Optimal Transport for Batch Effect Correction in Microbiome Data
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Studying the gut microbiome presents many challenges, including limited sample sizes. To
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A strong batch effect correction algorithm removes variability between datasets (batch -
effect), and maintains variability between phenotypes (biological signal).
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But how is a cost function between datasets defined meaningfully? T t=1y=1 ~—
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5 The Gromov-Wasserstein formulation defines the cost of transport based on distance coupling point x; to y;
c metrics within each dataset. Under this formulation, the cost of transporting m(i4,j;) matrices
% and m(i,, j,) is determined by how much point i, j; andi,, j, differ in local geometry:
&
@ 2
= = argmin, g 2 2 D, (i, i5) — Dy (i1, j2)|” - (iy, j1) - iz, ji) Y v
g i1,ip€|n] jl,jze[m] \— % \ -/
2 e Y | Dx(iiz) = Dy ()|
(3 Distance-based cost Transport of 2 pairs x(11 v(Jz
- Gromov-Wasserstein
@ A
s Supervised OT was formulated by adding a penalty for - N
= . . . _ _ . .
2 transporting points of opposite phenotypes: — argmin, gxm ( z L ) 4 z )
<t i1,i2€[n] j1,j2€[m] iJ/ \
E . o o Scale of M, ; = 1 phenotypes differ
+ Barycentric Projection allows projection of one dataset onto venalty ) 0 else
-% the other, using the normalized optimal coupling matrix
a
Pipeline
Obtain palr of Cglculate Calculate optimal | @ - |
datasets, filter-out distance coupling matrix Project one dataset \ Calculate similarity between projected datasets
rare taxa and matrices for onto the other and variability between phenotypes P
g;% normalize each dataset |:||:||:|
By Dataset By Phenotype Batch Effect Measurements
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