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Beyond neurons: computer vision methods for analysis of morphologically complex astrocytes
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The study of the geometric organization of biological tissues has a rich history in the literature. However, the geometry and architecture of individual cells within tissues has traditionally relied upon manual or indirect measures of shape. Such rudimentary measures are largely a result of challenges associated with acquiring high resolution images of cells and cellular components, as well as a lack of computational approaches to analyze large volumes of high-resolution data. This is especially true with brain tissue, which is composed of a complex array of cells. Here we review computational tools that have been applied to unravel the cellular nanoarchitecture of astrocytes, a type of brain cell that is increasingly being shown to be essential for brain function. Astrocytes are among the most structurally complex and functionally diverse cells in the mammalian body and are essential partner cells of neurons. Light microscopy does not allow adequate resolution of astrocyte morphology, however, large-scale serial electron microscopy data, which provides nanometer resolution 3D models, is enabling the visualization of the fine, convoluted structure of astrocytes. Application of computer vision methods to the resulting nanoscale 3D models is helping reveal the geometry and organizing principles of astrocytes, but a complete understanding of astrocyte structure and its functional implications will require further adaptation of existing computational tools, as well as development of new approaches.
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1 Introduction

The study of the geometric organization of biological tissue has a rich history in the literature (Thompson, 1917; Blum, 1973; Neville, 1993). The organization of cells into tissues and organs has often been described qualitatively and with visual illustrations. However, advances in imaging technology coupled with modern computer vision (CV) techniques have progressively allowed speculation on structure-function relationships in biology and medicine to be formalized quantitatively. CV is pivotal in investigating biology and physiology over a wide range of spatial resolutions, from tracking eye and animal movements in behavioral studies (Naik et al., 2023), to modelling organ structure and function in CT and fMRI studies (de Belen et al., 2020), to analyzing the structure of cells and proteins at the microscopic (Dileep et al., 2023) and angstrom levels (Punjani et al., 2017). Integrating structural information across these levels of spatial resolution will continue to drive our understanding of biological structure and physiology. Importantly, quantitative tools for understanding tissue and cell morphology will ultimately allow for better understanding of disease. For example, in the heart, the cellular organization and overall shape of the organ changes in diseases such as dilated cardiomyopathy or myocardial infarction to different degrees (Chen et al., 2003; von Deuster et al., 2016). Similarly, the cellular structure of astrocytes, a specialized cell-type in the brain, which we focus on here, drastically changes in conditions such as Alzheimer’s disease and stroke (Acosta et al., 2017).


1.1 Applying computer vision methods to study astrocyte nanostructure

Neurons are the primary cells responsible for transmitting information in nervous systems, and they undergo the plastic processes thought to lead to memory formation and learning. As such, both inside and outside the neuroscience community, neurons are generally imagined to be solely responsible for brain function while other cell types in the brain are often ignored. This neurocentric view has also permeated computer science; artificial neural networks are based on neuronal form and function. However, neurons have essential partner cells, called astrocytes, which are necessary for normal brain function and health. While astrocytes were originally thought to be the “glue” that held neurons together, in the past three decades it has become clear that astrocytes are active participants in brain function. Astrocytes control energy supply to the brain, regulate the ions and neurotransmitters required for information flow, direct neural circuit development, and couple the circulatory system to the brain (Khakh and Deneen, 2019). Astrocytes thus play vital roles in behaviors including respiration, olfaction, food intake, vision and sleep (Petzold et al., 2008; Halassa et al., 2009; Kim et al., 2014; García-Cáceres et al., 2016; Brancaccio et al., 2017). Astrocytes are also intimately involved in learning and memory (Henneberger et al., 2010; Adamsky et al., 2018). Evidence from the mouse visual system also suggests that astrocytes play a direct role in information processing (Curreli et al., 2022). Incorporating astrocytes into models of neural computation may thus be a critical component missing in understanding biological intelligence (De Pittà and Berry, 2019; Murphy-Royal et al., 2023). A number of studies incorporating astrocytes into artificial neural networks have shown promise (Ivanov and Michmizos, 2021; Polykretis and Michmizos, 2022; Kozachkov et al., 2023), suggesting that “artificial astrocytes” may prove to be key in building networks capable of generalization.

Astrocytes are an interesting case study in CV for two reasons. Firstly, their structure-function relationships have yet to be fully elucidated, and thus analysis of their geometry, shape, and the principles by which their structure is organized will lead to new theories of how they participate in brain function. Secondly, due to their morphological complexity, astrocytes push the limits of microscopy and CV algorithms. Innovative CV approaches are therefore necessary to understand their shape and function.



1.2 The problem of astrocytic form

A common adage in neurobiology is that “function follows form” (Marín and Gleeson, 2011). The branching patterns of neuronal axons and dendrites, as well as the macroscopic connections between brain regions, must be precisely structured to allow for healthy brain function. The adage also applies to astrocytes, however, as mentioned, astrocytic form has yet to be fully elucidated. Astrocytes are essentially space-filling cells. They tile, or tessellate, virtually the entire brain without invading each other’s territories (Figures 1A,B). They can be approximated as occupying a roughly spherical polyhedral territory, with a diameter of ~60 micrometers (μm) in rodents, where they have predominantly been studied (Figures 1C,D) (Bushong et al., 2002; Grosche et al., 2013). Within that volume, astrocytes densely fill the space between neurons (Figure 1D), intimately contacting neural circuitry and the blood vessels that they regulate. Their space-filling form means that astrocytes have a convoluted and complex morphology. Their finest branches are extremely thin, on the order of tens of nanometers, falling well below the resolution limit of standard light microscopes (Kosaka and Hama, 1986; Ventura and Harris, 1999; Hama et al., 2004; Khakh and Deneen, 2019) Such fine 3D anatomy has hampered investigation of astrocytic form. However, several recent studies have used volume electron microscopy (vEM) to image and reconstruct astrocytes at the nanoscale (Mathiisen et al., 2010; Patrushev et al., 2013; Medvedev et al., 2014; Gavrilov et al., 2018; Calì et al., 2019a; Aten et al., 2022; Salmon et al., 2023; Villanueva et al., 2023). These studies bring to light a variety of challenges in mapping and understanding the structure and function of astrocytes which will require further development of CV tools. Here we highlight key gaps in our current ability to automatically segment, map, and ascribe functional significance to astrocytic form. Given the fledgling nature of the toolbox for parsing astrocyte nanoarchitecture, we keep an eye to the future, focussing on areas where CV methods can be applied and extended to help elucidate astrocytic nanoarchitecture and structure-function relationships. We aim to provide not just a review of the literature, but also a roadmap, for both computer scientists and biologists, as to where novel contributions from the CV community are most needed.
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FIGURE 1
 Tissue- and cellular-level structure of astrocytes. Schematics (left) and light microscopy images (right) showing astrocytes at the mesoscale (A,B) and the microscale (C,D). (A) Schematic showing astrocytes tiling across neural space (shades of green) and surrounding neurons (shades of gray). (B) Astrocytes in the mouse hippocampus. Astrocytes have the feature of expressing some molecular markers at different levels from their neighbors. These markers can thus be used to see rough contours of astrocytes in an otherwise uniform field. Here, the potassium channel, Kir4.1 (green), is expressed at variable levels (top left). Astrocyte cell bodies are shown in magenta (bottom left). The overlay of the green and magenta channels (enlarged, right) is superimposed with dotted lines showing the rough boundaries of individual astrocytes, demonstrating their tessellation of the brain. Neurons are left unstained in these images and are therefore not visible. Negative space at centre of green image is the outline of densely packed neuronal cell bodies in the stratum pyramidale of the mouse hippocampus. Scale bars, 50 μm. (C) Schematic of a zoom (from yellow box in A) on an individual astrocyte. Neurons in gray. (D) Two neighboring astrocytes in the mouse sensory cortex experimentally labelled with green fluorescent protein. Cell bodies and primary branches can be seen in solid green, while the ill-defined nanoscopic branches appear as a cloud more peripherally. White arrowheads indicate the sheet-like structures of astrocytic perivascular endfeet that wrap around unlabelled blood vessels. Scale bar, 20 μm.





2 Segmentation and reconstruction of astrocytic nanostructure

Understanding the structure of nervous systems requires investigation at the nanoscale. To capture 3D structure of brain cells at the nanoscale, serial section EM (ssEM), a form of vEM whereby individual slices (sections) are cut from a tissue sample and imaged in sequence, is generally required (Figures 2A–F). ssEM can be done in two modalities: (1) by cutting and collecting serial sections and then imaging them (Spacek, 1985; Hayworth et al., 2015), or (2) by repeatedly imaging the surface of a block of tissue (the blockface), as sections are removed and discarded (Figures 2E,F). This latter modality can be done using serial blockface EM (SBEM) (Denk and Horstmann, 2004) or focussed-ion beam scanning EM (FIB-SEM; Figure 2E) (Knott et al., 2008).
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FIGURE 2
 Workflow for producing nanoscale models of astrocytes from ssEM data. (A) A top down (dorsal) view of a mouse brain after chemical fixation and extraction from the cranium. The bottom of the frame corresponds to front or rostral aspect of the brain. Dotted line indicates approximately where the brain slice in B was taken. (B) A coronal section of mouse brain. The cutting plane to produce this slice is orthogonal to the plane of the image in A, with the cut made along the dotted line in A. Blue pseudocolor is a combined labeling of cell nucleii (TO-PRO-3) and Layer 5 pyramidal neurons. (C) A micro-dissected piece of a coronal mouse brain slice, prepared for ssEM imaging. The tissue is embedded in an epoxy resin and is stained black with heavy metal contrast agents. (D) A thin section of a piece of mouse cerebral cortex, in coronal orientation, taken from the blockface of epoxy-embedded tissue similar to that presented in C. Stained with Toluidine Blue dye for examination with a light microscope. (E) Left, Focussed Ion Beam Scanning Electron Microscope (Helios Nanolab C3, FEI, Oregon). Right, View of the blockface of a sample of mouse cerebral cortex seen by the electron beam (ssEM view, top) and focussed ion beam (FIB view, bottom), of a FIBSEM. Naught symbol (left, ssEM view) and “X” symbol (lower left, FIB view), are fiducial markers for alignment of serial imaging. White asterisks indicate trenches that are milled on either side of the blockface to collect debris from ion beam milling during imaging. Double-ended arrow indicates the path along which the ion beam sweeps to remove material from the blockface. The slightly darker region at the centre of the ssEM view is the image acquisition region. (F) Schematic representation of serial EM images (left), a reconstructed tissue volume obtained by aligning and interpolating between serial images (right). (G) Single plane of ssEM dataset with astrocyte segmented in yellow (left). At right, the same segmentation mask is presented in monochrome, omitting raw EM data. All black labels are from a single connected component representing a single piece of astrocyte. (H) A 3D blender model of a piece of astrocyte obtained after segmenting contiguous astrocytic compartments in a FIBSEM dataset measuring ~8 μm × 12.7 μm × 6 μm, with a pixel size of 4 nm × 4 nm × 8 nm. An asterisk marks where the centre of a blood vessel would lie, surrounded by astrocytic perivascular endfeet. (A,C) Adapted from Kasthuri et al. (2015). (E) Adapted from Salmon et al. (2023).



2.1 Automated segmentation in the brain

Following acquisition of image series, structural modelling of nanoscale cellular features from ssEM requires extensive image segmentation (Figure 2G), which has been and remains the central bottleneck in studying cellular nanostructure (Lee et al., 2019). As a result, early efforts in ssEM imaging, which involved collecting serial sections by hand after cutting with diamond blades, resulted in only small portions of brain cells, primarily neurons and astrocytes, being reconstructed. 3D modelling in these early studies was initially performed by hand (White and Rock, 1980), camera lucida techniques (DeFelipe et al., 1986), and with early film digitization and computer graphics approaches (Stevens and Trogadis, 1984). 3D models were sometimes constructed with wood (White and Rock, 1980) or molded plastic (Spacek and Lieberman, 1974). Subsequently, a number of proprietary and community-built software packages such as Reconstruct (Fiala, 2005), IMOD (Kremer et al., 1996), TrakEM2 (Cardona et al., 2012), VAST (Berger et al., 2018) and a variety of Blender tools (Jorstad et al., 2014) allowed for reconstruction of larger pieces of brain cells (Figure 2H). Such programs enable manual segmentation, storage of segments in hierarchies and families, and semi-automated segmentation with fast-marching tools (Kremer et al., 1996; Cardona et al., 2012). However, these early attempts at automation did not significantly speed the process of segmentation, which remained in large part manual (Kreshuk et al., 2011; Meijering et al., 2016). Now, despite advances in automated segmentation, significant manual corrections are still required, and so state of the art vEM software like CATMAID (Saalfeld, 2019), webKnossos (Boergens et al., 2017), and FlyWire (Dorkenwald et al., 2022) is still used for manual segmentation.

Modern automated ssEM (Denk and Horstmann, 2004; Knott et al., 2008; Hayworth et al., 2015) allowed for longer series of EM images to be collected, making it feasible to reconstruct models of whole cells (Briggman and Denk, 2006). This approach, applied to mapping wiring diagrams of neural circuits and whole brains, is often referred to as cellular “connectomics” (Helmstaedter, 2013), hereafter, simply connectomics. With the arrival of these large datasets, efforts began to automatically segment ssEM image stacks (Jain et al., 2007; Turaga et al., 2010). Major advances have been made, with convolutional neural networks (CNNs) forming the backbone methodology of the field. Several reviews detail the history and state of the art in segmentation of neurons for connectomic reconstructions (Lee et al., 2019; Motta et al., 2019; Urakubo et al., 2019; Aswath et al., 2022). Rather than replicate those, we focus specifically on challenges for segmenting astrocytes.



2.2 Unique challenges of astrocytic ultrastructure

At the micrometer scale, neurons are clearly dendritic in structure, with relatively sparse branches resembling those of a branch-system of a tree (Figure 1A, in gray). Astrocytes, on the other hand, when examined at the micrometer scale, are poorly defined, resembling a dense bramble, bush, or cloudy structure (Figures 1B,D). This difference in structure is likely explained in part by the fact that, during the development of an animal’s brain, neurons are born and take up residence before astrocytes, and astrocytes fill the spaces left by neurons, squeezing between pre-existing structures. As a result, astrocytes have significantly thinner branch diameter than neurons on average (Salmon et al., 2023). These extremely thin and irregular branches are difficult to trace through the dense visual space of raw ssEM data. This is further complicated by the resolution of large ssEM datasets. While typical EM provides nanometer resolution in the X and Y dimensions, acquiring the large datasets needed for whole-cell reconstructions requires compromise. Either z-resolution is set relatively low (30–70 nm) to capture more tissue (Calì et al., 2019a; Aten et al., 2022), or serial blockface EM techniques are used, which facilitate automated tissue collection and alignment of 3D stacks, but compromise on x-y resolution due to the imaging modality, which uses backscattered electrons for imaging (Briggman et al., 2011; Korogod et al., 2015). In either case, the thinnest regions of astrocytic branches (~30 nm) become difficult to discern (Salmon et al., 2023), creating challenges for manual and automated segmentation alike.

Plaza (2016) notes that, for neuronal connectomics, “perfect reconstruction is seemingly unnecessary and also generally untenable due to image ambiguity.” However, high quality reconstruction is more important for astrocytes. While the main question for neurons is the arrangement of their branches and connections into neural circuits, paying close attention to the shape, in particular local width and volume, of astrocyte sub-compartments is important for understanding their function (Covelo et al., 2022). To support and regulate brain function, astrocytes actively remove neurotransmitters from the synaptic space to end neurotransmission. Astrocytes also control the concentration of ions surrounding synapses and neurons, which changes how easily and how much neurotransmitter is released by neurons. Effectively, both of these functions rely on the capacity of astrocytes to handle ions, since neurotransmitter uptake relies at least in part on harnessing ionic concentration gradients (Verkhratsky et al., 2019). The volume of astrocytic compartments is therefore an essential consideration, as volume of water in a compartment affects capacity to store ions and neurotransmitters, and volume itself can influence cell surface channels mediating movement of these molecules into and out of astrocytes (Benarroch, 2016). Branch width is also important as very thin connecting parts (“constrictions”) that separate larger-capacity parts (“expansions”) (Figure 3A) likely form barriers to diffusion between compartments (Denizot et al., 2019; Arizono et al., 2020; Denizot et al., 2022; Salmon et al., 2023), potentially biasing astrocytic intracellular signalling toward producing more localized events and toward more local regulation of neural function. Analyzing the fine shape of these sub-compartments is therefore an important aspect of untangling structure-function relationships in astrocytes.
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FIGURE 3
 Nanoscale structure of astrocyte branches. Schematic (left) and ssEM-based images and models (right) showing astrocytes at the nanoscale. (A) A schematic of a zoom (from, for example, the yellow box in Figure 1C) on the fine branching structure of an astrocyte. The “branch-branchlet-leaflet” heuristic is shown at the top, while the “core-expansion-constriction” schema is shown at the bottom. (B) Astrocytic segmentation in a single ssEM frame, corresponding to the astrocytic model in C,D. Scale bar, 200 nm. (C) Zoom on a 3D model of the complex mesh of astrocytic branches. Scale bar, 1 μm. (D) A model of a section of astrocyte that accounts for ~1/30th of a whole astrocyte. Scale cube, 1 × 1 × 1μm.




2.3 Segmentation of astrocytes

All studies analyzing large reconstructions of astrocytes have relied almost completely on manual segmentation by teams of annotators (Figures 3B–D) (Mathiisen et al., 2010; Patrushev et al., 2013; Medvedev et al., 2014; Gavrilov et al., 2018; Calì et al., 2019a; Aten et al., 2022; Salmon et al., 2023). While automated segmentation methods for neural ssEM datasets have been used for neuronal reconstructions since at least 2007 (Jain et al., 2007), their utility for investigating astrocyte structure has not been assessed. Indeed, it has been noted that astrocytes are often a source of error in large ssEM reconstructions, and some algorithms for circuit tracing are designed to specifically deal with errors caused by astrocytes (Berger et al., 2018; Januszewski et al., 2018). These errors can be easily found in the large open-access MICrONS data sets (Figures 4A–D), which were automatically segmented with state of the art approaches and are being continuously updated with crowdsourced manual corrections (MICrONS Consortium, 2021; Turner et al., 2022). Interestingly, to our knowledge, no attempts have been made to actively ignore astrocytes in automated segmentation tasks. Therefore, if astrocytes could be specifically segmented, this would not only benefit astrocyte biologists, but could also be used as a preprocessing step to improve neuronal segmentation.
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FIGURE 4
 Challenges when automatically segmenting astrocytes. (A) A single automatically segmented mesh in the Cortical MM3, or minnie65_public (v661), MICrONS dataset (MICrONS Consortium, 2021). All objects, which include blood vessels (medium to thick tubes), astrocytes (B), fine axons (C) and a thin dendrite (D) are connected to each other somewhere in the volume, which expands far outside the image boundaries in A. (B–D) Are zooms of regions in white boxes in A. The axons and dendrite depicted in C,D merge with astrocytes outside the image boundaries. The minnie65 dataset can be accessed here, and the specific view presented in A can be accessed (here). Scale bars, 20 μm (A–C), 10 μm (D).


After only a small amount of training, humans can easily recognize astrocytes in the dense EM visual space (Figure 5A). Astrocytes have distinctive dark-staining glycogen granules, and in most EM preparations, astrocytes have clearer cytoplasm than neurons and lighter staining mitochondria (Figures 5B,C) (Spacek, 1985). Importantly, due to their thin branches, despite tiling across the entire brain, astrocytes occupy only a small fraction of total brain volume, on the order of 8% in ssEM data (Kasthuri et al., 2015). This, combined with their identifying features, may aid in targeted segmentation of astrocytes. While very thin branches are likely to present barriers to complete segmentation of astrocytes, probabilistic U-Nets (Kohl et al., 2018), originally developed to account for ambiguities in ground truth segmentation, may be useful to handle difficult-to-segment thin and constricted regions by generating several possible segmentations. The unique morphology and tiling nature of the cells can then be used to generate the most plausible segmentation. The stereotyped, restricted volume within which single astrocytes are contained without overlapping with each other may be useful: disconnected astrocytic segments within a certain distance of an astrocyte cell body are likely to connect with that astrocyte, and anything further away is more likely to connect with another. Taking these features of astrocytes into account may significantly ease agglomeration of oversegmented astrocytes once astrocytic compartments can be automatically recognized.

[image: Figure 5]

FIGURE 5
 Segmentation of a portion of an astrocyte in dense EM visual space. (A) Raw electron micrograph containing multiple segments of an astrocyte. Scale bar, 1 μm. (B,C) Zoom of yellow box in A, without segmentation (B) and with astrocyte segmented in yellow (C). Dark staining glycogen granules are indicated with red arrowheads, lighter staining mitochondria (compared to neuronal mitochondria) are indicated with cyan arrowheads. Note that astrocytes have clearer cytoplasm, lacking the striations of neuronal components, obvious examples of which are indicated by asterisks in A–C. Scale bars, 1 μm. Figure adapted from Salmon et al. (2023).




2.4 Proofreading

While automated segmentation has progressed rapidly for mapping neural circuits, initial 3D segmentations are still error prone, and thus automated proofreading steps have been incorporated. For example, Zung et al. (2017) used supervised dense multiscale 3D CNNs for neural boundary detection and a separate dense network for error detection and correction. Gonda et al. (2021) exploit neural circuit connectivity for error correction. Rolnick et al. (2017) learn neuron morphology using unsupervised training to guide error detection. Nguyen et al. (2023) use reinforcement learning for merge and split error detection. Others focus on split errors across gaps in imaging of thinner axons using 3D steering (Berman et al., 2022; Schmidt et al., 2024). However, these methods are tailored to morphology of neurons, which is much simpler than that of astrocyte morphology (Figures 6A–C). Approaches focused on the particularities of astrocytic morphology may be required. In astrocytes, both split and merge errors are likely to occur at regions where astrocytic branches are very thin (Salmon et al., 2023). Thus, directing automated proofreading to thinned regions with nearby segments that might have been erroneously split from them, using for instance an error metric based on the thickness of the segmented objects, may be helpful. Merge errors are also likely to cause loops in the topology of astrocytic models, due to astrocytic branches doubling back on themselves and being restricted within a relatively small 3D space. We recently showed that loops and holes are very rare in astrocytic structure. Instead, astrocytic branches tend to loop back on themselves without fusing (Salmon et al., 2023). These so-called “reflexive loops” often correspond to flattened surfaces where two branches are apposed to one another (Aten et al., 2022; Salmon et al., 2023). Erroneous loops tend to occur here, where segmentation errors on individual serial images can fuse with otherwise unconnected, but apposed surfaces. Erroneous loops are also formed where very thin branches touch each other. Thus, directing proofreading to sites along loops that are in the vicinity of flat, apposed surfaces or thin regions would improve proofreading. Additionally, as mentioned above, the space tilling nature of astrocytes, which means that astrocytic branches are confined within an ~30 μm radius of the cell body, could provide an effective signal for both detecting and correcting split and merge errors on branches which, due to merge errors, are longer than expected.

[image: Figure 6]

FIGURE 6
 Astrocytic shape and topology are more complex than those of neuronal components. (A) Left, ssEM reconstructions of dendrites, axons and a subsection of a single astrocyte shown in their dense native spatial arrangement in the mouse cerebral cortex. Separate dendrites and axons are shown in different colors. The piece of astrocyte can be seen in yellow amongst the surrounding neuronal components. Right, the segment of astrocyte shown alone in yellow. Scale bar 5 μm. (B) Top-down view of astrocyte, dendrites and axons. Scale bar 5 μm. (C) A subset of the dendrites and axons shown in A,B, arranged to demonstrate their relative simplicity compared to the convoluted nature of astrocytes. Scale bar 5 μm. Segmented ssEM data and meshes were produced from publicly available datasets provided with VAST segmentation software (Berger et al., 2018).


Importantly, methods relying only on split and merge errors are agnostic to precision of segmentation. For example, missing some voxels along the surface of a cell, or labelling extracellular voxels as within a cell (i.e., tracing outside the lines), may not cause any splits or merges in the segmented cell. Split and merge errors can have significant impact in understanding neural circuit connections and topology of astrocytic branching patterns, however, astrocytes may additionally also require accurate membrane segmentation, especially of thin branches due to the functional importance of the width of those branches. Higher weight likely needs to be assigned to accuracy of segmentation, in addition to the split and merge errors, when dealing with astrocytes.

Since astrocytes have been all but ignored in automated segmentation for connectomics, high quality open-source training data for astrocytes is not yet available. Producing training data will require extensive manual proofreading of existing connectomics datasets containing erroneously segmented astrocytes. Guided manual proofreading will speed this effort and will be useful for manual quality control that is still required for all automated segmentation. While specific algorithms for “focused” and “guided” proofreading have been tested for neural segmentation (Plaza, 2016; Haehn et al., 2018; Bishop et al., 2021; Matelsky et al., 2022; Sanchez et al., 2022; Xenes et al., 2022; Celii et al., 2023; Joyce et al., 2023; Troidl et al., 2024), once again, the particularities of astrocyte morphology need to be taken into account. The sites of likely errors outlined above could be used to guide human proofreaders to errors. An additional consideration here is that the basic visual experience of following astrocytic branches through serial images is different from that of neurons. Dendrites and axons are more tubular and directed than the convoluted branches of astrocytes (Figures 6B,C). Capitalizing on this tubularity, some groups have generated interfaces for “flying” through neuronal branches and correcting merge and split errors along the way (Drawitsch et al., 2018; Dorkenwald et al., 2022). This will likely not be optimal for astrocytes, whose branches are much less tubular and more convoluted than those of neurons. Case by case guided proofreading is likely more useful.

As new tools are designed and deployed in formats that allow astrocyte biologists to use them, the resulting reconstructions will provide the raw material for understanding astrocyte structure-function relationships. Astrocyte structure and function are known to vary depending on the microcircuits and brain regions in which they are embedded (Halassa et al., 2007; Endo et al., 2022; Murphy-Royal et al., 2023). Acquiring high quality reconstructions of whole astrocytes from different brain regions, in multiple species, in differing states of health and disease, will help in understanding their functions. To support this endeavour, the community should prioritize sharing segmented astrocyte labels as well as the underlying ssEM image stacks, as is widely done with largescale connectomics datasets (Kasthuri et al., 2015; MICrONS Consortium, 2021; Shapson-Coe et al., 2021; Covelo et al., 2022; Dorkenwald et al., 2023). An astrocyte-tailored database with appropriate metadata would be beneficial for this purpose. Once reconstructions are acquired and made available, however, we must be able to parse their complex structure to probe the principles by which astrocytic structure is organized and how this influences astrocyte function.




3 Analysis of astrocytic shape and nanostructure

Understanding differences between shapes of organs and cells, and modeling the variability both within and across populations, in healthy and disease contexts, has many applications in biology and medicine (Thompson, 1917; Blum, 1973; Grenander and Miller, 1998). Investigations of Alzheimer’s disease (AD) provide a range of examples. At the macro-scale, CV analysis of MRI data has been extensively used for modelling the shape of the hippocampus, a curved brain region of approximately 0.4 cm3 involved in learning and memory (Bouix et al., 2005; McHugh et al., 2007; Brusini et al., 2020). The same approaches are also used to study changes in the size and shape of the hippocampus in conditions such as AD (Shen et al., 2012; Achterberg et al., 2014; Joshi et al., 2016; Sarasua et al., 2022). At the molecular scale, both classical CV (Fukatsu et al., 1988) and CNN-based approaches (Vizcarra et al., 2020) have been used to better understand and detect pathological markers of AD. While dramatic changes can also be observed qualitatively in the nano-scale shape of astrocytes in AD (Bouvier et al., 2016), we lack a full understanding of even healthy astrocyte nanostructure. Shape analysis is therefore needed to understand astrocytes in the context of health and diseases like AD.


3.1 Shape analysis for understanding astrocytic structure

Interpreting the structural complexity of astrocytes requires operating across a range of scales, and this has historically complicated interrogating astrocytic nanostructure. To simplify this complexity, a straightforward heuristic was adopted whereby the astrocytic structure was broken down into the cell body, main branches, thinner branchlets, and the thinnest, terminal leaflets (Figure 3A) (Khakh and Sofroniew, 2015). Interestingly, astrocytes have long been described as “spongiform” or “spongelike,” and so the tree analogy used in this heuristic neglected the notion that astrocytes contain loops and holes, which are features of sponges but not of simple tree-like branching diagrams. We have proposed a quantitative approach to decompose astrocytes into parts by detecting abrupt changes in branch thickness using local width measurements, calculated using radii of inscribed spheres (Salmon et al., 2023). This allowed sections of astrocyte to be broken down into central core regions giving rise to branches of alternating thin constrictions and thicker expansions (Figure 3A). Functionally, alternation of constrictions and expansions may form separate sub-compartments between which diffusion is limited, biasing signalling events in astrocytes toward remaining more local. Theoretical work on molecular dynamics in astrocytes shows that this is likely true for diffusion of calcium (Ca2+), a key intracellular signal that controls many astrocytic functions (Denizot et al., 2022). Quantitative CV-based approaches thus provide details that point to likely functional outcomes of structural specializations.

Importantly, neither the branch-branchlet-leaflet hierarchy, nor the core-expansion-constriction schema fully capture the morphology of astrocytes. A single astrocyte can have morphologically distinct parts such as highly branched regions interspersed by reflexive loops, as well as flat, sheet-like regions with more uniform curvature and a cylindrical geometry at endfeet (Maynard et al., 1957; Mathiisen et al., 2010) or around synapses (Grosche et al., 1999). Additionally, along with undulations in branch width forming constrictions and expansions, the amplitude of that undulation may decrease with distance from the cell body, resulting in progressively smaller constrictions and/or expansions. Further categorizing different parts of an astrocyte is therefore an interesting open problem which could benefit from the rich object part segmentation methods in CV. For example, spectral decomposition methods segment objects into parts using eigenfunctions of the Laplace–Beltrami operator over said objects to analyze their shape (Reuter et al., 2009a,b; Andreux et al., 2015). Essentially, these approaches model heat diffusion across a surface to describe shape, ultimately decomposing irregular objects into clearly recognizable parts. Alternatively, bottom-up hierarchical methods such as co-hierarchical clustering of part types (van Kaick et al., 2013) allow decomposition of complex objects into classes of parts that are similar in shape but dissimilar in size or in their spatial relationships to each other. This approach may allow recognition of constrictions, expansions and sheets that vary in size and location within the astrocyte structure. Adaptation of methods like these for astrocyte morphology would allow for a data driven division of complex astrocytes into constituent parts based solely on their structure without the need for setting thresholds that dictate decomposition as in Salmon et al. (2023).



3.2 Medial representations for parsing astrocytic shape and topology

As a result of the “spongiform” appearance of astrocytes in light microscopy images, it has been unclear for decades whether astrocytes have a tree-like architecture, or a Swiss cheese-like morphology with holes and looping structures (Rusakov, 2015). Medial representations are a group of shape descriptors that exploit local symmetries to simplify complex 3D objects. The resulting skeletal models are ideal for examining object topology.

The most prominent algorithm used for skeletonization of neurons segmented from ssEM data is TEASAR (Tree-structure Extraction Algorithm for Skeletons-Accurate and Robust) (Sato et al., 2000), which has varying implementations in toolboxes such as MeshParty (Dorkenwald, 2023), Skeletor (Schlegel and Kazimiers, 2021), NeuTu (Zhao et al., 2018), Skeletopyze (Funke, 2022), and Skeletonization (Bae, 2023). Although these approaches produce high quality centrelines, they can be slow, in part because they require segmentation masks to be converted to meshes. Silversmith et al. (2022) have recently reported the connectomics toolbox, Igneous, which incorporates a python-based TEASAR implementation (Kimimaro) that circumvents the meshing step, works on subdomains of segmentations to avoid memory issues, and is optimized for cluster computing. However, while TEASAR-based skeletonization works well on “wire-like,” hierarchically branching objects, it is not homotopic—i.e., it does not produce skeletons that accurately maintain the topology of more complex shapes (Figure 7A). The skeleton produced can also vary drastically with object rotation (Supplementary Video S1). Furthermore, the algorithm specifically ignores loops. This is not optimal for 3D models of astrocytes as they are not wire-like and do contain occasional bona fide loops (Figure 7B) and many error-generated looping structures that need to be detected (Salmon et al., 2023). Several other, less well-used, skeletonization approaches are homotopic (Figure 7A) and do not require a meshing step (Malandain et al., 1993; Siddiqi et al., 2002). Homotopic thinning (HT), which gradually thins objects down to a medial representation, was used in two recent studies of astrocyte morphology (Mohammed et al., 2018; Salmon et al., 2023). Average outward flux (AOF)-based methods, which detect medial surfaces by locating singularities in the signed distance function of an object, have also been used (Salmon et al., 2023). We refer to both HT and AOF approaches as “homotopic methods.” Homotopic methods can be implemented efficiently using heaps, with distance-to-boundary as the sorting key, significantly speeding skeletonization. While efficient implementations of both TEASAR and homotopic methods are O(NlogN), where N is the size of the object, TEASAR requires computing Euclidean distance fields multiple times. The homotopic methods use a single Euclidean distance field (Lee et al., 1994; Siddiqi et al., 2002). Further, Mohammed et al. (2018) have developed a parallel HT algorithm, likely providing even greater efficiency.
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FIGURE 7
 Medial representations of astrocytes. (A) A toy example of an object with multiple holes containing curved as well as rounded regions in translucent gray and corresponding curve skeletons shown using red curves. The left had side shows the skeleton generated using the TEASAR algorithm, whereas the right hand side show the medial curve generated using a homotopic thinning algorithm. Notice that homotopic thinning preserves the topology of the object. (B) A segment of an astrocyte presented as a transparent mesh with its medial curve shown in pink. A rare loop in astrocyte morphology is highlighted in the zoomed box on the right in blue. (C) A toy example of an object with tubular as well as a flat, curved region shown in translucent gray, with the corresponding medial curve (left) and medial surface (right) shown in red. The medial curve does not adequately represent the shape of an object in non-tubular regions. (D) The medial surface representation of the same segment of astrocyte depicted in (A) with colormap indicating the local width of the part. The zoom box at right depicts both tubular as well as non-tubular regions in an astrocyte. Scale bars 1 μm.


Importantly for studies of astrocytes, homotopic methods can generate both medial surfaces and medial curves (Figure 7C). Medial curves, which are classical single pixel-wide skeletons, are ill defined for non-tubular objects, but are nonetheless useful for understanding neuronal as well as astrocytic connectivity and branching. On the other hand, medial surfaces, which provide skeletal representations of general embedded objects in 3D, are useful specifically for astrocytes where morphological properties like branch width and sheet-like structures (see below) are of interest. As whole-cell astrocyte reconstructions become available, homotopic methods will speed analysis and provide accurate and richer skeletal representations.

Reducing astrocytes to homotopic medial representations allows for straightforward extraction of their topological nature (Mohammed et al., 2018; Salmon et al., 2023). Representing the medial curve of subregions of astrocytes as spatial graphs allows for a straightforward search for loops using the spanning tree of the graph (Figure 7B) (Salmon et al., 2023). This showed that astrocytes have a mostly hierarchical structure, in which true loops are rare, as mentioned in the previous section. Astrocytic structural organization with extensive looping structures would likely lead to easier and more extensive diffusion of chemical signals throughout the cell. Instead, again, astrocytic architecture appears to bias these cells toward operating more locally on a subcellular scale.

Some studies have observed that parts of astrocytic branches can be “sheet-like.” This appears to be particularly true for terminal branches of Bergmann glia, the specialized astrocytes of the cerebellum (Grosche et al., 1999). Others have noted that cortical astrocytes can have sheet-like regions wrapping synapses (Khakh and Sofroniew, 2015). And most conspicuously, astrocytic endfeet, which wrap around blood vessels, do so by forming roughly cylindrical sheets (Mathiisen et al., 2010; Salmon et al., 2023). Using medial surfaces and their curvature properties can help define a notion of sheet structure in astrocytic subregions (Figures 7C,D). Discerning where astrocytes are sheet-like vs. tubular will be important for understanding how astrocyte shape affects diffusion of intracellular ions and signalling molecules, as thin sheets have been shown to affect diffusion differently than thin tubules (Kinney et al., 2013; Tønnesen et al., 2023). The structure of medial surfaces is different in flat vs. tubular vs. branching regions (Figures 7C,D), which can be exploited as in Lin et al. (2022) to decompose complex objects into morphologically meaningful elements. Thus, using medial surfaces, one can identify different regions where astrocytes likely deploy sheet-like, tubular, or branching morphology for modulating diffusion, buffering ions/neurotransmitters, or signal transduction.



3.3 Spatial relationships between astrocytes and synapses

A primary function of astrocytes is the support and regulation of neuronal synapses. Astrocytes modulate synapse function by regulating the concentrations of ions and neurotransmitters in the vicinity of synapses, and are required for synaptic plasticity leading to memory formation (Henneberger et al., 2010; Papouin et al., 2012; Adamsky et al., 2018). These essential roles of astrocytes at the synapse have led to the notion that synapses are not bipartite, composed of the presynaptic and postsynaptic neuronal terminals, but tripartite, composed of the pre- and postsynaptic terminals as well as one or multiple perisynaptic astrocytic processes (PAP; “process” here is used in the sense of an appendage or branch) (Figure 8A) (Araque et al., 1999). PAP geometry varies depending on brain regions and the neurons that compose the target synapse. PAPs are also motile, shifting and remodelling depending on the activity of their synapse and the circuitry in which it is embedded (Haber et al., 2006; Bernardinelli et al., 2014; Henneberger et al., 2020). A key question pertaining to PAP geometry is whether and to what extent they encircle the synaptic cleft (i.e., the space between the pre- and post-synaptic terminals). Some studies suggest that, following synaptic strengthening, PAPs withdraw to allow neurotransmitters to spill over to other synapses (Medvedev et al., 2014; Henneberger et al., 2020), while others suggest that PAPs wrap strengthened synapses more thoroughly to limit neurotransmitter spillover (Genoud et al., 2006; Bernardinelli et al., 2014). PAP coverage of synapses is thus an important variable in understanding astrocytic function, and several computational approaches have been proposed to measure it. A naive approach is to directly measure Euclidean distance between nearest points on synapses and associated PAPs (Dmin) (Medvedev et al., 2014; Salmon et al., 2023) (Figure 8B), however this does not provide a direct measurement of coverage, and is mainly useful for identifying the general location of PAPs on the astrocyte surface. A more sophisticated alternative is to measure Dmin from all points on a synapse to any astrocytic surface point within a certain maximum distance (Medvedev et al., 2014). Distributions and averages of Dmin across all points on a synapse can then be used as measurements of coverage. This approach can be given further biological relevance by weighting individual Dmin values with a function describing the drop in neurotransmitter concentration as distance from the synapse increases (Medvedev et al., 2014). An alternative definition of coverage considers the volume, and/or surface area of astrocyte in the vicinity of a synapse. By measuring the volume and surface area of PAPs encompassed by concentric volumes centered on the synapse, one can estimate the capacity of the astrocyte to absorb ions and neurotransmitters to regulate that synapse’s function (Figure 8C) (Gavrilov et al., 2018; Stephensen et al., 2021; Villanueva et al., 2023).
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FIGURE 8
 Methodology for measuring PAP coverage of synapses. (A) A schematic of an EM section containing perisynaptic astrocytic processes (PAPs, yellow); an incoming axon (magenta) forming a synapse with a dendritic spine (blue); a post synaptic density (PSD, seafoam), which is a dark-staining marker of synapses in EM images and is the location of neurotransmitter receptors that allow for synaptic transmission; and other cellular components surrounding the elements of interest (grey). (B) Measurement of shortest distances (Dmin) from the PSD to the nearest points (red dots) on surrounding PAPs. (C) A 2D depiction of concentric spheres of increasing radius used to map the volume and surface area of PAPs in the vicinity of a synapse. (D) Direct labelling of the surface of the synaptic unit that is directly opposed by PAPs. (E) Depiction of the axon-spine interface (ASI, curved arrow) with the portion of it contacted by the PAP indicated in yellow. Right, a top down view of the dendritic spine (blue) and PSD (seafoam) showing the extent (yellow) of the ASI circumference contacted by the PAP. (F) Shortest paths (dotted lines) from the PSD through the extracellular space to the nearest PAPs.


Surprisingly, the most direct measures of astrocytic coverage of synapses have thus far only been performed manually. Manual segmentation allows for labelling the synaptic membrane that is directly apposed by a PAP (Figure 8D) (Genoud et al., 2006; Thomas et al., 2023). Alternatively, one can consider only the axon-spine interface (ASI), the roughly disc-shaped interface between the pre- and postsynaptic terminal (Figure 8E) where neurotransmitter is released, and from where it is either absorbed by astrocytes or escapes into the wider extracellular space (ECS) (Genoud et al., 2006; Witcher et al., 2007, 2010; Ostroff et al., 2014; Thomas et al., 2023). Manually tracing the ASI perimeter and classifying the sections that are and are not contacted by the astrocyte gives a direct measure of the extent to which the functional interface of the synapse is encompassed (Figure 8E). These manual approaches are labour-intensive, and so automated measurement of synapse and ASI coverage by PAPs is a much-needed tool.

Astrocytes encompass tens of thousands of synapses, and so a future challenge with the above methods will be efficient implementation. Most of the automated methods mentioned use brute force measurement of all point-to-point Euclidean distances within a circumscribed region, or deformation of concentric spheres to generate “equidistant surfaces” from synapses for quantifying the volume of neighboring PAPs. An alternative efficient solution could be to directly compute the time of arrival at the astrocytic surface of the fast-marching front from the ASI or PSD. This approach can easily incorporate other cellular structures, if a saturated segmentation is available, thus considering the route(s) through the ECS by which the astrocyte interacts with the synapse (Figure 8F). The transmitters and ions through which astrocytes modulate synaptic function move primarily through the ECS, whether astrocytes directly contact the synapse or are blocked from doing so by other cellular components (Kinney et al., 2013; Arizono et al., 2021). Therefore, ECS is the most relevant space for measuring astrocytic access to synapses.

Ultimately, combining measures of synapse and ASI coverage with those of volume of astrocytes in the synaptic vicinity will give a clearer picture of astrocyte structure at synapses. However, these considerations may be trumped by the fact that the chemical fixation generally required for EM imaging may significantly alter fine astrocyte shape and ECS volume (Korogod et al., 2015). To fully understand astrocyte-synapse structure-function relationships, both EM and computational methodology must be further developed and tested.



3.4 Mapping distance and object distribution in convoluted intracellular space

Astrocytes contain many points of interest relevant to neuroscientists throughout their convoluted branching structure. Aside from the constrictions, expansions, cores, branches, branchlets, leaflets and PAPs mentioned above, astrocytes, like all cells, contain organelles (mitochondria, endoplasmic reticulum, etc.) distributed throughout their cytoplasm. All these components have interconnected roles in astrocyte and brain function. They also generally perform their functions locally, sometimes being actively transported to or sequestered in areas of higher need (Jackson et al., 2014; Jackson and Robinson, 2018). Thus, neuroscientists are interested in their distributions and spatial relationships. Accurately measuring the distances between these points of interest is therefore of great importance. However, the convoluted anatomy of astrocytes makes distance measurements within the cell difficult (Arizono et al., 2020; Salmon et al., 2023). Historically, in EM studies, such measures have predominantly been performed by manual tracing, often not in 3D. More recently, the Python Blender plugin, NeuroMorph, provides tools for making local Euclidean distance measurements between points, and an implementation of Dijkstra’s algorithm for measuring distances along meshes (Jorstad et al., 2014). This allows for relatively accurate distance measurements in neurons, as dendrites and axons are approximately tubular and easy to measure by clicking along a path or measuring between points on their surface. However, this is not the case for astrocytes. We therefore recently implemented a fast-marching-based distance measurement for defining geodesics within, outside, or along an astrocyte’s, or any cell’s surface. Using this approach, we showed that geodesic distances based on astrocytic geometry can reveal higher order organization of synapses and organelles in astrocytic space (Salmon et al., 2023).

Mapping simple distances between points of interest can be useful for biological questions, however, a major motivation for measuring distances between subcellular elements is to assess clustering of those elements at locations where they may perform a specific function. Such distance mapping has been used for identifying local clusters of energy-storing glycogen granules in small subregions of astrocytes (Agus et al., 2018; Mohammed et al., 2018; Calì et al., 2019b). Using fast marching distance mapping can extend cluster search to larger regions or whole cells. We recently used this approach to map spatial relationships between >1,500 synapses contacted by portions of astrocytes, however, computing all pairwise PAP-to-PAP distances required run times of over a week (Salmon et al., 2023). While it is possible to naively parallelize the distance computations from multiple sources, with larger datasets becoming available, analyzing the >100,000 synapses (Bushong et al., 2002) contacted by a whole astrocyte will require new computational strategies. Fast marching, which uses a heap to store the entire wavefront, is a serial algorithm not easily parallelizable on modern multicore processors or GPUs. Using parallel algorithms for eikonal equations (Hong and Jeong, 2016) could make such analyses feasible for peta-scale connectomic datasets.



3.5 Spatial clustering

Following mapping of object location and inter-object distances, clusters must be identified. The abovementioned spatial clustering of glycogen granules used DBSCAN (Ester et al., 1996; Mohammed et al., 2018; Calì et al., 2019b). This, combined with projections of artificial imprints of granules emitted onto nearby cellular structures, demonstrated that clusters of glycogen granules can be found near synapses (Agus et al., 2018). DBSCAN can, however, fail when clusters have variable object density, and generally requires tuning of 3 parameters to obtain expected grouping of objects (Malzer and Baum, 2020). Several successful alternatives have been proposed, based around construction of a hierarchical organization of the data to simplify the problem before cluster identification (Ankerst et al., 1999; Sander et al., 2003; Gupta et al., 2010; Hou et al., 2014; Dockhorn et al., 2015; McInnes and Healy, 2017; Khan et al., 2018; Malzer and Baum, 2020). Of these, the most popular appears to be HDBSCAN (Campello et al., 2013), which has a scikit-learn Python implementation (McInnes et al., 2017). These updated algorithms require less parameter tuning to obtain an expected clustering solution. Distribution of cellular components, particularly when constrained to a complex 3D shape like that of an astrocyte, do not necessarily provide an a priori notion of what clusters “should” look like. HDBSCAN and associated algorithms require only minimum cluster size (i.e., number of objects in a cluster) as parameter input. These algorithms should therefore be tested for clustering objects or points of interest in astrocytes and otherwise complex cellular space. Another alternative, Dominant sets clustering (D-Sets), originally designed for image segmentation, is a completely parameter-free approach (Pavan and Pelillo, 2003, 2006). This algorithm generalizes the notion of a maximal clique to weighted graphs and defines clusters based solely on a similarity matrix without the need to specify number or extent of clusters. Basing element similarity solely on inter-element distance defines dominant sets which are also spatial clusters (Rota Bulò and Pelillo, 2017). Each cluster thus extracted is defined by a notion of average local support which results in clusters with small intra-cluster distances compared to distances between elements of different clusters. We recently used D-Sets to identify clusters of synapses surrounding subregions of astrocytic branches, ultimately suggesting that subregions of astrocytes may regulate synapses in groups (Salmon et al., 2023). The utility of D-Sets for this clustering problem suggests that other clustering approaches in use (Hou et al., 2014), or in development, for more typical CV problems may warrant testing and extension for specific cell biology contexts.




4 Future directions: bridging structure and function

Thus far we have presented recent progress in our understanding of astrocyte structure, the CV tools that have made progress possible, and open questions that require further application and development of computational approaches. While understanding astrocyte structure at the nanoscale is interesting in itself, biological structure has many functional implications. Bridging the structure-function gap in astrocyte biology is a challenging problem in which CV tools are also essential.

Like neurons, astrocytes are excitable cells that alter their properties in response to stimulation or behavioral state of the animal and its nervous system (Verkhratsky et al., 2020). However, unlike neurons, which mainly transmit information through all-or-none electrochemical signals, astrocytes display complex and dynamic patterns of intracellular Ca2+ signalling events, which are essential for astrocytic function (Shigetomi et al., 2016). These Ca2+ signals can be visually monitored with fluorescent Ca2+ indicators (Figure 9), which change their fluorescence intensity in response to changing Ca2+ concentration (Figure 9B). Development of new Ca2+indicators over the past decade has allowed neurobiologists to image Ca2+ signals in unprecedented detail. Importantly, diffusion of Ca2+ and the shape and localization Ca2+ signals are likely intimately linked to astrocyte morphology (Denizot et al., 2019, 2022).
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FIGURE 9
 Astrocytic Ca2+ microdomains. (A) An average intensity projection over time of Ca2+ signals, recorded from an astrocyte expressing the genetically encoded Ca2+ indicator, GCaMP6f. Scale bar, 20 μm. (B) A series of frames extracted from a video of the astrocyte in A, each showing a variety of different Ca2+ microdomain events detected by AQuA event-based software (Wang et al., 2019). Ca2+ microdomain events are indicated by red arrowheads (top and bottom rows), and the events as segmented by AQuA are shown in multiple colors (bottom row). Scale bar, 20 μm. Ca2+ imaging video publicly available in the GitHub repository associated with Wang et al. (2019).


Ca2+ signals occur in different patterns and shapes, they can occur spontaneously or in direct response to neuronal or sensory stimulation, and they have been shown to be necessary for various astrocytic functions, including regulation of synapse function (Araque et al., 2014), energy supply, and blood circulation in the brain (Mishra, 2017). However, precisely how Ca2+ signals are involved in astrocytic functions in the brain is not understood (Semyanov et al., 2020), and so they are an extremely active area of investigation. Most (85%) astrocytic Ca2+ signals are small and confined to subregions of the astrocytic branch network (Figure 9B) (Bindocci et al., 2017; Wang et al., 2019). These types of signals are commonly referred to as Ca2+ microdomains (Shigetomi et al., 2010), which we refer to as “microdomain events” for clarity. The nanometer scale of thin astrocyte branches is believed to constrain the diffusion of Ca2+ and to help restrict the size of microdomain events (Rusakov, 2015; Denizot et al., 2022). However, clear evidence linking microdomain events to physical sub-compartments has yet to be shown (Lia et al., 2021). Furthermore, the exact definition of a microdomain event is not established. Microdomain events can recur locally but their center of mass, size, shape, and intensity can vary (Bazargani and Attwell, 2016). They also appear to be capable of propagating between compartments, fusing (Wang et al., 2019), and also pushing the cell past a threshold that results in a cell-wide “Ca2+ transient,” which in turn can propagate across a population of cells (Bazargani and Attwell, 2016). Accurately tracking and making sense of these ill-defined Ca2+ signals is a complex task. CV techniques thus play a critical role in analyzing Ca2+ signalling, and further development of robust algorithms for detecting, tracking and categorizing Ca2+ signals are needed.

In recent years, several algorithms and tools have been developed to quantify astrocyte Ca2+ signals. Initially, region of interest (ROI)-based signal analysis toolboxes were introduced for tracking astrocytic events. For example, GECIquant (Srinivasan et al., 2015) developed a semi-automatic ImageJ plugin to detect and analyze Ca2+ events. Agarwal et al. (2017) then introduced CaSCaDE (Ca2+ Signal Classification and Decoding) MATLAB scripts, which use support vector machines for classifying Ca2+ signals. Both methods restrict analysis to fixed ROIs and identify relevant ROIs using an intensity-threshold based criterion. However, due to the very dynamic nature of microdomain events, static ROIs cannot capture their dynamic nature in full. To address this, AQuA was introduced for “event-based” analysis (Wang et al., 2019). This MATLAB-based GUI tool involves a multi-step image processing pipeline for detection and tracking of Ca2+ events using a dynamic threshold based on running means and noise variance in the signal. The authors define different criteria for tracing astrocytic events in time and extract various features such as area, amplitude, and duration of events. Event detection and tracking are not based on a single ROI, but rather on measured intensity values across entire imaged regions. This allows AQuA to track changes in shape, size, and position of events over time, in addition to the intensity values to which ROI measurements are limited. One of the drawbacks of AQuA is the implicit assumption in the analysis pipeline of a spatio-temporal flow and propagation of Ca2+ events. This may be at odds with more recent evidence suggesting that astrocyte shape compartmentalizes calcium diffusion (Denizot et al., 2019, 2022; Arizono et al., 2020; Salmon et al., 2023). Two alternatives to AQuA, Begonia (Bjørnstad et al., 2021) and STARDUST (Wu et al., 2024), address this by tracking “Regions of Activity” independently of both event coherence and the assumption of event propagation made in AQuA. Lastly, Astral was designed for analyzing larger scale Ca2+ signals across networks of astrocytes, providing a visualization and processing pipeline accessible through a web browser (Dzyubenko et al., 2021). Critically, all these tools are developed for 2(space) + 1(time)D movies. However, Bindocci et al. (2017) show that 2D planes recover less that 12% of total Ca2+ activity in an astrocytic volume. There is a lack of tools for visualizing 3D events in time as well as detecting and tracking events in 3D. Adapting existing tools and techniques from 3D CV can be very beneficial. In addition, analyzing the heterogeneous spatio-temporal data will also require developing new tools which should be able to handle and analyze the data in its native dimensionality. Such analysis will be critical in answering basic questions about astrocytic Ca2+ events and also make the link between structure and function concrete. Recently, Sun et al. (2022) developed a pipeline for visualizing (3 + 1)D volumetric movies recorded from anesthetized and awake mice. A suite of three ImageJ plugins for pre-processing (3 + 1)D colored data, which is otherwise not straightforward in ImageJ, has also been released (Savtchouk et al., 2018). However, further development is required for easy and effective analysis of Ca2+ events in (3 + 1)D. For instance, tracking the origins, spread in space and time, and relationships between different astrocytic Ca2+ events in 3D are still open problems. It should, however, be noted that the main bottleneck in studying (3 + 1)D Ca2+ signals is the quality of the volumetric timelapse video data. Due to issues such as slow 3D scan time and low Ca2+ indicator fluorescence intensity, microscopes cannot yet acquire 3D data fast enough to image microdomain events efficiently in (3 + 1)D. Microscope design must therefore advance before computational tools can be used effectively (Sun et al., 2022). However, this also means that computational tools that consider low image quality, potentially through advanced deconvolution, noise reduction, or by modelling of stereotypical microdomain shape, should be pursued.

Imaging astrocytic Ca2+ dynamics has parallels to functional magnetic resonance imaging (fMRI). While relatively few tools exist for decoding the nature of Ca2+ signals, decades of work has been put into creating a rich set of tools to study (3 + 1)D fMRI signals from human brains (Smith et al., 2004; Cohen et al., 2017). It is therefore worth exploring whether fMRI computer vision tools can be repurposed. For instance, fMRI studies avoid using ROIs by using statistical parametric mapping (SPM), which models spatial statistical processes to identify groups of voxels that are active above background noise levels (Penny et al., 2011). SPM may allow for improvement over the dynamic thresholds approach used in AQuA and Begonia. In fMRI, SPM data can be used concurrently with dynamic causal modelling (DCM) approaches to determine correlation and causation between spatially separate areas of brain activity (Stephan et al., 2010). DCM may thus be useful for studying correlation and causation between microdomain events in different subregions of an astrocyte. A variety of toolboxes in Python, MATLAB and C are already available for SPM, DCM, and many more fMRI algorithms. Examples of toolboxes that could be mined for functions to be ported and built on for analyzing astrocyte Ca2+ include FMRIB Software Library, which provides a suite of methods for statistical modelling and inference and visualization for (3 + 1)D data amenable to be used on computation clusters (Jenkinson et al., 2012); and analysis of functional neuro imaging (AFNI) (Cox, 2012). While techniques developed for fMRI data analysis such as motion correction, slice time correction and spatio-temporal filtering have clear analogs in astrocytic Ca2+ data, the artifacts from temporal interpolation could be exacerbated in astrocytic data due to variability in speed, spread and duration of events. Additionally, the analysis of shape and spread of Ca2+ events and the nature of diffusion do not directly translate to computational problems dealt with in fMRI. Further, fMRI signals indirectly measure the average activity in entire brain regions containing hundreds of thousands of cells. The modelling assumptions that hold for fMRI signals may therefore not hold for diffusion of micromolar concentrations of Ca2+ in nanoscale regions. Further, measurement of Ca2+ dynamics using fluorescent Ca2+ indicators is, of course, fundamentally different from measurements of blood oxygenation level made by fMRI. This will also impact the modelling choices and therefore require fine tuning when trying to port relatively mature fMRI methods.

Finally, as microscopy of live cells cannot yet adequately resolve either Ca2+ signals or nanostructure, computational modelling of astrocytic Ca2+ dynamics will likely be essential to understanding their roles in health and disease. Recent reviews provide a comprehensive taxonomy of various models of Ca2+ signals in astrocytes and examine models of astrocyte function that have been used to date (Manninen et al., 2018; Denizot et al., 2020; Covelo et al., 2022). Importantly, Manninen et al. (2018) highlight that most models of astrocytic function are based on just a handful of neuronal models, suggesting new and updated models are needed. Modelling will provide key insights into the cellular and biochemical mechanisms of astrocyte physiology and help to better understand how astrocytes contribute to brain computation, but to do so, accurate models of astrocyte morphology must be incorporated (Covelo et al., 2022).



5 Conclusion

Computational approaches and CV methods are essential for detailed quantitative analysis of biological structure. This is particularly relevant in cellular neuroscience, where large, high-resolution nanoscale datasets from multiple species and brain areas are becoming available. Improving our ability to comprehensively and efficiently quantify cellular nanostructure will aid in defining brain cell and tissue function under various physiological conditions and in disease contexts. Moreover, it will allow for better integration of cellular, tissue, and systems level analysis across the full range of spatial resolution to provide a more unified understanding of brain function.

In Sections 2 and 3 of this review we dissected what is known of astrocytic form, and the tools used for analyzing it. We then considered the implications of form for astrocytic function as exemplified by the poorly understood array of astrocytic Ca2+ signals. We hope to have demonstrated that CV-based elucidation of the nanostructural details of astrocytes is expanding our understanding of highly complex astrocytic nanostructure, and also that there are many avenues for further application and development of astrocyte-tailored CV tools. Elucidating the nanoscale details of astrocyte structure and studying their implications in models of astrocyte function will allow for more accurate hypotheses to be generated with regards to the roles of astrocytes in vivo, and will ultimately provide a clearer understanding of how astrocytes are involved in healthy brain function and in disease.
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