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Abstract 

Wielding the power of microbes has broad and far-reaching implications. From 

their impact on human and plant health via host-microbe interactions, to their 

prodigious ability to synthesize and degrade a seemingly limitless assortment of 

chemicals, engineering microbiomes has become a major area of focus in 

biomanufacturing, medicine, agriculture and bioremediation. To date, attempts at 

engineering microbiomes have largely been unsuccessful. The challenges have 

highlighted the interconnectedness of microbial communities and the need for new 

methods to aid in identifying microbial interactions. The large scale of observed 

microbial diversity with little species overlap between samples makes interpreting 

microbiome data extremely challenging. Understanding microbial diversity has been a 

problem microbial ecologist have worked to address for decades. 

The ecological theories for community structure which garner the most support 

are Niche-based theories and Neutral theories. The basic concept of Niche-based 

theories is that organisms retain the genes associated with their niche over evolutionary 

time scales, and consequently, there are many organisms -- which have evolved from 

one or more common lineages -- that call fill a particular function in a particular 

ecosystem. Neutral theories of community structure view diversity as a stochastic 

process where trophically similar organisms are viewed as ecologically equivalent and 
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their distribution is simply a consequence of random processes. Over the past decade, 

there has been increasing effort to integrate these theories into to a general model of 

community assembly and structure, but the problem remains unsolved. 

The overall goal of this dissertation was to develop methods to aid in identifying 

interactions in microbial communities. To do this, concepts from microbial ecology and 

microbial metabolism were fused to develop a conceptual model of community 

structure which was used to develop methods to identify microbial interactions from 

high-throughput sequencing and metabolic modeling.  

The first objective for this dissertation was to determine if distinct functional 

roles within a microbiome environment could be inferred from metatranscriptomic data, 

and if phylogenetic relatedness could be used to identify groups of microbes which are 

able to fill specific functional roles. To accomplish this, metatranscriptomic data 

generated from RNA extracts of loblolly pine ectomycorrhizal communities were 

obtained across the range of loblolly pine in the USA. The mRNA sequencing data were 

de novo assembled into contigs and contigs were then functionally annotated and 

mapped to fungal genomes. Expression profiles were clustered and differential 

abundance analysis was performed to identify genes with the most statistically 

significant differential expression levels. Finally, a full metatranscriptomic metabolic 

network was reconstructed from the functional annotations to investigate the specific 
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metabolic role each of the fungi are contributing to community metabolism. The results 

identified a core set of ectomycorrhizal fungi with at least five unique expression 

profiles. Several unique roles were identified within closely related fungi involving 

many different metabolic pathways including nitrogen and phosphate cycling, carbon 

utilization, and phytohormone synthesis. The results supported the concepts of niche 

conservatism and microbial exchangeability proposed in our conceptual model.   

The second objective was to determine if a microbial exchangeability model 

could be used to identify potential interacting groups of microbes from rRNA amplicon 

sequencing data. To aid in the development of an inference program, microbiome 

abundance data were simulated from a model with the exchangeability structure 

imposed. The simulated data were used to develop an inference model which could 

identify underlying data structure. Finally, the inference model was used to identify 

potential conflictual and cooperative interactions in microbial communities from 

environmental samples taken from a Superfund site contaminated with polycyclic 

aromatic hydrocarbons (PAHs). The analysis focused on a clade from the Pseudomonas 

genus previously identified as potential PAH degraders. The inference program 

identified bacteria from the Kiritimatiellaeota and Desulfuromonas genera as potentially 

interacting with Pseudomonas. 
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The third objective was to combine putative interaction information with 

genome-scale metabolic modeling to identify potential modes of interaction, and 

constraints which could be used to inform in situ precision metabolic engineering 

designs. A metabolic model was generated for naphthalene degradation. Flux balance 

analysis was performed using naphthalene as a carbon source to predict the metabolic 

pathways for bacterial growth on naphthalene. Several constraints were tested to 

identify potential flux constraints. Finally, a thermodynamic model of degradation was 

built for the predicted metabolic pathway and used to characterize thermodynamic 

constraints which may contribute to flux constraints and cross-feeding interactions. The 

results of the FBA indicated naphthalene degradation flux competes with oxidative 

phosphorylation for oxygen; and as naphthalene flux increases, metabolism shifts to 

mixed acid fermentation products such as acetate and lactate. The thermodynamic 

analysis indicated, elevated concentrations of extracellular lactate result in the pathway 

becoming thermodynamically infeasible; and the thermodynamic driving force is 

limited by the lactate dehydrogenase reaction particularly at elevated lactate 

concentrations.  

Overall, this dissertation provides two unique methodologies to identify 

community interactions, and a conceptual framework to interpret microbial composition 

and metabolic contribution. Together these results have the potential to greatly improve 
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strategies for engineering microbiomes and hopefully, serve as a foundation for a better 

more complete understanding of microbial community structure and assembly.   
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1. Introduction 

  

1.1 Introduction and Problem Definition 

Microbes have enormous potential to benefit human and environmental health. 

Over the past decade, a surge of research in human microbiomes has added to the many 

ways we now know microbes impact human health (Fan and Pedersen 2021; Pariente 

2019). In addition to benefiting human health through direct interactions, the field of 

bioremediation has a long history wielding the chemical transformation capabilities of 

microbes to detoxify environments (Litchfield 2005). Unfortunately, technologies aimed 

at manipulating microbiomes have stalled. For example, the use of bioaugmentation in 

bioremediation strategies which aims to increase degradation rates of chemical 

contaminates by adding microbes with degradation capabilities to a target community 

often fail to perform in situ (T. Bouchez et al. 2000). Similarly with human microbiome 

engineering, the use probiotics which aims at incorporating microbes with beneficial 

health properties into a target gut microbiome community has largely failed (Eliaz 2020). 

These failures have highlighted the need for a better understanding of community 

interactions to improve microbiome engineering efforts (Albright et al. 2022; Hu et al. 

2022; Silverstein, Segrè, and Bhatnagar 2023; Singha and Shukla 2023).  
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Interactions of particular interest are competitive or conflictual interactions between the 

bioaugmentation subject microbes and the native microbial community targeted for 

bioaugmentation. Identifying these incompatibilities is a first step to developing 

precision bioaugmentation strategies to work around these conflictual interactions. In 

addition to conflictual interactions, identifying cooperative interactions between subject 

microbe and source community may be critical for successful bioaugmentation -- 

particularly when the viability of one organism is dependent on the functions of other 

organisms. Development of high-throughput methods for identifying conflictual and 

cooperative interactions with microbes of interest would be of great benefit to 

microbiome engineering.  

One of the major challenges with identifying interaction is due to scale of 

microbial diversity inherent to ecological microbiomes. Estimates of the number of 

microbial species range from the millions (Louca et al. 2019) to the trillions (Locey and 

Lennon 2016). The large amount of diversity combined with very little species overlap 

between samples makes interpreting microbiome data extremely challenging. 

Understanding diversity, the significance and consequences of it, has long been a major 

area of focus in the field of microbial ecology (Nemergut et al. 2013). One possible 

explanation for the observed diversity has been reported as “phylogenetic niche 

conservatism” (Jia and Whalen 2020). The basic concept behind this theory is that 
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organisms retain the genes associated with their niche over evolutionary time scales. As 

a consequence, there are many organisms that can fill a particular function in a 

particular ecosystem and these organisms evolved from the original ancestor(s) which 

developed the functional trait. This concept is supported by the large amount of 

apparent functional redundancy seen in comparative metagenomic analyses and in vitro 

experimental studies (J. B. H. Martiny et al. 2015). This leads to the obvious question of: 

“Can phylogenetic based function structure aid in identifying interactions?” 

The overall goal of this dissertation was to develop computational methods to 

aid in identifying microbial community interactions from high-throughput sequencing 

data, and to use the analysis results to aid in microbiome engineering design. This 

dissertation combines concepts from phylogenetic niche conservatism theory, microbial 

cross-feeding theory, and metabolic network analysis to provide a model and 

methodology to identify potential interacting microbes from analysis of 

metatranscriptomic and rRNA amplicon data. An additional goal for this dissertation 

was to develop a platform for reproducibility and reusability of those tools. To this end, 

all software packages needed for the analyses were bundled together in completely 

reproducible, easily transferable, executable, standalone packages called containers. 
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1.2 Research Hypotheses and Approaches 

Currently, a generalized model for microbial community structure and assembly 

does not exist. Consequently, identifying community interactions is extremely 

challenging. The focus of the research presented here was to develop methods for 

identifying potential interacting microbes using high-throughput sequencing data and 

metabolic modeling. 

The hypothesis for this work was formulated into a conceptual model of 

community composition and structure. The conceptual model is as follows: Microbial 

communities are composed of metabolic modules – a metabolic module is an 

agglomerate of all metabolic steps involved in converting a system input metabolite to a 

system output metabolite. Metabolic modules are composed of roles – a role is a net 

metabolic conversion an individual community member contributes to the module full 

module metabolic conversion. Roles can be thought of as niches or trophic levels. A role 

is composed of a microbe taken from a set of conditionally exchangeable microbes able 

to perform that role in a community. The variables exchangeability is conditioned are 

abiotic variables such as temperature or pH, and biotic variables such as conflictual 

interactions. Taken together microbial communities are simply composed of random 

samples taken from sets of conditionally exchangeable microbes that together fill every 

role and every metabolic module necessary for community steady state. If this model of 
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community composition accurately represents the true nature of community assembly, 

there should be specific patterns of community composition which reflect the functional 

redundancy and interspecies metabolic interactions.  

The first objective for this dissertation was to determine if distinct functional 

roles within a microbiome environment could be inferred from metatranscriptomic data, 

and if phylogenetic relatedness could be used in identifying groups of microbes which 

are able to fill specific functional roles. To accomplish this, metatranscriptomic data 

generated from RNA extracts of loblolly pine ectomycorrhizal communities were 

obtained across the range of loblolly pine in the USA. The mRNA sequencing data were 

de novo assembled into contigs which were then functionally annotated and mapped to 

fungal genomes. Expression profiles were clustered and differential abundance analysis 

was performed to identify genes with the most statistically significant differences in 

expression levels. Finally, a full metatranscriptomic metabolic network was 

reconstructed from the functional annotations to investigate the specific metabolic role 

each of the fungi might be contributing to community metabolism.  

The second objective was to determine if a microbial exchangeability model 

could be used to identify interacting groups of microbes from rRNA amplicon 

sequencing data. To aid in the development of an inference program, simulated 

microbiome data were generated from a model with the exchangeability structure 
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imposed. The simulated data were used to develop an inference model which could 

identify underlying data structure. Finally, the inference model was used to identify 

potential conflictual and cooperative interactions in microbial communities from 

chemically contaminated environmental samples.  

The third objective was to combine the above putative interaction information 

with genome-scale metabolic modeling to identify how these microbes may be 

interacting and any metabolic pathway constraints the interactions may impose on 

degradation. To achieve this, a metabolic model was generated for naphthalene 

degradation. Flux balance analysis was performed using naphthalene as a carbon source 

to predict the metabolic pathways for growth on naphthalene. Several constraints were 

tested to identify potential flux constraints. Finally, a thermodynamic model of 

degradation was built for the predicted metabolic pathway and used to characterize 

thermodynamic constraints which may contribute to flux constraints and cross-feeding 

interactions.  
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2. Background and Literature Review 

This chapter provides a brief review of the biological processes and theories 

relevant to this dissertation along with the analytical tools critical to the analyses within  

2.1 Microbial Community Structure 

Microbial composition and the factors that influence it are the focus of this 

review section. 

2.1.1 Phylogenetic Diversity 

The term ‘microbes’ is generally used to refer to bacteria, fungi, and archaea. 

There is enormous diversity of microbes on earth and the organization is extremely 

complex. The scale of microbial diversity is still unknown. Estimates microbial diversity 

using scaling laws with a power law rate function have been suggested the scale is in the 

order of 1011-1012 species (Locey and Lennon 2016). Scaling laws model species diversity 

as a function of area and have very good predictive power plants and animals, however, 

it is unclear how well the predictions hold for microbes. Others have suggested the scale 

of microbial diversity is in the realm of 106 (Amann and Rosselló-Móra 2016; Baldrian et 

al. 2022; Louca et al. 2019; Schloss et al. 2016). Baldrian et al. estimated approximately 1 

million fungal taxa at 97% sequence similarity in ITS2 databases and used a Chao-1 

analysis to predict a total fungal diversity of approximately 6 million (Baldrian et al. 

2022). Schloss et al. 2016 used a rarefaction analysis comparing 16S sequence contained 
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in databases with new 16S sequence samples, estimated a discovery rate for new 16S 

sequences of approximately 5%. The large scale of diversity is one reason there is very 

little overlap between samples. Research on soil bacteria estimated between 5000-2000 

species per half gram of soil and only 20% of the sequences were found in the two soil 

sites compared in the  study (Schloss and Handelsman 2006). Further illustrating the 

problem of low sample to sample overlap, a recent update to the bacteria and archaea 

census found that 29.2% of the bacteria and 38.5% of the archaea were only found in one 

sample (Schloss et al. 2016). 

2.1.2 Phylogenetic Niche Conservatism 

Phylogenetic niche conservatism theory has been offered as an explanation for 

the high level of microbial diversity (Jia and Whalen 2020). The theory suggests that the 

gene associated with an organism’s niche are maintained over evolutionary time scales 

(Penny 1992). As a consequence, as a species evolves into two distinct species, gene 

mutations are associated with changing environmental conditions such as pH or climate 

change, but the overall function of genes associated with the organisms’ niche will be 

maintained. The ecological importance of high taxonomic ranks has become increasingly 

more evident through comparative genomics (Philippot et al. 2010). Evidence for the 

ancestral retention of niche genes was provided in work looking at functional traits 

across bacteria and archaea found that that more than 90% of the functional traits they 

examined were not randomly distributed across phylogenetic tree (A. C. Martiny, 
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Treseder, and Pusch 2013). Further evidence for phylogenetic niche conservatism is the 

large amount of functional redundancy in microbial communities. Using fumigation of 

soil with chloroform to reduce microbial community diversity, previous work showed 

that low diversity had low stability and resilience to stress, but functional attributes 

were maintained suggesting a high degree of redundance (Griffiths et al. 2000). 

Similarly, studies of denitrification and nitrite oxidizers used serial dilution of soil to 

reduce microbial diversity and found function was not lost and rates generally 

recovered as cell abundance returned despite the reduced diversity (Wertz et al. 2007). 

2.1.3 Physical structure of soil   

 Most soil microbes live within soil aggregate structures called microaggregates 

(Ranjard et al. 2000). Cycles of rain or moisture exposure allow for metabolites to flow 

throughout the aggregate soil system (Wilpiszeski et al. 2019). Metabolite diffusion 

within and between these microaggregates is dependent on pore size and connectivity. 

Microaggregates may play a role in interactions both in terms of cross-feeding and in 

mitigating conflict by spatial separation (Vos et al. 2013). Previous research looking at 

how the microaggregates might impact microbial interactions found that microbes likely 

only interact with a small subset of the of the cells and species in the soil (Raynaud and 

Nunan 2014). Using thin section microscopy, they estimated bacterial density in soil to 

be between 107 and 1010 cells per gram of soil with an average inter-cell distance of 12.5 

µm. Using a Log Gaussian Cox distribution model, they estimated cells typically have 1-
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120 species within 20 µm distance at a density of 109 and never more under 1000 at a 

density of 1010.  Due to the spatial constraints imposed by the soil aggregate structure, 

these microaggregates can act as concurrent evolutionary incubators (Rillig, Muller, and 

Lehmann 2017). The impact this type of evolution might have on microbial community 

structure is still unknown. 

2.1.4 Factors contributing to microbial composition 

 The microbial structure within soil is still unknown, but several factors have been 

shown to correlate with observed community composition. Variation due to physical 

characteristics such as temperature and elevation and chemical variation such as water 

content, pH, mineral content, salinity, etc. can all contribute to the observed microbial 

composition (Fierer 2017). Looking at nitrogen fixing bacteria, data analysis from over 

300 samples showed pH was the best predictor of community composition (Sepp et al. 

2023). Vegetation, potential evapotranspiration (PET), and pH are some of the best 

predictors of fungal diversity (Tedersoo et al. 2014). Soil characteristics change with 

depth and proximity to vegetation. Soil in close proximity to plants, called the 

rhizosphere, differs both in chemical composition and microbial composition from more 

distance bulk soil. Microbial composition in the rhizosphere soil has been shown to 

correlate with vegetative cover species, but vegetative cover did not correlate with the 

microbial composition of bulk soil (Kowalchuk et al. 2002). Hao et al. (2021) showed 
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bacterial abundance and diversity decreased with soil depth and that soil depth 

explained the largest amount of variance in community composition (Hao et al. 2021). 

2.1.5 Soil Metabolite Pools 

Soil metabolite pools can be broadly categorized as soil input metabolites, soil 

transition metabolites and soil output metabolites. Soil input metabolites are comprised 

of any metabolites deposited into the soil system from outside of the soil system. Soil 

transition metabolites are comprised of all the metabolites along every pathway 

involved in transforming input metabolites to output metabolites. Output metabolites 

are all metabolites which leave the soil system such as the release of carbon dioxide, 

volatile organic compounds (Honeker et al. 2021), nitrous oxide, ammonia, and 

metabolites taken by the plant root system.   

The primary sources of soil input metabolites are dead plant matter often 

referred to as plant litter and metabolites secreted from plant root systems call root 

exudates (Paul 2016). The specific impact each of these has on the underlying 

community is not fully understood, but in general the root exudates are thought to be a 

more specific form of interaction with the soil microbial community while degradation 

of plant litter is a more generic process with less specific effects on underlying microbial 

composition. Metabolite profiling of soil with and without maize roots, found flavonoids 

and benzoxazinoids to be the most differentially abundant (Pétriacq et al. 2017). Another 

study examining the effect of root exudates benzoxazolinone, gramine and quercetin on 
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the microbial population found that phylogenetically related species had similar 

responses to many of the experimental conditions (Schütz et al. 2021). A study of 

dissolved organic carbon composition in the soil have shown it is highly dependent on 

dominant vegetative species and doesn’t exhibit significant seasonal variability 

(Wickland, Neff, and Aiken 2007). Not only can plants effect the soil microbiome 

through secretion of specific metabolites they can control chemical transformation 

kinetics by changing soil pH (Hinsinger et al. 2009). In addition to plant sources, 

metabolites are also deposited into the soil system through dry or wet atmospheric 

deposition. Wet atmospheric deposition deposits water, dissolved gases such as nitrogen 

and oxygen, and an assortment of dissolved organic compounds into the soil system (H. 

Yu et al. 2023; Altieri et al. 2012; Jickells et al. 2013). Dry atmospheric deposition of 

oxygen and nitrogen by aerobic microbes or nitrogen fixation bacteria are major 

contributors of metabolic flux into the soil system (Kawaka 2022; Mahmud et al. 2020).  

Once metabolites are deposited into the soil system, they diffuse through the soil 

system and until they are metabolized by microbes to form biomass, soil organic matter 

(SOM), or output metabolites. Transport in soil is generally modeled as a diffusion 

process across vertical liquid and gas concentration gradient (McKone, n.d.). Root 

exudates can also have a large impact on solute transport throughout the mechanisms 

such as reducing flow rate and altering adsorption properties (Paporisch et al. 2021). 
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Metabolites are then metabolized by extracellular or cell surface enzyme or taken up by 

the cell via membrane diffusion or protein channels and metabolized.  

The rates of decomposition can vary, and the ultimate fate of the matter may 

vary depending on its recalcitrance. A recently proposed model for decomposition 

named the Microbial Efficiency-Matrix Stabilization (MEMS) suggests labile plant litter 

products such as sugars, amino-acids, proteins, organic acids, DNA, and RNA are 

quickly metabolized by microbes and more recalcitrant plant litter chemicals such as 

lignin and celluloses are slowly converted to SOM (Cotrufo et al. 2013).  

Intracellular metabolites can affect metabolic flux rates. A recent study 

examining the concentration of internal metabolites in Escherichia coli during exponential 

growth on different carbon sources found metabolite pools were dominated by a small 

number of metabolites and for most metabolites, the concentrations are above the KM 

values of metabolizing enzymes (Bennett et al. 2009). An analysis of enzyme kinetics 

found that most enzymes are magnitudes slower than diffusion and that the highest kcat 

values were for enzymes involved in central and energy metabolism and the slowest 

were for secondary metabolites (Bar-Even et al. 2011).  

As metabolites are transformed along metabolic pathways they may be secreted 

by the cell. This secretion happens by the same mechanisms as metabolite uptake – 

diffusion and protein mediated transport.  The study of extracellular soil metabolites is 

still in its early stages. Proteins and amino acids are the most common nitrogen 
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compounds (52-88%) in the soil followed by quaternary ammonium compounds (1-28%) 

(Warren 2013). Nitrate and ammonium are the most abundant inorganic nitrogen 

compounds. Some of the nonpeptide organic nitrogen compounds were glutamine, 

proline, betaine, ornithine, hercynine, GABA, betaine, ergothioneine, and carnitine. 

Maltose, mannitol, lactobionic acid, threitol, trehalose, sucrose are some of the highest 

intensity ms peaks in soils (Swenson et al. 2015). The extracellular metabolite pool 

mediates interaction. Several recent studies have shown that extracellular metabolites 

can be predictive of microbial composition (Zhao et al. 2022; RoyChowdhury et al. 2022).  

2.1.6 Microbial Interactions 

 Microbial communities are interacting systems. Cross-feeding interactions – 

interactions mediated by exchange of metabolites -- are often categorized as facilitation, 

syntrophy, or reciprocity (Douglas 2020). Facilitation is characterized by transfer of 

metabolites that have no detectable cost to the producer and only benefit the recipient. 

Syntrophy (often referred to as division of labor) is characterized by transfer of 

metabolic waste products from the producer to a consumer which can be used at 

substrates for biomass production by the consuming organisms. If the concentration of 

the waste product builds up in the environment, they have an inhibitor effect on the 

producer. Mixed acid fermentation is an example of syntrophy. Finally, reciprocity is 

characterized by a reciprocal exchange of metabolites between interacting organisms. 

Reciprocal metabolite exchange can arise spontaneously. There have been many 
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hypotheses attempting to explain why cross-feeding occurs. Cross-feeding has been 

shown to increase metabolic flux rates and allow for species to evolve more efficient and 

specialized roles. The "Black Queen" hypothesis is a theory that explains gene loss as 

evolutionary events which happen in response to inter-species dependent cross-feeding 

caused by inherently leaky metabolites (Morris, Lenski, and Zinser 2012). Growing 

faster can protect an organism from competition. Experiments examining competitive 

exclusion showed that if the metabolite mediating interdependent cross-feeding is 

growth limiting, freeing the species from their interdependence by nutrient addition 

results in loss of the slower growing species (Hammarlund, Chacón, and Harcombe 

2019). Cross-feeding may also make the community more stable. Simulations of 

microbial communities show communities with entangled metabolite exchange are more 

resilient to environmental changes or species drop-out (Yamagishi, Saito, and Kaneko 

2021). A recently proposed theory for the emergence of cross-feeding termed noise-

averaging cross-feeding (NAC), suggests regulation of genes and metabolic fluxes is 

inherently noisy, and leakage is a way for cells to average out the noise which benefits 

the "collective" growth rate of the community (Lopez and Wingreen 2022). Another 

potential reason for cross-feeding suggested in a study examining chitin showed 

primary chitin degraders produce degradation products that are consumed by 

secondary consumers and the benefit of secondary degraders may be to "relieve 

stoichiometric pressure" on the degradation enzymes (McClure et al. 2022). One novel 
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approach to predicting modes of interactions used genome-scale metabolic models to 

examine metabolic overlap between co-occurring microbes and predict possible 

exchange metabolites (Zelezniak et al. 2015). 

2.1.7 Community Assembly 

 Community assembly can generally be thought of as a result of four processes: 

selection, drift, speciation, and dispersal (Vellend 2010). Selection - the deterministic 

fitness differences which result in changes in abundance. Drift - stochastic changes in 

abundance over time. Speciation – generation of genetic divergence. Dispersal – spatial 

transport of organisms. This model incorporates concepts from niche-based theory 

which focuses on forces affecting fitness such as selection and speciation and neutral 

theory which focuses on stochastic processes such as drift and dispersal (Nemergut et al. 

2013). Despite the apparent complexity of microbial communities suggested by the scale 

of species diversity, a previous study was able to predict multi-species community 

behavior based on only pairwise interactions suggesting the rules that govern 

community assembly may be fairly simple (Friedman, Higgins, and Gore 2017). Further 

evidence indicating community assembly may be a simple process was provided by a 

study examining hundreds of soil microbiomes monitored in defined nutrient media 

(Goldford et al. 2018). The results of this study showed that despite a large about of 

variance on the species level, there was convergence at the family level which was 

highly predictable based on nutrient availability. Furthering the idea of simple structure 
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underlying community assembly, a recent review suggested trophic interactions could 

be the central drivers of microbial community assembly (Gralka et al. 2020). 

2.2 Tools and Techniques for Studying Microbial Communities  

 The section will provide a limited overview of tools and techniques used in 

analysis of microbiome data. The primary focus will be on efficacy and limitations. 

2.2.1 rRNA Sequencing 

Since the development of high-throughput sequencing technologies, rRNA 

amplicon sequencing has become the most common method to measure microbial 

composition. rRNA has become the favorite target of researchers because it is highly 

conserved across large phylogenetic distances which enables researchers to amplify 

these genes from diverse groups of organisms with a single set of PCR primers. In 

addition to these highly conserved regions, rRNA genes have highly variable sequence 

regions that allow for finer phylogenetic resolution of the community. In bacteria and 

archaea, the most common target is the 16S rRNA gene. The 16S gene has 9 

hypervariable regions which can be targeted for amplification – with each region 

offering different levels of phylogenetic resolution and breadth (Johnson et al. 2019). The 

most common targets for fungal rRNA amplicon sequencing are the internal transcribed 

spacer rRNA regions (ITS1 or ITS2) or the hypervariable regions D1 and D2 of the large-

subunit rRNA. The ITS regions offer high resolution on the level of species or strain, but 

it is often more difficult to infer higher levels of phylogenetic relatedness. The D1 and 
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D2 LSU region offers less resolution than ITS, but they are more easily aligned and 

assembled into phylogenetic trees (Porras-Alfaro et al. 2014). 

2.2.2 Taxonomic Assignment 

Taxonomic assignment of rRNA amplicons is commonly performed using 

classifier algorithms. The Ribosomal Database Project (RDP) classifier was a major 

advancement in taxonomic classification and remains one of the most commonly used 

classifiers (Wang et al. 2007). The algorithm uses a reference sequence database as a 

training set to predict taxonomic assignments for the sample sequences. The predictive 

accuracy of classifiers algorithms is dependent on the quality of the database and which 

classifier algorithm is used (Almeida et al. 2018; Murali, Bhargava, and Wright 2018; 

Werner et al. 2012). Many microbes have never been sequenced or characterized in any 

way, and consequently the absence of these sequences in databases often limits the 

resolution of taxonomic assignment or leads to misassignment (R. Edgar 2016). Since the 

publication of the RDP classifier there have been a variety of algorithms published 

which attempt to improve predictive accuracy of machine learning based taxonomic 

assignment. The developers of SINTAX used a k-mer based approach which doesn’t 

require a learning phase to improve classification times and accuracy (R. Edgar 2016).  

The DECIPHER package also uses a k-mer based approach but uses another algorithm 

to identify and remove misclassified sequences from the reference database (Murali, 

Bhargava, and Wright 2018). Some commonly used databases for taxonomic assignment 
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are GTDB, RDP, SILVA, Warcup, and UNITE (Cole et al. 2014; Deshpande et al. 2016; 

Kõljalg Urmas et al. 2005; Parks et al. 2022).  

2.2.3 Phylogenetic Relatedness 

Phylogenetic trees infer relatedness and evolutionary distance based on sequence 

similarity. While this eliminates the problem of unassigned taxonomy, it introduces 

challenges both with model selection and computational feasibility. Most programs for 

building phylogenetic trees require aligned sample sequences and a substitution model. 

Multiple sequence alignment is a challenging problem and efforts to improve both 

accuracy and computational feasibility continue. ClustalW calculates a pairwise distance 

matrix for all pairwise combinations, then builds a neighbor jointing tree to guide 

progressive alignment from the tips to the roots (Thompson, Higgins, and Gibson 1994). 

To improve computational times and alignment accuracy, Robert C Edgar developed 

MUSCLE which implemented multiple algorithmic improvements to achieve up to 100x 

speeds (R. C. Edgar 2004). More recent improvements have incorporated predictions of 

secondary structure (which are more highly conserved than primary sequence) to 

reduce over-alignment (Siavash Mirarab et al. 2015; Wright 2015; 2020).  Currently, no 

DNA substitution model perfectly reflects our knowledge and current view of 

evolutionary processes. Summer et al. showed there is no practical mathematical model 

which has the mathematical property of closure and reflects our knowledge and current 

view of evolutionary processes (Shore, Sumner, and Holland 2020; J. G. Sumner, 
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Fernández-Sánchez, and Jarvis 2012; Jeremy G. Sumner et al. 2012). Substitution models 

can broadly be categorized based on whether they treat base frequencies as equal and 

base substitution rates as equal across time. The Jukes-Cantor model was one of the first 

substitution models and is still one of the most widely used today (Jukes and Cantor 

1969). The Jukes-Cantor model simplifies the evolutionary process by using equal rates 

and base frequencies. Currently, the most commonly used substitution model is the 

general time-reversible (GTR) model which allows for unequal rates and base 

frequencies (Tavare 1986). However, it was recently shown that the GTR model lacks 

mathematical closure and as a consequence is not able to accurately model a 

heterogeneous processes (J. G. Sumner, Fernández-Sánchez, and Jarvis 2012). This is an 

area of ongoing research.  

2.2.4 rRNA Analysis 

One of the most difficult aspects of high-throughput sequencing is the 

compositional nature of the data. Compositional data are data for which the 

measurements are relative to one another, and consequently, the magnitude of the 

sample vector does not carry information about the magnitude of the population. 

Compositional data are non-Euclidean and cannot be analyzed using standard 

Euclidean statistical methods (Gloor et al. 2017). Fortunately, several methods have been 

developed to analyze compositional data. Two commonly used transforms developed 

by John Aitchison are the centered log-ratio transform (clr) and the additive log-ratio 
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transform (alr) (Aitchison et al. 2000). The clr transforms the compositional data to 

Euclidean space where the data can be analyzed using standard distance metrics. 

However, the covariance matrix of clr transformed data is singular which limits its use 

for other analyses such as multivariate linear regression. The covariance matrix alr data 

is not singular; however, the distances are lost. The complimentary nature of the clr and 

alr transform requires the use of both depending on the type of analysis needed. Finally, 

the isometric log-ratio transform (ilr) was developed which both preserves distances and 

does not result in a singular covariance matrix (Egozcue et al. 2003). The ilr transform 

does this by using “balances” which are log-ratios of each node of a tree structure. 

However, it is difficult to interpret biological meaning from this transform. The 

developers of PhILR cleverly used a phylogenetic tree as the tree structure for the node 

contrast which allowed for meaningful biological insight (Silverman et al. 2017). 

Extending this concept Washburne et al. developed phylofactor which uses edges of a 

phylogenetic tree to create the contrasts (Washburne et al. 2017). This allows for 

identification of clades or subtrees which respond to some external covariant. Another 

challenge in analyzing compositional data, is an intrinsic bias to negative correlation. 

Unfortunately, none of these transforms remove this bias. Recently, researchers have 

developed statistical methods to account for the negative correlation bias (Friedman and 

Alm 2012). 
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2.2.5 Inferring function 

rRNA amplicon data provides an estimation of community composition (i.e., 

"who is there?"), but it does not directly provide information on function (i.e., "what are 

they doing?"). Some tools have been developed with the aim of inferring functions from 

rRNA amplicon data. PICRUSt attempts to do this by predicting gene content based on 

genome sequences of closely related organisms (Langille et al. 2013). One downside is 

the need for a closely related genome sequence, as confidence of the inferred gene 

content is lost with increasing phylogenetic distance. Metagenomics -- the sequencing of 

community genomes -- provides a true measure of gene content, thus a true measure of 

functional capacity. However, gene content does not equal gene expression and 

presence of a genome in a metagenomic sample does not equal active organism in the 

sample. Metatranscriptomics -- the sequencing of community mRNA transcripts -- has 

some advantages over metagenomics as it does provide information on the active 

community within the sample and which functional genes each community member is 

expressing. The procedure for generating metatranscriptomic data is as follows: total 

RNA extraction, rRNA depletion, RT-PCR to synthesis cDNA, library preparation, and 

DNA sequencing. The most common form of sequencing is 100-250 bp paired-end 

sequencing where each DNA strand is sequenced from both ends. If multiple samples 

are sequenced at once, the sequences can then be demultiplexed using the index 

sequences. Because of the variable sizes of mRNA transcripts, the sequencing reads may 
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contain adapter or barcode sequence which can cause downstream problems in the 

analysis. These artifactual sequences can be identified and removed using programs 

such as Trimmomatic or Cutadapt (Bolger, Lohse, and Usadel 2014; Martin 2011). 

Metatranscriptomic analysis is still in the early stages of development, and 

consequently no standard analysis pipeline or tools have been optimized for 

metatranscriptomic data. Currently, one of the most challenging steps in 

metatranscriptomic analysis is assigning reads or contigs to individual organisms. With 

metagenomic analysis this challenge is commonly addressed with "binning" tools which 

try to separate contigs based measures of nucleotide frequency and abundance (Yang et 

al. 2021). Unfortunately, these measures have not been adapted to metatranscriptomic 

analysis and key differences between data characteristics may prevent the adaptation. 

Specifically, nucleotide frequencies are unstable for sequences under 2 kilobases (Kang 

et al. 2015), and because metatranscriptomic contigs are transcripts rather than genome 

fragments, the majority of them will be in the unstable nucleotide frequency space. In 

addition, abundances in metagenomic data are a mixture of uniform distributions which 

scale with relative abundance of each genome. In contrast transcriptomic abundance 

data follow a negative binomial distribution (Love, Huber, and Anders 2014), so 

metatranscriptomic data will be a mixture of negative binomials. Currently, the only 

methods for assigning metatranscriptomic data to the composing organisms is by 
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mapping sequences to reference sequences. This can be done on trimmed reads or on de 

novo assembled contigs. 

De novo contig assembly is a critical step in generating full length mRNA 

sequences and is especially important when a genome sequence is unavailable. 

Currently, de novo assemblers have not been optimized for metatranscriptomic data 

however, assemblers designed for transcriptomic data have been shown to perform 

fairly well particularly the Trans-ABySS (Lau et al. 2018). Trans-ABySS is an extension of 

the ABySS assembler (Robertson et al. 2010). The ABySS 2 assembler uses a Bloom filter-

based procedure for de Bruijn graph assembly which offers significant computational 

benefits which allow for processing of metagenomic and metatranscriptomic datasets 

with many species. 

To perform taxonomic assignment of trimmed read or de novo assembled contigs 

two commonly used programs are Kraken 2 and Kaiju (D. E. Wood, Lu, and Langmead 

2019; Menzel, Ng, and Krogh 2016a). Kraken converts a reference database into a k-mer 

database and matches the sample sequences against the k-mer database, assigning the 

sequences to species with the most reads mapped. Kaiju performs a similar task except it 

translates the DNA sequences to amino-acid sequences to perform the search.  

Another approach is to map sequences to genomes known to be in the sample. 

This can be done using alignment programs such as ‘Spliced Transcipts Alignment to a 

Reference’ (STAR) (Dobin et al. 2013). STAR is particularly useful when analyzing 
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eukaryotic mRNA because eukaryotic transcripts are often formed from non-contiguous 

exon sequence. Alternative splicing may be linked to phenotypic characteristics of 

interest such as host microbe interactions (Zorin et al. 2020). Typically, aligners such as 

STAR and Burrows-Wheeler Aligner (BWA) (H. Li and Durbin 2009) are used to map 

reads to reference genomes. Since metatranscriptomic data may have contain reads from 

many different species this can create problems a read may map to multiple different 

genomes. One way of addressing this is by mapping reads to all the reference genomes 

merged into one database. The indexing algorithm of BWA is particularly amenable to 

this procedure.   

2.2.6 Metabolic Modeling 

Genome scale metabolic models are one of the most useful tools for 

understanding and engineering microbial metabolism (Orth, Thiele, and Palsson 2010). 

These metabolic models are mathematical representation of the full, known cellular 

metabolic network plus generic reactions called "gap-filling reactions" which add the 

connectivity necessary to eliminate dead-end metabolites from the network. The most 

common tool for analyzing metabolic models is COBRA which has been implemented in 

both Python and MATLAB (Ebrahim et al. 2013; Heirendt et al. 2019). COBRA uses 

constraint-based optimization to find the best solution to a model objective function 

with any constraints imposed on the network. The most common objective function is to 

maximize growth rate as it has been shown to provide predictions consistent with 
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experimental data (Edwards, Ibarra, and Palsson 2001). Common constraints imposed 

on the models are limits on metabolite exchange rates based on experimentally 

measured (or physiologically realistic) rates or limits on reaction directionality based on 

thermodynamic measurements (Henry, Broadbelt, and Hatzimanikatis 2007; Orth, 

Thiele, and Palsson 2010). In recent years, the increasing interest in multi-organism 

community metabolism has resulted in a surge of multi-organism metabolic modelling 

tools (Chan, Simons, and Maranas 2017; Diener, Gibbons, and Resendis-Antonio 2020; 

Dukovski et al. 2021; Shoaie et al. 2015; Zomorrodi and Maranas 2012). OptCom uses a 

non-linear multi-level objective function to balance trade-offs between individual 

growth rates and community growth rates (Zomorrodi and Maranas 2012). CASINO 

takes an iterative approach to solving the non-linear multi-level objective function which 

allows for a larger number of individual models to be simulated (Shoaie et al. 2015). The 

developers of SteadyCom recognized that none of the previous procedures imposed 

constraints on specific growth rates which would ensure community composition steady 

state. SteadyCom addresses this by performing joint flux balance analysis of each 

community member with the constraint of all specific growth rates must be equal (Chan, 

Simons, and Maranas 2017). COMETS allows for spatial constraints to be imposed on the 

community model. It does this by assigning subsets of individual networks to "cubic 

boxes" which can be connected to other "cubic boxes" based on laws of diffusion 

(Dukovski et al. 2021). 
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3.  Metatranscriptomics to deconstruct microbial 
community structure and identify potential modes of 
interaction in microbial communities 

3.1 Introduction 

Identifying the tenets of microbiome community structure is critical to advancing 

our understanding of plant-microbe and microbe-microbe interactions. In particular, 

determining the allocation of metabolic function within interacting communities is vital 

to these efforts. In this work, we aim to demonstrate the ability of metatranscriptomic 

analysis to aid in deconstructing community composition into the functional 

contributions of composing community members. To this end, we analyze loblolly pine 

(Pinus taeda) mycorrhizae metatranscriptomic data. Mycorrhizal communities have been 

shown to greatly benefit the health of the host plant, and in some cases to be critical for 

host survival (Amaranthus 1998). The prevailing hypothesis with respect to mycorrhizal 

community substrate exchange is the host plant provides carbon to the mycorrhizal 

symbionts, and the mycorrhizae provide non-organic nutrients mostly in the form of 

phosphorous and nitrogen. In vitro analyses of mycorrhizae have identified a large 

number of metabolic and transcriptional changes induced in the host and colonizing 

fungus; however, to our knowledge no reports have identified how the community 

functions as a system or the individual contributions of colonizing fungi to the 

interacting ecosystem. Mycorrhizal fungi are generally categorized as either endo- or 

ecto-mycorrhizal. One of the most extensively studied groups of endomycorrhizal fungi 
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are arbuscular fungi (AM). A distinguishing characteristic of AM is their hyphae 

penetrate into the cortical cells of the host and form intercellular pockets called 

arbuscules which can mediate nutrient transfer (Bonfante and Genre 2010). In contrast, 

ectomyorrhizal fungi (EM) form a sheath structure called a Hartig net where the fungal 

hyphae wrap around the host root system and integrate between host epidermal and 

cortical cells. The sheath structure effectively ensures the EM have exclusive access to 

root exudates and a large interface to mediate host interactions (Nehls et al. 2010). Some 

of the differences in metabolic capabilities between these two groups are partially due to 

differences in their ancestral lineages. AM are thought to have evolved from a single 

ancestral lineage; while, phylogenetic analysis of EM suggest they evolved from 

saprotrophic fungi with approximately 80 independent evolutionary splits from 

multiple different lineages (Becquer et al. 2019). While, many EM have maintained some 

abilities of their saprotrophic ancestors to hydrolyze complex carbon and nitrogen 

sources, they possess a limited number of carbon and nitrogen acquisition capabilities, 

and in some cases, less than 2% of their carbon is obtained from plant litter (Treseder, 

Torn, and Masiello 2006). This further highlights the reliance of EM on carbon supplied 

by their plant host via root exudates. Estimates of 4 to 20% of carbon derived from 

photosynthesis is trafficked to mycorrhizal root systems (Valentine et al. 2013; Salmeron-

Santiago et al. 2021). Sucrose is the most abundant carbohydrate transported from 

photosynthetic cells to the plant root system. The sucrose is then transported by SWEET 
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or sucrose transporters into the periarbuscular space (Salmeron-Santiago et al. 2021) 

where it is hydrolyzed by invertases to glucose and fructose (Ruan et al. 2010). The 

glucose and fructose are then available for uptake by colonizing fungi. In addition to the 

importance of sucrose as a fungal carbon source, oligosaccharides may play a role in 

mycorrhizal interactions. For example, fungal transporters for oligosaccharides such as 

raffinose have been previously identified (Fang and St Leger 2010). In addition to 

carbohydrates, fatty acids can also serve as a carbon source for mycorrhizae. A previous 

study determined the AM Rhizophagus irregularis is a fatty acid auxotroph and it 

required host derived lipids for colonization (Y. Jiang et al. 2017). Increased host 

synthesis of 2-monoaclyglycerols are transported from the root system to sustain AM 

development (Bravo et al. 2017).  

In exchange for the easily digestible carbon provided by root exudates, fungi 

supply the host plant with inorganic nutrients and protective abilities against different 

types of stress. Ammonia is the preferred form of nitrogen for plants. Stable isotope 

experiments of inorganic nitrogen showed AM produce large amounts of arginine. 

Arginine is likely then degraded to urea and ornithine and finally ammonia which can 

be imported by the host plant (Govindarajulu et al. 2005; Jin et al. 2005).  EM have the 

ability to use protein as the sole nitrogen source by secreting many exo- and endo-

peptidases necessary for protein degradation and nitrogen assimilation (Shah et al. 

2013). The nitrogen can then be exported as ammonia to the host plant. In addition to 



 

 

30 

ammonia, polyamines are a class of nitrogen compound thought to have a role in 

mycorrhizal interactions. Previous work showed higher activity of plant enzymes 

involved in polyamine synthesis and degradation when inoculated with AMs under 

moisture deficient conditions (Zou et al. 2021).  

Phosphorous is another nutrient shown to be important in plant-mycorrhizal 

interactions. The majority of inorganic soil phosphorus is in the form of metal oxides 

which are inaccessible to plants (Andrino et al. 2019).  Most of the organic phosphorous 

is in the form of myoinositol hexaphosphate (Ognalaga, Frossard, and Thomas 1994). 

AM have the ability to secrete a wide range of phosphatases that can degrade 

myoinositol hexaphosphate which can then supplied to the host plant (Tarafdar and 

Marschner 1994). A previous study looking at phosphate transfer from AM to host 

showed induction of a host phosphate transporter in root sections containing AM 

colonization (Rausch et al. 2001). EM secrete several enzymes involved in phosphorous 

cycling and phosphate acquisition in addition to a variety of organic acids such as 

malate, citrate, and oxalate which help with uptake of P from insoluble sources (Liu, Li, 

and Kou 2020).   

In addition to providing nutrients, mycorrhizae benefit plant health by 

producing chemicals beneficial to plant development and resistance to environmental 

stressors. Phytohormones are a class of signaling chemicals which regulate plant growth 

development. Mass spectrometry analysis of Rhizophagus irregularis showed they 
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produce several phytohormones including isopentenyl adenosine, indole-acetic acid, 

and ethylene (Pons et al. 2020). EM produce the auxin indole-3-acetic acid which 

promotes Hartig net formation and morphological changes in the host root such as root 

elongation (Krause et al. 2015; Kumla et al. 2020). Melanization of the fungal cell wall 

seen in some EM such as Cenococcum geophilum has been shown to help with stress 

caused by drought conditions (Pigott 1982).  AM also have mechanisms to alleviate host 

stress induced by drought conditions via water transport to host plant. Results from 

experiments using isotopically labelled water showed approximately 35% of water 

transpired by plants was derived from colonizing AM fungi (Kakouridis et al. 2022).  

3.2 Materials and Methods 

3.2.1 Sampling  

Soil samples were collected as previously described (Liao et al. 2014) . In brief, at 

least one soil horizon was taken from one or more sites in 4 states across the loblolly 

pine range in the Southeastern United States using soil cores (10 cm diameter; 15 cm 

height).  In total, 29 quality samples were obtained. Field samples were stored in liquid 

nitrogen or on dry ice at the time of sampling and moved to -80°C prior to RNA 

extraction. 

3.2.2 RNA extraction and cDNA library preparation 

Total RNA was extracted as previously described (Liao et al. 2014). In brief, total 

RNA was extracted using a modified CTAB chloroform extraction procedure with LiCl 
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precipitation (Chang, Puryear, and Cairney 1993). Frozen root samples were ground 

using a GenoGrinder 2000. Lysis solution was added to ground grounds (1 ml 

DEPC/CTAB solution (2% CTAB and PVP; 100 mM Tris-HCl, pH 8.8; 25 mM EDTA, pH 

8.0; 2 M NaCl; 2% fresh beta-mercaptoethanol and 1% DEPC, v/v) , vortexed and 

incubated for 10 min at 65°C. RNA was extracted using chloroform: isoamyl alcohol 

(24:1)  2-phase extraction. RNA was precipitated from upper phase with 2:1 volume 8 M 

LiCl at 4°C for 16 hr. The RNA was washed several times with 70% EtOH and eluted in 

DNase/RNase-free water. 

For cDNA library construction, 0.5 μg of RNA was amplified using the TruSeq 

RNA Sample Prep v2 (Illumina, San Diego, CA, USA) and poly-T primers to enrich 

poly-A containing mRNA. The cDNA samples were sequenced using a HiSeq 2000 

(Illumina) in Institute for Genome Sciences and Policy at Duke University.  

3.2.3 Computational Environment and Bioinformatic Pipeline Development 

 A container was built using Apptainer version 1.0.3-2.fc36. A Fedora 35 

operating system from the Docker Registry was installed as the container OS. All 

software necessary to run the analysis were installed in the container (EGG-nog mapper, 

Blast+, Trimmomatic, STAR aligner, BWA aligner, ABySS, Transabyss, Kaiju, and 

RStudio Server). All dependencies were installed using the DNF package manager or 

built from source. The pipeline was developed in an RStudio notebook. All R packages 

necessary for the analysis were included in the container build.  
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3.2.4 Read Trimming, Contig Assembly, and Count Table Generation  

Raw sequencing reads were trimmed and quality filtered using Trimmomatic 

(Bolger, Lohse, and Usadel 2014) with a phred cutoff of 30 on the ends and a minimum 

length of 50bp.  The trimmed reads were de novo assembled into contigs using 

Transabyss (Robertson et al. 2010). The contigs were generated using three different k-

mer sizes – 94bp, 64bp, and 34bp. Next, the contigs generated using these three different 

k-mer sizes were then merged into a single assembly file.  A count table was then 

generated by mapping trimmed reads back to the merged contig file using BWA (H. Li 

and Durbin 2009).  

3.2.5 Functional Annotation and Taxonomic assignment 

Functional annotation of contigs was performed using eggNOG-mapper in 

MMseqs2 mode (Cantalapiedra et al. 2021). From the EggNOG annotations, we 

extracted high level taxonomic assignment and identifiers for KEGG orthology (K 

number (Kanehisa et al. 2016), gene ontology (GO) (“The Gene Ontology (GO) Database 

and Informatics Resource” 2004), cluster of orthologous gene (KOGs) (Tatusov et al. 

2003), carbohydrate-active enzyme (CAZy) (Cantarel et al. 2009), and enzyme 

commission number (EC number) (Barrett 1997). To determine which fungal genomes to 

map contigs to, we performed taxonomic assignment of each contig using Kaiju with the 

nr database (Menzel, Ng, and Krogh 2016b). To ensure we included every available, 

relevant genome for mapping, we downloaded coding sequence files (CDS) files from 
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Mycocosm (Grigoriev et al. 2014) for the 50 most abundant genera as estimated from the 

Kaiju output. To ensure the reference CDS sequences would not exceed limitations of 

aligner, we limited the number of genomes for each genus to 10 genomes. These CDS 

files were then concatenated with the Pinus taeda CDS file from Treegenes (Wegrzyn et 

al. 2008). The combined CDS file was then indexed and contigs were mapped to this 

combined CDS file with BWA. Genus level taxonomic assignment for each contig was 

taken from these mapping results. 

3.2.6 Taxonomic Diversity from rRNA Analysis 

Because rRNA sequences can be highly conserved over many taxonomic levels 

which has the potential to cause problems with chimera formation during the de novo 

assembly process, we only used the contigs assembled using 94 bp k-mer size. This 

procedure constrains the assembly process to extend the contigs by at most 4 base pairs 

at a time and requires 94 bp overlap between reads. rRNA contigs were extracted from 

the full contig set by aligning to the Silva fungal LSU DB (Quast et al. 2013) using BWA. 

We used three methods for taxonomic assignment of these rRNA contigs. First, we 

performed taxonomic assignment using IDTAXA algorithm (Murali, Bhargava, and 

Wright 2018) from the R DECIPHER package with the RDP Fungal LSU training set 

(Wang et al. 2007). Second, we used the Silva LSU DB to build an updated training set 

using the LearnTaxa algorithm form DECIPHER. We then performed taxonomic 

assignment as above except with the updated training set. Third, we ran a local blast 
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search using BlastN in Blast+ (Camacho et al. 2009) with the full NCBI nt database at 

95% sequence similarity used the results to assign taxonomy. We used the results from 

these three methods of taxonomic assignment to extract all fungal rRNA contigs. Finally, 

to estimate fungal relative abundances, we generated a count table by mapping the 

trimmed raw reads back to these contigs using BWA. To assess the diversity within each 

genus for each sample, we aligned the rRNA sequences to a subset of the SILVA LSU 

reference database using the AlignSeqs algorithm from DECIPHER (Wright 2015). The 

subset reference database included rRNA sequences for species that matched the BlastN 

results and an additional three rRNA sequences which matched the BlastN genus level 

assignment. We then computed distances between each contig and the reference DB, 

removed contigs with a minimal distance greater than 0.1, and generated phylogenetic 

trees using the Phangorn R package (Schliep 2011). Phylogenetic trees were analyzed 

and visualized using the ggtree package (G. Yu et al. 2017).  

3.2.7 Analysis of expression profiles 

Count tables were generated by summing counts based on genus level 

taxonomic assignment and functional identifier. Three different types of count tables 

were generated for analysis, each having sample ID and taxonomic assignment as rows 

and either EC number, KOGs, or K number as column. Contigs which did not map to 

the CDS file but were annotated as fungal were aggregated and analyzed as unmapped 

fungal transcripts. Venn diagrams of presence absence were created using VennDiagram 
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package (Chen and Boutros 2011). To account for the compositional nature of RNA-Seq 

data, count matrices were transformed using a centered-log-transform (CLR) (Gloor et 

al. 2017).  To examine the overall data structure, we performed a principal component 

analysis on CLR transformed count tables. To perform differential abundance analysis 

between pine and fungal KEGG orthologs, we performed a t-test using ALDEx2 

(Fernandes et al. 2013). To investigate spatial differences in the pine transcriptome, we 

performed one-way ANOVA using the ALDEx2 R package using the state (NC, MS, FL, 

TX) as the discriminating factor. Significantly differentially expressed genes were then 

grouped by KOG category, and hierarchically clustered using the ComplexHeatMaps R 

package (Gu, Eils, and Schlesner 2016). To map all transcriptional data onto a single 

metabolic network, we downloaded all metabolic reactions in the Metacyc database 

(Caspi et al. 2020), and extracted all reactions identified in the metatranscriptomic data 

by EC number to build the metabolic network. In addition, reaction reversibility was 

extracted from Metacyc and included in the network so reaction directionality could be 

tracked. This reaction database was used to visualize the network in Cytoscape 

(Shannon et al. 2003). The log contig count for each EC number were then plotted on 

each reaction node within the network. 
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3.3 Results 

3.3.1 De novo contig assembly 

K-mer length has a large influence on contig assembly. Long k-mers allow for 

assembly of sequences with a relatively large number of repeats. While the shorter base 

pair k-mer sizes (34 bp) allow for better extension of non-repetitive sequences with low 

sequencing coverage. The average median length of contigs assembled with a k-mer size 

of 94 bp was slightly longer than 34 bp, 270 as compared to 182.5 bp, respectively 

(Figure 1). On average there were 18.9 times as many contigs generated with the 34 bp k-

mer relative to the 94 bp k-mer. The merged contigs benefited from both the length and 

number of contigs of the various k-mer sizes. 

 

Figure 1: Distribution of contig lengths generated from RNA-SEQ paired-end 

reads using Transabyss with different kmer sizes. Kmer size of 34 bp in red, Kmer 

size of 64 bp in green, Kmer size of 94 bp in blue, merged in purple. 
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3.3.2 Taxonomic Diversity 

Slightly more of the reads mapped back to contigs annotated by EggNOG as 

“Streptophyta” compared to “Fungi,” 45.1±12.4% and 32.5±12.2% (Figure 2). The 

remaining fraction was primarily composed of contigs which were likely either fungal or 

pine but were insufficiently annotated by EggNOG as Opisthokonta, Eukaryota, 

Metazoa, or Viridiplantae. Fungal diversity varied between samples with some samples 

being dominated by one genus and others having a more evenness spread across several 

genera (Figure 3). Ectomycorrhizal fungi were found in every sample with Lactarius 

being the most common basidiomycete, followed by Piloderma and Russula. 

 

Figure 2: Relative abundances of contigs grouped by high level taxonomic 

assignment taken from eggNOG mapper annotations. Fungi in blue, Streptophyta in 

green, other (Eukaryota, Opisthokonta, Metazoa, Viridiplantae) in black.  
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Figure 3: Relative abundances of genera as estimated by read counts mapped 

to contigs grouped by the genus of the genome the contig mapped to with BWA 

AM fungus Rhizophagus was found in many samples. Additionally, several ascomycetes 

from both the EM and DSE groups were detected including Tuber, Oidiodendron, and 

Cenococcum. Estimation of fungal relative abundances using rRNA contigs was similar to 

results obtained from whole CDS mapping, but, in general, suggested greater taxonomic 

diversity within each sample (Figure 4). Importantly, because the rRNA mapping 

procedure only requires sequence coverage of the LSU D2 region and the presence of at 

least closely related species in the Silva LSU database, it can capture genera whose 

genomes are yet to be sequenced such as Inocybe, Tomentellopsis, and Amphinema which 

were found in several samples. One major difference was in samples NC_1_A_1, 



 

 

40 

NC_1_B_1, NC_2_B_1, NC_2_B_2, NC_1_A_2, NC_1_B_3, FL_2_A_1, FL_2_B_1, 

MS_2_A_1,  and TX_2B where rRNA analysis showed the presence of Amphinema 

whereas the BWA mapping results showed a large number of contigs mapped to 

Piloderma genus, a closely related genus.  

 

Figure 4: Relative abundance of genera as measured by fractional read counts 

mapped to rRNA contigs. 

 In addition, these samples also had a much larger proportion of unmapped contigs. 

This suggests that in these samples a large portion of Amphinema contigs mapped while 

a smaller but significant portion remained unmapped. Taken together these data suggest 

putative reassignment of these contigs to Amphinema. Multiple sequence alignments of 

the rRNA contigs from each sample against reference sequences showed that the genus 
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level composition varied, with some genera being composed of just one species and 

others composed of more than one (Figure 5). 

 

Figure 5: Phylogenetic tree of rRNA contigs aligned to reference rRNA 

sequencies. 
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3.3.3 Comparison of P. taeda and Fungal Expression Profiles 

On average, 43.5% of the K numbers were found in both fungi and pine, 26.5% were 

only found in the fungi, and 30% were only found in the pine (Figure 6).  Similar results 

were found when looking at KOGs. 

 

 

Figure 6: Venn diagram of the average number K numbers shared or exclusive 

to pine and fungi in each sample. 2916 exclusive to fungi in blue, 2203 exclusive to 

pine in green, 2222 shared between the two in dark green. Lower Venn diagram 

average number KOGs share 
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Principal component analysis of CLR transformed k number count data showed strong 

separation of pine transcriptional profiles from fungal transcriptional profiles (Figure 7). 

The first principal axis accounted for almost 80% of the data variance and captured the 

differences in pine and fungal transcriptional profiles. The second principal axis 

accounted for only 3% of the variance in the data and predominately captured the 

variance in fungal transcriptional profiles. The higher variance of fungal transcriptional 

profiles of K number relative to pine was also seen with Aitchison distances of 

0.506±0.04 and 0.685±0.08. 

 

 

Figure 7: Principal component plot of K number unscaled clr transformed 

count table data. 
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Differential expression between pine and fungal K numbers identified 4,636 

differentially expressed genes with a p value < 0.1 (Figure 8). For 2,286 of these, the 

median distance in CLR values were above or below 25% quantile or 75% quantile. 

These transcripts encoded genes across many pathways including metabolic, signaling, 

regulation, and membrane transport. Here, we focused our analysis on transport 

proteins and metabolic pathways as we hypothesize that they are likely to be the 

primary mode of interaction between community members. Several  

 

 

Figure 8: Bland-Altmann plot of ALDex2 t-test analysis of k number count data 

for pine and fungi. Lines for 75% quantile in blue and 25% quantile in green. Points 

with p value > 0.1 in black, Points with p value <0.1 in red. 
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transporters for sulfate, phosphate, amino acids, sugars, and organic acids were 

differentially expressed. In total, 623 genes encoded proteins within metabolic pathways 

including metabolism of nitrogen, sulfur, amino acids, purine, organic acids, amino 

sugars and nucleotides, glycerophospholids, inositol phosphates, selenocompounds, 

ascorbate, folate, and taurine. Several genes involved in mixed acid fermentation such as 

conversion of pyruvate to ethanol were more highly expressed in P. taeda while those 

coding for the conversion of pyruvate to L-lactate were more highly expressed in fungi. 

3.3.4 P. taeda Expression Profiles 

 Principal component analysis of P. taeda expression profiles showed a scattered 

distribution with no strong clustering (Figure 9A). When examining the distribution of 

gene presence-absence, we noted a bimodal distribution with 7,912 genes expressed in 

all samples and 4,032 genes expressed in just one sample (Figure 9B). Principal 

component analysis of expression profiles of genes present in every sample captured 

spatial correlation. These data indicate that the core metabolic genes found in every 

sample were responding to spatial abiotic gradients. To further examine the expression 

variation in response to sample location, we performed an analysis of variation using 

state as the discriminating factor (Figure 9C). Of the 29,700 P. taeda genes expressed, 330 

were significant (p value <0.05) in discriminating which state the samples were taken 

(Figure 10).  Most of the genes are assigned to KOGs with unknown function, followed 
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by genes related to carbohydrate metabolism and transport, and secondary metabolite 

transport.  

 

 

Figure 9: A: PCA plot of P. taeda k number transcriptional profiles across all 

samples and colored by state. B: Histogram of number of samples each gene is present 

in. C: PCA of genes significant discriminant of state. 
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Figure 10: Heatmap of clr transformed P. taeda KOG counts for each sample. 

Rows clustered by KOG category. Columns colors correspond to state ID of sample. 

 

3.3.5 Fungal Expression Profiles 

 To compare fungal expression profiles across samples, we performed principal 

component analysis on fungi with high sequencing coverage (Figure 11). Expression 

profiles showed tight clustering of phylogenetically related taxa. Profiles clustered most 

strongly based on genus level assignment and more broadly on higher levels of 

phylogenetic relatedness. One cluster was composed of Lactarius and Russula both from 

the Russulaceae family. Another cluster contained Tuber, Cenococcum and Oidiodendron 

all within the Ascomycota phylum. Transcriptional profiles that mapped to AM fungus 

Rhizophagus clustered together and were the most separated from the other clusters. 
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Amanita, Laccaria, Thelephora, Cortinarius, and Suillus formed a more loosely clustered 

group. Finally, there was a cluster of profiles that mapped to genomes from the 

Piloderma genus. Also of note is the apparent presence of two or three clusters within the 

Piloderma cluster. When compared with the rRNA abundance data (Figure 4), we noticed 

that in many of these samples we detected Amphinema and not Piloderma. These samples 

are labeled as Piloderma* in the PCA plot. Taken together the results suggest the upper 

transcriptional profiles that mapped to Piloderma CDS belonged to a closely related 

genus Amphinema within the Atheliaceae family. 

 

Figure 11: PCA plot of fungal KEGG transcription profiles. Colored by genus. 

Piloderma* represents profiles that mapped to Piloderma genomes but rRNA analysis 

suggested sequences belonged to Amphinema (a closely related genus from the 

Atheliaceae family). 
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One way ANOVA of KOGs identified a large number of KOGs with differential 

abundance between fungal clusters (Figure 12). The largest fraction of these KOGs was 

in the unknown function category which further emphasizes the need for more 

characterization of fungal gene product function. One way ANOVA of these clusters 

identified 2,676 KEGG K numbers which were significant in discriminating the clusters 

from one another. 

 

Figure 12: Heatmap of differentially expressed KOGs.  Rows clustered by 

KOG category. Columns colors correspond to genus assignment of KOG 

transcriptional profile. 

Twenty-five of these were transporters (Figure 13). Ammonium transporter K03320 was 

present in all fungi which is not surprising as ammonium is the preferred nitrogen 

source for EMs. Notably absent from the Rhizophagus cluster were a sugar transporter 
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K08139, an L-fructose permease K02429, a pantothenate transporter K03448, and an 

allantoate permease K08192. Absent from the Ascomycota cluster was a GDP fructose 

transporter and an aquaglyceroporin related transporter. Nitrate/nitrite transporters 

were completely absent from the Russulaceae cluster. Transcripts annotated as a 

gliotoxin transporter K22134 were found almost exclusively in the Ascomycota and 

Piloderma. Gliotoxin is one of the most highly characterized mycotoxin expressed in 

pathogenic fungi. The expression of this transporter may confer resistance to 

mycoparasitic attack by pathogenic fungi. 

 

Figure 13: Differentially expressed transporters. Column colors correspond to 

genus assignment. 

One hundred sixty-one contigs mapped to genes classified as carbohydrate metabolizing 

enzymes (Cazymes). Only Cenococcum expressed a glucan 1,3-beta-glucosidase 
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[EC:3.2.1.58]. Exclusive to Oidiodendron were three Cazymes: a cellulose 1,4-beta-

cellobiosidase [EC:3.2.1.91], a glucan endo-1,6-beta-glucosidase [EC:3.2.1.75], and a 

rhamnogalacturonan hydrolase [EC:3.2.1.171]. Oidiodendron also expressed all 4 enzymes 

for conversion of L-rhamnose to pyruvate and L-lactaldehyde. Exclusive to Piloderma 

was an arabinan endo-1,5-alpha-L-arabinosidase [EC:3.2.1.99] and a xyloglucan-specific 

endo-beta-1,4-glucanase [EC:3.2.1.151]. Piloderma expressed genes for the conversion of 

arabinan to D-arabinose. Lactarius and Piloderma both expressed a gene for conversion of 

methanol to formaldehyde.  

To further investigate the functional contributions of each community member 

and how they function together as an ecological system, we created a pan-

metatranscriptomic network containing every annotated metabolic reaction found in our 

data (Figure 14A). Reactions identified by differential expression analysis were then 

separated from the full network to examine the contribution and connection to full 
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network (Figure 14B,C). 

 

Figure 14: Pan-Metatranscriptomic network. A: Full network. B: Network 

separated by pine (green) and fungi (blue). C: Network separated by fungal clusters. 

Atheliaceae (red), Russulaceae (purple), Ascomycota (blue), Rhizophagus (yellow), 

mixed cluster with Thelephora, Suillus, Cortinarius, Amanita (grey). 
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3.4 Discussion 

The main goals of this study were to examine the diversity of the active mycorrhizal 

community within and between samples, elucidate any structure in transcriptional 

profiles, and generate hypotheses about the different roles these fungal groups play in 

the mycorrhizal community and how they may be interacting as a system. We found 

Lactarius and Piloderma to be the most common EM fungi found on the loblolly pine root 

system. In many of the samples, the community was dominated by one genus. There 

was not a strong correlation of fungal taxonomy with state or site suggesting that the 

taxonomic profile may be in response to finer scale spatial variation. Alternatively, the 

taxonomic profiles may simply indicate some ecological equivalence or functional 

redundancy of EM fungi within the loblolly pine range. We found that, in some cases, 

there were multiple fungal species from the same genus in a root tip. Unfortunately, 

given the relatively low fraction of sequenced genomes and lack of tools optimized for 

meta-transcriptomic analysis, resolution of meta-transcriptomic data to a species level is 

likely not possible at the moment. It may be helpful to pair meta-transcriptomic data 

with meta-genomic data to resolve transcriptional profiles on a strain level and 

determine if any functional differences exist between strains. Nonetheless, pairing rRNA 

analysis with meta-transcriptomic data was helpful in assigning putative taxonomy to 

transcript contigs which did not map to the Mycocosm CDS database. Several of the 

species detected in the rRNA analysis lack fully sequenced genomes including Inocybe, 
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Tomentellopsis, and Amphinema. Samples which had high levels of Amphinema rRNA also 

had significant mapping of contigs to the related Atheliaceae Piloderma. This finding, 

combined with the close clustering of those profiles to Piloderma profiles, suggests the 

function of Amphinema within the mycorrhizal community is likely similar to Piloderma’s. 

It would be interesting to see if the same holds true for Inocybe, Tomentellopsis with their 

related EM species Cortinarius and Thelephora.  

Finding the metabolic interactions which shape mycorrhizal community 

structure is critical to developing a fundamental understanding of community assembly. 

For this reason, we organized our analysis into metabolites affecting 

health/development or metabolites capable of providing carbon, nitrogen or phosphate. 

The most abundant sources of organic phosphorous in the soil are myoinositol 

phosphates (Johri et al. 2015) and mono- and di-nucleotides (Turner 2008) . Expression 

of mono-, di-, and poly-nucleoside phosphatases and several phosphatases which act on 

myoinositol phosphates highlights the importance of fungi in phosphate cycling (Figure 

15). In addition, phosphate transporters and a large number of broad range 

phosphatases were found across all fungi. Transcript levels for alkaline phosphatase 
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were highest in Tuber, Cenococcum, and Rhizophagus. While acid phosphatases and 4-

nitrophenyl phosphatases were highly transcribed in most fungi.  

 

 

Figure 15: Expression profiles of phosphatases. Piecharts on every reaction 

node represent fractional expression of the gene coding for the reaction enzyme 

colored by genus. The size of the node corresponds to the level of expression. The 

color of each reaction node is a gradient from purple to white to green. The color 

corresponds to the differential expression between pine and fungi (green to purple). 

The edge colors represent reaction directionality based on estimation of reaction 

Gibbs free energy. 

Our analysis also revealed differential expression of genes involved in sugar 

metabolism. Transcripts coding for sucrose producing enzymes were only detected in P. 

taeda, but genes coding for conversion of sucrose to beta-D-fructose and glucopyranose 

were found highly expressed in the fungi Ascomycota cluster composed of Cenococcum, 
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Tuber and Oidiodendron and to a lesser extent from the Atheliaceae cluster composed of 

Piloderma and Amphinema (Figure 15). Rhizophagus, Amanita, Suillus, and the Russulaceae 

Lactarius and Russula all expressed genes for phosphorylation of beta-D-fructose to 

fructose-1P but likely relied on invertases from P. taeda or potentially one of the fungi 

from the Ascomycota cluster for conversion of sucrose to beta-D-fructose. 

 

Figure 16: Expression profiles of sucrose metabolizing genes. Piecharts on 

every reaction node represent fractional expression of the gene coding for the reaction 

enzyme colored by genus. The size of the node corresponds to the level of expression. 

The color of each reaction node is a gradient from purple to white to green. The color 

corresponds to the differential expression between pine and fungi (green to purple). 

The edge colors represent reaction directionality based on estimation of reaction 

Gibbs free energy. 

Rhamnose is a six-carbon deoxy sugar found in plant pectin polymers, protein 

oligosaccharide modifications, and secondary metabolites (N. Jiang et al. 2021). The 

expression of genes for degradation of rhamnose to pyruvate and glyceraldehyde were 
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only expressed in Tuber, Cenococcum, and Oidiodendron (Figure 16). Rhamnose may be 

the primary carbon source for these fungi which would provide them with a specialized 

niche where they do not have to compete for carbon with other EM fungi from the 

Russulaceae and Atheliaceae groups. Alternatively, degradation of pectin may be critical 

for endophytism. 

 

Figure 17: Expression profiles of rhamnose metabolizing genes. Piecharts on 

every reaction node represent fractional expression of the gene coding for the reaction 

enzyme colored by genus. The size of the node corresponds to the level of expression. 

The color of each reaction node is a gradient from purple to white to green. The color 

corresponds to the differential expression between pine and fungi (green to purple). 

The edge colors represent reaction directionality based on estimation of reaction 

Gibbs free energy. 

Our analysis revealed expression of fungal genes related to metabolism of 

complex oligosaccharides found in both plant and fungal cell walls. 1-3 Beta D-glucans 
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and 1,3 alpha-glucans are components of fungal and plant cell walls, so expression of 

genes annotated as glucan- 1,3-beta-glucosidases and endo-1,3-alpha-glucosidases may 

indicate their role in recycling dead cell matter or a function necessary to establish 

symbiosis (Figure 17). 

 

Figure 18: Expression profiles of glucosidases. Piecharts on every reaction node 

represent fractional expression of the gene coding for the reaction enzyme colored by 

genus. The size of the node corresponds to the level of expression. The color of each 

reaction node is a gradient from purple to white to green. The color corresponds to the 

differential expression between pine and fungi (green to purple). The edge colors 

represent reaction directionality based on estimation of reaction Gibbs free energy. 

Chitin is a ubiquitous aminopolysaccharide found in insects and some fungi. 

Chitooligosaccharides have been shown to promote plant-fungal symbiosis (Feng et al. 

2019). We observed high transcriptional levels of genes related to chitin metabolism 

across most fungi. These included chitosanases, chitin deacetylases, chitin synthases, 
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chitinases, and beta-D-hexosaminidases. Degradation of chitin may provide a source of 

both carbon and nitrogen. Expression of genes involved in cellulose degradation was 

mostly found in Amanita and Thelephora including lytic cellulose monooxygenase which 

converts cellulose to cellodextrins and cellulose 1,4 beta-cellobiosidase which converts 

cellodextrins to cellobiose suggesting the cellulose may be a carbon source for these 

fungi. Amphinema and Piloderma both had high expression of cellobiose dehydrogenase 

which converts cellobiose to cellobiono-1,5-lactone (Figure 18). Previous studies have 

suggested cellobiono-1,5-lactone likely inhibits cellobiose degradation (Szakmary, 

Wotawa, and Kubicek 1991). This could be a mechanism for the Atheliaceae to inhibit 

the growth of pathogenic fungi or competitive EM fungi such as Amanita.

 

Figure 19: Expression profiles of cellulose metabolizing genes. Piecharts on 

every reaction node represent fractional expression of the gene coding for the reaction 
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enzyme colored by genus. The size of the node corresponds to the level of expression. 

The color of each reaction node is a gradient from purple to white to green. The color 

corresponds to the differential expression between pine and fungi (green to purple). 

The edge colors represent reaction directionality based on estimation of reaction 

Gibbs free energy. 

We observed very high expression of an L-cysteine desulfidase in Rhizophagus (Figure 

19). This enzyme, which degrades L-cysteine to pyruvate, ammonium, and hydrogen 

sulfide, could play a role in providing the host with both reduced sulfur and 

ammonium. In fact, several genes annotated as enzymes involved in sulfur redox 

reactions were most highly expressed in Rhizophagus. These genes included a sulfate-

adenylyl transferase, phosphoadenylyl-sulfate reductase, thiosulfate-sulfur transferase, 

and sulfide quinone oxidoreductase. This suggests Rhizophagus likely plays a specialized 
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role in modulating sulfur oxidation states. 

 

Figure 20: Expression profiles of genes involved in sulfur redox state. Piecharts 

on every reaction node represent fractional expression of the gene coding for the 

reaction enzyme colored by genus. The size of the node corresponds to the level of 

expression. The color of each reaction node is a gradient from purple to white to 

green. The color corresponds to the differential expression between pine and fungi 

(green to purple). The edge colors represent reaction directionality based on 

estimation of reaction Gibbs free energy. 

The role of fungi in nitrogen cycling has long been proposed as one of the most 

beneficial contributions of mycorrhizal fungi. Our analysis identified high 

transcriptional levels in fungi of enzymes which irreversibly release ammonium 

including deoxynucleotide deaminases which release ammonium from nucleotides. 

Similarly, we observed high levels of expression for formamidase which converts 

formamide to formate and ammonium (Figure 20). The release of formate or formic acid 
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may also aid in phosphate assimilation by soil acidification. 

 

Figure 21: Expression profiles of genes involved in ammonium metabolism. 

Piecharts on every reaction node represent fractional expression of the gene coding 

for the reaction enzyme colored by genus. The size of the node corresponds to the 

level of expression. The color of each reaction node is a gradient from purple to white 

to green. The color corresponds to the differential expression between pine and fungi 

(green to purple). The edge colors represent reaction directionality based on 

estimation of reaction Gibbs free energy. 

 Expression of glutamate dehydrogenases in the main pathway for ammonium 

assimilation. Expression of NADPH versus NADH dependent glutamate 

dehydrogenases could be an important mechanism for modulating and balancing 

nitrogen transfer from symbiont to host. Intracellular ratios of NADPH/NADP are 

generally maintained higher than NADH/NAD, so at equilibrium the concentration of 

NH4 would be higher in  . The concentration gradient would create a net diffusion from 
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fungi to host. Expression of nitrate reductase which catalyzes the production of nitrite 

from nitrate was highest in the Atheliaceae group and completely absent from the 

Russulaceae. However, the Russulaceae had an alternative mechanism for nitrite 

production via 2-nitropropane dioxygenase which can produce nitrite from nitroalkane 

(Figure 20). The soil nitrogen redox state may play a role in determining which of these 

two EM groups is most abundant in a particular soil system. In addition to reactions 

involving inorganic nitrogen, our analysis identified several forms of organic nitrogen 

which could play a role in nitrogen transfer. Allantoate producing enzymes were highly 

transcribed in the Tuber and members of the Russulaceae group (Figure 21) while we 

found high expression of allantoate deiminase in P. taeda which degrades to release 

ammonium. The supply of allantoate from fungi to host would result in the acquisition 

of 3 ammonium metabolites. Our analysis also identified the expression of an allantoate 

transporter which further supports the hypothesis of an allantoate cross-feeding 
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mechanism. 

 

 

Figure 22: Expression profiles of genes involved in polyamine metabolism. 

Piecharts on every reaction node represent fractional expression of the gene coding 

for the reaction enzyme colored by genus. The size of the node corresponds to the 

level of expression. The color of each reaction node is a gradient from purple to white 

to green. The color corresponds to the differential expression between pine and fungi 

(green to purple). The edge colors represent reaction directionality based on 

estimation of reaction Gibbs free energy. 

Several metabolites related to health and development were differentially 

expressed. These included genes related to the metabolism of the vitamin thiamine. Both 

phosphomethylpyrimidine synthase and thiamine phosphate phosphatase were only 

expressed by P. taeda however, several fungi expressed genes necessary for both salvage 
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of thiamine and conversion of thiamine to thiamine-pyrophosphate (Figure 22).  The 

resupply of thiamine-phosphate to the host cell may also act as an avenue for phosphate 

delivery. 

 

Figure 23: Expression profiles of genes involved in thiamine metabolism. 

Piecharts on every reaction node represent fractional expression of the gene coding 

for the reaction enzyme colored by genus. The size of the node corresponds to the 

level of expression. The color of each reaction node is a gradient from purple to white 

to green. The color corresponds to the differential expression between pine and fungi 

(green to purple). The edge colors represent reaction directionality based on 

estimation of reaction Gibbs free energy. 

Our analysis revealed an intriguing expression profile of genes related to 

metabolism of prostaglandins (Figure 23). Prostaglandins are a hormone like chemical 

which have been shown to play a role in host colonization of fungal symbionts by 

modulating immune response (Tan et al. 2019). High expression in Cenococcum and 
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Tuber of genes annotated as prostaglandins-endoperoxide synthases which can convert 

icosapentaenoate, arachidonic acid, and di-homo-gamma-linolentate to prostaglandins 

H3, H2, and H1. Rhizophagus expressed a gene annotated as thromboxane synthase 

which could further convert prostaglandins H3, H2, H1 to thromboxane A1, 12-S-

HHTrE, and thromboxane A1. The Atheliaceae Piloderma and Amphinema expressed 

genes annotated as prostaglandin-D synthases and prostaglandin-E synthases. These 

could convert prostaglandins H3, H2, and H1 to prostaglandins D3, D2, and D1 or 

prostaglandins E3, E2, and E1. 

 

Figure 24: Expression profiles of genes involved in prostaglandin metabolism. 

Piecharts on every reaction node represent fractional expression of the gene coding 

for the reaction enzyme colored by genus. The size of the node corresponds to the 

level of expression. The color of each reaction node is a gradient from purple to white 

to green. The color corresponds to the differential expression between pine and fungi 
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(green to purple). The edge colors represent reaction directionality based on 

estimation of reaction Gibbs free energy. 

The sequential modification of these chemicals by different fungi may be a 

mechanism for system wide communication between these fungi and their host. Several 

fungi showed high levels of expression of several genes in the indole acetate auxin (IAA) 

metabolic pathways (Figure 24). IAA is a phytohormone which influences many aspects 

of plant and fungal growth (Fu et al. 2015). IAA could be produced from a tryptophan 

degradation product indole-3-pyruvate by indole-3-pyruvate monooxygenase or via 

indole-3-acetaldehyde by an indole-3-acetaldehyde oxidase or aldehyde 

dehydrogenases. P. taeda and several fungi expressed an indole-3-acetaldehyde 

reductase which can reversibly convert indole-3-ethanol to indole-3-acetaldehyde. This 
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may provide clues for modulation IAA levels by both the host and fungal symbiont. 

 

Figure 25: Expression profiles of genes involved in indole-3-acetaldehyde 

metabolism. Piecharts on every reaction node represent fractional expression of the 

gene coding for the reaction enzyme colored by genus. The size of the node 

corresponds to the level of expression. The color of each reaction node is a gradient 

from purple to white to green. The color corresponds to the differential expression 

between pine and fungi (green to purple). The edge colors represent reaction 

directionality based on estimation of reaction Gibbs free energy.  

  

While helpful for unraveling mechanisms, one of the biggest complications with 

processing meta-transcriptional data is the number of tools necessary to go from raw 

sequence data to meaningful biological results. In almost all cases, the nature of these 

types of data require ad hoc adjustments. The large number of tools necessary to process 

the data make reproducibility of analyses and transferability of pipelines extremely 
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challenging. To overcome this, we have created an Apptainer container with rStudio 

server and all packages necessary to run our pipeline. The container has the advantage 

of serving as an all-in-one tool that allows for complete processing of the data from raw 

reads to meaningful results. Another challenge associated with the analyses carried out 

herein is the relatively low number of sequenced fungal genomes. Current estimates of 

fungal diversity estimate fungal species to be in the order a millions (Blackwell 2011). 

Significant progress has been made in sequencing fungal genomes with the number of 

sequenced genomes entering the thousands (Grigoriev et al. 2014). The problem is 

further complicated by the number of genes with unknown functions. Even one of the 

most studied fungi Saccharomyces cerevisiae 20% of the proteins have unknown 

function (V. Wood et al. 2019). Our pipeline helps to overcome these limitations. The 

inclusion of rRNA analysis allowed for analysis of transcripts belonging to species 

without sequenced genomes such as Amphinema. Furthermore, by using KOGs to 

compare transcriptional profiles we were able to include uncharacterized gene products 

in our analysis which identified many differentially transcribed genes that contribute to 

the community structure. These KOGs are good candidates for further characterization. 

In addition, we have provided a Cytoscape metabolic reaction network that allows for 

visualization of the full community wide metabolic network and overcomes some of the 

constraints of current metabolic mapping tools.  



 

 

70 

4. Microbial Community Structure Inference using rRNA 
Amplicon Data 

The purpose of this chapter was to develop a method for inferring community 

interactions from rRNA amplicon data. To accomplish this, a model for community 

assembly was developed which incorporates concepts from microbial ecology with 

concepts of metabolic flux analysis. The conceptual model is henceforth will be referred 

to as The Microbial Exchangeability Model (ME model). Based on the ME model we 

postulated that microbial community structure could be inferred from rRNA amplicon 

covariance patterns across a phylogenetic tree. A multivariate linear model was used to 

simulate microbial community data with the underlying ME model structure. A 

correlation matrix was calculated from the simulated data and used to test different 

inference models. An inference model was developed using constraint-based 

optimization which finds nodes on a phylogenetic tree which maximize total correlation 

of all simulated amplicons. To test the utility of the inference model, the inference 

program was run on microbiome data generated from sediments taken from a 

Superfund site contaminated with polycyclic aromatic hydrocarbons (PAHs) – a high 

class carcinogenic compounds designated as high priority pollutants by the EPA. The 

analysis focused on a clade from the Pseudomonas genus previously identified as 

potential PAH degraders. The inference program identified bacteria from the 

Kiritimatiellaeota and Desulfuromonas genera as potentially interacting with Pseudomonas.  
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This chapter was published in part under the title “Identifying bioaugmentation 

candidates for bioremediation of polycyclic aromatic hydrocarbons in contaminated 

estuarine sediment of the Elizabeth River, VA, USA” in Applied Microbiology and 

Biotechnology in 2022. It is reprinted with permission from Volkoff, S.J.; Rodriguez,D.L.; 

Singleton,D.R.; McCumber,A.W.; Aitken, M.D.; Stewart,J.R.; Gunsch,C.K.  (2002).  

Identifying bioaugmentation candidates for bioremediation of polycyclic aromatic 

hydrocarbons in contaminated estuarine sediment of the Elizabeth River, VA, USA.  

Applied Microbiology and Biotechnology  

https://doi.org/10.1007/s00253-021-11754-5 

 

4.1 Introduction 

 Challenges in engineering microbiomes have highlighted the need for a better 

understanding of microbial community structure and assembly processes. The forces 

that shape community diversity has been a debated and often contentious topic in 

ecology (Wennekes, Rosindell, and Etienne 2012).  Historically, the two prevailing 

theories were Neutral Theory which views trophically similar organisms as ecologically 

equivalent and microbial diversity as a consequence of stochastic processes; while niche-

based theories views microbial diversity as a consequence of selection. There has been 

ample evidence showing variation in observed microbial composition due to abiotic 

characteristics of the environment such as temperature, water content, and pH (Fierer 
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2017). Likewise, multiple studies have demonstrated the ecological importance of high 

taxonomic ranks through comparative genomics (Philippot et al. 2010; Goldford et al. 

2018). Research examining functional traits across bacteria and archaea provided 

evidence for the ancestral retention of niche genes (A. C. Martiny, Treseder, and Pusch 

2013). This study found that more than 90% of the functional traits examined were not 

randomly distributed across phylogenetic tree. Further evidence for the importance of 

high taxonomic ranks in microbial community structure was provided by a study 

monitoring microbial composition of hundreds of soil microbiomes in defined nutrient 

media. The results showed that despite a large about of variance on the species level, 

there was convergence at the family level which was highly predictable based on 

nutrient availability (Goldford et al. 2018). Over the past decade years there has been 

increasing work to unify these theories into a single framework which views community 

assembly as a result of four process: selection, drift, speciation, and dispersal (Vellend 

2010). Selection - the deterministic fitness differences which result in changes in 

abundance. Drift - stochastic changes in abundance over time. Speciation – generation of 

genetic divergence. Dispersal – spatial transport of organisms. This model incorporates 

concepts from niche-based theory which focuses on forces affecting fitness and neutral 

theory which focuses on stochastic processes (Nemergut et al. 2013). While these 

ecological theories help explain the large scale of microbial diversity and forces that 

contribute to microbial distribution, they don’t explain the underlying structure of the 
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microbial community. Recently, there has been increasing interest in understanding the 

community assembly processes. A previous study was able to predict multi-species 

community behavior based on only pairwise interactions suggesting the rules that 

govern community assembly may be fairly simple (Friedman, Higgins, and Gore 2017). 

Furthering the idea of simple structure underlying community assembly, a recent 

review suggested trophic interactions could be the central drivers of microbial 

community assembly (Gralka et al. 2020). Despite the progress in ecological theory 

supported by experimental data, there currently isn’t an excepted model or 

methodology for identifying the underlying community structure. 

Here we formulate and explore a conceptual model for community structure 

which fuses ecological theory with concepts from cross-feeding, and assembly theory. 

The model, termed The Microbial Exchangeability (ME) model, was used to develop 

methods for identification of interacting microbial groups from rRNA amplicon 

sequencing data. To aid in the development of an inference program, microbiome data 

were simulated from a model with the exchangeability structure imposed. The 

simulated data were used to develop an inference model which could identify 

underlying data structure. Finally, the inference model was used to identify potential 

conflictual and cooperative interactions in microbial communities from chemically 

contaminated environmental samples.  
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4.2 Materials and Methods 

4.2.1 Computational Environment 

 For data simulation and microbiome 16S analysis, a container was built using 

Apptainer version 1.0.3-2.fc36 with a Fedora 35 operating system obtained from the 

Docker Registry.  RStudio Server was installed within the container and used for all 

analyses. All dependencies were installed using the DNF package manager or built from 

source. All R packages necessary for the analysis were included in the container build.  

 For constraint-based optimization, a container was built using Apptainer version 

1.0.3-2.fc36 with a Fedora 35 operating system obtained from the Docker Registry. All 

dependencies were installed using the DNF package manager or built from source. 

Jupyter was installed to allow for interactive python coding. Numpy and Pandas were 

added to the container for mathematical analyses. The Gurobi solver was installed for 

constraint-based optimization.  

4.2.2 Simulating Community Structure 

A random phylogenetic tree with 250 tips (ASVs) was simulated using the rtree 

function from the ape package. The tree was split randomly split into 12 subtrees using 

the splitTree function from phytools. Each subtree was randomly assigned to one of five 

modules. A 1000 x 5 covariate matrix was generated from a random uniform 

distribution between 1-100. A 5 x 250 response matrix was generated by first generating 

a 1 x 250 vector of response variables from a random uniform distribution between 5-50, 
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then expanding the vector to a 5x250 matrix where for each column, the corresponding 

response variable value was assigned to a row based on the module assignment of the 

corresponding tree leaf while the rest of the row values were set equal to zero. The 

response matrix was generated by matrix multiplication of 𝑿𝜷. A matrix, G, was 

generated by randomly sampling one leaf from each subtree for each sample and setting 

the corresponding column for each row of the matrix equal to one. The observed count 

matrix, Yobs, matrix was calculated by element-wise multiplication of GY. A node count 

matrix was calculated by summing the leaf counts for all offspring of the node for each 

node of the tree. The node count table was merged with the Yobs matrix and a correlation 

matrix was computed.  

4.2.3 Inference Model 

The objective function used to infer community structure was to maximize wTRw 

where w is a vector of binary variables associated with each node of the phylogenetic 

tree and R is the correlation matrix of summed counts for every node of the tree. A 

constraint for the sum of wi equal-to one for all ancestors of leaf j was added to ensure 

that all leaf node counts would be accounted for in the solution and only one node could 

be counted for each leaf. The simulated data was used to test the efficacy of the inference 

model. The correlation matrix and tree node structure were imported into a python 

Jupyter notebook. The inference model was created in python using the gurobipy library 
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and Gurobi solver. To test model efficacy, results were compared to simulated data 

structure. 

4.2.4 PAH Contaminated Sample Sites 

Sediment samples were collected as described in (Volkoff et al. 2022). Sediment 

samples were collected from three sites within the Elizabeth River estuary system of 

Virginia, USA (Mains Creek, MC;  Scuffletown Creek, SC; Republic Creosoting, RC). A 

fourth sample was taken from King’s Creek, KC (a neighboring site along the Severn 

River in Virginia). Within each site, triplicate 5g samples from the top ~ 8 cm of sediment 

were collected from three locations. Sediment samples were stored at 4 °C. 

4.2.5 16S Amplicon Analysis 

DNA was extracted and sequenced as described in (Volkoff et al. 2022). In brief, 

DNA was extracted from nine sediment samples from the four sites using a PowerSoil 

DNA Isolation Kit (Qiagen; Germantown, MA, USA). The V4 hypervariable region of 

16S rRNA was amplified using the protocol provided by Illumina MiSeq and 250 bp 

paired-end sequencing was performed using the Illumina MiSeq platform at the Duke 

University Sequencing and Genomic Technologies Shared Resource Center (Durham, 

NC, USA). 

Demultiplexed sequence libraries were processed using the DADA2 pipeline 

(Callahan et al. 2016). Taxonomic assignment was performed using the IdTaxa algorithm 

from the DECIPHER package with the SILVA_SSU training set. Phylogenetic trees were 
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generated using both the SATe-enabled phylogenetic placement package (S. Mirarab, 

Nguyen, and Warnow 2012) and the optim.pml algorithm with a GTR substitution 

method and stochastic rearrangements from the Phangorn package (Schliep 2011). 

Clades which most highly correlated with PAH concentration using were identified 

using Phylofactor (Washburne et al. 2017).   

To test the inference model on the ER microbiome data, the phylogenetic tree 

was used to create an expanded count matrix which included counts for every node of 

the tree by summing the leaf counts for all offspring for each node of the tree. A full and 

correlation matrix was computed. The correlation matrix and tree node structure were 

imported into a python Jupyter notebook and the inference model was used to infer 

community structure. The results were used to identify microbes that potentially interact 

with a clade of Pseudomonas species identified by the Phylofactor analysis. 

4.3 Results 

4.3.1 Microbial Exchangeability Model 

A conceptual model of community assembly, termed The Microbial 

Exchangeability (ME) model, was constructed that incorporated concepts of 

phylogenetic niche conservatism, neutral theory, and metabolic cross feeding (Figure 

25). The conceptual model is as follows: Microbial communities are composed of 

metabolic modules – a metabolic module is an agglomerate of all metabolic steps 

involved in converting a system input metabolite to a system output metabolite. 
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Metabolic modules are composed of roles – a role is a net metabolic conversion an 

individual community member contributes to the full module metabolic conversion. 

Roles can be thought of as niches or trophic levels. A role is composed of a microbe 

taken from a set of conditionally exchangeable microbes able to perform that role in a 

community. The exchangeability could be conditioned on abiotic variables such as 

temperature or pH, or biotic variables such as presence/absence of conflictual 

interactions which create incompatible combinations. Taken together microbial 

communities are simply composed of random samples taken from sets of conditionally 

exchangeable microbes that together fill every role and every metabolic module 

necessary for community steady state. The concept of phylogenetic niche conservatism 

was incorporated by constraining roles to phylogenetic related organisms. Concepts 

from neutral theory were incorporated by allowing each role to be filled by a random 

sample from a set of trophically similar organisms. If this model of community 

composition accurately represents the true nature of community assembly, there should 

be specific patterns of community composition which reflect the functional redundancy 

and interspecies metabolic interactions. Specifically, cross-feeding should result in 

covariance between each role within a module where the role is represented by a node 

of a phylogenetic tree. 
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Figure 26: Conceptual overview of Microbial Exchangeability (ME) Model. The 

upper-left portion of the figure provides an example of interacting microbes that form 

a metabolic module. The lower-left portion shows how cross-feeding creates 

covariance. The center portion shows each role within the module is simply a random 

sample from an exchangeable set of microbes which can perform function. The right 

portion of the figure illustrates how the exchangeability structure allows for sample-

to-sample comparison and that the correlation between community roles is captured 

by the corresponding nodes of a phylogenetic tree.  

 

4.3.2 Simulation and Inference Model Development 

 A linear model was used to simulate microbiome abundance data (Figure 26). 

The Y represents ASV counts, the X matrix represents a measure of input metabolite 

flux, and β represents a measure of biomass yield. The G matrix is used to represent the 
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random sampling of roles from exchangeable groups. 

 

Figure 27: Multivariate linear model used for simulation with ME structure. 

A random phylogenetic tree was generated, and nodes were randomly assigned to 1 of 5 

modules (Figure 27 left). The module roles proposed in the ME model wer imposed via 

the structure of the β matrix. Zero-sum exchangeability was imposed by the G matrix. A 

count table was generated and used to calculate a covariance matrix. The covariance 

showed no obvious structure (Figure 27 right).  
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Figure 28: Left: Module structure of simulated tree. Right: Correlation matrix 

of simulated data. 

 

An inference program was built in a Python Jupyter notebook using constraint-

based optimization with the Gurobi solver (Figure 28). The objective function used to 

infer community structure was to maximize wTRw where w is a vector of binary 

variables associated with node of the phylogenetic tree and R is the correlation matrix of 

every node of the phylogenetic tree. A constraint for the ∑ 𝑤𝑖 = 1
𝑝
𝑗=1  for all ancestors of 

leaf j was added to ensure that all leaf node counts would be accounted for in the 

solution and only one node could be counted for each leaf. The simulated data was used 

to test the efficacy of the inference model. The constraints create a non-linear solution 

objective function however, the correct solution was found with the presolver within 

seconds (Figure 29).  
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Figure 29: Overview of constraint-based optimization procedures 

 

 

Figure 30: Covariance matrix of inferred structure from simulation model 
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4.3.3 Microbiome Analysis of PAH Contaminated Sediments 

Phylofactor was used to identify clades which most strongly correlated with 

contamination level (Figure 30). One of the largest clades identified was a group of 

Pseudomonas amplicons. Pseudomonas is one of the most studied degraders of 

naphthalene. The inference model was then applied to these data to understand the 

behavior of the clade in the context of the whole community. 

 

Figure 31: Phylofactor analysis of ER sediments. Left: is a phylogenetic tree of 

the ASVs composing the 10 clades identified by phylofactor. Right side: a heatmap of 

log abundances for each sample from the site with the highest level of PAH 

contamination. 

 The inference model resulted in a 10x reduction in microbiome complexity 

(Figure 31). The model identified several clades of bacteria which may have competitive 

or conflictual interaction with the Pseudomonas clade as well as several clades which may 
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have cooperative interactions with Pseudomonas. Interestingly, one of the clades 

identified as potentially interacting conflictually with Pseudomonas was from the genus 

Kiritimatiellaeota. A previous study of Kiritimatiellaeota glycovorans suggested it may 

utilize biofilm glycopolymers as substrates for growth (Spring et al. 2016). The authors 

identified genes coding for rhamnosidases suggesting rhamnose may be main target of 

biofilm degradation. Rhamnolipid surfactants are important in Pseudomonas biofilm 

formation, so the targeting of rhamnose degradation may be a mechanism for conflictual 

interaction. The inference model also indicated Desulfuromonas may have cooperative 

interactions with Pseudomonas. Desulfuromonas svalbardensis can grow on a variety of 

different mixed acid fermentation products including acetate and lactate (Vandieken et 

al. 2006). Mixed acid fermentation is a known mechanism for syntrophic interactions 

(Douglas 2020).  Both acetate and lactate are readily released from growing cells so they 
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may mediate the cross-feeding mechanism responsible for their cooperative interaction. 

 

Figure 32: Inference model results. Left: Correlation matrix of infered 

community structure. Right: Nodes interacting with Pseudomonas clade (green). Red 

(cooperative), Blue (conflictual).  

4.4 Discussion 

The exchangeability model was developed to reconcile observed data with 

ecological theory and ultimately served as a good framework to interpret microbiome 

structure. However, it does not account for all other dependencies which can affect 

assembly such as temporal dependencies. The goal was to generate a first pass 

conceptual model and inference procedure, so a MV linear simulation model was used 

for simplicity. However, there are very likely non-linear responses to metabolite fluxes 

which may be obscured in this simple model. Nevertheless, the results indicate the 

procedure can return meaningful information which can be used to develop strategies 
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for microbiome engineering. While we did not test the sensitivity of the inference 

program to error, sequencing, sampling, phylogenetic trees, and alignments can all 

introduce error. This simulation model could easily be adapted to test for sensitivity to 

different types and magnitudes of error. Interestingly, in our test, the presolver 

identified the correct solution within a few seconds, but due to the non-linear 

characteristics of the model the solver takes significantly longer. An ecologically guided 

heuristic approach would likely computational times. 
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5. Metabolic Modeling of PAH Degradation to Inform 
Engineering Designs 

5.1 Introduction 

 Bioremediation is the use of microbes to degrade chemical contaminants. One of 

the most widely studied and tested targets for bioremediation is a class of chemicals 

called polycyclic aromatic hydrocarbons (PAHs). PAHs are carcinogenic, mutagenic 

chemicals that persist and accumulate in the environment. The EPA has designated 16 

PAHs as priority pollutants for remediation. PAHs are hydrophobic and it has 

previously been suggested that low solubility may limit the degradation rates of some 

PAHs (Stucki and Alexander 1987). Because of their low solubility, PAHs mostly exist in 

a separate immiscible liquid phase called Non-Aqueous Phase Liquids (Hongqi Wang et 

al. 2020). However, other studies have identified an interfacial uptake mechanism for 

PAH degradation, so it is unclear if low solubility constrains degradation (M. Bouchez, 

Blanchet, and Vandecasteele 1997; MacLeod and Daugulis 2005). Transport of PAHs into 

cells has been shown to occur by both passive diffusion (Bateman et al. 1986) and active 

transport (Y. Li et al. 2014). A degradation pathway for naphthalene was described over 

30 years ago (Eaton and Chapman 1992), but effective bioremediation techniques have 

not followed. 

Ultimately, the goal of bioremediation is to increase degradation flux through a 

biochemical pathway. Controlling metabolic flux is a primary focus in the field of 
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metabolic engineering. One of the primary approaches used to gain a fundamental 

understanding of metabolic flux and identify optimal conditions to maximize flux is flux 

balance analysis (FBA). FBA uses a mathematical representation of a metabolic network 

to predict metabolic flux. These networks are predominantly in the form of genome-

scale metabolic networks (GEMs) which include every known biochemical reaction 

encoded by the species of interest. In addition, GEMs will include a reaction for biomass 

production which links the network to a unit of biomass. The use of FBA techniques to 

study and engineer microbial community metabolism has enormous potential to 

improve microbiome engineering. 

Metabolic flux is also tightly bound to thermodynamics. Reactions can only 

proceed if they have a thermodynamic driving force. The thermodynamic driving force 

is determined by the Gibbs free energy of formation of the products and reactants of the 

reaction and their relative concentrations. Although, Gibbs free energy of formation has 

not been experimentally determined for most of the microbial metabolites, a method for 

estimation called group contribution has become increasing more accurate at predicting 

Gibbs free energy of formation based on chemical structure (Mavrovouniotis 1990; 

Jankowski et al. 2008; Flamholz et al. 2012). Additionally, development of metabolomics 

techniques has allowed for measurements of internal and extracellular metabolite 

concentration needed to calculate thermodynamic driving force. Recently, a procedure 

was developed for determining thermodynamic constraints of metabolic pathways 
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called min-max thermodynamic driving force (Noor et al. 2014). This procedure 

identifies reactions and metabolites which limit thermodynamic driving force.  

Here we use genome-scale metabolic modeling to identify flux constraints on 

naphthalene degradation and generate hypotheses on modes of interaction between 

Pseudomonas and cooperative interacting microbes. To achieve this, a metabolic model 

was generated for naphthalene degradation. Flux balance analysis was performed using 

naphthalene as a carbon source to predict the metabolic pathways for growth on 

naphthalene. Several constraints were tested to identify potential flux constraints. 

Finally, a thermodynamic model of degradation was built for the predicted metabolic 

pathway and used to characterize thermodynamic constraints which may contribute to 

flux constraints and cross-feeding interactions.   

5.2 Materials and Methods 

5.2.1 Metabolic Model of PAH degradation 

The iJN746 and iJO1366 metabolic models were used to characterize naphthalene 

degradation. Reactions for naphthalene degradation are not included in these models, so 

reactions and metabolites for following reactions were added to the models: 

Naphthalene 1,2-dioxygenase, Dihydrodiol dehydrogenase, Dihydroxynaphthalene 

dioxygenase ,  2-hydroxychromene-2-carboxylate isomerase, Trans-o-

hydroxybenzylidenepyruvate hydratase-aldolase, salicylaldehyde dehydrogenase, 

Salicylate NADH oxygenoxidoreductase 1-hydroxylating,  Catechol 2 3 dioxygenase, 2 
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hydroxymuconic semi aldehyde,  2-oxopent-4-enoate hydratase, and 4-hydroxy-2-

oxopentanoate aldolase. To simulate aerobic growth on naphthalene, the exchange 

reaction for glucose was set to 0 mmol*(gDW*hr)-1, and the lower bound for naphthalene 

exchange was set to -1000 mmol*(gDW*hr)-1. The oxygen exchange rate was kept at a 

physiologically relevant flux rate of -20 mmol*(gDW*hr)-1.  The COBRA 

production_envelop function was used to analyze the effects of oxygen flux and 

naphthalene degradation rate on growth.  

5.2.2 Thermodynamic Analysis 

 The full degradation pathway of naphthalene to lactate and acetate from the FBA 

was thermodynamically analyzed. A min-maximum thermodynamic driving force linear 

model (Noor et al. 2014) was created in Jupyter python notebook and solved using 

gurobipy and the Gurobi solver. Gibbs reaction free energies were estimated using the 

Equilibrator python api (Flamholz et al. 2012). Internal metabolite concentrations were 

set to previously estimated values (McCloskey et al. 2015; Bennett et al. 2009). To test the 

sensitivity to naphthalene, naphthalene flux was constrained based on a maximum 

solubility of 30mg/L.  To test the sensitivity to extracellular product concentrations, the 

model was iteratively solved with acetate and lactate concentrations between 1E-6 and 

1E-1 M. 
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5.3 Results 

5.3.1 Growth on Naphthalene  

 FBA analysis of PAH degradation flux predicted optimal growth at on 

naphthalene exchange rate of approximately -3 mmol*(gDW*hr)-1 (Figure 32). FBA also 

indicated growth rate on naphthalene was oxygen limited (not naphthalene limited) and 

the limitation was due to competing oxygen demands for oxidative phosphorylation. To 

test the consequences of higher naphthalene degradation we iteratively constrained flux 

to increasingly higher uptake rates. Higher PAH degradation rates result in mixed acid 
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fermentation products such as acetate and lactate (Figure 33).

 

Figure 33: Flux Balance analysis on Naphthalene. A negative exchange rate 

corresponds to flux into cells.  
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Figure 34: Metabolic modeling predicts high naphthalene degradation rates 

results in production of mixed acid fermentation products.  

5.3.2 Thermodynamic analysis 

The full degradation pathway of naphthalene to lactate and acetate from the FBA 

was thermodynamically analyzed. A min-maximum thermodynamic driving force linear 
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model was created in Jupyter python notebook and solved using gurobipy and the 

Gurobi solver. To test the sensitivity to extracellular product concentrations, the model 

was iteratively solved with acetate and lactate concentrations between 1E-6 and 1E-1 M. 

The results of the thermodynamic analysis indicate high extracellular lactate 

concentrations make the pathway thermodynamically infeasible (Figure 34).  

 

 

Figure 35: Plot of relationship between Min-Max Driving Force and 

extracellular lactate concentrations. Min-Max Driving force is the maximum 

thermodynamic driving force of the most thermodynamic constrained reaction.  
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To determine which reactions are limiting thermodynamic driving force a 

thermodynamic model of shadow prices was coded in a Jupyter python notebook. The 

analysis of shadow prices identified the lactate dehydrogenase reaction (LDH_D) as the 

reaction most responsible for the low driving force (Figure 35). 

 

Figure 36: Shadow Price analysis indicates lactate dehydrogenase (LDH_D) as 

MDF limiting. The rows are reactions labeled with BIGG database reaction IDs. 
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5.4 Discussion 

 

The flux balance analysis of naphthalene identified oxygen limitation as 

potentially limiting naphthalene degradation rate. It also showed that at higher 

naphthalene degradation rates, metabolism shifts to production of mixed acid 

fermentation products. This result is extremely interesting given the identification of 

Desulfuromonas (which was identified as a potential cooperative interacting partner of 

Pseudomonas by the microbial interaction inference model) can grow on acetate and 

lactate. The metabolic modeling approach suggested that low naphthalene 

concentrations did not introduce additional thermodynamic constraints. However, 

elevated concentrations of extracellular lactate result in the pathway becoming 

thermodynamically infeasible; and the thermodynamic driving force is limited by the 

lactate dehydrogenase reaction. Which further supports the idea of Desulfuromonas being 

a potential target for multispecies microbial community engineering strategies to 

improve naphthalene degradation.  
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6. Conclusions 

6.1 Overall Conclusions 

This dissertation contributes to the development of methods to interpret 

community structure. The combined use of the inference model and metabolic modeling 

provides a tool missing from the microbiome engineer’s toolbox – a tool for predicting 

interactions.  

In Chapter 3, mRNA sequencing data were de novo assembled into contigs which 

were then functionally annotated and mapped to fungal genomes. Expression profiles 

were clustered and differential abundance analysis was performed to identify genes 

with the most statistically significant differential expression levels. Finally, a full 

metatranscriptomic metabolic network was reconstructed from the functional 

annotations to investigate the specific metabolic role each of the fungi are contributing to 

community metabolism. The results identified a core set of ectomycorrhizal fungi with 

at least 5 unique expression profiles. Several unique roles were identified within closely 

related fungi involving many different metabolic pathways including nitrogen and 

phosphate cycling, carbon utilization, and phytohormone expression. The results 

supported the concepts of niche conservatism and our proposed ME model.   

In Chapter 4, simulated microbiome data were generated from a model with the 

exchangeability structure imposed. The simulated data were used to develop an 

inference model which could identify underlying data structure. Finally, the inference 
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model was used to identify potential conflictual and cooperative interactions in 

microbial communities from chemically contaminated environmental samples. The 

analysis focused on a clade from the Pseudomonas genus previously identified as 

potential PAH degraders. The inference program identified bacteria from the 

Kiritimatiellaeota and Desulfuromonas genera as potentially interacting with Pseudomonas. 

In Chapter 5, a metabolic model was generated for naphthalene degradation. 

Flux balance analysis was performed using naphthalene as a carbon source to predict 

the metabolic pathways for growth on naphthalene. Several constraints were tested to 

identify potential flux constraints. Finally, a thermodynamic model of degradation was 

built for the predicted metabolic pathway and used to characterize thermodynamic 

constraints which may contribute to flux constraints and cross-feeding interactions. The 

results of the FBA indicated PAH degradation flux competes with oxidative 

phosphorylation for oxygen; and as PAH flux increases, metabolism shifts to mixed acid 

fermentation of products such as acetate and lactate. The thermodynamic analysis 

indicated, elevated concentrations of extracellular lactate result in the pathway 

becoming thermodynamically infeasible; and the thermodynamic driving force is 

limited by the lactate dehydrogenase reaction particularly at elevated lactate 

concentrations. 
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6.2 Engineering Significance 

 This dissertation provides a pipeline and methodologies to infer analyze 

community structure with a focus metatranscriptomic and amplicon rRNA sequencing 

data. The field of metatranscriptomics has great promise but it is still in the very early 

stages of development. Consequently, the field lacks established, easily transferable and 

modifiable pipelines. The development of the pipeline and containerized environment 

addresses those problems and allows for greater adoption of this powerful technique.  

Identifying microbial interactions is critical to engineering microbial systems. 

Development of methods using rRNA amplicon data and metabolic engineering has the 

potential to transform the field from bench top to household. It has wide ranging 

implications from interpreting and engineering of human microbiome systems to 

interpreting and engineering environmental microbiome systems through 

bioremediation.  
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