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Magnetic resonance imaging (MRI) is arguably the most important tool to study the human brain in vivo. Its exquisite contrast between different types of soft tissue provides a window into the living brain without ionising radiation, making it suitable to healthy volunteers. Advances in magnet strength, data acquisition and image reconstruction methods [1-5] enable the acquisition of millimetre-resolution MRI scans of the whole brain in minutes. MRI can be acquired with different pulse sequences that image different tissue properties, including: neuroanatomy with structural acquisitions [7]; brain activity with functional MRI based on blood oxygenation [8]; vasculature with perfusion imaging and MR angiography [9-12]; or white matter fibres and microstructure with diffusion-weighted MRI [15,16]. 
Publicly available neuroimaging packages (FreeSurfer [18], FSL [20], SPM [21], or AFNI [23]) enable researchers to perform large-scale studies with thousands of scans [24-27] to study of healthy ageing, as well as a broad spectrum of brain  diseases, such as Alzheimer’s, multiple sclerosis, or depression [28-31]. A core component of these neuroimaging packages is digital 3D brain atlases. These are reference 3D brain images that are representative of a certain population and can comprise image intensities, neuroanatomical labels, or both. We note that, due to its highly convoluted structure, the cerebral cortex is often modelled with specific atlases defined on surface coordinate systems [34,35] – rather than 3D images). We refer the reader to [36] for a comparative study. 
Volumetric atlases are often computed by averaging data from a large cohort of subjects [37], but they may encompass as few as a single subject – particularly when built from labour-intensive modalities like histology [22]. Atlases enable aggregation of data from different subjects into a common coordinate frame (CCF), thus allowing analyses (e.g., group comparisons) as a function of spatial location. Atlases that include neuroanatomical labels also provide prior spatial information for analyses like automated image segmentation [38]. 
Most volumetric atlases, including those in neuroimaging packages, capitalise on the abundance of in vivo MRI scans acquired at ∼1 mm isotropic resolution. This voxel size is sufficient to represent information at the level of gyri, sulci, and subcortical nuclei. However, it is insufficient to study the brain at the subregion level, which is desirable as brain substructures (e.g., hippocampal subfields, nuclei of the thalamus) are known from animal models and postmortem human studies to have different function and connectivity [39]. This limitation can be circumvented with higher resolution images acquired ex vivo, typically with MRI or histology. 
Ex vivo MRI has no motion artifacts and enables long acquisitions with voxels in the 100 μm range [40-43]. However, it fails to visualise cytoarchitecture and resolve many boundaries between brain areas. Histology, on the other hand, is a microscopic 2D modality that can visualise distinct aspects of cytoarchitecture using an array of stains – thus revealing neuroanatomy with much higher detail. Earlier versions of histological atlases were printed, often not digitised, and comprised only a small set of labelled sections. Representative examples include the Morel atlas of the thalamus and basal ganglia [44] or the Mai atlas of the whole brain [6] (Fig. S1A). 
While printed atlases are not useful for computational analysis, serial histology can be combined with image registration (alignment) methods to enable volumetric reconstruction of 3D histology [45], thus opening the door to creating 3D histological atlases. These have two major advantages over MRI atlases: (i) providing a more detailed CCF; and (ii) the ability to segment MRI scans at finer resolution – with potentially higher sensitivity and specificity to detect brain alterations caused by brain diseases or to measure treatment effects.
Earlier 3D histological atlases were limited in terms of anatomical coverage. Following the Morel atlas, two digital atlases of the basal ganglia and thalamus were presented [13,14] (Fig. S1B-C). To automatically obtain segmentations for living subjects, one needs to register their MRI scans with the histological atlases, which is difficult due to differences in image resolution and contrast between the two modalities. For this reason, the authors mapped the atlases to 3D MRI templates (e.g., the MNI atlas [46]) that can be more easily registered to in vivo images of other subjects. A similar atlas combining histological and MRI data was proposed for the hippocampus [17] (Fig. S1D-F). Our group presented a histological atlas of the thalamus [19] (Fig. S1G), but instead of using MNI as a stepping stone, we used Bayesian methods [47] to map our atlas to in vivo scans directly.
More recently, several efforts have aimed at the considerably bigger endeavour of building histological atlases of the whole human brain:
- BigBrain [22] comprises over 7,000 histological sections of a single brain, which were accurately reconstructed in 3D with an ex vivo MRI scan as reference (Fig. S1H). BigBrain paved the road for its follow-up Julich-Brain [48], which aggregates data from 23 individuals. A subset of 10 cases have been provided to the community for labelling, which has led to the annotation of 248 cytoarchitectonic areas as part of 41 projects. The maximum likelihood maps have been mapped to MNI space for in vivo MRI analysis [49], but have two caveats (Fig. S1I): they align poorly with the underlying MNI template, and subcortical annotations are only partial.

- The Allen reference brain [32] (Fig. S1J) has comprehensive anatomical annotations on high-resolution histology  and is integrated with the Allen gene expression atlases. However, it only has delineations for a sparse set of histological sections of a single specimen (resembling a printed atlas). For 3D analysis of in vivo MRI, the authors have manually labelled the MNI template using a protocol inspired by their own atlas (Fig. S1K), but with a fraction of the labels and less accurately delineations – since they are made on MRI and not histology. Fig. S1: NextBrain in the context of histological atlases with advantages ([image: ]), disadvantages ([image: ]), and neutral points. ([image: ]). (A) Printed atlas [6] with a sparse set of manually traced sections [6]. (B-G) Histological atlases of specific ROIs with limited coverage: (B) Manually traced section of basal ganglia [13]; (C) 3D rendering of deterministic thalamic atlas [14]; (D-F) Traced MRI slice, histological section, and 3D rendering of hippocampal atlas [17]; and (G) Slice of our probabilistic atlas of the thalamus [19]. (H-N) Histological atlases of the whole human brain: (H) 3D reconstructed slice of BigBrain [22]; (I) Slice of Julich-Brain labels on MNI template; (J) Labelled histological section of the Allen reference brain [32]; (K) Labelling of MNI template with protocol inspired by (J); and (L-N) MRI, histology, and 3D rendering of AHEAD brains [33]. (O-S) Our new atlas NextBrain includes dense 3D histology (O-P) and comprehensive manual labels (Q) of five specimens, enabling the construction of a probabilistic atlas (R) that can be combined with Bayesian techniques to automatically label 333 ROIs in in vivo MRI scans (S).

- The Ahead brains [33] (Fig. S1L-N) comprise quantitative MRI and registered 3D histology for two separate specimens. These have anatomical labels for a few dozen structures, but almost exclusively of the basal ganglia. Moreover, these  labels were obtained from the MRI with automated methods, rather than manually traced on the high-resolution histology.
While these histological atlases of the whole brain provide exquisite 3D cytoarchitectural maps, interoperability with other datasets (e.g., gene expression), and some degree of MRI-histology integration, there are currently neither: (i) datasets with densely labelled 3D histology of the whole brain; nor (ii) probabilistic atlases built from such datasets, which would enable analyses such as Bayesian segmentation or CCF mapping of the whole brain at the subregion level. 
In this article, we present NextBrain, a next-generation probabilistic atlas of the human brain built from comprehensively labelled, multi-modal 3D histology of five half brains (Fig. S1O-P). The full dataset comprises ∼10,000 sections stained with Hematoxylin and Eosin (H&E, which discerns cell nuclei vs cytoplasm) and Luxol Fast Blue (LFB, which enhances myelin). These sections were: (i) 3D-reconstructed with ex vivo MRI scans and highly customised image registration methods powered by artificial intelligence (AI); and (ii) densely segmented into 333 regions of interest (ROIs) with AI-enabled, semi-automated segmentation methods (Fig. S1Q). The 3D label maps are finally use to build a probabilistic atlas (Fig. S1R), which is combined with a Bayesian tool for automated segmentation of MRI scans (Fig. S1S).
As the first densely labelled probabilistic atlas of the human brain built from histology, NextBrain enables brain MRI analysis at a level of detail that was previously not possible. Our results showcase: the high accuracy of our 3D histology reconstructions; NextBrain’s ability to accurately segment MRI scans acquired in vivo or ex vivo; its ability to separate diseased and control subjects in an Alzheimer’s group study; and a volumetric study of healthy brain aging with unprecedented detail.
In addition to the atlas and companion segmentation tool, our public release of NextBrain includes:  (i) The raw and registered images that were used to build the atlas, which are an invaluable resource for MRI signal modelling or histology registration studies; (ii) An online visualisation tool for these data, for educational and data inspection purposes; (iii) The source code and pipelines, which do not require any highly specialised equipment for intact coronally sliced full-brain procedures used at select sites like Allen or Julich (e.g., full-brain microtome, custom glass slides), thus enabling wide applicability; and (iv) our manual 3D segmentation of a publicly available 100 μm isotropic ex vivo scan [43] (used here for quantitative evaluation), which is a valuable resource in its own right, e.g., for ROI analysis in the ex vivo CCF of this scan, or for development and validation of segmentations methods.
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