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Single
cell data

Single-cell Embedded Topic Model
(scETM) = VAE + tri-factorization

The idea originated from NLP:

each cell - document
gene that gives rise to the read — a word

Assumption: a cell transcriptome can be represented as a mixture of "latent cell types"
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'.) Check for updates

Features:

clustering (transferable!)

batch effects taken into account
explainable

scalable (> 10° cells)




General Approach: VAE

(a) scETM modeling of single-cell transcriptomes across multiple experiments or studies

scRNA-seq data
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By tri-factorizing cells-genes matrix into

* cells-by-topics 6

* topics-by-embeddings o
* embeddings-by-genes p
they are able to incorporate existing pathway information into gene

embeddings p during the model training to further improve interpretability.
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Expected transcription rate
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Likelihood:
log p(Y]Y) =Y log Y

L (c) Genes and topics embedding cluster
—> (b) Clustering cells from training data or unseen data



"Transfer learning" for clustering L]

(b) Transfer leaming to cluster cells from unseen data
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(c) Genes and topics embedding cluster

Topic 1: Pancreas function genes
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q(6,) = softmax(p,+ o N(O,I))
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Encoder L
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e 2-layer neural-network

* hidden sizes of 128, RelLU activations
e 1D batch normalization

* 0.1 drop-out rate between layers.

The gene embedding dimension to 400, and the number of
topics to 50. Adam Optimizer and a 0.005 learning rate.



Linear Decoder

Linear decoding
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% (c) Genes and topics embedding cluster

——> (b) Clustering cells from training data or unseen data
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Genes embeddings:

* similar to gene2vec — present the genes in the
space where genes from similar gene sets
(e.g. GOs) are located together

Gene2vec embeddings
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scRNA-seq data
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Linear Decoder: Topic Embeddings
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MDD - coding genes only
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Figure 2 Integration and batch correction
on the Mouse Retina dataset. Each panel
shows the Mouse Retina cell clusters
using UMAP based on the cell
sovi SOVILD SeETM SGETM + adv. embeddings obtained by each of the 9
—4 methods. The cells are colored by cell
o types in the first two rows and by batches,
== which are the two source studies,
in the last two rows.
Farmony Sanorams oo oen
{@,
" kBET: k-nearest-neighbor Batch-Effect Test
(low is good)
sovi SOVI-LD SCETM SCETM + adv. ARI: Adjusted Rand's index (high is good)
WBET 0022 YBET 0,066 - WBET 0T 8

kBET 0.073



Batch correction: Mouse Pancreas
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AR ? g e & Figure 3: Integration and batch correction on the Mouse

& g Pancreas (MP) dataset. Each panel shows the MP cell
clusters using UMAP based on the cell embeddings

%ﬁ P %? obtained by each of the 9 methods. The cells are colored
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