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Scaling up cell-counting efforts in neuroscience
through semi-automated methods

Ingvild Elise Bjerke,’* Sharon Christine Yates," Harry Carey," Jan Gunnar Bjaalie," and Trygve Brauns Leergaard’

SUMMARY

Quantifying how the cellular composition of brain regions vary across development, aging, sex, and dis-
ease, is crucial in experimental neuroscience, and the accuracy of different counting methods is continu-
ously debated. Due to the tedious nature of most counting procedures, studies are often restricted to
one or a few brain regions. Recently, there have been considerable methodological advances in combining
semi-automated feature extraction with brain atlases for cell quantification. Such methods hold great
promise for scaling up cell-counting efforts. However, little focus has been paid to how these methods
should be implemented and reported to support reproducibility. Here, we provide an overview of prac-
tices for conducting and reporting cell counting in mouse and rat brains, showing that critical details for
interpretation are typically lacking. We go on to discuss how novel methods may increase efficiency
and reproducibility of cell counting studies. Lastly, we provide practical recommendations for researchers
planning cell counting.

INTRODUCTION

Obtaining quantitative information about cell types across brain regions has been of interest to neuroscientists for more than a century.’
Quantitative data are crucial in comparative studies, as they allow statistical comparisons across groups of different species,” strains,>”
ages,” and disease states. Indeed, as brain-related diseases are typically characterized by gradual changes in cell numbers, cell counting
in histological brain sections is often used to assess disease progress®’ and effects of experimental interventions in animal disease models.’
Lastly, quantitative information about the normal cell composition across brain regions is also crucial for building realistic computational
models,”'® and for understanding the range of functions a region may contribute to in the healthy brain. For all of these purposes, cell count-
ing studies typically use rodent models, due to their structural and functional similarities with the human brain combined with their short life-
span and ease of breeding."’

Striving to measure the composition of different cellular elements in rodent brains in health and disease, researchers employ a range of
quantitative analytic approaches, from carefully counting cells observed in small brain nuclei to conducting increasingly efficient analyses of
serial images from whole brains using machine learning algorithms and neural networks. The question of how to optimize counting methods
and reduce biases in the quantification process has been subject to much debate, and lack of consistency and reproducibility across studies is
recognized as a significant challenge.’”'® While this debate has characterized the field for decades, far less attention has been devoted to
other methodological choices that also affect results, or to standardization of key methodological parameters and their reporting, which are
essential for comparisons across studies or reproduction of results. Both topics are increasingly relevant, as the field currently sees a surge of
automatic and semi-automatic methods developed to recognize and quantify cells in images. Thus, with a growing number and increasing
scale of efforts to quantify features observed under the microscope in rat and mouse brains, attention to the methodological considerations
and reporting practices that influence results is warranted.

In this perspective, we evaluate and discuss traditional and emerging methods for cell quantification in neuroscience. We first give our
perspective on the critical concepts and central debates that have characterized the field of quantitative neuroanatomy in the past, and
discuss considerations of importance when choosing a method. We go on to review current practices for reporting cell counting data using
metadata available from a publicly available database containing quantitative, literature-derived neuroanatomical data,'® showing that meth-
odological details needed for data interpretation and replication of studies are often lacking. Based on this, we argue that transparent and
comprehensive reporting of methodological details is a more pressing challenge than the choice of method itself. Lastly, we discuss the
strengths and limitations of different cell counting methods, arguing that novel, segmentation-based methods hold great promise for scaling
up the efforts to quantify neuron types across the brain.
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Figure 1. The three main principles used for quantifying neurons today

(A-C) Cells are illustrated as blue dots, while sampled cells for each method are marked with purple crosses. Stereological methods (A) use statistical principles to
place counting frames across a region of interest, counting a systematic random selection of cells to extrapolate numbers to the whole region. Stereology is
considerably more efficient than manual counting of all objects (B). Manual counts have been performed for decades, but are only applicable to very small
regions of interest. As a result, such studies typically only quantify neurons in a subset of a brain region, for example the dorsolateral part of the striatum.
Both stereological counts (A) and manual counts with model-based corrections (B) have been proven to yield similar results, but both have limitations by
being time consuming for the researcher. Segmentation-based methods (C) make use of automatic or semi-automatic recognition of objects-of-interest to
quantify cells, and can be used to efficiently sample all cells across large areas, even whole brains.*"** Model-based corrections (i.e., the use of
mathematical formulas such as Abercrombie’s) can be applied to both manual and segmentation-based counts in order to provide estimates of cell
densities or absolute numbers. Figure adapted from Bjerke.*

APPROACHES TO CELL QUANTIFICATION IN NEUROSCIENCE

Cell counting in neuroscience has traditionally been performed in sectioned and histochemically labeled material, often by counting all
observed objects in a region of interest. The history of cell counting in neuroscience was recently reviewed by von Bartheld et al.' Here,
we focus on the principal methods that have been used over the last decades and the debates that have emerged around them.

Traditional methods

When using sectioned material to estimate the number of three-dimensional objects, it is generally not feasible to reconstruct and count com-
plete neuronal populations. Thus, investigators rely on sampling and thereby on making assumptions about the quantity of “true” objects
(cells existing in the three-dimensional tissue) based on the “observed” objects (profiles seen in the two-dimensional section'). In general,
estimated numbers of three-dimensional objects based on counts obtained from two-dimensional samples are biased for two reasons: (1)
larger objects will have a higher chance of being sampled; and (2) an object may be visible in more than one section.'*'> To overcome these
challenges, Abercrombie'® presented two methods for correcting profile counts made in sectioned material so that they will represent more
true numbers of objects, and later authors have presented slight variations of this approach.'®'” These methods use mathematical models
that take into account the object diameter and section thickness, but have in the past only been applied to very small regions of interest, as
they relied on manual counting of all the observed profiles (Figure 1A).

A few decades later, researchers started applying stereological methods (Figure 1B) for cell counting based on systematic sampling pro-
tocols. Stereology is therefore more efficient than manual counting of all profiles, and furthermore eliminates biases caused by sampling. This
is achieved through systematic random sampling both across and within sections. Across sections, a subset of sections is selected using a
random start and a regular spacing (e.g., every sixth section). Within sections, the stereological probe is placed in a systematic random
manner across the region(s) of interest. This probe is three-dimensional, so objects are counted by focusing through the thickness of the sec-
tion and counting a cell only if a pre-defined unique point (e.g., the top of the nucleus) comes into focus. These sampling principles ensure that

each object has an equally high chance of being sampled and each object is counted once and only once. '
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Stereological methods were increasingly used from the 1980's, for biomedical data in general and in neuroscience in particular.'”*? In fact, a
recent bibliometric analysis showed that three of the five journals that most frequently publish stereological studies are neuroscience-related
(Journal of Comparative Neurology, Brain Research, and Neuroscience®). As stereology became more common in the field, so became the
notion that this method should be considered the gold standard for quantification.””” This led to considerable debate, where some argued
that traditional methods based on manual counting and the use of correction factors (typically referred to as “model-based” methods due to
their use of mathematical models for correcting and extrapolating raw counts) have inherent and large biases”*’ because they rely on measure-
ments of the counted objects’ size. Such size measurements may be biased by the non-spherical shape and non-isotropic orientation of objects,
so-called “geometrical bias.” Others argued that this bias will be minimal under the right conditions.”® Since stereclogical methods are designed
to avoid these biases in the first place, no correction factors are needed and geometrical biases do not apply. The debate about assumptions and
bias associated with different counting methods was summarized by von Bartheld, who advised researchers to “stop squabbling over minimal
biases when larger sources of error are not even known or understood yet.”?” In a later study, both stereological methods and manual counts
corrected with Abercrombie’s formula have been shown to provide numbers that are very similar to those obtained by serial reconstruction of an
entire cell population; thus, both these methods can give realistic estimates of neuron numbers.*’ Both methods, however, have limitations in
terms of scalability: they are too laborious to permit brain-wide quantification and thus have limited relevance for brain-wide exploration.

Segmentation-based methods

Automated methods to extract features of interest from serial section images have been used for decades and for a range of purposes,
including analysis of axonal tracing data and cell counting.** We refer to these as “segmentation-based methods” (Figure 1C). Since ob-
jects-of-interest are commonly labeled with a stain that contrasts with the background tissue, methods have traditionally been based around
selecting a pixel intensity to threshold and separate relevant data from background. This results in a binarized image where the features of
interest are represented by a single color.”’ Once an image is binarized, segmented features can be directly counted by quantifying the num-
ber of colored objects. However, this may cause problems in densely populated areas, where partly overlapping objects may appear as a
single object. To amend this, various algorithms to quantify the number of cells from binarized images have been proposed, the most com-
mon being watershedding.’>*" The approach of thresholding and watershedding is effective, but has several drawbacks. Firstly, using a sin-
gle threshold for pixel intensity may be misleading, as the intensity of a stain may be inconsistent across areas in an image. This may lead to
undercounting in regions with light staining or overcounting in regions with dark staining. This challenge may be overcome by pre-processing
images using a local contrast enhancing algorithm such as Contrast Limited Adaptive Histogram Equalization (CLAHE) to minimize the dif-
ference in contrast across the image.*”’ Secondly, and more significantly, thresholding pixel values are a coarse approach that ignores many
other features, such as texture and edges. Solving this issue is difficult as thresholds and parameters for every feature must be set manually for
each dataset (often with subsets of a dataset requiring different parameters). While it is manageable for a user to tune a single parameter, it is
impractical to add more, as a change in one feature often influences the behavior of others.

In order to automatically tune multiple parameters during image segmentation, a range of machine learning based software tools have
been developed. These tools provide a user-friendly frontend to a machine learning algorithm, which is able to automatically choose a
reasonable combination of parameters for the dataset at hand. Many tools allow interactive labeling of example images, where the user
manually segments the parts of an image that interest them. The tools then treat these examples as training data, learning from them the
optimal combination of parameters, in order to perform high quality segmentation with reduced effort from the user.**=°' This enables
the production of customized algorithms for different types of data, with the interactivity of recent tools (such as ilastik®") allowing the
user to visualize and more easily control the result. Increasing the accessibility of segmentation methods to researchers without advanced
coding skills is an active area of research, with many tools now having graphical user interfaces.”**>" A remaining challenge, however, is
that these tools suffer from a level of rigidity when applied to data with regional variations in the staining appearance. While a human can
generalize their neuroanatomical knowledge, and identify a cell across a wide variety of contexts, these traditional machine learning based
methods often cannot. They rely on a rigid set of simple features, but these will seldom cover the range of variability typically encountered in
histological images of neuroarchitecture. Thus, it is often not possible to train a single algorithm that satisfactorily segments the entire image.
The result of this may be that users resort to manual quantification, exclude parts of their dataset where the algorithm is not producing satis-
factory results,”® or train multiple versions of the algorithm to segment different parts of their dataset.

More generalizable alternatives for segmenting cells can be found in recent developments in convolutional neural networks (CNNs). These
networks are able to not only learn the appropriate weighting of features but also learn the features themselves,”*>’ tailoring features to the
labeled training data. If the training dataset is suitably diverse, algorithms trained by these methods can outperform traditional machine
learning methods across a highly variable set of images. The disadvantage of CNNs as compared to traditional methods is that they require
much larger training datasets in order to accurately generalize to unseen examples. Since the learned features are tailored to the labeled
images, they are often highly specific to the training examples, necessitating that the user expands the training dataset until it is represen-
tative of all likely inputs.”® A solution to this has been to create massively pretrained CNNSs, which have been trained on datasets of many
thousands of diverse images, each containing many cells. These generalist networks show good performance when applied to novel data-
sets.”” These networks are particularly powerful when they are trained further on user annotated data. Such a fine-tuning process requires
relatively little data and training time, resulting in highly performant CNN segmentation networks tailored to a user’s dataset, while preserving
a degree of flexibility.”” We have highlighted some of the most important concepts in segmentation-based methods here, a more detailed
review of machine learning methods and their application to cell image analysis is provided by Kan.®"'
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Figure 2. Information provided and methods used in original articles reporting quantitative estimates of cellular elements (n = 239)

(A) Pie charts showing the proportion of reports that reported (green) or did not report (gray) different information elements related to subjects, anatomical
regions, antibodies, counting methods, and stereological analyses.

(B) Pie charts showing the methodology used for counting and sampling in cell counting studies. See text for further details.

PRACTICES FOR REPORTING QUANTITATIVE DATA IN NEUROSCIENCE

As elaborated previously, methods for cell counting in neuroscience have been subject to extensive debates regarding validity and reliability.
While it seems clear that the three principal methods discussed here can provide realistic numbers under the right conditions,*® any two
studies will differ in many aspects apart from the counting method itself, e.g., regarding the type of animals used, the labeling procedure
applied, and the conventions used to define anatomical regions. Such variations may make comparisons across studies complicated or
even impossible, thus the central question should be whether the quantitative data from any two experiments can be expected to be com-
parable given their methodological differences. For making such assessments, methodological details are crucial,”>** but as we will argue,
often lacking. To substantiate this claim, we reviewed the current practices for reporting quantitative data in neuroscience, using the metadata
organized in the database presented in Bjerke et al.'*“* This database contains data and metadata related to quantitative estimates of cellular
elements in the murine basal ganglia, collected from 239 articles published between 1980 and 2018. Figure 2 summarizes the percentage of
papers that report the different types of metadata contained in the database.'*“*

Reporting practices for information about subjects

In 89% of experimental studies (n = 375), information was given about the animal strain (e.g., C57BL/6), while information about the substrain
(e.g., C57BL/6J) was only given in 25% (Figure 2A). Information about animal sex, age (beyond “adult” or similar terms) and weight was pro-
vided for 76%, 66%, and 32% of experiments, respectively.

Reporting practices for information about anatomical regions of interest

Providing information about the location from which data originate is crucial for interpreting the results of such studies, in particular for un-
derstanding which areas and regions a given quantitative estimate originates from.'*“” We found that 42% of region terms were defined using
a reference atlas, while 58% were defined based on a custom tradition (Figure 2A). Coordinate-based information was provided for 33% of
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region terms. A semantic description of the region of interest was included for 23% of the terms (e.g., “The SNpc was recognized as the sheet
of densely packed neurons of ~16 mm in soma size. The ventral margin of the SNpc was distinguished from the substantia nigra pars reticulata
neurons, the somata being larger (~20 mm) and less densely packed than those in the SNpc”; quote from Parish et al.%. For 32% of terms, an
illustration of the region of interest was provided. Image documentation of the region of interest was provided for 37% of terms: 41% of these
images were annotated with borders and names of regions. For 28% of the terms that were documented with images, more than one image
was provided.

Reporting practices for method-specific information

Tissue processing information

A critical detail affecting number estimates is the labeling method used to visualize the objects-of-interest. For example, variability in sensi-
tivity and specificity of antibodies is a major challenge,®>*’ and clear identification of the antibodies employed is therefore crucial for exper-
imental reproducibility. The database surveyed here holds information about 713 reporter incubations, of which 659 are with antibodies, 50
with RNA probes, and the rest with lectin probes. Whether the antibody was mono- or polyclonal was specified for 36% of antibodies (Fig-
ure 2A). Only 12% of antibodies mentioned could be mapped to a unique, persistent identifier (RRID).

Counting method information

The database includes 1074 records of quantitative estimates. Of these, 39% were obtained using stereology and 7% using manual counts
with correction factors such as Abercrombie’s formula. 41% were uncorrected raw counts or densities, 3% did not specify the counting
method, while the remaining 10% were other, less common methods (Figure 2B). Of all the estimates, 60% used preferential sampling
(e.g., counting in a single or a few sections from a region of interest), 8% used exhaustive sampling, and 23% did not report the sampling
method. Thus, most numbers reported in the field are only valid for very small parts of the investigated brain region and only relevant for
comparisons made within a study. Only 9% reported the use of an unbiased (systematic random sampling) scheme (Figure 2B). Less than
half gave a description of what they considered to constitute an object-of-interest, e.g., “Neurons were considered positive for transcript
or protein by the presence of robust fluorescent staining in round or ovoid structures of ~20 um diameter.”*® Almost one-third (29%) of total
cell number estimates lacked information about whether the number was uni- or bilateral. This is a serious concern for interpretation of total
number estimates, and as discussed in Bjerke et al.'”: less than half of corresponding authors were able to provide the information when con-
tacted in retrospect.

Stereology information

The database contains 212 records of use of stereological methods (referred to here as stereology records), which were used to generate 424
quantitative estimates. Forty-seven percent of the stereology records included the area sub-fraction (or grid size and counting frame size), and
25% gave the height sub-fraction (or mounted section thickness and dissector height). Information about the number of counted sections,
fields or objects was provided for 54%, 14%, and 29% of the stereology records, respectively (Figure 2A). The coefficient of error was provided
in 58% of stereology records. Only a negligible portion of stereology records (2%) were documented to the level of detail recommended by
Schmitz and Hof” in their review of the application of stereology to neuroscience and the methodological details that should be provided in
reports. For 8% of the quantitative estimates obtained by stereology, no information was provided except the type of probe employed (e.g.,
“optical fractionator”). Of all quantitative estimates obtained by a stereological procedure, only 22% included a statement that a systematic
random sampling scheme had been used. In fact, 25% of the quantitative estimates obtained by stereology used a preferential sampling
scheme (i.e., sampling only a single section or a few sections that together covered only a portion of the region of interest). Thus, the
term “stereology” is often used in studies where the requirements of such procedures are not met, or where metadata are too sparse to deter-
mine whether they are.

PRACTICAL ADVICE FOR RESEARCHERS PLANNING A CELL COUNTING STUDY

As seen previously, the documentation found in quantitative neuroanatomical studies is often too sparse to permit full interpretation of the
results by independent researchers. Given the crucial importance of clear reporting criteria, the common lack of methodological details in
reports on quantitative data in neuroscience is worrying, and has been noted as an important challenge both by us'® and by others.'*’% In
our previous study, we reported on the neuron numbers and densities resulting from the 239 studies used for metadata assessment in the
current paper, demonstrating that the numbers are highly variable and that cell-type specific information is usually limited to one or a few
studies. Ideally, we would want to investigate how different parameters of the counting methods affect results (e.g., assumptions about
cell geometry, variability in sampling schemes, or differences in criteria for recognizing objects-of-interest). However, the lack of methodo-
logical metadata hampered further analysis on how any methodological parameter contribute to the observed variability. The uptake of
increasingly sophisticated computational methods for cell counting”’ only serves to increase the methodological diversity, reinforcing the
need for well-reasoned methodological choices and rigorous reporting. In the following, we provide practical advice for researchers to guide
the choice, implementation and reporting of methods for cell counting.
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Figure 3. Choosing a method for cell counting studies
Flow chart of the decision-making related to selection of a cell counting method. The most important factors in the choice of method are the scope of the study,
the appearance of the cells to be counted, and whether the data are likely to be re-analyzed or shared.

Choosing a method

Several methodological choices must be made when embarking on a cell counting study. An important choice will be whether to use a tradi-
tional (manual or stereological) or a segmentation-based method for quantification. In the following, we discuss some of the decision-making
around selecting an appropriate cell counting method for a given study, illustrated in Figure 3.

The scope of the study can be a critical factor when choosing the method to use. Manual counts may be used for small areas with sparsely
distributed cells (Figure 3). Sampling of only a square of a certain size within a bigger region, while common, should be avoided; this will be
hard to reproduce across animals. If the region is too large to count manually, a stereological or segmentation-based method should be
considered. Stereological counting can feasibly be used for a handful of regions, but becomes challenging to complete with a broader scope,
depending on the sample sizes. Segmentation-based methods are incredibly efficient tools for rapid quantification across many brain regions
and subjects, especially when combined with 3-dimensional digital atlases to supply the region delineations’*”*: reasonably powerful com-
puters are capable of performing quantification of cell populations across entire brains.?'~**°%>/4"7 Thys segmentation-based methods
should be the method of choice for studies with a broad scope.

Some approximate time estimates for the different methods may be useful to guide the choice for a particular study. In our experience, 3-
4 h of work is typically required to acquire a stereological estimate for a medium-sized brain region (such as a cortical area). By this coarse
estimate, mapping one cell type across the ~400 regions of a commonly used mouse brain atlas’” would require 2100 h (or 280 full days
of work) for a single subject. Note that this does not include the time required to optimize sampling parameters, which can be substantial
and would have to be done separately for each region to be counted. Segmentation-based methods do, however, require time for digitiza-
tion and processing of the material, which may be inconvenient for studies with a highly focused scope. For example, according to the same
coarse estimate aforementioned, only 105 h (or approximately 2 weeks of work, excluding sampling optimization) would be required to quan-
tify one brain region in 30 subjects by stereology. In our experience, digitizing a brain-wide dataset typically requires 24 h for (automated)
scanning, 1-2 h for organizing images for processing, and up to a day for linear and nonlinear atlas registration. The subsequent segmentation
and quantification steps are typically achievable in a day, but may take more time if many regions with heterogeneous appearance in the
staining are to be quantified. Some post-processing of numbers to account for section sampling, tissue damage and other dataset-specific
considerations might require some additional time. It is worth noting that in contrast to traditional methods, some of these steps are partly
automated and primarily requires machine-time and not human labor. In particular, the segmentation step scales very easily, as a well-trained
classifier can be used to batch process large collections of similar images. Thus, the currently most manual and time-consuming part of seg-
mentation-based procedures is the organization of images and registration to reference atlas, but substantially less time than estimated pre-
viously will be required if the material is not brain-wide. The necessary efforts required to organize images is considerably reduced if sections
are carefully mounted with minimal damage and the serial order (anteroposterior, dorsoventral, or mediolateral) intact. Registration of his-
tological sections to an atlas has traditionally been a highly laborious task, especially since sections commonly deviate slightly from the stan-
dard cutting planes,®” but promising efforts are now underway to automate this task as well.”®

Itis also worth considering some of the gains of choosing a segmentation-based method. Digitizing, organizing, and spatially registering
data provide a solid basis for follow-up studies of brain regions beyond those targeted in the original study and greatly increases the level of
transparency with which the data can be reported and shared. Usually, during stereology, physical slide-mounted sections are directly
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inspected with a motorized microscope. Therefore, the resulting analysis data files is not possible to inspect or reuse without access to the
software and the physical section material used. In contrast, if data have been processed and analyzed with a segmentation-based method,
the results include digital files (such as downscaled images, segmented images, and atlas registration metadata; Figure 3A-3B) that are
readily shared in open-access formats, greatly facilitating transparent reporting.”’? It is also a good way to ensure that data can be inter-
preted and reused once the researcher who produced them leaves the lab. Thus, if the material is likely to be interesting for follow-up studies
of additional brain regions, we recommend choosing a segmentation-based method (Figure 3), as this will substantially increase the re-us-
ability of the data. This is especially critical if the material is fluorescently stained, since the signal in such sections will fade with time, rendering
the physical data difficult or impossible to re-analyze.

Lastly, an important consideration in the choice of traditional or segmentation-based method is whether a satisfactory result can be
achieved with an automated approach. Manual or stereological counting may be preferable when features are very densely packed (Figure 3)
so that they would be hard to segment as separate objects. However, if the cells are easily distinguished from the background, it is a good
indication that a segmentation-based approach will be feasible. The choice of the segmentation tool to use will depend on whether the
appearance of the cells is generally uniform across areas (see the section on “implementing the method” below for details).

To summarize, we recommend the use of stereology if the scope of the study is narrow and cells are difficult to distinguish from back-
ground or very densely packed. In all other instances, we recommend the consideration of segmentation-based methods, especially if (1) cells
are easily distinguished from the background; (2) more than a handful of brain regions are to be investigated; or (3) data are likely to be re-
analyzed or shared in the future.

Implementing the method

Forimplementation of the stereological method, the most popular choice of software is Stereolnvestigator (https://www.mbfbioscience.com/
products/stereo-investigator). However, see lp et al.? for a description of how stereological procedures may be conducted using standard
equipment and imaging software. Schmitz and Hof®” provide a comprehensive introduction to using design-based stereology in neurosci-
ence, with a note on how results from such studies should be presented to ensure they can be fully interpreted by other researchers.

For the implementation of segmentation-based methods, there are several open-access software available. In our experience, the most
user-friendly and mature software based on traditional machine learning methods are ilastik®' (https://www.ilastik.org/) and QuPath®’
(https://qupath.github.io/). The ilastik software is further incorporated into the QUINT workflow,>* for which extensive documentation and
user support is available. Both of these applications work well for material where cells are easily distinguished from background and appear
uniform across areas (Figure 3). However, it might be challenging to train a single algorithm for brain-wide material if the appearance of the
cells differs a lot across areas (e.g., different intensities of the staining within cells or differences in the amount of cells across areas). In these
cases, specific algorithms may be considered for different areas. Alternatively, the deep-learning based software Cellpose (https://www.
cellpose.org/) may offer satisfactory results across variable staining®”*? (Figure 3), but requires some familiarity with command-line interfaces.
With any segmentation software, some trial and error with the data must be anticipated to tailor the algorithm to the data in question. A re-
view of tools for segmenting features of interest is given by Tyson and Margrie,®” while a guide to the use of brain atlases for analyses is pro-
vided by Kleven et al.®?

Methodological choices regarding microscopy technique influence the amount of information (cell labeling) captured in the images, which
in turn may impact results to varying degrees depending on the amount of labeling. For example, high densities of labeled cells visualized in
thick sections will be seen as overlapping objects in 2D microscopic images. Such cells can be resolved with use of confocal 3D images,
although these may be more challenging to analyze later. In our experience, high quality bright-field images require less time to acquire,
but fluorescence labeling is more convenient and produces better results if double- or triple-staining is desired.

Quality control of results is also critical in segmentation-based studies. Validation against manual counts® combined with thorough qual-
itative assessment of the segmentation results should be considered to ensure satisfactory results. Furthermore, segmentation-based counts
in two-dimensional sections will be affected by the biases outlined in the introduction, and should be corrected and extrapolated to volu-
metric or region-wide numbers by the same principles as manual counts.'>> While a certain bias may remain due to assumptions about
cell geometry, the study by Baquet and colleagues®® suggests that this may not be as severe as has been argued previously. Regardless
of the methods used for counting, researchers should make sure they have a thorough understanding of and clear criteria for the counted
object. Any researcher working with cell counting should also take care to familiarize themselves with the central concepts of traditional quan-
titative neuroanatomy, in order to understand and minimize sources of bias in their data.

Regardless of the method chosen, sufficient and unbiased sampling is critical. This is an integral part of the stereological method, but—as
shown in practices for reporting quantitative data in neuroscience—often ignored, with many “stereological” studies using a biased sampling
scheme. Unless every single section is sampled, systematic random sampling throughout a region can and should be implemented for
manual, stereological, and segmentation-based methods alike.

Another general and significant consideration’ in the implementation of counting methods is observer bias. Decision-making in the eval-
uation of histological images is a complex task where a range of different factors (e.g., variation in signal detection thresholds, fatigue or tired-
ness) may influence the observer’s decisions.?® Different observers may also have different opinions of what constitutes an object, and expe-
rience plays a role as well (for example, immunolabeled cells may vary considerably in staining intensity, and recognition of different types of
neurons and glia in Nissl stained sections require significant experience®). Thus, having clear criteria for the object-of-interest is critical for the
reliability of results. We have previously shown that providing multiple visual examples of the object-of-interest (in this case, a labeled cell
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body) can be effective when instructing researchers to replicate a segmentation analysis;”> however, even with that, there are systematic var-
iations among observers. Interestingly, Ciampi et al. recently proposed a two-step process to segment cells in weakly labeled data, where the
second step includes training data from multiple raters.® It is unrealistic for any method to fully eliminate observer bias, but clear criteria will
serve to minimize it,” and is crucial to facilitate full interpretation of studies. Such criteria should be discussed and decided on prior to starting
counting.

All methods come with challenges. For stereological studies, Microbrightfield provides an extensive guide to common pitfalls and their
solution (https://www.stereology.info/pitfalls-solutions/). For segmentation-based studies, the most common problems may depend on
the particular tool used. Specific guides to troubleshooting when using the tools mentioned here can be found online; see such guides for
ilastik (https://quint-workflow.readthedocs.io/en/latest/Ilastik.html#fag-and-troubleshooting), QuPath (https://qupath.readthedocs.io/en/
stable/docs/reference/fags.html) and CellPose (https://cellpose.readthedocs.io/en/latest/fag.html). A common question across these guides
is how trustworthy or accurate the results are, highlighting the need for quality control in large-scale studies of cell numbers.

Reporting on the method

There are three main points to consider when reporting cell counting data. First, as we emphasize in the section on current practices previ-
ously, the completeness of the metadata provided about how the data were acquired are crucial. There are a range of important parameters
to be aware of when reporting data from quantitative neuroanatomical studies. Detailed recommendations for what to report can be con-
sulted. In particular, the ARRIVE guidelines® %
have provided metadata standards for immunohistochemistry and in situ hybridization reports.”” Standardized identifiers for key resources
should be included wherever possible (particularly, using RRIDs to identify software and antibodies used). However, there are no resources or
guidelines specifically on reporting of cell counting data. We have therefore created a checklist that researchers can use when reporting cell
counting studies.”’ We choose to share this checklist as a dataset through Zenodo, so that it can be versioned and updated as the field ad-
vances and additional details may become necessary.

Secondly, we also urge researchers to consider the machine-readability of their presented data. Even when all the necessary information
for interpretation and extraction of data are presented, many studies convey the bulk of data through figures, with only parts included in the
text. This makes it impossible to extract the data automatically through text mining efforts, and also complicates manual extraction
methods.'”"® To enable more efficient and accurate extraction and reuse of data, graphical representation of information should be supple-
mented with presentation either in-text or preferably in tables. Often, reuse of data requires access to raw, non-aggregated data. Such data
could be shared in supplementary files alongside the paper, but should ideally be shared in accordance with the principles set forward by
Wilkinson and colleagues, stating that all generations of research data should be made Findable, Accessible, Interoperable and Reusable
(FAIR; Wilkinson et al., 2016). This could be achieved by sharing data through a repository, and ideally a neuroscience-specific one such as
the EBRAINS Knowledge Graph (https://www.ebrains.eu/data/share-data). This also pertains to any code used to process data, which can
be easily deposited through e.g., GitHub.

Lastly, with the increasing scope of many quantitative studies, it is worth considering the limitations that the traditional journal article for-
mats pose on presentation of results. Most original article formats have a strict limitation on the number and size of figures. While this format is
well suited for cell counting study with a restricted scope (e.g., one or a few regions of interest), it is all but impossible to present all the inter-
esting aspects of brain-wide segmentation-based data. A recent segmentation-based study presenting the brain-wide distribution of peri-
neuronal nets and parvalbumin neurons, Lupori and colleagues’” provide an interactive resource where their data can be explored (https://
www.pnnatlas.sns.it/). While this approach might be beyond the scope of most cell quantification studies, it provides an inspiring example for
how the most comprehensive studies can be made easily accessible and reusable for a broad audience, substantially increasing their value as
community resources.

give advice on reporting details about experimental animals and Deutsch and colleagues
90

SCALING UP EFFORTS TO QUANTIFY CELLS ACROSS THE MURINE BRAIN: CHALLENGES AND OPPORTUNITIES

In the previous sections, we have focused on quantification methods based on manual or automatic recognition of cells in 2-dimensional his-
tological image material, which have been the primary cell counting methods used in the past and which continue to be important across a
wide range of laboratories. However, there are other approaches to cell quantification as well. The isotropic fractionator technique enables
quantification in homogenized tissue” and is more effective for quantification of neurons and glial cells across entire brains than traditional
stereology. However, it is only applicable to whole brains or large, dissectible regions and cannot be used to obtain data about specific sub-
regions. More recently, advances in tissue clearing and light-sheet microscopy (see e.g.,”*”> and the review by Ueda and collegues’") support
cell counting in intact whole brain tissue and show great promise for the future of brain-wide quantification.

In parallel with the development of new methods for neuroanatomical imaging, the past decade has seen an explosion in tools and work-
flows facilitating efficient brain-wide quantification of neurons. Whether applied to 2D- or 3D neuroimaging data, these workflows generally
involve three key steps: registration to atlas, image segmentation, and atlas-based quantification of the segmented features (Figures 4A-4C).
For histological sections from rat or mouse brains, the QuickNll-ilastik-Nutil (QUINT) workflow™ combines three open-source tools with
graphical user interfaces (https://www.ebrains.eu/brain-atlases/analysis/labelled-features-analysis/; Figures 4D-4F). Because the workflow
is compatible with histological section images and requires no coding skills, it contributes to making high-throughput analyses a viable option
for any laboratory working with cell counting in sectioned material. For volumetric datasets acquired by serial two-photon imaging, automa-
tion of the processing, atlas registration, and quantification steps is simpler, as these datasets are not subject to the same level of deviations
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and distortions as histologically processed tissue. Thus, several studies have performed brain-wide quantification of neurons in serial two-
photon imaging material (see e.g.,*""**”® and the review by Amato and colleagues”). Atlas registration of data acquired by light sheet mi-
croscopy can be challenging, due to the variable shrinkage and expansion of brain regions in such data. However, Perens and colleagues”™
recently created a light sheet derived reference template that incorporates the region delineations from the Allen mouse brain Common Co-
ordinate Framework, allowing more rapid and accurate registration of light sheet data to this common framework. Thus, advances in segmen-
tation-based approaches to cell counting and spatial registration to 3D atlases holds great promise for allowing an increased scale in efforts to
quantify cells across the murine brain.

A critical concern regarding segmentation-based methods has been their sensitivity and specificity, or the ability to detect the object-of-
interest with high fidelity. Some analyses have shown that automatic segmentation approaches can yield very high false positive and false
negative rates.'% This analysis did not include software that allows training of the segmentation algorithm, which we believe improves accu-
racy considerably. Interactive tools also hold great promise for making segmentation-based approaches accessible and easy to combine with
expert neuroanatomical knowledge, which can certainly contribute to improved accuracy compared to non-interactive automatic methods.
Nevertheless, the study by Schmitz and colleagues'®? highlights the need for careful evaluation of segmentation results in any study.

The real or perceived ease of implementing segmentation-based methods will be important for their uptake going forwards. Stereological
and manual methods are already established in many laboratories as the method of choice. Existing expertise and tradition will continue to be
an important consideration for the choices made across laboratories (for example, a principal investigator who is familiar with the stereologi-
cal method will be likely to recommend that this method is used by a student). However, we envision that the establishment of thorough docu-
mentation, detailed training material, and user support systems to guide researchers in the implementation of segmentation-based methods
will be instrumental in facilitating their broad uptake. While open and free tools for spatial registration and cell quantification in 2D section

54,100,101 o ! 2 I .
<P and are currently seeing increasing levels of automation,”” similar solutions for volu-

images have been available for several years
metric data typically rely on custom code and require programming skills to implement or show insufficient accuracy in results.®* In our
perspective, a critical tool going forward would be one that allowed user-friendly and accurate 3D-to-3D registration of mouse and rat brain
data to common reference frameworks.

An important opportunity arising from the recent progress in using segmentation-based methods® ~*?/%~"" is increased re-usability
through sharing of all generations of data related to cell counting. For large datasets, e.g., from the whole brain, data should preferably
be shared according to the FAIR principles”™ in a machine-readable format in a public repository. Each step of the principal workflow illus-
trated in Figure 4A generates outputs such as customized atlas maps (Figure 4A), segmentation images (Figure 4B), and point clouds (Fig-
ure 4C) that, when openly shared, facilitate interpretation and reuse of data. For example, segmentation images may be reused with new atlas
maps as reference atlases evolve, while point clouds may be used in detailed analyses of spatial distribution within regions. For reproduc-
ibility, it is also good practice to share the computational code used for segmentation, such as the trained classifier in this case. This will allow
independent researchers the opportunity to reuse or recreate these for new analyses, or to inspect which features were used to extract ob-
jects-of-interest.

We envision that the rapidly emerging tools for spatial registration and cell segmentation will herald a new era for cell quantification, in
which data that traditionally have been impossible to collect at scale can be produced at high rates. A critical point in this regard will be to
foster a culture where data are reported with all details required for interpretation and reuse, including sharing raw data in accordance with
the FAIR principles. We expect that requirements and standardization from publishers will also help to guide researchers toward improved
reporting of their data.?’ Furthermore, persistent efforts to improve the accessibility of new tools to a broad range of users are needed to
ensure efficient data acquisition, enabling researchers with different backgrounds, expertise, and hypotheses to contribute to increasing
our knowledge base on the brain's structure.

SUMMARY AND OUTLOOK

In conclusion, we have summarized traditional and emerging techniques for quantification of cells in neuroscience. As we have seen, the
optimal methods to be employed for this have been debated for decades. Stereological methods are considered the gold standard for reli-
able and unbiased quantification. Yet, in an earlier study of quantitative parameters reported in the literature, we found numbers obtained by
stereology to be as variable as studies using other counting methods."® It has been reported that both model-based (manual counts cor-
rected with e.g., Abercrombie’s formula) and design-based (stereological) counting procedures provide results that are similar and within
the range of those obtained by serial reconstruction.”® Whether or not the assumptions of a method have been met is likely of higher impor-
tance than the choice of method itself.?®'% Based on this, we have argued that the detailed technical biases that apply to any method (e.g.,
geometrical bias), while interesting, constitute a less important challenge for reliability and comparability of results than observer bias and
substandard reporting practices.

With this perspective, we aim to provide researchers embarking on cell counting studies an overview of existing methods and practical
advice on how to choose and implement one for a given study. We believe that any researcher or laboratory that routinely conducts cell count-
ing would benefit from familiarizing themselves with segmentation-based methods. We envision that these new approaches will fundamen-
tally change how cell counting is typically performed, and will increase the growth rate of our collective knowledge. However, for the field to
make use of the increasing amounts of data, transparent and comprehensive reporting practices and FAIR sharing of data becomes all the
more important. We therefore conclude this perspective by re-iterating Guillery’s’® “plea for adequate information about the methods used
for counts in all publications”.
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Figure 4. Combining segmentation-based methods with atlas registration to facilitate FAIR sharing of cell quantification data

The upper panel illustrates the generic steps typically included in workflows that combine image segmentation with atlas registration.

(A) Digital section images are spatially registered to a three-dimensional brain atlas.

(B) The section images (often in downscaled versions) are segmented.

(C) Segmented objects are quantified and visualized. The middle panel shows the typical outputs generated by this workflow, all of which should be openly
shared to ensure transparency and facilitate re-usability. The lower panel shows an example of the illustrated workflow, based on the QuickNIl-ilastik-nutil
(QUINT) workflow.>*

(D) Histological images (the example shows a parvalbumin stained section; Laja et a are registered to atlas using the QuickNIl tool (Puchades et a
(E) Downscaled images are segmented using the ilastik software.”' Panels E1 and E2 shows magnified views of the secondary motor cortex and hippocampus,

1.99) 1.199),

respectively, from the image seen in panel (D). Panels E1” and E2’ show the segmentation results.

(F) Segmented objects are quantified and visualized using Nutil.'”' Realistic neuron numbers can be obtained by applying a set of post-processing steps,
including Abercrombie’s formula, to the quantitative output from the QUINT workflow (see Bjerke et al.”® for a full description of the method and
exemplified data). Scale bars: A, 1 mm; E, 50 pm.

LIMITATIONS OF THE STUDY

The current paper presents the authors’ perspective on how the potential for scaling up cell counting efforts in neuroscience is empowered by
recent advances in segmentation-based methods combined with three-dimensional brain atlases. While it is our perspective that these novel
methods will be crucial for efficient quantification and can play a large role in improving reproducibility of findings, we have aimed to give a
balanced perspective by also pointing out instances where traditional methods might be preferable.

The arguments put forward regarding the need for improved reporting practices are based on analysis of a database of papers published
in 2019,"%°® which contains references from the years 1980-2018. Thus, it should be noted that the last five years of research in the field is not
represented in that summary. Future studies might reveal whether new standards, e.g., data sharing mandates,'® have improved the
situation.

ACKNOWLEDGMENTS

We thank Maja Puchades and Heidi Kleven for valuable discussions. This work received support from the European Union’s Horizon 2020
Framework Program for Research and Innovation under the specific grant agreement no. 945539 (Human Brain Project SGA3), and The
Research Council of Norway under grant agreement no. 269774 (INCF Norwegian Node).

AUTHOR CONTRIBUTIONS

|.E.B. wrote the first draft of the manuscript. All authors contributed to manuscript revision, and read and approved the final manuscript.

DECLARATION OF INTERESTS

The authors declare no competing interests.

10 iScience 26, 107562, September 15, 2023



iScience

REFERENCES

1.

von Bartheld, C.S., Bahney, J., and
Herculano-Houzel, S. (2016). The search for
true numbers of neurons and glial cells in
the human brain: A review of 150 years of
cell counting. J. Comp. Neurol. 524, 3865~
3895. https://doi.org/10.1002/cne.24040.

. Hardman, C.D., Henderson, J.M.,

Finkelstein, D.I., Horne, M.K_, Paxinos, G.,
and Halliday, G.M. (2002). Comparison of
the basal ganglia in rats, marmosets,
macaques, baboons, and humans: Volume
and neuronal number for the output,
internal relay, and striatal modulating
nuclei. J. Comp. Neurol. 445, 238-255.
https://doi.org/10.1002/cne.10165.

. Vadasz, C., Smiley, J.F., Figarsky, K., Saito,

M., Toth, R., Gyetvai, B.M., Oros, M.,
Kovacs, K.K., Mohan, P., and Wang, R.
(2007). Mesencephalic dopamine neuron
number and tyrosine hydroxylase content:
Genetic control and candidate genes.
Neuroscience 149, 561-572. https://doi.
org/10.1016/j.neuroscience.2007.06.049.

. Smeyne, M., Jiao, Y., Shepherd, K.R., and

Smeyne, R.J. (2005). Glia cell number
modulates sensitivity to MPTP in mice. Glia
52, 144-152. https://doi.org/10.1002/glia.
20233.

. Cullity, E.R., Madsen, H.B., Perry, C.J., and

Kim, J.H. (2019). Postnatal developmental
trajectory of dopamine receptor 1 and 2
expression in cortical and striatal brain
regions. J. Comp. Neurol. 527, 1039-1055.
https://doi.org/10.1002/cne.24574.

. Hamre, K., Tharp, R., Poon, K., Xiong, X., and

Smeyne, R.J. (1999). Differential strain
susceptibility following 1-methyl-4-
phenyl-1,2,3,6-tetrahydropyridine (MPTP)
administration acts in an autosomal
dominant fashion: quantitative analysis in
seven strains of Mus musculus. Brain Res.
828, 91-103. https://doi.org/10.1016/S0006-
8993(99)01273-1.

. Smeyne, R.J., Breckenridge, C.B., Beck, M.,

Jiao, Y., Butt, M.T., Wolf, J.C., Zadory, D.,
Minnema, D.J., Sturgess, N.C., Travis, K.Z.,
et al. (2016). Assessment of the Effects of
MPTP and Paraquat on Dopaminergic
Neurons and Microglia in the Substantia
Nigra Pars Compacta of C57BL/6 Mice.
PLoS One 11, e0164094. https://doi.org/10.
1371/journal.pone.0164094.

. Williams, G.P., Schonhoff, AM.,

Jurkuvenaite, A., Thome, A.D., Standaert,
D.G., and Harms, A.S. (2018). Targeting of
the class Il transactivator attenuates
inflammation and neurodegeneration in an
alpha-synuclein model of Parkinson'’s
disease. J. Neuroinflammation 15, 244.
https://doi.org/10.1186/s12974-018-1286-2.

. Egger, R., Dercksen, V.J., Udvary, D., Hege,

H.-C., and Oberlaender, M. (2014).
Generation of dense statistical
connectomes from sparse morphological
data. Front. Neuroanat. 8, 129. https://doi.
org/10.3389/fnana.2014.00129.

. Markram, H., Muller, E., Ramaswamy, S.,

Reimann, M.W., Abdellah, M., Sanchez,
C.A., Ailamaki, A., Alonso-Nanclares, L.,
Antille, N., Arsever, S., et al. (2015).
Reconstruction and simulation of
neocortical microcircuitry. Cell 163,
456-492. https://doi.org/10.1016/j.cell.
2015.09.029.

. Bryda, E. (2013). The mighty mouse: The

impact of rodents on advances in

20.

21.

22.

23.

24.

25.

biomedical research. Mo. Med. 110,
207-211.

. Keller, D., Er3, C., and Markram, H. (2018).

Cell densities in the mouse brain: A
systematic review. Front. Neuroanat. 12,
1-21. https://doi.org/10.3389/fnana.2018.
00083.

. Bjerke, L.E., Puchades, M.A., Bjaalie, J.G.,

and Leergaard, T.B. (2020). Database of
literature derived cellular measurements
from the murine basal ganglia. Sci. Data 7,
211. https://doi.org/10.1038/s41597-020-
0550-3.

. Wicksell, S.D. (1925). The Corpuscle

Problem: A Mathematical Study of a
Biometric Problem. Biometrika 17, 84-172.

. Abercrombie, M. (1946). Estimation of

nuclear population from microtome
sections. Anat. Rec. 94, 239-247 . https://doi.
org/10.1002/ar.1090940210.

. Konigsmark, B. (1970). Methods for the

counting of neurons. In Contemporary
research methods in neuroanatomy, W.
Nauta and S. Ebbesson, eds. (Springer-
Verlag).

. West, M.J. (2012). Estimating object number

in biological structures. Cold Spring Harb.
Protoc. 2012, 1049-1066. https://doi.org/10.
1101/pdb.top071423.

. Sterio, D.C. (1984). The unbiased estimation

of number and sizes of arbitrary particles
using the disector. J. Microsc. 134, 127-136.
https://doi.org/10.1111/}.1365-2818.1984.
th02501.x.

. Breendgaard, H., and Gundersen, H.J.

(1986). The impact of recent stereological
advances on quantitative studies of the
nervous system. J. Neurosci. Methods 18,
39-78. https://doi.org/10.1016/0165-
0270(86)90112-3.

Oorschot, D.E. (1994). Are you using
neuronal densities, synaptic densities or
neurochemical densities as your definitive
data? There is a better way to go. Prog.
Neurobiol. 44, 233-247. https://doi.org/10.
1016/0301-0082(94)20040-X.

Qorschot, D.E. (1996). Total number of
neurons in the neostriatal, pallidal,
subthalamic, and substantia nigral nuclei
of the rat basal ganglia: A stereological
study using the cavalieri and optical
disector methods. J. Comp. Neurol. 366,
580-599. https://doi.org/10.1002/(SICI)
1096-9861(19960318)366:4<580::AlD-
CNE3>3.0.CO;2-0.

Slomianka, L., and West, M.J. (2005).
Estimators of the precision of stereological
estimates: An example based on the CA1
pyramidal cell layer of rats. Neuroscience
136, 757-767. https://doi.org/10.1016/].
neuroscience.2005.06.086.

West, M.J., Slomianka, L., and Gundersen,
H.J. (1991). Unbiased stereological
estimation of the total number of neurons in
the subdivisions of the rat hippocampus
using the optical fractionator. Anat. Rec.
231, 482-497. https://doi.org/10.1002/ar.
1092310411.

Kipanyula, M.J., and Sife, A.S. (2018). Global
trends in application of stereology as a
quantitative tool in biomedical research.
BioMed Res. Int. 2018, 1825697 https://doi.
org/10.1155/2018/1825697.

Napper, R.M.A. (2018). Total number is
important: Using the disector method in
design-based stereology to understand the
structure of the rodent brain. Front.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

¢? CellPress

OPEN ACCESS

Neuroanat. 12, 16-19. https://doi.org/10.
3389/fnana.2018.00016.

West, M.J. (1999). Stereological methods for
estimating the total number of neurons and
synapses: Issues of precision and bias.
Trends Neurosci. 22, 51-61. https://doi.org/
10.1016/50166-2236(98)01362-9.

Hedreen, J. (1998). What was wrong with
the Abercrombie and empirical cell
counting methods? A review. Anat. Rec.
250, 373-380. https://doi.org/10.1002/
(SICI)1097-0185(199803)250:3<373::AID-
AR12>3.0.CO;2-L.

Clarke, P.G. (1992). How inaccurate is the
Abercrombie correction factor for cell
counts? Trends Neurosci. 15, 211-212.
https://doi.org/10.1016/0166-2236(92)
90036-8.

von Bartheld, C.S. (2001). Comparison of
2-D and 3-D counting: The need for
calibration and common sense. Trends
Neurosci. 24, 504-506. https://doi.org/10.
1016/50166-2236(00)01960-3.

Baquet, Z.C., Williams, D., Brody, J., and
Smeyne, R.J. (2009). A comparison of
model-based (2D) and design-based (3D)
stereological methods for estimating cell
number in the substantia nigra pars
compacta (SNpc) of the C57BL/6J mouse.
Neuroscience 161, 1082-1090. https://doi.
org/10.1016/j.neuroscience.2009.04.031.
Kim, Y., Yang, G.R., Pradhan, K.,
Venkataraju, K.U., Bota, M., Garcia Del
Molino, L.C., Fitzgerald, G., Ram, K., He, M.,
Levine, J.M., et al. (2017). Brain-wide maps
reveal stereotyped cell-type-based cortical
architecture and subcortical sexual
dimorphism. Cell 171, 456-469.e22. https://
doi.org/10.1016/j.cell.2017.09.020.
Newmaster, K.T., Nolan, Z.T., Chon, U.,
Vanselow, D.J., Weit, A.R., Tabbaa, M.,
Hidema, S., Nishimori, K., Hammock, E.A.D.,
and Kim, Y. (2020). Quantitative cellular-
resolution map of the oxytocin receptor in
postnatally developing mouse brains. Nat.
Commun. 11, 1885-1912. https://doi.org/
10.1038/s41467-020-15659-1.

Pallast, N., Wieters, F., Fink, G.R., and
Aswendt, M. (2019). Atlas-based imaging
data analysis tool for quantitative mouse
brain histology (AIDAhisto). J. Neurosci.
Methods 326, 108394. https://doi.org/10.
1016/j.jneumeth.2019.1083%4.

Bjerke, 1. (2021). Quantifying Cellular
Parameters across the Murine Brain: New
Practices for Integrating and Analysing
Neuroscience Data Using 3D Brain Atlases
(University of Oslo).

Wree, A, Schleicher, A., and Zilles, K. (1982).
Estimation of volume fractions in nervous
tissue with an image analyzer. J. Neurosci.
Methods 6, 29-43. https://doi.org/10.1016/
0165-0270(82)90014-0.

Schleicher, A., and Zilles, K. (1990). A
quantitative approach to cytoarchitectonics:
Analysis of structural inhomogeneities in
nervous tissue using an image analyser.

J. Microsc. 157, 367-381. https://doi.org/10.
1111/j.1365-2818.1990.tb02971 ..

Grefkes, C., Geyer, S., Schormann, T.,
Roland, P., and Zilles, K. (2001). Human
somatosensory area 2: Observer-
independent cytoarchitectonic mapping,
interindividual variability, and population
map. Neuroimage 14, 617-631. https://doi.
org/10.1006/nimg.2001.0858.

iScience 26, 107562, September 15, 2023 1



https://doi.org/10.1002/cne.24040
https://doi.org/10.1002/cne.10165
https://doi.org/10.1016/j.neuroscience.2007.06.049
https://doi.org/10.1016/j.neuroscience.2007.06.049
https://doi.org/10.1002/glia.20233
https://doi.org/10.1002/glia.20233
https://doi.org/10.1002/cne.24574
https://doi.org/10.1016/S0006-8993(99)01273-1
https://doi.org/10.1016/S0006-8993(99)01273-1
https://doi.org/10.1371/journal.pone.0164094
https://doi.org/10.1371/journal.pone.0164094
https://doi.org/10.1186/s12974-018-1286-2
https://doi.org/10.3389/fnana.2014.00129
https://doi.org/10.3389/fnana.2014.00129
https://doi.org/10.1016/j.cell.2015.09.029
https://doi.org/10.1016/j.cell.2015.09.029
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref11
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref11
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref11
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref11
https://doi.org/10.3389/fnana.2018.00083
https://doi.org/10.3389/fnana.2018.00083
https://doi.org/10.1038/s41597-020-0550-3
https://doi.org/10.1038/s41597-020-0550-3
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref14
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref14
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref14
https://doi.org/10.1002/ar.1090940210
https://doi.org/10.1002/ar.1090940210
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref16
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref16
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref16
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref16
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref16
https://doi.org/10.1101/pdb.top071423
https://doi.org/10.1101/pdb.top071423
https://doi.org/10.1111/j.1365-2818.1984.tb02501.x
https://doi.org/10.1111/j.1365-2818.1984.tb02501.x
https://doi.org/10.1016/0165-0270(86)90112-3
https://doi.org/10.1016/0165-0270(86)90112-3
https://doi.org/10.1016/0301-0082(94)90040-X
https://doi.org/10.1016/0301-0082(94)90040-X
https://doi.org/10.1002/(SICI)1096-9861(19960318)366:4&lt;580::AID-CNE3&gt;3.0.CO;2-0
https://doi.org/10.1002/(SICI)1096-9861(19960318)366:4&lt;580::AID-CNE3&gt;3.0.CO;2-0
https://doi.org/10.1002/(SICI)1096-9861(19960318)366:4&lt;580::AID-CNE3&gt;3.0.CO;2-0
https://doi.org/10.1016/j.neuroscience.2005.06.086
https://doi.org/10.1016/j.neuroscience.2005.06.086
https://doi.org/10.1002/ar.1092310411
https://doi.org/10.1002/ar.1092310411
https://doi.org/10.1155/2018/1825697
https://doi.org/10.1155/2018/1825697
https://doi.org/10.3389/fnana.2018.00016
https://doi.org/10.3389/fnana.2018.00016
https://doi.org/10.1016/S0166-2236(98)01362-9
https://doi.org/10.1016/S0166-2236(98)01362-9
https://doi.org/10.1002/(SICI)1097-0185(199803)250:3&lt;373::AID-AR12&gt;3.0.CO;2-L
https://doi.org/10.1002/(SICI)1097-0185(199803)250:3&lt;373::AID-AR12&gt;3.0.CO;2-L
https://doi.org/10.1002/(SICI)1097-0185(199803)250:3&lt;373::AID-AR12&gt;3.0.CO;2-L
https://doi.org/10.1016/0166-2236(92)90036-8
https://doi.org/10.1016/0166-2236(92)90036-8
https://doi.org/10.1016/S0166-2236(00)01960-3
https://doi.org/10.1016/S0166-2236(00)01960-3
https://doi.org/10.1016/j.neuroscience.2009.04.031
https://doi.org/10.1016/j.neuroscience.2009.04.031
https://doi.org/10.1016/j.cell.2017.09.020
https://doi.org/10.1016/j.cell.2017.09.020
https://doi.org/10.1038/s41467-020-15659-1
https://doi.org/10.1038/s41467-020-15659-1
https://doi.org/10.1016/j.jneumeth.2019.108394
https://doi.org/10.1016/j.jneumeth.2019.108394
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref34
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref34
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref34
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref34
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref34
https://doi.org/10.1016/0165-0270(82)90014-0
https://doi.org/10.1016/0165-0270(82)90014-0
https://doi.org/10.1111/j.1365-2818.1990.tb02971.x
https://doi.org/10.1111/j.1365-2818.1990.tb02971.x
https://doi.org/10.1006/nimg.2001.0858
https://doi.org/10.1006/nimg.2001.0858

¢? CellPress

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

12

OPEN ACCESS

Amunts, K., and Zilles, K. (2001). Advances in
cytoarchitectonic mapping of the human
cerebral cortex. Neuroimaging Clin. 11,
151-169. vii.

Lillehaug, S., @yan, D., Leergaard, T.B.,
and Bjaalie, J.G. (2002). Comparison of
semi-automatic and automatic data
acquisition methods for studying three-
dimensional distributions of large
neuronal populations and axonal
plexuses. Network 13, 343-356. https://
doi.org/10.1088/0954-898X/13/3/306.
Brown, H.E., Garcia, M.M., and Harlan, R.E.
(1998). A two focal plane method for digital
quantification of nuclear immunoreactivity
in large brain areas using NIH-image
software. Brain Res. Protoc. 2, 264-272.
https://doi.org/10.1016/51385-299X(98)
00003-8.

Kopec, C.D., Bowers, A.C., Pai, S., and
Brody, C.D. (2011). Semi-automated atlas-
based analysis of brain histological sections.
J. Neurosci. Methods 196, 12-19. https://
doi.org/10.1016/j.jneumeth.2010.12.007.
Shu, J., Fu, H., Qiu, G., Kaye, P., and llyas, M.
(2013). Segmenting overlapping cell nuclei
in digital histopathology images. Annu. Int.
Conf. IEEE Eng. Med. Biol. Soc. 2013, 5445
5448. https://doi.org/10.1109/EMBC.2013.
6610781.

Gamarra, M., Zurek, E., Escalante, H.J.,
Hurtado, L., and San-Juan-Vergara, H.
(2019). Split and merge watershed: A two-
step method for cell segmentation in
fluorescence microscopy images. Biomed.
Signal Process Control 53, 101575. https://
doi.org/10.1016/].bspc.2019.101575.
LaTorre, A., Alonso-Nanclares, L., Muelas,
S., Pefia, J., and Defelipe, J. (2013).
Segmentation of neuronal nuclei based on
clump splitting and a two-step binarization
of images. Expert Syst. Appl. 40, 6521-6530.
https://doi.org/10.1016/j.eswa.2013.06.010.
Reza, A.M. (2004). Realization of the contrast
limited adaptive histogram equalization
(CLAHE) for real-time image enhancement.
J. VLSI Signal Process. Syst. Signal Image.
Video Technol. 38, 35-44. https://doi.org/
10.1023/B:VLSI1.0000028532.53893.82.
Valous, N.A., Lahrmann, B., Zhou, W.,
Veltkamp, R., and Grabe, N. (2013).
Multistage histopathological image
segmentation of Ibal-stained murine
microglias in a focal ischemia model:
Methodological workflow and expert
validation. J. Neurosci. Methods 213,
250-262. https://doi.org/10.1016/].
jneumeth.2012.12.017.

Roostalu, U., Salinas, C.B.G., Thorbek, D.D.,
Skytte, J.L., Fabricius, K., Barkholt, P., John,
L.M., Jurtz, V.1, Knudsen, L.B., Jelsing, J.,
et al. (2019). Quantitative whole-brain 3D
imaging of tyrosine hydroxylase-labeled
neuron architecture in the mouse MPTP
model of Parkinson’s disease. Dis. Model.
Mech. 12, dmm042200. https://doi.org/10.
1242/dmm.042200.

Khan, A.U.M., Torelli, A., Wolf, |., and Gretz,
N. (2018). AutoCellSeg: Robust automatic
colony forming unit (CFU)/cell analysis using
adaptive image segmentation and easy-to-
use post-editing techniques. Sci. Rep. 8,
7302-7310. https://doi.org/10.1038/s41598-
018-24916-9.

Belevich, I., Joensuu, M., Kumar, D., Vihinen,
H., and Jokitalo, E. (2016). Microscopy
Image Browser: A Platform for
Segmentation and Analysis of
Multidimensional Datasets. PLoS Biol. 14,

iScience 26, 107562, September 15, 2023

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

€1002340. https://doi.org/10.1371/journal.
pbio.1002340.

Stirling, D.R., Swain-Bowden, M.J., Lucas,
A.M., Carpenter, A.E., Cimini, B.A., and
Goodman, A. (2021). CellProfiler 4:
improvements in speed, utility and usability.
BMC Bioinf. 22, 433-511. https://doi.org/10.
1186/512859-021-04344-9.

Berg, S., Kutra, D., Kroeger, T., Straehle,
C.N., Kausler, B.X., Haubold, C., Schiegg,
M., Ales, J., Beier, T., Rudy, M., et al. (2019).
llastik: Interactive machine learning for (bio)
image analysis. Nat. Methods 16, 1226~
1232. https://doi.org/10.1038/s41592-019-
0582-9.

Firth, D., Vaissiére, T., Tzortzi, O., Xuan, Y.,
Martin, A., Lazaridis, |., Spigolon, G., Fisone,
G., Tomer, R, Deisseroth, K, et al. (2018). An
interactive framework for whole-brain maps
at cellular resolution. Nat. Neurosci. 21,
139-153. https://doi.org/10.1038/s41593-
017-0027-7.

Tappan, S.J., Eastwood, B.S., O'Connor, N.,
Wang, Q., Ng, L., Feng, D., Hooks, B.M.,
Gerfen, C.R., Hof, P.R., Schmitz, C., and
Glaser, J.R. (2019). Automatic navigation
system for the mouse brain. J. Comp.
Neurol. 527, 2200-2211. https://doi.org/10.
1002/cne.24635.

Yates, S.C., Groeneboom, N.E., Coello, C.,
Lichtenthaler, S.F., Kuhn, P.-H., Demuth,
H.-U., Hartlage-Rilbsamen, M., RoBner, S.,
Leergaard, T., Kreshuk, A., et al. (2019).
QUINT: Workflow for Quantification and
Spatial Analysis of Features in Histological
Images From Rodent Brain. Front. Neuroinf.
13, 75. https://doi.org/10.3389/fninf.2019.
00075.

Bjerke, I.E., Yates, S.C., Laja, A., Witter, M.P.,
Puchades, M.A., Bjaalie, J.G., and
Leergaard, T.B. (2021). Densities and
numbers of calbindin and parvalbumin
positive neurons across the rat and mouse
brain. iScience 24, 101906. https://doi.org/
10.1016/.is¢i.2020.101906.

Mrazova, I., and Kukacka, M. (2012). Can
deep neural networks discover meaningful
pattern features? Procedia Comput. Sci. 12,
194-199. https://doi.org/10.1016/j.procs.
2012.09.053.

Indolia, S., Goswami, AK., Mishra, S.P., and
Asopa, P. (2018). Conceptual
Understanding of Convolutional Neural
Network- A Deep Learning Approach.
Procedia Comput. Sci. 132, 679-688. https://
doi.org/10.1016/j.procs.2018.05.069.
Mutasa, S., Sun, S., and Ha, R. (2020).
Understanding artificial intelligence based
radiology studies: What is overfitting? Clin.
Imag. 65, 96-99. https://doi.org/10.1016/].
clinimag.2020.04.025.

Stringer, C., Wang, T., Michaelos, M., and
Pachitariu, M. (2021). Cellpose: a generalist
algorithm for cellular segmentation. Nat.
Methods 18, 100-106. https://doi.org/10.
1038/s41592-020-01018-x.

Pachitariu, M., and Stringer, C. (2022).
Cellpose 2.0: how to train your own model.
Nat. Methods 19, 1634-1641. https://doi.
0rg/10.1038/541592-022-01663-4.

Kan, A. (2017). Machine learning
applications in cellimage analysis. Immunol.
Cell Biol. 95, 525-530. https://doi.org/10.
1038/icb.2017.16.

Bjerke, I., @vsthus, M., Andersson, K.,
Blixhavn, C., Kleven, H., Yates, S., Puchades,
M., Bjaalie, J., and Leergaard, T. (2018).
Navigating the murine brain: Toward best
practices for determining and documenting

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

iScience

neuroanatomical locations in experimental
studies. Front. Neuroanat. 12, 1-15. https://
doi.org/10.3389/FNANA.2018.00082.
Bjerke, I., Puchades, M., Bjaalie, J., and
Leergaard, T. (2019). Database of
Quantitative Cellular and Subcellular
Morphological Properties from Rat and
Mouse Basal Ganglia (Human Brain Project
Neuroinformatics Platform). https://doi.org/
10.25493/2FDYXZ-76U.

Parish, C.L., Finkelstein, D.I., Drago, J.,
Borrelli, E., and Horne, M.K. (2001). The role
of dopamine receptors in regulating the size
of axonal arbors. J. Neurosci. 21, 5147-5157.
https://doi.org/10.1523/JNEUROSCI.21-14-
05147.2001.

Rhodes, K.J., and Trimmer, J.S. (2006).
Antibodies as valuable neuroscience
research tools versus reagents of mass
distraction. J. Neurosci. 26, 8017-8020.
https://doi.org/10.1523/JNEUROSCI.2728-
06.2006.

Couchman, J.R. (2009). Commercial
antibodies: The good, bad, and really ugly.
J. Histochem. Cytochem. 57, 7-8. https://
doi.org/10.1369/jhc.2008.952820.

Lorincz, A., and Nusser, Z. (2008). Specificity
of immunoreactions: The importance of
testing specificity in each method.

J. Neurosci. 28, 9083-9086. https://doi.org/
10.1523/JNEUROSCI.2494-08.2008.

Ariano, M.A., Larson, E.R., Noblett, K.L.,
Sibley, D.R., and Levine, M.S. (1997).
Coexpression of striatal dopamine receptor
subtypes and excitatory amino acid
subunits. Synapse 26, 400-414. https://doi.
org/10.1002/(SICl)1098-2396(199708)
26:4<400::AID-SYN8>3.0.CO;2-A.

Schmitz, C., and Hof, P.R. (2005). Design-
based stereology in neuroscience.
Neuroscience 130, 813-831. https://doi.org/
10.1016/j.neuroscience.2004.08.050.
Guillery, RW. (2002). On counting and
counting errors. J. Comp. Neurol. 447, 1-7.
https://doi.org/10.1002/cne.10221.

Ueda, H.R., Dodt, H.U., Osten, P., Economo,
M.N., Chandrashekar, J., and Keller, P.J.
(2020). Whole-Brain Profiling of Cells and
Circuits in Mammals by Tissue Clearing and
Light-Sheet Microscopy. Neuron 106,
369-387. https://doi.org/10.1016/j.neuron.
2020.03.004.

Wang, Q., Ding, S.L., Li, Y., Royall, J., Feng,
D., Lesnar, P., Graddis, N., Naeemi, M.,
Facer, B., Ho, A., et al. (2020). The Allen
Mouse Brain Common Coordinate
Framework: A 3D reference atlas. Cell 187,
936-953.e20. https://doi.org/10.1016/].cell.
2020.04.007.

Papp, E.A., Leergaard, T.B., Calabrese, E.,
Johnson, G.A., and Bjaalie, J.G. (2014).
Waxholm Space atlas of the Sprague
Dawley rat brain. Neuroimage 97, 374-386.
https://doi.org/10.1016/j.neuroimage.2014.
04.001.

Murakami, T.C., Mano, T., Saikawa, S.,
Horiguchi, S.A., Shigeta, D., Baba, K.,
Sekiya, H., Shimizu, Y., Tanaka, K.F.,
Kiyonari, H., et al. (2018). A three-
dimensional single-cell-resolution whole-
brain atlas using CUBIC-X expansion
microscopy and tissue clearing. Nat.
Neurosci. 21, 625-637. https://doi.org/10.
1038/541593-018-0109-1.

Kim, Y., Venkataraju, K.U., Pradhan, K.,
Mende, C., Taranda, J., Turaga, S.C.,
Arganda-Carreras, |., Ng, L., Hawrylycz,
M.J., Rockland, K.S., et al. (2015). Mapping
social behavior-induced brain activation at


http://refhub.elsevier.com/S2589-0042(23)01639-5/sref38
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref38
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref38
http://refhub.elsevier.com/S2589-0042(23)01639-5/sref38
https://doi.org/10.1088/0954-898X/13/3/306
https://doi.org/10.1088/0954-898X/13/3/306
https://doi.org/10.1016/S1385-299X(98)00003-8
https://doi.org/10.1016/S1385-299X(98)00003-8
https://doi.org/10.1016/j.jneumeth.2010.12.007
https://doi.org/10.1016/j.jneumeth.2010.12.007
https://doi.org/10.1109/EMBC.2013.6610781
https://doi.org/10.1109/EMBC.2013.6610781
https://doi.org/10.1016/j.bspc.2019.101575
https://doi.org/10.1016/j.bspc.2019.101575
https://doi.org/10.1016/j.eswa.2013.06.010
https://doi.org/10.1023/B:VLSI.0000028532.53893.82
https://doi.org/10.1023/B:VLSI.0000028532.53893.82
https://doi.org/10.1016/j.jneumeth.2012.12.017
https://doi.org/10.1016/j.jneumeth.2012.12.017
https://doi.org/10.1242/dmm.042200
https://doi.org/10.1242/dmm.042200
https://doi.org/10.1038/s41598-018-24916-9
https://doi.org/10.1038/s41598-018-24916-9
https://doi.org/10.1371/journal.pbio.1002340
https://doi.org/10.1371/journal.pbio.1002340
https://doi.org/10.1186/s12859-021-04344-9
https://doi.org/10.1186/s12859-021-04344-9
https://doi.org/10.1038/s41592-019-0582-9
https://doi.org/10.1038/s41592-019-0582-9
https://doi.org/10.1038/s41593-017-0027-7
https://doi.org/10.1038/s41593-017-0027-7
https://doi.org/10.1002/cne.24635
https://doi.org/10.1002/cne.24635
https://doi.org/10.3389/fninf.2019.00075
https://doi.org/10.3389/fninf.2019.00075
https://doi.org/10.1016/j.isci.2020.101906
https://doi.org/10.1016/j.isci.2020.101906
https://doi.org/10.1016/j.procs.2012.09.053
https://doi.org/10.1016/j.procs.2012.09.053
https://doi.org/10.1016/j.procs.2018.05.069
https://doi.org/10.1016/j.procs.2018.05.069
https://doi.org/10.1016/j.clinimag.2020.04.025
https://doi.org/10.1016/j.clinimag.2020.04.025
https://doi.org/10.1038/s41592-020-01018-x
https://doi.org/10.1038/s41592-020-01018-x
https://doi.org/10.1038/s41592-022-01663-4
https://doi.org/10.1038/s41592-022-01663-4
https://doi.org/10.1038/icb.2017.16
https://doi.org/10.1038/icb.2017.16
https://doi.org/10.3389/FNANA.2018.00082
https://doi.org/10.3389/FNANA.2018.00082
https://doi.org/10.25493/2FDYXZ-76U
https://doi.org/10.25493/2FDYXZ-76U
https://doi.org/10.1523/JNEUROSCI.21-14-05147.2001
https://doi.org/10.1523/JNEUROSCI.21-14-05147.2001
https://doi.org/10.1523/JNEUROSCI.2728-06.2006
https://doi.org/10.1523/JNEUROSCI.2728-06.2006
https://doi.org/10.1369/jhc.2008.952820
https://doi.org/10.1369/jhc.2008.952820
https://doi.org/10.1523/JNEUROSCI.2494-08.2008
https://doi.org/10.1523/JNEUROSCI.2494-08.2008
https://doi.org/10.1002/(SICI)1098-2396(199708)26:4&lt;400::AID-SYN8&gt;3.0.CO;2-A
https://doi.org/10.1002/(SICI)1098-2396(199708)26:4&lt;400::AID-SYN8&gt;3.0.CO;2-A
https://doi.org/10.1002/(SICI)1098-2396(199708)26:4&lt;400::AID-SYN8&gt;3.0.CO;2-A
https://doi.org/10.1016/j.neuroscience.2004.08.050
https://doi.org/10.1016/j.neuroscience.2004.08.050
https://doi.org/10.1002/cne.10221
https://doi.org/10.1016/j.neuron.2020.03.004
https://doi.org/10.1016/j.neuron.2020.03.004
https://doi.org/10.1016/j.cell.2020.04.007
https://doi.org/10.1016/j.cell.2020.04.007
https://doi.org/10.1016/j.neuroimage.2014.04.001
https://doi.org/10.1016/j.neuroimage.2014.04.001
https://doi.org/10.1038/s41593-018-0109-1
https://doi.org/10.1038/s41593-018-0109-1

iScience

cellular resolution in the mouse. Cell Rep.
10, 292-305. https://doi.org/10.1016/].
celrep.2014.12.014.

76. Attili, S.M., Silva, M.F.M., Nguyen, T.-V., and
Ascoli, G.A. (2019). Cell numbers,
distribution, shape, and regional variation
throughout the murine hippocampal
formation from the adult brain Allen
Reference Atlas. Brain Struct. Funct. 224,
2883-2897. https://doi.org/10.1101/635201.

77. Vandenberghe, M., Hérard, A., Souedet, N.,
Sadouni, E., Santin, M., Briet, D., Carré, D.,
Schulz, J., Hantraye, P., Chabrier, P., et al.
(2016). High-throughput 3D whole-brain
quantitative histopathology in rodents. Sci.
Rep. 6, 1-12. https://doi.org/10.1038/
srep20958.

78. Carey, H., Pegios, M., Martin, L., Saleeba, C.,
Turner, A., Everett, N., Puchades, M.,
Bjaalie, J., and McMullan, S. (2022).
DeepSlice: Rapid Fully Automatic
Registration of Mouse Brain Imaging to a
Volumetric Atlas. Preprint at bioRxiv.
https://doi.org/10.1101/2022.04.28.489953.

79. Lupori, L., Totaro, V., Cornuti, S., Ciampi, L.,
Carrara, F., Grilli, E., Viglione, A., Tozzi, F.,
Putignano, E., Mazziotti, R., et al. (2023). A
Comprehensive Atlas of Perineuronal Net
Distribution and Colocalization with
Parvalbumin in the Adult Mouse Brain.
Preprint at bioRxiv. https://doi.org/10.1101/
2023.01.24.525313.

80. Ip, C.W., Cheong, D., and Volkmann, J.
(2017). Stereological Estimation of
Dopaminergic Neuron Number in the
Mouse Substantia Nigra Using the Optical
Fractionator and Standard Microscopy
Equipment. J. Vis. Exp. 56103. https://doi.
org/10.3791/56103.

81. Bankhead, P., Loughrey, M.B., Fernandez,
J.A., Dombrowski, Y., McArt, D.G., Dunne,
P.D., McQuiaid, S., Gray, R.T., Murray, L.J.,
Coleman, H.G., et al. (2017). QuPath: Open
source software for digital pathology image
analysis. Sci. Rep. 7, 1-7. https://doi.org/10.
1038/541598-017-17204-5.

82. Tyson, A.L., and Margrie, T.W. (2022).
Mesoscale microscopy and image analysis
tools for understanding the brain. Prog.
Biophys. Mol. Biol. 168, 81-93. https://doi.
org/10.1016/j.pbiomolbio.2021.06.013.

83. Kleven, H., Reiten, ., Blixhavn, C.H., Schlegel,
U., @vsthus, M., Papp, E.A., Puchades, M.A,,
Bjaalie, J.G., Leergaard, T.B., and Bjerke, |.E.
(2023). A neuroscientist’s guide to using murine
brain atlases for efficient analysis and
transparent reporting. Front. Neuroinf. 17,
1154080. https://doi.org/10.3389/FNINF.2023.
1154080.

84. Hamilton, P.W., van Diest, P.J., Williams, R., and
Gallagher, A.G. (2009). Do we see what we
think we see? The complexities of
morphological assessment. J. Pathol. 218,
285-291. https://doi.org/10.1002/path.2527.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

Garcia-Cabezas, M., John, Y., Barbas, H.,
and Zikopoulos, B. (2016). Distinction of
neurons, glia and endothelial cells in the
cerebral cortex: An algorithm based on
cytological features. Front. Neuroanat. 10,
1-28. https://doi.org/10.3389/fnana.2016.
00107.

Ciampi, L., Carrara, F., Totaro, V., Mazziotti,
R., Lupori, L., Santiago, C., Amato, G.,
Pizzorusso, T., and Gennaro, C. (2022).
Learning to count biological structures with
raters’ uncertainty. Med. Image Anal. 80,
102500. https://doi.org/10.1016/j.media.
2022.102500.

McGrath, J.C., Drummond, G.B.,
Mclachlan, E.M., Kilkenny, C., and
Wainwright, C.L. (2010). Editorial:
Guidelines for reporting experiments
involving animals: The ARRIVE guidelines.
Br. J. Pharmacol. 160, 1573-1576. https://
doi.org/10.1111/j.1476-5381.2010.00873.x.
Percie du Sert, N., Hurst, V., Ahluwalia, A.,
Alam, S., Avey, M.T., Baker, M., Browne,
W.J., Clark, A., Cuthill, I.C., Dirnagl, U., et al.
(2020). The ARRIVE guidelines 2.0: Updated
guidelines for reporting animal research.

J. Cerebr. Blood Flow Metabol. 40, 1769—
1777. https://doi.org/10.1177/
0271678X20943823.

Deutsch, E.W., Ball, C.A., Berman, J.J.,
Bova, G.S., Brazma, A., Bumgarner, R.E.,
Campbell, D., Causton, H.C., Christiansen,
J.H., Daian, F., et al. (2008). Minimum
information specification for in situ
hybridization and immunohistochemistry
experiments (MISFISHIE). Nat. Biotechnol.
26, 305-312. https://doi.org/10.1038/
nbt1391.

Bandrowski, A.E., and Martone, M.E. (2016).
RRIDs: A simple step toward improving
reproducibility through rigor and
transparency of experimental methods.
Neuron 90, 434-436. https://doi.org/10.
1016/j.neuron.2016.04.030.

Bjerke, I, Yates, S., Carey, H., Bjaalie, J., and
Leergaard, T. (2023). Checklist for Reporting
Cell Counting Studies. https://doi.org/10.
5281/zenodo.8082124.

Wilkinson, M.D., Dumontier, M.,
Aalbersberg, I.J.J., Appleton, G., Axton, M.,
Baak, A., Blomberg, N., Boiten, J.-W., da
Silva Santos, L.B., Bourne, P.E., et al. (2016).
The FAIR Guiding Principles for scientific
data management and stewardship. Sci.
Data 3, 160018. https://doi.org/10.1038/
sdata.2016.18.

Herculano-Houzel, S., and Lent, R. (2005).
Isotropic fractionator: A simple, rapid
method for the quantification of total cell
and neuron numbers in the brain.

J. Neurosci. 25, 2518-2521. https://doi.org/
10.1523/JNEUROSCI.4526-04.2005.

Riffault, B., Cloarec, R., Rabiei, H., Begnis,
M., Ferrari, D.C., and Ben-ari, Y. (2022). A
quantitative cholinergic and

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

¢? CellPress

OPEN ACCESS

catecholaminergic 3D Atlas of the
developing mouse brain. Neuroimage 260,
119494. https://doi.org/10.1016/j.
neuroimage.2022.119494.

Silvestri, L., Paciscopi, M., Soda, P.,
Biamonte, F., lannello, G., Frasconi, P., and
Pavone, F.S. (2015). Quantitative
neuroanatomy of all Purkinje cells with light
sheet microscopy and high-throughput
image analysis. Front. Neuroanat. 9, 68.
https://doi.org/10.3389/fnana.2015.00068.
Oh, S.W., Harris, J.A., Ng, L., Winslow, B.,
Cain, N., Mihalas, S., Wang, Q., Lau, C.,
Kuan, L., Henry, A.M., et al. (2014). A
mesoscale connectome of the mouse brain.
Nature 508, 207-214. https://doi.org/10.
1038/nature13186.

Amato, S.P., Pan, F., Schwartz, J., and
Ragan, T.M. (2016). Whole brain imaging
with serial two-photon tomography. Front.
Neuroanat. 10, 160985. https://doi.org/10.
3389/FNANA.2016.00031.

Perens, J., Salinas, C.G., Skytte, J.L.,
Roostalu, U., Dahl, A.B., Dyrby, T.B.,
Wichern, F., Barkholt, P., Vrang, N., Jelsing,
J., and Hecksher-Sarensen, J. (2021). An
Optimized Mouse Brain Atlas for
Automated Mapping and Quantification of
Neuronal Activity Using iDISCO+ and Light
Sheet Fluorescence Microscopy.
Neuroinformatics 19, 433-446. https://doi.
org/10.1007/512021-020-09490-8.

Laja, A., Bjerke, I., Leergaard, T., and Witter,
M. (2020). Distribution of Parvalbumin-
Positive Interneurons in the Normal Adult
Mouse Brain (EBRAINS). https://doi.org/10.
25493/BXGX-WM4,

Puchades, M.A., Csucs, G., Ledergerber, D.,
Leergaard, T.B., and Bjaalie, J.G. (2019).
Spatial registration of serial microscopic
brain images to three-dimensional
reference atlases with the QuickNIl tool.
PLoS One 14, e0216796. https://doi.org/10.
1371/journal.pone.0216796.

Groeneboom, N.E,, Yates, S.C., Puchades,
M.A., and Bjaalie, J.G. (2020). Nutil: A Pre-
and Post-processing Toolbox for
Histological Rodent Brain Section Images.
Front. Neuroinf. 14, 37. https://doi.org/10.
3389/fninf.2020.00037.

Schmitz, C., Eastwood, B.S., Tappan, S.J.,
Glaser, J.R., Peterson, D.A., and Hof, P.R.
(2014). Current automated 3D cell detection
methods are not a suitable replacement for
manual stereologic cell counting. Front.
Neuroanat. 8, 27. https://doi.org/10.3389/
fnana.2014.00027.

Coggeshall, R.E. (1992). A consideration of
neural counting methods. Trends Neurosci.
15, 9-13. https://doi.org/10.1016/0166-
2236(92)90339-A.

Kozlov, M. (2022). NIH issues a seismic
mandate: share data publicly. Nature 602,
558-559. https://doi.org/10.1038/D41586-
022-00402-1.

iScience 26, 107562, September 15, 2023 13


https://doi.org/10.1016/j.celrep.2014.12.014
https://doi.org/10.1016/j.celrep.2014.12.014
https://doi.org/10.1101/635201
https://doi.org/10.1038/srep20958
https://doi.org/10.1038/srep20958
https://doi.org/10.1101/2022.04.28.489953
https://doi.org/10.1101/2023.01.24.525313
https://doi.org/10.1101/2023.01.24.525313
https://doi.org/10.3791/56103
https://doi.org/10.3791/56103
https://doi.org/10.1038/s41598-017-17204-5
https://doi.org/10.1038/s41598-017-17204-5
https://doi.org/10.1016/j.pbiomolbio.2021.06.013
https://doi.org/10.1016/j.pbiomolbio.2021.06.013
https://doi.org/10.3389/FNINF.2023.1154080
https://doi.org/10.3389/FNINF.2023.1154080
https://doi.org/10.1002/path.2527
https://doi.org/10.3389/fnana.2016.00107
https://doi.org/10.3389/fnana.2016.00107
https://doi.org/10.1016/j.media.2022.102500
https://doi.org/10.1016/j.media.2022.102500
https://doi.org/10.1111/j.1476-5381.2010.00873.x
https://doi.org/10.1111/j.1476-5381.2010.00873.x
https://doi.org/10.1177/0271678X20943823
https://doi.org/10.1177/0271678X20943823
https://doi.org/10.1038/nbt1391
https://doi.org/10.1038/nbt1391
https://doi.org/10.1016/j.neuron.2016.04.030
https://doi.org/10.1016/j.neuron.2016.04.030
https://doi.org/10.5281/zenodo.8082124
https://doi.org/10.5281/zenodo.8082124
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1523/JNEUROSCI.4526-04.2005
https://doi.org/10.1523/JNEUROSCI.4526-04.2005
https://doi.org/10.1016/j.neuroimage.2022.119494
https://doi.org/10.1016/j.neuroimage.2022.119494
https://doi.org/10.3389/fnana.2015.00068
https://doi.org/10.1038/nature13186
https://doi.org/10.1038/nature13186
https://doi.org/10.3389/FNANA.2016.00031
https://doi.org/10.3389/FNANA.2016.00031
https://doi.org/10.1007/S12021-020-09490-8
https://doi.org/10.1007/S12021-020-09490-8
https://doi.org/10.25493/BXGX-WM4
https://doi.org/10.25493/BXGX-WM4
https://doi.org/10.1371/journal.pone.0216796
https://doi.org/10.1371/journal.pone.0216796
https://doi.org/10.3389/fninf.2020.00037
https://doi.org/10.3389/fninf.2020.00037
https://doi.org/10.3389/fnana.2014.00027
https://doi.org/10.3389/fnana.2014.00027
https://doi.org/10.1016/0166-2236(92)90339-A
https://doi.org/10.1016/0166-2236(92)90339-A
https://doi.org/10.1038/D41586-022-00402-1
https://doi.org/10.1038/D41586-022-00402-1

	Scaling up cell-counting efforts in neuroscience through semi-automated methods
	Introduction
	Approaches to cell quantification in neuroscience
	Traditional methods
	Segmentation-based methods

	Practices for reporting quantitative data in neuroscience
	Reporting practices for information about subjects
	Reporting practices for information about anatomical regions of interest
	Reporting practices for method-specific information
	Tissue processing information
	Counting method information
	Stereology information


	Practical advice for researchers planning a cell counting study
	Choosing a method
	Implementing the method
	Reporting on the method

	Scaling up efforts to quantify cells across the murine brain: Challenges and opportunities
	Summary and outlook
	Limitations of the study
	Acknowledgments
	Author contributions
	Declaration of interests
	References


