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Background

* Neurodevelopmental disorders (NDDs) affect brain and nervous system development.

 Alternations in infant gut microbiome biomarkers would be associated with their future NDDs.

 However, prospective early life data of infant gut microbial biomarkers are limited.

» Based on prospective data, | develop predictive models of infant future NDDs with present gut microbial biomarkers, which can foresee their

future NDDs outcomes.
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Source from dataset: Bacteria enriched in controls included Akkermansia
muciniphila, Roseburia hominis, Erysipelotrichiaceae UCG-

* Stool was collected from 1748 infants at 11.9 &= 2.9 months. 003 spp., Adlercreutzia equolifaciens, Alistipes
e The result of diagnose happened a few years later, when infants grew up. pujcredinis, Phascolarctobacterium, _Coprc_acoccus, and Bifid_obacterium Sp,
k. Our longitudinal prospective studies on early-life microbiomes and future ND diagnoses. / &g“one"a parvula, Megamonas funiformis, ASV-77 Bacteroides sp., ?

16S rRNA

V-103 Klebsiella sp. were higher in future cases.
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sklearn.experimental - underlying DecisionTreeRe| gresso r . The sub-sample size is controlled with the max_samples parameter
trap=True (default), otherwise the whole dataset is used to build each tree.
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F comparison between tree-based ensemble models see the example Comparing Random Forests
and Histogram Gradient Boosting models.

sklearn.feature_selection

sklearn.gaussian_process

Read more in the User Guide

sklearn.impute
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Conclusion

* Limitations of this study include few samples of future NDDs.

* Further studies focus on improving the model prediction and predicting specific future NDDs subtypes( ASD, Intellectual Disability,
Speech Disorder, or ADHD) in the larger cases datasets.
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