Gromov-Wasserstein Optimal Transport to Align Single-Cell Multi-Omics Data

Pinar Demetci* '?, Rebecca Santorella* 3 Bjorn Sandstede 3, William Stafford Noble #°, and Ritambhara Singh !,

'Department of Computer Science, Brown University
*Department of Genome Sciences, University of Washington

Data integration is important but challenging

e [t is difficult to apply multiple sequencing technologies to the same cell

e Thus, data loses cell-to-cell correspondence across domains

e We need unsupervised alignment algorithms to recover cell-to-cell

correspondences
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Figure 1: To study genomic heterogeneity, we need to be able to align data sets from single cell
measurements without cell-to-cell or feature-to-feature correspondences.

We present SCOT, an unsupervised alignment algorithm that uses Gromov-
Wasserstein optimal transport to find a probabilistic mapping between samples
from two sequencing domains.

SCOT yields state-of-the-art alignment but in less time and with
fewer hyperparameters.

Previous Unsupervised Alignment Algorithms

/Aliquot #1

. g
Popukbtion ofells

N

Aliquot #2

DomainAlignment

on shaed space

>

sc-RNA-seq

sc-ATAC-seq _?;'/f
\ sc-ATAC-seq

Figure 2: Previous methods attempt to discover the underlying manifold structure

e MMD-MA [4] and UnionCom [1] align and embed the data into a new space
e Both methods require 4 hyperparameters

Discrete optimal transport assigns probabilities
between data points in different domains
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Figure 3: Coupling
matrices relate probability
distributions

e Optimal transport finds the most cost-eftective
way to transform one probability distribution
into another |5

e Discrete optimal transport outputs a coupling
matrix I where each entry 1';; assigns a
probability that sample ¢ in the first domain
corresponds to sample 7 in the second domain

e Gromov-Wasserstein optimal transport

preserves intra-domain pairwise distances |6
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Single-Cell alignment using Optimal Transport (SCOT)
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Figure 4: (1) Compute intra-domain distance matrices through k-nearest neighbor (kNN) graphs,
(2) Obtain a coupling matrix via entropically regularized Gromov-Wasserstein optimal transport,
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and (3) Align the data sets via barycentric projection

SCOT gives state-of-the-art performance for single-cell
multi-omics alignment
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Figure 5: FOSCTTM for SCOT, MMD-MA, and

UnionCom
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Datasets after Alignment with SCOT
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e We compare SCOT to

MMD-MA and UnionCom
tor two real-world data sets.

o scGEM |[3] co-assays gene
expression and DNA
methylation

o SNAREseq (2| co-assays
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SCOT successfully aligns simulated data

We benchmark SCOT on three simulated data sets from [4]:
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Figure 7: Top: PCA projections of domain 1, Middle: PCA projections of domain 2, Bottom:
SCOT's alignment visualized with PCA projections

SCOT is faster than other alignment algorithms and

has fewer hyperparameters

Our method, SCOT,

e performs on par with
other methods,

e has only 2

gene expression.
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Figure 6: SCOT's alignment for scGEM (left) and SNAREseq (right)

hyperparameters, and

Running time (seconds)

® Is on average 25 times
faster than previous
algorithms

Full details: https://

tinyurl.com/SCOT20

| | | I II II I'

Simulation 1 Simulation 2 Simulation 3 scGEM SNAREseq

mSCOT mMMD-MA UnionCom UnionCom GPU

Figure 8: Run times for SCOT, MMD-MA, UnionCom, and
UnionCom GPU
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