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Deconstructing the Soil Microbiome into Reduced-Complexity
Functional Modules

Dan Naylor,a Sarah Fansler,a Colin Brislawn,a William C. Nelson,a Kirsten S. Hofmockel,a,b Janet K. Jansson,a

Ryan McClurea

aEarth and Biological Sciences Directorate, Pacific Northwest National Laboratory, Richland, Washington, USA
bDepartment of Ecology, Evolution, and Organismal Biology, Iowa State University, Ames, Iowa, USA

ABSTRACT The soil microbiome represents one of the most complex microbial com-
munities on the planet, encompassing thousands of taxa and metabolic pathways, ren-
dering holistic analyses computationally intensive and difficult. Here, we developed an
alternative approach in which the complex soil microbiome was broken into compo-
nents (“functional modules”), based on metabolic capacities, for individual characteriza-
tion. We hypothesized that reproducible, low-complexity communities that represent
functional modules could be obtained through targeted enrichments and that, in com-
bination, they would encompass a large extent of the soil microbiome diversity. Enrich-
ments were performed on a starting soil inoculum with defined media based on specific
carbon substrates, antibiotics, alternative electron acceptors under anaerobic conditions,
or alternative growing conditions reflective of common field stresses. The resultant com-
munities were evaluated through 16S rRNA amplicon sequencing. Less permissive mod-
ules (anaerobic conditions, complex polysaccharides, and certain stresses) resulted in
more distinct community profiles with higher richness and more variability between rep-
licates, whereas modules with simple substrates were dominated by fewer species and
were more reproducible. Collectively, approximately 27% of unique taxa present in the
liquid soil extract control were found across functional modules. Taxa that were under-
represented or undetected in the source soil were also enriched across the modules.
Metatranscriptomic analyses were carried out on a subset of the modules to investigate
differences in functional gene expression. These results demonstrate that by dissecting
the soil microbiome into discrete components it is possible to obtain a more compre-
hensive view of the soil microbiome and its biochemical potential than would be possi-
ble using more holistic analyses.

IMPORTANCE The taxonomic and functional diversity inherent to the soil micro-
biome complicate assessments of the metabolic potential carried out by the com-
munity members. An alternative approach is to break down the soil microbiome into
reduced-complexity subsets based on metabolic capacities (functional modules) prior
to sequencing and analysis. Here, we demonstrate that this approach successfully
identified specific phylogenetic and biochemical traits of the soil microbiome that
otherwise remained hidden from a more top-down analysis.

KEYWORDS functional modules, microbiome, reduced complexity, soil
metatranscriptome, soil microbiome

The soil microbiome carries out key ecosystem services, including biogeochemical
cycling, soil-atmosphere gas exchange, and plant growth promotion. Better under-

standing of the soil microbiome will aid predictions of how these beneficial services
may be affected by environmental perturbations such as climate change. However, the
high taxonomic and functional diversity of the soil microbiome is currently a bottleneck
to understanding and prediction of the biochemical reactions that they carry out (1, 2).
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Soil is a heterogeneous mixture of distinct microenvironments (1), containing numer-
ous microbial guilds of disparate metabolic capacities (2, 3). In addition, the soil
microbiome harbors a significant fraction of rare and/or quiescent members (4),
significantly contributing to process rates (5, 6) but existing below the threshold of
detection of current technologies. Finally, the vast amounts of information generated
through holistic analyses, such as bulk metagenomics, represents an intense compu-
tational burden (7, 8) hindering assessment of the total diversity contained within the
soil microbiome.

Here, we aimed to dissect the biochemical capacity of the soil microbiome into
discrete “functional modules” through targeted enrichments. The functional module
concept circumvents numerous limitations in soil microbiome analysis. First, by selec-
tive enrichment, the soil microbiome diversity (richness) can be reduced into a tractable
number of species. These reduced-complexity consortia can then be studied in detail
to determine how individual species interact to carry out a specific biochemical process,
such as soil organic matter decomposition. Reduced-complexity communities are also
less computationally challenging for bioinformatics applications (9). Second, individual
species within a functional module can be isolated and studied in different combina-
tions to define specific interspecies interactions that underlie a metabolic process of
interest (10). Third, enrichment can allow for growth of rare or otherwise-undetectable
microbes from the source soil (9). Finally, this approach is aligned with the paradigm of
considering microbiome-associated functions and phenotypes rather than strictly phy-
logenetic structures (11).

We hypothesized that, through targeted enrichments of a starting soil inoculum, we
could obtain functional module communities with distinct characteristics. These func-
tional modules would have lower diversity relative to the soil extract controls and
would be reproducible and predictable. In addition, we hypothesized that the func-
tional modules would encapsulate a significant extent of soil phylogenetic diversity and
would enrich for underrepresented soil taxa. In total, the results presented here
illustrate how this approach can illuminate both the known and the hidden diversity of
a complex microbiome.

RESULTS
Designing functional modules. Functional modules were designed to dissect the

complex soil microbiome into discrete functional units and, in doing so, to maxi-
mize capture of the soil phylogenetic and functional diversity. Native field soil was
incubated under a wide range of incubation conditions that represented potential
resources and/or environmental conditions that would be experienced by soil
microorganisms. Module categories included: “simple substrates” (e.g., sugars and
organic acids), “antibiotics,” “polysaccharides,” “anaerobic” (i.e., modules under
anoxic conditions with alternative electron acceptors), and “stresses,” where three
types of carbon modules were exposed to common field stresses, including heat,
low pH, and high salt. Control “soil extract” modules were cultured in liquid soil
extract media, and “native soil” modules were obtained by sequencing the source
soil.

In total, 324 communities were obtained with up to 5 replicates each for 66
distinct functional modules. Community composition was determined by 16S rRNA
amplicon analysis. Using weighted UniFrac as a distance metric, the factors “cate-
gory” (which of the 6 module categories) and “modulename” (which of the 66
distinct modules) were both significant (P � 0.001) for permutational multivariate
analysis of variance (PERMANOVA) tests in explaining variation across the full data
set (see Table S1 in the supplemental material). Comparable results were found for
unweighted UniFrac (Table S1); for this reason, analyses here will be generally restricted
to weighted UniFrac (statistics on unweighted and weighted UniFrac data are available
in Tables S1 to S3). Similarities in community structure between modules largely
depended on the module category; e.g., simple substrate modules were similar to one
another and to certain polysaccharide and stress modules (Fig. 1a). Meanwhile, anaer-
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obic modules and other stress modules were distinct from most other modules (Fig. 1a).
When using an unweighted approach, the majority of taxonomic classes detected in
either the liquid soil extract control or the native soil control were not detected in the
modules, with the exception of some of the “stress” modules (Fig. 1b and c), where
more classes present in the native soil or liquid soil extract control were detected.

Functional modules are reduced in diversity and richness. In the full data set,
alpha-diversity metrics (Shannon’s diversity, richness, and Faith’s phylogenetic diversity
[PD]) (Fig. 2a to c) were significantly (P � 0.001) explained by “category” and “modu-
lename” (Table S2) in ANOVA tests. However, the significances of these effects were
often driven by the presence of the liquid soil extract controls. Upon their omission,
richness was no longer significantly explained by “category” or “modulename,” al-
though Shannon’s diversity was (P � 0.001) (Table S2). Tukey’s post hoc tests confirmed
that no functional module categories differed regarding richness. For Shannon’s diver-
sity, the “polysaccharides” modules were higher than all other modules and for Faith’s
PD, “stresses” were significantly different from “simple substrates” (Table S2).

Functional modules vary in reproducibility. Reproducibility (consistent commu-
nity composition among replicates) was quantified by “beta-dispersion” (average
weighted UniFrac distance between module replicates and the median), where higher

FIG 1 Distance between functional module communities and presence/absence heatmaps. (a) Heatmap of the mean pairwise weighted UniFrac distance
between all sample replicates for one functional module and all replicates for another module. Each box represents the average across all replicates for the
module. Shades of orange and blue represent high and low average weighted UniFrac distances, respectively. Black lines between samples represent the
demarcation between functional module categories (i.e., “soil,” “simple substrates,” “antibiotics,” “polysaccharides,” “anaerobic,” and “stresses”). (b and c)
Heatmaps representing how functional modules captured soil taxa at the class level. The x axes represent all classes that had nonzero counts in either liquid
soil extract control (b) or native soil control (c); the y axes represent all functional modules, grouped by hierarchical clustering. Orange squares are for modules
by class combinations that have no counts for the corresponding class in any module replicate; blue squares represent module by class combinations that have
at least one count in at least one module replicate.
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values indicate lower reproducibility. ANOVA confirmed “category” and “modulename”
were significant (P � 0.001) in explaining variation in beta-dispersion (Table S2).
Beta-dispersion was highest for the “anaerobic” and “polysaccharides” modules (Fig. 2d,
Table S3), and “simple substrates” had a lower beta-dispersion than other categories
according to Tukey’s post hoc tests (though only statistically different from “anaerobic”
and “polysaccharides”) (Table S2). These results suggest that the simple substrate
modules were more reproducible. Modules with a high beta-dispersion generally had
a higher alpha-diversity (Fig. 2), suggesting a link between diverse community struc-
tures and variation in community assembly. Within the stress modules subset, “stress”
and “substrate” (though not the interaction term “stress:substrate”) significantly (P �

0.007) influenced beta-dispersion (Table S3), the least reproducible stresses being salt
and dilute carbon.

Functional module community profiles. Dominant phyla in liquid soil extract
controls included Proteobacteria (mean relative abundance, 46.2%) and Bacteroidetes
(44.2%), distantly followed by Verrucomicrobia (4.3%) and Actinobacteria (1.3%) (Fig. 3a).
Major classes included Chitinophagia (18.3%), Alphaproteobacteria (18.2%), Betaproteo-
bacteria (16.4%), and Gammaproteobacteria (11.5%) (Fig. 3b). Taxonomic trends for each
module category are examined in detail below.

(i) Simple substrate modules. The intent of the “simple substrates” modules was
to represent a diverse range of metabolic capabilities from a variety of taxa present in
soils, by including common metabolic intermediates (simple sugars, amino sugars,
organic acids, and small carbon compounds). Taxonomic profiles for these modules
were largely dominated by Proteobacteria (Fig. 3a), specifically the genus Pseudomonas,
whose relative abundance increased from an average of 10.8% in soil controls to 90.7%
in “simple substrates,” reflecting their known ability to rapidly grow on these substrates
in liquid medium (12). Some modules also were enriched for Actinobacteria and/or

FIG 2 Full dataset of alpha-diversity and beta-diversity trends. (a to d) Boxplots for the alpha-diversity metrics: Shannon’s diversity (a), OTU richness (b), Faith’s
PD (c), and beta-dispersion (d). Samples are separated by individual module (x axis). Samples are further segregated and colored by module category (soil, gray;
simple substrates, green; antibiotics, blue; polysaccharides, brown; anaerobic, purple; and stresses, red). Beta-dispersion is represented by the distance for all
replicates within a module from their respective median values for weighted UniFrac. All boxplots were generated using default parameters, where lower and
upper hinges represent first and third quartiles (25th and 75th percentiles). Upper whiskers represent the largest value at or below the upper hinge � 1.5�
the interquartile range; lower whiskers represent the smallest value at or above the lower hinge – 1.5� the interquartile range. All outliers fall outside these
ranges.
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Firmicutes (Fig. 3a). For example, with xylose, Actinobacteria increased from �1% (the
average across all simple substrates) to 18.9%, and Firmicutes increased from �10%, to
46.8%.

(ii) Antibiotic modules. Antibiotics are relevant to soil systems, since they are
produced by some soil microorganisms, with roles in microbe-microbe competition or
signaling (13). Here, we designed modules based on antibiotic supplementation to
enrich for antibiotic-resistant populations. The antibiotics included those with modes of
action against Gram-negative bacteria (e.g., gentamicin) and against Gram-positive
bacteria (erythromycin), broad-spectrum activity (chloramphenicol and streptomycin),
and antifungal activity (benomyl and nystatin). While growth rates were negatively
impacted in all cases, Proteobacteria (largely Pseudomonas) were still predominant in
modules for chloramphenicol, erythromycin, and fungicides (Fig. 3a). However, genta-
micin and streptomycin enriched for Bacteroidetes, and the Clostridia and Flavobacteriia
classes (Fig. 3a and b).

(iii) Polysaccharide modules. “Polysaccharides” modules included plant or fungal
polysaccharides or disaccharides, ones that would be commonly found in soils con-
taining degraded lignocellulosic biomass. Shannon’s diversity was significantly higher
for “polysaccharides” than for “simple substrates” according to Tukey’s post hoc tests
(Table S2), an effect more pronounced for the more complex polysaccharides (chitin,
cellulose, and xylan) (Fig. 2a). Apart from Proteobacteria, “polysaccharides” modules
were largely enriched for Actinobacteria, Firmicutes, and Bacteroidetes (Fig. 3a). Bacte-
roidetes in particular represents a major soil phylum only previously substantially found
in our gentamicin module.

(iv) Anaerobic modules. For the “anaerobic” modules we took a basic glucose
module and supplied alternative electron acceptors to oxygen, aiming to enrich for the
significant extent of soil taxa that are anaerobes. Specifically, the modules included the
following: no alternative e– acceptor and N2 gas (referred to as “acetogen” media),
potassium nitrate under 9:1 N2:CO2, iron (III) citrate under 9:1 N2:H2, and iron sulfate
under 9:1 N2:H2. Trends for these modules included a decrease in representation of
Proteobacteria and increases in Firmicutes (Fig. 3a); in particular, increases in the
Negativicutes and Clostridia classes.

FIG 3 Community trends for full data set, phylum level and class level. (a and b) Relative abundance plots for all modules encompassing either the top 10
most abundant phyla (a) or the top 15 most abundant classes (b). Modules are grouped by the overlying module category (soil, simple substrates, antibiotics,
anaerobic, or stresses). Plots represent the average of all replicates for each given module. “Soil” refers to liquid soil extract control.
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(v) Stress modules. Certain major soil phyla (e.g., Chloroflexi, Planctomycetes, and
Verrucomicrobia) were not substantially captured in any modules up to this point. As
opposed to testing more substrates, we incubated a set of modules under alternative
growth conditions, namely, stresses that represented extremes of normal field condi-
tions, to vary the community composition and capture missing groups. Three carbon
substrate modules (N-acetylglucosamine, xylose, and xylan) were subjected to treat-
ments including: exposure to the herbicide 2,4-dichlorophenoxyacetic acid (2,4-D),
osmotic stress (addition of polyethylene glycol 8000), increasing pH from 7 to 8,
constant light, diluting carbon concentrations 10-fold, imposing constant heat stress
(40°C), imposing salt stress (0.8 M NaCl), and “late” modules (harvested after 1 full
week). We note that certain conditions in this analysis represent permissive conditions
for certain taxa and thus the term “stresses” may not be completely accurate. However,
the goal was to induce growing conditions indicative of environmental/geochemical
fluctuations in the native soil, not solely obtaining stress-tolerant microbes.

The factors “stress” and “substrate” and their interaction term (“stress:substrate”’)
were all significant (P � 0.001) in explaining community dissimilarity according to
PERMANOVA (Table S1). Salt and heat stress modules clustered separately from most
other modules on an ordination plot (Fig. 4a), with the greatest distances from their
respective unstressed controls (Fig. 4b). Effects varied by substrate, with N-acetyl-
glucosamine stress modules showing a clearer segregation for salt and heat stress
modules compared to xylose or xylan, although these effects were somewhat attenu-
ated if unweighted UniFrac was used in lieu of weighted UniFrac (Fig. S1). Furthermore,
N-acetylglucosamine stress modules had higher turnover for novel taxa relative to
unstressed control, compared to xylan or xylose stress modules (Fig. 4c to e). There
were some common taxonomic trends across stresses (e.g., heat enriching for class

FIG 4 Stress dataset of weighted UniFrac distance and nestedness/turnover trends. (a) Principal coordinate analysis of weighted UniFrac Distance for samples
within the “stress” subset. Substrate is delineated by shape: �, N-acetylglucosamine; Œ, xylose; and �, xylan. Colors indicate the specific stress imposed (gray,
control; blue, 2,4-D; green, late harvesting; yellow, PEG [osmotic stress]; light yellow, pH 8; orange, constant light; magenta, 10%C [dilute carbon]; purple, heat
stress; and black, salt stress). (b) Boxplots representing the weighted UniFrac distances for all replicates for a stress module from its unstressed control of the
same substrate, segregated into stress � substrate combinations. Control boxplots (gray) indicate distances for control replicates from one another. (c, d, and
e) Nestedness and turnover plots for stress modules, segregated by substrate (for N-acetylglucosamine or NAG [c], for xylose [d], and for xylan [e]). Above the
x axis at 0 represents nestedness, or the distinct OTUs present in the control unstressed module that were also found in the stress modules for the same
substrate. Below the x axis at 0 represents turnover, or the distinct OTUs uniquely found in stress modules not present in their respective unstressed control.
Bars are colored by which parent phylum to which the OTUs belong.
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Bacilli, salt enriching for Actinobacteria), although in others (dilute carbon and “late”
stresses) profiles differed by substrate (Fig. 3a and b). Notably, in xylose and xylan salt
stress modules there was emergence of soil phyla (Gemmatimonadetes, Acidobacteria,
and Verrucomicrobia) not seen elsewhere across the modules (Fig. 3a).

(vi) Indicator genera. We ran indicator species analysis (at the genus level) to
determine which genera were significantly (P � 0.05) associated with a given module
(Table S4). Gentamicin and streptomycin modules were enriched for genera known to
harbor genes for gentamicin resistance (Stenotrophomonas [14]), streptomycin resistance
(Lactobacillus [15]), or streptomycin synthesis (Leifsonia, Burkholderia-Paraburkholderia, Rho-
danobacteria, and Dyella), whereas indicators for polysaccharide modules included known
cellulose degraders (Kaistia, Devosia, and Bradyrhizobium [16]) (Table S4).

Soil diversity represented in functional modules. We compared functional
modules to native soil control communities to determine how well we captured soil
taxonomic diversity. A core microbiome was calculated for each functional module
(operational taxonomic units [OTUs] present in �40% of replicates at �0.01% of
cumulative relative abundance, similar to definitions in previous studies [17, 18]) to
obtain a sense of the microbes that were consistently enriched and thus representative
of a given module. The (full, noncore) control liquid soil extract microbiome contained
717 unique OTUs across 25 phyla, where 192 (�26.7%) were present in �1 functional
module core (Fig. 5b). The most inclusive module categories were “stresses” (179 soil
OTUs) and “polysaccharides” (80 soil OTUs) (Fig. 5a), and the most inclusive individual
modules were xylan and xylose under salt stress (Fig. 5d). Nevertheless, there were still
phyla in the liquid soil extract controls that were not found (Planctomycetes) or were
rare (Verrucomicrobia) in our modules (Fig. 5c) and likely require alternative strategies
for their enrichment. We repeated this analysis using native soil (solid) to provide a
comparison to the original source soil. There were 1,378 unique OTUs in the native soil,
of which 416 were found in the liquid soil extract controls, 185 in “stresses,” 59 in
“polysaccharides,” with all other categories having below 30 (data not shown). We
obtained 341 unique OTUs in module cores that were absent in the control liquid soil
extract microbiome (Fig. 5b), a number which only decreased to 331 when comparing
module cores to native soil (data not shown).

Modules are functionally distinct. A subset of taxonomically diverse modules was
selected to investigate their phylogenetic and functional gene expression profiles.
Metatranscriptomes were obtained from 15 samples: 3 replicates each from the mod-
ules “N-acetylglucosamine,” “xylose,” “gentamicin” (note that glucose was added to-
gether with gentamicin and is designated “GlucGent” on figures), “xylan,” and “pectin.”
Transcripts were annotated against the UniRef90 database to get taxonomic informa-
tion and against the EggNOG database to obtain KEGG functional information.

Bray-Curtis dissimilarity objects were constructed for the normalized transcript
abundance table and corresponding 16S rRNA gene amplicon data. In both data sets,
“modulename” significantly (P � 0.001) explained variation in Bray-Curtis dissimilarity
(Table S5), and replicates within modules clustered together (apart from one outlier for
pectin) (Fig. 6a to c), demonstrating consistency in module enrichment patterns for
both functional and taxonomic profiles. In addition, a Mantel’s test confirmed that a
significant correlation existed between 16S rRNA gene amplicon and transcript inter-
sample Bray-Curtis distances (Mantel’s statistic � 0.42, P � 0.0001), indicating that the
more dissimilar samples are taxonomically, the more dissimilar they are functionally.
Functional reproducibility also varied between the modules. Relatively consistent
expression patterns were seen for N-acetylglucosamine, xylose, and gentamicin, while
pectin and xylan were more variable (Fig. 6d).

To determine functional enrichment patterns, we made pairwise comparisons be-
tween all combinations of modules. Transcripts significantly (adjusted P value of �0.05,
shrunken log-fold change of �1.0) elevated in one module relative to at least two of
the remaining four modules were retained (Table S6). Subsequently, KEGG categories or
subcategories disproportionately represented in elevated transcripts, relative to their
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percentage in the full annotated data set, were considered “enriched” in a module.
Distribution of categories and subcategories differed by module (Fig. S2a and b); for
example, the KEGG categories “transport and binding proteins” and “glycan biosynthe-
sis and metabolism” were enriched in gentamicin, and pectin and xylan modules,
respectively (Fig. S2a), and the subcategory “amino acids, peptides, and amines” was
enriched in gentamicin (Fig. S2b). Furthermore, the enriched KEGG orthologs (KOs) in
xylan and pectin modules encompassed more of the microbial metabolic map than did
enriched KOs in xylose or N-acetylglucosamine (Fig. 6e), suggesting either that indi-
vidual microbes have a greater range of expression in these modules or that increased
community richness means a greater diversity of functional capacity were encom-
passed.

The module incubated with the gentamicin antibiotic plus glucose had the most
significantly differing enriched transcripts (n � 1,233) relative to all other modules
(Table S7 and Fig. 6d). Of the transcripts with the highest average log2-fold expression
changes, the majority were for housekeeping functions (e.g., oxidative phosphorylation
and ribosomal proteins), although a select few had putative roles in aminoglycoside
antibiotic resistance, such as gentamicin efflux or modification (Table S7) (19, 20). For
example, two of the most highly enriched transcripts in gentamicin relative to all other
modules were for “transport and binding proteins” (Table S7), one of which was for a

FIG 5 Microbiome comparisons between soil controls and functional modules. Core microbiomes were generated for each module through calculation of
distinct OTUs represented in at least 40% of replicates and comprising at least 0.01% of cumulative read counts for that module. (a) Absolute abundance plot
of distinct OTUs, with a comparison of the distinct OTUs present in native soils, distinct OTUs present in liquid soil extract controls, and the OTUs in liquid soil
extract controls represented in at least one module core for each of the functional module categories. (b) Stepwise absolute abundance plot of distinct core
OTUs in module categories, where each successive module category represents the distinct module core OTUs present in the category, along with those in all
previous categories. Above the x axis represents OTUs also found in liquid soil extract control; below the x axis represents OTUs uniquely found in functional
module cores. (c) Relative abundance plot of the distinct OTUs— either those present in native soil, those present in liquid soil extract controls, those present
in both liquid soil extract control and functional module cores, or those uniquely present in functional module cores. (d) Absolute abundance plot of distinct
liquid soil extract OTUs found in each individual functional module. Bars in plots are colored according to the phylum to which each core OTU belongs.
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“porin” protein, which belongs to a family with noted roles in antibiotic resistance
through efflux (19, 20). Similarly, another transcript was for “pyridoxine 5=-phosphate
synthase” (EC 2.6.99.2), the gene responsible for pyridoxal-5-phosphate, which is known
to combat aminoglycoside toxicity (21), while another was for an adenylyltransferase
(EC 2.7.7.42), which has known activity in aminoglycoside resistance (22). However, the
majority of enriched transcripts had no explicit connection to gentamicin resistance
(Fig. 6d). Instead, these findings were likely a consequence of gentamicin exerting
selective pressure to alter community composition and thus community-wide gene
expression. Indeed, 16S amplicon sequencing data confirmed different community
compositions for the “gentamicin” module relative to its control (i.e., basic glucose with

FIG 6 RNA-Seq functional trends. Bray-Curtis distance objects were generated for the RNA-Seq data set as well as the corresponding samples within the 16S
amplicon data set, generating principal coordinate analysis plots for both the RNA-Seq (a) and 16S (b) data sets. Points are colored by module (red,
NAG/N-acetylglucosamine; orange, xylose; yellow, GlucGent/glucose � gentamicin; green, xylan; blue, pectin). (c) Heatmap of Euclidean distances between
individual samples within the RNA-Seq data set, where red indicates high distance/dissimilarity between samples, and blue indicates low distance/similarity
between samples. (d) Heatmap of expression values for the 15 samples in the RNA-Seq data set. To subset the data set to the transcripts that were most
informative with regard to sample-to-sample variation, in this plot the transcripts were first reduced to the 5,000 with the highest average counts, then further
to the 500 of those with the highest coefficient of variation (the ratio of standard deviation to the mean) for counts. The data in panels a, c, and d are based
on applying variance-stabilizing transformation to the original DESeq-normalized data object so as to more easily visualize differences between samples. (e)
Significantly upregulated KEGG orthologs for each of the five modules used in RNA-Seq. Lists of enriched KOs were generated by performing comparisons
between all pairs of modules, where KOs that were significantly upregulated in a module relative to at least two other modules were retained (as well as having
a shrunken log-fold change of �1.0 and an adjusted P value of �0.05). Subsequent visualization of KOs on a microbial metabolism map was accomplished using
iPath 3.0.
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no gentamicin), such as a higher relative abundance of class Betaproteobacteria at the
expense of Gammaproteobacteria (Fig. 3b). Approximately 47.3% of all significantly
enriched transcripts in the gentamicin module belonged to Betaproteobacteria, an
increase from 16.5% in the full data set (data not shown). Aminoglycoside-resistant soil
bacteria belonging to class Betaproteobacteria (e.g., order Burkholderiales, members of
which have demonstrated resistance to gentamicin [23]) are likely responsible for these
metabolic shifts.

Another striking trend was enrichment of more KEGG subcategories in the polysac-
charide modules (14 and 12 subcategories for xylan and pectin, respectively) compared
to those for simple substrates (6 and 5 for xylose and N-acetylglucosamine, respec-
tively) (Table S6). This was also reflected at the individual transcript level, with signif-
icantly more enriched transcripts in polysaccharide modules relative to those for simple
substrates (1,291 versus 213 transcripts). Polysaccharide-enriched transcripts included
many with functions relevant to polysaccharide metabolism (endo-1,4-�-xylanase [EC
3.2.1.37] or an SBP domain-containing protein, which is associated with binding plant
polysaccharides [24]), while many transcripts enriched with simple substrates were
associated with amino acid metabolism (Table S8). There were also a number of
enriched transcripts responding to polysaccharides that were uncharacterized and may
serve as attractive targets for elucidating mechanisms behind microbial polysaccharide
metabolism. In particular, a larger proportion of enriched transcripts in polysaccharide
modules were attributable to Bacteroidetes compared to those in simple substrate
modules (13.6% versus 0.8%, respectively) (Table S8), which may be attributable to a
high presence of CAZymes for glycan breakdown in this phylum (25). Because only a
small number of polysaccharide-enriched transcripts were specifically implicated in
polysaccharide breakdown (Table S8), the differences in gene expression patterns are
more likely due to shifts in active members of the community rather than changes of
specific transcripts being upregulated. This is supported by the amplicon sequencing
data, which showed a higher abundance of Bacteroidetes in the polysaccharide modules
(chitin, cellulose, pectin, and xylan) compared to the simple substrate modules (Fig. 3a),
as well as indicator analysis confirming presence of polysaccharide degraders in
polysaccharide modules (Table S4). In addition, there was a higher community diversity
and a corresponding greater metabolic diversity in the polysaccharide modules as a
whole, compared to that of the simple substrates (Fig. 2a to c and Fig. 6).

Network analysis of functional modules. We integrated the metatranscriptomic
data to identify genes/taxa occupying central and potentially metabolically important
positions in the soil microbiome. The context likelihood of relatedness (CLR) algorithm
was used to infer a coexpression network linking genes based on mutual information;
then, taxonomic and centrality information were integrated to identify highly central
genes and taxa. For taxa, in contrast to findings from 16S rRNA gene amplicon analysis
(Fig. 3b), the centrality of genes from Gammaproteobacteria and Betaproteobacteria was
much lower compared to genes from other taxa (Fig. 7a and b). Betaproteobacteria had
a betweenness centrality value roughly in line with its abundance level. In contrast,
other classes (Rubrobacteria, Verrucomicrobia, Vicinamibacteria, and Acidimicrobiia) were
low in relative abundance based on 16S amplicon sequencing (Fig. 3b) but expressed
genes of high centrality, including an extracellular solute binding protein (Rubrobac-
teria), a catalase peroxidase (Verrucomicrobia; EC 1.11.1.21), NADH-quinone oxidoreduc-
tase subunit C (Vicinamibacteria; EC 1.6.5.3), and an ABC1 domain-containing protein
(Acidimicrobiia). These genes occupied bottleneck positions of high betweenness and
acted to link a large number of other genes throughout the network.

To investigate centrality of functions, transcripts significantly associated with each of
the five modules were located in the network (Fig. 7c). Genes responding to incubation
with N-acetylglucosamine and xylose had higher centrality compared both to those
belonging to other modules and to the average centrality of all genes in the network
(Fig. 7d). N-acetylglucosamine-enriched genes had statistically higher betweenness
centrality compared to pectin- and xylan-enriched genes (P � 0.03). Genes responding
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to xylan, pectin, and xylose had much lower betweenness centrality values (7.9, 8.0, and
1.99-fold, respectively) compared to average betweenness, although these shifts were
not statistically significant.

DISCUSSION

In this work, we deconstructed the soil microbiome into discrete modules based on
functional capacities. The resulting module communities were reduced in complexity,
varied in reproducibility, and represented a significant extent of diversity present in
either liquid soil extract controls or native soils, while also enriching for microbes that
were rare or undetectable in either soil. We also demonstrated that low-abundance
taxa, despite their rarity, substantially contributed to module functional profiles
through expression of a few highly central genes. Targeted enrichments for distinct
consortia from a complex parent microbiome have previously been conducted using
substrate enrichments (12, 26-28) or stress perturbations (9) to investigate substrate
uptake and decomposition trends (26), to determine taxonomic diversity and/or
growth on carbon sources (12, 28), or to obtain reduced complexity consortia for
optimized whole genome binning in metagenomes (9). Here, we provide new knowl-
edge about the breadth of soil phylogenetic and functional capacity through high-
resolution analyses of the soil microbiome using a functional module approach.

Diversity and phylogenetic trends for functional module consortia. The func-
tional modules had lower diversity metrics compared to liquid soil extract controls.
Opportunistic growth by Pseudomonas was the cause of this trend in numerous

FIG 7 Network analysis of metatranscriptomic data. (a) Gene coexpression network of metatranscriptomic data. Circles represent genes, and lines instances
of high mutual information (Z-score above 13.35). Genes are sized by betweenness centrality, with a larger size indicating higher betweenness. Genes are
colored by the class of the species expressing them (see inset). (b) Bar chart showing average betweenness (red bars, left y axis) and abundance (green bars,
right y axis) for each taxonomic class in the network. Certain species could not be detected by 16S and have no abundance bar. (c) Network with genes colored
by which functional module perturbation they are uniquely associated with (red, glucose with gentamicin; green, NAG; orange, pectin; blue, xylan; yellow,
xylose). (d) Bar chart showing average betweenness (filled bars, left y axis) and degree (hashed bars, right y axis) for each set of genes uniquely associated with
each perturbation. Gray bars represent the average betweenness or degree of all genes in the network. Asterisks indicate statistically significantly higher
betweenness values determined by a Student t test (P � 0.03).
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modules enriched with simple substrates. As an r-selected organism, Pseudomonas
grows rapidly in liquid cultures containing labile carbon substrates (12, 29), outcom-
peting less opportunistic microbes. Thus, the results observed here are consistent with
its life strategy (30). However, even the comparatively complex polysaccharide modules
were less diverse than liquid soil extract control.

We also hypothesized that functional module enrichments would be highly repro-
ducible given the tight restrictions on medium composition, especially relative to the
undefined soil extract media used as controls. However, more than 20 modules had
higher values for beta dispersion than liquid soil extract controls (although not statis-
tically significant [Table S2]). These modules primarily belonged to the “stress” and
“polysaccharides” categories which tended toward more diverse communities with a
prevalence of Firmicutes and Actinobacteria. Previous reports have associated
Actinobacteria-rich communities with higher dispersion (31), possibly due to their lower
growth rates preventing any one taxon from crowding out all others. Indeed, under
“late” and dilute carbon stresses (both conditions that would encourage slow-growing
microbes), Actinobacteria were present in all module replicates (Fig. 3a).

Polysaccharide breakdown generates a variety of carbon substrates, enriching for a
larger repertoire of metabolic functions (32). Higher functional diversity means more
chances for the “lottery hypothesis” to take effect, in which whoever is able to seize
opportunity first exerts priority effects (33, 34), increasing community dispersion. One
potential activity is metabolic cross-feeding: secondary consumers utilize polysaccha-
ride breakdown products but possess no intrinsic breakdown activity. Consequently,
caution must be taken when inferring which community members actively participate
in polysaccharide breakdown, although it is unlikely secondary consumers outnumber
primary consumers (35). Although outside the scope of the present study, the influence
of multiple habitat niches on community succession could be tested by incorporating
a solid matrix together with complex substrates.

We also addressed to what extent functional modules typified the parent soil
microbiome. Approximately 27% of OTUs found in the liquid soil extract controls were
also found in module cores. Therefore, 1/4 of the control soil microbiome was con-
nected to at least one metabolic function tested in our study. While most major soil
phyla had a substantial presence across module cores, other phyla (e.g., Bacteroidetes
and Verrucomicrobia) were underrepresented. Bacteroidetes are predominantly copi-
otrophic and associated with C mineralization (30) but were likely outcompeted by
rapid Pseudomonas growth in simple substrate modules. However, Bacteroidetes were
enriched (though not significantly so) in polysaccharide modules compared to simple
substrate modules (mean relative abundances of 2.86% and 0.03%, respectively),
consistent with their putative role in polysaccharide breakdown (25), and growth in
xylan-containing medium (36). For this reason, inclusion of more complex polysaccha-
ride modules (or altering the growing conditions of existing ones) could serve to better
enrich for this phylum. Depletion of Verrucomicrobia was more striking, as they were a
substantial proportion of liquid soil extract controls but only present in four module
cores. Verrucomicrobia are characteristically slow growing and difficult to cultivate,
although highly diluted nutrient broth has been shown to be an effective enrichment
strategy (37) that could be harnessed in future functional module approaches to
capture this phylum. Interestingly, despite the low abundance of the Verrucomicrobia,
this phylum was highly central in the gene coexpression network (Fig. 7b), suggesting
that it carried out key functions for the community.

Including various stress perturbations also extended the range of soil diversity we
could reconstitute. Salt stress was particularly inclusive in enriching for soil taxa, which
is line with previous reports implicating salinity as a strong determinant on soil
community structures (38, 39). However, our finding that salt stress increased diversity
contrasts with previous findings showing the opposite (39). These results highlight the
importance of considering microbial functional capacity in aspects other than substrate
utilization, since stress imposition often provoked substantially different communities
than the unstressed control (Fig. 4b).
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Our approach also demonstrated the potential of capturing rare soil microbes
through targeted enrichments. In total, 341 unique OTUs across a wide range of taxa
were found in functional module cores but not in liquid soil extract controls. Functional
modules augmented the prevalence of members of Firmicutes (mainly class Bacilli) and
Actinobacteria (mainly class Actinobacteria), as well as the classes Gammaproteobacteria,
Negativicutes, and Clostridia. While the majority of Gammaproteobacteria enrichment
was due to Pseudomonas OTUs not found in the soil controls, the other trends are less
easily explained. Firmicutes and Actinobacteria are associated with carbon cycling
processes in fertilized prairie soils (40), which could explain their prevalence in poly-
saccharide modules. In addition, Firmicutes were prevalent in anaerobic and heat stress
modules. Given Firmicutes’ involvement in anaerobic processes (sulfate/iron reduction,
fermentation [41], and endospore formation under high heat [42]), these modules may
be suitably tailored to Firmicutes’ metabolic capacities. Similarly, Clostridia were a small
minority (0.0125%) of liquid soil extract controls but were enriched in most polysac-
charide and anaerobic modules (Fig. 3b). Taken together, these results suggest that
complex microbiomes such as soil have substantial “hidden” diversity that require
alternative approaches (such as functional modules) to be unearthed.

Mechanistic insights and functional trends across functional modules. Previous
studies have attempted to relate microbial guilds to the functional capacity for nutrient
usage or carbohydrate metabolism (10, 43), to explain the functional contributions of
predetermined groups of taxa (44), or to relate functional shifts under a certain
treatment to the major contributing taxa (45). However, to our knowledge this is the
first study demonstrating the deconstruction of a complex microbiome’s collective
functional capacity (i.e., the “metaphenome” [11]) into component parts with distinct
expression profiles. In our study, through analyzing gene expression data on a subset
of modules, we confirmed that different modules were characteristically enriched or
depleted in different functions or functional categories. For example, xylan was
uniquely enriched for ascorbate metabolism, pectin for nitrogen metabolism, and
gentamicin for pyrimidine metabolism (Table S6). Patterns for KEGG category abun-
dances could often be related to the nature of the module itself. Xylan and pectin
modules had high levels of “glycan biosynthesis and metabolism” (Fig. S2a), which is
likely attributable to these complex carbohydrates (i.e., glycans) requiring a greater
variety of relevant functions for their catabolism. Similarly, gentamicin modules had
high levels of “transport and binding proteins” (Fig. S2a), possibly for transporters
involved in antibiotic efflux or secretion (46), which is line with the types of genera
significantly enriched in this module by indicator analysis (Table S4). For KEGG subcat-
egories, gentamicin modules were elevated in “amino acids, peptides, and amines”
(Fig. S2b), potentially explained by gentamicin interacting with chaperone proteins’
peptide-binding domains (47). Both xylan and pectin were less reproducible at the
KEGG subcategory level, with functions such as “polysaccharides and lipopolysaccha-
ride metabolism” and “DNA replication, recombination, and repair” showing variable
relative abundances between replicates.

There were 1,233 transcripts significantly elevated in gentamicin compared to the
other four modules (Table S7), many with putative functions in antibiotic resistance
(efflux pumps and antibiotic modification). Interestingly, a higher proportion of tran-
scripts matched to Betaproteobacteria in the gentamicin-enriched subset relative to the
full metatranscriptome. We also observed strong community shifts in the gentamicin
module relative to the antibiotic-free glucose module, in particular an increase in
Betaproteobacteria at the expense of Gammaproteobacteria. These results point toward
changing gene expression patterns being a consequence of gentamicin selecting
against susceptible Gammaproteobacteria, while enriching for Betaproteobacteria. For
polysaccharides, there were far more significantly enriched transcripts in polysaccha-
ride modules over simple substrate modules than for the reverse comparison (Table S8).
These shifts in gene expression are likely reflective of the higher community diversity
found among polysaccharide modules (Fig. 2a to c) and the diverse sets of pathways
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needed for polysaccharide metabolism, resulting in more opportunity for variability in
functional profiles and metabolic cross-feeding.

Replicates within modules were generally more similar to one another than they
were to other module replicates (Fig. 6a), confirming this approach as viable for
obtaining functionally distinct consortia. However, complex polysaccharide modules
had less consistency in gene expression and also community dispersion based on 16S
rRNA gene sequencing, implicating microbial relative abundance shifts, rather than
alternative expression patterns, as the root cause of disparate transcriptomic profiles.
Such findings may be attributable to the diverse nature of the soil microbiome: within
its extensive array of functional guilds, those with the inherent capacity to survive in a
given module will grow rapidly and contribute more to transcriptomic profiles over
persistent, metabolically plastic species that simply alter their expression patterns.

Our finding that genes associated with N-acetylglucosamine and xylose occupy
highly central network positions suggests that processes that respond to these carbon
and nitrogen sources are central, and these substrates are important to the overall soil
microbiome. Indeed, xylose is one of the most highly abundant saccharides found in
plant material, being a major substituent of the plant cell wall hemicelluloses xylan and
xyloglucan (48). Chitin, of which N-acetylglucosamine is a monomer, is abundant in
many soils, as a component of some fungal cell walls and insect exoskeletons (49). As
such, xylose and N-acetylglucosamine represent important sources of carbon and
energy that soil microbial communities must be prepared to metabolize.

We acknowledge some potential drawbacks in our approach. First, in the interests
of controllability and throughput, all enrichments were conducted in liquid (rather than
soil) media. Due to the relative homogeneity of this media type, liquid cultures are
predisposed to enrich for one or a few OTUs (10, 35), are potentially biased against rare
taxa due to the use of soil dilutions (5), and will evoke different community profiles than
would be obtained in soil (29, 50). We observed domination by fast-growing microbes
under certain substrates in liquid cultures, but these findings do not equate to these
microbes being the only ones capable of metabolizing the substrates. In contrast, in
soils, various factors (e.g., inaccessibility of substrates due to irregular spatial distribu-
tion or physical protection mechanisms [51]) will invoke competitive or synergistic
interactions and, by extension, a more diverse community, even with the same sub-
strate (29). However, where applicable we included native bulk soil as a point of
comparison to partially address this issue. Second, the carbon substrates supplied were
largely labile substrates, while in native soils, microbial diversity is limited by low C
availability (52) and (aside from root exudates) available carbon sources are mixtures
of nonlabile biomacromolecules (51). For that reason, future functional module ap-
proaches based on a soil system could incorporate additional complex substrates and
lower nutrient availabilities to more accurately mirror native soil conditions. Third,
amplicon sequencing cannot be used to extrapolate functional capacity of a commu-
nity without complementary approaches. Methods such as stable isotope probing
represent an advantageous approach in that the microbes directly metabolizing a given
labeled substrate can be accurately identified but are comparatively low throughput
and require labeled versions of the desired substrates to be commercially available (12).
However, due to the limitations in relying on amplicon sequencing alone, we chose
to supplement this data set with metatranscriptomics on a subset of samples. The
advantage of metatranscriptomics is that this data type provides a more comprehen-
sive approach in determining functional profiles than does stable isotope probing,
which targets active taxa (18O) or transformation and assimilation of substrates (13C). In
addition, generating and sequencing the high number of modules (48) used in this
analysis represented a significant effort. Our approach could be streamlined through
inclusion of only a subset (e.g., 5 to 10) of modules that together encompass the largest
extent of soil diversity of any module subset, such as focusing on a combination of
stress and polysaccharide modules. In this way, the process can be optimized to
provide the greatest amount of information with the least amount of work. Ultimately,
by deep exploration of functional modules representative of specific types of metab-
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olism that are found in native soil, we should be able to further expand our knowledge
about the potential organismal interactions and the types of metabolic routes carried
out by different taxa in soil.

MATERIALS AND METHODS
Functional module design. Distinct media types were created for each functional module. All

functional module media were based on 1� minimal M9 media (in 1 liter of double-distilled water
[ddH2O], addition of 6 g of sodium phosphate dibasic, 3 g of potassium phosphate monobasic, 1 g of
ammonium chloride, 0.5 g of sodium chloride, 0.0111 g of calcium chloride, with 0.24 g of magnesium
sulfate added after autoclaving), with subsequent modifications that varied by the specific module.

For all modules based on utilization of simple substrates, M9 medium was supplemented with 10 mM
carbon substrate. These substrates included sodium acetate, arabinose, sodium citrate, D-galacturonic
acid, D-glucuronic acid, galactose, glucosamine, glucose, glutamate, glycerol, glycine, sodium malate,
mannose, N-acetylglucosamine, sodium propionate, sodium pyruvate, rhamnose, and xylose. All sub-
strates were added prior to autoclaving.

All antibiotic modules were based on supplementation of a M9-plus-glucose (M9�glucose) module
(as prepared above) with antibiotics, added after autoclaving to avoid denaturation then filter sterilizing
the new media. Multiple concentrations were tested for a level that would impose a selective force while
still allowing for growth, as measured by increases in optical density at 600 nm (OD600) over time relative
to nonsupplemented glucose control. Concentrations were finalized for benomyl at 15 �g/ml culture
media, chloramphenicol at 128 �g/ml, erythromycin at 100 �g/ml, nystatin at 50 �g/ml, and streptomy-
cin sulfate at 100 �g/ml. Additional antibiotics (ampicillin sodium salt, tetracycline hydrochloride, and
vancomycin) were tested and discarded due to producing no or very limited microbial growth.

Polysaccharide modules were based on adding 10 mM a carbon source to minimal M9 media.
Substrates included: carboxymethyl cellulose (to represent cellulose), xylan (specifically, purified beech-
wood xylan), pectin, chitin (purified from crab shells), cellobiose, trehalose, and sucrose. Apart from
pectin, all polysaccharide/disaccharide substrates were added prior to autoclaving. Pectin was added to
autoclaved minimal M9 media by dissolving at 70°C with stirring, followed by filter sterilizing (pore
diameter, 0.22 �m) to remove possible contaminants.

Anaerobic modules were based on supplementation of M9�glucose with an alternative redox
acceptor and flushing with a specific gas mixture for 30 min to remove residual O2 (both culture media
and the starting soil inoculum were flushed for 15 min separately; then, after the addition of the
inoculum to the media, the new solution was flushed for an additional 15 min). A basic anaerobic
module, referred to as the “acetogen” module, was constructed with M9�glucose and flushing with pure
N2 gas. Iron sulfate medium was constructed by either filter sterilizing (“fs”) or autoclaving (“nonfs”)
M9�glucose with 0.5 g/liter iron sulfate heptahydrate and then flushing with 9:1 N2:H2. Potassium nitrate
medium was constructed by adding 0.5 g/liter potassium nitrate to M9�glucose, autoclaving, and then
flushing with 4:1 N2:CO2. Iron citrate medium was constructed by adding 13 g of iron(III) citrate to
M9�glucose, autoclaving, and then flushing with 9:1 N2:H2.

Several functional modules were designed to impose further stress perturbations on the soil
microbiome. Preliminary stress tests were performed by modifying glucose and N-acetylglucosamine
modules with respect to pH or salt concentration. In these tests, pH of the starting minimal M9 medium
was changed from 7 to either 6 or 8, altering the ratios of sodium phosphate monobasic to potassium
phosphate dibasic accordingly (while maintaining a constant phosphate concentration), prior to the
addition of glucose or N-acetylglucosamine. Salt modules were created through supplementation of 0.8
M sodium chloride to M9�glucose or M9�N-acetylglucosamine media. Certain preliminary samples (i.e.,
glucose at pH 6, pH 8, glucose�salt, and NAG at pH 6) were excluded from further downstream analyses
if either the stress condition or substrate was not being used for other stress modules. After it was
determined by 16S rRNA gene sequencing that the resultant communities were affected by stress
imposition relative to unstressed glucose or N-acetylglucosamine modules, additional stress modules
were designed. These modules used a combination of one of three carbon substrates (xylose,
N-acetylglucosamine, or xylan) and one of eight alternative growing conditions meant to mimic stresses
that could be experienced by soil microbes. These included: (i) “10%C,” diluting the carbon substrate
10-fold (1 mM rather than 10 mM); (ii) “2,4-D,” supplementation with the herbicide 2,4-dichloro-
phenoxyacetic acid at a 10 mM final concentration); (iii) “heat,” constant incubation temperature of 40°C;
(iv) “late,” harvesting after 1 week; (v) “light,” growth under a constant light source; (bi) “PEG,” supple-
menting media with polyethylene glycol 8000 at an amount sufficient to impose a final osmotic pressure
of �1.0 MPa (28.66 g of PEG-8000 per 100 ml of media, followed by autoclaving); (vii) “pH 8,” altering the
initial M9 medium from pH 7 to pH 8; and (viii) “salt,” adding sodium chloride to a final concentration
of 0.8 M to impose a salt stress.

Soil control modules consisted of liquid soil extract that was used to represent nutrient sources
present in the native soil, but in a liquid environment comparable to that of the functional modules.
Briefly, the soil extract was generated by suspending 0.5 kg of the native field soil (see field information
below) in 2 liters of ddH2O with shaking at 4°C for 48 h, followed by centrifugation for 15 min at 8,000 � g
to pellet soil particles. The resultant supernatant was filter sterilized (0.22 �m) to remove residual
particulate matter and autoclaved.

Native soil controls were also included for comparison (although any instance where the terminology
“soil control” is used refers to liquid soil extract). The soil was collected from the field as described below.

Soil Microbiome Functional Modules ®

July/August 2020 Volume 11 Issue 4 e01349-20 mbio.asm.org 15

https://mbio.asm.org


DNA was extracted from two 0.25-g samples using a DNEasy PowerSoil kit (Qiagen, Carlsbad, CA), and
16S rRNA gene sequences were generated as described below.

Functional module sample generation. Soil used in these experiments was the same as described
in a previous study (29). Briefly, the soil was collected in October 2017 from an experimental field site
(Washington State University Irrigated Agriculture Research and Extension Center located in Prosser, WA),
and then 4 mm sieved to remove soil aggregates, rocks, and extraneous plant matter before long-term
storage (0.5 to 1.5 years) at 4°C. For inoculation into the different functional module media, 0.5 g of soil
was first added to 50 ml of phosphate-buffered saline to achieve a 10�2 dilution and mixed to resuspend
by vortexing. Subsequently, 1 ml of the soil inoculum was added to 9 ml of the respective functional
module media in Balch tubes to achieve a final soil dilution of 10�3, and the tubes were capped and
incubated in a benchtop shaker.

All functional modules samples were incubated at room temperature apart from the heat stress
modules, which were incubated at 40°C. Similarly, no functional modules were exposed to light apart
from “light stress” modules, which were illuminated at all times by 23-W fluorescent lights.
Anaerobic modules were incubated with shaking at 50 rpm, while all nonanaerobic modules were
incubated with shaking at 170 rpm to maintain aeration. The OD600 values were recorded every 1 to
2 days as a proxy for microbial growth using a Spectronic 20D� spectrophotometer (Thermo Fisher
Scientific, Waltham, MA).

Samples were harvested when the OD600 readings were roughly 0.2 to 0.8, i.e., when a pellet could
be obtained with sufficient biomass to extract nucleic acids. The duration of incubation necessary to
reach this OD600 measurement varied from days to weeks, depending on the module in question (simple
substrates were typically between 3 and 7 days, whereas complex substrates and anaerobic modules
could take as long as 3 to 4 weeks). To harvest samples, two replicates using 3 ml for each respective
module were centrifuged for 10 min at 8,000 � g, generating one pellet for DNA extraction and
(optionally) one for RNA extraction. The supernatant was removed, and pellets were quick-frozen in
liquid N2 before long-term storage at – 80°C.

16S rRNA gene amplicon library preparation and sequencing. Total DNA was extracted from cell
pellets by using a DNeasy blood and tissue DNA isolation kit (Qiagen, Carlsbad, CA) with the specific
modification of pretreatment for Gram-positive bacteria as described in the kit protocol. DNA was then
quantified using Qubit dsDNA HS assay kit (Thermo Fisher). 16S rRNA gene amplicon library preparation,
sequencing, and downstream processing was performed as described previously (29); briefly, sequencing
was performed on a MiSeq instrument (Illumina, San Diego, CA) using 16S primers (515F and 806R) that
targeted the V4 hypervariable region. The resultant sequence data were processed using Hundo (53), an
in-house protocol for amplicon quality control and annotation that wraps multiple programs (BBDuk,
VSEARCH, FastTree2, etc.) in a streamlined pipeline.

16S rRNA gene community analysis. Statistical analyses on 16S data sets were performed using the
program R (54), incorporating the R packages phyloseq (55) and vegan (56) packages. The original data
object consisted of 13,316,501 reads across 324 samples; after rarefying to an even depth of 8,000 reads
per sample, this was reduced to 2,592,000 reads. This data set represented at least five biological
replicates for each of the 66 unique functional modules, except for those that only had three replicates
(glycerol) or four replicates (galactose, glycine, malate, and propionate) that passed the rarefaction
threshold. For the remaining modules, the five replicates with the highest values for Shannon’s diversity
were retained for downstream statistical analyses, to maximize the taxa represented. While this may
represent a potential source of bias, the goal of this study was to capture as much of the phylogenetic
and functional representation of the native soil as possible. A separate phyloseq data object incorpo-
rating the two native soil replicates, rarefied to 6,000 reads per sample, was used for tests incorporating
explicit comparisons to native soils.

Alpha-diversity metrics (Shannon’s diversity and richness) were calculated using the function “esti-
mate_richness” within phyloseq or, for Faith’s PD, using the function “pd” within the picante package
(57). Beta-dispersion was calculated using the “betadisper” function within vegan, which estimates
multivariate dispersion for a group of samples from their median and then tests to determine whether
dispersions are distinct between groups through ANOVA. ANOVA for significances of experimental
factors in explaining alpha-diversity or beta-dispersion metrics was conducted using the “aov” function
within the stats package (54). Tukey’s post hoc tests for significant differences between groups for the
above metrics were performed using the “HSD.test” function within the agricolae package (58), which
calculates group means and uses ANOVA to determine which pairwise combinations of group means are
significantly different from one another. Beta-diversity calculations were based on the weighted UniFrac
distance metric so as to account for phylogenetic relationships between OTUs, and these distances were
generated using the “UniFrac” function within phyloseq. Principal coordinate analyses were performed
using the “ordinate” function on weighted UniFrac distance objects in phyloseq. Statistical tests were also
conducted using unweighted UniFrac for comparison. To determine significances of experimental factors
in explaining beta-diversity, PERMANOVA was conducted using the adonis package within vegan.
Relative abundance plots for phylum- and class-level profiles were graphed using ggplot2 (59). Indicator
species analysis was conducted using the “indval” function in the package labdsv (60), which uses the
product of the relative frequency and the average relative abundance across groups for a taxon and then
calculates the indicator value for this taxon.

RNA library preparation and sequencing. Total RNA was extracted from cell pellets using TRIzol
reagent (Invitrogen, Carlsbad, CA), incorporating the kit protocol specific to “cells grown in suspension.”
Eluted RNA was quantified using a Qubit RNA HS assay kit (Thermo Fisher). Residual DNA was removed
with Ambion Turbo DNase according to the manufacturer’s protocol (Thermo Fisher). Enrichment of
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mRNA (through rRNA depletion) was performed using the MicrobExpress kit (Thermo Fisher) according
to the manufacturer’s protocol, including the optional step of initial ethanol precipitation of RNA. Prior
to mRNA enrichment RNA quality was assessed on an Agilent 2100 bioanalyzer (Agilent, Santa Clara, CA),
and samples with an RNA integrity number between 7 and 10 were retained for library preparation.
Samples were also examined on a bioanalyzer after mRNA enrichment to confirm depletion of rRNA
species. The resultant mRNA samples were sequenced by GENEWIZ (GENEWIZ, South Plainfield, NJ). Raw
reads from all samples were aligned to a previously obtained soil metagenome from the native field site
using the Burrows-Wheeler aligner (BWA) (61), retaining reads that successfully mapped only once to the
soil metagenome. The resulting SAM files were converted to raw counts using HTSeq (62). To focus on
taxa with at least moderate contributions to the functional response of the modules, we only included
transcripts with 75 cumulative counts across the 15 samples, with no more than three absences (zero
counts).

Downstream statistical analyses were conducted using R. The subsequent data set was normal-
ized with “DESeq” in the DESeq2 package (63), resulting in a data set consisting of 6,947 unique
transcripts across the 15 samples and 185,920,068 reads. For visualization purposes, the “Variance-
Stabilizing Transformation” function within DESeq2 was applied to the data set. Gene annotations
were obtained using the EggNOG (for functional annotations [64], namely, KEGG categories and
subcategories) or UniRef90 databases (for taxonomic annotations [65]). Of the 6,947 transcripts,
4,352 had taxonomic annotations through the UniRef90 database to the superkingdom level, while
only 1,728 were annotated to the species level. Likewise, 4,975 transcripts had at least one functional
role assigned to them from the EggNOG database.

RNA-Seq analysis. Heatmaps were generated using the “pheatmap” function within the package of
the same name (66) on the 500 genes with the highest coefficient of variation (within the 5,000 genes
with the highest read counts). To generate lists of up- or downregulated genes in each of the five
modules used in metatranscriptome sequencing (RNA-Seq) analysis, pairwise comparisons were con-
ducted for all pairs of modules. Genes determined as significantly upregulated had a shrunken log-fold
change (“lfcShrink” function in DESeq2) of more than 1.0 and an adjusted P value of less than 0.05;
significantly downregulated genes had a shrunken log-fold change of less than �1.0 and an adjusted P
value of less than 0.05. Only transcripts that were significantly enriched in a given module relative to two
or more remaining modules were retained. Polysaccharide-enriched transcripts (Table S7) were deter-
mined by comparing pectin and xylan (as one pool) to xylose and N-acetylglucosamine (as a second
pool), while gentamicin-enriched transcripts (Table S8) were determined by comparing gentamicin to all
other modules at once. KEGG ortholog (KO) annotations obtained from the EggNOG database were
mapped to these lists of enriched or depleted genes. The lists of upregulated KOs were used to generate
Fig. 6e, using the online program iPath 3.0 (67) to visually represent where they landed on the microbial
metabolic map.

To determine which functional enrichment or depletion ratios for KEGG categories or subcategories
in a given module, the lists of up- or downregulated genes generated above were first annotated with
KEGG categories or subcategories obtained from the EggNOG database. Then, the Fisher exact test was
used to see whether a given KEGG category or subcategory was disproportionately represented among
the enriched/depleted transcripts relative to its representation in the transcripts of the full annotated
data set of the soil metagenome, as well as the corresponding P value.

Comparisons between RNA-Seq data and 16S rRNA gene amplicon data. To compare RNA-Seq
and 16S rRNA gene data for the 15 samples selected for RNA-Seq, the 16S rRNA data were imported and
rarefied to 5,000 reads per sample. Bray-Curtis dissimilarity objects were generated for both data sets
using the “vegdist” function within vegan. Bray-Curtis was used since the weighted UniFrac is incom-
patible with data sets lacking a phylogenetic structure (in this case, gene expression data sets), and we
wished to retain a consistent distance metric for more accurate comparisons. PERMANOVA and Mantel
analyses were conducted using the functions “adonis” and “mantel,” also within the vegan package.

Network analysis. From the gene expression data set generated as described above, a network was
inferred using the context likelihood of relatedness (CLR) program (68), with genes as nodes and edges
as instances of high coexpression between nodes. The CLR program was run using default settings with
the output a matrix of Z-scores of mutual information values between all gene pairs. A cutoff of 13.35
was used to define edges in the network, indicating that the mutual information for a linked gene pair
in the final network was at least 13.35 standard deviations above the mean of all gene pairs (68). The
weighted Z-score matrix was converted to an unweighted matrix that replaced all Z-scores with either
a “0” (if below 13.35) or a “1” (if above 13.35). The resulting unweighted networks were viewed in
Cytoscape (69), and centrality values of betweenness and degree were also calculated using Cytoscape.
To identify genes uniquely associated with each perturbation, we first calculated which KOs responded
to perturbations as described above under “RNA-Seq analysis.” From this list, we then selected only those
genes that responded to a particular perturbation and to no other.

Data availability. Raw 16S amplicon sequence data are deposited in the NCBI Short Read Archive
(SRA) under BioProject PRJNA594403 and BioSample numbers SAMN13560171 to SAMN13560497. For
RNA-Seq data, the soil metagenome used for transcript alignment is publicly available at BioProject
PRJNA597444, BioSample SAMN13675441, accession number WUUC00000000. RNA-Seq data have been
deposited in NCBI’s Gene Expression Omnibus (70) and are available through GEO Series accession
number GSE143587. All codes used to generate statistical inferences within the manuscript are publicly
available at https://github.com/dtnaylor124/FunctionalModules.
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