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INTRO

e Microbiome count data is sparse, high-dimensional and composi-
tional. Information in ratios, not absolute counts.

e 28% microbiome ML studies do not report preprocessing [1].

e Most test only one/two methods on a single classifier [2, 3].

RESEARCH QUESTION

Which compositional preprocessing methods are
best suited for microbiome ML?

DATA - HMP2

e 1,626 metagenomic samples, 132 subjects [4]

e 3 diagnosis classes: Crohn’s Disease (46%), Ulcerative Colitis
(28%), non-Inflammatory Bowel Disease (26%)

o Filtering: species-level only
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Preprocessing

In microbiome ML,

the best preprocessing

depends on the classifier
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TUDelft
EVALUATION

Nested 5x5-fold CV stratified by subject. Preprocessing fitted on

inner train only. Macro F1 reported.

e Significance: Pairwise Wilcoxon signed-rank on 25 per-fold
scores, Benjamini-Hochberg (o« = 0.05, 105 pairs per classifier).

e Feature importance: Pairwise Spearman p of mean importance
vectors across preprocessing variants.

e Family comparison: Mann-Whitney U on median performance

ranks (compositional vs. distribution-shaping).

RESULTS

1. Preprocessing sensitivity is classifier-dependent

XGBoost 10
Dummy -0

Random Forest 10

Elastic Net - 16
TabPFN - 46
MLP A 54
SVM (linear) - 58
SVM (RBF) - 73
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Number of significant pairwise comparisons (BH p < 0.05)
2. Distribution shape -> performance for scale-sensitive classifiers
“Hé Classifier Compositional Distribution-shaping
rZLé (median rank) (median rank)
SVM-RBF 6 4
SVM-linear 11 3
MLP 8 5
Elastic Net 11 4

3. Feature importance instability mirrors classification sensitivity:
oreprocessing changes which taxa linear models prioritise, not only

nerformance.

Feature importance stability across preprocessing variants
(pairwise Spearman r of mean importance vectors)
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