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Compositional Data

Compositional Data (CoDa) describe the parts of a whole:
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Equivalently, CoDa can be thought of as
simplex-valued data:

D = {xi ∈ ∆K}ni=1,

where ∆K denotes the simplex:
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Methods: Aitchison Mixup

Aitchison (1984) established the following Hilbert space
structure on the simplex:
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Given training points x1 and x2, and λ ∼ U(0, 1), generate:

xaug := (λ� x1)⊕ ((1− λ)� x2)

Aitchison Geometry on ∆2

(Orthogonal grid)

Experiments: Supervised Learning

Aitchison Mixup improves existing microbiome learning pipelines across 12 standard benchmarks.

Task RF Aug XGB Aug mAML Aug DeepCoDa Aug MetaNN Aug
Crohn’s (Ileum) 0.72 0.79 0.76 0.79 0.72 0.74 0.73 0.79 0.74 0.74
Crohn’s (Rectum) 0.78 0.82 0.81 0.80 0.80 0.80 0.78 0.83 0.74 0.74
Gastrointestinal 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Female/Male 0.60 0.64 0.57 0.57 0.56 0.58 0.58 0.58 0.50 0.51
Stool/Tongue 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Plaque 0.81 0.83 0.82 0.83 0.84 0.83 0.78 0.82 0.75 0.76
Colorectal Cancer 0.68 0.67 0.67 0.69 0.73 0.74 0.63 0.73 0.59 0.54

Diabetes 0.62 0.65 0.66 0.68 0.64 0.65 0.45 0.70 0.64 0.64
Cirrhosis 0.93 0.93 0.94 0.95 0.92 0.93 0.84 0.90 0.76 0.82

Black/Hispanic 0.53 0.60 0.57 0.61 0.61 0.62 0.62 0.63 0.63 0.61
Nugent Score 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.96 0.95
Black/White 0.55 0.61 0.58 0.65 0.61 0.61 0.66 0.65 0.58 0.60

Mean 0.77 0.79 0.78 0.80 0.78 0.79 0.75 0.80 0.74 0.74

Also in the paper but not shown here...

I Compositional Feature Dropout.

I Compositional CutMix.

I Contrastive Learning.
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