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“Despite tremendous functional diversity, distinct populations of T cells such as effector,
regulatory, y0, and mucosal associated invariant T (MAIT), often cannot be effectively

separated by scRNA-seq alone, even when using the most sensitive and cutting-edge
technologies”

Hao et al., bioRxiv 2020.10.12.335331; doi: https://doi.org/10.1101/2020.10.12.335331
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HCA ambition: create a comprehensive Atlas of human cells from all organs / tissues
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Single Cells Make
Big Data
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Single Cell RNA-seq Studies of the Nervous System [by time)

Our 1.3 million single cell dataset is ready [@] e #
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At ASHG last year, we announced our 1.3 Million Brain Cell Dataset, which is, to date, the largest dataset published
in the single cell RNA-sequencing (scRNA-seq) field. Using the Chromium™ Single Cell 3’ Solution (v2 Chemistry),

we were able to sequence and profile 1,308,421 individual cells from embryonic mice brains. Read more in our
application note Transcriptional Profiling of 1.3 Million Brain Cells with the Chromium™ Single Cell 3’ Solution.
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Paradise for Deep Learning!

Fig. 2: Identifying the major cell types of mouse organogenesis.
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a, t-SNE visualization of 2,026,641 mouse embryo cells (after removing a putative doublet cluster), coloured by cluster identity
(ID) from Louvain clustering (in b), and annotated on the basis of marker genes. The same t-SNE is plotted below, showing only
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CITE-seq: scOmics Integration
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Cluster Formation
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Figure 1: Schematic overview of multimodal integration using Weighted Nearest Neighbor analysis

Hao et al., bioRxiv 2020.10.12.335331; doi: https://doi.org/10.1101/2020.10.12.335331
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Graph-Based OMICs Integration
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Figure 1: Schematic overview of multimodal integration using Weighted Nearest Neighbor analysis

Hao et al., bioRxiv 2020.10.12.335331; doi: https://doi.org/10.1101/2020.10.12.335331
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For each cell, we began by independently calculating sets of k=20 nearest neighbors for each modality

For each cell, we calculate its closest neighbors in the dataset based on a weighted averaging of RNA

and protein simi

larities.
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