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Objective

* To develop a model that quantifies the relationship between the
microbial fungi inside and outside one’s home and features of that
home, such as the number of occupants, their allergies, type of pets
they own, does a smoker live in the house, etc.

 The model can predict east vs west, north vs south, most
environmental variables (e.g. high mean temperature vs low mean
temperature), and diversity statistics (e.g. high amphibian diversity vs
low amphibian diversity) with 87-93% classification accuracy

* With variables that the model cannot accurately predict, the model often will
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Methods and Approach i

« Create a model that can effectively deal with the large number of

Operational Taxonomic Units (OTUs) common to microbiome data Classification Accuracy From Outdoor Samples
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._ . Conclusions
Location of Fungi Samples * Many covariates are simply not correlated enough to OTUs
- » Most of the success comes from variables measured independently from the
house, such as mean temperature and precipitation

& . _ : : Future Work
min — wil(y;, Bo + B x;) + A |(1 — a)||Bl]5/2 + «||8]|, » Tune model to specific covariates

05 — ] ) » Use success with environmental variables to advance work on identifying
geographic origins of fungal samples

glmnet solves this equation over a grid of A covering the entire range
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The deviance of the model Iin relation to lambda for latitude
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Results
o |mp|emented with the g|mnet R package, the Iogistic regression Fungi ldentify the Geographic Origin of Dust Samples, Grantham et al., 2015
model includes a LASSO penalty that deals well with the large Acknowledgements
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metadata variable, and yields classification accuracy, an error matrix,  through the research process
and the most positive and negative coefficients along with which
OTUs those coefficients represent
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