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Introduction Data
* Prevalence rates of obesity have increased dramatically. ln‘ 4 years
o . . &
* Obesity is a major factor risk for health.
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* Addressing obesity in childhood would help alleviate the problem. children

 The human body hosts a highly complex and densely populated
ecosystem known as human microbiome.

The microbiome data includes:

-Relative abundances up to genus level.

* Intestinal microbiome is connected to obesity. Measures of alpha diversity

* Our goal is to build a model able to predict whether a child whill _Microbiota groups (C1-C4).

develop obesity using microbiome data together with information
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about dietary habits, clinical and physical examinations and .
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Results
 Best model: CatBoost (gradient boosting algorithm) using a
representation of the relative abundances obtained with a
Variational Autoencoder (VAE). Variational Autoencoders are a

Methodology

We have tested several models. To evaluate the models, we
followed a stratified 7-fold cross validation procedure.
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kind of Autoencoders able to learn probabilistic representations
given an input and then use these representations to reconstruct

the input.

* To observe the effect of the microbiome data we also present the
best results obtained without microbiome data.

Training Test AUC ACC
All data 0.75 % 0.17 0.67 + 0.17
For each iteration, using only the training set, we performed a  5- Without microbiome data 0.68 £ 0.13 0.64 +0.09

fold cross-validation to optimize the model hyperparameters using

a grid search. This results point Iin the direction that including microbiome data

increases the performance of the model.

Feature importance Conclusions

The SHAP values method calculated the most important features

of the model. * Microbiome data can improve the prediction of childhood obesity.

mil(_';gg * The variables related to the microbiota that have a greater impact

S'eeng?faf on the model are: the Shannon alpha diversity measure, the
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microbiota group, and the Variables 1 and 14 from the VAE.
* |Interpretability of the model is lost using VAE.

» Taking into account the high variations of the microbiome, our

carbggaX results seem promising.
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* We will be able to validate or even improve our model with 1000
new samples.
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