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Microbes and the communities they form play critical roles in ecosystem function, from facilitating 

the biogeochemical cycling of essential nutrients, such as carbon, nitrogen, and sulfur, to acting as 

the foundation of complex food webs. Microbes also play important roles as eukaryotic symbionts, 

where they can have profound effects on host fitness. Thus, understanding how microbial 

community interactions and environmental context shape the functional capabilities of 

microbiomes is of vital importance if we want to engineer these systems to address challenges in 

human health and the health of natural ecosystems. Here, I show how systems approaches can be 

leveraged to overcome the inherent limitations of inferring microbial community interactions 

directly from correlation structure, which has been the standard approach in the microbiome field. 

Specifically, I highlight how multi-omic characterization, MCMMs, and synthetic communities 

(SynComs) can be leveraged to better understand niche competition between nitrate-reducing 



 

bacteria and sulfate-reducing bacteria in oxygen-depleted ecosystems, the importance of pathway 

partitioning in nitrate-reducing communities, and the role of nitrate-reducing communities in 

nitrous oxide emissions. I also highlight how microbial community-scale metabolic models 

(MCMMs) can be leveraged to predict Clostridioides difficile (C. difficile) colonization in the 

human gut microbiome, provide mechanistic insights into the niche of C. difficile across different 

community contexts, and assess probiotic interventions designed to inhibit C. difficile growth. 
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Chapter 1. INTRODUCTION  

1.1 THE IMPORTANCE OF MICROBIAL ECOLOGY  

Microbes and the communities they form encompass a tremendous amount of biodiversity, are 

ubiquitous across ecosystems, and provide critical support to all life forms, including humans [1]. 

Most ecosystem processes essential to life on Earth are mediated by microbes [2]. Among these 

are the cycling of nitrogen, where microbes transform atmospheric nitrogen into bioavailable 

forms consumed by plants and animals, the breakdown of complex carbon largely inaccessible to 

other forms of life, and the production of atmospheric oxygen [3, 4]. In recent years, thanks to 

large-scale initiatives such as the Earth Microbiome Project and the Human Microbiome Project, 

significant progress has been made in cataloging the diversity of microorganisms in the natural 

environment and our bodies [5, 6]. These efforts have led to significant developments in our 

understanding of how microbial biodiversity associates with host phenotypes and environmental 

processes. We have learned, for instance, that our intestinal microbiota plays key roles in our 

nutrition, reproduction, behavior, and overall health and, when perturbed, can lead to the 

development of a variety of disorders [7–9]. We have also gained deeper insight into the ways 

abiotic environmental factors like pH, nutrient availability, and temperature shape observed 

biodiversity. As a consequence, recent work has shown that natural bacterial communities can 

serve as quantitative geochemical biosensors [10]. However, mechanistically linking observed 

biodiversity to community function, host phenotype, and ecosystem processes is still a major 

challenge with many open questions yet to be answered [11, 12]. 
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1.2 CHALLENGES IN MICROBIAL ECOLOGY: PREDICTIVE UNDERSTANDING OF 

COMMUNITY FUNCTION AND DYNAMICS 

Building predictive models that link community function with composition is an emerging 

challenge in microbial ecology [11]. We are often limited in our ability to directly observe 

interactions between microbial species and thus are often unable to accurately infer functional 

relationships from community composition in complex, highly dynamic, communities. In these 

settings leveraging correlation-based methods to infer community interactions and structure-

function relationships is tempting and can be informative, but is fraught with challenges [13]. The 

most definitive work on microbial interactions has been done experimentally. For example, 

microscopy and staining techniques, along with stable isotope labeling, have been employed to 

observe co-localization and cross-feeding between methanotrophic archaea and sulfate-reducing 

bacteria [14]. In addition to mutualistic interactions, direct bacterial antagonism through type VI 

secretion systems has been demonstrated using a combination of genomics, microscopy, and co-

culturing assays [15]. Entire interaction networks have been determined in simplified microbial 

consortia consisting of a few species, where community membership can be manipulated to assess 

pairwise and higher-order interactions [16, 17]. These experimental approaches represent gold 

standards for inferring interactions between microorganisms, but they are often difficult and time 

consuming. Furthermore, laboratory-based studies can fail to capture the environmental context in 

which natural interactions occur. Recent work has demonstrated just how important this context 

can be in mediating interactions [18]. Thus, it is not practical to apply these experimental methods 

to all potential interactions between thousands of taxa, many of which cannot be cultured. As such, 

there is a strong incentive for carefully choosing simplified consortia for in-depth laboratory 

characterization and leveraging methods, both experimental and computational, that complement 
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observational data collected from complex natural communities. Systems biology approaches, like 

the integration of metagenomics, transcriptomics, and metabolomics with gene regulatory and 

genome-scale metabolic models provide a means to address the challenge of linking community 

function with ecological composition [19–21]. 

1.3 SYSTEMS BIOLOGY APPROACHES TO CHARACTERIZE COMMUNITY FUNCTION  

Systems biology seeks to understand the complexity of biological systems by considering the 

entirety of the system as an emergent property of its parts. Whether at the levels of cells, tissues, 

organs, or whole ecosystems, this approach attempts to integrate quantitative information about 

the system to gain a more holistic view of its function [22]. For microbial ecology, this means 

integrating molecular features (e.g., biomass, genes, transcripts, proteins, metabolites) to gain 

insights into the physiology of individual microbes and the functions of whole communities [19]. 

While systems biology is by no means a new concept, its practice has become more accessible in 

recent years as a result of advances in high-throughput experimental methodologies like 

metagenomics, transcriptomics, and metabolomics. These methodologies have enabled the 

collection of a vast amount of molecular data and provided fresh perspectives with which to 

examine complex biological phenomena [23, 24]. Alongside recent experimental advances, 

advances in computation and modeling have enabled increasingly accurate representations of 

cellular physiology for individual microbes and whole communities. By leveraging the available 

molecular data, contemporary modeling frameworks can capture environmental context-

dependent changes in gene regulation, simulate metabolic fluxes, and even integrate both to better 

link cellular genotype to phenotype [21, 25, 26]. With these tools in hand, it is now more feasible 

than ever before to develop a predictive understanding of community function and dynamics and 

gain mechanistic insights into microbial interactions and their impacts on ecosystem function. 
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1.4 OUTLOOK  

The work presented throughout this document demonstrates how systems biology approaches can 

be leveraged to gain mechanistic insights into microbial physiology and the roles played by 

microbes in the ecosystems they inhabit.  

Chapter 2 highlights the influence reduced sulfur metabolites can have on the physiology 

of soil dwelling nitrate-reducing bacteria (NRB). Through comparative transcriptomic and 

metabolomic analyses, mechanisms of hydrogen sulfide- and cysteine-mediated inhibition of 

nitrate respiratory growth were identified for the NRB Intrasporangium calvum C5. The results of 

this analysis provide insights into the competitive interactions that can occur in anoxic 

environments between NRB and sulfate-reducing bacteria (SRB). 

Chapter 3 highlights the role of pathway partitioning in nitrate-reducing communities and 

how environmental context can impact community phenotype. Through detailed physiological 

characterization and kinetic modeling of a cooperative synthetic community (SynCom) assembled 

by pairing NRB isolates from a field site heavily contaminated with nitrate, this analysis provides 

insight into the controls of nitrous oxide emissions. The results of this analysis highlight the 

balances that must be struck by denitrifying communities and the role nitrite toxicity can play in 

nitrous oxide production. 

Chapter 4 highlights how microbial community-scale metabolic models (MCMMs) can be 

leveraged to accurately predict known instances of Clostridiodies difficile (C. difficile) 

colonization susceptibility or resistance in vitro and in vivo. Detailed mechanistic insights into the 

ecological interactions that govern C. difficile engraftment, like cross-feeding and competition are 

highlighted, as well as their variation from person to person. The analysis presented also shows 

how MCMMs can be leveraged to predict personalized engraftment and C. difficile growth 
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suppression for a probiotic cocktail (VE303) designed to replace FMTs for the treatment recurrent 

C. difficile infection (rCDI).   
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Chapter 2. SULFUR METABOLITES PLAY KEY SYSTEMS-LEVEL 

ROLES IN MODULATING DENITRIFICATION  

2.1 BACKGROUND 

Over the past century, the nitrogen cycle has become increasingly perturbed by anthropogenic 

inputs of fixed nitrogen from synthetic fertilizers, industrial activity, and wastewater. This 

perturbation has global effects, contributing to increased groundwater contamination, 

eutrophication, and emissions of the greenhouse gas nitrous oxide (N2O) [27]. In the environment, 

microbially driven redox reactions are mainly responsible for transforming nitrogen-containing 

compounds [4]. Microbial activities are impacted by factors that include resource concentration, 

pH, metal availability, and interactions between microorganisms in the environment [28–30]. 

Knowing how these factors differentially impact subsurface microbial nitrogen cycling is essential 

for developing a predictive understanding of the fate of different nitrogen species in natural and 

engineered systems. This has been a specific focus at the Oak Ridge Field Research Center (FRC), 

a Department of Energy legacy nuclear waste site with high levels of heavy metals and 

radionuclides [10]. Nitrate (NO3-) is a major co-contaminant at the site and has been shown to 

negatively impact the remediation potential of uranium (U) by hindering U(VI) reduction by 

sulfate-reducing bacteria (SRB) and iron-reducing bacteria [31] Recent work has also shown that 

groundwater NO3- levels are associated with N2O production at the FRC and enrichment of 

denitrification pathway genes [10, 32]. Taken together, these observations suggest that 

dissimilatory nitrate reduction by nitrate-reducing bacteria (NRB) is a major metabolic process in 

nitrate-contaminated regions of the subsurface. 
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Both SRB and NRB play a variety of important roles in subsurface environments such as the 

FRC. In addition to reducing U(VI), SRB can stabilize heavy metals such as lead, zinc, and 

cadmium through the formation of insoluble metal sulfides, thus providing a means to sustainably 

sequester and immobilize these metals [33]. SRB also play important roles in marine systems, 

where they mineralize an estimated 29% of the organic matter deposited to the seafloor. 

Meanwhile, in sediments, NRB can facilitate the retention of nitrogen via dissimilatory nitrate 

reduction to ammonia (DNRA), converting mobile NO3- to ammonium (NH4+) retained by the soil 

matrix [34]. The activity of denitrifiers can also lead to significant losses of soil nitrogen through 

the reduction of NO3- to gaseous forms, including N2O or dinitrogen gas (N2) [35]. 

Previous studies have shown that intermediates derived from nitrogen and sulfur cycling (e.g., 

hydrogen sulfide, nitrite (NO2-), etc.) can impact the activities of SRB and NRB in oxygen-limited 

environments, such as sediments and the terrestrial subsurface. For example, as a consequence of 

the higher energy yield of NO3- respiration relative to that of sulfate respiration and NRB 

production of toxic NO2-, SRB are generally less competitive for carbon when NO3- is available 

[36]. For this reason, NO3- is often used to prevent the souring of oil reservoirs by stimulating NRB 

activity and depressing SRB activity [37]. However, the production of hydrogen sulfide by SRB 

is also known to impact the transformation of different nitrogen species. Heterotrophic 

denitrification is inhibited by hydrogen sulfide in Pseudomonas, and inhibition of two key enzymes 

in the pathway (nitric oxide and nitrous oxide reductase) was thought to be involved [38]. 

However, there has not been much progress on further characterizing the mechanism of sulfide-

induced inhibition of NRB. Prior studies have also demonstrated that hydrogen sulfide can cause 

NRB to shift from denitrification to DNRA [39]. Additionally, inhibiting the activity of ammonia 

oxidizers indirectly influences both the NRB and SRB by depressing the conversion of NH4 to 
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NO2- [40]. Despite much empirical evidence regarding the influences of SRB and NRB on one 

another, the specific mechanism(s) by which reduced sulfur species act to impact the activity of 

NRB remains unresolved. Here, we have used a systems approach to characterize the mechanisms 

by which reduced sulfur compounds modulate the growth and activity of NRB. We have 

characterized the effects of two naturally occurring reduced sulfur compounds, hydrogen sulfide 

(here referred to as sulfide) and cysteine, on Intrasporangium calvum C5. Whereas sulfide is 

encountered as an end product of sulfate respiration by SRB, cysteine is typically used as a 

reducing agent to achieve anoxic conditions in laboratory growth medium [28]. Interestingly, we 

observed that cysteine significantly lowered the growth rate, growth yield, and denitrification 

activity of I. calvum C5. Therefore, we sought to understand and contrast the mechanistic 

underpinnings of cysteine- and sulfide-induced inhibition of denitrification and growth of I. 

calvum C5, which has the genome-encoded metabolic capabilities to perform both denitrification 

and DNRA (Figure 2.1) [28]. Also, as an isolate recovered from the FRC, we anticipate its 

activities are representative of processes occurring at this contaminated field site. We profiled 

changes in the transcriptome and metabolome at a global level to characterize the physiological 

response of I. calvum to cysteine and sulfide [41]. Cysteine and sulfide had significant and distinct 

impacts on the physiology and growth characteristics of I. calvum that were correlated with 

dysregulation (i.e., abnormal changes in the activity) of multiple pathways, including branched-

chain amino acid (BCAA) biosynthesis, carbon utilization, and cofactor metabolism. This work 

expands the scope of a previously established mechanism for growth inhibition of NRB by cysteine 

and provides new evidence for the mechanism of sulfide inhibition [42]. 
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Figure 2.1. Nitrate-reducing phenotype of I. calvum and the growth inhibitory effects of 

cysteine and sulfide. (A) The genome sequence of I. calvum encodes two NO3- reduction 

pathways: partial denitrification to N2O and dissimilatory reduction to ammonia (DNRA). (B) 

Growth characteristics and dynamics of NO3- reduction by I. calvum with 30 mM NO3- and 20 mM 

lactate. Growth characteristics of I. calvum in the presence of increasing concentrations of cysteine 

(C) and sulfide (D). (E) Growth characteristics of cultures sampled for transcriptomic and 

metabolomic profiling. Profiling timelines varied across conditions based on growth 

characteristics. Cysteine treatment cultures contained 0.25 mM cysteine. Sulfide treatment cultures 

contained 0.25 mM sulfide. Triangles indicate points at which samples were collected. Samples 

for transcriptomics were collected as biological triplicates at all four time points, whereas samples 

for metabolomics were collected as five biological replicates at the first two time points for each 

condition. Shaded regions in all plots represent standard deviation across biological replicates 

(n ≥ 3). 
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2.2 RESULTS 

2.2.1 Phenotypic characterization of I. calvum during nitrate reduction 
and the impact of cysteine and sulfide on growth. 

 
To characterize the growth effects of reduced sulfur compounds, we first investigated the ability 

of I. calvum to grow anaerobically in the absence of cysteine, which is typically used as a reducing 

agent in anoxic culture medium [28, 43]. Consistent with its genome-encoded capabilities (Figure 

2.1A), in the absence of cysteine, I. calvum utilized incomplete denitrification to grow on NO3-. 

Within the first 50 h, ∼50% of the total NO3- in the growth medium was reduced to NO2-, which 

accumulated transiently, before complete reduction to N2O after ∼100 h (Figure 2.1B). We also 

found that varying the carbon-to-nitrogen ratio in the medium led to increased DNRA activity 

when NO3- was limited. Subsequently, we subjected I. cavum to growth assays in minimal medium 

with increasing concentrations of cysteine or sulfide. Both compounds inhibited the growth of I. 

calvum in a dose-dependent manner, with complete growth inhibition at >0.05 mM cysteine and 

>0.1 mM sulfide (Figure 2.1C and D). Notably, the inhibitory effect of cysteine and sulfide was 

observed only under anoxic conditions, when the primary mode of growth was by NO3- reduction. 

Furthermore, we confirmed that recovery from inhibition at lower concentrations of cysteine and 

sulfide was not due to oxygen leakage, suggesting potential physiological adaptation, including 

plausible activation of a tolerance mechanism(s). 

2.2.2 Transcriptome-wide changes induced by cysteine and sulfide 
treatment. 

 
To elucidate mechanisms of growth inhibition and recovery, we profiled temporal changes in both 

the transcriptome and metabolome of I. calvum cultured with and without cysteine or sulfide 

(Figure 2.1E). Cysteine revealed a substantial inhibitory effect, with ∼20% of the growth and 

∼50% of the NO3- reduced compared to that of the control, while cultures treated with sulfide 
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showed a similar growth and NO3- reduction/NO2- production extent but at a lower rate, requiring 

∼160 h compared to ∼70 h in the control culture. Differentially expressed genes (DEGs) across 

treatments and regular growth conditions were identified using DESeq2-normalized transcriptome 

sequencing (RNA-seq) data and Boruta [44, 45]. Altogether, a total of 362 of 3,687 genes in the I. 

calvum genome were differentially regulated in response to cysteine or sulfide treatment, of which, 

162 DEGs were associated with the response to cysteine, with 82 genes downregulated and 80 

genes upregulated. A similar number of DEGs (139 in total) were associated with response to 

sulfide treatment; 90 of these genes were significantly downregulated and 49 were significantly 

upregulated. Finally, a total of 146 DEGs were different between cysteine and sulfide treatments; 

of these, 90 were downregulated by cysteine relative to sulfide treatment, and 56 were upregulated. 

We performed k-means clustering and pathway ontology enrichment analysis to elucidate global 

patterns in pathway regulation associated with growth inhibition and recovery in response to 

cysteine and sulfide treatment (Figure 2.2). We present the results of this analysis in the context 

of treatment type, highlighting similarities and differences across responses to cysteine and sulfide.  

2.2.2.1 Transcriptional response to cysteine treatment. 
 

We discovered that cysteine treatment resulted in the differential regulation of 162 genes within 

94 of 294 pathways annotated by MetaCyc, 55 of 108 pathways annotated by SEED, and 117 of 

548 GO biological process terms, including those associated with amino acid, fatty acid, and 

cofactor biosynthesis, transport processes, sulfur, and central carbon metabolism, and terminal 

cytochrome oxidase activity (Figure 2.2). Clustering and pathway enrichment analysis revealed 

that 28 MetaCyc pathways were significantly enriched in DEG clusters. While the differential 

regulation of 23 of 34 genes of sulfur metabolism was expected, there were distinct patterns of 

change that differed across related pathways and treatments. For instance, 19 of 25 total genes in 
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the cysteine and methionine biosynthesis pathways and 1 of 2 predicted cysteine transporters were 

downregulated in response to cysteine but not sulfide treatment. Similarly, 3 of 5 genes involved 

in the biosynthesis of the glutathione analog mycothiol were also downregulated. In contrast, while 

the upregulation of sulfur oxidation (3 of 8 genes) in response to cysteine was consistent with 

concomitant downregulation of sulfate uptake (4 of 6 predicted transporters or uptake facilitators), 

there was a variable response of genes associated with disulfide bond reduction, with 1 upregulated 

and 1 downregulated among the 5 predicted to be involved in this process. 

The dysregulation of cobalamin (vitamin B12) biosynthesis (17 of 20 genes were 

downregulated and 1 was upregulated) was consistent with the role of this cofactor in DNA 

metabolism and fatty acid biosynthesis (Figure 2.2C), which were also downregulated (13 of 27 

genes of fatty acid biosynthesis; 15 of 55 DNA metabolism genes). The upregulation of 7 of 18 

genes associated with iron and copper uptake potentially reflects the importance of these metals as 

enzyme cofactors across metabolic pathways that were differentially regulated and the need to 

replenish copper(II) and iron(III) reduced or sequestered by cysteine[46, 47]. Finally, cysteine 

treatment resulted in a shift in central carbon metabolism toward utilization of the glyoxylate cycle, 

based on the downregulation of 5 of 7 genes associated with the conversion of isocitrate to malate 

in the tricarboxylic acid (TCA) cycle and upregulation of 4 of 6 genes associated with the 

production of glyoxylate and its subsequent conversions (Figure 2.2C). 

2.2.2.2 Transcriptional response to sulfide treatment. 
 

Sulfide treatment resulted in the differential regulation of 139 genes across metal ion transport (19 

of 38 genes), RNA metabolism (19 of 63 genes), glycerol uptake and utilization (4 of 6 genes), 

vitamin B12 biosynthesis (11 of 20 genes), central carbon metabolism (28 of 64 genes with DEGs 

distributed among the TCA cycle, glycolysis, and pyruvate metabolism), sulfite oxidation (YedY-



13 
 

 

YedZ), and terminal cytochrome oxidase activity (6 of 11 genes) (Figure 2.2C). Some of these 

responses triggered by sulfide treatment, such as downregulation of the TCA cycle (15 of 24 

genes), were similar to the response to cysteine treatment. However, several responses differed 

between the two treatments, including the absence of differential regulation of cysteine, 

methionine, and mycothiol biosynthesis genes in response to sulfide treatment. The upregulation 

of thiol-oxidizing cytochrome oxidases by cysteine and sulfide implicates these genes in relieving 

oxidative stress resulting from the two treatments. However, the specific cytochrome oxidases 

upregulated differed across the two treatments, with Ical_3589, Ical_3588, and Ical_3156 

(annotated as thioredoxin/protein-disulfide isomerases and a cytochrome c biogenesis protein 

CcdA) upregulated by cysteine and Ical_0754, Ical_0755, and Ical_0756 (all cytochrome c 

biogenesis proteins CcdA and CcdB) upregulated by sulfide. Similarly, the expression of many 

transporters that were downregulated by cysteine were less affected by sulfide (e.g., lactate and 

sulfate). The up- and downregulation patterns of specific metal ion transporters also varied across 

the two treatments (e.g., cobalt, nickel, zinc, and iron). Ferrous iron transport genes, for instance, 

were downregulated in the presence of sulfide but not by cysteine treatment, while cobalt and 

nickel transporters were unaffected by sulfide but were upregulated by cysteine treatment. This 

was unexpected given the ability of sulfide to sequester these metals and potentially induce stress 

via their limitation. Finally, the upregulation of glycerol-3-phosphate transporters by sulfide 

treatment, even though glycerol and glycerol-3-phosphate were not added to the growth medium, 

suggested that high levels of sulfide might be coupled to the availability of these compounds in 

some niches occupied by I. calvum. 
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Figure 2.2. I. calvum’s transcriptional responses to cysteine and sulfide treatment. (A) 

Differentially expressed genes (DEGs) clustered into five groups using k-means. Expression levels 

displayed were normalized using the Z-score. MetaCyc pathway terms enriched in each cluster (B) 

and average Z-score normalized expression of select pathways and processes (C). Bars indicate 

comparisons for which differences were significant. *, p < 0.05; ***, p < 0.001. Boxplots display 

estimates of data minimum (left whisker), median (line within box), maximum (right whisker), 

and interquartile range (box dimensions) as well as possible outliers (points beyond whiskers). 

Data are overlaid as scatter points. 

2.2.3 Metabolome changes during cysteine and sulfide treatment. 

We investigated the physiological consequences of sulfide and cysteine treatment by performing 

untargeted metabolomics using liquid chromatography-electrospray ionization-quadrupole time of 

flight mass spectrometry (LC-ESI-QTOF-MS) for samples collected at early phases of growth 

(Figure 2.1E). Clustering of metabolomes into distinct groups by principal-component analysis 

(PCA) demonstrated high reproducibility across replicate measurements and suggested that 

treatment conditions had distinct effects on feature abundances. The mass spectra were analyzed 
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using XCMS Online to identify mass spectral features that were significantly and reproducibly 

different in relative abundance of total ion intensities across replicates in each of the two treatments 

[48, 49]. Altogether, the untargeted metabolomics identified a total of 51 mass spectral features 

which mapped to 60 putative metabolites. Of these, 32 were differentially abundant in cysteine-

treated cultures, and 39 were differentially abundant in sulfide-treated cultures. We mapped the 

putative metabolites to MetaCyc metabolic pathways encoded in the I. calvum genome using 

XCMS Online and identified 12 pathways, including isoleucine biosynthesis, glycerol 

degradation, and methionine biosynthesis, that were dysregulated in both treatments. Five 

pathways, including the glyoxylate cycle and TCA cycle, were dysregulated only in cysteine 

treatment, whereas 16 pathways, including valine biosynthesis, leucine biosynthesis, and alanine 

biosynthesis, were dysregulated in just sulfide treatment (Figure 2.3A and B). 

To confirm the finding that amino acid metabolism was dysregulated across both 

treatments, we quantified the absolute abundance of 15 amino acids using targeted metabolomics 

and amino acid standards (Figure 2.3C). This analysis revealed that except for arginine and 

threonine, which changed in abundance only in sulfide treatment, the abundance of 9 amino acids, 

including 2 of 3 BCAAs (valine and isoleucine), was significantly reduced by both treatments but 

generally more so by sulfide treatment (except isoleucine). Dysregulation of the TCA cycle, 

glyoxylate cycle, mixed acid fermentation, and anaerobic respiration suggested that cysteine and 
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sulfide treatment also resulted in a potential shift in the carbon metabolism of I. calvum.

 

Figure 2.3. Metabolome changes during physiological adaptation to cysteine and sulfide 

treatment. (A) Hierarchically clustered metabolomic feature abundances for those with putative 

identities scaled using natural logarithm and normalized with Z-score. (B) Pathways identified as 

significantly dysregulated in cysteine or sulfide treatment relative to no treatment based on 

enrichment of differentially abundant putative metabolites. (C) Concentrations of amino acids 

quantified using targeted metabolomics are displayed. Bars indicate the significance level of select 

comparisons. *, p < 0.05; **, p < 0.01. Boxplots display estimates of data minimum (left whisker), 

median (line within box), maximum (right whisker), and interquartile range (box dimensions) as 

well as possible outliers (points beyond whiskers). Data are overlaid as scatter points. 

2.2.4 Putative mechanisms for growth inhibition and recovery of I. 

calvum during cysteine and sulfide treatment. 

The dysregulated pathways identified by metabolomics were consistent with the differential 

regulation of enzymes observed at the transcriptional level (e.g., mycothione biosynthesis, amino 
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acid biosynthesis, glyoxylate cycle, and TCA cycle). For instance, consistent with transcriptional 

downregulation of mycothione synthase, the abundance of mycothione was decreased to an almost 

undetectable level in early phases of growth for cysteine treatment. This low-molecular-weight 

thiol is known to play a role in mitigating oxidative stress [50]. However, it is unclear what role 

this compound may have played in the response to cysteine and sulfide treatment given the reduced 

levels of its oxidized form and downregulation of biosynthesis genes. 

All enzymes of both denitrification and DNRA pathways were progressively downregulated 

by cysteine through all stages of growth (Figure 2.4A). This pattern of downregulation was 

consistent with reduced NO3- and NO2- reductase activity as well as complete growth inhibition 

through the entire course of the experiment (Figure 2.1E). In contrast, sulfide treatment resulted in 

transient downregulation of the nitric oxide-producing nitrite reductase (Nirk; Ical_2449) and 

nitric oxide reductase (Nor; Ical_0054), both of which were impacted during the early phase of 

growth but later recovered. Meanwhile, both nitrate reductase (Nar; Ical_1176, Ical_1188, and 

Ical_1210) and the ammonium-producing nitrite reductase (NrfA; Ical_0747 and Ical_0748) were 

upregulated by sulfide treatment, especially in mid-to-late growth phases, suggesting a shift from 

denitrification to DNRA (Figure 2.4A). These expression patterns were consistent with growth 

inhibition and recovery patterns as well as changes in NO3- and NO2- levels during sulfide 

treatment (Figure 2.1E). 

The uptake and metabolism of acetate and lactate were repressed in both treatments, but the 

specific regulation patterns of genes associated with the transport and metabolism of these 

compounds varied somewhat between treatments. Lactate transport was downregulated more 

severely in the presence of cysteine than with sulfide treatment, while acetate transport was less 

affected by cysteine treatment and more so by sulfide treatment (Figure 2.4B and C). These 
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observations were consistent with perturbed abundance of intermediates of both the carbon and 

amino acid metabolism pathways (Figure 2.4B and C). Cysteine and sulfide treatments also 

resulted in the dysregulation of 8 and 3 of 15 genes, respectively, for BCAA biosynthesis (e.g., 

threonine deaminase; Ical_2218 and Ical_2634) and 2-isopropylmalate synthase (Ical_1041 and 

Ical_1304) (19). The differential regulation of these pathways was consistent with the altered 

abundance of intermediates and end products of this pathway (Figure 2.4B). For instance, the 

downregulation of threonine deaminase coincided with the reduced abundance of mass spectral 

features that matched end products of this enzyme (2-ketobutyrate and 2-iminobutanoate) as well 

as threonine (Figure 2.4B). Additionally, 11 of 20 genes associated with L-valine degradation were 

upregulated initially (first time point) or later in growth during cysteine treatment (e.g., Ical_1011 

and Ical_1143), which may have served as a source of carbon (via production of propanoyl 

coenzyme A [propanoyl-CoA]) in lieu of repressed carbon uptake [51]. 

The global transcriptomics and metabolomics analyses (Figures 2.2 and 2.3) also suggested 

that glycerol degradation was dysregulated during cysteine and sulfide treatment. Exploring this 

possibility, we identified a pathway coupling glycerol and glycerophosphodiester oxidation to 

NO3- reduction (Figure 2.4D). Supporting the relevance of this pathway, transport of glycerol-3-

phosphate and oxidation of glycerophosphodiesters to glycerol-3-phosphate were upregulated in 

the presence of sulfide (e.g., Ical_0677, Ical_0177, and Ical_0523). Subsequent steps linking 

oxidation of glycerol-3-phosphate to NO3- reduction were unaffected by sulfide treatment (i.e., 

neither upregulated or downregulated). Meanwhile, all pathway steps except the oxidation of 

glycerol-3-phosphate to glycerone-phosphate were downregulated by cysteine treatment (Figure 

2.4D). Thus, glycerol or glycerophosphodiesters may provide an alternative or complementary 

means of producing reducing equivalents for NO3- reduction during sulfide-induced stress. In 
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summary, the integrated analysis of changes at the levels of the transcriptome and the metabolome 

in the context of growth and phenotype characteristics identified a shift in carbon metabolism and 

the repression of branched-chain amino acid biosynthesis as potential mechanisms of growth 

inhibition by cysteine and sulfide. 

 

Figure 2.4. Integrated analysis of transcriptional and metabolic changes. Expression profiles 

for each condition are displayed as a heat map for genes predicted to be involved in NO3- reduction 

(A), branched-chain amino acid biosynthesis (B), acetate utilization (C), and glycerol-3-phosphate 

coupled NO3- reduction (D). In each panel, the expression level normalized by Z-score is 

displayed. In each heat map, rows are genes associated with the pathway step (integer numbers 

note individual enzymes, while decimals indicate subunits), and columns are condition time points. 

Nt, no treatment control; Cys, cysteine treatment; Sulf, sulfide treatment. Additionally, for specific 

metabolites for which the absolute concentration was quantified (e.g., amino acids) or for which a 

metabolomic feature was associated, the Z-score of the metabolite abundance (or relative 

abundance) is displayed. The metabolomic feature number is indicated for metabolites with 
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putative identification. Error bars represent the standard deviations from biological replicates 

(n ≥ 3). 

2.2.5 Alternate carbon sources and BCAA supplementation rescue 

growth inhibition by cysteine and sulfide. 

Based on the findings of the systems analysis, we designed experiments to test hypotheses 

regarding specific mechanisms underlying the growth inhibition effects of cysteine and sulfide. 

We hypothesized that providing an alternative carbon source or supplementing with BCAAs would 

rescue the growth-inhibitory effects based on dysregulation of both pathways at the transcriptional 

and metabolic levels. To test these hypotheses, we assayed growth characteristics and NO3- 

metabolism of I. calvum in media supplemented with various carbon sources (lactate, acetate, and 

glycerol) or a mixture of BCAAs (Figure 2.5). Supplementation with 1 mM BCAAs (in the 

presence of lactate) relieved growth inhibition by both reduced sulfur compounds, with complete 

growth recovery of cultures treated with 0.2 mM cysteine. In the presence of BCAAs, cysteine-

treated cultures also readily reduced NO3-, NO2-, and accumulated N2O. In the absence of 

supplementation, cysteine treatment impaired these activities, in agreement with previous 

observations. BCAAs also relieved growth inhibition by 0.2 mM sulfide, contributing to a 

significant reduction in recovery time (t-test p = 4 × 10−4) compared to that of cultures with sulfide 

alone, which took an additional 60 h to recover on average. Sulfide-treated cultures supplemented 

with BCAAs also reduced NO3- at a greater rate within the first 100 h of growth than cultures 

treated with sulfide alone and accumulated greater quantities of N2O following recovery (Figure 

2.5). 

Changing the carbon source from lactate to acetate resulted in slower growth and reduced 

carrying capacity (i.e., maximum optical density at 600 nm [OD600]). Acetate also mitigated the 
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inhibitory effect of cysteine in the early and mid-growth phases but not in the stationary phase 

(Figure 2.5B). Acetate worsened the growth-inhibitory effect of sulfide. Interestingly, the 

inhibitory effects of cysteine and sulfide mirrored the patterns of differential regulation of acetate 

uptake genes during growth with lactate (Figure 2.4C). In contrast, glycerol by itself did not 

support growth of I. calvum (unpublished observation), but in combination with lactate, it reduced 

the inhibitory effects of sulfide but not cysteine. Sulfide-treated cultures supplemented with 

glycerol and lactate had significantly decreased recovery times relative to those of sulfide-treated 

cultures grown with lactate alone (t-test p = 0.027), although the effect was less significant than 

for supplementation with BCAAs. Meanwhile, glycerol supplementation had no detectable effect 

on the recovery from cysteine inhibition in cultures grown with lactate (no recovery observed over 

200 h), which was consistent with expression patterns associated with glycerol utilization (Figure 

2.4D). Altogether, these experiments corroborated our hypotheses for how dysregulation of carbon 

metabolism and BCAA biosynthesis mechanistically contribute to the inhibitory effects of cysteine 

and sulfide on the growth of I. calvum. 
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Figure 2.5. Supplementation experiments support the role of pathway dysregulation 

predicted by transcriptomics and metabolomics. Supplementation conditions consisted of a 

branched-chain amino acid mixture (Iso, Leu, and Val, each at 1 mM [+BCAAs]) plus 20 mM 

lactate, 30 mM glycerol (+Glycerol) plus 20 mM lactate, 20 mM lactate alone (+None), or 20 mM 

acetate alone (+Acetate). The effects of supplementation on growth and denitrification/DNRA for 

untreated (A), 0.2 mM cysteine treated (B), and 0.2 mM sulfide treated (C). Shaded regions depict 

the standard deviations from biological replicates (n ≥ 3). 

2.3 DISCUSSION 

In this study, we characterized dose-dependent growth inhibition by cysteine and sulfide on a 

groundwater-associated NO3- reducer, I. calvum. Our systems analysis revealed that a shift in 

carbon metabolism and the repression of BCAA biosynthesis were two potential mechanisms of 

growth inhibition by reduced sulfur compounds, which we subsequently tested in a series of 
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supplementation experiments. Growth inhibition by cysteine and sulfide in the presence of lactate 

was consistent with the downregulation patterns of lactate uptake and metabolism, which were 

severe in the presence of cysteine but were only observed in early stages of sulfide treatment 

(Figure 2.4B and 2.5). Acetate, on the other hand, relieved growth inhibition by cysteine, which 

upregulated acetate uptake and metabolism during early stages of growth. However, acetate failed 

to relieve growth inhibition during sulfide treatment, likely due to the downregulation of both its 

uptake and metabolism (Figures 2.4C and 2.5). In contrast, glycerol reduced the severity of growth 

inhibition by sulfide but not cysteine treatment, consistent with the expression patterns of the 

associated pathways and a modest increase in the rate of NO3- reduction for sulfide-treated cultures 

supplemented with glycerol (Figures 2.4D and 2.5). Collectively, these data demonstrate that the 

availability of an appropriate carbon source can play an important role in mediating the growth-

inhibitory effects of reduced sulfur compounds and thus potentially also mediate the interplay 

between NRB and SRB. 

Cysteine is known to have cytotoxic effects in various contexts, and studies in Escherichia 

coli established a mechanistic link between cysteine-induced growth inhibition and repression of 

BCAA biosynthesis [42, 52–54]. While our findings on the mechanism by which cysteine inhibits 

growth of I. calvum are consistent with previous literature, we have discovered that growth 

inhibition by sulfide also acts through dysregulation of BCAA biosynthesis. However, our results 

demonstrated that cysteine and sulfide may act on different enzymatic steps in BCAA biosynthesis 

(Figure 2.4B). Furthermore, our data showed that in addition to BCAA biosynthesis, carbon uptake 

played an important role in growth inhibition and that cysteine and sulfide treatment had broad 

and distinct impacts on the regulation of other pathway activities (e.g., TCA cycle and vitamin 

B12 and mycothiol biosynthesis). In addition, whereas growth inhibition of I. calvum by cysteine 
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and sulfide treatments was observed only under anoxia, in E. coli, this phenomenon was observed 

under oxic conditions [53, 54]. Thus, for I. calvum, repression of genes involved in NO3- 

respiration likely also underlies the observed phenomenon. Indeed, all genes in the denitrification 

pathway were severely repressed during cysteine treatment, and pathway activity was significantly 

reduced (Figure 2.1E and 2.4A). Sulfide treatment also resulted in downregulation of the 

denitrification pathway prior to recovery, but interestingly, the DNRA pathway was upregulated 

(Figure 2.4A). While significant accumulation of NH4+ was not observed during sulfide treatment, 

the sulfide-induced shift from denitrification to DNRA is consistent with previous work on the 

effect of sulfide on the activities of nitrate-reducing communities in freshwater, wastewater, and 

sediment [39, 55–57]. 

I. calvum recovered from the inhibitory effects of cysteine and sulfide and achieved a 

normal growth rate within 300 h of treatment, with low-to-moderate doses of cysteine (< 0.1 mM) 

and sulfide (< 0.15 mM). The recovery from cysteine inhibition could have been mediated by the 

upregulation of a putative cystathionine gamma-lyase (EC 4.4.1.1, Ical_3515), which metabolizes 

cysteine into pyruvate, hydrogen sulfide, and NH4+. Overexpression of this enzyme, also known 

as cysteine desulfhydrase, confers resistance to cysteine in E. coli [58]. We also discovered that 

genes associated with pyridoxidal-5′-phosphate biosynthesis (a cofactor of cystathionine gamma-

lyase), iron transport, cytochrome c assembly, and sulfide:quinone oxidoreductase (EC 1.8.5.4, 

Ical_1214) were upregulated. Taken together, these observations suggest a recovery mechanism 

in which cysteine is first reduced to sulfide by cystathionine gamma-lyase and then oxidized to 

polysulfide by sulfide:quinone oxidoreductase [59]. This putative cystathionine-mediated 

recovery mechanism might be utilized due to lack of availability of the mycothione-based primary 

redox stress response as a result of the downregulation of mycothiol synthase and other mycothiol-



25 
 

 

dependent enzymes during treatment with cysteine [60]. While cysteine is a reactant in mycothiol 

biosynthesis, the decrease in mycothione levels was likely due to the unavailability of precursors 

generated by BCAA biosynthesis, which was downregulated by cysteine treatment. It is also 

plausible that reducing conditions and increased thiol levels resulting from excess cysteine could 

have triggered sulfur relay pathways to decrease the synthesis of mycothione. Dysregulation of the 

sulfur pool can also alter protein translation via tRNA thiolation pathways and affect growth [61]. 

Like cystathione and mycothione, the thiols of thioredoxins, which were upregulated by both 

cysteine and sulfide, could have also played a role in recovery from reduced sulfur stress by 

scavenging excess cysteine through the formation of intermolecular disulfide bonds [62]. 

Interestingly, sulfide:quinone oxidoreductase and the other genes implicated in recovery 

from cysteine were not upregulated during sulfide treatment, suggesting the mechanism of 

recovery from sulfide inhibition is different. Terminal cytochrome c oxidases that were 

upregulated by sulfide treatment (e.g., Ical_0754, Ical_0755, Ical_0756, Ical_0747, and Ical_0748) 

could have facilitated its oxidation via the reduction of heme [63]. Among these cytochrome c 

oxidases are thioredoxin/protein-disulfide isomerases, cytochrome c biogenesis protein CcdA, and 

those in the DNRA pathway, which suggests that sulfide oxidation may have been coupled to 

dissimilatory NO3- reduction to ammonia, as observed previously in freshwater nitrate-reducing 

communities exposed to sulfide [39]. In stark contrast to the response to cysteine, mycothione 

biosynthesis and thioredoxin system genes were unaffected by sulfide treatment, suggesting their 

possible involvement in sulfide scavenging, clearing, or removal of free sulfide-induced disulfide 

bonds or nitroso groups [64]. Thus, the systems analysis demonstrates that the recovery of growth 

of I. calvum from cysteine and sulfide inhibition likely occurs through distinct mechanisms. 
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Our results broaden the scope of knowledge regarding the inhibitory effects of reduced 

sulfur compounds and provide additional insights into the competition between SRB and NRB in 

the environment. It is a well-accepted principle that NRB can outcompete SRB for carbon based 

on the thermodynamics of denitrification and sulfate reduction, which is the basis for NO3- 

injections into oil wells to prevent souring from sulfide production [37, 65, 66]. However, several 

studies have found exceptions to simple thermodynamic principles, which suggests that to better 

understand microbial community assembly and interactions in the environment, more research is 

needed [67–70]. In line with this notion, the interactions between NRB, SRB, and their metabolites 

are complex and not fully characterized. For instance, certain SRB have been shown to perform 

DNRA (a higher energy-yielding metabolism than sulfate reduction), but this activity is inhibited 

by the presence of sulfide [71]. Furthermore, previous work has shown that SRB that lack nitrite 

reductase are inhibited by NO3- and NO2- [36]. Other studies have shown that certain NRB are 

inhibited by sulfide [38]. Our findings, that growth and activity of the NRB I. calvum is inhibited 

by elevated levels of sulfide and cysteine, build on this prior work and provide a mechanistic 

explanation for the mutual exclusion of SRB and NRB in certain environments. Specifically, 

thermodynamic considerations and the inhibitory effects of NO2- likely exclude SRB from niches 

occupied by NRB and, conversely, elevated levels of sulfide may prevent growth of NRB in niches 

where SRB are active. These mechanistic hypotheses are supported by observations of the effects 

of sulfide on denitrification activity in freshwater and wastewater communities [39, 55] and are 

also consistent with an observed stratification of SRB and NRB activities down the vertical 

transect of sediment cores sampled and analyzed from the FRC. Specifically, transects of the cores 

that had supposed sulfate reduction activity (based on sulfide detection) and denitrification activity 

(based on acetylene block activity assays) were spatially separated [72]. However, there are 
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notable exceptions, such as certain bacteria that couple NO3- reduction to sulfide oxidation and 

thrive under conditions where both NO3- and sulfide are present [73]. Additionally, the observation 

that I. calvum was capable of recovering from reduced sulfur stress suggests that NRB have 

developed mechanisms to overcome the inhibitory effects of moderate cysteine and sulfide levels 

and coexist with SRB in some environments. Functional genomic screens and laboratory evolution 

studies using mixed communities of NRB and SRB could help to better elucidate the biotic and 

abiotic constraints on competition between NRB and SRB [74]. 

2.4 METHODS 

2.4.1 Strains and medium preparation. 
 

I. calvum C5 was isolated from groundwater obtained from a well (GW 247) at the Oak Ridge 

Field Research Center (FRC) that is highly contaminated with NO3- (>200 mM). Growth studies 

were performed at 30°C in defined minimal medium containing 20 mM sodium lactate and 30 mM 

sodium nitrate at pH 7.2 with an 80:20 N2-CO2 headspace. For supplementation experiments, 

cysteine (L-cysteine; Sigma-Aldrich), hydrogen sulfide (sodium sulfide hydrated technical grade 

chips [Fisher Scientific] or sodium sulfide nonahydrate [Santa Cruz Biotechnology]), isoleucine 

(L-isoleucine; Sigma-Aldrich), leucine (L-leucine, Sigma-Aldrich), valine (L-valine; Sigma-

Aldrich), sodium acetate (Sigma-Aldrich), and glycerol (molecular biology grade; Sigma-Aldrich) 

were added from sterile anoxic stocks. All growth assays were performed using cultures revived 

from freezer stocks, which were allowed at least one full growth cycle. 

2.4.2 Growth measurements. 
 

For all experiments, cell concentration was monitored in Balch tubes (10-ml culture volume) with 

periodic measurements of the optical density at 600 nm (OD600) using a Spectronic 200 

spectrophotometer (Thermo Fisher). Blank subtraction was performed using Balch tubes 
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containing medium with no cells. Initial cell densities were normalized to ∼0.01 OD600 units for 

all experiments.

2.4.3 Measurement of nitrogen species. 
 

NO2-, total oxidized nitrogen (TON; NO2- plus NO3-), and total ammonia (NH4 and NH4+) content 

in media were quantified using the Gallery automated photometric analyzer (Thermo Fisher). 

Measurements were calibrated using sodium nitrite, sodium nitrate, and ammonium chloride. N2O 

was measured by gas chromatography (model 8610; SRI Instruments) with nitrogen as the carrier 

gas, a 182.9-cm HayeSep D column (SRI Instruments), and an electron capture detector (ECD). 

2.4.4 Measurement of oxygen concentration. 
 

The concentration of dissolved oxygen was monitored in Balch tubes using a FireStingO2-Mini 

fiber optic oxygen meter with a temperature‐compensated 3-mm-diameter optode and oxygen 

sensor spots (Pyroscience). Sensor spots were attached to the interior of Balch tubes below the 10-

ml liquid level using silicone glue and calibrated using sodium sulfite solution and oxygen-

saturated growth medium. Both temperature and the ionic strength of the medium were taken into 

account for calibration and subsequent measurements. 

2.4.5 Transcriptomics profiling and analysis. 
 

2.4.5.1 Sample collection and sequencing.  
 

I. calvum C5 was cultured in biological triplicates, in a medium containing either 0.25 mM cysteine 

or 0.25 mM sulfide (Fisher). Aliquots (10 ml) were collected at four time points for transcriptome 

profiling (Figure 2.2E), and cell pellets were harvested under anoxic conditions by centrifugation 

at 4,000 × g. Cell pellets were flash frozen in liquid nitrogen, and total RNA was extracted using 

hot phenol-chloroform [75]. The Ribo-Zero bacterial kit (Illumina) was used for rRNA depletion, 

and the TruSeq Stranded mRNA library preparation kit (Illumina) was used for library preparation. 
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Sequencing was performed using the NextSeq platform (2 by 75 bp, Illumina) with 10 to 15 million 

reads per sample. 

2.4.5.2 Read processing.  
 

RNA sequencing reads were analyzed with FastQC according to Illumina’s default quality filtering 

process and then trimmed using base quality scores by Trimmomatic[76, 77]. A quality score of 

20 was used for read trimming and quality filtering. Reads were aligned to the genome of 

Intrasporangium calvum C5 (NCBI BioProject PRJNA475609) (3, 52) using Spliced Transcripts 

Alignment to a Reference (STAR) [78] followed by tabulation of transcript abundances by HTSeq-

count [79]. 

2.4.5.3 Differential expression analysis, clustering, and functional 
enrichment.  
 

Normalized expression data obtained from DESeq2 [44] were filtered to remove genes with 

consistently low expression levels (among the lower 1% of normalized expression values across 

all conditions). Boruta, a random forest-based feature selection algorithm, was used to perform 

pairwise comparisons of transcriptional profiles across treatments to identify differentially 

expressed genes (DEGs) using Z-score-transformed normalized expression [45]. Gene ontology 

(GO) and MetaCyc annotations were obtained by comparing features in the genomes of I. calvum 

C5 and the type strain I. calvum 7 KIP (for which these annotations were available) using 

reciprocal BLAST [80, 81]. Reciprocal BLAST default parameters were used. Sequence matches 

were required to be at least 70% identical within the aligned region, and high-scoring segment pair 

alignment had to cover at least 50% of the query sequence. SEED annotations were obtained using 

DIAMOND to map transcript reads against the SEED database of annotated microbial protein 

sequences [82, 83]. Default DIAMOND search parameters and the BLASTX option were used to 

query transcript sequences against the SEED protein database. DEGs identified by Boruta were 
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clustered using the scikit-learn implementation of the k-means algorithm [84]. Additional 

statistical analyses, including principal component analysis (PCA), significance testing, and 

functional enrichment were performed using tools from the python scikit-learn, SciPy, and NumPy 

packages [84–86]. The significance of GO, MetaCyc, and SEED term enrichment among k-means 

clusters was assessed by comparing term frequencies within each cluster to their frequencies in the 

genome using a hypergeometric test. Significantly enriched terms (p ≤ 0.05 and Benjamini-

Hochberg false-discovery rate q < 0.01) were reported [87]. Gene level expression comparisons 

were performed for the pathways identified using SEED, GO, and MetaCyc process and pathway 

annotations [83, 88, 89]. Expression level differences were assessed by Welch’s t test, and genes 

were reported as dysregulated if differences were significant (p ≤ 0.05 and Benjamini-Hochberg 

false discovery rate q < 0.01). 

2.4.6 Metabolomics profiling and analysis. 
2.4.6.1 Extraction. 

 
Metabolomic analysis was performed for five biological replicates over two time points during 

growth of I. calvum C5 in medium containing 0.25 mM cysteine or 0.25 mM sulfide (Fisher) (see 

Text S1 for treatment of batch effects). Cell culture aliquots (10 ml) were harvested under anoxic 

conditions by centrifugation at 4,000 × g, flash frozen in liquid nitrogen and stored at −80°C. 

Frozen cell pellets were thawed on ice and resuspended in a 2:2:1 solution of acetonitrile, 

methanol, and water. Metabolites were extracted according to a standard approach, dried, and 

reconstituted in volumes of acetonitrile-water solution (1:1 [vol/vol]) normalized to protein content 

in the sample. Following extraction, samples were transferred to liquid chromatography-mass 

spectrometry autosampler vials and were stored at −80°C until analysis. 

2.4.6.2 High-resolution mass spectrometry untargeted analysis. 
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Metabolite mixtures were analyzed with liquid chromatography electrospray ionization 

quadrupole time-of-flight mass spectrometry (LC-ESI-QTOF-MS) (Bruker impact II) in both 

positive and negative electrospray ionization modes. Metabolites were separated by gradient 

elution with the mobile phase consisting of various ratios of water containing 0.1% formic acid 

and acetonitrile containing 0.1% formic acid. For the amide hydrophilic interaction 

chromatography analysis, metabolites were separated by gradient elution with the mobile phase 

composed of various ratios of water-acetonitrile (95:5 [vol/vol]) containing 20 mM ammonium 

acetate, 40 mM ammonium hydroxide, and water-acetonitrile (5:95 [vol/vol]). 

2.4.6.3 Targeted metabolomics analysis of amino acid concentration. 
 

Samples were analyzed on an Agilent 6495 triple quadrupole mass spectrometer coupled to an 

Agilent 1290 ultraperformance liquid chromatography stack. Separation was carried out using an 

Imtakt amino acid column. Targeted masses and retention times were selected based on previously 

established reference standards for each amino acid. 

2.4.6.4 Data processing, metabolite annotation, and statistical analysis. 
 

Raw data were processed and analyzed using XCMS Online [48, 49]. Metabolite features shared 

across all samples were identified using a multigroup analysis and compared for differential 

abundance. Differentially abundant metabolite features were identified with a total ion intensity of 

>10,000 and an associated abundance fold change of >3 in sulfide or cysteine-treated samples 

relative to the control sample (p ≤ 0.01). The filtered feature data table was annotated via an 

accurate mass search against METLIN using a 25-ppm window and manual inspection of putative 

identification hits for each feature [90–92]. Dysregulated pathways were annotated by considering 

the enrichment of differentially abundant metabolites predicted by METLIN using the Systems 

Biology results feature of XCMS Online. Pathways with a significant enrichment of differentially 
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abundant metabolite features (p ≤ 0.01) and coverage of at least 20% were reported. Additional 

statistical analyses, including PCA, clustering, and significance testing, were performed using 

tools from the python scikit-learn, SciPy, and NumPy packages with Z-score-standardized log 

peak areas [84–86]. Pathways and putative metabolites were compared to the results of the 

corresponding samples in the transcriptomic analysis.  
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Chapter 3. NITRITE TOXICITY DRIVES NITROUS OXIDE 

ACCUMULATION IN A COOPERATIVE 

DENITRIFYING SYNTHETIC COMMUNITY  

3.1 BACKGROUND 

Since the development of the Haber-Bosch process, there has been an exponential increase in the 

global deposition of fixed nitrogen. This has largely resulted from the use of synthetic fertilizers 

[93]. Meeting the demands of a growing global population has contributed to a nearly tenfold 

increase in synthetic fertilizer use from 1960 to 2013 [94]. Recent estimates suggest anthropogenic 

contributions account for about half of the reactive nitrogen flux on Earth [94]. As a result, the 

global nitrogen cycle has become increasingly perturbed. The consequences of this perturbation 

are myriad and include eutrophication of terrestrial and aquatic systems, global acidification, and 

stratospheric ozone loss among other issues [93]. Emission of nitrous oxide (N2O) in particular is 

a growing concern in agricultural systems and wastewater treatment [95–97]. The microbial 

processes of nitrification and denitrification are responsible for the bulk of agricultural N2O 

emissions [96, 98]. Thus, understanding how microbial processes, interactions, and environmental 

factors such as resource concentration, pH, and metal availability influence the fate of nitrogen 

compounds, and the production of N2O in particular, is essential for developing a predictive 

understanding of the fate of different nitrogen species in natural and engineered systems [28–30, 

99].  

Denitrification is the major biological process that returns fixed nitrogen to the atmosphere 

through reduction of nitrogen-oxides nitrate (NO3-) and nitrite (NO2-) to gaseous compounds nitric 



34 
 

 

oxide (NO), N2O, and dinitrogen (N2). Therefore, it comprises a critical step in the global nitrogen 

cycle. Denitrification is also an anaerobic process that provides an alternative means to generate 

energy when oxygen (O2) is not available. In complete denitrification, microorganisms utilize NO3- 

as an electron acceptor instead of O2 and reduce NO3- to N2 in a series of four reductive, energy-

deriving steps. First, NO3- is reduced to NO2- by one of two dissimilatory nitrate reductases—the 

membrane-bound Nar complex or the periplasmic nitrate reductase, Nap. NO2- is then reduced to 

NO by one of two structurally unrelated nitrite reductases that contain different prosthetic 

groups—the copper-containing NirK or the cytochrome cd1 NirS [100]. NO is then reduced to 

N2O by the nitric oxide reductase (NorB), and finally, N2O is reduced to N2 by the nitrous oxide 

reductase (NosZ), of which two distinct clades have been identified [100, 101]. 

Most studies have only examined complete denitrifiers [102, 103] in monoculture to study 

this respiratory process (enzymology, kinetics, regulation, etc.). However, ongoing genomic and 

metagenomic characterization of isolates and natural communities has revealed, remarkably, that 

the genomes of most organisms that encode denitrification enzymes lack the complete pathway 

[104]. More commonly, the microbial communities in soil that drive denitrification are composed 

of a complex mixture of species that individually encode partial (rather than complete) 

denitrification pathways [105–108]. The environmental significance of organismal patchiness of 

genes in the pathway for denitrification is mostly unexplored but may be associated with increased 

efficiency of denitrifying communities. Recent work has shown that pathway partitioning can 

decrease inter-enzyme competition in individual microbes and reduce the accumulation of toxic 

intermediates like NO2- when NO2- is exchanged, thus providing a potential selection mechanism 

for pathway partitioning in denitrifying communities [109]. However, understanding how this 

generalizes when multiple soluble nitrogen intermediates (i.e., NO2-, NO, N2O) are exchanged as 
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well as how the environment selects for natural communities with specific partial pathway 

combinations remains unexplored. Additionally, because many soil and groundwater-dwelling 

organisms are facultative anaerobes, the ability of these organisms to leverage multiple pathways 

and substrates for respiration may also contribute to denitrification pathway patchiness. 

Here, we have investigated the role of pathway partitioning in a synthetic community 

(SynCom) composed of two isolates recovered from the same field site location at the Oak Ridge 

Integrated Field Research Center (OR-IFRC) (https://enigma.lbl.gov) [10], and representative of 

naturally occurring populations capable of exchange of pathway intermediates. This two-organism 

SynCom served as a model for examining the roles of biotic and abiotic factors controlling N2O 

emissions in the low-oxygen and anaerobic zones of the subsurface environment of the OR-IFRC, 

which have high concentrations of NO3-, due to past nuclear waste disposal, and evidence of high 

levels of denitrification activity  [10, 110].  

Using this SynCom as a model system we have discovered how process partitioning of 

denitrification and exchange of multiple nitrogen intermediates improved community growth 

characteristics via changes in pathway kinetics (e.g., increased rate of NO3- reduction, removal of 

NO2-, and exchange of N2O). We also show how community context can facilitate global changes 

in isolate physiology and growth dynamics, and how changes in environmental context can 

facilitate NO2- accumulation, break collaboration between the two members of the SynCom, and 

lead to N2O emissions.  

3.2 RESULTS 

3.2.1 Denitrification pathway is partitioned across members of 
microbial communities at the OR-IFRC.  
 

https://enigma.lbl.gov/
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We sought to understand the structure of communities responsible for denitrification at the OR-

IFRC and their relation to N2O production. We first investigated the distribution of denitrification 

pathway enzymes within the genomes of 206 isolates obtained from sites (groundwater wells of 

various depths) spread across 3 major areas of the OR-IFRC. The sites spanned areas of high, 

medium, and low average groundwater NO3- concentration (between 0-250 mM NO3-). For the 

pathway analysis, we considered the genes Nar (or Nap), Nir, Nor, and Nos. Collectively, the 

reactions encoded by these genes convert NO3- to N2 (Figure 3.1A). Genomic analysis revealed 

that the majority (~71%) of isolates were incomplete denitrifiers (i.e., missing one or more genes 

of the pathway). Of these, 40% likely contributed to N2O production due to the presence of one or 

more genes encoding Nor, but none encoding Nos. The genomic analysis demonstrated that the 

denitrification pathway is largely partitioned across organisms at the OR-IFRC and suggests that 

complete denitrification likely occurs through interactions among organisms with complementary 

capabilities within microbial communities. 

To better understand the role of pathway partitioning in denitrifying communities we 

assembled the field isolates Rhodanobacter sp. FW510-R12 (R12) and Acidovorax sp. GW101-

3H11 (3H11) into a SynCom capable of complete denitrification through pathway intermediate 

exchange. The selection of organisms in this pairing was based on relationships between genus 

abundance, groundwater chemistry (e.g., NO3- and N2O concentrations), and isolate co-occurrence 

determined through genomic and 16S rRNA profiling across the field site (Figure 3.1B and C). 

We found that OR-IFRC groundwater NO3- and N2O concentrations were strongly correlated 

(Figure 3.1C, r =0.75, p <10-6), in line with previous observations that high concentrations of NO3- 

can lead to N2O emissions [10, 95, 111]. We also found that the abundance of genus 

Rhodanobacter was correlated with both NO3- and N2O levels at the field site (Figure 3.1C, r = 
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0.41, p = 3x10-4 for NO3- and r = 0.27, p = 0.02 for N2O), a result that was consistent with findings 

from previous studies that Rhodanobacter spp. are most abundant in regions of the OR-IFRC 

highly contaminated with NO3- and heavy metals [29, 112]. While the abundance of genus 

Acidovorax was only weakly associated with NO3- and N2O concentrations at the field site (Figure 

3.1C, r = 0.01, p = 0.9 for NO3- and r = -0.08, p = 0.5 for N2O), its abundance was positively 

correlated with that of Rhodanobacter spp. (Figure 3.1C, r = 0.58, p = 4.9x10-4) in non-acidic 

groundwater (pH ≥ 7). Flux balance analysis using constraints-based metabolic models indicated 

that the R12 and 3H11 SynCom could perform complete denitrification through the exchange of 

NO2- and N2O (Figure 3.1D). Consistent with model predictions, we found that 3H11 and R12 

were both capable of growth on an anaerobic minimal medium containing NO3- and acetate as the 

primary electron acceptor and donor pair, respectively. Additionally, consistent with the absence 

of a genome-encoded nitrite reductase (Nir), 3H11 consumed NO3- and accumulated NO2- (Figure 

3.1E). By contrast, R12 took several days to initiate growth and reach saturation. R12 also 

consumed NO3-, and accumulated N2O with no transient accumulation of NO2-, implying that the 

rate of NO2- reduction was equal to or greater than the rate of NO3- reduction (Figure 3.1E). 

The SynCom growth rate was significantly greater than that of monocultures of either of 

the two isolates (Figure 3.1F, Welch’s t-test t = -10.7, p = 4x10-4; t = -15.36, p = 1x10-4 for 

comparison of SynCom growth rate with R12 and 3H11 monocultures respectively). SynCom 

cultures achieved maximal biomass later than 3H11 but earlier than R12 with a maximum cell 

density comparable to that of R12 monocultures (Figure 3.1D). Additionally, the rate of NO3- 

reduction was increased relative to the individual monocultures, followed by a transient 

accumulation of NO2-, which was fully reduced to N2 gas based on the lack of N2O and ammonia 

accumulation (Figure 3.1E). In-depth growth characterization demonstrated that 3H11 and R12 
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complemented each other to perform complete denitrification, which manifested in synergistic 

improvement in overall growth dynamics relative to monocultures of the two organisms.  

 

Figure 3.1. Field observations and metabolic modeling predict the exchange of intermediates 

in a denitrifying synthetic community. (A) Distribution of denitrification pathway compositions 

among OR-IFRC field isolates. (B) Genus level co-occurrence frequency of Rhodanobacter and 

other genera across OR-IFRC groundwater samples. (C) Association between groundwater 

chemistries and genus abundance. Pearson correlation r and p values are listed in each subplot. 

Linear fits to data using OLS are displayed as well as 95% confidence intervals (D) Denitrification 

flux patterns predicted by genome-scale metabolic model of R12 and 3H11 SynCom assuming 

equal abundances. (E) Growth characteristics of R12, 3H11, and R12-3H11 SynCom. Shading 

around trend lines represents standard deviation of samples and points represent averages. (F) 

Comparison of monoculture and SynCom maximum growth rates. Bars indicate comparisons for 

which differences were significant using Welch’s t-test. *, p < 0.05; **, p < 0.01; ***, p < 0.001. 



39 
 

 

3.2.2 Exchange of intermediates in the denitrification pathway largely 

explain enhanced growth phenotype of the SynCom. 

We hypothesized that synergistic improvement in rate of NO3- reduction and overall growth 

characteristics of the SynCom were likely due to R12-mediated rescue of NO2--mediated growth 

inhibition of 3H11, which in turn reduced N2O to N2. To test this hypothesis, we characterized the 

growth kinetics of each monoculture in media supplemented with varied concentrations of NO3-, 

NO2-, and N2O and developed kinetic models to predict the growth dynamics of each isolate and 

the SynCom. Growth kinetic measurements revealed that 3H11 achieved significantly greater 

growth rates across a wide range of NO3- concentrations relative to R12 (Figure 3.2A). 3H11 also 

achieved its maximum growth rate at much lower concentrations of NO3- relative to R12 (Ks3H11 

<< KsR12, Welch’s t-test t = 26.1, p <10-6). While a low concentration of NO2- supported a 

significantly higher growth rate of R12 relative to its growth rate on NO3- (10-fold greater for 1-5 

mM substrate, Figure 3.2A), the growth rate of R12 was reduced with higher concentrations (KiR12 

= 13.23 mM). No growth was detached when NO2- concentration was >10 mM. Additionally, 

assessment of biomass yield on NO3- and NO2- suggested that R12 may not conserve energy from 

the reduction of NO3- and that biomass accumulation may be entirely dependent on the reduction 

of NO2- and NO as indicated by nearly equivalent biomass yields on NO3- and NO2- (slopeNO3 = 

0.033 ± 0.003, slopeNO2 = 0.032 ± 0.006 for ordinary least squares fits to the linear portion of 

substrate versus maximum OD600; substrate concentrations 1-10 mM; Welch’s t-test t = 1.1, p = 

0.27). NO2- also had a strong inhibitory effect on the growth rate and biomass yield of 3H11 in 

media containing 10 mM NO3-, totally abating growth at NO2- concentrations above 5 mM (Ki3H11 

= 9.11 mM; Figure 3.2A). Finally, while 3H11 was able to accumulate biomass by reducing N2O, 

its growth rate was constant and not dose-dependent (2-30 mM; Ks3H11 ≈ 0, Figure 3.2A).   
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To assess whether improved growth characteristics of the SynCom could be explained by 

the growth kinetics of individual isolates on varied nitrogen oxide substrates, we developed kinetic 

models using a modified Monod framework by integrating logistic representation of carrying 

capacity into equations describing growth kinetics as a function of metabolite concentrations 

(Figure 3.2B; see Methods for more details) [113]. Equations in the model were parameterized 

using maximum growth rates as a function of substrate, half velocity constants, and carrying 

capacities extracted from the growth data using Logistic and Monod fits (Figure 3.2A). To 

represent carrying capacity as a function of substrate concentration, linear models were developed 

to capture relationships between NO3-, NO2-, and N2O concentration and maximum OD600. With 

these parameters, the kinetic models were used in simulations to predict monoculture and SynCom 

growth kinetics in new experiments. The simulation was optimized to achieve better accuracy by 

using initial biomass as a free model parameter to effectively adjust lag phase. An initial model 

formulation for the reduction of NO3- to N2, combining the reduction of NO2- and NO into a single 

reaction (i.e., reduction of NO2- to N2O), yielded a reasonably accurate prediction of metabolite 

turnover and growth kinetics for R12. However, the period of maximum growth was overestimated 

for 3H11 and the carrying capacity achieved by R12 was not well represented. Furthermore, the 

prediction of SynCom dynamics was quite poor. Subsequently, the addition of the effect of NO2- 

inhibition into the models improved the accuracy of predicted growth dynamics of 3H11 and 

modest improvement in predicted growth dynamics of R12, which had higher tolerance to NO2-. 

While the introduction of NO2- inhibition improved the prediction of SynCom growth dynamics, 

overall model accuracy was still poor (Figure 3.2C). The period of exponential growth was 

overestimated and NO2- turnover in particular was still poorly predicted. These results challenged 

our assumptions underlying the model and forced us to reconsider the overall scheme of metabolite 
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exchange across 3H11 and R12. The only plausible alternative was that NO released from R12 

was reduced by 3H11. This scenario would be possible if the affinity and rate of NO reduction was 

considerably higher for 3H11 than R12 as was the case for NO3-. To represent this scenario in the 

model we doubled the contribution of N2O for 3H11 (assuming a similar contribution to its growth) 

and halved the contribution of NO2- reduction for R12, which was estimated from the energetics 

of these processes due to the absence of measured rates of NO reduction. We found that this 

assumption significantly improved the accuracy of predicted growth dynamics of the SynCom and 

suggested that 3H11 might be the dominant member of the community, which was in stark contrast 

to its relatively poor growth in monoculture (Figure 3.2C). Thus, the kinetic modeling 

demonstrated that the scheme of metabolite exchange between 3H11 and R12 was critical for 

explaining the growth dynamics of the SynCom. 

 

Figure 3.2. Exchange of pathway intermediates drives growth enhancement in R12-3H11 

SynCom. (A) Maximum growth rates of R12 and 3H11 across variations in substrate 

concentrations. For conditions where NO3- and NO2- were present, 10 mM NO3- was used and 

NO2- was varied. (B) Schematic of R12-3H11 kinetic model and associated differential equations. 

The model represents growth resulting from the oxidation of acetate and reduction of NO3-, NO2-, 
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and N2O via denitrification. Given challenges of measuring NO kinetics, NO reduction is not 

explicitly represented in the model, instead NO2- is reduced to N2O (C) Two SynCom intermediate 

exchange scenarios and associated dynamics predicted by kinetic models displayed with empirical 

data. Model predictions are represented using solid lines, data are averages across samples and are 

represented using circular points. 

3.2.3 Community context drives global changes in transcriptional states 

of 3H11 and R12. 

To characterize the impact of paired growth on organismal physiology, we compared temporal 

changes in transcriptomes of each isolate grown as a monoculture and as a SynCom member. 

Transcriptomes were longitudinally profiled at four time points that corresponded with early-, mid-

, and late-phases of growth for all cultures except for the 3H11 monoculture, which was profiled 

at two time points because of its fast growth rate and limited biomass (Figure 3.3A). Principal 

component analysis (PCA) indicated that growth in a SynCom context was associated with global 

changes in transcriptional states of both 3H11 and R12 (Figure 3.3B). Transcriptome states of R12 

were distinct across the two contexts, with the monoculture transcriptomes differentiated along 

PC1, and SynCom transcriptomes aligned with PC2. The proximity of the monoculture T2 samples 

with those of SynCom T2 and T3 samples suggested similar transcriptional states were achieved 

at mid-log phase of growth across the two contexts. In contrast, transcriptional states of 3H11 in 

monoculture and SynCom contexts were similar in early log phase (T1), but they diverged in later 

stages of growth.  

To better understand mechanisms of improved growth dynamics of the SynCom, we used 

the software package DESeq2 [44] to identify differentially expressed genes (DEGs) in each 

isolate across growth phases in the two contexts. Altogether, across all contexts, 321 of 4,670 

genes were differentially regulated in 3H11 and 480 of 3,493 genes were differentially regulated 
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in R12 (Figure 3.3C). We further explored global patterns in pathway regulation associated with 

growth context using k-means clustering and pathway ontology enrichment analysis (Figure 3.3D). 

Broadly, the DEGs identified fell into a few metabolic pathways, including denitrification, amino 

acid metabolism, central carbon metabolism, cofactor biosynthesis and transport, signaling and 

cellular processes, and genetic information processing (Figure 3.3D, E). 

Expression patterns of genes in the denitrification pathway supported the hypothesis that 

3H11 was the primary reducer of NO and N2O when paired with R12 (Figure 3.3E). In particular, 

expression of norB and nosZ genes in 3H11 were significantly upregulated in the SynCom context 

(Welch’s t-test t = -11.8, p < 10-6 for norB; t = -4.5; p = 0.003 for nosZ). In addition to its overall 

higher average expression in the SynCom context, norB transcript levels were further upregulated 

during the period when NO2- was reduced, reaching maximum levels at T3. Transcript levels of 

3H11 nosZ increased from early- (T1) to mid-log phase (T2) in the SynCom context and decreased 

thereafter, mirroring corresponding changes in NO2- levels. In R12, across all contexts, transcript 

levels were relatively stable for all denitrification genes (Figure 3.3E), except nirK, which was 

differentially expressed in the late-log phase of growth. Although the overall transcript level of 

nirK was lower on average in the SynCom context, its expression increased in the SynCom relative 

to monoculture growth during the period of active NO2- reduction (log2 fold change = 2.62, p < 

10-6 for comparison of T4 nirK expression). Additionally, while there was no significant change in 

the average expression of R12 narG, the dynamics changed with context. Maximum expression 

levels of R12 narG were achieved at 95 hours of growth in the SynCom, while in monoculture 

similar expression levels 24 hours later (Figure 3.3E) at 119 hours, which coincided with the timing 

of NO2- accumulation in each of these contexts. This observation was consistent with the 

observation that R12 generally achieved a higher maximum growth rate with a shorter lag phase 
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during growth on NO2- relative to NO3- (Figure 3.2A) and the increased rate of NO3- reduction by 

the SynCom relative to monocultures. 

Transcriptional changes across multiple pathways suggested additional mechanisms of 

competition and cooperation between R12 and 3H11 as a SynCom. For example, expression 

patterns for 6 of 34 tricarboxylic acid (TCA) cycle genes in 3H11 and 4 of 33 genes in R12 

coincided with the timing of NO3- and NO/N2O reduction across growth contexts (Figure 3.3E). 

Temporal expression patterns of TCA cycle genes in 3H11 coincided with the reduction of NO3- 

(T1 in both monoculture and SynCom contexts) and with NO2- (T4 in SynCom context). Unlike 

3H11, expression of TCA cycle genes in R12 was lower in the initial time points, when NO3- was 

reduced, and increased in later phases of growth, when NO2- and N2O were being reduced (e.g., 

R12_3138, fumA, downregulated in T1, log2 fold change = -2.14, p < 10-6 and upregulated in T4, 

log2 fold change = 3.06, p < 10-6). Additionally, 38 motility-associated genes (e.g., cheA-Z, flgA-

M, fliD-Q, and pilA) were upregulated in R12 in the SynCom context, which may be a mechanism 

for interaction with 3H11 or competition for NO3- (Figure 3.3E). Similarly, a significant number 

of amino acid metabolism genes, 74 in total, were differentially regulated across 3H11 and R12. 

While the pathway for biosynthesis of branched-chain amino acids (BCAAs) was upregulated in 

both 3H11 and R12 in the SynCom context, the upregulation of genes encoding leucine efflux in 

3H11 in conjunction with upregulation of BCAA degradation genes in R12 indicated a possible 

exchange of these amino acids. Supporting this, we found that allowing the exchange of individual 

amino acids in our SynCom metabolic model led to increased SynCom biomass yield by 2-3% for 

individual BCAAs and favored the direction of exchange suggested by the expression analyses. 

Collectively, the gene expression analysis provided support for the hypothesis that 3H11 is the 
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primary reducer of NO and N2O and identified potentially additional mechanisms of metabolic 

interplay that likely contribute to the improved growth characteristics of the SynCom.  

 

Figure 3.3. Community context drives changes in the global transcriptional states of 3H11 

and R12. (A) Growth characteristics of R12, 3H11, the SynCom, and associated transcriptomics 

sampling points. Black triangles mark condition specific time points (T1-T4). Shading around 

trend lines represents standard deviations and points represent averages. (B) PCA of R12 and 3H11 

gene expression across monoculture and co-culture growth contexts. DESeq2 log normalized gene 

expression Z-scores used. Z-scores computed across growth contexts for R12 and 3H11. (C) R12 

and 3H11 specific DEG counts for comparisons across time and growth contexts. (D) K-means 

clustered R12 and 3H11 specific DEGs using k = 5. Expression Z-scores are displayed across time 

and growth contexts. Associated NO3- and NO2- concentrations are displayed above each heatmap. 

To the right of each heat map, the most abundant KEGG subpathway terms are displayed for each 

cluster. Bars are colored by the cluster they represent. For ribosome terms, the most abundant 

subunit is noted. Large subunit (LSU) or small subunit (SSU). For ABC transporter and transporter 

terms, a representative gene in each cluster is noted.  Subpathway terms are noted which were 

significantly enriched in each cluster using the hypergeometric test. *, p < 0.05; **, p < 0.01; ***, 

p < 0.001 (E). Boxplots of gene and pathway expression Z-scores. Bars indicate comparisons for 

which differences were significant using Welch’s t-test. *, p < 0.05; **, p < 0.01; ***, p < 0.001 
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3.2.4 Proteomics analysis supports the dominant role of 3H11 in a 

SynCom across varied nitrate concentrations and reveals global 

physiological adaptations. 

We investigated how environmental context impacts both the composition of the SynCom and 

dynamics of denitrification by the two-member community. Specifically, we used mass 

spectrometry-based proteomics to characterize steady state community composition and functional 

characteristics of SynComs grown in media with varying initial concentrations of NO3- (1-40 mM 

NO3-, 50% 3H11) and varying initial community compositions (10 mM NO3-, 5-98% 3H11). We 

then leveraged the proteomics data to accurately estimate 3H11 and R12 composition within the 

mixed population and steady state protein abundances. Consistent with the kinetic model 

prediction (Figure 3.2C), 3H11 was the dominant member, representing ~65% of the overall 

SynCom composition (Figure 3.4A). Remarkably, the steady state composition of the SynCom 

converged to the same relative proportion of ~65% 3H11 and ~35% R12, regardless of the wide 

variation in initial ratio of the two organisms in the inoculum (Figure 3.4A). 

PCA revealed that 36% of the variance in abundance profiles of 2,401 SynCom proteins 

was captured by variation in NO3- concentration of the growth medium, which was highly 

correlated with PC1 (r = -0.94, p < 10-6; Figure 3.4B). Abundance changes in nearly half of the 

proteome (1,105 proteins) were significantly correlated with NO3- concentration (r ≤ 0.5 or r ≥ 0.5 

and q < 0.05; Figure 3.4C). Globally, protein abundance changes were also significantly influenced 

by initial community composition, which showed moderate correlations with PC1 and PC2 (r = 

0.58, p < 10-6; r = 0.32, p = 0.011 for PC1 and PC2 respectively; Figure 3.4B). Changes in the 

abundance of 206 proteins were significantly correlated with community composition (r ≤ 0.5 or 

r ≥ 0.5 and q < 0.05). Broadly, the pathways and processes with the most proteins correlated with 

NO3- concentration and community compositions fell into a few categories. These included energy 
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metabolism, central carbon metabolism, amino acid metabolism, cofactor biosynthesis and 

transport, and genetic information processing (Figure 3.4C). 

Patterns in steady state abundance of enzymes across the denitrification pathway suggested 

that both R12 and 3H11 have distinct regulatory schemes that could benefit overall growth 

characteristics of the SynCom across a range of NO3- concentrations (Figure 3.4D). For instance, 

the inverse correlation of 3H11 NarG protein abundance and NO3- levels (r < -0.6, p < 10-6 for all 

three copies of 3H11 NarG) suggests that regulation of this enzyme is highly sensitive to repression 

by NO2-. By contrast, expression of R12 NarG is stimulated by low concentrations of NO3- 

<10mM, but is repressed at concentrations >10mM, also likely due to NO2- accumulation. The 

abundance of R12 NirK was significantly correlated with NO3- concentration (r = 0.82, p < 10-6), 

suggesting that its expression was likely activated by and proportional to NO2- levels. These 

patterns suggest that the SynCom may have regulatory mechanisms that balance the levels of NarG 

and NirK to minimize the accumulation of NO2- in the presence of higher concentrations of NO3-. 

Interestingly, trends in NorB were opposite for R12 and 3H11. Abundance of NorB increased for 

3H11 as a function of NO3- (r = 0.6, p = 1.5 x10-6), while for R12 it decreased (r = -0.96, p < 10-

6). Additionally, the abundance of 3H11 NosZ decreased with NO3- (r = -0.63, p < 10-6; Figure 

3.4D). Similar trends were observed for NarG (r < -0.4, p < 10-3 for 2 of 3 3H11 NarG; r = 0.03, 

p = 0.85 for R12 NarG) and NirK (r = 0.41, p = 0.005) across variation in community composition 

but were less pronounced (Figure 3.4E). The decrease in NorB and NosZ in 3H11, with increase 

in its abundance in the inoculum (r = -0.52, p = 1.9x10-4; r = -0.33, p = 0.026 for NorB and NosZ 

respectively; Figure 3.4E) is likely a consequence of NO2- inhibition because the rate of 3H11-

mediated NO2- production exceeded the rate of NO2- reduction by R12 NirK. Thus, correspondence 

in trends between NarG and NirK across conditions suggested that NO2- accumulation resulted 
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from an increase in NO3- concentration as well as an increase in the proportion of 3H11 in the 

initial composition of the SynCom. 

Protein abundance patterns across multiple pathways showed opposite trends between 

3H11 and R12. For instance, whereas 40 of the 67 central carbon metabolism enzymes in R12 that 

were assayed were negatively correlated with NO3-, 68 of 87 assayed enzymes in the corresponding 

pathways in 3H11 were positively correlated with NO3- (Figure 3.4F). Similar opposing trends in 

protein abundance in 3H11 and R12 were also observed for initial community composition (e.g., 

proteins of TCA and glyoxylate cycles). Collectively these trends in protein abundance suggest 

that 3H11 outcompetes R12 for substrates (acetate, NO3-, NO etc.) in the SynCom. Furthermore, 

our results suggest that the competition for substrates becomes more pronounced with increases in 

the relative proportion of 3H11 in the inoculum, as well as with higher concentrations of NO3- 

(Figure 3.4G). Process partitioning is an alternative explanation for these trends with the two 

organisms in the SynCom complementing each other's needs and capabilities. For instance, the 

opposing trends in protein abundance were also observed for proteins in multiple amino acid 

biosynthesis pathways. In particular, while four enzymes in the methionine biosynthesis pathway 

in R12 had decreased abundance with increasing NO3- concentration, the abundance of a 

methionine importer, MetQ, increased (r = 0.7, p <10-6). This regulation in R12 was likely 

mediated at the transcriptional level by MetJ, a putative repressor of methionine biosynthesis, 

which was upregulated with increased NO3- (r = 0.53, p = 5.6x10-5). By contrast, enzymes of 

methionine biosynthesis in 3H11 were upregulated with increased NO3- concentration (r > 0.5, p 

< 10-6 for MetE, MetH and MetY). These trends suggested that methionine biosynthesis was likely 

happening in 3H11 and complementing the need of R12 for this amino acid. The NO3- -induced 

shifts in the abundance of enzymes of amino acid metabolism in both R12 and 3H11 were 
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consistent with patterns in the transcriptomics analysis indicating that much of this regulation was 

mediated at the transcriptional level (Figure 3.4F). The proteomics analysis supported many of the 

conclusions from the transcriptomics analysis regarding the likely involvement of specific 

metabolic processes in enhancing growth characteristics of the SynCom, competition between 

3H11 and R12, and that relative levels of NO3-, NO2-, NO, and N2O likely drive observed changes 

in dynamics of denitrification and growth. 

 

Figure 3.4. Variations in nitrate and community composition support the dominant role of 

3H11 in the SynCom. (A) 3H11 SynCom percentage across variation in initial community 

composition and NO3- concentration. Community composition measured before inoculation and 

at the end of growth. The color indicates NO3- concentration used and lines connect the initial and 

end points of individual cultures. (B) PCA of SynCom end-point proteome Z-scores across 

variation in initial community composition and NO3- concentration. Color is used to represent 

growth conditions. (C) Fraction of detected 3H11 and R12 specific pathway proteins significantly 

correlated with NO3- and community composition. (D) End-point 3H11 and R12 denitrification 

protein Z-scores as a function of initial NO3 concentration. (E) End-point 3H11 and R12 

denitrification protein Z-scores as a function of initial community composition. Points represent 
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an average of eight replicates, error bands display standard deviation. 3H11 and R12 specific 

Pearson r and p values are displayed on each subplot. (F) Boxplots of BCAA biosynthesis protein 

Z-scores across NO3- concentration. (G) Boxplots of TCA cycle protein Z-scores across 

community composition. Bars indicate comparisons for which differences were significant using 

Welch’s t-test. *, p < 0.05; **, p < 0.01; ***, p < 0.001. 

3.2.5 Nitrite accumulation drives nitrous oxide emissions across 

variation in initial nitrate concentration and community 

composition. 

Furthermore, we investigated how variation in extrinsic factors (specifically, NO3- concentration) 

and intrinsic properties (specifically, community composition) impact N2O emissions. We 

measured the steady state levels of N2O in SynCom cultures across a range of initial NO3- 

concentrations (1 mM vs 40 mM) and community composition (3H11:R12 ratio of 5%:95% vs 

98%:2%). We expected that extremes in community composition and NO3- concentration might 

yield differences in community phenotype and steady state levels of N2O. Consistent with our 

expectations, steady state levels of N2O increased proportionally with the initial concentration of 

NO3- . However, we were surprised to find that it also increased with the relative proportions of 

3H11 in the inoculum (Figure 3.5A). The proportional increase in N2O off gassing with the amount 

of input NO3- was consistent with the stoichiometry of denitrification, which was expected to be 

limited by the availability of acetate when NO3- concentration exceeded 30 mM. That is, at high 

concentrations of NO3- , acetate would be exhausted before NO3- could be completely reduced to 

N2 given that earlier steps in the pathway (e.g., NO3- and NO2- reduction) were prioritized by the 

SynCom. However, we observed N2O accumulation at 20 mM NO3-, below the concentration at 

which acetate becomes limiting. Similarly, while N2O accumulation was expected with high NO3-

, we were surprised that despite its role as the primary N2O reducer in the SynCom higher initial 
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proportions of 3H11 also resulted in N2O accumulation. Together these findings suggested a more 

complex interplay between 3H11 and R12 underlies the dynamics of denitrification by the 

SynCom.  

To characterize possible mechanisms responsible for the production of N2O by the 

SynCom, we looked at associations between N2O concentration and protein abundance across all 

conditions. We identified proteins that were significantly correlated with steady state N2O levels 

across contexts and had consistent trends across both datasets (e.g., r values that were consistently 

positive or negative across both datasets). We identified 13 proteins that were positively correlated 

with N2O levels across NO3- concentrations and community composition (r ≥ 0.5 and q < 0.05) 

and 12 proteins with abundance changes that were negatively correlated (r ≤ -0.5 and q < 0.05). 

Proteins that were positively correlated with N2O were largely from R12 (10 of 13) and of 

unknown function (6 of 10). The four R12 proteins with predicted functions were NirK (r = 0.69, 

p < 10-6), an iron transporter (r = 0.64, p < 10-6), Bfr (bacterioferritin; r = 0.83, p < 10-6), and Ahr 

(alcohol/geraniol dehydrogenase; r = 0.76, p < 10-6). The three 3H11 proteins that were positively 

correlated with N2O had predicted functions related to central carbon and amino acid metabolism 

and included AceB, GlcB (malate synthase; r = 0.53, p = 1.1x10-4), Ddl (D-alanine-D-alanine 

ligase; r = 0.53, p = 1.1x10-4), and ilvH, ilvN (acetolactate synthase; r = 0.59, p = 1.0x10-5). In 

contrast, proteins with abundance changes negatively correlated with N2O levels were primarily 

from 3H11 (10 of 12) and related to energy metabolism (7 of 10). Two of the seven energy 

metabolism proteins were cytochromes, while the rest were from the denitrification pathway, 

including two copies of NarG, NarH, NosZ, NosR (a transcriptional regulator of NosZ) and PhasZ 

(PHB depolymerase) (Figure 3.5B). Using a multi-linear regression framework, we investigated 

the ability of protein abundances within specific pathways to predict observed steady state N2O 
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levels (Figure 3.5C, see Methods for additional details). As expected, protein abundances within 

the nitrogen metabolism pathway had the best performance in predicting steady state N2O levels 

(out of sample R2 = 0.53). The patterns of correlations between the abundance of denitrification 

enzymes in the two organisms and N2O (e.g., positive correlation of R12 NirK and negative 

correlation of 3H11 NosZ), suggested that NO2- toxicity might be the driver of N2O emissions in 

the SynCom. This hypothesis was supported by the strong correlation between both maximum 

concentration and cumulative (i.e., area under the curve (AUC)) levels of NO2- predicted by the 

kinetic model, and the observed steady state N2O levels for each experimental context (i.e., initial 

NO3- levels and community composition). Relationships between steady state N2O levels and both 

predicted NO2- metrics identified an inflection point that likely corresponds to the concentration 

at which NO2- became toxic, inhibiting key aspects of process partitioning between the two 

organisms, which ultimately manifested in increased N2O emissions (Figure 3.5D). This inflection 

point for N2O production occurred at around 7.5 mM NO2-, which was in line with the observation 

that growth of 3H11 monocultures were completely inhibited at NO2- concentrations > 5 mM 

(Figure 3.2A). 

Finally, we investigated factors governing NO2- accumulation by using the SynCom kinetic 

model. We predicted the total amount of NO2- produced by the SynCom across a range of initial 

co-culture conditions, community compositions (0.1-99.9 % 3H11) and NO3- concentrations (1-

30 mM) indicating that NO3- concentration and community composition had non-linear effects on 

the accumulation of NO2- to a level that would result in N2O off gassing through growth inhibition 

of 3H11. Together our findings demonstrate that during process partitioning of denitrification, N2O 

production is primarily driven by NO2- toxicity, which manifests from a complex interplay of 

environmental context and community composition. 
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Figure 3.5. Nitrite inhibition drives nitrous oxide accumulation in the SynCom. (A) End-point 

SynCom N2O concentration as a function of initial NO3- concentration and community 

composition. Points represent an average of eight replicates, error bands display standard 

deviation. (B) End-point SynCom N2O concentration as a function of denitrification protein Z-

scores across conditions. Lowess trendline and 95% confidence interval displayed. Pearson r and 

p values are displayed. (C) Distribution of predicted N2O out of sample R2 using pathway level 

multi-linear regression. R2 of nitrogen metabolism proteins noted. (D) End-point SynCom N2O 

concentration as a function of predicted SynCom NO2- AUC across conditions. Lowess trendline 

and OLS linear fit displayed with respective 95% confidence intervals. Pearson r and p values are 

displayed. (E) Heatmap of predicted SynCom NO2- AUC across variation in initial NO3- 

concentration and community composition. 

3.3 DISCUSSION 

Our findings demonstrate how two ecologically relevant partial denitrifiers cooperate as a SynCom 

to perform complete denitrification (Figure 3.1), with detailed physiological characterization of 

their interactions (Figures 3.2-3.4), which has detailed NO2- toxicity as a key driver of N2O 

emissions (Figure 3.5). Our findings underscore how the exchange of specific intermediates 

completes denitrification through process partitioning, while also determining community 
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composition and dynamics of denitrification (Figures 3.1 and 3.2) [104]. Consistent with our 

finding, Lija et al. showed that pathway partitioning eliminates inter-enzyme competition (e.g., 

between narG and nirK) to promote and maintain biodiversity in microbial communities by 

increasing the rate of consumption and reducing the accumulation of toxic intermediates like NO2-

, [109]. Notably, we observed that R12 monocultures do not accumulate NO2- and can grow with 

significantly reduced lag time and higher growth rates on NO2- relative to NO3- (Figures 3.1E and 

3.2A). This observation suggests that R12 has evolved a balance between NarG and Nirk, or 

between these enzymes and other rate limiting steps such as NO3- transport, that favors NO2- 

reduction over NO3-. This is in contrast to the strain of Pseudomonas stutzeri used by Lilja et al. 

which favors NO3- reduction and thus accumulates NO2- [109]. The environment R12 was isolated 

from provides an excess of NO3- and Rhodanobacter have been shown to dominate groundwater 

communities in regions of the OR-IFRC with low pH and high NO3- [29, 112, 114]. Thus, the 

groundwater conditions at OR-IFRC might provide a selection pressure that favors the balance in 

NO3- and NO2- reduction achieved by R12 and possibly other Rhodanobacters. While we note the 

natural variation that can be achieved by environmental isolates and communities, our findings are 

consistent with the principle of inter-enzyme competition described by Lilja et al.[109]. The 

observed increase in SynCom specific rate relative to R12 and 3H11 monocultures, as well as the 

increased rate of NO3- reduction (Figure 3.1E, and F), suggests that in SynCom inter-enzyme 

competition is reduced. However, we cannot rule out the possibility that the observed 

improvements in specific and NO3- reduction rates are due to the alleviation of NO2- toxicity. 

Indeed, the accumulation of NO2- observed in SynCom was largely attributed to the increased rate 

of NO3-- reduction facilitated by 3H11, which effectively shifted the balance achieved by R12 

toward NO3- reduction. (S3C). Perhaps, if inter-enzyme competition between NarG and NirK were 
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eliminated in R12 by knocking out NarG, the rate of NO2- removal in the SynCom could be further 

increased and NO2- accumulation minimized. Chemical removal NO2- from the system might also 

allow better interrogation of the role of NO2- toxicity. Our results suggest that in addition to inter-

enzyme competition, natural variation in community member denitrification kinetics and 

intermediate toxicity are important additional factors to consider and likely contribute to selection 

mechanisms for community assembly in the environment. Future work should explore how inter-

enzyme competition and natural variation in enzyme kinetics interact to shape dynamics in 

environmentally relevant communities. 

In addition to supporting the relevance of pathway partitioning in denitrifying 

communities, our analysis highlights how emergent phenotypes of communities can arise from 

differences in isolate substrate kinetics (Figure 3.2). Specifically, we discovered four key 

mechanisms that contributed to the overall improvement in the growth dynamics of the SynCom. 

First, the fast rate of 3H11-mediated reduction of NO3- into NO2- promoted the growth of R12, a 

finding supported by evidence that monocultures of R12 grew better on NO2-, relative to NO3-, 

with a shorter lag phase and increased growth rate (Figure 3.2A). Second, by consuming NO2-, 

R12 facilitated increased biomass of 3H11, based on evidence that 3H11 was severely growth 

inhibited due to accumulation of NO2- when grown as a monoculture, but not in a SynCom context 

wherein NO2- levels increased transiently and returned to undetectable levels (Figure 3.2C). Third, 

the exchange of NO (instead of N2O) from R12 to 3H11 turned out to be a critical model-enabled 

discovery, which was supported by the subsequent observation that 3H11 norB was significantly 

upregulated in the SynCom context (Figure 3.3E). Finally, the finding that N2O can itself serve as 

a source of energy and biomass for 3H11, added evidence for a fourth mechanism. Collectively, 

the four mechanisms incorporated into a kinetic model explained how the interplay between the 
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two isolates improved the overall growth characteristics of the SynCom (Figure 3.2C). The kinetic 

model was crucial in elucidating the importance of NO exchange from R12 to 3H11 (as opposed 

to N2O exchange predicted by the reconstructed genome-scale metabolic model). This important 

change significantly improved model performance, and accurately predicted the dominant role of 

3H11 in the SynCom, as well as the role of NO2- inhibition in the production of N2O (Figure 3.4A 

and 3.5D). Thus, while stoichiometric models have proven themselves valuable tools for 

understanding microbial interactions at a systems scale, we found that kinetics were an important 

feature for understanding the emergent properties of our system [25, 115–117]. Indeed, kinetic 

models have been instrumental in characterizing multiple phenomena, including growth dynamics 

of bacteria in the subsurface of oil wells, dynamics of N2O emissions in soils, cycling of iron in 

the ocean, and fundamental ecological principles [109, 118–121]. Future work should integrate 

denitrification kinetics into monoculture and SynCom metabolic models to better understand the 

dynamics of community metabolism and how it changes with growth context [122, 123]. 

Experimentally derived biomass composition and integration of gene regulation may also provide 

a means to improve metabolic model accuracy and further explore questions related to the 

regulation of metabolism [26, 124]. 

While the kinetic model provided a better mechanistic explanation for the improved growth 

characteristics of the SynCom, it also suggested functional interactions between the two organisms 

extended beyond the core process of denitrification. Indeed, gene expression and proteomics 

analyses uncovered widespread physiological changes across both organisms when they were 

grown as a SynCom (Figures 3.3 and 3.4).  Upregulation of BCAA and histidine biosynthesis by 

3H11 in SynCom and the positive correlations with proteins in these pathways with NO3- and N2O 

levels suggest that increases in the activity of these amino acid biosynthesis pathways were not 
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related to the presence of R12 necessarily but instead the availability and utilization of NO and 

N2O by 3H11. In line with this hypothesis, recent studies have shown that BCAA biosynthesis 

provides an important means to balance intracellular redox in the purple non-sulfur bacteria 

Rhodospirillum rubrum when growing under photoheterotrophic conditions [125, 126]. BCAA 

biosynthesis was also shown to play an important role in mitigating the inhibitory effects of 

reduced sulfur for the nitrate reducing bacteria Intrasporangium calvum [99] (See Chapter 2). 

Thus, BCAA biosynthesis may also provide a means to balance redox for denitrifiers like 3H11 

and R12. Additionally, upregulation of leucine export by 3H11 and BCAA degradation genes by 

R12 (e.g., leucine dehydrogenase, and propionyl-CoA carboxylase) in the SynCom suggested the 

exchange of leucine between 3H11 and R12. We also identified trends in protein abundance that 

suggested methionine might be exchanged by 3H11 and R12. A recent study by Ramoneda et al. 

characterizing the role of flagellar motility genes in soil bacterial communities and found that these 

genes were often associated with soil carbon availability [127]. Thus, the upregulation of flagellar 

motility genes by R12 in SynCom could have been a response to amino acid export by 3H11. The 

SynCom stoichiometric model also supported the possibility of amino acid exchange, but 

suggested the overall contribution to SynCom biomass was small (<10% total biomass). While 

these potential exchanges are in line with recent work suggesting that the exchange of amino acids, 

vitamins, and other metabolites is ubiquitous in natural microbial communities, additional 

characterization is needed to support the exchange of amino acids and other byproducts of 

metabolism between R12 and 3H11 [128]. 

Interestingly, our analyses point toward NO2- accumulation as an important factor that can 

contribute to N2O emissions in some contexts. We found that the inhibitory effect of NO2- on 3H11 

could be compounded by the increased rate of NO3- reduction and accumulation of NO2- (Figure 
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3.2A) when initial community compositions were skewed in favor of 3H11 (Figure 3.5). 

Supporting the generalizability of this phenomenon, studies have linked NO2- with N2O emissions 

in other contexts. Maharjan and Ventera showed that NO2- accumulation was a major driver of 

N2O emissions across different nitrogen fertilizer regimes in an agricultural setting and found that 

mitigation of NO2- accumulation reduced N2O emissions [129]. NO2- has also been implicated in 

N2O emissions in the context of wastewater treatment, where free nitrous acid (HNO2) has been 

shown to drive emissions for denitrifying enhanced biological phosphorus removal sludge via 

inhibition [130]. In this context the authors point toward free HNO2 rather than NO2- itself as the 

source of inhibition, thus implicating pH as an important factor for the link between nitrite and 

N2O emissions in denitrifying communities. Supporting this, other studies have pointed to at least 

two pH dependent inhibitory mechanisms for NO2-. The first involves HNO2, which uncouples 

proton translocation when formed at lower pH [109, 131, 132]. The other involves the spontaneous 

generation of NO radicals that disrupt enzyme activity via the generation of metal-nitrosyl 

complexes [133]. So, while the inhibitory effects of NO2- are well characterized and have been 

associated with N2O emission in other contexts here we provide insights into additional factors 

that can contribute to NO2- accumulation (e.g., NO3- concentration, community composition, 

substrate kinetics) and N2O emissions. 

The SynCom presented here provides a simplified, environmentally relevant, model of 

pathway partitioning in denitrifying communities and a framework with which to explore how 

environmental context can impact cooperation and lead to the production of N2O. Future studies 

will leverage this SynCom to further explore biotic and abiotic controls of denitrification, such as 

pH, substrate concentrations, carbon source, oxygen, and other factors associated with niche 

differentiation.  
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3.4 METHODS 

3.4.1 OR-IFRC isolate denitrification pathway composition analysis 
 

Annotated OR-IFRC isolate genomes were obtained from KBase 

(https://narrative.kbase.us/narrative/41372) and the presence of the denitrification genes Nar/Nap, 

Nir, Nor, and Nos were characterized. Isolates with one or more denitrification genes were 

considered. Denitrification pathway composition of the isolates was tabulated using gene 

presence/absence. 

3.4.2 OR-IFRC groundwater genus abundance and chemistry analysis    

Groundwater OTU abundance, taxonomy, and chemical data previously described by Smith et al. 

2015 were obtained and re-analyzed [10]. OTU relative abundances were summarized at the genus 

level and log10 transformed. Chemical concentrations were converted to mM and log10 transformed 

where appropriate. Genus presence/absence was determined by examining the overall distribution 

of log10 transformed genus relative abundances and setting a threshold. Genera with a log10 

abundance > -6 (e.g., relative abundance > 10-6) were considered present. This threshold separated 

the peaks of the bi-model log10 genus relative abundance distribution. Statistical analyses, 

including linear regression, and significance testing, were performed using tools from the python 

Scikit-Learn, SciPy, and NumPy packages [84–86].  

3.4.3 Isolate and SynCom and metabolic models. 

Metabolic models were constructed using the KBase suit of genome analysis tools [134] and the 

genome sequences of Rhodanobacter sp. FW510-R12 and Acidovorax sp. GW101-3H11. Isolate 

genome sequences were annotated using RAST [135] and genome scale metabolic models were 

https://narrative.kbase.us/narrative/41372
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built using KBase’s ModelSEED tool [136]. Gap filling was performed with a representation of 

the NO3- and acetate based minimal media used to grow the isolates and SynComs. SynCom 

growth simulations were performed using KBase’s Flux balance analysis (FBA) tool, an equal 

proportion of each isolate, and the NO3- and acetate based minimal media and exchange of 

denitrification pathway intermediates. Amino acid exchange simulations were performed by 

allowing the exchange (e.g., export into media) of individual amino acids and carbon sources. 

3.4.4 Strains and medium preparation. 

R12 and 3H11 were both isolated from contaminated wells at the OR-IFRC as reported in Hemme 

et al. 2016 and Price et al. 2018 respectively [74, 137]. NO3 reduction growth studies were 

performed in Balch tubes (10-mL culture volume) at 30°C in a defined minimal medium as 

described previously containing 20 mM sodium acetate and 10 mM sodium NO3 at pH 7.2 with a 

80:20 N2-CO2 headspace [99]. A small amount of yeast extract (0.1 g/L) was added to the medium 

before autoclaving to support the growth of 3H11 and R12. For experiments that characterized 

growth on variable amounts of NO3, NO2- , and N2O media was first prepared in serum bottles. 

Vitamin and phosphate solutions were added to serum bottle media and then aliquoted into N2-

CO2 flushed and pressurized Balch tubes (10 mL each, ~1 psi overpressure). For experiments 

characterizing growth of 3H11 on N2O, injections of pure N2O into Balch tubes were performed 

to achieve desired concentrations.  

3.4.5 Preparation of R12 and 3H11 co-cultures and monocultures. 

From freezer stocks, cells were plated on R2A agar and incubated at 30°C. Following the growth 

of isolated colonies, colonies were picked and used for inoculation of R2A liquid medium cultures. 

Liquid R2A cultures were incubated at 30°C with shaking at 100 rpm. Following overnight growth, 
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optical density at 600 nm (OD600) was measured and cell density was normalized to using R2A 

liquid medium if necessary. With starting cultures at ~0.5 OD600 units, 100 uL of R12 and 100 

uL of 3H11 were inoculated into a NO3 reduction medium to establish co-cultures. For pure 

cultures, 200 uL of either strain was utilized to normalize starting cell densities. Initial cell 

densities were normalized to ∼0.01 OD600 units across all experiments and conditions. Biological 

replicates varied from 3-8 across experiments. For all experiments cell concentration was 

monitored in Balch tubes with periodic measurements of the optical density. Initial experiments 

(Figure. 3.1E, 3.2C, and 3.3A) measured optical density 1-3 times daily using a Spectronic 200 

spectrophotometer (Thermo Fisher). Later experiments (Figures 3.2A, 3.4, and 3.5) leverage an 

automated OD600 measurement with shaking at 100 rpm previously described [138]. In this 

context, measurements were taken every 5-30 minutes and instrument voltage was converted to 

OD600 by calibration. Sample OD600 was measured before and after each experiment to calibrate 

individual sample voltage ranges.  

3.4.6 Measurement of nitrogen species. 

NO3, NO2-, and acetate concentrations were analyzed using the ion-chromatography Dionex ICS-

5000 system with the IonPac® ICE-AS6 column (Thermo Fisher). Medium N2O concentration 

was quantified by sampling 200 uL medium into GC vials containing 200 uL 8% PFA in 1x PBS 

(to achieve a final concentration of 4% PFA). Vials were allowed to equilibrate and headspace 

N2O was measured using a Shimadzu GC-2014 with an AOC-6000 autosampler. Vials were 

equilibrated for 60 seconds in a 35 ℃ oven with shaking, and then a 1000 μL sample was aspirated 

from the headspace of the vial with a syringe preheated to 100 ℃. Run conditions were as follows: 

inlet temperature 325 ℃, oven temperature 80 ℃, column flow rate 20 mL/min, TCD temperature: 

150 ℃, current: 80 mA, ECD temperature: 325 ℃, current: 2 nA, run time: 20 minutes, carrier 
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gas: argon, makeup gas: nitrogen. GC vial headspace N2O ppm values were converted to culture 

vessel liquid N2O concentration (mM) using Henry’s law. Total culture vessel N2O concentration 

reported was obtained using mass balance and assuming equilibrium. 

3.4.7 Monoculture and SynCom kinetic modesl. 

Kinetic models were developed using a modified Monod framework by integrating Logistic 

representation of carrying capacity into equations describing growth kinetics as a function of 

metabolite concentrations [113]. Equations in the model were of form !
"
#"
#$
= 𝜇% $

&
&'(!

% $1 −

"
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%, where 𝑋 is the cell population size, 𝑆 is the substrate concentration, 𝐾% and 𝜇% are substrate 

specific Monod kinetic parameters, and 𝑋% is cell specific capacity. Substrate specific rates were 

assumed to be additive (e.g., 𝜇)!* = 𝜇+,- + 𝜇+,* + 𝜇+,). Equations were parameterized using 

maximum growth rates as a function of substrate, half velocity constants, and carrying capacities 

extracted from species specific growth data using Logistic and Monod fits. To represent carrying 

capacity as a function of substrate concentration, linear models were developed to capture 

relationships between NO3-, NO2-, N2O concentration, and maximum OD600. Carrying capacity 

models were of the form 𝑂𝐷)!* = 𝛽+,-𝑋+,- + 𝛽+,*𝑋+,* and 𝑂𝐷-.!! = 𝛽+,-𝑋+,- +

𝛽+,*𝑋+,* + 𝛽+*,𝑋+*, for R12 and 3H11 respectively. Linear model parameters were estimated 

by OLS fit of monoculture maximum OD600 and initial substrate concentration data. Kinetic 

model simulations were performed using the Python package Tellurium [139]. Statistical analyses, 

including linear regression, and significance testing, were performed using tools from the Python 

Scikit-Learn, SciPy, and NumPy packages [84–86].   
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3.4.8 Transcriptomics profiling and analysis. 

3.4.8.1 Sample collection and sequencing.   

R12-3H11 co-cultures and pure cultures were harvested for transcriptome profiling in biological 

triplicates across time points (Figure 3.3). Cell pellets were harvested by centrifugation at 4,000 × 

g and flash frozen in liquid N2. Total RNA was extracted using the MasterPure™ Complete DNA 

and RNA Purification Kit from Epicentre. All samples were treated with Invitrogens TURBO 

DNA-Free kit to remove DNA contamination. The Illumina Stranded Total RNA Prep Ligation 

with Ribo-Zero Plus (Illumina) was used for rRNA depletion and library preparation. Sequencing 

was performed using the NextSeq 500 platform (2 by 75 bp, Illumina) with 10 to 15 million reads 

per sample. 

3.4.8.2 Read processing. 

RNA sequencing reads were analyzed with FastQC according to Illumina’s default quality filtering 

process and then trimmed using base quality scores by Trimmomatic [76, 77]. A quality score of 

20 was used for read trimming and quality filtering. Reads were aligned to the concatenated 

genomes of  Rhodanobacter sp. FW510-R12 (NCBI BioProject PRJNA255897) and Acidovorax 

sp. GW101-3H11 (NCBI BioProject PRJNA314893) using Spliced Transcripts Alignment to a 

Reference (STAR) [78] followed by a tabulation of transcript abundances by HTSeq-count [79]. 

3.4.8.3 Differential expression analysis, clustering, and functional 

enrichment. 

Normalized expression data and differentially expressed genes (DEGs) were obtained from 

DESeq2 [44] using pairwise comparisons of growth phase matched monoculture and SynCom 

transcriptomes. Genes were reported as dysregulated if the log2 fold change magnitude ≥ 2 and 
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significant (p < 0.05 and Benjamini-Hochberg false discovery rate q < 0.01). DEGs were clustered 

using the scikit-learn implementation of the k-means algorithm [84]. Statistical analyses, including 

principal component analysis (PCA), significance testing, and functional enrichment were 

performed using tools from the Python Scikit-Learn, SciPy, and NumPy packages [84–86]. The 

significance of KEGG subpathway term enrichment among k-means clusters was assessed by 

comparing term frequencies within each cluster to their frequencies in the genome using the 

hypergeometric test [140]. Significantly enriched terms (p < 0.05 and Benjamini-Hochberg false-

discovery rate q < 0.01) were reported [87]. KEGG pathway level expression comparisons were 

assessed using DESeq2 normalized gene expression Z-scores and Welch’s t-test. 

3.4.9 Proteomics profiling and analysis. 

3.4.9.1 Sample collection and peptide quantification.  
 

R12-3H11 co-cultures and pure cultures were harvested before inoculation and at the end of growth 

(stationary phase) for proteomics profiling using 8 biological replicates (Figure 3.4). Cell pellets 

were harvested by centrifugation at 4,000 × g and flash frozen in liquid N2. Samples were shipped 

to collaborators who quantified peptide abundances in each sample.  

3.4.9.2 Species relative abundance estimates. 
 

Isolate peptide profiles were used to identify peptides unique to each isolate. Isolate specific 

peptide peak areas were used to estimate isolate relative abundances across samples. Inoculum 

samples with defined mixtures of each isolate (based on OD600) were used to validate proteomics 

based relative abundance estimates. 

3.4.9.3 Statistical analyses. 
 

Statistical analyses, including PCA, linear regression, and significance testing, were performed 

using tools from the Python Scikit-Learn, SciPy, and NumPy packages [84–86]. The significance 
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of individual protein abundance changes was assessed by correlating protein abundance with initial 

NO3- levels, inoculum 3H11 percentage, and steady state N2O levels. Pearson r values were used 

to identify significant hits, proteins with r ≤ 0.5 or r ≥ 0.5 and q < 0.05 (Benjamini-Hochberg false-

discovery rate correction) were considered [87]. KEGG subpathway level protein abundance 

correlations with steady state N2O levels were performed using data randomly split into training 

(70% of samples) and testing (30% samples) sets. KEGG subpathway terms were used to identify 

groups of proteins and multi-linear regression was performed with the training set. Model accuracy 

was then assessed using the test set and out of sample R2 was reported.  
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Chapter 4. PERSONALIZED CLOSTRIDIOIDES DIFFICILE 

ENGRAFTMENT RISK PREDICTION AND PROBIOTIC 

THERAPY ASSESSMENT IN THE HUMAN GUT  

4.1 INTRODUCTION 

The human gut microbiome plays important roles in shaping host metabolism, in the development 

of chronic diseases, and in preventing opportunistic pathogen colonization and infection [9, 141, 

142]. The metabolic versatility of gut bacteria allows for the stable coexistence of hundreds of 

commensal species within the gastrointestinal tract [7]. Some species extract energy and nutrition 

directly from indigestible dietary substrates, like plant fibers or recalcitrant proteins, while others 

subsist largely on host-derived mucosal glycans or the vast array of metabolic byproducts produced 

by primary fiber, protein, and mucus degraders [143, 144]. Saturation of these metabolic niches 

by commensal microbes can prevent colonization and engraftment by external microbes that may 

share a similar niche, including pathobionts [145–147]. 

  Perturbations to the gut microbiome (e.g., antibiotic use or diarrheal events) provide a 

window of opportunity for pathobiont colonization [148], which could in turn lead to the 

development of disease following subsequent perturbations [149, 150]. One such pathobiont, 

Clostridioides difficile, is the most common hospital acquired gastrointestinal infection in the U.S. 

[151, 152]. C. difficile colonizes as much as 30-40% of community-dwelling adults without 

causing disease, lying in wait until the opportunity for infection arises [153, 154]. During active 

C. difficile infection (CDI), antibiotic treatment can be effective in suppressing C. difficile growth, 

but antibiotics also disrupt the ecology of the commensal microbiota and potentiate reinfection if 
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C. difficile is not completely cleared by the treatment [149, 150]. Thus, an intact gut microbiota 

that prevents C. difficile colonization and engraftment is critical to the host’s defense against CDIs 

[142]. This understanding has led to the widespread use of fecal microbiota transplants (FMTs) as 

a means of combating cases of recurrent CDI (rCDI), where antibiotic treatment proves insufficient 

[155].  While the biology of C. difficile has been fairly well-characterized in the context of disease, 

the pre-disease mechanisms of C. difficile colonization and engraftment are still poorly understood, 

as are the factors that govern C. difficile decolonization and FMT efficacy [148].  

There are currently no mechanistically grounded, generalizable approaches to accurately 

predicting the engraftment of an exogenous bacterial taxon in the context of a given microbiota. 

Previous work has leveraged machine learning (ML) to predict the engraftment of FMT donor 

strains in FMT recipients [156]. While effective and relatively accurate, this kind of quasi-black-

box ML approach does not provide a means of understanding the molecular mechanisms that 

facilitate or prevent engraftment. Here, we present an alternative approach to engraftment 

prediction that leverages microbial community-scale metabolic models (MCMMs), which provide 

detailed, mechanistic information on the ecological interactions within individual microbiota that 

prevent or facilitate engraftment, in addition to generating accurate engraftment predictions. 

Genome-scale metabolic models and classical flux balance analysis (FBA) have been 

invaluable tools for exploring how environmental conditions impact the metabolic capacities of 

individual bacterial taxa grown in vitro [157]. However, extending these methods to complex, 

multi-species communities has proved to be a challenge. Recently, we developed a community-

scale metabolic modeling platform called MICOM, which leverages microbiome compositional 

and dietary constraints, along with a cooperative-tradeoff flux balance analysis (ctFBA) approach 

that balances computational speed and biological accuracy, to rapidly estimate steady-state 
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community-scale metabolic fluxes [25, 158]. Here, we use publicly available 16S amplicon and 

shotgun metagenomic data from in vitro and in vivo studies with both known and unknown C. 

difficile colonization dynamics, along with our MICOM platform [25], to build and test MCMMs 

to estimate C. difficile engraftment potential within a given microbiome and dietary/environmental 

context. We present novel insights into how C. difficile can occupy three discrete metabolic niches 

across commensal communities, what metabolic interactions within gut bacterial communities 

promote or prevent colonization, and we show how we can predict potential responders and non-

responders to a defined probiotic cocktail that has recently shown efficacy in the treatment of rCDI 

[159]. Overall, MCMMs provide a novel path toward predicting C. difficile engraftment risk. 

Furthermore, these models can be leveraged to design precision dietary or probiotic interventions 

aimed at decolonizing individuals who are already carrying C. difficile and preventing engraftment 

in those who are not. Finally, we suggest that MCMMs could enable precision engineering of the 

gut microbiome through personalized engraftment predictions for other pathobionts beyond C. 

difficile, probiotic bacterial strains, or for entire microbial consortia (e.g., FMTs from different 

donors), in the context of a specific diet. 

4.2 RESULTS 

4.2.1 Development of an in silico invasion assay to simulate C. difficile 

colonization. 

To simulate the colonization of C. difficile we developed an in silico invasion assay that leverages 

microbiome relative abundance data, manually curated genome-scale metabolic models of gut 

bacteria from the AGORA database, constraints on the diet/environment, and the MICOM 

modeling framework (Figure 4.1A) [25, 160]. Here, we used several existing 16S amplicon and 
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shotgun metagenomic sequencing data sets to validate our approach [148, 156, 161–164]. 

Amplicon sequencing data is often limited to genus-level resolution in the taxonomic 

classifications of amplicon sequence variants (ASVs). Even with metagenomic sequencing data, 

species level resolution can be poor when mapping to available species-level metabolic models. 

Generally, only the most abundant or prevalent commensal bacterial species are well represented. 

Therefore, we focused on genus-level MCMMs, to approximate the community metabolic context, 

for our invasion assays (see Methods) [165]. However, we also evaluated the use of species-level 

MCMMs using in vitro 16S amplicon and stool shotgun metagenomic data. Briefly, strain-level 

metabolic models from AGORA were combined at the genus or species level, to account for the 

potential coexistence of multiple strains from a given genus or species within an individual and to 

reduce potential bias from arbitrarily selecting individual strain models. Using this approach ~75% 

of reads, on average, could be mapped to a genus-level metabolic model within the AGORA 

database from 16S amplicon data, while ~90% of reads, on average, could be mapped using 

shotgun metagenomic data. At the species level, only ~50% of reads could be mapped, on average, 

using the same in vivo metagenomics data, while 100% of reads could be mapped for in vitro 

community profiles using 16S amplicon sequencing (i.e., because type strains were used in these 

experiments), illustrating the inherent limitation of using species level models for in vivo 

applications and further justifying our focus on genus-level analyses. To simulate the invasion of 

C. difficile into these model communities, a pan-species model of Clostridioides, representing all 

four common C. difficile strains present in the AGORA database (including hypervirulent and non-

epidemic strains), was introduced at a relative abundance of 10% (see below for justification for 

this percentage), while other community relative abundances were decreased proportionally to 

approximate a minor perturbation in community-wide biomass (Figure 4.1A). Growth simulations 
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were then performed using a medium representing an average European diet (i.e., a standard 

developed-world diet appropriate to the cohorts studied here), with fluxes of metabolites known 

to be absorbed in the small intestine decreased by 90%, as previously described for in vivo samples 

[25]. To represent the anaerobic basal broth (ABB) used to culture the in vitro communities, a 

curated medium was constructed using a previously described representation of Luria-Bertani (LB) 

broth as a template and the known composition of ABB (see Methods for further details) [164, 

166]. Growth rates were estimated using ctFBA, as implemented in MICOM, which uses a 

regularization step and allows for a suboptimal community growth rate to achieve a more realistic 

growth rate distribution across the community [25, 158]. Import and export fluxes were estimated 

using parsimonious enzyme usage FBA (pFBA) [25]. 

Personalized MCMMs were constructed for each sample and the potential for C. difficile 

engraftment was quantified as the model-inferred growth rate. ctFBA has a single free parameter 

that needs to be chosen, the tradeoff between community-wide growth rates and individual, taxon-

specific growth rates. Assuming that most taxa detected at appreciable abundances in a gut 

microbiome are actively growing in vivo and in vitro, a trade-off value was selected by choosing 

the minimal deviation from optimal community growth for which >70% of genera obtained non-

zero growth rates on average. We found that with a trade-off value of 0.8 (i.e., 80% of maximal 

community biomass production) resulted in a mean fraction of genera with non-zero growth of 

>70% using genus-level models constructed from 16S amplicon data. This same non-zero growth 

fraction was achieved with a trade-off value of 0.9 for the genus-level models constructed from 

metagenomics data. The 16S and metagenomics specific tradeoff values were also used for the 

species level models derived from these data types, respectively. At the species level, these values 
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were associated with much higher growth fractions (~90% and 95% for 16S amplicon and shotgun 

metagenomics, respectively).  

We first validated our approach using an in vitro 16S amplicon data set where C. difficile 

was co-cultured with communities of human commensal gut bacteria at differing levels of species 

richness [164]. We found that MCMM-inferred C. difficile biomass (calculated using the MCMM-

inferred C. difficile growth rates, assuming exponential growth over a fixed interval, see Methods) 

accurately reflected a negative trend in measured C. difficile abundance along a gradient of 

increasing species richness and was significantly correlated with empirically measured C. difficile 

biomass after 48 hours of growth (Figure 4.1B; ordinary least squares (OLS) R2 = 0.45, p < 10-6). 

Similarly, we found that the normalized C. difficile growth rate (normalized to the overall MCMM-

inferred community growth rate, see Methods) decreased as a function of community richness and 

was an even stronger predictor of the empirically-observed C. difficile biomass after 48 hours of 

growth (Figure 4.1C; ordinary least squares (OLS) R2 = 0.5, p < 10-6). Biclustering of the inferred 

species growth rates suggested that growth of C. difficile was largely suppressed by B. 

thetaiotaomicron, P. vulgatus, and E. lenta in vitro, as indicated by the strong negative associations 

between the growth rates of these species and the growth rate of C. difficile (Pearson r <-0.45, p < 

0.01 for species). Positive associations between the growth rates of C. difficile, C. scindens, and 

P. hiranonis (Pearson r > 0.8, p <10-6 for all species) were in line with the observation that these 

species tend to share overlapping metabolic niches. The previously-observed suppressive effects 

of C. scindens and P. hiranonis on C. difficile were not apparent within our modeling framework 

[164], likely because pH and its effects on growth are not easily captured by FBA models. 

However, while in vitro acidification is a strong environmental force in anaerobic batch culture, 
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we do not expect variation in pH to be as prominent in the buffered environment of the human 

colon.  

To further validate our approach in vivo we leveraged a time series with a known C. difficile 

colonization event (Figure 4.1E) [148, 167]. We found that estimated C. difficile growth rates were 

at or below the limit of solver accuracy (< 10-6, which effectively indicates an absence of growth) 

in samples collected before colonization and comparable to growth rates of other dominant genera 

in samples taken after the initial colonization event (Welch’s t-test t = -3.29, p = 0.003, for 

comparison of log10 growth rates before and after the known colonization event; Figure 4.1E). 

Furthermore, we saw patchy engraftment predictions in a second individual that was known to be 

colonized by C. difficile at a low level (i.e., near the limit of detection) throughout a time series 

(Figure 4.1F). We also assessed the importance of propagule pressure [168] (i.e., the relative 

abundance at which the invasive taxon is introduced into the models) and found that below 10% 

relative abundance, agreement between growth rate estimates and measured abundances was poor. 

Thus, propagule pressure plays an important role in predicted engraftment success [164].  

Based on these initial results, we decided to use a fixed tradeoff value of 0.8 and a C. 

difficile invasion fraction of 10% for all subsequent analyses of 16S amplicon data (i.e., the highest 

value at which >70% of the community showed a positive growth rate). Using the same heuristic, 

a tradeoff value of 0.9 was chosen for the metagenomics analyses, along with a 10% C. difficile 

invasion fraction 
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Figure 4.1. In silico invasion assay accurately predicts C. difficile engraftment in vitro and in 

vivo. (A) Schematic illustrating the in silico invasion assay workflow leveraged in this study. 

Personalized microbial community-scale metabolic models (MCMMs) are supplemented with 

10% of a pan-genus Clostridioides model to simulate an invasion event and ctFBA was used to 

predict C. difficile engraftment and metabolic fluxes. (B) Measured C. difficile biomass at 48 hours 

from Hromada et al. and predicted biomass, computed from MCMM-predicted C. difficile growth 

rate and an exponential growth model, across a gradient of in vitro community richness. Mean 

trend lines and standard deviation are displayed for both measured (blue) and predicted (yellow) 

biomass. Relationship between log10 predicted biomass and log10 biomass. Ordinary least squares 

fit and 95% confidence interval are displayed, as well as regression R2 and p-value (C) Normalized 

C. difficile growth rate along a community richness gradient and the relationship between 

normalized C. difficile growth rate and measured log10 biomass. Mean trend line and standard 

deviation are displayed for the relationship between normalized C. difficile growth rate and 

community richness. Ordinary least squares fit and 95% confidence interval are displayed, as well 

as regression R2 and p-value, for the relationship between normalized C. difficile growth rate and 

measured log10 biomass. (D) Biclustered normalized growth rates for species across conditions. 

Species normalized growth rate is displayed using blue-to-yellow heatmap coloring for each 

sample. Sample community richness is displayed using white-to-red heatmap coloring on the top 

row of the plot. Pearson correlation coefficients between C. difficile normalized growth rate and 

the normalized growth rate of each other species are displayed using blue-to-red heatmap coloring 



74 
 

 

in the leftmost column of the plot. Colorbars at the bottom of the blot indicate the scales for the 

various measures. (E) Donor A time series taken from David et al. displaying daily fluctuations in 

microbiome composition over several months. Composition is displayed, colored by phylum-level 

annotations (different shading indicates taxonomic families). At day 150, Donor A experienced a 

diarrheal event and was subsequently colonized by C. difficile. Estimates of C. difficile relative 

abundance from 16S sequencing and MICOM-predicted C. difficile growth rates are displayed. 

(F) Time series from Donor B from the same study, who was colonized by C. difficile (at very low 

relative abundances, near the limit of detection) throughout the sampling period. 

4.2.2 In silico invasion assay accurately predicts C. difficile colonization 

potential in rCDI patients pre- and post- FMT. 

We applied our in silico invasion model to two separate datasets (16S amplicon and metagenomic 

shotgun sequencing, respectively) of rCDI patients who received FMTs and were subsequently 

followed over time [156, 163]. These data provided an additional test of MCMM performance and 

a means to explore the metabolic features associated with community-scale colonization 

susceptibility or resistance across a larger population. Given that all individuals in the rCDI cohorts 

had experienced multiple recurrent infections, we expected pre-FMT microbiomes from these 

patients to be more susceptible to invasion. Additionally, both of the original studies found that 

nearly all the patient microbiomes transitioned to a compositional state that was much closer to 

the healthy controls post-FMT than to their pre-FMT compositional states [156, 163]. Thus, we 

expected post-FMT samples would be less susceptible to invasion. For the sake of comparison of 

results across studies, genus-level MCMMs were used for both analyses. Across both data sets, 

rCDI patients had significantly higher MCMM-predicted C. difficile growth rates before FMT 

treatment than they did post-FMT treatment (Figure 4.2A; Welch’s t-test t = -3.19, p = 0.001 for 

comparison of pre-FMT vs. post-FMT). Predicted C. difficile growth rates were negatively 
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associated with Shannon diversity, albeit weakly (Figure 4.2B; OLS R2 = 0.05, p = 0.01), which is 

in line with prior empirical observations indicating that lower diversity communities are more 

susceptible to C. difficile colonization and the development of rCDI [147, 164, 169, 170].  

The community-scale import flux profile before the in silico invasion was predictive of C. 

difficile growth rate following the invasion in Weingarden et al. (Figure 4.2C). High-dimensional 

community-scale import flux profiles were projected into a two-dimensional space using the 

Uniform Manifold Approximation and Projection (UMAP) technique (Figure 4.2C) [171]. The 

UMAP projection provides a visual means of identifying patterns in the high dimensional import 

flux space. The closer points are to one another in this ordination the more similar their import 

flux profiles are. Thus, clusters of points in the UMAP can represent distinct metabolic 

environments across samples. The ordination plot indicated that C. difficile appears to grow well 

in more than one metabolic environment when colonizing different individuals. Indeed, we saw 

that the predicted metabolic environments occupied by C. difficile could vary within an individual 

over time (Figure 4.2C). For most patients in the Weingarden et al. cohort, there was a transition 

from colonization-susceptibility pre-FMT to colonization-resistance post-FMT (Figure 4.2A, C). 

We next examined the different metabolic niches that C. difficile was able to exploit when 

colonizing individuals across both rCDI-FMT cohorts, to better understand this phenotypic 

plasticity. 
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Figure 4.2. C. difficile growth rate predictions capture importance of community context for 

patient recovery from CDI. (A) Violin plots displaying predicted C. difficile log10 growth rate 

distributions across patient disease status categories. Data from Weingarden et al. and Ianiro et al. 

were leveraged to validate the approach using both 16S amplicon and metagenomic sequencing. 

Gray shading indicates the numerical accuracy of the solver (values below 10-6 cannot be 

distinguished from zero and are considered negligible). Bars indicate comparisons for which 

differences were significant using Welch’s t-test. *, p < 0.05; **, p < 0.01; ***, p < 0.001.  (B) 

Relationship between predicted C. difficile log10 growth rate and Shannon diversity across datasets. 

Ordinary least squares fit and 95% confidence interval are displayed, as well as regression R2 and 

p-value. (C) Two-dimensional representation of community import fluxes before in silico invasion 

using UMAP colored by log10 growth rates of C. difficile following in silico invasion. Patient 

trajectories are displayed, each with a red circle representing the patient’s starting point (before 

FMT), and a red star representing the patient’s endpoint (post-recovery). 
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4.2.3 C. difficile is predicted to occupy three distinct metabolic niches 

within the human gut microbiome. 

To characterize C. difficile colonization-associated niches and identify the potential for multiple 

metabolic strategies associated with its growth, we examined C. difficile import fluxes with high 

variance (log10 flux variance ≥ 4.5) across the rCDI-FMT cohorts. Using this criterion the high 

variance metabolites identified across the 16S and metagenomic data sets were highly consistent 

(Figure 4.3). We identified 31 and 44 high-variance metabolite fluxes from the 16S and 

metagenomics analyses, respectively. Of these, 27 were shared, 4 were unique to the Weingarden 

et al. (16S) analysis, and 17 were unique to Iraniro et al. (metagenomics) analysis. Biclustering of 

the high variance import flux data and an examination of how the apparent clusters were associated 

with growth rates revealed that C. difficile makes use of multiple metabolic strategies (Figure 4.3). 

Three major clusters were observed across patient samples and cohorts. We designate these three 

clusters as “high growth”, “moderate growth” and “no growth” (Figure 4.3). The high growth 

cluster in both cohorts included many of the pre-FMT samples and was characterized by 

consistently high import fluxes for all the metabolites identified as most strongly coupled to C. 

difficile growth across all models. The moderate growth cluster showed a sparser metabolite 

consumption profile. For example, ornithine and fructose were rapidly consumed in the high-

growth cluster but showed almost no consumption in the moderate-growth cluster (Figure 4.3). As 

expected, very few metabolites were consumed by C. difficile above the zero threshold of 10-6 in 

the no-growth cluster (Figure 4.3).  

The metabolic strategies employed by C. difficile within the MCMMs showed convergence 

with several observations from the literature. For example, we found that metabolites known to 

promote the growth of C. difficile in vivo (e.g., succinate, ornithine, and trehalose) were 
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preferentially utilized when available and were associated with higher pathobiont growth rates 

[172–174]. In addition, the consumption of amino acids valine, leucine, glycine, glutamate, 

glutamine, and proline were associated with higher C. difficile growth rates in the MCMMs, 

implying that C. difficile employs Strickland fermentation in one of its growth modes, which has 

been observed empirically [175].  
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Figure 4.3. C. difficile occupies multiple metabolic niches across communities. (A) Violin plots 

displaying predicted C. difficile log10 growth rate distributions across patient disease. Biclustered 

C. difficile log10 import fluxes from Weingarden et al., where each row is the import flux of a 

particular metabolite and each column is a patient sample. (B) Biclustered C. difficile log10 import 

fluxes from Ianiro et al., where each row is the import flux of a particular metabolite and each 
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column is a patient sample. In each heatmap, imports for which the log variance across samples 

was ≥ 4.5 are displayed. Fluxes across samples are displayed using blue-to-yellow heatmap 

coloring. C. difficile log10 growth rate quantiles are displayed in white-to-red heatmap coloring for 

each patient sample in the top row of each plot. Additionally, three coarse grain growth clusters 

are noted. These growth clusters represent “high growth”, “moderate growth”, and “no growth” 

phenotypes. 

 

Following up on these findings we examined how cooperative and competitive interactions 

within MCMMs contributed to C. difficile colonization. To accomplish this, we examined the 

import and export fluxes of metabolites associated with C. difficile colonization (e.g., amino acids, 

ornithine, succinate, etc.). Genera that produced metabolites consumed by C. difficile likely 

promote its growth, while those consuming C. difficile growth-associated metabolites may be in 

direct competition. For ornithine and succinate, we found that cooperative and competitive 

interactions are context-dependent, varying across samples. The genus Phocaeicola, for instance, 

produces ornithine in some samples, which is in turn consumed by C. difficile, while in other 

contexts it consumes ornithine, competing with C. difficile (Figure 4.4A). Meanwhile, Roseburia, 

and Faecalibacterium compete with C. difficile for ornithine, but these genera also produce 

succinate and leucine in some contexts, which C. difficile consumes (Figure 4.4A-B). Thus, the 

overall community context, rather than the presence or absence of any single taxon, appears to be 

the most important factor in determining the metabolic strategies used by C. difficile and can lead 

to emergent competitive or cooperative interactions, which can either hinder or promote 

colonization. 

Finally, we assessed whether or not compositional variation in the microbiome alone could 

explain observed differences in MCMM-predicted C. difficile growth rates. We found that 

compositional variation was a modest predictor of estimated C. difficile growth rate (out-of-sample 
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least absolute shrinkage and selection operator (LASSO) regression R2 = 0.37 for the Weingarden 

et al. rCDI-FMT cohort, see Methods). Meanwhile, the import flux derived growth clusters (e.g., 

“high growth”, “medium growth”, and “no growth” groups) could explain the vast majority of the 

variance in predicted C. difficile growth rates (analysis of variance (ANOVA) R2 = 0.94 for the 

CDI-FMT cohort). However, this comparison between model-estimated growth rates and growth 

clusters is a bit circular (i.e., both are derived from the model), so as mentioned above, we also 

observed that MCMM-estimated C. difficile growth rates were able to explain 50% of the variance 

in empirical C. difficile biomass measurements in vitro (Figure 4.1C). In summary, these results 

suggest that compositional information alone is not sufficient for consistently accurate engraftment 

predictions. 

 

Figure 4.4. Import and export fluxes of key metabolites across communities highlight the 

context-dependency of key C. difficile competitors and cooperators. (A) Biclustered 

community import and export fluxes of specific metabolites associated with C. difficile 
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colonization from Weingarden et al., where each row is a genus and each column is a patient 

sample. (B) Biclustered community import and export fluxes of specific metabolites associated 

with C. difficile colonization from Ianiro et al., where each row is a genus and each column is a 

patient sample. For each heatmap, the top 10 genera with the highest mean import or export flux 

across samples are displayed. Fluxes across samples are displayed using blue-to-yellow heatmap 

coloring. C. difficile log10 growth rate quantiles are displayed in white-to-red heatmap coloring for 

each patient sample in the top row of each plot. Additionally, three coarse grain growth clusters 

are noted. These growth clusters represent “high growth”, “moderate growth”, and “no growth” 

phenotypes. 

 

4.2.4 Associations with C. difficile growth provide insights into the role 

of community context.  

To assess the consistency of the C. difficile growth clusters, we leveraged four independent in vivo 

16S amplicon data sets, including the time series and the Weingarden et al. rCDI-FMT studies 

presented above (Figures. 4.1-4.4), along with two large cross-sectional cohorts (i.e., the American 

Gut and Arivale cohorts), covering a total of 14,862 individuals [161, 167, 176, 177]. We evaluated 

growth and flux predictions generated across all four data sets and found that C. difficile fell into 

the same three clusters that were identified in the rCDI-FMT data sets, representing no growth, 

moderate growth, and high growth (Figure 4.5A). 

To further contextualize the metabolic niche of C. difficile, we integrated model outputs 

for all four 16S data sets. Specifically, we looked at import fluxes across all genera. Most genera 

formed unique clusters in the UMAP projection, suggesting that each genus had a single metabolic 

niche that was consistent across datasets (Figure 4.5B). Within this community context, we found 

that C. difficile still fell into three very distinct clusters (Figure 4.5B). Several genera that showed 

some of the strongest competitive and cooperative interactions with C. difficile across data sets, 

Blautia, Faecalibacterium, Ruminococcus and Dorea, clustered near one another in import flux 
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space, with some overlap, indicating that these commensal taxa shared a similar metabolic niche 

(Figure 4.5B). Meanwhile, Bacteroides and Phocaeicola, two apparent C. difficile competitors, 

formed clusters largely separate from those formed by the other genera. Several of these taxa also 

occupied niche space near the C. difficile moderate growth cluster, supporting the potential for 

competitive interactions between C. difficile and these genera. The C. difficile high-growth cluster 

was more separated from other commensal genera, suggesting that this growth mode is more 

specialized in the context of the surrounding community (Figure 4.5B). 

We next explored gut community diversity and predicted C. difficile growth rates across 

the four data sets. Specifically, we looked at Shannon diversity, which integrates species richness 

and evenness and is commonly used to quantify gut microbiome alpha diversity. Lower Shannon 

diversity is commonly associated with disease states, like diarrhea, while higher diversity has 

generally been associated with diverse plant-based diets and overall better health [169]. However, 

constipated individuals generally have higher gut microbiome alpha diversity as well, suggesting 

that there may be an optimal range of alpha diversity across healthy individuals [176, 178]. Our 

initial analysis using the rCDI-FMT cohort suggested a monotonically negative relationship 

between the predicted C. difficile growth rate and Shannon (Figure 4.2B). However, the integrated 

data sets, which spanned a wider range of diversity, showed a U-shaped relationship between 

Shannon diversity and predicted C. difficile growth rate (Figure 4.5C). Intermediate levels of 

Shannon diversity were associated with the lowest predicted growth rates, on average, with higher 

average growth at the upper and lower tails of the distribution (Figure 4.5C). The relationship 

between Shannon diversity and predicted growth rate suggests extremes in either direction on the 

diversity scale are, on average, more permissive to C. difficile engraftment. 
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Figure 4.5. Growth niches across large four independent cohorts challenged in silico with C. 

difficile. (A) Two-dimensional representation of log10 C. difficile import fluxes using UMAP 

across four independent data sets. Colors denote C. difficile growth rate ranging from low (blue) 

to high (yellow). The position of the no-growth cluster is indicated. (B) Two-dimensional 

representation of log10 genus import fluxes using UMAP across all datasets. The top panel displays 

log10 C. difficile growth rate within the context of all other genera. Bottom panel colors C. difficile 

along with six genera of interest: Dorea, Blautia, Faecalibacterium, Ruminococcus, Bacteroides, 

and Phocaeicola. The position of the no-growth cluster is indicated. (C) Two-dimensional 

hexagonal binning of log10 C. difficile growth rate and community alpha diversity (Shannon index). 

The red trend line indicates a LOWESS fit to the log10 C. difficile growth rate and community 

Shannon diversity data. 

4.2.5 Blood metabolites and clinical labs associated with MCMM-

predicted C. difficile colonization susceptibility. 

We next sought to identify potential blood-based markers that were significantly associated with 

MCMM-predicted C. difficile growth rates. Previous work has shown that circulating blood 

metabolites can be leveraged to predict gut microbiome alpha-diversity [176]. We identified 

several blood metabolites and clinical chemistries significantly associated with MCMM-predicted 

C. difficile growth rates in the Arivale cohort, after adjusting for common covariates (i.e., sex, age, 
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and BMI) and correcting for multiple tests (FDR q < 0.05). These included two secondary bile 

acids, an unannotated metabolite previously associated with the abundance of the family 

Eggerthellacea, and several red blood cell-associated clinical chemistries [179]. Unfortunately, 

while significant, these blood-based markers, along with sex, age, and BMI, collectively accounted 

for only ~5% of the variance in MCMM-predicted C. difficile growth rates. Thus, it appears 

MCMM-based estimates of C. difficile engraftment, constrained by fecal microbiome data, cannot 

be readily replaced with commonly measured clinical chemistries or blood metabolites. 

4.2.6 MCMMs predicts engraftment heterogeneity of probiotic cocktail 

designed to treat rCDI. 

As a final proof-of-concept for our modeling framework, we simulated a probiotic intervention 

using a previously validated probiotic cocktail designed to treat rCDI [159, 180]. The probiotic, 

referred to as VE303, was composed of 8 commensal Clostridia strains and was shown to be 

effective at treating CDI in mice [180]. This probiotic was also shown to be safe, well-tolerated, 

and effective in reducing rCDI incidence in humans [159]. An earlier study in both mice and 

humans found that engraftment of VE303 strains was optimal following antibiotic pretreatment 

[180]. With these facts in hand, we designed a simulated intervention that mimicked the treatment 

found to be most effective by Dsouza et al [180]. We were only able to identify metabolic models 

for 6 of the 8 strains in VE303 in the AGORA database [160]. We leveraged the Weingarden et 

al. rCDI-FMT dataset to test this six-member probiotic cocktail, paired with in silico invasion by 

C. difficile. The probiotic cocktail was introduced to patient samples, alongside 10% C. difficile, 

at a total relative abundance of 50%, which was evenly distributed among the six strains. We also 

simulated vancomycin treatment by reducing the abundance of C. difficile and all commensal 

genera known to be impacted by vancomycin treatment [181] by 90%. We found that a combined 
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probiotic and antibiotic intervention most effectively suppressed the growth of C. difficile in both 

the moderate and high C. difficile growth rate clusters (Figure 4.6A).  

 To better understand the mechanism of action of the probiotic cocktail, we assessed the 

growth characteristics and the niche proximity of the probiotic strains in relation to C. difficile. 

We found that suppression of C. difficile growth occurred more readily when the average growth 

of the probiotic strains was high (> 10-4, Figure 4.6B) and when the average niche distance between 

the probiotic strains and C. difficile was low (< 25 import flux Euclidean distance, Figure 4.6C). 

We also found that relative to other genera, several of the probiotics strains occupied niches closer 

to C. difficile, although these niche distances could vary widely for each organism depending on 

their community context. Finally, we compared the import fluxes of the probiotic strains and C. 

difficile for the metabolites identified as important for C. difficile growth (Figure 4.3). This analysis 

showed that, in addition to occupying niches similar to C. difficile, several of the probiotic strains 

directly competed for metabolites important for C. difficile growth, such as succinate, ornithine, 

and trehalose (Figure 4.6D). Cumulatively these results suggest that metabolic competition is the 

mechanism by which the probiotic cocktail suppressed C. difficile growth, which is consistent with 

the emerging consensus in the field [147, 180, 182]. Finally, we found that certain probiotic strains 

were more or less likely to engraft in an individual (Figure 4.6D), and that this engraftment/growth 

was generally associated with C. difficile suppression (Figure 4.6B), which indicates that MCMMs 

can be leveraged to identify responders and non-responders before these kinds of probiotic 

interventions. 
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Figure 4.6. Simulated probiotic intervention effectively suppresses C. difficile growth in 

silico. (A) Box plots displaying log10 C. difficile growth rate across growth clusters and simulated 

interventions. Growth clusters are those identified by bi-clustering of C. difficile import fluxes 

using the Weingarden data (Figure 4.3). Conditions include +None (no intervention control), 

+Probiotic (introduction of 6 strain probiotic previously identified as an effective treatment for 

CDI at a total relative abundance of 50% equally distributed across the strains), +Vancomycin 

(90% reduction of C. difficile relative abundance as well as all genera known to be impacted by 

Vancomycin), and +Vancomycin, +Probiotic (introduction of 6 strain probiotic in combination 

with simulated vancomycin treatment). Bars indicate comparisons for which differences were 

significant using the Wilcoxon signed-rank test. *, p < 0.05; **, p < 0.01; ***, p < 0.001.  (B) 

Relationship between C. difficile growth ratio and mean log10 probiotic growth rate. C. difficile 

growth ratio is the growth rate of samples in the +Vancomycin, +Probiotic intervention relative to 

+None. Values below 1 indicate growth suppression by the probiotic and values above 1 indicate 

growth stimulation. The dashed line marks the value at which no effect is observed (1). The orange 
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trend line indicates a LOWESS fit to the C. difficile growth ratio and mean log10 probiotic growth 

rate.  (C) Relationship between log10 C. difficile growth rate and mean probiotic niche distance. 

Niche distance was calculated using the euclidean distance of log10 import flux vectors of each 

probiotic strain relative to C. difficile on a per sample basis. Orange trend line indicates a LOWESS 

fit to the log10 C. difficile growth rate and mean probiotic niche distance. (D) Biclustered log10 

import fluxes for C. difficile and probiotic strains for samples previously identified as “high 

growth”, where each row is the import flux of a particular metabolite and each column is a patient 

sample. Imports displayed are those previously identified as important for C. difficile. Color bars 

indicate sample C. difficile growth ratio and strain specific log10 growth rate. Ordering of samples 

and metabolites is the same across heatmaps and based on biclustering of C. difficile data. 

4.3 DISCUSSION 

In this study, we provide a framework for predicting C. difficile engraftment risk in the human gut 

microbiome using MCMMs. While we focus on C. difficile, due to its clinical importance, this 

approach could be extended to other opportunistic bacterial pathogens, probiotic organisms, or 

even entire communities, in the case of FMTs. We were able to show how our approach predicts 

expected longitudinal and cross-sectional variation in C. difficile colonization potential in vitro 

and in vivo (Figures 4.1-4.2), using both shotgun metagenomic and 16S amplicon sequencing data 

sets, and we provide insights into the metabolic strategies leveraged by C. difficile in different 

ecological contexts (Figure 4.3-4.4). Our analysis not only recapitulates known metabolic 

associations with C. difficile growth (e.g., consumption of trehalose, ornithine, and succinate; 

Figure 4.3), it suggests additional associations (e.g., importance of reduced sulfur compounds like 

cysteine, Stickland fermentation reactants, and utilization of dietary sugars, like fructose; Figure 

4.3). Additionally, we show that competition and cooperation with community members can 

prevent or promote colonization of C. difficile, and that many of these associations are highly 

context-dependent (Figure 4.4).  
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Consistent with the idea that simple metrics of community structure and composition alone 

are not effective predictors of colonization susceptibility, we found that community compositional 

variation was a modest predictor of estimated C. difficile growth rate and the relationship between 

alpha diversity and estimated C. difficile growth rate was nonlinear (Figure 4.5C). Not only did 

low diversity communities tend to be more invasible, as might be expected due to putative non-

saturation of the metabolic niche space [147], high-diversity communities were also more prone 

to C. difficile engraftment (Figure 4.5C). In high-diversity communities, successful colonization 

may be due to changes in the interaction landscape, like a higher rate of niche construction in 

higher-diversity systems, which would be in line with the diversity-begets-diversity hypothesis 

[183]. An intermediate range of alpha diversity seems to be optimal for mitigating C. difficile 

colonization potential (Figure 4.5C). Overall, these complex mappings between community 

composition and pathobiont engraftment risk underscore the necessity of systems-scale tools, like 

MCMMs, that are capable of synthesizing this complexity. 

Several genera were found to engage in cooperative and competitive interactions with C. 

difficile across MCMMs. Blautia, Faecalibacterium, and Dorea were all shown to benefit C. 

difficile through production of key metabolites that it consumes, like succinate and leucine, but 

were also capable of competition for other metabolic resources (Figure 4.4). Meanwhile, 

Rumminococcus, Bacteroides and Phocaeicola growth rates were often negatively associated with 

C. difficile engraftment, competing for some of the same metabolites that C. difficile consumed at 

high rates (Figure 4.1D, 4.4). Contextualizing these results through analysis of individual taxon 

import fluxes across studies we found that Blautia, Faecalibacterium, Phocaeicola, 

Rumminococcus, and Dorea share similar niches, with Phocaeicola being the most divergent from 

the others. In most cases, these niches did not overlap with C. difficile, but in a subset of individuals 
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all five occupied niches states overlapping or similar to C. difficile (Figure 4.5B). Thus, while we 

observed competition for some key metabolites, on a global scale, the majority of the metabolic 

niche space used by C. difficile tends not to overlap with its apparent competitors (Figure 4.5B). 

These results highlight how flexible commensal gut bacteria are in adjusting their import fluxes to 

the communities in which they reside, which in turn suggests why so many taxa can coexist. These 

results also suggest that colonization resistance is an emergent feature of multi-species metabolic 

interactions, and not strongly driven by any particular pairwise interaction. 

In addition to developing a simulation framework to predict engraftment, we sought to 

identify blood-based clinical chemistries and blood metabolites that were associated with MCMM-

inferred C. difficile growth rate. We found three blood metabolites that were independently 

associated with predicted C. difficile growth rates. These included two secondary bile acids and an 

unannotated metabolite. One of the secondary bile acids, isoursodeoxycholate, has previously been 

positively associated with the abundance of Bacteroides [176], and was negatively associated with 

predicted C. difficile growth rates. This result is in line with the apparent competition between 

Bacteroides and C. difficile in our MCMMs. We also identified several clinical labs negatively 

associated with predicted growth rates. However, together with age, sex, and BMI, these features 

only accounted for ~5% of the variance in predicted growth rates. Thus, while these features may 

be signatures for colonization susceptibility in the blood, their clinical relevance is limited at this 

time.  

Finally, we demonstrated that a probiotic intervention (i.e., 6/8 strains from VE303), which 

recently showed positive efficacy results in a double-blinded, placebo-controlled clinical trial for 

the treatment of rCDI [159], suppresses the growth of C. difficile in silico in most people in the 

Weingarden et al. rCDI-FMT study (Figure 4.6). We also showed that the mechanism of action 
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for this particular probiotic is likely competition for metabolites essential for the growth of C. 

difficile, as many of the probiotic strains occupy niches close to C. difficile, and directly compete 

for these metabolites, such as succinate and ornithine, in samples where growth suppression was 

observed (Figure 4.6). Furthermore, analysis of niche distances between C. difficile and other 

genera across donors suggests selecting strains from Blautia and Dorea (e.g., including B. 

producta and D. longicatana, from VE303), in addition to Anaerostipes, Roseburia, and 

Faecalibacterium, could be leveraged to design better individual-specific probiotic cocktails 

capable of suppressing C. difficile and rescuing VE303 non-responders (Figure 4.6B). These 

results illustrate how MCMMs may be powerful tools for assessing the individual-specific efficacy 

of clinically relevant probiotics, in addition to understanding personalized pathobiont colonization 

susceptibility.  

Future work should test this MCMM framework in the design of precision interventions to 

prevent engraftment of C. difficile and other pathobionts, to design precision probiotic 

interventions, and to improve the production of beneficial microbial metabolites, like short-chain-

fatty-acids, or reduce the production of undesired metabolites, such as hydrogen sulfide or 

trimethylamine [184–186]. In summary, MCMMs present a promising new path forward in 

engineering the ecological composition and metabolic outputs of microbiota to prevent or treat 

disease. 

4.4 METHODS 

4.4.1 External data collection and processing. 

Data used in this study came from six sources. This included both cross-sectional and time series 

16S amplicon and shotgun metagenomics sequencing data from Hromada et al., David et al., 

Weingarden, A. et al., Iraniro et al., the American Gut (McDonald, D. et al.), and a former 
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scientific wellness program run by Arivale, Inc.[156, 161, 163, 164, 167, 177]. Publicly available 

16S amplicon sequence data and associated metadata were downloaded from the sequence read 

archive (SRA). Additionally, de-identified 16S amplicon sequence data, associated metadata, and 

paired blood-based clinical chemistries and metabolomics were obtained for 2,687 research-

consenting individuals who were formerly participants in the Arivale wellness program. Raw 16S 

amplicon sequence data were processed using QIIME2 (v2020.11.1). In brief, the QIIME2 

workflow consisted of read demultiplexing using the command qiime tools import, and an 

associated manifest table for each study describing read metadata followed by read quality 

assessment using qiime demux summarize. Read quality assessment was used to determine 

trimming parameters for subsequent denoising using the QIIME2 implementation of DADA2 via 

the command, qiime dada2 denoise-single or qiime dada2 denoise-paired, for single and paired 

reads respectively. The first 10 bases were trimmed from all reads and reads were truncated to a 

length where median quality score was >20 (100-150 base pair for the data leveraged). Following 

denoising, data were reformatted into a table format using the command qiime metadata tabulate, 

and representative sequence taxonomy was inferred using a custom NCBI classifier with the 

command qiime feature-classifier classify-sklearn. The NCBI classifier was trained using 16S 

515f-806r V4 regions extracted from all available bacterial NCBI genomes. To train the classifier 

515f-806r regions were extracted from NCBI sequences using the command qiime feature-

classifier extract-reads, followed by the command qiime feature-classifier fit-classifier-naive-

bayes using the extracted V4 sequences and a table of known taxonomies. Pre-processed data from 

Iraniro et al. were provided by the authors upon request and included sample taxonomic relative 

abundance inferred using Metaphlan4 and associated sample metadata. See Iraniro et al. for further 

details on their data processing pipelines [156]. Sample taxonomic relative abundance and 
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associated metadata from Hromada et al. were obtained from their supplemental data. See 

Hromada et al. for further details [164]. For source code and tables of processed data refer to the 

Github repository listed below in Data and Source Code Availability. 

4.4.2 Model construction and growth simulations. 

To construct community-level metabolic models sample specific taxonomic abundance profiles 

inferred from 16S amplicon or shotgun metagenomic sequencing were summarized at the genus 

or species level and mapped to genus or species level metabolic models from the AGORA database 

(v1.03) using MICOM (v0.25.1). Taxa with a relative abundance of less than 0.1% were omitted 

from community models. An in silico media previously designed to represent an average western 

diet was applied which defined the bounds for metabolic imports by the model communities for 

all in vivo analyses [25, 160]. For the in vitro communities, a custom medium was developed to 

reflect the ABB medium used experimentally. The custom medium was developed using a 

previously defined template designed for the representation of Luria-Bertani (LB) medium, this 

contained metabolite concentration and fluxes for both yeast extract and tryptone [166]. These 

details were used to convert the quantities of yeast extract and peptone present in the experimental 

medium anaerobic basal broth (ABB) to fluxes. The additional defined components were included 

with fluxes equal to the millimolar concentration per hour. Finally, additional components were 

added to the constructed medium so that all 13 species used in the in vitro communities could 

achieve a growth rate of 10-3 or greater using a routine implemented in the MICOM function 

complete_db_medium. Across all conditions, growth rates were inferred using cooperative tradeoff 

flux balance analysis (ctFBA). In brief, this is a two-step optimization scheme, where the first step 

finds the largest possible biomass production rate for the full microbial community and the second 

step infers taxon-specific growth rates and fluxes, while maintaining community growth within a 
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fraction of the theoretical maximum (i.e., the tradeoff parameter), thus balancing individual growth 

rates and the community-wide growth rate[25]. For all models in the manuscript that leveraged 

16S amplicon data, we used a tradeoff parameter of 0.8. A tradeoff parameter of 0.9 was used for 

all the results derived from shotgun metagenomics data. These parameter values were chosen by 

identifying the largest tradeoff value (corresponding to the smallest deviation from maximal 

community biomass) that allowed > 70% taxa to grow (growth rate > 10-6).  Import and export 

fluxes were estimated using parsimonious enzyme usage FBA (pFBA) and a defined medium 

constructed to represent an average European diet or ABB [25]. pFBA further constrained 

simulation results by requiring genera to utilize the lowest overall flux through their networks to 

achieve maximal growth [157]. For source code and tables of processed data refer to the Github 

repository listed below in Data and Source Code Availability. 

4.4.3 Biomass estimation and growth rate normalization for in vitro 

communities.  

To allow better comparison between model predictions and experimental results two growth rate 

transformations were employed. These methods were implemented to account for the fact that 

batch growth (in which cultures grow on a limited quantity of nutrients) is not compatible with the 

steady state assumption employed by the modeling framework (which assumes a continuous 

supply of nutrients). Estimation of biomass was leveraged to compare growth rates with 

experimentally measured endpoint optical densities. This consisted of using a simple exponential 

growth model of the form ODf = ODi ekt, where ODf is the final predicted biomass, ODi is the initial 

biomass, k is the MCMM inferred growth rate, and t is time in hours. The second transformation 

employed was a growth rate normalization procedure, which accounted for differences in 

community growth rates across samples. Growth rates were divided by the MCMM inferred 



95 
 

 

community growth rate, which was computed from the sum of relative growth rates of each taxon 

in the system (e.g., the product of growth rate and relative abundance), 𝑘/01% = 2
∑ ⬚"# 2#1#

. 

4.4.4 Probiotic intervention.  

To model probiotic intervention a combination of strains previously shown to be effective at 

suppressing the growth of C. difficile in mice were used [180]. Metabolic models for six of the 

eight stains in the VE303 cocktail described by Dsouza et al. were identified in the AGORA 

database and intervention was simulated by introducing them along with C. difficile to individual 

samples. A total probiotic fraction of 50% was used, which was evenly distributed among the six 

strains. This fraction was determined to be the most effective at suppressing the growth of C. 

difficile growth in silico for the samples tested (data not shown). Vancomycin treatment was 

simulated by reducing the abundance of C. difficile and all genera known to be impacted by 

vancomycin by 90% [181]. Growth simulations were performed as described above. For source 

code and tables of processed data refer to the Github repository listed below in Data and Source 

Code Availability. 

4.4.5 Statistical analysis.   

Statistical analyses were performed using functions from the Python SciPy (v1.7.1), Seaborn 

(v0.11.2), Sklearn-Learn (v0.24.2), Umap-Learn (v0.5.1), and Statsmodels (v0.13.1) packages. 

Linear associations were performed using the statsmodels ordinary least squares function OLS, 

and visualized using the seaborn function regplot. Least absolute shrinkage and selection operator 

(LASSO) was performed using the sklearn Lasso function and a training-test framework. Data 

were split into training and test sets (70% of samples were randomly assigned to the training set) 

and model performance was assessed across a range of regularization values. LASSO training and 

test set R2 values were used to select the model with the best test set R2 that did not overfit training 
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data (training R2 >> test R2). Analysis of variance (ANOVA) was performed using the statsmodels 

OLS and anova_lm functions. UMAP dimensionality reduction was performed using the umap 

function from the umap package and associated methods with default parameters (i.e., 

n_components=2, n_neighbors=15, metric=’euclidean’, etc.). Biclustering was performed using 

the seaborn function clustermap and the Ward clustering algorithm. Hexagonal binning and 

associated histograms were generated using the seaborn function jointplot. Locally weighted 

scatterplot smoothing (LOWESS) curves were generated using the lowess function from 

statsmodels with default parameters. Additional statistical tests included the t-test and Wilcox rank 

sum test implemented in scipy as ttest_ind and wilcoxon respectively. For source code and tables 

of processed data refer to the Github repository listed below in Data and Source Code Availability. 

4.5 DATA AND SOURCE CODE AVAILABILITY 

Processed data tables and source code to reproduce the findings presented in this manuscript can 

be found at https://github.com/Gibbons-Lab/cdiff_invasion. Raw 16S amplicon sequence data 

from David et al., Weingarden, A. et al., the American Gut (McDonald, D. et al.) can be 

downloaded using the sequence read archive (SRA) accession numbers PRJEB6518, 

PRJEB19996, and PRJEB11419 respectively. Data and metadata from Iraniro et al. were provided 

from the authors upon request. Data from Hromada et al. were downloaded from the manuscript 

supplementary information. Metadata were obtained from manuscript supplementary information, 

where available. Qualified researchers can access the full Arivale deidentified dataset, including 

all raw data, supporting the findings in this study for research purposes through signing a Data Use 

Agreement (DUA). Inquiries to access the data can be made at data-access@isbscience.org and 

will be responded to within 7 business days. 

  

https://github.com/Gibbons-Lab/cdiff_invasion
mailto:data-access@isbscience.org
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Chapter 5. CONCLUSION 

In summary, the body of work presented here highlights how systems biology approaches can be 

leveraged to infer microbial community interaction mechanisms and understand ecological 

phenomena. Chapters 2 and 3 highlight how environmental context and community dynamics can 

influence the production of the greenhouse gas nitrous oxide (N2O) by nitrate-reducing bacteria 

(NRB) and the communities they form. Growth inhibition by the products of nitrate (NO3-) and 

sulfate respiration are a key feature of the work presented in these chapters. We found that both 

hydrogen sulfide (H2S) and nitrite (NO2-) can act as inhibitors of nitrate respiratory growth and 

either suppress or enhance the production of N2O as a consequence. These findings indicate that 

ecological interactions can have a significant impact on the production of N2O in natural 

environments. Competition between sulfate-reducing bacteria (SRB) and NRB can suppress the 

production of N2O as a result of H2S production [38, 55], while the inhibitory effects of NO2- can 

lead to N2O production when the kinetics of denitrification are unbalanced in nitrate-reducing 

communities [129, 130]. However, both of these effects are highly dependent on context. For 

instance, previous work has demonstrated that NO3- can be leveraged to stimulate NRB, suppress 

SRB, and prevent the souring of oil reservoirs [37, 65]. Meanwhile, NO2- inhibition can either 

stimulate or suppress N2O production depending on the specific context [120, 129, 130]. These 

chapters also highlight strategies for characterizing interaction mechanisms using isolates and 

Synthetic Communities (SynComs). Laboratory characterization of isolates and SynComs provide 

a framework with which detailed information about growth dynamics and cellular physiology can 

be extracted. This framework provides an ideal means with which to infer and validate interactions. 

However, laboratory studies are also limited in many ways. For instance, the studies described in 
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chapters 2 and 3 present vastly oversimplified models of the natural ecosystems the study designs 

were intended to represent. While these bottom-up approaches do not capture the full complexity 

of the natural ecosystems they seek to approximate, they do provide a means to dissect specific 

details of these systems and develop insights that can be used to better understand the dynamics 

of natural ecosystems. 

 In contrast to the bottom-up approaches presented in Chapters 2 and 3, Chapter 4 highlights 

a top-down strategy to infer microbial community interactions. In many ways, this strategy 

complements the study designs presented in Chapters 2 and 3. Instead of breaking down the 

complexity of the human gut microbiome into simpler model systems, we leveraged microbial 

community-scale metabolic models (MCMMs) to predict community phenotypes in vivo. This 

approach was used to better understand mechanisms of Clostridiodes difficile (C. difficile) 

colonization susceptibility and resistance. With the mechanistic information provided by 

MCMMs, we developed insights into the metabolic niche of C. difficile as well as the cooperative 

and competitive interactions that govern C. difficile colonization. Cross-feeding and competition 

involving metabolites like succinate, trehalose, ornithine, and leucine were found to be important 

determinants of colonization. Furthermore, the extent of cross-feeding and competition for these 

metabolites was highly dependent on the community context. For example, we found that 

Roseburia, and Faecalibacterium often compete with C. difficile for ornithine, but in some 

contexts provide C. difficile with succinate and leucine. This result alongside the findings 

presented in Chapters 2 and 3 illustrates an important feature of microbial interactions; that context 

matters and it can be difficult at times to make generalizations about the strategies used by 

individual microbes. A consequence of this is that it is often difficult to bin commensal microbes 

into simple binary categories like “good bugs” and “bad bugs” because whether an individual 
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commensal plays a role that is beneficial or detrimental to the host can be highly context-

dependent. Akkermansia muciniphila (A. muciniphila) provides another example of the context-

dependent nature of commensal-host bacterial relationships. A growing body of literature has 

identified A. muciniphila as a promising therapeutic probiotic against metabolic disorders such as 

obesity, type 2 diabetes, and cardiovascular diseases [187]. However, in specific intestinal 

microenvironments, its excessive enrichment may be not beneficial. Conditions like inflammatory 

bowel disease (IBD), Salmonella typhimurium infection, and post-antibiotic reconstitution may 

not benefit from A. muciniphila supplementation [188]. This is because of A. muciniphila’s roles 

as both a fiber degrading short chain fatty acid (SCFA) producer and a mucin degrader [189]. 

When fiber is available A. muciniphila will produce SCFAs that contribute to intestinal epithelial 

barrier maintenance, lower inflammation, and suppress the growth of some pathogens [190–192]. 

However, when sufficient levels of fiber are not present A. muciniphila will instead degrade host 

mucin, which can compromise intestinal barrier integrity and increase levels of inflammation [193, 

194]. MCMMs have the potential to provide insights into the dietary and community contexts in 

which probiotics like A. muciniphila may be efficacious. Moving forward, MCMMs may also be 

able to aid the design of personalized probiotic and prebiotic interventions to promote the 

production of SCFAs and other beneficial metabolites. 

 As it becomes more feasible to map community composition to function and we develop a 

deeper collective understanding of the phenotypic landscapes of microbial consortia, engineering 

desired community functions may be realized [195]. Achieving this goal will require overcoming 

significant hurdles in our ability to characterize and model microbial interactions. The work 

presented here highlights advances in these areas but microbiome engineering remains a nascent 

field. Alongside the approaches described, advances in high throughput characterization of 
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microbial interactions and enzyme kinetics [196, 197], integration of gene regulation and kinetics 

into MCMMs [26, 198], and better techniques for delivery, tracking, and maintenance of 

engineered consortia are getting us closer to engineering microbiomes [199, 200]. As the field 

develops, it may provide solutions that will allow us to address challenges in human health and 

the health of natural ecosystem
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