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Spatially resolved omics technologies are transforming our understanding of
biological tissues. However, the handling of uni- and multimodal spatial omics
datasets remains a challenge owing to large data volumes, heterogeneity of
datatypes and the lack of flexible, spatially aware data structures. Here we
introduce SpatialData, aframework that establishes a unified and extensible
multiplatform file-format, lazy representation of larger-than-memory data,
transformations and alignment to common coordinate systems. SpatialData
facilitates spatial annotations and cross-modal aggregation and analysis, the
utility of whichis illustrated in the context of multiple vignettes, including
integrative analysis on amultimodal Xenium and Visium breast cancer study.

The function of biological tissuesis strongly linked to their composition
and organization. Advancesinimaging and spatial molecular profiling
technologies enable the addressing of these questions by interrogating
tissue architectures with ever-growing comprehensiveness, resolution
and sensitivity* Existing spatial molecular profiling methods quantify
DNA, RNA, protein and/or metabolite abundancesinsitu>*. Several of
these technologies employ light microscopy, providing spatial resolu-
tion of morphological features at length scales from the subcellular to
entire organisms. Spatial omics technologies are advancing rapidly, and
individual data modalities and methods feature distinct advantages

and limitations such as trade-offs in spatial resolution, the extent of
molecular multiplexing and detection sensitivity. The ability to effi-
cientlyintegrate and then operate ondata from different spatial omics
modalities promises to be instrumental for the construction of holistic
views of biological systems.

While progress hasbeen made in the analysis of individual spatial
omics datasets, integration of uni-and multimodal spatial omics data
entails important practical challenges not sufficiently addressed by
existing solutions®” (Extended Data Table 1, Supplementary Note 1
and Supplementary Table 1). Even basic operations such as loading of
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datasets into analysis pipelines in a coherent manner is hampered by
the diversity in data types (for example, tabular data for sequencing
and tens-to hundreds-of-gigabyte dense arrays forimages) and file for-
mats (for example, technology-specific vendor formats). In addition,
individual spatial omics modalities can differ vastly in spatial resolu-
tion and the spatial regions for dataacquisitionin a tissue are often not
aligned. Thus, forintegration of such data they must be appropriately
transformed and aligned toacommon coordinate system (CCS), which
is a prerequisite for the establishment of global common coordinate
frameworks (CCFs)®. Finally, untangling the complexity of multimodal
spatial omics datasets requires expert knowledge and motivation
of approaches that enable large-scale interactive data exploration
and annotation. Thus, to unlock the full potential of emerging spatial
multiomics studies®’ there is aneed for computational infrastructures
tostore, explore, analyze and annotate data across the full breadth of
spatial omics technologies with a unified programmatic interface.

The SpatialDataframework enables the findable, accessible, inter-
operable, reusable (FAIR)" integration of multimodal spatial omics
data. A language-independent storage format increases the interop-
erability of data sources while the Python library standardizes access
of, and operation across, different data types. The SpatialData format
supports all major spatial omics technologies and derived quantities
(Fig.1a,c, Supplementary Note 2 and Supplementary Table 2). Briefly,
spatial datasets are represented using five primitive elements: Images
(raster images), Labels (for example, raster segmentation masks),
Points (for example, molecular probes), Shapes (for example, polygon
regions of interests, array capture locations and so on) and Tables (for
example, molecular quantifications and annotations) (Supplementary
Tables 2 and 3). The file format also tracks coordinate transformation
oralignment steps applied to individual datasets. Dataset collections
can be stored within a single SpatialData store, thereby facilitating
jointintegrative analyses. The SpatialData format builds on the Open
Microscopy Environment-Next-Generation File Format (OME-NGFF)
specifications and leverages the Zarr file format (Supplementary Fig. 1),
thereby offering performant, interoperable access for both traditional
file system- and cloud-based storage'? (Supplementary Note 3).

The SpatialData Python library represents this format as
SpatialData objects in memory, which supports lazy loading of
larger-than-memory data (Fig. 1b). The library also provides reader
functions for widely used spatial omics technologies (Fig. 1c and Sup-
plementary Table 3), as well as versatile functionalities for manip-
ulating and accessing SpatialData objects and to define CCSs of
biological tissues®. Briefly, each individual dataset is associated with
amodality-specific coordinate transformation (Fig. 1b) thatincludes
affine transformations and composite operations. Once aligned, a
collection of datasets canbe queried (Extended Data Fig.1) and aggre-
gated (Extended Data Fig. 2)—for example, using spatial annotations
atdiversescales (cells, grids, anatomical regions) and both within and
across modalities. The query and aggregationinterfaces also allow for
the creation of new datasets grouped by biologically informed fac-
tors from large dataset collections, thereby facilitating exploration,
selected datasharing and access.

SpatialData has a napari plugin for interactive annota-
tion (napari-spatialdata; Fig. 1d and Extended Data Fig. 3). The
napari-spatialdata plugin can be used for the interactive definition of
spatial annotations such as drawing regions of interest, or to define
landmarks for guiding multidataset registration. Static figures and
graphics can be created using the spatialdata-plot library (Extended
DataFig. 4).

TheSpatialDatalibrary integrates seamlessly with the Python eco-
system by building on standard scientific Python data types. We have
implemented a PyTorch Dataset class to effectively train deep learning
models directly from SpatialData objects (Fig. 1e, Supplementary Note
4 and Extended Data Fig. 5). Further, thanks to the modular nature of
the datarepresentation, analysis packages in the scverse® ecosystem
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Fig.1|Design overview and core functionality of SpatialData. a, The
SpatialData storage format represents raw and derived data from a wide range of
spatial omics technologies in a unified manner. The format builds on five primitive
elements (SpatialElements), which are serialized to a Zarr store inan OME-NGFF-
compliant manner. b, The SpatialData Python library implements operations for
dataaccess, alignment, queries and aggregation of spatial datasets. Coordinate
transformations can be specified to align multiple modalities to a CCS, allowing
for deployment of spatial queries and aggregation operators across modalities.

¢, SpatialDatais compatible with common data formats, including vendor-specific
file formats. Collections of datasets can be stored in asingle Zarr store and are
represented as a SpatialData object. d, Datasets stored in SpatialData format
canbeannotated interactively using the integrated napari-spatialdata plugin;
SpatialData provides functionality for the generation of both interactive and static
plots. e, SpatialDataimplements a PyTorch Dataset class, thereby facilitating the
training of deep learning models directly from SpatialData objects. f, SpatialData
builds onestablished standards and software, thereby providing interoperability
with existing multimodal analysis approaches including Squidpy”, Scanpy™,
MONAI* and scvi-tools*, among others.

such as Scanpy", Squidpy" and scvi-tools' can be used for analysis of
SpatialDataobjects (Fig.1fand Supplementary Fig. 2). Taken together,
the SpatialDataframework providesinfrastructure for the integration
and analysis of spatial omics data.

To illustrate the utility of SpatialData for multimodal integra-
tion and analysis, we used the framework to represent and process
datafromabreast cancer study that combines hematoxylin and eosin
(H&E) images and 10x Genomics Visium and Xenium assays”. The
study comprises two in situ sequencing datasets (Xenium) and one
spatial transcriptomics dataset (10x Visium CytAssist) from consecu-
tive sections of abreast cancer tumor. First we used napari-spatialdata
todefinelandmark points presentin all datasets, followed by alignment
of allthree datasets using transformations to define a CCS (Fig. 2a). As
aresult of the alignment, SpatialData enabled us to identify the com-
mon spatial area, which can be accessed using SpatialData queries
across datasets.

Next we used the collective information from all three datasets
to create a shared set of spatial annotations. Briefly, we selected four
regions of interest (ROIs) based on histological features presentin the
H&E image using napari-spatialdata (Extended Data Fig. 6). We then
used genome-wide transcriptome information in Visium to estimate
copy number states (using CopyKat'®) and to annotate major genetic
subclones. Finally we annotated cell types in two Xenium replicates
by transferring cell-type labels from an independent breast cancer
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single-cell RNA sequencing (scRNA-seq) atlas' (ingest, implemented
inscanpy; Fig. 2b).

To exemplify how SpatialData canbe used to transfer spatial anno-
tations between datasets, we considered the masks from Visium capture
locations and aggregated cell-type information from the overlapping

Aggregate by
—

=
D=O

Transcripts Visium circles

Xenium cells to estimate cell-type fractions at each location. For com-
parison we also considered a deconvolution-based analysis of Visium
counts (using cell2location®®) with the same scRNA-seq-derived cell
types” as reference. We observed high concordance of cell-type abun-
dance estimates between Xeniumreplicates (median Pearson’s R = 0.88
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Fig.2| Alignment and integrative analysis of three spatial datasets from
breast cancer. a, Registration of two breast cancer Xenium replicate (rep.)
slides, one Visium slide and their corresponding H&E images to a CCS based
oninteractively selected landmarks. b, lllustration of how spatial annotations
canbe transferred across datasets using the CCS. From top to bottom, spatial
annotations derived from multiple datasets, including histological regions

(H&E image), tumor clones (Visium-derived copy number aberrations) and cell
types (Xenium and scRNA-seq). Spatial annotations, represented by different
spatial elements (polygons, circles, molecules), can can be transferred between
datasets viathe CCS. ¢, SpatialData queries facilitate cross-modality aggregation,
quality control and benchmarking. Left and middle, cell-type fractions in
Xenium computed at circular regions corresponding to Visium quantification
locations; right, cell-type fraction estimates from deconvolution methods based

on Visium data (using cell2location). d, Use of SpatialData queries for arbitrary
geometrical quantifications. Shown are cell-type fraction estimates obtained in
Xenium (derived from the paired scRNA-seq dataset) and Visium (cell2location
estimates) at annotated ROIs and clones asinb. e, Comparison of gene
expression quantification in Xenium and Visium using SpatialData aggregations
at Visium capture locations. Left, scatter plot of the correlation coefficient of
aggregated gene expression quantifications between Xenium replicates (x axis)
versus that between Xenium and Visium (y axis). Shown are gene expression
quantifications for 313 genes (dots) present in both Xenium and Visium. Color
denotes log expression in Xenium replicate 1. Right, visualization of aggregated
expression levels at Visium locations for FOXAI (top) and UCPI (bottom). Color
bars denote raw counts.

across Visiumlocations) and overall good agreement between Xenium-
and deconvolution-based estimates (median Pearson’s R = 0.69).

Analogousto the aggregation at Visium locations, we considered
ROIs defined from H&E and areas defined by the union of subclone loca-
tions from Visium (Fig. 2d and Supplementary Fig. 3a). Again we quan-
tified cell-type fractions within each region, either directly using cell
count fractions from Xenium or viadeconvolution of the correspond-
ing Visium data. The two Xenium replicates showed high concordance
of cell-type fractions, and Xenium and Visium were consistent.

As a second aggregation use case we compared expression esti-
mates for individual genes at Visium capture locations using either
Xenium or Visium data. We again transferred Visium capture locations
to aggregate individual molecule counts from Xenium into the Visium
masks (Fig. 2e and Supplementary Fig. 3b). Asexpected, the aggregated
counts were highly concordant between Xenium replicates (median
Pearson’sR = 0.62; Fig.2e and Supplementary Fig.3c-e) and, toalesser
extent, between Xeniumand Visium counts (median Pearson’sR = 0.48;
Supplementary Fig.3c-e). We also noted adirect relationship between
overall transcript abundance and the agreement between different
tissue sections and technologies (Fig. 2e).

Insum, these examplesillustrate the flexibility of the aggregation
functionality that can be applied between SpatialElements of different
kinds (points, circular capture locations, cells and larger anatomical
ROIs) to transfer diverse types of spatial annotation (cell expression,
cell-typefractions). Further examples and advanced-use cases of Spa-
tialData aggregation operations are discussed in Extended Data Fig. 2.

SpatialData facilitates the processing of a wide range of uni- and
multimodal datasets. The online documentation of SpatialData comes
withvignettes thatillustrate additional use cases. For example, weillus-
trate how SpatialData can serve as abackend to facilitate the training of
deep learning models (Extended Data Fig. 5 and Supplementary Note
4), and to conduct downstream analysis using spatial interpretation
tools such as Squidpy (Supplementary Fig. 2). As a starting point for
using SpatialData in conjunction with different technologies, we also
currently provide preformatted SpatialData objects from >40 datasets
acquired by eight technologies (Supplementary Table 2). Interactive
annotation canbe performed onboth single- and multimodality data-
sets. Finally we explored how SpatialData can align multiple fields of
view into a global reference coordinate system by mapping 12 Visium
slides toalarge prostate section (Extended Data Fig. 7). Further infor-
mation, including comprehensive documentation of the SpatialData
Pythonlibrary, tutorials, example datasets and a contributor guide, is
available online (https://spatialdata.scverse.org).

Here we present SpatialData, a flexible, community standards-
based framework for storage, processing and annotation of data from
virtually any spatial omics technology available to date. The ability to
flexibly create common coordinate systems by aligning datasets is a
critical cornerstone to establishing comprehensive CCFs, which will
unlock new analysis approaches that facilitate robust comparison
and reuse of samples across studies. In conclusion, the flexibility and
readily accessible solutions provided by the SpatialData framework

enable new possibilities in analysis and enhance the reproducibility
ofintegrated spatial analysis.

As the uptake of SpatialData continues to grow its utility will
increase further. Ongoing developments (discussed in Supplementary
Notes 5 and 6) extend the interoperability of SpatialData with R/Bio-
conductor?, provide support for multiscale point and polygon repre-
sentations—such as polygonal meshes and five-dimensional volumetric
images (thatis, czyximages with an additional time component)—and
support cloud-based data access both programmatically and via the
visualization tool Vitessce™. In summary, SpatialData provides an open
and universal data framework for spatial omics.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41592-024-02212-x.

References

1. Asp, M., Bergenstrahle, J. & Lundeberg, J. Spatially resolved
transcriptomes-next generation tools for tissue exploration.
Bioessays 42, €1900221 (2020).

2. Rao, A., Barkley, D., Franga, G. S. & Yanai, |. Exploring tissue
architecture using spatial transcriptomics. Nature 596, 211-220
(2021).

3. Vandereyken, K., Sifrim, A., Thienpont, B. & Voet, T. Methods and
applications for single-cell and spatial multi-omics. Nat. Rev.
Genet. 24, 494-515 (2023).

4. Seferbekova, Z., Lomakin, A., Yates, L. R. & Gerstung, M. Spatial
biology of cancer evolution. Nat. Rev. Genet. 24, 295-313
(2023).

5.  Moses, L. & Pachter, L. Museum of spatial transcriptomics. Nat.
Methods 19, 534-546 (2022).

6. Park, J. et al. Spatial omics technologies at multimodal and single
cell/subcellular level. Genome Biol. 23, 256 (2022).

7.  Moffitt, J. R., Lundberg, E. & Heyn, H. The emerging landscape of
spatial profiling technologies. Nat. Rev. Genet. 23, 741-759 (2022).

8. Rood, J. E. et al. Toward a common coordinate framework for the
human body. Cell 179, 1455-1467 (2019).

9. Palla, G., Fischer, D. S., Regev, A. & Theis, F. J. Spatial components
of molecular tissue biology. Nat. Biotechnol. 40, 308-318
(2022).

10. Wilkinson, M. D. et al. The FAIR Guiding Principles for scientific
data management and stewardship. Sci. Data 3, 160018 (2016).

1. Moore, J. et al. OME-Zarr: a cloud-optimized bioimaging file
format with international community support. Histochem. Cell
Biol. 160, 223-251(2023).

12. Moore, J. et al. OME-NGFF: a next-generation file format for
expanding bioimaging data-access strategies. Nat. Methods 18,
1496-1498 (2021).

Nature Methods


http://www.nature.com/naturemethods
https://spatialdata.scverse.org
https://doi.org/10.1038/s41592-024-02212-x

Brief Communication

https://doi.org/10.1038/s41592-024-02212-x

13.

14.

15.

16.

17.

18.

19.

20.

21.

Virshup, I. et al. The scverse project provides a computational
ecosystem for single-cell omics data analysis. Nat. Biotechnol. 41,
604-606 (2023).

Wolf, F. A., Angerer, P. & Theis, F. J. SCANPY: large-scale
single-cell gene expression data analysis. Genome Biol. 19,

15 (2018).

Palla, G. et al. Squidpy: a scalable framework for spatial omics
analysis. Nat. Methods 19, 171-178 (2022).

Lopez, R., Regier, J., Cole, M. B., Jordan, M. |. & Yosef, N. Deep
generative modeling for single-cell transcriptomics. Nat. Methods
15, 1053-1058 (2018).

Janesick, A. et al. High resolution mapping of the breast

cancer tumor microenvironment using integrated single cell,
spatial and in situ analysis of FFPE tissue. Nat. Commun. 14,

8353 (2023).

Gao, R. et al. Delineating copy number and clonal substructure in
human tumors from single-cell transcriptomes. Nat. Biotechnol.
39, 599-608 (2021).

Wu, S. Z. et al. A single-cell and spatially resolved atlas of human
breast cancers. Nat. Genet. 53, 1334-1347 (2021).
Kleshchevnikov, V. et al. Cell2location maps fine-grained cell
types in spatial transcriptomics. Nat. Biotechnol. 40, 661-671
(2022).

Gentleman, R. C. et al. Bioconductor: open software development
for computational biology and bioinformatics. Genome Biol. 5,
R80 (2004).

22. Keller, M. S. et al. Vitessce: a framework for integrative
visualization of multi-modal and spatially-resolved single-cell
data. Preprint at https://doi.org/10.31219/osf.io/y8thv (2023).

23. The MONAI Consortium. Project MONAI. Zenodo https://doi.
0rg/10.5281/zenod0.4323059 (2020).

24. Gayoso, A. et al. A Python library for probabilistic analysis of
single-cell omics data. Nat. Biotechnol. 40, 163-166 (2022).

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2024

Nature Methods


http://www.nature.com/naturemethods
https://doi.org/10.31219/osf.io/y8thv
https://doi.org/10.5281/zenodo.4323059
https://doi.org/10.5281/zenodo.4323059
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Brief Communication

https://doi.org/10.1038/s41592-024-02212-x

Methods

SpatialData framework

The SpatialDataframework comprises a core package, spatial dataand
associated satellite packages napari-spatialdata, spatialdata-io and
spatialdata-plot, compatible with Python 3.9 and above. All code is
available on GitHub as part of the scverse organization and is licensed
under the permissive ‘BSD 3-Clause License’. The project structures
inherit fromthe scverse cookiecutter and the napari plugin cookiecut-
ter, thusimplementing unit tests and precommit checks in a continuous
integration setting. The documentationis built using Sphinx and hosted
onRead the Docs. Itincludes application programminginterface (API)
descriptions, example notebooks and a table with links to downloadable
spatial omics datasets. Each dataset can be downloaded in full (.zip) or
evendirectly accessed fromthe cloud (public S3 storage). Documenta-
tion, tutorials and sample data can be found in the links below.

« Documentation: https://spatialdata.scverse.org

- Installation instructions: https://spatialdata.scverse.org/en/lat-
est/installation.html

« Tutorials: https://spatialdata.scverse.org/en/latest/tutorials/
notebooks/notebooks.html

- Sample data: https://spatialdata.scverse.org/en/latest/tutorials/
notebooks/datasets/README.html

We also provide a contribution guide and technical design docu-
mentto encourage adoption. Users canreach out to the core develop-
ment team via the GitHub Issues bug-tracking system. To encourage
collaboration between the imaging and scverse communities we have
createda public chat stream ontheimagesc Zulip messaging platform:
https://imagesc.zulipchat.com/#narrow/stream/329057-scverse.

SpatialData framework dependencies

The framework depends on routinely used Python libraries. In detail,
the spatialdata package depends on networkx, numpy (scientific stack),
anndata (single-cell data), dask-image, multiscale-spatial-image,
ome-zarr-py, spatial-image, xarray, xarray-schema, xarray-spatial,
zarr (raster spatial data), geopandas, pyarrow, pygeos, shapely (vector
spatial data), fsspec, rich, tqdm, typing_extensions (utilities) and torch
(deep learning, optional dependency).

The satellite packages spatialdata-io, spatialdata-plot and
napari-spatialdata require additional dependencies; we refer the reader
tothe Reporting Summary foracomplete list,and to the pyproject.toml
andsetup.cfgfiles of the corresponding GitHub repositories for the most
up-to-datelist, as the packages and their dependency continuously evolve.

All packagesinthe SpatialData framework are routinely published
to PyPlI via GitHub Actions and, as such, pip can be used readily to
install the software and all its dependent libraries. Conda support is
in preparation.

Raw human breast cancer Xenium and Visium data
We downloaded the raw data from https://www.10xgenomics.com/
products/xenium-in-situ/preview-dataset-human-breast.

Loading Xenium and Visium datasets into SpatialData

The10x Xeniumand Visiumreaders from spatialdata-iowere used toread
the datainto SpatialData objects. For the Xenium datasets, the DAPI chan-
nelwasstored asamultiscale Image, cell and nuclei segmentation masks
andboundaries were stored as Shapes elements whereas the transcripts
were stored as Points. The metadata and count matrices were stored asa
Tableinthe SpatialDataobject. For the Visium dataset, the H&E image was
stored asamultiscale Image, the array capture areas (circles) were stored
as Shapesand the count matrix and annotations were stored inthe Table.

Cell-type annotation of Xenium replicates
We annotated cells from Xenium replicates using a publicly available
scRNA-seq breast cancer atlas" comprising nine malignant and normal

cell types and 29 subtypes. After subsetting the atlas to the subset of
313 genes presentinthe Xenium panel, we applied the ingest method for
label transfer asimplemented in the Scanpy package (v.1.9)** to anno-
tate cells from the Xenium replicates. We transferred major cell-type
labels first (coarse grained) and then within each class we mapped
minor cell types (fine grained). In the current analysis only major cell
types areshown. The nine major cell types are B cells, cancer-associated
fibroblasts (CAFs), cancer epithelial, endothelial, normal epithelial,
plasmablasts and perivascular-like cells (PVL) and T cells.

Alignment to create common coordinate systems

We selected three landmark points from the images from the two
Xenium replicates and the Visium dataset. Landmark points are to be
selected on each of the images in the same order and there should be
al-to-1spatial correspondence between sets of points. Xenium repli-
cate 1was used as the reference to which Xenium replicate 2 and Visium
were aligned using the SpatialData function align_elements_using_land-
marks. We used napari-spatialdata to annotate the landmark points
and to view the result of alignments. Internally, Dask’s lazy-loading
and Zarr’'s multiscale representation made it possible to performantly
explore and zoom the datasets, even in a low-memory device like a
standard laptop.

Computation of cell-type fractions for Visium

Following alignment, the shared area between each cell and from
the Xenium replicates and Visium locations was computed. Cell-type
fractions were then computed for each Visium location based on the
surface fractions of the locations covered by each cell type. This was
done using the SpatialData aggregate function with fractions=True,
and was performed separately for Xenium replicates 1and 2.

Cell-type deconvolution using cell2location

We used cell2location (v.0.1.3)* to estimate cell-type fractions at Visium
locations, with the aforementioned breast cancer atlas as the refer-
ence. For this task we operated on the subset of 313 genes present in
the Xeniumreplicates and subset the Visium dataset and breast cancer
atlasto those genes. We set the default parameters as suggested in the
cell2location tutorial (https://cell2location.readthedocs.io/en/latest/
notebooks/cell2location_tutorial.html). The analysis can be found at
https://github.com/scverse/spatialdata-notebooks/tree/main/note-
books/paper_reproducibility. For visualization, only cell types contrib-
uting at least 5% per Visium capture location were taken into account
then the quantity at each location was normalized to have a total of 1.

ROl selection with napari-spatialdata

Following alignment, four ROIs were selected based on the H&E image
from the Visium dataset using the napari-spatial data plugin, and these
ROIs were then added to the aligned Xenium replicates. Each ROl was
selected based onits distinct microanatomical characteristics and then
labeled manually based on the underlying cell-type composition from
the Xenium replicates.

Clone detection on Visium using CopyKat
We used CopyKat (v.1.1.0)"® with default parameters to estimate copy
number states from the Visium count matrix followed by hierarchi-
cal clustering, which identified three major clusters on the locations
labeled as ‘aneuploid’; these three clusters were used as genetic sub-
clones. We also transferred clone labels to overlapping cells from
Xenium replicates; these labels were stored as a SpatialData table
element. This analysis was conducted in R separately (the notebooks
repository: https://github.com/scverse/spatialdata-notebooks/tree/
main/notebooks/paper_reproducibility).

Visium’s anndata table was saved in .h5ad AnnData format'** for
loading and analysis in R, and clone labels were then transferred back
to SpatialDatavia.h5ad. There are ongoing effortsin the Bioconductor
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community to enable direct loading of anndata tablesinto R from Zarr,
suchasanndataR?®, which would obviate the need for exporting as.h5ad
(HDF5 format) when completed.

ROI cell-type fractions

We next computed, for each ROl and clone, the fractions of cell types
forthe cells contained within them. The SpatialData aggregation APIs
offeraconvenientinterfaceto compute these metrics, independently if
whatisbeing aggregatedisaset of circles or polygons, andif the target
regionisapolygonal ROl or aset of circles defining a particular clone.

Transcript aggregations

For each Visium capture location we aggregated transcripts from the
Xenium replicates falling into each Visium location; we performed
this analysis for Xenium replicates 1 and 2 separately. This yielded
two aggregated count matrices that were saved as separate layers in
Visium’s SpatialData objects table.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

We converted several example datasets to Zarr using the SpatialData
package. At the time of writing we included data from the following
technologies: NanoString CosMx, 10x Genomics Xenium, 10x Genomics
Visium, CyCIF, MERFISH, MIBI-TOF and Imaging Mass Cytometry. The
scripts used to convert data, as well as the converted data, are acces-
sible from https://spatialdata.scverse.org/en/latest/tutorials/note-
books/datasets/README.html. For an overview of the datasets and their
respective source publication please refer to Supplementary Table 2.

Code availability

SpatialData is available as a Python package via pip, and comes with
an extensive set of examples and tutorials that can be accessed from
the documentation at https://spatialdata.scverse.org. Furthermore,
the documentation also includes a contribution guide for research-
ers interested in participating in the design and implementation of
the framework. All scripts used to reproduce the analyses included in
this manuscript can be downloaded from the spatialdata-notebook
repository: https://github.com/scverse/spatialdata-notebooks/tree/
main/notebooks/paper_reproducibility.
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Polygon query
from shapely import Polygon
polygon = Polygon(

[

(2000, 2000),
(4500, 6000),
(4500, 3500),
(9000, 10000),
(12000, 6000),
1
)
polygon

from spatialdata import polygon_query

cropped_sdata2 = polygon_query(
sdata=sdata_ST8059050,
polygons=polygon,
target_coordinate_system="5ST8059050",
)

cropped_sdata2

Bounding box query

cropped_sdata = sdata_ST8059050.query.bounding_box( 4
axes=["x", "y"I, > ‘fq,.
min_coordinate=[8000, 12000],
max_coordinate=[12000, 160001,
target_coordinate_system="ST8059050",

)

cropped_sdata

Extended DataFig. 1| Illustration of the SpatialData query function. orin3D forraster elements (thatis, Image and Labels) and points; extended

To facilitate analyses on large datasets, SpatialData enables the selection of discussion on 3D queries is presented in Supplementary Note 6. Shown are code
distinct regions within a dataset. The spatial query interface allows users to excerpts from the spatial query tutorial. This specific tutorial explains how
request the data contained in a query region, which can be specified both as a aregion ofinterest can be specified, such as rectangular bounding boxes or
bounding box or a polygonal region. The query region can be specified using defined via polygonal shapes, and how the data underlying the specified query
any of the coordinate systems present in the SpatialData object. The query region can beretrieved. The full example can be found in the ‘spatial query’
operator returns a derived SpatialData object that contains the data within the notebook in the online documentation (https://spatialdata.scverse.org/en/
query region for all layers, including the corresponding table annotations. latest/tutorials/notebooks/notebooks/examples/spatial_query.html).

Thebounding box spatial query can be performed in 2D for all elements

Nature Methods


http://www.nature.com/naturemethods
https://spatialdata.scverse.org/en/latest/tutorials/notebooks/notebooks/examples/spatial_query.html
https://spatialdata.scverse.org/en/latest/tutorials/notebooks/notebooks/examples/spatial_query.html

Brief Communication https://doi.org/10.1038/s41592-024-02212-x

Feature aggregation
Source values

Target geometries Aggregated values

aggregate by OO result
— | 2| — |

Circles Circles

aggregate by result

— > g

Polygons \ Polygons

aggregate by result
Labels \ Labels \
Equivalent Equivalent
I = representations representations
. 3
i . -E Equivalent
mm;; H representations
Labels
Extended Data Fig. 2| Schematic representation of the SpatialData text Fig. 2). Predefined aggregation operators (count, sum, mean, standard
aggregation operations. Aggregation operations are the foundation to flexibly deviation) can be applied to any SpatialElement. Additionally, SpatialData
transfer quantifications and annotations across modalities when conducting supports the definition of user-specified aggregation operators. Leveraging
multimodal analyses. SpatialData enables the aggregation (also referred to as common coordinate systems, aggregation operations can be applied to
accumulation inimage processing) of data stored in any SpatialElementinto collections of datasets, including across datasets with different spatial scales
any set of target geometries or masks. Example applicationsinclude count and/or partially overlapping datasets. Tutorials on how to use the aggregation
aggregation of the number of single molecules for a specific gene within system are available as part of the SpatialData online documentation (https://
polygon geometries representing cells. Similarly, molecule counts within spatialdata.scverse.org/en/latest/tutorials/notebooks/notebooks/examples/
image masks representing the cytoplasm of the cells. Another example is aggregation.html).

averaging cell gene expression within a given anatomical region (see also main
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Extended Data Fig. 3| Example of using napari-spatialdata to visualize

and annotate spatial datasets. Napari-spatialdata enables the interactive
visualization of SpatialElements (Images, Labels, Points, Shapes) together
withassociated annotations (such as gene expression, cluster annotations
etc.). Embeddings of molecular profiles (for example, t-SNE, UMAP) can be
interactively queried via the scatter plot widget. Spatial annotations can
beinteractively created via drawing of regions in the napari viewer. The
corresponding annotations are then exported into the underlying SpatialData,
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facilitating their use in downstream analyses. a. NanoString CosMx dataset
and interactive selection with a lasso from the UMAP plot computed from

the cell gene expression and colored by Leiden clusters. The lasso tool in the
scatterplot windows is used to annotate a set of cells. The annotation can be
visualized in space and can be exported for downstream usage. b. MERFISH
mouse brain dataset (Allen Institute prototype MERFISH pipeline®) featuring
gene expression, polygonal ROIs annotating anatomical regions and cell types
assigned to single molecule points.
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Rapidly visualise different modalities

cosmx_sdata

.pl.render_images(..) —e——+—

.pl.render_labels(..) —¢——

.pl.render_points(..) —e—

-pl.show(..) transcript locations

Enrich visualisation with metadata

visium_sdata

.pl.render_images(..) ——> y

.pl.render_shapes(

\-\
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color_key = —— .
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) .pl.show(..) gene expression

Full control over channel colors

mcmicro_sdata

.pl.render_images(
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Extended Data Fig. 4 | See next page for caption.
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Extended DataFig. 4 | Illustration of the static plotting library spatialdata-
plot. The spatialdata-plot library enables the streamlined visualization of
complex multi-modality data. The set of elements to be rendered (Images,
Labels, Points, Shapes), as well as specific parameters for plotted elements can be
specified by the user. For example, Shapes representing cells can be annotated by

the expression level of a target gene. The plotting library automatically accounts
for transformations and alignments of the underlying common coordinate
system. Tutorials how to use spatialdata-plot are available as part of the online
documentation (Section ‘Visualizations’, https://spatialdata.scverse.org/en/
latest/tutorials/notebooks/notebooks.html).
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Extended Data Fig. 5| SpatialData facilitates the preparation of datasets
for deep learning applications and itintegrates with existing deep learning
ecosystems. (a) Building on the query interface, SpatialData allows to generate
PyTorch datasets that represent tiles of the original SpatialData. Shown is an
example use case, using tiles centered on cells to train a DenseNet encoder
model for supervised cell-type prediction. The specific model architecture,
without weights, is provided by the MONAI framework, and this example shows
how we can readily interface with existing deep learning ecosystems. (b) The
effective definition of deep learning datasets can harness common coordinate
systems to allow for the combination of different spatially aligned elements.
Shown are H&E image and Xenium replicate 1aligned datasets precedently
introduced in main text Fig. 2a. (c) Enlarged view of a subset of the two datasets,
overlaying the cells from Xenium, colored by cell type, to the H&E image from
Xenium. SpatialData allows to extract image tiles of the desired resolution (here

32x32 pixels) around the Xenium cells. (d) The tiling extraction process takes
advantage of the multiscale representation and the chunked Zarr storage for
efficient memory usage. The first allows the extraction of the tiles from the
appropriate (downscaled) resolution, the second ensures that only the data
chunk(s) containing the information about the tiles are loaded from disk. Note:
the 500x and 1000x downscaling factors and the size of the chunks have been
chosen for illustrative purposes. (e) Visualization of cell-type labels predicted
by the model. Note: due to the illustrative purpose of this example, focusing on
the demonstration of the infrastructure, network training has been limited to a
small number of epochs, and systematic hyperparameter optimization has been
omitted. Thisis reflected in the suboptimal accuracy of the predictions. The full
example can be found in the online documentation (https://spatialdata.scverse.
org/en/latest/tutorials/notebooks/notebooks/examples/densenet.html).
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Extended DataFig. 6 | Napari-based visualization of the Visium and the two
Xenium datasets from the breast cancer study presented in main text. (a)
H&E image from the Visium dataset annotated with the ROIs for anatomically
relevant tissue compartments. (b) Multimodal visualization of the H&E image
from the Visium data, the two immunofluorescence images associated with the
Xenium data, the Visium array capture locations colored by gene expression
(showed with transparency), the Xenium cells showing cell types and the four

manually annotated ROISs. (¢) Visualization of the clone annotations estimated
from Visium count data. Dedicated tutorials on how to use napari-spatialdata to
align different modalities vialandmark-based annotation and how to manually
draw regions of interest, can be found in the online documentation (https://
spatialdata.scverse.org/en/latest/tutorials/notebooks/notebooks/examples/
alignment_using_landmarks.html, https://spatialdata.scverse.org/en/latest/
tutorials/notebooks/notebooks/examples/napari_rois.html).
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Prostate

section

Extended Data Fig. 7| Example of using SpatialData to combine multiple
datasets from a prostate cancer study into acommon coordinate system.
Shown is acommon coordinate system constructed using data from

Erikson et al.*. The study comprises multiple Visium H&E and Spatial
Transcriptomics® datasets from multiple tissue samples, with partially
overlapping fields-of-view distributed across the tissues. (a) Spatial layout of the
15 fields-of-view for the Visium experiments for one of the tissues. Coordinate
transformations used to align the fields-of-view were derived using SpatialData
(landmark-based alignment), by aligning each image to the global layoutimage
available from the original publication. (b) Screenshot of the visualization of all
Visium datasets for one of the tissue samples in the context of the whole tissue
coordinate system using napari-spatialdata. (c) The SpatialData multiscale image

representation, napari-spatialdata allows to view and interactively explore all of
the large images (15 images, = 580 megapixels each) aligned together with the
spatial gene expression. We can also visualize multiple modalities together,
such asaddingto the view also the Spatial Transcriptomics data. The full example
canbe foundin (https://github.com/scverse/spatialdata-notebooks/blob/main/
notebooks/paper_reproducibility/lundeberg.ipynb), and a dedicated tutorial
on coordinate transformation can be found in the online documentation
(https://spatialdata.scverse.org/en/latest/tutorials/notebooks/notebooks/
examples/transformations.html). The layout image used in the background
inpanels A and Bis in the original publication® under the Creative Commons
Attribution 4.0 International License. To view a copy of this license, visit
http://creativecommons.org/licenses/by/4.0/.
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Extended Data Table 1| Comparison of alternative spatial omics analysis frameworks

Data Types Operations Plotting
Raster | Raster | Multiscale Regular Features | Annotation Points Geometry Coordinate | Coordinate i Static i
Method Contribution | Access | images | labels | raster |Polygons | shapes | Points | matrix matrix | Graphs | aggregation | intersection | transformations | systems | annotation | Plotting | Plotting
Voyager
(SpatialFeatureExpe R,
riment) framework | Python Yes Yes No Yes Yes Yes Yes Yes Yes Yes Yes No No No Yes No
SpatialExperiment framework R Yes No No No Yes Yes Yes Yes Yes No No No No No Yes No
Giotto framework R Yes Yes No No Yes Yes Yes Yes Yes Partial No No No Yes Yes Yes
MoleculeExperiment | framework R No No No Yes Yes Yes Yes Yes No Yes No No No No Yes No
web,
SODB database Python Yes Yes No No Yes No Yes Yes Yes No Partial No No No Yes Yes
STOmicsDB database web Yes No No No No No Yes Yes Yes No No No No No Yes Yes
emObject framework | Python Yes Yes No No No No Yes Yes No No No Yes Yes No Yes No
Squidpy framework | Python Yes Yes No No Yes No Yes Yes Yes No No No No Yes Yes Yes
SpatialData framework | Python Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Shown are existing frameworks (rows), classified by their primary target goal (analysis framework versus database), access mode as well as supported data types, operations and interactive
visualization capabilities. The following frameworks are considered: Voyager® (SpatialFeatureExperiments), SpatialExperiment®, Giotto®, MoleculeExperiment®, SODB*, STOmicsDB™,
emObiject®, Squidpy". The Giotto ‘Points aggregation’ is classified as partial because the current implementation is limited to a regular grid as target geometry for aggregation. The SODB
‘geometry interaction’ is classified as partial as it is accessible via the web interface only, but not in programmatic fashion.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name, describe more complex techniques in the Methods section.

A description of all covariates tested
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A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  The data used in this study was downloaded from public sources using custom Python script that we made available at https://github.com/

giovp/spatialdata-sandbox. Such scripts download the raw data and convert it to the SpatialData format. The converted data is also accessible
(see Data Availability statement).

Data analysis All code used to perform the analyses and generate figures in this manuscript is available here: https://github.com/scverse/spatialdata-
notebooks/tree/main/notebooks/paper_reproducibility and has the following software requirements:
spatialdata>=0.0.15
spatialdata-io>=0.0.9
spatialdata-plot>=0.0.6
napari-spatialdata>=0.3.1
cell2location>=0.1.3
copykat>=1.1.0

The packages of the SpatialData framework (spatialdata, spatialdata-io, spatialdata-plot, napari-spatialdata) and all their dependencies can be
installed automatically via pip, which is the recommended way to install the libraries (conda support is in preparation).

Here below is the list of dependent libraries and corresponding versions used at the time of writing this manuscript.

Requirements of the spatialdata package:

anndata>=0.9.1

numpy>=1.24.3

xarray>=2022.12.0

zarr>=2.14.2
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ome_zarr>=0.7.0
spatial_image>=0.3.0
multiscale_spatial_image>=0.11.2
xarray-schema>=0.0.3
geopandas>=0.13.0
shapely>=2.0.1

rich>=13.3.1

pyarrow>=11.0.0
typing_extensions>=4.9.0
dask-image>=2022.9.0
networkx>=2.8.4
xarray-spatial>=0.3.5
tgdm>=4.65.0

Requirements of the spatialdata-io package:
scikit-image>=0.22.0

h5py>=3.9.0
imagecodecs>=2023.9.4
joblib>=1.3.2

readfcs>=1.1.7

Requirements of the spatialdata-plot package:
matplotlib>=3.8.2
scikit-learn>=1.3.2

scanpy>=1.9.6
matplotlib-scalebar>=0.8.1
Requirements of the napari-spatialdata package:
click>=8.1.7

cycler>=0.12.1

loguru>=0.7.2

napari>=0.4.16
napari-matplotlib>=1.2.0
numba>=0.58.1

packaging>=23.2

pillow>=10.0.0

gtpy>=2.4.1

scipy>=1.11.4

superqt>=0.6.1

vispy>=0.10.0

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

We converted several example datasets to Zarr using the SpatialData package (see Software and Code). At the time of writing, we include data from the following
technologies: NanoString CosMx, 10x Genomics Xenium, 10x Genomics Visium, CyCIF, MERFISH, MIBI-TOF, Imaging Mass Cytometry. The converted data is
accessible from https://spatialdata.scverse.org/en/latest/tutorials/notebooks/datasets/README.html. For an overview of the datasets and their respective source
publication, please refer to Table S4.

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender No participants have been recruited for this study.

Population characteristics No participants have been recruited for this study.
Recruitment No participants have been recruited for this study.
Ethics oversight No participants have been recruited for this study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size NanoString CosMx data: 1 sample, 30 slides.
10x Genomics Xenium + Visium (breast cancer, Janesick et al.): 1 sample, 3 slides
CyCIF MCMICRO: 1 sample, 1 slide
MERFISH: 1 sample, 1 slide
MIBI-TOF: 3 samples, 1 slide each
Imaging Mass Cytometry: 4 patients, 14 slides total
10x Genomics Visium (prostate cancer, Erikson et al.): 1 sample, 15 fields-of-view
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The sample sizes and slides number were chosen to be often greater than 1 to demonstrate the integration capabilities of the framework.

Data exclusions | No data has been excluded during our data processing.
Replication The code to generate all figures is publicly available. See Software and Data Availability section.
Randomization  We did not require randomization in the data. We did not divide the data into subgroups.

Blinding We did not divide the data into subgroups.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
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