expression data we 
excluded samples annotated as “low quality” and we summed exon and intron counts per cell for the filtered Scala cell 
list. We performed data-driven gene selection using an established routine [30] on raw counts. The routine selects genes 
by comparing the frequency of zero (or near-zero) expression to mean log₂ nonzero expression and returns a selection 
of genes with high frequency of zero expression and high level of nonzero expression by fitting an exponential decay 

https://github.com/BlueBrain/Molsys-transcriptomic-atlas
https://github.com/BlueBrain/Molsys-transcriptomic-atlas
https://github.com/cveraszto/TME-types
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(parameters yoffset = 0.04, xoffset = 6.2 and decay = 1.2). To align datasets we restricted the Yao matrix to the unique_
genes list, took the intersection of gene sets between the reference and sample, and constructed scanpy’s AnnData 
objects for MERFISH (Yao) and Scala (patch-seq) using these common genes. We computed PCA, neighborhood 
graph and UMAP on the MERFISH reference (sc.pp.pca, sc.pp.neighbors, sc.tl.umap) and then ingested the Scala 
samples into the MERFISH embedding (sc.tl.ingest). For label transfer we assigned to each Scala cell the nearest 
MERFISH t-type in PCA space by Euclidean distance. The resulting alignment table was post-processed to extract 
hierarchical Yao reference labels and Scala family/type annotations. Finally, when building contingency maps between 
old (Yao) and new (Scala) t-types we restricted downstream comparisons to mappings supported by at least three cells 
of a given type. The exact parameter values and the code used to generate all intermediate files (including Scala_
aligned_labels.csv) are provided in the Supplementary Code repository (https://github.com/YannRoussel/probabilistic_
mapping_extension) to ensure full reproducibility.

To visualize the alignment results, we generated heatmaps showing the distribution of patch-seq cells relative to refer-
ence t-types. The cells were further divided into excitatory and inhibitory subtypes to enhance interpretability. We used this 
data to illustrate the alignment fidelity for both excitatory and inhibitory cell populations (S1 Fig).

Morphological clustering.  Morphological clustering was conducted using neurons from various brain regions with 
data obtained from the Blue Brain dataset [31,32], combined with patch-seq data from [29] and [30]. Morphological 
reconstructions were processed with the morphology-workflows package to curate and align the different datasets [42]. 
Subsequently, the topological descriptors were extracted from the morphological reconstructions using the Topological 
Morphology Descriptor (TMD) package [43]. TMD provides a topological description of neuron morphologies, capturing 
key characteristics of neuronal morphologies that can be used for classification and clustering of neurons [44]. Each 
neuronal tree is represented as a persistence barcode, which tracks the start and the end radial distance of each branch 
in the underlying tree structure. From each neuronal reconstruction two persistence images [45] (cite: Adams et al) were 
generated based on (1) the topological barcode of the axonal branches and (2) the topological barcode of the dendritic 
branches. Pyramidal cells were processed independently from the interneurons, according to the expert labeling, due to 
the significant difference in dendritic shapes.

The persistence images were vectorized and used as input to an unsupervised clustering algorithm (K-means). The 
number of clusters were selected based on the optimal number of clusters that approximated the Blue Brain dataset that 
were already classified from experts [32,46], which yielded optimal results for 10 clusters of axonal and 10 clusters of 
dendritic shapes. Then, all the datasets Blue Brain dataset [32], combined with patch-seq data from [29] and [30] were 
clustered based on the same clustering algorithm optimized to distinguish the classes in the Blue Brain dataset. Through 
this process each neuronal morphology was assigned a DendriticCluster and an AxonalCluster, the group was selected 
from 10 different groups according to the unsupervised K-means clustering algorithm.

Canonical m-types were named following a standardized convention to reflect both neuron main type and clustering 
results, formatted as follows: NeuronType_DendriticCluster_AxonalCluster (e.g., IN_DEND_0_AX_2 for inhibitory neurons 
with dendritic cluster 0 and axonic cluster 2). This schema resulted in 200 potential m-types, derived from the combina-
tion of 2 neuron types, 10 dendritic clusters, and 10 axonic clusters. However, fewer m-types are observed in practice for 
the patch-seq data of [30] and [29], as not all dendritic and axonal cluster combinations are present in the datasets (see 
supplementary m-type list). Morphologies from patch-seq datasets were classified into m-types based on their projected 
location in the morphological feature space. The probability of observing a specific m-type given a t-type was derived by 
analyzing their occurrences in the patch-seq datasets. We defined:

	 P(m – typei | t – typej) = card(m – typei ∩ t – typej)/card(t – typej)	

Where card(x) is the cardinal (i.e., the number of elements) of the set x .

https://github.com/YannRoussel/probabilistic_mapping_extension
https://github.com/YannRoussel/probabilistic_mapping_extension
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Electrophysiological classification.  To compute the conditional probabilities of observing specific e-types based on 
t-types, we used data from a reference dataset [35] alongside the patch-seq datasets. First, electrophysiological features 
(e-features) were extracted from recordings using the EFEL package, following established protocols [47]. To standardize 
the data and mitigate variability induced by input resistance, traces were relabeled as a percentage of the rheobase 
current. For classification, we focused on features extracted from traces presenting rheobase percentage available 
across all cells. Data cleaning was performed to retain only the shared feature columns, eliminating rows and columns 
with missing values to ensure consistency across datasets. Each e-feature dataset was subsequently standardized with 
StandardScaler from scikit-learn (1.4.2) [48].

To cluster these features, we then used hierarchical clustering (via AgglomerativeClustering from scikit-learn (1.4.2)) 
to assign each sample to one of 20 feature-based clusters common to the patch-seq and reference datasets. Selected 
features were prioritized for their relevance to electrophysiological behavior while maintaining independence from t-type 
labels, thus capturing essential biological variation across cell types. We used previously published data as a reference 
dataset for e-types that offers a collection of traces with reference labels from the Petilla convention (e.g., cNAC, [35]). 
The obtained clusters helped structure the data for probabilistic mapping. The probabilities of observing an e-type given a 
t-type were computing as done previously [49] according to the following equation:

	
P(e - typei|t - typej) =

N∑
k=0

P(e - typei | Ck) · P(Ck | t - typej)
	

with
•  e – typei the ensemble of elements with the ith e-type in the reference dataset (SSCx).
•  t – typej  the ensemble of elements with the jth t-type in the patch-seq datasets.
• N  the number of common clusters.
• Ck the kth cluster.
• Ne–types the number of e-types.
• Nt–types the number of t-types.

• P(e-typei | Ck) =
card(e - typei ∩ Ck)

card(
Ne-types

∪
m

e-typem ∩ Ck)

•  P(Ck | ∨ t – typej) =
card(t–typej ∩ Ck)

card(t–typej)

To further analyze the correspondences between t-types and e-types, a probabilistic mapping matrix was computed, 
showing the conditional probabilities for each t-type/e-type pair. This matrix was visualized as a heatmap (S1 Fig), illus-
trating the probability of observing particular e-features given the assigned t-type. Additional post-processing on specific 
labels was carried out to adjust for excitatory (Glut) and inhibitory (GABA) cell classifications.

Probabilistic mapping and extrapolation.  To compute the joint probabilities of observing combined morphological-
electrophysiological types (me-types) given transcriptomic types, we utilized two initial probability matrices: 
P(m – type | t – type), representing the probability of observing a m-type given a t-type, P(e – type | t – type) representing 
the probability of observing an e-type given a t-type. We combined these matrices under the assumption that m-type and 
e-type classifications are independent of each other, allowing us to approximate the joint probability P(me – type | t – type) 
by the product P(m – type | t – type)× P(e – type | t – type).

In the implementation, we assumed that e-types and m-types are conditionally independent given a 
t-type. Under this assumption, the joint probability P(me – type | t – type) can be approximated by the product 
P(m – type | t – type)× P(e – typ | ∨ t – type). While this is a strong assumption, it was inevitable given the way the two 
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distributions were obtained: P(m – type | t – type) was derived from direct predictions on individual neurons with known 
morphologies, whereas P(e – type | t – type) was estimated using a previously established probabilistic mapping approach 
[49]. Direct prediction of e-types at the single-cell level was not feasible due to the nature of the labels, which were 
assigned by experts rather than being directly observable. To approximate joint me-type probabilities, each column of 
the P(e – type | t – type) matrix (i.e., each e-type) was used to scale the P(m – type | t – type) matrix element-wise. This 
was accomplished by iterating through the columns of P(e – type | t – type), multiplying P(m – type | t – type) matrix by the 
corresponding e-type probabilities for each t-type. The resulting matrices were then assigned composite column labels 
reflecting the combined me-type identity (e.g., m – type | e – type). This approach yields a final reduced probabilistic map 
P(me – type | t – type) that approximates the joint distribution of me-types for each t-type as a first-order estimate. The 
validity of the independence assumption and its potential impact on the results is provided in the Discussion section.

To extrapolate me-types for t-types not represented in the patch-seq datasets, we implemented a multi-step approach. 
Initially, we identified gene markers pertinent to the electrophysiological and morphological properties of neuronal types by 
applying feature selection methods across various gene expression profiles. RNA-seq data from both covered and uncovered 
t-types were preprocessed, and feature selection for e-features was conducted using MultiTaskLassoCV (cross-validation) and 
Random Forest regression models, while morphological features (i.e., m-types) were analyzed using Logistic Regression with 
cross-validation, Random Forest classifiers, and mutual information classification from scikit-learn (1.4.2) [48].

Top-ranking genes most predictive of me-labels were identified based on importance scores derived from each model 
(e.g., Gini importance [50,51])(Fig 3B). A secondary model was then trained to predict the region of origin, and the 100 
genes with the lowest scores in this context were identified. The intersection of these two gene sets formed a subspace 
optimized for predicting me-types while minimizing regional variability. The selected genes served as input to a k-nearest 
neighbors model (Fig 3Ci), where gene expression profiles were scaled, and Euclidean distance matrices were computed 
to identify the closest matching neuronal types. Probabilistic mappings for uncovered t-types were inferred by calculating 
the average of the nearest neighbors’ probabilities, weighted by the distance metrics (Fig 3Cii).

Model performance was assessed using 10-fold cross-validation (KFold for regression tasks, StratifiedKFold where label 
stratification was required) and two complementary error metrics: mean squared error (MSE) and mean absolute error 
(MAE). For each combination of algorithm and hyperparameters we recorded the average cross-validation MSE and MAE 
across folds and selected the combination that minimized these cross-validation metrics. This process also optimized the 
number of genes (Ngenes) used to define the reduced space, as well as the number of neighbors (Nneighbors) required for 
calculating the probabilities of observing me-types for the uncovered t-types. This optimization step yielded the best results 
using the random forest algorithm with Ngenes = 100 and Nneighbors = 10 (MSE = 0.08 and MAE = 0.027, S3 Fig).

This extended probabilistic map, integrating the newly extrapolated t-types, was used to later compute the me-type 
densities across the brain using Densities(me – typei) =

∑
j P(me – typei | t – typej) ∗ Densities(t – typej).

Calculation of mRNA densities.  To assess the fidelity of this reduced representation, we next evaluated how the 
transformation from t-types to me-types affected regional mRNA density estimates. For verification (see Results, Fig 
5B,5C), we computed mRNA densities based on either t-type or me-type densities. Specifically, mRNA densities from 
t-types were calculated as follows:

	 mRNAt = Densitiest · expressiont,	

where expressiont is a matrix of mRNA counts (with t-types as rows and genes as columns), Densitiest is a matrix of 
t-type densities (with brain regions as rows and t-types as columns), and mRNAt  is a matrix of mRNA densities (with brain 
regions as rows and genes as columns).

Similarly, mRNA densities can be derived from me-type densities as

	 mRNAme = Densitiesme · expressionme	



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014106  March 24, 2026 13 / 29

Fig 3.  Stepwise construction of the extended probabilistic map. A. Principle overview. (i) High-dimensional mRNA expression space is defined by 
many genes (g1, g2, g3). (ii) Gene selection and dimensionality reduction project the space into a subspace (g2, g3) that captures information relevant 
for predicting morphological and electrophysiological properties. (iii) This projected gene space approximates the functional feature space (f1, f2) used 
for label prediction. B. Detailing the gene selection step (Step1) using supervised models. (i) Example embedding of neurons in mRNA space colored 
by me-type labels. (ii) Candidate genes are evaluated using Random Forest classifiers and regression models trained to predict me-labels. (iii) Feature 
importance (e.g., Gini importance) is calculated for each gene. (iv) The final set of selected genes is defined by the intersection of best predictors for 
me-types and genes with low region-predictive power. C. kNN-based mapping of uncovered t-types. (i) Neurons of uncovered t-types are projected into 
the selected gene subspace (G1∩G2). Distances between cells are computed using Euclidean metrics, and k-nearest neighbors (k = 10) are identified 
(Step 2). (ii) Probabilities for uncovered t-types are inferred by averaging the probabilities of their nearest neighbors, weighted by distance, yielding the 
extended probabilistic map P(me – type | t – type) (Step 3).

https://doi.org/10.1371/journal.pcbi.1014106.g003
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which can be expanded to

	 mRNAme = P(me – type | t – type) · Densitiest · P(me – type | t – type) · expressiont × correction	

where P(me – type | t – type) represents the previously computed extended probabilistic map, and correction is an adjust-
ment factor. This correction addresses the increase in density values that arises when converting 4,804 neuronal t-types 
into 458 functional me-types, which would otherwise lead to an overestimation of mRNA densities in me-types. The cor-
rection factor is defined as:

	
correction =

(
Nme–types

Nt–types

)2

=
(
458
4804

)2

≈ 0.009.
	 .

The square term results from the probabilistic map being applied twice in this calculation.
The error between both estimates was computed as error =

∣∣mRNAt–mRNAme
∣∣

mRNAt
.

Elbow method to determine the number of clusters.  To analyze the diversity of cell type compositions across 
brain regions (categorized by either t-types or me-types), we performed K-means clustering on UMAP-projected cell 
type density data (Fig 6Ai,6ii). The optimal number of clusters was determined using the Elbow Method, a heuristic that 
balances cluster compactness with model complexity [52,53]. This approach involves calculating the within-cluster sum 
of squares (WCSS) over a range of cluster counts, from 1 up to a predetermined maximum (in this case, 10 clusters). 
WCSS, which measures the total variance within each cluster, serves as an indicator of clustering compactness as 
clusters are added. When WCSS values are plotted against the number of clusters, the optimal cluster count is identified 
at the “elbow point”, where additional clusters yield diminishing reductions in WCSS. This elbow point represents a 
balance between minimizing intra-cluster variance and avoiding unnecessary model complexity.

Example use case: analyzing m- e-, and me-type densities.  To facilitate quantitative analysis of cell-type 
distributions and downstream modeling across the brain, we generated a comprehensive database encompassing all 
anatomical areas for which MERFISH data were available. For each region, we computed and stored cell densities (cells/
mm³). These values were then organized into a brain-wide matrix, with cell types as rows and brain regions as columns, 
enabling efficient querying, direct comparison across regions, and statistical analyses (S3 Table, S4 Table). The same 
workflow was subsequently applied to morphological (m-type), electrophysiological (e-type), and joint morpho-electrical 
(me-type) classifications, thereby ensuring methodological consistency across modalities (S5 Table). All intermediate 
calculations and analysis code are publicly available in the GitHub repository (https://github.com/YannRoussel/
probabilistic_mapping_extension).

It is important to note that most of these density estimates represent model-based predictions rather than inde-
pendently validated measurements. Qualitative agreement with expected distributions is possible for some cell types, 
though. For example, the predicted distribution of cADpyr neurons is consistent with established anatomical knowledge, 
correctly localizing these cells to the cortex and hippocampus [11]. However, the limited availability of external quantitative 
datasets currently restricts broader validation across all cell types and regions. Our objective here was to provide quanti-
tative estimates of cell-type densities for every brain region, while acknowledging the limitation that many of these values 
cannot yet be independently validated against existing literature.

To improve usability and anatomical interpretability, for every single m-, e, and me-types, we generated cross-sectional 
visualizations of the reconstructed three-dimensional brain within the Blue Brain Project’s enhanced CCFv3 annotation 
volume and reference framework (S8–S10 Figs). These allow users to spatially contextualize regional density esti-
mates within a standardized coordinate system. Furthermore, we developed an accompanying tutorial notebook that 
guides users through the complete analysis pipeline: extracting regional densities from the database, reconstructing 
both two-dimensional slices and three-dimensional brain volumes, visualizing them through axial, coronal, and sagittal 

https://github.com/YannRoussel/probabilistic_mapping_extension
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cross-sections, and integrating their own experimental datasets. Within this workflow, researchers can align their datasets 
to the canonical atlas, visualize it next to any number of cell types at any brain coordinates, and perform quantitative (den-
sity) comparisons to validate their findings, particularly in regions where prior literature is sparse or unavailable.

We also provide example code demonstrating how to query and extract data, group cell types into inhibitory and excit-
atory classes, and visualize t-, m-, e-, and me-type densities across defined anatomical subdivisions, e.g., to examine 
cumulative densities within laminar structures of the cortex or hippocampus. It should be noted that the current regional-
ization of the olfactory areas does not yet permit analysis of its laminar organization. Collectively, these resources trans-
form the atlas from a static reference into a practical and extensible analytical framework for multimodal cell-type analysis.

Results

Data quality, technical considerations, and validation of density estimates

The densities presented in this atlas are derived from the MERFISH spatial transcriptomics dataset integrated into the 
Allen Brain Cell (ABC) Atlas, aligned to the extended and improved CCFv3 reference framework. While this dataset pro-
vides high-resolution transcriptomic cell type identification across 53 coronal slices and covers 670 of the 677 leaf regions 
in the mouse brain ontology, several technical factors influence the accuracy of the raw density estimates.

MERFISH-based cell detection consistently underestimates total cell numbers in highly dense brain regions, most nota-
bly the granular layers of the cerebellum (yielding only ~6.2 million cells and ~3.5 million neurons across the entire cere-
bellum) and the densely packed pyramidal and granule cell layers of the hippocampal formation (dentate gyrus, CA fields). 
These underestimations are attributable to well-documented limitations of in situ transcriptomics and image segmentation 
in crowded cellular environments, including optical crowding, probe saturation, limited gene detection per cell, and difficul-
ties in resolving individual cell boundaries in small or tightly packed neurons.

Conversely, several regions exhibit higher-than-expected cell counts compared to classical isotropic fractionation liter-
ature values. Low-density areas (e.g., certain fiber tracts, cerebral nuclei, and olfactory regions) show consistent overesti-
mation, with the olfactory areas reaching ~7 million neurons versus the expected 1–2 million. Possible contributing factors 
include segmentation artifacts (counting cell fragments or noise as cells), minor registration offsets that expand regional 
boundaries, inclusion of cells from adjacent areas, and occasional misclassification of non-neuronal nuclei as neurons due 
to marker thresholds.

White matter regions represent a special case. Raw MERFISH counts indicate that fiber tracts contain 61% of the 
cell type diversity observed in the entire cerebral cortex, despite neurons comprising only 8.81% of cells (with 91.18% 
non-neuronal). Quality control metrics provided by the ABC Atlas showed no significant differences between white and 
gray matter regions or between neuronal and non-neuronal types within white matter, and cell positions did not cluster 
abnormally near gray-white boundaries, suggesting that these observations are not primarily artifacts of gross misalign-
ment. Nevertheless, the biological presence of neuronal somata in white matter remains debated in the literature, and 
these estimates should be interpreted cautiously pending further high-resolution validation.

On average, brain regions contained 4,819 cells (median 1,430), corresponding to 124 cell types per region, with leaf 
regions intersected by an average of 7.13 slices (median 5). Unscaled MERFISH estimates yielded a whole-brain total of 
~92 million cells, substantially lower than the consensus literature value of 108.69 ± 16.25 million total cells [5].

To address these systematic discrepancies while preserving the relative cell type ratios and spatial patterns captured 
by MERFISH, we applied multiple scaling and correction strategies (detailed in Methods). Global scaling aligned total 
neuron counts to literature-derived targets (12.6 million in cerebral cortex, 41.8 million in cerebellum, 16.4 million else-
where), density transplantation incorporated region-specific literature values where available (51 regions including stri-
atum), and voxel-wise Nissl intensity corrections introduced intra-regional granularity using an average Nissl template 
derived from 734 postnatal day 56 C57BL/6J brains. Comparison of the two Nissl scaling variants (maximum-based vs. 
minimum-based) showed that the maximum-based approach produced higher densities across most regions, with the 
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largest differences in cerebellum and select cortical areas, yet overall unscaled and scaled values exhibited very strong 
correlation.

After scaling, regional neuron and total cell counts showed markedly improved agreement with independent literature 
measurements (Fig 4 and Table 1), particularly in major brain divisions. These adjustments enable more accurate abso-
lute quantification while retaining the high-resolution, method-consistent relative distributions provided by the MERFISH 
dataset. All scaling choices are modular and user-selectable in the accompanying computational pipeline.

Regional transcriptomic cell densities and comparison with literature

After scaling, total neuron estimates across major brain divisions aligned closely with values derived from isotropic frac-
tionation and other classical counting methods (Fig 4D). The cerebral cortex showed approximately 2.5-fold more neurons 
than predicted by primate scaling rules [5], while the isocortex exhibited a 1.5-fold increase. Thalamic and striatal neuron 
counts fell within or slightly above previously reported ranges, whereas hippocampal formation totals were consistent with 
existing literature despite under-sampling in dense layers.

Notably, white matter regions contained a surprisingly diverse set of cell types, representing 61% of the diversity 
observed across the entire cerebral cortex. These observations, combined with the improved agreement in scaled 
regional counts (Fig 4 and Table 1), highlight the atlas’s ability to capture both broad quantitative agreement with prior 
work and previously under-appreciated regional cellular diversity.

Probabilistic mapping and validation

The probabilistic mapping approach successfully linked transcriptomic types (t-types) to morphological-
electrophysiological types (me-types) using patch-seq datasets. Alignment of patch-seq cells to the Yao et al. reference 
taxonomy preserved major functional distinctions, with excitatory neurons mapping predominantly to cortical excitatory 
t-types and inhibitory neurons retaining their canonical family classifications (Pvalb, Vip, Sst) (S1 Fig).

Validation of the mapping pipeline showed satisfactory functional consistency across modalities. Conditional probabili-
ties of e-types given t-types and morphological space coverage by patch-seq data were robust (S2 Fig). Extrapolation to 
t-types not directly sampled in patch-seq datasets was optimized using a random forest–based gene selection strategy 
(100 genes, k = 10 nearest neighbors), achieving low cross-validation error (MSE = 0.08, MAE = 0.027) (S3 Fig).

Me-type densities and gene expression fidelity

Application of the probabilistic map to the scaled t-type density atlas produced whole-brain distributions for 458 me-types 
(Fig 5A). Comparison of predicted mRNA counts derived from t-type versus me-type densities revealed that me-type-
based estimates were more uniform across brain regions, as expected from the reduction in cell type granularity (from 
4,804 t-types to 458 me-types) (Fig 5B,5C). Relative errors remained generally consistent across regions and genes, 
with cumulative errors higher when summed over genes than over brain regions. These results indicate that the mapping 
preserves broad expression trends while introducing modest homogenization.

Brain region cell type compositions

Clustering of brain regions based on me-type composition yielded six distinct groups, compared with eight groups when 
using the finer t-type composition (Fig 6Ai–6ii). The reduced number of clusters reflects some loss of granularity but still 
captured biologically meaningful organizational patterns. Overlap analysis showed bidirectional mapping between me-type 
and t-type clusters, with several t-type clusters corresponding to multiple me-type clusters and vice versa (Fig 6Aiii).

Representative brain regions from different clusters illustrated marked variation in me-type dominance: some areas 
were dominated by a few excitatory types (e.g., layer 6b of primary somatosensory cortex), while others showed greater 
diversity (e.g., ventral cochlear nucleus) (Fig 6B). This variation may be explained by the structural organization of cortical 
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regions, which are layer-specific (e.g., layer 6b of the somatosensory primary cortex) and are populated by distinct excit-
atory me-types (e.g., PC_dend_1_ax_7|CADpyr, which is primarily found in cortical layers 5/6) [11,29,30]. These patterns 
suggest that the me-type framework effectively summarizes functional cell type organization across the brain despite the 
reduction in resolution.

Discussion

This study presents a 3D atlas of estimated transcriptomic, morphological and electrophysiological cell type densities 
offering a multimodal perspective on diversity in the mouse brain. We used the complete mouse brain taxonomy and the 
MERFISH dataset from the ABC Atlas, an extended and improved CCFv3 annotation volume, and an array of corrective 
and scaling methods to first create a transcriptomic type (t-type) densities atlas. We then leveraged a probabilistic map-
ping approach to infer morpho-electrical (me-) types from t-types across brain regions.

Fig 4.  Comparison of predicted density with literature values. A. We extracted inhibitory neuron densities from the cerebrum from the unscaled 
atlas and compared them with inhibitory neuron numbers from the literature [7,38]. B. Inhibitory densities extracted from the cerebellum, and C. the brain 
stem. D. Comparison of total neuron density values from the scaled atlas with values from the literature [7]. Insets in the top-left corners show sampled 
areas, colored according to the annotation scheme used in the AIBS reference atlas. For regions with multiple reported literature values, we depict the 
variability using error bars. Acronyms are listed in S2 Table.

https://doi.org/10.1371/journal.pcbi.1014106.g004
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Enhancing interoperability between anatomical annotation systems

One of the key outcomes of this work is the projection of cell densities into a 3D reference space. The ABC Atlas intro-
duced a hierarchical annotation system for their 3D reference space (CCFv3), where the tiling of parcellations reflects 
the resolution at which cells were identified, following the point-to-point mapping between the original MERFISH coordi-
nate space and the CCF. This approach enabled users to aggregate cells based on parcellation assignments at varying 
anatomical levels. We reconciled differences between this new system (substructures, structures, divisions, categories, 
organs) and older anatomical annotations (leaf regions, intermediate and higher levels of the hierarchy, called parent 
regions).

However, none of these anatomical label reference systems are flawless. Some regions are either absent from the 
set of annotations or exist as annotations without assigned voxels. Furthermore, certain voxels could not be mapped to 
the lowest level of the hierarchy, leading to inconsistencies when calculating volumes. To address these limitations and 
ensure optimal interoperability between systems, we utilized the Blue Brain Project’s enhanced CCFv3 annotation vol-
ume and reference system (S4 Fig). By integrating additional metadata for each cell, users can navigate across different 
annotation systems. However, this approach comes with biological limitations, particularly in homogenizing regions where 
positional data was only available at higher levels of the hierarchy during the MERFISH registration process.

Overall, as datasets become increasingly large and complex, users from diverse scientific backgrounds need enhanced 
interoperability and compatibility.

Addressing limitations in MERFISH cell density estimations: scaling techniques

One key finding of this work is that MERFISH slices struggle to accurately capture cellular densities in dense brain regions. 
Specifically, in areas such as the granular layers of the cerebellum, the olfactory bulb, and the hippocampus, we observed 
empty spaces between identified cells, where one would expect higher cell concentrations. This limitation is consistent 
across all slices. To address this, we introduced a series of scaling techniques to better model total cell numbers across the 
brain, in some cases increasing the estimated cell counts by up to twenty-fold. Similar to the annotation system, we took a 

Table 1.  Total cell and neuron counts across the major brain regions, as estimated from MERFISH data. We aggregated the density values and 
transcriptomic cell type counts across major brain areas, expressed as the number of cells/mm³. See supplementary materials for the detailed 
table.

Brain area Nr of cell types Total sum of cells Nr of neuron types Sum of neurons

Whole brain 5272 92,231,205 5155 52,040,591

Cerebral cortex 3095 43,858,738 2989 29,125,071

Isocortex 946 28,535,494 870 19,101,627

Cerebellum 861 6,224,671 781 3,543,172

Fiber tracts 3174 10,371,674 3060 2,490,673

Hippocampal formation 1743 6,949,049 1653 3,890,269

Hippocampus 590 4,086,949 508 2,324,177

Thalamus 1682 3,260,859 1594 1,829,761

Striatum 1379 9,844,474 1297 7,114,754

Olfactory areas 1833 10,966,013 1738 7,099,982

Cortical subplate 761 1,440,177 697 920,486

Cerebral nuclei 1642 11,816,613 1557 8,020,503

Interbrain 2949 6,436,213 2846 3,552,739

Midbrain 2399 6,651,056 2317 2,870,715

https://doi.org/10.1371/journal.pcbi.1014106.t001
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balanced approach by offering multiple scaling methods to adjust the original cell counts. We compared unscaled and scaled 
cell numbers with available literature values [7] and developed a strategy for transplanting densities that accommodates 
a wide range of applications, research communities, and computational modeling efforts. To address poor data quality in 
densely packed brain regions, higher image resolution or increased magnification is recommended to enhance image quality 
and improve detection. Given the substantial influence of these brain regions on overall cell counts, increased data sampling 
may be warranted to ensure both functional relevance and accurate quantification of rare cell types.

Another important finding is that MERFISH-derived transcriptomic densities yield a different total cell count in the mouse 
brain compared to the neuron scaling rules for primate brains [5]. While certain cell-dense regions were found to have fewer 
cells than expected due to technical limitations, the majority of the brain exhibited significantly higher cell counts. These 
results support more recent results like the Blue Brain Project's Mouse Cell Atlas [7,38] and from the ABC Atlas [54–56]. 
These atlases have utilized advanced imaging and molecular labeling techniques to generate more granular data, reveal-
ing greater regional variability in cell densities. For instance, the Blue Brain Project’s Cell Atlas [38], with its whole-brain 
dataset and refined alignment algorithms, suggests higher localized neuron densities, especially in specific cortical layers 
and subcortical regions. Similarly, the Brain Initiative Cell Census atlases and other Nissl-stained slice datasets show local 
variations in cell densities that deviate from the scaling rule’s averages, highlighting how methodological advancements 
are uncovering more complexity in brain composition than previous scaling models suggested. High-resolution scRNA-seq 
and advanced stereological counting techniques have further revealed more intricate distributions of both neuronal and 
non-neuronal cell types, demonstrating higher cell densities, particularly in regions with specialized functions [55, 57].

Re-evaluating neuronal populations in white matter from MERFISH and high-resolution imaging

One of the important findings from the generated neuron densities was the significant presence of cell bodies in white 
matter regions. Upon examining the QC values from [8], we found no significant differences between white and gray mat-
ter areas, nor between neuronal and non-neuronal cell types in the white matter. We assessed the positions of cell bodies 
and found no significant clustering near the boundaries between white and gray matter, suggesting no misalignment in 
the registration process to the reference atlas. In contrast, in brain regions adjacent to large white matter areas, which are 
more prone to signal spillover effects, the correct ratio of excitatory and inhibitory neurons, along with non-neuronal cells, 
was observed.

Studies have also highlighted the presence of notable neuronal populations in the brain white matter, challenging 
previous assumptions. For example, research has identified specific densities of NeuN-positive neurons in white matter 
regions, such as the cingulum and external capsule, with some studies revealing even higher densities in genetically mod-
ified models relevant to neurological conditions [58,59].

A high-resolution electron microscopy study has identified features of neuronal activity and axonal density, contribut-
ing to the growing understanding of white matter's role beyond just being a conduit for neural communication [60]. These 
newer approaches to cell counting, imaging, and genetic analysis indicate that neuron numbers in specific white matter 
tracts might indeed be higher than previously expected. This has prompted a closer re-evaluation of neuronal counts in 
mouse brain white matter.

Notably, high QC values from the ABC Atlas do not preclude noise arising from misalignment at the white/gray matter 
transition zones. Thus, the reported neuron densities should be interpreted with caution. Importantly, our aim was not to 
overwrite neuron values based on the presence or absence of specific cell types reported in other scientific publications, 
as done in some previous studies.

Probabilistic mapping and cross-modal validation

A key assumption in our construction of the probabilistic map P(me – type|t – type) is the conditional indepen-
dence of e-types and m-types given a t-type. This allowed us to approximate the joint distribution as the product 
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P(m – type|t – type)× P(e – type|t – type). While convenient, this assumption may not fully capture potential dependencies 
between e-type and m-type labels. In reality, some e-types preferentially co-occur with specific m-types (e.g., fast-spiking 
behaviour of basket cells) beyond what is explained by their mutual dependence on t-types. However, due to the nature of 
the available data, this approximation was necessary: P(m – type|t – type) was obtained from direct predictions on neurons 
with available m-type labels, whereas P(e – type|t – type) was derived from a separate probabilistic mapping approach 
[47], since direct cell-level prediction of e-types was not possible. The potential mismatch between these two sources 
introduces some uncertainty in the estimated P(me – type|t – type), particularly in cases where strong m-e dependencies 
exist independently of t-type. The product approximation will tend to under-estimate the probability of strongly co-occurring 
me-pairs and to over-estimate unlikely combinations. The magnitude of this effect depends on the strength of residual 
dependencies and the abundance of the affected t-types. Consequently, broad, high-level distinctions (for example excit-
atory versus inhibitory) are expected to be relatively robust, whereas fine-grained me-subtypes should be interpreted with 
greater caution. We did not perform a direct empirical validation of the independence assumption because the compre-
hensive joint m/e/t labelled datasets required for that test are not available for the entire reference MERFISH set used 
here. However, our initial validation steps suggest that the probabilistic mapping preserves broad distinctions among cell 
types across transcriptomic, electrophysiological, and morphological modalities (S1 Fig). The alignment between patch-
seq and reference t-type labels demonstrated satisfactory functional consistency, especially for major classifications, such 
as excitatory versus inhibitory neurons. This consistency aligns with previously reported mappings [28] and suggests that 
the mapping approach maintains fundamental cell type characteristics. However, it should be noted that the validation of 
morphological alignment relied on qualitative assessments due to limited quantitative data. Because of the described lim-
itation we present the product-based P(me – type|t – type) as a pragmatic first-order estimate and recommend that future 
work use datasets containing joint m/e/t annotations (or apply synthetic benchmarks) to quantify residual dependencies 
and, where necessary, build joint estimators that relax the independence assumption.

Challenges in extrapolating me-types to uncovered t-types

The high-dimensional, sparse, and multimodal nature of spatial omics data, presents a significant challenge in the field. 
One of the central goals of our approach was to generalize me-type predictions to t-types not represented in the patch-
seq data. By identifying predictive genes for m-types and e-types while minimizing regional variability, we generated a 
subspace that allowed for extrapolation to other brain regions (Fig 1 bottom panel, Fig 3B,3C). Our optimization of gene 
counts and neighbor parameters for kNN analysis provided a robust basis for this extrapolation. However, due to the 
inherent variability in transcriptomic profiles across brain regions, this generalization may oversimplify certain cellular com-
plexities, limiting predictive accuracy. Although this approach holds potential for extending cellular characterizations, the 
probabilistic extrapolations require further validation. Additionally, we propose a method to customize the me-type com-
position for specific regions by incorporating special types defined by the user (see S1 Text: Special Regions Case). This 
approach leverages expert knowledge to mitigate the limitations of the current generalization framework and enhance the 
biological relevance of the resulting composition.

Limitations of mRNA density estimations from me-types

Our comparison of mRNA densities derived from t-types and me-types highlights both the utility and limitations of the 
probabilistic approach. While mRNA densities inferred from me-types were relatively uniform across brain regions, the 
reduction from 4,804 t-types to 458 me-types introduced some homogeneity that obscures finer transcriptomic distinctions 
(Fig 5B,5C). This reduction led to a relative error, especially for gene-specific counts, though overall regional compositions 
were less affected. These findings suggest that the model may adequately capture general expression trends but lacks 
the specificity to accurately reflect individual gene expression patterns. Therefore, this approach may be better suited for 
broad overviews of cell type distributions rather than precise transcriptomic reconstructions.
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Fig 5.  Probabilistic mapping application on t-type densities and validation of mRNA counts globally. A. Example of a coronal section of the 
density of the IN_dend_1_ax_3|bAC me-type, which preferentially maps to basket cells related t-types after applying the probabilistic mapping (left) 
and a heatmap (right) of obtained densities for a selection of brain regions (rows) and a selection of me-type (columns). For clarity, only a subset of 
me-types and brain regions are shown (including regions of CA1, DG, VIS, SS). B. mRNA counts obtained by multiplying cell types gene expression 
profiles with their densities (see Methods) in a selection brain regions and a selection of genes for t-types (left) and me-types (middle) and their relative 
error (right). C. Semilogarithmic plots of mRNA counts summed over regions (left) or genes (right). The top row shows the relative error, defined as 
|mRNAt – mRNAme| / mRNAt (log₁₀ scale), while the bottom row shows the corresponding summed mRNA counts (log₁₀ scale). Blue points correspond 
to values derived from transcriptomic t-type data (mRNAt ), and orange points to values obtained from morphological-electrophysiological me-type esti-
mates (mRNAme).

https://doi.org/10.1371/journal.pcbi.1014106.g005
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Regional homogeneity in cell type compositions: me-types vs. t-types

Brain regions were grouped into six clusters based on me-type composition and eight clusters based on t-type compo-
sition, revealing underlying organizational patterns even with the reduced resolution of the me-type framework (Fig 6). 
This comparison highlights the trade-offs in using a simplified cell type classification. While t-type compositions provided 
greater specificity for distinguishing between brain regions, the me-type-based clustering effectively summarized cell type 
profiles into broader, more generalizable groups. The smaller number of me-type clusters suggests some loss of detail, 
potentially overlooking finer distinctions between regions. Nevertheless, the relatively modest difference in cluster count 
implies that the me-type framework retains biological relevance despite its reduced complexity.

Comparison with existing atlases

Recent efforts, such as the comprehensive transcriptomic and spatial atlas by the AIBS, have combined scRNA-seq 
with MERFISH to hierarchically map cell types across the mouse brain [8]. Similarly, the ABC Atlas provides a platform 
for visualizing multimodal single-cell data [63], while resources like BrainTACO [64] and computational frameworks such 
as FuseMap [65] integrate transcriptomic, spatial, and connectivity modalities. New spatial methods such as Stereo-seq 
V2 have expanded coverage and throughput [66]. Building on previous approaches that mapped me-types to inhibitory 
markers [48], our work extends these efforts by incorporating transcriptomic, morphological, and electrophysiological 
data at a whole-brain scale. This integration bridges historical definitions of cell types with transcriptomics-based taxono-
mies, enabling a more comprehensive understanding of neuronal diversity and function than atlases limited to one or two 
modalities. Converting transcriptomic clusters into functional morphological-electrophysiological classifications also allows 
quantitative comparison with older cell counts and supports density-based modeling. Despite these advances, field-wide 
efforts face challenges, including resolution mismatches across modalities, difficulties in harmonizing datasets from differ-
ent platforms, and the risk of bias in inferred cross-modal alignments.

Extending these efforts, by integrating voxel-based volumetric information, we move beyond 2D density maps to obtain 
true 3D distributions and absolute cell counts for each transcriptomic type across the brain. This framework provides 
several biological insights by jointly combining aligned slice-derived densities, morphological and transcriptomic class defi-
nitions, and complete volumetric annotations. Together, these components yield the first quantitative atlas in which me-/
met-type abundance and identity can be directly compared across regions and depths of the brain. As a result, we can 
resolve volumetric gradients and regional differences in me-/met-type abundance, rather than artifacts arising from slice 
sampling or regional boundaries. Furthermore, we can quantify co-occurrence and spatial correlations between metabolic, 
electrophysiological, and transcriptomic features, and robustly identify rare or regionally restricted me-/met-types through-
out the anatomical volume. Finally, by expressing me- and met-type densities in units of cells per voxel, our approach 
enables direct, quantitative comparisons of energetic and electrophysiological demands across regions and cell classes, 
analyses that were previously infeasible with 2D projections or non-voxelized 3D maps.

Accessibility of the atlas

Computational workflows in neuroscience often face challenges in reproducibility and integration [61,62]. All code and pro-
cessed data generated in this project are publicly available to support transparency, reproducibility, and community-driven 
extensions. To make the data accessible to a broad range of users, we provide both command-line interfaces (CLI) and 
Jupyter Notebooks that cover the full computational workflow, from raw data processing to visualization and analysis. 
Additionally, a tutorial is included to guide new users through accessing and interacting with the dataset, ensuring that 
both computational biologists and experimentalists can readily explore and build upon our work.

The electrophysiological, morphological, and transcriptomic cell types in our work are organized into high-resolution 
3D brain atlases that enable voxel-level comparisons of single-cell type expression across the entire brain. These atlases 
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Fig 6.  Brain region cell types composition. A. UMAP projection of brain regions based on (i) me-type and (ii) t-type density profiles. Each point rep-
resents one brain region, positioned according to its high-dimensional composition projected into a two-dimensional UMAP space (UMAP1 and UMAP2 
are arbitrary axes that preserve relative similarity, not direct biological variables). Colors indicate k-means cluster assignments, which group regions 
with similar cellular compositions. (iii) Overlap matrix showing the percentage of brain regions shared between me-type based clusters (rows) and t-type 
based clusters (columns), with color intensity reflecting overlap magnitude. B. Exemplar region profiles: pie charts show the me-type composition of 
me-types in six representative brain regions chosen from distinct clusters. Only me-types comprising more than 5% of the brain region are displayed for 
clarity. Excitatory me-types are shown in shades of red, and inhibitory me-types in shades of blue. A complete color legend for all me-types is provided in 
the Supplementary Information.

https://doi.org/10.1371/journal.pcbi.1014106.g006
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are precisely aligned with both the AIBS’s reference atlas and the Blue Brain Project’s updated brain atlas, which includes 
extended cerebellar, olfactory, and medullary regions. This alignment allows for direct regional and voxel-wise compar-
isons of met-type density and expression patterns. Furthermore, the data is designed for seamless visualization with 
widely used software tools such as ITK-Snap, Fiji, MITK, napari, NiftyNet/MONAI, and 3D Slicer, making it accessible and 
interpretable across a variety of analysis platforms.

Applications of the atlas

The atlas's output can be directly used for large-scale brain simulations. For instance, earlier versions of this atlas have 
been applied to simulations of the somatosensory cortex [34,35]. These simulations are comprehensive, taking into account 
the brain's morphological and electrical properties as well as its neuron composition. This represents a promising direction 
for future research, potentially within the scope of the new Open Brain Institute (https://www.openbraininstitute.org).

An important yet unexplored avenue in our work is the analysis of me-type cell presence and density across specific 
brain regions. While our project’s main objective was to successfully generate quantitative data on these cell types for 
brain atlases, we did not pursue a detailed investigation of their spatial distribution or functional implications. Our atlas 
can serve as a reference for study of the presence or absence of met-types and their relative densities. Given the current 
lack of comprehensive data in this area, future work could leverage our dataset as a comparative baseline to uncover 
region-specific patterns and generate new insights into the organization of these cell types. Similarities in cell composition 
between different regions might suggest they have similar functions.

Future directions

As the availability of multimodal electrophysiological, morphological, and transcriptomic data continues to expand, the adapt-
able pipeline developed in this study can be readily extended to incorporate these new datasets. The strength of this approach 
lies in its ability to integrate diverse data derived from various techniques, as all information is consistently mapped to cellular 
density. Furthermore, anticipated advancements in spatial transcriptomics technologies, such as Slide-seq [63] and High- 
Definition Spatial Transcriptomics [64], hold the potential to significantly enhance the resolution and accuracy of future atlases. 
Finally, the use of transcriptomic types allows linking of features measured separately in different laboratories to the cell type, 
and potentially even comparison across species. We believe that quantitative atlases of this nature are useful tools for gener-
ating novel hypotheses amenable to experimental validation, thereby guiding and accelerating future neuroscientific research.

Conclusion

This study presents a probabilistic framework for creating a 3D atlas of t-, m-, and e-type densities. Our approach effec-
tively integrates multimodal data and produces biologically relevant regional density estimates. The atlas and pipeline 
provide a flexible, scalable tool for exploring large-scale cell type distributions. By unifying transcriptomic, morphological, 
and electrophysiological data in a spatially resolved atlas, this work provides a foundation for multiscale modeling of brain 
function and disease.
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(TIFF)

S2 Fig. Validation of electrophysiological and morphological mappings. A. Probabilities of observing a canonical 
e-type given a t-type from [8] in the patch-seq dataset from [30] (left). Probabilities of observing e-types as defined by [26] 
given canonical e-types (right, reproduced from [48]). bSTUT, cSTUT, dNAC and dSTUT mapped preferentially to fast 
spiking cells (FS) while all the other mapped mostly to non fast spiking neurons (nFS) B. Coverage of the [29] dataset 
(left) and the patch-seq dataset from [30] of the embedding of the canonical morphological space are defined by the refer-
ence morphological dataset (labeled as “BBP”).
(TIFF)

S3 Fig. Optimization of the pipeline parameters. (Ngenes, Nneighbors, Clustering algorithm). Mean squared error (MSE, 
top) and mean absolute error (MAE, bottom) as a function of Nneighbors for Ngenes = 50,100,500,1000 and 10000 and for 
multiple machine learning algorithms combination for e-features space and m-types space gene selection for the 10-fold 
cross-validation process. Several combinations were tried: lasso and random forest (A), random forest and random forest 
(B), lasso and mutual info (C), random forest and mutual info (D).
(TIFF)

S4 Fig. Different annotation atlas versions can be used to create various iterations of transcriptomic atlases. 
A. Sagittal (y = 200) and coronal (x = 315) sections of the CCFv3 annotation volume (from the AIBS (x = 300) and the B. 
extended CCFv3 annotation volume from the literature [33]. The legend annotation colors match those in the Allen Insti-
tute reference atlas. Resolution: 25 μm3 voxel size.
(TIFF)

S5 Fig. 3D transcriptomic atlases generated with scaled densities. Sagittal (y = 200) and coronal (x = 300) sections of 
scaled density volumes including all cell types: A. Scaled to match total cell numbers reported in [5]; B. Scaled to match 
total cell numbers from [5] with transplant adjustment; C. Regional total cell type densities scaled to reflect differences in 
Nissl staining intensity. Resolution: 25 μm3 voxel size.
(TIFF)

S6 Fig. Nissl scaling of 3D transcriptomic atlases. Sagittal (y = 200) and coronal (x = 300) sections of scaled density 
volumes (total cell): A. All regional total cell densities are scaled to reflect differences in Nissl intensity, scaled with the 
minimum Nissl intensity; B. All regional total cell densities are scaled to reflect differences in Nissl intensity, scaled with 
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the maximum Nissl intensity equals 4 million cells/mm3; C. Nissl granularity was added to A to emulate variance within 
each region. Resolution: 25 μm3 voxel size.
(TIFF)

S7 Fig. Comparison of estimated neuron densities with values from the literature. A. We extracted inhibitory neuron 
densities from the cerebrum from the scaled atlas and compared them with inhibitory neuron numbers from the literature 
[7,38]. B. Inhibitory densities extracted from the cerebellum, and C. the brain stem. Comparison of total neuron density 
values from the scaled atlas with values from the literature [7,38]. Insets in the top-left corners show sampled areas, 
colored according to the annotation scheme used in the AIBS reference atlas. For regions with multiple reported literature 
values, we depict the variability using error bars. Acronyms are listed in S2 Table.
(TIFF)

S8 Fig. 3D atlases of e-types generated with scaled densities. Coronal (x = 300) and sagittal (y = 200) sections of 
scaled density volumes of all 11 e-types. Density values were projected in the extended and improved CCFv3 annotation 
volume. Resolution: 25 μm3 voxel size. Colorbars show the number of cells / mm3 (rounded) for every panel. Abbrevia-
tions: cADpyr: continuous adapting pyramidal neuron (excitatory), bAC: bursting accommodating (inhibitory), bIR: bursting 
irregular spiking (inhibitory), bNAC: bursting non-adapting (inhibitory), bSTUT: bursting stuttering (inhibitory), cAC: continu-
ous adapting (inhibitory), cIR: continuous irregular spiking (inhibitory), cNAC: continuous non-adapting (inhibitory), cSTUT: 
continuous stuttering (inhibitory), dNAC: delayed non-accommodating (inhibitory), dSTUT: delayed stuttering neuron 
(inhibitory)
(TIFF)

S9 Fig. 3D atlases of m-types generated with scaled densities. Coronal (x = 300) and sagittal (y = 200) sections of 
scaled density volumes of all m-types. Density values were projected in the extended and improved CCFv3 annotation 
volume. Resolution: 25 μm3 voxel size. Colorbars show the number of cells / mm3 (rounded) for every panel.
(TIFF)

S10 Fig. 3D atlases of me-types generated with scaled densities. Coronal (x = 300) and sagittal (y = 200) sections of 
scaled density volumes of all me-types. Density values were projected in the extended and improved CCFv3 annotation 
volume. Resolution: 25 μm3 voxel size. Colorbars show the number of cells / mm3 (rounded) for every panel.
(TIFF)
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