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Mammalian cells display a broad spectrum of phenotypes, morphologies, and functional niches within biological systems. Our understanding of mechanisms at the individual cellular level, and how cells function in concert to form tissues, organs and systems, has been greatly facilitated by centuries of extensive work to classify and characterize cell types. Classic histological approaches are now complemented with advanced single-cell sequencing and spatial transcriptomics for cell identity studies. Emerging data suggests that additional levels of information should be considered, including the subcellular spatial distribution of molecules such as RNA and protein, when classifying cells. In this Perspective piece we describe the importance of integrating cell transcriptional state with tissue and subcellular spatial and temporal information for thorough characterization of cell type and state. We refer to recent studies making use of single cell RNA-seq and/or image-based cell characterization, which highlight a need for such in-depth characterization of cell populations. We also describe the advances required in experimental, imaging and analytical methods to address these questions. This Perspective concludes by framing this argument in the context of projects such as the Human Cell Atlas, and related fields of cancer research and developmental biology.
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INTRODUCTION

Biology inherently requires classification to manage vast amounts of irreducibly complex information. Biological systems are broken up into organs, tissues, cells and molecular pathways, where cells make up the smallest functional units of life. Cells must thus occupy a wide range of phenotypes and morphologies, fulfilling the functional requirements of each of their tissues and niches. Our understanding of this diversity is facilitated by classifying cells across this spectrum as different cell “types” carrying specific molecular signatures. However, cells also exist in dynamic states with some functional plasticity, which presents particular challenges for a reductionist classification approach.

There are two types of classification errors we are at risk of making: either assigning the same identity to two cells when they are different, or conversely, labeling two cells as different when they are functionally identical. To avoid these errors, we need to better understand the parameters that distinguish cells, including the relationship between cell state, function, and identity, to be able to delineate cell sub-types and classes with greater resolution. To illustrate our argument, consider a hypothetical situation: two cells are adjacent to one another in a tissue sample and possess similar levels of the same RNA transcripts. Does this conclude that they are the same cell type? Inversely, if they have differing levels of transcripts, does this mean they are different, or could they simply be in different states or stages in a process? Cells exist in flux, across continuous spectra of differentiation and state. They progress through irreversible processes, such as development or differentiation; oscillatory processes such as the cell cycle and circadian rhythms; as well as reversible transitions between states, including nutritional or disease status. These changes naturally manifest in a cell’s behavior, molecular composition and subcellular organization of various components. It is intuitive to understand processes such as development or differentiation as progressions of cell type or identity. However, it is less clear if cells in distinct but transitory states should be assigned to distinct sub-categories.

As a corollary, by using current techniques that primarily consider cells’ molecular composition (and even their organization within a tissue) we cannot clearly determine where in a process a given cell may be, and thus how similar or distinct one cell identity may be from another.



SINGLE-CELL GENOMICS AS THE STANDARD APPROACH TO IDENTIFY CELL TYPES AND STATES

A cell’s identity is determined by its lineage, present state, and future differentiation or functional potential, as well as its spatial context within a tissue or system (Wagner et al., 2016). Based on the understanding that this identity is reflected in the molecular composition of the cell, single-cell genomics and proteomics have become standard approaches to characterize cell identity and state. Single-cell genomics includes measuring gene expression, typically via RNA sequencing (RNA-seq), as well as epigenetic states and chromatin structure, using approaches which have been adapted to work at the single-cell level (reviewed in Trapnell, 2015; Ludwig and Bintu, 2019; Shema et al., 2019). Single-cell RNA-seq (scRNA-seq) has been rapidly developed and is the most popular approach to identify cell types as it enables classification of cells unbiasedly, based on gene expression patterns and allows to identify novel cell types and subtypes without prior knowledge (for example Darmanis et al., 2015; Grün et al., 2015; Shekhar et al., 2016; Villani et al., 2017; Schroeder et al., 2020). Typical cell-type identification by scRNA-Seq involves dissociating single cells from tissues, followed by isolation of their RNA, reverse transcription, amplification, sequencing and computational analysis (Figure 1A). However, there are several limitations to scRNA-Seq methods: (1) trade-off between the number of cells and data quality; (2) limited measurement of protein expression; (3) noise level and; (4) lack of spatial and temporal information. As technical developments in scRNA-Seq methodology, including computational methods are well documented in other reviews (Hwang et al., 2018; Chen G. et al., 2019; Liao et al., 2020), we discuss representative scRNA-Seq methods and describe their advantages and limitations below.
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FIGURE 1. Potential differential spatial distribution and clustering behavior of RNA transcripts in cells, which share the same identity based on single-cell RNA sequencing. (A) Single-cell RNA-seq workflow, which typically yields t-SNE plots shown in (B). B Cells that are classified as belonging to the same subtype/group based on RNA transcript count might differ in the subcellular localization of various RNA transcripts. (C) Spatially confined RNA transcripts may exhibit non-clustered spatial distribution or localize in clusters. (D) Spatial subcellular localization of RNA transcripts may be correlated with or independent of specific cellular structures, organelles or markers.




TRADE-OFF BETWEEN NUMBER OF THE CELLS AND DATA QUALITY

Current scRNA-Seq techniques can be classified based on the single cell capture method: flow cytometry [e.g., Smart-Seq2, (Picelli et al., 2013)], microfluidics [e.g., C1 CAGE (Kouno et al., 2019)], droplets [e.g., 10x Chromium, DroNc-seq (Habib et al., 2017)], Drop-Seq (Macosko et al., 2015), microwell [e.g., Seq Well (Gierahn et al., 2017)], and indexing methods [e.g., sciRNA-Seq (Cao et al., 2017)]. Flow cytometry and microfluidics-based methods enable us to obtain additional biologically relevant data other than gene level expression. For example, Smart-seq detects isoform-level expression and mutations in exon regions, and C1 CAGE quantifies even non-polyadenylated RNA such as enhancer RNAs. Multiomics analysis techniques have been developed for flow cytometry-based methods. For example, scDam&T-seq can analyze RNA level and protein binding sites simultaneously (Rooijers et al., 2019). However, these methods can only measure a maximum amount of a few hundred cells per experiment. As such, they are not suitable for characterization of rare cell populations, as a large number of cells needs to be analyzed on a single cell level in these cases. Droplets, microwell and indexing methods sequence only parts of RNA molecules (in most cases only the 3’ end of the RNA) reversed transcribed by oligo dT. Thus these methods are unable to measure isoform-level expression and non-poly(A)-containing RNAs. However, these methods can measure over 1000 cells per experiment and, as such, are suitable to detect rare cell populations.



LIMITED MEASUREMENT OF PROTEIN EXPRESSION

A few recent scRNA-Seq techniques are able to measure protein expression by using oligo conjugated antibodies. For example, CITE-Seq uses oligo-conjugated antibodies against cell surface markers to quantify protein expression levels (Stoeckius et al., 2017). However, currently, CITE-seq allows the measurement of a limited number of proteins on the cell surface. Measuring expression of intracellular proteins by sequencing-based methods remains challenging.



NOISE LEVEL

Compared to bulk RNA-Seq, scRNA-seq data is intrinsically noisy and highly sparse especially due to so-called dropout events - cases in which genes are not detected despite being expressed. Technical variability accounts for approximately 50% of cell-cell variation in expression measurements and affects downstream analyses such as clustering and pseudotime reconstruction. In fact, a large fraction of stochastic allele-specific expression can be explained by technical noise, especially for genes expressed at low and moderate levels (Kim et al., 2015). Although spike-in controls - synthetic nucleic acids used for error calibration that aid in correcting noise, can be used (Lun et al., 2017), these controls are not applicable for droplet-based techniques. Several methods have been developed to denoise data by computationally imputing missing values, including MAGIC, SAVER, scImpute, DeepImpute and others (Huang M. et al., 2018; Li and Li, 2018; van Dijk et al., 2018; Arisdakessian et al., 2019; Luecken and Theis, 2019). Still, it remains challenging to distinguish technical dropout events from biological events. Additionally, it is important to regress out biological events that are not of interest. For example, a novel T cell population was identified only after removal of gene expression governed by the cell cycle (Buettner et al., 2015).



LACK OF SPATIAL AND TEMPORAL INFORMATION

Standard scRNA-Seq methods cannot account for spatial or temporal information, with some of the main limitations being the requisite cell-dissociation step, which disrupts the microenvironment and destroys all spatial relationships between cells, and the cell-lysis step, during which spatial information at the subcellular level is lost. Additionally, this latter step induces artifacts and might distort cell type identification (Adam et al., 2017). Recent attempts to address spatial and temporal aspects by RNA-seq have emerged. The first attempt at preserving spatial information in single cell RNA-Seq used in situ amplification by padlock probe and RNA sequencing by ligation (Ke et al., 2013). In a method dubbed FISSEQ, Lee et al. (2015) converted RNA in fixed cells and tissues into cross-linked cDNA amplicons, followed by manual sequencing on a confocal microscope. This allowed for enrichment of context-specific transcripts, while preserving tissue and cell architecture. While in situ RNA-Seq techniques provide the expression data of highly multiplexed genes with high spatial resolution, analysis of the whole transcriptome remains challenging. On the other hand, non-in situ spatial sequencing techniques have been developed. “Spatial transcriptomics” (ST) (Ståhl et al., 2016) and high density spatial transcriptomics (HDST) (Vickovic et al., 2019) make use of a slide printed with an array of reverse transcription oilgo(dT) primers, over which a tissue sample is laid. This allows for imaging, followed by in situ untargeted cDNA synthesis and RNA-seq. Read counts can be correlated back to the microarray spot and location within the sample. This has a 2D spatial resolution of ∼100 and 2 μm (or several cells, and less than 1 cell) per spot in ST and HDST, respectively. The ST technique is now commercialized as Visium from 10X genomics. Rodriques et al. (2019) sought to address the question of cell-scale spatial resolution in a tissue by developing SlideSeq. This method functions by transferring RNA from tissue sections onto a surface covered in DNA-barcoded beads with known positions. The positional source of the RNA within the tissue can then be deduced by sequencing. In addition to array-based approaches, a few pioneering methods have been developed to obtain spatial information at cell-cell interactions by computational inference, physical separation by laser microdissection and gentle tissue dissociation (Satija et al., 2015; Moor et al., 2018; Giladi et al., 2020). By combining in situ hybridization images, Satija et al. inferred cellular localization computationally. Although this approach is widely applicable, it is challenging to apply to tissues where the spatial pattern is not reproducible, such as in a tumor, or tissues where cells with highly similar expression patterns are spatially scattered across the tissue. While microdissection approaches achieve higher spatial resolution compared to array-based techniques such as Slide-Seq, these approaches only work when the source of spatial variability has a characteristic morphological correlate. Giladi et al. (2020) introduces a new method, PIC-seq, which combines cell sorting of physically interacting cells (PICs) with single-cell RNA sequencing and computational modeling to characterize cell-cell interactions and their impact on gene expression. This approach has a few limitations: doublets might cause mis-identification of cell-cell interaction, and it is not suitable for use on interacting cells that have similar expression profiles. While these non-in situ techniques can achieve higher detection sensitivity than in situ RNA-Seq at single-cell or nearly single-cell resolution, we suggest that further precise spatial information of RNAs and proteins in the cell is required to fully understand cell state, as exemplified by P granules (see section “Discussion” below).

To understand the transition between cell states and differentiation stages, temporal analyses of the transcriptome and epigenome are essential. The majority of sequencing-based approaches provide only a “snapshot” perspective of any sample, and do not allow us to place the information in the temporal context. To address this limitation, over 70 methods to reconstruct pseudotime have been developed (Reviewed in Saelens et al., 2019; Grün and Grün, 2020), allowing for the characterization of biological processes’ dynamics more accurately than conventional time series of bulk RNA-Seq (Trapnell et al., 2014; Ji and Ji, 2016; Reid and Wernisch, 2016; Qiu et al., 2017; Chen Y. et al., 2019). For example, Monocle (Trapnell et al., 2014), uses single-cell RNA-seq data collected at multiple time points to characterize the temporal aspect of gene expression. This was used to characterize differences in gene expression in differentiation of primary human myoblasts (Trapnell et al., 2014). TSCAN uses RNA-seq data to computationally order cells in a heterogenous population based on the gradual transition of their gene expression (Ji and Ji, 2016). Additionally, SPRING is able to visualize long continuous gene expression topologies, representing a powerful tool to visualize complex differentiation processes such as branching topology of hematopoietic progenitor cells and their differentiation (Weinreb et al., 2018). Another recently developed method, RNA velocity, reconstructs trajectory based on kinetics of nascent and mature mRNA for more solid quantitative foundation (La Manno et al., 2018). These pseudotime reconstruction approaches can aid in unveiling both transitions in gene expression and the dynamics of transcriptional regulation for characterization of gene regulatory networks.

The elucidation of gene regulatory networks can enhance our understanding of complex cellular processes in living cells as a bridge connecting genotypes and phenotypes. Traditional approaches to transcriptome profiling have been successfully used to infer and characterize regulatory networks over time courses such as in differentiation. A notable example is FANTOM5 phase2, which revealed gene regulatory networks by dense time course analyses with CAGE (Arner et al., 2015; Baillie et al., 2017). Network construction from reconstructed pseudotime in scRNA-Seq is challenging due to a combination of biological variation (e.g., stochasticity or bursts) and technical limitations, such as the inability to capture non-poly(A) RNAs. To date, there are only small-scale efforts to derive regulatory networks from single-cell transcriptomics data over time courses. In principle, pseudotime reconstructed from scRNAseq data allows inference of gene-regulatory networks (Aibar et al., 2017). A recent study showed that combining methods for network reconstruction with RNA velocity improves the accuracy of network inference, thus improving the temporal coupling measurement for more accurate reconstruction (Qiu et al., 2020). However, as pseudotime reconstruction methods are based on the assumption that changes in gene expression are continuous or gradual, the approach is not able to capture either drastic or transient changes in transcription that may occur during a process of interest. In addition, we have to keep in mind that scRNA-Seq methods, especially droplet based techniques, might capture doublets, which unless identified and removed, might be mistaken as transient cell states (Kiselev et al., 2019). As with conventional RNA-seq, these approaches are also unable to take into consideration the spatial distribution of RNAs, despite the importance of changes in RNA subcellular distribution during processes such as development and differentiation.



SPATIAL AND TEMPORAL INFORMATION CAN INFORM A MORE IN-DEPTH SUB-CLASSIFICATION OF CELLS

Although there is rapid and ongoing development of sequencing-based technologies, their capabilities to determine high-resolution spatial and temporal information are limited. Emerging evidence indicates that, at a given point in time, not only RNA and protein abundance (Cote et al., 2016), but also differential subcellular distribution of these molecules contributes to a cell’s state and function (for example: Moor et al., 2017). Consider once more our hypothetical situation: can we conclude that two cells, adjacent to one another in a tissue, which possess similar levels of the same RNA transcripts, are the same cell type (Figure 1B). By increasing the spatial resolution at which we assess these samples, we may observe that although at similar concentrations, a particular RNA species could be differentially localized in these cells. For instance, the RNA may be dispersed across the cytoplasm in one cell and locally clustered in the other (Figures 1B,C). The subcellular distribution of mRNA transcripts can determine their binding partners and influence their rate of translation, affecting the cellular concentration and localization of the protein product (Katz et al., 2012, 2016; Moor et al., 2018). This, in turn, can influence the cell’s function and capacity to respond to various environmental cues. Additionally, we may observe spatial positioning of certain transcripts in close association with subcellular landmarks or organelles (Savulescu et al., 2019, reviewed in Suter, 2018; Hughes and Simmonds, 2019 and others) (Figure 1D), including membraneless organelles such as stress granules (for example Khong et al., 2017; Padrón et al., 2019; Wilbertz et al., 2019). This could indicate a functional relationship between the RNA’s cellular role and broader cellular processes, such as cell division, differentiation, polarization etc.’ Further, this may also influence, or be influenced by, cell state or identity.

The significance of RNA/protein subcellular distribution over both space and time can be illustrated using the example of P granules in C. elegans development (Brangwynne et al., 2009). Upon polarization of a C. elegans single-cell embryo along the anterior-posterior axis, these RNA- and protein-containing condensates shift from a uniform distribution to localize at the posterior half of the cell. This differential distribution determines the germ line and somatic cell fates of the dividing embryo’s daughter cells. Thus, although the function of P granules is not fully understood yet, the spatial distribution of these granules represents a cell-state transition marker (the readiness of the cell to progress to the two-cell stage) as well as a marker for determination of the cell fate (progenitor germ cell and somatic sister cell). Importantly, application of current single-cell sequencing and pseudotime reconstruction methods in this system would not fully reveal the transition of cell state or type, as changes inferred by RNA and protein spatial localization in P granules and possibly additional structures would not be detected. Similar processes involving localization of mRNA transcripts occur in other developmental systems, including determination of spatial patterning in the developing Drosophila embryo (Johnstone and Lasko, 2001) and determination of cell fate in the Xenopus oocyte (King et al., 2005). Such systems highlight a need for technologies capable of accounting for both the temporal and spatial aspects of single-cell genomics for understanding cell types and states.

In a manner similar to mRNA, other species of RNA may be subject to such spatial organization. Our understanding of long non-coding RNA (lncRNA) function and behavior is still in its infancy. However, the intersection of the subcellular organization and function of long non-coding RNAs may contribute to a finer classification of cellular identities and prove to be a particularly interesting field of discovery in the future. Overall, subcellular RNA distribution, as well as interactions between transcripts and cellular structures for trafficking and packaging, may differ between otherwise similar cells. If these differences lead to functional distinctions between the cells, can we still consider them to have the same identity? Expanding on this perspective, potentially hundreds of RNA transcripts in a given experiment may be present at the same level between cells; however these transcripts might be differentially distributed within them. Thus a matrix of thousands of potential combinations of RNA localization patterns may exist, suggesting the possibility of a large array of granularly differentiated cell subtypes that might have previously been classified as belonging to the same group.

While the discussion here has focused on cell classification by transcriptional data, it is important to recognize that proteomic data and the spatial organization of a cell’s protein repertoire could potentially contribute to cell classification decisions. Recent large scale studies indicate that cells that appear genetically identical display various protein levels and subcellular localizations of proteins (Sigal et al., 2006; Breker et al., 2013; Thul et al., 2017; Lu et al., 2018) during differentiation (Balázsi et al., 2011; Rubakhin et al., 2013), in response to environmental stimuli (Narayanaswamy et al., 2009; Balázsi et al., 2011; Breker et al., 2013) or drug treatment (Tkach et al., 2012; Dénervaud et al., 2013; Torres et al., 2016; Itzhak et al., 2017; Shaffer et al., 2017). This could be due to local translation of differentially distributed mRNAs, or post-translational modifications of the protein, inferring differential interactions with binding partners. Similarly to RNA, this phenomena may apply to multiple different protein species. Integrated with the spatial distribution information of RNAs, this could exponentially expand the matrix of cellular organizations, highlighting the potential for in-depth cellular classification for accurately resolving cell states and identities.

The classic approach to study spatial proteomics relies on subcellular fractionation of organelles coupled with mass spectrometry analysis. Additional spatial information at high resolution can be obtained from approaches combining proximity labeling mediated by engineered ascorbic acid peroxidase (APEX) or antibody-mediated affinity purification with mass spectrometry (for example Hein et al., 2015; Huttlin et al., 2017; Lobingier et al., 2017; Paek et al., 2017). This allows for the characterization of the interactome of a protein, based on the assumption that proteins must be in close proximity to be able to interact. As such, it is also indicative of the local spatial proteome. However, these approaches are still in their infancy, and in-depth coverage of the cell proteome has not been completed to date (Reviewed in Lundberg and Borner, 2019). A complementary approach to mass spectrometry-based methods relies on imaging of proteins on a proteome-wide level and at single-cell resolution (Reviewed in Lundberg and Borner, 2019). The Human Protein Atlas (HPA) initiative aims to map the spatial subcellular distribution of all human proteins in all cell types of the human body (Thul et al., 2017; Uhlen et al., 2010; Uhlén et al., 2015; Uhlen et al., 2017). The spatial distribution of an extensive number of proteins has been determined, using antibody labeling, confocal microscopy, and manual and computational image analysis, allowing the detailed classification of subcellular localization of these proteins. Ongoing research is being conducted to further characterize the spatial distribution of proteins, making use of technological advances in multiplexed imaging, endogenous protein tagging, automated fluorescence microscopy and image analysis tools, including deep neural networks (Reviewed in Lundberg and Borner, 2019). It can reasonably be expected that similar large-scale approaches could be applied to the study of RNA subcellular localization, and allow the characterization of the spatial distribution of potentially all cellular RNAs in cell lines and tissues. This would aid in the fine grained subclassification of cell types and states.



ANALYTICAL AND IMAGING-BASED METHODS REQUIRED TO ANALYZE SPATIAL INFORMATION

Given the complexity of subcellular organization, and a cell’s inherent state of flux, we anticipate that in-depth characterization of the subcellular organization of multiple molecular species across large numbers of cells will require advances in analytical imaging-based methods. Such methods would need (1) the capacity to label multiple RNA transcripts and proteins in a multiplexed manner; (2) acquisition of data at both high spatial resolution and high throughput; and (3) computational frameworks for quantitative image analysis of large, multi-dimensional imaging data sets. The latter would be particularly important to distinguish between the subtle differences in spatial distribution of molecules which could occur between cells. Further, these tools need to be adaptable between cultured cell monolayers, large 3D cultures, including spheroids and organoids, and intact tissue samples. This would ensure the capture of spatial information under controlled conditions and from cells in their native tissue context.

Several labeling and imaging modalities have been developed to meet conditions (1) and (2). Efforts to increase the labeling sensitivity and throughput capacity of hybridization-based techniques have led to the emergence of several sophisticated RNA FISH (fluorescent in situ hybridization) techniques, in some cases paired with targeted in situ cDNA synthesis and sequencing. Conventional single molecule FISH (smFISH) makes use of multiple short single-stranded DNA oligonucleotide probes, each labeled with a single fluorophore, to target and specifically label mRNA (Raj et al., 2008). A key adaptation for increased RNA FISH labeling capacity has been the use of sequential rounds of multi-color labeling and imaging of the same sample. An intuitive variation of this approach is massively multiplexed cyclic smFISH, such as osmFISH (Codeluppi et al., 2018), which was used to label 33 targeted gene transcripts over 13 rounds of labeling to map the cellular architecture of the mouse neural cortex. Labeling capacity is further boosted by the adoption of FISH probe barcoding approaches, along with sequential labeling, as demonstrated with multiplexed error-robust FISH (MERFISH) (Chen et al., 2015; Moffitt and Zhuang, 2016) and sequential FISH (seqFISH and seqFISH +) (Lubeck et al., 2014; Eng et al., 2019). These techniques begin to approach full-transcriptome imaging, with the capacity to label 100 to 10000 s of RNA species at single cell, subcellular (Lubeck et al., 2014; Chen et al., 2015) or even sub-diffraction (Eng et al., 2019) resolution. STARmap (Wang et al., 2018) uses in situ amplification of target-specific probe barcode regions, that can be decoded by 3D sequencing within samples converted to a hydrogel matrix. This allows for the detection of 1000 s of RNA species in large cell numbers in 3D tissue structures. While these approaches can all provide great insight into the functional cellular organization within tissues, they each have varying limitations in the spatiotemporal resolution or throughput available.

Many of these approaches benefit from specialized LabWare and equipment. There is an increasing ease of access to affordable liquid handling systems, driven by open wet-lab solutions such as OpenLH (Gome et al., 2019) and modular Lego-based and 3D-printed injection pumps (for example Almada et al., 2019). Such systems are essential for high-cycle sequential labeling of tens to hundreds of molecular targets, which can be labeled in a single sample without barcoding, as demonstrated with osmFISH (Codeluppi et al., 2018). Automated microscopes allow increased imaging throughput of both sample size and number, however this is typically done at low magnification and resolution. High-resolution visualization of molecular targets is usually limited to the single-cell scale. A new imaging modality termed synthetic aperture optics (i.e., Stellarvision Microscope, Optical Biosystems) (described in Ryu et al., 2006) uses interferometry to increase the effective resolution of low magnification imaging. This drives significantly higher throughput (∼100 s–1000 s of cells) of high resolution (subcellular and up to single-molecule) imaging. Such a system, particularly if coupled with on-line fluid handling for sequential labeling, would be well suited for quantitative spatial characterization of the molecular repertoire of large numbers of individual cells or tissue sections.

Requirement (3), the availability of computational frameworks for quantitative image analysis of large imaging data sets is an area of rapid ongoing development. This spans the full post acquisition pipeline, from basic image processing to spot detection, decoding, quantification, and classification. Quantitative image analysis tools commonly used for image-based phenotypic cell profiling include ways to facilitate feature extraction, data quality control and normalization, dimensionality reduction and clustering from large numbers of cells (described in Caicedo et al., 2017). Many of these techniques could be adapted for the analysis of spatial and temporal characterization by transcriptomics. With the maturation of deep learning technology, there is also extensive potential for the application of artificial neural network-based approaches for image processing and analysis. Deep learning-based approaches are typically best-suited to the processing of large sets of complex data with many parameters, as would be expected of these imaging assays.

Applications of neural network-based approaches include image denoising, segmentation and categorization. Several neural network-based tools are already available for the restoration of images with high noise levels (for example Weigert et al., 2018; Batson and Royer, 2019; Krull et al., 2019). Tools for network-based FISH spot detection have likewise started to emerge (for example Gudla et al., 2017; Mabaso et al., 2018). A common challenge with smFISH applications is the density of signal, particularly in the case of abundant transcripts. This is linked to high levels of background signal, compromising the signal-to-noise ratio (SNR) and our ability to automatically detect and quantify spots. Already-available network-based denoising and spot detection tools could be further adapted for the particularly challenging low SNR and high haze conditions commonly encountered in smFISH. In addition to spot detection, spatially resolved transcriptomics necessitates the ability to distinguish individual and adjacent cells from each other, and a way to characterize the distribution of FISH spots across individual cells. While there are a large number of cell segmentation tools available (reviewed in Meijering, 2012 and Vicar et al., 2019), the automated segmentation of densely packed cells and nuclei, either in a cultured monolayer or intact tissue sections remains a challenge. Potential solutions to this may also lie in machine learning and network-based approaches (for example Al-Kofahi et al., 2018; Schmidt et al., 2018; Berg et al., 2019). Beyond image processing, characterization of cellular FISH spot distribution patterns, including quantification per cellular compartment, could make use of similar approaches to those used for localization pattern classification in spatial proteomics. These include K-nearest neighbor classifiers, support vector machines, artificial neural networks and decision trees (reviewed in Lundberg and Borner, 2019).

As experimental technologies develop and generate high-resolution spatial and temporal cell characterization datasets, ongoing development of tools and platforms to analyze this data will be imperative. Many of the novel image processing and analysis tools described above require optimization for high throughput. In addition, there is a need for development of complete analytical pipelines and frameworks for processing and extracting the complex information and patterns from these imaging data sets. Early iterations of such frameworks can be seen in emerging platforms such as DypFISH (Dynamic patterned FISH) (Savulescu et al., 2019), and Starfish, under development by the SpaceTx consortium in association with the Human Cell Atlas project (described in Perkel, 2019). DypFISH is a recently developed analytical platform for quantitative characterization of the spatial and temporal subcellular distribution of key biomolecules at a single cell level. This system makes use of micropatterning to constrain the architecture of the cell, inferring a reduction in variation of subcellular distribution of mRNA and protein and allowing for high reproducibility. This approach was used to quantify the correlation of mRNA and protein spatial distributions and the MTOC (a key indicator of a cell’s polarity) in mouse fibroblasts, revealing important spatial and temporal differences between mRNA species, as well as within an mRNA species during polarization. This may indicate differential cell state-dependent spatial distribution of important biomolecules. DypFISH may thus be a first step in establishing a more comprehensive approach to the characterization of spatial and temporal information in tissues and other biological systems with high levels of complexity. The Starfish platform seeks to address critical aspects of data handling and pre-processing, as well as spot detection and RNA identification in a flexible manner. This enables the platform to handle data sets from multiple techniques already described here, and extract and compare information across different experiments. More recently, SpatialDB (Fan et al., 2020) has been set up as a manually curated and explorable repository of spatially resolved transcriptomic datasets from multiple techniques. As these analytical platforms develop, we expect that the integration of each of these tools into a single framework, in a modular manner, will be beneficial to researchers seeking to understand cell identity and differences in biology.

Indeed, there is already a parallel drive for the integration of single cell sequencing approaches with imaging-based approaches. RNAscope, which makes use of branched DNA, (Wang et al., 2012, marketed by ACDBio) has been shown to be amenable to multiplexing and image-based transcriptomics, especially when paired with approaches such as automated liquid handling (Battich et al., 2013) and FISH probe barcoding (Xia et al., 2019). More recently, RNAscope has been paired with scRNA seq to demonstrate molecular heterogeneity and cellular dynamics in epidermal wound healing (Haensel et al., 2020). scRNA seq, combined with both ST and targeted in situ sequencing, has been used to compile an atlas of the developing human heart (Asp et al., 2019). In another case, ST has been combined with scRNA seq of portions of the same tissue sample, to characterize the tissue architecture in pancreatic ductal adenocarcinoma (Moncada et al., 2020). Computational approaches to allow the integration of these distinct types of data are also rapidly developing. Moncada et al. (2020) made use of multimodal intersection analysis to integrate the image and sequencing data. Other recently advanced analytical methods include the use of probabilistic models (Andersson et al., 2019), supervised learning approaches to mixed-data decomposition (Cable et al., 2020), and SPOTlight (Elosua et al., 2020), which uses non-negative matrix factorization regression models for the deconvolution of ST spot data.



DISCUSSION

The intricate relationship between a cell’s subcellular molecular organization, its spatiotemporal context within a tissue and system, and its identity and function has a significant impact on our understanding of cell biology. The benefit of high-resolution spatiotemporal cell type characterization, taking into account tissue- to subcellular- scale information, is evident for a number of research fields, including developmental biology (Asp et al., 2019), cancer research (for example Baccin et al., 2020; Moncada et al., 2020 and Yoousuf et al., 2020), and precision medicine (Petitprez et al., 2018). Spatiotemporal characterization of the tumor microenvironment, for example, can provide insight into the composition, organization and functionality of tumor-associated cells, and their roles in tumor development and severity of disease (reviewed in Petitprez et al., 2018). This kind of research also holds the potential for more sophisticated approaches to treating malignant tumors, for example, where cells may have previously underappreciated transitional states that can be targeted. It may also be interesting to assess if differential spatial and temporal distribution of key disease biomarkers, in addition to their expression levels, could be linked to variation in response to treatment between patients. Recent studies at single-cell resolution indicate that subcellular spatiotemporal transcriptomic characterization could also help us understand the molecular basis and progression of certain genetic disorders, such as Arrhythmogenic cardiomyopathy (Boogerd et al., 2019) and cognitive diseases such as Alzheimer’s Disease (Chen W.-T. et al., 2019) and Parkinson’s Disease (Aguila et al., 2019).

The role of cell state is also increasingly appreciated in infection and immunity (reviewed in Kunz et al., 2018), particularly in infectious diseases where immune regulation is key to disease outcomes. For example, the lineage and metabolic state of macrophages can have profound effects in Mycobacterial tuberculosis infection (Huang L. et al., 2018, reviewed in Shi et al., 2019). Full characterization of macrophage cell types and states may improve our understanding of, and ability to better treat, TB disease. Transcription-based cell classification is inherent to initiatives such as the Human Cell Atlas project. Here, too, the incorporation of high-resolution spatiotemporal information holds important potential for further biological insights and may greatly enhance the translational benefits of these initiatives. Current cell classification processes will need to be adapted to include this higher granularity of information, and these large-scale projects can be expected to drive the integration of novel experimental and imaging technologies for spatiotemporally resolved characterization. This will include new and advanced analytical approaches and data representation methods. Such developments can highlight and make accessible the wealth of information available by these approaches.

Throughout this Perspective we have emphasized the need to take into account spatiotemporal information when characterizing cell state and identity. As we have discussed, an increasing body of data supports the effect of variation in mRNA/protein expression and subcellular localization in directing cell state and identity. Nevertheless, it is important to acknowledge that not all such variation is necessarily associated with functional changes in cell state. Transcriptional regulation, at a single-cell level in mammalian cells, is probabilistic and intermittent. This leads to production of mRNA transcripts in pulses and can contribute to cell-to-cell heterogeneity (Femino et al., 1998; Costelloe et al., 1999, reviewed in Hume, 2000). This, again, points to the question of how we delineate cell state and identity, using integrated single-cell transcriptomics and tissue-level and subcellular spatial organization data. Multi-scale spatiotemporal information, over a large number of cells and samples, is needed for us to quantitatively assess the extent of variation across tissues and within cells, and to detect rare events and cell types. Assessment of such data should take place in the context of our increasing understanding of basic intracellular processes, and the functions of tissues and disease states being studied. These studies and analyses will be key in fueling important discussions within the field. Pertinently, the different scales of resolution that may apply to different questions should be carefully considered. Single-cell transcriptomics and subcellular spatiotemporal organization contribute to cell state and identity, and can contribute to tissue function. However, this subcellular resolution may not always be necessary to understand the role of individual cells and how they interact with neighboring cells in the context of their tissue. A related discussion is necessary around what “threshold” (or multiple situation-dependent thresholds) of the extent of spatiotemporal variation (detection of which is resolution-dependent) may be considered to delineate functionally distinct states or identities to individual cells.

Accounting for the dynamic states and functional plasticity available to cells has already emerged as important to the classification and characterization of cell types. This will become more widely acknowledged with the parallel development of powerful tools and technology to produce, process and mine the emerging information. These and other necessary developments described here will allow accurate, high-resolution cell classification and improved understanding of the function of different cells in tissues. Taken together, these advancements will provide powerful tools for advances in fundamental biology, biomedical research and related fields.



AUTHOR CONTRIBUTIONS

AS, CJ, LD, and MM conceived the idea. AS, CJ, LD, and YN wrote and proofread the manuscript. All authors read and approved the manuscript.



ACKNOWLEDGMENTS

We thank Timothy de Wet, Dana M. Savulescu, Nicolas Beaume, and Ashley J. Jacobs for fruitful discussions and critical reading of the manuscript.



REFERENCES

Adam, M., Potter, A. S., and Potter, S. S. (2017). Psychrophilic proteases dramatically reduce single cell RNA-seq artifacts: a molecular atlas of kidney development. Development 144, 3625–3632. doi: 10.1242/dev.151142

Aguila, J., Cheng, S., Kee, N., Cao, M., Deng, Q., and Hedlund, E. (2019). Spatial transcriptomics identifies novel markers of vulnerable and resistant midbrain dopamine neurons. bioRxiv doi: 10.1101/334417

Aibar, S., Gonzáles-Blas, C. B., Moerman, T., Huynh-Thu, V. A., Imrichova, H., Hulselmans, G., et al. (2017). SCENIC: single-cell regulatory network inference and clustering. Nat. Methods 14, 1083–1086. doi: 10.1038/nmeth.4463

Al-Kofahi, Y., Zaltsman, A., Graves, R., Marshall, W., and Rusu, M. (2018). A deep learning-based algorithm for 2-D cell segmentation in microscopy images. BMC Bioinform. 19:365. doi: 10.1186/s12859-018-2375-z

Almada, P., Pereira, P. M., Culley, S., Caillol, G., Boroni-Rueda, F., Dix, C. L., et al. (2019). Automating multimodal microscopy with NanoJ-Fluidics. Nat. Commun. 10:1223.

Andersson, A., Bergenstråhle, J., Asp, M., Bergenstråhle, L., Jurek, A., Navarro, J. F., et al. (2019). Spatial mapping of cell types by integration of transcriptomics data. bioRxiv doi: 10.1101/2019.12.13.874495

Arisdakessian, C., Poirion, O., Yunits, B., Zhu, X., and Garmire, L. X. (2019). DeepImpute: an accurate, fast, and scalable deep neural network method to impute single-cell RNA-seq data. Genome Biol. 20:211.

Arner, E., Daub, C. O., Vitting-Seerup, K., Andersson, R., Lilje, B., Drabløs, F., et al. (2015). Transcribed enhancers lead waves of coordinated transcription in transitioning mammalian cells. Science 347, 1010–1014. doi: 10.1126/science.1259418

Asp, M., Giacomello, S., Larsson, L., Wu, C., Fürth, D., Qian, X., et al. (2019). A spatiotemporal organ-wide gene expression and cell atlas of the developing human heart. Cell 179, 1647–1660.

Baccin, C., Al-Sabah, J., Velten, L., Helbling, P. M., Grünschläger, F., Hernández-Malmierca, P., et al. (2020). Combined single-cell and spatial transcriptomics reveal the molecular, cellular and spatial bone marrow niche organization. Nat. Cell Biol. 22, 38–48. doi: 10.1038/s41556-019-0439-6

Baillie, J. K., Arner, E., Daub, C., De Hoon, M., Itoh, M., Kawaji, H., et al. (2017). Analysis of the human monocyte-derived macrophage transcriptome and response to lipopolysaccharide provides new insights into genetic aetiology of inflammatory bowel disease. PLoS Genet. 13:e1006641. doi: 10.1371/journal.pgen.1006641

Balázsi, G., van Oudenaarden, A., and Collins, J. J. (2011). Cellular decision making and biological noise: from microbes to mammals. Cell 144, 910–925. doi: 10.1016/j.cell.2011.01.030

Batson, J., and Royer, L. (2019). “Noise2Self: blind denoising by self-supervision,” in Proceedings of the 36 the International Conference on Machine Learning (Long Beach, CA: PMLR).

Battich, N., Stoeger, T., and Pelkmans, N. (2013). Image-based transcriptomics in thousands of single human cells at single-molecule resolution. Nat. Methods 10, 1127–1133. doi: 10.1038/nmeth.2657

Berg, S., Kutra, D., Kroeger, T., Straehle, C. N., Kausler, B. X., Haubold, C., et al. (2019). ilastik: interactive machine learning for (bio)image analysis. Nat. Methods 16, 1226–1232. doi: 10.1038/s41592-019-0582-9

Boogerd, C. J., Lacraz, G. P., Vértesy, Á, Perini, I., de Ruiter, H., Brodehl, A., et al. (2019). Spatial transcriptomics Unveil ZBTB11 as a regulator of cardiomyocyte degeneration in arrhythmogenic cardiomyopathy. Circ. Res. 125, A510.

Brangwynne, C. P., Eckmann, C. R., Courson, D. S., Rybarska, A., Hoege, C., Gharakhani, J., et al. (2009). Germline P granules are liquid droplets that localize by controlled dissolution/condensation. Science 324, 1729–1732. doi: 10.1126/science.1172046

Breker, M., Gymrek, M., and Schuldiner, M. (2013). A novel single-cell screening platform reveals proteome plasticity during yeast stress responses. J. Cell Biol. 200, 839–850. doi: 10.1083/jcb.201301120

Buettner, F., Natarajan, K. N., Casale, F. P., Proserpio, V., Scialdone, A., Theis, F. J., et al. (2015). Computational analysis of cell-to-cell heterogeneity in single-cell RNA-sequencing data reveals hidden subpopulations of cells. Nat. Biotechnol. 33, 155–160. doi: 10.1038/nbt.3102

Cable, D. M., Murray, E., Zou, L. S., Goeva, A., Macosko, E. Z., Chen, F., et al. (2020). Robust decomposition of cell type mixtures in spatial transcriptomics. bioRxiv doi: 10.1101/2020.05.07.082750

Caicedo, J. C., Cooper, S., Heigwer, F., Warchal, S., Qiu, P., Molnar, C., et al. (2017). Data-analysis strategies for image-based cell profiling. Nat. Methods 14, 849–863.

Cao, J., Packer, J. S., Ramani, V., Cusanovich, D. A., Huynh, C., Daza, R., et al. (2017). Comprehensive single-cell transcriptional profiling of a multicellular organism. Science 357, 661–667. doi: 10.1126/science.aam8940

Chen, G., Ning, B., and Shi, T. (2019). Single-cell RNA-Seq technologies and related computational data analysis. Front. Genet. 10:317. doi: 10.3389/fgene.2019.00317

Chen, W.-T., Lu, A., Craessaerts, K., Pavie, B., Frigerio, C. S., Mancuso, R., et al. (2019). Spatial and temporal transcriptomics reveal microglia-astroglia crosstalk in the amyloid-β plaque cell niche of Alzheimer’s disease. bioRxiv doi: 10.1101/719930

Chen, Y., Zhang, Y., and Ouyang, Z. (2019). LISA: accurate reconstruction of cell trajectory and pseudo-time for massive single cell RNA-seq data. Pac. Symp. Biocomput. 24, 338–349.

Chen, K., Boettinger, J., Moffit, J., Wang, S., and Zhuang, X. (2015). Spatially resolved, highly multiplexed RNA profiling in single cells. Science 348:aaa6090. doi: 10.1126/science.aaa6090

Codeluppi, S., Borm, L. E., Zeisel, A., La Manno, G., van Lunteren, J. A., Svensson, C. I., et al. (2018). Spatial organization of the somatosensory cortex revealed by osmFISH. Nat. Methods 15, 932–935. doi: 10.1038/s41592-018-0175-z

Costelloe, E. O., Stacey, K. J., Antalis, T. M., and Hume, D. A. (1999). Regulation of the plasminogen activator inhibitor-2 (PAI-2) gene in murine macrophages. demonstration of a novel pattern of responsiveness to bacterial endotoxin. J. Leukoc. Biol. 66, 172–182. doi: 10.1002/jlb.66.1.172

Cote, A. J., McLeod, C. M., Farrell, M. J., McClanahan, P. D., Dunagin, M. C., Raj, A., et al. (2016). Single-cell differences in matrix gene expression do not predict matrix deposition. Nat. Commun. 7:10865.

Darmanis, S., Sloan, S. A., Zhang, Y., Enge, M., Caneda, C., Shuer, L. M., et al. (2015). Single cell analysis of the human brain. PNAS 112, 7285–7290.

Dénervaud, N., Becker, J., Delgado-Gonzalo, R., Damay, P., Rajkumar, A. S., Unser, M., et al. (2013). A chemostat array enables the spatio-temporal analysis of the yeast proteome. PNAS 110, 15842–15847. doi: 10.1073/pnas.1308265110

Elosua, M., Nieto, P., Mereu, E., Gut, I., and Heyn, H. (2020). SPOTlight: seeded NMF regression to deconvolute spatial transcriptomics spots with single-cell transcriptomes. bioRxiv doi: 10.1101/2020.06.03.131334

Eng, C. L., Lawson, M., Zhu, Q., Dries, R., Koulena, N., Takei, Y., et al. (2019). Transcriptome-scale super-resolved imaging in tissues by RNA seqFISH. Nature 568, 235–239. doi: 10.1038/s41586-019-1049-y

Fan, Z., Chen, R., and Chen, X. (2020). SpatialDB: a database for spatially resolved transcriptomes. Nucl. Acids Res. 48, D233–D237.

Femino, A. M., Fay, F. S., Fogarty, K., and Singer, R. H. (1998). Visualization of single RNA transcripts in situ. Science 280, 585–590. doi: 10.1126/science.280.5363.585

Gierahn, T. M., Wadsworth, M. H. II, Hughes, T. K., Bryson, B. D., Butler, A., Satija, R., et al. (2017). Seq-Well: portable, low-cost RNA sequencing of single cells at high throughput. Nat. Methods 14, 395–398. doi: 10.1038/nmeth.4179

Giladi, A., Cohen, M., Medaglia, C., Baran, Y., Li, B., Zada, M., et al. (2020). Dissecting cellular crosstalk by sequencing physically interacting cells. Nat. Biotechnol. 38, 629–637. doi: 10.1038/s41587-020-0442-2

Gome, G., Waksberg, J., Grishko, A., Wald, I. Y., and Zuckerman, O. (2019). “OpenLH: open liquid-handling system for creative experimentation with biology,” in Proceedings of the Thirteenth International Conference on Tangible, Embedded, and Embodied Interaction; TEI ‘19 (New York, NY: ACM).

Grün, D., Lyubimova, A., Kester, L., Wiebrands, K., Basak, O., Sasaki, N., et al. (2015). Single-cell messenger RNA sequencing reveals rare intestinal cell types. Nature 525, 251–255. doi: 10.1038/nature14966

Grün, S., and Grün, D. (2020). Deciphering cell fate decision by integrated single-cell sequencing analysis. Annu. Rev. Biomed. Data Sci. 3, 1–22. doi: 10.1146/annurev-biodatasci-111419-091750

Gudla, P. R., Nakayama, K., Pegoraro, G., and Misteli, T. (2017). SpotLearn: convolutional neural network for detection of fluorescence in situ hybridization (FISH) signals in high-throughput imaging approaches. Cold Spring Harb. Symp. Quant. Biol. 82, 57–70. doi: 10.1101/sqb.2017.82.033761

Habib, N., Avraham-Davidi, I., Basu, A., Burks, T., Shekhar, K., Hofree, M., et al. (2017). Massively parallel single-nucleus RNA-seq with DroNc-seq. Nat. Methods 14, 955–958. doi: 10.1038/nmeth.4407

Haensel, D., Jin, S., Sun, P., Cinco, R., Dragan, M., Nguyen, Q., et al. (2020). Defining epidermal basal cell states during skin homeostasis and wound healing using single-cell transcriptomics. Cell Rep. 30, 3932–3947.

Hein, M. Y., Hubner, N. C., Poser, I., Cox, J., Nagaraj, N., Toyoda, Y., et al. (2015). A human interactome in three quantitative dimensions organized by stoichiometries and abundances. Cell 163, 712–723. doi: 10.1016/j.cell.2015.09.053

Huang, L., Nazarova, E. V., Tan, S., Liu, Y., and Russell, D. G. (2018). Growth of Mycobacterium tuberculosis in vivo segregates with host macrophage metabolism and ontogeny. J. Exp. Med. 215, 1135–1152. doi: 10.1084/jem.20172020

Huang, M., Wang, J., Torre, E., Dueck, H., Shaffer, S., Bonasio, R., et al. (2018). SAVER: gene expression recovery for single-cell RNA sequencing. Nat. Methods 15, 539–542. doi: 10.1038/s41592-018-0033-z

Hughes, A. C., and Simmonds, A. J. (2019). Drosophila mRNA localization during later development: past, present, and future. Front. Genet. 10:135. doi: 10.3389/fgene.2019.00135

Hume, D. A. (2000). Probability in transcriptional regulation and its implications for leukocyte differentiation and inducible gene expression. Blood 96, 2323–2328. doi: 10.1182/blood.v96.7.2323

Huttlin, E. L., Bruckner, R. J., Paulo, J. A., Cannon, J. R., Ting, L., Baltier, K., et al. (2017). Architecture of the human interactome defines protein communities and disease networks. Nature 545, 505–509. doi: 10.1038/nature22366

Hwang, B., Lee, J. H., and Bang, D. (2018). Single-cell RNA sequencing technologies and bioinformatics pipelines. Exp. Mol. Med. 50:96.

Itzhak, D. N., Davies, C., Tyanova, S., Mishra, A., Williamson, J., Antrobus, R., et al. (2017). A mass spectrometry-based approach for mapping protein subcellular localization reveals the spatial proteome of mouse primary neurons. Cell Rep. 20, 2706–2718. doi: 10.1016/j.celrep.2017.08.063

Ji, Z., and Ji, H. (2016). TSCAN: pseudo-time reconstruction and evaluation in single-cell RNA-seq analysis. Nucl. Acids Res. 44:e117. doi: 10.1093/nar/gkw430

Johnstone, O., and Lasko, P. (2001). Translational regulation and RNA localization in Drosophila oocytes and embryos. Annu. Rev. Genet. 35, 365–406. doi: 10.1146/annurev.genet.35.102401.090756

Katz, Z. B., English, B. P., Lionnet, T., Yoon, Y. J., Monnier, N., Ovryn, B., et al. (2016). Mapping translation ‘hot-spots’ in live cells by tracking single molecules of mRNA and ribosomes. eLife 5:e10415.

Katz, Z. B., Wells, A. L., Park, H. Y., Wu, B., Shenoy, S. M., and Singer, R. H. (2012). β-Actin mRNA compartmentalization enhances focal adhesion stability and directs cell migration. Genes Dev. 26, 1885–1890. doi: 10.1101/gad.190413.112

Ke, R., Mignardi, M., Pacureanu, A., Svedlund, J., Botling, J., Wählby, C., et al. (2013). In situ sequencing for RNA analysis in preserved tissue and cells. Nat. Methods 10, 857–860. doi: 10.1038/nmeth.2563

Khong, A., Matheny, T., Jain, S., Mitchell, S. F., Wheeler, J. R., and Parker, R. (2017). The stress granule transcriptome reveals principles of mRNA accumulation in stress granules. Mol. Cell. 68, 808.e5–820.e5.

Kim, J. K., Kolodziejczyk, A. A., Ilicic, T., Teichmann, S. A., and Marioni, J. C. (2015). Characterizing noise structure in single-cell RNA-seq distinguishes genuine from technical stochastic allelic expression. Nat. Commun. 6:8687.

King, M. L., Messitt, T. J., and Mowry, K. L. (2005). Putting RNAs in the right place at the right time: RNA localization in the frog oocyte. Biol. Cell 97, 19–33. doi: 10.1042/bc20040067

Kiselev, V. Y., Andrews, T. S., and Hemberg, M. (2019). Challenges in unsupervised clustering of single-cell RNA-seq data. Nat. Rev. Genet. 20, 273–282. doi: 10.1038/s41576-018-0088-9

Kouno, T., Moody, J., Kwon, A. T.-J., Shibayama, Y., Kato, S., Huang, Y., et al. (2019). C1 CAGE detects transcription start sites and enhancer activity at single-cell resolution. Nat. Commun. 10:360.

Krull, A., Buchholz, T.-O., and Jug, F. (2019). Noise2Void - learning denoising from single noisy images. arXiv doi: 10.1109/CVPR.2019.00223

Kunz, D. J., Gomes, T., and James, K. R. (2018). Immune cell dynamics unfolded by single-cell technologies. Front. Immunol. 9:1435. doi: 10.3389/fimmu.2018.01435

La Manno, G., Soldatov, R., Zeisel, A., Braun, E., Hochgerner, H., Petukhov, V., et al. (2018). RNA velocity of single cells. Nature 560, 494–498.

Lee, J. H., Daugharthy, E. R., Scheiman, J., Kalhor, R., Ferrante, T. C., Terry, R., et al. (2015). Fluorescent in situ sequencing (FISSEQ) of RNA for gene expression profiling in intact cells and tissues. Nat. Protoc. 10, 442–458. doi: 10.1038/nprot.2014.191

Li, W. V., and Li, J. J. (2018). An accurate and robust imputation method scimpute for single-Cell RNA-seq data. Nat. Commun. 9:997.

Liao, J., Lu, X., Shao, X., Zhu, L., and Fan, X. (2020). Uncovering an organ’s molecular architecture at single-cell resolution by spatially resolved transcriptomics. Trends Biotechol. [Epub ahead of print]. doi: 10.1016/j.tibtech.2020.05.006

Lobingier, B. T., Hüttenhain, R., Eichel, K., Miller, K. B., Ting, A. Y., von Zastrow, M., et al. (2017). An approach to spatiotemporally resolve protein interaction networks in living cells. Cell 169, 350.e12–360.e12.

Lu, A. X., Chong, Y. T., Hsu, I. S., Strome, B., Handfield, L. F., Kraus, O., et al. (2018). Integrating images from multiple microscopy screens reveals diverse patterns of change in the subcellular localization of proteins. eLife 7:e31872.

Lubeck, E., Coskun, A. F., Zhyentayev, T., Ahmad, M., and Cai, L. (2014). Single-cell in situ RNA profiling by sequential hybridization. Nat. Methods 11, 360–361. doi: 10.1038/nmeth.2892

Ludwig, C. H., and Bintu, L. (2019). Mapping chromatin modifications at the single cell level. Development 146:dev170217. doi: 10.1242/dev.170217

Luecken, M. D., and Theis, F. J. (2019). Current best practices in single-cell RNA-seq analysis: a tutorial. Mol. Syst. Biol. 15:e8746.

Lun, A. T. L., Calero-Nieto, F. J., Haim-Vilmovsky, L., Göttgens, B., and Marioni, J. C. (2017). Assessing the reliability of spike-in normalization for analyses of single-cell RNA sequencing data. Genome Res. 27, 1795–1806. doi: 10.1101/gr.222877.117

Lundberg, E., and Borner, G. H. H. (2019). Spatial proteomics: a powerful discovery tool for cell biology. Nat. Rev. Mol. Cell Biol. 20, 285–302. doi: 10.1038/s41580-018-0094-y

Mabaso, M., Withey, D., and Twala, B. (2018). “Spot detection in microscopy images using convolutional neural network with sliding-window approach,” in Proceedings of the 11th International Joint Conference on Biomedical Engineering Systems and Technologies Funchal.

Macosko, E. Z., Basu, A., Satija, R., Nemesh, J., Shekhar, K., Goldman, M., et al. (2015). Highly parallel genome-wide expression profiling of individual cells using nanoliter droplets. Cell 161, 1202–1214. doi: 10.1016/j.cell.2015.05.002

Meijering, E. (2012). Cell segmentation: 50 years down the road [life sciences]. IEEE Signal Process. Magaz. 29:5.

Moffitt, J. R., and Zhuang, X. (2016). RNA imaging with multiplexed error-robust fluorescence in situ hybridization (MERFISH). Methods Enzymol. 572, 1–49. doi: 10.1016/bs.mie.2016.03.020

Moncada, R., Barkley, D., Wagner, F., Chiodin, M., Devlin, J. C., Baron, M., et al. (2020). Integrating microarray-based spatial transcriptomics and single-cell RNA-seq reveals tissue architecture in pancreatic ductal adenocarcinomas. Nat. Biotechnol. 38, 333–342. doi: 10.1038/s41587-019-0392-8

Moor, A. E., Golan, M., Massasa, E. E., Lemze, D., Weizman, T., Shenhav, R., et al. (2017). Global mRNA polarization regulates translation efficiency in the intestinal epithelium. Science 357, 1299–1303. doi: 10.1126/science.aan2399

Moor, A. E., Harnik, Y., Ben-Moshe, S., Massasa, E. E., Rozenberg, M., Eilam, R., et al. (2018). Spatial reconstruction of single enterocytes uncovers broad zonation along the intestinal villus axis. Cell 175, 1156.e15–1167.e15.

Narayanaswamy, R., Levy, M., Tsechansky, M., Stovall, G. M., O’Connell, J. D., Mirrielees, J., et al. (2009). Widespread reorganization of metabolic enzymes into reversible assemblies upon nutrient starvation. Proc. Natl. Acad. Sci. U.S.A. 106, 10147–10152. doi: 10.1073/pnas.0812771106

Padrón, A., Iwasaki, S., and Ingolia, N. T. (2019). Proximity RNA labeling by APEX-Seq reveals the organization of translation initiation complexes and repressive RNA granules. Mol. Cell 75, 875.e5–887.e5.

Paek, J., Kalocsay, M., Staus, D. P., Wingler, L., Pascolutti, R., Paulo, J. A., et al. (2017). Multidimensional tracking of GPCR signaling via peroxidase-catalyzed proximity labeling. Cell 169, 338.e11–349.e11.

Perkel, J. M. (2019). Starfish enterprise: finding RNA patterns in single cells. Nature 572, 549–551. doi: 10.1038/d41586-019-02477-9

Petitprez, F., Sun, C.-M., Lacroix, L., Sautès-Fridman, C., Aurélien de Reyniès, A., and Fridman, W. H. (2018). Quantitative analyses of the tumor microenvironment composition and orientation in the era of precision medicine. Front. Oncol. 8:390. doi: 10.3389/fonc.2018.00390

Picelli, S., Björklund, ÅK., Faridani, O. R., Sagasser, S., Winberg, G., and Sandberg, R. (2013). Smart-seq2 for sensitive full-length transcriptome profiling in single cells. Nat. Methods 10, 1096–1098. doi: 10.1038/nmeth.2639

Qiu, X., Hill, A., Packer, J., Lin, D., Ma, Y. A., and Trapnell, C. (2017). Single-cell mRNA quantification and differential analysis with Census. Nat. Methods 14, 309–315. doi: 10.1038/nmeth.4150

Qiu, X., Rahimzamani, A., Wang, L., Ren, B., Mao, Q., Durham, T., et al. (2020). Inferring causal gene regulatory networks from coupled single-cell expression dynamics using scribe. Cell Syst. 10, 256–274.

Raj, A., van den Bogaard, P., Rifkin, S. A., van Oudenaarden, A., and Tyagi, S. (2008). Imaging individual mRNA molecules using multiple singly labeled probes. Nat. Methods 5, 877–879. doi: 10.1038/nmeth.1253

Reid, J. E., and Wernisch, L. (2016). Pseudotime estimation: deconfounding single cell time series. Bioinformatics 32, 2973–2980. doi: 10.1093/bioinformatics/btw372

Rodriques, S. G., Stickels, R. R., Goeva, A., Martin, C. A., Murray, E., Vanderburg, C. R., et al. (2019). Slide-seq: a scalable technology for measuring genome-wide expression at high spatial resolution. Science 363, 1463–1467. doi: 10.1126/science.aaw1219

Rooijers, K., Markodimitraki, C. M., Rang, F. J., de Vried, S. S., Chialastri, A., de Luca, K. L., et al. (2019). Simultaneous quantification of protein–DNA contacts and transcriptomes in single cells. Nat. Biotechnol. 37, 766–772. doi: 10.1038/s41587-019-0150-y

Rubakhin, S. S., Lanni, E. J., and Sweedler, J. V. (2013). Progress toward single cell metabolomics. Curr. Opin. Biotechnol. 24, 95–104. doi: 10.1016/j.copbio.2012.10.021

Ryu, J., Hong, S. S., Horn, B. K. P., and Freeman, D. M. (2006). Multibeam interferometric illumination as the primary source of resolution in optical microscopy. Appl. Phys. Lett. 88:171112. doi: 10.1063/1.2192153

Saelens, W., Cannoodt, R., Todorov, H., and Saeys, Y. (2019). A comparison of single-cell trajectory inference methods. Nat. Biotechnol. 37, 547–554. doi: 10.1038/s41587-019-0071-9

Satija, R., Farrell, J. A., Gennert, D., Schier, A. F., and Regev, A. (2015). Spatial reconstruction of single-cell gene expression data. Nat. Biotechnol. 33, 495–502. doi: 10.1038/nbt.3192

Savulescu, A. F., Brackin, R., Bouilhol, E., Dartigues, B., Warrell, J. H., Pimentel, M. R., et al. (2019). DypFISH: dynamic patterned FISH to interrogate RNA and protein spatial and temporal subcellular distribution. bioRxiv doi: 10.1101/536383

Schmidt, U., Weigert, M., Broaddus, C., and Myers, G. (2018). “Cell detection with star-convex polygons,” in Proceeding of the International Conference on Medical Image Computing and Computer-Assisted Intervention MICCAI, eds A. F. Frangi, J. A. Schnabel, C. Davatzikos, C. Alberola-López, and G. Fichtinger (Cham: Springer), 265–273. doi: 10.1007/978-3-030-00934-2_30

Schroeder, A. W., Sur, S., Rashmi, P., Damm, I., Zarinsefat, A., Kretzler, M., et al. (2020). Novel human kidney cell subsets identified by Mux-Seq. bioRxiv doi: 10.1101/2020.03.02.973925

Shaffer, S. M., Dunagin, M. C., Torborg, S. R., Torre, E. A., Emert, B., Krepler, C., et al. (2017). Rare cell variability and drug-induced reprogramming as a mode of cancer drug resistance. Nature 546, 431–435. doi: 10.1038/nature22794

Shekhar, K., Lapan, S. W., Whitney, I. E., Tran, N. M., Macosko, E. Z., Kowalczyk, M., et al. (2016). Comprehensive classification of retinal bipolar neurons by single-cell transcriptomics. Cell 166, 1308.e30–1323.e30.

Shema, E., Bernstein, B. E., and Buenrostro, J. D. (2019). Single-cell and single-molecule epigenomics to uncover genome regulation at unprecedented resolution. Nat. Genet. 51, 19–25. doi: 10.1038/s41588-018-0290-x

Shi, L., Jiang, Q., Bushkin, Y., Subbian, S., and Tyagi, S. (2019). Biphasic dynamics of macrophage immunometabolism during Mycobacterium tuberculosis infection. mBio 10:e02550-18. doi: 10.1128/mBio.02550-18

Sigal, A., Milo, R., Cohen, A., Geva-Zatorsky, N., Klein, Y., Liron, Y., et al. (2006). Variability and memory of protein levels in human cells. Nature 444, 643–646. doi: 10.1038/nature05316

Ståhl, P. L., Salmén, F., Vickovic, S., Lundmark, A., Navarro, J. F., Magnusson, J., et al. (2016). Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. Science 353, 78–82. doi: 10.1126/science.aaf2403

Stoeckius, M., Hafemeister, C., Stephenson, W., Houck-Loomis, B., Chattopadhyay, P. K., Swerdlow, H., et al. (2017). Simultaneous epitope and transcriptome measurement in single cells. Nat. Methods 14, 865–868. doi: 10.1038/nmeth.4380

Suter, B. (2018). RNA localization and transport. Biochim. Biophys. Acta Gene Regul. Mech. 1861, 938–951.

Thul, P. J., Åkesson, L., Wiking, M., Mahdessian, D., Geladaki, A., Ait Blal, H., et al. (2017). A subcellular map of the human proteome. Science 356:6340.

Tkach, J. M., Yimit, A., Lee, A. Y., Riffle, M., Costanzo, M., Jaschob, D., et al. (2012). Dissecting DNA damage response pathways by analysing protein localization and abundance changes during DNA replication stress. Nat. Cell Biol. 14, 966–976. doi: 10.1038/ncb2549

Torres, N. P., Ho, B., and Brown, G. W. (2016). High-throughput fluorescence microscopic analysis of protein abundance and localization in budding yeast. Crit. Rev. Biochem. Mol. Biol. 51, 110–119.

Trapnell, C. (2015). Defining cell types and states with single-cell genomics. Genome Res. 25, 1491–1498. doi: 10.1101/gr.190595.115

Trapnell, C., Cacchiarelli, D., Grimsby, J., Pokharel, P., Li, S., Morse, M., et al. (2014). The dynamics and regulators of cell fate decisions are revealed by pseudotemporal ordering of single cells. Nat. Biotechnol. 32, 381–386. doi: 10.1038/nbt.2859

Uhlén, M., Fagerberg, L., Hallström, B. M., Lindskog, C., Oksvold, P., Mardinoglu, A., et al. (2015). Proteomics. tissue-based map of the human proteome. Science 347:1260419.

Uhlen, M., Oksvold, P., Fagerberg, L., Lundberg, E., Jonasson, K., Forsberg, M., et al. (2010). Towards a knowledge-based human protein atlas. Nat. Biotechnol. 28, 1248–1250. doi: 10.1038/nbt1210-1248

Uhlen, M., Zhang, C., Lee, S., Sjöstedt, E., Fagerberg, L., Bidkhori, G., et al. (2017). A pathology atlas of the human cancer transcriptome. Science. 357:6352.

van Dijk, D., Sharma, R., Nainys, J., Yim, K., Kathail, P., Carr, A. K., et al. (2018). Recovering gene interactions from single-cell data using data diffusion. Cell 174, 716.e27–729.e27.

Vicar, T., Balvan, J., Jaros, J., Jug, F., Kolar, R., Masarik, M., et al. (2019). Cell segmentation methods for label-free contrast microscopy: review and comprehensive comparison. BMC Bioinform. 20:360. doi: 10.1186/s12859-019-2880-8

Vickovic, S., Eraslan, G., Salmen, F., Klughammer, J., Stenbeck, L., Schapiro, D., et al. (2019). High-definition spatial transcriptomics for in situ tissue profiling. Nat. Methods 16, 987–990. doi: 10.1038/s41592-019-0548-y

Villani, A., Satija, R., Reynolds, G., Sarkizova, S., Shekhar, K., Fletcher, J., et al. (2017). Single-cell RNA-seq reveals new types of human blood dendritic cells, monocytes, and progenitors. Science 356:eaah4573. doi: 10.1126/science.aah4573

Wagner, A., Regev, A., and Yosef, N. (2016). Revealing the vectors of cellular identity with single-cell genomics. Nat. Biotechnol. 34, 1145–1160. doi: 10.1038/nbt.3711

Wang, F., Flanagan, J., Su, N., Wang, L.-C., Bui, S., Nielson, A., et al. (2012). RNAscope: a novel in situ RNA analysis platform for formalin-fixed, paraffin-embedded tissues. J. Mol. Diagn. 14, 22–29.

Wang, X., Allen, W. E., Wright, M. A., Sylwestrak, E. L., Samusik, N., Vesuna, S., et al. (2018). Three-dimensional intact-tissue sequencing of single-cell transcriptional states. Sci. J. 361:6400.

Weigert, M., Schmidt, U., Boothe, T., Müller, A., Dibrov, A., Jain, A., et al. (2018). Content-aware image restoration: pushing the limits of fluorescence microscopy. Nat. Methods 15, 1090–1097. doi: 10.1038/s41592-018-0216-7

Weinreb, C., Wolock, S., and Klein, A. M. (2018). SPRING: a kinetic interface for visualizing high dimensional single-cell expression data. Bioinformatics 34, 1246–1248. doi: 10.1093/bioinformatics/btx792

Wilbertz, J. H., Voigt, F., Horvathova, I., Roth, G., Zhan, Y., and Chao, J. A. (2019). Single-molecule imaging of mRNA localization and regulation during the integrated stress response. Mol Cell. 73, 946.e7–958.e7.

Xia, C., Babcock, H. P., Moffitt, J. R., and Zhuang, X. (2019). Multiplexed detection of RNA using MERFISH and branched DNA amplification. Sci. Rep. 9:7721.

Yoousuf, N., Navarro, J. F., Salmen, F., Ståhl, P. L., and Daub, C. O. (2020). Identification and transfer of spatial transcriptomics signatures for cancer diagnosis. Breast Cancer Res. 22:6.


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Savulescu, Jacobs, Negishi, Davignon and Mhlanga. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Pinpointing Cell Identity in Time and Space



		INTRODUCTION



		SINGLE-CELL GENOMICS AS THE STANDARD APPROACH TO IDENTIFY CELL TYPES AND STATES



		TRADE-OFF BETWEEN NUMBER OF THE CELLS AND DATA QUALITY



		LIMITED MEASUREMENT OF PROTEIN EXPRESSION



		NOISE LEVEL



		LACK OF SPATIAL AND TEMPORAL INFORMATION



		SPATIAL AND TEMPORAL INFORMATION CAN INFORM A MORE IN-DEPTH SUB-CLASSIFICATION OF CELLS



		ANALYTICAL AND IMAGING-BASED METHODS REQUIRED TO ANALYZE SPATIAL INFORMATION



		DISCUSSION



		AUTHOR CONTRIBUTIONS



		ACKNOWLEDGMENTS



		REFERENCES

















OPS/images/cover.jpg
frontiers -
in Molecular Biosciences










OPS/images/logo.jpg
, frontiers o
in Molecular Biosciences





OPS/images/fmolb-07-00209-g001.jpg
Dissociation of single
cells from tissues

v t-SNE plot
| RNA isolation |

! E 2
| Reverse transcription | % \%
; B ak
| Amplification | s B £ = P
v L Em
| RNA sequencing | Thonsion
v
| Computational analysis |
Localized | Localized |l Randomly distributed

Spatially confined, = Spatially confined Correlated to a cellular Independent of a cellular
not clustered and clustered structure or marker structure or marker

- .






