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Introduction



Multi-omics Integration

Embed single-cell data from different sequencing methods (different omics) into
a same latent space. In this project, we use scRNA-seq and scATAC-seq data.
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Chen, S., Lake, B.B. & Zhang, K. High-throughput sequencing of the transcriptome and chromatin accessibility in the
same cell. Nat Biotechnol 37, 1452—1457 (2019). https://doi.org/10.1038/s41587-019-0290-0
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Cao, ZJ., Gao, G. Multi-omics single-cell data integration and regulatory inference with graph-linked embedding. Nat
Biotechnol 40, 1458-1466 (2022). https://doi.org/10.1038/s41587-022-01284-4



Improvement:
Graph Construction



Graph structure in GLUE -
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Our graph construction

genes
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Connect atac peaks to RNA in the extended region
and use a power-law function to decay the weights

More information, like cis-regulatory interactions:

CREs are often but not always upstream of the transcription site.

CREs are non-coding sequences, but are often co-accessible
with genes. We can infer cellular TF-gene interactions by
TF-motif localization

e H3K4me1 ® H3K27ac

Simulated chromatin contact probability;
Genes are generally in an open state near the transcription
start site (TSS).
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Improvement:
Principal Neighbor Aggregator



Graph encoder in GLUE
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Is there any problem in MEAN aggregator?
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Crucial in aggregating multi-omics info



Indistinguishability in single aggregator

1
A failure case for mean aggregator: ~ Mean Aggregator: p;(X) = NG| 2 Xj

scATAC-seq JEN(D)

These two graphs are indistinguishable!



Indistinguishability in single aggregator

Failure cases for all single aggregators:

Message of neighbour

Node receiving the node #1
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2 0 0 1
Graph 1:
2
2 2 2 4 2 4 1
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neighbour node #2 VS VS VS VS
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Graph 2:
0 0 0 0 4 3 3
0
Simple aggregators that can Mean Mean Mean Mean
differentiate graph 1 and 2: Min Min Min Min
Aggregators that fail: Max Max Max Max

STD STD STD STD



Combined aggregators: Principal Neighborhood Aggregator
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Result & Case Study



Results - Cell Integration Metrics

Metric Type
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Results - Cell Integration Plots
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Results - Regulatory Inference

Gene2peak graph statistics

Model / Graph Property Number of nodes Number of edges
GLUE 27266 25552
GLUE + PNA + Decay 27168 26645

Genes included in our graph but excluded in the original graph:
e Pcp2, Apom, Figla, Ctsw, Nmrk2, etc. (41 in total)

More relationships can be extracted using our graph!



Results - Regulatory Inference
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Gunther, S. C., Martinez-Romero, C., Sempere Borau, M., Pham, C., Garcia-Sastre, A., & Stertz, S. (2022). Proteomic Identification of
Potential Target Proteins of Cathepsin W for Its Development as a Drug Target for Influenza. Microbiology spectrum, 10(4), e0092122.



Comments on the performance

e Cellintegration metrics cannot fully measure the improvements of node features
e Our analysis on the gene2peak graph demonstrates the strengths of our approach
e Gene2TFMotif graph can also be generated using the Motif data



Conclusion

e Wedesign a better graph construction method and graph encoder to integrate
multi-omics data via graph learning

e Our method shows comparative results on several metrics and better results on
regulatory inference.



Thank you for listening!



