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The advent of DNA sequencing revolutionized the field of microbiome research.
Many organisms, by virtue of their codependence and/or growth rate, are either
impossible or extremely challenging to get into pure culture. Sequencing allows
important taxonomic and phylogenetic information to be obtained independent of
culturing. Development of the sequencing technology itself has allowed for high
throughput workflow that has allowed low cost and extensive sampling of microbiomes
across environments. The co-development of reference datasets for taxonomy and
functional assignments, along with open-source bioinformatics pipelines has further
empowered scientists to explore microbiomes in many environments. However, there
are limitations to sequence data that have constrained the ecological inferences in
microbiome research. One such limitation, the compositional nature of sequence data,

has impeded our ability to make accurate inferences about the environmental drivers of



taxon abundance and covariance across conditions. In this dissertation | explore the
use of quantitative PCR in combination with sequencing techniques to generate
“Quantitative Sequencing” data (QSeq) that mitigates the limitations of compositionality
on inferences relating to taxon abundance and covariance across environmental
gradients.

In chapter 1, | reviewed key characteristics of the soil environment and
sequencing as a mechanism for sampling. In chapter 2, | leveraged modeling,
synthesis, and literature review methods to establish the questions and data
characteristics that demand QSeq methodology. | show that even small amounts of
variation in total abundance make determining the effects of environment (biotic and
abiotic factors) on any given taxon unreliable without QSeq. In Chapter 3, | extend the
logic of quantitative sequencing to improve metagenome prediction from PICRUSt2.
Using data synthesis methods, accounting for 16S gene abundance consistently
improved the accuracy of predicted functional genes. This was confirmed by high
correlations between predicted and measured gene abundance (QPCR). There was
however a large variation in prediction accuracy, likely due in part to database biases
and in part to decoupling of bacterial function from taxonomy. In Chapter 4, | applied
QSeq in the context of an experimental, long-term farming system that has large
gradients in total abundance with depth, and | used QSeq to identify taxa that changed
in abundance due to different farming system management and soil depth. Finally in
Chapter 5, | used QSeq to identify putative N-fixing taxa that responded to glyphosate in

four experimental farming systems. | show that the abundance of these taxa were



decoupled from other effects of glyphosate on N-fixation in soybean across farming

systems.
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Chapter 1: Sampling Theory and Soil Microbial
Communities

Abstract

High throughput sequencing technology has been revolutionary. In
molecular ecology, it has provided a culture-free technique to identify
simultaneously many taxa that may not be easily grown in pure culture. But
sequence data is not without drawbacks: primarily, sequence data is
compositional, meaning that it does not represent the true abundance of taxa.
Rather, it only captures the abundance of taxa relative to one another. This
means that special inferential techniques are required to identify individual
taxa that respond to a treatment, or that are correlated with one another
across treatments. The inferential techniques used in microbiome research
have been heavily influenced by the techniques developed for gene
expression data. But there’s a problem: the true abundance of transcripts is
not important to the interpretation of gene expression data; gene expression
is compositional in nature. This is not the case for the interpretation of
microbiome data, especially in soils; subsets of the microbiome behave
independently, and the true abundance of individual taxa is material to
determining the underlying rules and processes governing community

assembly across environments or experimental conditions.



This chapter provides context for the dissertation by first establishing
that important and ecologically relevant gradients in total soil microbial
abundance exist at virtually all scales. Then, | provide a brief overview of a
diverse array of intrinsic factors, including niche differentiation and physical
isolation, which cause groups within soil microbial communities to have
independent (i.e. non-compositional) constraints to survival and growth. | then
discuss compositional analysis, and its limitations in the context of the known
spatial patterns and diversity of niche strategies in soil microbial communities.
| conclude this chapter with the research objectives of this dissertation, and a

brief description of how | addressed each objective.

1.1 Spatial organization of soil communities

A single cubic millimeter of soil may contain as many as 3.0x10°
bacterial cells (Watt et al., 2006). Across the entire soil volume these cells are
concentrated in less than 1% of total soil volume (Young et al., 2008),
indicating that microbial population structure is patchy at a micro-scale. Within
any given soil, microbial biomass exhibits spatial organization at the
microscale around soil microsites (Kuzyakov and Blagodatskaya, 2015). As a
generality, microbial biomass is highest at the soil surface and decreases
exponentially with depth (Eilers et al., 2012; Hao et al., 2021; Leeuwen et al.,
2017) and is also concentrated around hotspots such as detritus and roots.
The availability of labile carbon is the primary limitation on soil microbial

activity and thus population sizes (Blagodatsky et al., 1998; Schimel and



Weintraub, 2003); but variation in the availability of other important
substrates, including nitrogen, may modulate the formation and maintenance
of high microbial activity in specific microsites through time (Hodge et al.,
2000). Important biogeographic cycles, such as carbon and nitrogen cycling,
are mediated in high microbial density microhabitats, making the distribution
and density of specific types of soil microsites at the landscape scale relevant
for modeling global biogeochemical cycles (Blagodatsky and Smith, 2012).
At a global scale, microbial biomass in soil is correlated to edaphic
factors including soil organic carbon, total nitrogen, C:N ratio, bulk density,
soil pH, and soil texture (He et al., 2020); where mid-latitude and tropical soils
have the lowest fungal and bacterial biomass, while arctic soils have the
highest fungal and bacterial biomass. In general, soil pH, soil moisture, and
soil temperature regulate fungal and bacterial biomass by interacting with
their physiology to constrain activity and growth (de Vries et al., 2012). At
large spatial scales, these factors are often correlated. For example, at a
global scale soil pH tends to be alkaline when annual precipitation is below
total potential evapotranspiration, and tends to be acidic when precipitation
exceeds this threshold (Slessarev et al., 2016). Similarly, soil carbon also
exhibits a global pattern in abundance that is correlated to soil moisture and
temperature (Wieder et al., 2013). Potential total evapotranspiration exhibits
strong latitudinal gradients, with low temperature strongly associated with
lower potential evapotranspiration (Singer et al., 2021). This indicates that at

a global scale the wetness and warmth of the climate interact to determine



both soil pH and soil carbon. Many anthropogenic factors may also drive local
variation in soil moisture, soil carbon, and soil pH (Pouyat et al., 2015, 2010,
2007; Bockheim et al., 2014; Jenny, 1941). Thus, there are substantial
gradients of microbial biomass and activity occurring in soils that range in

scale from the microsite scale the global scale.

1.2 Decoupling of microbial abundance in soils

While there are large gradients in total microbial abundance across
spatial scales, not all taxa in any community respond to the same
environmental drivers. There are many trophic strategies that may act to
decouple the main drivers of microbial growth across subsets of the soill
microbial community. For example, some soil prokaryotes are autotrophic,
relying on photosynthesis or mineral redox reactions to capture energy and
build biomass. These strategies are widespread; for example, photosynthetic
biofilms are active in soils; they form rapidly after tillage in agricultural soils
(Peng and Bruns, 2019a, 2019b) and are extremely important for the
formation of soil crusts that stabilize soils in highly arid environments (West,
1990). Photosynthesis developed early in bacterial evolution, resulting in a
high diversity of photo-responsive metabolism among prokaryotes
(Blankenship, 2010, 2002; Cardona, 2019), distributed across numerous
phyla (Blankenship, 2010). While photosynthesis is commonly thought of as
an autotrophic energy-generating strategy, among bacteria it may also be
used to augment heterotrophic metabolism (Selosse et al., 2017). Thus, while

the abundance of most soil microbes is dependent on the availability of
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organic matter, a diverse set of soil microbes are partially or wholly
dependent on the availability of sunlight, a resource that exists only within the
top centimeter of the soil profile (Tester and Morris, 1987). This implies that
there is a subset of the soil microbial community whose abundance should
behave independently of the majority of the microbial community with respect
to the availability of e.g. soil organic matter.

Autotrophs capable of primary production also exist in other layers of
the soil profile. A variety of combinations of elements can be used as an
electron donor-acceptor pairs to generate energy for carbon fixation. For
example, nitrifying bacteria and archaea can use oxygen to oxidize ammonia
for energy (Lehtovirta-Morley, 2018). Methanotrophs may use oxygen to
oxidize methane for energy (Op den Camp et al., 2009), but may also use
other electron acceptors such as nitrite (Ettwig et al., 2010). Sulfur bacteria
such as Thiobacillus reduce sulfate to hydrogen sulfide by oxidizing hydrogen
(Fischer et al., 1983); and another sulfur reducing bacterium, Geobacter
Sulfurreducens, has recently been shown capable of autotrophic growth using
an iron reduction pathway (Zhang et al., 2020). Autotrophic methanogens
generate energy by oxidizing hydrogen to reduce carbon dioxide to methane
(Ladapo and Whitman, 1990). These alternative metabolic pathways allow
microbial taxa to act as primary producers, maintaining biomass without
relying on detritus from plants or sunlight. In effect, these pathways decouple
the abundance of a subset of the microbial community from the factors driving

the abundance of the rest of the microbial community.



These metabolic activities are dependent on specific environmental
conditions that may exist as strong spatial and temporal gradients, and may
depend in part on the heterotrophic metabolism of other microbes. For
example, some chemolithoautotrophic metabolism require specific
environmental conditions to be favorable. In soils, hydrogen oxidation-coupled
methanogenesis (Hornibrook et al., 1997) and sulfur reduction require
strongly reducing conditions (Pester et al., 2012). These conditions are
sufficiently common that anoxic methane and ammonia oxidation pathways
have been maintained; methane may be oxidized under anoxic conditions by
consortia of methane oxidizers and sulfate reducing bacteria, and ammonia
oxidation can be paired with nitrate reduction in a process known as
anammox (Zhu et al., 2010). While the development of anoxic conditions in
soils is driven by the activity of heterotrophic microbes to deplete oxygen, the
environmental boundaries that drive soils towards anaerobic conditions
(namely available labile carbon for heterotrophic metabolism, saturation of
soil with water, and limited diffusion of oxygen) exhibit predictable temporal
and spatial patterns, both within the profiles of individual soils and as a
function of the local topography, parent material and weather (Weil and
Brady, 2017). These environmental boundary conditions define when and
where lithoautotrophic strategies are viable in most soil systems, and
constrain the spatial and temporal extent to which lithoautotrophic metabolism
contributes to microbial biomass. Similarly, light generally does not penetrate

more than 5 mm into soils (Tester and Morris, 1987), limiting photosynthesis



to the surface of the soils. And, since soil phototrophs depend on moisture
availability, photosynthesis is often constrained to short pulses (Lange et al.,
1998). Taken together, there is a subset of soil prokaryotes that behave as
primary producers — fixing carbon — and whose abundance is not determined
directly by the flux of plant-fixed carbon.

For microbes that do depend on the flux of plant-fixed carbon, the
amount of microbial biomass obtainable per unit of organic input is
determined by the microbial carbon use efficiency (Gill and Finzi, 2016;
Soares and Rousk, 2019). The availability of other soil nutrients, especially
nitrogen (N), has a large impact on how efficiently microbes may convert
carbon substrate to biomass (Feng et al., 2022). When N is less available,
microbes use extracellular enzymes to degrade carbon and release nitrogen
in a process that has been called “nutrient mining” (Hodge et al., 2001;
Tisserant et al., 2013). Soil microbial carbon use efficiency likely interacts with
the mineral matrix to determine the amount of soil carbon that is stored long-
term (Cotrufo et al., 2013). Among heterotrophs, microbes employ differing
growth strategies that result in different community-level carbon use
efficiency. Microbes that specialize in fast growth are known as copiotrophs;
whereas bacteria specialized in slow growth and nutrient mining are known as
oligotrophs (Fierer et al., 2007). Plant associated fungi — especially arbuscular
and ectomycorrhizal fungi — are known to alter the carbon use efficiency of
soil microbial metabolism (Anthony et al., 2020); in general, ectomycorrhizal

fungi slow carbon metabolism and drive higher nutrient mining activities



(Averill and Hawkes, 2016) by competing for nitrogen and suppressing the
growth of other fungal decomposers (Fernandez and Kennedy, 2016). Thus,
different taxa in the same environment exhibit differences in growth rate and
growth efficiency; and differences in growth rate and growth efficiency
contribute to variation in total abundance among taxa along environmental
gradients. The soil microbial community is well known to contain members
whose abundances are governed by different mechanisms and exhibit
different response rates to environmental gradients (e.g. heterotroph vs
autotroph abundance; or phototroph vs chemoautotroph abundance). This
feature of microbial communities becomes important when using sequence
data to make inferences about environmental controls on microbial
communities.

The examples above highlight trophic strategies that could cause the
abundance of taxa sampled from the same environment to behave
independently of one another. Even among microbes that share niche
characteristics, our current standard sampling practice likely result in a
community profile with most taxa never interacting directly. Single-celled soll
microbes typically depend on water for as a medium for motility (Yang and
van Elsas, 2018); when soil pores are saturated, microbes can disperse from
one pore to another. But as soils dry, fewer pores are connected by sufficient
water for microbial dispersal. Since microbial taxa occupy less than 1% of the
total soil volume (Young et al., 2008), most microbial taxa are unlikely to

interact directly with the majority of taxa in the sample (Guseva et al., 2022).



The large size of the soil sample in a typical soil sampling protocol compared
to the area inhabited by individual microbes is akin to taking a single sample
to analyze the entire coastal transition zone from terrestrial to pelagic; in
many soils, a 10 cm core will transect multiple distinct environments with a
wide variety of physical and chemical properties that select for distinct
communities (Baveye, 2021; Weil and Brady, 2017). Thus, current soil
sampling practices generate a snapshot of the microbial community for a
given site (Baveye, 2021). This implies that the growth and abundance of
most taxa are likely to be determined independently of one another at this

scale.

1.3 Compositional data

The factors causing microbes to respond to their environment at
different rates are numerous and it is beyond the scope of this dissertation to
review all potential mechanisms and contexts. But it is sufficient to
understand that some of these factors are almost certainly at play in any
given soil sample. This point is critical to the discussion of the
compositionality of sequence data and the subsequent ecological inferences
in soil research.

Compositional data is data for which the sum of the features (e.g. taxa)
in each sample is arbitrary and non-informative (Aitchison, 1982; Gloor and
Reid, 2016). In compositional datasets, the abundance of features is not
measured, rather their proportion as a function of all other features is

measured (Gloor et al., 2016). Therefore, if one feature changes in
9



abundance, the relative abundance of all other features change, even if their
abundance does not (Weiss et al., 2017). For example, considering the
proportion of taxa from a soil community that are photosynthetic: if the
abundance of non-photosynthetic taxa increases, then the proportion of all
taxa that are photosynthetic decreases even if the actual abundance of
photosynthetic taxa does not change. Thus, compositional datasets are
inherently relational; they describe the abundance of features relative to the
rest of the dataset. When microbial taxa are measured as proportions, it
becomes impossible to determine if an increase in taxon proportion is due to
an increase in abundance of that taxon, or a decrease in abundance of other
taxa. Sampling by sequencing is widely considered to generate compositional
data (Bronner et al., 2009; Gloor et al., 2016). Using compositional data to
understand community assembly mechanisms implicitly presumes that the
total abundance of taxa is invariant (see Chapter 2), and that community
assembly mechanisms are zero sum (all taxa compete equally for habitat).
For example, one assumption might be that microbes must compete for a
fixed amount of substrate, and that growth of one taxon negatively impacts
the growth of all other taxa. In the previous sections, | have endeavored to
highlight clear evidence that contradict these assumptions at scales that
range from micron to global. There is substantial variation in microbial
abundance at all spatial scales; and at all spatial scales, subsets of the

microbial community experience different constraints to growth. Therefore,
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patterns in community composition are unlikely to reliably represent the actual

abundance of individual taxa across environmental gradients.

1.4 Sequencing, and sampling effort

Sequencing has become a ubiquitous method for sampling
microbiomes (Bates et al., 2011; Caporaso et al., 2012, 2011, 2010; Fierer
and Jackson, 2006). Environmental microbiome, microbial ecology, and
microbial bioindicator analyses widely use metabarcoding to answer
fundamental ecological questions (e.g. Auguet et al., 2009; Bahram et al.,
2018; Fierer and Jackson, 2006; Pawlowski et al., 2016, 2014).
Metabarcoding approaches are popular in part because open-access
bioinformatics pipelines are well established for this data type, facilitating
sequence data processing (Bokulich et al., 2018; Caporaso et al., 2010;
Lépez-Garcia et al., 2018; Schloss, 2020); meaningful inferences can be
made from only a few thousand sequences per sample (Lauber et al., 2009);
and, several hundred samples may be multiplexed into a single sequencing
run, making the cost of sequencing per sample relatively low (Caporaso et al.,
2012). Thus, sequencing is now the de facto primary tool for sampling soil
microbial communities.

There are several sampling concepts that come into play for sampling
microbial communities using sequencing: sequencing depth, sampling depth,
and sampling effort. First, sequencing depth is the number of sequences
obtained per sample. In contrast sampling depth is the proportion of all

sequence variants captured by sequencing (i.e. proportion of total diversity
11



captured). Sampling depth is useful conceptually, but in practice the total
diversity of sequence variants is unknown for any given soil sample. These
concepts may be distinguished from a third concept, sampling effort, which is
the integration of space-time of habitat sampled with the critical assumption
that no differences exist in the probability of detecting a taxon if it exists in the
sample area. Only studies that control sampling effort conceptually confer
information about taxon density in the environment to the taxon counts (i.e.
observations). Studies of biodiversity often seek to control sample-wise
sampling effort because variation in sampling effort across sites confounds
diversity estimation and confounds taxon abundance estimation (Oono, 2017;
Watson, 2017). One way that wildlife ecologists ensure that they accurately
estimate species abundance is to explicitly control the spatial and temporal
dimensions of the sampling (lijima, 2020). For example, the Pollard Walk
defines a uniform transect length, width, height, and duration for sampling
butterflies (van Swaay et al., 2008). The resulting count data reflects specific
spatial and temporal dimension that allow for the population density of the
organism(s) to be estimated and compared.

Sampling microbiome communities using sequencing differs from
sampling plants and animals in some fundamentally important ways. As with
plants and animals, the initial sampling is usually explicitly constrained by
spatial and temporal factors (e.g. same volume of substrate on a specific
date). Subsequently DNA is extracted from the sample and prepared for

sequencing. In preparing the sample for sequencing, only a very tiny fraction
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of total DNA is generally used as an input to the DNA sequencer (Bronner et
al., 2009; lllumina, 2021). The number of sequences that a sequencer may
generate per sample is defined by a stochastic process that has little to do
with the total abundance of taxa in the environment (Bronner et al., 2009).
Because the number of sequences drawn per sample is both random and not
related to the abundance of organisms, sequence data does not have an
unbiased detection probability for taxa across samples. As a result, any
efforts to constrain sampling effort in microbiome research based on the initial
sample collection (e.g. 1.0 gram of soil) does not impart the same information
about taxon density that spatially and temporally explicit sampling methods
convey for plants and animals. This is a well-known feature of sequence data,
and has led microbiome researchers generally to treat sequence data as
compositional (Gloor et al., 2016). Since compositional data cannot be used
to infer the abundance of features, the challenge therefore is developing a
standard method to control sampling effort such that the count data
accurately represents the density of each taxon in the environment.

In an attempt to address the lack of information about taxon density,
sequence datasets have commonly been subsampled in a process called
“‘rarefaction” such that each sample analyzed would have the same number of
sequences (McMurdie and Holmes, 2014). This method may mitigate some of
the confounding effects of variable sequencing depth on differential
abundance analysis (Weiss et al., 2017). However, controlling sequencing

depth is not conceptually equivalent to controlling sampling effort. When
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observation is constrained explicitly to a specific set of spatial and temporal
dimensions, observations (counts) represent an index of taxon abundance
per unit of time-volume of habitat. Properly collected data can therefore be
explicitly interpreted as representing the density of a taxon (or taxa) in the
environment. For sequence data to represent the density of taxa in the
environment, additional information about taxon density must be accessed
from somewhere. Rarefying to an even sampling depth ignores that in soils
there are large gradients of microbial abundance that exist at all spatial
scales, meaning different samples are very likely to have different densities of
taxa, and should therefore have different total number of counts per sample
(see sections 1.1-1.3 and Chapters 2 and 4). For rarefaction to generate
sequence counts that can similarly be interpreted as representing the density
of taxa, the number of sequences chosen (rarefaction depth) for each sample
needs to be proportional to the total abundance of taxa in that sample (Epp
Schmidt et al., 2019). This requires the abundance to be measured
independently of the sequencing data, and is not typically how rarefaction is
implemented (McMurdie and Holmes, 2014). Alternatively, information on
taxon density may be imparted by scaling sequence counts (relative
abundance) based on the measured total abundance of taxa in the sample, a
method called quantitative sequencing (QSeq) (Jian et al., 2020). This
method is preferable because it maximizes the amount of information

available for each sample (McMurdie and Holmes, 2014).
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Statistical inference in microbiome research has been heavily
influenced by the standard practices developed for statistical inference in
gene expression. For example, tools such as DESeq2 (Love et al., 2014) and
limma-voom(Ritchie et al., 2015) that are commonly used for differential
abundance analysis were designed for differential expression. The term
“differential abundance” is itself a direct analogy to “differential expression”
(McMurdie and Holmes, 2014):

“Like differentially expressed genes, a species/OTU is considered

differentially abundant if its mean proportion is significantly different between
two or more sample classes in the experimental design.”
(McMurdie and Holmes, 2014)

The use of the term “abundance” is misleading. These differential
abundance analyses are well-documented to have no conceptual basis for
providing information about the abundance of taxa (Aitchison, 1982; Gloor et
al., 2017, 2016; Gloor and Reid, 2016; Tsilimigras and Fodor, 2016). This
becomes a problem when researchers are interested in understanding how
specific taxa respond to an environmental gradient or experimental treatment;
current standard practice in environmental microbiome research is to use
differential (relative) abundance analysis to determine which taxa change in
relative abundance (Gloor et al., 2016), and from this draw inferences on the
ecological processes driving the microbial community. It is an error to infer
that a taxon is positively associated with an environmental gradient because
its relative abundance significantly increases in association with that

environment (Aitchison, 1982; Gloor et al., 2017). Recent empirical and
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modeling work in gut microbiomes shows clearly that taxa may become more
dominant in a community without increasing in abundance (Barlow et al.,
2020; Lloréns-Rico et al., 2021). Yet this tacit inference has often been made.
Benchmarking of published software is ad-hoc; benchmarking
conditions vary across studies (Bokulich et al., 2020, 2016; Meyer et al.,
2021) and software releases (Kurtz et al., 2015; Watts et al., 2019; Weiss et
al., 2016). The compositionality of sequence data (non-informative sample-
wise sum of features) is a presumed constraint of sequence data analysis in
microbiome studies (Aitchison, 1982; Gloor et al., 2017, 2016; Gloor and
Reid, 2016; Tsilimigras and Fodor, 2016); yet when these analytic tools are
released, they often are not even benchmarked on realistic compositional
data (Weiss et al., 2017). All of this makes it difficult to discern which methods
are actually the most appropriate. As if this were not enough, a central
premise of this dissertation is that compositional analysis itself leads to errors
of inference about the mechanisms driving community assembly patterns. In
part, this is because assumptions of compositional analysis are often violated
by microbiome data (see Chapter 2); but, it is also because without knowing
the actual abundance of taxa in each sample researchers are unable to
unambiguously identify which taxa are changing in abundance in their

experiments.

“It is a cliché to generate data under a parametric model that incorporates
statistical features that a bioinformatic method was built to handle, and to then
show how competing models fail to perform in the presence of those features,

i.e. the algorithms under investigation are not independent”
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(Bokulich et al., 2020)

1.5 Objectives

The objectives of this dissertation are:

1) Identify the conditions and questions for which quantitative sequencing
improves ecological inference.

2) Determine if the QSeq transformation can be applied to improve
metagenomics prediction software such as PICRUSt2.

3) Use QSeq methods to understand community dynamics in Maryland
agricultural systems that would not be accessible without accurate
taxon abundance estimation:

a. How does farming practice structure the vertical distribution of
taxa in the soil profile?

b. How does glyphosate impact nitrogen fixation, and the
community of free-living nitrogen fixing taxa in Maryland

agricultural systems?

Chapter 2 addresses objective 1 using literature review, data synthesis
and modeling approaches to determine the conditions under which
quantitative abundance estimates (QSeq) results in more accurate
representations of ecological patterns. Chapter 3 addresses objective 2 using
a data synthesis approach to evaluate whether the predicted abundance of

certain functional genes can be improved using logic borrowed from QSeq
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(scaling predicted metagenomes by total abundance). | hypothesized that
scaling predictions by the absolute microbial abundance would improve
predicted gene abundance. | also hypothesized that there would be
differences among genes; that certain genes could be more reliably predicted
than others based on their evolutionary past and representation in the
reference databases. Chapter 4 addresses objective 3a using an
experimental approach to measure the abundance of microbial taxa sampled
from different soil depths in three Long-Term Agricultural Research farming
systems in collaboration with the USDA Beltsville Agricultural Research
Center. | hypothesized that differences in tillage and inputs would lead to
distinct distribution (or in the case of tillage, redistribution) of taxa across the
depth profile. And finally, Chapter 5 addresses objective 3b using a data
synthesis approach to examine how multiple compartments of the N fixation
ecosystem function (including community dynamics) react to the application
of glyphosate in 4 distinct farming systems. My hypothesis was that the N-
fixing microbial community would have a consistent response to glyphosate
treatment, and that each of the measured compartment would respond in
coordination. For example, if glyphosate impacts N fixation rate, then the
abundance of nifH in the soil should change, and the abundance of individual

N-fixing taxa should be affected.
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Abstract

High-throughput, multiplexed-amplicon sequencing has become a core
tool for understanding microbiomes. As researchers have widely adopted
sequencing many open-source analysis pipelines have been developed to
compare microbiomes based on the relative abundance of assigned
sequence variants (ASVs). These data analysis pipelines can distinguish one
community from another but lack reliable information about either the true
abundance of taxa or the covariance of taxa along ecological gradients. The
abundance of taxa provides critical information about ecological processes
that structure communities; for example, changes in community composition
that are driven by increasing abundance of few taxa, and those driven by
decreasing abundance of many taxa are fundamentally different processes.

The current standard practices of using compositional analysis in microbiome
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research is unable to distinguish among these processes without collecting
additional information. Recently, sequencing has been combined with Q-PCR
(among other sources of total quantitation), to generate “Quantitative
Sequencing” (QSeq) data that more accurately estimate the true abundance
of taxa. As far as we know, no systematic evaluation has been done to
determine under what conditions and for what inferences QSeq analysis
offers an advantage over compositional analysis. In this paper, we use a
combination of published data sets, synthesis, and empirical modeling to offer
guidance for when QSeq should and should not be implemented.

QSeq is primarily useful for taxon-specific analysis. As little as 5%
variation in total abundance among experimental groups resulted in more
accurate inference by QSeq than compositional methods. Compositional
methods for differential abundance and correlation unreliably detected
patterns in abundance and covariance when there was greater than 20%
variation in total abundance among experimental groups.

QSeq transformation and analysis should be the default for answering
taxon-specific questions of amplicon sequence data. Publicly available
bioinformatics pipelines should incorporate support for QSeq transformation

and analysis.

2.1 Introduction

Sequencing has become central for understanding environmental

microbiomes (Fierer and Jackson, 2006; Caporaso et al., 2010, 2011, 2012;

31



Bates et al., 2011). Environmental microbial -omics, microbial ecology, and
microbial bioindicator analyses overwhelmingly use amplicon sequencing in a
metabarcoding approach to answer fundamental ecological questions and
accomplish basic environmental monitoring tasks (e.g. Fierer and Jackson,
2006; Auguet et al., 2009; Pawlowski et al., 2014, 2016; Bahram et al., 2018).
Metabarcoding approaches are popular in part because open-access
bioinformatics pipelines are well established, facilitating sequence data
processing (Caporaso et al., 2010; Bokulich et al., 2018; Lopez-Garcia et al.,
2018; Schloss, 2020). Meaningful inferences can be made from only a few
thousand sequences per sample (Lauber et al., 2009), and several hundred
samples may be multiplexed into a single sequencing run, making the cost of
sequencing per sample relatively low (Caporaso et al., 2012). Yet, analysis of
sequence data alone is inherently constrained by compositionality (Gloor et
al., 2017).

A key step that differentiates compositional analysis from non-
compositional approaches is the log-ratio transformation (Gloor et al., 2016).
The core assumption of compositional analysis is that count abundance in
sequence data is confounded by sequencing depth, and therefore cannot
convey direct information about the abundance of taxa (Gloor et al., 2016).
Instead, the log-ratio transformation (e.g. Aitchison, 1982; Fernandes et al.,
2013, 2014) defines the abundance of each taxon in an explicitly relational
way (Gloor et al., 2016). For example, rather than saying a taxon has a

certain cell density per unit area, compositional analyses might define
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abundance based on the proportion each taxon represents among all taxa
that were sampled (Figure 2.1; Aitchison, 1982; Love et al., 2014). Log-ratio
transformation mitigates some of the confounding effects of sequencing
depth, but has the disadvantage that it gives only relative information;
assuming no response of other taxa, an increase in abundance of one taxon
implies decreasing relative abundance of other taxa. Therefore, in most cases
relative abundance (i.e. compositional data) cannot be used to infer changes
in the true abundance of taxa in the environment (Aitchison, 1982; Gloor et
al., 2016, 2017; Tsilimigras and Fodor, 2016; Alteio et al., 2021). Neither
extracted DNA concentrations, nor sequencing counts give reliable
information about total abundance of taxa. If researchers are interested in
how taxon abundance changes across the environment, they must

independently measure total abundance.

33



A B Differential Abundance

. )
Abundance Relative Abundance 3 e
o 259 S
O ° e
- I| :|o.oo7 © S
) = '<?:
3
E= [}
n EI 021 O o | b LI
i a
100 0.79 4
| | > 1.27 13 n
— (] (7]
° >
o 2
n )
o~ [ 26 0.17 -3 poomt poeem 0 =
2 1 2 3 o
| 26 0.17
Taxa
101 | 066 |
C Correlation Calculation
PearsonR=1.0
N 51 0.28 » - -0.92
[J] Fca _®
Jras) o \o¥ -
= 0.00 !
a| 27 0.15 g 2% s :
x 4.64 - !
102 | 056 | L - !
L Difference = 5.56 ]
Taxon 1 | | Taxon 2 | | Taxon 3 | 1 26 51
Taxon 1

Figure 2.1: Theoretical example of three taxa in three sites. Panel A illustrates how relative
abundance differs from true abundance; comparing site 1 to site 3, all taxa increase in
abundance, but only taxon 1 increases in relative abundance. Panel B illustrates how
correlation calculations are made on compositional data and how abundance estimates differ
between true abundance and centered log-ratio methods. Blue axis and points represent the
change in centered log-ratio value. The red axis and bars represent the quantitative
difference in abundance. While all taxa increase in abundance, only one taxon increases in
relative abundance. Panel C illustrates the math underlying how correlations are inferred.
Correlations are inferred based on the variance of log-ratio values for pairs of taxa across all
sites. The highest variance in log-ratio values is inferred as negative correlations and the
lowest variance values are inferred as positive correlations. Panel C shows Taxon 1 and 2
from Panel A, which are a perfectly correlated pair of taxa with large, non - zero variance; this
is a proof of concept that perfectly positively correlated taxa can produce high variance log-
ratios in compositional analyses when the slope of their response curves is not equal.

The central assumption of QSeq is that sequence data can provide
direct information about the abundance of taxa if it is appropriately normalized

using an independent measure of the total abundance of taxa in each sample.

Thus, both sequence data and an independent quantitative measure of total
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abundance in each sample are needed to implement QSeq. Some studies
have used QPCR to measure total community abundance (Epp Schmidt et
al., 2017, 2022; Jian et al., 2020); other methods include flow cytometry
(Vandeputte et al., 2017), internal standards (i.e. spike-in: Smets et al., 2016;
Stammler et al., 2016; Tourlousse et al., 2017), and Digital PCR (Barlow et
al., 2020). The QSeq transformation is done by first transforming sequence
count data into relative abundance, then scaling the counts to the total
abundance of each sample (Jian et al., 2020). An alternative approach is to
use degenerate tags during sequencing to measure the quantity of genes
(Hoshino et al., 2021), though this method is not evaluated here.

Calculating the abundance of specific taxa has a large impact on data
interpretation. For example, compositional sequence data were used to infer
that Crohn’s disease increased the abundance of some bacteria and
decreased the abundance of others (Gevers et al., 2014). In fact, data from
Gevers et al. only showed that the relative abundance increased or
decreased. It is possible that all taxa in these samples were lower abundance
in Crohn’s disease. Knowing the abundance of taxa gives insight into the
community assembly process; if the whole community decreased abundance
it indicates that host regulation is an important determinant, whereas if a
couple taxa consistently increased in abundance, it indicates that certain taxa
may have played a causative role in the disease. Although this example was
from the human microbiome, it is applicable to all environments and types of

sequence data. A global analysis of soil microbiomes suggested that patterns
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in bacterial and fungal taxonomic and functional diversity were driven by
direct competition. This argument was supported by the bacterial:fungal
biomass ratio indicating that bacterial:fungal ratios differed in part by latitude,
mean annual precipitation, mean annual temperature, and soil C/N ratio
(Bahram et al., 2018). Yet the bacterial biomass (shown in their Extended
Data 4a&b) did not decrease when fungal biomass increased, rather bacterial
and fungal biomass were positively correlated across latitudes. In contrast to
the to the main finding, mechanisms other than competition and niche
differentiation between bacteria and fungi appear to influence functional and
taxonomic diversity. The absolute abundances of taxa (or taxonomic groups),
rather than their relative abundance, are critical to accurately inferring
ecological interactions.

Quantitative sequencing can improve the quality of inferences about
assembly processes (Epp Schmidt et al., 2017; Barlow et al., 2020; Jian et
al., 2020). Although some of the benefits of QSeq are documented, it may be
unclear when this analysis is appropriate. To clarify when and for what
purposes QSeq provides better ecological inferences, we surveyed the
literature, conducted a simulation study, and compared the performance of
QSeq on three previously published datasets. Our simulation was designed to
determine which analysis method produced the most accurate ecological
inferences.

There has been disagreement over how to properly interpret

compositional data while benchmarking differential abundance tests, because
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researchers have different objectives (McMurdie and Holmes, 2014; Weiss et
al., 2017). Our approach is distinct from previous methods because we do not
benchmark our findings against a compositional framework. Our
benchmarking reference is the absolute abundance and true correlation of the
taxa, not their relative abundances. Our simulation explicitly modeled the
confounding effect of sequencing by including a subsampling routine. We
supplemented the model with three published datasets with known
environmental gradients to compare compositional sequence analysis,
rarefaction, and composition analysis with QSeq normalization. Sequencing
results were analyzed using PERMANOVA where samples had categorical
environmental variables. We tested the ability of these different analysis
approaches to distinguish the microbial community according to their
respective experimental factors to determine how characteristics of the

dataset might influence the quality of ecological inferences.

2.2 Materials and Methods

The data and scripts to recreate the simulation and synthesis analyses
are available in the github repository: github.com/djeppschmidt/QSeq_model.
The R package QSeq can be installed following the instructions at
github.com/djeppschmidt/QSeq. The QSeq package transforms raw count
data into relative abundance; then scales the sequence counts using
independent user-provided total abundance data. The QSeq OTU table is

then output for the user in a phyloseq (McMurdie and Holmes, 2013)
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compatible format. The package also provides auxiliary wrapper functions for
importing sequence data from QIIME2 that rely on the giime2R package
(https://github.com/jbisanz/qiime2R#readme). Users should note that QSeq
will not improve the performance of differential abundance tests that assume
compositionality; rather it prepares the data for abundance or correlation
analyses (e.g., regression against environmental variables, or correlation

among taxa).

Simulation

The simulation is based on two primary datasets (Figure S2.1): 1) the
Reference community with defined taxa abundances including any gradient in
total abundance, and 2) the Test community subsampled from the reference
dataset. The test community was the input in each of the statistical inference
methods, and the inferred patterns were compared to the actual patterns in
the Reference community. The subsampling routine was designed to model
the effect of sequencing on data quality. The simulation was run 100 times for
each unique set of parameters.

The Reference community consisted of 50 taxa across 10 samples.
Reference community data was generated in two steps: 1) define the
background variation in taxon abundance, and 2) impose a gradient of total
abundance on the dataset. Since microbial communities exhibit skewed taxon
abundances, mean abundance of each taxon across samples was defined
using a lognormal distribution with a mean value of 50 and a standard

deviation of 2.2. The abundance of each taxon in each sample was
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determined by drawing random numbers from a normal distribution, where
each taxon’s given mean abundance was defined by the lognormal
distribution and the standard deviation was 10% of the mean for that taxon. A
small amount of sparsity was imposed on the dataset by randomly assigning
5 observations a value of 0. The gradient in total abundance was defined by
selecting 10 values from a normal distribution with a mean value of 10 and a
standard deviation that was determined by the intended strength of the
environmental gradient. The simulation was run with the standard deviation
setto 0, 1, 2, 3, or 4, resulting in standard deviations in total abundance that
was approximately 0, 10, 20, 30, or 40 percent of the mean total abundance
of the sample. Total abundance values were rounded to the nearest integer
and sorted by increasing value before being applied to the dataset. Each
sample was multiplied by its respective gradient correction value, generating
a dataset with the same probability distribution of the taxon relationships
within the sample — but a range of total abundances across samples. This
created a community dataset where biotic interactions did not change, but the
environment increasingly impacted covariance and abundance patterns.
Samples 1-5 were defined as group 1 for the differential abundance analysis;
samples 6-10 were defined as group 2. Because the total abundance data
was ordered from smallest to largest, the difference in group means will be
proportional to the standard deviation in total abundance across sites. Note
that our gradient simulation at value 0 did not exclude variation that was due

to the random nature of the underlying taxon abundance distribution (Figure
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2.2B). This dataset was considered the Reference dataset for benchmarking
the differential abundance and taxon correlation inference methods.

To generate the Test community, the effect of sequencing needed to
be simulated. This was done by randomizing the number of sequences per
sample using a normal distribution. The sequencing simulation mean was 800
and the standard deviation was set to 30. This resulted in total counts of each
sample that differed from the reference dataset, but the relative abundances
of the taxa were representative of their relative abundance. This emulated the
inference environment of actual sequence data, where the count abundance
of any given taxon in any sample is determined primarily by its relative
abundance and the total sequences captured in that sample.

QSeq methods approximate the total sample abundance using an
independent measure. There may be error associated with the estimation of
the total abundance of taxa in each sample. To determine the sensitivity of
QSeq to this type of measurement error, we imposed a range of error values
from 0 to 50% (Figure S2.2); for comparing differential abundance and
correlation methods, we imposed a 5% accuracy penalty on the QSeq
estimate of total abundance because this was near the error value at which
QSeq performs worse than compositional analyses on datasets with no
difference in total abundance for correlation analyses. To compare
compositional and QSeq methods for differential abundance analysis, we
applied ANCOM-BC (Lin and Peddada, 2020) and ALDEx2 (Fernandes et al.,

2014) using default parameters on the subsampled data alongside a
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generalized linear model using the QSeq normalized data. We chose these
two packages to represent compositional approaches because unlike many
others, they are designed for microbiome analysis. ANCOM-BC infers
absolute abundance of the population, while ALDEXx2 provides the greatest
user flexibility in defining the terms for the log-ratio normalization step. To
assess the accuracy of correlation analysis, we applied FastSpar (Kurtz et al.,
2015; Watts et al., 2019) and applied Pearson’s correlation to the QSeq
normalized data (Figure 2.2C).

For benchmarking, we used a generalized linear model and Pearson’s
correlation on the reference dataset to define the true responses of taxa. Note
that as the standard deviation in total abundance increased, an increasing
portion of the community differed in abundance between the two groups. On
average, out of 50 taxa, 2.5 (or 0.05 percent) were expected to be
differentially abundant at an alpha of 0.05 when there was no overlying
gradient. We used a Pearson correlation on the reference dataset to define
true correlations among taxa. Note that just like in the differential abundance
analysis, as the variance in total abundance increased, correlations among
the taxa become increasingly positively biased (Figure 2.2C). As the overlying
gradient increased, correlations among taxa became less sparse, which is an
explicit violation of the assumptions underlying the compositional correlation

analysis.
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Data Synthesis

Data from three previously published research articles were analyzed
using QSeq (Table 2.1). These studies included a global study of urban soils
(GLUSEEN; Epp Schmidt et al., 2017); a study involving the Farming
Systems Project (FSP) — a USDA research initiative based in Maryland (Epp
Schmidt et al., 2022); and a study of tidal fresh water wetland systems in
Maryland (TFW; Prasse et al., 2015). Each study included 16S rRNA gene
amplicon sequences and QPCR using the same F515 and R806 primers
targeting the V3-V4 regions of 16S rRNA gene (Caporaso et al., 2012). The
datasets differed in sequencing platforms (Table 2.1). GLUSEEN had a high
degree of sparsity. FSP had a steep environmental gradient caused by soil
depth. The TFW had a lower sequencing depth. DADA2 (Callahan et al.,
2016, 2) was used for sequence error inference and to process the 16S
sequence data from each study into Amplicon Sequence Variants (ASVs).
Chimeras were removed. Community data was either transformed to relative
abundance, transformed to QSeq, or were transformed using the centered
log-ratio (CLR) transformed for compositional analysis. We applied two types
of CLR as implemented in Vegan (v2.6-2): Aitchison distance with a pseudo-
count of 1 per sample, with a CLR transformation that used the geometric
mean of all taxa as the reference, and the “robust Aitchison” distance that
does not require a pseudo-count and uses only taxa in each sample to
calculate the geometric mean (Martino et al., 2019). We used our

implementation of QSeq for the QSeq transformation. For each study, the
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variance explained for two main experimental factors was calculated using

the adonis2 function in vegan v2.6-2 (Oksanen et al., 2016). These factors

were: City and Land-use for GLUSEEN; Farming System and soil Depth for

FSP; and, Plant and Site for TFW. We compared Jaccard, Bray-Curtis, and

Aitchison distances.

Table 2.1: Studies used to compare beta diversity analysis, and unique characteristics of the

dataset
Environment Paper Platform Characteristic N Samples (mean
sequences per
sample)
GLUSEEN (Epp Schmidt et al., 2017) lllumina High sparsity 100 (139,896)
TFW (Prasse et al., 2015) Roche Low Sequencing 57 (9,737)
Depth
454
FSP (Epp Schmidt et al., 2022) lllumina Strong Total 192 (81,030)
Abundance
Gradient
2.3 Results
Benchmarking

At zero variation in total abundance, ANCOM-BC had a higher true

detection rate than ALDEx2, but did not differ from QSeq (Table 2.2).

Increasing the standard deviation in total abundance slightly decreased the

true detection rate of both compositional methods at inferring taxon

abundance (Figure 2.2). Of the three methods, ALDEx2 had the lowest true

and false detection rates. ALDEXx2 offered flexibility in the user defined log-

ratio however, so these results were not representative of all use-cases (see

discussion). QSeq outperformed both methods when the standard deviation
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of total abundance exceeds 5% of the mean abundance across samples
(Figure 2.2A; Table 2.2). The pattern was repeated in correlation inference.
The compositional method FastSpar (modified sparCC) inferred correlations
most accurately when there was almost no variation in absolute abundances
but had decreased accuracy of inference as the standard deviation of the
absolute abundances increased. Like the differential abundance analysis,
Pearson correlation using QSeq transformed counts, outperformed
compositional methods when the standard deviation in absolute abundance
exceeded 5% of the mean absolute abundance and improved as the standard
deviation of absolute abundances increased (Figure 2.2). Rarefaction was the
worst at inferring taxon correlations regardless of variations in absolute

abundance or standard deviations.
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Figure 2.2: Simulated data demonstrating the effect of variation in total abundance on
differential abundance and correlation analyses. A) true positive detection rate of three
methods. B) false positive detection rate of three methods. For differential abundance tests,
we compared ALDEx2 and ANCOM-BC, which represent two differing implementations of
compositional differential abundance analysis. Each was implemented with the default
settings. C) Correlation matrix demonstrating the difference in correlation patterns among
taxa comparing datasets with nominal variation in total abundance (lower diagonal) versus 40
percent variation imposed on the total gradient (upper diagonal). In the latter case, almost all
taxa are highly positively correlated. D) Correlation coefficient representing the accuracy of
the correlation matrix under each of three construction methods. FastSpar is a python
implementation of SparCC (compositional method) that corrects an error in the p-value
estimation routine and speeds up calculations. The QSeq and Subsample each use a
Pearson correlation under different normalization of the sample — Qseq adjusts the sample
counts to represent the differences in total abundance (see methods for details). Except for
panel C, the data in this figure represents the average value from 100 runs of the simulation.
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Table 2.2: Tukey HSD comparisons of average true positive detection for taxa across

methods.
TUKEY GROUP Total Abundance Standard Deviation
Group 1 Group 2 SD=0 SD=10 SD=20 SD=30 SD=40
ANCOM-  LDExz | ©01 0001 0001 0001  0.001
QSeq  ALDEx2 0.11 0.001 0.001 0.001 0.001
aseq NSOV | 063 0001 0001 0001  0.001

Table 2.3: Tukey HSD comparisons of correlation inferences among methods.

TUKEY GROUP

Total Abundance Standard Deviation
SD=0 SD=10 SD=20 SD=30 SD=40

Group 1 Group 2

FastSpar Subsample | 0-001 0.001 0.012 0.23 0.43
QSeq  Subsample | 0.934 0.001 0.001 0.001 0.001
QSeq FastSpar | 0.001 0.001 0.001 0.001 0.001

QSeq: beta diversity

In the FSP dataset, only Aitchison distance detected a difference in
community composition due to farming system (Table 2.4). All methods
detected a strong gradient in community composition due to location of
sample in the soil profile, but Bray-Curtis had the highest R squared. In the
GLUSEEN dataset, all methods detected a strong effect of both the city and
land-use category. In each of these cases, Bray-Curtis on relative abundance
data provided the highest R squared (Table 2.4). This pattern was also
replicated in the TFW study, except that all methods found a significant effect

of site, but none of the methods detected a significant effect of plant species
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on the community composition. Variance in the absolute abundances were
different among the three datasets, as determined by a Levene’s test of
homogeneity of variance (Figure 2.3, P = 0.001). The standard deviation in
absolute abundance in GLUSEEN was 75% of the mean; in TFW it was 98%

of the mean; and in FSP it was 128% of the mean.
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Figure 2.3: Distribution of logz transformed total 16S gene abundance in each dataset. FSP
has a much larger variance in total abundance compared to GLUSEEN or TFW (Levene’s
test: P < 0.001). The standard deviation for total abundance in GLUSEEN samples was 75%
of the mean total abundance; 98% total abundance in TFW; and 128% of the mean total
abundance in FSP.
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Table 2.4: explanatory power of different beta diversity methods.

Relative

Abundance Compositional QSeq
Bray- | Robust Bray-
Jaccard | Curtis | Aitchison | Aitchison | Jaccard | Curtis
Farming | 0.036 | 0.034 0.038 0.046 0.030 0.027
FSP System | (0.122) | (0.229) | (0.075) (0.039) | (0.293) | (0.519)
0.347 | 0.455 0.299 0.416 0.319 0.423
Depth (0.001) | (0.001) | (0.001) (0.001) | (0.001) | (0.001)
0.164 | 0.237 0.139 0.164 0.147 0.212
City (0.001) | (0.001) | (0.001) (0.001) | (0.001) | (0.001)
GLUSEEN 0.083 | 0.111 0.057 0.068 0.067 0.090
Land-use | (0.001) | (0.001) | (0.001) (0.001) | (0.001) | (0.001)
0.098 | 0.122 0.095 0.099 0.092 0.110
MAES SITE (0.001) | (0.001) | (0.001) (0.001) | (0.001) | (0.001)
0.053 | 0.052 0.053 0.053 0.053 0.052
PLANT | (0.752) | (0.76) | (0.748) (0.693) | (0.689) | (0.686)

2.4 Discussion

Compositional and quantitative analysis of empirical data may produce

results that appear contradictory. For example, (Barlow et al., 2020)
compared compositional and quantitative differential abundance approaches
and found that the same taxa were found to respond differently depending on
the method. Specifically, they found that a ketogenic diet resulted in nearly all
taxa in the gut of mice decreasing abundance, but that the genus
Akkermansia, in particular, did not change in abundance. Akkermansia did
change relative to all other taxa (i.e. true positive in a compositional analysis),
but did not change in absolute abundance (i.e. true negative for QSeq
analysis). This result is broadly supported by conceptual work on

compositionality in data (Gloor and Reid, 2016; Gloor et al., 2016, 2017;
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Tsilimigras and Fodor, 2016). Our modeled data further support these
findings and suggest that QSeq is most useful in determining how individual
taxa respond to their environment or other members of the community,
especially when there is variation in the absolute abundance of the
community (Figures 2.2 & 2.4). Our simulation data agreed with the findings
that QSeq can substantially improve the accuracy of abundance estimates for
individual taxa in the dataset (Barlow et al., 2020; Jian et al., 2020).

Results of the simulated data provide boundaries for when QSeq
should be expected to outperform compositional methods for inferring
changes in abundance and correlation of taxa across environmental
gradients. When there was a large variation (SD = 40% of the mean) in
absolute abundance, QSeq outperformed compositional methods even when
the abundance estimation had 50 % error (Figure S2.2). Taxon relationships
were better predicted using QSeq when the total abundance measurement
error was < 5 % and the standard deviation of sample abundance was > 5%
of the mean absolute abundance of taxa across samples (Figure 2.2).
Although measurement error can alter the threshold, our models suggested
that a standard deviation of 5% of the mean total abundance across samples
could be considered a conservative threshold for determining if absolute
abundance is “invariant” with respect to the compositional network analyses.
This was a surprisingly low value. Across three datasets we analyzed, the
lowest relative standard deviation in total abundance was 75% of the mean

total abundance (GLUSEEN) and the highest was 128% of the mean total
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abundance (FSP; Figure 2.3). These results suggest that in many
environmental contexts the dataset is unlikely to fit the assumptions of
compositional analyses. As a standard practice, researchers should quantify
both the variation in absolute gene abundance across their dataset and
estimate the error in these measurements to determine whether or not to
apply QSeq.

Compositional analyses primarily use a transformation analogous to
the centered log-ratio (CLR; Aitchison, 1982). CLR is calculated by dividing
the abundance of each taxon in each sample by the geometric mean of that
sample. This normalizes the counts within each sample to the average count
abundance within that sample, thereby standardizing taxon counts within
each sample to the mean abundance of the respective sample. CLR
transformations that use the sample-wise geometric mean as reference result
in compositional analyses that are unable to account for differences in the
mean abundance among samples (Aitchison, 1982; Gloor and Reid, 2016;
Gloor et al., 2016, 2017; Tsilimigras and Fodor, 2016). Therefore, the poor
performance of compositional inference methods is an expected result when
the underlying data have large differences in sample-wise mean taxon
abundance values. There is an exception to this generality. There are a
variety of methods that may be used to calculate CLR using different subsets
of the taxa as reference in the log-ratio (Fernandes et al., 2013, 2014). If a
feature within the dataset truly does not differ in abundance across samples,

it may be used as the reference (Quinn et al., 2019) and would result in CLR
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values that accurately reflect the log-fold change of the true abundance of
taxa. This situation is unlikely to occur naturally; however, spike-in techniques
(Smets et al., 2016; Stdmmler et al., 2016; Tourlousse et al., 2017) could
generate an appropriate control to create this condition.

Meanwhile compositional correlation analysis is also unlikely to
accurately represent patterns in the community because the assumptions of
the method are easily violated. Compositional correlation analysis depends
on the observation that the ratio of two features in a compositional dataset
accurately represents the ratio of their absolute abundance (Aitchison, 1982).
This observation is used as the basis to infer correlation between taxa under
the assumptions that 1) the ratio of two strongly positively correlated taxa will
not change (i.e. will be invariant across samples); 2) conversely, the ratios of
two strongly negatively correlated taxa will be highly variable across samples;
and 3) that relatively few taxa exhibit strong correlations (Kurtz et al., 2015;
Watts et al., 2019). When combined, these assumptions allow the distribution
of log-ratio values of taxa across samples to be used to identify the outliers
(high and low variance) as the strong positive and negative correlations (Kurtz
et al., 2015). However, the assumptions of this method are easily violated
under normal environmental conditions. For example, taxa can be strongly
positively correlated, and yet have high variance in log-ratios. To illustrate
this, consider three sites (Figure 1) that have three taxa each. The abundance
of taxon 1 across sites is respectively, 1, 26, and 51. The abundance of taxon

2 across sites is respectively 25, 26, and 27. The abundance of taxon 3 is
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respectively 100, 101, and 102. When correlated to one another, all three
taxa have a Pearson correlation coefficient of 1 across all three sites. But they
have different variances in log-ratio; taxa 2 and 3 have low variance (<0.001),
and taxon 1 has high variance with each of the other taxa (>4.25). A
compositional correlation inference framework would determine that taxon 1
is negatively correlated with taxon 2 and 3; and that taxa 2 and 3 are
positively correlated. These inferences are flawed, however. If most taxa
covary in abundance due to a strong environmental gradient, then variation in
log-ratio does not reflect correlations amongst taxa, rather it reflects the
relative response rate of each compared to other taxa. It is common for steep
environmental gradients to define ecotones and therefore exhibit strong
correlations among large portions of the community across the transition
(Smith et al., 2018), and it is common for there to be steep environmental
gradients that determine the abundance of microbial taxa (Figure 3; Barlow et
al., 2020; Epp Schmidt et al., 2022). Since most environmental studies
examine temporal and spatial variations that are expected to delineate
differences in the microbial community, researchers should be cognizant of

the high likelihood for these patterns in their data.

2.5 Conclusions

Change in the density of taxa, rather than their composition, is critically
important for unraveling the underlying ecological drivers of microbial
community assembly. Erroneous inferences are easily made if the absolute

abundances of taxa are not accurately estimated. We show that when
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absolute community abundance changed by as little as 5%, QSeq more
accurately predicted taxon abundance and covariances among taxa. There is
a high likelihood that most, if not all, environmental microbiome datasets
exceed this total abundance variability threshold. Thus, differential abundance
analysis, and correlation analysis should by default be done using the QSeq
data transformation. QSeq offers no advantage to the estimation of alpha
diversity. And whether QSeq improves the ecological inference of beta
diversity likely depends heavily on the distance index used and the question
being investigated. We urge that developers for microbiome analysis

pipelines offer support for QSeq analysis as part of their standard pipeline.
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Figure S2.1: diagram of the process for the simulation from Figure 1.
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Figure S2.2: Sensitivity of QSeq to total abundance estimation error on a dataset with no
skewness with and without an environmental gradient.
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Table S2.1: Table describing the justification of quadrants for Figure 2.4.

Abundance | Community
Analysis Rationale
Category Category
Compositional analyses are designed to eliminate
gradients in total abundance — thus cannot detect
correlations among taxa that are due to
Abundance due to environmental gradients, especially those that
. influence the overall abundance of taxa in the
environment,
. . community. Our modeling data shows clearly that
including other taxa
small amounts of variation in total abundance
Taxon (linear and logistic
(greater than 5%) substantially reduces the
regressions;
accuracy of both compositional and Pearson
coneliion & correlation analyses without QSeq normalization;
covariance) but that QSeq normalization improves the
accuracy of correlation analyses, especially when
Important there is greater than 10% variation in total
abundance among samples.
Correlation or This is a community-wide application of single
Covariance Network | correlation or regression analysis among taxa
Total microbial This is a direct measure of total microbial
abundance abundance
Community
Require accurate estimation of taxon abundance;
Abundance-
compositional methods measure proportion, not
Occupancy Models
abundance
) ) Community-wide application of single taxon
Joint Species
regression models; require accurate estimation of
Distribution Models
taxon abundance.
Occupancy is the measure of taxon prevalence (or
Taxon Occupancy

detection of taxa) — accurate estimation of taxon
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Not

Important

abundance is not important for this analysis.
However, researchers should include in the model
an estimation of the effect of sequencing depth on
detection probability to account for sequencing

effort.

Community

Alpha Diversity
(Richness,

Evenness)

These are community-scale metrics of the rank
abundance curve, and are not sensitive to total
abundance. Richness estimates are strongly
influenced by sequencing depth (which should be
controlled); measrues of evenness reflect the
relative detection probabilities of the taxa. Neither
require accurate estimation of true taxon

abundance in the environment.

Co-Occurrence

Networks

Unlike correlation and covariance, occurrence
reflects occupancy and is not dependent on the
abundance of each taxon. Similar to occupancy
analyses, the co-occurrence network should
account for sequencing effort in each sample, and
estimate the likelihood of non-detection due to

undersampling.

Differential
Proportions /

Relative Abundance

This is in the community category because
compositions or proportions of one taxon are
determined in part by all taxa. And it is in the not-
abundant category because measuring accurately
the abundance of the taxon is not important to

determining it's proportion.

Either

Important,

Taxon

Indicator Taxa

Indicator species can be determined on the basis
of occupancy (prevalence within a given
environment); but in some applications, especially

in environmental quality monitoring, the

61




or Not abundance of a specific taxon is itself an important

indicator. Thus, whether abundance is important
Important

depends on the objective of the indicator.

This depends on the research objectives and
assumptions. Some similarity indices (such as
Jaccard or Bray-Curtis) reflect zeros and total
abundance, which is desirable if the community
differs in occurrence and abundance across the
measured conditions (and if the researcher is
Community Beta Diversity interested in these aspects). Other similarity
indices (such as Aitchison distance) more
accurately reflect relative changes in abundance,
but cannot accept zeros and do not reflect total
abundance. If the question is about differences in
relative proportion, then abundance may not be

important to account for.
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Abstract

High throughput sequencing coupled with metabarcoding has widely
been adopted as method to monitor environmental microbiomes. Most studies
target 16S rRNA genes, but microbial taxonomy, especially in the case of
bacteria, is sometimes an unreliable predictor of function. Many software
programs have been developed to infer the presence of functional genes
based on sequence data from environmental samples, however guidelines for
how to interpret these data are poorly defined. Typically, the accuracy of the
software is benchmarked against metagenome data, all of which is expressed
as relative abundance. The actual quantity of genes in the environment are
rarely used to substantiate the accuracy of the predicted metagenomes. To
address this issue, we compared the accuracy of gene quantity estimated by
PICRUSt2 to gene copy number measured by QPCR. Data from multiple
studies of different environmental systems and at different spatial scales were
synthesized. Quantification of 16S rRNA genes and sequence data were

combined using QSeq to generate estimate of true quantity. We hypothesized
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that this method when applied to PICRUSt2 data would improve the accuracy
of gene abundance estimates. We further hypothesized that horizontal gene
transfer would result in certain genes being less reliably estimated than
others. We found that total abundance correction improved PICRUSt2
predications, but there was no difference in prediction quality based on gene
identity across studies. Rather, unique characteristics of each study lead to
specific genes being more or less accurately predicted, suggesting that the
primary barrier to consistently accurate gene abundance prediction is
database quality. We suggest that gene prediction software cannot be the

sole evidence used to infer absolute abundance of many functional genes.

3.1 Introduction

Microbes are ubiquitous and essential members of all ecosystems on
earth (Cavicchioli et al., 2019). These taxa mediate many important
biogeochemical cycles (Bardgett and van der Putten, 2014); diseases in
human health and the health of crops, and livestock (Suman et al., 2022) and
affect the primary productivity of ecosystems. Thus, microbiome function is
essential to many ecosystem services. Recent advances in sequencing
technology have revolutionized microbiome research, allowing communities
to be rapidly sampled at large spatial scales at a reasonable cost (Fierer and
Jackson, 2006). Amplicon sequencing has become a staple component of
environmental monitoring and inquiry activities (Apothéloz-Perret-Gentil et al.,

2017; Cordier et al., 2019, 2018), particularly for bacteria that can be
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characterized using 16S rRNA genes. 16S rRNA gene studies are often
limited in the functional information provided by the sequencing (Fierer et al.,
2021). Because whole genome sequencing is considerably more expensive,
and because other quantitative methods like QPCR require more laboratory
time per unit of information (Porter and Hajibabaei, 2018) a suite of database
and annotation tools have been developed to infer metagenomic content from
amplicon data (Djemiel et al., 2022).

There are several strategies to predict genomic content of a 16S rRNA
gene dataset. The first is exemplified by PICRUSt2 (Douglas et al., 2020),
which uses an ancestral state model to predict the genomic content of
bacteria and archaea based on where they are placed in the phylogenetic
tree. In contrast, Tax4Fun2 predicts genomic content of taxa by averaging the
genomic content of closely related genomes in the reference database
(Wemheuer et al., 2020, p. 2, 2018, p. 2). A third approach, FAPROTAX
predicts genome content at the species level based on a manually curated list
of genes that exist in all sequenced strains within the species (Sansupa et al.,
2021). All of these methods work by matching taxa from the sample to a
reference database of genome content; they differ in how they construct the
reference database, and the confidence thresholds for predicting genomic
content (i.e. precision of sample to reference match, confidence level in
presence of gene, etc). The accuracy of metagenome inference software is
typically benchmarked by correlating the predicted metagenome content

against measured metagenome content as determined by shotgun

65



metagenomic data (ARhauer et al., 2015; Douglas et al., 2020; Iwai et al.,
2016; Jun et al., 2015; Narayan et al., 2020; Wemheuer et al., 2020, 2018).
This approach has the advantage that the detection of multiple genes and
pathways can be simultaneously tested, but suffers from several significant
disadvantages.

The first weakness of using shotgun metagenomic data as the
reference is that they are based on relative abundance; all sequence data is
inherently compositional because the number of sequences per sample is
random in multiplexed runs (Fernandes et al., 2014; Gloor et al., 2017, 2016).
This limitation is virtually never addressed in the context of metagenome
prediction however (Djemiel et al., 2022), even though it is an important
aspect of all ‘omics data (Quinn et al., 2019). The compositional nature of
sequence data implies that neither 16S rRNA gene amplicon nor shotgun
metagenomic datasets give direct information about the total abundance of
the gene in the environment. Differences in compositional datasets are best
interpreted as differences in the relative response rate of their components to
experimental conditions; they are unreliable as an indicator of true abundance
if the overall abundance of features (in this case, genes) changes across
experimental conditions (see Chapter 2). Predicted metagenomes are also
compositional, making inferences about the effect of environmental gradients
on the absolute abundance of genes impossible based solely on sequencing

data and metagenome prediction.
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The second weakness compounds the first. Within compositional
metagenomics data there is a high degree of structural correlation in gene
abundance that is due to the actual correlation among certain gene families
(Douglas et al., 2020). Genes coding for universal cell functions like DNA
maintenance and replication will always be more abundant than genes for
non-universal metabolic functions like nitrogen fixation or methanogenesis.
This results in a systemic positive correlation bias that can be seen in
benchmarking efforts. For example (Douglas et al., 2020) used a “null” control
reference genome that was defined as the mean gene family abundance
across all reference genomes. This null model indicates how much variation
is explained by the relative prevalence of gene families across the reference
genomes before considering the treatment effects. The mean correlation
between reference metagenomes and this null prediction model ranged from
0.6 to 0.8, indicating that much of the correlation between predicted and
measured metagenomes found in the literature is due simply to the relative
dominance of certain gene families across all genomes. Efforts to use a
differential abundance framework, which is more sensitive to changes in the
relative abundance of rarer features (Gloor et al., 2016), to benchmark the
metagenome prediction tools generally find that predicted metagenomes
poorly predict which genes are differentially abundant (Douglas et al., 2020;
Narayan et al., 2020). This indicates that in general predicted metagenomes

also poorly reflect the relative abundance of rarer metabolic functions.
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Recent work in amplicon sequence datasets has challenged the notion
that sequence datasets must be analyzed in a compositional framework
(Barlow et al., 2020; Epp Schmidt et al., 2022; Jian et al., 2018). By
combining sequence data and QPCR, researchers may generate quantitative
estimates of microbial taxa. Theoretically, these datasets could also generate
quantitative predictions of functional gene abundances. In this paper, we test
whether predictions using 16S rRNA gene Quantitative Sequencing are
accurate when compared to Quantitative PCR of target functional genes. We
combined data from several previously published datasets that include 16S
rRNA gene sequencing and QPCR, and QPCR of at least one functional
gene. We focused on the prediction of commonly studied environmental
genes that contribute to C and N cycling: nitrite reductases (nirS, nirK),
nitrous oxide reductase (nosZ), particulate methane mono-oxygenase subunit
A / ammonia mono-oxygenase subunit A (pmoA-amoA), nitrogenase H (nifH),
and methyl coenzyme M reductase alpha subunit (mcrA). We had two
hypotheses: 1) Using the quantitative sequencing method will substantially
improve the accuracy of predicted gene quantity from the predicted
metagenomes and 2) genes will differ in how accurately their quantities can

be predicted based on how closely gene phylogeny matches 16S rRNA gene

phylogeny.

3.2 Materials and Methods

To determine if the abundance of functional genes can be accurately

predicted using the 16S rRNA gene markers as a reference, we conducted a
68



meta-analysis using six studies (Table 3.1) that included six different

functional genes (amoA, mcrA, nifH, nirS, nirk, and nosZ). The KO and EC

values for each of the genes are summarized in Table 3.2. The specific

primer pairs used for quantifying each gene in each study are presented in

Table 3.3. Each study needed to contain QPCR values for 16S rRNA and at

least one functional gene. Although there are numerous studies that collected

these data along with 16S rRNA sequence, most present only summary data

for QPCR. Since this study needed the sample-wise values of QPCR, as well

as the sequence data, we reached out directly to the authors. This resulted in

a relatively small list of representative studies that could be included.

Table 3.1: Description of studies included in meta-analysis.

Dataset Environment Gene Targets Citation

Maryland | Wetland soil — local to Maryland, | nirS, nirK, nosZ, Prasse et al.,

Wetland USA mcrA, pmoA (2015)

Global Wetland soil — Global analysis amoA, nirS, nirK, Bahram et al.,

Wetland nosZl, nosZIl, nifH | (2022)

Industrial | Industrial — Manure maturation amoA, nirS, nirK, Nguyen et al.,

Manure experiment nosZ, mcrA (2022)

Urban Urban soils — global gradient in amoA (archaea), Epp Schmidt et al.,
land use amoA (bacteria) (2019)

Maryland | Agricultural soils — local to nifH Epp Schmidt et al.,

Agriculture | Maryland, USA (in review)

Maryland | Urbanized riparian soils — local to | nirS, nirK Wood et al., (in

Riparian Maryland, USA review)

Study specific data preparation

The Maryland Wetland dataset was originally sequenced on a Roche

454 sequencer; we accessed the sequences from NCBI (PRJINA276421),

then used QIIMEZ2 (Bokulich et al., 2018; Caporaso et al., 2010) to
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demultiplex the samples, removed barcodes, and ran DADA2 amplicon
sequence variant (ASV) inference. This dataset measured amoA and pmoA
separately; however for many samples amoA was below detection limit.
Therefore, we discarded the amoA measures and only kept pmoA for the
correlation analysis.

The Global Wetland sequences were downloaded from NCBI
(PRJIJNA718418). The sample metadata was supplied by the authors (Bahram
et al., 2022). DADA2 was used for chimera filtering, sequence quality control,
and sequence variant inference. Taxonomy was assigned from SILVA
(release no. 132); and the dataset was filtered to only include bacterial and
archaeal sequences. In this study, there were multiple sequencing runs for
each QPCR sample that was taken; therefore, we averaged sequencing runs
to produce one community profile per QPCR sample. Additionally, this
dataset measured nosZ | and nosZ |l abundance separately; we summed the
abundance across both primers to estimate total nosZ abundance.

Sequence and meta data for Industrial Manure, Maryland Agricultural,
Urban, and Maryland Riparian studies were provided directly by the authors.
In each of these studies, DADAZ2 was used for chimera filtering, sequence
quality control, and sequence variant inference. Taxonomy was assigned
against SILVA (release 132) database. The upland urban study included
bacterial and archaeal amoA gene quantities for QPCR — these were

summed to capture total measured amoA.
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Table 3.2: KO and EC values for each gene

Gene KO Number EC Number
nirS 15864 1.7.21 &
1.7.99.1
nirk 00368 1.7.21
nosZ 00376 1.7.24
pmMoA 10944 1.14.18.3
amoA 10944 1.14.99.39
mcrA 00399 2.8.4.1
nifH 02588 --
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Table 3.3: Genes and primers in each study. When different, citation for forward (F) and

reverse (R) primers are indicated. For amoA, primers that target bacteria (AOB) and archaea

(AOA) are indicated. Phylogenetically constraints are also indicated for nosZ; eg clade 1
(nosZ1) and clade 2 (nosZ2).

Dataset nirS nirk nosZ pmoA- mcrA nifH
amoA
Maryland | (Kandeler | (Henry et nosZ1: pmoA: (Im (Pereyra | -
Wetland etal., al., 2004) (Henry et etal, 2011) | etal.,
2006) al., 2006) 2010)
Global F:(Weiet | (Henry et nosZ1: AOB: -- Ueda
Wetland al., 2015); | al., 2004) (Henry et | (Rotthauwe et al
R: al., 2006) | etal., 1997) 1995
(Kandeler nosZ2: AOA:
etal., (Jones et | (Tourna et
2006) al., 2013) | al., 2008)
Industrial | (Throback | (Throback | (Throback | AOB: (Angel --
Manure et al,, et al,, et al,, (Rotthauwe | et al.,
2004) 2004) 2004) etal., 1997) | 2011)
AOA:
(Meinhardt
et al,, 2015)
Urban -- -- -- AOB: -- --
(Rotthauwe
etal., 1997)
AOA:
(Mincer et
al., 2007)
Maryland | -- -- -- -- -- (Rosch
Agriculture et al,,
2002)
Maryland | (Kandeler | (Henry et -- -- -- --
Riparian etal., al., 2004)
2006)

Predicted functional gene profiles were constructed using PICRUSt2

(v2.4.1) and Tax4Fun2 (v1.1.5). Tax4Fun2 is no longer available in a public

repository; so, we provide a tar file in the supplemental to allow for the

analysis in this paper to be replicated. Since Tax4Fun2 is no longer being

supported, the purpose for including Tax4Fun2 in this analysis is not to

compare its accuracy to PICRUSt2. Rather, we include the Tax4Fun2 output

in this analysis because the specific parameterization of Tax4Fun2 allows us
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to explore how reference dataset quality and match precision interact in
producing functional gene predictions. In Tax4Fun2, there are two reference
datasets, where reference genomes are clustered at the 99% and 100% 16S
rRNA gene sequence match. And then the user may additionally determine
the percent match of sample 16S rRNA gene sequences must have to the
reference. We ran Tax4Fun2 using both reference datasets, and a range of
matches from 96% to 100%. PICRUSt2 does not allow for this exploration.
Both packages produce estimates of gene abundance based on the
count data supplied; therefore, we generated quantitative estimates by first
transforming these estimated abundances to relative abundance. Then,
similar to QSeq methods published elsewhere (Epp Schmidt et al., 2022; Jian
et al., 2018), we scaled the abundance of functional genes using the total
number of 16S rRNA genes to produce a predicted abundance value for each
gene. In principle this should produce a predicted gene quantity. PICRUSt2
provides metagenome predictions in terms of KEGG Orthology (KO), and
Enzyme Nomenclature (EC) numbers. EC numbers are treated as attributes
of KO numbers (Kanehisa et al., 2016a, 2016b). There may be multiple EC
numbers for each KO, but there also may be multiple KO numbers that are
represented by an EC number. Therefore, we examined the PICRUSt2

predictions using both the KO and EC output.
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Statistics

Pearson correlation coefficient were calculated between measured and
predicted gene abundance in each dataset using each software output (both
raw output and transformed abundance). Using only the PICRUSHt2 results,
we determined for each pair of normalization methods (quantitative or
relative) whether quantitative normalization increased or decreased the
correlation. The Chi-squared test was used to determine whether the QSeq
consistently increased the correlation between predicted and measured gene
abundance across datasets. We also used a linear model to determine if
QSeq and gene identity affected the correlation between measured and
predicted gene quantity. For this linear model, we used the study of origin as
a blocking factor to control for differences among studies. We also calculated
the Pearson Correlation coefficient for predicted and measured gene

abundance across all datasets for each gene.

3.3 Results

Correcting total abundance consistently improved the correlation
between measured and predicted gene abundance, regardless of whether KO
or EC annotations were used (Figure 3.1; Chi-Squared test: P < 0.001; each
ANOVA P < 0.012). In contrast, the identity of the gene did not affect the
correlation between measured and predicted gene quantity, regardless of
whether KO or EC values were used (Figure 3.1; each ANOVA, P > 0.3). For
each of the focal genes (nirS, nirK, nosZ, and amoA), at least one dataset

produced Pearson correlation coefficient greater than 0.7 comparing the
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measured quantity to a quantitative prediction (Table 3.5). Predicted
abundance of nirK was strongly correlated to measured gene abundance
across datasets (Figure 3.2; KO Pearson R =0.82; EC Pearson R = 0.83).
Conversely, the predicted abundance of nirS was not strongly correlated to
measured nirS abundance across datasets (Figure 3.3; Pearson KO R = 0.32,
EC R = 0.42). Predicted abundance of pmoA-amoA genes were weakly
correlated across datasets (Figure 3.4; KO and EC Pearson R = 0.50). And
the predicted abundance of nosZ was weakly correlated to measured
abundance (Figures 3.4 & 3.5; KO and EC Pearson R = 0.54). Whether EC or
KO provided more reliable predictions depended on the dataset and the gene.
For example in Maryland wetlands, EC provided a higher correlation than KO
for pmoA and nirK, but not nirS (Table 3.4 & Table 3.5). There was no EC

number for nifH, so nifH could not be predicted using EC nomenclature.
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Figure 3.1: Cloud and rain plot depicting the correlation of predicted gene quantity to
measured gene quantity across datasets and genes using A) Enzyme Class (EC) or B) Kegg
Orthology (KO) values predicted from PICRUSt2. PICRUSt2 outputs were transformed to
relative abundance (Relative) or were transformed to relative abundance then scaled sample-
wise by 16S QPCR value (Quantitative). Quantitative predictions were consistently more
accurate than Relative predictions (Chi-Squared test: P < 0.001; each ANOVA P < 0.012),
but there were no differences among genes (each ANOVA, P > 0.3)
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Figure 3.2: Scatterplot of nirK correlation between predicted gene quantity to measured gene
quantity across datasets using A) Enzyme Class (EC) or B) Kegg Orthology (KO) values
predicted from PICRUSt2. PICRUSt2 predictions were transformed to relative abundance,
and scaled using 16S QPCR to estimate total abundance of each gene. Dashed line
represents perfect prediction. Points falling above the dashed line represent overestimated
gene abundance, whereas points falling below the dashed line indicate underestimation of
gene abundance.
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Figure 3.3: Scatterplot of nirS correlation between predicted gene quantity to measured gene
quantity across datasets using A) Enzyme Class (EC) or B) Kegg Orthology (KO) values
predicted from PICRUSt2. PICRUSt2 predictions were transformed to relative abundance,
and scaled using 16S QPCR to estimate total abundance of each gene. Dashed line
represents perfect prediction. Points falling above the dashed line represent overestimated
gene abundance, whereas points falling below the dashed line indicate underestimation of
gene abundance. Points falling on the x-axis indicate samples where zero gene counts were
predicted from the 16S amplicon data.
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Figure 3.4: Scatterplot of nosZ correlation between predicted gene quantity to measured
gene quantity across datasets using A) Enzyme Class (EC) or B) Kegg Orthology (KO)
values predicted from PICRUSt2. PICRUSt2 predictions were transformed to relative
abundance, and scaled using 16S QPCR to estimate total abundance of each gene. Dashed
line represents perfect prediction. Points falling above the dashed line represent
overestimated gene abundance, whereas points falling below the dashed line indicate
underestimation of gene abundance.
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Figure 3.5: Scatterplot of pmoA-amoA correlation between predicted gene quantity to
measured gene quantity across datasets using A) Enzyme Class (EC) or B) Kegg Orthology
(KO) values predicted from PICRUSt2. PICRUSt2 predictions were transformed to relative
abundance, and scaled using 16S QPCR to estimate total abundance of each gene. Dashed
line represents perfect prediction. Points falling above the dashed line represent
overestimated gene abundance, whereas points falling below the dashed line indicate
underestimation of gene abundance. Points falling on the x-axis indicate samples where zero
gene counts were predicted from the 16S amplicon data

The environments with the highest correlations differed between
genes. For example, nirS had a high correlation in Maryland wetland soil
(Pearson’s R = 0.82), but performed poorly in more upland and industrial
(manure) datasets (Table 3.4). In contrast, nirK had a strong correlation in
industrial manure samples (Pearson’s R = 0.84) and performed poorly in all
other environments. The strongest correlation for nosZ was in Maryland
wetland soils (Table 3.4; Pearson’s R = 0.74), and for amoA the urban soils
and industrial manure settings were all highly correlated (Pearson’s R > 0.6).
Although some of the studies used the same primers for each gene, most
studies used distinct selection of primers to quantify gene abundance (Table

3.3).
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Table 3.4: Correlation coefficients for PICRUSt2 / KO before and after correcting for taxon

abundance.
pmoA-
Correction DataSet Scope amoA nirK nirS nosZ mcrA nifH
Maryland 03196  0.1676  0.6975 0.4692 0.3916
Wetland local ' ' ' ' '
2 Urban global 0.7451 - - — '" -
£ [ rie) 01226  0.3726 02049 0.1133 -0.423
= manure local
u Maryland 03169 0.0278
> Riparian local
® Global
> Wetland global 0.2876 -0.0248 0.1553 -0.002 - 0.1652
Maryland
Agriculture local — - - — — 00964
5
3 Maryland 0.3346  0.1095  0.8233 07415 0.7713
9 Wetland local
s Urban global 0.7979
©9 Industrial 0.6671  0.8480  -0.1080  0.3057 0.1202
&g manure manure
c
SE naryland 0.0409  0.3234
c iparian local
2 Ellaloel 04330 03692 05242 05632 - 0.5996
< Wetland global ' ' ' ' '
S Maryland
|2 Agriculture local - — — — — 00547
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Table 3.5: Correlation coefficients for PICRUSt2 / EC before and after correcting for taxon
abundance.

pmoA-

Correction DataSet Setting amoA nirK nirS nosZ mcrA nifH
Maryland 0.3240 0.2807 -0.3883  0.4695 0.3879 ===
Wetland local

o Urban  global 0.7411
g [ rie) 01239 03866  -0.1303 0.1239 -0.416
£ manure local
(7}
L
o Maryland - -0.3219 0.3157 - - -
-% Riparian local
2 Global
Wetland  global 0.2881 -0.0304 0.0183 -0.004 NA
Maryland
Agriculture local - — — NA
]
2 Maryland 0.3400 0.1543 0.7639  0.7363 0.7711 ==
9 Wetland local
5 Urban  global 0.7949
O, Industrial
gg manure  manure 0.6670 0.8706 -0.133 0.3060 -0.049 ===
c
SE Maryland 0.0549 05075 -
c iparian local
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Tax4Fun2 requires the user to select a reference dataset and a match
percent to the reference. In general, low match percentages were more
accurate than high match percentages (Figure 3.6 & 3.7). A notable exception
was pmoA which was most accurately predicted at 100% match to 100NR.
nosZ matches had the worst correlations at 99% match to either 99NR or
100NR reference sets; however, this was driven by a few outliers. As match
% increased fewer sites contained nosZ sequences and therefore more
samples were excluded. At 100% only a few remaining sites had predicted

nosZ genes (Figure S3.2).
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Figure 3.6: Tax4Fun2 correlation for local wetlands. Blue lines represent the correlation
accuracy for Picrust2. Solid lines are the native output, while dashed lines represent
abundance normalized output correlation with QPCR values. Tax4Fun2 allows a range of
parameters to be chosen; 100NR and 99NR refers to the accuracy of the reference clustering
(either clustered at 100% or 99% similarity); whereas the range on the X axis (96-100)
represents the match similarity of the sample sequence to the reference. Thus, variation in
the precision of the reference and the match to the reference are represented in this figure.

81



NR100 NR100 NR100 NR100 NR100

amoA nifH nirk nirS nosZ
0.84
'-"0
o--9 s \‘
0.61 ) . .
K R | [
) ] F—
% o -0 0. g 1 .
0.4 :
.'"0---0‘ Y
0.2 \/\'/ b
0.01 \‘\/‘\'
S Scaling
© NR99 NR99 NR99 NR99 NR99
g amoA nifH nirk nirS nosZ - Q

96 97 98 99 100 96 97 98 99 100 96 97 98 99 100 96 97 98 99 100 96 97 98 99 100
Percent Match

Figure 3.7: Tax4Fun2 correlations for global wetlands. Blue lines represent the correlation
accuracy for Picrust2. Solid lines are the native output, while dashed lines represent
abundance normalized output correlation with QPCR values. Tax4Fun2 allows a range of
parameters to be chosen; 100NR and 99NR refers to the accuracy of the reference clustering
(either clustered at 100% or 99% similarity); whereas the range on the X axis (96-100)
represents the match similarity of the sample sequence to the reference. Thus, variation in
the precision of the reference and the match to the reference are represented in this figure.

3.4 Discussion

Our hypothesis that total abundance correction would improve
predictions made by PICRUSt2 was supported. The accuracy to predict gene
abundance varied among genes and studies, but was almost always
improved by using 16S rRNA QPCR to scale the total abundance, regardless

of whether EC or KO values were used (Table 4; Chi-Square test P < 0.001,
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each). The second hypothesis that specific genes would be more reliably
predicted was not supported. Rather, the accuracy of gene prediction
depended on both the gene identity and the dataset. For example, the
predicted nirS quantity was highly correlated to measured quantity in
Maryland wetlands (Table 3.5, EC R = 0.82; Table 3.4, KO R = 0.76), but not
in the industrial manure (Table 3.5, EC R =-0.13; Table 3.4 KO R =-0.10). In
contrast predicted nirK quantity was better correlated to measured quantity in
industrial manure (Table 3.5, EC R = 0.87; Table 3.4, KO R = 0.84), but not
Maryland wetlands (Table 3.5, EC R = 0.15, Table 3.4 KO R =0.11). These
two studies have very different microbial communities; the environment in
Maryland Wetlands consisted of soil sampled from temperate freshwater tidal
wetlands and for four distinct wetland plant communities, whereas the
industrial manure samples were dairy manure aged and dried. The fact that
both datasets produced high correlations among predicted and measured
gene quantities for at least one gene suggests that differences in the
correlation of specific genes among the datasets is not related to laboratory
technique. The differences between studies were likely related to how well the
distribution of nir genes is understood for the sampled communities. For
example, nirS genes in sequenced microbial genomes tend to be isolated
from soil and extreme environments, while nirK genes tend to be found in
microbial genomes isolated from plant and animal hosts (Graf et al., 2014).
These two studies also used different primers to quantify nirS and nirK genes

(Table 3.2), so the pattern could equally reflect the degree to which the
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primers accurately capture the abundance of the gene. This highlights the
need within molecular ecology research for continued work building open-
source databases of environmental genetic data, and developing tools such
as marker gene and primer selection repositories.

Although there were strong correlations between predicted and
measured gene abundance for most genes in at least one study included in
this synthesis, in almost all cases PICRUSt2 underestimated gene
abundance by several orders of magnitude (Figures 3.2-3.4). There is clear
evidence for some genes that reference genomes do not sufficiently
represent the diversity of samples in the study. For example, PICRUSt2
erroneously predicted zero nirS gene abundance in several samples from 3
out of 4 of the studies that measured nirS abundance. The most accurate nirS
prediction was in wetland soils; whereas nirK was most accurately measured
in manure (Tables 3.4 & 3.5). This makes sense given that previous research
found nirK more often in animal associated denitrify bacteria (Graf et al.,
2014). Both nirS and nirK gene abundance were poorly predicted in
agricultural and urban soil environments.

Gene copy numbers in reference genomes do not explain
underestimation of predicted gene abundance. Genomes generally contain
only one copy of nosZ (Palmer et al., 2009). Some cyanobacteria (Thiel and
Pratte, 2014) and rhizobium (Morett et al., 1988) have been shown to contain
3 nifH copies per cell; but recently the discovery of high copy numbers of

pseudo-nifH genes has led to the suggestion that other nif genes should be
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used instead to quantify N fixation capacity in bacteria (Mise et al., 2021).
Ammonia oxidizing bacteria have 2-3 copies of amoA per genome (Norton et
al., 2002). Ammonia oxidizing archaea in marine environments are estimated
to have anywhere from three (Christman et al., 2011) to eight (Galand et al.,
2009) copies of amoA. Aerobic methane oxidizers are estimated to have two
copies of pmoA (Kolb et al., 2003). If PICRUSt2 were underestimating gene
abundance because it predicts too few gene copies per genome, then we’d
expect to see more underestimation when there are higher gene copy
numbers. In this case, we'd expect to see the greatest underestimation in
amoA, and the highest accuracy in nosZ. Rather the pattern is the opposite,
suggesting that either underestimating gene copy number is not the cause of
this systemic estimation error, or the literature values do not represent the
actual gene copy number in environmental microbes.

Previous papers have posited that functional niche adaptations are
sometimes decoupled from taxonomy (Louca et al., 2016b, 2016a; Philippot
et al., 2010). These findings are supported by a recent study of 19 soil
bacterial genomes that found evidence of recombination in as much as 35%
of gene families (Crits-Christoph et al., 2020). This finding is further
corroborated by other research finding strain-specific adaptation by bacteria
to soil conditions (Chase et al., 2021). In general, genomic content in bacteria
is dominated by locally adapted genes (Coelho et al., 2022), especially in
soils (Mantri et al., 2021). There is plentiful evidence that nifH and

denitrification genes often horizontally gene transfer (Alvarez et al., 2011;
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Bolhuis et al., 2010; Gaby and Buckley, 2014; Jang et al., 2019). For
example, inconsistencies between nir gene phylogenies and 16S rRNA
phylogeny prompted early researchers to suggest wide-spread horizontal
gene transfer (Delorme et al., 2003; Heylen et al., 2006; Horn et al., 2006).
Recently, the nirK gene has been found on plasmids in Azospirillum
brasilense multiple times (Petrova et al., 2010; Pothier et al., 2008); and has
been found alongside a nir-nor gene cluster within a transposon structure,
indicating that the genes were likely acquired through horizontal gene transfer
(Jang et al., 2019). And nirS genes have been shown to be horizontally
transferred among Thermus thermophilus (Alvarez et al., 2011). These
findings lend support to the notion that horizontal gene transfer of nirk and
nirS may be occurring in at least some lineages, even though other
evolutionary mechanisms such as gene duplication and lineage sorting may
also explain some of the incongruencies among 16S rRNA and denitrification
gene phylogenies (Jones et al., 2008).

Although horizontal gene transfer is a widespread mechanism for
adaptation in soil bacteria, current evidence suggests that certain gene
families are less likely to be transferred. For example, a high degree of
correlation between amoA and 16S rRNA phylogeny indicates that horizontal
gene transfer is rare (Alves et al., 2018; Pester et al., 2012; Wang et al.,
2016). Thus, gene families are very likely to differ in the degree to which
reference genomes provide sufficient evidence to predict the presence of

family members. It is also possible that differences in the ecology of gene
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homologues also result in different ecological behavior reflective in their
phylogeny. For example, the production of nitrous oxide by bacteria may be
used during nodule development to induce lateral root formation as part of the
nodulation process (Pii et al., 2007; Signorelli et al., 2020). A large proportion
of plant associated taxa harbor only a nirK gene, which produces nitrous
oxide, with no other genes for denitrification (Graf et al., 2014) indicating nirkK
likely has an important role for host-bacteria signaling. Thus, multiple
ecological functions may drive different evolutionary mechanisms and
divergent phylogenetic signals among nir lineages; it may be necessary to
distinguish these functions to make more accurate prediction of nir gene
abundance in the environment.

Taxa detected in datasets are often poorly matched to reference
databases. This can be clearly seen by using Tax4Fun2 to vary the match
percent of sample to reference dataset (Figure 3.6 & 3.7). Tax4Fun2 predicts
genes on an OTU basis matching OTUs at a defined match threshold to
reference genomes. Almost all genes in all datasets achieve the best match
when the match threshold was low (96%). The pmoA and amoA genes were
an exception, but this may be because two distinct genes and functions are
confounded in the pmoA-amoA KO number (Table 3.2). In this case, higher
percent identity match (100%) leads to more accurate predictions for pmoA
but not amoA (pmoA: Figure 3.6; amoA: Figure 3.7). A lower threshold allows
a larger portion of the microbial community to be annotated in each sample.

This is important because there are very often relatively few taxa that are
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reliably assigned taxonomy at the Order level in each sample (Supplemental
Figure 3.1), making accurate functional predictions for the whole community
challenging. This is a consistent challenge across prediction software
platforms. For example, the metagenome-inference software Piphillin (lwai et
al., 2016; Narayan et al., 2020) produced the highest correlation between
predicted metagenome and the reference metagenome across several animal
microbiome datasets when the sample sequence to reference sequence
identity match threshold was between 0.75 and 0.99; and all datasets
exhibited a pattern where matching above a certain threshold (ranging from
0.96-0.99) resulted in a decrease in correlation to the reference metagenome
(Narayan et al., 2020). Very similar microbiomes may vary substantially in the
accuracy of metagenome prediction (Narayan et al., 2020). Most likely the
high diversity of unknown and undescribed organisms and horizontal gene
transfer events both contribute at some level to the systemic underestimation
bias in PICRUSt2 data.

Finally, QPCR often provides a narrower context for quantifying gene
abundance than KO numbers. Ammonia monooxygenase subunit A (amoA) is
used to measure the abundance of ammonia oxidizers, but separate primers
are used to detect archaeal (i.e. AOA: Tourna et al., 2008) versus bacterial
(i.e. AOB: Rotthauwe et al., 1997) amoA genes. Although the particulate
methane monooxygenase subunit A (pmoA) gene is used to measure
methane oxidizers (Im et al., 2011), both pmoA and amoA are designated by

the same Kegg Ontology reference number (Table 3.2). They are, however,
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distinguished by EC number (Table 3.2). This ambiguity means that whether
amoA/pmoA quantity is accurately predicted may depend significantly on both
the primers used for quantification and which group happens to be dominant
in the sample. This is also an issue for nirS and nirK, which share EC
numbers (Table 3.2). Annotation using EC numbers in almost all cases
improved the prediction accuracy (Tables 3.4 & 3.5); one exception was for
nifH which does not have an EC number and so using EC nomenclature
would erroneously predict no nifH genes. Therefore, EC nhomenclature will not
always be a better choice than KO number for predicting gene abundance.
And while EC nomenclature tended to improve the accuracy of gene quantity
prediction across datasets, the correlations within datasets were comparable

to KO numbers (Tables 3.4 & 3.5).

3.5 Conclusion

Using quantitative scaling methods reliably improves the accuracy of
functional gene prediction using the PICRUSt2 software. And, under certain
conditions, gene quantity estimates were highly correlated to measured gene
abundance. However, it is not yet feasible to both accurately and reliably
predict the quantity of functional genes in soils from 16S amplicon sequence
data. Predicted gene abundance is consistently low compared to measured
gene abundance. And while certain genes are more accurately estimated
under certain conditions, for all genes the majority of predicted gene
quantities were poorly correlated to measured gene quantities in the majority

of environments. Gene quantity estimation will likely be improved as more
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reference genomes are sequenced and annotated. But because horizontal
gene transfer is an important mode of adaptation in bacteria, it is likely that for
certain genes quantity estimation may be significantly improved by including

model parameterization for the environmental context of the sample.
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Figure S3.1: Proportion of taxa from GLU (Epp Schmidt et al 2017, 2019) that are annotated
to a given level of taxonomy (Species — Order) as a function of rank abundance. Less than 50
percent of the most abundant taxa have genus or species annotations.
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nosZ prediction as match threshold becomes more stringent.
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Abstract

Agriculture, by its intentional design, manipulates the ecological
functions of soils. It does so by altering carbon and nutrient inputs; by
controlling the plant community; and in the case of tillage, by physically
disrupting and redistributing the soil within the soil profile. While there are
many studies that contrast soil microbiomes across farming systems, few
studies have examined the effect of farming system on the vertical
organization of taxa in the soil profile. We hypothesized that large effects of
farming systems on edaphic factors would lead to large impacts on the
microbial community that would reflect the underlying life history strategy of
the microbes. For example, that tillage would increase the proportion of

unicellular fungi. Our study compared farming systems that had been in place
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for 13 years in the mid-Atlantic region of the United States. Each system is a
3-year rotation of corn (Zea mays), soybean (Glycine max), and wheat
(Triticum aestivum), managed with either conventional no-till, conventional
chisel-till, or using organic methods. We determined the relative effect of long-
term farming system management on edaphic factors and the soil microbial
community with depth structured sampling (0-5, 5-10, 10-Ap, Ap-30 cm). We
found relatively small effects of farming system but substantial effects of
depth on edaphic factors and microbial communities. For example,
differences in management resulted in subtle differences in %C above the Ap
horizon. Fungal gene abundance increased in the organic system relative to
the no-till system, although neither fungal nor bacterial richness differed
across farming systems. Farming system effects on microbial community
composition were greatest in the top 10 cm but did not affect the abundance
of unicellular fungi. Several groups including Pseudomonas and
Mortierellomycota appear to be sensitive to redistribution by tillage in the
organic system, but it is not clear to what extent this effect is due to legacy

DNA from tillage.

4.1 Introduction

Soil microbial communities are critical to soil function and contribute to
healthy soils. As interest in assessing and measuring soil health has
increased, so has a debate about whether soil microbial community metrics

can be and should be included in soil health tests (Bach et al., 2020; Fierer et
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al., 2021). As noted in the recent NRCS technical note on soil health, current
tests measure a variety of chemical and physical parameters and typically do
so on a bulked sample of the upper 10 to 30 cm of soil (Stott, 2019). For
microbial measures, the NRCS technical note suggests determining microbial
composition based on fatty acid profiles and archiving soils for future analysis.
Stott (2019) notes that currently there is not a standard method for measuring
the microbial community and there is a lack of data on farming system effects
on microbial community metrics. Addressing these limitations requires studies
that assess the microbial quantity and composition in farming systems that
control for soil type, tillage, crop species, and ideally have been managed for
several years to allow for potential changes in the microbial community.
Conversion from tilled to no-till systems have been observed to change
some microbial community metrics. For example, microbial biomass and
enzyme activity were consistently higher in no-till compared to tilled systems
across several studies (Zuber and Villamil, 2016). The effect of tillage on
microbial community composition is mixed, however. For example, a recent
meta-analysis compared 60 studies and observed a general increase in both
bacterial and fungal biomass under no-till, but not specific trends in fungal to
bacterial ratios (Chen et al., 2020). The relative effect size varied based on
soil texture, with an increase in fungal biomass under no-till management in
clayey soils. This underscores the importance of evaluating farming practices
on the same soil type and conducting similar experiments across different soil

types and climates. Increases in the fungal to bacterial ratios have sometimes
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been pointed to as an important soil health metric, likely due to the
assumption that increased fungal biomass is driven by an increase in
arbuscular mycorrhizal fungi (AMF). The amount of saprophytic fungi can
also change however, masking AMF differences (Mbuthia et al., 2015). No-till
has been shown to increase AMF phospholipid fatty acid (PLFA) biomarkers
(Helgason et al., 2010; Mbuthia et al., 2015).

Outside of comparisons between no-till and tilled systems there is a
broad spectrum of practices used in agriculture. Organic farming, for instance,
typically requires tillage for weed control and residue management, but also
includes diversified soil C inputs via the use of green and animal manures
and crop rotational diversity (Teasdale et al., 2007). Recent studies have
observed that bacterial and fungal biomass are higher under organic
management compared to no-till or conventional (Wu et al., 2015) and AMF
PLFA markers increased with cover crop additions (Finney et al., 2017). King
and Hofmockel (2017) observed that diversified cropping systems supported
higher microbial biomass and increased microbial activity in the top 20 cm of
soil.

Aside from AMF, most differences in microbial community structure
cannot be directly related to function. For example, the phylum Acidobacteria
has been observed to decrease under no-till (Dong et al. 2017) but increase
under organic management (Chen et al., 2020), suggesting that these
organisms are sensitive to management, but little is known about the role they

play in soils aside from being aerobic heterotrophs (Kielak et al., 2016). More
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studies are needed to substantiate broad patterns in shifts in microbial
community composition under different farming systems and elucidate their
underlying drivers.

One hypothesis suggests that the form of the microbe —whether it is
filamentous or unicellular growth habit— fundamentally constrains their life-
history traits, and therefore their ecological behavior (Daws et al., 2020).
Some key attributes that may distinguish filamentous microbes from single-
cell microbes include a greater ability to compete for resources, a greater
ability to disperse through soils, but slower recovery from some types of
stressors. Some authors have therefore posited a general trade-off between
growth-oriented and competition- oriented strategies even in filamentous fungi
(Malik et al., 2020; Treseder and Lennon, 2015). Interestingly, some
filamentous bacteria, such as Actinobacteria, appear to behave more
similarly to small fungi (Griffin, 1985), especially when pore size distribution
and moisture content create conditions that limit the dispersal of unicellular
bacteria (Wolf et al., 2013). If these hypotheses are accurate, then we would
expect tillage to drive higher abundance of smaller, faster growing fungi that
are tolerant of a greater diversity of environmental conditions (Egidi et al.,
2019); or, alternatively, that lack of tillage would promote taxa that form
larger, more complex structures.

In the current study, we characterized the soil microbial community of
three corn-soybean--wheat crop rotations managed using conventional no-till

(NT), conventional tillage (CT) and organic (ORG) farming practices in the
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Mid-Atlantic, USA. Soils were collected from the long-term USDA-ARS
Farming Systems Project. At the time of sampling, the experimental
treatments had been in place for at least 13 years. Soils were sampled at 0-5
cm, 5-10 cm, 10cm — plow layer (Ap horizon), and Ap-30 cm depths. Ap depth
varied by plot but was between 12 and 26 cm (Figure S1). Amplicon
sequencing was used to determine the composition of the bacterial/archaeal
and fungal communities, and qPCR was conducted to quantify microbial gene
abundances. Additional soil physical and chemical parameters were
measured including pH, texture, C and N content, and mineral N
concentrations. We tested three hypotheses: 1) long-term organic practices
increase the gene copy numbers of bacteria and fungi because of more
diverse and possibly greater C inputs in ORG compared to NT or CT; 2) no-till
treatments have a different vertical distribution of bacteria and fungi above the
Ap horizon compared to tilled treatments because the lack of tillage results in
more concentrated resources and organisms at the surface of the soil; and 3)
because of differing quality and quantity of C inputs, as well as differences in
their incorporation within the plow layer, the composition of bacterial and
fungal communities will differ above the plow layer among the three farming
systems, diverging in particular with respect to differences in putative growth

habit.

105



4.2 Materials and Methods

Site Description

Soils were sampled in August 2013 from the Farming Systems Project
(FSP) in Beltsville, MD (39.03° N, 76.90° W). The climate is humid subtropical
bordering humid continental, with an average annual precipitation of
approximately 1110 mm, and average temperature of 12.8 °C. Soil series
mapped at the study site include Christiana (fine, kaolinitic, mesic Typic
Paleudults), Keyport (fine, mixed, semiactive, mesic Aquic Hapludults),
Matapeake (fine-silty, mixed, semiactive, mesic Typic Hapludults), and
Mattapex (fine-silty, mixed, active, mesic Aquic Hapludults) silt loams (Spargo
et al., 2011). All soils are designated as Ultisols with variable amounts of clay
in illuvial horizons, and variable average water table depths (Soil Survey Staff,
2014).

The FSP is a long-term experiment testing the effects of agricultural
management and crop rotation length on agricultural sustainability. Soils were
sampled from chisel-till (CT), no-till (NT), and organic (ORG) plots in each of
four experimental blocks. Only plots in the wheat phase of the crop rotation
were sampled (Table 4.1). Further details of the agricultural management of
the FSP can be found in Spargo et al. (2011) and White et al. (2019). In the
case of the CT and NT treatments, the plots we sampled were first managed
as part of these treatments in 2000 as described in Cavigelli et al. (2008).
Thus, they had been under consistent management for 13 years when

sampled.
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Table 4.1: Agricultural management practices of the Farming Systems Project (adapted from
Spargo et al., 2011).

Management Practice Cropping System

No Till (NT) _ Chisel Till (CT) _ Organic (ORG)

Crop rotation T C-r-S-W/S C-r-S-W/S C-r-S-W-v
Primary tillage * None Ch D, MB, or Ch
Weed control $ Herbicides Herbicides RH, RC
Fertility T N, P, K N, P, K GM, AM, K

1C=corn, S=soybean, W=winter wheat, W/S=winter wheat followed by double-cropped
soybean; r=rye cover crop, v=hairy vetch cover crop. NT and CT followed a 2-year C-W/S
rotation from 1996 to 2000.

1D=disk, MB=moldboard plow, Ch=chisel plow

§RH=rotary hoe, RC=between-row cultivator

N=synthetic nitrogen fertilizer; P=acidulated phosphorus fertilizer; K=potassium sulfate
fertilizer; GM=green manure; AM=animal manure

Soil Sampling

Nine cores (2.5 cm diameter, 100 cm depth) within plastic sleeves
were taken from each of 12 plots using a truck-mounted hydraulic probe.
Within each plot, 3 samples were taken at 3 m intervals along a transect that
followed the topographical contour of the land, to control for topography. At
each location three cores were sampled at 0°, 90°, and 180° orientations
relative to the long axis of the truck. An additional 10 shallower cores (2 cm
diameter, 20 cm depth) were taken at random points near the deeper
samples to ensure enough soil for all analyses in the 0-5 cm and 5-10 cm

depth increments.
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The plastic sleeves containing the 100 cm long soil cores were capped
at either end and transported to a nearby lab where they were immediately
extruded from plastic sleeves and divided into 0-5 cm, 5-10 cm, 10 cm-Ap
Horizon, Ap Horizon-30 cm, and 30-60 cm depth fractions in sterile conditions
to eliminate surface contamination. All cores from a given plot were lined up
relative to an abrupt color change that indicated the Ap horizon. The depth of
the Ap horizon varied by <56¢cm for any individual plot but varied by 14 cm
across all plots and treatments. Soil from all 9 cores for a given depth
increment collected from a given plot was combined in a sterile container. The
soil from the 0-5 cm and 5-10 cm shallower cores were combined with the
appropriate depth increments from the deeper cores. Combined core fractions
were homogenized, sieved (4 mm) and stored for further analysis. All
sampling materials were cleaned with 70% ethanol between samples to limit
cross contamination. Samples to be used for DNA extraction were frozen at -
20 °C, for NO3™ and NH4" extraction were stored at 4 °C, for moisture content
and particle size analysis were oven-dried at 105 °C for 24 hours, and for all

other analyses were air-dried at room temperature for three days.

Soil Physiochemical Properties

Bulk density was calculated by dividing the oven-dry corrected mass of
aggregated soil depth fractions from each plot by the calculated volume of the
soil cores. Soil texture was determined using the pipette method of particle

size analysis beginning with 20 g of air dried soil (Gee and Bauder, 1986).
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Suspensions of 5.0 g of soil in 10.0 mL of deionized H20 were allowed to
equilibrate for 30 minutes, after which pH was measured using an Accumet
AB15 soil pH meter with a glass electrode (Fisher Scientific, Waltham, MA).
Percent C and N were measured from air-dry soil samples (0.20 g) using dry
combustion with a LECO CHN 2000 analyzer (LECO Corporation, Lakeville,
MI). Mineral N was extracted from 5 g of field-moist soil using 25 mL of 2 M
KCI. Soil suspensions were shaken for 1 hour on a reciprocating shaker and
filtered through Whatman #2 filters into scintillation vials. Extracts were frozen
for ~3 months, thawed, and NO3™ and NH4" were quantified using an

autoanalyzer (Lachat, Loveland, CO).

Microbial Community Analysis

DNA was extracted using MoBio “Powerlyzer” Powersoil DNA isolation
kits (MoBio Laboratories, Carlsbad, CA) according to manufacturer’s
instructions. The Powersoil extraction kits were used according to
manufacturer’s instructions with the following alteration: 0.25 g of frozen soils
were added to bead-beating tubes and shaken using a FastPrep-24
Instrument (MP Biomedical, Solon, OH) set at 5.5 m s for 45 seconds. DNA
was quantified using a Qubit 2.0 Fluorometer (Life Technologies, Carlsbad,
CA). Soils from the 30-60 cm depths were excluded from microbial analysis
because DNA yields from these samples were inconsistent and sometimes
too low for amplification. Extracts were diluted to 2.0 ng L' for amplification
and sequencing. The V4-V5 region of the 16S rRNA gene was amplified

using 505F — 806R universal primers (Caporaso et al., 2012), and a region of
109



the fungal ITS gene was amplified with modified ITS1f - ITS2 fungal primers
(Smith and Peay, 2014), both amplified according to published amplification
parameters. Both sets of primers had lllumina adaptor overhang sequences:
5 TCG TCG GCA GCG TCA GAT GTG TAT AAG AGA CAG - Forward
Primer — 3’, and 5 GTC TCG TGG GCT CGG AGA TGT GTA TAA GAG ACA
G — Reverse Primer — 3’. Amplified products were cleaned and prepared for
lllumina sequencing using the 16S Metagenomic Sequencing Library
Preparation protocol (Part # 15044223 Rev. B, support.illumina.com). Both
16S and ITS PCR products were cleaned using AMPure XP beads (Beckman
Coulter, Pasadena, CA). The 8-nucleotide indexes and lllumina sequencing
indices were attached using a Nextera XT Index Kit (lllumina, San Diego,
CA), and final products were re-cleaned using AMPure XP beads. Two pL of
each cleaned final amplified product were combined into one pooled sample
for each target (16S or ITS), which was quantified in triplicate using a Qubit
2.0 Fluorometer (Life Technologies, Carlsbad, CA) before being diluted into
two aliquots of 10 nM and 1.0 ng uL™". The 1.0 ng pL™" dilution of combined
16S and ITS samples was analyzed using a 2100 Bioanalyzer (Agilent
Technologies, Santa Clara, CA) to test for product purity and appropriate
amplicon length (variable for ITS sequences) prior to sequencing. Sequencing
of the 10 nM dilutions was performed using a MiSeq Desktop Sequencer
(Hlumina, San Diego, CA) at the Center for Genome Research and
Biocomputing at Oregon State University. Spikes of 5% and 10% PhiX were

included on 16S and ITS plates, respectively.
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Quantitative PCR was conducted using the same primers as for
sequencing, but without the Illlumina adapters. The minimum standard
efficiency threshold was 0.95. The master mix for each Q-PCR reaction was
as follows: 16 pl of Quick-start Sybr Green Readymix with Rox (Sigma), 1.0 pl
of 10 uM forward and reverse primers, and 2 pyl DNA diluted to 1.25 ng ml™".

Our standard was a 1:10 serial dilution of 2.5 ug ml™" linearized plasmid DNA
from E. coli K-12 and Saccharomyces cerevisiae S288c¢ bacterial and fungal

strains respectively.

Bioinformatics

Paired-end sequences (250 bp) were demultiplexed and then joined.
They were then processed using the DADA2 pipeline (Callahan et al., 2016,
p. 2). Sequences were separated into unique ASVs, all of which were used
for alpha and beta diversity, except 16S sequences that matched
mitochondria or chlorophyll sequences.

Fungal taxonomy was assigned in DADAZ2, referencing the UNITE
database (Cole et al., 2009; Nilsson et al., 2019). Bacterial taxonomy was
assigned in DADA2 referencing the SILVA database (Quast et al., 2013;
Yarza et al., 2014). Fungal ASVs that were assigned to a genus but not
species were assigned a species label of “undefined.” Subsequently, ASV
counts were aggregated at the species level using the software phyloseq
(McMurdie and Holmes, 2013). Prokaryote taxa were aggregated at the

genus level. The aggregated taxonomy was not used in diversity testing

111



(alpha or beta), but rather to examine the associations of the taxonomic
groups to experimental conditions. Fungal taxa were assigned a putative
functional group using the FungalTraits database (P6lme et al., 2020).
Quantitative sequencing of the count abundance was used to correct
sample-wise counts for differences in total bacterial fungal abundance (Epp
Schmidt et al., 2017; Jian et al., 2018). It has been well-established that
sequence data alone provides only compositional information — that is only
information on the abundance of taxa relative to one another (Gloor et al.,
2017). However, when combined with other quantitative data, sequence
abundance distributions may be transformed into estimated abundances that
provides information on both the relative and total abundance of taxa (Jian et
al., 2020), removing the constraints of compositionality. This approach has
been called “Quantitative Sequencing;” hereafter we refer to this method as
“QSeq.” QSeq works in two steps: the raw count data from the DADA2
pipeline are transformed into relative abundance, then the percentages were
multiplied by the sample-wise total abundance, as measured using
Quantitative PCR of the 16S or ITS genes. QPCR has been previously used
in a QSeq approach for soils with rarefaction (Epp Schmidt et al, 2017);
however in the current work we follow the recommendations of McMurdie and
Holmes (2014), and implement the QSeq approach without rarefaction to
maintain the highest degree of information about the species abundance
distribution we have in each sample. This created an estimate of the total

abundance of each ASV. Additionally, for the indicator species analysis, taxa
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that did not meet a prevalence threshold (at least 3 counts across 10
samples) were removed to ensure that the only taxa included in this dataset

had sufficient information for the indicator species analysis.

Statistical Analysis

We use alpha diversity to refer to the total number of unique taxa in
each sample (i.e. richness). Instead of using an alpha diversity index, we use
the method of Tedersoo et al. (2014) to model the relationship between
sequencing depth and detected taxa. We use the residuals of the model to
estimate the treatment effect on number of ASVs detected; by using the
residuals of the model we account for sequencing depth. Thus, we applied an
ANOVA to the residuals of this model to determine if farming system or depth
had a higher or lower number of unique taxa than expected given the
sequencing depth of the sample.

Beta diversity was measured using a Jaccard distance metric and
tested with a PERMANOVA analysis from the vegan package (Oksanen et
al., 2016) in R (R Core Team, 2015) . The resulting output was used to test
the effect of experimental and environmental factors on sample similarity. The
experimental factors were soil depth and farming system. Additional
covariates included: soil pH, percent soil C, percent soil N, soil NH4+*-N and
NOs -N, C:N ratio, percent sand, silt, and clay, and bulk density. Differences
in fungal and prokaryote beta diversity were visualized using a NMDS (Non-

metric multidimensional scaling) ordination on the most limited fungal dataset
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(ASVs aggregated into species, filtered to remove low prevalence and poorly
annotated taxa). The package indicspecies was used to identify the
association of taxa to each experimental treatment (Caceres and Legendre,
2009). The R package igraph was used to construct a bipartite network of
strong indicators (from indicspecies package that met the alpha threshold of
0.05) for both depth and farming system categories (Csardi and Nepusz,
2006). For each dataset (ITS and 16S), additional bipartite networks were
made that included only those taxa that were strongly associated with each
farming system to visualize the relative overlap of depth and farming system
indicators. Linear modeling on the quantitatively scaled community was used
to evaluate the main and interacting effects of farming system and depth on

individual taxa.

4.3 Results

Physiochemical Properties

Of the edaphic factors measured, only %C (ANOVA: F =2.34, P =
0.052) and %N (ANOVA: F = 2.75, P = 0.027) had a significant interaction
between farming system and depth (Figure 4.1A and 4.1C). Both %C and %N
were significantly higher in the 0-5 cm increment and decreased rapidly below
5 cm, presumably due to surface residue impacts. Percent C was higher and
%N trended higher in the 0-5 cm increment in NT and ORG, compared to CT
(Figure 4.1A and 4.1C). The %C differed significantly among farming systems

across all depths (ANOVA: F = 4.26, p = 0.022) with the highest
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concentrations in the ORG plots and similar values in NT and CT. The same
differences were observed for %N (ANOVA: F = 4.06, P = 0.026). Regardless
of farming system, %C and %N were substantially lower in soils below than
above the plow layer. Soil NO3-N was different among farming systems
(ANOVA: F =2.47, p = 0.099), being lower in NT compared to CT and ORG
(Figure 4.1E). Bulk density followed the same pattern (ANOVA: F = 3.52, p =
0.040) (Figure1D). Meanwhile, pH increased with depth in all treatments, but
was higher in the ORG plots (ANOVA: F = 7.308, p = 0.002; Figure 4.1B).
The extractable NH4* values did not differ with farming system or depth and,
as expected, the tilled systems, CT and ORG, had greater heterogeneity,
possibly as an effect of incomplete mixing of plant residues and poultry litter

(ORG) during tillage prior to planting wheat the previous fall (Figure 4.1F).
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Figure 4.1: Soil physiochemical properties for plots within farming system and by depth: A) C
mass as a percent of soil mass; B) soil pH; C) N mass as a percent of soil mass; D) bulk
density of soil in g/cm3; E) mass of nitrate per kg of soil; and F) mass of ammonium per kg of
soil.

Microbial Quantity and Alpha Diversity

Total ITS gene copy numbers were greater in the ORG relative to both
NT and CT systems (Figure 4.2A: ANOVA: F = 8.99, P < 0.001), though
depth rather than farming system was a much larger influence on gene copy
numbers (ANOVA: F = 138.7, P < 0.001). The ITS gene copy numbers

ranged from 3.6 x 10° to 4.0 x 107 copies g' of dry soil. The 16S rRNA gene
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copy numbers did not differ among farming systems (Figure 4.2B, ANOVA: F
= 0.24, p = 0.79), but ranged from 1.4 x 10" to 4.6 x10"2 gene copies g™ of
dry soil. A single ORG core was omitted from this analysis because the
calculated gene values were several orders of magnitude below normal soil
16S gene abundances (see Figure S4.2). The 16S rRNA gene copy numbers

decreased with depth in all farming systems (Figure 4.2B, F = 32.9, P <
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Figure 4.2: Boxplots of gene copy numbers per gram of soil for A) ITS and B) 16S rRNA gene
loci. Copy numbers were determined using QPCR.
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Farming system interacted with depth in the case of ITS copy numbers
(Figure 4.2A; F = 2.11, P = 0.08). Farming system and depth did not interact
in the case of 16S gene abundance even though plotted data would suggest
an interaction (Figure 4.2B). ITS and 16S rRNA gene copy numbers were
correlated across farming systems (Figure S4.3: Pearson’s r = 0.86). The
correlation was strongest under NT (Pearson r = 0.94) compared to CT
(Pearson’s r = 0.81) and ORG (Pearson’s r = 0.84). Profile depth, but not
farming system, influenced the ratio of ITS to 16S rRNA gene copy numbers
(Figure S4.3; F = 23.3, P < 0.001). The %C was correlated with both ITS and
16S rRNA gene copy numbers g soil (Pearson’s r = 0.76; r = 0.80,
respectively) but there was no correlation between the F:B ratio and the %C
(Pearson’s r = 0.08; data not shown). There was little or no relationship
between the F:B ratio and the C:N ratio in any system (Pearson’s r NT = -
0.033; CT = 0.26; ORG = -0.006).

Farming systems did not differ in taxa richness for fungal or
prokaryote datasets (Figure 4.3A, 4.3B; ANOVA: F < 1.3, p > 0.1) but fungal
and prokaryote richness decreased with depth (Figure 4.3A,4.3B, F > 30; P <
0.001). The number of fungal taxa detected ranged from 322 to 1048 ASVs
per sample. The number of detected bacterial taxa ranged from 4419 to 9576
ASVs per sample. There was no interaction between farming system and
depth on richness (ANOVA, P > 0.5). The evenness of fungal taxa was similar

across farming systems and depths (Figure 4.3C; ANOVA: F < 1.5, P > 0.25),
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but there was a pronounced decrease in the prokaryote evenness below 5 cm

in all farming systems (Figure 4.3D: ANOVA, F =40.7, P < 0.001).
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Figure 4.3: Boxplots of relative ASV richness effect across farming system and soil depth for
A) ITS and B) 16S rRNA gene loci. ASV richness is defined as the number of taxa detected in
a sample. Because this value is confounded with sequencing depth (more sequencing effort
results in more ASVs detected), a linear model that relates sequencing depth to ASV
richness was constructed, and the residual values from this model for each sample are used
to determine the effect of the experimental treatments on the detection rate of unique ASVs.
Residual values above zero can be interpreted as an increase in sample-wise ASV richness
above the expected value for the sequencing effort of a given sample. Similarly, residual
values below the line are interpreted as a decrease in ASVs richness below the expected
value of a sample given the sequencing effort of that sample. The effect size between
treatment conditions is the absolute distance between average residuals of each condition.
These plots represent the sample residuals grouped by treatment condition and depth; the
position of the boxplot along the Y axis can be interpreted as the effect of the treatment
condition on the ASV detection rate. Treatment conditions with higher detection rates are
interpreted as having higher richness. Evenness scores (Pielou’s J) were also calculated at
each farming system and depth category for C) ITS and D) 16S rRNA gene loci. Higher
values indicate higher evenness score.

Microbial Beta Diversity
After 13 years, the microbial community composition did not differ

below the Ap horizon among farming systems but did differ at shallower
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depths, in support of our hypothesis. Points on an NMDS of fungal ASVs
clustered based on farming system and with depth (Figure 4.4A). Depth
explained 24% of the variation in the fungal community composition
(PERMANOVA: F =5.12, p = 0.001) and farming system explained 7.5% of
the variation in the fungal community composition (Figure 4.4; PERMANOVA:
F =2.46, p = 0.001). Importantly, there was an interaction between farming
system and depth increment that explained 12.7% of variation in the fungal
community composition (Figure 4.4C, PERMANOVA: F = 1.38, P = 0.004).
This interaction is evident on the NMDS ordination plots, where points below
the Ap in general did not cluster as tightly and were not as clearly clustered
by farming system as for shallower depths. Similarly, the points on the
prokaryote NMDS ordination clustered by farming system and depth, although
farming system patterns were not as clear as for the fungi (Figure 4.4B). Both
depth (PERMANOVA: F = 7.6412, P = 0.001) and farming system
(PERMANOVA: F = 1.9259, P = 0.015) had a significant effect, but there was
no interaction between depth and farming system for prokaryotes
(PERMANOVA: F = 1.1057, P = 0.273). For both bacterial and fungal
communities, the Ap-30 cm depth was least affected by farming system

(Figure 4.4C).
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ASVs by farming systems and soil depth increment; and C) percent of variation in 16S and
ITS by soil depth increment.

Indicator species analysis was used to determine what taxa were
associated with depth and farming system (Figure 4.5). A greater number of
taxa were uniquely associated with a depth increment than a given farming

system. In total, 168 fungal taxa were associated with the 0-5 cm depth; 134
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were associated with the 5-10 cm depth; 54 were associated with the 10 cm —
Ap depth, and 4 taxa were associated with the Ap — 30 cm depth (Figure 4.5).
A total of 352 prokaryote taxa were associated with the 0-5 cm depth; 320
were associated with the 5-10 cm depth; 180 were associated with the 10 cm
— Ap depth, and 16 taxa were associated with the Ap — 30 cm depth (Figure
4.5). The decrease in indicator species with depth was consistent with
decreases in gene copy numbers (Figure 4.2) and species richness (Figure
4.3A and 4.3B). Relatively few taxa were uniquely associated with a particular
farming system (Table 4.2). In the fungal community, there were 8 fungal taxa
that uniquely associated with NT; 9 fungal taxa that uniquely associated with
CT; and 22 fungal taxa that uniquely associated with ORG. Those taxa that
were associated with a specific farming system and a particular depth were
typically associated with the top 10 cm, with a few exceptions in ORG (see
below). For both NT and CT, one taxon was associated with the 0-5 cm depth

and one taxon was associated with the 5-10 cm depth.
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Table 4.2. Putatively identified fungal and prokaryote taxa indicative of farming systems.
Lines with parenthetical numbers denote multiple indicator taxa matching that group. Fungal

growth form annotations compiled from the FungalTraits database.

Phylum Genus Growth Form
ITS
NT Indicators ~ Ascomycota Sclerostagonospora Filamentous
Trichoderma Filamentous
Paecilomyces Filamentous
Paraconiothyrium Filamentous
Zopfiella Filamentous
Magnaporthiopsis Filamentous
Pseudorobillarda Filamentous
Glomeromycota Filamentous
CT Indicators ~ Ascomycota Myxocephala Filamentous
Candida Yeast
Pseudeurotium Filamentous
Corynespora Filamentous
Penicilium Filamentous
Coniochaeta Filamentous
Glomeromycota Gigaspora (2) Filamentous
Mortierellomycota  Mortierella Filamentous
ORG Ascomycota Preusssia Filamentous
Indicators
Leucothecium Filamentous
Lecythophora Filamentous
Volutella Filamentous
Humicola Filamentous
Schizothecium Filamentous
Atractium Filamentous
Neosetophoma Filamentous
Phaeosphaeria Filamentous
Chrysosporium Filamentous
Basidiomycota Coniophora Filamentous
Thecaphora Yeast
Mortierellomycota  Mortierella (2) Filamentous
16S rRNA
NT Indicators  Proteobacteria
Actinobacteriota

CT Indicators

ORG
Indicators

Verrocomicrobiota
Cyanobacteria (2)
Methylomirabilota
Actinobacteriota
(2)

Bacteroidota (2)
Bdellovibrionota
Chloroflexi
Firmicutes (4)
Planctomycetota
Proteobacteria (5)
Verrumicrobiota
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Figure 4.5. Bipartite networks of fungal and prokaryote indicator taxa corresponding to each
farming system and depth category, colored by phylum. For each dataset, we show a
complete network of all indicator taxa, and a network for each farming system that includes
only the indicators for each farming system. Indicator taxa are mostly associated with the top
10 cm, with some differentiation of the 10cm-Ap depth category and almost no taxa strongly
associated with depth below the Ap horizon. The stacked bar charts represent the relative
abundance of each phylum for each farming system and depth category. Bar chart and
network colors match; white colors in the bar chart represent phyla that have no indicator
taxa in the networks.

The putative identification of fungal taxa can provide some indication of
their function. Seven NT-associated taxa within phylum Ascomycota were
putatively assigned genus-level identification, and one taxon was assigned to

phylum Glomeromycota (Table 4.2). Taxa associated with CT included
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members of Glomeromycota belonging to the genus Gigaspora (Table 4.2);
the Mortierellomycota taxon belonged to the genus Mortierella. The fungal
indicator taxa for ORG were also associated with three depths. Ten taxa were
associated with the 0-5 cm depth; seven were associated with the 5-10 cm
depth, and three were associated with the 10 cm-Ap depth. Fifteen of the
ORG associated taxa were Ascomycota, two indicator taxa belonged to
Basidiomycota and two were Mortierellomycota (Table 4.2, Figure 4.5).

There were 35 fungal taxa that were only associated with the top 5 cm
of soil and no fungal taxa were uniquely associated with any other depth
increment. The 0-5 cm fungal indicator taxa belonged to Basidiomycota (8) or
Ascomycota (27). Of the basidiomycetes, three taxa belonged to the genus
Hannaella, two belonged to Saitozyma, and three belonged to the genera
Thanatephorus, Limonomyces and Coniophora. The ascomycetes belonged
primarily to the orders Pleosporales (11), Hypocreales (6), and Tremellales
(5).

For the putatively identified prokaryote indicators three taxa were
indicators of NT; four taxa were indicators of CT; and 17 taxa were indicators
of ORG (Table 4.2). Two of the three CT taxa belonged to phylum
Cyanobacteria.

Within the ORG, five prokaryote taxa were strongly associated with the
0-5 cm depth increment (Chloroflexi, Firmicutes, Actinobacteriota (2), and
Bdellovibrionota. Within the ORG, six taxa were strongly associated with the

5-10 cm depth increment (Proteobacteria, Chloroflexi, Firmicutes,
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Actinobacteriota (2), Bdellovibrionota), and four were strongly associated with
the 10 cm -Ap depth increment (Proteobacteria, Firmicutes, Bdellovibrionota,
Actinobacteria), and only one was associated with the Ap — 30 depth
increment (Proteobacteria). The Proteobacteria below the Ap horizon
belonged to the genus Propionvibrio.

There were no prokaryote taxa that uniquely associated with NT or CT
that also strongly associated with a depth category below 10 cm. There were
41 taxa that were uniquely associated with the top 5 cm (Figure 4.5), but no
unique indicator taxa in either the 5-10 cm or 10 cm — Ap depth increments.
Two prokaryote taxa belonging to Chloroflexi (family Ktedonobacteraceae)
and Proteobacteria were strongly associated with the Ap — 30 depth
increment (but with no particular farming system) (Figure 4.5). The
Proteobacteria belong to the Elsterales family.

We found that the bacterial order Pseudomonales was strongly
impacted by the interacting effect of farming system and depth (Figure 4.6; F
= 2.61, P = 0.03), but there was no main effect of farming system on total
Pseudomonales (Figure 4.6A). The fungal phylum Mortierellomycota
abundance was significantly affected by an interaction between farming
system and depth (Figure 4.6B; F = 3.12, P = 0.014), and was more abundant
in CT and ORG. Other known important rhizosphere groups, such as genera
Burkholderia and Rhizobium, and phyla Firmicutes, Ascomycota, and
Glomeromycota did not respond to farming system or have a depth

interaction with farming system (data not shown).

126



J2) Al
c 8e+10 — :
3 i -
Q :
O gerto :
()]
© —_
C :
gzleﬂoa ‘T :
g B T B
©
5 2e+10 1
2 =
() J
0e+00 | —_— —_
T T T T T T T T T T T T
B 76408 e
(e '
> -
O 66+06 | ;
O '
(C 5e+06 — -
=
3 —
O  4e+06
> _ T ;
gse»fos« - ;
O oeros - : :
q) _
e TS
e+06 — !
o - X
= __ — = -
= oo == = —
T T T T T T T T T T T T
0
= 020
< —_
o C
i
C '
8 0.15 | ! -
) -
w :
> '
O o010 -
o - ! : —
g | : _ E
T - ] Q
= 005 o
- g@fTeRl BT
C > i -
EU —_
S T T T T T T T T T T T T
[ E & § & & § % § & & % &
O d 7 E 9 4 7 S S S 5§ 9
z > i e g 5 i e £ 2 5 ¢ £
I o
=) s 5 & 5 5 5 & & ¢

Figure 4.6. Boxplots of estimated abundance of a) Pseudomonas and b) Mortierellomycota
phyla by farming system and depth increment. C) Boxplot of ratio of single-cell fungi to
filamentous fungi.

Growth Strategies

We found that putatively identified filamentous fungi increased slightly in
abundance in ORG relative to NT and CT (Figure 4.6C; ANOVA: F =52, P =

0.01); and that there was no effect of farming system on the abundance of
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single-celled fungi (ANOVA: F =2.2, P =0 .12). Thus, the ratio of single-
celled fungi to filamentous fungi was driven by the abundance of putative
filamentous fungi, and was lowest in ORG compared to NT and CT (ANOVA:
F =3.1, P =0.06), and generally increased with depth (Figure 4.6C; ANOVA:

F=72P=0.001).

4.4 Discussion

Microbial Abundance and Diversity

We hypothesized that higher C in the ORG system would drive higher
microbial biomass in ORG than NT and CT. Our data indicate that both
prokaryote and fungal abundance is highly correlated with soil %C and %N;
each decreased with depth (Figure 4.1 and 4.2). Our data agree with previous
studies that observed an exponential drop in bacterial gene abundance (Hao
et al., 2021) and cell density (Fierer et al., 2003) with increasing distance from
the soil surface (Figure 4.2). Prokaryote but not fungal evenness decreased
with depth (Figure 4.3), and most taxa were strongly associated with surface
horizons (Figure 4.5). The strong association between %C and prokaryote
and fungal gene abundance is consistent with C availability being a primary
driver of soil microbial metabolism (Kuzyakov and Blagodatskaya, 2015).

In partial support of our first hypothesis, fungi but not prokaryotes
increased in abundance in ORG relative to the other farming systems (Figure
4.2). This difference in response between fungi and prokaryotes did not lead

to an overall difference in gene ratios between fungi and prokaryotes,
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supporting the findings of Chen et al. (2020) that conservation tillage does not
alter the fungal-to-bacterial ratios. Although prokaryote and fungal abundance
were strongly positively correlated, our data also showed that the correlation
was weakest in the ORG system, especially in the top 5 cm (Section 3.2;
Figure S4.3). We found no effect of farming system on ASV richness (Figure
4.3), which contrasts with some studies that have observed increased soil
microbial diversity in organic compared to conventional systems. For
example, a meta-analysis that included 32 studies detected a trend towards
increased bacterial and fungal diversity within organic farming systems but
also found a wide margin of error (de Graaff et al., 2019).

Although our hypothesis regarding the abundance of prokaryotes and
fungi due to farming system was only partially supported, we did identify both
fungal and prokaryote taxa that were associated with particular farming
systems. Indicators for NT include members of genus Trichoderma, which are
commonly considered beneficial agricultural fungi and include several
successful biocontrol agents (Sood et al., 2020). Recently, Trichoderma were
used to control the maize pathogen Magnaporthiopsis maydis that causes
late blight (Degani et al., 2021). The Magnaporthiopsis genus, which is
composed of necrotrophic parasites of grass roots (Luo and Zhang, 2013),
was also a strong indicator of NT farming systems.

Indicators of CT included Glomeromycota gigaspora, a common group
of AM that was also observed to make up 60% of AM spores in Pennsylvania

corn plots under both conventional and low-input agriculture (Franke-Snyder
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et al., 2001). Cyanobacteria were also strongly associated with CT soils,
which might reflect that CT soils are exposed to more solar radiation than NT
soils since CT soils have no residue cover for various portions of the rotation
while NT generally has some residue covering at least a portion of the soill
continuously (Table 4.2, Figure 4.5). In ORG, less sun might hit the surface of
the soil during various parts of the rotation than in CT given the greater weed
density and the fact that wheat residue is not harvested as in CT. Others have
found that cyanobacterial biofilms quickly establish on disturbed agricultural
soils that are exposed to sunlight (Peng and Bruns, 2019a), and may fix up to
2 kg N ha' per year (Peng and Bruns, 2019b).

A strong indicator of both CT and ORG from the fungal community was
the Mortierella genus, which is considered to be primarily a saprotrophic
genus associated with manures (Pdlme et al., 2020). However it has also
been shown to have facultative plant-fungal and fungal-bacterial mutualisms
(Liao et al., 2019; Uehling et al., 2019). One of the ORG associated
Mortierellamycota was Mortierella capitata, which has been found to exert a
strong influence on rhizosphere microbiomes, supporting plant health (Li et
al., 2020). A bacterial indicator of ORG, Bdellovibrionota, contains known

bacteriovores (lebba et al., 2013).

Depth Structure

The effect of farming system on community composition attenuated

with depth (Figure 4.4C), with a significant decrease in diversity across
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depths (Figure 4.2, 4.4A & 4.4B). Together these results are consistent with
research that found a turnover in community composition with soil depth is
associated with a loss of diversity as distance to surface increases (Leeuwen
et al., 2017; Schmidt et al., 2018). Further, there was a strong tendency for
indicator taxa of a given farming system to primarily be indicators of the
surface depth increments within those systems (Figure 4.5). In general, our
data support the notion that treatments applied at the soil surface have
decreasing influence with depth (Zeng et al., 2016). Stone et al., 2014) found
that different soils may experience similar shifts in community composition
with depth, to such a degree that depth effects could explain more community
variance than soil types. In our dataset, depth increment was associated with
large differences in several important edaphic factors (Figure 4.1). Generally,
%C, pH, %N and nitrate were all important determinants for the abundance of
many individual taxa (Figure S4.4); and thus, were also important covariates
explaining microbial community turnover. Soil pH, %C, and %N have also
been found to strongly predict beta diversity patterns at the landscape scale
(Fierer et al., 2009; Fierer and Jackson, 2006). Depth may be an important
predictor of changes in community composition in our dataset because these
important edaphic factors covary along the soil profile.

We found two bacterial taxa in the Elsterales order were strong
indicators of the Ap-30 cm depth increment; this family has been associated
with phosphorus-limited soil communities (Oliverio et al., 2020). Previous

research using PLFA and sampling explicitly by soil horizon found that the
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surface horizon, defined as 0 — Ap, differed substantially in microbial
community composition compared to adjacent horizons (Steenwerth et al.,
2008). The only taxa in our study that were strongly associated with both
deep soils and a particular farming system (in this case, ORG) belonged in
the Propionvibrio genus, which includes anaerobic bacteria specializing in the
fermentation of aromatic compounds (Brune et al., 2002). Chloroflexi were
important bacterial indicators of ORG, and are predominantly filamentous
(Speirs et al., 2019). Chloroflexi are known to engage in a diversity of
metabolic strategies, including sugar respiration, fermentation, C fixation,
acetogenesis, and obligate organohalide respiration (Hug et al., 2013).
Together, these Cholorflexi and Propionvibrio taxa could indicate more
reducing conditions or higher availability of aromatic compounds for
decomposition below the Ap horizon under ORG.

We hypothesized that differences in tillage across farming systems
would result in different distributions of environmental conditions and taxa
across the soil profile in each farming system. Our study provides support for
this hypothesis in particular with regards to changes in %C; we found that
after 13 years the effect of farm management impacts % C primarily in the top
10 cm (Figure 4.1A). Our study agrees with previous research showing that
no-till systems accumulate C at the soil surface (Mestelan et al., 2021; Ogle
et al., 2019). However, %C across all depths was not different between NT
and CT and was greater in ORG than the two conventional systems. Further

investigation of these data in the context of the soil C sequestration debate
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(e.g. (Ogle et al., 2019) is warranted—and should include comparing samples
collected in 2013 with those collected when the experiment was initiated in
1996 and including data to 50 cm depth—Dbut is beyond the scope of this
paper.

Sequence data are inherently compositional, hampering our ability to
decipher the abundance of individual taxa (Gloor et al., 2017, 2016). In order
to alleviate this limitation and make inferences about the true abundance of
taxa among farming systems and across the depth profile, we employed a
QSeq (quantitative sequencing) approach that combines sequence profiles
with quantitative PCR (Epp Schmidt et al., 2017; Jian et al., 2020). This
allowed us to illustrate that the vertical distribution of certain taxa in the profile
changed as a function of the farming system. For example, Mortierellomycota
was more abundant in CT and ORG treatments (Figure 4.6B); while
Pseudomonales were not affected overall by farming systems, but their
vertical distribution was changed somewhat between farming systems (Figure
4.6A). In each of these cases, the interaction among farming systems occurs
primarily in the top two (0-10 cm) depth categories. These data, combined
with the strong association of farming system indicators with the top 10 cm
(Figure 4.5) suggests that in our row-cropping agricultural systems, soil
microbial community responses to management are primarily found in the top

10 cm.
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Growth Habit and Tillage

Our data do not support the hypothesis that tillage leads to a decrease
in competitiveness of filamentous fungi (Figure 4.6C); we found higher
abundance of putative filamentous fungi in ORG under tillage. We also found
that the abundance of single-cell-fungi were not affected by farming system;
rather there was a slight increase in relative abundance of single-celled fungi
as depth increased, especially below the Ap horizon. Pore size distribution
and soil moisture are important determinants of diversity for both bacteria and
single-celled fungi (Wolf et al., 2013). The distribution of pore size at different
soil depths, as well as the general availability of C resources, may lead to a
shift in relative advantage between single-celled versus filamentous microbes.
If it is true that single-cell fungal dispersal is limited by similar conditions to
bacteria, then dynamics in the bacterial community may provide insight into
the factors affecting single-celled fungi. It has been suggested that soil
bacterial evenness at large geographic scales is in part mediated by the
connectivity of aqueous-phase habitat in soils; where low connectivity of
aqueous-phase pore space translates into a barrier to bacterial dispersal
within the soil profile, thereby reducing competition and resulting in greater
evenness (Bickel and Or, 2020). If this pattern holds true with soil depth, then
our data could imply that on average the top 5 cm of our soils are drier than
the 5-30 cm depths, leading to higher evenness at the surface than below 5
cm. We found that after 13 years, differences among farming systems were

not sufficient to cause differences in evenness of the bacterial community in

134



ORG soils compared to CT and NT, whereas there were large differences by
depth increment (Figure 4.3D).

Some studies have observed that tillage promoted a community that
was more adapted to rapid growth than communities without tillage (Schmidt
et al., 2018). We did not find strong support for this trend in our data. We note
that though there are many exceptions, Ascomycetes are sometimes
considered to be faster growing compared to Basidiomycetes (Egidi et al.,
2019). Basidiomycetes are not well-represented in our indicator analysis,
being primarily associated with the ORG treatment (a high-tillage treatment);
whereas Ascomycetes are well represented as indicators across farming
systems (Figure 4.5). It is likely the case that all three farming systems fall on
the side of the spectrum that favors faster growing organisms when taken in

context of the full diversity of soil ecosystems.

Land Use Legacies

Our edaphic data also demonstrated that soil factors may reflect a
long-term legacy of previous land-use (Figure 4.1), which should be
accounted for to the maximum extent possible in agricultural experiments. For
example, soils in the coastal plain of the mid-Atlantic US region typically
decrease in pH with depth, with subsoils often having a pH of around 5 (Soll
Survey Staff, 2022). However, pH in our soils increases with depth (Figure
4.1). The USDA-ARS field in which this study was established has been
under USDA management since 1910, and immediately prior to this study

was cropped in alfalfa for eight years, ending in 1992. Since alfalfa prefers
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more alkaline soils than the field crops grown after experimental plots were
established, we believe the soil pH pattern across all plots reflects earlier
management when regular lime and cow manure applications were common.
Over time, leaching of these materials could have increased pH to 30 cm
depths. Soil samples collected and analyzed in fall 2012 showed that pH for
the 0-25 cm depth averaged 6.5 for CT and NT treatments (data not shown),
which is consistent with the data presented in Fig. 4.1B. At deeper soil
depths, pH values for cores collected in the current study were more typical of
the soil series (Soil Survey Staff, 2022) in the region, averaging 5.8 for the 30-
60 cm depth and 4.6 to 4.9 for the 60-100 cm depth. Contemporary poultry
litter additions to ORG are likely to also contribute to the higher pH in ORG

than in NT and CT plots (Duruigbo et al., 2007).

4.5 Conclusions

There is considerable public interest in farming methods that may
improve soil health and lead to improved ecological outcomes. After 13 years
under different farming systems, the effect of system on the microbial
community and edaphic factors were strongly associated with the top 10 cm
of the soil profile. Depth explained more variance in the microbial community
than did farming system, reflecting the covariance of important edaphic
factors along the depth gradient. We found no evidence that tillage reduces
the number of filamentous fungi when compared to NT or ORG treatments.
The richness of prokaryotes and fungi within these farming systems were not

statistically distinguishable after 13 years. Considering these findings, we
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conclude that the ORG system offers a slight advantage in terms of %C and
fungal abundance, but not richness of taxa within the first decade of organic

management.
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Figure S4.1: Box plot showing the depth of the Ap horizon as determined by abrupt color
change within individual cores taken from soils under CT, NT, or ORG management. For
each management regime, four replicate field plots were sampled. Within each plot, 9 cores
(100 cm deep, 2.5 cm diameter) were removed.
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Abstract

Glyphosate, introduced 50 years ago, is one of the most widely used
herbicides. There are lingering concerns over the potential environmental
impacts of glyphosate, prompting many studies. Many of these studies have
isolated specific types of glyphosate effects — such as on N-fixation rate, or
microbial community dynamics — but have not examined how glyphosate
effects behave in relationship to one another. In this study, we were
interested in the underlying ecological mechanisms associated with effects of
glyphosate on N fixing components of the agroecosystem; we evaluated the
effect of glyphosate on biological N-fixation in soybean, soil microbial
community dynamics in the rhizosphere, and soil nifH gene quantity within
and among four types of crop management systems. Our hypothesis was that
if farm management mediates the effects of glyphosate, then the effects of
glyphosate on different N-fixing components of crop management systems

should have coordinated effects; when one component is impacted, the
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others should be as well. We measured % N derived from the atmosphere
(Ndra) in soybean as a proxy for fixation, the quantity of 16S rRNA marker
genes, and the nifH gene in rhizoplane (soil attached to roots) and
rhizosphere (soil unattached, but under root influence) samples. We
determined the response of free-living putative diazotrophs to glyphosate in
the rhizoplane and rhizosphere using a combination of Quantitative-
Polymerase Chain Reaction (QPCR) and 16S gene amplicon sequencing.
The crop management systems included two under conventional
management (NT is No-till and CT is Chisel till) and two under organic
rotations (O3 is a 3-year rotation, and O6 is a 6-year rotation). We found that
glyphosate led to changes in some components, but that these effects were
likely governed by separate mechanisms and did not behave in a coordinated
manner. Glyphosate caused a decrease in Ngrm under CT; the effect of
glyphosate on Ngf, across systems was weakly negatively correlated to the
amount of soil organic matter in the crop management systems. The 16S
rRNA gene abundance was not affected by glyphosate. Glyphosate caused a
217% increase in nifH gene abundance in the rhizosphere, but this effect was
not affected by crop management system. Glyphosate treatment affected
community composition only in the rhizoplane of O6. The assemblage of taxa
that responded to glyphosate in each system differed and it is possible that
dynamics in the population of 16S sequence variants is decoupled from the

selective pressure of glyphosate treatment in soils.
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5.1 Introduction

Glyphosate is a widely used herbicide that inhibits the shikimate
biosynthesis pathway by inhibiting 5-enolpyruvylshikimate-3-phosphate
synthase (EPSPS) (Steinrticken and Amrhein, 1980). EPSPS is found in
plants and bacteria (Schénbrunn et al., 2001). The shikimate biosynthesis
pathway is responsible for producing aromatic amino acids, including
phenylalanine, tyrosine, and tryptophan. In turn, these amino acids are
necessary for plant growth and immune function (Tzin and Galili, 2010).
Glyphosate tolerance has been engineered into several crops, including
soybean, by introducing a bacterial EPSPS gene resistant to glyphosate.
While this new enzyme allows soybean to tolerate glyphosate treatment,
glyphosate application may still impact important physiological functions of
the engineered soybean. For example, nitrogen fixation in soybean is a
product of symbiotic bacteria that live in root nodules (Delves et al., 1986).
These bacteria may be susceptible to glyphosate (Rainio et al., 2021). When
glyphosate is applied to plants as a foliar spray, it is translocated throughout
the plant and is detectable in root exudates within a day of foliar application
(Coupland and Caseley, 1979; Laitinen et al., 2007). Therefore, the ability of
soybean to fix nitrogen depends both on the susceptibility of the plant, and
the susceptibility of specific members of their microbiome (bacterial
symbionts) to glyphosate. Studies on bacteria show a wide range of
resistance, tolerance and susceptibility to glyphosate; and the EPSPS

enzyme appears to have isomers within and among Kingdoms that vary in its
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response to glyphosate (Grube et al., 2019; Hao et al., 2019). At
recommended application rates, glyphosate has shown a small impact on
biological N fixation in soybean, but can have a large impact on biological N
fixation at higher application rates (Zablotowicz and Reddy, 2007; Zobiole et
al., 2011). Even low glyphosate application rates have been documented to
substantially decrease nodule number and mass in glyphosate resistant
cultivars (Zobiole et al., 2012), indicating that impacts on the plant-
microbiome interactions may play a role in the glyphosate effect on biological
N fixation.

The effect of glyphosate on N fixation is mediated by water stress in a
short window after application (Zablotowicz and Reddy, 2007), indicating that
crop management system conditions can be important in mediating the
interaction between glyphosate, soybean, and their microbiome. There are
direct and indirect mechanisms by which glyphosate may impact the
rhizosphere microbiome: glyphosate application has been shown to alter the
root exudates of soybean, primarily by increasing the rate of amino acid
exudation, and slightly increasing the amount of labile carbohydrates exuded
(Kremer et al., 2005). Therefore, the rhizosphere community of glyphosate
resistant plants may be impacted indirectly via the altered composition of root
exudates; or directly when glyphosate is excreted in root exudates, potentially
impacting glyphosate sensitive bacteria (Coupland and Caseley, 1979;

Laitinen et al., 2007).
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Conceptual models of the rhizosphere indicate that root physiology
imposes strong selective gradients on the microbes across very short
distances (Kuzyakov and Blagodatskaya, 2015; Kuzyakov and Razavi, 2019)
and data support the notion that different processes drive the assembly of
bacterial communities in different components of the rhizosphere niche-space
(Kuzyakov and Razavi, 2019; Reinhold et al., 2015; Vetterlein et al., 2020).
So, it is reasonable to conjecture that an experimental treatment that is
mediated by the plant root might present differently depending on the
rhizosphere component that is sampled. Studies of the rhizosphere tend to
find low (Schlatter et al., 2017) or no (Kepler et al., 2019) effect of glyphosate
on soil community composition when it is applied as a foliar spray at
recommended application levels. Studies also have found inconsistent
impacts of glyphosate on the activity of diverse microbially-derived soil
enzymes (Lupwayi and Blackshaw, 2012) and context-dependent effects on
total soil microbial biomass (Nguyen et al., 2016). However, operational
definitions of “rhizosphere” soil may differ across studies (Reinhold et al.,
2015) and studies of glyphosate in the rhizosphere have generally restricted
sampling to only small particles of soil that are strongly adhered to the root-
i.e. the rhizoplane compartment-to represent the rhizosphere effect (Kepler et
al., 2019; Lupwayi and Blackshaw, 2012; Schlatter et al., 2017; Zobiole et al.,
2010). For this study, we distinguish between rhizoplane and rhizosphere soil.
We define rhizoplane soil as the fraction of the total rhizosphere that is tightly

adhered to the root surface. We acknowledge that more generally the term
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‘rhizosphere” is meant to capture the total soil volume under root influence;
however, for convenience, in the remainder of this paper we will use
“rhizosphere” to refer to the fraction of soil that is under root influence but that
is not rhizoplane (i.e., soil not tightly adhered to the root).

Our goal in this research was to elucidate ecological mechanisms that
may cause the effects of glyphosate to differ depending on the farm
management. Thus, we planted genetically modified soybean, and applied
glyphosate within the contexts of several different farming systems — some of
which were under organic management. While both the soybean cultivar and
the glyphosate treatments are not normally a component of organic farming
systems, their inclusion in this study provides us with a broader range of
contexts to understand the impacts and mechanisms of the effect of
glyphosate on the ecosystem components involved in the nitrogen fixation
function. We hypothesized that different components of the nitrogen fixation
system (plant N derived from the atmosphere, soil nifH gene abundance, and
soil diazotroph composition) would respond to glyphosate treatment in a
coordinated manner across cropping systems. For example, cropping
systems that buffer the effect of glyphosate on % N derived from the
atmosphere in the soybean biomass will also buffer the effect of glyphosate
on microbial community composition and nifH gene abundance; or vice versa
— that when glyphosate has a large impact on diazotroph community
composition, it will also have an impact on nifH gene abundance and on the

percent plant N derived from the atmosphere.
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5.2 Materials and Methods

Experimental Design

This study was conducted in 2014 at the US Department of Agriculture,
Agricultural Research Service (USDA-ARS) Sustainable Agricultural Systems
Laboratory in Beltsville, MD. This study, the Farming Systems Project, is
managed as part of the Lower Chesapeake Bay Long-Term Agroecological
Research site and includes cropping systems typical to the mid-Atlantic
region of the USA. The FSP is arranged in a split-split-plot design where the
main plots are crop management systems replicated four times, the first split
is crop rotation phase, and the glyphosate experimental plots described
herein were split-plots within the soybean phase of the rotation. The
glyphosate experiment is a partial factorial with genotype (glyphosate
resistant and glyphosate sensitive isolines) and glyphosate treatment (+/-)
with the + treatment applied only in the glyphosate resistant isoline. Hereafter,
we will use “plot” to refer to each replicate of the soybean crop for each
management system (N = 4); and “microplot” to refer to the genotype X
glyphosate treatment split-plots within each replicate of the soybean crop.

The current study includes four of the five FSP cropping systems: no-
till management (NT) and chisel-till management (CT), each three-year crop
rotations, and two organic systems a three-year rotation (O3) and six-year
rotation (O6). CT and NT follow a rotation of corn (Zea mays L.), rye cover
crop (Secale cereale L.), soybean (Glycine max (L.) Merr.), and winter wheat

(Triticum aestivum L.)/soybean. Soybean planted after wheat harvest is
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referred to as a double-cropped soybean. O3 replaces the double-cropped
soybean phase with a hairy vetch (Vicia villosa, Roth) crop. O6 replaces the
vetch in O3 with a 3-year alfalfa (Medicago sativa, L.) crop. Additional
management details can be found in (Cavigelli et al., 2008; Kepler et al.,
2019). The conventional systems receive mineral nitrogen, phosphate and
potassium fertilizers, and herbicides. NT and CT differ in that a chisel plow is
used in CT. The organic systems use poultry litter, cover crop biomass, and
K2SO4 (potassium sulfate) as nutrient inputs, and tillage for weed
suppression.

The experiment was conducted in the 2014 full-season soybean phase
of the rotation in the four cropping systems. Glyphosate treatments were
applied in 4.6 m x 6.1 m microplots adjacent to each other within each plot.
The microplot treatments were genotype (Allen is a glyphosate-resistant
genotype, USG5601 is a glyphosate-sensitive isoline), and treatments with or
without glyphosate (Allen (+), Allen (-)). The glyphosate-sensitive genotype
did not receive glyphosate. Thus, the treatments were genotype-negative
control (UGS 5601, no glyphosate), genotype-positive control (Allen (-)), and
glyphosate treatment (Allen (+)). These cultivars were planted at a rate of
516,400 seeds ha™ in May. Each of the non-glyphosate treated subplots were
kept weed free with hand-hoeing as necessary. Glyphosate was applied to
the (+) treatment 4 weeks after soybean planting. Soil samples for DNA
analysis were collected in each subplot one day prior to the glyphosate

application and 20 days after the glyphosate application.
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Soil Conditions

Soils in this study are silt loam Ultisols that consist primarily of
Christiana, Keyport, Matapeake, and Mattapex soil map units. We collected
soil samples to a depth of 15 cm from each plot in November 2014 for
analysis at the Cornell Soil Health Lab (Moebius-Clune et al., 2016). The
Comprehensive Assessment of Soil Health provides a number of soil health
metrics, including: organic matter (OM), pH, and extractable nutrients
(Moebius et al., 2007; Moebius-Clune et al., 2016). Briefly: percent OM is
determined by mass loss on ignition following (Broadbent, 1965). Soil pH was
measured using a 2:1 solution of water to soil by volume. Plant-available
nutrients were extracted with an ammonium acetate and acetic acid solution
buffered at a pH of 4.8 (Moebius-Clune et al., 2016).

Soil samples for inorganic N extraction were taken at the same time as
those taken for soil health from 0-15 cm and 15-30 cm depth increments.
They were sieved through a 2-mm sieve and stored in sealed 50 mL Falcon
tubes in a freezer until the extraction was conducted. Moisture content for
each sample was determined by drying a sub-sample at 100 C for 2 days.
Soil extraction was conducted following (Bremner and Keeney, 1965). Briefly,
samples were removed from the freezer and allowed to warm to room
temperature over the course of 4 h. 3.0 g of soil and 30 mL of 1 M KCI were
added to a 50 mL Falcon tube, and placed on a reciprocating shaker for 1 hr.

After one hour, soils were removed and allowed to settle for 10 min. 10 mL of
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supernatant from each sample were filtered using a vacuum manifold and
Millipore 0.45 um custom cut filter paper. Filtered samples were collected in
culture tubes that were capped and frozen until they could be analyzed. The
filtrate was analyzed for NO3—N (copper-cadmium reduction method G-200-97
Rev. 6) and NH3—N (salicylate method G-102-93 Rev. 7) using the SEAL

AutoAnalyzer 3 HR (SEAL Analytical Inc. Mequon, Wisconsin 53092).

Biological Nitrogen Fixation

We used natural isotope ratios to measure the rate of biological
nitrogen fixation. In addition to the two soybean varieties listed above we also
planted a non-nodulating variety (Williams 82 variant) in microplots within the
soybean phase of each cropping system. The non-nodulating variety was
used as a background control to establish the >N enrichment (relative to the
atmosphere) of the soil N pool in each plot. The natural abundance '°N was
measured by placing samples in a PN150 autosampler (Costech, CA, USA),
which feeds into a Carlo Erba NC2500 (ltaly) elemental analyzer for
combustion analysis, which was then isotopically analyzed using a Thermo

Scientific Delta V Advantage Isotope Ratio Mass Spectrometers (IRMS).

The proportion of N fixed from the atmosphere was calculated as follows:

615N7‘ef_615Nfix

Ndfa = <W) * 100,
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where 3"°N,er for each sample is the value for the non-nodulating variety
(NN82) sampled from the same plot; §'5Niy is the value for Allen; and B is the
literature value for N enrichment in soybean when only atmospheric N is
available (B = - 1.75; Balboa and Ciampitti (2020).

To determine if there was an effect of glyphosate treatment on Nara
within each cropping system, we conducted a one-way ANOVA using a mixed
model of Ngrs value against glyphosate treatment, with crop system replicate
plot ID as a random intercept to account for spatial coupling of treatments
within each plot. To determine if the effect size of glyphosate treatment was
predicted by soil OM, we first calculated the effect size in each plot by
subtracting the untreated Nqr. from the treated Ngra in each plot. Then we
tested the correlation between the effect size and soil OM in each plot with

both a linear regression and a Pearson correlation.

Soil Sampling for DNA and Sequencing

Six plants were excavated from each microplot one day prior to
glyphosate treatment in each microplot, and again 14 d after glyphosate
application. Glyphosate was applied 4 weeks after planting (V3-V4 growth
stage). For each plant a 15 cm deep soil monolith of 30 cm diameter,
centered on the plant, was excavated using surface-sterilized sharpshooter
shovels. The soil monoliths, including the plant, were placed on a 2-mm
sieve, which we shook gently. Soil that was removed in this manner was

separated as the “rhizosphere” soils. Remaining soil that was adhered to the
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roots was removed using a camel hairbrush and collected as the “rhizoplane”
sample. Rhizoplane and rhizosphere soils from the six plants were combined
respectively to make representative “rhizoplane” and “rhizosphere” samples
for each microplot. Five grams of soil were sampled from each of the
rhizoplane and rhizosphere samples and preserved in separate 15 mL Falcon
tubes that contained 19 mL of Mo Bio LifeGuard nucleic acid preservation
solution. The tubes were agitated to thoroughly mix the preservation solution
with the soil sample; then the samples were placed in a -80 C freezer until
DNA was extracted.

Soil samples were thawed and 800 mL of soil slurry were used for
DNA isolation using a PowerSoil htp 96-well soil DNA isolation kit (Mo Bio
Laboratories, inc. Solana Beach, CA), following the kit instructions. The
resulting DNA solution was quantified using a NanoDrop 2000
spectrophotometer (Thermo Fisher Scientific, Pittsburgh, PA). Bacterial 16S
rRNA gene amplicons were generated with the primers 515 and r806
(Caporaso et al., 2012). 16S gene amplicon indexing was conducted following
the lllumina protocol library preparation manual (part number 1504423; rev B;
lllumina Inc.). For each 96-well plate, two microliter aliquots of each sample
were pooled to construct a library for lllumina sequencing. For each library,
100 mL of 10 nM library solution were frozen and shipped on dry ice to the
Center for Genome Research and Bioinformatics (CGRB), Oregon State
University, Corvallis, OR. Libraries were sequenced on an lllumina Miseq

system.
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Bacterial quantitative PCR was done using f515 and r806 primers,
using 2.5 ng DNA input. The nifH gene QPCR was done using nifH-F and
nifH-R primers (Rosch et al., 2002). The QPCR reaction conditions were: heat
inactivation at 95 C for 2 minutes, followed by 40 cycles of 95 C for 5
seconds, 65 C for 10 seconds, and 72 C for 10 seconds. QPCR runs were
accepted if the efficiency fell between 95-105 %. QPCR reactions were run on

a StepOne Real-Time PCR System (ThermoFisher Scientific).

Bioinformatics and Community Analysis

Initial quality control and adapter trimming were conducted at the
CGRB. Subsequently, forward and reverse primers were removed using
Cutadapt (version 1.8.3), and sequences were quality trimmed (-q 22). Reads
were discarded if they lacked a primer sequence or were shorter than 75 bp
before trimming. Additional quality filtering using the DADAZ2 package
(Callahan et al., 2016) included removing any sequences with an expected
error rate >2, and any sequences containing “N” values (unreadable bases).
Then, DADA2 was further used to dereplicate, denoise, merge forward and
reverse reads, and remove chimeras. Taxonomy was assigned to the 16S
reads using the SILVA database (Quast et al., 2013; Yilmaz et al., 2014),
using the RDP classifier as implemented in DADAZ2. “Quantitative
Sequencing” normalization was implemented by first converting the sequence
counts into relative abundance, then scaling the counts in each sample by the
QPCR determined sample-wise gene copy number as described in (Jian et

al., 2020). Finally, sequences were removed if they were not assigned to a
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genus known to contain members that fix nitrogen. We used the
recommended list of diazotroph genera offered by (Sansupa et al., 2021).
This is an augmented version of diazotrophs from FAPROTAX (Louca et al.,
2016b), that additionally includes taxa that are known N-fixing bacteria in
soils. Jaccard dissimilarity index was calculated, and detrended
correspondence analysis was applied to the Jaccard distance using the
vegan package v 2.5-7. PERMANOVA was implemented using the adonis2
function from vegan to determine the effect of the experimental treatments,
using the plot ID to stratify randomization. We also conducted a
PERMANOVA on each of the soil compartments independently (Rhizoplane
vs Rhizosphere); and to evaluate the relative effect of the abundance and
occurrence of taxa on the PERMANOVA results, we also transformed the
community data into presence-absence and ran the PERMANOVA analysis.
We reasoned that if glyphosate alters the microbial community, then
the Allen (+) and Allen (-) treatments within each plot should become less
similar after treatment. To determine if glyphosate caused a divergence, we
calculated pairwise distance between the Allen (+) and Allen (-) treatments
within each plot before and after the glyphosate application. We conducted
ANOVAs to determine if there was a significant difference in Jaccard distance
in each cropping system between the pre-treatment and post-treatment
sampling dates. Only an increase in distance was considered evidence of a
glyphosate effect because if glyphosate impacts the community composition,

then the communities should become less similar through time.
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Statistics were conducted in R v4.1.2 (R Core Team, 2020). We
conducted a principal components analysis (PCA) to determine the major
differences in soil health metrics among cropping systems using the R
package factoextra v1.0.7. We used the Imer function from the Ime4 v1.1-27.1
package(Bates et al., 2015) to construct our mixed effects models. We used
linear mixed effects models to separately determine the effects of sampling
date, cropping system, soil zone, glyphosate application, and genotype on the
abundances of 16S and nifH gene copy numbers. The dataset is unbalanced
with respect to both genotype and glyphosate treatment. To account for this,
for the genotype models, we excluded the glyphosate treated samples such
that only Allen (-) was tested against the isoline, USG5601. Similarly, we
excluded USG5601 (not sprayed with glyphosate) from the statistical test for
glyphosate effects such that only Allen (+) and Allen (-) were considered. To
control spatial and temporal variability, in all mixed models we included plot
ID as a random intercept, and sampling date as random slope. For the
glyphosate model, we only tested an interaction between glyphosate and
sampling date because 1) there was no glyphosate applied in the first
sampling date, and 2) we expected that gene abundances should naturally
change through time even without glyphosate effects — our interest was in
determining how glyphosate impacted these existing dynamics.

We tested the response of individual bacterial amplicon sequence
variants (ASVs) to glyphosate application using a mixed effects model with

cropping system, genotype, soil zone, and a sampling date — glyphosate
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application interaction as explanatory variables. Plot ID was set as the
random intercept for the model, and sampling date was set as the random
slope. The sampling date — glyphosate application interaction term was used
to determine if the ASV responded to glyphosate application at an alpha of

0.1.

5.3 Results

Soil Properties

Soil factors clustered distinctly between conventionally managed (CT
and NT) and organically managed (O3 and O6) cropping systems in a PCA
biplot (Figure 5.1). Aggregate stability was lowest in O3 (ANOVA: F =3.70, P
= 0.043) and highest in NT, but did not differ between NT, CT, or O6
(TukeyHSD, P > 0.31). Soil OM ranged from 1.85 to 3.04 % and was strongly
affected by crop management system (ANOVA, F = 3.696, P = 0.043), with
the greatest differences being between CT and O6 (TukeyHSD: P = 0.049).
Potassium was most abundant under O3 and was lower in CT and NT than
O3 and O6 (Figure S5.1; ANOVA: F = 22.98, P < 0.001). Zinc abundance
closely matched potassium abundance (Figure S5.1; ANOVA: F =4.44, P =
0.026). Soil OM was weakly correlated with soil pH (Pearson R = 0.51), but
soil pH did not differ among cropping systems (ANOVA: F = 1.51, P = 0.262).
In the top 15 cm, available nitrate-N was lowest in NT and highest in O6
(Figure 5.2; ANOVA: F = 2.78, P = 0.063). Nitrate-N was particularly elevated

at the 15 to 30 cm depth in O6 relative to other cropping systems (Figure
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5.2B; ANOVA: F = 6.00, P = 0.0034). There were no cropping system effects
on ammonium-N at either depth interval (Figure 5.2C&D; ANOVA: F < 1.353,

P > 0.28).

PCA - Biplot

Groups

Dim2 (22.3%)

Dim1 (37.1%)

Figure 5.1: PCA biplot of soil health factors from organic (three-year (03), six-year (O6)
rotations), conventional tilled (CT), and conventional no-till (NT) systems. Axis 1 explained
37.1% of variation; Axis 2 explained 22.3% of variation of soil health factors.
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Figure 5.2: Soil mineralizable nitrate-N and ammonium-N at 0-15 and 15-30 cm depth
intervals for Allen soybean variety treated (+) or not treated (-) with glyphosate and for a non-
N-fixing soybean isoline not treated with glyphosate planted in four different cropping
systems. The cropping systems included two organic systems (three-year (O3), six-year (O6)
rotations), conventional tilled (CT), and conventional no-till (NT) systems.
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N Fixation

Soybean % N derived from the atmosphere was highest in NT and
lowest in CT (Figure 5.3; ANOVA: F = 5.76, P = 0.011). Our statistical model
for all cropping systems found no support for an interaction between cropping
system and glyphosate treatment on Nar (ANOVA: F = 0.69, P =0.17) and
weak support for a main effect of glyphosate treatment on N (ANOVA: F =
4.56 , P = 0.054); however, only NT had a main effect of glyphosate when
cropping systems were analyzed individually (ANOVA: F = 44.15, P = 0.007;

CT ANOVA: F=2.81,P =0.19; O3 & O6 ANOVA: F <0.56, P > 0.51). We
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calculated pairwise differences between Ny, of treated and untreated
samples (delta Nqr; Figure 5.4B). Soil OM was weakly correlated with delta
Nora (Pearson R = 0.43; ANOVA: F = 3.13, P = 0.099), but cropping system
was not a good predictor of delta Ngm (ANOVA: F = 1.98, P = 0.171). Thus,
while average percent soil OM increased in order from CT, NT, O3, O6, the
decrease in Ngra values between treated and untreated decreased in the

same order (Figure 5.4).
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Figure 5.3: Percent N derived from the atmosphere (Nata) for Allen soybean variety treated (+)
or not treated (-) with glyphosate and for a non-N-fixing soybean isoline not treated with
glyphosate planted in four different cropping systems. The cropping systems included two
organic systems (three-year (03), six-year (O6) rotations), conventional tilled (CT), and
conventional no-till (NT) systems.
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A: Soil Organic Matter B: Change in Ny Due to Glyphosate
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Figure 5.4: A) soil organic matter in four cropping system. B) effect of glyphosate on Ngta in
four cropping systems. The effect of glyphosate was calculated by subtracting the percent
Nura in soybean treated without glyphosate from soybean treated with glyphosate in adjacent
microplots. Thus, a large negative value indicates that the glyphosate treatment had much
less N derived from the atmosphere than the treatment not receiving glyphosate. The
cropping systems included two organic systems (three-year (O3), six-year (O6) rotations),
conventional tilled (CT), and conventional no-till (NT) systems.

QPCR Gene Abundance

In all cropping systems, 16S rRNA gene abundance decreased on
average by 42% from pre to post sampling dates (Figure 5.5 A&B; ANOVA: F
=19.35, P < 0.001). There was a strong interaction effect between cropping
system and soil zone (ANOVA: F = 3.69, P = 0.011). Rhizoplane 16S rRNA
gene abundance was 25% higher in CT than in O3 (Figure 5.5; ANOVA: F =
2.65, P = 0.059), but not affected by cropping system in rhizosphere samples
(ANOVA: F = 0.35, P = 0.79). Genotype did not influence 16S rRNA gene

abundance in the rhizoplane (Figure 5.5: ANOVA: F = 0.095, P = 0.76), but in
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the rhizosphere soils there was moderate support that 16S rRNA gene
abundance decreased by 31.6 % in the post sampling date under Allen
compared to USG5601 (ANOVA: F = 3.77, P = 0.052). We found moderate
support for a glyphosate effect; application caused a 17.7 % increase in
rhizosphere 16S rRNA genes abundance (Figure 5.5; ANOVA: F =2.70, P =
0.067), but did not impact abundance in rhizoplane soils (ANOVA: F =0.12, P
= 0.89). The abundance of the nifH gene was not affected by cropping system
overall (ANOVA, F =0.72, P = 0.55).

There was no effect of cropping system on nifH gene abundance in
rhizosphere soils (ANOVA: F = 0.55, P = 0.65) or in rhizoplane soils (ANOVA:
F =1.68, P = 0.21), nor was there an effect of genotype on nifH gene
abundance in rhizosphere soils (ANOVA: F = 1.21, P = 0.27) or in the
rhizoplane (ANOVA: F = 2.12, P = 0.15) (Figure 5.5). There was no change in
nifH gene abundance from pre to post sampling in either soil fraction
(ANOVA; F <0.53, P > 0.47). However, across all cropping systems,
glyphosate treatment increased the abundance of nifH in the rhizosphere
soils by 218% (Figure 5.5D; ANOVA: F = 4.99, P = 0.007), but not in the

rhizoplane (ANOVA: F = 1.02, P = 0.36).
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Figure 5.5: Abundance of 16S rRNA and nifH genes in rhizoplane and rhizosphere soils for
Allen soybean variety treated (+) or not treated (-) with glyphosate and for a non-N-fixing
soybean isoline not treated with glyphosate planted in four different cropping systems. The
cropping systems included two organic systems (three year (O3), six year (O6) rotations),
conventional tilled (CT), and conventional no-till (NT) systems. Grey represents Allen before
treatment; green represents Allen after receiving no glyphosate; blue represents Allen 14
days after receiving glyphosate treatment.

Alpha Diversity

The detected ASV richness of putative diazotrophs differed by pre vs.
post sampling (ANOVA: F = 5.068, P = 0.026), cropping system (ANOVA: F =
13.38, P < 0.001), glyphosate treatment (ANOVA: F = 3.40, P = 0.036), and
showed an interaction between cropping system and glyphosate treatment
(ANOVA F =2.70, P = 0.017). O3 and O6 had the highest number of detected
taxa (Figure 5.6). The greatest difference between soil zones in glyphosate
response was in O6, but overall, there was no support for a system and soil

zone interaction with glyphosate treatment (ANOVA, F= 0.49, P = 0.82).
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Glyphosate affected the richness of detected putative diazotroph ASVs in CT
(ANOVA: F =3.43, P = 0.066), O3 (ANOVA: F =4.01, P = 0.039), and O6
(ANOVA: F =5.90, P = 0.018). ASV richness increased in rhizosphere O6 and

0O3; and decreased in CT.
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Figure 5.6: Model of Amplicon Sequence Variant (ASV) richness regressed against
sequencing depth, and plot of residual ASV richness due to glyphosate treatment and
sampling date in each cropping system. A residual value of zero represents the expected
number of detected taxa given the sequencing depth of the sample; residual values above
zero (points above the line in A) indicate the degree to which more taxa were detected than
expected given the sequencing depth of the sample, and vice versa. When a treatment
condition consistently has a positive or negative residual, we interpret it as having a higher or
lower alpha diversity, respectively.
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Community Data — Composition

Sampling date (pre vs. post glyphosate treatment) and cropping
system explained the greatest amount of variation in the putative diazotroph
subset of the microbial community (Table 5.1; PERMANOVA; date, system,
and date-system interactions respectively: R2 = 0.067, P = 0.001; R? = 0.078,
P =0.001; R?=0.028, P = 0.003). The rhizoplane effect and an interaction
between sampling date and genotype were each statistically significant at an
alpha of 0.05 but explained 1% or less of variation (PERMANOVA,; rhizoplane
effect and date-genotype interaction respectively: R> = 0.008, P = 0.022; R? =
0.001, P = 0.008). Rhizosphere and rhizoplane effects were driven primarily

by differences in abundance rather than occurrence of taxa (Table 5.2).
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Table 5.1: PERMANOVA table evaluating the effects of experimental factors on the

community composition of the putative diazotroph community subset across both depth

categories (rhizoplane and rhizosphere).

SumsOfS  MeanS F.Mode
Df gs gs | R2 Pr(>F)
14.277
Date (pre/post) 1 3.133 3.13349 3 0.0666  0.001
0.0043
Glyphosate (+/-) 1 0.204 0.20396  0.9293 4 0.325
Cropping System 0.0776
(CT, NT, O3, 06) 3 3.653 1.21776 5.5486 5 0.001
0.0056
Genotype (Allen, USG5601) 1 0.266 0.26637 1.2137 6 0.115
Compartment 0.0084
(rhizoplane / rhizosphere) 1 0.397 0.39715 1.8096 4 0.02
0.0033
Date:glyphosate 1 0.159 0.15922 0.7254 8 0.66
0.0284
Date:System 3 1.337 0.44579 2.0312 3 0.001
0.0131
Glyphosate:System 3 0.62 0.20673  0.942 8 0.291
Date:Genotype 1 0.461 0.46123 2.1015 0.0098 0.013
0.0108
System:Genotype 3 0.512 0.17081 0.7783 9 0.621
Date:Compartment 1 0.254 0.25398 1.1572 0.0054 0.141
0.0039
Glyphosate:Compartment 1 0.184 0.18421 0.8393 2 0.404
0.0111
System:Compartment 3 0.526 0.17518 0.7982 7 0.581
0.0030
Genotype:Compartment 1 0.143 0.14292 0.6512 4 0.766
0.0108
Date:Glyphosate:System 3 0.511 0.17021 0.7755 5 0.653
0.0133
Date:System:Genotype 3 0.63 0.21002 0.9569 9 0.268
Date:Glyphosate:Compartment 1 0.146 0.14589 0.6647 0.0031 0.736
0.0144
Date:System:Compartment 3 0.678 0.22616  1.0304 2 0.193
0.0096
Glyphosate:System:Compartment 3 0.453 0.1511 0.6885 4 0.828
0.0032
Date:Genotype:Compartment 1 0.151 0.15116  0.6887 1 0.687
System:Genotype:Compartment 3 0.395 0.13177 0.6004 0.0084 0.966
Date:Glyphosate:System:Compart 0.0090
ment 3 0.426 0.14215 0.6477 6 0.913
Date:System:Genotype:Compart
ment 3 0.419 0.13964 0.6363  0.0089 0.919
Residuals 143 31.385 0.21947  0.6671
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Table 5.2: PERMANOVA R? values (P-value) for experimental factors explaining community
composition of putative diazotrophs. Community data was subset into rhizoplane (Rp) and
rhizosphere (Rs) categories for independent analysis; and the analysis was repeated on data
that had been transformed to reflect only occurrence patterns. Bold indicates the values in
the cell met an alpha of 0.05 for significance testing.

Effect Abur?dpance Aburiisance Rp Occurance Rs Occurance
Date 0.080 (0.001) 0.064 (0.001)  0.024 (0.001)  0.018 (0.001)
glyphosate 0.007 (0.539)  0.009 (0.27) 0.010 (0.177)  0.010 (0.185)
system 0.085(0.001) 0.095(0.003) 0.143 (0.611)  0.142(0.277)
genotype 0.009 (0.369) 0.009 (0.286)  0.007 (0.697)  0.013 (0.013)
Date:glyphosate 0.006 (0.861)  0.008 (0.452) 0.008 (0.54) 0.007 (0.675)
Date:system 0.049 (0.004) 0.037 (0.046) 0.023 (0.681)  0.028 (0.131)
glyphosate:system 0.020 (0.838) 0.026 (0.354)  0.020 (0.915)  0.022 (0.606)
Date:genotype 0.017 (0.042) 0.010(0.258)  0.006 (0.928)  0.007 (0.569)
system:genotype 0.022 (0.718)  0.017 (0.965) 0.019(0.951)  0.018 (0.964)
Date:glyphosate:system  0.019 (0.882) ?69622316?; 0.023 (0.668)  0.021 (0.803)
Date:system:genotype 0.024 (0.532) ?69725089) 0.022 (0.748) 0.020 (0.89)

Residuals 0.6634 0.683 0.6964 0.6943

In order to control for the plot-wise variation in community composition,
we calculated the Jaccard distance between treatment pairs (Allen (+) and
Allen (-)) at each time point, under the assumption that if glyphosate affects
community composition, then the distance among pairs should increase after
the treatment. We analyzed each cropping system and soil compartment
separately; in the rhizoplane we found that NT and O3 samples decreased in
Jaccard distance (Figure 5.7; ANOVA: F > 3.9, P <0.088), while only O6
increased in Jaccard distance due to the glyphosate treatment (ANOVA: F =
9.60, P = 0.021). In rhizosphere samples, only CT differed (ANOVA: F = 6.77,
P = 0.04), but as with the rhizoplane NT and O3 systems, the effect was a

decrease in distance.
177



CT CT

Rhizoplane Rhizosphere
8e-01 - I
6e-01 - $  S— °
4e-01 -
NT NT
Rhizoplane Rhizosphere
8e-011 —
o 6e—01 - E R — [ I ] T
T
S 4e-01 1 T
8
17}
o 03 03
g Rhizoplane Rhizosphere
o
o
386—01 4 $ I

6e—01 1 [ | [ | IE

4e-01 -
06 06
Rhizoplane Rhizosphere

8e-01 -

6e-01 =

] °
to01 — —
p}e pést p're po'st
Date

Figure 5.7: Community composition dissimilarity (Jaccard distance) due to glyphosate
treatment pairs within each plot and soil compartment (Allen + / Allen -). We reasoned that if
glyphosate selects against certain taxa, then it should increase the dissimilarity between
treated and untreated samples; therefore, we interpret Increased distance from the pre to
post treatment as a glyphosate effect on community composition; whereas a decrease in
distance is not. Only O6 rhizoplane increased distance due to glyphosate at an alpha of 0.05
(ANOVA: F =9.6, P = 0.02).

Taxon Responses

Bradyrhizobium, Bacillus, Mesorhizobium, and Celvibrio were more abundant
in the rhizoplane than the rhizosphere (Figure 5.8A; alpha = 0.1).
Bradyrhizobium was more abundant in response to glyphosate in the
rhizosphere in all cropping systems, while Mesorhizobium and Sphingomonas

ASVs differed in their response to glyphosate in the rhizosphere (Figure 8B;
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alpha = 0.1). However, when cropping systems were analyzed separately,
different assemblages of putative diazotroph taxa responded in each cropping

system (Figure 9; alpha = 0.1)
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Figure 5.8: Model coefficients of putative diazotroph ASVs that respond at an alpha of 0.1
due to A) soil compartment and B) glyphosate effects within the rhizosphere. Positive values
in A indicate the ASV is more abundant in the rhizosphere than the rhizoplane (and vice
versa). Similarly, positive values in B indicate that the ASV is more abundant in the
glyphosate treated rhizosphere soils than the non-treated rhizosphere soils.
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A: Glyphosate in CT B: Glyphosate in NT C: Glyphosate in O3 D: Glyphosate in O6
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Figure 5.9: putative diazotroph ASVs in the rhizosphere compartment of each cropping
system that respond to glyphosate treatment at an alpha of 0.1. Positive values indicate that
the ASV increases in abundance due to glyphosate, whereas negative numbers indicate that
the taxon decreases due to glyphosate.

5.4 Discussion

Our data did not support our hypothesis that glyphosate would impact
different components of the N fixation system in a consistent manner.
Cropping system did modulate the effect of glyphosate treatment on soybean
Nara (Figures 5.3 & 5.4) but did not affect the response of nifH gene
abundance to glyphosate (Figure 5.5). Cropping system did affect the
glyphosate effect on community composition (Figure 5.7) but did so in a
manner not consistent with Nqr or nifH gene copy numbers. Specifically,
changes in community composition can only be attributed to glyphosate in the
rhizoplane of O6. If community composition were coordinated with the nifH
gene abundance data, we would have expected community composition
effects primarily in the rhizosphere rather than rhizoplane fractions. Similarly,

if the community data were coordinated with the Nqs response, we’d expect
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that the major effects would be primarily in CT or NT cropping systems.
Therefore, the effects of glyphosate on each component of the cropping
system did not exhibit a coordinated response and are likely governed by
uncoupled processes.

Previous research has shown that the effect of glyphosate on N-
fixation rate is largely mediated by water stress in a short window after
glyphosate has been applied (Zablotowicz and Reddy, 2007). Increasing the
amount of OM in soils leads to better moisture retention, and has been
associated with reduced water stress in agricultural systems (Lepsch et al.,
2019; Loveland and Webb, 2003); therefore, it is possible that greater OM
could result in buffering against the glyphosate effect on Ngra. To test this, we
calculated the change in Ngrs within each plot due to the glyphosate treatment
(Figure 5.4B). We found that there was weak statistical support (at an alpha
of 0.1) for an association between OM and lower effect size of glyphosate on
Nara; and average delta Ngra across systems is consistent with the average
increase in OM% across systems (Figure 5.4). The weak statistical support
for this relationship in our dataset might be strengthened in a future study if
the soil moisture content were measured during the period after glyphosate
treatment in each of the plots.

We could find only one previous study addressing the effect of
glyphosate on nifH gene quantity in the rhizosphere of glyphosate resistant
soybean; that study found no effect of glyphosate on nifH quantity in the

rhizoplane (Fan et al., 2017). Our study supports the finding that nifH quantity
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does not change due to glyphosate treatment in the rhizoplane subset of the
rhizosphere, but further suggests that glyphosate treatment increases nifH
quantity in the rhizosphere fraction beyond the rhizoplane (Figure 5.5). This
suggests that something in the root exudates is responsible for the nifH gene
response to glyphosate treatment. Allelochemical root exudates from
soybean, including daidzein, are highest between V2 and R2 growth stages
(Granato et al., 1983; Sugiyama et al., 2016). Soyasaponin Bb is exuded at a
much higher rate between V5-R3 than other growth stages, and has been
shown to disperse farther than daidzein, and to increase the proportion of
potential beneficial bacterial groups in experimental treatments (Fujimatsu et
al., 2020). In our experiment, soil samples were collected at V4 for the pre-
spray sampling date and 20 days later for the post sampling date, at which
time most soybean plants were between R1-R2. There was a marked
increase in nifH genes in the post sampling date due to glyphosate treatment;
our data support the notion that an alteration to the root exudate profile due to
glyphosate treatment increased the quantity of nifH gene copies in the
rhizosphere. This effect is consistent across cropping systems.

Our beta diversity analysis was consistent with previous research,
finding little to no effect of glyphosate on bacterial community composition
(Kepler et al., 2019; Schlatter et al., 2017). There are two mechanisms that
may act to decouple 16S variant population dynamics from the effect of
glyphosate. The prevailing model of bacterial gene evolution is that of nearly-

neutral evolution with genetic draft (Rocha, 2018), where genetic draft is
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when changes in allele frequency of genes is due to selection on other genes
that are nearby in the genome. This model predicts that the 16S gene
variants are each not under direct selection by glyphosate, but instead are
“drafting” along behind the EPSPS genes that are under selection. The size of
the draft effect (i.e., the extent to which glyphosate treatment changes 16S
variant frequencies in the community) is determined by how tightly the 16S
gene locus is linked to the EPSPS gene locus; and how strong the selection
pressure is on EPSPS. When strong selection on a single gene drives the
entire bacterial genome to fixation, it's considered a strong selective sweep;
in contrast, a soft selective sweep is when strong selection only drives a few
gene loci to fixation (Rocha, 2018). Evidence suggests that the dominant
mechanism in environmental bacterial adaptation leads to soft selective
sweeps. One mechanism that allows for soft selective sweeps is horizontal
gene transfer; and, there is evidence that the EPSPS gene experiences
horizontal gene transfer (Forlani et al., 2015). Second, existing EPSPS genes
in bacteria have been documented to rapidly evolve resistance when exposed
to glyphosate by modifying the enzyme’s active site (Rainio et al., 2021).
When this rapid evolution occurs in parallel associated with many ASVs, it
reduces the difference in selective pressure across ASVs, resulting in smaller
effects of glyphosate on the composition of bacterial 16S rRNA sequence
variants. These mechanisms suggest that it could be possible for glyphosate
treatment to drive fixation of many resistant EPSPS alleles within a bacterial

community without substantially altering the distribution of 16S sequence
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variants. And because EPSPS adaptation (and therefore selection) would be
happening locally in each farming system, it offers a plausible mechanism for
why different groups of taxa would respond to glyphosate in each cropping
system (Figure 5.8).

In a similar pattern, the nifH quantity was not well-correlated to
putatively identified diazotrophs. It is likely that taxonomy at the genus level is
not a reliable predictor of the occurrence of nifH within the genome. This is in
contrast to other genes, like amoA, which has been well correlated to putative
ammonia oxidizing archaea in a QSeq dataset (see supplemental figure 2
from (Epp Schmidt et al., 2019)). The genomic content of soil bacteria
containing the same 16S rRNA gene variant can shift considerably across a
short distance (Crits-Christoph et al., 2020). There is a growing body of
literature around microbial community dynamics that has found decoupling of
at least certain functional niche adaptations from taxonomy (Louca et al.,
2016b, 2016a; Philippot et al., 2010). The nifH operon is known to be subject
to horizontal gene transfer (Bolhuis et al., 2010), to the extent that strains that
contain nifH genes that are less than 3% divergent in their 16S rRNA gene
may be as much as 23% divergent in the nifH gene locus (Gaby and Buckley,
2014). This may indicate additionally a higher chance that individual bacteria
gain or lose the gene, reducing the relationship between nifH gene

abundance and 16S rRNA gene taxonomy.
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5.5 Conclusions

Although we observed that glyphosate does impact several
components of the nitrogen fixation system, we found evidence that these
responses are decoupled; glyphosate treatment affected soybean Ngta but not
the microbial community composition; and nifH gene quantity is affected by
glyphosate application but is not well-correlated to the subset of the 16S
rRNA genes putatively identified as diazotrophs, nor is it related to the
soybean Ngfa. Overall, we found evidence supporting the notion that cropping
systems with higher soil OM are more resilient to changes in function due to
glyphosate treatments, likely because they buffer water stress. We also
observed that the rhizosphere but not rhizoplane soils are likely to experience
increased nifH gene quantity due to glyphosate treatment, but that 16S rRNA
gene composition is unlikely to reflect this response even when restricting the

analysis to ASVs likely to contain nifH genes.
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Chapter 6: Conclusions

The actual abundance of taxa provides necessary information to
accurately infer ecological drivers and community assembly processes that
explain the existing patterns of community composition. The compositional
nature of sequence data has limited the scope of inference for microbial
ecologists that rely solely on sequence data to survey microbial communities.
Recent development of quantitative sequencing has provided a means to
alleviate the limitations of compositionality, and allow researchers to make
good inferences about ecosystem processes that drive community assembly.
These recent methodological advances are yet to become prevalent
components of the community ecology analysis paradigm; this dissertation
sought first to establish the conditions under which the quantitative
sequencing method addressed known biases associated with compositional
analysis; and then explore the utility of this method using several different

experimental and analytic contexts.

6.1 Chapter 2 Summary

In chapter 2, we explore the boundary conditions that define when
QSeq provides improved accuracy for inferring ecological processes. We
used a combination of modeling, data synthesis, and literature review to
evaluate QSeq methodologies. Using this information, we provided guidance

for when QSeq should and should not be used. We also provide a software
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instance that can be used in R to transform microbiome data into QSeq data
for analysis.

QSeq provides no conceptual advantage for alpha diversity estimation,
and because it manipulates counts for each taxon, may actually reduce the
accuracy of alpha diversity estimators. Beta diversity analysis may or may not
benefit from QSeq depending on the question and similarity index being used.
QSeq should not be used for beta diversity if the question is primarily focused
on the relative dominance of taxa or the prevalence of taxa across sites. In
contrast, QSeq offers distinct advantages for estimating the abundance of
individual taxa; determining the effect of environment on the abundance of
individual taxa; and determining the covariance among individual taxa across
environmental gradients. These advantages become greater as the overlying
gradient in total community abundance becomes greater; we identified that if
sample abundance varies by more than 5 % of the mean, that QSeq provides
more accurate estimation of taxon abundance and taxon-taxon covariance.
We suggest that this 5% threshold is extremely low compared to the typical
variation in total abundance of environmental datasets, and that therefore
QSeq should be considered the default method for assessing taxon
differential abundance and covariance in environmental microbiome datasets.

While this dissertation in general is focused primarily on soll
communities from diverse environments, we have found multiple instances
where QSeq is beneficial to the analysis of human and mouse microbiomes.

Thus this method has broad applicability across all microbiome environments.
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Current open-source microbiome analysis pipelines provide support only for
compositional statistical inference methods, and no explicit support for QSeq
transformations. We conclude that the field of microbiome research would
benefit substantially if open source sequence analysis pipelines include
support for the QSeq transformation and statistical inference solutions with

assumptions that are appropriate for QSeq data.

6.2 Chapter 3 Summary

Chapter 3 evaluates whether scaling metagenome prediction by total
bacterial abundance reliably improves the prediction of gene abundance.
There are a large number of software platforms that have been developed to
predict metagenomes from 16S sequence data. PICRUSt2 is generally held
to be most accurate in soil systems. Across platforms, however, metagenomic
inference produces compositional (relative abundance) gene data. In
Chapters 1 and 2 we establish that relative abundance does not accurately
represent true abundance; metagenomic datasets have strong correlations
among gene families because certain functions (and therefore genes) must
exist in all genomes, while others do not. This bias leads to high correlation in
metagenomic prediction (0.6-0.8 Pearson correlation) because core
maintenance functions are easy to predict. But this apparent correlation does
not represent the accuracy with which the abundance of genes for specialized
niche adaptation are predicted. In this chapter | test whether scaling by total
abundance improves the accuracy of gene estimation by comparing gene

abundance estimates to quantitative PCR of the same genes. My hypotheses
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were that 1) scaling by total abundance would reliably improve the accuracy
of gene abundance estimates; and 2) that certain genes would be more
reliably predicted because some genes regularly experience horizontal gene
transfer while others do not. | used a data synthesis approach, drawing on
several different datasets in order to address the potential variability in lab
methods, skill, environments, and spatial scale.

My first hypothesis was supported, there was strong evidence that
scaling by total abundance reliably improved the accuracy with which
abundance of genes was predicted. However, my second hypothesis was not
supported. High variability in the accuracy of genes within datasets, and high
variability in the accuracy of genes among datasets resulted in no difference
in the mean correlation between predicted gene abundance and measured
gene abundance. Certain genes in each dataset were highly accurately
predicted, suggesting that this variation is not due to different levels of skill in
QPCR or sequencing. Datasets from different environments had different
genes that were highly accurately predicted, suggesting that the variability is
very likely due in part to how well the reference databases represents specific
environmental contexts. No genes were always accurately predicted,
indicating that there is a lot of improvement that is necessary before gene
abundance predictions are reliable. Future replication of environments will
need to be done to determine if the abundance of certain genes in certain

environments can reliably be predicted.
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6.3 Chapter 4 Summary

Chapter 4 evaluates the effect of farming system management on the
distribution of microbial taxa along the soil depth gradient. Farming systems
are known to influence the chemistry and distribution of organic matter in
soils. In particular, organic practices rely more heavily on tillage, which
actively homogenizes surface soils, disrupting the depth structure of soil
organic matter accumulation. We evaluated three different farming systems
that differed in their nutrient management (organic vs inorganic inputs), and
tillage intensity. The three systems were no-till (NT), which had no tillage and
relied primarily on inorganic nutrients for nutrient management; chisel-till (CT),
which used chisel (reduced) tillage, and inorganic nutrients for nutrient
management; and organic 3 (O3), which used tillage for weed control and
organic nutrient inputs for nutrient management. All three systems were on a
3-year crop rotation, and sampled post-harvest in the wheat phase of the
rotation. Our hypothesis was that organic farming systems would result in a
redistribution of taxa in the soil profile.

The total abundance, and taxonomic diversity of taxa was
exponentially higher at the surface than at depth, and these patterns were
strongly correlated with soil C and N. This finding supports the notion that
relative abundance of taxa in this dataset does not represent their true
abundance across samples. Using the QSeq methodology, we were able to
identify a set of taxa that changed abundance due to farming system; and

also a small set of taxa whose abundance was redistributed in the soil profile
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because of tillage. For example, we found that members of mortierellomycota
were more abundant in CT and O3 than in NT. And, we were able to show
that tillage in O3 shifted members of pseudomonas down in the soil profile,
but did not affect their overall abundance (Chapter 3, Figure 6).

We were surprised in general by the relative weakness of the farming
system effects compared to depth effects. Farming systems had the greatest
effect in the top 10 cm, where farming system explained as much as 30-40%
of the variation in microbial community composition, depending on whether
bacterial or fungal communities were being evaluated. Taxa that were strong
indicators of farming system tended to also be found primarily in the top 10
cm of the soil profile.

These results illustrate that abundance and occurrence patterns both
reflect important aspects of the community assembly process. Farming
system primarily impacted the abundance and prevalence of taxa in the top
10 cm, but high tillage in Org3 did affect the distribution of pseudomonads in
the soil profile. The conclusions of this chapter would not have been possible

without quantitative measures of the abundance of individual taxa.

6.4 Chapter 5 Summary

Chapter 5 evaluates the effect of glyphosate on putative N-fixing
bacterial community across four farming systems, and asks whether effects
seen in the rhizosphere diazotroph community reflect other effects of
glyphosate on N-fixation in soybean. In this chapter, we quantified N derived

from the atmosphere in soybean, the quantity of nifH genes in rhizoplane and
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rhizosphere soil fractions, and the abundance and composition of the
diazotroph community from rhizoplane and rhizosphere soil fractions. Our
hypothesis was that if glyphosate decreased the amount of nitrogen fixed by
soybean, then it would decrease the abundance of nifH genes, and alter the
diazotroph community composition. Our data did not support this hypothesis;
rather it indicated that the amount of nitrogen fixed by soybean, nifH gene
abundance in rhizosphere soil fractions, and the community composition were
all governed by different processes. We identified taxa that increased or
decreased in abundance as a response to glyphosate in each of the soill
fractions in each of the farming systems; however, the collection of taxa that
responded were different in each farming system and each soil fraction. The
abundance of these organisms would not have been reliably inferred without
a quantitative sequencing method. Our results support the notions that local
adaptation to glyphosate occurs rapidly in soil bacteria; that glyphosate
sensitivity is decoupled from taxonomy; and that taxonomy may not reliably

indicate the presence of the nifH gene.

6.5 Final Thoughts

Analysis in Chapters 2 and 4 indicate that gradients in total microbial
abundance are likely to be large enough in most environmental datasets to
warrant a QSeq approach. Therefore, measuring and adjusting sequence
data to reflect the density of taxa in the environment is a necessary step to
accurately infer the mechanisms driving community assembly of

environmental microbiomes. Measuring total abundance should always be
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done in microbiome research; and open access bioinformatics pipelines
should offer support for the QSeq transformation and statistical analysis of
QSeq transformed data. Accounting for total abundance in metagenome
prediction software almost always improves the accuracy of gene abundance
estimates, indicating this concept has broad applicability. Yet the variability
among prediction quality in datasets analyzed in Chapter 3, and the variability
seen in the response of N-fixing taxa in Chapter 5, indicate that bacterial
functions are not yet reliably predictable based on taxonomy. Some genes
may never be reliably predictable based on taxonomy due to mechanisms like
horizontal gene transfer that decouple the taxonomy of local bacteria from
their actual ecological function.

It is likely that high throughput techniques for measuring functional
gene abundance will become tractable more quickly than metagenome
predictions will become accurate and reliable. For example, RNAseq costs
are similar to amplicon sequencing, but give a snapshot into the genes that
are actively being transcribed by the microbial community. Reference
datasets that can be used to ascribe microbial taxonomy already exist for
important functional genes (such as amoA). It is therefore conceivable that an
analytic pipeline could be built for prokaryote and eukaryote RNAseq datasets
to simultaneously describe the taxonomic, phylogenetic, and functional
diversity of soil communities. These methods could easily be integrated into a
QSeq approach that would allow soil researchers to connect environmental

gradients to total expression levels for specific functional genes. Since a core
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challenge in soil microbial ecology is that many of the taxa are dormant most
of the time, these tools could be incredibly powerful for illuminating which taxa

are active and what they are doing.
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