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Background
Tumors are complex multifaceted ecosystems composed of malignant cells surrounded by a heterogeneous mixture of cell types. During oncogenesis, different
populations of cancer cells interact with the microenvironment, contributing to
evasion of the immune system and metastatic progression. One of the major goals
for translational cancer research is to develop new technologies capable of unraveling this complexity across heterogeneous microenvironments. Bulk genomic and
transcriptomic studies have uncovered major molecular insights and have helped
in the design of patient-specific targeted therapeutics. Quantification of gene expression from bulk-sequencing approaches, however, only represents the average
expression profiles of the constituent cells and is influenced by the particular transcriptional profiles, as well as the abundance of a multitude of different cell types
and states within each sample. This becomes particularly relevant when considering the detection limits that might preclude the identification of low-level subclones. The development of technologies based on sequencing individual cells over
the past decade has been astonishing. Notably, spatial molecular analysis of RNA
and protein now place cellular biology at the center of cancer biology and may be
used to dissect interactions across tumor microenvironments.
Morphologic examination
Spatial mapping of tumor, immune and stromal cells within their microenvironment has long been documented by histopathologic observations. However, specimens may contain hundreds or thousands of cells that can display extensive
intratumoral morphological heterogeneity. For example, in many malignant tumors,
it is common to find well-differentiated regions adjacent to poorly or moderately
differentiated regions, or more than one morphological pattern that, if not taken
into account, can lead to an inaccurate or even incorrect diagnosis [1]. Although
metastasis remains the primary cause of mortality, decisions made during a patient’s treatment are often based on the histopathologic or molecular analyses of
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biopsy specimens available at the site or time of initial diagnosis. Studies on the divergent evolution of metastatic tumors, however, suggest that the biopsy of a primary tumor may not necessarily be reflective of secondary deposits, particularly
following the selective pressures of therapies [2]. Microenvironmental factors such
as inflammation, angiogenesis and hypoxia can also induce changes in gene and
protein expression and downstream responses to anticancer therapeutics. In
addition, core biopsies often only reflect a snapshot of the whole tumor and are
therefore unlikely to be fully informative of the complete clonal composition of
tumors.
In recent years, remarkable progress has been made in the objective assessment
of the cellular context of an entire slide captured on digitalized histological sections. Modern digital image acquisition and quantification algorithms, which integrate biophysical parameters to capture spatial variation in tumor architecture,
enable semi-automated computational identification and classification of various
cell types and regions (Fig. 1A). Deep learning approaches in particular can identify
recurring patterns in information-rich histopathologic images that can then be used
to infer molecular features and predict clinical outcomes [6].
It is important however to recognize that unlike in vivo molecular imaging
approaches, such as positron emission tomography (PET) and magnetic resonance
imaging (MRI), histological slides represent a two-dimensional picture of a threedimensional tumor captured at a point in time and are usually limited to just 5–10-μm
sample tissue sections. In addition, it is well recognized that image analyses are very
sensitive to sample quality as well as the undesirable effects resulting from specimen
processing that could adversely affect their interpretation. Therefore, it is imperative
that methods are developed to accommodate the significant variation seen in
histological specimens.

The single-cell revolution
It comes as no surprise that single-cell genomic, transcriptomic and epigenomic sequencing approaches have advanced rapidly over the past decade. The first and most
widely available technology at the forefront of single-cell interrogation in a highthroughput manner is single-cell RNA sequencing (scRNA-seq). These methods measure the transcriptional output of cells directly from tumor samples and have now become the dominant technology for the identification of novel cell types and the study
of stochastic gene expression.
The first step of all scRNA-seq workflows is the isolation of viable single cells
from complex multicellular solid tissues (Fig. 1 (B)). Defining the taxonomy of single cells has historically been achieved using fluorescence-activated cell sorting
(FACS) or flow cytometry approaches, whereby cells are tagged with a specific antibody recognizing distinct cellular populations. Although these widely used approaches provide high cellular resolution, they only allow a limited number of
molecular markers to be assayed per cell. More recently, laser-capture microdissection using a laser to microscopically isolate single cells based on cellular morphology within a spatially preserved fixed or frozen tissue section has been used [7]
(Fig. 1 (B)). Promising advances in the use of microfluidic technologies have also
entered mainstream use [8]. In microfluidics, small volumes of fluids are
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Fig. 1 Profiling the cartography of the cancer ecosystem. (A) Hematoxylin and eosin (H&E) and chromogenbased immunohistochemical stained images of a primary cutaneous melanoma, showing the result of a
machine learning algorithm capable of detecting image features that distinguish tumor from stromal and
necrotic regions, and quantify the number of cancer cells expressing key biomarkers, as well as counts of
tumor-infiltrating immune cells. (B) Single-cell isolation approaches include high-throughput microfluidic
technologies and laser capture microdissection (LCM), adapted from [3]. (C) Technologies are now able to
dissect single tumor cells at previously unattainable resolutions exemplified by approaches to analyze the
genome, transcriptome and epigenome, adapted from [4]. (D) Gene expression patterns can also be
spatially resolved across microenvironmental conditions. Schematic workflow of spatial transcriptomic
analyses using fluorescence and Visium spatial technologies. Schematic of the RNAscope assay. After the
tissue is permabilized to allow probe access, target RNA-specific oligonucleotide probes (Z) are hybridized
to the RNA target template. Once adjacent target (Z) probe-pairs hybridize to the RNA template, the
preamplifier binds to the Z probe, followed by the binding multiple amplification molecules. Each
probe is conjugated to a different fluorophore which are detected using a fluorescent microscope.
Workflow adapted from [5]. Shown H&E of a primary acral melanoma and the associated 4-plex
RNAscope smFISH image, staining for 4 positive control genes. In the 10X Visium platform, tissue
samples are sectioned and aligned onto the capture areas of the gene expression slides. Once the
tissue is permeabilized, mRNA are hybridized to the capture probes and converted into a spatially
barcoded cDNA library by reverse transcription. Sequencing the library then allows the cDNA
barcodes to associate to a slide coordinate within the original tissue, mapping the gene expression
profile to its spatial localization. Original image adapted with permission from 10x Genomics graphic.
Shown H&E of a T3 primary lung adenocarcinoma and the associated spatially resolved gene
expression plot, showing 6 mRNA clusters

sequentially manipulated into micron-diameter channels to isolate single cells for
culture and/or sequencing, allowing target cells to then be separated based on their
physical characteristics (e.g., diameter, surface antigen) (Fig. 1 (B)). In addition to
their high-throughput scale, microfluidic devices and droplet-based microfluidics
also improve the sensitivity of single-cell analyses by confining and concentrating
the reaction volume. Approaches such as Drop-seq are unparalleled in the large
numbers of cells that can be profiled (> 10,000). When combined with oligo-tagged
antibodies in cell hashing methods, it is possible to trace each individual cell back
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to its original sample [9], thereby identifying genetically identical samples subjected
to diverse perturbations in a range of experimental models, e.g., using scRNA-Seq
to assess the sensitivity of primary tumor cells to drug treatments across different
experimental conditions.
However, despite a dramatic increase in the number of studies, single-cell analysis remains a new field and substantial limitations and technical challenges still
exist. Single-cell transcriptomic studies in cancer are currently often complicated
by elaborate study designs including samples collected at different time points or
from patients with different outcomes (e.g., responders and non-responders). Although this might reveal important transcriptional pathways in particular disease
states, the clustering of cells by sample or batch (rather than cell type or state)
may limit the identification of shared cell types required for rational downstream
biological interpretation. In addition, disparate studies of smaller cell pools could
lead to false-negative findings of relevance to only a subset of cells and amplify
confounding factors relating to a specific study/sequencing modality. Further,
scRNA-seq provides only a partial sampling of the transcriptome, with a bias towards more highly expressed genes. Low coverage can result in extreme data sparsity and it can be difficult for example to distinguish rare cell types from technical
artifacts using traditional clustering algorithms; this may be particularly pertinent
to the higher throughput scRNA-seq technologies.
Bulk tissues consist of millions of cells, but contemporary studies often only sequence thousands to tens of thousands of single cells because of technological limitations and high equipment and sequencing costs. Tissue specimens may be
contaminated with blood or other tissues. As such, not all subsets identified in
single-cell data may represent the distribution of cells in the entire tissue and it
therefore may not be suited for the profiling of sub-optimally preserved or handled
clinical specimens. A further limitation in the application of scRNA-seq to solid
tumor samples is the requirement for complex dissociation protocols to obtain
viable, individualized fresh cells.
At the DNA level, single-cell genomic sequencing (scDNA-seq) technologies have
been used to reconstruct cell lineages, track subclones (subpopulations of cells with
distinct genotypes), and infer evolutionary trajectories. However, allelic dropouts
(i.e., preferential amplification and sequencing of only one allele of a particular
gene) and non-uniform genome coverage may hinder the accurate detection of single nucleotide variants (SNVs). This may not apply to transcriptome sequencing
approaches, whereby lower sequencing depth can still provide robust information
about cell identity. It is also clear that metastatic propensity may not be exclusively
encoded within nucleotide sequences, and recent progress in methods to probe the
epigenetic regulation of gene expression at single-cell level (including chromatin
accessibility via ATAC-seq [10], DNA methylation [11] and others) has been made
(Fig. 1 (C)). The considerable technical challenges associated with either amplifying
bisulfite-treated single-cell DNA (scBS-seq) or using single-cell chromatin immuneprecipitation approaches to sequence chromatin binding proteins (ChIP-seq) have
thus far slowed epigenomic profiling from occupying center stage in cancer studies.
Of note, there have been marked advances in “multiomic” approaches at the
single-cell level, which allows for various combinations of RNA-seq, ATAC-seq,
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Hi-C, and methylation-sequencing [12–15] which should enable a better integration
of epigenetics, transcriptomics and genetics over the next few years.
Despite these challenges, if these protocols are optimized for all applications and
become more cost effective and broadly implemented, it is easy to anticipate a significant increase in the application of single-cell technologies within clinical research. For example, strategies for genome sequencing single nuclei obtained from
formalin-fixed paraffin-embedded (FFPE) material [16] (how the majority of cancer
tissue is processed and stored) will prove particularly relevant to cancer trials. We
anticipate that while single-cell datasets may not supplant bulk genomic and transcriptomic tumor profiling (from large consortia such as The Cancer Genome
Atlas/The International Cancer Genome Consortium), they will undoubtedly be increasingly integrated with existing and new profiling methods as well as experimental approaches to further dissect intra-tumoral heterogeneity.

Multicellular spatial modeling of the tumor microenvironment
It is increasingly clear that understanding genetic or epigenetic alterations within
tumor cells only represents part of the picture and tumor progression depends on
the spatial interactions between tumors and the multicellular tumor microenvironment (TME). For example, it is likely that the transcriptional state of a cancer cell
is strongly influenced by its immediate neighbors via physical contact, secreted factors, or metabolite exchange. This implies that to better understand various cancer
cell states, we must have a better understanding of the “architecture” of the
tumor/TME pairing. Notably, most of the aforementioned multidimensional singlecell techniques first rely on tumor dissociation to obtain cellular suspensions. Such
approaches may therefore alter the expression of specific cell surface markers and
do not conserve information on the topological organization of cells within particular tissues [17]. Coupling scRNA technologies with optical imaging methods may
provide higher spatiotemporal resolution.
There have been major advances in techniques to analyze gene expression in intact tissues that preserve the architecture. Single-molecule fluorescent in situ
hybridization (smFISH) employs multiple single-stranded, fluorescently labeled,
short DNA probes that hybridize to target cellular mRNAs in fixed cells, allowing
for both quantification and localization of RNAs in individual cells. Over the past
few years massively paralleled approaches to smFISH have been developed including sequential barcoded fluorescence in situ hybridization (seqFISH) and multiplexed error-robust fluorescence in situ hybridization (merFISH). In these
approaches, multiple cycles of hybridization are used to detect and image hundreds
to thousands of different mRNA species simultaneously and at high spatial resolution (sub-diffraction limit) [18]. An alternative to the extraction of single cells
from tissues is the capture of transcripts directly on intact tissue sections [19]. The
commercial RNAscope technology uses a novel probe design strategy and a series
of hybridization and amplification steps to reduce the background noise and
achieve single molecule visualization in individual cells (Fig. 1 (D)). In the 10X Visium spatial gene expression assay, a tissue section is placed on a microscopic glass
slide containing thousands of capture spots that each contain spatially barcoded
capture oligonucleotides; these imprint the spatial localization of the mRNA. The
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mRNAs are then converted to spatially barcoded cDNAs which are then extracted
for sequencing. Superimposing the barcoded reads back onto the tissue image provides a spatially resolved transcriptome (Fig. 1 (D)) [5].
However, one limitation with array-based methods is that the resolution is limited to the size of each spot on the array (currently ~ 55 μM), such that each spot
can contain more than one cell. Therefore, the observed expression profile at one
spot could arise from a mixture of transcripts originating from different cell
types. This can be improved by combining it with single-cell and computational
techniques such as multimodal intersection analysis (MIA), which maps the
spatial enrichment of specific cellular subpopulations and functional states within
a heterogenous sample [20]. Similar more recent computational approaches markedly increase the resolution of each spot without the need for additional singlecell sequencing [21, 22]. Perhaps one of the most exciting avenues in this field is
the advent of in situ sequencing rather than array-based approaches. One elegant
example of this is expansion sequencing (ExSeq). This approach combines simultaneous tissue expansion microscopy with direct in situ genome sequencing and
is able to achieve untargeted sequencing of cells within intact biological samples
including the mouse brain and metastatic breast cancer samples [23]. The high
resolution of this technique also allows for subcellular localization of transcripts
such as to the dendrites of individual neurons and we anticipate this technology
extending to a range of cell types and intact tissues. Finally, although more nascent, attention is now also being paid to spatially resolved chromatin profiling
with methods such as sciMAP-ATAC and these approaches are likely grow over
the next few years [24]. It is important to point out that all of these methods remain technically demanding, requiring advanced equipment and image analyses
workflows, as well as a large data storage capacity. They also share some limitations with scRNA-seq, including a high dropout rate and limited cellular
resolution.
Modern technological advances have made use of mass-tag labeled antibodies,
which have greatly expanded the number of markers that can be applied to tissue
slides. These ion-based mass cytometry platforms first stain the cells with antibodies conjugated to heavy metal isotopes, which can then be detected by timeof-flight secondary ion mass spectrometry (SIMS) and quantified by multiplexed
ion beam imaging (MIBI) [25]. This approach enables multiplexed antibody labeling (potentially up to 100 markers per cell) and quantification of protein abundance at high subcellular resolution. These capabilities mean MIBI is uniquely
suited to profile the spatial composition of immune cell subsets within the complex TME, e.g., a study in triple-negative breast cancer (from archival FFPE tissue
sections) reported differential enrichment of immunoregulatory proteins across
specific immune cell subtypes and patients, and showed that a compartmentalized
histology, in which the immune cells were spatially segregated from the tumor
cells, conferred a survival advantage over samples were tumor and immune cells
were mixed [26].
Heterogeneity in the spatial distribution of metabolites within the tumor microenvironment (including endogenous, immunosuppressive, and drug metabolites)
also plays a crucial role in influencing gene expression and determining the cellular
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response to therapies [27]. Metabolic profiling of native tissues in a spatially resolved manner is more challenging than spatial RNA profiling, as amplification of
the metabolite signal is limited and labeling toolkits are lacking. In addition, the
detection of metabolites and their chemical structures at subcellular resolution is
too complex to be deconvolve from a spatial resolution of 5–20 μm provided by
conventional mass spectrometry imaging. However, advanced instrumentation approaches such as the atmospheric pressure matrix-assisted laser desorption/
ionization (MALDI) which enables imaging of metabolites, lipids, and peptides in
single cells at 1.4 μm resolution [28], and the NanoSIMS which allows for the
spatial mapping of metabolites, lipids, and carbohydrates at 50–100 nm resolution
[29], may overcome some of these limitations.
Moving forwards, it will be important to integrate comprehensive clinical and experimental data from specific cell populations with data from these multidimensional datasets. This integrated multi-omics approach would provide important
insights into the complexity of the cancer ecosystem and interactions of the different components of the tumor microenvironment. One of the most pressing challenges in this field is both the analysis and visualization of these highly complex,
multidimensional datasets. This problem becomes especially acute when single-cell
spatially resolved methods become mainstream, since they will then have to take
into account tissue architecture in 3D [30]. It is likely that understanding these
data will require the application of machine learning-based methods, which can
augment what histology and molecular profiling individually can reveal [31]. To
translate these findings to the clinic will ultimately necessitate effective collaboration across multi-disciplinary research teams composed of molecular biologists,
computational biologists, data visualization teams and clinicians.
It is our belief that the continued open exchange and sharing of data, expertise and
technology (as demonstrated by recent large consortia [32, 33]) will prove critical to
drive innovation. Studies conducted on an international scale, ensuring adequate representation of all major world populations, with open-source exchange and
standardization of performance metrics, will accrue the most durable benefit.
Acknowledgements
We would like to thank Moritz Gerstung from the EBI for helpful discussions and Jun Sung Park and Omer Bayraktar
from the Bayraktar lab at the Wellcome Trust Sanger Institute for kindly providing the H&E and spatial tissue plots
represented in Fig. 1 (D). We thank Phillip Ball for his help with figure formatting.
Authors’ contributions
RR drafted the manuscript and figure. DL provided the images for the computational histopathology flowchart and
drafted the section on metabolic imaging. RMW wrote the section on multi-omic profiling, including multimodal intersection analysis and expansion sequencing, and highlighted the key challenges within this field, as well as suggestions
throughout the manuscript. DJA provided overall supervision, including comments and suggestions throughout the
manuscript. All authors approved the final version.
Funding
This work was supported by Cancer Research UK and the Wellcome Trust.

Declarations
Competing interests
All authors report no conflicts of interest.
Author details
1
Cambridge Cancer Centre, Cambridge University Hospitals NHS Foundation Trust, Cambridge, UK. 2Experimental
Cancer Genetics, The Wellcome Sanger Institute, Hinxton, Cambridge, Cambridgeshire, UK. 3Cancer Research UK
Cambridge Centre, University of Cambridge, Cambridge CB2 0RE, UK. 4Department of Radiology, School of Clinical

Page 7 of 9

Rabbie et al. Genome Biology

(2021) 22:87

Medicine, University of Cambridge, Box 218, Cambridge Biomedical Campus, Cambridge, UK. 5Department of Cancer
Biology & Genetics and Department of Medicine, Memorial Sloan Kettering Cancer Center, New York, NY, USA.

References
1. Travis WD, Brambilla E, Noguchi M, Nicholson AG, Geisinger K, Yatabe Y, Ishikawa Y, Wistuba I, Flieder DB, Franklin W,
et al. Diagnosis of lung cancer in small biopsies and cytology: implications of the 2011 International Association for the
Study of Lung Cancer/American Thoracic Society/European Respiratory Society classification. Arch Pathol Lab Med.
2013;137:668–84.
2. Marusyk A, Almendro V, Polyak K. Intra-tumour heterogeneity: a looking glass for cancer? Nat Rev Cancer. 2012;12(5):
323–34. https://doi.org/10.1038/nrc3261.
3. Hwang B, Lee JH, Bang D. Single-cell RNA sequencing technologies and bioinformatics pipelines. Exp Mol Med. 2018;50:
96.
4. Matuła K, Rivello F, Huck WTS. Single-cell analysis using droplet microfluidics. Adv Biosyst. 2020;4:e1900188.
5. Wang F, Flanagan J, Su N, Wang L-C, Bui S, Nielson A, Wu X, Vo H-T, Ma X-J, Luo Y. RNAscope: a novel in situ RNA
analysis platform for formalin-fixed, paraffin-embedded tissues. J Mol Diagn. 2012;14(1):22–9. https://doi.org/10.1016/j.
jmoldx.2011.08.002.
6. Fu Y, Jung AW, Torne RV, Gonzalez S, Vöhringer H, Shmatko A, Yates LR, Jimenez-Linan M, Moore L, Gerstung M. Pancancer computational histopathology reveals mutations, tumor composition and prognosis. Nature Cancer. 2020;1(8):
800–10. https://doi.org/10.1038/s43018-020-0085-8.
7. Lee-Six H, Olafsson S, Ellis P, Osborne RJ, Sanders MA, Moore L, Georgakopoulos N, Torrente F, Noorani A, Goddard M,
Robinson P, Coorens THH, O’Neill L, Alder C, Wang J, Fitzgerald RC, Zilbauer M, Coleman N, Saeb-Parsy K, Martincorena I,
Campbell PJ, Stratton MR. The landscape of somatic mutation in normal colorectal epithelial cells. Nature. 2019;
574(7779):532–7. https://doi.org/10.1038/s41586-019-1672-7.
8. Macosko EZ, Basu A, Satija R, Nemesh J, Shekhar K, Goldman M, Tirosh I, Bialas AR, Kamitaki N, Martersteck EM,
Trombetta JJ, Weitz DA, Sanes JR, Shalek AK, Regev A, McCarroll SA. Highly parallel genome-wide expression profiling of
individual cells using nanoliter droplets. Cell. 2015;161(5):1202–14. https://doi.org/10.1016/j.cell.2015.05.002.
9. Stoeckius M, Zheng S, Houck-Loomis B, Hao S, Yeung BZ, Mauck WM, Smibert P, Satija R. Cell hashing with barcoded
antibodies enables multiplexing and doublet detection for single cell genomics. Genome Biol. 2018;19(1):224. https://
doi.org/10.1186/s13059-018-1603-1.
10. Buenrostro JD, Giresi PG, Zaba LC, Chang HY, Greenleaf WJ. Transposition of native chromatin for fast and sensitive
epigenomic profiling of open chromatin, DNA-binding proteins and nucleosome position. Nat Methods. 2013;10(12):
1213–8. https://doi.org/10.1038/nmeth.2688.
11. Frommer M, McDonald LE, Millar DS, Collis CM, Watt F, Grigg GW, Molloy PL, Paul CL. A genomic sequencing protocol
that yields a positive display of 5-methylcytosine residues in individual DNA strands. Proc Natl Acad Sci U S A. 1992;
89(5):1827–31. https://doi.org/10.1073/pnas.89.5.1827.
12. Dey SS, Kester L, Spanjaard B, Bienko M, van Oudenaarden A. Integrated genome and transcriptome sequencing of the
same cell. Nat Biotechnol. 2015;33(3):285–9. https://doi.org/10.1038/nbt.3129.
13. Cusanovich DA, Daza R, Adey A, Pliner HA, Christiansen L, Gunderson KL, Steemers FJ, Trapnell C, Shendure J. Multiplex
single cell profiling of chromatin accessibility by combinatorial cellular indexing. Science. 2015;348(6237):910–4. https://
doi.org/10.1126/science.aab1601.
14. Cao J, Cusanovich DA, Ramani V, Aghamirzaie D, Pliner HA, Hill AJ, Daza RM, McFaline-Figueroa JL, Packer JS,
Christiansen L, et al. Joint profiling of chromatin accessibility and gene expression in thousands of single cells. Science.
2018;361(6409):1380–5. https://doi.org/10.1126/science.aau0730.
15. Li G, Liu Y, Zhang Y, Kubo N, Yu M, Fang R, Kellis M, Ren B. Joint profiling of DNA methylation and chromatin
architecture in single cells. Nat Methods. 2019;16(10):991–3. https://doi.org/10.1038/s41592-019-0502-z.
16. Martelotto LG, Baslan T, Kendall J, Geyer FC, Burke KA, Spraggon L, Piscuoglio S, Chadalavada K, Nanjangud G, Ng CK,
et al. Whole-genome single-cell copy number profiling from formalin-fixed paraffin-embedded samples. Nat Med. 2017;
23(3):376–85. https://doi.org/10.1038/nm.4279.
17. van den Brink SC, Sage F, Vértesy Á, Spanjaard B, Peterson-Maduro J, Baron CS, Robin C, van Oudenaarden A. Single-cell
sequencing reveals dissociation-induced gene expression in tissue subpopulations. Nat Methods. 2017;14(10):935–6.
https://doi.org/10.1038/nmeth.4437.
18. Young AP, Jackson DJ, Wyeth RC. A technical review and guide to RNA fluorescence in situ hybridization. PeerJ. 2020;8:
e8806. https://doi.org/10.7717/peerj.8806.
19. Ståhl PL, Salmén F, Vickovic S, Lundmark A, Navarro JF, Magnusson J, Giacomello S, Asp M, Westholm JO, Huss M,
Mollbrink A, Linnarsson S, Codeluppi S, Borg Å, Pontén F, Costea PI, Sahlén P, Mulder J, Bergmann O, Lundeberg J,
Frisén J. Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. Science. 2016;
353(6294):78–82. https://doi.org/10.1126/science.aaf2403.
20. Moncada R, Barkley D, Wagner F, Chiodin M, Devlin JC, Baron M, Hajdu CH, Simeone DM, Yanai I. Integrating
microarray-based spatial transcriptomics and single-cell RNA-seq reveals tissue architecture in pancreatic ductal
adenocarcinomas. Nat Biotechnol. 2020;38(3):333–42. https://doi.org/10.1038/s41587-019-0392-8.
21. Zhao E, Stone MR, Ren X, Pulliam T, Nghiem P, Bielas JH, Gottardo R: BayesSpace enables the robust characterization of
spatial gene expression architecture in tissue sections at increased resolution. bioRxiv 2020. https://doi.org/10.1101/2020.
09.04.283812.
22. Stickels RR, Murray E, Kumar P, Li J, Marshall JL, Di Bella DJ, Arlotta P, Macosko EZ, Chen F. Highly sensitive spatial
transcriptomics at near-cellular resolution with slide-seqV2. Nat Biotechnol. 2020. https://doi.org/10.1038/s41587-020-0739-1.
23. Alon S, Goodwin DR, Sinha A, Wassie AT, Chen F, Daugharthy ER, Bando Y, Kajita A, Xue AG, Marrett K, Prior R, Cui Y,
Payne AC, Yao CC, Suk HJ, Wang R, Yu CC(J), Tillberg P, Reginato P, Pak N, Liu S, Punthambaker S, Iyer EPR, Kohman RE,
Miller JA, Lein ES, Lako A, Cullen N, Rodig S, Helvie K, Abravanel DL, Wagle N, Johnson BE, Klughammer J, Slyper M,
Waldman J, Jané-Valbuena J, Rozenblatt-Rosen O, Regev A, IMAXT Consortium, Church GM, Marblestone AH, Boyden ES.

Page 8 of 9

Rabbie et al. Genome Biology

24.

25.

26.

27.
28.
29.

30.
31.
32.

33.

(2021) 22:87

Expansion sequencing: spatially precise in situ transcriptomics in intact biological systems. Science. 2021;371(6528):
eaax2656. https://doi.org/10.1126/science.aax2656.
Thornton CA, Mulqueen RM, Torkenczy KA, Nishida A, Lowenstein EG, Fields AJ, Steemers FJ, Zhang W, McConnell HL,
Woltjer RL, et al. Spatially mapped single-cell chromatin accessibility. Nat Commun. 2021;12:1274. https://doi.org/10.103
8/s41467-021-21515-7.
Angelo M, Bendall SC, Finck R, Hale MB, Hitzman C, Borowsky AD, Levenson RM, Lowe JB, Liu SD, Zhao S, Natkunam Y,
Nolan GP. Multiplexed ion beam imaging of human breast tumors. Nat Med. 2014;20(4):436–42. https://doi.org/10.1038/
nm.3488.
Keren L, Bosse M, Marquez D, Angoshtari R, Jain S, Varma S, Yang S-R, Kurian A, Van Valen D, West R, et al. A structured
tumor-immune microenvironment in triple negative breast cancer revealed by multiplexed ion beam imaging. Cell.
2018;174:1373–1387.e1319.
Wang Y, Ma S, Ruzzo WL. Spatial modeling of prostate cancer metabolic gene expression reveals extensive
heterogeneity and selective vulnerabilities. Sci Rep. 2020;10(1):3490. https://doi.org/10.1038/s41598-020-60384-w.
Schwamborn K, Caprioli RM. MALDI imaging mass spectrometry--painting molecular pictures. Mol Oncol. 2010;4(6):529–
38. https://doi.org/10.1016/j.molonc.2010.09.002.
Lee RFS, Riedel T, Escrig S, Maclachlan C, Knott GW, Davey CA, Johnsson K, Meibom A, Dyson PJ. Differences in cisplatin
distribution in sensitive and resistant ovarian cancer cells: a TEM/NanoSIMS study. Metallomics. 2017;9(10):1413–20.
https://doi.org/10.1039/C7MT00153C.
Waylen LN, Nim HT, Martelotto LG, Ramialison M. From whole-mount to single-cell spatial assessment of gene
expression in 3D. Commun Biol. 2020;3(1):602. https://doi.org/10.1038/s42003-020-01341-1.
Yoosuf N, Navarro JF, Salmén F, Ståhl PL, Daub CO. Identification and transfer of spatial transcriptomics signatures for
cancer diagnosis. Breast Cancer Res. 2020;22(1):6. https://doi.org/10.1186/s13058-019-1242-9.
Rozenblatt-Rosen O, Regev A, Oberdoerffer P, Nawy T, Hupalowska A, Rood JE, Ashenberg O, Cerami E, Coffey RJ, Demir
E, Ding L, Esplin ED, Ford JM, Goecks J, Ghosh S, Gray JW, Guinney J, Hanlon SE, Hughes SK, Hwang ES, IacobuzioDonahue CA, Jané-Valbuena J, Johnson BE, Lau KS, Lively T, Mazzilli SA, Pe’er D, Santagata S, Shalek AK, Schapiro D,
Snyder MP, Sorger PK, Spira AE, Srivastava S, Tan K, West RB, Williams EH, Aberle D, Achilefu SI, Ademuyiwa FO, Adey
AC, Aft RL, Agarwal R, Aguilar RA, Alikarami F, Allaj V, Amos C, Anders RA, Angelo MR, Anton K, Ashenberg O, Aster JC,
Babur O, Bahmani A, Balsubramani A, Barrett D, Beane J, Bender DE, Bernt K, Berry L, Betts CB, Bletz J, Blise K, Boire A,
Boland G, Borowsky A, Bosse K, Bott M, Boyden E, Brooks J, Bueno R, Burlingame EA, Cai Q, Campbell J, Caravan W,
Cerami E, Chaib H, Chan JM, Chang YH, Chatterjee D, Chaudhary O, Chen AA, Chen B, Chen C, Chen CH, Chen F, Chen
YA, Chheda MG, Chin K, Chiu R, Chu SK, Chuaqui R, Chun J, Cisneros L, Coffey RJ, Colditz GA, Cole K, Collins N,
Contrepois K, Coussens LM, Creason AL, Crichton D, Curtis C, Davidsen T, Davies SR, de Bruijn I, Dellostritto L, de Marzo
A, Demir E, DeNardo DG, Diep D, Ding L, Diskin S, Doan X, Drewes J, Dubinett S, Dyer M, Egger J, Eng J, Engelhardt B,
Erwin G, Esplin ED, Esserman L, Felmeister A, Feiler HS, Fields RC, Fisher S, Flaherty K, Flournoy J, Ford JM, Fortunato A,
Frangieh A, Frye JL, Fulton RS, Galipeau D, Gan S, Gao J, Gao L, Gao P, Gao VR, Geiger T, George A, Getz G, Ghosh S,
Giannakis M, Gibbs DL, Gillanders WE, Goecks J, Goedegebuure SP, Gould A, Gowers K, Gray JW, Greenleaf W, Gresham
J, Guerriero JL, Guha TK, Guimaraes AR, Guinney J, Gutman D, Hacohen N, Hanlon S, Hansen CR, Harismendy O, Harris
KA, Hata A, Hayashi A, Heiser C, Helvie K, Herndon JM, Hirst G, Hodi F, Hollmann T, Horning A, Hsieh JJ, Hughes S, Huh
WJ, Hunger S, Hwang SE, Iacobuzio-Donahue CA, Ijaz H, Izar B, Jacobson CA, Janes S, Jané-Valbuena J, Jayasinghe RG,
Jiang L, Johnson BE, Johnson B, Ju T, Kadara H, Kaestner K, Kagan J, Kalinke L, Keith R, Khan A, Kibbe W, Kim AH, Kim E,
Kim J, Kolodzie A, Kopytra M, Kotler E, Krueger R, Krysan K, Kundaje A, Ladabaum U, Lake BB, Lam H, Laquindanum R,
Lau KS, Laughney AM, Lee H, Lenburg M, Leonard C, Leshchiner I, Levy R, Li J, Lian CG, Lim KH, Lin JR, Lin Y, Liu Q, Liu
R, Lively T, Longabaugh WJR, Longacre T, Ma CX, Macedonia MC, Madison T, Maher CA, Maitra A, Makinen N, Makowski
D, Maley C, Maliga Z, Mallo D, Maris J, Markham N, Marks J, Martinez D, Mashl RJ, Masilionais I, Mason J, Massagué J,
Massion P, Mattar M, Mazurchuk R, Mazutis L, Mazzilli SA, McKinley ET, McMichael JF, Merrick D, Meyerson M, Miessner
JR, Mills GB, Mills M, Mondal SB, Mori M, Mori Y, Moses E, Mosse Y, Muhlich JL, Murphy GF, Navin NE, Nawy T, Nederlof
M, Ness R, Nevins S, Nikolov M, Nirmal AJ, Nolan G, Novikov E, Oberdoerffer P, O’Connell B, Offin M, Oh ST, Olson A,
Ooms A, Ossandon M, Owzar K, Parmar S, Patel T, Patti GJ, Pe’er D, Pe'er I, Peng T, Persson D, Petty M, Pfister H, Polyak
K, Pourfarhangi K, Puram SV, Qiu Q, Quintanal-Villalonga Á, Raj A, Ramirez-Solano M, Rashid R, Reeb AN, Regev A, Reid
M, Resnick A, Reynolds SM, Riesterer JL, Rodig S, Roland JT, Rosenfield S, Rotem A, Roy S, Rozenblatt-Rosen O, Rudin CM,
Ryser MD, Santagata S, Santi-Vicini M, Sato K, Schapiro D, Schrag D, Schultz N, Sears CL, Sears RC, Sen S, Sen T, Shalek A,
Sheng J, Sheng Q, Shoghi KI, Shrubsole MJ, Shyr Y, Sibley AB, Siex K, Simmons AJ, Singer DS, Sivagnanam S, Slyper M,
Snyder MP, Sokolov A, Song SK, Sorger PK, Southard-Smith A, Spira A, Srivastava S, Stein J, Storm P, Stover E, Strand SH,
Su T, Sudar D, Sullivan R, Surrey L, Suvà M, Tan K, Terekhanova NV, Ternes L, Thammavong L, Thibault G, Thomas GV,
Thorsson V, Todres E, Tran L, Tyler M, Uzun Y, Vachani A, van Allen E, Vandekar S, Veis DJ, Vigneau S, Vossough A,
Waanders A, Wagle N, Wang LB, Wendl MC, West R, Williams EH, Wu CY, Wu H, Wu HY, Wyczalkowski MA, Xie Y, Yang X,
Yapp C, Yu W, Yuan Y, Zhang D, Zhang K, Zhang M, Zhang N, Zhang Y, Zhao Y, Zhou DC, Zhou Z, Zhu H, Zhu Q, Zhu X,
Zhu Y, Zhuang X. The human tumor atlas network: charting tumor transitions across space and time at single-cell
resolution. Cell. 2020;181(2):236–49. https://doi.org/10.1016/j.cell.2020.03.053.
Stuart T, Satija R. Integrative single-cell analysis. Nat Rev Genet. 2019;20(5):257–72. https://doi.org/10.1038/s41576-0190093-7.

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

Page 9 of 9

