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ABSTRACT

MACHINE LEARNING METHODS TO DISCOVER PATTERNS IN MICROBIALLY
DRIVEN SOIL CARBON SEQUESTRATION

Understanding how microbiomes function is a major area of research, as microorganisms play
a significant role in environments spanning nearly every corner of the earth. Recent advances in
DNA sequencing technology have made it possible to profile microbial communities, yet noise and
sparsity in microbiome data makes it difficult to identify consistent patterns in microbial commu-
nity behavior. In this thesis, we apply a host of machine learning methods to elucidate the role of
the soil microbiome in mediating soil carbon sequestration. We demonstrate that broad character-
istics of the soil microbiome such as richness and biomass can be used to forecast abundance of
dissolved organic carbon (DOC) in soil. We also show that feature selection analysis using a host
of machine learning and standard statistical techniques identifies a consensus set of significant taxa
that predict DOC abundance. Finally, we demonstrate how these feature selection techniques can
be used to explore more advanced probabilistic models that assign accurate estimates of predic-
tion confidence. The methods proposed in this thesis could be used to design optimized microbial

communities that combat climate change by promoting increased levels of carbon storage in soil.
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Chapter 1

Introduction

Current levels of atmospheric carbon significantly exceed the greatest recorded levels dating
back 800,000 years [1,2]. The alarming increase of greenhouse gases and global temperatures mo-
tivates the need for strategies to combat climate change. A potential strategy to mitigate increasing
levels of atmospheric carbon dioxide (CO,) is carbon sequestration, which is the storage of CO,
in a stable carbon sink. A particularly promising carbon sink is soil, which contains more carbon
than vegetation and atmospheric carbon combined. Currently, the amount of carbon dioxide that
is emitted from soil is more than ten times greater than that from fossil fuel emissions, suggesting
that a small change towards carbon storage in soil could significantly reduce atmospheric carbon
levels [3,4].

Terrestrial carbon sequestration occurs when decaying organic matter (e.g. plant litter) is con-
verted into soluble forms of carbon that remain stable in deeper soil layers. Shifting the conversion
process of decaying organic matter to produce soluble carbon reduces the flux of CO, from soil and
increases levels of dissolved organic carbon (DOC) stabilized by the soil matrix. While it is known
that the soil microbiome plays a significant role in plant litter decomposition [5], discovering the
mechanisms by which bacteria and fungi influence the accumulation of DOC remains a major area
of research [3]. By understanding the mechanisms that underpin microbially mediated carbon se-
questration, microbiomes could be optimized to shift soil carbon cycling towards increased carbon
storage.

The emergence of next generation sequencing technology has made it possible to taxonomi-
cally profile microbial communities, which provides a means of linking microbial abundance with
macroscopic environmental traits, such as levels of DOC. Using sequencing data, machine learning
and statistical modeling offers a powerful tool to discover patterns that reveal how the microbiome
influences or is influenced by its environment. However, constructing models using sequencing

data is difficult owing to high dimensionality, noise, and sparsity. Furthermore, machine learning



models are often limited in that they provide little insight into how the model makes decisions, and
predictions are rarely assigned a metric of prediction uncertainty.

This thesis explores a host of machine learning approaches to examine how the soil micro-
biome drives carbon storage in terrestrial ecosystems. We showed that initial community level
characteristics of the soil microbiome, such as richness and total biomass, are predictive of down-
stream levels of DOC. To model the relationship of specific taxa with DOC, we applied random
forest regression, neural network regression, and indicator species analysis for feature selection
and prediction tasks, using a framework we call RFINN (Random Forest Indicator species analy-
sis Neural Network). Using RFINN to identify a reduced set of taxa, we showed that probabilistic
models are a powerful tool for constructing easily interpreted models that reliably estimate pre-
diction uncertainty. Furthermore, the developed models accurately predicted levels of DOC across
different types of decomposing plant litter.

Machine learning analyses were applied to predict DOC outcomes in soil microcosms using
profiled microbiomes (16S rRNA gene profiles) as features. Experimental data was acquired after
inoculating sterilized litter samples with a spectrum of decomposer microbial communities sam-
pled from nine states in the Western United States. Carbon flow (DOC and cumulative carbon
dioxide) was measured after a six week decomposition period, and microbial communities were
profiled at the beginning and end of the experiment. To understand the relationship between com-
munity level traits of the soil microbiome and carbon sequestration, features such as richness,
diversity, and biomass were used to predict levels of DOC in soil microcosms using a logistic re-
gression model. The ability of the model to predict emergent levels of DOC from initial microbial
community traits corroborates the paradigm that the soil microbiome directly influences carbon
flow in soil.

In contrast to models that use community level microbial traits, we examined how abundance
of OTUs (operational taxonomic units) can be used as features in machine learning models to pre-
dict abundance of DOC. With feature importance ranking using random forest regression, neural

network regression, and indicator species analysis, we identified a consensus set of OTUs that were



highly ranked among all three approaches. This approach, called RFINN, significantly reduced
the total number of OTUs identified using 16s rRNA gene sequencing. Using this reduced feature
set, model prediction performance did not significantly change using random forest regression, and
was even improved using the neural network regression model. Furthermore, feature selection is
an important step towards understanding which microbial taxa are most significantly linked with
carbon flow in soil.

The majority of machine learning approaches that have been applied to analyze the micro-
biome typically do not assign a metric of uncertainty to predictions and typically provide little
insight into the mechanisms that dictate such predictions [6,7]. Using a reduced set of bacterial
genera determined by RFINN, we applied Bayesian networks to make probabilistic predictions of
DOC abundance. Bayesian networks are graphical structures composed of nodes and edges that
describe the joint probability distribution of model features and targets [8]. In addition to stan-
dard cross-validation with held-out testing data, we investigated the transferability of the model
using samples from independent litter decomposition experiments. We found that a Bayesian net-
work model trained using samples from a pine litter decomposition study accurately predicted
abundance of DOC using samples from an oak litter decomposition experiment, but failed to ac-
curately estimate DOC from grass litter decomposition samples. Despite insignificant prediction
accuracy when applied to grass litter samples, model predictions were markedly less confident,
with over half of the samples discarded due to uncertainty. Taken together, uncertainty analysis
and cross-validation showed that the Bayesian network model correctly assigned greater prediction
uncertainty to samples that proved more difficult to accurately predict.

Machine learning approaches applied to microbiome data from litter decomposition studies re-
veal that levels of DOC can accurately be estimated from microbial community traits. With the
ability to identify a small subset of taxa whose abundances are linked with DOC, machine learn-
ing approaches provide valuable insight towards understanding how microbial communities might
influence carbon storage in soil. Cross-validation of machine learning models using data from

independent litter decomposition studies suggests that the relationship between soil microbiomes



and DOC may be conserved across different litter types. With insight from feature selection and
uncertainty analysis, the machine learning models explored in this thesis provide valuable insight
for potentially engineering microbial communities to combat climate change by optimizing carbon

sequestration in soil.



Chapter 2
Soil bacterial and fungal richness forecast patterns of

early pine litter decomposition !

2.1 Overview

Discovering widespread microbial processes that drive unexpected variation in carbon cycling
may improve modeling and management of soil carbon [9-11]. A first step is to identify commu-
nity features linked to carbon cycle variation. We addressed this challenge using an epidemiolog-
ical approach with 206 soil communities decomposing Ponderosa pine litter in 618 microcosms.
Carbon flow from litter decomposition was measured over a six-week incubation. Cumulative CO,
efflux varied 2-fold among microcosms and dissolved organic carbon (DOC) varied 5-fold, demon-
strating large functional variation despite constant environmental conditions where strong selec-
tion is expected. "High" and "Low" DOC functional states were delineated and the communities
in each cohort were taxonomically profiled. A logistic model including total biomass, fungal rich-
ness, and bacterial richness measured in the original soils or in the final microcosm communities
predicted the functional states with 72 (P<0.05) and 80 (P<0.001) percent accuracy, respectively.
The strongest predictors of the DOC functional state were biomass and either fungal richness (in
the original soils) or bacterial richness (in the final microcosm communities). Successful fore-

casting of functional patterns after lengthy community succession in a new environment reveals

! Michaeline Albright?, Renee Johansen?, Jaron Thompson®”, Deanna Lopez?, La Verne Gallegos-Graves?®, Marie
E Kroeger®, Andreas Runde?®, Rebecca Mueller, Alex Washburne?, Brian Munsky®<, Thomas Yoshida“, John Dunbar?

a Bioscience Division, Los Alamos National Laboratory, Los Alamos, NM 87545, United States

b Department of Chemical and Biological Engineering, Colorado State University, Fort Collins, CO 80523, USA
¢ Center for Biofilm Engineering, Montana State University, Bozeman, MT 59717, United States

d Department of Microbiology and Immunology, Montana State University, Bozeman, MT 59717, United States
e Keck Scholar, School of Biomedical Engineering, Colorado State University, Fort Collins, CO 80523, USA

* I designed and implemented the logistic regression model used to predict high or low levels of dissolved or-
ganic carbon from microbial community traits such as biomass and richness. I also performed the statistical analysis
used to examine the significance of model accuracy.



strong historical contingencies. Forecasting future community function is a key advance beyond
correlation of functional variance with end-state community features. The importance of taxon
richness - the same feature linked to carbon fate in gut microbiome studies - underscores the need
for increased understanding of biotic mechanisms that shape richness in microbial communities,

independent of physicochemical conditions.

2.2 Introduction

Modeling existing soil carbon stocks is a starting point to predict future feedbacks to cli-
mate [12]. Accurate modeling of current carbon stocks remains a challenge as indicated by large
unexplained variance, weak spatial correlation at the global scale, and deviation of entire habitat
types [13—15]. Many factors may contribute to these discrepancies, but an emerging view posits a
strong role for microbial composition [13, 16—18] because microbial communities are not always
functionally equivalent [19]. Different microbial community "types" can occur within a habitat
type, contributing substantial variation to ecosystem function [20-22]. A community type is de-
fined as a discernable compositional cluster in a multi-dimensional landscape of compositional
possibilities [22]. The existence of alternative soil community types that vary in function under the
same environmental conditions has been postulated [18], including communities with functional
extremes analogous to stable dysbiosis in the human gut [23]. Such communities in nature would
create variation in carbon cycling that is unexplained in conventional models.

The specific features of microbial community composition that may drive substantial varia-
tion in soil carbon cycling are unknown [9]. Features that have been explored theoretically in-
clude ratios of fungi versus bacteria [24], active versus dormant populations [13], and oligotrophs
versus copiotrophs [10]. However, experimental validation lags [25]. Microbial diversity has
been proposed as a driver but continues to be intensely debated [25,26] with conflicting experi-
mental evidence against [27-30] and for a link [31-34]. In recent studies supporting a diversity-
decomposition relationship, a single community was manipulated in each case by extreme dilution

(e.g. undiluted versus 10-5 fold [32, 33] or by size-fractionation of a soil [34] to create diversity



gradients, but these gradients are difficult to imagine under natural scenarios. Examining diverse
microbial communities in nature that foster different carbon cycling patterns under the same en-
vironmental conditions is a useful alternative to discover community features relevant to carbon
cycling.

Toward this end, we used an epidemiological approach wherein a large population of plant
litter decomposer communities in laboratory microcosms was screened to delineate cohorts with
contrasting functional states. Although surface leaf litter decomposition is only one component
of soil carbon cycling, it accounts for about half of the CO, efflux in temperate deciduous forests
annually [35]. Plant litter decomposition is generally viewed as a two-stage process comprising an
initial fast phase dominated by weedy microbial taxa, and a subsequent slow phase driven by taxa
better equipped to deconstruct lignocellulose [36,37]. The early phase of litter decomposition is
of particular interest because carbon flow during rapid microbial growth on labile plant carbon is
now understood to play an important role in the formation of soil organic matter [36, 38].

To acquire a spectrum of decomposer communities on Ponderosa pine leaf litter, 206 soil
samples were collected from nine states in the Western U.S. (Figure 2.1) as source material for
the dispersal of microbial communities onto leaf litter in 618 microcosms. We measured carbon
flow during the early phase of plant litter decomposition by quantifying dissolved organic carbon
(DOC) and cumulative carbon dioxide (CO,) from a six-week decomposition period. Functional
states were delineated as "high" versus "low" DOC. We hypothesized that the composition of the
original soils would exert legacy effects that constrain succession in each microcosm, and therefore

community features in the original soils would be linked to functional outcomes in the microcosms.

2.3 Materials and methods

2.3.1 [Initial soil collection for microbial inoculum

Soil samples were collected from 206 locations throughout the southwestern United States
between February and April, 2015 (Figure 2.1). The goal of this study was not to relate func-

tional outcomes to detailed characteristics of the environments from which the soils were col-
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Figure 2.1: Map of sampling points in the western United States. Points are colored by the dissolved organic
carbon (DOC) output generated by the microbial community extracted from the soil sample (mean of three
replicates), following 44 days of pine litter decomposition.



lected. Therefore, a randomized collection scheme was not used, as this would have substantially
increased the cost and logistical burden of sample collection without benefit. Samples were typi-
cally collected at locations approximately 80 km apart, at least 15 meters from roadways, from the
top 3cm of the soil surface after removal of surface litter. In the collection region, ecosystems rou-
tinely have patchy ground cover with exposed soil and little, if any, litter layer at the soil surface.
Samples were collected in sterile 50-ml screw-cap tubes, and immediately stored on ice. The loca-
tion of each sample was recorded by GPS (coordinates available upon request) and photographed

to facilitate description of the major ecosystem types from which samples were obtained.

2.3.2 Microcosm construction and CO, sampling

Microcosms consisted of 125ml serum bottles containing approximately 5g of sand and 0.12g
of Ponderosa pine leaf litter, which had been ground in a Wiley Mill (Thomas Scientific, Swedes-
boro, NJ, USA). The microcosms were sterilized by autoclaving three times for 1 hour each, with
at least an 8-hour resting interval between each autoclave cycle. Microbial communities were ex-
tracted from soil samples (n=206) by suspending one gram of soil in 9ml of phosphate-buffered
saline (PBS), then creating a 1000-fold dilution in PBS amended with NH4NO3 at 4.8mg/ml. We
used a high nitrogen background to represent the atmospheric deposition of nitrogen that has al-
ready occurred and will continue to increase in natural ecosystems [39]. Three microcosms per
soil sample each received 1.3 mls of inoculum, pipetted directly onto a 0.02g aliquot of pine lit-
ter (n=618 microcosms). These microcosms were then sealed with Teflon-lined crimp caps and
incubated at 25 °C in the dark for 14 days to equilibrate the communities. Negative control mi-
crocosms, used to confirm the efficacy of sterilization, received the same quantities of PBS and
NH4NO3, but no microbial communities. The headspace in each microcosm was evacuated using
a vacuum pump on days 3 and 7, and replaced with sterile-filtered air. On day 14, an additional
0.1g aliquot of litter sterilized by three rounds of autoclaving was added to each microcosm, and
microcosms were re-sealed. The microcosms were incubated at 25 °C in the dark for a further 30

days. On days 2, 5, 9, 16, 23 and 30, CO, was measured by gas chromatography using an Agilent



Technologies 490 Micro GC (Santa Clara, CA, USA). After each measurement, the headspace air

was evacuated with a vacuum pump and replaced with sterile-filtered air.

2.3.3 Dissolved organic carbon (DOC) and litter community sampling

After the 44-day (total) incubation, microcosms were destructively sampled to measure DOC
and community composition. DOC extractions were performed using a rapid, gentle procedure
to avoid measurement artifacts arising from microbial growth or microbial cell disruption. For
each microcosm, Sml of sterile deionized water was added, swirled manually for 30 seconds, then
transferred to two 2-ml tubes. The tubes were centrifuged 4 minutes at 16,400xg. The supernatants
were combined and sterilized by filtration through a 0.2 um filter. The concentration of DOC in
each sample was measured on an OI Analytical model 1010 wet oxidation TOC analyzer (Xylem
Inc., Rye Brook, NJ, USA), calibrated daily. Following DOC sampling, material (sand and litter)

from each microcosm was frozen at -80 °C for DNA extraction.

2.3.4 Bacterial and fungal community taxonomic profiling

Samples for community profiling were down-selected based on the mean DOC quantity of each
set of three replicate microcosms at day 44. The profiled samples represented the two tails of the
DOC frequency distribution. Ribosomal RNA gene profiles were obtained for original soil samples
(n=128) and their corresponding replicate microcosms (n=384). DNA extractions were performed
with a DNeasy PowerSoil 96-well plate DNA extraction kit (Qiagen, Hilden, Germany). The
standard protocol was used with the following two exceptions: 1) 0.3 grams of material was used
per extraction; 2) bead beating was conducted using a Spex Certiprep 2000 Geno/Grinder (Spex
SamplePrep, Metuchen, NJ, USA) for three minutes at 1900 strokes/minute. DNA samples were
quantified with an Invitrogen Quant-iTTM dsDNA Assay Kit (Thermo Fisher Scientific, Eugene,
OR, USA) on a BioTek Synergy HI Hybrid Reader (Winooski, VT, USA). PCR templates were
prepared by diluting an aliquot of each DNA stock in sterile water to 1ng/ul. The bacterial (and
archaeal) 16S rRNA gene (V3-V4 region) was amplified using primers 515f-R806 [40]. The fungal

28S rRNA gene (D2 hypervariable region) was amplified using the LR22R primer [41] and the
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reverse LR3 primer [42]; this target sequence is amenable to phylogenetic tree construction and
provides genus-level resolution equivalent to that provided by internal transcribed spacer sequences
[43].

A two-step amplification procedure was used based on Mueller et al. [41], with Phusion Hot
Start II High Fidelity DNA polymerase (Thermo Fisher Scientific, Vilnius, Lithuania). In the
first PCR, barcoded amplicons were produced over 22 cycles using gene primers flanked by 6nt
barcodes that jointly provided a unique 12-mer barcode for each sample [44]. Cycling conditions
were 30 s at 98 °C, 22 cycles of (98 °C for 15 s, 60 °C for 30 s, 72 °C for 30 s), and a final extension
step of 72 °C for Smin. The second PCR extended Illumina adapter sequences on the amplicons
over 10 cycles. Cycling conditions were 30 s at 98 °C, 10 cycles of (98 °C for 15 s, 65 °C for 30
s, 72 °C for 30 s), and a final extension step of 72 °C for Smin. Amplicons were cleaned using a
MoBio UltraClean PCR clean-up kit (Carlsbad, CA, USA), quantified using the same procedure
as for the extracted DNA, and then pooled at a concentration of 10ng each. The pooled samples
were further cleaned and concentrated using the Mobio UltraClean PCR clean-up kit. All clean ups
were undertaken as per the manufacturer’s instructions with the following modifications: binding
buffer was reduced from 5X to 3X sample volume and DNA was eluted in 50 ul Elution Buffer.
DNA quality of the amplicon pool was assessed with a bioanalyzer, concentration was verified by
gqPCR, and sequencing was performed on an Illumina MiSeq with paired-end 250 bp chemistry at
Los Alamos National Laboratory.

Bacterial and fungal sequences were merged with PEAR v 9.6 [45], quality filtered to remove
sequences with 1% or more low-quality (q20) bases, and demultiplexed using QIIME [46] allow-
ing no mismatches to the barcode or primer sequence. Further processing was undertaken with
UPARSE [47]. Sequences with an error rate greater than 0.5 were removed, remaining sequences
were dereplicated, OTU clustering was performed at 97%, and putative chimeras were identified de
novo using UCHIME [48]. Bacterial and fungal OTUs were classified via the Ribosomal Database
Project (RDP) classifier [49]. OTUs that were not classified as bacteria or fungi with 100% confi-

dence were removed from the dataset. Bacterial OTUs with less than 80% classification confidence
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at the phylum level were also removed. The omitted data accounted for less than 5% of the total.
Of the 128 source soil samples that yielded high or low DOC outcomes in microcosms, 123 of
the samples passed sequence quality control and 1,481,601 and 1,741,698 total sequences were
obtained for bacteria and fungi respectively. The sequences represented 5595 bacterial OTUs (an
average of 409 detected per soil) and 2270 fungal OTUs (an average of 112 detected per soil). From
the day-44 microcosms samples representing the high and low DOC groups, a total of 9,576,525
sequences from 349 of 384 microcosms that passed quality control were obtained for bacteria and
13,124,107 sequences from 377 microcosms were obtained for fungi. These represented 2,527
bacterial OTUs (an average of 275 detected per microcosm) and 753 fungal OTUs (an average of
47 detected per microcosm).

Sequence data were deposited in the NCBI Sequence Read Archive (PRINA515766 for the
source soils and PRINA478595 for the day-44 microcosm samples). All other data including OTU

tables are available upon request.

2.3.5 'Total biomass, fungal, and bacterial abundance

The DNA quantity extracted from each sample was used as a proxy for biomass. Fungal and
bacterial abundance were separately estimated by quantitative PCR (qPCR) using 18S rRNA gene
primers nu-SSU- 1196F and nu-SSU-1536R for fungi [50] and 16S rRNA gene primers EUB
338 [51] and EUB 518 [52] for bacteria as described by Castro et al. [S3]. Assays were performed
with the Biorad iQ SyBr Green Supermix on a BioRad CFX Connect Real-Time System (BioRad,
Hercules, CA). DNA templates were normalized to 1.0 ng/ul. Six-point calibration standards were
created by serial dilution of linearized plasmid DNA containing a cloned Phoma 18S rRNA gene
fragment (for fungi) or genomic DNA from Burkholderia thailandensis E264, ATCC 70038 (for

bacteria). Melt curves were generated for every run to detect potential false positives.

2.3.6 DOC binding assay

The fraction of DOC able to bind to mineral surfaces was measured for one DOC sample

replicate from each of the high DOC (n = 64) and each of the low DOC (n = 64) day-44 com-
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munities. Aluminum oxide was used as a representative mineral for DOC binding [54]. For each
sample, 0.5 ml of DOC was added to 1 ml of sterile water (3X dilution factor) and 0.3 grams of
aluminum oxide (AI203). Samples were mixed by inversion with a Thermolyne rocker (Barn-
stead/Thermolyne, Dubuque, IA, USA) for 30 minutes and then centrifuged at 16,100 x g for 5
minutes. Supernatant was transferred to a new tube and stored at -20 °C until DOC quantification
on a TOC analyzer. The percentage of bound DOC was calculated as 100% x (DOCpost-binding
x dilutionFactor)/DOCpre-binding.

2.3.7 Statistical analyses

Community composition analyses were performed with rarefied data unless otherwise stated.
For original soil samples, bacterial communities were rarefied to 1095 sequences per sample, and
fungal communities were rarefied to 1385 sequences per sample. For day-44 microcosms, bacte-
rial communities were rarefied to 1023 sequences and fungal communities were rarefied to 2032
sequences. Bacterial and fungal richness and diversity (Shannon-Wiener index) were compared
across high and low DOC groups for both original soil and day-44 microcosm samples using
one-way ANOVAs. Bray-Curtis dissimilarity matrices for bacterial and fungal communities were
computed using log-transformed data for bacteria and for fungi in the R library vegan v 2.4-3 [55].
A permutational multivariate analysis of variance (PERMANOVA; [50]) was performed to assess
whether the community composition of high and low DOC groups differed (vegan v 2.4-3; [56]).
The individual microcosms (day 44) were treated as independent samples in all statistical analyses
because the replicates diverged substantially in community composition by the conclusion of the
experiment and were therefore considered biologically distinct. Compositional analyses were also
run on each set of replicates (set A, set B, set C) independently to confirm that conclusions were
consistent irrespective of how replicates were treated. To further compare community composition
between high and low DOC groups, OTU sequences were grouped phylogenetically at the Fam-
ily level for bacteria and Order level for fungi to assess differential abundance of individual taxa.

This analysis was performed for the original soils and day-44 microcosm samples. Family-level

13



comparisons were not made for fungi due to low classification confidence levels. For fungal or-
ders and bacterial families, OTUs were only used that could be phylogenetically assigned with at
least a 70% confidence level from the RDP Classifier. Due to the sparse data for rare taxa, further
statistical analysis of individual taxa was restricted to the most abundant bacterial families and
fungal orders that comprised on average at least 1% of the sequences of either the high or low
DOC groups. Differences in taxon abundance in high versus low DOC groups were compared by
t-tests. Correlations between various community features versus DOC quantity were measured
with Pearson’s (univariate) or Mantel (multivariate) tests. For Mantel tests with the original soils,
the average day-44 DOC values among each set of three replicate microcosms were used to gener-
ate a Euclidean distance matrix for comparison with bacterial and fungal community Bray-Curtis
matrices (ecodist package; [57]). For day-44 microcosm community samples, DOC values from all
microcosms were used to create the distance matrix. Univariate features included fungal abundance
(qPCR), bacterial abundance (QPCR), fungal:bacterial ratios, total biomass (measured as total ex-
tracted DNA), OTU richness, and Shannon diversity. All statistical analyses were performed using

R v3.3.3 [58].

2.3.8 Prediction models for DOC abundance

To predict DOC abundance, a logistic regression model was developed using seven day-0 (orig-
inal soil) community features as variables: total biomass, fungal richness, bacterial richness, fungal
diversity, bacterial diversity, fungal abundance, and bacterial abundance. The total data set was par-
titioned into 1000 unique permutations of training and testing data with 30% of samples reserved
for testing. Training data and testing data were partitioned such that the balance of high DOC and
low DOC labels in each set was equivalent. Variables in the training data were standardized to be
zero mean with unit variance, and variables in the testing data were similarly scaled using training
data statistics. SCIKIT-LEARN’s [59] Logistic Regression model was used to fit to the training
data using an ‘L2’ penalty to reduce unnecessary features. After fitting the model to training data,

feature selection was applied using SCIKIT-LEARN’s SelectFromModel function to reject features
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with regression coefficients less than a threshold value of 1e-5. Feature importance was assessed
with the Wald statistic, defined as the logistic regression coefficient divided by the standard error of
the coefficient [60]. Based on the Wald statistics (Table 2.3), three features (biomass, fungal rich-
ness, and bacterial richness) were down-selected as the most important variables to predict DOC
abundance. A second logistic regression model with the reduced set of features measured at day-44
was applied to 1000 permutations of training and testing data as described above (Table 2.4).

A logistic regression model with the reduced set of features (measured in the original soils
or in the day-44 microcosms) was applied to training and testing data as described above. To
assess model significance, the average McFadden pseudo R2 value and the log likelihood ra-
tio P value were calculated. Prediction accuracy is defined as the number of true positives and
true negatives divided by the total number of samples in the testing dataset. The distribution of
prediction accuracy over 1000 permutations of training and testing data was compared to a null
model that always assigned the most prevalent label in the testing set. We used the z-test for
the equality of two proportions to evaluate the significance of comparing the proportion of cor-
rectly labeled samples using the logistic regression model compared to that with the null model,
and we report the median P-value over the 1000 permutations of the training and testing data.
Code for data pre-processing, logistic regression and statistical analysis is available online at

https://github.com/MunskyGroup/Albright_et_al_2019.

2.4 Results

2.4.1 Microbial-driven variation in respiration, DOC quantity, and DOC

quality was large.

Over the 6-week decomposition period, respired CO, varied approximately 2-fold between 160
and 345 mg/g of litter, and DOC varied 5-fold, with between 3 and 18 mg/g of litter (Figure 2.2B).
The CO, and DOC outputs from decomposition were negatively correlated (R2=0.16, P =<0.001).
The DOC frequency distribution was used to delineate two contrasting functional states: high

versus low DOC. These functional cohorts were balanced by requiring each group to contain 192
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samples (i.e., all 3 replicate communities derived from 64 source soils). The high and low DOC
groups varied not only in DOC abundance but also in DOC composition, as indicated by a mineral-
binding assay. The fraction of DOC binding to aluminum oxide — a common soil mineral that
binds organic carbon [54] — ranged from 16.9% - 55.8% among the subset of DOC samples
tested. Communities with high quantities of DOC had, on average, DOC with significantly greater

potential for mineral-binding (two-tailed ¢-test, t150 = 2.8, P = 0.006; Figure 2.2B).
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Figure 2.2: (A) Dissolved organic carbon (DOC) abundance among 611 microcosms after 44 days of pine
litter decomposition. Inset panel - inverse correlation between CO, and DOC. (B) Proportion of dissolved
organic carbon (DOC) that binds to aluminum oxide. DOC was obtained from microcosms after 44 days of
pine litter decomposition. A greater proportion of DOC binds from high DOC than low DOC samples (P
=0.006, n = 128). DOC was produced by microbial communities during 44 days of decomposition of pine
litter in microcosms.

2.4.2 Microbial communities with contrasting function were geographically

intermingled.
The original soils were obtained from eight ecosystem types defined broadly by dominant
and minor plant types or by agricultural land-use (Table 2.1). Ecosystem type significantly influ-

enced the frequency of observing high or low DOC abundance (chi-squared test, 2 d.f., X2=17.89,
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Table 2.1: Prevalence of DOC categories within ecosystem types

Samples per DOC category

Ecosystem type Low Medium High
Grassland - shrub 23 44 50
Mixed 10 8 3
Juniper woodland - grass 10 3 2
Agricultural field - active 3 10 2
Agricultural field - fallow 4 6 3
Grassland - juniper 5 3 2
Pinon juniper woodland - grass 6 2 0
Pine forest 3 2 2

P<0.001) in the microcosm experiment. However, both functional outcomes occurred among
source soils from all but one ecosystem type (Table 2.1), fulfilling the primary objective of ac-
quiring diverse source communities that exhibit a similar functional pattern. Source soil samples
yielding high versus low DOC communities in our study were also geographically intermingled
(Figure 2.1) and co-occurred less than 30m apart at 14% of 49 geographic locations where two or

more soil samples were collected from the same site.

2.4.3 Community features were linked to DOC abundance.

Community composition. Microbial community composition was a significant feature. The
composition of microbial communities in the low versus high DOC groups differed significantly,
both for the original soil communities and for the day-44 microcosm communities. (Figure 2.3).
For the original soil communities and the day-44 microcosm communities, DOC was more strongly
correlated with bacterial rather than fungal community composition (Mantel test; bacteria original
soils r=0.26, P =0.001; bacteria day-44 microcosms r=0.28, P =0.001; fungi original soils r=0.19,
P =0.001; fungi day-44 microcosms r=0.12, P =0.001). Microcosm bacterial communities at day-
44 were slightly more correlated with DOC than original communities, while fungal communities
showed the opposite trend.

Specific taxa. A suite of taxa were significantly linked to DOC abundance. In the original

soil samples 17 of 31 bacterial families and in the day-44 microcosms 13 of 23 bacterial families
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comprising on average at least 1% of the sequences were significantly different in relative abun-
dance between high and low DOC groups (Figure 2.4A, Figure 2.4B). Among these families, only
four (Methylobacteriaceae, Nocardioidaceae, Hyphomicrobiaceae, and Caulobacteraceae) showed
consistent differences between DOC groups in both the original soils and the day-44 commu-
nities (Figure 2.4A, Figure 2.4B). Among the fungal orders comprising on average at least 1%
of sequences, 6 of 18 orders in the original soils and 4 of 7 orders in day-44 microcosms were
significantly different in relative abundance between high and low DOC groups (Figure 2.4B, Fig-
ure 2.4D). Eurotiales was the only fungal order that was significantly different (higher in the low

DOC group) between DOC groups in both original and day-44 communities.

A. B.
BACTERIA FUNGI
o : 001y
] P DOC *
pur} 40.0. e
o . 75 l I - High
9 = * Low
E g * z 200
5 H
= & : , H g |
] 5
5 ; it 4 s H x B e H
] 25 | H ] X :
| | || l | |} I =% Tk % *
T - '
o | | I.Ilh W T} i :
i 1
R R NI I R I R o omle s
& ,,%Q Q&Qp P o] 2 s ooo‘?’,bdz’i-\)o'?’od?"boe’oo% ) qg};ﬁi‘l?o?p&%?/@&%&@ 00 L - . w Bl ) ows w  m
RSO o\o@ % @&gego R AR A A R G
AR IS B @e & SROSEs o\%"’&é&ﬁ EANOR Y SR T T \z” &P P & P PP P & gf’ & @‘?f’ \vzf’ S 'bq’ i
QX SFEES . o?'\@ FAEE Qo FEEPF S (PP OO P {° RS @ \3’ F A @ &% O N K X
B S, ST N T i Ss™ So8e” (S8 £ Fe¥ P S F F S \@0 ' & T
R ‘2}%%@ e S DA AN \\k\?»q S & of e z v9 ¢ o St B F + ‘}\m &
> &0;}1 ISy &\\@a@\ & @\\5:: ¥ R 2P + Q cf & c,"(\ IS N
@ A P &
o & &
> RN &
S &
o &
o &
D <
C.
¥
] f
40 [
2]
=
[} 20
g 8 30
Q t< [
g - «
5 & g
5 o
= a . & 2
% P i
3 10 o o8 P * o I
; - * «
3 ‘s . ‘mEE 10
* x * * *og [ % *
TPPPHVSTRIE :
"I 8 I PR 1 .
onb d?;b fod?;o o‘z'b d{o d?;z» o‘?p i o‘?"b & o ,2,’0/5)0?’ R d?;a) o & & & & & & }}éa
F & F o F F o F FFFEEEEF S F S F 59 N & & 5 5@ e
B e B e i e e e e S e T 5 - & & & 2 o
0‘\&@0(@60‘&7}“6&26‘@@@01 ) @ & S 3 &
3 O i e SN 5@@ %\&’ & & A <
Pt & O® S Fed N
& PSP EE TN R Nl S
<7 o b O P
Family Order

Figure 2.4: Operational taxonomic unit (OTU) richness in original soils for bacteria (A) and fungi (B).
Shannon-Wiener diversity for bacteria (C) and fungi (D) in original soils. Operational taxonomic unit (OTU)
richness in day-44 microcosms for bacteria (E) and fungi (F). Shannon-Wiener diversity for bacteria (G) and
fungi (H) in day-44 microcosms. The data are expressed as the mean value + SEM.

Biomass. Microbial biomass was a significant feature. Original soil communities in the high

DOC group had, on average, 36% less biomass (measured as total extracted DNA) than those in
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the low DOC group (two-tailed t-test, 196 = -3.87, P <0.001; Table 2.2, Figure 2.5). Similarly,
day-44 microcoms communities in the high DOC group had 18% less biomass than those in the
low DOC group (two-tailed t-test, t373 = 4.7, P <0.001; Table 2.2, Figure 2.5). Even so, DOC
was only weakly correlated with biomass (Pearson correlation; original soils: r=-0.28, P =0.001;

day-44: r =-0.22, P <0.001).

Biomass

500 10.00

High DOC Low DOC

Group

Figure 2.5: Biomass (as measured by DNA quantity) in high and low DOC microcosms. There is more
biomass, on average, in low DOC microcosms than in high DOC microcosms (P = <0.001, n = 380).

Community richness and diversity. Microbial community richness and Shannon diversity were
the most significant features linked to DOC (Table 2). Bacterial richness and diversity of the orig-

inal soil and day-44 microcosm communities were significantly lower in the high compared to the
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Table 2.2: Correlations between DOC quantity and community features

Day 0 Day 44

Feature DOC ‘ p % Diff p DOC . p % Diff

correlation of means correlation of means
Bacteria 4 5 o 0.38 o
Composition
Biomass -0.19 * 36 * -0.10 NS 19 NS
Diversity -0.27 k34 * -0.55 #k%k 130 wok ok
Richness -.37 k5D ®k | _0.64 wkk 143 okok
Fungl 9 o 0.12 s
Composition
Biomass -0.14 NS 23 NS | -0.14 NS 36 NS
Diversity -0.30 kkk 33 NS | -0.02 NS 3 NS
Richness -0.46 ik 6O #k%k ) _0.08 NS 14 NS
Total Biomass -0.28 k60 k(.22 ®EE A7 Hkk
F:B 0.03 NS -8 NS | 0.03 NS -7 NS

low DOC groups (two-tailed ¢-test; original soil: richness 114 =-3.2, p=0.002; diversity t115=-2.39,
P =0.02; 44 day microcosms: richness t3ps =-13.74, P <0.001; diversity to53 =-10.39, P <0.001,
Figure 2.6) . In both original soils and day-44 microcosms bacterial richness was negatively corre-
lated with DOC quantity and was the community level trait most strongly linked to DOC in day-44
communities (Pearson correlation; original soils r =-0.39, P <0.001; day-44 microcosms r = -0.64,
P <0.001). In the original soils fungal richness was also significantly lower in the high DOC group
(two-tailed t-test; t116 =-4.0, P =0.0001) and negatively correlated with DOC quantity (Pearson
correlation; r = -0.45, P <0.001). No differences in fungal richness were observed in the day-44
microcosms (two-tailed t-test, t343 =-1.32, P =0.187, Figure 2.6). Fungal diversity did not differ
between high and low DOC groups in either original soil or day-44 microcosm samples (two-tailed

t-test; original soil: t114=-1.89, P =0.06; day-44 microcosm: t331=-0.24, P =0.813, Figure 2.6).
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Figure 2.6: Diversity and richness of bacterial (A,C,E,G) and fungal (B,D,F,H) communities in high and
low DOC microcosms.
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2.4.4 Community features forecast high and low DOC outcomes

Logistic regression models predicted DOC abundance ("high" or "low") in the 44-day in mi-
crocosms significantly better than chance (z-test for a proportion, P< 0.05 using day-0 community
features Figure 2.7A and P<.001 using day-44 community features Figure 2.7B). The average DOC
prediction accuracy of the logistic model from 1000 permutations of training and test data was 0.72
and 0.80, when using feature values from the original soil communities and the final microcosm
communities, respectively. In every permutation of training and testing data, the logistic regres-
sion model achieved greater prediction accuracy than the null model. In models using original soil
community data, the feature importance (Wald statistic) of total biomass, fungal richness, and bac-
terial richness was -2.5, -1.5, and -1.0, respectively (Table 2.3). In contrast, the importance scores

in models using day-44 microcosm community data were -4.5, -0.7, and -6.6 (Table 2.4).

A. B.
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Figure 2.7: Logistic regression models for DOC. The null model consisted of automatic assignment of
samples to the most prevalent DOC category that occurred in the test data set. (A) Distribution of prediction
accuracy using day-0 community features. (B) Distribution of prediction accuracy using day-44 community
features.
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2.4.5 Logistic Regression using Day-0 Community Features

A logistic regression model used day-0 community features (total biomass, fungal richness,
bacterial richness, fungal diversity, bacterial diversity, fungal abundance, and bacterial abundance)
to predict day-44 DOC. To show the predictive power of the logistic regression model, the total
data set was partitioned into 1000 unique permutations of training and testing data. Training data
and testing data were partitioned such that the balance of high DOC and low DOC labels in each set
was equivalent. Variables in the training data were standardized to be zero mean with unit variance,
and variables in the testing data were similarly scaled using training data statistics. Scikit-learn’s
( [59]) LogisticRegression model was used to fit to the training data using an ‘L2’ penalty, which
penalizes the squared magnitude of each regression coefficient. After fitting the model to each
permutation of training data from day-0, features were selected using the default settings of Scikit-
learn’s SelectFromModel function, which rejects features with coefficients less than a threshold
value of 1e-5. The logistic regression model was re-trained with the reduced feature set and applied
to testing data. For each set of training data, the Wald statistic (defined as the regression coefficient
divided by the standard error of the regression coefficient) was computed to provide a measure
of the significance of model variables ( [61]) and to assess feature importance. This process was
performed for every permutation of training and testing data, with the Wald statistics and prediction
accuracy stored after each permutation. The average regression coefficient, Wald statistic and p-
value for each feature over 1000 permutations of training and testing are reported in Table 2.3. The
overall average day-0 prediction accuracy was 0.724 (P<0.05), where accuracy is defined as the
number of true positives and true negatives divided by the total number of samples in the testing
dataset (Figure 2.7A). Statistical significance of model performance on testing data was computed
using a z-test for the equality of two proportions to compare the proportion of correctly labeled
samples using the logistic regression model to the proportion of correctly labeled samples using

the null model.
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Table 2.3: Average regression coefficients, Wald statistics, and P values of day-0 community features

Feature Avg Coefficient Avg Wald stat. P values
TotalBiomass -1.016 -2.474 0.013
fungAbundance -0.008 -0.014 0.989
bactAbundance 0.000 0.002 0.999
FungRichness -0.546 -1.532 0.126
FungDiversity 0.002 0.004 0.997
BactRichness -0.804 -0.964 0.335
BactDiversity 0.702 0.759 0.448

Table 2.4: Average regression coefficient, Wald statistic, and p-values of day-44 community features

Factor Avg Coefficient Avg Wald stat. P values
Total Biomass -1.269 -4.482 <.001
Fungi Richness -0.148 -0.698 0.485
Bact Richness -2.245 -6.639 <.001

2.4.6 Logistic Regression using Day-44 Community Features

The top three most significant day-0 community features (i.e., those with Wald statistic p-values
less than 0.4) were measured at day-44 and used to predict day-44 DOC using a logistic regression
model. These data were partitioned into 1000 unique permutations of training and testing data
as described above. Regression coefficients, Wald statistics, and p-values for each feature are
summarized in Table 2.4. The average prediction accuracy on test data using day-44 features was
0.8 (P<0.001). The distribution of prediction accuracy over the 1000 permutations is shown in

Figure 2.7B.

2.4.7 Logistic Regression Analysis Using Entire Data Set

As an added confirmation that our final regression models were significant, we combined all
training and testing data and computed the McFadden pseudo R? value and log likelihood ratio
P-values, similar to the conventional approach used by others (e.g., Maynard, 2018). These tests
revealed a R? of 0.292 for the 7-feature Day 0 model (P=1.22E-07) and a R? values of 0.465 for the
3-feature Day 44 model (P=7.63E-39). Moreover, both analyses were in agreement for the most

significant features: (Total BioMass, Fungal Richness, Bacterial Richness, Bacterial Diversity) for
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Day 0 features, and (Bacterial Richness and Total Biomass) for Day 44 features. The pseudo R?
values and LLR P values reflect the goodness of fit of the model to the entire data set. In contrast,
the more modest P values reported in the main text represent the significance of model predictions

on held-out testing data.

2.5 Discussion

Discovering microbial community features that drive large variation in soil carbon abundance
independent of environmental conditions may improve soil carbon modeling and management. Up
to 70-fold variation in CO, flux or litter mass loss has been observed in year-long field studies of
litter decomposition, and abiotic variables failed to explain the majority of variance [62,63]. Given
the magnitude of unexplained variation in field decomposition studies and in model predictions of
soil organic carbon abundance [11, 13], deciphering the role of microbial community composition
is a priority. In our study, we made two important findings: 1) we identified specific community-
level features linked to DOC abundance, and 2) we showed the features have strong predictive
power when measured before community succession and decomposition begin.

Holding the environment constant within laboratory microcosms while varying microbial com-
munity composition reveals an indisputable link between microbial community composition and
decomposition outcomes. We built upon valuable prior work by reducing geochemistry as a con-
founding factor [64] and by using natural microbial source communities instead of isolate mix-
tures [65]. Moreover, we focused on community features driving DOC variation—a priority which
has previously been neglected [27]. In our study, high versus low DOC cohorts differed signifi-
cantly in microbial community composition (Figure 2.3 and Figure 2.4). The significant difference
occurred among the native soil communities as well as among the decomposer communities that
arose in the microcosms, demonstrating ecological succession and carbon flow in the laboratory
microcosms were constrained by the historical state of the communities in soil. DOC abundance
correlated more strongly with the initial (original soil) fungal community composition than the fi-

nal fungal community composition (day-44 microcosms) while bacterial community composition

26



showed the opposite trend. Fungi are generally considered the main microbial drivers of plant litter
decomposition due to their production of powerful enzymes for deconstruction of plant lignocel-
lulose [66]. However, bacterial communities also contribute to decomposition outcomes [67]. Our
results are consistent with the view that fungi are critical in launching major deconstruction of
litter and driving the overall rate, while bacteria play an increasing role over time as secondary
consumers shaping the quantity and quality of DOC that remains available for transport into soil.

The large range of variation in CO, and DOC outputs in our study combined with the general
magnitude (c.a. 75 Pg) of natural CO, flux from soil microbial respiration [35, 68] supports the
concept of steering soil microbial respiration to offset anthropogenic CO, emissions for climate
change mitigation [69]. The true range in CO, flux that can arise from natural or manipulated
microbial community variation within a natural ecosystem remains unknown. Variation in surface
litter carbon flow may be counter-balanced in nature by compensatory processes over longer time-
scales [67] or in other components of the carbon cycle, such that an ecosystem will exhibit a fairly
stable mean CO, flux. Nonetheless, our findings motivate further investigation of the potential to
alter carbon flow over long time scales by manipulating microbial community composition.

The 5-fold range we observed in DOC abundance suggests a potential for microbial commu-
nity control over soil carbon abundance. In natural systems, DOC from surface litter contributes
substantially to soil carbon stocks [70]. When DOC from decomposing surface litter is transported
to deeper layers, some of the carbon adsorbs to mineral surfaces [71, 72] enabling carbon stabi-
lization over millennial timescales [73,74]. Because the amount of carbon stored is related to the
magnitude of DOC flux [70], microbial communities that yield larger quantities of DOC create a
possibility for greater soil carbon storage.

Our results show that microbial community composition also alters DOC quality, which plays
a role in soil carbon accumulation. Communities with high quantities of DOC had, on average,
DOC with higher mineral binding potential. Enrichment of DOC with compounds that have greater
affinity for mineral surfaces can increase carbon stabilization in soil [54]. Enrichment of DOC may

occur through different mechanisms including (a) variable depletion of compounds released from
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plant litter, (b) production of taxon-specific microbial by-products (e.g. polyphenolics produced
by Actinobacteria) [75] and (c) release of taxon-specific residues from dead microbial cells such
as melanin, chitin, B-glucans, or glycoproteins (e.g. glomalin) from fungi [76-78]. Combining
the effects of DOC quantity and quality, we observed a 7-fold range in the quantity of carbon
that could be readily-stabilized in soils. In a natural ecosystem, the realized quantity of carbon
stored would depend on additional factors such as the magnitude of precipitation events for DOC
transport to deep mineral layers [79], soil porosity [80], soil minerology and chemistry [81], and
variation in the composition of subsurface microbial communities that control the extent of DOC
decomposition during DOC transport through the soil [82].

Identifying specific community features that drive decomposition outcomes is a crucial ad-
vance beyond demonstrating a basic link between community composition and outcomes. Since
regional and global carbon models cannot account for thousands of different microbial species’
abundances, we focused on identifying broader traits that may predict DOC. Among the eight
community-level features we examined, total biomass (extracted DNA), fungal richness, and bac-
terial richness were the most important features linked to DOC abundance (Table 2.2, Table 2.3).
The predictive power of these features was robust, as indicated by the nearly equal performance of
the set of features measured before or after six weeks of community succession. Simple logistic
regression models with these three features predicted DOC outcomes ("high" versus "low") equal
or better than regression models created with a random forest technique (data not shown). The
reversal in the importance of fungal versus bacterial richness as DOC predictive features at the
beginning versus end of the microcosm incubation again points to time-dependent roles of fungi
and bacteria in the decomposition process that merit further investigation. The importance of ini-
tial fungal taxon richness suggests fungi create early priority effects that constrain the trajectory
of decomposition and shape the assembly of bacterial communities that ultimately control DOC
abundance and composition. The capacity to use easily measured community features to forecast
the functional patterns of soil communities can simplify mapping the geographic distribution of a

functional pattern that is driven by microbes, not the environment. To be climate relevant, an unex-
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pected microbial functional pattern must be geographically prevalent to cause the mean behavior
of an ecosystem to deviate from conventional soil carbon models. Our predictive DOC model is
an encouraging first step towards such a capability. However, considerable validation is needed,
including confirmation of prediction performance when applied to new soils and when applied to
other litter types.

The strong correlation between lower bacterial richness and higher DOC abundance is a priority
for further analysis. If bacterial richness proves to be a robust factor to predict DOC abundance
among natural ecosystems, understanding the factors that control richness may reveal mechanisms
that can be integrated in models, improving prediction for soil carbon stocks. Bacterial richness
is known to vary at the landscape scale, declining with greater aridity [83, 84], and with lower
pH [85]. However, richness that is strongly driven by environmental factors may be uninformative
in soil carbon models because the empirically calibrated environmental variables in conventional
models are likely to capture the linked functional consequences. Biotic interactions that affect
species richness independent of the environment are more likely to create unexplained variance
in soil carbon models. Biotic interactions that reduce richness and suppress function may include

antibiotic production [86], predation [87], or bacteriophage activity [88].

2.6 Summary

To improve climate predictions by including microbial processes in soil carbon models, climate-
relevant microbial processes and simple traits that represent them must first be identified, as has
been achieved with plant traits [10, 89]. Our study showed a strong influence of microbial com-
munity composition over decomposition outcomes in a constant environment, resulting in large
differences in carbon flow from litter decomposition. It is reasonable to expect that microbial
composition drives variation in every component of soil carbon cycling (e.g. surface litter decom-
position, subsurface litter decomposition, plant productivity and carbon allocation). Our findings
motivate investigation of this phenomenon in natural systems to assess its importance to climate

feedbacks within and among existing ecosystems and its implications for managing soil carbon.
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We identified a high-level trait, bacterial richness, linked to DOC abundance and known to be ge-
ographically patterned. Bacterial richness has also been linked to carbon fate in mammals where
lower richness correlates with increased carbon storage in the host [90,91]. Our findings raise the
tantalizing possibility of discovering robust principles that underpin functional states in extremely

diverse systems ranging from soils to animal guts.
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Chapter 3
Machine learning to predict microbial community

functions: An analysis of dissolved organic carbon

from litter decomposition.’

3.1 Overview

Microbial communities are ubiquitous and often influence macroscopic properties of the ecosys-
tems they inhabit. However, deciphering the functional relationship between specific microbes and
ecosystem properties is an ongoing challenge owing to the complexity of the communities. This
challenge can be addressed, in part, by integrating the advances in DNA sequencing technology
with computational approaches like machine learning. Although machine learning techniques have
been applied to microbiome data, use of these techniques remains rare, and user-friendly platforms
to implement such techniques are not widely available. We developed a tool that implements neural
network and random forest models to perform regression and feature selection tasks on microbiome
data. In this study, we applied the tool to analyze soil microbiome (16S rRNA gene profiles) and
dissolved organic carbon (DOC) data from a 44-day plant litter decomposition experiment. The
microbiome data includes 1709 total bacterial operational taxonomic units (OTU) from 300+ mi-

crocosms. Regression analysis of predicted and actual DOC for a held-out test set of 51 samples

2 (2019) Machine learning to predict microbial community functions: An analysis of dissolved organic carbon
from litter decomposition. PLOS ONE 14(7): €0215502. https://doi.org/10.1371/journal.pone.0215502
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yield Pearson’s correlation coefficients of .636 and .676 for neural network and random forest ap-
proaches, respectively. Important taxa identified by the machine learning techniques are compared
to results from a standard tool (indicator species analysis) widely used by microbial ecologists.
Of 1709 bacterial taxa, indicator species analysis identified 285 taxa as significant determinants
of DOC concentration. Of the top 285 ranked features determined by machine learning methods,
a subset of 86 taxa are common to all feature selection techniques. Using this subset of features,
prediction results for random permutations of the data set are at least equally accurate compared to
predictions determined using the entire feature set. Our results suggest that integration of multiple
methods can aid identification of a robust subset of taxa within complex communities that may

drive specific functional outcomes of interest.

3.2 Introduction

Microbial communities mediate essential functions in diverse ecosystems. While the micro-
biome controls many interesting macroscopic properties, elucidating the relationship between spe-
cific microbes and ecosystem functions remains a complex problem in ecology. Recent advances in
DNA sequencing technology make it easy to acquire metagenomic data representing the taxonomic
profile of bacteria and fungi in microbial communities. This opens the door to deciphering which
components of the microbiome can drive changes in macroscopic properties. However, analysis
of metagenomic microbial data poses several difficulties. The data are typically high dimensional
(many taxa) with a small number of samples collected in each study. Additionally, sequencing
results are noisy and yield sparse data sets [92].

Machine learning techniques provide a means to analyze high-dimensional data [93,94] and
could be used to elucidate relationships between microbial taxa (or other metagenomic features
such as gene families or metabolic pathways) and environmental attributes. The random forest
model is reportedly one of the most effective machine learning models for analyzing microbiome
data; high classification accuracy has been demonstrated with a variety of 16S rRNA data sets for

identification of body habitat, host, and disease states [6]. In another study, artificial neural net-
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works were used to map complex relationships between microbial communities and environmental
variables, enabling predictions of the abundance of microbial taxa across the English Channel, for
example [95].

While most existing machine learning software packages focus on binary classification of mi-
crobial data sets [7, 96, 97], random forest and neural network models can also be used to iden-
tify the subset of microbial taxa whose relative abundances best predict a continuous target vari-
able [98,99]. The combination of random forest and neural network models can evaluate feature
importance and reveal which microbial taxa are most positively or negatively correlated with target
variables. To provide helpful perspective for microbial ecologists, we compare results from these
machine learning techniques to indicator species analysis, a commonly used tool in ecology that is
typically used for classification, though similar techniques have been adapted for regression prob-
lems [100]. We also show how our tool can be applied to study the effect of experimental sample
size on model performance by evaluating prediction error over increasing subsets of training data.
In this study, we apply the proposed random forest and neural network regression models to predict
the abundance of dissolved organic carbon (DOC) from plant litter decomposition, where bacterial
taxa abundances are treated as model features/variables. We use DOC and bacterial community
data from a study that examined the role of soil microbial community composition in controlling
carbon flow from plant litter decomposition [101]. Feature selection results determined by ma-
chine learning methods are compared to indicator analyses [102, 103] in which high and low DOC

are used as classification category labels.

3.3 Materials and methods

Random forest and neural network regression models are examples of supervised machine
learning algorithms. In contrast to unsupervised machine learning algorithms, these methods re-
quire a subset of the data called a training set to develop a mathematical relationship between
features and target variables. A feature represents a model variable and the rarget is the variable

the model predicts. For regression problems, the target variable is a continuous scalar, and for clas-
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sification problems, the target is a discrete label. A sample is a single set of features paired with
a target variable, which, in the context of the present case study, represents a bacterial community
profile paired with DOC. To assess model performance, predicted target variables using features
from a held-out set of fest data are compared to known target variables. In this study, prediction
performance is measured using Pearson’s correlation coefficient, which quantifies the linear corre-
lation between predicted and true target variables, and for which a value of one indicates a perfect
positive linear correlation. In general, our regression model assumes that targets and features are

related to one another by

y=M(0,x)+e¢, 3.1

where £ € RM is a vector M features, y € R is the corresponding true value of the target vari-
able, M(0, x) is some mathematical operation (or model) from R to R, 8 € RY® are model
parameters, and ¢ is the prediction error.

We denote the set of M features with N samples as the N x M feature matrix X & RNXM

which can be mapped to a vector of N target variables y € R according to

y=M(0,X)+e, (3.2)

where e € RY is the vector of prediction errors. While Eq. 3.2 describes the general regres-
sion problem common to most machine learning algorithms, the actual form of M (6, X) varies
according to the specific approach. We introduce a few of these machine learning approaches as

follows.

3.3.1 Neural network regression model

A feed-forward neural network regression model applies a series of parameterized activation
functions organized in layers to map features in a sample to a continuous target variable. Each

layer of a feed-forward neural network is composed of a set of nodes which apply a nonlinear
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transformation to the sum of the product of inputs from the previous layer and weight parame-
ters plus an additional bias parameter. A stochastic gradient descent algorithm minimizes the cost
function by adjusting model parameters (weights and bias values for each layer) via a process
called error back-propagation, which updates model parameters in each layer based on the gradi-
ent of the cost function with respect to model parameters. The rate at which model parameters
change during training can be adjusted by a learning rate hyper-parameter, and the cost function
can be adjusted with a regularization hyper-parameter, which ensures that model parameters do
not reach disproportionate values [93]. We built a feed-forward neural network regression model
using THEANO [104] and PYTHON 3.7 with a randomized search algorithm for determining model
hyper-parameters implemented with SCIKIT-LEARN [59]. As a default, the model includes a sin-
gle hidden layer with 15 nodes with sigmoid activation functions and a single output layer with a
linear activation function. A randomized hyper-parameter search uses the training data set to find
the optimum hidden layer size, learning rate, and regularization coefficient. Our model applies the
mean squared error between predicted and true values as a cost function for use with the training
and validation analyses. Training the neural network model is an iterative process, where each
iteration is called a training epoch. In each training epoch, the total set of training data is divided
and trained over randomly chosen mini-batches. Once the cost function applied to the validation
data set fails to decrease over a default of ten training epochs, training stops. For this study, the
model was trained with 257 training samples and tested with a held-out set of test data with 51 sam-
ples. To assess the correlation between true DOC and predicted DOC for each sample, Pearson’s

correlation coefficient was computed for training and testing results.

3.3.2 Neural network feature selection

Methods for evaluating feature importance using a neural network model often focus on weights
assigned to individual features after training of the model [105, 106]. Our proposed feature se-
lection tool employs a similar approach, where the gradient of the model output with respect to

weights associated with each feature is used to determine the feature importance vector. Each el-
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ement of the feature importance vector corresponds to an individual feature, where the magnitude
of each element is indicative of feature importance for predicting the target variable, and the sign
indicates whether the feature has a positive or negative impact on the predicted variable.

For a feed-forward neural network model with M features as inputs that connect to ./ nodes in
the first hidden layer, we can denote the M x J matrix of weights connecting each feature to each
node as 0" € RM*/ where 8'™ is a subset of the full parameter set 8. The gradient of the model
output with respect to 8" provides the M x J feature importance matrix, F/(@, ) € RM*”/ which

we define as

0
Frnj(0,x) = ——M(0,x). (3.3)
00,
Marginalizing the feature importance matrix over all nodes in the first hidden layer produces a

M -dimensional vector, which we will call the feature importance vector f(6, x), whose elements

are

J

fm(0,2) = %Zij(e,m). (3.4)

=1

After training the model, we determine the sensitivity of the model to each feature, denoted
as the M-dimensional vector s € R, by calculating the average value of the feature importance

vector over the set of training data with K samples

1 K
S =< fn > =72 ) fn(0, 7). (3.5)
k=1

To gain confidence in the importance assigned to features, feature importance is determined using
a bootstrap method, which randomly samples 80% of the training data set over a default of 50
iterations. The average feature ranking values determined over all iterations represents the most

confident set of ranked features.
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3.3.3 Random forest regression model

Decision tree based machine learning methods map features to target variables by splitting the
set of possible target variables based on the values of individual features [93,107]. An internal node
is a point at which the value of a feature determines a split in the set of possible target variables,
and the nodes that follow an internal node are called leaf nodes [93]. The random forest method
constructs a set of decision trees constructed from randomly selected subsets of the feature space
and computes the model output by averaging the predictions from individual decision trees [108].
Using the random forest regressor from SCIKIT-LEARN [59], a random forest regression model is
instantiated with a mean squared cost function, two samples required to split an internal node, and
one sample required to be at a leaf node as the default. Hyper-parameters for the model include the
number of samples required to split an internal node, the number of samples required to be at a leaf
node, and the number of features to consider in each decision tree. These hyper-parameters can
be optimized with the training set using SCIKIT-LEARN’s randomized search algorithm. During
training, the random forest regressor model fits an ensemble of 1000 decision trees trained on
randomly selected sub-samples of the data set. All random forest results from this study use

identical training and testing data to allow direct comparison to the neural network model.

3.3.4 Random forest feature selection

The random forest regressor made available by SCIKIT-LEARN [59] returns an array of feature
importance values of length equal to the array of input features. Decision tree algorithms, such
as random forest, assess feature importance by examining how well a feature (often referred to as
variable in literature [107]) can split the potential output labels. In other words, a highly significant
feature provides the greatest reduction of potential labels for a given sample. Additionally, feature
importance is determined as part of the boot-strap method used for assembling random decision
trees, where feature importance is greater for variables that result in greater prediction performance
when included in the decision trees [107]. To gain confidence in the rank assigned to features,

feature ranking is determined using a bootstrap method that randomly samples 80% of the training
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data set over a default of 50 iterations. The highest average feature ranking values determined over

all iterations represent the most confident ranked features.

3.3.5 Indicator species analysis for feature selection

Indicator species analysis [102, 103] is used for comparison with the feature selection results
determined by the above machine learning methods. Indicator species (hereafter we use ‘taxa’,
not ‘species’, for accuracy) are defined as the features that are most indicative of changes in DOC
across different samples. To determine indicator taxa, a correlation value is calculated for each
feature as the product of specificity and fidelity for a particular taxon in association with either high
or low DOC samples [102]. Specificity measures how much a taxon associates with a single label
(e.g., high or low DOC), and fidelity measures how frequently a taxon associates with that label.
Specificity would be maximized if a taxon were only present in sites with a particular label, and
fidelity would be maximized if a taxon were present at all sites associated with a particular label.
A confidence score is assigned to each feature using a boot-strap algorithm that compares the cor-
relation value for each feature determined using correct labels with correlations determined using
randomly assigned labels. If the correlation statistic between features and site labels determined
using random labels is not consistently lower than the correlation statistic using correct labels, then
the confidence score for that feature-site correlation is low. Only taxa with at least a 95% confi-
dence (features with correlation values greater than 95% of correlations determined with random
labels) are considered in this study. Indicator taxa analysis was implemented in Python 3.7 with

the methods described in Dufrene and Legendre, 1997 [102].

3.3.6 Data acquisition and data pre-processing

Microbiome data (16S rRNA gene profiles) were obtained from a prior study of pine needle
litter decomposition in laboratory microcosms [101] (supporting information S1 Dataset). In brief,
the microbial community in each of 206 soil samples was suspended in water, inoculated into
three replicate microcosms containing sterile sand and pine litter, and incubated 44 days at 25C.

At 44 days, the amount of DOC in the microcosms was measured, DNA was extracted from a
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subset of microcosms, and 16S rRNA gene amplicons were sequenced on an Illumina MiSeq.
Because the composition of bacterial communities among replicate microcosms diverged over the
44-day incubation period, the replicates were treated as independent samples. For machine learning
analysis, however, the training and testing data were prohibited from sharing replicate samples to
ensure independence between training and testing data sets (supporting information S2 Dataset,
S3 Dataset). The bacterial community profiles from 308 samples were rarefied to 1023 sequences,
which yielded a matrix with a total of 1709 bacterial taxa. By default, our tool standardizes features
such that each feature is zero mean with unit variance over the training data set. The test data is

similarly scaled but only using the sample statistics determined from the training data set.

3.4 Results

Our feed forward neural network regression model was trained with 257 community samples
to predict level of DOC (Figure 3.1A). Our model was tested with a held out set of 51 test sam-
ples which yielded a Pearson’s correlation coefficient of .636 between true and predicted DOC
(Figure 3.1B) and a mean squared error of .565. The random forest regression model was trained
and tested with identical sets of data used with the neural network model. Test results using the
random forest regression model yielded a Pearson’s correlation coefficient of .676 (Figure 3.1D)
and a mean squared error of .516. A scatter plot of the prediction error using the neural network
model versus the prediction error with identical test samples using the the random forest model are
positively correlated with a Pearson’s correlation coefficient of 0.743 (Figure 3.1E) .

To illustrate the degree of agreement of feature importance for predicting DOC between ran-
dom forest, neural network, and indicator species approaches, Figure 3.4A shows a Venn diagram
comparing feature selections. Feature selection was performed on the same training set used to
produce Figure 3.1. Out of a feature set with 1709 taxa, 285 taxa were significant indicator taxa.
Of the top 285 ranked features from the machine learning methods, 112 bacterial taxa were shared
between random forest and neural network feature selections, and of these, 86 bacterial taxa over-

lapped with the set of indicator taxa. To further investigate agreement of feature importance be-
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Figure 3.1: DOC prediction with neural network and random forest regression models. (A) Scatter plot
of fitted DOC versus true DOC from training data samples (n=257) using neural network model. (B) Scatter
plot of predicted DOC versus true DOC from test data samples (n=51) using neural network model. (C-D)
Same as above but using random forest model. Training and testing data are identical for both methods.
(E) A scatter plot of the prediction errors using the neural network model versus the prediction errors with
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tween methods, Figure 3.4B shows how the shared set of ranked features determined by the neural
network, random forest, and indicator taxa analysis varies as a function of feature rank. To in-
vestigate the significance of our feature selection results, we compared the number of features in
the consensus set to the number of shared features that would occur if features were selected from
three randomly organized sets. We applied a Monte Carlo approach that sampled features from
three randomly organized sets of 1709 features and counted the number of features that were com-
monly selected in a pair of sets or within the intersection of all three sets. We plotted the mean and
99% confidence interval from 1,000 simulations as a function of the number of sampled features
(a separate plot with just the Monte Carlo simulation curve is shown in Figure 3.2). The number
of features in the consensus set is consistently greater than the number of shared features expected
from random sampling, suggesting that each feature selection approach exploited similar, non-
random trends in the data. Figure 3.4A,B show that feature importance determined by the neural
network has greater agreement with indicator taxa compared to feature importance determined by
random forest.

Indicator species analysis not only provides a feature importance metric, but also identifies
which features are correlated with different labels, such as high DOC samples or low DOC samples.
Feature importance determined by the neural network can be interpreted in the same way, where
positive feature importance values imply a direct relationship with DOC, and negative values imply
an inverse relationship. All 180 features shared by the neural network and the indicator species
methods exhibit the same feature-label correlations. Figure 3.3 shows how prediction performance
of the neural network and random forest models change as the number of features included in the
model increases from a minimum of 10 features to a maximum of 86 features. The order in which
features were included in each subsequent prediction corresponds to the rank determined by each
feature selection method, such that the highest ranked features were included first. Both models
reach close to peak prediction performance with only 86 features.

One might expect that the most informative features for DOC prediction would be those with

highest or lowest abundances within communities. To examine this expectation, Figure 3.5A shows
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Figure 3.2: Monte Carlo simulation of the expected number of shared features after sampling from
randomly organized sets of 1709 features. Monte Carlo approach samples features from three randomly
organized sets of 1709 features to count the number of features commonly selected in a pair of sets (purple)
or within the intersection of all three sets (brown). Plotted curves show the mean and 99confidence interval
from 1,000 simulations as a function of the number of sampled features.

a histogram of bacterial abundance of the consensus set for selected features compared to the his-
togram of bacterial abundance for the entire data set. This shows that feature selection techniques
are not biased towards selection of taxa with low or high abundance, but rather the consensus set
of taxa selected by random forest, neural network, and indicator species analysis had abundance
levels mostly in the moderate range. Abundance values in the figure were determined for each
taxon by taking the average number of reads over the entire set of samples. Figure 3.5B shows
the distribution of prevalence of bacterial species of the consensus set of selected features, where
prevalence was calculated as the frequency in which taxa were present in each sample. The dis-
tribution of prevalence of selected taxa shows that prevalence was not a crucial factor in selecting
features for prediction of DOC.

To test generality of the above results, we determined the Pearson’s correlation coefficient for

testing data under 50 randomly generated permutations of training and testing data with roughly
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Figure 3.3: Feature ranking determined by neural network, random forest, and indicator species
analysis. (A) Venn diagram demonstrates agreement of 86 bacterial taxa out of the top 285 ranked taxa
from machine learning methods. (B) Plots of the number of shared features between NN and IS (blue), RF
and IS (orange), RF and NN (green), and all methods (red) as a function feature rank over 285 features.
Monte Carlo simulation of the number of shared features expected by randomly sampling from 3 sets of
1709 features is plotted with a 99% confidence interval (black line, purple confidence interval). The black
dotted line indicates perfect agreement between the three sets of ranked features.
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Figure 3.5: Distributions of bacterial abundance and prevalence of all taxa and the consensus set of
taxa selected by all methods. (A) Histogram of abundance of taxa in the consensus set plotted over a
histogram of abundance of all taxa in the data set. Abundance was calculated as the average number of
taxa over the entire sample set. (B) Histogram of prevalence of taxa in the consensus set plotted over a
histogram of prevalence of all taxa in the data set. Prevalence was calculated based on how frequently taxa
were present in each sample.
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260 training samples and 50 test samples (exact sample sizes varied between 254 and 262 samples
for training data and between 46 and 54 samples for test data due to variations in the number of
replicates per experimental condition). Figure 3.6 shows histograms of test performance of the
neural network model and the random forest model using the full feature set (Figure 3.6A,C) and
the reduced feature set (Figure 3.6B,D). While the neural network model performed better using
the reduced set of 86 features (two tailed t-test, P = .047), the distribution of prediction errors
using the random forest model with the reduced feature set was not significantly different (two
tailed t-test, P = .98). The neural network model produced greater prediction accuracy using the
reduced feature set on 70% of test samples, and the random forest model yielded greater prediction
accuracy on 48% of test samples. The random forest model significantly outperformed the neural
network model with the full feature set (two tailed t-test, P < 0.001) but only marginally so with
the reduced feature set (two tailed t-test, P =0.11).

To investigate how sample size affects model performance, prediction performance of the neu-
ral network and random forest regression models was measured with an increasing number of sam-
ples included in the training set (Figure 3.7). The random forest model consistently outperformed
the neural network over the range of training data sample sizes, with more accurate predictions
and less variability in prediction performance. Model performance of either method reaches near
optimal levels after inclusion of only half of the training set or 150 training samples. Although vari-
ability in prediction performance continued to decrease as the fraction of training data increased,
these results suggest that future experiments could be conducted with lower sample sizes without

sacrificing model performance.

3.5 Discussion

While random forest outperformed the neural network for prediction tasks in this study, both
methods can be used to predict DOC entirely from microbial community profiles and to provide
measures of feature importance. The random forest method is relatively easy to implement, and

performs well with little adjustment to model hyper-parameters. Sensitivity analyses with the
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Figure 3.6: Distribution of prediction errors for 50 different permutations of training and testing data.
(A) Distribution of Pearson’s correlation coefficients on test data performance using the neural network
model without feature reduction. Mean R value = .627, standard deviation = .097. (B) Distribution of
Pearson’s correlation coefficients on test data performance using the neural network model with the reduced
feature set. Mean R value = .668, standard deviation = .103. (C) Distribution of Pearson’s correlation
coefficients on test data performance using the random forest model without feature reduction. Mean R
value = .699, standard deviation = .100. (D) Distribution of Pearson’s correlation coefficients on test data
performance using the random forest model with the reduced feature set. Mean R value = .700, standard
deviation = .095. For these permutations, feature reduction improved neural network prediction performance
(two tailed t-test, P = 0.047), and random forest outperformed neural network with the full feature set (two
tailed t-test, P < 0.001) and with the reduced feature set (two tailed t-test, P = 0.11).
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Figure 3.7: Sensitivity analysis of model prediction performance as the fraction of the total training
data set (n=257) increases. Performance was measured using the average Pearson’s correlation coefficient
after training over 10 random samplings of a fraction of the data set, with error bars representing 1 standard
deviation from the mean. (A) Prediction performance on fixed testing data by the neural network model.
(B) Prediction performance on fixed testing data by the random forest model.

data set in this study (Figure 3.7) shows that the random forest model is less sensitive to sample
size of the training data set, which makes random forest an attractive machine learning model
for analysis of microbiome data. A benefit of the neural network model is that it provides more
easily interpreted results for feature selection, which include the direction in which taxa affect
environmental variables. The site correlations determined by the neural network and indicator
taxa analysis show perfect agreement in sign among the entire set of taxa. Furthermore, because
ground truth for which taxa drive changes in environmental variables is not known, the joint set
of selected features from random forest, neural network, and indicator taxa approaches provides
greater confidence than the set from one method alone (feature selection results are included in the
supporting information S5 Dataset).

Machine learning approaches for analyzing microbiome data have proven successful in appli-
cations such as forensics, medicine, and agroecology [109-111]. Recently, machine learning algo-
rithms such as random forest and K-means clustering have successfully determined the postmortem
interval (PMI) using postmortem skin microbiome [109]. In medicine, machine learning models
such as random forest have been used for identification of gut microbiomes associated with irrita-

ble bowel syndrome in pediatric patients [110]. In another study focusing on soil microbiomes, a
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random forest model was applied to predict crop yields from soil microbiome composition [111].
With increasing access to machine learning software and high-dimensional microbiome data, ma-
chine learning is emerging as a powerful tool for understanding how microbial communities affect
their environment.

Although there are several examples of platforms that facilitate use of machine learning tech-
niques with microbial community data, our platform provides several unique options that make it
more accessible and useful for microbial ecologists. QIIME [112] includes the “sample classi-
fier” plugin [98], which provides access to a host of SCIKIT-LEARN [59] implemented machine
learning classification and regression models for use with microbiome data. Although the sample
classifier QIIME plugin includes hyper-parameter optimization and feature selection of important
bacterial taxa, it does not provide insight into directional relationships between bacterial taxa and
target variables. Moreover, the sample classifier plugin is not set up to provide combined feature
selection results determined from different machine learning methods, and feature selection is not
determined using different permutations of the training data. METAML [7] is another available
software for implementing machine learning methods with microbiome data, but the methods are
implemented exclusively for classification problems. For implementation of a neural network re-
gression model with microbial abundance data, NEUROET [99] provides a simple GUI that can
be used to train and test a single-layer, feed-forward neural network. NEUROET includes a proce-
dure to optimize neural network architecture and identify important features for predicting model
output, though optimization of hyper-parameters such as learning rate and the regularization coef-
ficient is not available. While these platforms achieve a similar goal of applying machine learning
techniques to microbiome data, no existing software packages include both neural network and
random forest models and most do not provide insight into correlations between features and tar-
get variables. To provide the most confident set of important taxa, our tool produces the joint set of
selected features from indicator species analysis, random forest, and neural network approaches.
To aid in experimental design, our tool also provides a built-in tool for analyzing model sensitivity

to experiment sample sizes.
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Machine learning models offer the ability to determine hypothetical microbial communities
that could promote increased levels of DOC. Recent studies have shown that microbial commu-
nities play an important role in carbon cycling and can potentially be manipulated to increase the
abundance of DOC for transport and sequestration in deeper soil layers [4,113-116]. Enhancing
carbon sequestration in soil is a strategy to combat climate change, as sequestration has the poten-
tial to offset fossil-fuel emissions by 0.4 to 1.3 gigatons (5 to 15 percent) of atmospheric carbon
per year [4]. Under the assumption that a trained machine learning model has learned a general
relationship between microbial abundance and DOC, we can use the model to determine a hypo-
thetical microbial community that could potentially maximize DOC. In consideration of this task,
the random forest and neural network models are markedly different. Although the random forest
model has been at least as good as the neural network model to predict DOC levels that lie within
the range of the previous training data, the random forest model is restricted by its formulation to
a finite set of values corresponding to leaf nodes of decision trees. As a result, the random forest
model is incapable of predicting values outside of the range presented in the training data. Con-
versely, the neural network model could in principle extrapolate to make predictions outside of the
range present in the training data, which would enable specification of hypothetical microbial com-
munities predicted to increase DOC beyond empirically observed levels. Furthermore, because the
feature importance vector, s, produced by the neural network model is calculated as the gradient
of the model output with respect to weights applied to features, s provides a potential direction in
which features could be adjusted to increase levels of soluble carbon.

Figure 3.8A shows how the trained neural network model predicts responses to changes in mi-
crobial communities. In this simulation, communities (a) and (b) were initialized as the specific
communities x, and x; that had the highest and lowest DOC and then adjusted in the direction
defined by the feature importance vector according to X,y = X + as, where « denotes the mag-
nitude of the perturbation made to the community. The dashed trajectories represent DOC predic-
tions made from simulated communities also initialized at the highest and lowest DOC, but with

perturbations in random directions generated from a zero mean multivariate Gaussian distribution
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scaled by magnitude «.. As the microbial community profiles were adjusted in the direction of the
gradient determined by the neural network, the level of predicted DOC increased (see communities
(a) and (b) in Figure 3.8A). When the same initial communities were adjusted randomly, predicted
DOC never exceeded DOC predictions determined from communities x, and x; (see dashed blue
and orange lines stemming from the same initial values as in communities x, and x;). For the neu-
ral network model, community (a) results in predicted DOC levels that exceed the greatest DOC
prediction from the training set, thus generating testable hypotheses to supplement communities
to increase dissolved organic carbon. When the same simulated microbial communities were ana-
lyzed on a trained random forest model (Figure 3.8B), the model predicted a similar trend towards
increasing DOC for community (b). Due to the nature of the algorithm, however, the level of
DOC predicted by the random forest model could never exceed that of community (a). Simula-
tion results using either model suggest that simulated communities informed by the trained neural
network model are not random and produce theoretical microbiomes that could promote greater
levels of carbon in soil, though future experiments are needed to test these designs and verify these
predictions.

Machine learning methods presented in this paper are intended to be easily applied to any
data set that relates microbial communities to a scalar variable. To make this readily acces-
sible, we have implemented all methods as a user-friendly platform available in the THOMP-
SON_ETAL_PLOS_ONE_2019 repository at GITHUB.COM/MUNSKYGROUP. For users without
substantial knowledge of machine learning techniques, our tool enables application of machine
learning regression models with optimized model parameters in a few lines of code. Tutorials for
installing dependencies and using our machine learning tool can also be found on the GITHUB
repository. In this study, we applied machine learning approaches to elucidate the relationship
between bacterial communities and carbon flow from plant litter decomposition by developing re-
gression models to predict dissolved organic carbon (DOC) concentrations. For the dataset we

analyzed from [101], a strong relationship exists between bacterial community composition and
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Figure 3.8: DOC predictions of trained machine learning models with synthesized microbial commu-
nities. Simulated communities (a) and (b) were specified by the training data communities with the highest
and lowest DOC values, respectively. Each was then adjusted in the direction of the average gradient of
maximum DOC increase determined by the neural network model, and each perturbation was scaled by
magnitude . Dashed lines stemming from the initial values of communities (a) and (b) represent DOC pre-
dictions from communities adjusted by a random vector with similar magnitude. (A) DOC prediction from
hypothetical bacterial communities made by the neural network. (B) DOC prediction made by the random
forest model with identical communities used in panel A.

DOC abundance. Moreover, we found a consistent set of bacterial taxa identified by multiple
methods — in this case neural network, random forest, and indicator species approaches.

With our platform, a table of feature selection results from random forest, neural network,
and indicator species analysis is easily produced with a built-in feature selection function. Model
sensitivity to sample sizes is also easily visualized using a built-in sensitivity analysis that plots
prediction performance on testing data as the size of the training data set increases. The combina-
tion of machine learning tools and indicator species analysis reduced the feature set of 1709 taxa
to 86 taxa, which is a critical step towards elucidating mechanistic relationships between microbial
communities and environmental factors. Sensitivity analysis performed with the neural network
and random forest models suggests that future studies could be performed with smaller sets of
samples. Feature importance determined by the neural network could direct future studies by
proposing microbial communities that enhance a functional outcome of interest, such as increased

carbon flow into soil. In this context, the proposed machine learning tools provide a framework
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for designing experiments to further investigate how microbial communities function together to

affect their environment.
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Chapter 4
Bayesian networks accurately estimate levels of
dissolved organic carbon across independent litter

decomposition studies’

4.1 Overview

Overwhelming complexity of microbiomes makes it difficult to decipher functional relation-
ships between specific microbes and ecosystem properties. While machine learning analyses have
demonstrated an impressive ability to correlate microbial community composition with macro-
scopic functions, mechanisms that dictate model predictions are often unknown and predictions
often lack an assigned metric of uncertainty. In this study, we applied Bayesian networks that build
on prior feature selection analyses to construct easily interpreted probabilistic models that accu-
rately predict levels of dissolved organic carbon (DOC) from the relative abundance of soil bacte-
ria (16S rRNA gene profiles). In addition to standard cross-validation, we show that a Bayesian
network model trained using samples from a pine litter decomposition study accurately predicts
DOC of samples from an independent oak litter decomposition study, suggesting that mechanisms
driving variation in soil carbon storage may be conserved across different types of decomposing

plant litter. Furthermore, the structure of the resulting Bayesian network model defines a minimal
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set of highly informative taxa whose abundance directly constrain the probability of high or low
DOC conditions. Significant accuracy of the Bayesian network model with independent data sets

supports the validity of the identified relationships between taxa abundance and DOC.

4.2 Introduction

Microbiome functions are extremely diverse and can potentially be optimized to efficiently
perform industrially relevant tasks. However, engineering microbiomes requires validated models
that accurately predict functions from microbial community profiles. Analytical techniques to
infer microbial taxa that control macroscopic functions must overcome several obstacles. First,
microbiomes are often composed of thousands of bacterial and fungal species [117]. Second,
measuring microbiome composition by DNA sequencing has large measurement uncertainty, and
studies are often limited to a small collection of experimental observations. Third, microbiomes are
typically spatially heterogeneous, which increases measurement noise. Fourth, the composition of
microbiomes varies by ecosystem [118], creating additional compositional variation that impedes
efforts to identify “universal" taxa drive community functions.

Machine learning approaches are well-suited to deal with these complexities, with proven suc-
cess in reducing the large microbiome feature space to a small subset of microbial taxa that are
most informative for prediction tasks [119]. Machine learning techniques, such as random for-
est algorithms, have demonstrated impressive prediction accuracy with microbiome data [6, 101].
However, existing machine learning analyses of microbiomes are often limited by three major
issues: First, machine learning models that are typically applied to metagenomic data lack the
ability to quantify prediction uncertainty, which prevents users from knowing whether a predic-
tion can be trusted in a new experimental circumstance. Second, machine learning analyses of
microbiome data are often considered to be a “black box", in which the mechanisms that underpin
model predictions are unknown or difficult to conceptualize, which makes models less useful from

an engineering perspective. Finally, machine learning models are rarely validated with data from
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independent studies, relying only on cross-validation of held-out testing data to confirm model
generalizability [7].

In these regards, probabilistic machine learning models offer a clear advantage over determin-
istic models. Probabilistic models provide a quantified prediction confidence that reflects uncer-
tainty resulting from noise in the data and limited sample sizes [93]. A probabilistic modeling
framework that has gained popularity in modeling biological processes is the probabilistic graphi-
cal model [120-122]. PGMs not only provide estimates of prediction uncertainty, but also address
the issue of model interpretability by providing a visual interpretation of how variables influence
model predictions. The graphical structure of PGMs illustrates connections between model vari-
ables, which makes model predictions a transparent function of model inputs. Probabilistic models
such as PGMs can also be more insightful than deterministic models in cross-study validation anal-
yses, in that prediction uncertainty should be amplified when the model is extrapolated to new and
untested circumstances. Uncertainty of model predictions, in addition to accuracy, can help gauge
model relevance to the validation data.

A Bayesian network is a specific type of probabilistic graphical model that connects model
variables with directed edges to describe the dependence properties of model variables [8]. The
directed graph structure of Bayesian networks allows the user to identify a minimum set of features,
known as a Markov blanket (see methods) that directly constrains the probability of the target
variable or variables that the user wishes to predict. The combination of probabilistic predictions,
model interpretability, and feature reduction make Bayesian networks an attractive approach for
modeling microbial community behavior. However, beyond a few pilot studies [123, 124], the use
of Bayesian networks for modeling microbial community behavior remains rare [125] due to the
computational cost of learning Bayesian networks over many variables.

In this article, we applied Bayesian networks to predict levels of dissolved organic carbon
(DOC) from the abundances of microbial taxa in decomposing plant litter. This case study is
motivated by the need to understand the role of the soil microbiome in carbon cycling. The ac-

cumulation of greenhouse gases, especially carbon dioxide (CO,), in the atmosphere is a primary
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cause of global warming [126]. One potential mitigation strategy to offset greenhouse gas emis-
sions is to increase soil carbon sequestration, which has the potential to reduce emissions by 0.4
to 1.2 gigatons of carbon per year [4]. In terrestrial ecosystems, the fate of carbon (i.e., whether
released as CO; or stored as soil organic matter) is largely determined by microorganisms [5]. As
microorganisms metabolize plant litter, CO, is released from microbial respiration and a variety of
dissolved carbon compounds (e.g. sugars, peptides, lipids) that may be stabilized as soil organic
matter are released either from deconstructed plant material or from microbial cells [118, 127].
While the composition of the soil microbiome is known to significantly influence the fate of car-
bon in soil, methods to elucidate specific microbial taxa that drive carbon fate are limited [3].
Overcoming this methodological challenge could enable the design of microbial communities that
promote increased soil carbon storage. More powerful data analysis techniques may be a solution.

To address the high dimensionality of microbiome data, we first applied the RFINN [119]
framework for feature reduction to determine the most informative features for predicting DOC.
We then trained a Bayesian network structure over this reduced set of features to determine a
set of bacterial genera whose abundances directly influence the probability of high or low DOC.
In addition to cross-validation with held out testing data, cross-study validation was used to in-
vestigate model generalizability and transferability. We showed that a Bayesian network model
trained on samples from a pine litter decomposition experiment [101] can accurately and confi-
dently distinguish between high and low DOC samples from an independent oak litter decompo-
sition experiment. When tasked with predicting DOC of samples from an independent grass litter
decomposition experiment, the model was less accurate, but appropriately assigned less confidence
in its predictions. These results suggest that the mechanisms that drive variation in soil carbon stor-
age may be conserved at least partially across litter types. Furthermore, we showed that trained
Bayesian networks correctly assign greater prediction uncertainty when presented with litter types
that are less similar to the training data set. Ultimately, high-confidence predictions of such models
could be used to suggest novel communities that are more likely to promote accumulation of soil

organic carbon.
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4.3 Materials and methods

4.3.1 Plant litter decomposition experiments

Plant litter decomposition experiments were performed in laboratory microcosms consisting
of 125ml serum bottles containing 7g of sand and 0.12g of plant leaf litter (either Ponderosa
pine needles, scrub oak leaves, or a 50:50 mix of two grasses (Stipa and Hilaria) common in the
U.S. southwest). The microcosms were inoculated with soil microbial communities, sealed with
crimp caps, and incubated at 25°C for about 6 wks. Cumulative CO, was determined from repeated
measurements over the incubation period and the final abundance of DOC was measured at the end
of the incubation. For the pine experiment, “low" and “high" DOC communities were delineated as
the left and right thirds (approximately) of the observed DOC distribution, and DNA representing
these microcosm community cohorts was extracted for community analysis. The communities
were taxonomically profiled by PCR amplification and Illumina sequencing of fungal and bacteria
ribosomal RNA gene fragments. The pine litter experiment was described in detail [101]. The oak
and grass litter experiments were performed similar to the pine litter experiment, with the following
modifications: only 100 (not 206) source soil communities were used to inoculate microcosms, and

each source soil community was inoculated into 2 replicate (not 3) microcosms

4.3.2 Data pre-processing

The pine data were rarefied such that OTU abundance in each sample totaled to 1026 counts,
and the oak and grass genera were rarefied such that OTU abundance in each sample summed to
1023 counts. The oak and grass OTU tables were normalized to match the pine data composition
so that OTU abundance of each sample summed to 1026 counts. For all analyses, taxa were
evaluated at the genus taxonomic rank. To calculate relative genera abundance, OTUs classified
with greater than 70% confidence for a particular genus were summed together. For validation
on held-out data, the pine data set of 308 samples was divided according to a K-fold partitioning
scheme with 5-fold permutations of training and testing data. K-fold partitioning of the data set

ensured that each set of testing samples was unique so that all samples were subject to held-out
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testing. In each permutation, replicate samples were kept within either training or testing data sets
to ensure independence between sets. Genera abundance was binned into categorical variables
representing low, medium, and high abundance levels based on training data statistics (see next
section for detail). Similarly, DOC was binned into high or low categorical variables based on the
median DOC in the training data. Genera abundance in the oak and grass datasets were binned into
categorical variables based on the abundance of taxa in the pine litter (training) dataset. Measured
oak and grass DOC was not binned, but left as a continuous variable that was compared to the

predicted probability of high DOC.

4.3.3 Probabilistic graphical models

Probabilistic graphical models combine probability and graph theory to construct a diagram-
matic representation of a joint probability distribution over a set of random variables. The graph,
G, is composed of a set of nodes, N, and edges, £, where each node represents a random variable
and edges represent a probabilistic dependence between the nodes. Bayesian networks are a type
of probabilistic graphical model with directed edges that represent conditional dependencies be-
tween nodes [8,93]. A graph is said to be fully connected if every pair of nodes is connected by
an edge. While any distribution can be represented by a fully connected graph, the lack of edges
in a graph constrains the distribution that the graph represents by enforcing conditional indepen-
dence properties between nodes. The Markov blanket for a particular node in the graph is the set
of nodes that, when observed, render the node conditionally independent of all other nodes in the
graph. For a Bayesian network, the Markov blanket is defined as the parents, children, and other
parents of children of a particular node [8]. Bayesian networks can be used for prediction tasks
by determining the conditional probability of any given node in the graph given an observed set of
other nodes in the graph.

A Bayesian network model was used to capture the joint probability distribution of microbial
species abundances and the level of DOC. The vector x; = [x;1, Z;2, ..., Tiy,] represents discretized

abundances of m microbial genera in the " training sample where each
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z;; € {Low, Moderate, High}, and y; denotes the abundance of DOC for the i" sample, where
y; € {Low, High}. Bin sizes for features z;; were always based solely on the training data. The
joint probability of microbial species abundance and DOC, P(x, y), can be represented as a graph,
g, that describes a factorization of the joint distribution as a set of conditional probability state-

ments.

4.3.4 Bayesian network structure search and feature selection

The structure learning task aims to find a graphical structure that optimizes the log probability
of the data given the model while simultaneously penalizing model complexity. Unfortunately, the
computational effort for structure learning of Bayesian networks scales super-exponentially in the
number of variables [8], making this impractical for microbiome data that contains hundreds of
taxonomic features. For this reason, RFINN [119] was applied to the training data to reduce the
feature set. An exhaustive structure search over the reduced set of variables could still be highly
computationally expensive [128], but for the purpose of this study, we wish only to determine
the minimum set of variables needed by the Bayesian network to accurately predict DOC for the
system and provide an estimate of uncertainty. The Markov blanket of the DOC node defines a
local Bayesian network with a reduced feature set that is equivalent to the global Bayesian network
in its ability to predict DOC [8]. To determine the Markov blanket for DOC, the parent and child
nodes of DOC were found by performing an exhaustive structure search over subsets of candidate
variables in the total variable set. Directly connected nodes to DOC were kept, while indirectly
connected nodes were discarded until the entire feature set was searched. In a second step, all
discarded variables were checked as potential parents of child nodes to DOC. This procedure for
determining the Markov blanket of a target node is similar to the max-min algorithm [129], which
also performs an initial search for child and parent nodes of the target variable, and then determines
other parents of the target’s child nodes. We used the POMEGRANATE [128] package in PYTHON

to perform Bayesian network structure search and training algorithms.
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4.3.5 Evaluating prediction performance

The Kolmogorov-Smirnov (K-S) two sample test was performed to provide an easily inter-
preted metric of prediction performance. The null hypothesis of the two sample K-S test is that the
cumulative distributions of observations in each sample are equivalent. This statistic was applied
to determine if high and low DOC predictions separated measured DOC into distinct groups; if the
p value is statistically significant, then the Bayesian network makes predictions of DOC levels that
are collectively statistically significant. The test statistic is defined as

A

D = max |Fy(z) — Fy(z)], “4.1)

where F is the empirical cumulative distribution function of the 7** sample. The test statistic, D,
ranges from O to 1 and represents the maximum distance between two cumulative distributions.
The p value of the K-S test represents the probability of observing the test statistic, D, if the two
samples were collected from identical distributions [61]. The two sample K-S test statistic and p

value were calculated using the default settings of SCIPY’s KS_2SAMP function [130].

4.4 Results

For each of five training and testing permutations, we reduced the feature set using RFINN
and then performed a Markov blanket search of the DOC node to construct a local Bayesian net-
work model that predicts high or low DOC. Model training and validation with held-out data is
summarized in figure 4.1. Figure 4.2 shows the receiving operating characteristic (ROC) curve
representing prediction performance on held-out testing data for each permutation. In this context,
the area under the ROC curve (AUC) represents the probability of ranking a randomly selected high
DOC sample higher than a randomly selected low DOC sample, where the rank is the predicted
probability, p(DOC=High) [131]. The AUC ranged from 0.78 to 0.92, indicating the predictions
were accurate for all testing replicas. We chose the permutation with the median AUC score of .86

(permutation 1) as a representative for subsequent analyses.
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Figure 4.1: Process flow chart of feature selection, training, and validation with held-out data. The
pine litter data set is partitioned into 5 permutations of training and testing data. RFINN is applied to each
permutation of training data to reduce the feature set. Using the reduced feature set, a Bayesian network
structure search algorithm is performed to identify and train a local Bayesian network composed of the
Markov blanket of the DOC node. Prediction accuracy of the Bayesian network model is validated with
held-out testing data.
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Figure 4.2: Receiver operating characteristic curves of test data sets. The full data set was partitioned
into 5 unique sets of training and testing data such that the samples in each set of held-out testing data were
a unique set. The area under the ROC curve for each permutation ranged from .78 to .92 with a median of
.86 corresponding to permutation 1.

We show a confusion matrix in Figure 4.3A to visualize the predictive power of the Bayesian

network model on held-out testing data, and the corresponding ROC curve for this permutation
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is isolated in Figure 4.3B. The upper left section of the confusion matrix shows the number of
accurately identified low DOC samples, or true negatives, and the central block of the confusion
matrix shows the number of accurately identified high DOC samples, or true positives. The lower
right block shows the accuracy, where accuracy is defined as the number of true positives and true
negatives divided by the total number of evaluated samples. Additional metrics such as the positive

predictive value, which is the probability of a true positive, are shown in the remaining blocks.
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Figure 4.3: Confusion matrix and receiver operator characteristic on held-out pine samples. (A)
Accuracy on held-out testing data was .74, where accuracy is the sum of true positives and true negatives
divided by the total number of testing samples. (B) The area under the receiver operating characteristic
curve was .86.
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Although the model was trained using categorical labels for DOC, figure 4.4A shows a scatter
plot of continuous DOC versus the predicted probability of high DOC for held-out testing samples.
We defined 0.8 and 0.2 cutoffs to distinguish between high confidence and low confidence predic-
tions, where predicted probabilities greater than 0.8 indicate highly confident predictions that DOC
is high, and predicted probabilities less than .2 indicate highly confident predictions that DOC is
low. Samples predicted with high confidence to have high and low DOC are labeled orange and
cyan, respectively. Predictions for which confidence is less certain are shown in magenta. Of the
62 total communities in the pine testing data, 14 predictions were discarded as uncertain, but of the
remaining 48 communities that were classified as certain, 89.6% were correctly predicted. Figure
4.4B shows the cumulative probability distribution of measured DOC between samples predicted
to have high DOC with high confidence, low DOC with high confidence, and DOC from low con-
fidence samples. The Kolmogorov-Smirnov (K-S) distance between the cumulative probability
distribution of measured DOC corresponding to samples predicted to have high DOC and samples

predicted to have low DOC was .814, P value << .001.
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Figure 4.4: Measured DOC versus predicted P(DOC = High). (A) Samples predicted with high
confidence to have low DOC (P(DOC=High) < .2) and high DOC (P(DOC=High) > .8) are shown in cyan
and orange, respectively. Predictions for which confidence is less certain are shown in magenta. Dotted
horizontal lines represent the average measured DOC for each group. (B) Cumulative distribution plot
of the set of measured DOC values in the held-out testing set binned into low, uncertain, and high DOC
categories according to the predicted probability of high DOC. The Kolmogorov-Smirnov (K-S) distance
between true DOC values of samples with a high predicted DOC and DOC values of samples with low
predicted DOC was .814, P value << .001.
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To investigate the transferability of the Bayesian network model, we next sought to apply a
Bayesian network model trained on the pine data set to predict DOC outcomes of independent
oak and grass litter data sets. A two-dimensional embedding of pine, oak, and grass samples
using dimension reduction techniques such as principal component analysis (PCA) or t-distributed
stochastic neighbor embedding (tSNE) can provide a visualization of the similarity of samples from
each litter type. We applied tSNE using SCIKIT-LEARN [59] to vizualize a qualitative degree of
separation between pine, oak, and grass litter samples (Figure 4.5). Using an analogous procedure
to the cross-validation analyses, RFINN was first applied to the entire pine data set to determine
a reduced feature set of 33 genera. Using these 33 features, a Bayesian network structure search
algorithm identified the Markov blanket of the DOC node resulting in a final set of 10 genera. The
10 feature Bayesian network model trained using the pine data set was applied to predict DOC of
oak and grass samples. Model training with pine data and validation with oak and grass data is

summarized in figure 4.6.
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Figure 4.5: tSNE two-dimensional embedding of pine, oak, and grass samples. t-distributed Stochas-
tic Neighbor Embedding (tSNE) was used to find a two-dimensional embedding of the high dimensional
feature space of pine, oak, and grass samples. The lower dimensional embedding shows a clear qualitative
separation between litter types, with X marking the average representation of each litter type.
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Figure 4.6: Process flow chart of feature selection, training, and validation with oak and grass data.
RFINN is applied to the entire pine data set for feature reduction. Using the reduced feature set, a Bayesian
network structure search algorithm is performed to identify and train a local Bayesian network composed of
the Markov blanket of the DOC node. Prediction accuracy of the Bayesian network model is validated with
oak and grass data.

The 10 feature Bayesian network model was found to be Markov equivalent to a Naive Bayes
model. Markov equivalent structures satisfy equivalent independence assumptions despite having
different edge directions [132]. Figure 4.7 shows the network structure of the Bayesian network
model that links DOC with abundance of bacterial genera. Arrow directions illustrate the inde-

pendence assumptions made by the model and do not necessarily suggest that variation in DOC



abundance drives variation in the abundance of the genera in the model. The independence as-
sumptions made by this model (and, equivalently, a Naive Bayes model) is that abundance of each
of the bacterial genera in the model are conditionally independent given the target node [8]. In
other words, the structure search algorithm selected a model where the abundance of each genus is

considered an independent random variable under high or low DOC conditions.

Figure 4.7: Bayesian network model of DOC using abundance of genera. The Bayesian network model
composed of the Markov blanket of the DOC node is Markov equivalent to a Naive Bayes model. The
independence properties of model specify that features are conditionally independent given the target (DOC)
node.

Figure 4.8 A shows a scatter plot of measured DOC from the 99 held-out oak litter data samples
versus the predicted probability of high DOC from the 10 feature Bayesian network model trained
on pine data. Using the same confidence cutoff as before, predictions are categorized into highly
confident high DOC predictions (orange), highly confident low DOC (cyan), and low confidence
predictions (magenta). Of the 99 total communities in the oak data, 37 predictions were discarded
as uncertain, but of the remaining 62 communities that were classified as certain, 88.71% were
correctly predicted to be either below or above the mean oak DOC. Figure 4.8B compares the
distribution of measured DOC corresponding to high, low, and uncertain samples, with a K-S

distance of .82 between high and low DOC samples, p value << .001.
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A Oak DOC versus P(DOC=High)
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Figure 4.8: Oak DOC versus predicted P(DOC = High). (A) Samples predicted with high confi-
dence to have low DOC (P(DOC=High) < .2) and high DOC (P(DOC=High) > .8) are shown in cyan and
orange, respectively. Predictions for which confidence is less certain are shown in magenta. Dotted hori-
zontal lines represent the average measured DOC for each group.(B) The set of measured DOC values in
the oak data set binned into low, uncertain, and high DOC categories according to the predicted probability
of high DOC using a Bayesian network model trained on pine samples. The Kolmogorov-Smirnov (K-S)
distance between true DOC values of samples with a high predicted DOC and DOC values of samples with
low predicted DOC was .82, p value << .001.
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To further investigate the transferability of the Bayesian network model, we applied the same
model trained on pine data to samples from a grass litter decomposition experiment (Figure 4.9A,B).
Unlike with the oak data, the model was not able to predict DOC for grass litter samples with sta-
tistically significant accuracy (K-S distance = .44, p value = .078). Poor performance on the grass
data set represents an important failure case, demonstrating that the model loses relevance when
applied to disparate litter types. However, we note that the percentage of uncertain predictions in
the grass litter samples (54%) was higher than that in the oak litter test (45%) and in the pine litter
test (23%), suggesting that the analysis is correctly able to identify its own fidelity when applied

to contexts outside of its original training circumstances.
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A grass DOC versus P(DOC=High)
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Figure 4.9: grass DOC versus predicted P(DOC = High). (A) The average DOC of samples pre-
dicted to have low DOC (P(DOC=High) < .2), high DOC (P(DOC=High) > .8), and uncertain samples are
shown as cyan, orange, and magenta dotted horizontal lines.(B) The set of measured DOC values in the
grass data set binned into low, uncertain, and high DOC categories according to the predicted probability
of high DOC using a Bayesian network model trained on pine samples. The Kolmogorov-Smirnov (K-S)
distance between true DOC values of samples with a high predicted DOC and DOC values of samples with
low predicted DOC was .44, p value = .078.
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4.5 Discussion

Rigorous feature selection and probabilistic predictions make Bayesian networks a powerful
tool for modeling microbial communities. To our knowledge, this study presents the first exam-
ple of a cross-study validated probabilistic graphical model approach that predicts microbiome
function. We applied Bayesian networks to infer a model that captures the statistical interactions
between relative microbial abundance and DOC in a pine litter decomposition experiment. By
determining the Markov blanket of the DOC node in the resulting Bayesian network, we found a
small set of specific bacterial genera whose abundance directly influence the probability of high
or low DOC levels. In addition to standard cross-validation analysis with held-out data from the
training set, we applied the Bayesian network model trained on pine data to predict DOC outcomes
of two independent litter decomposition experiments.

We found that the Bayesian network model trained on samples from a pine litter decompo-
sition experiment demonstrated significant prediction accuracy when tested on samples from an
independent oak litter decomposition experiment. These strong predictions suggest that relation-
ships between the abundances of key bacterial genera and dissolved organic carbon are conserved
across pine and oak litter types. The observed overlap in correlation between community compo-
sition and collective functional state (i.e., high or low DOC) between pine and oak litter supports
the hypothesis that common microbial drivers of DOC abundance can occur in diverse ecosystems
despite the strong role of litter chemistry in shaping distinctive decomposer microbiomes [118].

Despite strong prediction accuracy when applied to samples from an oak litter decomposition
experiment, the model failed to significantly distinguish high and low DOC samples from a grass
litter decomposition experiment. The degree of this failure was predicted by the model in that
uncertainty analysis showed that 54% of samples from the grass litter data set were classified as
uncertain while 45% and 23% of samples from the oak and pine litter test sets were categorized as
uncertain. This result suggests that the Bayesian network model correctly assigns greater predic-
tion uncertainty in response to unfamiliar combinations of microbial abundances. Consequently,

cross-validation with independent data sets not only demonstrated that the Bayesian network model
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can successfully make accurate predictions when applied beyond its training circumstances, but
that the model also assigns greater collective uncertainty to less accurate predictions. Models val-
idated to make accurate predictions and accurate uncertainty estimates could be especially useful
for designing microbial communities that optimize the probability of increased dissolved carbon
in soil.

Engineering microbial communities to promote increased carbon fixation in soil will require
accurate prediction models and a mechanistic understanding of how microbiomes influence soil
carbon outcomes. While we have shown that the Bayesian network model accurately predicts
DOC, other methods designed to reconstruct interaction networks could be explored in future
work. PGM based approaches have recently been developed that offer a promising approach for
comprehensive reconstruction of interaction networks, but they have not been bench-marked for
their ability to make accurate predictions of target variables, as was the focus of this study. Net-
work inference software such as SPIEC-EASI [122] or MERLIN [121] could be used to determine
a more comprehensive network of interactions between microbial species. Designed to address the
sparse and compositional nature of microbial abundance data, SPIEC-EASI has shown promise
for inferring microbial interaction networks compared to frequently used [133] correlation-based
techniques. MERLIN has proven more effective than Bayesian networks for determining inter-
action networks on synthetic gene expression data but has not been applied to model microbial
communities. The combination of accurate prediction models with reconstructed interaction net-
works could guide strategic manipulation of microbiomes to promote increased levels of dissolved
organic carbon.

We applied Bayesian network structure learning to identify microbial genera whose abundance
directly influence DOC with an emphasis on prediction and feature selection. By searching for
the Markov blanket of the DOC node in the graph, we identified a set of bacterial genera whose
relative abundance directly influences the probability of high or low DOC. Furthermore, success-
ful cross-validation with test data and with samples from independent studies provides strong

evidence against false-discoveries in the model (over-fitting) [134]. While many studies using
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metagenomics data have applied machine learning approaches to model microbial communities,
validation of these models with data sets across studies is rare [7]. The ability of the Bayesian
network model to apply concepts learned using pine litter decomposition samples and accurately
predict DOC abundance of independent oak litter samples is compelling evidence to suggest that
the identified taxa play a strong role in mediating soil carbon flow. In this targeted study of the
relationships between microbial communities and DOC, the Bayesian network was trained only
using bacterial abundances and DOC levels and was blind to any knowledge of litter type or litter
chemistry. We envision future applications in which extended network models could consider a
mixture of chemical and taxonomic features to improve further upon predictions and uncertainty

quantification when extrapolated to disparate environments.
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Chapter 5

Summary and Conclusions

5.1 Summary

Soil is a massive carbon pool that plays a major role in the natural carbon cycle. By direct-
ing carbon flow to favor storage in soil, levels of atmospheric carbon dioxide could reduce dra-
matically. With increasing evidence to suggest that microbial communities influence soil carbon
sequestration, elucidating the mechanisms of this process could inform methods of improving mi-
crobially driven carbon storage. Furthermore, increasing ability to accurately profile microbial
communities has led to an explosion of high dimensional sequencing data that motivates the need
for improved data driven methods to link microbial community features with functions of interest.
Through a progression of machine learning methods, we showed how significant feature reduction
coupled with probabilistic modeling could be used to identify transparent and accurate models that
link microbial community abundance with levels of dissolved organic carbon (DOC) in soil.

To study the role of the soil microbiome in plant litter decomposition, soil samples collected
throughout the Western United States served as source material for inoculation of microbial com-
munities into leaf litter microcosms. To evaluate carbon flow in the microcosms, DOC was quan-
tified after a 44 day period. Ribosomal RNA gene profiles of the original and final microbial
communities were taxonomically profiled, providing the relative abundance of microbial species
in initial and final microcosm microbiomes. Each experiment yields on the order of hundreds
of samples, where each sample includes the relative abundance of thousands of identified OTUs
(operational taxonomic units). The disproportionate number of identified OTUs relative to the
number of samples in each experiment poses a difficult problem from a data science perspective,
and motivates the use of advanced computational tools to discover generalizable patterns in the

data.
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Using a simple logistic regression model, we showed that microbial community traits such as
biomass and richness forecast DOC outcomes after a period of 44 days. The ability to forecast
levels of DOC from original microbial traits suggests a causal relationship in which the soil mi-
crobiome directly influences soil carbon cycling. Also using a logistic regression model, the same
microbial community traits measured at day 44 accurately predicted DOC. While the model using
original microbial community features suggests that the soil microbiome influences the progres-
sion of carbon cycling in soil, accurate prediction accuracy of day 44 DOC outcomes using day 44
microbiome profiles supports a direct link between variation in instantaneous microbial community
profiles with soil carbon cycling. The most significant features identified by the logistic regression
model included biomass, fungal richness (when measured at day 0), and bacterial richness (when
measured at day 44).

To further explore the direct link between the soil microbiome and carbon sequestration, we ap-
plied a host of machine learning approaches to predict DOC levels using the relative abundance of
bacterial OTUs (operational taxonomic units). We showed that random forest and neural network
regression accurately predict DOC on held-out testing data, with random forest performing better
over bootstrapped permutations of the data. Feature ranking using machine learning approaches
was compared to indicator species analysis to rank OTUs based on their importance in predic-
tion tasks. The combination of several feature selection approaches provided a relatively small
consensus set of taxa that resulted in equally accurate predictions compared to models using the
entire feature set. We refer to this feature selection procedure as RFINN (Random Forest Indicator
Species Neural Network).

By applying RFINN to reduce the set of bacterial genera, we were able to explore sophis-
ticated probabilistic models that would otherwise be computationally intractable with the entire
feature set. Probabilistic machine learning models offer a clear advantage over deterministic mod-
els such as random forest regression because they provide a metric of prediction uncertainty and
therefore are capable of qualifying predictions with prediction confidence. Bayesian networks are

a particular type of probabilistic machine learning model that offer a visual interpretation of how
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the model links microbial taxa with DOC. We showed that confident predictions of DOC using a
Bayesian network model trained on pine litter decomposition samples accurately separated high
and low DOC samples in a held-out testing set. To investigate model transferability, we applied a
Bayesian network trained using pine litter samples to predict DOC levels of samples derived from
independent oak and grass litter decomposition experiments. Although the model could not distin-
guish high and low DOC outcomes of grass litter samples with statistical significance, the model
achieved exceptional accuracy in distinguishing high and low DOC of oak samples. The ability of
the model to predict levels of DOC across separate litter types suggests that correlations between

carbon flow and microbial species are at least partially conserved across litter types.

5.2 Future Directions

In future studies, trained machine learning models could be used to identify hypothetical mi-
crobial communities that are predicted to promote increased levels of DOC based on trends in
the training data. Uncertainty analysis using probabilistic models could guide the design of mi-
crobiomes optimized to promote high levels of DOC while avoiding improbable combinations of
microbial taxa. Engineering the soil microbiome to match hypothetical communities proposed by
machine learning models could be accomplished by either inoculating soil samples isolated mi-
crobial taxa, or by iteratively selecting and mixing soil samples whose individual microbiomes
form optimized communities when combined. The ability to explore such approaches will require
further research in understanding how to construct communities that exhibit stability as well as
carbon sequestration capability.

The structure of Bayesian networks offers limited insight into the potential interactions that
exist between microbial taxa. Other types of probabilistic graphical models have been developed
to construct interaction networks using larger feature sets of microbial taxa. In future work, the
exploration of such techniques could provide greater insight into microbial community interaction
networks. Mechanistic insight coupled with accurate models that predict DOC outcomes could

be a powerful combination of tools to inform the strategic manipulation of microbiomes to foster
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increased carbon sequestration. Currently, the validation of models designed to discover interaction
networks is limited due to the lack of ground truth. In addition to exploring other techniques to
reconstruct interaction networks, future research could be applied to examine smaller microbial
communities in which ground truth interaction networks have been proposed.

Another possible direction forward would be to study the individual taxa that were identi-
fied as significantly correlated with increased levels of DOC by machine learning methods. Cur-
rent approaches such as genome-scale metabolic reconstruction provide a means for modeling
the metabolic activity of microorganisms based on their genome. Such models could be used to
identify metabolic pathways linked with the conversion of plant litter into forms of carbon that
remain stable in the soil carbon pool. These models can then be used to identify rate limiting steps
in metabolic pathways, thus providing strategies to increase rates of reactions that promote the

degradation of soil organic matter into soluble forms of carbon.

5.3 Conclusions

The work in this thesis demonstrates how machine learning methods can be used to discover
patterns in microbial communities. An important application of this work is the discovery of mod-
els that link the soil microbiome with carbon sequestration. With the potential to significantly
reduce atmospheric carbon levels, microbially mediated carbon sequestration could be a viable
path towards combating climate change. By training and validating machine learning models that
predict levels of dissolved organic carbon using microbial community profiles, we show that there
exist consistent patterns linking the soil microbiome with carbon flow. Insights from such models
identify key taxa that are significantly linked with abundance of dissolved organic carbon pro-
duced during early litter decomposition. Developing accurate models of microbially driven carbon
sequestration is an important step towards optimizing the soil microbiome to increase carbon stor-

age in soil.
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Appendix A

Supporting Information for Chapter 3

S1 Dataset OTU table. The bacteria OTU table used for all results in the paper organized with

samples as rows and features as columns. https://doi.org/10.1371/journal.pone.0215502.s001

S2 Dataset Training data set. Partition OTU table used for training machine learning models

to produce Figure 3.1. https://doi.org/10.1371/journal.pone.0215502.s002

S3 Dataset Testing data set. Partition OTU table used for testing machine learning models to

produce Figure 3.1. https://doi.org/10.1371/journal.pone.0215502.s003

S4 Dataset Feature selection table. A table with feature importance values for the consensus set

of taxa sorted by the indicator species statistic. https://doi.org/10.1371/journal.pone.0215502.s004
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