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GOAL: to develop a gut-microbiome age model
to study the effects of the gut microbiome

and dietary exposures

on other age-dependent development features

Multiple environmental factors influence the development of the gut microbiome,
which experiences dramatic changes during early infancy [1,2]. There is
accumulating evidence that the gut microbiota and its metabolites also regulate
various aspects of neurodevelopment, physiology and behavior [3].

Building a model that estimates age from gut-microbial taxonomic profiles can help
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Figure 2. NMDS decomposition of Bray-Curtis distance matrix for all taxonomic profiles analyzed, colored by
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Microbiome development in the first years of life follows predictable normative
trajectories, that emerge as underlying machine-learnable patterns when a large
and diverse dataset of metagenomes is used to train an age prediction model from
taxonomic profiles.

Figure 3. Model benchmark, figures of merit and results from Leave-One-Source-Out-Cross-Validation. (A)
scatterplot of predicted ages versus ground truth ages at sample collection (in months) — same color key as 1A/B.
Identity line (y=x) £3 months added for reference. (B) cohort metrics for Leave-One-Source-Out-Cross-Validation.
(C) Age predictions for an independent external test set (not used during training).
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Figure 1. Data origin, description and analysis pipeline. (A) approximate geographical sites of stool sample
collection. (B) normalized stacked kernel density plots of age distribution per stool sample, color-coded by data
source. (C) simplified illustration of the data analysis, from data curation, sample collection, sequence
processing, model training, validation and interpretation.
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