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Introduction

* Target: predict ARG abundances in effluent from influent

* Limitations
* Sequencing is expensive
* Not enough data
* Data aggregation is non-trivial
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Data

e Data Collection
* Christianburg, VA

e August, 2020 — September, 2021
e 192 effluent samples
e 224 influent samples
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Preprocessing

* Filtering
* Genes with low count nfluent Effluent
* threshold = 5; Rarefaction [R, vegan]
* ~500 unique genes available . 2

385

* Feature and target selection 2

e Use of domain knowledge e genes
e Core genes — present in all samples
* Mutually exclusive gene
* Low frequency — present in a few samples
e Use ML technique
e Correlation, mutual information



Preprocessing

e Metadata

* Time dependency

* Impacts X, y formation
e Same day - 160 samples

* Gap day - 156 samples
e 2-5days gap
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Method

e Alignment of input-output
* Algorithm: Linear Regression
e X & y formation

* Feature: one/multiple INF core genes
* Target: corresponding EFF core gene

e Evaluation metric
 RMSE
* R-square



Result: Linear Regression

* Feature/target 1:1
* Negative R-square

* Feature/target 10:1
* k best feature; mutual information
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Method (continued)

* Algorithm
* Random forest
* MultiOutputRegressor (scikit-learn)

e X & y formation
* highly abundant genes
* Threshold = 50%, Grid search
* Common in INF & EFF
* 93 genes available
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Method (continued)

* Neural network
* RNN

* Criterion
e Loss function: MSE

 Evaluation
* R-square negative
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Neural Network

Result
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Future Task

* Environmental data as feature
 Temperature, pH level etc

* Model for other genes
* genes with low frequency
* Genes present in Effluents only



Questions




