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Abstract

:

Although no dataset at the nanoscale for the entire human brain has yet been acquired and neither a nanoscale human whole brain atlas has been constructed, tremendous progress in neuroimaging and high-performance computing makes them feasible in the non-distant future. To construct the human whole brain nanoscale atlas, there are several challenges, and here, we address two, i.e., the morphology modeling of the brain at the nanoscale and designing of a nanoscale brain atlas. A new nanoscale neuronal format is introduced to describe data necessary and sufficient to model the entire human brain at the nanoscale, enabling calculations of the synaptome and connectome. The design of the nanoscale brain atlas covers design principles, content, architecture, navigation, functionality, and user interface. Three novel design principles are introduced supporting navigation, exploration, and calculations, namely, a gross neuroanatomy-guided navigation of micro/nanoscale neuroanatomy; a movable and zoomable sampling volume of interest for navigation and exploration; and a nanoscale data processing in a parallel-pipeline mode exploiting parallelism resulting from the decomposition of gross neuroanatomy parcellated into structures and regions as well as nano neuroanatomy decomposed into neurons and synapses, enabling the distributed construction and continual enhancement of the nanoscale atlas. Numerous applications of this atlas can be contemplated ranging from proofreading and continual multi-site extension to exploration, morphometric and network-related analyses, and knowledge discovery. To my best knowledge, this is the first proposed neuronal morphology nanoscale model and the first attempt to design a human whole brain atlas at the nanoscale.
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1. Introduction


In the last few years, we have witnessed an immense explosion of human brain-related efforts that are big, advanced, and well-funded projects, initiatives, and/or long-term national and multi-national research programs, such as The Allen Brain Atlas to map gene expression [1], The Big Brain to obtain ultra-high resolution neuroimages [2], The Human Connectome Project to map structural and functional connections [3], The BRAIN Initiative (Brain Research through Advancing Innovate Neurotechnologies) to develop technology advances in neuroscience discovery [4], The Blue Brain Project to simulate neocortical micro-circuitry [5], The Human Brain Project to create a research infrastructure to study the human brain [6], and SYNAPSE (Synchrotron for Neuroscience—an Asia-Pacific Strategic Enterprise) to map the entire human brain at the sub-cellular level using synchrotron tomography [7], among others. These large-scale endeavors immensely increase our knowledge about the human brain and boost the development of novel and more powerful brain atlases. This tremendous brain atlas development proceeds at multiple scales and in numerous directions [8].



The brain atlas has been understood and defined in various ways depending on its nature and application; for instance, as a collection of micrographs or schematic drawings of brain sections with identified anatomic structures from one or a few brains [9], a large-scale neuroimaging database that captures the mean and variance in the population [10], a tool for localizing experimental data and planning experiments [11], and a teaching file of brain anatomy and function comprising a three-dimensional (3D) brain image with a set of labels [12].



To comprehensively render the vast potential of the human brain atlas, I have defined it as “a vehicle to gather, present, use, share, and discover knowledge about the human brain with a highly organized content, tools enabling a wide range of its applications, massive and heterogeneous knowledge database, and means for content and knowledge updating and growing by its user” [13]. In this study, the concept of the considered nanoscale brain atlas is aligned with this definition.



A human whole brain atlas at the nanoscale has not yet been created. When considering the construction of such an atlas, there are at least four key challenges including (1) the feasibility of acquiring nanoscale data for the human whole brain in a reasonable time and cost, (2) the feasibility of storing and processing these data, (3) the modeling of the human brain at the nanoscale and here we focus on morphology, and (4) the design of a nanoscale brain atlas.



Neuroimages can be acquired at different spatial scales and of various modalities, including macroscopic from magnetic resonance imaging and computed tomography, mesoscopic from optical imaging, and micro- and nanoscopic from electron microscopy. So far, the entire human brain anatomy has been modeled from neuroimaging at the macroscale by several groups [14,15,16,17]. However, acquiring the human whole brain data at the nanoscale requires, depending on an employed modality, a prohibitively long time. For instance, to image the human whole brain by applying the same brain imaging procedure as was used for Drosophila’s brain [18] would require an estimated 17 million years [19]. Fortunately, thanks to progress in imaging, the acquisition time keeps decreasing. A promising imaging modality is synchrotron X-ray tomography [7,20,21,22] capable of decreasing the human whole brain acquisition time at the sub-cellular level to a few years [7]. In particular, by employing phase-contrast synchrotron tomography, human whole brain imaging was completed in about 16 h at a 25 μm spatial resolution [21]. This level of spatial resolution is sufficient to image neuronal cell bodies, but it is not satisfactory enough to demonstrate the complete neurons with their dendrites and axons as well as the synapses that functionally connect the neurons.



It is well known that neuroscience requires big data and high-performance computing [23] even for small animals [24]. I have earlier evaluated the bigness of some of these neurodata and just to store the morphology of the extracted neurons for the entire human brain, a storage on a petabyte (PB) scale is required ranging, depending on the type of modeling, from 18 PB to 72 PB [25] (or even higher to handle the electrical synapses).



The goal of this study is to address the remaining two of the abovementioned key issues, namely, (1) morphology modeling of the human whole brain at the nanoscale, including somatic, dendritic, and axonal morphology, enabling the calculation of the synaptome (the set of all synapses) and connectome (the set of all neuronal circuits) and (2) designing a nanoscale human brain atlas, enabling the exploration of the human whole brain model.




2. Process of Nanoscale Atlas Creation


Navigating a macroscale brain atlas may not be a complicated task even when the atlas contains a few thousand components, like the atlas in [17]. However, navigating and exploring a nanoscale atlas will be enormously complicated, taking into account that, on average, the number of neurons in the human brain is about one hundred billion and the number of connections is one thousand trillion [26]. To deal with this data complexity, I propose to use a gross anatomy brain atlas at the macroscale, which is parcellated and labeled to facilitate the navigation of a nanoscale atlas. This approach will lessen the complexity and increase the confidence of the atlas user by employing a familiar neuroanatomy. Moreover, any analysis can be simplified by restricting the explored volume of interest to some known structures, regions, nuclei, tracts, or functional systems.



A proposed process for the nanoscale human brain atlas creation is illustrated in Figure 1.



The nanoscale data need to be preprocessed and spatially registered with the gross neuroanatomy data. Preprocessing involves operations such as artifact removal, inhomogeneity correction, and image enhancement that are highly dependent on the process of data acquisition and the employed modality, and in the case of synchrotron tomography, these operations are addressed in [22].



The purpose of registration is to spatially align the macro and nano volumetric data. There are two broad categories of image reconstruction methods, feature-based and intensity-based methods. Feature-based methods rely on some features, such as point or distributed landmarks, and, consequently, are not suitable for our purpose. Intensity-based methods rely on voxel intensities and to find a transformation that aligns them requires some similarity measure, such as cross-correlation, mutual information, or a sum of absolute or squared differences. Whole image content-based methods with numerous similarity measures are reviewed in [27,28,29]; moreover, ITK (Image Segmentation and Registration Toolkit) is a cross-platform, open-source development framework suitable for the implementation of registration applications [30]. In our case, a maximization mutual information-based method is suitable as it is useful for images of different modalities. It requires the nano volumetric data to be super-sampled so as to keep the cell bodies and the macro volumetric data to be sub-sampled to enable voxel-to-voxel comparison.



Next, the neurons have to be segmented from the nano volumetric data. Segmentation is modality dependent, and numerous methods have been developed for this purpose, such as region growing, thresholding with global or local thresholds and with or without thinning (skeletonization), edge detection with thinning, live wire, active contours (snakes), watershed, energy minimization, and deep learning. From the segmented neurons, suitable parameters shall be extracted, as defined in the nanoscale neuronal data format nN discussed below. Finally, the synaptome and the connectome shall be calculated.



The nanoscale data processing, encompassing step 5–8 (Figure 1), is computationally intensive. By decomposing each of these steps, this processing can be executed in a parallel-pipeline mode. Parallelization can be distinguished at two levels (1) across individual neurons with an extremely high processing granularity and (2) across sets of neurons in individual cerebral and cerebellar cortical regions and gray matter nuclei and sub-nuclei; this parallelization characterized by a medium granularity is feasible as the parcellated gross neuroanatomy registered with the nano neuroanatomy is available in step 4, Figure 1. The advantage of the latter is that it is additionally able to label the processed neurons with their identifiers (IDs) linked to gross neuroanatomy. These two types of parallelization exist in neuron segmentation, the calculation of neuronal parameters, and synaptome calculation. In the connectome calculation, a parallelization of a high granularity across the individual synapses of a processed neuron can be distinguished.



With a gross neuroanatomy model constructed and the nanoscale data processed, the nanoscale brain atlas can be developed. A brain atlas development requires determining design principles, content, architecture, navigation, functionality, and user interface. The main design principles for a macroscale brain atlas include top–down design, scalable cerebral model, and user interface, with an emphasis on esthetics. They result in an atlas that is 3D, interactive, fully parcellated, completely labeled, referenced, accurate, realistic, spatially consistent, stereotactic, multi-scale, extendable, composable, dissectible, explorable, user friendly, and modular. Two more general key principles are needed for the nanoscale brain atlas, namely, the handling of neurons, synapses, and neuronal circuits as well as the integration of macro with nano neuroanatomy.



An architecture of a multi-purpose and user-expandable brain atlas with multi-scale support has already been designed and its implementation is discussed in [13]. User expandability facilitates the nanoscale atlas proofreading and its potential extension directly by the user.



In terms of content, besides parcellated and labeled gross neuroanatomy in 3D, the nanoscale atlas shall contain the segmented neurons, synaptome, and connectome.



Navigation in a macroscale brain atlas, e.g., [31], enables fast group and/or structure selection to compose and decompose any 3D scenes for exploration. This navigation is facilitated by an anatomic index with double mapping between the index and the atlas content displayed in 3D. This principle is not suitable for neurons, synapses, and connectome due to their enormous numbers; thus, the navigation has to be extended, enabling a gross neuroanatomy-guided exploration of micro/nanoscale neuroanatomy. Neuroanatomy in macroscale atlases is typically labeled with names, whereas nano neuroanatomy shall be labeled with identifiers (IDs) of the neurons (besides their types and subtypes), synapses, and neuronal circuits. Neurons shall additionally be labeled with the names of nuclei or cortical regions they belong to. Similarly, the neuronal circuits shall be labeled with the names of the white matter tracts they belong to.



The functionality of a macroscale brain atlas has been addressed in [31]. Having a 3D scene composed by the user, available main functions include manipulate (pan, rotate, zoom, set view), continuously navigate, dissect brain, read label, obtain stereotactic coordinates, measure, animate, and save the composed image. For the nanoscale neuroanatomy, labeling has to be extended as follows. First, a user shall be able to set a sampling volume of interest (sVOI). This sVOI may be fixed (e.g., assigned to a certain nucleus, such as the nucleus ambiguus in the brainstem) or be movable and scalable of a predefined shape, such as a cube or ball. Then, when sampling the nanoscale brain content with this sVOI, at its current location, the name of the corresponding nucleus or cerebral or cerebellar cortical region shall be given along with a list of neuron IDs within this sVOI and their afferent and efferent connections as well as the neuronal circuits intersecting this sVOI. When the sVOI is placed in white matter, then, the IDs of the neuronal circuits passing through it shall be provided along with the name of the corresponding white matter tract (or tracts), if available.



The exploration of nanoscale neuroanatomy will require a dedicated set of functions for morphometric and network-related analyses. These functions shall operate (1) globally for the whole brain; (2) locally for a selected nucleus or region of the cerebral or cerebellar cortex; and (3) in a user-defined sVOI. Morphometric functions shall provide the distributions of somata shapes and sizes, neuronal and synaptic densities, the thickness of cortical layers, and the distribution of cortical minicolumn, among others. Network-related functions shall provide various statistics, including the distributions of dendritic and axonal trees and the means for their comparison; the number of neuronal circuits and their distributions with respect to length, underlying structures, and tracts; local and global networks (subsystems); clusters (hubs), worldness (characterizing neighbors), betweenness centrality (measuring graph centrality based on shortest paths), and motifs (the recurring patterns of interconnections); loops and feedbacks; and the diverse patterns of interconnectivity.



Several user interfaces have been developed for neuroscience applications, such as the user interface of the Allen Brain Atlas that is under a continued process of standardization [1], a web-based user interface of the Scalable Brain Atlas, providing an instant access to public brain atlases and related content [32], a graphical user interface of 3D Slicer supporting rich functionality [33], and the Brainnetome Atlas viewer with multiple views [34]. Here, we consider the user interface of The Human Brain, Head and Neck in 2953 Pieces atlas (shortly the 2953 atlas) [17,31], which is the result of our two-decade long efforts in designing and developing the brain atlas user interface, Figure 2.



This user interface provides functions for display, navigation, exploration, and quantification of a 3D cerebral model. It supports two-way mapping between the model and the anatomical index as well as provides a continuous navigation of a 3D scene, which can be quickly composed and displayed in the main view. For handling the nanoscale neuroanatomy, the following extension of this user interface can be envisaged. The application shall work in two modes, macro (with meso) and nano (with micro), each with its own view. A zoom-in operation or an interactive switch shall swap the content in the main view from macro to nano. In the nanoscale neuroanatomy mode, the main view shall contain nano neuroanatomy, whereas macro neuroanatomy shall be moved to a supportive sub-view to guide navigation. The sVOI can initially be set against the macro neuroanatomy in this sub-view and subsequently fine-tuned within nano neuroanatomy in the main view. Having the sVOI set, it can be explored by obtaining labels (as discussed above) and performing morphometry functions for the sVOI content and network-related functions to encompass all connections from and to this sVOI.



Having the nanoscale atlas constructed can serve itself as a tool for subsequent interactive proofreading and neuron segmentation enhancement, parameter extraction, and synapse computing (Step 10, Figure 1).




3. Neuroanatomy Morphology Modeling


We consider neuroanatomy morphology modeling at the macroscale (cum the mesoscale) and the nanoscale (including the microscale).



3.1. Neuroanatomy Morphology Modeling at the Macroscale


There are two main representations for modeling cerebral structures in 3D, volumetric and geometric. A volumetric representation, for instance, has been exploited in the VOXEL-MAN brain atlas [16], providing semi-transparent volume rendering. A geometric representation has been employed in a family of five 3D atlases called the human brain in pieces, the latest being the 2953 atlas [17], as this representation enables creating models at the sub-voxel level, enables interactive 3D scene composing and decomposing, and provides real-time interaction for complicated 3D scenes even on low-end computers and mobile devices [35].



Within geometric modeling, there are two key types of models, free-shape and tubular. Free-shape models, suitable to model, e.g., the cerebral cortex and the subcortical nuclei, can be reconstructed from neuroimages via iso-contouring by applying the Marching Cubes algorithm [36]. Tubular models enable the modeling of the arterial and venous systems as well as the cranial nerves. These structures, modeled either with circular or elliptical cross-sections, have variable radii or semi-axes, multiple branches, and their segmentation is error-prone, especially for small diameters. To cope with these issues, the modeling process involves some additional processing including the segmentation of tubular segments, the extraction of centerline and radius (or semi-axes), centerline processing by smoothing, radius processing by outlier removal and regression, the modeling of tubular segments, and bifurcations with circular or elliptical cross-sections by subdivision, tubular segment labeling, and color-coding [37].




3.2. Neuroanatomy Morphology Modeling at the Nanoscale


The human brain comprises neurons (nerve cells) for receiving, processing, conducting, and transmitting cellular signals and glial cells (neuroglia) that are supportive cells and supply oxygen and nutrients to the neurons; here, we only consider neurons. Neurons vary considerably in morphology, connectivity, electrophysiology, and molecular and genetic properties; here, we take into consideration their morphology. Numerous types of neurons can be distinguished based on morphology, such as multipolar neurons (e.g., pyramidal cells), bipolar neurons, basket cells, chandelier cells, and Purkinje cells, among many others. The total number of neuronal types is still unknown, and it could be as high as 1000 cell types [38]. Considering electrophysiology, transcriptome and projectome enable further neuronal classification and extension into neuronal subclasses, and a whole-brain cell atlas is under development [39].



Morphologically, a neuron contains soma (body, perikaryon) and neurites, which are projections from the soma. The neurites include multiple dendrites, which receive signals from other neurons and conduct information toward the cell body, and a single axon, which conducts a signal away from the cell body to other neurons [40]. Information is transferred from one neuron to another neuron at synapses, each synapse involving the presynaptic and postsynaptic neurons. The dendrites form a set of dendritic trunks (stems), each trunk with branches containing spikes with postsynaptic specializations with receptors termed here postsynaptic terminals. An axon emerges from the soma at the axon hillock, forming the axon proper (termed here axonal trunk), and at its distal end splits into branches, each ending with a terminal bouton (a presynaptic terminal) making contact with the next neuron.



Theoretically, the modeling methods employed for neuroanatomy at the macroscale can be applied to neuroanatomy at the micro- and nanoscales. Then, the free-shape modeling methods can be applied to model the soma, whereas the tubular methods can be employed to model the axons and dendrites. However, this solution is prohibitively expensive for the entire nanoscale brain model and shall rather be applied locally to facilitate exploring neuronal details.



As we focus on the neuronal morphology modeling at the nanoscale, a dedicated neuronal format is required. The neuronal format proposed here is an extended and enhanced version of a neuronal format introduced earlier [25]. The requirements for this format are (1) to comprise the complete dendritic and axonal trees without any simplification or reductionist encoding; (2) to embed gross neuroanatomy enabling nano neuroanatomy navigation; and (3) to include the dendritic and axonal terminals that determine the location and size, the latter if possible, of synapses.



The dendritic and axonal neurites can be considered the following trees







	Root
	



	
	
	–

	
Nodes (bifurcations (generally, multifurfactions))




	–

	
Edges (branches)




	–

	
Leaves (terminal points)














Hence, the proposed nano neuronal format nN is the following:



	NEURON

   Neuron ID (n-ID)

   Type of neuron

   Subtype of neuron

   Gross anatomy ID (nga-ID) neuron belongs to

   SOMA

   Center coordinates

   Shape (predefined or free shape)

   DENDRITES

   Number of dendritic trunks

   For each trunk

     Trunk ID (dt-ID)

     Proximal (at soma) coordinates

     Proximal diameter

     Dendritic tree root coordinates

     Dendritic tree root diameter

     Number of bi(multi)furcations in the dendritic tree

     Number of terminals in the dendritic tree

     For each dendritic tree bi(multi)furcation

       Dendritic tree bi(multi)furcation ID (dtb-ID)

       Dendritic tree bi(multi)furcation coordinates

       Dendritic tree bi(multi)furcation diameter

     For each dendritic tree terminal

       Dendritic tree terminal ID (dtt-ID)

       Dendritic tree terminal coordinates

       Dendritic tree terminal diameter

   AXON

     Axon ID (a-ID)

     Hillock proximal (at soma) coordinates

     Hillock proximal diameter

     Axonal trunk proximal coordinates

     Axonal trunk proximal diameter

     Axonal tree root coordinates

     Axonal tree root diameter

     Number of bi(multi)furcations in the axonal tree

     Number of terminals in the axonal tree

     For each axonal tree bi(multi)furcation

     Axonal tree bi(multi)furcation ID (ab-ID)

     Axonal tree bi(multi)furcation coordinates

     Axonal tree bi(multi)furcation diameter

     For each axonal tree terminal

     Axonal tree terminal ID (at-ID)

     Axonal tree terminal coordinates

     Axonal tree terminal diameter








It shall be noted that with sufficient spatial resolution, all the components of this format can be extracted from the segmented neurons excluding the dendritic tree terminal coordinates and diameters. The coordinates of the dendritic three terminal shall be calculated by processing the axonal tree terminals, such that for each axonal tree terminal, the corresponding dendritic tree terminal shall be localized in its immediate adjacency. However, the diameters of certain dendritic tree terminals may not exist depending on the shape of postsynaptic specialization regions.



As an example illustrating the nN format, consider a simple neuron schematically shown in Figure 3 with three dendritic trunks having, respectively, two, three, and six branches, and the axonal tree with five branches.



Let X denote (x, y, z) coordinates and D diameter. Then, the corresponding nN file is as follows (square brackets contain comments):



	
[NEURON]

   n1 [Neuron ID (n-ID)]

   pyramidal [Type of neuron]

   none [Subtype of neuron]

   precentral gyrus [Gross anatomy ID (nga-ID) neuron belongs to]

   [SOMA]

   n1(X) [Center coordinates]

   predefined, pyramid, scaling factor [Shape (predefined or free shape)]

   [DENDRITES]

   3 [Number of dendritic trunks]

   For {1, 2, 3} [For each trunk]

     {dt1, dt2, dt3} [Trunk ID (dt-ID)]

     {dt1, dt2, dt3}Proximal(X) [Proximal (at soma) coordinates]

     {dt1, dt2, dt3}Proximal(D) [Proximal diameter]

     {dt1, dt2, dt3}Dendritic tree root(X) [Dendritic tree root coordinates]

     {dt1, dt2, dt3}Dendritic tree root(D) [Dendritic tree root diameter]

     {0, 0, 2} [Number of bifurcations in the dendritic tree]

     {2, 3, 4} [Number of terminals in the dendritic tree]

     For {1, 2, 3} [For each dendritic tree bifurcation]

       {dtb31, dtb32} [Dendritic tree bifurcation ID (dtb-ID)]

       {dtb31(X), dtb32(X)} [Dendritic tree bifurcation coordinates]

       {dtb31(D), dtb32(D)} [Dendritic tree bifurcation diameter]

     For {2, 3, 4} [For each dendritic tree terminal]




	

	
       {dtt11, dtt12; dtt21, dtt22, dtt23; dtt31, dtt32, dtt33, dtt34} [Dendritic tree terminal ID (dtt-ID)]

       {dtt11(X), dtt12(X); dtt21(X), dtt22(X), dtt23(X); dtt31(X), dtt32(X), dtt33(X), dtt34(X)} [Dendritic tree terminal coordinates]

       {dtt11(D), dtt12(D); dtt21(D), dtt22(D), dtt23(D); dtt31(D), dtt32(D), dtt33(D), dtt34(D)} [Dendritic tree terminal diameter]




	
   [AXON]

   a1 [Axon ID (a-ID)]

   Hillock(X) [Hillock proximal (at soma) coordinates]

   Hillock(D) [Hillock proximal diameter]

   Axonal trunk proximal(X) [Axonal trunk proximal coordinates

   Axonal trunk proximal(D) [Axonal trunk proximal diameter

   Axonal tree root(X) [Axonal tree root coordinates]

   Axonal tree root(D) [Axonal tree root diameter]

   0 [Number of bifurcations in the axonal tree]

   5 [Number of terminals in the axonal tree]

   For {0} [For each axonal tree bifurcation]

    none [Axonal tree bifurcation ID (ab-ID)]

    none(X) [Axonal tree bifurcation coordinates]

    none(D) [Axonal tree bifurcation diameter]

   For {1, 2, 3, 4, 5} [For each axonal tree terminal}

    {at11, at12, at13, at14, at15} [Axonal tree terminal ID (at-ID)]

    {at11(X), at12(X), at13(X), at14(X), at15(X)} [Axonal tree terminal coordinates]

    {at11(D), at12(D), at13(D), at14(D), at15(D)} [Axonal tree terminal diameter]











4. Discussion


Tremendous progress in neuroimaging and high-performance computing makes the acquisition of volumetric micro/nano datasets, covering the entire human brain, and the development of a whole brain atlas at the nanoscale feasible in the non-distant future. What is practically possible today is to relax the requirement of brain entirety and acquire a small nanoscale brain sample. For instance, in [41], a human surgical tissue sample of a 1 mm3 volume was collected and then stained, embedded in resin, cut into ~30 nm thick sections, and scanned using electron microscopy. The sample contained about 19 thousand reconstructed neurons and 133.7 million synaptic connections (note that despite a nanoscale sectioning, the data were not sufficiently sampled according to the Nyquist theorem missing about one-third of connections). Toward the development of a human whole brain atlas at the nanoscale, we here address two challenges, i.e., the morphology modeling of the whole brain at the nanoscale and designing of a nanoscale brain atlas.



Several data formats have already been developed to store, process, model, analyze, quantify, compare, classify, and share neuronal morphology, including Eutectic [42], Neurolucida [43], and SWC [44]. SWC is a widely used format of neuron morphologies due to its simplicity and the short representation of the neuronal arbor branching skeleton, which makes it sufficient for most research applications [45]. Its formal specification is available at https://swc-specification.readthedocs.io (accessed on 22 November 2023). Several SWC variants have also emerged including SWC+ to allow lines, contours, images, and surfaces to be embedded. The SWC format has been adopted by NeuroMorpho.Org, which is to date the largest freely accessible database of neuronal and glial digital reconstructions [46]. NeuroMorpho.Org contains more than 140,000 reconstructions and provides automatic calculation of 21 morphometric parameters for each cell, including soma surface, number of branches, length, volume, angles, topological asymmetry, fractal dimension, and taper rate [47].



For simulation purposes, models and tools have also been developed to generate virtual neurons with the required distributions of neuronal parameters, including total dendritic length, total surface area, topological asymmetry, total number of bifurcations, maximum branching order (number of bifurcations to soma + 1), average path (along the dendrite) from soma to tips, average distance from soma to tips, maximum distance from soma to tips, and significant (contains 95% of segments) height, width and depth [48].



To facilitate and expedite the comparison and classification of neurons, neuronal tree encoding is applied, including Persistence Diagram Vectors and Topological Morphology Descriptor. Persistence Diagram Vectors compactly describe the branching patterns of neuronal and glial trees considering the distributions of the number of branches as a function of distance from the soma [49]. Topological Morphology Descriptor encodes the branching pattern of the morphology by discarding local fluctuations with little information content, such as the position of the nodes between branch points, and thus reduces the computational complexity of a tree while encoding the overall shape of the tree [50].



Several software packages have been developed for neuron visualization, such as Neurolucida [43] and a web-based HBP Neuron Morphology Wiewer [51], as well as for modeling and simulation comprising NEURON [52], TREES Toolbox [53], and GENESIS [54]. Moreover, an international community effort the BigNeuron project (https://alleninstitute.org/news/bigneuron-project-launched-to-advance-3d-reconstructions-of-neurons/ accessed on 22 November 2023) defines and advances the state-of-the-art of single-neuron reconstruction from optical microscopy images, develops a toolkit of standardized reconstruction protocols, analyzes neuron morphologies, and establishes a data resource for neuroscience [55].



The existing and popular neuronal morphology data file formats differ from the nano neuronal nN format introduced here in terms of purpose, content, and structure. The existing file formats, such as SWC, are neuroinformatics resources for tracing, visualization, analysis, simulation, and comparison of neurons and neuronal trees, and they are not fully sufficient to enable the construction of a nanoscale human brain model. The nN format captures the complete data for morphology modeling of the entire human brain, enabling the calculation of its synaptome and connectome. It should be emphasized that the knowledge of the human connectome is vital for understanding how neuronal circuits encode information and how the brain works in health and disease [4]. In terms of content, the existing formats comprise multiple various parameters, such as the number of branches, total dendritic length, total surface area, angles, topological asymmetry, fractal dimension, taper rate, average and maximum distances from soma to tips, and significant height, width and depth. However, they do not contain the presynaptic and postsynaptic terminals and, consequently, the synaptome. On the other hand, the nN format has just two data types, points and diameters, making its structure simple, and the knowledge of these points is sufficient to compute the connectome. The nN format does not store neuronal topology (saving in this way a substantial space); although crucial in neurite tree comparison and available in the existing formats, topology is unneeded for the connectome calculation (however, if in some applications, like neurite tree comparison, a “topologylessness” of the nN format would be a problem, nN can be augmented with an SWC-type of format). Finally, the nN format links macro with nano neuroanatomy. In terms of application, the nN format has been employed to estimate big data to store nanoscale neuroanatomy [25] and high-performance computing resources to calculate it [56].



The nN format has a certain limitation resulting from data economization. It assumes that a neurite branch is represented by two points only meaning it is a linear section. This simplification does not capture the full geometry of the dendritic and axonal branches but is sufficient to compute the connectome. Obviously, it is possible to introduce intermediate points at the expense of increasing storage as discussed in [25], which may be especially crucial for long axons. Introducing one additional point per branch makes the branches parabolic but still planar. Two additional points enable cubic branches. Moreover, the synapse modeling is limited to the presynaptic and postsynaptic terminal points with diameters, and though simplified, it is sufficient to determine a synapse. However, a synapse contains subsynaptic structures, including bouton, active zone, postsynaptic density, and dendritic spine, which are highly correlated in their dimensions and correlate with synapse strength as well as they also change during episodes of synaptic plasticity [57]. Future extensions of the nN format shall accommodate for that.



Human brain atlases have been tremendously developed in terms of content, functionality, and applications [8]. There are numerous methods and tools for the construction of brain atlases, and they have extensively been discussed and reviewed earlier [13,58]. Several atlases have been built for the human whole brain from neuroimaging, such as Digital Anatomist [14], atlas for education, segmentation, and surgical planning [15], VOXEL-MAN [16], and The Human Brain, Head and Neck in 2953 Pieces (the 2953 atlas) [17]. Volumetric atlases, such as VOXEL-MAN, do not allow for the selection of individual structures or their groups; thus, they are not suitable for guiding navigation in a nanoscale atlas. The 2953 atlas has been designed to rapidly compose any 3D scene that is fully parcellated and labeled, and this kind of atlas is suitable for navigation. Although it contains about 3000 3D pieces, for a macro/meso-guided navigation, it shall be further extended with other atlases, providing the finer parcellations of deep nuclei (see below), cerebral and cerebellar cortical regions, white matter tracts, and functional systems.



To create a nanoscale brain atlas, I have proposed here three novel atlas design principles supporting navigation, exploration, and calculations, respectively, namely, (1) the navigation of micro/nanoscale neuroanatomy guided by a macro/meso parcellated and labeled neuroanatomy atlas forming a reference map; (2) a movable and zoomable sampling volume of interest (sVOI) for navigation and the subsequent exploration of neurons, synapses, and neuronal circuits in this sVOI; and (3) a nanoscale data processing in a parallel-pipeline mode exploiting parallelism resulting from the decomposition of gross neuroanatomy parcellated into structures and regions as well as nano neuroanatomy decomposed into neurons and synapses, enabling the distributed construction and continual enhancement of the nanoscale atlas.



The first principle may facilitate navigating the enormous networks of neuronal connections without the clear patterns of organization and visible landmarks by providing a macro/meso localizer. Its effectiveness depends on the level of parcellation of the macro/meso brain atlas. The finer the parcellation, the easier the guidance of a sVOI placement, see Figure 4.



The sVOI works both as a sampler and labeler. A movable and zoomable sVOI makes the navigation in a nanoscale atlas Google map-like. Another advantage of employing the sVOI is that the restriction of the explored region in the nanoscale atlas to this sVOI content facilitates interactivity in contrast to the whole nanoscale atlas whose handling requires high-performance computing.



In contrast to the development of a macroscale brain morphology model that at the nanoscale requires big data and high-performance computing, and it shall be rather a multi-centered effort, particularly, since each of the neuron segmentation, neuronal parameter extraction, synaptome calculation, and connectome computing steps can be decomposed and performed concurrently. After completing morphology, we can envisage future directions consisting of adding electrophysiology, molecular components, glial cells, and microvasculature as well as creating a probabilistic nanoscale atlas by employing multiple instances of the nN file format.



Numerous applications of the nanoscale human brain atlas can be contemplated ranging from proofreading and continual extension at multiple sites to exploration, morphometric and network-related analyses, and knowledge discovery.



To my best knowledge, this is the first proposed neuronal morphology model at the nanoscale and the first attempt to design a human whole brain atlas at the nanoscale.







Funding


This publication is supported by the European Union’s Horizon 2020 research and innovation programme under grant agreement Sano No. 857533. This publication is supported by Sano project carried out within the International Research Agendas programme of the Foundation for Polish Science, co-financed by the European Union under the European Regional Development Fund.




Data Availability Statement


No dataset was used or generated. The presented approach is freely available.




Acknowledgments


This study has been inspired by the SYNAPSE (Synchrotron for Neuroscience—an Asia-Pacific Strategic Enterprise) efforts, aiming to map the entire human brain at sub-cellular resolution, and some ideas presented here are extensions of my invited talk given at the SYNAPSE 2022 general meeting.




Conflicts of Interest


The author declares no conflict of interest.




References


	



Sunkin, S.M.; Ng, L.; Lau, C.; Dolbeare, T.; Gilbert, T.L.; Thompson, C.L.; Hawrylycz, M.; Dang, C. Allen Brain Atlas: An integrated spatio-temporal portal for exploring the central nervous system. Nucleic Acids Res. 2013, 41, D996–D1008. [Google Scholar] [CrossRef] [PubMed]

	



Amunts, K.; Lepage, C.; Borgeat, L.; Mohlberg, H.; Dickscheid, T.; Rousseau, M.É.; Evans, A.C. Bigbrain: An ultra-high-resolution 3D human brain model. Science 2013, 340, 1472–1475. [Google Scholar] [CrossRef] [PubMed]

	



Van Essen, D.C.; Smith, S.M.; Barch, D.M.; Behrens, T.E.J.; Yacoub, E.; Ugurbil, K. The WU-Minn Human Connectome Project: An overview. NeuroImage 2013, 80, 62–79. [Google Scholar] [CrossRef] [PubMed]

	



BRAIN Initiative BRAIN Working Group. BRAIN 2025. A Scientific Vision. NIH 2014. Available online: https://www.braininitiative.nih.gov/pdf/BRAIN2025_508C.pdf (accessed on 22 November 2023).

	



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. Reconstruction and simulation of neocortical microcircuitry. Cell 2015, 163, 456–492. [Google Scholar] [CrossRef] [PubMed]

	



Amunts, K.; Ebell, C.; Muller, J.; Telefont, M.; Knoll, A.; Lippert, T. The human brain project: Creating a european research infrastructure to decode the human brain. Neuron 2016, 92, 574–581. [Google Scholar] [CrossRef] [PubMed]

	



Chin, A.-L.; Yang, S.-M.; Chen, H.-H.; Li, M.-T.; Lee, T.-T.; Hwu, Y. A synchrotron X-ray imaging strategy to map large animal brains. Chin. J. Phys. 2020, 65, 24–32. [Google Scholar] [CrossRef]

	



Nowinski, W.L. Evolution of human brain atlases in terms of content, applications, functionality, and availability. Neuroinformatics 2021, 19, 1–22. [Google Scholar] [CrossRef]

	



Roland, P.; Zilles, K. Brain Atlases—A new research tool. Trends Neurosci. 1994, 17, 458–467. [Google Scholar] [CrossRef]

	



Evans, A.C.; Janke, A.L.; Collins, D.L.; Baillet, S. Brain templates and atlases. NeuroImage 2012, 62, 911–922. [Google Scholar] [CrossRef]

	



Kuan, L.; Li, Y.; Lau, C.; Feng, D.; Bernard, A.; Sunkin, S.M.; Zeng, H.; Dang, C.; Hawrylycz, M.; Ng, L. Neuroinformatics of the Allen Mouse Brain Connectivity Atlas. Methods 2015, 73, 4–17. [Google Scholar] [CrossRef]

	



Oishi, K.; Linda Chang, L.; Huang, H. Baby brain atlases. NeuroImage 2019, 185, 865–880. [Google Scholar] [CrossRef] [PubMed]

	



Nowinski, W.L. Towards an architecture of a multi-purpose, user-extendable reference human brain atlas. Neuroinformatics 2022, 20, 405–426. [Google Scholar] [CrossRef] [PubMed]

	



Sundsten, J.W.; Brinkley, J.F.; Eno, K.; Prothero, J. The Digital Anatomist. Interactive Brain Atlas. CD ROM for the Macintosh; University of Washington: Seattle, WA, USA, 1994. [Google Scholar]

	



Kikinis, R.; Shenton, M.E.; Iosifescu, D.V.; McCarley, R.W.; Saiviroonporn, P.; Hokama, H.H.; Robatino, A.; Metcalf, D.; Wible, C.G.; Portas, C.M.; et al. A digital brain atlas for surgical planning, model-driven segmentation, and teaching. IEEE Trans. Vis. Comp. Graph. 1996, 2, 232–241. [Google Scholar] [CrossRef]

	



Hoehne, K.H. VOXEL-MAN, Part 1: Brain and Skull, Version 2.0; Springer: Heidelberg, Germany, 2001. [Google Scholar]

	



Nowinski, W.L.; Chua, B.C.; Thaung, T.S.L.; Wut Yi, S.H. The Human Brain, Head and Neck in 2953 Pieces; Thieme: New York, NY, USA, 2015. [Google Scholar]

	



Chiang, A.-S.; Chuang, C.-C.; Chang, H.-M.; Hsieh, C.-H.; Yeh, C.-W.; Shih, C.-T.; Wu, J.-J.; Wang, G.-T.; Chen, Y.-C.; Wu, C.-C.; et al. Three-dimensional reconstruction of brain-wide wiring networks in drosophila at single-cell resolution. Curr. Biol. 2011, 21, 1–11. [Google Scholar] [CrossRef] [PubMed]

	



Landhuis, E. Neuroscience: Big brain, big data. Nature 2017, 541, 559–561. [Google Scholar] [CrossRef]

	



Hwu, Y.; Margaritondo, G.; Chiang, A.-S. Q&A: Why use synchrotron X-ray tomography for multi-scale connectome map-ping? BMC Biol. 2017, 15, 122. [Google Scholar]

	



Walsh, C.L.; Tafforeau, P.; Wagner, W.L.; Jafree, D.J.; Bellier, A.; Werlein, C.; Kühnel, M.P.; Boller, E.; Walker-Samuel, S.; Robertus, J.L.; et al. Imaging intact human organs with local resolution of cellular structures using hierarchical phase-contrast tomography. Nat. Methods 2021, 18, 1532–1541. [Google Scholar] [CrossRef]

	



Stampfl, A.P.; Liu, Z.; Hu, J.; Sawada, K.; Takano, H.; Kohmura, Y.; Ishikawa, T.; Lim, J.-H.; Je, J.-H.; Low, C.-M.; et al. SYNAPSE: An International Roadmap To Large Brain Imaging. Phys. Rep. 2023, 999, 1–60. [Google Scholar] [CrossRef]

	



Chen, S.; He, Z.; Han, X.; He, X.; Li, R.; Zhu, H.; Zhao, D.; Dai, C.; Zhang, Y.; Lu, Z.; et al. How big data and high-performance computing drive brain science. Genom. Proteom. Bioinform. 2019, 17, 381–392. [Google Scholar] [CrossRef]

	



Jiang, S.; Wang, Y.; Liu, L.; Ding, L.; Ruan, Z.; Dong, H.-W.; Ascoli, G.A.; Hawrylycz, M.; Zeng, H.; Peng, H. Petabyte-scale multi-morphometry of single neurons for whole brains. Neuroinformatics 2022, 20, 525–536. [Google Scholar] [CrossRef]

	



Nowinski, W.L. Toward the human nanoscale connectome: Neuronal morphology format, modeling, and storage requirement estimation. In International Conference on Computational Science; Lecture Notes in Computer Science; Springer Nature: Cham, Switzerland, 2023; Volume 14074, pp. 691–698. [Google Scholar]

	



DeWeerdt, S. How to map the brain. Nature 2019, 571, S6–S8. [Google Scholar] [CrossRef]

	



Klein, A.; Andersson, J.; Ardekani, B.A.; Ashburner, J.; Avants, B.; Chiang, M.-C.; Christensen, G.E.; Collins, D.L.; Gee, J.; Hellier, P.; et al. Evaluation of 14 nonlinear deformation algorithms applied to human brain MRI registration. NeuroImage 2009, 46, 786–802. [Google Scholar] [CrossRef]

	



Sotiras, A.; Davatzikos, C.; Paragios, N. Deformable medical image registration: A survey. IEEE Trans. Med. Imaging 2013, 32, 1153–1190. [Google Scholar] [CrossRef]

	



Viergever, M.A.; Maintz, J.A.; Klein, S.; Murphy, K.; Staring, M.; Pluim, J.P. A survey of medical image registration–under review. Med. Image Anal. 2016, 33, 140–144. [Google Scholar] [CrossRef]

	



Yoo, T.S.; Metaxas, D.N. Open science–combining open data and open source software: Medical image analysis with the Insight Toolkit. Med. Image Anal. 2005, 9, 503–506. [Google Scholar] [CrossRef]

	



Nowinski, W.L. 3D atlas of the brain, head and neck in 2953 pieces. Neuroinformatics 2017, 15, 395–400. [Google Scholar] [CrossRef]

	



Bakker, R.; Tiesinga, P.; Kötter, R. The scalable brain atlas: Instant web-based access to public brain atlases and related content. Neuroinformatics 2015, 13, 353–366. [Google Scholar] [CrossRef]

	



Fedorov, A.; Beichel, R.; Kalpathy-Cramer, J.; Finet, J.; Fillion-Robin, J.-C.; Pujol, S.; Bauer, C.; Jennings, D.; Fennessy, F.; Sonka, M.; et al. 3D Slicer as an image computing platform for the Quantitative Imaging Network. Magn. Reson. Imaging 2012, 30, 1323–1341. [Google Scholar] [CrossRef]

	



Fan, L.; Li, H.; Zhuo, J.; Zhang, Y.; Wang, J.; Chen, L.; Yang, Z.; Chu, C.; Xie, S.; Laird, A.R.; et al. The human brainnetome atlas: A new brain atlas based on connectional architecture. Cereb. Cortex 2016, 26, 3508–3526. [Google Scholar] [CrossRef]

	



Nowinski, W.L.; Chua, B.C.; Ngai, V. 3D Atlas of Neurologic Disorders; Version 1.0 for iPad; AppStore; Thieme: New York, NY, USA, 2013. [Google Scholar]

	



Lorensen, W.; Cline, H. Marching cubes: A high resolution 3-D surface construction algorithm. Comput. Graph. 1987, 21, 163–169. [Google Scholar] [CrossRef]

	



Volkau, I.; Zheng, W.; Baimouratov, R.; Aziz, A.; Nowinski, W. Geometric modeling of the human normal cerebral arterial system. IEEE Trans. Med. Imaging 2005, 24, 529–539. [Google Scholar] [CrossRef]

	



Allen Cell Types Database. Technical White Paper: Overview. Available online: https://help.brain-map.org/display/celltypes/Documentation (accessed on 20 September 2023).

	



Ecker, J.R.; Geschwind, D.H.; Kriegstein, A.R.; Ngai, J.; Osten, P.; Polioudakis, D.; Regev, A.; Sestan, N.; Wickersham, I.R.; Zeng, H. The BRAIN Initiative Cell Census Consortium: Lessons Learned toward Generating a Comprehensive Brain Cell Atlas. Neuron 2017, 96, 542–557. [Google Scholar] [CrossRef]

	



Mumenthaler, M.; Mattle, H. Fundamentals of Neurology: An Illustrated Guide; Thieme: New York, NY, USA, 2005. [Google Scholar]

	



Shapson-Coe, A.; Januszewski, M.; Berger, D.R.; Pope, A.; Wu, Y.; Blakely, T.; Lichtman, J.W. A connectomic study of a petascale fragment of human cerebral cortex. bioRxiv 2021. [Google Scholar] [CrossRef]

	



Capowski, J. An automatic neuron reconstruction system. J. Neurosci. Methods 1983, 8, 353–364. [Google Scholar] [CrossRef]

	



Glaser, J.R.; Glaser, E.M. Neuron imaging with neurolucida—A PC-based system for image combining microscopy. Comput. Med. Imaging Graph. 1990, 14, 307–317. [Google Scholar] [CrossRef]

	



Cannon, R.; Turner, D.; Pyapali, G.; Wheal, H. An on-line archive of reconstructed hippocampal neurons. J. Neurosci. Methods 1998, 84, 49–54. [Google Scholar] [CrossRef]

	



Ascoli, G.A.; Krichmar, J.L.; Nasuto, S.J.; Senft, S.L. Generation, description and storage of dendritic morphology data. Philos. Trans. R. Soc. B Biol. Sci. 2001, 356, 1131–1145. [Google Scholar] [CrossRef]

	



Akram, M.A.; Nanda, S.; Maraver, P.; Armañanzas, R.; Ascoli, G.A. An open repository for single-cell reconstructions of the brain forest. Sci. Data 2018, 5, 180006. [Google Scholar] [CrossRef]

	



Akram, M.A.; Ljungquist, B.; Ascoli, G.A. Efficient metadata mining of web-accessible neural morphologies. Prog. Biophys. Mol. Biol. 2022, 168, 94–102. [Google Scholar] [CrossRef]

	



Ascoli, G.A.; Krichmar, J.L.; Scorcioni, R.; Nasuto, S.J.; Senft, S.L.; Krichmar, G.L. Computer generation and quantitative morphometric analysis of virtual neurons. Anat. Embryol. 2001, 204, 283–301. [Google Scholar] [CrossRef]

	



Li, Y.; Wang, D.; Ascoli, G.A.; Mitra, P.; Wang, Y. Metrics for comparing neuronal tree shapes based on persistent homology. PLoS ONE 2017, 12, e0182184. [Google Scholar] [CrossRef]

	



Kanari, L.; Dłotko, P.; Scolamiero, M.; Levi, R.; Shillcock, J.; Hess, K.; Markram, H. A topological representation of branching neuronal morphologies. Neuroinformatics 2018, 16, 3–13. [Google Scholar] [CrossRef]

	



Rembrandt, B.; Paul, T. Web-based neuron morphology viewer as an aid to develop new standards for neuron morphology file formats. Front. Neuroinform. Conf. Abstr. Neuroinform. 2016. [Google Scholar] [CrossRef]

	



Hines, M.L.; Carnevale, N.T. The NEURON simulation environment. Neural Comput. 1997, 9, 1179–1209. [Google Scholar] [CrossRef]

	



Cuntz, H.; Forstner, F.; Borst, A.; Häusser, M. The TREES Toolbox—Probing the Basis of Axonal and Dendritic Branching. Neuroinformatics 2011, 9, 91–96. [Google Scholar] [CrossRef]

	



Bower, J.M.; Beeman, D. The Book of GENESIS: Exploring Realistic Neural Models with the GEneral NEural SImulation System; Springer Science & Business Media: Berlin/Heidelberg, Germany, 2012. [Google Scholar]

	



Peng, H.; Hawrylycz, M.; Roskams, J.; Hill, S.; Spruston, N.; Meijering, E.; Ascoli, G.A. BigNeuron: Large-scale 3d neuron recon-struction from optical microscopy images. Neuron 2015, 87, 252–256. [Google Scholar] [CrossRef]

	



Nowinski, W.L. High performance computing requirements for the calculation of a morphology model of the human whole brain at the nanoscale. In Proceedings of the 2023 IEEE International Conference on Bioinformatics and Biomedicine, Istanbul, Turkey, 5–8 December 2023; pp. 3321–3327. [Google Scholar]

	



Meyer, D.; Bonhoeffer, T.; Scheuss, V. Balance and stability of synaptic structures during synaptic plasticity. Neuron 2014, 82, 430–443. [Google Scholar] [CrossRef]

	



Nowinski, W.L. Computational and mathematical methods in brain atlasing. Neuroradiol. J. 2017, 30, 520–534. [Google Scholar] [CrossRef]

	



Nowinski, W.L.; Thirunavuukarasuu, A. The Cerefy Clinical Brain Atlas on CD-ROM; Thieme: New York, NY, USA, 2004. [Google Scholar]

	



García-Cabezas, M.; Pérez-Santos, I.; Cavada, C. Mapping the primate thalamus: Historical perspective and modern approaches for defining nuclei. Anat. Embryol. 2023, 228, 1125–1151. [Google Scholar] [CrossRef]








[image: Bdcc 07 00179 g001] 





Figure 1. Overview of the process for the nanoscale atlas creation. 
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Figure 2. The user interface of the 2953 atlas. Four modules are selected and shown (viewed from the bottom of the brain) in the main view (center), the left cerebral hemisphere, the right cerebral white matter, the subcortical gray matter nuclei, and white matter tracts. The structures are parcellated by color and labeled with names. The left cerebral hemisphere with the cortex parcellated into gyri and the right cerebral white matter are dissected anteriorly to expose some white matter tracts and deep nuclei. The matrix with the content modules is on the top-right, whereas below it, there is the manipulation panel (whose functions are additionally mapped into the mouse buttons). The anatomical indices of the selected modules, each module with a vertically scrollable list of selectable structures, are shown in the panels on the right. The horizontally scrollable control panels of the selected modules are synchronized with their corresponding indices, each module providing the left/right side and group selections, and are on the top-left. The function panel is on the left. 
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Figure 3. A simplified model of a neuron to illustrate the nano neuron data format. The neuron, axonal and dendritic trunks, bifurcations, and terminal points are labeled with their identifiers. The big dots mark the locations where the coordinates and diameters are measured. 
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Figure 4. (Left) The entire thalamus along with its cortical projections labeled with names (from the 2953 atlas). (Right) A coronal section through the thalamus from The Cerefy Clinical Brain Atlas [59] (with permission from Thieme) with a finer subdivision of the thalamus based on the Hassler parcellation (who distinguished more than 100 thalamic nuclei [60]). For illustration, sVOI of 0.4 mm size is set in the reticulatum thalami for the nanoscale atlas to demonstrate all afferent and efferent connections in this region. 
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