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Introduction

Microbial dysbiosis is associated with many chronic diseases and Mi aw "' o
often correlates with severity.

Microbiome artificial intelligence workflow
Prediction of phenotypic features
can help to stratify patients:

» (linical status (classification)
P Disease severity (regression)

The code is based in the R package Caret (topepo.github.io/caret) to
train and tune ML models. The Activeeon Proactive solution was
used to efficiently distribute the computing load on multiple servers.
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pls-DA ROC curves (train, 100 iter.)
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Conclusion —
* Miaw allows an easy benchmark across methods and datasets * Depending on the dataset, some methods perform better or worse; so far PLS,
* New methods can be easily added with the caret wrapping functions GLMnet and SVM performed generally well

* Results will be extended to other public datasets (database under construction)
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