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Complex communities of microbes reside in and on humans, where they closely interact with 

their hosts by performing a massively diverse array of metabolic reactions. Genomic and 

metabolomic technologies can now describe both the taxonomic profile of these communities 

and their metabolic products in unprecedented detail. By measuring both microbial composition 

and metabolite phenotypes from the same samples, and using the resulting datasets to make and 

evaluate predictions on the links between microbes and metabolites, it may be possible to infer 

and characterize metabolic mechanisms occurring in complex natural communities. However, 

relatively few computational analysis tools exist to integrate and make sense of such 

“microbiome-metabolome” datasets. In this dissertation, I describe the development and 

application of methods that use these datasets and reference databases to identify and evaluate 

relationships between microbes and metabolites. After introducing the current state of knowledge 



 

and available tools in the study of how microbial metabolites impact human health and disease, I 

present an initial framework for integrating microbiome and metabolomics datasets using 

metabolic modeling. I demonstrate its ability to predict and explain metabolic shifts in bacterial 

vaginosis, and further illustrate its application in two case studies, deciphering diet-microbiome 

interactions in mice and characterizing metabolic mechanisms in the microbiota of children with 

autism spectrum disorder. In order to compare this approach with alternatives and gain a better 

understanding of the limiting factors in microbiome-metabolome data analysis, I next describe a 

comprehensive framework for defining gold-standard mechanistic links between microbes and 

metabolites and using simulations to evaluate and compare our ability to recover them across 

different datasets and analysis methods. Finally, informed by the previous applications and 

evaluations, I introduce MIMOSA2, an updated software tool for inferring mechanistic links 

from microbiome-metabolome datasets. Together, this work reinforces and advances the utility 

of metabolic modeling for the analysis and interpretation of large-scale microbiome-metabolome 

studies.  
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Chapter 1. INTRODUCTION  

Microbes are the most ancient, pervasive and successful forms of life on this planet. Two 

billion years ago, the production of oxygen gas by photosynthetic cyanobacteria facilitated the 

establishment of the planet’s atmosphere as we know it and the rise of all forms of multicellular 

life (Holland, 2006). Communities of microbes can be found in virtually every environment, 

including in and on macro-scale hosts such as humans. Any such community and its habitat are 

referred to as a microbiome (Burge, 1988).  

The human microbiome, the set of microbes residing in and on humans, consists of 

approximately as many microbial cells as there are human cells in the body (Sender et al., 2016). 

The composition of microbial taxa in the human microbiome is extremely variable across 

individuals and populations, and has been linked to a vast array of diseases and conditions (Falony 

et al., 2016; Gilbert et al., 2016). The highest density of microbes is found in the human gut, where 

a few hundred microbial species interact to play crucial roles in metabolism and immunity. Just as 

ancient cyanobacteria shaped the atmosphere by producing oxygen, members of host-associated 

microbiomes modify their environments by performing diverse metabolic reactions and producing 

varied small molecules known as metabolites (Wikoff et al., 2009). These metabolites can act as 

vital signaling molecules and provide fuel for other microbes and/or their host (Donia and 

Fischbach, 2015). Recent technological developments have enabled scientists to measure both 

microbes and their metabolic environment on an unprecedented scale (Franzosa et al., 2015). 

However, many aspects of the mechanisms by which microbial metabolism can promote human 

health or disease, as well as the ability to control and modify those mechanisms, remain poorly 

understood. In this dissertation, I describe the development and application of computational tools 
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to analyze the relationships between variation in the human microbiome, its metabolic activity, 

and its impacts on health and disease. 

1.1 THE ROLE OF MICROBIAL METABOLISM IN HUMAN HEALTH AND DISEASE 

While its renown has greatly increased in the last 15 or so years, human microbiome 

research has a long history. Antony van Leeuwenhoek examined bacteria scraped from his mouth 

under an early microscope in 1683 (Lane, 2015). In the early 1900s, Arthur Kendall cultured 

microbes from fecal samples and published a detailed overview of the field of “intestinal 

bacteriology”, describing the major metabolic reactions performed by gut microbes and their 

dependence on host diet, and inferring, “the multiplicity of types and the variety of physiological 

requirements of this intestinal flora are…a strong reminder of the influence which the unrestrained 

activity of these organisms might conceivably exercise upon the general condition of the host” 

(Kendall, 1909).  

Kendall was correct that the human gut microbiome performs a vast array of metabolic 

processes that strongly impact its host. These metabolic activities form the basis for a mutualistic 

symbiosis between humans and their microbes, in which the host provides a regular nutrient supply 

which the microbes utilize to carry out various beneficial metabolic processes (Walter and Ley, 

2011). A recent database of metabolic capabilities of the human host and 818 resident gut microbial 

species (Noronha et al., 2019) includes over 4,000 microbial reactions that are not performed by 

human cells. I describe below some non-comprehensive examples of these processes. It is likely 

that many such processes are yet to be discovered, because many associations with no known 

mechanism have been observed between microbiome features and host disease or physiology 

(Gilbert et al., 2016), and moreover many compounds measured in metabolomics assays of the gut 

microbiome remain unidentified and uncharacterized (Wissenbach et al., 2016).  
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First, one of the most abundant and significant metabolic contributions of the microbiota 

is the fermentation of indigestible polysaccharides into short chain fatty acids (SCFAs) that serve 

as an energy source for gut cells (Donohoe et al., 2011). These SCFAs also play extremely 

important regulatory roles in the immune system and in energy balance and metabolism, having 

been identified as regulators of T cell differentiation (Smith et al., 2013b), barrier function (Kelly 

et al., 2015), and host serotonin production (Reigstad et al., 2014), among other processes. Both 

the total production of SCFAs and the relative amounts of specific SCFA compounds have been 

recognized as factors to which host cells are responsive (Perry et al., 2016). Dysregulation of SCFA 

metabolism has been particularly well-characterized in obesity, diabetes, and metabolic syndrome 

(Kasubuchi et al., 2015). 

Members of the human microbiome synthesize amino acids that can be utilized by the host 

(Metges, 2000; Smith et al., 2013a) and can also metabolize amino acids via many different 

pathways, some well-understood and others only recently characterized (Dodd et al., 2017). In the 

gut, microbial amino acid metabolism can produce compounds with known beneficial impacts: in 

particular, tryptophan metabolites such as indole perform important signaling functions, in a 

phenomenon first identified in the 1970s (Agus et al., 2018; Whitt and Demoss, 1975; Wlodarska 

et al., 2017; Zelante et al., 2013). Notably, some of these compounds, such as serotonin, can be 

produced by either the host or the microbiome, and the relative contributions from each source in 

the gut are not fully known (Yano et al., 2015). Some microbial amino acid metabolites have 

negative effects. For example, in the vaginal microbiome, metabolism of amino acids generally 

occurs as a component of bacterial vaginosis (Wolrath et al., 2001), producing foul-smelling 

polyamines including putrescine and cadaverine.  

In a clear demonstration of the personalized impact of microbiome composition on human 

nutrition and disease risk, members of the microbiome produce trimethylamine from 
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phosphatidylcholine and L-carnitine in red meat (Koeth et al., 2013; Wang et al., 2011). 

Trimethylamine (TMA) is oxidized by the liver enzyme FMO to produce trimethylamine oxide 

(TMAO), in a process that has been shown to contribute to atherosclerosis in a dose-dependent 

manner (Qi et al., 2018). Importantly, these pathways are distributed across many microbial taxa 

but not present universally in human microbiota (Campo et al., 2015; Rath et al., 2017), meaning 

that characterizing their level of activity and the microbial producers in any given individual may 

be important for assessing and addressing their risk of cardiovascular disease. 

These examples are just a few of the best-understood mechanisms by which the 

composition and metabolism of the mammalian gut microbiota can modulate health and disease. 

Beyond these, the composition of the microbiome can also impact the metabolism and mechanism 

of xenobiotic drugs (Spanogiannopoulos et al., 2016), and produce essential vitamins for the host 

including folate and riboflavin  (LeBlanc et al., 2013). From a broader perspective, microbial 

ecology researchers have described metabolic ecosystem engineering functions performed by 

microbial communities across many different hosts and environments (Burgin et al., 2011). Across 

these examples, it is notable that host responses can be extremely sensitive to the levels of 

particular microbial metabolites (as seen for SCFAs in particular). Moreover, these metabolites 

can be established or modified by different microbial taxa in different individuals, meaning that 

identifying universal microbial drivers may be challenging or futile.  

1.2 TOOLS FOR STUDYING MICROBIOMES AND THEIR METABOLISM 

  The study of the metabolic activities of the human microbiome has rapidly expanded, in 

large part due to recent technology developments. In particular, the accessibility of large-scale 

methods for comprehensively profiling microbial taxa, genes, expression, proteins, and 

metabolites has facilitated documentation of these features across human and non-human 

populations, disease states, lifestyles, environments, and perturbations. The use of these “omics” 
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technologies has vastly contributed to our understanding of human microbiome variation, although 

limitations remain in their interpretability and reproducibility. In this section, I give an overview 

of the use of several of these technologies in the context of the human microbiome. 

The ability to survey and characterize microbial populations in their natural environment 

is particularly important because so many microbes cannot be isolated and grown in a lab. In 

particular, the natural habitat of microbial residents of the gut is anaerobic, on a precisely defined 

pH gradient, extremely dense with nutrients and other microbes (the concentration of bacterial 

cells in the colon is approximately 1011 cells/mL (Berg, 1996)), and shaped by host immune cells 

(Donaldson et al., 2018), conditions that are clearly challenging to recreate in laboratory culture. 

One recent study estimated that 81% of microbial cells on the earth are from uncultured genera, 

although this number is lower for human-associated microbes (Lloyd et al., 2018), and technology 

development continues to facilitate culturing of new taxa (Lau et al., 2016; Rettedal et al., 2014).  

1.2.1 Profiling microbiome taxonomic composition with amplicon sequencing 

DNA sequence data provides a concise tool for identifying the organisms in an 

environment. The most widely used approach for characterizing the microbial taxa present in an 

environment is amplicon sequencing of the 16S rRNA gene. Ribosomal RNA genes were first 

proposed as markers of phylogenetic divergence between life forms in the 1970s, since they are 

universally conserved across all forms of life but contain highly variable and continually evolving 

regions. Carl Woese used an early analysis of sequence divergence between ribosomal sequences 

to propose the existence of the archaea (Woese and Fox, 1977; Woese et al., 1977). Norman Pace 

and colleagues then combined this insight with newer sequence technologies to perform the first 

16S rRNA microbial surveys (Olsen et al., 1986). 

A modern 16S rRNA sequencing assay proceeds by first amplifying a region of the gene 

using a PCR reaction with primers designed to target highly conserved sequence while spanning 
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one or more hypervariable regions, and then sequencing the resulting products, most commonly 

using Illumina technologies (Goodrich et al., 2014). A common approach to analyzing these data 

is to group sequences into clusters of 97% similarity, known as operational taxonomic units 

(OTUs). A more recent alternative approach is to simply discard or correct for reads likely to be 

the product of sequencing errors (Amir et al., 2017; Callahan et al., 2016), and then quantify the 

abundance of the individual remaining amplicon sequence variants (ASVs). Taxonomic and 

phylogenetic information about a 16S rRNA dataset can be inferred by comparing sequences 

against existing databases of ribosomal sequence variation, including Greengenes (McDonald et 

al., 2012), SILVA (Quast et al., 2013), and the Ribosomal Database Project (Cole et al., 2009). 

Notably, these assays only capture bacterial and archaeal diversity – other genes must be 

sequenced to assay eukaryotic microbes or viruses. Additionally, 16S rRNA sequence divergence 

is not a perfect representation of taxonomic or genomic divergence: some bacterial genomes 

encode multiple distinct 16S rRNA gene sequences (Tikhonov et al., 2015), and horizontal gene 

transfer can result in functional differences between bacterial strains with similar or identical 16S 

rRNA sequences (Brito et al., 2016), although many genomic features can be predicted with high 

accuracy from 16S rRNA-based taxonomy (Iwai et al., 2016; Langille et al., 2013). Overall, 16S 

rRNA surveys are an accessible and reliable tool for documenting microbial diversity. 

1.2.2 Metagenomic and metatranscriptomic sequencing of microbiomes 

Instead of amplifying and sequencing a targeted region, some microbiome studies simply 

sequence all of the DNA present in a microbiome sample, in what is known as shotgun 

metagenomic sequencing. This method, pioneered for the study of metabolic potential in soil 

bacterial communities (Handelsman et al., 1998), has been applied to a wide variety of samples 

and environments. Unlike 16S rRNA sequencing, metagenomics surveys the DNA of all 

organisms in an environment, and can provide information on the functional capacities of a 
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microbiome as well as its taxonomic composition. Tools to annotate shotgun metagenomic reads 

with both of these categories of information have advanced recently (Franzosa et al., 2018a; 

Greenblum et al., 2015), and their use extracts great detail from these datasets on the relationship 

between the ecology of a community and its metabolic functions (Manor and Borenstein, 2017). 

Full microbial genomes can also be assembled from metagenomic reads (Sharon and Banfield, 

2013).  

Analogously, in a metatranscriptomic study, community RNA is isolated and reverse 

transcribed, and can then be sequenced and annotated using many of the same methods as for 

metagenomics. However, metatranscriptomic assays are typically resource-intensive and 

computationally demanding: microbial mRNA is technically challenging to enrich, and the 

resulting dataset, consisting of measurements of thousands of genes across many taxa, is highly 

complex (Klingenberg and Meinicke, 2017).  

1.2.3 Metabolomics for the microbiome 

Beyond genomics, multiple metabolomics technologies can be applied to characterize 

small molecules from microbiome samples. The field of microbiome science has increasingly 

recognized the importance of measuring not just the metabolic potential of a community, but also 

its ultimate metabolite environment and phenotype (Turnbaugh and Gordon, 2008). 

These measurements are most commonly made using either gas or liquid chromatography 

paired with mass spectrometry (GC-MS or LC-MS), although nuclear magnetic resonance (NMR) 

spectroscopy is also used and can be more precise and reproducible (Cai et al., 2017; Markley et 

al., 2017). In a typical mass spectrometry metabolomics experiment, chromatography is used to 

separate components of a complex sample, and the resulting analytes are then ionized and passed 

through a mass spectrometer, which detects mass-to-charge ratios of the analytes, usually with 

high resolution (Smith et al., 2014). The mass spectrometer can either be targeted towards 
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measuring specific compounds of interest, or non-targeted (global) in order to detect as many 

compounds as possible. The choices of chromatography and ionization methods also affect the 

ability to measure different classes of compounds. The resulting data are generally processed into 

a listing of spectral peaks along with their retention times, mass-to-charge (m/z) ratios, and peak 

areas, which indicate concentration or abundance. The next challenge is to chemically identify 

these peaks, which can be done with varying levels of rigor, from a mass-based search of the m/z 

values to comparisons of spectra against library standards (Sumner et al., 2007). Several competing 

databases and tools can be used for metabolomics processing and identification (Chong et al., 

2018; Kind et al., 2009; Smith et al., 2005; Wang et al., 2016; Wishart et al., 2009), presenting 

challenges for standardization and comparison across studies and platforms. Importantly, in most 

complex samples, including human feces and serum, the majority of peaks detected by untargeted 

mass spectrometry cannot be confidently identified (Pedersen et al., 2016; Yen et al., 2015), 

although with the continual growth of reference databases, steady progress has been made towards 

solving this problem (Wishart et al., 2018).  

1.3 DOCUMENTING, MODELING, AND MANIPULATING VARIATION IN MICROBIOME 

METABOLISM 

The omics technologies described above can measure taxonomic and metabolic features of 

any microbiome. However, measuring the component parts of a community does not necessarily 

produce an explanation of how they are put together, or how they might be modified in order to 

treat a disease. Addressing those questions requires developing and evaluating predictive models, 

which is challenging in the context of the microbiome’s extensive diversity and variability. 

Therefore, two significant branches currently exist in the study of human microbiome metabolism: 

firstly, applying the omics technologies described above to document microbiome features and 

associations in a growing set of populations and conditions (“top-down”); and secondly, detailed 
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predictive modeling and experimentation to describe the metabolic activities of simple 

communities and well-studied taxa (“bottom-up”). Strategies to integrate insights from both of 

these branches may facilitate the eventual development of microbiome-based optimizations and 

therapies.     

1.3.1 Multi-omic studies of population variation in microbiome metabolism (top-down) 

First, broad observational studies using omics tools have begun to elucidate enormous 

diversity and variation in the human microbiome, and its role in health. Metagenomic sequencing 

studies have uncovered thousands of human-associated microbial strains and hinted that more 

diversity remains uncharacterized (Pasolli et al., 2019). Large-scale population studies have 

surveyed the microbiome across broad swaths of individuals, mainly in Western countries (Falony 

et al., 2016; Huttenhower et al., 2012; Lloyd-Price et al., 2017; McDonald et al., 2018a; Qin et al., 

2010; Zhernakova et al., 2016). These survey studies have found that microbiome composition 

covaries with an assortment of traits and lifestyle factors, including human genetic variation 

(Goodrich et al., 2016; Rothschild et al., 2018), diet (De Filippis et al., 2014; Wu et al., 2016), 

medication (Forslund et al., 2015), age (Gibson et al., 2016; Shen et al., 2018), socioeconomic 

status (Miller et al., 2016; Stagaman et al., 2018), and geography (Vangay et al., 2018; Yatsunenko 

et al., 2012), among others. Natural fluctuations in gut microbiome features over time have also 

been tracked at multiple levels of resolution (David et al., 2014; DiGiulio et al., 2015; Flores et 

al., 2014; Gibbons et al., 2017). Finally and most notably, associations between the microbiome 

and a wide range of diseases have been observed, suggesting that microbial features may be 

informative biomarkers of disease onset or progression (Duvallet et al., 2017; Kang et al., 2013; 

Morgan et al., 2012; O’Keefe, 2016; Wen et al., 2017; Yassour et al., 2016).  

Increasingly, these studies include “multi-omic” components, applying more than one of 

the technologies described above, and in particular combining microbiome taxonomic or 
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functional profiling with metabolomics assays (De Filippis et al., 2015; Franzosa et al., 2018b; 

Org et al., 2017; Pedersen et al., 2016; Sinha et al., 2016; Stewart et al., 2017; Zierer et al., 2018). 

This strategy has also been facilitated by improvements in sample preparation methods for multiple 

platforms (Melnik et al., 2017). It has been repeatedly recognized that this “microbiome-

metabolome” study design may be useful for not just identifying biomarkers, but also 

understanding the mechanistic implications of microbiome variation on the host (Franzosa et al., 

2015; iHMP Research Network Consortium, 2014; Knight et al., 2018; Ursell et al., 2014).  

Indeed, multi-omic studies have found strong statistical associations between microbiome 

features and metabolite levels in feces, serum, and other tissues (Califf et al., 2017; Org et al., 

2017; Srinivasan et al., 2015; Zierer et al., 2018). In some cases, these associations may be 

suggestive of particular mechanisms by which microbes interact with their metabolic environment 

and with the host (Franzosa et al., 2018b; Lin et al., 2018; McHardy et al., 2013). However, 

bioinformatic tools to assess such mechanisms in an unbiased manner, and generally for multi-

omic data integration in the context of microbial communities (as opposed to single organisms 

(Rezola et al., 2014)) are relatively scarce, meaning that the mechanisms that give rise to the 

observed associations are unclear in many cases. Moreover, it is also unclear what study designs 

and sample sizes may best promote the discovery of functional relationships between microbes, 

their metabolic activity, and human physiology and disease using these technologies.  

1.3.2 Modeling metabolic mechanisms in the microbiome (bottom-up) 

An alternative approach to studying microbial community metabolism is through detailed 

modeling and experimentation to understand individual organisms and simple model communities, 

using computational simulations and model systems.  

In particular, constraint-based metabolic modeling approaches (van der Ark et al., 2017; 

Schellenberger et al., 2011) provide systematic computational frameworks for organizing 
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knowledge of a microbial species’ metabolism and using it to predict its growth, metabolic 

phenotypes, and/or interactions with other taxa. Several platforms can automatically reconstruct 

the metabolic capacities of a species from its genome (Arkin et al., 2018; Henry et al., 2010), 

although using the resulting models to make reliable predictions typically still requires some expert 

manual curation. Collections of high-quality metabolic models are also becoming available for an 

increasing number of species (Machado et al., 2018; Magnúsdóttir et al., 2016). The resulting 

metabolic network models can be analyzed to make predictions using Flux Balance Analysis 

(Varma and Palsson, 1994) and related approaches, by calculating the maximal growth rate of a 

species within the constraints of its particular set of metabolic reactions and a specific nutrient 

environment.  

This approach has been used to describe and predict gut microbial metabolic responses to 

dietary variation (Shoaie et al., 2015) as well as interactions with host metabolism (Heinken and 

Thiele, 2015a; Mardinoglu et al., 2015). Some progress has been made towards using these models 

to predict the dynamics and interactions of communities of microbial taxa with differing metabolic 

capacities (Chan et al., 2017; Chiu et al., 2014; Erbilgin et al., 2017). However, most of these 

efforts have focused on small-scale model communities, rather than the full diversity of the human 

microbiome. Many methods have also been developed to integrate individual genome-scale 

metabolic models with transcriptomic and/or metabolomic data from single organisms grown in 

culture (Machado and Herrgård, 2014; Sajitz-Hermstein et al., 2016; Vijayakumar et al., 2017), 

mainly for the purpose of producing more constrained and accurate models. No such integration 

methods currently exist for community models. 

These computational modeling approaches are complemented by experimental model 

systems, which can validate predictions from both omics studies and computational simulations. 

These systems include culture-based study of the metabolic and growth capacities of individual 
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strains (Tramontano et al., 2018) and of small model communities of representative taxa (Biggs et 

al., 2016). Anaerobic bioreactors are capable of supporting increasingly complex gut communities 

and can be finely tuned and manipulated (Williams et al., 2015). Finally, experiments with 

gnotobiotic animals (which are exposed to a controlled set of microbes in a sterile lab environment) 

are a powerful system for evaluating causality in host-microbiome interactions, at the level of 

either individual taxa or entire communities (Goodman et al., 2011), although mice are clearly not 

identical to humans, and the structural differences in their digestive tract can be a potential 

confounder for such studies (Nguyen et al., 2015). 

1.3.3 Merging top-down and bottom-up approaches to advance rational manipulation of 

microbiome metabolism 

A stated goal of much of human microbiome research is to develop strategies to modify 

and control microbial composition in order to optimize health or treat disease (Stegen et al., 2018; 

Zeevi et al., 2015). This concept has a long history: Eli Metchnikoff proposed in the early 1900s 

that consuming live bacteria from yogurt could promote health and extend lifespan (Schlesinger 

and Metchnikoff, 1908). It has gained traction with increased awareness of the microbiome’s 

connections to health and disease, and is supported by the idea that microbiome composition is 

more transient and responsive than the human genome (Nayak and Turnbaugh, 2016).  

General probiotics and fecal microbiome transplants have been moderately successful at 

modifying the human microbiome to treat infectious and inflammatory diseases (Bisanz et al., 

2014; Fuentes et al., 2017; McDonald et al., 2018b; Suez et al., 2018). However, a rationally 

designed and personalized approach may ultimately prove more fruitful. In a promising example, 

early stage experiments have found that small molecule inhibitors of microbial TMA-producing 

enzymes can reduce circulating TMAO levels and correspondingly thrombosis potential in animal 

models (Roberts et al., 2018). Notably, this therapy would only be relevant to those who possess 
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this pathway in their microbiome (Rath et al., 2017), and its effectiveness might further depend on 

the specific taxa involved and their ecological interactions within the community.  

Therefore, the broader use of systematic microbiome-targeted therapies requires ongoing 

improvements in both measurement and simulation technologies, as well as the ability to integrate 

measurements and models to accurately assess mechanisms. Any rationally designed microbiome 

manipulation will typically first require establishing a) what microbial process to target, b) which 

microbes perform the process of interest, and c) whether the answers to a) and b) are universal or 

(more likely) variable across the human population. Some initial steps have been taken to be able 

to answer these questions systematically using omics data: for example, a recent study described 

how the interspecies metabolic interactions, as estimated by community metabolic modeling, differ 

between colorectal cancer subtypes (Hale et al., 2018). Other studies have used ad hoc analysis 

approaches to microbiome-metabolome data to assess differentially abundant metabolic processes 

in a set of disease-associated microbiome samples and identify taxa that might be performing them 

(Franzosa et al., 2018b; McHardy et al., 2013; Pedersen et al., 2016) However, the validity and 

accuracy of these approaches in the context of complex and variable communities remains 

undetermined, an important obstacle to any future translational application.  

1.4 AIMS OF THIS WORK 

Advances in both omics technologies and metabolic modeling present an opportunity to 

start developing strategies to synthesize insights from both of these research directions, and to infer 

the key workings of a microbiome from a list of its constituent parts. Validating that such strategies 

can feasibly and accurately answer mechanistic questions will also require new approaches. The 

objective of this work is therefore to assess whether metabolic modeling and metabolic reference 

databases can inform integrative analysis of microbiome-metabolome data, and to introduce 

broadly applicable conceptual frameworks and software for doing so. 
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Specifically, I first present an initial modeling approach for linking paired microbiome-

metabolome datasets with each other and with metabolic reference data. The method assesses 

whether measured variation in each metabolite is consistent with expectations based on taxonomic 

abundances and estimated community metabolic potential, and if so, identifies potential species 

and reaction contributors to the observed variation. I found that this approach can inform data 

interpretation for a high number of metabolites, more than expected from randomized reference 

data, in the vaginal and mouse microbiome, and that this variation displays consistent properties 

across datasets and environments.  

Secondly, I demonstrate the utility of this method, implemented as an R package named 

MIMOSA, in two additional case studies to inform two different sets of research questions: the 

first on the linked impacts of diet and microbiome on the metabolome, and the second on metabolic 

contributions of the microbiota in autism spectrum disorder. 

Thirdly, I introduce frameworks for evaluating microbiome-metabolome studies. I describe 

a metric for quantifying the flux-based contribution of each member of a microbial community to 

variation in the environmental concentration of any metabolite, and report the calculation of these 

contributions from dynamic simulation data to identify a set of gold-standard microbe-metabolite 

links. Using these contributions, I evaluated how well a commonly used analysis approach, 

species-metabolite correlation analysis, can recover these gold-standard links and how this is 

influenced by properties of the species, metabolites, and communities in question. 

Finally, I describe an improved version of the MIMOSA software for inferring mechanistic 

links between taxa and metabolites from microbiome-metabolome data. This new tool is informed 

by the previous case studies and evaluation framework, has been tested for its ability to identify 

true key contributors from simulated data, and includes additional improvements in usability and 

compatibility with reference databases. 
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Chapter 2. METABOLIC MODEL-BASED INTEGRATION OF 
MICROBIOME TAXONOMIC AND 

METABOLOMIC PROFILES ELUCIDATES 

MECHANISTIC LINKS BETWEEN 
ECOLOGICAL AND METABOLIC VARIATION	 

This chapter is based on the following manuscript published in mSystems:  

Noecker, C., A. Eng, S. Srinivasan, C. Theriot, V. Young, J. Jansson, D. Fredricks and E. Boren- 

stein. Metabolic model-based integration of microbiome taxonomic and metabolomic profiles elu- 

cidates mechanistic links between ecological and metabolic variation. mSystems. 1(1):e00013-15, 

doi:10.1128/mSystems.00013-15, 2016.  

 

Multiple molecular assays now enable high-throughput profiling of the ecology, metabolic 

capacity, and activity of the human microbiome. However, analyses of such multi-meta-omic data 

typically focus on statistical associations, often ignoring extensive prior knowledge of the 

mechanisms linking these various facets of the microbiome. In this chapter I introduce a 

comprehensive framework to systematically link variation in metabolomic data with community 

composition by utilizing taxonomic, genomic, and metabolic information. Specifically, I integrate 

available and inferred genomic data, metabolic network modeling, and a method for predicting 

community-wide metabolite turnover to estimate the potential of a given community to synthesize 

and/or degrade individual metabolites. The framework then compares variation in predicted 

metabolic potential with variation in measured metabolites’ abundances to evaluate whether 

community composition can explain observed shifts in the community metabolome, and to identify 
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key taxa and gene contributors. Focusing on two independent vaginal microbiome datasets, each 

pairing 16S rRNA community profiling with large-scale metabolomics, we demonstrate that our 

framework successfully recapitulates observed variation in a substantial share of metabolites 

(37%). Well-predicted metabolite variation tends to result from disease-associated metabolism. 

We further identify several disease-enriched species that significantly contribute to these 

predictions. Interestingly, our analysis also detects metabolites for which predicted variation 

negatively correlates with measured variation, suggesting environmental control points of 

community metabolism. Applying this framework to gut microbiome datasets reveals similar 

trends, including prediction of bile acid metabolite shifts. This framework is an important first step 

towards a system-level multi-omic integration and an improved mechanistic understanding of the 

microbiome activity and dynamics in health and disease.  

2.1 BACKGROUND 

The human microbiome carries out a plethora of metabolic processes which are often 

vital to the health of the host. Microbiome metabolic activity can, for example, impact energy 

harvest, inflammation, and infection susceptibility (Ferreyra et al., 2014; Smith et al., 2013b; 

Turnbaugh et al., 2006), suggesting that alterations in community metabolism may be an important 

mechanism underlying an array of poorly understood associations between the composition of the 

microbiome and disease (Cox et al., 2014; Koeth et al., 2013; Stefka et al., 2014). Indeed, the 

metabolic capacity of the gut microbiome appears to be relatively constant across healthy 

individuals (Huttenhower et al., 2012), yet can vary dramatically in response to perturbations 

such as antibiotic treatment or diet changes (David et al., 2013; Pérez-Cobas et al., 2013) or in a 

variety of disease states (Morgan et al., 2012; Qin et al., 2012).  

Understanding the relationship between the composition of the microbiome and its 

metabolic activity (and ultimately, the development of microbiome-associated diseases) is 
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therefore an important task. To this end, numerous recent studies have paired comprehensive 

taxonomic characterization (based on, for example, 16S rRNA gene assays) with metabolomic 

profiling, aiming to reveal and evaluate the mechanisms underlying taxonomic and metabolic 

shifts in the microbiome across diverse environments and disease states (Cowan et al., 2014; 

Daniel et al., 2014; Edlund et al., 2015; Erickson et al., 2012; He et al., 2015; Kim et al., 2015; Lu 

et al., 2014; Mao et al., 2014; Marcobal et al., 2013; Shankar et al., 2015; Srinivasan et al., 2015; 

Theriot et al., 2014; Tong et al., 2014; Walker et al., 2014a; Weir et al., 2013; Zhang et al., 2015). 

To date, however, methods for integrating taxonomic and metabolomic data are lacking and 

consequently the vast majority of these studies have analyzed community composition and 

metabolite profiles independently or focused on identifying statistical associations between these 

two data types.  

While the discovery of such associations is clearly an important first step in describing the 

function and dynamics of the microbiome in health and disease, association analyses ignore 

extensive prior knowledge of genomic capacities and metabolic mechanisms that link community 

ecology and metabolism and may accordingly fall short of gaining a systems-level mechanistic 

understanding of such complex ecosystems. For example, a strong correlation between a species 

and a metabolite may have very different interpretations depending on whether the species in 

question is known to degrade that metabolite or to synthesize it. Integrating the taxonomic and 

metabolomic profiles of the system under study therefore requires not only linking these two 

datasets but also the incorporation of prior reference information about the metabolic capacities of 

various community members and the way such capacities interact. Specifically, an integrated 

analysis could shed light on the extent to which variation in a metabolite of interest can be 

explained by observed shifts in community ecology and metabolic capacity as opposed to 

alternative environmental factors. This is crucial for gaining a comprehensive understanding of the 
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microbiome and for future efforts to modulate metabolic phenotypes via microbiome-based 

interventions.  

Several recent studies have taken initial steps to address this challenge. One avenue of 

research aims to reconstruct predictive metabolic models of community metabolism in various 

settings (using, for example, constraint-based modeling), which can then potentially be validated 

by metabolomic profiling (Chiu et al., 2014; Heinken and Thiele, 2015a; Shoaie et al., 2015). This 

approach, however, depends on relatively complete and high-quality metabolic models of the 

species involved, and may therefore not scale well to complex communities with partially 

characterized taxa. Other studies have used information about enzymatic reactions to infer 

metabolic turnover potential from taxonomic composition and metagenome content (Larsen and 

Dai, 2015; Larsen et al., 2011). Yet, these studies focused on comparing predicted metabolic 

potential to environmental parameters or community dysbiosis, rather than to detailed, large-scale 

metabolomic phenotypes. McHardy et al. (2013) used correlation network analysis to cluster 

metabolites and evaluated the correspondence between the resulting clusters and metabolically 

related pathway abundances, an approach that successfully quantified relationships between 

functional pathways and metabolites but that was still primarily association-based and difficult to 

interpret. Sridharan et al. (2014) similarly focused on a small subset of metabolism, constructing 

a reference genome-based supraorganism metabolic network model and applying a pathway 

construction algorithm to predict bioactive aromatic microbial metabolites likely to be found in 

the human gut. These studies all show the tremendous promise of linking microbial composition 

to metabolomic variation based on prior knowledge of the various metabolic processes, yet are 

still limited in scale and call for the development of a systematic, mechanistic approach for 

evaluating the relationships between the community ecology and metabolite shifts.  
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Here, we therefore present a comprehensive analytical multi-omic framework for 

integrating community structure and metabolic profile, aiming to elucidate 

mechanisms underlying metabolic variation in the human microbiome. This framework first infers 

community gene content based on available and inferred genomic information, and adapts a 

method originally developed to interpret environmental metagenomes (Larsen et al., 2011) to 

approximate the potential effect of the microbiome on each metabolite. We 

systematically compare these estimates to measured metabolome variation and interpret the results 

in terms of metabolic mechanisms based on taxonomic shifts. We apply this framework to two 

datasets pairing community taxonomic composition and global metabolite profiles from the 

vaginal microbiome, as well as to datasets from the gut microbiome of humans and mice. Using 

this framework, we identify a large number of metabolites whose variation across samples can be 

explained (or “predicted”) by shifts in microbial community composition and the metabolic 

capacity of the various member species. We further use this approach to identify species and 

reactions that are key contributors to the calculated community-wide metabolic potential, and 

highlight putative alternative mechanisms for poorly predicted metabolites. Importantly, our 

analysis detects broad trends in metabolite predictability across datasets and serves as a proof-of-

concept of the use of systematic mechanism-based integration of multi-omic data to gain new 

insight into microbial community metabolism.  

2.2 METHODS 

2.2.1 Assembling and processing datasets 

We obtained several previously published datasets (Erickson et al., 2012; Jansson et al., 

2009; Jozefczuk et al., 2010; Srinivasan et al., 2015; Theriot et al., 2014) from publicly available 

databases or through a collaboration, each pairing 16S rRNA gene-based taxonomic data with 
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metabolomic profiles. For vaginal samples, DNA was extracted for 16S rRNA gene analysis from 

vaginal swabs, and cervicovaginal lavage fluid was collected for metabolomic analysis. Samples 

from the first dataset (Dataset 1) were analyzed for taxonomic composition using quantitative PCR 

(qPCR) with primers and probes specific for 14 vaginal bacterial species, and for metabolites using 

global liquid (LC-MS) and gas chromatography (GC-MS) coupled with mass spectrometry for 

metabolomics. Samples from the second dataset (Dataset 2) were analyzed by using broad-range 

16S rRNA gene PCR coupled with high-throughput 454 sequencing of the 16S rRNA gene (Roche 

454), and targeted metabolomics using LC-MS with multiple reaction monitoring for 180 

compounds, chosen partially based on findings from Dataset 1. In Dataset 3, taxonomic 

composition was assayed using 454 FLX Titanium sequencing of V3-V5 regions of the 16S rRNA 

gene, and metabolites were measured using global LC-MS and GC-MS metabolomics. Dataset 4 

paired Roche 454 shotgun sequencing of sample DNA with FT-ICR-MS metabolomics. See Table 

A1 for details about each dataset. Metabolite and transcript (microarray) data for the E. coli dataset 

were downloaded, profiling E. coli grown in culture, treated with five different stress-based 

perturbation, and assayed before and after perturbation. We included only one time point before 

perturbation and one immediately after for each biological replicate in our analysis. We mapped 

identified metabolite names to KEGG IDs following the same approach as for Dataset 2.  

We re-processed 16S rRNA taxonomic sequencing datasets via a standard closed-reference 

OTU picking pipeline using QIIME v1.8.0 (Caporaso et al., 2010a, 2010b; DeSantis et al., 2006; 

Edgar, 2010; McDonald et al., 2012) and rarefied the resulting OTU tables to the number of reads 

in the lowest coverage sample. For Dataset 2, we confirmed that this pipeline produced similar 

taxonomic profiles as the pplacer method used in the original publication (Pearson correlation 

across samples of all genera quantified by both methods was 0.97). We did not normalize the 16S 

rRNA gene qPCR data of Dataset 1. A subset of samples in Dataset 1 also had associated 16S 
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rRNA gene sequencing data, on the basis of which we removed one outlier sample whose 

sequencing results were dominated by a species not profiled by qPCR. For the E. coli gene 

expression data, we used the KEGG API to map gene IDs to KEGG orthology groups (KOs) for 

consistency with the other datasets, and used the provided normalized microarray intensities.  

Processing of metabolomic data varied depending on the technology used. For Datasets 

1 and 3, in which metabolomic profiles were produced by Metabolon, Inc. and included detailed 

metabolite identifications, we filtered out compounds without KEGG identifications and used the 

raw peak area values. For Dataset 2 (generated at the Northwest Metabolomics Research Center) 

and the E. coli dataset, we used the KEGG API (Kanehisa and Goto, 2000) to associate named and 

measured compounds with KEGG metabolite IDs. For Dataset 4, which lacked confident library-

based metabolite identifications, we used MetaboSearch (Zhou et al., 2012) to perform a mass-

based search against the Metlin, MMCD, LipidMaps, and HMDB databases (Cui et al., 2008; 

Smith et al., 2005; Sud et al., 2007; Wishart et al., 2009), with a matching threshold of 1 ppm. The 

KEGG identifications with the smallest mass difference were assigned as the putative 

identification, following (McHardy et al., 2013; Tong et al., 2014). When multiple putative 

identifications had the same difference in mass from a peak, preference was given to metabolites 

in the metabolic network generated based on species abundances, using genomic information as 

additional support for the presence of that metabolite. When multiple putative KEGG 

identifications remained, one was randomly assigned to that peak. If multiple peaks mapped to the 

same KEGG metabolite ID, their abundances were summed. Metabolites with non-zero abundance 

in <5 samples were discarded from downstream analysis.  

2.2.2 Predicting metagenome content from taxonomic composition  

For Datasets 2 and 3 we used PICRUSt (Langille et al., 2013) to predict metagenome 

content across samples based on taxonomic composition, and normalized the resulting predictions 
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using MUSiCC (Manor and Borenstein, 2015) (Release 1.0). To predict genome content from the 

qPCR species abundances in Dataset 1, we searched IMG for available reference genomes. For 11 

out of the 14 species profiled, at least one reference genome was available. When multiple 

reference genomes were available for a given species, we selected either the highest quality 

genome or a genome from a vaginal isolate (in consultation with the researchers that generated 

this dataset). See Table S2 for details about the genomes used. We downloaded KEGG orthology 

(KO) annotations for these genomes from IMG (January 2014) and predicted the metagenome as 

a product of the reference genome KO annotations and species abundances. For Dataset 4, 

orthology group abundances were estimated directly from shotgun sequencing reads using a 

BLAST-based annotation pipeline (Carr and Borenstein, 2014).  

2.2.3 Metabolic network reconstruction and CMP score calculation  

We adapted the PRMT (Predicted Relative Metabolomic Turnover) method developed by 

(Larsen et al., 2011) to estimate the metabolic potential of a microbial community based on 

measurements of gene content. This method does not predict metabolite fluxes or concentration 

directly; instead, it synthesizes and integrates information about gene abundances in terms of 

KEGG orthology groups and a stoichiometric matrix describing quantitative relationship between 

genes and metabolites to provide an estimate of the way community composition may impact each 

metabolite’s abundance. To this end, we first created a modified stoichiometric matrix M in which 

each row represents a particular metabolite and each column represents a particular gene (KO), 

such that each cell Mij represents the combined relative capacity for enzymatic gene j to modify 

metabolite i (see (Larsen et al., 2011)). To create this matrix, we utilized pathway reaction 

information and stoichiometric coefficients from the Kyoto Encyclopedia of Genes and Genomes 

(KEGG) (Kanehisa and Goto, 2000). Specifically, for each reaction catalyzed by an enzyme coded 

by gene x that transforms metabolite A into metabolite B with stoichiometric coefficients c and d 
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respectively, we subtract c from MAx and add d to MBx. To focus our analysis on the primary 

transformations catalyzed by each enzyme, we only linked genes to reactions and metabolites that 

are annotated in KEGG metabolic pathways, using the reaction_mapformula.lst file from the 

KEGG database (2013 version). We then filtered this matrix to only include reactions annotated 

as occurring in a single direction, ignoring all reversible reactions that cannot contribute to 

metabolite predictions and all metabolites involved in only reversible reactions. Lastly, we 

performed two additional modifications: First, following previous studies (Greenblum et al., 2012; 

Taxis et al., 2015), we excluded "currency" metabolites that are involved in reactions associated 

with 30 or more genes from the final matrix. Second, following (Larsen et al., 2011), we 

normalized each row of M such that all negative elements sum to -1 and all positive elements sum 

to 1. The resulting matrix accordingly estimates the relative contribution of each gene to the 

accumulation or depletion of each metabolite. We then multiply this M matrix with a matrix G that 

represents the abundance of each gene in each sample to obtain community-wide metabolic 

potential (CMP) scores, capturing the relative capacity of the metagenome content of each sample 

to create or deplete each metabolite.  

2.2.4 Comparing CMP scores with metabolomic data  

Notably, since CMP scores represent relative predictions, they can only be interpreted in 

the context of comparisons between samples (assuming some baseline metabolite profile across 

samples). Accordingly, to assess how the obtained CMP scores compare to measured metabolomic 

variation, we performed a Mantel test for each metabolite, assessing the correlation between 

pairwise differences (across all pairs of samples) in CMP scores and the corresponding pairwise 

differences in measured metabolite abundances. We further corrected for multiple hypothesis 

testing using a local FDR approach implemented in the R package qvalue (Dabney and Storey, 

2015), and classified metabolites with both a Mantel p-value and FDR q-value less than 0.01 as 
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well-predicted. We evaluated the significance of negative pairwise correlations in a similar 

manner, classifying metabolites as anti-predicted based on the same significance cutoffs.  

2.2.5 Testing significance with randomly shuffled networks and metabolite labels  

Given the covariance structure of the dataset, we also wished to quantify whether our 

framework identified more well-predicted metabolites than expected by chance. To this end, we 

repeatedly generated randomized metabolic networks, ran our framework as detailed above using 

the randomized network to link genes to metabolites, and compared the number of well-predicted 

metabolites obtained with these randomized networks to the number of well-predicted metabolites 

obtained with the original network. To preserve the core structural characteristics of the original 

network, random networks were generated following the edge shuffling approach outlined in 

(Milo, 2002) (exchanging edges 5000 times to produce each network).  

We also used a permutation-based approach to evaluate whether anti-predicted metabolites 

are linked by a metabolic reaction to well-predicted metabolites more frequently than expected by 

chance. To this end, we repeatedly permuted the labels of every metabolite in the network while 

maintaining a fixed network topology. We counted the number of times an anti-predicted 

metabolite was connected to a well-predicted metabolite by a synthesizing reaction, a depleting 

reaction, or a reversible reaction in these permuted networks and compared the resulting 

distribution with the numbers obtained using the original data.  

2.2.6 Identifying key species and gene contributors  

To quantify the contribution of each species to the calculated CMP scores of each 

metabolite and to identify key species contributors, we examined the Pearson correlation between 

the CMP scores obtained for a given metabolite across samples using the entire community and 

the CMP scores calculated based on each species by itself (i.e., recalculating the metagenome 
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content and CMP scores based solely on the abundance of each species separately). Species for 

which this correlation coefficient for a given metabolite was >0.5 were considered key species 

contributors for that metabolite.  

To compare key species contributors between Datasets 1 and 2, we identified 

corresponding species across the two datasets by searching the Greengenes 97% OTU 

representative sequence set for exact matches with the PCR primers used by (Srinivasan et al., 

2015) to generate Dataset 1. Notably, this mapping identified OTU 4377809 as Mageeibacillus 

indolicus (previously known as BVAB3), OTU 227000 (mistakenly characterized as 

Shuttleworthia) as BVAB1, and OTU 133178 as Eggerthella sp 1.  

To identify key gene contributors to the calculated CMP scores of for each metabolite, we 

examined the Pearson correlation between the CMP scores obtained for a given metabolite across 

samples using the original stoichiometric matrix and the CMP scores calculated when using a 

matrix in which the link between the gene in question and the metabolite was deleted (i.e., zeroing 

the corresponding entry in the matrix). Genes for which this correlation was <0.5 were considered 

key contributors for that metabolite. We further defined any reaction catalyzed by the enzyme 

coded by that gene as a key reaction contributor. In addition, if all of the key reaction contributors 

of a given metabolite produce that metabolite, we classified that metabolite’s CMP scores as driven 

primarily by synthesis. We similarly classified a metabolite whose key reaction contributors all 

deplete that metabolite as driven primarily by degradation.  

2.3 RESULTS 

2.3.1 A metabolic model-based framework for integrating taxonomic and metabolomic data  

We developed a computational framework to systematically link variation in community 

ecology with observed variation in its metabolic phenotype (Figure 2.1). Our framework 
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specifically assesses whether the measured between-sample variation in metabolite abundances 

can be explained by observed shifts in species composition and information about the metabolic 

capacity of each species.  

Briefly, our framework first infers the metagenome content for each sample based on 

taxonomic composition and available or inferred reference genome information (Langille et al., 

2013). Inferred metagenomes are then normalized using a previously introduced 

method (MUSiCC; (Manor and Borenstein, 2015)), resulting in an estimate of the average copy 

number of each gene across microbiome genomes. Next, our framework applies a method for 

predicting relative metabolic turnover (Larsen et al., 2011), using a metabolic network model to 

translate the resulting enzymatic gene abundance estimates into community-based metabolite 

potential (CMP) scores. These scores represent the relative capacity of the community in a given 

sample to generate or deplete each metabolite, based on metabolic reference information that 

links enzymes to their substrates and products (Kanehisa and Goto, 2000). To evaluate these 

scores, our framework then compares for each metabolite the differences in CMP scores between 

all pairs of samples with the differences in the corresponding measured metabolite abundance. 

Using these pairwise comparisons and a statistical test for correlation between two distance 

matrices, our framework evaluates whether there is an agreement between variation in predicted 

CMP scores and variation in measured metabolite abundances. We term those metabolites for 

which this agreement is statistically significant “well-predicted”. Finally, our framework uses a 

perturbation-based approach to identify the bacterial species, genes, and reactions that are the key 

mechanistic contributors to calculated CMP scores. A more detailed description of this framework 

can be found in the Materials and Methods section.  
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Figure 2.1. Framework for integrating taxonomic and metabolomic data.  

Species composition is first used to predict the metagenome’s gene content, which is then 

paired with reaction information to estimate the community metabolic potential (CMP) for each 

sample and metabolite. Variation in predicted CMP scores is compared to variation in measured 

metabolite abundances (using pairwise differences) to identify well-predicted metabolites. A 

perturbation-based approach is used to additionally identify key species, gene, and reaction 

contributors to CMP scores. 

2.3.2 Metabolic model-based prediction explains metabolite variation in the vaginal 

microbiome based on taxonomic shifts  

We first applied our framework to datasets pairing bacterial community and metabolomic 

profiles from the vaginal microbiome, a relatively simple community typically dominated by a 

limited number of species. We specifically analyzed two independently obtained datasets (each 

consisting of ~70 samples; Table A1), characterizing the vaginal microbiome and metabolome of 

healthy women and women with bacterial vaginosis (BV) (Srinivasan et al., 2015). Samples from 

the first dataset (Dataset 1) were analyzed for taxonomic composition using quantitative PCR 

(qPCR) for 14 vaginal bacterial species and for metabolites using global LC-MS and GC-MS, 
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whereas samples from the second dataset (Dataset 2) were analyzed using broad-range 16S rRNA 

gene sequencing and targeted LC-MS (see Methods).  

In each of these datasets, we used our framework to calculate the CMP score for each 

metabolite and in each sample. Of the metabolites assayed in each dataset, roughly 50% could not 

be associated with a CMP score due to missing or non-informative linked reference gene and 

reaction data, and were accordingly discarded from downstream analysis. CMP scores of the 

remaining metabolites were compared to measured metabolite abundances as described above to 

examine whether the observed variation in the metabolite abundances across samples can be 

explained mechanistically by variation in the set of species comprising the community. 

Surprisingly, we found that 40.2% of the analyzed metabolites in Dataset 1 and 34.5% of 

metabolites analyzed in Dataset 2 were well-predicted, suggesting that for a substantial fraction of 

metabolites information about the metabolic capabilities for the member species is sufficient to 

explain observed differences in metabolite abundance. We further confirmed that the identification 

of well-predicted metabolites and the correlations observed between calculated CMP scores and 

measured abundances are not artifacts of the data covariance structure, using randomized 

metabolic networks to generate a predictability null model. We found that randomized networks 

produced a consistently lower proportion of well-predicted metabolites compared to the real 

network (p<0.01 for both datasets). Metabolites analyzed in both datasets were generally 

predictable at similar levels (ρ=0.63, Spearman correlation test; Figure 7.1). Finally, we also 

observed a significant overlap between metabolites for which variation in CMP scores was 

significantly correlated with variation in measured metabolite abundance in both Datasets 1 and 2 

and in a simple monoculture-based E. coli dataset (p=0.04; Fisher exact text; see Appendix A 

and Figure 7.2). This finding suggests that our framework may identify consistent control points 

in microbial metabolism.  
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We next examined whether well-predicted metabolites tend to be associated with specific 

metabolic categories or host state. We found that well-predicted metabolites spanned a range of 

metabolic categories (Figure 2.2A). Specifically, well-predicted metabolites represent all major 

metabolic categories, with many well-predicted metabolites associated with amino-acid 

metabolism, an important category of microbe-mediated processes in this environment. 

Additionally, 60% and 40% of the strongly BV-enriched metabolites, including known metabolic 

markers of BV (Wolrath et al., 2001) such as the amino acid catabolites N-acetylputrescine, 

spermidine, and citrulline, were predicted well in each dataset respectively (Figure 2.2B).  

Interestingly, we also observed a substantial portion of metabolites in which variation in 

CMP score was strongly negatively correlated with variation in measured abundances (25.6% in 

Dataset 1 and 29.3% in Dataset 2). These anti-predicted metabolites were often linked to a well-

predicted metabolite either by a reversible reaction (which is not factored into CMP score 

calculation; 7 and 4 metabolite pairs in Dataset 1 and 2 respectively) or by a reaction synthesizing 

the anti-predicted metabolite from a well-predicted metabolite (6 and 2 metabolite pairs). For 

example, in Dataset 1, glutamate is well-predicted while glutamine, a metabolite that can be 

synthesized from glutamate, is anti-predicted, suggesting that other unaccounted-for factors 

influence its abundance in this environment. Overall, anti-predicted metabolites were adjacent to 

well-predicted metabolites more frequently than expected by chance (15 and 8 metabolite pairs, p 

< 0.005 and p < 0.03 in Dataset 1 and 2 respectively, permutation-based test). Such anti-predicted 

metabolites may be the result of missing information about community composition or genomic 

capacities. However, it may also point to environmentally-regulated points in metabolism (as 

opposed to microbiome-controlled metabolites), where an environmental change in metabolite 

abundance and nutrient availability give rise to taxonomic shifts in the microbiome. Put differently, 

whereas for well-predicted metabolites an increase in their abundance correlates with an increase 
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in the abundance of species with the capacity to synthesize them, increase in the abundance of 

anti-predicted metabolites can be potentially introduced by the environment, leading to selection 

for species with the capacity to degrade them (and see also Discussion).  

 
 

Figure 2.2. Metabolite predictability across metabolic categories (A) and disease states 

(B) in the vaginal microbiome.  

Well-predicted metabolites are defined as those for which variation in CMP scores is 

significantly correlated (using a Mantel test) with variation in measured metabolite abundance at 

a false discovery rate (FDR) of 0.01. Anti-predicted metabolites are similarly defined as those for 

which variation in CMP scores is significantly negatively correlated with variation in measured 

metabolite abundances (FDR 0.01). Metabolic categorization is based on KEGG data, and 

disease enrichment is based on a Wilcoxon rank sum test for association with bacterial vaginosis 

(BV) with a Bonferroni-corrected P value of <0.1. 

2.3.3 A small set of BV-enriched bacterial species explains a large portion of metabolome 

variation  

We next examined the contribution of individual species to the calculated CMP scores of 

each metabolite. We quantified each species’ contribution as the correlation between a CMP score 

that is calculated based on that species alone (e.g., ignoring all other species in the community) 

with the community-wide CMP score described above. We defined species for which this 

correlation was above 0.5 as key contributors. We use an effect size cutoff for this designation in 
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order to maintain a consistent definition across datasets of varying sample sizes, and because the 

significance of the overall correspondence between CMP scores and metabolite abundances has 

already been assessed. We first focused on Dataset 1, in which only a small number of species was 

assayed but the availability of absolute concentration data (owing to the use of qPCR) may better 

distinguish key species in the community. In total, we found that 10 out of the 11 species profiled 

in Dataset 1 were key contributors to at least one metabolite. Importantly, the vast majority of 

metabolites (93.9%) had 4 or fewer key contributors, yet the particular combination of species 

varied widely across metabolites. This suggests that shifts in the abundance of each metabolite 

(and in particular shifts associated with the BV state) may be attributed to a small number of 

species rather than to community-wide dysbiosis. For instance, although both N-acetylputrescine 

and citrulline are BV-enriched polyamine metabolites, the increased abundance of N-

acetylputrescine in BV is driven mostly in both datasets by the genomic capacities and variation 

in the abundance of Prevotella species, while citrulline’s enrichment is driven primarily by 

Atopobium vaginae and Eggerthella. Species contributing to the CMP scores of anti-predicted 

metabolites also recover known processes: for example, Lactobacillus iners is the only key species 

contributor driving the anti-prediction of glycerol in Dataset 1 (due to L. iners genome encoding 

glycerol utilization genes). A recent metatranscriptomic study of vaginal L. iners found evidence 

that this species is the only member of this community known to use glycerol as a carbon source 

(Macklaim et al., 2013), which combined with our results suggests that a vaginal environment with 

glycerol availability may promote L. iners growth.  

We further examined the number of metabolites (and specifically well-predicted 

metabolites) for which each species was a key contributor to CMP score calculation. We found 

that in Dataset 1, Eggerthella sp. 1 and Megasphaera type 1 were key contributors to a particularly 

high number of metabolites, relative to other species (Figure 2.3). BV-enriched metabolites 
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predicted well primarily by these two species alone include N-acetylneuraminate, ethanolamine, 

and the lipid metabolites 4-trimethylaminobutanoate/gamma-butyrobetaine and 3-methyl-2-

oxobutanoate (see also Figure 7.3). Notably, these are neither the most abundant nor the most 

variable species in this dataset, although Eggerthella sp. 1 is the most differentially abundant 

species between healthy and BV samples based on Wilcoxon rank-sum tests (p < 10-8), whereas 

Megasphaera is fifth-most differentially abundant (p < 10-7). Eggerthella also has the largest 

genome of any of the profiled species in terms of the number of protein coding genes (2936 genes). 

Combined, these findings illustrate that the species contributing most significantly to potential 

shifts in disease-associated metabolic phenotypes may not necessarily be the most abundant or 

most variable species, and that observed metabolic shifts are the product of complex dependencies 

between ecological dynamics and metabolic capacity.  

These trends are partially recapitulated in Dataset 2 (Figure 7.4). Specifically, 31 out of the 

171 OTUs in this dataset were key contributors to at least one metabolite. Again, most metabolites 

(62%) had 4 or fewer key contributors, but the combination of OTUs varied across metabolites. 

Out of the 42 metabolites analyzed in both datasets, 24 share at least one key contributing genus, 

including 9 out of the 11 metabolites predicted well in both datasets (Figure 7.4B). Interestingly, 

however, the OTUs that contributed to the CMP scores of the most well-predicted metabolites in 

Dataset 2 included an OTU (4377809) corresponding to the bacterium Mageeibacillus indolicus 

(previously known as BVAB3), a Prevotella OTU (403822), and an OTU (227000) identified as 

BVAB1 (of which, only M. indolicus was analyzed in Dataset 1). An OTU corresponding to the 

Eggerthella species noted in Dataset 1 was also a key contributor to many well-predicted 

metabolites. Relatively low contributions to CMP scores by Lactobacillus crispatus (typically 

associated with health) and Atopobium vaginae were consistent between the two datasets. Given 

the differences in taxonomic profiling methods between the two datasets (qPCR versus 16S rRNA 
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gene sequencing), difference in the way genomic content was inferred (reference genomes versus 

PICRUSt-based predictions), missing reference genomic information for three species assayed in 

Dataset 1, and the focus on selected metabolites of interest in Dataset 2, variation in the obtained 

key contributors is perhaps not surprising. For example, the increased importance of M. indolicus 

in Dataset 2 could be a function of differences in the features of metabolites assayed and analyzed 

between the two datasets, or from differences in reference information; a total of 88 out of 732 

KOs differed in copy number between the reference genome used for prediction in Dataset 1 and 

the predicted genome content for the corresponding OTU in Dataset 2.  

 
Figure 2.3. Key species contributors to metabolites in the vaginal microbiome.  

Each species that participated in the calculation of CMP scores in data set 1 is shown along 

the y axis. The x axis indicates the numbers of well-predicted and anti-predicted metabolites (as 
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well as those with nonsignificant predictions) for which that species was a key contributor (see 

Methods). 

 

2.3.4 Well-predicted metabolites tend to be involved in condition-specific metabolism.  

We next set out to identify key gene contributors to each metabolite’s CMP score, by 

calculating the correlation between the original CMP scores and a CMP score calculated when the 

link between the gene in question and the metabolite is deleted from the metabolic model 

(Methods). Genes for which this correlation was less than 0.5 were considered key contributors 

for that metabolite and any reaction catalyzed by the enzyme encoded by that gene was considered 

a key reaction contributor. This analysis relates specific combinations of reaction information and 

genomic shifts to the predicted potential for metabolite variation, allowing us to examine whether 

our approach recovers known metabolic mechanisms (Figure 7.3). For example, CMP scores for 

well-predicted amino acid derivatives including N-acetylputrescine and citrulline were driven by 

synthesis enzymes forming part of amino acid catabolism pathways and encoded by BV-associated 

bacteria (Figure 7.3A,B). A subset of amino acids, including glutamate and phenylalanine, were 

predicted well on the basis of a combination of available biosynthesis pathways and predicted 

abundance of tRNA synthetase genes and degradation pathways. Pyruvate levels were slightly 

lower in BV samples and predicted well primarily by acetolactate synthase, which catalyzes the 

first step diverting pyruvate to branched chain amino acid synthesis. This mechanism is consistent 

with the overall shift from carbohydrate-based to amino acid-based metabolism typical of the BV 

state. In another example, (Srinivasan et al., 2015) have noted that the depletion of reduced 

glutathione in BV samples is surprising as the BV vagina is a relatively reduced environment 

(Holmes et al., 1985). Our framework predicts this shift in glutathione well in both datasets 

(prediction levels of 0.49 and 0.30 in Datasets 1 and 2, respectively), and attributes it to a lack of 
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glutathione peroxidase genes in Lactobacillus species that predominate in healthy vaginal samples 

(Figure 7.3C). Genes in cofactor synthesis pathways also tended to contribute to predictive CMP 

scores for metabolites in these pathways including nicotinate, NAD+ and FAD+. In yet another 

example, the depletion of NAD+ in BV samples is explained primarily by genes in a NAD+ 

salvage pathway found selectively in Prevotella species. 

We further characterized the set of key gene contributors of each metabolite and explored 

their relationship with metabolite predictability (Figure 7.5). Most metabolites had only a small 

number of genes with the potential to enzymatically impact them, and of these most were identified 

as key contributors. Interestingly, well-predicted metabolites tended to have a higher proportion 

of the set of relevant genes as key contributors in both datasets (p=0.002 and p=0.09 in Datasets 1 

and 2, respectively; Wilcoxon rank-sum test). Surprisingly, the key genes for well-predicted 

metabolites are less variable across samples than those for other metabolites (p=0.08 and p=0.002 

in Datasets 1 and 2, respectively; Wilcoxon rank-sum test). We also examined whether the key 

gene contributors for each metabolite encoded enzymes solely catalyzing reactions synthesizing 

the metabolite in question, degrading it, or both (see Methods). We found that BV-enriched 

metabolites with key contributor genes that are associated only with synthesis enzymes were 

almost always well-predicted (11 out of 13 metabolites across both datasets; Figure 2.4 and Figure 

7.6). Conversely, metabolites depleted in the BV state and with key contributor genes encoding 

only degradation enzymes also tended to be well-predicted (18 out of 31 metabolites across both 

datasets; Figure 2.4 and Figure 7.6). These trends suggest that the most predictable variation 

resulted from the transition between these two conditions, and in particular the impact of the 

presence or absence of novel metabolic synthesis and degradation capacities in BV, rather than 

shifts in the abundance of more widely found metabolic pathways.  
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Figure 2.4.  Trends in metabolite predictability in terms of key gene contributors.  

Area plots depict the numbers of metabolites in Dataset 1 whose CMP scores are driven by 

synthesis, by degradation, or by both in relation to their association with the host state and their 

predictability. The width of each box corresponds to the number of metabolites associated with 

each host disease state (enriched in BV samples, depleted in BV samples, or neither), and the 

height corresponds to the number of metabolites that are well-predicted, anti-predicted, or not 

significantly predicted (also indicated by color). See Figure 7.6 for a similar plot describing 

metabolite prediction in Dataset 2. 

2.3.5 Application to gut microbiome communities reiterates metabolic trends and highlights 

community complexity  

Finally, we explored the application of this framework to samples from gut microbial 

communities, bearing in mind the caveats of increased environmental influences resulting from 

diet as well as increased community complexity. Specifically, we applied this framework to two 

additional datasets: one evaluating the impact of antibiotic treatment with cefoperazone on the 

cecal contents of SPF mice (Theriot et al., 2014) (Dataset 3), and another profiling the microbiome 
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and metabolome of humans with inflammatory bowel disease and healthy controls (Dataset 4) 

(Erickson et al., 2012; Jansson et al., 2009). Because the second study used shotgun metagenomic 

sequencing, in its analysis we did not need to predict metagenome content from community 

composition and instead estimated gene abundances directly (Carr and Borenstein, 2014) (see 

Methods). As expected given the more complex and unstable community environment, we 

observed a lower proportion of well-predicted metabolites in these datasets (Figure 7.7), but also 

identified interesting patterns in the relationships between variation in community composition 

and metabolism in these settings.  

Dataset 3 recapitulated many metabolite predictability trends observed in our analysis of 

the vaginal microbiota, including successful prediction of metabolite variation and the effect of 

perturbation on community ecology and metabolism. In total, 39 of the 116 metabolites (33.6%) 

assayed and analyzed in this dataset were well-predicted. As in Datasets 1 and 2, this fraction was 

higher than expected under a null model using randomized metabolic networks (p < 0.001). 

Interestingly, we observed substantial overlap in the identity of the metabolites that were well-

predicted and anti-predicted in this dataset with those predicted similarly in Datasets 1 and 2, as 

well as a general positive correlation between prediction levels across datasets (Figure 2.5). One 

well-predicted metabolite of interest is gamma-aminobutyrate (GABA), which was enriched in the 

subset of samples from mice six weeks after antibiotic treatment. Key contributor analysis 

indicated that increased synthesis from 4-aminobutanal by an OTU in the genus Oscillospira drove 

the CMP score variation for this metabolite. Several products of carbohydrate metabolism were 

also well-predicted, including the sugars stachyose and mannose. Analysis of key contributors 

revealed that the oligosaccharide stachyose is predicted on the basis of its depletion by 

glycosidases from diverse Firmicutes taxa including Ruminococcus and Turicibacter, while 

mannose is predicted on the basis of increased production via glycan degradation from 
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mannoglycans by several OTUs in the Clostridiales order in healthy samples. These shifts reflect 

the impacts of increased glycan degradation potential in the microbiome of mice from the control 

cohort compared to those treated with antibiotics. As in the BV datasets, synthesis products found 

to be more abundant in the more diverse microbiome of the control cohort were most likely to be 

predictable (48% of 29 such metabolites were well-predicted).  

In Dataset 4, only a very low proportion of the metabolites analyzed were predicted well 

(6 out of 31), which is likely due to a markedly smaller sample size and potentially noisier 

metabolomic data and identifications. Interestingly, however, four out of these six metabolites 

(chenodeoxycholate, glycochenodeoxycholate, glycocholate, and taurocholate) are primary 

conjugated or unconjugated bile acids, which form part of a tightly regulated pathway of host-

microbial co-metabolism with hormonal signaling functions. This enrichment of bile acid-

associated products among the well-predicted metabolites (p=0.03; Fisher exact test) highlights 

the important role of microbiome ecology in microbial metabolism of bile acids in the gut. 

Specifically, higher levels of bile acid metabolites in IBD cases have been noted previously in this 

dataset (Jansson et al., 2009). Our results show that this shift in bile acids is concordant with 

variation in the abundances of microbial bile salt hydrolase genes.  
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Figure 2.5.  Metabolite predictability is consistent between vaginal and mouse cecal data 

sets.  

The plot shows the relationship between the level of predictability for each metabolite 

(measured as the Spearman correlation between pairwise differences in calculated CMP scores 

and pairwise differences in measured metabolite abundances) in data set 1 (human vaginal 

microbiome samples) and data set 3 (mouse gut samples). Colors indicate metabolites that are 

well-predicted in both data sets or anti-predicted in both data sets. Metabolites that are well-

predicted in both data sets are enriched for amino acid catabolites, including phenylacetate, 

spermidine, and beta-alanine. 

2.4 DISCUSSION 

Above, we have introduced a novel analytical framework that represents an important step 

towards a principled, systematic and mechanistic integrative analysis of microbial community 

composition and metabolomic data. Our framework goes beyond ad hoc correlation-based analysis 
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and aims to assess the correspondence between ecology and metabolic phenotype based on the 

existing body of knowledge about microbial genomes and metabolic capacities. By evaluating 

metabolite variation in terms of the functional implications of ecological shifts, we identified a 

large share of the vaginal metabolome whose variation can be explained by shifts in ecology-based 

and community-wide enzymatic potential. This high predictability is somewhat surprising as our 

framework ignores many factors that could potentially impact this link, including strain variation, 

gene and protein expression, and metabolic fluxes (Edlund et al., 2015; Shi et al., 2014; 

Sonnenburg et al., 2005). This finding suggests that ecological dynamics and their impact on 

community metabolic capacities likely play a major role in mediating broad metabolic differences 

between microbiomes.  

Further, our characterization of key species and gene contributors to calculated CMP scores 

and consequently to the predictability of each metabolite provides evidence that particular BV-

associated species have substantial effects on the metabolome. By comprehensively identifying 

species whose enzymatic capacity and variation across samples are consistent with the observed 

shift in the abundance of a particular metabolite, we were able to gain deeper insight into the 

drivers of species-metabolite dynamics in the vaginal microbiota and bacterial vaginosis. 

Specifically, our analysis of key contributor species identified a subset of BV-associated species 

(Eggerthella, Megasphaera, and Mageeibacillus indolicus) as particularly likely to be important 

drivers of metabolic variation in this environment. The low contributions of lactobacilli suggest 

that their importance in the vaginal microbial ecosystem is not described well by current reference 

knowledge of their role in canonical pathways. Alternatively, this can be attributed to having twice 

as many women with BV compared to women without BV in our datasets, and moreover only 

some of the women without BV had abundant L. crispatus. More generally, we observed that the 

abundance of metabolic capacities (based on taxonomic composition) is often sufficient to explain 
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measured variability in the abundance of many BV-associated metabolites. This intriguing result 

suggests that while information about ecological shifts may not necessarily provide a 

comprehensive understanding of changes in flux in core metabolic reactions, it is often sufficient 

to account for the accumulation or depletion of many more peripheral metabolites that vary most 

dramatically between health and dysbiosis.  

We also extended this method to analyze datasets from the gut microbiota of mice and 

humans and identified preliminary mechanistic links in these complex environments. The lower 

predictability in this context likely reflects the greater complexity of this community and the 

plethora of factors, both external and internal to the community that can potentially affect 

metabolite abundances. Studying the impact of such factors on various metabolic processes is an 

important direction for future research. Nevertheless, the overlap observed here in the set of 

metabolites that are well-predicted across a single organism in culture (E. coli), a simple 

community (the vaginal microbiome), and a complex host-associated community (gut 

microbiome) may represent shared control points in microbial metabolic networks. This 

consistency indicates that across multiple environments, the limiting factor for accumulation or 

depletion of these metabolites is the presence or abundance of microbial enzymatic potential that 

can directly act on them. This finding further reinforces the credibility of our framework and the 

shared features of microbial metabolic regulation across all of these settings. In addition, the 

predictability of the metabolic shifts associated with major ecological perturbations across datasets 

is consistent with previous metabolic regulation findings that core reactions tend to be regulated 

by a precise balance between precursor metabolite concentrations and enzyme concentrations, and 

that intracellular concentrations of core metabolites are generally robust in response to 

perturbations (Ishii et al., 2007; Jozefczuk et al., 2010).  
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One obvious caveat of our framework and of the resulting findings is the inability to 

distinguish between failing to predict due to missing reference information (e.g., incomplete 

genome annotation) versus failing due to a range of alternative mechanisms regulating metabolite 

shifts and environmental inputs and outputs. For example, our framework currently does not 

capture host metabolism, and future work may extend our model to include human gut metabolic 

processes. Similarly, our model does not consider signaling processes, transcriptional regulation, 

or bounds on metabolic fluxes. This limitation is further compounded by the use of a broad reaction 

database such as KEGG. For example, our model only assigns effects for enzymes catalyzing 

nonreversible reactions. This approach presumably captures major metabolic fluxes for well-

characterized microbes, but the information lost from reversible reactions may hinder our ability 

to predict metabolites in other pathways. An extended framework could, for example, infer 

reaction directionality from pathway context, constraint-based modeling, or directly from 

metabolomic data using a machine learning approach.  

Such improvements could also help clarify the interpretation of anti-predicted metabolites, 

which spanned roughly a third of all predictions across datasets and can be explained by several 

potential mechanisms. Anti-predicted metabolites whose CMP scores are driven by degradation 

reactions, especially with downstream well-predicted metabolites, are suggestive of 

environmentally-regulated metabolite changes that cause taxonomic shifts based on nutrient 

availability, such as the example of glycerol anti-predicted by L. iners. Other anti-predicted 

metabolites may be explained by missing reaction information. For example, putrescine and 

cadaverine are both anti-predicted based on a high correlation with the abundance of genes coding 

for enzymes that utilize these metabolites to synthesize further polyamine derivatives (N-

acetylputrescine and aminopropylcadaverine, respectively). This finding suggests that other 

enzymes that are currently not incorporated into our predictions (including synthesis reactions that 
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are present but lacking information on reaction directionality), or enzymes from other unmeasured 

microbes in these samples, are likely important for driving the accumulation of these metabolites. 

In other cases, anti-prediction may suggest alternative metabolic mechanisms controlling 

metabolite variation, beyond direct enzymatic regulation.  

Finally, the trends revealed by our analysis highlight the tight coordination of various 

metabolic processes even in the context of complex communities. Our framework evaluated each 

metabolite independently, but the resulting predictability trends, as well as evidence from other 

studies (Edlund et al., 2015; Srinivasan et al., 2015), show that dramatic shifts in metabolite 

abundances occur in a strongly coordinated fashion, through a combination of changes in substrate 

and enzyme concentrations mediated by a variable range of taxa. The analysis framework 

presented here is an important first step towards deconstructing and interpreting these relationships 

in mechanistic detail from comprehensive multi-omic data. In turn, this mechanistic understanding 

will be vital to ultimately enable the rational design of strategies to modify the microbiome and its 

metabolic phenotype (Greenblum et al., 2013; Waldor et al., 2015).  
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Chapter 3. CASE STUDIES IN MICROBIOME-METABOLOME 

INTEGRATION: CHARACTERIZING DIET-
MICROBIOME INTERACTIONS AND ASD-
LINKED MICROBIAL METABOLITES 

This chapter is based on excerpts of the following two publications:  

Snijders, A.M., Langley, S.A., Kim, Y.-M., Brislawn, C.J., Noecker, C., Zink, E.M., Fansler, S.J., 

Casey, C.P., Miller, D.R., Huang, Y., Karpen, G.H., Celniker, S.E., Brown, J.B., Borenstein, E., 

Jansson, J.K., Metz, T.O. and Mao, J.-H. (2016). Influence of early life exposure, host genetics 

and diet on the mouse gut microbiome and metabolome. Nature Microbiology 2, 16221. 

Sharon, G., Cruz, N.J., Kang, D.W., Gandal, M.J., Wang, B., Kim, Y.-M., Zink, E.M., Casey, C.P., 

Taylor, B.C., Lane., C.J., Bramer, L.M., Isern, N.G., Hoyt, D.W., Noecker, C., Sweredoski, M.J., 

Moradian, A., Borenstein, E., Jansson, J.K., Knight, R., Metz, T.O., Lois, C., Geschwind, D.H., 

Krajmalnik-Brown, R., and Mazmanian, S.K. (2019). Human microbiomes from autism spectrum 

disorder induce behavioral symptoms in mice.  

 

In Chapter 2, I described a new computational method for comparing the reference-based 

estimated metabolic potential of a set of microbial communities with their metabolic output. I 

subsequently introduced an R package implementation of this framework, named MIMOSA, freely 

available on GitHub (www.github.com/borenstein-lab/MIMOSA). MIMOSA performs two key 

analyses: identifying metabolites whose variation is statistically consistent with expectations based 

on microbial metabolic potential (well-predicted), and identifying specific microbial taxa and 

reaction contributors to metabolic potential that might be responsible for the observed variation. 

Here, I describe two case studies applying MIMOSA to microbiome-metabolome datasets, one 

focused on each of these two key analysis tasks. In the first case study, fecal microbiomes and 
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metabolomes were compared between genetically divergent mice reared in two different lab 

environments and fed two different standard chows. By using MIMOSA to identify putative 

microbial metabolites and comparing the results with metabolites known to be present in each 

chow, we distinguished metabolites varying depending on the microbiome, the diet, or both. In the 

second case study, we analyzed metagenomic and metabolomic data from gnotobiotic mice 

colonized with human gut microbiota from either children with autism spectrum disorder (ASD) 

or neurotypical controls. MIMOSA identified specific taxa and reactions as potential contributors 

to metabolite differences between the two groups, and these identifications were used to inform 

conclusions and follow-up validation studies. In both of these examples, analysis with MIMOSA 

provided a specific mechanistic summary of complex ecological and metabolic trends, in terms of 

the current reference knowledge of microbial metabolism. 

3.1 BACKGROUND 

Although the gut microbiome plays important roles in host physiology, health and disease 

(Clemente et al., 2012), we lack understanding of the complex interplay between host genetics, 

early life environment, and diet on the microbial and metabolic composition of the gut. Previous 

studies have identified associations and mechanisms linking the mammalian microbiome and its 

activity with host gene variants (Beaumont et al., 2016; Benson, 2016; Blekhman et al., 2015; 

Goodrich et al., 2016), with early life exposures (Dominguez-Bello et al., 2010, 2016), and with 

diet content (Gentile and Weir, 2018), but the relative importance and interactions between these 

remains unclear. We studied the impacts of early life history, dietary changes, and genetic variation 

on the fecal microbiome and metabolome of mice from the genetically diverse Collaborative Cross 

system (Collaborative Cross Consortium, 2012).  

Autism spectrum disorders (ASD) are a group of neurodevelopmental conditions with a 

broad range of manifestations involving altered social communication and interaction, as well as 
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repetitive, stereotyped behaviors. The gut microbiome has been suggested to play a role in ASD. 

Gut bacterial communities differ between individuals diagnosed with ASD and those that are 

typically-developing (TD) (Coretti et al., 2018; De Angelis et al., 2013; Gondalia et al., 2012; 

Kang et al., 2013, 2018; Kushak et al., 2017; Son et al., 2015; Strati et al., 2017; Williams et al., 

2011), as well as in mouse models of ASD (Buffington et al., 2016; Coretti et al., 2017; Hsiao et 

al., 2013; Kim et al., 2017; Liu et al., 2018; Sgritta et al., 2019; de Theije et al., 2014). Fecal 

microbiome profiles are most divergent in ASD subjects presenting with GI dysfunction (Gondalia 

et al., 2012; Son et al., 2015), a common comorbidity of autism (Chaidez et al., 2014). In addition, 

microbial-based interventions, including fecal transplantation, antibiotics, and probiotics, have 

shown promise in a limited number of open-label human trials (Grimaldi et al., 2018; Kang et al., 

2017; Sandler et al., 2000). Some gut microbes have demonstrated therapeutic potential in animal 

models of ASD (Buffington et al., 2016; Hsiao et al., 2013; Sgritta et al., 2019; Tabouy et al., 

2018). Furthermore, changes in the microbiome often result in altered metabolic profiles, 

impacting the availability and diversity of nutrients and microbial secondary metabolites (Dodd et 

al., 2017; Maier et al., 2017; Melnik et al., 2017; Sharon et al., 2014; Ursell et al., 2014; Wikoff et 

al., 2009). Indeed, metabolomic analyses of serum, feces, and urine from ASD subjects have 

uncovered differences in various molecules compared to TD controls, with many dysregulated 

compounds being of microbial origin (De Angelis et al., 2013; Ming et al., 2012; Mussap et al., 

2016). Notably, amino-acid transport and degradation capacities differ between TD and ASD 

individuals (Aldred et al., 2003; Evans et al., 2008), intriguing because amino acids serve as 

precursors for many potent neuroactive molecules, as well as classic neurotransmitters. In order to 

extend these associations toward understanding disease etiology, we sought to define functional 

contributions by the gut microbiome to behaviors associated with ASD.  
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In the first case study, I used MIMOSA to putatively differentiate between metabolic 

variation arising from microbial variation, diet differences, or both. In the second, we hypothesized 

that the gut microbiomes of individuals with ASD contribute to behavioral and metabolic 

differences from that of the TD population, finding that colonization of germ-free (GF) wild-type 

mice with fecal microbiomes from ASD subjects is sufficient to induce core features of ASD in 

their offspring. MIMOSA analysis characterized specific microbiome features putatively involved 

in the production of microbial metabolites that ultimately may affect brain function and regulate 

behavior.  

3.2 METHODS 

3.2.1 Case Study 1: Influence of early life exposure, host genetics and diet on the mouse gut 

microbiome and metabolome 

Methods for mouse husbandry, sample collection, microbiome profiling, and metabolome 

profiling and identification are described in Appendix B.  

We produced a closed-reference OTU table using vsearch to align reads from all 77 

samples with both sequencing and metabolomics data to the pre-clustered Greengenes database. 

We rarefied the OTU table to 4,000 reads and used it as input to MIMOSA, a framework for 

integrating taxonomic and metabolomic microbiome data (Noecker et al., 2016). MIMOSA uses 

genomic data, metabolic information and taxonomic composition to predict the community-wide 

biosynthetic and degradation potential for each metabolite in each sample and identifies 

metabolites whose variation across samples is consistent with (and can be explained by) variation 

in this predicted metabolic potential. Metagenome content was inferred for each sample using 

PICRUSt (Langille et al., 2013) and normalized using MUSiCC (Manor and Borenstein, 2015). 

From these data, a community-wide metabolic model was constructed for each sample and 

community metabolic potential (CMP) scores were calculated, representing the relative capacity 
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of the predicted community enzyme content in that sample to synthesize or degrade each 

metabolite. We then compared variation in these scores across samples to variation in measured 

metabolite concentrations using a rank-based Mantel test, to identify metabolites for which 

variation in concentration across samples is positively correlated (consistent) with variation in 

community metabolism (as predicted by the CMP scores), using a local FDR q-value less than 

0.01 as the significance threshold. We similarly identified metabolites for which variation in 

concentration across samples is negatively correlated (contrasting) with CMP scores, with the 

same significance threshold. To identify potential contributing OTUs for each metabolite, we 

calculated the Pearson correlation between the CMP scores obtained for a given metabolite across 

samples using the entire community and the CMP scores generated based on each species by itself 

(that is, recalculating the metagenome content and CMP scores based solely on the abundance of 

this species). OTUs for which this correlation coefficient for a given metabolite was greater than 

0.5 were classified as potential contributing OTUs for that metabolite.  

3.2.2 Case Study 2: Links between human ASD microbiota, metabolites, and behavior in 

gnotobiotic mice 

Methods for collection of human fecal samples, mouse husbandry, mouse colonization, 

sample collection, microbiome profiling and analysis, and metabolome profiling are described in 

Appendix B.  

We used a metabolic modeling-based framework, MIMOSA, to identify metabolites whose 

variation across samples can be explained by variation in the metabolic potential of the 

microbiome (Noecker et al., 2016). Specifically, we used MetaPhlAn2 (Truong et al., 2015) and 

HUMAnN2 (Franzosa et al., 2018a) to generate taxonomic and functional annotations of 

metagenomic sequencing data from the colon contents of oASD and oTD mice (n=35). The 

HUMAnN2 default UniRef90 gene family database (Suzek et al., 2015) was used for functional 
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annotation, and the results were then mapped to the KEGG database using the 

humann2_regroup_table utility. We mapped metabolite names to KEGG compound IDs using the 

KEGG API via the KEGGREST R package, resulting in 114 metabolites with KEGG IDs from 

the fecal GC-MS analysis, 66 metabolites with KEGG IDs from the fecal NMR analysis, and 125 

metabolites with KEGG IDs from the serum GC-MS analysis. We then analyzed each 

metabolomics dataset separately using the R package MIMOSA version 1.0.1 

(http://elbo.gs.washington.edu/software_MIMOSA.html), identifying consistent metabolites as 

those for which metabolite concentrations and community metabolic potential (CMP) scores 

displayed a significant rank-based correlation (local FDR q-value < 0.01). Calculation of CMP 

scores, comparisons between CMP scores and metabolite concentrations, and identification of 

potential taxa contributors were performed as described previously (Section 3.2.1). Gene families 

were identified as potential contributors to a consistent metabolite by calculating the Pearson 

correlation between the vectors of CMP scores obtained with and without reactions linked to that 

gene. Metabolites for which all contributor genes were exclusively involved in synthesis reactions 

were classified as “Primarily predicted by synthesis”, and those whose potential contributor genes 

were exclusively linked to degradation reactions were classified as “Primarily predicted by 

degradation”.  

3.3 RESULTS AND DISCUSSION 

3.3.1 Influence of early life exposure, host genetics and diet on the mouse gut microbiome 

and metabolome 

To decipher the respective contributions of host genetics, early life history and diet on the 

gut microbiome we leveraged 30 independent, genetically distinct Collaborative Cross (CC) 

mouse strains, a large multi-parental panel of recombinant inbred strains with defined single 

nucleotide polymorphisms (SNPs) that captures ∼90% of the known variation in laboratory mice. 
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Sixteen strains were maintained in a specific pathogen-free (SPF) facility (Built Environment 1, 

BE1), and 14 additional strains were maintained in a barrier facility that screens for additional 

infectious agents, including Pasteurella pneumotropica and Helicobacter (Built Environment 2, 

BE2). Mice were fed the same water and food sources at both locations. Faecal samples were 

collected at 12 weeks of age  (Figure 3.1A) and the gut microbiome composition was characterized 

by sequencing 16S rRNA genes (V4 hypervariable region). 

Investigation of the faecal metabolite composition allowed us to determine the influence 

of early life environment and diet on the gut metabolome. For these analyses we focused on 24 CC 

strains that were housed in BE1 and BE2 (fed Diet 2, Labdiet Prolab 3500) and in BE3 (fed Diet 

1, Labdiet Picolab 5053). Although the two diets have similar macronutrient compositions, the 

metabolite profiles are quite distinct. Extracts from the stool samples were analyzed by gas 

chromatography–mass spectrometry (GC–MS) and metabolites were identified by comparison to 

a reference library containing mass spectral and retention index information for over 850 

metabolites (Kind et al., 2009). A total of 122 unique metabolites were identified, including amino 

acids, sterols, mono- and disaccharides, glycolytic and tricarboxylic acid cycle intermediates, 

short- and long-chain fatty acids, and products of microbial metabolism. An additional 110 peaks 

were detected but not identified. The metabolites significantly clustered by diet, with differences 

in relative abundances of proteinogenic amino acids, mono- and disaccharides, sterols and fatty 

acids driving the separation (Figure 3.1B). 
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Figure 3.1. Dietary and microbial influences on fecal metabolite profiles.  

A) Schematic of the study design. B) PCoA of metabolite profiles were measured in faecal 

samples of 24 CC strains maintained on two different diets (P < 0.001, R2 = 0.16597, 

ADONIS). C) Proportions of dietary and non-dietary metabolites whose measured variation is 

consistent (positively correlated) or contrasting (negatively correlated) with community 

metabolic potential (as predicted by metabolic modeling with MIMOSA). D) Correspondence 

between variation in community metabolic potential and variation in measured metabolite 

concentration across all samples and across sample subsets from each diet and facility. E) 

Metabolic modelling-based taxonomic contributors to metabolite variation for mice on the 

autoclaved Labdiet Prolab 3500 chow (BE1 and BE2). Individual OTUs shown (circles; coloured 

at the family level) are those whose metabolic capacity and variation across samples are 

consistent with the metabolic potential of the entire community and with measured variation in 

the linked metabolites (squares). Green and orange clouds behind OTU sub-networks indicate 

Clostridiales and Bacteroidales enrichment. Edge colour indicates whether a given OTU 

potentially impacts a certain metabolite variation via synthesis (blue edges), degradation (green 

edges) or both (purple edges).  
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We used a metabolic modelling-based framework, MIMOSA (Noecker et al., 2016), to 

identify metabolites whose variation across samples is explained by variation in the metabolic 

potential of the microbiome, based on differences in species composition and estimated gene 

composition. By applying MIMOSA to the pooled set of metabolome samples from both diets, we 

found that variation in dietary metabolites (compounds detected in chow pellets by metabolomics) 

was poorly explained by microbial community composition (Figure 3.1C). However, the variation 

in a high proportion of non-dietary metabolites (47.6%; 10 out of 21 metabolites not detected in 

chow) was consistent with predicted community metabolic potential (CMP), suggesting a 

substantial role for microbial metabolism in metabolite synthesis and/or degradation. Specifically, 

the observed variation in many gut metabolites was consistent with the predicted CMP, including 

hypoxanthine, L-homoserine, 5-hydroxyindoleacetate and cholate (Figure 3.1D). More 

metabolites varied consistently with predicted CMP in samples from the nutritionally simpler Diet 

2, suggesting that the microbiome may have a larger and more direct impact on the faecal 

metabolome in this context. The predicted CMP was driven by the metabolic potential of a diverse 

set of taxa, including OTUs from the phyla Firmicutes, Bacteroidetes and Actinobacteria (Figure 

3.1E). Interestingly, the measured concentrations of several metabolites present in one or both 

diets were negatively correlated with predicted CMP (mostly on the basis of microbial degradation 

enzymes), indicating that food containing these metabolites could drive the expansion of microbes 

that use them efficiently. These findings highlight the combined impacts of diet and microbiome 

composition on the gut metabolome and the complex interactions between them. 

Our studies using the CC mouse cohort and an integrated, systematic analysis paradigm 

revealed how gut microbiome composition and metabolic function are shaped by interactions 

between host genotype, early life environment and diet. We found that early life history impacts 

the microbiome composition, whereas dietary changes have only a moderate effect. By contrast, 
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the gut metabolome was shaped mostly by diet, with specific non-dietary metabolites explained 

by microbial metabolism. This study provides a foundation for future investigations of how 

reciprocal interactions between environmental factors and gut microbiome and metabolome 

compositions contribute to a wide spectrum of mammalian traits and disease susceptibility. 

3.3.2 Links between human ASD microbiota, metabolites, and behavior in gnotobiotic mice 

Microbiome profiles of individuals with ASD, especially that of ASD children with 

intestinal symptoms, are different from TD controls (De Angelis et al., 2013; Gondalia et al., 

2012; Kang et al., 2018; Son et al., 2015; Strati et al., 2017). While suggestive, these association 

studies are unable to resolve cause-and-effect relationships to the disorder. Accordingly, we 

tested whether altered human microbiomes, and their metabolic processes, functionally 

contribute to ASD behaviors in mice. Fecal samples from male TD and ASD donors selected 

based on Autism Diagnostic Observation Schedule (ADOS) (Gotham et al., 2007) and GI 

severity index scores (GSI) (Schneider et al., 2006). As ASD is a developmental disorder with 

evidence for prenatal effects (Hallmayer, 2011; Lyall et al., 2014), we colonized GF male and 

female C57BL/6J mice with TD or ASD donor samples (recipient TD and ASD, annotated rTD 

and rASD, respectively), and subsequently mated these animals (Figure 3.2A). Adult offspring 

mice (offspring TD and ASD, annotated oTD and oASD) that inherited human donor microbiota 

were either sampled (feces, serum, brains) or behavior tested (Figure 3.2A). 

To explore mechanisms for gut-brain connections, we performed untargeted 

metabolomics analyses of colon contents from oTD and oASD mice using proton nuclear 

magnetic resonance (1H NMR) spectroscopy and gas chromatography-mass spectrometry (GC-

MS), and their corresponding serum by GC-MS. Twenty-seven out of 313 detected metabolites 

are significantly different in the colon contents of oASD mice, compared to oTD mice, with 24 

detected by GC-MS (11 identified) and four by NMR. Differentiating metabolites were diverse: 
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amino acids and their derivatives, isoflavonoids, carbohydrates and their derivatives, and fatty 

acids. We observed higher concentrations of amino acids in colon contents of oASD mice, 

similar to reports studying ASD in children (De Angelis et al., 2013). Notably, we find 

differences in several agonists and antagonists of the inhibitory gamma-aminobutyric acid 

(GABA) and glycine receptors (Figure 3.2B). Specifically, 5-aminovaleric acid (or 5-

aminopentanoate; 5AV) is significantly lower in oASD mice. 5AV is a weak gamma-

aminobutyric acid (GABA) receptor agonist, and is significantly lower in children with ASD, 

compared to TD controls (Ming et al., 2012). Lower levels of another weak GABA agonist (and 

a potent glycine receptor agonist), taurine , are also found in a subset of ASD subjects (Adams et 

al., 2011; Park et al., 2017; Tu et al., 2012). Intriguingly, oASD mice have 50% less taurine 

compared to oTD mice, as measured by NMR. Together, lower levels of 5AV and taurine 

suggest that gut microbes may impact inhibitory signaling through GABA and glycine receptors.  

To assess the contribution of the gut microbiome to the metabolome we analyzed 

metagenomic data from colon contents by HUMAnN2 (Franzosa et al., 2018a) and coupled these 

data with MIMOSA (Noecker et al., 2016) – a metabolic model-based framework for inferring 

the contribution of bacterial species and genes to the production and degradation of metabolites 

measured by NMR and GC-MS analysis (Figure 3.2D). Interestingly, MIMOSA analysis 

highlighted that amino acids were putatively predominantly degraded or utilized by the 

microbiome (by specific Akkermansia, Alistipes and Bacteroides species), in contrast with other 

metabolites, whose variation was consistent with both synthesis and utilization potential from 

various other bacteria (Figure 3.2C). The metagenomic analysis identified specific KEGG 

pathways differentially present in oTD and oASD gut microbiomes, with various chemical 

structure transformation maps highly represented in oASD mice. The KEGG amino acid 

metabolism pathway was slightly increased in oASD mice, but with a small effect. We further 
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explored KEGG pathways related to amino-acid metabolism and found that the metabolism of 

various amino-acids, and specifically that of proline, taurine, and glutamate and glutamine, was 

differentially represented in the metagenomes of oASD mice, compared to oTD mice. These data 

indicate that the microbiome differentially metabolizes dietary amino acids in oASD mice.  

We also used MIMOSA to explore potential pathways by which taurine and 5AV are 

produced or utilized. Taurine is predicted to be produced by either deconjugation of tauro-

conjugated bile acids, such as taurocholic acid, or by decarboxylation of L-cysteate (Figure 

3.2E). HUMAnN2 analysis identified that both bile-salt hydrolase (K01442) and glutamate 

decarboxylase (K01580) are present at lower abundance in oASD metagenomes. Interestingly, 

MIMOSA analysis predicted that taurine concentrations are consistent with differential synthesis 

potential from 3 specific species: Alistipes sp. HGB5, Alistipes finegoldii, and Bacteroides 

xylanisolvens (Figure 3.2D). 5AV is predicted to be the product of Stickland fermentation of 

proline (Huang et al., 2018). However, we found no difference in the abundance of the proline 

reductase. Δ1-pyrolline-5-carboxylate (P5C) is an intermediate of proline production from trans-

4-hydroxyproline (Hyp) by HypD (Huang et al., 2018; Levin et al., 2017), which is subsequently 

reduced to L-proline by P5C reductase (K00286), as well as the oxidation of L-proline by the 

proline dehydrogenase putA (K13821) with L-glutamate as the end product (Liu et al., 2017). 

While the abundance of hypD is not significantly decreased in oASD metagenomes, we found a 

significant increase (driven mainly by two oASD donors) in putA and a significant decrease in 

P5C reductase abundance (Figure 3.2F) in oASD mice. Additionally, MIMOSA identified trans-

4-hydroxproline as a consistent microbial metabolite on the basis of the abundance of K00286. 

These data suggest that, in oTD microbiomes, L-proline may be produced from trans-4-

hydroxproline via P5C and subsequently donates an electron to produce 5AV. Conversely, in 
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oASD microbiomes, the balance shifts towards production of P5C and glutamate, and away from 

5AV.  

 
Figure 3.2. Metabolic variation across ASD and neurotypical microbiomes.  

A) Schematic of gnotobiotic model establishment, B) Volcano plots of differentially 

abundant metabolites identified by an untargeted metabolomics of colon contents by 1H NMR. 

Significantly different metabolites with more than 50% difference are marked in red, and those 

with modest effects (<50%) are marked in yellow. NoASD = 20, NoTD = 15 (4-7 mice per 

donor). p-values were calculated using the maximum likelihood test of a mixed effect linear 

model. C) Putative bacterial contributors to variation in amino acids and other metabolites 

identified by a MIMOSA analysis, separated by their mechanism of action (synthesis/production, 

degradation/utilization, or both), and based on GC-MS (top) and NMR (bottom) metabolomic 

analysis and metagenomic analysis of colon contents in oASD mice, D) MIMOSA-model 

prediction of strains involved in production or degradation of specific metabolites. Columns 

correspond to MetaPhlAn2-identified species in oTD and/or oASD metagenomes. Rows 

correspond to the metabolites across detected by NMR that were significantly consistent with 
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metabolic potential at q-value ≤ 0.1. Blue squares indicate that the estimated metabolic potential 

of the strain in question is consistent with contributing to variation in that metabolite (production 

or utilization/degradation). The area of the colored points along the bottom indicates the relative 

abundances of each taxon in oTD and oASD samples. The segments along the bottom indicate 

the relative ratio of each taxon in oTD versus oASD samples. The segments along the left side 

show the average difference in metabolite concentration Z-scores between the control and ASD 

donor samples. The column of colored tiles indicates the MIMOSA correlation between 

metabolic potential scores and metabolite concentrations for each metabolite. E) Taurine 

production in oASD mice is deficient. The pathway diagram shows reactions identified by 

MIMOSA as possible sources of taurine and KEGG orthologs involved. Plots show K01442 (H 

= 3.9784, p = 0.0461) and K01580 (H = 10.3641, p = 0.0013) copy abundances in oTD and 

oASD mice quantified by HUMAnN2. Differences in means were analyzed by a Kruskal-Wallis 

non-parametric test. E) Pathways providing substrates for Stickland fermentation to produce 

5AV. The diagram shows pathways upstream to 5AV production and KEGG orthologs involved. 

The plot shows K00286 (H = 13.7584, p = 0.0002) copies in oTD and oASD mice quantified by 

HUMAnN2. Differences in means were analyzed by a Kruskal-Wallis non-parametric test.  

  

3.4 CONCLUSIONS 

This chapter describes two examples of using MIMOSA to infer potential microbial 

metabolic impacts from a set of microbiome and metabolome profiles. In both examples, 

MIMOSA identified metabolite variation that was consistent with microbial metabolic potential, 

as well as putative species and reaction contributors to the observed variation, which informed the 

conclusions of the study. In Case Study 1, analysis with dimensionality reduction approaches 

indicated that most variation in fecal metabolomes was driven by the assigned chow (Figure 3.1.B). 

Using MIMOSA, we confirmed that variation in chow-linked compounds was poorly explained 

by microbial metabolism, but we additionally identified several metabolites that appeared to vary 

depending on the metabolism of specific microbial taxa in both chow groups, or only in one chow 

group, indicating an interaction between chow content and microbial activity (Figure 3.1D-E). 
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This analysis additionally highlights the importance of a controlled nutrient environment for 

detecting the effects of microbial metabolism. In Case Study 2, we applied MIMOSA to 

hypothesize microbial features that might explain metabolic differences between gnotobiotic mice 

colonized with the microbiota of either children with ASD or neurotypical controls, with a focus 

on metabolites with putative differing physiological impacts between the two groups. We 

characterized an overall shift in amino acid metabolism between the groups, inferred that 

differences in taurine concentrations are more consistent with shifts in microbial synthesis, rather 

than utilization, on the part of specific taxa, and found evidence of a pathway producing 5AV from 

trans-4-hydroxyproline. These findings have informed follow-up experiments towards modifying 

the microbiota to control the concentration of these metabolites. 

These case studies also illustrate the inherent limitations of the MIMOSA approach. 

Specifically, while MIMOSA identifies putative mechanisms and quantifies the strength of an 

association between predicted metabolic potential and metabolite measurements, it provides no 

measure of confidence in the true occurrence of an inferred mechanism. This lack of performance 

benchmarks was recently highlighted as an area in need of improvement for genomics analysis 

methods more generally (Lotterhos et al., 2018). Also, the evidence for any MIMOSA inference 

is contingent on the particularities of the KEGG reaction annotations for a given metabolite. For 

example, in Case Study 2, MIMOSA linked variation in trans-4-hydroxyproline concentrations to 

the abundance of the P5C reductase gene family on the basis of a pathway characterized mainly in 

eukaryotes. However, a different pathway, involving the same gene family but with an alternate 

role for this metabolite, was recently found to be active in gut bacteria (Huang et al., 2018; Levin 

et al., 2017), and is therefore a more plausible hypothetical mechanism. Thus, although MIMOSA 

can identify mechanisms that might be overlooked by manual curation, assessing its results still 
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requires careful follow-up interpretation in light of the incomplete reference knowledge on which 

this method is based.  
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Chapter 4. DEFINING AND EVALUATING MICROBIAL 

CONTRIBUTIONS TO METABOLITE VARIATION 
IN MICROBIOME-METABOLOME ASSOCIATION 

STUDIES 

This chapter is based on the following manuscript: 

Noecker, C. H.-C. Chiu, C.P. McNally, and E. Borenstein. Defining and evaluating microbial 

contributions to metabolite variation in microbiome-metabolome association studies. (2019). 

bioRxiv, doi:10.1101/402040. 

4.1 SUMMARY 

Correlation-based analysis of paired microbiome-metabolome datasets is becoming a 

widespread research approach, aiming to comprehensively identify microbial drivers of metabolic 

variation. To date, however, the limitations of this approach have not been comprehensively 

evaluated. To address this challenge, we introduce a mathematical framework to quantify the 

contribution of each taxon to metabolite variation based on uptake and secretion fluxes. We 

additionally use a multi-species metabolic model to simulate simplified gut communities, 

generating idealized microbiome-metabolome datasets. We then compare observed taxon-

metabolite correlations in these datasets to calculated ground-truth taxonomic contribution values. 

We find that in simulations of both a model 10-species community and of complex human gut 

microbiota, correlation-based analysis poorly identifies key contributors, with extremely low 

predictive value despite the idealized setting. We further demonstrate that the predictive value of 

correlation analysis is strongly influenced by both metabolite and taxon properties, as well as 

exogenous environmental variation. We finally discuss the practical implications of our findings 

for interpreting microbiome-metabolome studies. 
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4.2 INTRODUCTION 

Microbial communities have a tremendous impact on their surroundings, ranging from 

the degradation of environmental toxins (Hazen et al., 2010) to the production of climate change-

relevant metabolites (Shi et al., 2014). Host-associated communities, in particular, have a 

substantial impact on their hosts, and often produce a diverse set of metabolites that interact with 

numerous host pathways. In humans, such microbiome-derived metabolites have been identified 

as contributing factors to a wide array of diseases including heart disease (Koeth et al., 2013), 

autism (Hsiao et al., 2013), non-alcoholic fatty liver disease (Dumas et al., 2006), colon cancer 

(Louis et al., 2014), inflammatory bowel disease (Wlodarska et al., 2017), and susceptibility to 

infection (Ferreyra et al., 2014). Characterizing the ways microbial communities modulate their 

environments and the relationship between community structure and metabolic impact is 

therefore a major, timely, and complex challenge with promising implications for human health, 

as well as to environmental stewardship, agriculture, and industry. 

When facing this challenge, perhaps the most important task is identifying specific 

community members that drive variation in metabolites of interest. Taxa responsible for 

observed metabolic differences across communities may be ideal targets for interventions aiming 

to modify metabolic phenotypes. Their identification, however, can be a daunting task. Complex 

microbial communities are often composed of hundreds or thousands of poorly characterized 

species, each with a unique and frequently unknown complement of metabolic capacities. Even 

when multiple species are known to possess the potential to synthesize or degrade a metabolite 

of interest, the metabolic activity of each species (and consequently, its contribution to metabolic 

variation) may be different (Rath et al., 2017). Moreover, community ecology, interspecies 

interactions, and nutrient availability (e.g., via diet) can all regulate and influence the metabolic 
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activity of each species, rendering the link between community members and metabolic products 

extremely complex and challenging to infer (David et al., 2013; De Filippis et al., 2015; Snijders 

et al., 2016).  

To address this challenge and to identify community members that play an important role 

in metabolic variation, a growing number of studies are now comprehensively assaying multiple 

facets of community structure across samples, including, most notably, taxonomic and 

metabolite compositions (Shaffer et al., 2017). For example, to investigate the links between 

taxonomic shifts and metabolic phenotypes in the healthy vaginal microbiome and in bacterial 

vaginosis, a recent study used a combination of 16S rRNA qPCR, sequencing, and both global 

and targeted metabolomics (Srinivasan et al., 2015). Another study, aiming to identify taxonomic 

and metabolic features of resistance and susceptibility to C. dificile infection in the mouse gut 

similarly applied 16S rRNA sequencing and global metabolomics (Theriot et al., 2014). In 

another example, researchers characterized metabolic and microbial features of periodontitis in 

the oral microbiome before and after treatment, combining 16S rRNA sequencing, shotgun 

metagenomic sequencing, and metabolomics (Califf et al., 2017).  These are just a few examples 

of a plethora of recent microbiome-metabolome studies, investigating the metabolic effects of 

microbiome variation in the contexts of chronic and infectious disease, agriculture, precision 

medicine, nutrition, fermented food science, and more (Antharam et al., 2016; Garg et al., 2017; 

Heintz-Buschart et al., 2016; Hua et al., 2017; Price et al., 2017; Vandeputte et al., 2017; Walsh 

et al., 2016; Weir et al., 2013). Such multi-omic studies are also a major focus of several large-

scale initiatives to study both host-associated and environmental microbiomes (Alivisatos et al., 

2015; iHMP Research Network Consortium, 2014).  

Given the taxonomic and metabolomic profiles obtained via such microbiome-

metabolome assays, the vast majority of studies rely on simple univariate correlation-based 
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analyses to link variation in community ecology to variation in metabolic activity (Choo et al., 

2017; De Filippis et al., 2015; Kang et al., 2018; Lin et al., 2018; Melnik et al., 2017; Srinivasan 

et al., 2015; Theriot et al., 2014). Such analyses specifically aim to identify species whose 

abundance across samples is correlated with the concentration of metabolites, often assuming 

that highly significant correlations reflect a direct mechanistic link between the taxon and 

metabolite in question. These studies further regularly assume that positive correlations imply 

synthesis and negative correlations imply degradation, or that targeting the microbe in question 

could be used to modulate the concentrations of the metabolites with which it is correlated. For 

example, a recent study characterizing the microbiome and metabolome in Spleen-yang-

deficiency syndrome (Lin et al., 2018) concluded that a positive correlation between Bacteroides 

and mannose likely resulted from extracellular degradation of mannan into mannose by that 

taxon. Similarly, a study of antibiotic perturbations to the microbiome and metabolome stated 

that the presence of several weak positive and negative correlations between genera and arginine 

supported the conclusion that arginine levels may be affected by many community members with 

high functional redundancy (Choo et al., 2017).  

Yet, to date, the extent to which a correlation-based analysis effectively detects direct 

metabolic relationships between taxa and metabolites is unclear. Obviously, a strong correlation 

between the abundance of a certain species and the concentration of a metabolite across samples 

could reflect direct synthesis or degradation of the metabolite by that species, but could also arise 

due to environmental effects, precursor availability, selection, random chance, or co-occurrence 

between species. Similarly, cross-feeding, external host processes, and varying enzymatic 

regulation can mask a correlation even when this species does in fact contribute to observed 

metabolite variation. Indeed, previous studies have suggested that microbe-metabolite 

correlations must have a high rate of false positives (Chong and Xia, 2017), and a recent 
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experimental study pairing microbiome-metabolome correlation analysis with in vitro 

monoculture validations found anecdotally that several observed correlations were in fact false 

positives (Hoyles et al., 2018). The limitations of correlation analysis have also been discussed 

and well-characterized in other data types (for example (Weiss et al., 2016; Werhli et al., 2006)). 

Importantly, however, the extent of such limitations in the context of microbiome-metabolome 

studies, the way they are shaped by microbial community metabolism, and their impact on data 

interpretation in this context have not been systematically evaluated.  

Importantly, two crucial challenges hinder a comprehensive and systematic evaluation of 

correlation-based analysis. The first is the lack of a rigorous general definition of a microbe’s 

contribution to metabolite variability. While establishing the main taxonomic contributors to 

metabolite variation may be straightforward for specialized, well-characterized metabolites that 

are synthesized by just a single taxon, it can be much less clear for metabolites that can be 

synthesized (and/or degraded or modified) by many different taxa in the community. The second 

challenge is the absence of ground truth data on the nature of microbe-metabolite relationships. 

While limited data on the taxa driving metabolite shifts can be obtained from comparative mono- 

and co-culture studies (Biggs et al., 2016; Hoyles et al., 2018; Kešnerová et al., 2017), large-

scale and comprehensive datasets that link species and metabolite abundances in the context of a 

complex community, for which the precise impact of each species on observed metabolite 

variation is known, are currently not available.  

In this study, we address these two challenges, combining a novel framework for 

quantifying microbial contributions with a model-based simulated dataset. Specifically, we first 

introduce a generalizable and rigorous mathematical framework for decomposing observed 

metabolite variation and quantifying the contribution of each community member to this 

variation based on uptake and secretion fluxes. Second, we use a dynamic multi-species genome-
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scale metabolic model to simulate the metabolism of microbial communities of varying 

complexity and to generate idealized datasets of paired taxonomic and metabolomic abundances, 

with complete information on metabolite fluxes, microbial growth, interspecies interactions, and 

environmental influences. Applying our mathematical framework to these simulated datasets, we 

could then compare calculated contribution values to observed taxon-metabolite correlations and 

evaluate the ability of correlation-based analyses to identify key microbial contributors. We were 

additionally able to investigate factors that shape the relationship between community 

composition and metabolism in depth and to identify specific properties and mechanisms that 

impact the performance of microbiome-metabolome correlation studies.  

Notably, given the objectives of this study, we intentionally focus on characterizing 

microbiome-metabolome relationships in a model-based, tractable, and well-defined setting. 

Indeed, our metabolic model may not perfectly capture all the complex and diverse mechanisms 

that are at play in host-associated communities; however, considering the scope of this study, 

accurately modeling the metabolism of a specific community may not be crucial. Rather, for our 

analysis, we want our simulated data to recapitulate broad trends observed in naturally occurring 

microbial ecosystems, as indeed has been observed in similar models (Bauer et al., 2017; Garza 

et al., 2018; Heinken and Thiele, 2015b; Magnúsdóttir et al., 2016; Shoaie et al., 2015). 

Moreover, utilizing this model-based approach allows us to dissect the relationship between 

community composition and metabolic phenotypes without the complexities inherent to in vivo 

communities (including spatial heterogeneity, measurement error, inter-microbial signaling, or 

strain-level variation), and with variation in the concentrations of environmental metabolites 

resulting exclusively from microbial metabolic activity. Analyzing the ability of a correlation-

based analysis to detect true microbial drivers of metabolite variation in these simplified, best-



 67 

case settings provides a baseline for the expected performances of such analyses in real 

microbiome-metabolome studies.   

4.3 RESULTS 

4.3.1 Quantifying the impact of individual microbial species on variation in metabolite 

concentrations 

In this study, we consider a microbial community as an idealized system, consisting of a 

population of multiple microbial species in a shared, well-mixed, biochemical environment. Each 

species uptakes necessary metabolites from the shared environment, performs a variety of 

metabolic processes to promote its growth, and secretes certain metabolites back into the shared 

environment. We additionally assume that certain nutrients flow into the environment and that 

microbial cells and metabolites are diluted over time. These processes can represent, for 

example, the inflow of dietary nutrients and the transit through the gut in the context of the gut 

microbiome. For simplicity, we primarily consider a constant inflow and dilution rate, as in a 

chemostat setting. Accordingly, a microbiome-metabolome study can be conceived as analyzing 

a set of several such communities (at a certain point in time), each with a different composition 

of microbial species and correspondingly variable environmental metabolite concentrations. We 

focus initially on a controlled setting with identical nutrient inflow across all microbiomes, but 

later examine the impacts of differences in nutrient inflow between communities. 

Given this setting, we first sought to establish a rigorous and quantitative framework for 

defining the impact of each microbial species (or any taxonomic grouping) in the community on 

the variation observed in the concentration of a given metabolite across community samples. We 

focused on species that directly modulate the environmental concentration of a given metabolite 

via synthesis or degradation, ignoring indirect effects via, for example, the synthesis of a 

precursor substrate that could impact the metabolic activity of other species. We noted that the 
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total concentration of a metabolite in the environment can be represented as the sum of 

cumulative synthesis or degradation fluxes of this metabolite by each of the n species in the 

community, as well as cumulative environmental fluxes (e.g., total nutrient inflow and dilution). 

Formally, the metabolite concentration, M, can therefore be expressed as a sum of n dependent 

random variables mi, where each mi denotes the overall synthesis or degradation of the metabolite 

by each species, along with an additional random variable menv, denoting the overall impact of 

environmental processes.  

𝑀 = ∑ 𝑚&	 +	𝑚)*+
*
&,-  (4.1) 

 
As discussed above, when analyzing microbiome-metabolome datasets, the goal is often 

to identify taxa responsible for changes in the concentration of a metabolite of interest across a 

set of samples. Accordingly, here we wish to quantify the contribution of each species to the 

variance in the concentration of that metabolite across samples. Specifically, in the formulation 

above, var(M) depends on the variance in the constituent microbial and environmental factors, as 

well as the covariance between these components. This variance can then be linearly separated 

into n+1 terms, representing the contribution of each species (denoted 𝑐&), and of any 

environmental nutrient fluxes (denoted 𝑐)*+) to the total variation in the metabolite:  

 

𝑣𝑎𝑟(𝑀) = ∑ 𝑐& + 𝑐)*+	;*
&,- 	𝑐& = 𝑣𝑎𝑟(𝑚&) + ∑ 𝑐𝑜𝑣6𝑚&,𝑚89 + 𝑐𝑜𝑣(𝑚&,𝑚)*+)8:&  (4.2) 

 

If the nutrient inflow is constant across samples, its effect can be ignored and its 

contribution to the variance 𝑐)*+ is 0. Additionally, in a chemostat setting, the dilution of each 

metabolite can be accounted for in the calculation of each contribution, as it depends strictly on 

the dilution rate and on previous metabolite concentrations (Methods). Finally, in order to 

compare species contributions across metabolites and to represents the relative share of the total 
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variance of a given metabolite that is attributable to species I, we defined the relative 

contribution to variance 𝑐̂& of each species i to metabolite M by normalizing contribution values 

by the metabolite’s total variance:  

𝑐̂& =
<=

+>?(@)
			 (4.3)	

 

This framework for calculating microbial contribution values provides a systematic 

measure of the causal impact of each taxon on observed variation in the environmental 

concentration of each metabolite, distilling the effect of complex ecological and metabolic 

interactions to a concise and interpretable set of quantities. Moreover, the obtained contribution 

profile is a linear decomposition of observed metabolic variation, wherein the sum of 

contributions of all species equals the observed variation in the metabolite. Notably, when a 

species’ activity has large negative covariances with the activities of other community members, 

contribution values can be negative. Such negative contribution values indicate that a species’ 

secretion or uptake of that metabolite varies in a way that mitigates the activity of others. 

Correspondingly, contribution values can be greater than 1, reflecting scenarios in which a 

species in fact generates more variation of this metabolite than is ultimately observed, but that its 

impact is mitigated by other species.  

It is also worth noting that our analytical decomposition of contributions to variance is 

mathematically equivalent to calculating the Shapley values for the variance in metabolite 

concentrations (see Methods and Figure S1). Shapley value analysis is a game theory technique 

that defines an individual’s contribution to a collective outcome, and has been shown to be the 

only general definition that is efficient, linear, symmetric, and assigns zero values to null 

contributors (Shapley, 1953). A similar, Shapley value-based approach was recently applied to 

address the related problem of identifying the primary taxonomic contributors to differential 

functional abundances in metagenomic data (Manor and Borenstein, 2017). 
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4.3.2 A multi-species metabolic model for generating complex microbiome-metabolome data  

We next set out to generate a large-scale dataset of microbiome-metabolome profiles with 

complete information about metabolite uptake and secretion fluxes. To this end, we used a multi-

species metabolic model to simulate the growth, dynamics, metabolism, and environment of a 

simple microbial community. This model is based on a previously introduced genome-scale 

framework for modeling the metabolism of multi-species communities and for tracking the 

metabolic activity of each community member over time (Chiu et al., 2014; Manor et al., 2014). 

Briefly, this framework assumes that each species optimizes its growth selfishly given available 

nutrients in the shared environment and predicts the metabolic activity for each species in short 

time increments using Flux Balance Analysis (Varma and Palsson, 1994). After each increment, 

the model uses the predicted metabolic activities of the various species to update the biomass of 

each species and the concentration of metabolites in the shared environment (hence, potentially 

impacting the growth and metabolism of other species in subsequent time steps). Importantly, 

this model allows for the natural emergence of metabolic competition and exchange between 

species, as well as selection for taxa with the most efficient growth rate in a given nutrient 

environment. Full details of this model and simulation parameters can be found in the Methods.  

We specifically modeled a simplified gut community that was previously explored 

experimentally (Faith et al., 2011). This community includes 10 representative gut species, 

spanning the major clades found in the human gut and collectively encoding the key metabolic 

processes taking place in this environment, including breakdown of complex dietary 

polysaccharides, amino acid fermentation, and removal of fermentation end products via sulfate 

reduction and acetogenesis. Genome-scale metabolic models of these 10 species were obtained 

from the AGORA collection (Magnúsdóttir et al., 2016) – a recently introduced set of high-

quality gut-specific metabolic models. To mimic the experimental gnotobiotic mouse setting 



 71 

(Faith et al., 2011), we simulate growth in a chemostat, with a nutrient inflow mimicking the 

content of a standard corn-based mouse chow, and a dilution rate consistent with mouse transit 

time and gut volume. While maintaining this nutritional environment, we systematically 

explored the landscape of possible community compositions, varying the initial relative 

abundance of each species from 10% to 60% (with a consistent total abundance equal to the 

community carrying capacity), resulting in a total of 61 different community compositions. For 

the analysis below, we simulated growth for 144 hours (as 576 15-minute time steps). For most 

community compositions considered, this simulation time consisted of an initial stabilization 

period followed by a transition to a near-steady-state equilibrium with little change in 

community composition (Figure 4.1A). Notably, across the various simulations, some species 

maintained high abundances throughout the course of the simulation, while others reverted to 

lower levels.  

Throughout the course of each simulation, we recorded the abundances of each species, 

the secretion and uptake rate of each metabolite by each species (as well as internal reaction 

fluxes), and the concentration of each metabolite in the environment (Figure 4.1A-B), thereby 

obtaining a comprehensive dataset describing species composition, metabolic activities, and 

metabolite concentrations across 61 different communities. To mirror the typical structure of a 

microbiome-metabolome cross-sectional dataset, we specifically considered the abundances of 

species and the concentrations of metabolites in the environment at the end of each simulation 

(i.e., after the final time point; see Figure 4.1). 60 of the 68 metabolites present in the nutrient 

inflow exhibited at least some variation across communities, as did 18 additional microbially-

produced metabolites. Metabolite variation was generally low (median coefficient of variation 

0.021), reflecting a relatively stable nutrient environment, yet 25 metabolites (32%) did have a 

coefficient of variation greater than 0.1. For downstream analysis, we excluded metabolites 
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without substantial measurable variance across samples, filtering those with variance at or below 

the 25th percentile. This resulted in a dataset of 52 variable metabolites, of which 14 are purely 

microbially-produced metabolites, 9 are microbially-produced but also present in the nutrient 

inflow, and 29 are introduced only through the nutrient inflow. Of these 52 variable metabolites, 

47 are utilized by any member of the community (including 18 that are cross-fed in at least one 

simulation). The final species compositions and the final concentrations of several key 

metabolites across all simulations are shown in Figure 4.2A-F, and ordination plots of species 

and metabolite data are shown in Appendix C, Figure 9.2. 

Exploring this dataset, we found that species composition and metabolite concentrations 

exhibited complex patterns and biologically reasonable distributions (Figure 9.3) (Unterseher et 

al., 2011). Several metabolic processes known to occur in the mammalian gut were replicated by 

our simulations, including, for example, conversion of acetate to butyrate by E. rectale (Rivière 

et al., 2015), and production of key microbial metabolites such as 4-aminobutyric acid (GABA), 

indole, and succinate. Cross-feeding relationships were observed frequently (18 metabolites), 

including cross-feeding of 6 amino acids, whose exchange is widespread in host-associated 

microbiota (Mee et al., 2014). Additionally, we ran several sets of simulations with introduced 

fluctuations in the nutrient inflow concentrations, and found that the resulting species 

compositions partially recapitulated the diet responses observed by (Faith et al., 2011) (Appendix 

C, Supplementary Results). 

Clearly, the model and simulations described above represent a gross simplification of 

the microbiome’s structure, dynamics, and function. Importantly, however, this simplification is 

also an important strength. Specifically, the data obtained from these simulations provide a 

unique opportunity to examine the relationship between community dynamics and metabolic 

activity in a realistic, yet tractable model of community metabolism where complete information 
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about the activity and fluxes of each microbial species is available (Figure 9.4). Indeed, our 

multi-species model captures many of the intricacies of bacterial genome-scale metabolism and 

the interconnectedness (both within and between species) of multiple metabolic processes, yet 

without additional complexities inherent to in vivo communities. Furthermore, in our 

simulations, variation in the concentrations of environmental metabolites results exclusively 

from microbial metabolic activity, with no variation in nutrient inflow or other non-microbial 

sources, providing a controlled setting for evaluating the relationship between community 

members and metabolite concentrations.  

 

Figure 4.1. Simulating multi-omic data with a dynamic multi-species genome-scale 

framework.  

(A) Community species abundances throughout a single simulation run. Abundances were 

quantified in units of microbial biomass. In this simulation, community composition was 

initialized with a high relative abundance of Eubacterium rectale. For visual clarity, only every 

eighth time step is illustrated. Species abundances at the final time point (highlighted with larger 

colored circles) were used for calculating species-metabolite correlations. (B) Cumulative 
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secretion and uptake of acetate by each community member, throughout the same simulation run 

illustrated in panel A. Acetate was synthesized by several species and consumed by E. rectale 

over the course of the simulation. Total cumulative fluxes (highlighted with larger colored 

circles) were used for calculating species contributions to metabolite variation. The bottom plot 

illustrates the resulting environmental concentration of acetate at each time point. The metabolite 

concentration at the final time point (highlighted with a larger black triangle) was used for 

calculating species-metabolite correlations. 

4.3.3 Metabolite variation is driven by diverse microbial mechanisms 

Given the simulated dataset described above (for which uptake and secretion fluxes are 

known), we applied our contribution framework to calculate the contribution of each species to 

the variation observed in each of the 52 variable metabolites (Figure 9.5). The resulting 

contribution values can be used as ground-truth information about the link between microbial 

activity and environmental metabolites.  

To highlight the nature and utility of such contribution values, and to demonstrate how 

metabolic fluxes translate into contribution profiles, we first describe our results for several 

example metabolites (Figure 4.2). Putrescine, an amino acid fermentation product, is an example 

of the simplest case, in which one microbial species – E. coli – synthesizes a metabolite that is 

not utilized or modified by other community members. Variation in the environmental 

concentration of putrescine was hence fully determined by the level of secretion from E. coli, 

which is therefore assigned a relative contribution of 1 (Figure 4.2B). Tetradecanoic acid, in 

contrast, was introduced (at a constant rate) via the nutrient inflow and utilized by the three 

Bacteroides species in the community to varying degree (primarily by B. ovatus and to a slightly 

lesser extent by B. thetaiotaomicron). The calculated contribution values successfully attributed 

variation in the environmental concentration of this metabolite to these three species, and 

correctly captured the difference in the magnitude between their effects (Figure 4.2C). Variation 
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in uracil, another metabolite introduced via the nutrient inflow, was mainly driven by large shifts 

in its uptake by B. ovatus, but this effect is partially masked by E. rectale, which reduced its 

uptake when B. ovatus’ flux was high and vice versa. Other species also utilized uracil, but at 

relatively similar levels across samples, and accordingly with relatively little impact on its 

variation. These complex patterns were all captured by the contribution profile obtained by our 

framework, with B. ovatus assigned a high positive contribution, E. rectale assigned an 

intermediate negative contribution, and other species assigned relatively negligible contribution 

values (Figure 4.2D). More complex species-metabolite relationships were also accurately and 

effectively summarized. Contribution values for acetate, for example, reflected the cross-feeding 

interactions that underlie variation in its concentration (Figure 4.2E). It was introduced to the 

shared environment by several species (primarily C. symbiosum), but most of its variation 

ultimately depended on the level of uptake by E. rectale. Finally, the contribution profile of 

succinate demonstrates how extremely strong interspecies interactions can produce contribution 

values much greater than the observed variance (Figure 4.2F). In the simulated data, this 

metabolite was synthesized by B. hydrogenotrophica, but was almost always fully utilized by 

other community members. The calculated contributions suggest that if the synthesis of succinate 

by B. hydrogenotrophica would not have been offset by uptake from other species, the variance 

in succinate concentration across samples would have been 71.7 times higher than is actually 

observed. (Note that the difference between positive and negative is always 1.) 

Examining the complete set of variable metabolites and calculated contribution values 

revealed similar patterns of interactions (Figure 9.5). Specifically, as for the metabolites 

discussed above, negative contributions and/or contribution values greater than 1 were 

widespread. Nearly all metabolites (50 out of 52) had at least one species with a negative 

contribution value, and 36 had at least one species with a contribution value greater than 1. Of 
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the 32 other metabolites with negative contributions, 29 were present in the nutrient inflow and 

their negative contributions result from competition between species for their uptake. This 

prevalence of negative and extreme values suggests that strong negative interspecies interactions 

have substantial impacts on metabolite concentrations, and that often, observed variation in a 

given metabolite’s concentration is the complex outcome of multiple species generating and 

offsetting much higher variation. 

 
Figure 4.2. Species abundances, cumulative fluxes, and contributions to variance in 

metabolite concentrations in our simulated dataset.  

(A) The dataset of species abundances at the final time point of 61 simulation runs. Each bar 

represents a simulation run, with the colors indicating relative abundance of each species. The 
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abundance profile from the simulation runs highlighted in Figure 1 is indicated with an asterisk. 

(B-F) For five example metabolites, the upper plot shows the total cumulative secretion or 

uptake of that metabolite by each species across all 61 simulation runs (or samples). The lower 

plot shows the corresponding environmental concentration at the final time point. The bar plot on 

the right shows the contribution values for each species and metabolite, calculated from the flux 

values and describing each species’ linear contribution to the overall metabolite variance. 

 

It is also important to note that while the average metabolic uptake/secretion flux of each 

species and the magnitude of its contribution to a given metabolite were generally significantly 

correlated (Spearman, p < 0.01 for 49 of the 52 metabolites), the species with the highest flux 

was often not the largest contributor to variation (26 of the 52 metabolites). Similarly, the 

variance in a species’ flux was significantly correlated with its contribution for 48 of the 

metabolites, but for 9 metabolites the species with the most variable flux was still not the largest 

contributor (due to differences in whether variable flux generated by one species is compensated 

by variation in the flux of another). These findings suggest that even if the magnitude and 

variation of species uptake and secretion fluxes across a set of microbiome samples are known 

(rather than just the abundances of species, which is the only measure usually assayed), 

metabolic interdependence between species would still make true contributor species challenging 

to identify. 

Combined, the observations above highlight the complex relationship between species 

activity and measured metabolite concentrations, demonstrating the important role of both direct 

and indirect species interactions. This complex relationship, observed even in the idealized 

settings of our simulation model, is potentially markedly more complex than what is assumed by 

many microbiome-metabolite association-based analyses.  
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4.3.4 Correlation analysis fails to detect true microbial contributors to metabolite variation 

Given our observations above, we next set out to comprehensively assess how well 

pairwise correlation analysis (commonly used for analyzing microbiome-metabolome data) can 

detect true taxonomic contributors to metabolite variance. Put differently, we evaluated the 

extent to which a correlation between species abundance and metabolite concentration across 

samples captures the true causative contribution of a species’ metabolic activity to observed 

metabolite variation.  

Following numerous microbiome-metabolome studies (Kang et al., 2018; McHardy et al., 

2013; Srinivasan et al., 2015; Walsh et al., 2016), we considered identifying species-metabolite 

relationships as a classification task, aiming to identify for each metabolite the set of species that 

are primarily responsible for the variation observed in its concentration across samples. To this 

end, we defined key contributor species for each metabolite as those with a contribution value 

greater than 10% of the total positive contribution values. This resulted in a set of 83 species-

metabolite key contributor pairs, representing true links between species activity and metabolite 

variation. On average, each metabolite had only 1.6 contributors (Figure 9.6), although 7.5 

species on average had utilized or synthesized each metabolite at any point. 31.3% of these 

contributions occurred via synthesis reactions, 66.3% via utilization, and 2.4% (2 instances) via 

both processes. We then calculated the Spearman rank correlations between species abundances 

and metabolite concentrations across samples, and used a p-value threshold of 0.01 to define 

significant correlation between species and metabolites. This produced a set of 191 significant 

species-metabolite correlations, representing putative species-metabolite links. Scatter plots of 

these species-metabolite abundance relationships are shown for several example pairs in Figure 

9.7. 
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Comparing this set of significant species-metabolite correlations to the set of species-

metabolite key contributors clearly illustrated the difficulty of using univariate associations to 

infer mechanistic contributions (Figure 4.3). Indeed, of the 191 significant species-metabolite 

correlations, the vast majority (141) were false positives (corresponding to a positive predictive 

value of only 26.2%), and did not represent true contributor relationships (Figure 4.3A). 

Moreover, more than a third of these false positive species-metabolite pairs (51 out of 141) had 

no mechanistic connection; i.e., the species did not ever use or produce the metabolite in 

question. Furthermore, for 12 variable metabolites (out of 52), none of the key contributors were 

successfully detected by a correlation analysis. The overall accuracy was somewhat higher 

(66.5%), reflecting the high number of non-contributors that are also not correlated. Using a 

stricter cutoff (p < 0.0001, equivalent to a Bonferroni-corrected value of 0.05) only improved the 

positive predictive value to 33% and the accuracy to 77.1%. Indeed, a ROC curve analysis 

(Figure 4.3B) produced an area under the curve of 0.72, and overall correlations and scaled 

contribution values were only weakly associated (Figure 4.3C), suggesting that these findings 

can only be partially mitigated by changing classification thresholds. Metabolites of different 

classes had generally similar correspondence between correlations and contributions (Figure 

4.3D).  

Notably, key contributors for purely microbially-produced metabolites were not 

identified more accurately than those for metabolites in the nutrient inflow (66% versus 67%), 

which is perhaps not surprising since we used a constant inflow across samples (but see also our 

analysis below with variable inflow). Moreover, the total variance in a metabolite was not 

associated with the accuracy or predictive value with which key contributors for that metabolite 

were identified (Spearman rho, p > 0.1). Across species, contributions were identified most 
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accurately for D. piger, which had a relatively low number of contributions (Figures 4.3E and 

C.5C), but the positive predictive value was nonetheless <50% for all species.  

We obtained similar results across several variants of this analysis (Appendix C, 

Supplementary Results, Figures C.6, C.8, and C.9). To assess the impact of dynamic shifts over 

the duration of each simulation, we calculated an alternative set of contribution values based on 

the net steady-state metabolite flux rates at the final time point of each simulation, finding 

extremely similar results as for contributions to cumulative variation in concentration. We also 

evaluated the use of an alternative classification task, aiming to detect all microbes that affect 

variation in a given metabolite across samples regardless of whether their effects are ultimately 

reflected in the observed concentrations (i.e. those with large positive or negative contributions), 

again resulting in similar findings (Supplementary Results, Figure 9.6). Finally, we profiled the 

effects of model simulation parameters on correlation results, including the simulation length and 

the maximum enzymatic rate V_max, again finding minimal effects on contribution and 

correlation results (Supplementary Results, Figures C.8-9).   
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Figure 4.3. Species-metabolite correlations poorly predict species contributions to 

metabolite variation.  

(A) The number of species-metabolites pairs that were significantly correlated (left bar) or 

not-correlated (right bar) and its correspondence with true species-metabolite key contributors 

(indicated by shade of gray). (B) Receiver operating characteristic (ROC) plot, showing the 

ability of absolute Spearman correlation values to classify key contributors among all species-

metabolite pairs. (C) Scatter plot of species-metabolite pairs, showing the poor correspondence 

between true contribution values (x-axis) and Spearman correlation (y-axis). Key contributors 

are plotted as blue points, others as hollow circles. Dashed lines show significant correlations 

(p<0.01). There are 65 species-metabolite pairs with a contribution value greater than 3 in 

magnitude whose values are not shown. (D-E) Accuracy and positive predictive value of 

Spearman correlation analysis for detecting true key contributors across metabolite classes 

(Panel D) and for each of the 10 species (Panel E). 

4.3.5 Species and metabolite properties explain discrepancies between correlations and 

contributions 

Our analysis above demonstrated that correlations between species abundances and 

metabolite concentrations can often be only poorly associated with true contribution of species to 
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metabolite variation. We therefore next investigated the origins of such discrepancies. We 

examined whether individual metabolites or species are predisposed to produce a significant 

species-metabolite correlation when the species in fact does not contribute to that metabolite 

variation (i.e., false positives), or to mask such correlation when the species does in fact 

contribute to this metabolite variation (i.e., false negatives), and if so, what species and 

metabolite properties are linked to those outcomes.  

To determine whether the identity of the species or metabolite in question can explain 

inaccurate identifications of key contributors, we used a regression-based analysis. Specifically, 

we considered all species-metabolite non-contributor pairs, and fitted a logistic regression model 

to predict whether a species-metabolite pair exhibited significant correlation (false positive), 

based on either species identities, metabolite identities, or both (Methods). We then compared 

these three models using a likelihood ratio test to assess whether species and/or metabolite 

identities are informative. We similarly considered all species-metabolite key contributor pairs 

separately, again fitting a logistic regression model based on species identities, metabolite 

identities, or both to predict whether a pair failed to exhibit significant correlation (false 

negative).  

For non-contributors, we found that false positives can be explained largely by species 

identity (likelihood ratio test (LRT) for inclusion of species terms p < 10-13). Incorporating both 

species and metabolite identities did not significantly improve the model (LRT for metabolite 

terms p=0.72). This finding suggests that false positives – correlations observed between species 

and metabolites to which they in fact did not contribute – are the outcome of interactions at the 

species level, regardless of the metabolite in question. This impact of strong interactions between 

dataset features on association test results has been described extensively in other data types (33, 

34). Indeed, examining the 141 false positives identified above, we found that many can be 
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explained by the relationships between the three dominant species in this community: E. rectale, 

B. thetaiotaomicron, and B. ovatus. These species competed strongly for carbon sources (and 

utilized their maximum allocation of sucrose, glucose, and fructose at nearly every step of the 

simulation), and their abundances were therefore negatively correlated. As a result, metabolites 

that varied due to the activity of one of these species were also frequently correlated with the 

other two. In total, 32 false positive correlations paired one of these species with a metabolite for 

which another species in this trio was a key contributor. More generally, we found that the 

probability of a false positive correlation for a particular species and metabolite depended on the 

species’ correlation with the true key contributors for that metabolite (p=0.006, Spearman rho 

between share of false positives and interspecies correlation; Figure 4.4A). Moreover, the 

maximum correlation each species had with any other species is a strong predictor of its overall 

specificity, which varies widely from 33.3% for E. rectale to 92% for D. piger (Spearman rho=-

0.84, p=0.002). We also found that species identity was similarly predictive of whether a 

significantly correlated metabolite-species pair represented a true contributor versus a false 

positive (Appendix C, Supplementary Results). 

In the case of key contributors, we found that false negative correlations can be explained 

largely by metabolite identity (LRT for metabolite terms p=0.002; although the species involved 

was also somewhat informative with LRT p=0.08). Put differently, a lack of correlation between 

the abundance of a key contributor species and the concentration of the metabolite to which it 

contributed was determined mainly by the nature of the metabolite in question. This lack of 

correlation between a given metabolite and its contributors could have resulted from competition 

or exchange of a metabolite between multiple species, such that none of the involved species end 

up strongly associated with the final outcome on their own. Indeed, across all metabolites, the 

average correlation between a metabolite and its key contributors is negatively associated with 
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its number of key contributors (Spearman rho=-0.45, p=0.0008). The number of key contributors 

for any metabolite was also thus negatively associated with the sensitivity of contributor 

detection for that metabolite (Spearman rho=-0.48, p=0.0004; Figure 4.4B). We further 

hypothesized that false negative outcomes might be more common for metabolites with more or 

larger negative species contributions, since these, by definition, mask or compensate for the 

activity of key contributor species. While all metabolites with a false negative outcome did have 

at least one species with a negative contribution value, as mentioned above, this was true for 

nearly all analyzed metabolites (50/52), and the number of negative contributing species was not 

associated with the occurrence of a false negative correlation (p=0.86, Wilcoxon rank sum test). 

Moreover, we also did not observe any effect of the average concentration of a metabolite on the 

sensitivity and accuracy of its detection via correlation analysis, nor of whether it is secreted, 

utilized, or cross-fed (Figure 4.4C). In summary, our analysis suggests that the largest factor 

explaining whether a metabolite’s key contributor can be detected by a correlation analysis is 

simply whether there are other community members (key contributors) that also impact the 

observed concentration of that metabolite. 
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Figure 4.4. Metabolite and species properties explain correlation-contribution 

discrepancies.  

(A) Strongly correlated species pairs produced more false positive metabolite correlations. In 

this plot, the color of each tile indicates the strength of correlation in the abundances of each pair 

of species. The size of the outer black circle in each cell represents the number of metabolites for 

which the species on the x-axis is a key contributor and the species on the y-axis is not. The size 

of the inner circle represents the share of those metabolites for which a false positive is observed 

for the species on the y-axis. It can be seen that many false positive correlations involve the taxa 

with the strongest interspecies associations: E. rectale, B. ovatus, and B. thetaiotaomicron. (B) 

Metabolites with more microbial key contributors were more prone to false negative correlations. 

Each column represents an analyzed metabolite, ordered by its number of key microbial 

contributors, which are represented by each tile. The tiles are coded by the correlation outcome 

for each contributor. (C) Correlations detected key contributors equally accurately regardless of 

whether a metabolite is secreted, utilized, or cross-fed by the species. Each point represents the 

accuracy of correlations for a single metabolite across its comparisons with all 10 species. 
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4.3.6 Environmental fluctuations in metabolite concentrations impact detection of key 

contributors 

Our analyses above all focused on a single simulated dataset in which the nutrient inflow 

was constant across all samples, meaning that metabolite variation was fully governed by 

microbial activity. However, in reality, metabolite variation can and does arise also from non-

microbial sources, potentially affecting both the landscape of key microbial contributors and our 

ability to detect them via correlation-based analyses. To explore the impact of environmental 

fluctuations, we therefore ran several sets of additional simulations with varying degrees of 

nutrient fluctuation, designed to emulate a range of levels of experimental diet control and 

variation in host absorption across the simulated mouse gut communities. In these simulations, 

we maintained the same set of 61 initial species compositions but added small amounts of 

stochastic noise to the nutrient inflow, sampling inflow concentrations for each compound in 

each simulation from a normal distribution with a mean equal to the compound’s original inflow 

rate and a standard deviation ranging from 0.5% to 10% of the mean in 8 increments (Methods). 

For each of the resulting 8 datasets, we again calculated contribution values (with the added 

element of the nutrient inflow as a potential contributor to variance), identified key contributors, 

and compared them with the results of a correlation analysis.  

Examining the obtained contribution values, we found, as expected, that variation in 

inflow quantities can outweigh the variation in microbial fluxes, and that as the variation in 

inflow increases, its contribution to metabolite variation increased at the expense of the 

contributions of community members (Figure 4.5A). As a result, the number of key contributions 

attributed to each species decreased for metabolites in the nutrient inflow (Figure 4.5B). 

Interestingly, however, some species lost their contributions more gradually than others, and in 

some cases even became key contributors for additional metabolites (Figure 4.5B). For most 
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metabolites, the relative ranking of species with the highest contribution values was unchanged 

with increasing fluctuations (Appendix C, Supplementary Results).  

We next examined how correlation-based detection of key microbial contributors was 

affected by these inflow fluctuations. We assigned each of the 52 metabolites in each of the 9 

datasets (the original dataset with no inflow fluctuations and the 8 datasets with varying degree 

of fluctuations) to bins according to the level of contribution attributed to the inflow for this 

metabolite at that degree of fluctuation (see Methods). We then evaluated the performance of 

correlation analysis for each bin separately. The share of true key contributors naturally 

decreased rapidly with increasing environmental contribution, as did the number of significantly 

correlated species-metabolite pairs (Figure 4.5C). Importantly, however, the sensitivity of 

correlations decreased substantially with the level of contribution attributed to the inflow, but the 

specificity in fact increased from 67.7% to 92.3% (Figure 4.5D). This suggests that while 

environmental fluctuations disrupted the signal linking microbial species with the metabolites 

they impact, they also disrupted indirect associations between species and metabolites (false 

positives). Overall, however, the AUC did not change significantly with increasing 

environmental contribution (Figure 9.10A), and the positive predictive value is similarly 

relatively stable (and never rose higher than 37%). Interestingly, the detection of some 

metabolites not present in the inflow was also affected by inflow fluctuations in a similar manner 

(Appendix C, Supplementary Results, Figure 9.10B).  
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Figure 4.5. Environmental fluctuations impact correlation-contributor sensitivity and 

specificity.  

(A) Example set of contribution profiles for a single inflow metabolite, L-valine, with 

increasing fluctuations in its inflow. The relative contribution values for each species and for the 

inflow are shown for 4 sets simulation runs, each with a different degree of fluctuation. The label 

on each plot describes the relative standard deviation (coefficient of variation) of inflow 

concentrations for that set of simulations. The microbial contributions to variance in L-valine 

concentrations became smaller with increasing variation from the external environment. (B) 

Shifts in key microbial contributors with increasing environmental inflow fluctuations. The 

number of key contributions of each species to the 52 analyzed metabolites is shown, separately 

for metabolites present in and absent from the nutrient inflow. Microbial contributors to inflow 

metabolites decreased as environmental contributions increased, but this effect varied between 

taxa. (C) Correlation analysis failed to detect key microbial contributors regardless of the size of 

contribution from external inflow. Across all sets of simulations, metabolites were binned based 

on the percent of total positive contribution from the external inflow. The bar plots shown have 

the same format as Figure 4.3A, showing the number of species-metabolites pairs that were 

significantly correlated (left bar) or not-correlated (right bar) and its correspondence with true 

species-metabolite key contributors (shade of gray). The first two bars, labeled “Orig” describe 

the original set of simulations (replicating Figure 3A). The next two show the results for non-

inflow metabolites across all levels of inflow fluctuations. The remaining bars show the results 

for metabolites with increasing levels of environmental contribution. (D) Correlation analysis 

detected key microbial contributors with increased specificity, decreased sensitivity, and 
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generally consistent positive predictive value with increasing contribution from the external 

inflow. Statistics are shown for same environmental contribution bins as in Panel C. 

4.3.7 Correlation analysis is similarly limited in simulations of more complex and diverse 

human gut microbiota 

Our results have illustrated consistent discrepancies between microbe-metabolite 

correlations and microbial contributions to metabolite variation in a model ten-species 

community. We lastly addressed the question of whether these findings generalize to more 

complex mammalian gut microbiota, communities with many times more taxa and a more 

uneven distribution across individuals. To do so, we ran an additional set of simulations 

emulating human gut microbiota transplanted into gnotobiotic mice. We first mapped 16S rRNA 

sequence variants from the Human Microbiome Project (Huttenhower et al., 2012) to the 

genomes of the AGORA model collection at 97% sequence identity (Magnúsdóttir et al., 2016), 

and selected 57 samples with a successful mapping rate greater than 25% relative abundance. 

The total share of mapped reads averaged 36.7% across these samples, with a maximum of 

73.5%. Despite this variation, mapped reads displayed features typical of Western gut 

microbiomes, including a predominance of Bacteroidetes and Firmicutes phyla along with 

varying lower abundances of Actinobacteria and Proteobacteria (Figure 4.6A). The number of 

species identified in each sample ranged from 23 to 62, with a median of 42. We ran a simulation 

based on each sample by setting the initial species relative abundances according to the relative 

abundances of mapped reads, while maintaining the same physical parameters as previous 

simulations (see Methods for additional details). We used nutrient inflow quantities with 1% 

standard deviation between samples. Initial species compositions displayed characteristic shifts 

in abundance over the simulation time course (Figure 9.11A). Metabolites were also highly 

variable, with a median coefficient of variation of 71% across 222 metabolites (Figure 9.11B). 
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We calculated contribution values for this dataset, finding a smaller share of key contributions 

(only 392 out of 29,082 possible species-metabolite pairs). Only 35.1% of species (46 out of 

131) were identified as key contributors to any metabolite. The genera with the most 

contributions were Bacteroides, Ruminococcus, and Enterobacter, which were also three of the 

four most abundant genera in the final dataset (Figure 4.6B). 

In this noisier and more layered dataset, only a small share of species-metabolite pairs 

was significantly correlated. In order to fairly compare with the previous dataset while 

accounting for the larger number of hypothesis tests, we defined significance based on an 

equivalent Benjamini-Hochberg estimated false discovery rate (0.027) as the p < 0.01 cutoff used 

for the previous dataset. 2.2% of species-metabolite pairs displayed significant correlations at 

this cutoff (p < 0.00058). This level of correlation is comparable to a recent microbiome-

metabolome study of the colon of healthy humans (McHardy et al., 2013), in which 1.4% of 

OTU-metabolite pairs displayed Spearman correlation coefficients of the same effect size. In our 

dataset, correlation analysis detected contributors with high specificity (98.4%), and an area 

under the ROC curve of 0.89. However, the positive predictive value was still only 29.0%, rising 

as high as 57% with a significance cutoff of p < 10-10. We compared these classification results 

with the original dataset, finding that despite the difference in overall AUC, sensitivity, 

sensitivity, and predictive value are similar or worse for the two datasets at commonly used FDR 

thresholds between 0.1 and 0.01 (Figure 4.6C), and sensitivity and predictive value are both 

highly dependent on the choice of significance threshold. As in the ten-species dataset, a large 

share of false positive species-metabolite pairs (65.4%, 291 out of 445) also involved species 

with no capacity to impact the metabolite in question.  

The outcomes of correlation analysis were influenced by the same factors as observed in 

the model community dataset, but also by several additional characteristics. False positive 
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classifications were, again, driven by interspecies covariance: Species significantly correlated (at 

10% FDR) with a true key contributor for a metabolite were 13.6 times more likely to have a 

false positive correlation with that metabolite than species with no such link (p < 10-16). Notably, 

the false positive rate of a given species was also substantially affected by its prevalence: the 

number of samples in which a species was present was negatively associated with its specificity 

(Spearman rho = -0.57, p=0.002, Figure 9.11C), among species with at least 3 key contributions. 

In other words, widely prevalent species were more prone to false positive correlations than rarer 

species.  

Properties of both metabolites and species were again linked to false negative 

contributions. As in the ten-species dataset, species contributions to metabolites with more than 

one key contributor were 5.2 times more likely to not be correlated than those that were the sole 

key contribution for a metabolite (p < 10-10, Fisher exact test). In this dataset, an elevated share 

of these metabolites with multiple key contributors were cross-fed between different species 

(p=0.00007, Fisher exact test), and correspondingly, key contributors for cross-fed metabolites 

were also 1.6 times less likely to be significantly correlated (p=0.02). Both cross-feeding and 

false negative outcomes occur variably across metabolite classes, with nucleotide metabolites 

having the highest rates of both phenomena (Figure 9.11D). Taken overall, our simulations and 

analysis of this realistic microbiota simulation demonstrates that correlation analysis can have 

greater utility in a microbial community dataset with greater complexity and variability, but the 

results are again strongly influenced by properties of individual metabolites and species. 
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Figure 4.6. Correlation-contribution discrepancies persist in simulations of complex 

human gut-based microbiota.  

(A) Species abundances of the 57 Human Microbiome Project (HMP) based-simulations at 

the 144 hour time point. Shades of blue indicate species in the phylum Firmicutes; red, 

Bacteroidetes; green, Proteobacteria; and purple, Actinobacteria. (B) Key contributions to 

metabolite variation across the HMP-based dataset, summarized at the level of taxonomic orders 

and metabolite categories. (C) Performance of correlation analysis for identifying key species-

metabolite contributors in the HMP-based dataset (solid lines) compared with the original 10-
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species dataset (dashed lines) across varying significance levels, using Benjamini-Hochberg false 

discovery rate (FDR) corrected p-values. 

4.4 DISCUSSION: INSIGHTS AND IMPLICATIONS FOR MICROBIOME-METABOLOME 

ANALYSES 

Above, we have investigated the ability of correlation-based analyses to detect key 

microbial contributors responsible for variation in metabolite concentrations across samples. Our 

findings suggest that microbe-metabolite correlation analysis may be a useful approach for 

exploratory analyses, but they highlight some of the limitations and caveats of such microbiome-

metabolome studies and identify several factors that impact the relationship between community 

composition and metabolite concentrations. Below, we elaborate on a set of practical conclusions 

and their implications for the analysis and interpretation of microbiome-metabolome studies.  

Association-based analyses of microbiome-metabolome assays have low predictive 

value for detecting direct species-metabolite relationships and require conservative 

interpretation. Microbiome-metabolome association studies have been previously proposed as a 

powerful tool for the identification of causal mechanisms of microbiome metabolism (Gilbert et 

al., 2016), and indeed, such studies often present detected associations as evidence for 

mechanistic relationships (Choo et al., 2017; De Filippis et al., 2015; Lin et al., 2018). However, 

our analysis suggested that the positive predictive value of significant species-metabolite 

correlations for identifying true microbial contributors can be extremely low: less than 50% 

across all settings, as low as 10% in the context of large environmental fluctuations, and 29% in 

simulations based directly on human gut composition. Recent experimental studies pairing 

microbiome-metabolite correlation analysis with in vitro monoculture validations have similarly 

anecdotally observed many false positive correlations (Hoyles et al., 2018). Additionally, given 

the somewhat low sensitivity observed in our analysis, a lack of association is not necessarily 
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sufficient to reject a hypothesis that a particular microbial taxon impacts a particular metabolite. 

The choice of correlation threshold should therefore be chosen carefully, taking into account the 

complexity of the community and the environmental context. In general, identified correlations 

between microbial taxa and metabolites should be interpreted very conservatively and used 

mostly to prioritize microbe-metabolite relationships for follow-up validation studies (e.g., via 

culture-based studies or germ-free model organism colonization). One potential approach for 

improving the predictive value of such correlation-based analyses is to examine whether they 

replicate across multiple conditions. Indeed, we found that a correlation does provide stronger 

evidence for a contributor relationship if it persists across different contexts. Across our 9 

simulated datasets with varied environmental fluctuations, the 43 species-metabolite pairs that 

were significantly correlated in every dataset were 2.1 times more likely to denote true key 

contributor relationships than other significant correlations (Fisher exact test, p=0.05), although 

their positive predictive value was still relatively low (39.5%). Of the limited number of 

significant correlations shared between our original and HMP-based datasets (n=5), all were 

false positives in both datasets, reiterating the need for caution. 

The predictive power of correlation-based analysis is species-, metabolite-, and 

context- dependent. In our datasets, metabolites varied widely in both contribution profiles and 

in their detectability via correlation analysis. In particular, the key contributors for metabolites 

acted upon by fewer species, and potentially those that are not exchanged between different 

species, were identified more readily. Moreover, in our simulations of human gut communities, 

contributions by less prevalent species were identified much more accurately than those by 

widely-found species, indicating that hypotheses based on associations of rarer species should 

potentially be prioritized. Correlation analysis may thus identify microbes involved in 

specialized secondary metabolic processes (e.g. products of complex biosynthetic pathways) 
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more readily than those involved in more widespread processes. Therefore, correlation-based 

approaches may be more informative for analyzing compounds that are specific to a small 

number of rare taxa, but accurate dissection of the taxa controlling variation in widely-trafficked 

metabolites may require more detailed analysis and experimentation. Similarly, we found that 

species-metabolite correlations for species that are strongly associated with other taxa (e.g., those 

with tight interactions with other community members) are often spurious, suggesting that such 

correlations should be regarded less confidently. 

External metabolic fluctuations can strongly impact the detection of microbial 

contributions. Our analysis of the impact of environmental fluctuations suggested that the 

presence of environmental variability from a diverse set of samples could in fact increase 

correlation specificity. We also found that the sensitivity of correlation analysis rapidly 

decreased with increasing environmental fluctuations (from 60% to 9%). These observations 

suggest that while a tightly controlled environment (e.g., identical diets) is intuitively expected to 

increase the strength of microbiome-metabolome studies, its value depends on the study 

priorities. Specifically, if the goal is to identify clear-cut microbial drivers of healthy- and 

disease-associated metabolite shifts, stochastic variation in nutrient availability could be 

beneficial as it may reduce the rate of false positive associations. In contrast, for studies 

searching for a particular microbial taxon’s involvement in a particular process (e.g. aiming to 

determine whether an ingested probiotic impacts aspects of gut metabolism), a more controlled 

environment may be favorable. It should, however, be noted that our findings were based on 

environmental fluctuations that were uniform and independent, which may not hold for real-life 

environmental fluctuations such as diet variation. It is also worth noting that in our simulations, 

microbial fluxes for some environmental metabolites could be drowned out by as little as 0.5% 

variation in nutrient inflow quantities, while others still had substantial microbial contributions 
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even with 10% variation in inflow. When interpreting an observed association, the scale of 

possible microbial variation relative to external variation should therefore be taken into account.  

Mechanistic reference information can improve the predictive power of 

microbiome-metabolome studies. In our simulated dataset, 36% of the false positive 

correlations occurred between a metabolite and a species that was in fact not capable of uptaking 

or secreting that metabolite. Ruling out such falsely detected links would substantially improve 

the positive predictive value of a correlation-based analysis. One approach for doing so is by 

utilizing genomic information, which can be obtained or predicted for many microbial taxa 

(Langille et al., 2013). By coupling such genomic information with metabolic databases such as 

KEGG or MetaCyc (Caspi et al., 2014; Kanehisa and Goto, 2000), researchers can filter out 

correlation-based links that are likely not feasible causative relationships. Further improvement 

can be obtained by integrating such reference information directly into the analysis. Indeed, we 

previously introduced a computational framework, termed MIMOSA (Noecker et al., 2016), that 

utilizes a simple community-wide metabolic model to assess whether measured metabolite 

variation is consistent with shifts in community metabolic potential, and to identify potential 

contributing taxa. MIMOSA has been applied to varied host-associated microbiomes from varied 

body sites and from human and mouse hosts (Casero et al., 2017; Snijders et al., 2016; Stewart et 

al., 2017). Applying MIMOSA to the simulated ten-species dataset analyzed above (Methods), 

we found that it indeed identified key contributors significantly more accurately than a 

correlation-based analysis, with an AUC of 0.89 (Figure 4.7). Notably, in this analysis, we 

assumed MIMOSA has access to the correct set of metabolic reactions possessed by each 

species. Using standard less-complete information obtained directly from the KEGG database (as 

done regularly when using this tool) reduced the number of metabolites that could be analyzed 

from 52 to 39, with improved specificity (96%) and positive predictive value (61%) and an 
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ultimately comparable AUC (0.74). Combined, these findings suggest that reference model-

based approaches can provide stronger evidence for mechanistic relationships than strictly 

correlation-based methods, but their use depends on complete and high-quality metabolic 

reference databases.  

 

Figure 4.7. MIMOSA identified key microbial contributors more accurately than 

correlation analysis.  

(A) The number of species-metabolite pairs that were identified as potential contributors (left 

bar) or not (right bar) by MIMOSA, and its correspondence with true key contributors. (B) 

Receiver operating characteristic (ROC) plot, showing the ability of both MIMOSA and absolute 

Spearman correlation values to classify key contributors among all species-metabolite pairs. 

4.5 FUTURE OPPORTUNITIES AND CHALLENGES  

Microbiome-metabolome studies have an important role in microbial ecology research. 

They specifically have great potential to dissect the metabolic interactions of complex microbial 

communities, and to unify “top down” and “bottom up” microbiome research approaches by 

providing mechanistic information at a systems level. Moreover, from a translational perspective, 

microbiome-metabolome studies can inform efforts to design targeted therapies to alter specific 

microbial or metabolic features of a community (Shaffer et al., 2017). Such interventions require 
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first identifying putative targets, which in many cases may entail identifying the key contributor 

species that drive observed shifts in a particular beneficial or detrimental metabolic phenotype.  

Importantly, while we show here that a correlation-based analysis may be limited in its 

ability to identify these key microbe-metabolite links, this does not necessarily imply an inherent 

limitation of microbiome-metabolome data. For example, analyzing our data, we found that 

species abundance is in fact a very good proxy for metabolic activity (median correlation of 

0.996 between abundance and flux for all species-metabolite pairs), meaning that the variance in 

total species abundance drastically outweighs the individual-level variance in flux rates. When 

we further examined whether false negative associations in our original dataset stem from a 

disconnect between the abundance of a species and its metabolite uptake or secretion rates, we 

identified only 2 undetected key contributor pairs that could be explained by such a discrepancy. 

This analysis suggests that taxonomic abundance data is sufficient to explain and model 

community metabolic variation to great extent, despite common concerns about potential 

discrepancies between community composition and function. It also suggests that 

metatranscriptomic expression data may not provide much additional value for this purpose, as 

other studies have indicated (Franzosa et al., 2014; Iwai et al., 2016; Langille et al., 2013).  

Given the increasing prevalence of microbiome-metabolome studies, their promise, and 

the caveats of association-based research discussed above, further development of computational 

and statistical methods for analyzing such datasets is clearly needed. Possible directions include 

the use of multi-species dynamic metabolic models that can replicate experimental observations 

(Magnúsdóttir and Thiele, 2018), multivariate approaches for deconvolving interactions between 

species and the environment (Doledec and Chessel, 1994; Randolph et al., 2015), and 

probabilistic methods that can integrate prior information while allowing for other unknown 

mechanisms (Chong and Xia, 2017; Zhu et al., 2012). The conceptual framework of taxon-
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metabolite contributions, and the use of dynamic simulations demonstrated here, can both inform 

the future development and evaluation of such methods. 

There is also a continued need for gold standards to evaluate new methods. This study is 

only a first step in that direction and has analyzed one specific type of research question: 

identifying microbial taxa directly responsible for variation in metabolite concentrations between 

samples in a cross-sectional study design. Although this focus describes many recent 

microbiome-metabolome studies, other studies may address a wide range of complementary 

research questions, and correspondingly, the desired “ground truth” can take different forms. 

Moreover, depending on the objective, an alternative definition of a taxon-metabolite 

relationship may be required. For example, it may be valuable to identify key contributors that 

act via alternative mechanisms, such as by modifying substrate availability or environmental 

conditions (e.g. (Keren et al., 2015)), or to distinguish metabolite variation arising in response to 

a perturbation from variation due to differences in steady-state metabolism between 

communities. Additionally, our findings rely on an in silico system that may not capture many 

aspects of community ecology and metabolism, and it is possible that the predictive value of 

correlation analysis, as well as of other analytical methods, differs fundamentally in this system 

as compared to true biological systems. Further studies should also consider additional variables 

such as community diversity, sample size, measurement error, and other types of environmental 

variation. Ongoing technology developments in mass spectrometry and stable isotope probing 

will ideally enable future evaluation analyses using experimental, quantitative, species-specific 

community flux data to define key microbial contributors (Berry et al., 2013; Kurczy et al., 

2016). Such evaluations can also take advantage of datasets comparing community microbiome-

metabolome data with in vitro monoculture or mono-colonization data (Biggs et al., 2016; 

Hoyles et al., 2018; Kešnerová et al., 2017).  
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Ultimately, much remains to be learned about the many processes through which 

complex microbial communities shape their environment. The first major call for the application 

of metabolomics to microbiome research, published 10 years ago (Turnbaugh and Gordon, 

2008), noted that new methods will be necessary to integrate genomic and metabolic data and 

inform the prediction of community metabolic properties from metagenomes. Now that 

microbiome-metabolome datasets are widely available, ongoing development of analysis 

methods for these studies has great potential to generate new knowledge. Moreover, future work 

in this area stands to benefit from the utility of dynamic, multiscale metabolic modeling. Detailed 

mechanistic simulations are used widely in astronomy, climate science, and other fields to make 

methodological choices and assess possible experimental outcomes when ground truth 

measurements are unavailable or difficult to obtain (Collins et al., 2006; Connolly et al., 2014). 

An analogous strategy in microbiome research may be similarly fruitful.   

4.6 METHODS 

4.6.1 Derivation of species contributors to variation 

We derived an expression representing the contribution of each species to the variance in 

the concentration of each metabolite. While we describe this calculation in terms of species, a 

similar calculation could be done at the level of phyla, strains, or any grouping of the community 

for which metabolite secretion and uptake fluxes are available. 

The concentration of a given metabolite M at the end of a single simulation run is a function 

of the uptake and secretion fluxes (responding to the species’ degradation and synthesis activities) 

of the n species, the environmental inflow over all time steps min, and the dilution mout out of the 

chemostat over all time steps: 

𝑀 = ∑ 𝑚&
*
&,- + 𝑚&* − 𝑚BCD (4.4) 
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The value of mout at a given time step t is the product of the dilution rate D and the 

metabolite concentration at the previous time point (see above). This fact can be used to express 

mout in terms of all the previously recorded environmental inflow and microbial activities. The 

metabolite concentration at any time point t, M(t), is then equal to: 

 

𝑀(𝑡) = ∑ [(1 − 𝐷)DIJI- ∑ 𝑚&J
*
&,- ]DI-

J,- + 𝑚&* ∑ (1 − 𝐷)JDI-
J,-  (4.5) 

 

where mik represents the activity of species i at a single time point k. We can then ignore dilution 

outflow by replacing each activity value mi in the final concentration calculation above with a value 

corrected for the mitigating effect of chemostat dilution over the course of the simulation up to 

time t, defined here as mi*. mi* represents the total amount of a compound secreted or uptaken by 

species i, minus the share of that quantity that is eventually diluted out over the course of the 

simulation. 

 

𝑚&
∗ = ∑ (1 − 𝐷)DIJI-𝑚&J

DI-
J,-  (4.6) 

and thus,  

𝑀 = 𝑚&* + ∑ 𝑚&
∗*

&,-  (4.7) 

 

In this work, we refer to “environmental fluctuations” as the effect of the independently 

parameterized nutrient inflow, min, and where not otherwise specified we use mi to imply mi*, a 

species activity quantity that accounts for the corresponding subsequent dilution out of the system.  

Using the expression above, var(M) can then be clearly expressed as a sum of correlated 

environmental and microbial random variables:  
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𝑣𝑎𝑟(𝑀) =MM𝑐𝑜𝑣6𝑚&,𝑚89
*

8,-

+M𝑐𝑜𝑣(𝑚&,𝑚)*+)
*

&,-

*

&,-

 

= ∑ 𝑣𝑎𝑟6𝑚89 + 𝑣𝑎𝑟(𝑚)*+)*
8,- + 2∑ ∑ 𝑐𝑜𝑣(𝑚&,𝑚8)*

8,&O-
*
&,- + 2∑ 𝑐𝑜𝑣(𝑚&,𝑚)*+)*

&,-

 (4.8) 

 

This expression can then be partitioned additively into n+1 terms representing the 

contribution of each microbial species and of fluctuations in the environmental nutrient inflow. 

 
𝑐& = ∑ 𝑐𝑜𝑣(𝑚&,𝑚8)*

8,- + 𝑐𝑜𝑣(𝑚&,𝑚)*+) = 𝑣𝑎𝑟(𝑚&) + ∑ 𝑐𝑜𝑣6𝑚&,𝑚89 + 𝑐𝑜𝑣(𝑚&,𝑚)*+)8:&

 (4.9) 
 

4.6.2 Multi-species Dynamic Flux Balance Analysis modeling 

In this study, we simulated the growth and metabolism of a community of 10 representative 

gut species that was previously explored experimentally (Faith et al., 2011). We specifically 

utilized a previously introduced multi-scale framework for modeling the dynamics and metabolism 

of multiple microbial species in a well-mixed shared nutrient environment (Chiu et al., 2014; 

McNally and Borenstein, 2018). This framework assumes that each species in the community aims 

to maximize its own growth on a short time scale given available nutrients, and uses Flux Balance 

Analysis to predict the growth and metabolic activity of each species at this short time scale 

(Varma and Palsson, 1994). The shared environment is then iteratively updated based on the 

species’ predicted growth, uptake, and secretion rates, such that metabolic interactions are 

mediated via the environment as a natural byproduct of species activities, rather than being 

explicitly modeled (Manor et al., 2014).   

We used genome-scale metabolic model reconstructions of the 10 community members 

from the AGORA collection version 1.01 (Magnúsdóttir et al., 2016), which have been 

consistently curated to remove or modify thermodynamically unfavorable reactions, remove futile 
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cycles, and confirm growth in anaerobic environments on expected carbon sources, with additional 

curation for several biosynthesis pathways. The COBRA toolbox was used to convert each 

AGORA model to MATLAB format (Schellenberger et al., 2011).  The growth and metabolism 

of the 10-species community were simulated in a chemostat setting in 15-minute time intervals. 

We set the chemostat volume to be approximately equal to a mouse gut (0.00134 liter (Casteleyn 

et al., 2010)). We similarly set metabolite inflows to emulate the macronutrient and micronutrient 

quantities in a corn-based mouse chow (Faith et al., 2011) (provided in Supplementary Data 1).   

The simulations were performed following a previously introduced procedure (Chiu et al., 

2014), repeated for each time step tn: First, the maximum uptake rate for all metabolites by all 

species, denoted as 𝑣8J for metabolite j and species k, were calculated based on Michaelis-Menten 

single-substrate kinetics, with assumed universal values for maximum rate Vmax and transporter 

affinity Km for all metabolites (provided in Supplementary Data 1). 𝑣8J was further constrained 

based on an allocation of the metabolite’s environmental concentration to each species in 

proportion with its biomass. Then, the steady state reaction fluxes for each species k at time point 

tn were determined by maximizing the growth rate µk, within the obtained constraints on 

environmental metabolite uptake. To obtain a single and consistent flux solution for each species, 

the total flux activity for each species (i.e., the sum of absolute fluxes given the predicted optimal 

growth rate) was minimized, under the assumption that organisms prefer to operate their 

metabolism with minimal enzymatic cost (Holzhütter, 2004). The optimal flux solutions were 

solved using linear programming with GLPK (www.gnu.org/software/glpk). With the resulting 

flux and growth rate information, the total biomass of each species k, biok(tn), was updated for the 

next time point tn+1, using a standard exponential growth function incorporating dilution: 

 

𝑏𝑖𝑜J(𝑡*O-) = 𝑏𝑖𝑜J(𝑡*)𝑒ST∆D − 𝑏𝑖𝑜J(𝑡*)𝐷∆𝑡 (4.10) 
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where D is the dilution rate. We set D to 0.0472 per hour, in order to obtain community growth 

rates consistent with the observed average growth rate of the three most abundant species growing 

under 47 different carbon conditions (McNulty et al., 2013). The total amount of uptake or 

secretion for each species k and metabolite j over a single time step was then calculated as 

previously derived (Chiu et al., 2014): 

 

𝑚VWX
8J (𝑡*) =

+YT
µT
∗ 	𝑏𝑖𝑜J(𝑡*)(𝑒µT∆D − 1)	 (4.11) 

 

where 𝑣8J is the rate of uptake or secretion specified by the FBA solution for that species and 

metabolite at that time point, µJ is the species growth rate, 𝑏𝑖𝑜J(𝑡*) is the species abundance, and 

∆𝑡 is the size of the time step. Finally, combining the flux solutions of all species, nutrient inflow, 

and dilution, along with the steady state assumption of no intracellular metabolite accumulation, 

the concentration of a given metabolite in the shared nutrient environment at the next time point, 

Mj(tn+1) can be updated as: 

 

𝑀8(𝑡*O-) = 𝑀8(𝑡*) + 𝑚VWX
8 (𝑡*) + 𝑚&*

8 ∆𝑡 − 𝑀8(𝑡*)𝐷∆𝑡 (4.12) 

 

where 𝑚VWX
8 (𝑡*) is the metabolic impact from all species considering their abundance and their 

uptake and secretion rates of metabolite j, and 	𝑚&*
8

 is the inflow rate of metabolite j. This process 

of calculating uptake rates, Flux Balance Analysis solutions, and updated metabolite 

concentrations was then repeated iteratively for the duration of the simulation. 

Each simulation was run for a period of 144 hours or 576 time steps. This time period was 

long enough for most simulation runs to approach a steady state composition: specifically, in >65% 
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of the simulations analyzed in our study, the change in abundance in any species over the final 3 

hours was less than 0.01% of the carrying capacity (see below), and all had no changes greater 

than 0.3% of the capacity over that period. The concentrations of species and metabolites, the 

species growth rates, and the solved rates of all reactions for each species (including uptake and 

secretion) were recorded in each step of each simulation and used for subsequent analyses 

(Supplementary Data 1 and 2).  

4.6.3 Simulation initialization parameters 

We fixed the initial total abundances of microbes to the carrying capacity for this system 

and media, which was estimated to be 0.433 units of biomass. This capacity was calculated as the 

average final total abundance from a set of simulations with varying compositions and low initial 

abundances. We then varied the relative abundances, increasing the abundance of one species at a 

time at the expense of all other species equally. Specifically, for each species, we ran simulations 

in which the ratio of that species’ initial abundance relative to all other species was 2, 3, 4.5, 6, 9, 

and 13 times (equating to a range in relative abundance of 10% to 60% for each species). This 

resulted in a total of 61 simulation runs (one with all species starting at equal abundance and 6 

with increased abundance of each species). We chose this sample size to approximately represent 

the sample sizes of published cross-sectional microbiome-metabolome association studies (Califf 

et al., 2017; Srinivasan et al., 2015). We set the initial inflow concentrations to the amount that 

would dilute in over one hour under the calculated inflow rates.  

4.6.4 Calculation of contribution values for variable metabolites 

We calculated contribution values for all metabolites with variance in concentration above 

the 25th percentile. We chose this threshold in order to include as many metabolites as possible 
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while excluding those that only varied at all in fewer than half of the simulation runs, or whose 

variation would be subject to potential numerical errors. 

4.6.5 Comparison with Shapley values 

We implemented an approximate Shapley value algorithm (Manor and Borenstein, 2017) 

as an alternative strategy to calculate contributions for the simulated dataset. Briefly, 15,000 

random orderings of the 10 species were randomly generated. For each ordering, the variance in 

metabolite activity is calculated for subsets of size 1 to 10, adding in species according to the 

specified ordering. The difference in variance as a given species is added to the subset, denoting 

the marginal contribution of that species to variation, is recorded. The average marginal 

contribution across all orderings for each species is then defined as its contribution to variance. 

4.6.6 Species-metabolite correlation analysis 

We calculated Spearman correlations between absolute species abundances (quantified as 

total biomass) and concentrations of variable metabolites. We used absolute abundances in order 

to evaluate the relationships between species and metabolites under the hypothetically best 

possible measurements of both data types. We also compared correlation results using relative 

abundances and found very minimal differences in the main simulation dataset: only 7 species-

metabolite pairs (1.3%) are significantly correlated using absolute abundances but not relative, and 

only 4 pairs (0.8%) are correlated using relative abundances but not absolute.  

We used a p-value threshold of 0.01 to classify “significant” associations for binary 

comparisons. For interpretability, we refer to p-values not corrected for multiple hypothesis 

testing, since the number of tests remained constant across nearly all of our analyses (520 possible 

species-metabolite pairs). The 0.01 threshold we use to define significantly correlated pairs is 
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equivalent to a Benjamini-Hochberg corrected false discovery threshold of 0.027, calculated using 

the R function p.adjust (Benjamini and Hochberg, 1995).   

4.6.7 Logistic regression modeling of correlation outcomes 

We used logistic regression models to identify factors that can be used to predict whether 

a non-contributing species-metabolite pair displays a significant correlation (false positive), and 

whether a key contributor species-metabolite pair fails to be correlated (false negative). We used 

the glm function in R to fit models of the log odds of whether a non-contributing species is 

correlated with its corresponding metabolite (false positive or true negative), using as predictors 

grouped indicator values for species and metabolite identities. We separately fit another set of 

logistic regression models to predict whether a key contributor species is correlated (true positive 

or false negative), with the same predictors. Models were compared using likelihood ratio tests 

using the anova function in R. 

4.6.8 Simulations with varied inflow quantities 

We ran 8 additional sets of simulations with the same set of 61 different initial species 

compositions but with varying degrees of inflow fluctuations. Specifically, the nutrient inflow 

quantities were sampled independently from a normal distribution, with a mean of the original 

inflow concentration and the standard deviation equal to a set percent of the mean. The 8 levels of 

deviation were 0.5%, 1%, 2%, 3%, 4%, 5%, 8%, or 10%. In the comparison of correlation results 

across samples, we evaluated the same set of 52 variable metabolites as for the original dataset for 

consistency, although given the added noise, additional metabolites met the same variance cutoff 

we used to define variable metabolites.  

To evaluate correlation performance as a function of increasing environmental 

contribution, we binned the 38 analyzed inflow metabolites across the 8 datasets based on the size 
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of the environmental contribution to variance for the metabolite in that dataset. In other words, 

metabolites in any dataset with an environmental contribution greater than 0 but less than 10% of 

the total positive variance contributions were binned into a single category, those with an 

environmental contribution between 10% and 20% were binned into the next category, and so on. 

We analyzed the 52 metabolites in the original constant-environment dataset as a separate 

category, and did the same for the 14 non-inflow metabolites in each of the 8 environmentally-

varying datasets.  

Confidence intervals for AUC values were calculated using the pROC package in R (Robin 

et al., 2011), using a bootstrap method with 500 resamplings. 

4.6.9 Simulations of Human Microbiome Project-based microbiota 

To simulate more complex gut microbiota, we downloaded the 16S rRNA sequence variant 

abundance tables from the Human Microbiome Project (Huttenhower et al., 2012), processed with 

deblur (Amir et al., 2017), from Qiita (Gonzalez et al., 2018). We also downloaded ribosomal 

RNA sequences for all of the 818 genomes corresponding with AGORA v1.0.2 models from NCBI 

RefSeq and GenBank using the biomartr R package (Drost and Paszkowski, 2017). We used 

vsearch version 2.8.1 (Rognes et al., 2016) to map the HMP sequences to the AGORA ribosomal 

sequences with 97% identity, with the max_rejects parameter set to 0 in order to obtain the highest 

identity match for each sequence variant. We chose to model a subset of 57 samples for which at 

least 25% of their total read counts successfully mapped to an AGORA genome. We normalized 

species abundances based on the 16S rRNA copy number of the corresponding genome, and 

initialized 57 simulations with the starting relative abundances determined based on the AGORA-

mapped relative abundances of these samples. We updated the nutrient inflow to enable growth by 

most models. We assessed whether the additional of each individual metabolite to the original 

nutrient inflow had a growth-promoting effect on any species, specifying proportions similar to 
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the average European diet in the Virtual Metabolic Human database where possible (Noronha et 

al., 2018). Metabolites that promoted growth in at least one species were retained in the revised 

nutrient inflow, and the process of testing for increased growth with the addition of any single 

metabolite was repeated. After two rounds of adding metabolites to the inflow, 15 models, 

representing 3.4% of the total normalized abundance across all samples, still displayed zero 

growth. We removed these from the simulations and used the final updated nutrient inflow with 

the 131 remaining models.  All other simulation parameters were the same as for the original 10-

species community simulations. When analyzing the role of interspecies correlation in this dataset, 

we excluded species that appear in fewer than 4 samples. 

4.6.10 Application of MIMOSA to simulated data and comparison with correlation analysis 

We applied MIMOSA v1.0.2 (github.com/borenstein-lab/MIMOSA) (Noecker et al., 

2016) to the obtained set of metabolite and species abundances. To construct the community 

metabolic network model required by MIMOSA, we merged the 10 species-level models used in 

the simulations into a single stoichiometric matrix. If a reversible reaction only ever proceeded in 

a single direction in any simulation, we encoded it as non-reversible. To apply the KEGG-based 

version of MIMOSA, we converted the model metabolite IDs to KEGG IDs (Kanehisa and Goto, 

2000), downloaded KEGG Orthology gene annotations for the 10 modeled species from the 

IMG/M database (Markowitz et al., 2012), and ran a MIMOSA analysis using the KEGG 

metabolic network model encoded in reaction_mapformula.lst (KEGG version downloaded 2-

2018). 

4.6.11 Code and data availability 

Code for all the analyses presented in this study is available online in the form of R 

notebooks at https://github.com/borenstein-lab/microbiome-metabolome-evaluation. The code 
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and media files for performing dynamic FBA co-culture simulations is available from 

https://borensteinlab.com/download.html. All data generated and analyzed in this study and 

displayed in the figures are included in Supplementary Data 1 through 4 (available at the same 

URL). 
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Chapter 5. MIMOSA2: A METABOLIC NETWORK-BASED TOOL 

FOR INFERRING MECHANISTIC LINKS FROM 
MICROBIOME-METABOLOME DATA 

5.1 SUMMARY 

Recent technology developments have facilitated a recent expansion of microbiome-

metabolome studies, in which researchers measure the composition of a set of microbial 

communities together with metabolite measurements from the same samples. A common goal of 

many of these studies is to identify microbial features (species or genes) that may contribute to 

differences in metabolite phenotypes between the communities of interest. Previous work showed 

that integrating these datasets with reference knowledge on microbial metabolic capacities may 

enable more precise and confident inference of such microbe-metabolite links. Here, we present 

MIMOSA2, an R package and web server for model-based integrative analysis of microbiome-

metabolome datasets. MIMOSA2 uses reference data from multiple sources to construct a 

community metabolic model from microbiome data, which is then compared with the 

metabolomics data to identify putative microbiome-controlled metabolites and specific taxonomic 

contributors to metabolite variation.  MIMOSA2 is flexible to a variety of input data types and can 

be customized to incorporate user-defined metabolic pathways. We demonstrate MIMOSA2’s 

ability to identify true microbial mechanisms from simulation data in comparison with alternative 

approaches, and we describe an example application to a microbiome-metabolome study of 

genetically divergent mice. 

5.2 BACKGROUND 

Microbial community metabolism is dynamic, wide-ranging and impactful. Microbial 

processes drive global nutrient cycling (McGuire and Treseder, 2010), metabolic dysregulation in 
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human disease (Kasubuchi et al., 2015), and detoxification of pollutants (Hazen et al., 2010), 

among other roles. Two common questions across the study of host-associated and environmental 

microbial ecology, as well as metabolic design and engineering, are whether metabolic differences 

between environments can be explained by differences in microbial composition and ecology, and 

if so, which specific microbial community members might be the key actors generating differences 

in metabolism between healthy and disease samples, or across varying environments. 

Sequencing and metabolomics technologies have enabled population surveys of microbial 

taxa and metabolites across various environments (Shaffer et al., 2017). These multi-omic 

microbiome-metabolome studies have great potential utility to link microbial taxa to their 

metabolic impacts, by uncovering associations between the abundances of each across a set of 

similar environments. However, we previously found that analyzing such datasets using simple 

correlation analysis can produce high rates of false positive and/or false negative links between 

taxa and metabolites, and that these rates are strongly influenced by individual features of the 

microbial taxon and metabolite in question (Noecker et al., 2019). Comparisons of microbe-

metabolite associations with metabolite production in monoculture have also suggested a high 

false positive rate for this approach (Hoyles et al., 2018). Metabolic reference databases such as 

KEGG (Kanehisa and Goto, 2000), as well as collections of genome-scale metabolic 

reconstructions such as AGORA (Magnúsdóttir et al., 2016), can inform this analysis to generate 

more precise hypotheses on the relationships between microbes and metabolites, and/or to test 

whether a specific taxon-metabolite mechanistic hypothesis (for example, observed in vitro or in 

another dataset) is detectably supported by the dataset in question. Methods to integrate 

microbiome and metabolome data with metabolic model reference databases have been recently 

described (Garza et al., 2018; McHardy et al., 2013; Noecker et al., 2016; Pedersen et al., 2018), 

but their utility and interpretation have not been consistently evaluated, and may not be available 
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in an easy-to-use format or compatible with the current variety of microbiome and metabolome 

profiling data formats and reference data resources. 

Here, we introduce MIMOSA2, an R package and web server (http://elbo-

spice.gs.washington.edu/shiny/MIMOSA2shiny/) for model-based integration of microbiome and 

metabolome data. MIMOSA2 uses metabolic reference information from multiple sources with a 

simple model, to estimate community metabolic potential to produce and utilize any metabolite, 

to assess whether metabolite variation across a dataset is consistent with estimated community 

metabolic potential, and if so which taxa and reactions are the primary contributors. We 

demonstrate MIMOSA2’s performance using simulation data and describe an example application 

to a microbiome-metabolome dataset of genetically divergent mice.  

5.3 METHODS AND IMPLEMENTATION 

MIMOSA2 is an R package and Shiny-based web server for analyzing and visualizing 

paired microbiome-metabolome datasets. It uses genome-scale metabolic reference data to 

interpret measurements of microbial taxa and metabolites. The input file paths and parameters for 

any MIMOSA2 analysis run are encoded in a configuration table, which can be utilized to 

reproduce the analysis via either the server interface or the run_mimosa2 function in the R package. 

An overview of the input options and steps in the full analysis is shown in Figure 5.1. 

5.3.1 Data input options 

The basic input requirement for MIMOSA2 is a pair of datasets from the same set of 

samples: one of microbiome measurements and the other of metabolites. Each of these datasets 

may take a variety of forms, depending on the study’s design, specific experimental assays, and 

choice of processing techniques. 
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Users can provide microbiome data generated from 16S rRNA or shotgun metagenomic 

sequencing studies. 16S rRNA data can be provided as a feature table of amplicon sequence 

variants, or of closed-reference operational taxonomic units (OTUs) using either the Greengenes 

or SILVA databases. Data from a shotgun metagenomic study can be provided in the form of a 

table of KEGG Ortholog functional abundances, which can also be stratified by microbial taxa, 

as produced by a HUMAnN2 analysis (Franzosa et al., 2018a). If datasets from both platforms 

are provided (16S rRNA and metagenomics), MIMOSA2 will run a full analysis with both and 

provide results comparing the two. 

Metabolite data can be produced from any metabolomics platform, and must contain 

putative metabolite identifications in the form of either metabolite names or KEGG compound 

IDs. If metabolite names are provided, they are mapped to KEGG IDs for the main analysis 

using the mapping utility from the MetabolAnalystR package (Chong et al., 2018). 

5.3.2 Reference data and metabolic model generation 

MIMOSA2 uses reference data to estimate how metabolic potential differs across a set of 

microbiome samples. It takes advantage of genome-scale metabolic model data from multiple 

sources to allow for use of the most appropriate reference data for a given dataset. Specifically, 

MIMOSA2 can currently generate a metabolic network model from one of two sources. For gut 

microbiome datasets, it can utilize the AGORA 1.0.2 collection of genome-scale metabolic models 

of gut microbial species (Magnúsdóttir et al., 2016). For other datasets or to capture a wider 

selection of taxa, it generates a metabolic network model using the reaction_mapformula.lst 

curated set of reactions from the KEGG database. Upcoming updates will also provide options for 

the use of EMBL GEMs, a library of genome-scale metabolic models for all 5,587 reference and 
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representative bacterial genomes in RefSeq (Machado et al., 2018), as well as the MetaCyc 

database (Caspi et al., 2014). 

Abundances of microbiome taxa are mapped to metabolic reactions in various ways, 

depends on the input data type (Figure 5.1). 16S rRNA sequence variants are mapped using 

vsearch to either RNA genes for the AGORA genome collection (see Appendix D), or to 

Greengenes 99% OTU representative sequences. Greengenes OTUs are mapped to KEGG using 

the precomputed genome inferences from PICRUSt 1.1.3 (Langille et al., 2013), and are linked to 

AGORA models using a pre-calculated alignment between the two databases. KEGG Ortholog 

abundances provided from a shotgun metagenomic dataset or another method can be directly 

linked to KEGG reactions.  

Additionally, users can specify custom additions, subtractions, or modifications to any of 

the MIMOSA2 model templates. These can be provided at the gene, reaction, or taxon level. 

Example modification files are available from the MIMOSA2 server webpage and documentation. 

The ability to add or remove a particular reaction is useful to allow for assessing the impact of 

errors or likely incorrect annotations in the reference database, as we have observed in previous 

analyses with MIMOSA version 1 (see Chapter 3, metabolism of trans-4-hydroxyproline and 

5AV). Full details on the implementation of each of the metabolic model construction options are 

provided in Appendix D. 

5.3.3 Core algorithm and identification of species-metabolite contributors 

After importing input data and constructing a community metabolic model, MIMOSA2 

next calculates metabolic potential scores and fits a model relating those scores to the relevant 

metabolite measurements.  
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Metabolic potential scores are by default calculated using the same formula as the original 

MIMOSA (Noecker et al., 2016), as a linear combination of the abundances of genes predicted to 

contribute to synthesis or production of a metabolite multiplied by their expected effects given 

reaction stoichiometry in the model. Next, MIMOSA2 fits a linear regression model relating these 

scores to the measured metabolite concentrations. Optionally, MIMOSA2 uses a greedy algorithm 

to refine the direction and/or presence of reactions in the network, based on whether removing a 

reaction in a given species improves the fit with metabolite measurements.  

Once this fitted model relating metabolic potential scores to metabolites has been obtained, 

MIMOSA2 uses it to calculate the share of metabolite variation attributable to each species, 

analogously to our previous approach for calculating taxonomic contributors based on metabolic 

fluxes (Chapter 4). Metabolites are identified as putatively microbe-controlled if the overall model 

meets a threshold of explained variation. For these metabolites, microbial taxa with the largest 

contributions to model variation (defined by the same metric as previously used to define gold 

standard flux-based contributions) are then identified as potential contributors. This metric 

prioritizes taxa whose estimated metabolic potential is abundant, variable, and correlated with the 

true metabolite concentrations. It is in contrast with the taxonomic contributor metric used in 

MIMOSA version 1, which was strictly based on correlations of a taxon’s metabolic potential 

across samples.  

Importantly, each of these steps is modular and can be easily substituted in the future with 

alternative approaches. For instance, community metabolic potential is currently calculated from 

the community metabolic model using a gene abundance-based scoring approach, but in the future 

metabolic fluxes could instead be estimated using flux balance analysis (Varma and Palsson, 

1994).  
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5.3.4 Output results and visualizations 

MIMOSA2 provides three main types of results: the constructed community metabolic 

network model, the statistics on model fit between metabolic potential scores and metabolite 

concentrations for each metabolite, and the identified contributions to variation for each taxon and 

metabolite. The workflow also automatically generates a set of plots summarizing the model fit 

and contribution results, which are displayed interactively when run using the Shiny server app. 

 

 
 

Figure 5.1. Summary of the MIMOSA2 analysis pipeline.  

Datasets are shown as gray boxes: input data (solid blue outlines), community metabolic 

model templates (dotted gray outline), or analysis products (orange dashed outlines). Analysis 

steps are shown as colored arrows, with the specific function described in the table on the right. 

Briefly, input microbiome taxonomic abundance data is linked to either the AGORA collection 

of genome-scale metabolic reconstructions or to the KEGG metabolic model template, and the 

resulting community metabolic model can also be edited. The metabolic model is then used to 

calculate community metabolic potential scores for each metabolite, which are then compared 

with metabolomics data. The resulting model fit is used to calculate the primary taxonomic 

contributors to variation in each metabolite that was successfully predicted based on microbial 

metabolic potential. 
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5.4 RESULTS AND EXAMPLES 

5.4.1 Validating and comparing MIMOSA2 with simulated datasets 

We first applied MIMOSA2 to two disparate simulation datasets, allowing us to compare 

the results with the true set of key microbial contributors to variation in each metabolite, as 

calculated based on fluxes. We also compared the performance and results of MIMOSA2 with 

those obtained using several alternative approaches: the original MIMOSA pipeline (Noecker et 

al., 2016), a microbe-metabolite Spearman correlation analysis, and a modified correlation analysis 

where significant species-metabolite correlations are only retained if the species is identified as 

possessing relevant reactions for modifying the metabolite (Appendix D).  

The two simulation datasets were previously generated using dynamic Flux Balance 

Analysis and AGORA model reconstructions (Magnúsdóttir et al., 2016) (see Chapter 4). Dataset 

1 consists of communities with varying compositions of 10 representative gut species, and 3% 

variation in nutrient inflow contents across samples. Dataset 2 is more diverse and variable, 

consisting of 57 samples whose initial compositions were designed to emulate Human Microbiome 

Project gut samples (Huttenhower et al., 2012), along with 1% variation in nutrient inflow 

concentrations. These compositions were determined by aligning HMP 16S rRNA sequencing 

variants against genomes linked to the AGORA model collection, which resulted in 131 species 

unevenly distributed across the dataset (see section 4.4.6). Both datasets consisted of species and 

metabolite concentrations at the final time point of a 144-hour dynamic co-culture simulation.  

MIMOSA2 analysis of these datasets (using the unconstrained community metabolic 

models from which each set of simulations was originally generated) correctly identified most 

metabolites as consistent with microbial potential, and recovered many key species contributors 

with high predictive value. In Dataset 1, only 27 of 78 metabolites vary predominantly due to 
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microbial metabolism (as opposed to environmental variation). MIMOSA2 identified 24 of these 

with only 2 false positives (92% precision). Key taxonomic contributors to metabolite variation 

were identified with higher sensitivity, specificity and precision by MIMOSA2 than any alternative 

approach (Figure 5.2A-B).  

In Dataset 2, nearly all simulated metabolites are controlled mainly by microbial 

metabolism (204 of 222). MIMOSA2 identified 99 of these metabolites as microbially consistent, 

with no false positives. In terms of specific microbial contributors, MIMOSA2 identified true 

contributors with higher precision, 81%, than any of the other three methods (56% for MIMOSA 

version 1, 54% for correlation with reaction presence, and 36.8% for correlation alone), although 

its sensitivity was consistently lower than correlation analysis (26% compared to 40%), and this 

difference held across a range of thresholds (precision-recall curve shown in Figure 5.2C). These 

results are unsurprising in light of MIMOSA2’s approximate metabolic model, which acts as a 

filter for spurious associations, but fails to detect true mechanisms not well described by the model.  

 

Figure 5.2. Performance of MIMOSA2 on simulated data.  

A) Sensitivity (recall), specificity, and precision of MIMOSA2 analysis for recovering true 

key microbial contributors to metabolite variation from two simulated datasets, compared with 
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alternative approaches. Standard thresholds were used to designate contributors for each method 

(Correlation: 1% q-value, MIMOSA1: 5% q-value, MIMOSA 2: 10% contribution). B-C) 

Precision-recall curves for identifying key contributors for MIMOSA2 and the same three 

alternatives, for Dataset 1 (B) and Dataset 2 (C). 

5.4.2 Example analysis of a microbiome-metabolome mouse study 

We next applied MIMOSA2 to a microbiome-metabolome dataset describing fecal samples 

from 41 genetically divergent mice (Snijders et al., 2016) (full details in Appendix D). Animals 

were all fed the same corn-based chow, which was also assayed with metabolomics. The processed 

fecal dataset consisted of measurements of 175 Greengenes 97% OTUs and 110 metabolites, of 

which 52 (47%) were also present in the diet. We had previously observed that MIMOSA version 

1 was less likely to identify metabolites present in the chow as consistent with microbial 

metabolism (see chapter 3).  

We performed a MIMOSA2 analysis using the KEGG community metabolic network 

template. First, we compared the resulting set of putative microbial metabolites with those 

identified by the three other methods described above (MIMOSA version 1, Spearman correlation, 

and Spearman correlation with gene presence), and also with the set present in the diet (Figure 

5.3A). MIMOSA2 identified similar metabolites as the original version of MIMOSA, but these 

only overlapped partially with the set of metabolites with significant OTU correlations. MIMOSA2 

identified a larger share of dietary metabolites than the original version of MIMOSA, indicating 

that its model fitting approach may be better able to separate environmental and microbial effects.  

We then examined the putative taxonomic contributions to metabolite variation obtained 

by MIMOSA2 (Figure 5.3B). Several larger contributions were attributed taxa in the 

Lachnospiraceae family, especially to an OTU identified as Ruminococcus gnavus (262633). 

MIMOSA2 also found significant contributions to amino acid metabolism from Akkermansia 



 121 

municiphila (OTU 182176), possibly related to its known capability of producing free amino acids 

from host mucins (Ottman et al., 2017). 

 

Figure 5.3. Analysis of a mouse fecal microbiome-metabolome dataset with MIMOSA2.  

A) Euler plot comparison of putative microbial metabolites identified by MIMOSA2 

compared with other methods and compared with the set of metabolites detected in the mouse 

chow. The area of each circle scales with the number of metabolites in each set, and the overlap 

between circles approximately represents the portion of each set shared between the two. The 

smallest circle (for correlated pairs with a known linking reaction) represents 9 metabolites. B) 

Putative microbial contributions to metabolite variation identified by MIMOSA2. Each square in 
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the grid indicates the estimated relative contribution to variation to a putative microbial 

metabolite from an individual Greengenes OTU. OTUs with a greater than 2% relative 

contribution to any metabolite are shown. 

5.5 CONCLUSIONS 

MIMOSA2 is a software framework for generating and evaluating mechanistic metabolic 

hypotheses from microbiome-metabolome datasets, by determining whether metabolite levels 

across a population are consistent with the estimated effects of microbial community members. 

MIMOSA2 is compatible with many formats of microbiome-metabolome data and can provide 

evidence of metabolic mechanisms from complex microbiomes measured in their natural context. 

This type of analysis will be useful for assessing possible microbial causes of differing metabolite 

phenotypes between health and disease, as well as evaluating the metabolic consequences of 

microbiome shifts across lifestyle or environmental factors.  
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Chapter 6. CONCLUSIONS AND FUTURE DIRECTIONS 

In this dissertation, I describe efforts to develop bioinformatic tools that utilize modeling 

to infer and assess metabolic mechanisms from large-scale microbiome omics data. I sought to 

develop generalizable frameworks capable of generating reasonable hypotheses and informing the 

interpretation of any collection of observations about microbial communities and their metabolic 

environments. Moreover, I used modeling tools to describe and quantify the limitations of 

microbiome-metabolome association studies in achieving this purpose, and to propose evaluation 

frameworks to support continued development and improvement of these efforts. 

First, I introduced an exploratory approach to assess whether metabolite variation across a 

set of microbial communities, as measured by metabolomics, is consistent with the expected 

differences in community metabolic activity, as calculated from composition using an approximate 

metabolic model. Applying this method to analyze several paired microbiome-metabolome 

datasets, we found that in fact, even this approximate model is predictive of a large share of 

metabolite shifts. This finding highlights the impact of community assembly on the metabolic 

phenotype of a microbiome: in other words, answering why some communities produce different 

levels of a metabolite can be understood in large part to be answering why those communities 

support different levels of organisms capable of producing that metabolite.  

I then described the application of this framework, MIMOSA, in two collaborative case 

studies, demonstrating that it provides useful results for answering multiple types of research 

questions. In both cases, MIMOSA uncovered links between the two databases that were not 

identified by a more standard association analysis and manual interpretation. These case studies 

demonstrated that modeling tools could provide biological insights even if they do not produce 

completely accurate estimates of all reaction fluxes in all taxa. However, with the use of these 
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results to prioritize subsequent hypotheses and experiments, it was also clear that further 

evaluation of the predictive power of this approach was necessary. 

To better assess and improve our ability to infer metabolic function from microbiome-

metabolome datasets, I developed a definition and platform to define gold standards and evaluate 

the identification of microbe-metabolite links from these datasets. I proposed that a common 

objective of microbiome-metabolome studies is to identify the subset of microbial taxa whose 

metabolic activity is responsible for observed differences in metabolites between disparate 

communities. By identifying these true contributors from simulated data generated using a 

dynamic constraint-based flux balance analysis pipeline, I then found that the most common and 

intuitive analyses can be highly ineffective at addressing this objective, but that this outcome varies 

greatly as a function of the microbes, metabolites, environment, and dataset in question. This effort 

was a new application of the extensive resources and tools in constraint-based metabolic modeling: 

to generate independent simulation for methods development, validation, and benchmarking. The 

need for better validation of analysis methods and more tools for doing so has recently been 

recognized in bioinformatics more broadly (Lotterhos et al., 2018). Ideally, these results and the 

general approach to model evaluation will provide context for the interpretation of microbiome-

metabolome association studies and contribute to further statistical efforts to more accurately infer 

the links between species and metabolites. 

In that vein, I finally introduced a new software framework, MIMOSA2, informed by the 

applications thus far and the ability to benchmark against gold standards. MIMOSA2 not only uses 

a more effective algorithm to identify key links between microbes and metabolites, but also 

includes improvements in computability, accessibility, and modularity, which will enable further 

improvements and refinements in each of the individual components of the pipeline. 
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While these efforts have advanced the ability to understand what microbiome-metabolome 

assays can reveal about metabolic mechanisms, developing tools to obtain a full picture of those 

mechanisms will depend on addressing several remaining structural limitations. First, any 

predictive model based on the metabolic capacities described in reference databases is 

fundamentally limited by the quality of said databases. Roughly 10-50% of reads in a human 

metagenomic study typically cannot be mapped to any known organism (Pasolli et al., 2019), and 

even in the most well-studied microbial genomes have a large share of genes of unknown function 

(Qin et al., 2010). Moreover, the vast majority of chemicals detected by mass spectrometry from 

microbiome samples cannot be identified (Wissenbach et al., 2016). This category likely includes 

many complex and significant secondary metabolites and natural products (Olivon et al., 2017), 

which are also therefore rarely included in genome-scale metabolic reconstructions or pathway 

databases like KEGG (Kim et al., 2016). Reducing these unknown fractions of species, genes, 

reactions, and metabolites is challenging in part because of the difficulty of growing and studying 

many microbial taxa in the lab—genomes from uncultured clades have more genes of unknown 

function (among bacteria, 27% of genes from uncultured taxa vs. 19% from cultured strains) 

(Lloyd et al., 2018). Additionally, microbial metabolism is finely tuned and regulated, with 

ongoing discoveries of new mechanisms of metabolic regulation even in the most well-studied 

microbial species (Fuhrer et al., 2017; Li et al., 2018). 

However, fully documenting the human-associated microbial and metabolic diversity and 

assigning roles to all genes of unknown function will not necessarily lead to clear paths towards 

manipulating microbiomes or explaining every microbiome-related metabolic phenotype. There 

are also many areas in need of improvement in the construction and application of microbiome 

metabolic models, including reducing the need for manual curation of genome-scale metabolic 

reconstructions (Machado et al., 2018) and accounting for spatial constraints and host physiology 



 126 

(Bauer et al., 2017). Better validation of community metabolic models can also be achieved 

through the collection of high-quality metabolomics from designed combinatorial communities as 

well as the application of stable isotope probing technologies to measure metabolic fluxes of 

individual community members in vivo (Ayayee et al., 2015; Berry et al., 2013; Kraft et al., 2014; 

Kurczy et al., 2016).  

Despite these challenges, the importance of modeling microbiome metabolism is especially 

clear in light of the fact that the metabolic activities of a microbial strain in monoculture do not 

necessarily recapitulate their activities in a naturally occurring complex community setting (Fiegna 

et al., 2015; Guo and Boedicker, 2016; Medlock et al., 2018). Determining whether a metabolic 

process of interest occurs in a natural setting as expected based on experimental and computational 

models is crucial not just for the development of microbiome therapies, but also more broadly for 

greater understanding of the ecological and evolutionary processes that shape microbial 

communities and their functions. One particularly notable area for future applications of modeling 

approaches is the prediction of a gut community’s metabolic response to specific dietary and 

xenobiotic compounds (Haiser and Turnbaugh, 2013; Maier et al., 2018; Reese and Carmody, 

2018), which has sizable implications for nutrition, pharmacology, and health in general.  

Ultimately, the pervasive, diverse, and interwoven nature of microbial communities makes 

any attempt to predict and manipulate them a tall order. Nevertheless, even preliminary and 

approximate approaches to doing so, like those described here, have already led to new knowledge 

and potential improvements in medicine. With continuing growth in this area, both the limits and 

benefits of our understanding of the activities of our microbial counterparts are, to a large degree, 

still unknown. 
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Chapter 7. APPENDIX A: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 2 

7.1 SUPPLEMENTARY TABLES 

Table 7.1. Study design and metabolomic data description for all analyzed datasets. 

 
 

Table 7.2. Reference genomes used to infer genomic content for strains measured by qPCR 

in Dataset 1. 

Species Taxon 
ID 

Genome Used for Analysis 

Gardnerella vaginalis 2702 Gardnerella vaginalis 409-05 
Lactobacillus crispatus 47770 Lactobacillus crispatus 214-1 
Lactobacillus jensenii 109790 Lactobacillus jensenii JV-V16 
Lactobacillus iners 147802 Lactobacillus iners AB-1 
BVAB1 186802_1 None 
BVAB2 186802_2 None 
BVAB3 186802_3 Clostridiales genomosp. BVAB3 UPII9-5 
Megasphaera sp. type 1 906_1 Megasphaera genomosp. type_1 str. 28L incomplete 

assembly 
Atopobium vaginae 82135 Atopobium vaginae PB189-T1-4 
Sneathia/Leptotrichia 168808 None 
Eggerthella sp. type 1 84111_1 Eggerthella sp. 1_3_56FAA 
Prevotella timonensis 386414 Prevotella timonensis CRIS 5C-B1 
Prevotella buccalis 28127 Prevotella buccalis ATCC 35310 
Prevotella amnii 419005 Prevotella amnii CRIS 21A-A 

 

 

 

 

 

Table S1. Study design and metabolomic data description for all analyzed datasets. 

Dataset Organism 
and site Study type Data used # samples # subjects # 

metabolites 
# KEGG 

metabolites 
# analyzed 

metabolites Ref 

1 Human, 
vagina 

Case-control 
(BV) 

16S qPCR, 
metabolomics 

67 
(42/25/0) * 

59 
(40/23/0)* 279 197 82 (22) 

2 Human,  
vagina 

Case-control 
(BV)a 

16S sequencing, 
targeted metabolomics 

70 
(40/20/10) * 

70 
(40/20/10)* 101 96 58 (22) 

3 Mouse,  
gut 

Perturbation 
(antibiotics) 

16S sequencing, 
metabolomics 29  480 297 116 (23) 

4 Human, 
gut (fecal) 

Case-control 
(CD)b 

Shotgun sequencing, 
metabolomics 12  1113 136 31 (15, 

40) 
E. coli E. coli 

cultures 
Perturbation 

(stress)c 
Microarray, 

metabolomics 28  196 87 42 (44) 
* (BV+/BV-/ intermediate) 
a Bacterial vaginosis with intermediate samples 
b Twins discordant and concordant for Crohn’s disease 
c E. coli cultures treated with heat, cold, oxidative stress, glucose-lactose shift 
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7.2 SUPPLEMENTARY RESULTS: PREDICTING VARIATION IN METABOLITES 

ABUNDANCES IN A SIMPLE MONO-CULTURE SYSTEM IDENTIFIES KNOWN 

MECHANISMS REGULATING METABOLITE VARIATION. 

 
We examined how our metabolic-model based approach performs in a simple mono-

culture system with extremely well-characterized metabolic features, as a way to provide a 

baseline for the boundaries of such an approach. Specifically, we applied our framework to a 

dataset of transcriptomic (microarray) and metabolomic abundances from E. coli culture samples 

before and after various perturbations (Jozefczuk et al., 2010). As in the more complex systems, 

we found that a substantial portion of the measured metabolites (26.2%; 11 out of 42) are well-

predicted (as defined above) at a 1% false discovery rate (Figure 7.2A). These well-predicted 

metabolites include the TCA metabolite succinate, ethanolamine, tyramine, the fatty acid 2-

oxobutanoate, GABA (4-aminobutanoate), and 6 amino acids (Figure 7.2B-G). The key gene 

contributors for these metabolites coincided with known metabolic regulatory mechanisms. For 

instance, ethanolamine shifts are predicted by expression changes in the periplasmic 

glycerophosphodiester phosphodiesterase gene, which is regulated by an operon responsive to 

phosphodiester availability. Similarly, succinate is predicted by variation in isocitrate lyase 

expression, which catalyzes the first and main limiting step of the glyoxylate cycle and is 

repressed during growth on glucose. Tyramine is likewise predicted by expression of the first 

step of an alternative degradation pathway. Amino acids were generally predicted by a balance 

between synthesis pathways and depletion by tRNA synthetases. These examples confirm that 

well-predicted metabolites and the genes that contribute to their predictions are concordant with 

our knowledge of metabolic network control and perturbation responses in E. coli.  
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7.3 SUPPLEMENTARY FIGURES 

 
Figure 7.1. Comparison of metabolite predictions between vaginal data sets 1 and 2.  

Metabolites assayed and analyzed in both data sets are plotted, with the x axis representing 

the prediction level of the metabolite in data set 1 (measured as the Spearman correlation 

between pairwise differences in calculated CMP scores and pairwise differences in measured 

metabolite abundances) and the y axis representing the prediction level of that metabolite in data 

set 2. The color of each point denotes the agreement between the prediction type (well-predicted, 

anti-predicted, or neither) across the two data sets. 
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Figure 7.2. Metabolite predictability across metabolic categories using E. 

coli monoculture gene expression data.  

(A) Prediction outcomes for metabolites assayed and analyzed in E. colicultures treated to 

cause assorted perturbations. Bars show the number of metabolites of each prediction type in 

each KEGG category (see Figure 2.2 for comparison). (B to G) Visualization of key species and 

reaction contributors for metabolites of interest. The size of each node represents the magnitude 

of the correlation between variation in CMP scores and variation in measured metabolite 

abundances. Edges denote key reaction contributors.  
 

 
Figure 7.3. Examples of well-predicted metabolites in data set 1 and their key species 

and gene contributors.  

The size of each node represents the magnitude of the correlation between variation in CMP 

scores and variation in measured metabolite abundances for a given metabolite, while the color 

indicates whether this correlation is positive or negative (i.e., well-predicted or anti-predicted). 
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Edges denote key reaction contributors. Colored rectangular bars denote the key species 

contributors for the given metabolite.  

 
Figure 7.4. Key species contributors to metabolites in data set 2 and variation in species 

contribution across data sets 1 and 2.  

(A) Each OTU that participated in the calculation of CMP scores in data set 2 is shown along 

the y axis. The x axis indicates the numbers of well-predicted and anti-predicted metabolites (as 

well as those with nonsignificant prediction) for which that OTU was a key contributor. OTUs 

matched to species assayed in Dataset 1 with conflicting taxonomy (Materials and Methods) are 

shown in parentheses. Compare also with Figure 2.3. (B) A comparison between key species 

contributors (at the genus level) of each metabolite across data sets 1 and 2. The two left columns 

indicate whether the metabolite was well-predicted, anti-predicted, or neither in each of the two 

data sets. A bright blue tile indicates that at least one species or OTU in a given genus was 

identified as a key contributor to predictions for the metabolite in question. Note that several 

genera whose abundances were measured in Dataset 2 were either not assayed in Dataset 1 (in 
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which taxonomic composition was assayed using 16S rRNA gene qPCR) or did not have 

genomic information available at the time. 
 

 
Figure 7.5. Key gene contributors of metabolites in data sets 1 (A) and 2 (B).  

Each metabolite analyzed in each data set is listed, along with the number of genes 

contributing to its CMP scores (x-axis), divided into the numbers of key genes coding for 

synthesis enzymes, key genes coding for degradation enzymes, and non-key genes in the same 

two categories. The left columns indicate whether each metabolite was enriched or depleted in 

BV samples and whether it was well-predicted, anti-predicted, or neither. Metabolites are 

ordered by the total number of relevant genes and their association with BV. 
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Figure 7.6. Trends in metabolite predictability in data set 2.  

Area plots depict the numbers of metabolites whose CMP scores are driven by synthesis, by 

degradation, or by both in relation to their association with the host state and their predictability. 

The visualization used is similar to that shown in 2.4. 
 

 
Figure 7.7. Metabolite predictability across metabolic categories in the gut microbiome. 

The visualization used is similar to that shown in Figure 2.2, with the left bar corresponding 

to predictions in data set 3 and the right bar corresponding to data set 4. 
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Chapter 8. APPENDIX B: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 3 

8.1 DATA COLLECTION METHODS FOR CASE STUDY 1 

8.1.1 Mouse husbandry and faecal sample collection 

Mice were obtained from the Systems Genetics Core Facility at the University of North 

Carolina (UNC) (Welsh et al., 2012). Before their relocation to UNC, CC lines were generated and 

bred at Tel Aviv University in Israel, Geniad in Australia and Oak Ridge National Laboratory in 

the USA. All studies were performed on young adult mice (age 9–15 weeks). For each of 30 

strains, two males and two females were housed separately and maintained on PicoLab Rodent 

Diet 20 (5053). Mice from different strains were always housed in different cages. We observed a 

subtle change in microbial composition in samples collected 16 h after a cage change compared to 

<2 h. However, to collect sufficient mouse faecal material for combined microbiome and 

metabolomic analysis, all faecal samples were consistently collected from each cage, avoiding 

areas clearly contaminated with urine, 16 h after cage change at 2, 4, 6 and 8 weeks after arrival at 

Lawrence Berkeley National Laboratory (LBNL). All animal procedures were approved by the 

UNC Chapel Hill or LBNL Institutional Animal Care and Use Committees. 

Faecal samples were stored at −80 °C for downstream metabolite and microbial analyses. 

Faecal samples from different strains were collected in the same way to avoid collection and 

storage biases. Genotyping data for CC mice were obtained from UNC 

(http://csbio.unc.edu/CCstatus/index.py). 

Faecal samples were collected from a different cohort of genetically identical young adult 

mice at UNC Chapel Hill (maintained on Labdiet Prolab 3500) to determine the effect of 

environment on the faecal microbiome and metabolome. Faecal samples were then manually 
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homogenized on ice with a micropestle, 0.25 g was used for DNA isolation, 0.05 g for metabolite 

extraction and the remainder stored at −80 °C. 

8.1.2 Microbiome analyses 

Genomic DNA was extracted from 0.25 g of the homogenized faecal samples using the 

PowerSoil DNA Isolation Kit (http://www.mobio.com/) according to the manufacturer's 

instructions. PCR amplification of the V4 region of the 16S rRNA gene was performed using the 

protocol developed by the Earth Microbiome Project 

(http://press.igsb.anl.gov/earthmicrobiome/empstandard-protocols/16s/) and described in ref. 

(Caporaso et al., 2012) using updated primers described in ref. (Walters et al., 2016). Amplicons 

were sequenced on an Illumina MiSeq using the 150 base pair (bp) MiSeq Reagent Kit v2 

(http://www.illumina.com/) according to the manufacturer's instructions. 

QIIME 1.9.1 was used to join, quality filter and demultiplex libraries from three MiSeq 

runs (Caporaso et al., 2010b). vsearch 1.1.3 was used to dereplicate, sort by abundance, remove 

single reads and then to cluster at 97% similarity. vsearch was also used to check these clusters for 

chimaeras and construct an abundance table by mapping labelled reads to chimaera-checked 

clusters (Edgar, 2010; Edgar et al., 2011; Rognes et al., 2016).  

8.1.3 Extraction of metabolites from faecal homogenates 

Metabolites were extracted from mouse faecal samples using a methanol/sonication 

method (Walker et al., 2014b). Briefly, portions of the homogenized samples were weighed and 

extracted with cold (−20 °C) methanol proportionally (1 ml solvent added per 100 mg 

homogenate) in a microcentrifuge tube. The average weight of the homogenized faecal samples 

was 69.3 ± 26.3 mg (mean ± standard deviation, s.d.) and the methanol extracts contained the same 

theoretical concentration of metabolites. A 100 µl volume of each methanol extract was transferred 
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to glass vials and dried in a speed-vac concentrator (Labconco CentriVap Benchtop Vacuum 

Concentrator). Dried metabolite extracts were chemically derivatized using a modified version of 

the protocol used to create FiehnLib (Kind et al., 2009).  

An Agilent GC 7890A coupled with a single quadrupole MSD 5975C (Agilent 

Technologies) was used and the samples were blocked and analysed in random order for each 

experiment. An HP-5MS column (30 m × 0.25 mm × 0.25 µm; Agilent Technologies) was used 

for untargeted metabolomics analyses. The sample injection mode was splitless and 1 µl of each 

sample was injected. The injection port temperature was held at 250 °C throughout the analysis. 

The GC oven was held at 60 °C for 1 min after injection and the temperature was then increased 

to 325 °C by 10 °C min–1, followed by a 5 min hold at 325 °C (Kim et al., 2013). The helium gas 

flow rates for each experiment were determined by the Agilent Retention Time Locking function 

based on analysis of deuterated myristic acid and were in the range of 0.45–0.5 ml min–1. Data 

were collected over the mass range 50–550 m/z. A mixture of fatty acid methyl esters (FAMEs) 

(C8–C28) was analysed once per day together with the samples for retention index alignment 

purposes during subsequent data analysis. 

GC–MS raw data files were processed using the Metabolite Detector software, version 2.5 

beta (Hiller et al., 2009). Briefly, Agilent .D files were converted to netCDF format using Agilent 

Chemstation, followed by conversion to binary files using Metabolite Detector. Retention indices 

(RIs) of detected metabolites were calculated based on analysis of the FAMEs mixture, followed 

by their chromatographic alignment across all analyses after deconvolution. Metabolites were 

initially identified by matching experimental spectra to an augmented version of FiehnLib (Kind 

et al., 2009) (that is, the Agilent Fiehn Metabolomics Retention Time Locked (RTL) Library, 

containing spectra and validated retention indices for over 700 metabolites), using a Metabolite 

Detector match probability threshold of 0.6 (combined retention index and spectral probability). 
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All metabolite identifications were manually validated to reduce deconvolution errors during 

automated data-processing and to eliminate false identifications. We propose that this approach 

results in a metabolite identification confidence of Level 1.5 (Level 1 is highest, Level 4 is lowest), 

according to the guidelines recommended by the Metabolomics Standards Initiative Chemical 

Analysis Working Group of the Metabolomics Society (Sumner et al., 2007). The library used to 

identify metabolites was generated by an external laboratory, but this library contains both 

retention indices and mass spectra from analyses of authentic chemical standards and our analyses 

were performed using methods identical to those used to create the library. The NIST 14 GC–MS 

library was also used to cross-validate the spectral matching scores obtained using the Agilent 

library and to provide identifications of unmatched metabolites (Level 2 identifications). The three 

most abundant fragment ions in the spectra of each identified metabolite were automatically 

determined by Metabolite Detector and their summed abundances were integrated across the GC 

elution profile; fragment ions due to trimethylsilylation (that is, m/z 73 and 147) were excluded 

from the determination of metabolite abundance. A matrix of identified metabolites, unidentified 

metabolite features (characterized by mass spectra and retention indices and assigned as 

‘unknown’; Level 4 identifications) and their abundances was created for subsequent data analysis. 

Features resulting from GC column bleeding were removed from the data matrices before further 

data processing and analysis. 

8.2 DATA COLLECTION METHODS FOR CASE STUDY 2 

8.2.1 Human fecal samples  

For all animal experiments, Arizona State University (ASU) shared human fecal samples 

with California Institute of Technology (Caltech) with a Material Transfer Agreement and 

approval to share de-identified data by the Institutional Review Board (IRB) at ASU (ASU IRB 
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protocol #1206007979, Caltech IRB protocol # 15-0569). Human fecal samples were previously 

collected from typically developing children and children with autism spectrum disorders (ASD) 

at ASU (Kang et al., 2013). All fecal samples and their metadata including gastrointestinal (GI)- 

and ASD-relevant clinical data were de-identified before being shared with Caltech.  

8.2.2 Mouse husbandry  

All animal husbandry and experiments were approved by the Caltech’s Institutional 

Animal Care and Use Committee (IACUC protocol #1645). Throughout the study, colonized 

animals were maintained in autoclaved microisolator cages with autoclaved water and chow 

(Laboratory Autoclavable Rodent Diet - 5010, LabDiet, St. Louis, MO).  

8.2.3 Mouse Colonization  

Germ-free (GF) C57BL/6J weanlings (3-4 weeks of age) from the Mazmanian laboratory 

colony were colonized with fecal samples from human donors. Human fecal samples were 

collected by the Krajmalnik-Brown laboratory at the Arizona State University as part of a previous 

study (Kang et al., 2013), and kept at -80 °C. Aliquots of 16 donor samples were sent to Caltech 

and used for colonization. To that end, frozen aliquots were thawed in an anaerobic chamber and 

resuspended in two volumes of reduced sodium bicarbonate solution (final concentration 5 %). 

Subsequently, samples were vigorously vortexed and spun down. Supernatants were then used to 

colonize GF mice by a single gavage (100 ul / mouse; Instech, PA, USA). Colonized mice (4-6 

females and 2-3 males per donor) were then allowed to rest for 3 weeks, and were subsequently 

mated according to donor. Pregnant dams were single-housed at E15.5-17.5, and offspring were 

weaned at 3 weeks of age. At weaning, different litters born within up to a week of each other were 

combined and housed in groups of 4-5 male or female mice per cage and used for subsequent 
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analyses. Cages were assigned to either behavior testing or for tissue collection. Behavior testing 

started at 6 weeks of age, while tissue was collected at P45.  

8.2.4 Mouse fecal sample collection and microbial DNA extraction  

Frozen mouse fecal samples were shipped overnight on dry ice to ASU and stored in -80°C 

until DNA extraction. Human feces that were used as donor samples for the mouse experiments 

were also shipped back to ASU in order to be processed for microbial DNA extraction and next-

generation sequencing together with mouse fecal samples. At ASU, microbial genomic DNA was 

extracted from fecal samples using the PowerSoil® DNA Isolation Kit (Mobio Carlsbard, CA) 

with a modification based on the manufacturer protocol. Quality and quantity of genomic DNA 

was verified using a NanoDrop ND-1000 spectrophotometer (NanoDrop Technology, Rockland, 

DE).  

8.2.5 Microbiome analysis via shotgun metagenomic sequencing 

A miniaturized version of the Kapa HyperPlus Illumina-compatible library prep kit (Kapa 

Biosystems) was used for library generation. DNA extracts were normalized to 5 ng total input per 

sample in an Echo 550 acoustic liquid handling robot (Labcyte Inc). A Mosquito HTS liquid-

handling robot (TTP Labtech Inc was used for 1/10 scale enzymatic fragmentation, end-repair, and 

adapter-ligation reactions carried out using). Sequencing adapters were based on the iTru protocol 

(Glenn et al. 2016), in which short universal adapter stubs are ligated first and then sample-specific 

barcoded sequences added in a subsequent PCR step. Amplified and barcoded libraries were then 

quantified by the PicoGreen assay and pooled in approximately equimolar ratios before being 

sequenced on an Illumina HiSeq 4000 instrument to >30X coverage. 

The metagenomic data was processed using the Oecophylla pipeline 

(https://oecophylla.readthedocs.io). The raw reads were examined with FastQC and low quality 
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sequences and unwanted reads were filtered with Bowtie2 v0.1. The taxonomic composition was 

profiled using the default parameters of MetaPhlAn2 (Truong et al., 2015) through the Oecophylla 

pipeline. The functional gene pathway was profiled using the default settings of HUMAnN2 

(Franzosa et al., 2018a) through the Oecophylla pipeline. HUMAnN2 uses the UniRef90, MetaCyc 

and MinPath databases along with MetaPhlAn2 and ChocoPhlAn pangenome databases to 

characterize the pathways and genes in sequences. Gene family abundance, pathway abundance, 

and pathway coverage of each sample were generated from HUMAnN2; we used the gene family 

abundance output biom table for analysis, and the stratified gene family abundance table for 

MIMOSA analysis.  

8.2.6 Metabolomics analysis  

De-identified colon contents and serum samples were collected and flash-frozen at P45 

without any buffers, and were shipped to the Dept. of Energy Pacific Northwest National 

Laboratory for metabolomic analysis by NMR and GC-MS. In colon contents, a total of 122 

metabolites were identified by GC-MS (out of a total of 246 detected), and 67 metabolites were 

detected and identified by NMR. In serum, a total of 130 metabolites were identified by GC-MS 

(out of a total of 255 detected).  

8.2.7 GC-MS sample preparation and analysis  

Metabolites were extracted from murine colon contents and plasma samples using 

methanol (Deroussent et al., 2011; Snijders et al., 2016). Feces were homogenized and weighed, 

and chilled methanol (-20°C) was added proportionally to the colon content sample (1 mL to 100 

mg). Glass beads were added and the suspension was agitated and sonicated to extract metabolites. 

Supernatant was collected after centrifugation (15,000 g × 5 min at 4°C) and 100 μL of each 

methanol layer was transferred to a new clean vial and subsequently dried under a speed-vacuum 
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concentrator. 50 μL of serum samples were thawed and 200 μL of chilled methanol was added to 

denature proteins. Supernatants were collected after centrifugation (15,000 g × 5 min at 4°C). All 

the samples were then dried completely and stored at -70°C freezer until the instrumental analysis. 

Prior to analysis, the stored extracts were completely dried under speed-vacuum to remove 

moisture and were subsequently derivatized chemically, by methoxyamination and 

trimethylsilyation (TMS), as reported previously (Snijders et al., 2016). Briefly, methoxyamine 

(20 μL of a 30 mg mL-1 stock in pyridine) was added to each sample, followed by incubation at 

37°C with shaking for 90 min. subsequently, N-methyl-N-(trimethylsilyl) trifluoroacetamide 

(MSTFA) with 1% trimethylchlorosilane (TMCS) (80 μL) was added to each vial, and incubated 

at 37°C with shaking for 30 minutes. Samples were then allowed to cool to room temperature and 

were analyzed on the same day. Metabolites were resolved by gas chromatography using a HP-

5MS column (30 m × 0.25 mm × 0.25 μm; Agilent Technologies). Samples (1 μL) were injected 

in splitless mode, and the helium gas flow rate was determined by the Agilent Retention Time 

Locking function based on analysis of deuterated myristic acid (Agilent Technologies, Santa 

Clara, CA). The injection port temperature was held at 250°C throughout the analysis. The GC 

oven was held at 60°C for 1 min after injection, and the temperature was then increased to 325°C 

by 10°C/min, followed by a 10 min hold at 325°C. The transfer line between GC and MS was 

maintained at 280°C. All the MS data were collected over the mass range of 50-550 m/z under 

standard electron impact (EI) ionization mode at 70 eV of ionization energy. GC-MS raw data files 

were processed using the Metabolite Detector software, version 2.5 beta (Hiller et al., 2009). 

Retention indices (RI) of detected metabolites were calculated based on the analysis of the FAMEs 

mixture (C8-C28), followed by their chromatographic alignment across all analyses after 

deconvolution. Metabolites were initially identified by matching experimental spectra to a PNNL 

augmented version of Agilent GC-MS metabolomics Library, containing spectra and validated 
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retention indices for over 850 metabolites. Subsequently, any unknown peaks were matched to the 

NIST14 GC-MS library. All metabolite identifications and quantification ions were validated and 

confirmed to reduce deconvolution errors during automated data-processing and to eliminate false 

identifications.  

8.2.8 Proton NMR Metabolomics  

A global metabolomics approach was used to obtain assignment and quantitation of 

metabolites via nuclear magnetic resonance (1H NMR). The one-dimensional (1D) 1H NMR 

spectra of all samples were collected in accordance with standard Chenomx (Edmonton, Alberta, 

Canada) sample preparation and data collection guidelines (Weijle, 2006). Fecal extract samples 

were diluted by 10% (v/v) spike of a National Institute of Standards and Technology calibrated 

reference solution (100% D2O, 5 mM 2,2-dimethyl-2-silapentane-5-sulfonate-d6 (DSS), and 0.1% 

sodium azide). All NMR spectra were collected using a Varian Direct Drive 600 MHz 

NMR spectrometer equipped with a 5 mm triple-resonance salt-tolerant cold probe. The 1D 1H 

spectra were collected following standard Chenomx data collection guidelines (Weljie et al., 

2006), employing a 1D NOESY presaturation (TNNOESY) experiment with 65536 complex 

points and at least 512 scans at 298 K.A presaturation delay of 1.5 s was used to optimize water 

suppression. The 1D 1H NMR spectra of all samples were processed, assigned, and analyzed by 

using Chenomx NMR Suite 8.1 (Chenomx Inc.) with quantification based on spectral intensities 

relative to the internal standard. Candidate metabolites present in each of the complex mixture 

were determined by matching the chemical shift, J-coupling, and intensity information of 

experimental NMR signals against the NMR signals of standard metabolites in the Chenomx 

library which include metabolites from the HMDB database.  
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Chapter 9. APPENDIX C: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 4 

9.1 SUPPLEMENTARY RESULTS 

9.1.1 Simulated species responses to media variation partially recapitulate experimental 

results 

We ran several sets of simulations with the same set of initial species compositions but we 

maintained the same set of 61 initial species compositions but with small amounts of stochastic 

noise added to the nutrient inflow, sampling inflow concentrations for each compound in each 

simulation from a normal distribution with a mean equal to the compound’s original inflow rate 

and a standard deviation set to a particular fraction of the mean (Methods). We evaluated whether 

the differences in simulated species growth across simulations with large media fluctuations (8-

10%) recapitulated the experimental observations of (Faith et al., 2011), finding agreement on 

several trends. First, Faith et al. observed that casein abundance (presumably, due to limiting 

amino acid or nitrogen concentrations) was strongly associated with the total community biomass. 

In our simulations, the total amount of amino acids is indeed positively associated with total 

biomass (Spearman rho=0.25, p=0.005). We fit linear regression models of total biomass across 

all simulations based on inflow metabolite levels, and found that concentrations of both amino 

acids and carbohydrates explain most of the variation in this quantity in our simulations (adjusted 

R2 of 0.97), with other nutrients adding only negligible effects. Faith et al. further observed that 

while most species increase their growth rate in the presence of higher protein, E.rectale, D. piger 

and M. formatexigens are negatively associated with the amount of casein in the mouse diet. In our 

simulations, a model predicting growth rate based on amino acid levels explains no variation in E. 

rectale and only 8% in M. formatexigens, in contrast to other taxa, for which amino acids explained 

up to 54% of growth rate variation. Additionally, the initial growth rates for all species were 
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positively correlated (p < 0.1) with an average of 2.7 different amino acid compounds (range 1 to 

6), while E. rectale and M. formatexigens were each only correlated with a single one, L-

cysteinylglycine. Lastly, our simulations also recapitulate differences in carbohydrate use, with 

Faith et al. observing preferential expansion of B. ovatus and B. thetaiotaomicron on a high-starch 

diet compared to a high-sugar diet. In our simulations, the growth rate of all species was associated 

with the amount of available simple sugars, but only B. ovatus, B. thetaiotaomicron, and E. rectale 

were significantly correlated with the quantity of starch in the inflow (Spearman rho coefficients 

of 0.5, 0.53, 0.53 respectively, all p < 10-9). These results indicate that our simulation framework 

successfully encapsulates some, though not all, of the nutrient limitations shaping the growth 

dynamics of this model community. 

9.1.2 Analysis of an alternative definition of contribution values based on flux rates 

Our contribution value metric attributes metabolite variance to each species depending on 

its cumulative metabolite uptake or secretion over the entire simulation, rather than its arrived-at 

steady-state metabolite flux at the time of “sampling”. To assess the impacts of this choice, we 

calculated contribution values using an alternative definition based solely on steady-state fluxes. 

Specifically, we calculated the contribution of each species to the metabolite flux at the final time 

point of a simulation run for 144 hours and for 1440 hours. Under this definition, steady-state 

contribution values explain the variation in metabolite flux rate at the time of sampling, rather than 

the accumulated variation in metabolite concentrations (cumulative contribution values). We 

compared these alternative steady-state contributions with the original set of cumulative 

contribution values at both time points, finding that they are highly similar. In our original dataset 

of simulations run for 144 hours, the Pearson correlation between steady-state and cumulative 

contribution values for each metabolite was on average 0.99 (minimum of 0.75). Only 6 of the 520 

analyzed species-metabolite pairs differ in contributor status between the two definitions: 4 pairs 
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are key cumulative contributors but not steady-state contributors, and 2 pairs are the reverse. The 

AUC for detection of steady-state contributors is 0.710 (compared with 0.717 for cumulative 

contributors). These differences also naturally recede further for simulations run for longer 

durations: in a dataset of simulations run for 1440 hours, the average metabolite-level correlation 

between steady-state and cumulative contribution values was 0.999 (minimum 0.97). These results 

indicate that for these simulations, historical differences in species composition and metabolic 

activity are not a major factor in the observed discrepancy between species-metabolite correlations 

and true key contributors to metabolic variation.    

9.1.3 Analysis of an alternative definition of key taxon-metabolite pairs 

For most analyses, we defined the key taxonomic contributors for a particular metabolite 

as those species with the highest positive contribution values, or those that are responsible for the 

observed pattern of variation in a metabolite. However, an alternative goal could be to detect all 

microbes that substantially impact levels of a given metabolite across samples, regardless of 

whether their effects are ultimately reflected in the observed concentrations. To this end, we 

defined key player species as those with a contribution value, either positive or negative, greater 

in magnitude than 20% of the total contribution magnitude. This resulted in 91 species-metabolite 

key player pairs, including 65 of the previously defined ‘positive’ key contributor pairs but also 

26 players with negative contributions, and these were distributed similarly across metabolites and 

species (Figure 9.5, panels A-B). Examining how well these key players were detected by a 

correlation-based analysis, we found similar performance to those reported above for key 

contributors (Figure 9.5, panels C-G), including a comparable positive predictive value (31.9%) 

and AUC (0.73). 
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9.1.4 Effects of simulation length and Vmax parameter on correlation results 

We assessed the sensitivity of our correlation results to the parameters used in our 

simulations. Specifically, we evaluated the effect of the duration of simulations on our results.  We 

ran additional simulations for 5,760 time points (or 1,440 hours), and calculated contribution 

values and correlation coefficients at 22 intermediate time points starting at 36 hours (Figure 9.8). 

Species compositions and metabolite concentrations became increasingly less variable with longer 

simulation time, converging towards similar steady states dominated in abundance by 5 of the 10 

species (Figure 9.8A-B). Correspondingly, the number of key contributors decreased with 

increasing simulation length, from 121 contributors across all 52 analyzed metabolites at 36 hours, 

to 75 at 1,440 hours (Figure 9.8B-C). The number of significantly correlated species-metabolite 

pairs, however, increased from 179 to 375 over the same datasets, detecting contributors with 

higher sensitivity but lower specificity (Figure 9.8D). Ultimately, the AUC and positive predictive 

value both decrease slightly with increasing simulation length, with the AUC shifting from 0.67 

to 0.73 and positive predictive value from 39.7% to 18.4% (Figure 9.8E). This transition occurs 

sharply initially before reaching an inflection point and beginning to stabilize around 144 hours, 

the length of time chosen for our main analysis. 

We also generated additional datasets with the same initial species compositions but with 

widely varied values for the universal Vmax parameter, which was set to 20 in the main set of 

analyses.  Changing this parameter had very minimal impact on both the simulation abundance 

profiles and the results of correlation analysis (Figure 9.9). The AUC for the identification of key 

contributors was not associated with the value of the Vmax parameter, and only ranged from 0.70 

to 0.72.  
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9.1.5 Features distinguishing true key contributors from false positives among correlated 

pairs 

We constructed additional regression models to assess whether there are features that can 

distinguish true key contributors from false positives among all correlated species-metabolite 

pairs. We fit regression models to similarly assess whether species and/or metabolite identity are 

indicative of whether a correlated species-metabolite pair represents a true or false positive 

relationship. We found that species identity (p = 0.047), but not metabolite identity, was predictive 

of key contributor status among correlated pairs. This is unsurprising given that the number of key 

contributions from each species varied widely, while all metabolites have at least one key 

contributor. 

9.1.6 Additional effects of inflow fluctuations on contribution and correlation profiles 

We assessed whether the addition of external metabolite fluctuations impacted the profile 

of species contributing to each metabolite. For most metabolites (28 out of 52, including 12 out of 

14 non-inflow metabolites), the top microbial contributor did not change across all levels of 

fluctuation. However, for many inflow metabolites, the large external fluctuations can result in a 

switch in contribution values. In these cases, activity by a microbe that contributed to variation in 

a constant-inflow setting instead has a mitigating impact, resulting in a negative contribution. Of 

the 65 key contributors to variation in inflow metabolites in the original dataset, 34 (52%) of them 

have a negative contribution value in at least one simulation run with external fluctuations. This 

observation highlights that our definition of key contributors is context-dependent, identifying the 

entities primarily responsible for the observed variation. 

We also examined whether the detection of the 14 variable metabolites not present in the 

nutrient inflow was affected by random fluctuations in inflow metabolites. Variation in 8 of these 

metabolites was significantly positively correlated with variation in the surrounding inflow 
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(Spearman rho, p < 0.01), suggesting that their synthesis fluxes were affected by changes in 

microbial growth or nutrient usage that resulted from environmental shifts. Correlation analysis 

tended to identify key contributors for these metabolites with slightly higher specificity and lower 

sensitivity as inflow fluctuations increased (Figure 9.10). 

9.2 SUPPLEMENTARY FIGURES 

 
Figure 9.1. Shapley values are equivalent to analytically calculated variance 

contributions.  

(A) Plot of contribution values calculated analytically versus those obtained from a Shapley 

value-based permutation analysis using 15,000 species orderings (see Methods), for all 52 

analyzed metabolites in our simulated dataset. Axes are on a log10 scale. (B) Plot of the total sum 

of squared error between Shapley values calculated using permuted species subsets and our 

analytically calculated variance contributions, for all metabolites. With increasing numbers of 

permutations and therefore increasingly precise contribution estimates, the difference between 

these values approaches 0. 
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Figure 9.2. Ordination plots of species and metabolite abundances in simulated datasets.  

(A) Non-metric multidimensional scaling plots of species composition across the 61 original 

simulation runs, using Bray-Curtis dissimilarity. (B) Principal components analysis of metabolite 

concentrations across the 61 original simulation runs. (C-D) The same plots as (A) and (B), but 

including all simulation runs with environmental fluctuations in the nutrient inflow. 
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Figure 9.3. Distributions of species and metabolite abundances.  

Each panel shows a histogram of abundances for a single species (A) or a single variable 

metabolite (B) across all 61 simulation runs. 
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Figure 9.4. Cumulative uptake and secretion fluxes for all species and all metabolites, 

across all 61 simulations.  

For all analyzed metabolites, an upper panel shows the total cumulative secretion or uptake 

of that metabolite by each species across all 61 simulation runs. A lower panel shows the 

corresponding environmental concentration at the final time point. Each plot shows fluxes for a 

single metabolite, with those found in the nutrient inflow in the upper section and microbially-

produced metabolites below. Metabolites are ordered by their total variance. Simulations are 

ordered on the x-axis in the same ordering as in Figures 1 and 2. 
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Figure 9.5. Variance contribution profiles for all metabolites.  

Each plot shows contribution values for a single metabolite, with those found in the nutrient 

inflow in the upper section and microbially-produced metabolites below. Metabolites are ordered 

by their total variance. The relative contribution values, 𝑐̂&, are plotted on the x-axis.   
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Figure 9.6. Key contributors and key players driving metabolite variance have similar 

properties and correlation results.  

(A) Histograms of the number of key contributor and key player species for all 52 analyzed 

metabolites. (B) Number of key contributor and key player relationships for each species. 

Full species names can be found in Figure 2. (C-G) Correlation results for identification 

of key players, as shown in Figures 3 and 4 for key contributors. (C) The number of 

species-metabolites pairs that were significantly correlated (left bar) or not correlated 

(right bar) and its correspondence with true species-metabolite key players. (D) Receiver 
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operating characteristic (ROC) plot, showing the ability of absolute Spearman correlation 

values to classify key players among all species-metabolite pairs. (E-F) Accuracy and 

positive predictive value of Spearman correlation analysis for detecting true key players 

across metabolite classes (Panel E) and for each of the 10 species (Panel F). (G) As in 

Figure 4, correlation-based analysis detected key players equally accurately regardless of 

whether a metabolite is secreted, utilized, or cross-fed by the species. Each point 

represents the accuracy of correlation-based analysis for a single metabolite across its 

comparisons with all 10 species. 
 

 
Figure 9.7. Examples of species-metabolite correlation outcomes.  

Each panel plots the concentration of one of the example metabolites shown in Figure 2 

against the abundance of a key contributor or non-contributor species, with annotations of the 

corresponding correlation and contribution values. 
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Figure 9.8. Effects of simulation duration on contribution profiles and correlation 

efficacy.  

(A) Species abundances after simulation runs of increasing length. Longer simulations 

increasingly converge towards a consistent profile. (B) Metabolite variance decreases with 

increasing simulation duration. Each line represents the total variance in concentration of a 

metabolite across the 61 simulations. (C) Each line represents the number of key contributions 

by each species across simulation datasets of increasing duration. The total number of key 

contributors decreases with increasing length. The length of 144 hours described in the main 

results is indicated with a dotted line. (D) Bar plots of correlation and contribution outcomes 

with increasing simulation duration, with the “C” labeled bar indicating the number of correlated 

species-metabolite pairs and the “N” indicating the number of non-correlated pairs. Datasets 

generated from longer simulations display more significant correlations and fewer key 

contributors. (E) Overall shifts in prediction metrics for correlation analysis with increasing 

simulation duration. AUC and predictive value are largely constant. 
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Figure 9.9. Effects of V_max parameter on simulation and correlation results.  

(A) Species compositions generated using different values of the parameter are nearly 

identical. (B) Bar plots of correlation and contribution outcomes from simulations with varying 

values of V_max, with the “C” labeled bar indicating the number of correlated species-metabolite 

pairs and the “N” indicating the number of non-correlated pairs. (C) Overall prediction metrics 

for correlation analysis are largely constant across simulations generated with different V_max 

values. 
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Figure 9.10. Effects of environmental metabolite variation on correlation analysis. 

(A) Environmental fluctuations do not significantly affect overall correlation 

performance. ROC curves are shown for sets of metabolites with increasing environmental 

contribution. None of the levels of environmental contribution had a significantly different area 

under the curve, based on 95% confidence intervals calculated using bootstrap resampling with 

500 replicates. (B) The sensitivity and specificity of correlation analysis to detect key 

microbial contributors to non-inflow metabolites are affected by variation in metabolic 

inflow. Each point represents the specificity, sensitivity, or positive predictive value of the 14 

analyzed non-inflow metabolites in a dataset of 61 simulations. The percent standard deviation 

(coefficient of variation) in inflow metabolite concentrations for each set of simulations is 

plotted on the x-axis. 
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Figure 9.11. Simulations of HMP-based microbiota. 

(A) Progression of HMP-based simulations. A principal coordinates analysis of the species 

compositions of the 57 HMP-based simulations at their initial and final time points, using the 

Bray-Curtis dissimilarity metric. Initial compositions tended to become dominated by a limited 

number of fast-growing species, leading to distinct subgroups. (B) Metabolite variation across 

HMP-based simulations. A principal component analysis of the metabolite concentration data 

at the final simulation time point. (C) The specificity of species-metabolite correlation 

analysis is associated with species prevalence. Each point represents a species with at least one 

key contribution to metabolite variation. The x-axis categorizes species into quartiles based on 

the number of samples in which they appear. Species that are present in a wider subset of the 

dataset have a higher rate of false positive correlations (lower specificity). (D) The sensitivity of 

species-metabolite correlation analysis is related to metabolite class and cross-feeding 

status. Green bars represent the overall sensitivity of identification of key contributor species-

metabolite pairs within that category. Orange bars represent the share of metabolites in that 

category that are both synthesized and utilized by community members (cross-fed).   
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Chapter 10. APPENDIX D: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 5 

10.1 SUPPLEMENTARY METHODS AND IMPLEMENTATION 

10.1.1 16S rRNA pre-processing and mapping 

NCBI Taxonomy IDs provided in Table S5 of (Magnúsdóttir et al., 2016) were used to 

download associated RNA genes for each model from NCBI RefSeq and GenBank, using the 

biomartR package in R (Drost and Paszkowski, 2017). 

To establish a mapping between Greengenes OTUs and the AGORA genome collection, 

the representative set of sequences for Greengenes 13_8 99% OTUs were aligned optimally to the 

downloaded AGORA RNA database using vsearch 2.8.1 and returning the single best alignment 

for each OTU. The same alignment was performed for SILVA v132 99% OTUs to find their closest 

match in both the Greengenes database (to construct a KEGG-based model), and the AGORA 

RNA database (to construct an AGORA-based model).  

10.1.2 Metabolic network construction 

For KEGG-based metabolic models, MIMOSA2 uses a generic KEGG model template 

constructed using 3 files from the KEGG database, following (Noecker et al., 2016): 

reaction_mapformula.lst (streamlined set of core metabolic KOs, pathways, reactions, and 

metabolites), reaction_ko.list (KO-reaction links), and reaction (reaction annotations). The 

currently used version is from the February 2018 KEGG release. 

To generate a set of reactions for each Greengenes 99% OTU, the generic KEGG model 

described above was merged with the list of KOs inferred to be present in each OTU according to 
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PICRUSt (Langille et al., 2013). The copy number for each reaction is also normalized according 

to the 16S rRNA copy number inferred by PICRUSt for each OTU.  

To use the AGORA genome-scale metabolic reconstructions, we first downloaded the 

AGORA model collection version 1.0.2 from the Virtual Metabolic Human database (Noronha et 

al., 2018), including the set of 818 unconstrained models as well as the set constrained based on 

an average European diet. We converted the models to a format usable by MIMOSA2 using the 

R.matlab package. A pre-processed reaction file was generated from the stoichiometry matrix and 

bound constraints for each model. A normalized copy number was included for each reaction, 

which was assumed to be 1 divided by the number of 16S rRNA genes found in the relevant 

reference genome. Metabolite IDs were mapped to KEGG compounds using the mappings 

provided with each model.   

10.1.3 Reaction directionality inference algorithm 

When using a metabolic network model template involving many reversible reactions (such 

as the AGORA model collection), MIMOSA2 can optionally infer directionality of major reactions 

using a greedy algorithm. For each analyzed metabolite (ordered by coefficient of variation), it 

assesses whether model fit is greatly improved (25% increase in variance explained) by removing 

any single reaction direction in any single taxon. If so, the taxon-specific reaction with the largest 

improvement is removed from the network model and metabolic potential scores are recalculated. 

This process is repeated as long as the model continues to improve and a minimum number of 

reactions (3) are still present for each metabolite. 

10.1.4 Simulation data analysis 

To apply MIMOSA2, the original AGORA network was used as the basis for the 

community metabolic network model. This model was also used as the basis for running MIMOSA 
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version 1 and to filter significant correlations based on whether each species was capable of 

modifying each metabolite. All reactions were assumed to proceed in a forward direction. True 

microbial metabolites were identified as those for which the scaled contribution to variation from 

nutrient inflow fluxes was less than 90%. True contributors to metabolite variation were defined 

as any taxon with a scaled positive variance contribution greater than 10% (see section 4.3). 

Putative microbial metabolites were inferred by MIMOSA2 if the metabolic potential model 

explained greater than 10% of metabolite variation, and putative taxonomic contributors were 

those whose contributions to the model were greater than 10%. Precision, recall, and ROC curve 

statistics were calculated using the pROC package in R (Robin et al., 2011). 

10.1.5 MIMOSA2 analysis of Snijders et al. 2016 dataset 

This dataset was collected and processed using the same methods described in Chapter 3 

and Appendix B. We limited the analysis to samples from mice on the autoclaved LabDiet Prolab 

3500 (Diet 2). The input to the MIMOSA2 analysis was the closed-reference table of Greengenes 

OTU abundances produced by vsearch, and the metabolomics dataset of raw peak areas identified 

with KEGG compound IDs. The KEGG-based metabolic network template was used for the 

community metabolic model, with the option to refine reaction directionality when fitting the 

model. The same thresholds as for the simulation datasets were used to infer microbial metabolites 

and key contributors, except that taxonomic contributors were identified as those with a 

contribution greater than 5%. 
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