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01.Scientific background




RNA sequencing

Single cell vs Bulk.

*  Proportion of zeros in bulk RNA-seq data is usually 10-40% (Jiang et al. Genome Biol

2022).

*  That proportion can be as high as 90% in single cell RNA sequencing (ScRNA-seq) data.

*  The high data sparsity provoked the use of zero-inflated models and the development of

imputation methods for reducing zeros.
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Figure 2: RNA-seq AnnData example. .X:
containing the count matrix; .obs: containing
annotations for the cells/spots and .var:
contains annotations for the genes. (Virshup
el al. 2021)

&

@
| _
L
! —

ATACGATARTTCCGA
CATTGATATOTCTAAT
GCCTTACAATCTTT
ATACGAGCARAGGAA
GCCTTACTAATTATA
CATTGAGATTGGGTA

|

Isolats single calls from a tssus sample (Including micro-dissection
ar fierr cell-sorting,
and droplet-based methods)

Singls call lysis in a way that preserves callular mRNA

mANA captura vl
primers that bind to mANA pah{A] tails

Caomvert poly[T]-primed mANA into
cDNA using roverse ranscriplion

eDNA amplification (usually by
PGH or by in vitro transoripbon)

cDMNA sequencing Fbrary preparation (inser
nucleotide barcodes to identity anch librury)

Pool cDNA sequencing libranas:

Foraries (via Next G gl

Use biginfgrmesic methods io perform quality canirol
and to assses technical variability in the scANA-seq data

Use bicinlormalic andfor computational
melhods lo interprel robust data biologically

Figure 1: General workflow of single-cell RNA-sequencing
(scRNA-seq) experiments (Haque et al. Genome Med 2017)
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02.Data availability




DLPFC data by 10x Visium
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Figure 3: (a) Tissue blocks for experiments. (b) Schematic
representation of experiments. (Maynard et al. Nat Neurosci 2021)
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Figure 4: Location of the Dorsolateral Prefrontal Cortex (Duprat Figure 5: 12 samples from the DLPFC dataset by (Maynard et al. Nat Neurosci 2021) showing the 6
2017) regions plus white matter.

Visualization of the Maynard 2021 dataset in SODB: https://gene.ai.tencent.com/SpatialOmics/dataset?datasetiD=6
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04.Proposed method




Graph with Optimal Transport, Transformers and Time diffusion (GO3T)

Raw spatial transcriptomics Denoised spatial transcriptomics
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Figure 6: overview of GO3T architecture.
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Boxplots for metrics comparison

Grouped Boxplot for Metrics by Model
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Figure 7: boxplots grouped by the three metrics used (ARI, NMI and AMI) for the 12 DLPFC datasets along with the t-test

value comparison between four common methods and ours (GO3T).
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Other comparisons for metrics and gene regions
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Figure 9: spatial plots for the 151673
. ... dataset showing the ground truth

. ==t regions along with the predicted
ones for 4 common methods and
ours (GO3T).
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Figure 10: spatial plots comparing 6
gene expression using scanpy
(above) and our method GO3T
(below) for denoising in the 151673
dataset.
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