Motivation

Nuclear processes emit long-lasting nuclear chemicals
Microbes are sensitive responders to the environment
Therefore, microbial communities will change
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Figure 2: Improving prediction of uranium and pH contamination

(A) Machine learning prediction accuracy (mean squared error MSE) of uranium(left) and pH(right) is plotted as
a function of the sensitivity parameter and number of simulated samples. The blue surface shows the baseline
accuracy of the machine learning prediction with only the field data. The green surface shows the accuracy with
simulated samples that incorporate prior information.

(B) Cross-sections of Fig 2(A) when using 100 simulated samples(left) or 0.1 sensitivity(right).

The predictive power of microbiomes on
environmental contamination can be improved by
incorporating mechanistic data as prior knowledge.
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Technical Approach

U - | e Explore the sensitivity of our results to
Isolate Phenotype Simulated Data Uranium Growth : : : :
l 5 Counts are drawn from binomial distribution: d|ffe re nt Ste pS IN OUr p|p€||ne
samples .. ~ bi ' 7. Environmental covariates | X; . . . .
samples | é 15 Wi ~ binomial(M;, 2 ) ‘ Expand cross-validation with additional data
ég . oz I 25 Z is drawn from a beta distribution (for over-dispersion): Samples i
= ; - 4 :
@ .
7 NO - : % Beta distribution is parameterized by Beta parameters generated from linear §
3 L o 55 mean and over-dispersion parameters: regression with logit link function: S R f
Machine Predi n ..
: redicted a; _ = e e re n c e S
Field Data Learning Contamination = Hij = / g(ij) = Boj + XiB; o
=l 75 %+ bij h($:,/) = B, + XiB] 2
Fioure 1: Schematic representation of data inteeration orocess. Isolate phenotvpe Y 1 ' ' C LHD 1.Smith, M. B., Rocha, A. M., Smillie, C. S., Olesen, S. W., Paradis, C., Wu, L., ... & Hazen, T.
5 ' P - S p ' . p. ypP " B9 ¢i,]' = a;;+b;;+1 g(c) = h(c) = log (1 — C) C. (2015). Natural bacterial communities serve as quantitative geochemical biosensors.
data measures the growth of each strain across contaminants. This data is used to ooma [ 95 ] / MBio, 6(3).
generate simulated contamination specific operational taxonomic units (OTUs) by T Ll .| 105 2.He, Z., Zhang, P., Wu, L., Rocha, A. M., Tu, Q., Shi, Z., ... & Zhou, J. (2018). Microbial
samples count matrices. Simulated samples are then combined with field samples to "m_ - functional gene diversity predicts groundwater contamination and ecosystem functioning.

MBio, 9(1).
3.Bahram, M., Netherway, T., Frioux, C., Ferretti, P., Coelho, L. P., Geisen, S., ... &
Hildebrand, F. (2021). Metagenomic assessment of the global diversity and distribution of

improve machine-learning based prediction of environmental contamination. Figure 3: Phylogenetic diffusion of uranium Figure 4: Beta-binomial Regression model to simulate microbial

growth data. The inner ring represents isolate community data. The impact of nuclear contamination on microbial

growth values, and the outer ring represents composition is incorporated into the beta sampling process.

the diffused values of the field sequences.
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