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Summary

The human microbiota consists of several hundred bacterial taxa that engage in complex

ecological interactions with each other by exchanging metabolites. A loss of taxonomic

and metabolic diversity of this system is often associated with various diseases such as

inflammatory bowel disease. Approaches with omic technologies have been used to elucidate

the taxonomic and functional components of the human microbiota. However, it is still

challenging to link the different components with each other to understand the functionality

of each bacterium in its ecological context. Therefore, various systems biology approaches

emerged which investigate the metabolic interactions within microbes of a community.

The goal of this PhD thesis is to develop and applymethods in systems biology tomodel the

metabolic complexity of the human gut microbiota. In a first study, the individual metabolism

of several hundred bacteria has been automatically reconstructed and analyzed to investigate

relevant metabolic differences between species. The second study focused on building a

bottom up framework that combines constrained based and agent based modeling to simulate

the metabolism of individual bacterial cells that can interact in terms of different species

populations. This framework has been calibrated and applied to analyze a simplified human

microbiota consisting of seven species. In a final study, the developed framework was further

integrated with metagenomic data of the gut microbiota from patients with inflammatory

bowel disease as well as healthy controls to model disease associated differences and predict

novel treatments.
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Chapter 1

Introduction: Network Representation

and Modeling of the Human Gut

Microbiota

1.1 Introduction

Microbial communities are abundantly present throughout nature and form many beneficial

symbiotic interactions with different eucaryotic hosts. In many cases, the host acquires

novel functionalities with symbionts that can contribute to host fitness and wellbeing [43]

by, e.g., the supplementation of essential nutrients [165]. These functional microbes can be

often found on the interface of nutrient absorption in the intestinal ecosystem [40] and gut

associated structures, such as bacteriomes [20]. Removal of these symbiotic microbes can

lead to host fitness decrease, demonstrating the host dependence on the symbionts [165] and

the relevance of symbiotic interactions.

While the gut ecosystem of human hosts is less well understood than other symbioses,

intestinal microbial communities are being associated with human well-being [30]. In par-

ticular, microbiota metabolism is considered relevant for nutrient provisioning and comple-

mentary digestion of food [39]. The human gut microbiota consists of more than thousands

microbial species [222], which can formmanifold metabolic interactions between themselves

and with their host. Interestingly, the microbiota metabolism is more conserved between

3
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human individuals than the species composition, suggesting redundant functionalities are

present between microbes and complement each other [88]. The metabolic functions of

various gut microbes are suggested to benefit human health with the provisioning of vitamins

[121] and fermentation products [151]. Microbial fermentation products can be utilized by

the human host as an additional energy source [38] and benefit the immune system [59],

therefore playing a pivotal role for human well-being.

A loss of microbial and metabolic diversity can lead to various microbiota associated

diseases, such as obesity [218], type 2 diabetes [159], and inflammatory bowel disease (IBD)

[58]. IBD, for example, is characterized by an inflammation of the gut epithelium and a

dysbiotic gut microbiota, which is decreased in species richness and metabolic functions

[158]. This has a profound effect on the concentration of fermentation products, which are

decreased in IBD patients compared to healthy controls [86]. Short chain fatty acids, in

particular, are thought to influence IBD symptoms [164]. These metabolites are subject to

cross-feeding interactions between a variety of microbes [12], which further underlines the

relevance of a rich microbiota composition with different metabolic functionalities.

Treatments for gut associated diseases usually try to modulate the human gut microbiota

to exhibit healthy characteristics. Such treatments can include fecal microbiota transplanta-

tion, probiotics [60], and change in diet in the form of prebiotics [22]. Since the microbiota

varies between individuals, treatments have to be personalized to support each patient indi-

vidually. Furthermore, it is important to understand the mechanism by which the microbiota

is influenced to design novel treatment with higher efficacies.

With the advent of high throughput sequencing technologies, it is possible to enumerate

and describe the microbial and functional diversity of the human gut with respect to different

diseases and conditions. These analyses unraveled a complex gut microbial ecosystem

that is influenced by diet and environmental factors [36]. Furthermore, transcriptomic and

proteomic analyses allowed to probe the activity of the microbiota, revealing high activity

of fermentative pathways and carbohydrate utilization [223]. Whole genome sequencing of

single microbes can give hints on the functions and capabilities of individual members of

the intestinal microbial community [205]. Recently, it became also possible to reconstruct

individual genomes from metagenomic data [166]. Taken together, omics analyses have

broadened our understanding of the human gut microbiota in terms of the possible metabolic
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function and microbes that occur in this complex ecosystem. However, it is still difficult to

assess the ecology in terms ofmetabolic interactions betweenmicrobes and how eachmicrobe

contributes to the intestinal microbial community. To unravel the ecological mechanisms that

drive the human gut microbiota, it is important to go beyond the descriptive nature of high

throughput data analysis. This can be achieved by formulating knowledge or data driven

models, which can describe the underlying ecosystem and give mechanistic insights for

hypothesis generation and designing further experiments. A recent review described the

relevance of such models in giving novel causal relationships in a field that is flooded by data

and correlation [211].

Here, we will discuss current systems biology approaches that have been applied to the

human gut microbiota. As highlighted above, metabolism is one of the key features in

the gut microbiota and microbes in general, we will thus focus on this aspect. First, we

outline network topology analyses that are based on newly generated data, or already existing

knowledge. Then, we will describe modeling approaches in the field of constraint based

modeling that allow to simulate interactions within microbial communities. Finally, we will

highlight the advantages as well as limitations of these approaches and give suggestions for

further studies.

1.2 Network based approaches applied to the human gut

microbiota

Network based approaches are used to identify relevant microbes or metabolites of the human

gutmicrobiota. Networks are usually represented by interactions in form of edges that connect

biological components in form of nodes. With respect to the human gut microbiota, these

components can represent species that interact [52], or metabolites that are converted through

reactions [183]. The goal of such networks is to provide a global overview of the underlying

system and possible mechanisms, which make it possible to identify relevant microbes or

metabolites that play important roles in the network by connecting a variety of components or

exhibiting key features. In the next paragraphs, we will discuss networks that are created top-

down with newly generated data and knowledge derived networks that are created buttom-up
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with existing information (Figure 1.1).

Figure 1.1: Examples of data-driven network reconstruction based on high throughput data
from different patients or conditions (A) and knowledge-driven networks based on genome
scale metabolic reconstructions (B).

1.2.1 Data-driven (top-down) networks

Species co-occurrence networks can be used to investigate the ecological interactions between

microbes. Based on high throughput data analyses, simple networks can be constructed with

the species abundance information for different patients [52]. Such networks contain the

information of which species are co-occurring by calculating correlation coefficients for each

pair of microbes (Figure 1.1A). Consequently, a positive interaction can be deduced if two

microbes have a positive correlation, e.g., co-occurwith each other, and a negative interactions

if the coefficient is negative, e.g., exclude the presence of each other [52]. This information

can be relevant for understanding the ecological concepts that drive exclusion mechanisms

and niche differentiation. Furthermore, the information on what species interact positively

or negatively can drive further experimental studies that investigate the mechanism by which
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these interactions take place, e.g., production of antibiotics or metabolic cross-feeding. This

also highlights the limitation of such network based approaches, since they do not provide

the hypothesis for the mechanism of species interactions.

Metabolism based networks can be useful to assess the functional aspect of the human

gut microbiota. Metabolic functions or enzymes annotated from high throughput sequencing

of different human individuals can be used to find pathway or metabolite differences [72].

By connecting enzymes based on the reactions that they are involved in, it is possible to

construct metabolic networks specific for each patient [72]. Topological analyses of these

networks can reveal patient specific differences as well as global differences between healthy

controls and patients [72]. Additional information can be gained by finding differences in

enzymatic modules consisting of multiple related metabolic functions, which are connected

and thus influence each other. This can be important when trying to find potential components

for treatments, or assessing off-target effects [72]. While such networks are primarily con-

structed from patient data, the connections between the reactions are retrieved from previous

knowledge, e.g., databases (Figure 1.1).

1.2.2 Knowledge-driven (buttom-up) networks

Metabolic networks that are primarily constructed from previous knowledge can be used to

generate an overview of metabolic functions. Such networks rely on databases that store

biological information. For metabolic networks, the most commonly used databases are

KEGG [95], MetaCyc [27], and ModelSEED [84]. These databases store biochemical and

sequence information about metabolic reactions and their related enzymes. This information

can be used to construct a global view of the metabolic reactions and pathways that take place

in the human microbiota to assess its overall metabolic capacity [223]. Useful visualizations

of these networks can be achieved by maps representing how reactions interact with each

other and share metabolites [223]. By sub-selecting these maps according to patient data,

it is possible to find differences in terms of various gut locations [223]. With these maps

it is possible to link metabolic functions and generate an global overview, however, the

information on which metabolic functions are carried out by specific microbes, and how they

interact is missing in such analyses.
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In a recent approach, the metabolic exchange between microbes was represented in a

global interaction map which can help to identify deficiencies in diseases [187]. Based on

databases and scientific literature, microbes are essentially represented by their transport of

various metabolites which can act beneficial or detrimental to fellow species. The global

view of all transporters gives some clues on how nutrients are converted by specific microbes

and then supplemented to the host. Whenmapping patient data to this network of transporters

it is possible to identify potential exchange deficiencies compared to healthy controls [187].

While these analyses can reveal potential metabolites or interactions that are differentially

regulated in patients, they lack the view on the complete metabolism of each microbe species.

Genome scale metabolic reconstructions can be used to represent the metabolism of an

organism to investigate the metabolic potential of gut microbes. Automatic pipelines such

as ModelSEED [84] can generate such reconstructions by the genome annotation, which

can be retrieved from RAST [147]. Based on the annotation of each gene, enzymes are

predicted, which carry out one or multiple reactions and vice versa. The reactions are then

retrieved from a database such as KEGG [95], or MetaCyc [27], and are represented in a

stoichiometrically accurate manner by their metabolite educts and products as well as their

thermodynamic directionality (reversible or irreversible). The complete set of reactions that

are retrieved by this process constitute the metabolic reconstruction and are mathematically

represented in form of the stoichiometric matrix (S-matrix). Rows in this matrix represent

metabolites and columns reactions. Entries are stoichiometric coefficients for eachmetabolite

of each reaction. Through sharing different metabolites, reactions are connected with each

other and therefore represent a metabolic network. In Chapter 2, we applied the automatic

pipeline of ModelSEED [84] to reconstruct 300 representative microbes that are present in

the human gut [9]. We compared the metabolic networks with each other to find taxa specific

differences between the gut microbes. Based on this analysis we found that microbial strains

can be more metabolically different than predicted by phylogeny, which highlights the need

for taking a diversity of microbes into consideration to understand the complete metabolism

of the human gut microbiota.
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1.3 Constraint based modeling of intestinal microbial com-

munities

1.3.1 Constraint based reconstruction and analysis (COBRA)

Constraint based reconstruction and analysis (COBRA) is based on genome scale metabolic

reconstructions, which are formalized as metabolic models to simulate biologically relevant

physiological states. By applying condition specific constraints as well as a metabolic

objective to the S-matrix, reconstructions are converted into metabolic models (Figure 1.2A).

This information is then formulated as a mathematical problem that is used to retrieve the

vector of reaction fluxes v by

maximize vB

subject to: S × v = 0

vi,min ≤ vi ≤ vi,max

for all reactions i and maximization of biomass flux vB under the steady state assumption,

where metabolites cannot accumulate and the total flux into the network must equal the total

outflux. The constraints can represent medium conditions in which the uptake of metabolites

via exchange reactions is limited or limitations of internal reaction fluxes that come from

experimental data [192]. The biomass flux then predicts how much biomass the organism

can produce under the given conditions. Fluxes that flow through the network predict the

metabolic pathways that are used by organism in order to achieve the objective, e.g. biomass

production. The process of finding the solution to the stated optimization problem is called

flux balance analysis (FBA) and can be solved via linear programing. To help with the

interpretation and data integration, fluxes are scaled to a unit of mmol per gram dry weight

per hour and the biomass is usually given in gram dry weight per hour [145]. Constraint

based modeling approaches can be applied to the human gut microbiota by either analyzing

the metabolic capabilities of single species [9] or combining metabolic models of multiple

species in a community modeling approach [14].

COBRA approaches can assess the spectrum of metabolism for an organism. Since

the system of linear equations for FBA calculations on most metabolic models is usually

under-determined, e.g. more reactions/variables than metabolites/equations, multiple flux
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distributions can achieve the given solution. To subselect the solution space, parsimonious

FBA can be used to select the solution that minimizes the total reactions flux, which is an

estimate for minimization of enzyme usage [111]. This can be computed by a separate linear

programming problem, which minimizes the total flux while ensuring the calculated biomass

objective [111]. Furthermore, flux variability analysis (FVA) can be applied in which each

reaction is each minimized and maximized in an iterative manner to find flux spans that can

be carried by each reaction [122]. These calculations enable the assessment of metabolic

functionalities an organism can achieve.

Figure 1.2: Flux balance simulation (FBA) of constraint based models (A) and compartment
based communities (B) as well as dynamic FBA of population based (C) and individual based
models (D).
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1.3.2 Compartmentalized community models

Static community models can be simulated by integrating microbe reconstructions with each

other via their S-matrices (Figure 1.2B). In this combined model, the individual microbes

are separated from each other by occupying different compartments, in which they can

secrete and take up metabolites in a shared environment [101]. Therefore, the microbes

can compete for nutrients in this environment, but can also support each other by releasing

metabolites that can be used by the other microbe. The optimized biomass of this community

is usually composed as a combination of the individual biomass reaction of each microbe

[101]. Additionally, coupling constraints can be applied to ensure that the biomass of each

microbe is scaled by its uptake of nutrients [80]. Further developments of the community

objective include a multi-objective optimization in which the egoistic growth interest of each

microbe is optimized while ensuring an overall community growth [225]. These methods

allow the prediction of metabolic interactions based on combined S-matrices.

Pairwisemodels of microbial communities can give new insights in terms of themetabolic

interactions that occur in the human gut. In a recent study, we applied pairwise community

models to the human gut microbiota by modeling all possible pairs of over 700 microbes and

found strikingly mostly negative metabolic interactions, e.g. competition for resources, of

different microbes [183], which underlines the ecological concept that negative interactions

shape diversity in the human gut microbiota [34]. By simply adding additional microbes to

the compartment based strategy, it is also possible tomodel intestinal microbe communities of

multiple species [82]. A study based on 11 metabolic models [81] revealed a vivid exchange

of fermentation products and the conversion of metabolites involved in neurotransmitter

production, which can have important implications in various neurological diseases. While

such generated information of compartmentalized community models can be useful in finding

new hypothesis of metabolic interactions, the predictions rely on several assumptions such

as a joint community growth and steady in- and outflux of metabolites.

1.3.3 Population based model dynamics

Population based COBRA modeling can be used to analyze temporal dynamics of metabolic

interactions within microbial communities. With the optimization of biomass growth FBA
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intrinsically models growth of microbe populations. The combined S-matrix approach can be

also used to model population dynamics with respect to a temporal scale [221]. Essentially,

the biomass optimization of each microbe is solved iteratively and independently. Each

iteration represents a discrete time interval in which the biomass is produced and metabolites

are secreted or taken up. The units of the fluxes and biomass are scaled accordingly to

this time interval. Similar to the compartmentalized community models mentioned above,

metabolites are secreted into a shared compartment. Therefore, the same positive or negative

interactions between microbes as discussed above can potentially take place. Furthermore,

through the integration of a temporal scale via time intervals, it is possible to investigate

the evolution and emergence of these interactions under different conditions. This can

help with the understanding of how different interactions are temporally dependent, as it is

thought to be the case for the human gut microbiota where nutrient intake is dynamically

changing throughout the day [200]. Experimental time series data can be integrated in such

temporal dynamics to adjust the simulation results [118]. Recent approaches also add a spatial

dimension to such community models to represent the colony growth of organisms [79].

The inclusion of a spatial dimension allows the representation of metabolite concentrations

which can diffuse and create different gradients. Such gradients are thought to strongly

influence the gut microbiota by forming different niches, in which the microbial community

differentiates [46]. Population based community modeling can therefore help to investigate

what metabolites affect and dynamically change the microbial community.

Population based COBRA modeling can give new insights in the dynamic change of

metabolic interactions of human gut microbial communities. A recent approach applied

population based metabolic models to a simple community of six microbes [71]. The results

of this analysis demonstrated a highly metabolic active community that exchanges a variety

of different metabolites through a complex interaction network. Within this interaction net-

work many cross-feeding interactions have been validated against knowledge from literature.

Notably, these interactions can change over time and are therefore highly dynamic [71]. A

significant assumption of such models is that each microbe consist of a population of ho-

mogenous cells which operate under similar conditions. This can be useful to investigate

the metabolic behaviour of populations, but is limited in predicting metabolic interactions

between individuals of a population.



1.3. CONSTRAINT BASED MODELING OF INTESTINAL MICROBIAL COMMUNITIES13

1.3.4 Individual based community models

The metabolic interactions between individual organisms can be modeled by combining CO-

BRA with individual based modeling (IBM). IBM is a method also used in classical ecology

[91] to model species populations in terms of single independent individuals in discrete

time steps and a spatial environment. Individuals in this environment can interact according

to predefined rules, which determine their states. Through these local interactions, global

population structures can emerge that determine the system state. Therefore, population

dynamics can be explained by the individuals by which they are made up, which helps in

understanding how single cells shape and structure populations of species in a ecosystem.

Several approaches combine IBM with constraint based modeling to study the metabolism

of single cells in a population of single [15] or multiple species [10, 204]. Essentially, each

single cell is represented by a metabolic model that simulates its metabolism according to the

spatial position in the environment, which includes metabolites. Similar to population based

models described above, metabolites can diffuse through this environment, e.g., by partial

differential equations, to create different concentration gradients that dominate the commu-

nity by creating niches in which different metabolic pathways are activated. Each species

is thus represented by metabolically heterogeneous individuals that could simulate the full

metabolic potential of that microbe [10]. This allows to predict the metabolic interactions

between species as well as within species, which can have different metabolic phenotypes

depending on the spatial resource allocation (Figure 1.2D).

Individual based COBRA modeling can give insights in the spatial and temporal com-

munity structure of the human gut microbiota. In Chapter 3, we developed and applied this

combined approach of IBM and COBRA to analyze microbial communities in the human gut

[10]. Our community was simplified to seven representative microbes that were also previ-

ously experimentally tested [11]. With our simulations, we could recapitulate experimentally

known metabolite concentration, but could predict also novel cross-feeding interactions with

fermentation products that were vividly exchanged within the microbes of the community

[10]. Furthermore, by applying a spatial gradient of mucus glycans we could observe a spatial

niche differentiation of microbial cells as would have been expected from experimental mi-

croscopy studies. This further strengthens the fact that metabolism is an important factor in
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shaping the gut microbiota and inducing ecological interactions. Such findings demonstrate

the relevance of integrating ecological methods with COBRA to understand the metabolic

mechanisms that shape the temporal and spatial community structure.

1.4 Current challenges of gut microbiota modeling

COBRA approaches for analyzing microbial communities are promising tools for investigat-

ing the metabolism of the human gut microbiota. Several studies have been conducted in this

context, mostly focusing on small communities representative for the intestinal microbiota

(Table 1.1). These studies revealed several important aspects of the human gut microbiota and

its metabolism by providing mechanistic models, which allow to trace metabolic interactions

between species. These analysis can improve our understanding of the metabolic mechanisms

that shape intestinal microbial communities, but there are several limitations and challenges

that need to be considered when applying COBRA community modeling to the human gut

microbiota.

Table 1.1: List of the different constraint based community modeling approaches that have
been applied to model microbial consortia of the human gut microbiota.

Strategy Application to the human gut microbiota Species Ref.
Compartment based models

Host-microbe metabolic interactions 2 [80]
Human metabolic interactions with microbial community 12 [82]
Metabolic interactions between microbes in community 11 [81]

Population based models
Dynamic metabolic interactions within microbial community 6 [71]

Individual based models
Niche differentiation induced by mucus glycans 7 [10]
Diet interactions with microbiota and metabolic cross-feeding 3 [204]

1.4.1 Scalability and model complexity

One of the most striking hallmarks of the human gut microbiota is its species diversity,

which poses challenges to model simulations. Simplified microbiota models of <10 species

are relevant for studying metabolic interactions in general and can be used to simulate
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experiments that are conducted with small microbial communities in gnotobiotic animals

[11] or in vitro [173]. However, such models will never be able to capture and explain the

complexity of the human gut. Why are there so many different species? Why is the human

gut microbiota more diverse than other body sites? Why are some diseases associated with

a lower microbiota diversity? These are some of the questions that can be only addressed

by a more comprehensive microbiota model. In a recent publication [183], we created a

resource of over 700 curated metabolic models of gut microbes. Combining those into a

community model poses several difficulties such as the time of simulating. For addressing

the simulation time, the community models need to be scalable, e.g. the simulation time

should be independent from the number of species. Compartmentalized models are extended

versions of single metabolic models, which become more difficult to solve since the number

of variables is increasing. In particular, extensive calculations such as FVA require more

sophisticated simulation algorithms that allow for instance parallelization [83]. Population

based models simulate each microbe independently and scale therefore with the number of

species in the community. Individual based community models are generally independent on

the number of species but scale with the number of individuals linearly [10] and are therefore

limited in modeling a small spatial scale. Taken together, each simulation experiment must

be performed with considering a tradeoff between model complexity and simulation time

depending on the modeling paradigm.

Model complexity also poses the problem of data analysis. By simulating large scale

microbiota models with a high number of variables, it becomes difficult to explain mechanis-

tically how these different parameters and changing conditions influence the overall results.

It is therefore important to simulate various conditions to account for the stability of the

system. The large amount of simulations and the complexity of the models further require

data mining approaches to find the most relevant parameters influencing the system. This

reduces the complexity of the simulations to more simple hypothesis that can be tested in

further analysis and with experiments.
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1.4.2 Data integration

Data from omics experiments can be integrated into COBRA community microbiota models

to generate context specific models. Given the avalanche of high throughput data from

human gut microbiota studies, it becomes more and more attractive to integrate these data

in community models. In our recently published resource of gut microbe reconstructions

[183], we mapped metagenomic data of microbial abundances onto our set of microbes,

which resulted in microbiota sizes of about 100 microbes. Metagenomic data information of

microbe species can be integrated by scaling the biomass of the corresponding microbe in

the community model to the calculated abundance. Moreover, samples of different patients

or conditions can be integrated in such a model to simulate condition specific microbiotas. If

available, further data such as transcriptomic or metabolomic information could be integrated

to modulate the activity of microbes. By their genome-scale representation of individual

metabolisms, COBRA community models have the potential to integrate various omics data

and sequences, which could guide simulations to more biologically relevant results.

1.4.3 Model validation

Experimental validation of community simulation results play an important role to assess

the relevance of the model and guide novel discoveries. While community models can give

interesting novel hypothesis with their simulation, particular attention should be paid to the

biological relevance of the predictions. It is therefore important to relate and validate at

least part of the simulations with experimental values that come from existing knowledge or

direct experiments. Existing knowledge can be used to validate the predictions of commu-

nity models, e.g., by comparing simulated with measured metabolite concentrations [175].

This will also help to asses the relevance of the community models and how they should

be interpreted. Since models of the human gut microbiota can be quite complicated and

extensive, it is also difficult to find appropriate data or design experiments that can be used

for validation. Part of the simulation results will be thus novel hypothesis that can only be

validated with new experiments. This can guide the targeted design of experimental studies,

which becomes important in the field of the human gut microbiota to reduce the complexity

to simple findings.
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1.5 Conclusions and future perspectives

COBRA community modeling approaches are promising tools to give novel insights and

hypotheses of microbial consortia in the human gut. These models allow to integrate data

and go beyond the descriptive nature of high throughput data analyses to unravel potential

mechanisms. The different modelling paradigms we discussed have different assumptions

that need to be assessed before starting an analysis. Based on this assessment, the model

that is least complicated and most explanatory for the specific research question should be

chosen. It could also be fruitful to combine different approaches to see their consistency

or potential differences for a specific problem. It would be for example interesting to

model single isolated species and communities separately to find beneficial or detrimental

effects on the single species level. Further comparisons can be made between network

based and modeling approaches: Can, for example, the negative and positive interactions in

a co-existence correlation network be explained by the underlying metabolic interactions?

Comparisons between algorithms could give further hints on potential experiments that

can be performed for validation. This can drive further research on human microbiota,

mechanistically predicting different treatments for various diseases.

1.6 Scope and aim of the thesis

The work in this thesis was aimed to investigate the metabolic potential of microbial com-

munities in the human gut with constraint based modeling. This aim was divided into three

main projects. First, genome scale metabolic models were automatically reconstructed and

analyzed to assess the functional diversity of gut microbes, which demonstrated that each

microbe has a particular metabolic repertoire. Second, a community modeling approach

was developed to simulate the ecological interactions and metabolic exchange between these

diverse microbes. This approach was then applied to small microbial community to model

the effect of metabolite resources on the community structure. In the third and last project,

the developed modeling approach was applied to human data by integrating metagenomic in-

formation with personalized community models, to simulate the differences between healthy

controls and patients with inflammatory bowel disease. The constructed individualized com-
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munitymodels were then used to predict potential treatments that improve the patients’ profile

in comparison to healthy controls. Below are short descriptions of each thesis chapter with

the author contributions.

Chapter 2: Phenotypic differentiation of gastrointestinal mi-

crobes is reflected in their encoded metabolic repertoires

Chapter 2 describes the automatic reconstruction of 301 representative human gut microbes

and the analysis of functional and phylogentic diversity of these gut microbes. The chapter

is a full reprint of the paper published in BMC Microbiome on November 2015 [9].

Contributions

Eugen Bauer (EB), Ines Thiele (IT), and Paul Wilmes (PW) designed the study. EB and IT

reconstructed the metabolic models and performed the analysis. Cedric C. Laczny performed

the phylogenetic analysis. Stefania Magnusdottir collected phenotypic information and trans-

lated the reaction abbreviations. All authors edited and approved the final manuscript.

Chapter 3: BacArena: Individual-basedmetabolic modeling

of heterogeneous microbes in complex communities

Chapter 3 describes the development of a community modeling approach and its application

to a simplified intestinal community of seven species. The chapter is a full reprint of the

paper published in PLoS Computational Biology on May 2017 [10].

Contributions

EB, Johannes Zimmermann (JZ), IT, and Christoph Kaleta (CK) conceptualized the study.

EB and JZ developed the methodology and software, performed the analysis, data curation,

validation and visualization. EB, JZ, and Federico Baldini performed the analysis. IT and
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CZ provided resources and project administration. All authors edited and approved the final

manuscript.

Chapter 4: From metagenomic data to personalized in sil-

ico microbiotas: Predicting dietary supplements for Crohn’s

disease

Chapter 4 describes the construction of individualized community models based on healthy

controls and patients with Crohn’s disease to predict potential dietary treatments. The

simulation results were used to first find differences between healthy controls and patients,

which were partially validated with experimental knowledge. Then, the metabolic modeling

approach was used to predict dietary treatments that could revert these differences. The

chapter is currently a manuscript in preparation.

Contributions

EB and IT designed the study. EB performed the data integration and simulation of the

personalized community models. EB and IT performed the analysis and writing of the

manuscript.

Chapter 5: Concluding remarks

Chapter 5 is the personal thesis conclusion of the author with outlook to further studies.

Contributions

The text was written in full by EB.
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Chapter 2

Phenotypic differentiation of

gastrointestinal microbes is reflected in

their encoded metabolic repertoires

Bauer, E., Laczny, C. C., Magnusdottir, S., Wilmes, P., and Thiele, I. (2015). Phenotypic

differentiation of gastrointestinal microbes is reflected in their encoded metabolic repertoires.

Microbiome, 3(1), 55. DOI:10.1186/s40168-015-0121-6

Abstract

The human gastrointestinal tract harbors a diverse microbial community, in which metabolic

phenotypes play important roles for the human host. Recent developments in meta-omics

attempt to unravel metabolic roles of microbes by linking genotypic and phenotypic char-

acteristics. This connection, however, still remains poorly understood with respect to its

evolutionary and ecological context. We generated automatically refined draft genome-scale

metabolic models of 301 representative intestinal microbes in silico. We applied a combi-

nation of unsupervised machine-learning and systems biology techniques to study individual

and global differences in genomic content and inferred metabolic capabilities. Based on the

global metabolic differences, we found that energy metabolism and membrane synthesis play

important roles in delineating different taxonomic groups. Furthermore, we found an expo-

nential relationship between phylogeny and the reaction composition, meaning that closely

21
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related microbes of the same genus can exhibit pronounced differences with respect to their

metabolic capabilities while at the family level only marginal metabolic differences can be

observed. This finding was further substantiated by the metabolic divergence within different

genera. In particular, we could distinguish three sub-type clusters based on membrane and

energy metabolism within the Lactobacilli as well as two clusters within the Bifidobacte-

ria and Bacteroides. We demonstrate that phenotypic differentiation within closely related

species could be explained by their metabolic repertoire rather than their phylogenetic rela-

tionships. These results have important implications in our understanding of the ecological

and evolutionary complexity of the human gastrointestinal microbiome.
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2.1 Introduction

Recent advances in sequencing technologies have greatly improved our knowledge about the

metabolic complexity of the human microbiome and provide novel approaches to identify

beneficial microbes [159]. In particular, sequencing the (ideally) entire genomic content

(i.e., metagenomic sequencing) of the intestinal microbiota has allowed the establishment

of a catalog of main groups of microorganisms present in the gastrointestinal tract and

potentialmetabolic pathways [158] by avoiding culturing and isolation of individualmicrobial

organisms. In this respect, endeavors of the human microbiome project [199] and the

MetaHIT consortium [130] aim at establishing comprehensive data-sets of metagenomic

content, metabolic functions, and taxonomic compositions within human individuals as well

as the isolation and sequencing of numerous microbial taxa.

Despite these efforts, however, we are still lacking a comprehensive mechanistic under-

standing of the intestinal microbiota. One major hurdle in achieving this goal is the lack of

organismal system boundaries, enabling us to associate the presence of metabolic pathways

in the microbiome with a specific bacterium. Inferring metabolic roles by taxonomic clas-

sification alone is difficult because phylogenetically closely related organisms might be very

different in their metabolism [135]. It may be therefore challenging to associate functional

roles to entire taxonomic groups [6] to conjecture the biological relevance of intestinal bac-

teria. For instance, members of the same genus, or even of the same species, can be both

probiotic and pathogenic [141], indicating a differential strain-specific adaptation. In this

context, nutrient utilization can be a strong determinant for the adaptation to varying envi-

ronments, since it can give a competitive advantage to other organisms that are metabolically

less versatile. Thus, having additional metabolic functions can aid microbes in occupying

further niches within the human gut. Accordingly, the functional consequences for the host

change.

Current developments in systems biology allow the modeling of microbial metabolism

to gain a mechanistic insight into the relationship between genotype and phenotype [167].

Genome-scale metabolic reconstructions form the basis of such modeling efforts. A re-

construction is assembled based on the genomic sequences as well as biochemical and

phenotypic data of a target organism, and accounts for metabolic genes, enzymes, and their
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associated reactions [145, 192]. Genome-scale metabolic reconstructions serve as a blueprint

for condition-specific metabolic models [145, 192], which are obtained by the application of

constraints, such as known nutrient uptake rates. The reconstruction process often includes

a gap-filling procedure [103, 194], in which additional reactions are included to better model

biologically relevant phenotypes, such as the formation of all known biomass precursors

[160]. Metabolic models can be studied using a variety of mathematical methods [112]. One

frequently used approach is flux balance analysis, which is applied to investigate a functional

steady-state flux distribution of the modeled system, while maximizing (or minimizing) a

particular cellular objective (e.g., production of biomass precursors) [145]. This modeling

approach has been used to investigate nutrient requirements [188], gene essentialities [49],

and metabolic interactions [80] for organisms of interest, thereby providing new insights into

phenotypic and metabolic properties. The reconstruction process relies on the availability

of detailed phenotypic data for the target organism [192], which is usually not available for

many of the commonly found microbes in the human gut [159, 158]. To obtain representative

metabolic reconstructions for these less well-studied organisms, automatic tools have been

developed in recent years, such as the Model SEED platform [84], to provide a valuable start-

ing point for metabolic modeling. In fact, draft reconstructions have been used to generate

hypotheses about the target organisms with subsequent experimental validation, leading to

the refinement of the metabolic reconstruction [160, 163, 144, 123].

In this study, we generated automatically refined draft genome-scale metabolic models

of 301 representative intestinal microbes in silico based on whole genome sequences of the

human microbiome project using an established approach [84]. We applied a combination of

unsupervised machine-learning and computational modeling techniques to study individual

and global differences of the metabolic models and the original genomes. Our key results

include: i) divergent reactions involved in energy metabolism and membrane synthesis which

are most relevant to discriminate different phylogenetic groups, ii) a linear relationship be-

tween differences in metabolic reaction potential and essential nutrients determined by flux

balance analysis which indicates that the phenotype is directly correlated to the metabolic

repertoire, iii) differences in metabolic reaction potential and phylogeny which exhibit an

exponential relationship, suggesting an explanation as to why closely related microbes can

be very different in their metabolic traits while at less-resolved phylogenetic distances only
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marginal differences in metabolic diversity can be observed, iv) local differences in pathway

presence which can be used to further distinguish representatives of Lactobacillus, Bifi-

dobacteria, and Bacteroides. In summary, we demonstrate the importance of the metabolic

repertoire of microbes to predict their phenotypic behavior in an ecological and evolutionary

context.

2.2 Methods

2.2.1 Metabolic model selection, construction, and refinement

We selected a set of 301 microbes (Supplementary Table A.2) representing species present in

the normal gutmicrobiota of healthy individuals, according to previous studies [159, 158]. We

retrieved the genome sequences as well as additional information about the sequencing status,

oxygen requirement, taxonomic placement, and phenotype from the integrated microbial

genome database [126]. The completeness and possible genomic contamination by other

microorganisms of the individual 301 genomes was assessed using a collection of 107

universal, single-copy genes [45]. The genomic sequences were uploaded for gene annotation

to the RAST server [7] using default parameters. Draft metabolic reconstructions were then

built with these genome annotations using the Model SEED pipeline [84]. To ensure, that

the metabolic models are able to grow under anaerobic conditions, which are prevalent in

their natural ecosystem, we modified, if necessary, one to five reactions to enable anaerobic

growth. The reactions modified for each model are listed in Supplementary Table A.1. For

descriptive purposes, reactions in the metabolic models were translated into our in-house

metabolite and reaction database. The original SEED reaction nomenclature was maintained

for the growth simulation. All refined draft metabolic models are publically available in their

Matlab format at http://thielelab.eu/in_silico_models.

2.2.2 Growth simulation

To compute different growth conditions, the metabolic reconstructions were subjected to flux

balance analyses [145] with the COBRA Matlab toolbox [167] using IBM ILOG cplex as

the linear programming solver (IBM, Inc.). Briefly, genome-scale metabolic models were

http://thielelab.eu/in_silico_models
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represented as a stoichiometric matrix S, which encodes information about the mass balance

of the complete set of enzymatic and transport reactions as well as a biomass reaction.

The biomass reaction was retrieved from the metabolic reconstructions and represents the

production of cellular building blocks (e.g., cofactors, amino acids, and lipids). Based on

the stoichiometry, we could distinguish in our set of models 17 distinct biomass reactions,

and based on the qualitative presence of compounds, we could distinguish 6 types of distinct

biomass reactions (Supplementary Table A.2). Hence, the automatically included biomass

reactions from theModel SEED pipeline are different and therefore reflect different precursor

needs of the consideredmicrobes. Given this reaction as an objective for the biological system,

the metabolic fluxes of all reactions in steady-state maximizing growth can be determined by

defining an optimization problem as follows:

maximize vB

subject to: S × v = 0

vi,min ≤ vi ≤ vi,max , ∀i ∈ n reactions

With vb as the flux through the biomass objective function, v as the vector of all reaction

fluxes, vi,min as the minimal flux capacity of reaction i and vi,max as the maximal flux capacity

of reaction i. The solution (metabolic fluxes of all reactions) of this optimization problem

can be obtained using linear programming. The flux through the biomass reactions can

be interpreted as the growth rate of the microbe model. By setting the constraints vi,min

and vi,max of exchange (transport) reactions, varying growth conditions can be simulated.

Throughout this study, the maximal uptake was constrained to 10 mmol/gDW/h to estimate

natural occurring conditions. The maximal achievable growth rate was calculated under

these conditions by assuming that all exchange reactions are potentially active (equivalent to

rich medium condition). Additionally, the absence of a particular metabolite in the medium

was simulated by setting its minimal and maximal exchange reaction constraints (vi,min and

vi,max) to 0 mmol/gDW/h. By the iterative removal of each metabolite individually from the

rich medium for each microbe model, different growth conditions were simulated. Essential

nutrients were defined by growth rates smaller than 0.05 h−1 after removal from the medium.

This cutoff was based on the estimated growth rate of microbes within the mammalian gut

[64]; however, all calculated smaller growth rates were below 0.0001 h−1 and thus negligible.
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2.2.3 Data mining of metabolic and genomic information

To assess the differences between the individual microbes, we used the reaction content

and essential nutrients as well as COG functions and Pfam domains. The reaction content

was based on the metabolic models obtained from Model SEED [146], whereas the COG

functions and Pfam domains were obtained from the integrated microbial genomes database

[126]. For each microbe, the presence and absence of reactions, essential nutrients, and

functions were assessed in relation to the union of all metabolic reconstruction and genome

annotations, respectively. The resulting binary vector b was then analyzed between species i

and j with the Jaccard Index as:

bi
⋂

bj

bi
⋃

bj

to calculate the metabolic proximity according to [128]. Based on the obtained distance

matrix of the reaction content, we used principle coordinate analysis [70] and t-SNE [202]

for reducing the dimensionality from 301 to 2. The two-dimensional embeddings were visu-

alized by scatter plots. Using principle coordinate analysis, we analyzed reaction differences

between the metabolic models on a global scale by correlating each reaction to the principle

coordinates and subsequently selecting the 200 reactions with the highest correlation (Sup-

plementary Table A.3). The t-SNE-based visualization was used to identify local differences,

with a detailed analysis of cluster structures within the genera Lactobacillus, Bifidobacteria,

and Bacteroides. The reaction set differences between the determined sub-types of these

genera were then used to identify type specific pathways.

2.2.4 Phylogenetic analysis

In addition to the determined metabolic difference, we used the phylogenetic relationships

between the microbes as a measure of divergence. The phylogeny was computed with

PhyloPhlAn, which uses a set of around 400 protein-coding genes for the phylogenetic

placement [171]. In addition to the 301 bacterial genomes, the genomes of the archaea

Methanobrevibacter smithii ATCC35061 andMethanosphaera stadtmanae DSM 3091 were

used as an out-group to root the phylogenetic tree (Supplementary Figure A.2). The resulting

phylogenetic tree was visualized using EvolView [219]. The phylogenetic difference between
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the different bacteria was computed using the cophenetic distance based on the rooted tree

[181].

2.2.5 Correlation between phylogeny,metabolic repertoire and essential

nutrients

We determined the relationship between the metabolic repertoire of the models and the

phylogenetic distance as well as its relation to the predicted essential nutrients by representing

the phylogenetic distance as a function of themetabolic distance. Wefitted different regression

functions and found an exponential model defined by:

y = 10(α+βx)

to be the most suitable for explaining the relationship between metabolic distance x and

phylogenetic distance y. For the relationship between essential nutrient difference z and

metabolic difference x, we found a linear model defined by:

z = α + βx

to be the best fit. We complemented the exponential model with the Spearman correlation

and the linear model with the Pearson correlation as a measure of association between the

variables. The goodness of fit measures for the different models and subsets of the data can

be found in Table 2.2. The fitted parameters α and β for all plots in Figure 4 can be found in

Supplementary Table A.7.

2.3 Results and discussion

2.3.1 Selected microbes as a model for the human gut microbiota

In order to answer ecological and evolutionary questions relevant for human health and dis-

ease, we selected 301 commonly found gut microbes based on their reported occurrence in the

healthy gut microbiome [159, 158] and the availability of sequenced isolate genomes (Figure

2.1). We used the Model SEED platform [84] to generate automated draft genome-scale

metabolic reconstructions for each microbe. To enable growth under anaerobic conditions,
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which are predominant in the human gut [51], we added specific reactions, if necessary (Sup-

plementary Table A.1). A comparison of our draft reconstructions with a set of published

manually refined high-quality metabolic reconstructions taken from [82] revealed that most

of the metabolic functionalities were captured in the refined draft reconstructions (Supple-

mentary Figure A.1). Reactions absent in the refined draft reconstruction belonged mostly

to the category of transport and exchange reactions, whose addition requires experimen-

tal and physiological data, as substrate specificity and transport mechanism is difficult to

automatically annotate in microbial genomes [109].

Figure 2.1: Phylogeny and individual statistics of the microbe selection. The cladogram
shows the taxonomic relationships among the 301 microbes. In the four outer layers, the bars
represent the relative individual genome size, number of genes, number of reactions, and
in silico growth rate. The different colors represent the various bacterial classes. The leaf
colors and shapes symbolize whether a microbe is a probiotic (green triangle), a pathogen
(red diamond), an opportunistic pathogen (red circles), or a non-pathogenic bacterium (white
triangles).

Our set of refined draft reconstructions captured a wide spectrum of different phyla
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(Figure 2.1) with a taxonomic diversity similar to what is commonly observed in the human

intestine [158]. The high diversity and proportion of microbes within the phyla Bacteroides,

Proteobacteria, and Firmicutes (Figure 2.1) is concordant with observations in the human

colon [182]. Moreover, by integrating information about pathogenic and beneficial traits of

each microbe (Figure 2.1), we were able to associate these metabolic traits with the phenotype

toward the host. As expected, a large proportion of probiotic Lactobacillus andBifidobacteria

could be found in the classes Bacilli and Actinobacteria, respectively (Figure 2.1 and Table

2.1). Additionally, known pathogenic organisms within the Proteobacteria, Fusobacteria,

and Bacilli are also represented. Thus, our selection of bacteria provides an appropriate

representation of microbial species, phenotypic traits, and metabolic processes present in

the colon, the main site of microbial fermentation and interaction of microbes with the host

[212].

Table 2.1: Genome and metabolic model statistics of the selected microbes.

Average per taxonomic group
Taxon Number

models
Genome
(Mbp)

Genome
completea

Number
genes

Number
reactions

Gap-filled
reactionsb

All taxa 301 3.3 95% 702 875 3%
Class
Bacilli 68 2.5 95% 656 860 4%
Clostridia 61 3.5 96% 735 839 1%
Bacteroidia 51 5.3 95% 764 908 1%
Actinobacteria 36 2.3 95% 514 727 10%
γ-Proteobacteria 25 4.6 95% 1127 1311 1%
Genus
Lactobacillus 37 2.3 96% 597 798 4%
Bifidobacterium 29 2.2 95% 505 734 12%
Bacteroides 43 5.6 96% 774 909 1%

aBased on a selection of 107 essential genes [3].
bBased on the total number of reactions in the model. Gap-filling reactions were mostly
added by the Model SEED platform.

Our analysis also included microbes with draft genomes (Supplementary Table A.2),

requiring the assessment of the overall genome completeness and the potential impact on gene

annotations and consequently on the generated metabolic reconstructions. The completeness

and possible genomic contamination by other microorganisms of the individual 301 of the
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individual genomes was assessed using a collection of 107 universal, single-copy genes

[45, 157]. In our set of 301 genomes, the average estimated genome completeness was

95 % (Table 2.1). We further investigated the genome size and annotated genes among

the 301 organisms (Table 2.1). Gammaproteobacteria had generally large genomes and a

high number of annotated genes, while members of the order Bacteroidia had in general

larger genomes but a lower number of annotated genes. This difference could be attributed to

differences in annotation efficiencies, as Proteobacteria (in particular, gut specificEscherichia

species) are very well-studied and thus have more homologous genes. Consequently, the

number of reactions in the constructed metabolic models was higher and the number of

reactions added via gap-filling lower. In contrast, we found a higher number of gap-filled

reactions and a lower number of reactions in Actinobacteria (Table 2.1). This bias, which

is well established for metagenomic analyses [25], is most likely the result of having less

experimental data and validated gene annotation available for Actinobacteria. The presence

of this apparent annotation bias underlines the limitation in current annotation techniques

affecting particularly phylogenetically distant microbes [157, 25, 213] and highlights the

need for more detailed experimental biochemical studies to elucidate gene functions in phyla

distant to those containing model organisms [213].

2.3.2 Global reaction differences recapitulate conserved taxonomic pat-

terns and phenotypes

To assess the differences within the metabolic reconstructions, we tested whether they could

recapitulate the taxonomy of the studied microbes. We therefore computed a metabolic

distance between the reconstructions based on the reaction presence [128] and subsequently

used principle coordinate analysis (PCoA) [70]. This analysis revealed clusters, which

correspond to known taxonomic groups (Figure 2.2). More specifically, with more than 30

% of explained variance, the first principle coordinate (Figure 2.2) was able to discriminate

between Gram-negative and Gram-positive bacteria, which is in concordance to traditional

measures of broad taxonomic groups, assigned based on the phylogeny of the 16S rRNA gene,

the production of fatty acids, and corresponding membrane lipid composition [61]. In our

PCoA (Figure 2.2), members of the class Negativicutes were closely associated with Gram-
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negative bacteria rather than their phylogenetically close Gram-positive relatives, which is in

accordance to their unusual membrane composition including two membrane layers [125].

Figure 2.2: Global differences within metabolic models and their most divergent reactions.
Biplot of the principle coordinate analysis based on the metabolic distance determined by
the presence/absence of specific reactions in the metabolic models. Taxonomic groups are
represented by different colors. The 200 reactions most associated with the point separation
are indicated as arrows pointing from the coordinate origin to the contributing direction.
The arrow shading represents reactions overlapping in their direction of contribution. The
complete set of 2272 reactions sorted by their relevance can be found in Supplementary Table
A.3.

The separation between Gammaproteobacteria and Actinobacteria highlights that our

reconstructions captured taxa-specific metabolic features, despite the mentioned annotation

bias. Furthermore, Clostridia species showed a high metabolic diversity and overlapped

with clusters of other microbial taxa (Figure 2.2), which is consistent with the reported

metabolic variety of these bacteria and their corresponding beneficial traits in the human gut

[119]. Erysipelotrichia representatives are closely but nonetheless distinctly placed relative

to the Clostridia in the 2D principle coordinate plot (Figure 2.2). Intriguingly, members of
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Erysipelotrichia were formerly considered as Clostridia based on the phylogeny of marker

genes [215] but then re-assigned to a novel class based on their phylogeny and membrane

composition [207]. Similar to the Clostridia, Bacilli species were also widely spread in the 2D

principle coordinate plot (Figure 2.2), reflecting their metabolic versatility [2]. In contrast,

other taxa had more dense clusters, particularly Actinobacteria, reflecting more specialized

roles of these bacteria, such as the conversion of polysaccharides [201].

Overall, we propose that metabolic reconstructions could be used, in addition to canonical

approaches, to assist in the taxonomic definition of novel microbes and the re-assignment of

already described microbes into better defined taxonomic groups. In particular, our approach

has the advantage of considering functional characteristics, in contrast to methods solely

relying on the presence and phylogeny of marker genes. As also pointed out by previous

studies [220], functional repertoires can have a positive influence on the annotation quality of

taxonomic groups. Ultimately, this could shed light onto the metabolic versatility of microbes

in general or in specific habitats, such as the human gut.

2.3.3 Energy and membrane metabolism as markers for metabolic di-

vergence

Following the broader characterization, we aimed to obtain a better understanding of the

reactions driving the observed separation in the first two coordinates. The separation of

taxonomic groups is due to reactions involved in membrane synthesis and central metabolism

(Figure 2.2). In particular, different types of lysophosolipase reactions exhibit the highest

explanatory power (Supplementary Table A.3). These reactions convert various phospholipid

precursors (differing in their number of C-atoms) and have the same direction in the first

principle coordinate, because all reactions can be carried out by single enzymes and are

thus linearly dependent. Similarly, the amylomaltases catalyze multiple reactions differing

in their substrates (Supplementary Table A.3). For the enoyl-ACP reductase, we found a

variety of reactions with different directions toward the first principle coordinate (Figure

2.2). This variation in angle represents a potential variation in distinct yet convergent

fatty acid synthesis processes involved in energy metabolism and known to be present in

the human gut microbiome [57], thus contributing to the discrimination of the different
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types of bacteria. This observation is consistent with the fact that fatty acid profiles have

been used to characterize microbial communities before the advent of nucleic acid-based

methods [76]. The synthesis of endotoxins was positively associated with the distribution

of Gram-negative pathogenic species within the Proteobacteria and Fusobacteria, which

is in accordance with previously reported correlations between various diseases and the

abundance of Proteobacteria-producing endotoxins [196]. The transport and utilization

of diverse carbohydrates involved in energy metabolism, such as mannitol, mannose, and

fructose, were positively associated with the location of the Bacilli cluster in the 2D principle

coordinate plot (Figure 2.2). This association highlights the variety of substrate consumption

as represented by these reconstructions of microbial metabolism. In accordance with the

literature, Bacilli are known to utilize a broad range of carbohydrates [94].

The differentiation of taxonomic groups based on reactions involved in energy and mem-

brane metabolism may have important implications in understanding the evolution and het-

erogeneity of intestinal microbes. For instance, Gram-negative bacteria have been reported

to change their membrane composition [77] in order to cope with environmental influences,

such as antibiotics and human immune agents, many of which target bacterial membrane

compounds [21]. Additionally, ecological changes within the microbial community [44] can

provoke a differentiation in metabolic capabilities involved in energy metabolism leading to

altered interactions of the community with the human host, supporting the observed high

explanatory power of metabolic reactions toward cluster separation.
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Figure 2.3: Tanglegram between the hierarchical clustering of the phylogenetic andmetabolic
distance. Tanglegram between the dendrograms of the reaction distance according to the pres-
ence of specific reactions and the phylogenetic distance according to the cophenetic distance
of the maximum likelihood tree (rooted with two methanogenic archea) calculated from the
sequence similarity of 400 selected essential genes. The dendrograms were calculated using
hierarchical clustering with complete linkage. Lines connecting the samemicrobe are colored
according to the taxonomic class.
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2.3.4 The relationship between genotype, phenotype, and metabolic

repertoire is non-linear

To further investigate the observed metabolic diversity (Figure 2.2) and its evolutionary basis,

we computed the phylogenetic relationship between the 301 bacteria based on 400 protein-

coding metabolic genes [171] using two methanogenic archaea as outgroups (Supplementary

Figure A.2). On the basis of this rooted phylogenetic tree, we computed pairwise phyloge-

netic distances from the heights within the tree using the cophenetic distance [181]. While

the clustering of this phylogenetic distance (Figure 2.3) recapitulated the original phylogeny

(Supplementary Figure A.2), we additionally computed a genetic distance based on the 16S

rRNA gene similarity of the microbes (Supplementary Figure A.3), to ensure that our obser-

vations were reproducible with other methods or markers. The pairwise distance based on the

phylogenetic tree and the inferred presence of distinct reactions were overall congruent with

each other (Figure 2.3). Interestingly, we identified an exponential relationship between phy-

logeny andmetabolic repertoire (Figure 2.4), which is in accordance to a previous study based

on genomic measures [216]. To exclude potential artifacts resulting from homology-based

annotation methods (Model SEED) used for the generation of the metabolic reconstructions,

we also determined the distance based on the presence of detected clusters of orthologous

groups (COGs) [139] and Pfam protein domains [54]. These two measures also exhibited

the same exponential relationship between metabolic repertoire and phylogeny (Figure 2.4).

Importantly, this relationship indicates that closely related species can have an extremely

divergent set of metabolic reactions, while at taxonomic ranks above the family level, only

limited amounts of additional emergent features were observed. Since COG annotations and

Pfam domains are prone to misclassification, we also included annotation measures with a

higher quality, such as MetaCyc functionalities [26] as well as EC numbers (Supplementary

Figure A.4) and observed a comparable exponential trend. Similar observations have been

obtained in published experimental studies based on the phenotypic properties of different

strains from the same genus or species [135, 141], underlining the biological relevance of our

observations. In the context of a microbial community or biofilm, our observed relationship

explains why closely related taxonomic groups (e.g., species of the same genus) are able to

co-exist, while the overall consortium is limited in its metabolic potential [209]. In addition



2.3. RESULTS AND DISCUSSION 37

to this result, we identified a linear relationship between the metabolic repertoire and the

similarity of essential nutrients, which we calculated using flux balance analysis as a proxy

for the metabolic phenotype (Figure 2.4b). These findings complement previous knowledge

about the relationship between genotype and phenotype by Plata et al. [153]. Here, a similar

exponential relation was observed between microbial phylogeny and varying growth condi-

tions in selected genome-scale metabolic models, which were not directly associated with

a specific habitat [153]. Additionally, this relationship has also been found with respect to

the phenotypic similarity based on gene essentiality and synthetic lethal genes [153]. Taking

into account that these latter measures have been based on flux balance analysis and are thus

analogous to our results, we conclude that the observed patterns are generally applicable to

bacteria. Furthermore, we argue that the metabolic network constituting of a set of reactions

is appropriate to represent and explain a phenotype (Figure 2.4b). Assuming the metabolic

repertoire as one of the major factors for the evolution of intestinal microbes, transfer of

metabolic traits within different taxa may account for fast metabolic diversification of species

and strains leading to niche partitioning. In fact, horizontal gene transfer has been shown to

be enriched within organisms inhabiting the same environment, particularly, the human gut

[176]. In addition to the results of Plata et al. [153], we propose the metabolic repertoire

as one of the major factors influencing the phenotypic differentiation of human gut micro-

bial communities. Still, the clear separation of taxonomic groups noted above (Figure 2.2)

suggests that exchange of functionalities is limited to ensure a certain metabolic divergence

within the whole microbiota to maintain functional diversity and limit competition between

closely related organisms.
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Figure 2.4: Relationship between reaction content, phylogeny, and phenotype. The metabolic
distance was determined according to the presence of specific reactions in the model
(a,b). COG (c) and Pfam (d) functional differences were assessed by comparing the pres-
ence/absence of COG functions and Pfam domains for all genomes, respectively. The
phylogenetic distance is based on the cophenetic distance of the maximum likelihood tree
(rooted with two methanogenic archea) calculated from the sequence similarity of 400 se-
lected essential genes (a, c, d). The phenotype divergence was represented by the difference
in essential nutrients, which were determined by removing the nutrient of interest from the in
silicomedium and subsequently checking for growth/no growthwith flux balance analysis (b).
The shading of the points (a-d) represents the density of all pairwise comparisons between
the microbe models (n=45150). The blue line (a-d) represents the moving average over the
data points. The goodness of fit for both regression models (a, b) can be found in Table2. The
means of the phylogenetic (a, c, d) and metabolic distances (b) for each taxonomic category
are indicated by dashed red lines.
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2.3.5 The relationship between phylogeny, metabolic repertoire, and

phenotype is taxon-dependent

To account for taxon-dependent differences between microorganisms (Table 2.1), we focused

our analysis on model subsets of the five classes and the three genera with the highest number

of representatives (Table 2.2). Additionally, this focus allows us to elucidate whether our

results were dependent on our selection of microbes or could be expanded to other microbes

not considered in this study. We found that the exponential relationship between phylogeny

and metabolic repertoire as well as the linear relationship between nutrient essentiality and

metabolic repertoire was apparent for most taxonomic groups (Table 2.2). However, we

noticed differences within the taxa. In particular, there was a considerable exponential

fit for all five major bacterial classes except for Clostridia, which could be explained by

Clostridia’s broad metabolic versatility and the corresponding difficulties in the taxonomic

assignment within this class [33]. Our result is in accordance with the observed cluster

variability of Clostridia when comparing the clustering of the metabolic and phylogenetic

distance (principal coordinate analysis, Figure 2.3). When investigating individual genera,

we detected a high correlation between essential nutrients and the metabolic repertoire of

Bifidobacteria, whereas the correlation between their phylogeny and metabolic repertoire

was less pronounced (Table 2.2, Figure 2.3). For members of the genus Bacteroides, the

metabolic repertoire correlated strongly with their phylogeny (Figure 2.3), but only weakly

with the essential nutrients (Table 2.2). Based on these results, we propose that the divergence

within this genus can be explained by divergence in metabolic pathways relating to membrane

synthesis (Figure 2.5) rather than energy metabolism and thus nutrient essentiality. For the

Lactobacillus genus, we found a strong correlation between metabolic potential with both,

phylogeny and essential nutrients. Within this genus, energy metabolism explained particular

phenotypic divergences of species (Figure 2.5), which is consistent with the observed high

correlation between reactions involved in nutrient uptake and the clustering of representatives

of the Bacilli in the principal coordinate plot (Figure 2.2). Taken together, our results show a

generality of the observed relationships between phylogeny, metabolic repertoire, and nutrient

essentiality within and between taxonomic groups (Figure 2.4).
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Table 2.2: Summary statistics of the relationship between reaction content, phylogeny, and
essential nutrients.

Reaction/phylogeny Reaction/essential nutrients
(exponential modela) (linear model)

Taxon
considered

Spearman
correlation

R2 RMSE Pearson
correlation

R2 RMSE

All taxa 0.59b 0.62b 0.11 0.48 0.23 0.03
Class
Bacilli 0.68b 0.69b 0.08 0.58b 0.34 0.02
Clostridia 0.61b 0.39 0.12 0.67b 0.45 0.02
Bacteroidia 0.90b 0.80b 0.06 0.62b 0.38 0.02
Actinobacteria 0.80b 0.76b 0.16 0.86b 0.74 0.02
γ-Proteobacteria 0.78b 0.56b 0.11 0.72b 0.52b 0.01
Genus
Lactobacillus 0.75b 0.70b 0.08 0.56b 0.31 0.03
Bifidobacterium 0.42 0.29 0.07 0.83b 0.69b 0.01
Bacteroides 0.81b 0.79b 0.05 0.33 0.11 0.02

aThe exponential model was represented by a linear regression of semi-logarithmic trans-
formed data.
bValues above 0.5.

2.3.6 Reaction differences reflect metabolic versatility among closely

related microbes

To further investigate the metabolic divergence within closely related microbes of the same

taxonomic group, we used t-distributed stochastic neighbor embedding (t-SNE) [202] for

the two-dimensional visualization of the reaction similarities (Figure 2.5, see Supplementary

Figure A.5 for point labels). t-SNE is a non-linear, non-parametric dimensionality reduction

and has been used previously to reveal data-inherent cluster structures [4, 154, 105]. This

method enabled us to identify fine-scale reaction differences, in addition to the principal

coordinate analysis (Figure 2.2). Several distinct clusters were apparent and corresponded

to the different bacterial classes (Figure 2.5). We further focused our analysis on the three

most abundant genera in our model selection (Table 2.1). For Lactobacillus, we noted a

widespread metabolic repertoire and thus a relatively large variability of members within

this group (Figure 2.5). We identified three distinct subclusters (La1, La2, and La3) within

this genus. While La2 showed major overlaps with the other two clusters, La1 and La3 were
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distinct from each other. We investigated the differences in the reaction sets between the

representatives of the different subclusters (Supplementary Table A.4). Based on the present

reaction sets, La1 corresponds to obligate homofermentative La2 to facultative homofermen-

tative and La3 to obligate heterofermentative pathways involved in the energy metabolism of

lactic acid bacteria (Figure 2.5b). The pathway presence in the genomes explains why La2

overlaps with the other clusters, since the facultative homofermentative group (La2) shares

reactions with the obligate homofermentative (La1) and heterofermentative group (La3) [94].

In agreement with the literature, these subclusters correspond to known divergent pathways

involved in energy metabolism in Lactobacilli [2]. This distinction of biologically relevant

phenotypic groups using predicted difference in metabolic reactions encouraged us to pro-

pose novel bacterial sub-types. Therefore, we confirmed for our choice of the number of

subclusters by performing hierarchical clustering (Figure 2.3) to ensure that the subclusters

were substantially different. For the Bifidobacteria, we propose two distinct subclusters

(Bi1 and Bi2), which differed in the reactions involved in energy metabolism and membrane

biosynthesis (Figure 2.5c). For the energy metabolism, numerous reactions involved in the

uptake and utilization of diverse carbohydrates were observed for members of the subcluster

Bi1 (Supplementary Table A.5), corresponding to known strain-specific differences within

closely related Bifidobacteria [108]. Furthermore, we found reactions involved in the uptake

and conversion of glucosamine to peptidoglycan, which could be associated with membrane

composition in these two groups. To our knowledge, such pathway differentiation has not yet

been proposed for Bifidobacteria. For the Bacteroidia, we could distinguish two subclusters

(Ba1 and Ba2). The differences between these clusters can be attributed to the membrane

biosynthesis (Figure 2.5d; Supplementary Table A.6). Members of Ba2 possess various path-

way types leading to the production of varying phosphatidylglycerol compounds, whereas

members of Ba1 can further process phosphatidylglycerol to myristic acid. This finding is of

particular biological importance, when considering the virulence and signaling purposes of

membrane lipids in Bacteroides species found in previous studies [5, 138], which links the

phenotype to the synthesis of membrane compounds. Furthermore, since energy metabolism

and substrate availability via the diet are major ecological driving forces within the human

gut microbiota [57], the metabolic diversification of other closely related microbes, such as

Lactobacillus spp. and Bifidobacterium spp., can be a necessary requirement to maintain
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a stable coexistence with each other and the host. Considering that optimal conditions for

metabolic cooperation are dependent on the similarity between the metabolic repertoires of

several species [128], this pathway analysis approach could be used to estimate cooperative

as well as competitive strategies. In particular, microorganisms tend to have a higher cooper-

ativity if they are not too similar nor too different [28], indicating that members of the same

taxon, but different subclusters (Figure 2.5b) might be able to co-exist, whereas functionally

similar microbes may be more likely to compete with each other [209].

Figure 2.5: Local differences within metabolic models and their sub-type-specific pathways.
The metabolic distance was determined according to the presence of specific reactions in
the model (a). t-SNE was performed to obtain a low dimensional representation of the local
differences within taxonomic groups which are represented by the different colors. Sub-types
are defined based on hierarchical clustering of the reaction similarities. Members of one
sub-type are connected with lines which originate from the cluster centroid. The ellipses
represent confidence intervals of the clusters with a certainty of 95%. Distinguished pathways
within sub-types include the genera Lactobacillus (b), Bifidobacterium (c), and Bacteroides
(d). The pathways occurring in only one of the sub-types are framed by boxes carrying the
corresponding cluster name. Reactions within pathways are represented by black arrows.
GAP glycerol-3-phosphate, PEPG peptidoglycan, PGP phosphatidylglycerophosphate, PG
phosphatidylglycerol, APG 1-Acyl-sn-glycero-3-phosphoglycerol, TTDCA tetradecanoate,
HDCA heptadecanoate, OCDCA octadecanoate.
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2.4 Conclusions

The requirement for a certain functional diversity to ensure a well-functioning cooperative

intestinal microbiota is crucial to break down various complex dietary compounds and divide

metabolic tasks among different community members [16]. Our results complement these

ideas by investigating the metabolic divergence within a model microbiota, which can be

primarily distinguished by reactions involved in energy and membrane metabolism. These

capabilities play important roles in shaping the interface between host and symbionts, and

thereby may lead to a deeper understanding in addition to metagenomic analyses in which all

microbial functions are assessed [159]. Furthermore, the metabolic repertoire of microbes

is proportional to their phenotypic properties, highlighting the importance of diversity in

explaining the metabolic processes taking place within the human gut. In contrast to these

properties, the metabolic repertoire exhibited an exponential relationship with phylogeny, un-

derlining the challenges in inferring metabolic functions from phylogeny alone, in particular

when using single gene-centric approaches such as via 16S rRNA gene amplicon sequencing.

Moreover, this circumstance can be regarded as an important evolutionary and ecological

feature of the microbiome; functional components constituting whole pathways can be very

different within closely related species, whereas the metabolism in the overall metabolic

repertoire is limited. In other words, by dividing the metabolic tasks between certain taxo-

nomic groups, the microbiota can make efficient use out of a small set of functions thereby

facilitating niche partitioning. This result has important implications when considering the

overall species richness of the human gut microbiome in the context of different patients and

diseases [106]. Further analyses could prove these concepts by modeling interactions within

bacteria and the use of the here reconstructed and refined genome-scale metabolic models.
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Abstract

Recent advances focusing on the metabolic interactions within and between cellular pop-

ulations have emphasized the importance of microbial communities for human health.

Constraint-based modeling, with flux balance analysis in particular, has been established

as a key approach for studying microbial metabolism, whereas individual-based mod-

eling has been commonly used to study complex dynamics between interacting organ-

isms. In this study, we combine both techniques into the R package BacArena (https:

//cran.r-project.org/package=BacArena) to generate novel biological insights into

Pseudomonas aeruginosa biofilm formation as well as a seven species model community of

the human gut. For our P. aeruginosa model, we found that cross-feeding of fermentation

products cause a spatial differentiation of emerging metabolic phenotypes in the biofilm over

time. In the human gut model community, we found that spatial gradients of mucus glycans

45
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are important for niche formations which shape the overall community structure. Addition-

ally, we could provide novel hypothesis concerning the metabolic interactions between the

microbes. These results demonstrate the importance of spatial and temporal multi-scale

modeling approaches such as BacArena.



3.1. INTRODUCTION 47

3.1 Introduction

Amajor goal in microbial systems biology is to understandmetabolic mechanisms underlying

the emergence and organization of microbial communities [217]. Metabolic processes have

been suggested to modulate and organize complex community structures by cross-feeding

interactions (exchange of nutrients) [23, 186]. The human gut microbiota, for instance,

consists of hundreds of species [47], whose compositions is strongly influenced by metabolic

factors such as diet and microbial physiology [97]. Especially the metabolic interactions of

multi-species communities within the gut have been found to support humanwell-being by the

supplementation of nutrients via fermentation of otherwise indigestible dietary components

[212]. One of the most important hallmarks in determining a healthy gut structure is the

integrity of the mucus layer, which covers the epithelium, acts as a protective barrier against

intruding pathogens, and enriches beneficial bacteria by providing nutritional compounds

such as glycans [129]. Therefore, concentration gradients of substrates induce a spatial

differentiation of the microbial community.

In biofilms, spatial concentration gradients of metabolites lead to a differential nutrient

availability and therefore govern the distribution of species and phenotypes [23, 186]. There-

fore, considering the processes that generate chemical gradients is essential when studying

physiological heterogeneity in biofilms [186, 63, 149]. Individuals of the same or differ-

ent species can support each other’s growth by metabolic cross-feeding interactions [12].

Conversely, competition for nutrients can induce a division of metabolic tasks within the

community which spatially differentiates the population in different sections, e.g. metaboli-

cally active and inactive microbe cells [116]. Such self-organizing processes have important

implications in biomedical applications since single-species biofilms of pathogens are as-

sociated with a higher resistance against antibiotics [150] and thus obstructing potential

treatments for diseases. In particular, most antibiotics are targeted at growing bacteria and

not metabolically inactive dormant cell, which could re-initiate the biofilm after antibiotic

treatment [116]. Furthermore, due to the physical structure of biofilms, antibiotics could

poorly penetrate and often remain ineffective [185].

Constraint-based reconstruction and analysis (COBRA) is a key approach for the in silico

study of microbial metabolism [112]. Metabolic reconstructions comprise the complete set
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of biochemical reactions derived from a genome annotation in a stoichiometric accurate

manner [192]. Through the application of specific constraints (e.g. nutrient availability)

they can be converted into condition-specific models. With flux balance analysis (FBA),

these models are used to optimize a given objective, such as the growth yield under a

metabolic steady state [145]. To model metabolic interactions within microbial communities,

different COBRA-based approaches have been developed [226]. First approaches modeled

bacterial communities by combining the reconstructions of single microbes into a metabolic

model, where metabolites can be exchanged and community growth is maximized using FBA

[101, 81]. This concept has been recently expanded to allow integration of experimental data

and modeling of distributed community growth [175]. Additional approaches have included

temporal dynamics, in whichmicrobial growth is simulated [221, 118, 224]. Recent advances

incorporated spatial dynamics by enabling the distribution of microbes and metabolites,

assuming homogeneous species populations [79]. Spatial environments were also used in

an approach called MatNet [15] which combines FBA with individual-based modeling to

simulate the metabolism of single species biofilms. Unlike population modeling, individual-

based approaches allow to analyze populations as aggregations of autonomous individuals

that interact by a set of rules. Accordingly, complex dynamics arise as emergent properties

of locally interacting individuals [85, 74, 98].

In this study, we develop and apply BacArena, a community modeling tool which extends

the integration of FBA and individual based modeling proposed by MatNet to model multi-

species communities. Essentially, we model populations as aggregations of heterogeneous

individuals that have their own metabolism and interact spatially as well as temporarily ac-

cording to biologically relevant rules (e.g., movement, chemotaxis, and lysis). Furthermore,

by modeling such metabolic heterogeneity, we can generate novel hypothesis concerning

cross-feeding interactions within and between species. In particular, we applied BacArena

to model Pseudomonas aeruginosa biofilm formation on the level of metabolic phenotypes.

We could show how individuals are spatially arranged with different phenotypes according

to nutrient availability. Furthermore, we identified phenotypes whose fermentation products

contributed to growth of other biofilm members. In an application of a simplified human

gut consortium consisting of seven species, we found that spatial gradients of mucus glycans

are important to shape the community structure by forming a niche for glycan degrading
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bacteria. Additionally, short chain fatty acids were exchanged between the community mem-

bers and contributed to concentration levels which were similar to published experimental

values. These results underline the increasing relevance of multi-scale modeling tools such

as BacArena.

3.2 Methods

In principle, any genome-scale metabolic model in SBML or spreadsheet format can be

imported and manipulated via sybil [62] and then directly integrated in BacArena. A hands-

on tutorial for BacArena is available to illustrate specific use-cases and to get familiar with

the code (Supplementary Note S1).

3.2.1 Concept and basic implementation of BacArena

We combine flux balance analysis (FBA) with individual based modeling. Each metabolic

model belongs to an independent individual on a two-dimensional n × m grid environment

(Figure 3.1) and acts according to biologically relevant rules (Table 3.1).

Table 3.1: List of rules implemented in BacArena and their corresponding references obtained
from experimental studies.

Name Description Implementation Ref
Metabolism Computation of reactions speeds

(fluxes)
Flux balance analysis (FBA) [145]

Metabolism Computing fluxes while mini-
mizing enzyme usage

Parsimonious FBA [111]

Kinetics Defined metabolite uptake Michaelis-Menten kinetics [131]
Movement Movement of individual cells Random position change [1]
Chemotaxis Directed movement towards con-

centration gradient
Position change according to
concentrations

[1]

Lysis Cellular lysis after death Secretion of biomass compounds [132]
Growth Biomass increase of each organ-

ism
Exponential and linear biomass
increase

[136]

Death Death of each organism Organism death according to
biomass threshold

[136]

Diffusion Distribution of metabolites Diffusion by partial differential
equation

[184]
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Consequently, FBA is a complex rule defined for an individual to compute the flux through

all r biochemical reactions (flux vector v ∈ Rn) by optimization of an objective function cTv

(e.g., maximization of biomass yield). The corresponding linear programming problem can

be written as follows:

Maximize cTv

Subject to S · v = 0

l ≤ v ≤ u

where S ∈ Rm×n denotes the stoichiometric matrix (m number of metabolites in an individual)

and the vectors l and u represent the lower and upper bounds on n reactions respectively.

The lower bounds of the external metabolite exchange are constrained according to the

metabolite concentrations [Ci, j] ∈ R
m available at an individual’s position (i, j) on the grid.

All metabolites are initialized according to a initial concentration. Computed fluxes update

the concentrations in every time step. Concentrations could be used as flux constraints

because they represent the availability of the metabolites in the environment and therefore

represent the uptake limit. Alternatively, if kinetic parameters are defined by the user, the

lower bounds can be constrained according to Michaelis-Menten kinetics

l =
vmax · [Ci, j]

KM + [Ci, j]

where vmax represents the maximal uptake rate and KM the Michaelis-Menten constant,

which can be obtained from public databases [170] or experimental data. The lower bound

is constrained because exchange reactions are defined from the inside to the outside.

By default, FBA is used to calculate the metabolic fluxes given the metabolite concentra-

tions of the local grid cells. Since most metabolic models are undetermined by having more

reactions than metabolites, alternative optimal solutions (different flux distributions with the

same objective value) occur during the simulations. To deal with this issue, we devised sev-

eral alternatives to standard FBA calculations, which can be chosen by the user. For instance,

parsimonious FBA can be used to minimize the total flux through all reactions of a metabolic

model. In this case, the primary objective (e.g. biomass) is optimized first and afterwards

a secondary objective (total flux) is minimized using the first optimal objective value as a
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constraint. The second optimization acts as a proxy for minimal enzyme usage to simulate

a more realistic behavior of cells in the exponential growth phase [111]. Additionally, the

secondary objective can be chosen as a single reaction, which is picked randomly for each

individual in each optimization, while enforcing the same biomass objective, pre-computed

by FBA. The randomization of alternative optimal solutions can also be performed on the

level of exchange reactions exclusively to get a better representation of secreted and consumed

metabolites. The resulting flux distribution of the respective simulation strategy is then used

to calculate and update the secretion or uptake for each individual in each simulation step.

The linear programming problems can be solved using different solvers, such as GLPK [66],

CLP [31], CPLEX [89], and Gurobi [78].

Based on the resulting FBA solution for each individual, exchange fluxes are used to

update metabolite quantities [C] in each grid cell. Moreover, the biomass Bt accumulated by

an individual at time step t is updated according to an exponential growth model utilizing the

optimal biomass yield vbiomass computed by FBA with

Bt+1 = Bt · vbiomass + Bt

for each individual in each time step. The initial biomass (B0) is selected according to

the reported and experimentally determined median dry weight of one cell (Table 3.2). If

multiple individuals are inserted in the environment, then a normally distributed random

value is assigned to each individual, using the median and cell dry weight deviation (Table

3.2) as parameters for the normal distribution. When the total biomass of an individual

reaches a duplication threshold, a daughter cell is spawned and placed at a free position in

the Moore neighborhood (i.e. all surrounding grid positions in the direct neighborhood).

The duplication threshold was chosen according to the experimentally determined maximum

dry weight (Table 3.2), which represents the largest observed dry weight of one bacterial

cell. To restrict growth to physiological feasible conditions, the accumulation of biomass

is limited to 50% above the maximal cell weight. During optimization the upper bound

of the objective function is set accordingly. If the biomass of an individual falls below a

defined growth threshold, the corresponding individual dies (i.e. it is removed from the grid

cell). If lysis is enabled, the biomass components can diffuse to neighboring grind cells.
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The growth threshold was chosen according to the experimentally determined minimum dry

weight (Table 3.2), which represents the smallest observed dry weight of one bacterial cell.

Movement is implemented as a random walk of individuals using unoccupied grid posi-

tions in the Moore neighborhood. Different movement velocities can be imposed by setting

the number of grid positions to which an individual can move. Individuals can also perform

chemotaxis by moving towards a concentration gradient of a particular metabolite of interest.

Diffusion of the metabolite concentration [C] in the two-dimensional x, y environment is

implemented using Fick’s second law of diffusion which in two dimensions reads

∂[C]
∂t
= D ·

(
∂2[C]
∂x2 +

∂2[C]
∂y2

)
where D ∈ Rs is a vector of diffusion constants. Zero-gradient boundary conditions are set

to ensure mass conservation. The diffusion model is defined using the R package ReacTran

[179] and is solved by the integrator lsodes (R package deSolve [180]). Additional diffu-

sion functionalities, such as advection or different boundary conditions, are available and

additional ones can be implemented with ReacTran.

To analyze population heterogeneity in terms of the metabolic turn-over, we defined

metabolic phenotypes p by

p =


1, if vex > θ.

−1, if vex < −θ.

0, otherwise.

according to an adjustable threshold θ (default value is θ = 10−6) and considering the

exchange reaction flux vex of each individual. The metabolic phenotypes represent the

metabolic signature of all secreted and consumed metabolites for each individual. The

metabolic phenotypes track the metabolism of each individual during each simulation step

and thus indicate how each microbial cell changes the environment and interacts with other

species. In addition, BacArena provides a range of different data analysis techniques within

the R environment to investigate the emergence of complex phenotypes on the population

level (see reference manual in Text S2).
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Table 3.2: Default parameters of BacArena with references and the name of the variable set
for the respective function.

Description Function Value Unit Bionumber [134] Ref
Cell space occupa-
tion

Organism 4.42 µm2 105026 [156]

Maximal dry weight Organism 1.172 pg 106615 [117]
Minimal dry weight Organism 0.083 pg 106615 [117]
Biomass decrease Organism 0.210 pg - [117]
Median cell dry
weight

Organism 0.489 pg - [117]

Dryweight deviation Organism 0.132 pg - [117]
Oxygen diffusion
(aqueous)

Substance 20 · 10−6 cm2 s−1 104440 [184]

Glucose diffusion
(aqueous)

Substance 6.7 · 10−6 cm2 s−1 104089 [184]

Oxygen diffusion
(biofilm)

Substance 12 · 10−6 cm2 s−1 - [184]

Glucose diffusion
(biofilm)

Substance 1.675 · 10−6 cm2 s−1 - [184]

Glucose uptake Km setKinetics 0.01 mM - [69]
Glucose uptake
Vmax

setKinetics 7.56 mmolg−1h−1 - [69]

3.2.2 Parameters, units, and integration of experimental data

BacArena permits fine tuning of simulations through adjustment of parameters which are

incorporated in the different classes (Supplementary Figure B.1). The default parameters

of BacArena are taken from various experimental data sets (Table 3.2). Based on the user

defined length of the environment dimensions (in cm) and the number of grid cells, these

parameters are automatically adjusted to represent physically meaningful results. Given the

corresponding size of a grid cell (cm2) and the occupied space of the organism of interest

(µm2), the maximal number of individuals per grid cell is computed and the maximum

possible biomass per grid cell is calculated accordingly. Metabolite concentrations are

integrated by converting molar concentrations (in mM) into metabolite amounts per grid cell

based on the above defined geometry. Fluxes are calculated in f mol · (pgdryweight h)−1.
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3.2.3 Syntrophic two-species community model

Manual curated genome-scale metabolic models were retrieved for the hydrogen producing

bacterium Clostridium beijerinckii [107] and the methanogenic archaeon Methanosarcina

barkeri [67]. TheM.barkerimodelwasmodified to ensuremethane productionwith hydrogen

and carbon dioxide by blocking the uptake of acetate and only allowing unidirectional uptake

of hydrogen, hydrogen sulfide, and sulfur trioxide. The C. beijerinckii model was modified

to block the secretion of acetate in order to ensure hydrogen production. To model metabolic

exchanges between the microbes and compare the results of BacArena, we performed the

simulations with our method and COMETS [79]. For both methods, simulations were carried

out on a 100 times 100 grid environment for 24 hours. In both setups, a minimal medium

was added to the environment with 1 mmol of glucose per grid position, carbon dioxide,

and several co-factors (4 aminobenzoate, cobalt, nicotinic acid, water, protons, ammonium,

nickel, phosphate, sulfur trioxide, cysteine, and sulfate). To ensure the growth of M. barkeri

before C. beijerinckii produces a sufficient concentration of hydrogen, an initial amount of

10−10 mmol hydrogen was added to each grid position. The diffusion of metabolites was

calibrated to the standard diffusion of glucose (Table 3.2). For COMETS the diffusion was

executed one time per iteration to create a similar setting as in BacArena.

3.2.4 Pseudomonas aeruginosa single-species biofilm model

Biofilm formation of Pseudomonas aeruginosa was simulated using the genome-scale re-

construction iMO1056 [142] retrieved from [15]. The reconstruction was modified to enable

lactate fermentation (see Supplementary Note S1, Supplementary File S1). All growth pa-

rameters were set to default values (Table 3.2). The environment was initiated to represent

one individual per grid cell and 100× 100 grid cells, and therefore defining the spacial extent

by 0.025mm × 0.025mm. Simulations were repeated ten times. For the starting condition,

900 individuals (9% inoculation) were placed into the center of the environment. Minimal

medium, as described in [15], was used for each grid cell (Supplementary Table B.1). 50µM

of glucose were added and all other metabolites of the minimal medium were initialized with

a concentration of 100µM . Glucose uptake of each individual (i.e. P. aeruginosa metabolic

model) was constrained according to Michaelis-Menten kinetics based on published values
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(Table 3.2). All remaining exchange reactions were unconstrained. Metabolites were allowed

to diffuse freely with particular diffusion rates for gaseous and organic compounds in biofilms

(Table 3.2). The simulation was performed for 48 time steps totaling to a simulation time

of 2 days. The code and the model to reproduce the results of the simulations is provided

in Supplementary File S1, Supplementary File S2. To model the influence of nitrate as

additional electron acceptor, we used the results of the first 20 hours to resume the simulation

after adding 0.01mM of nitrate. All simulations were performed using pFBA to generate the

flux distributions of each individual.

3.2.5 Integrated multi-species model of the human gut

A model for the human gut was assembled using seven recently reconstructed genome-scale

metabolic models of human gut bacteria [183]. In this study, the models were manually

curated and checked using published experimental data. The bacterial species were selected

according to their relevance and abundance within the human gut microbiota to represent a

simplified human intestinal microbiota (SIHUMI) [11]. The following microbial reconstruc-

tions were used Anaerostipes caccae DSM 14662, Bacteroides thetaiotaomicron VPI-5482,

Blautia producta DSM 2950, Escherichia coli str. K-12 substr. MG1655, Clostridium

ramosum VPI 0427, DSM 1402, Lactobacillus plantarum subsp. plantarum ATCC 14917,

Bifidobacterium longum NCC2705, and Akkermansia muciniphila ATCC BAA-835. The

models used for the simulations are available on vmh.uni.lu as well as Supplementary File

S2.

Growth parameters and movement were set to the default values (Table 3.2) and the

environment was initialized with a 100×100 grid corresponding to a side length of 0.025mm.

Simulations were repeated five times, each time simulating 16h with time steps of 1h. In a

first condition, the intestinal lumen was initialized with 200 individuals of each species in

an environment which was devoid of mucin glycans. All remaining metabolites were set to

a concentration of 0.1µM except essential nutrients They were set to 1µM to ensure that all

bacteria were able to grow. The essential metabolites were determined using flux variability

analysis [122] on all unbounded exchange reactions for eachmetabolicmodel, while enforcing

a minimal biomass rate of 0.01h−1. The exact diet definition with the predicted essential
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metabolites can be found in Supplementary Table B.2. To investigate the importance of

spatial concentration gradients, we devised a second condition, in which mucus glycans

(1µM) were added as a linear gradient with decreasing concentrations from the bottom to

the middle of the environment. Metabolites were allowed to diffuse according to diffusion

rates for gaseous and organic compounds in aqueous solutions [184]. Mucin glycans were

not allowed to diffuse, since they are known to be tightly associated with the epithelium

in form of a mucous layer [177]. The code and the models to reproduce the results of the

simulations are provided in Supplementary File S3, Supplementary File S4. All simulations

were performed using pFBA to generate the flux distributions of each individual.

3.3 Results and discussion

With BacArena we provide a modular and extendable R package for modeling and analyzing

microbial communities (Supplementary Note S1 and S2). In BacArena each organism is

represented individually on a two-dimensional grid to model a spatial environment (Figure

3.1). Temporal dynamics are modeled by including time steps in which the state of each

individual and the environment is updated. In each time step metabolites diffuse in the

environment and can be exchanged between the individuals. Individuals can move to and

duplicate within the neighboring grid positions. The metabolism of each individual is

modeled by flux balance analysis on the underlying genome-scale metabolic model of the

particular species. Using the biomass as an objective for the FBA and the metabolite

concentrations in the corresponding grid position as constraints, the growth and metabolic

turn over is determined. Accordingly, the duplication rate is obtained from the growth rate and

the metabolite concentration is updated according to the secreted and consumed metabolites.

Since a FBA is computed for each individual, every microbial cell can be heterogeneous in

its metabolism and has therefore its own metabolic profile. These profiles are recorded as

metabolic phenotypes in BacArena and can be used to infer cross-feeding interactions.

3.3.1 Comparison to other methods

Established methods in community modeling can be roughly divided into two groups: Equa-

tion based, continuous methods modeling populations (e.g. COMETS, dOptCom) and rule-
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Figure 3.1: Schematic overview of BacArena. Microbial species are shown in different
colors. Fluxes of exchange reactions are indicated as uni-directional arrows, movement and
replication as bi-directional arrows.

based methods focusing on individuals (MatNet, BacArena) (Table 3.3).

BacArena extends the individual-based modeling approach of MatNet [15] to include

more features (Table 3.3) and simulation of up to hundreds species (Figure 3.2). The runtime

of BacArena simulations is linearly dependent on the number of individuals (Figure 3.2A) and

increases till an addition of about 50 species (Figure 3.2B). Afterwards the runtime remains

approximately stable because the diffusion of metabolites is computationally expensive and

if including more than 50 species only few new metabolites need to be added. BacArena

was developed to run efficiently even with large data sets due to R’s capacity to integrate

C++ code into time-consuming routines [48]. Additionally, computations can be executed in

parallel to accelerate runtime.

To illustrate the difference between continuous and rule-based population modeling ap-

proaches, we compared BacArena and COMETS [79] in the context of a two-species syn-

trophic community of the methanogenic archeumMethanosarcina barkeri and the hydrogen
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Table 3.3: Comparison of BacArena with other community modeling approaches involving
metabolic models.

Method Approach Time Kinetics Space Phen. Parallel GUI Species
BacArena FBA/ABM X X X X X > 2
MatNet[15] FBA/ABM X X X 1
COMETS[79] dFBA X X X X X > 2
dOptCom[224] Multi-obj. X X > 2
MCM[118] dFBA X X X > 2
DyMMM[221] dFBA X X 2

Figure 3.2: Runtime of BacArena in relation to the number of added individuals and species.
A Runtime based on an example draft metabolic model (Clostridium sp. SY8519 model
taken from [9]) with an increasing number of individuals added to an environment with a
dimension of 50 times 50 grid cells. B Runtime based on an increasing number of species
(301 draft metabolic models taken from [9]) added to an environment with a dimension of 50
times 50 grid cells and one simulation step. All simulations were run on a windows machine
with 32GB of RAM and a 3.5GHz processor with four physical cores.

producing bacterium Clostridium beijerinckii (Figure 3.3). The hydrogen produced by C.

beijerinckii is taken up as an electron donor by M. barkeri to reduce carbon dioxide to

methane, which is secreted into the environment. This is in concordance with experimen-

tal knowledge, showing the metabolic exchange between hydrogen producing bacteria and

methanogenic archaea [137]. Notably, COMETS and BacArena produce similar results in

terms of these predicted cross-feeding interactions and are therefore consistent. Based on
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the quantitative biomass production, both methods predict a smaller growth of M.barkeri

compared to C.beijerinckii, however, the biomass production is higher in COMETS com-

pared to BacArena. For the exponential phase of each simulation COMETS predicted a

doubling time of 0.5h, BacArena predicted 1.1h, and the experimentally measured value is

4.3h [133]. The reason for this difference can be attributed to the underlying growth model

of both methods. COMETS models colony growth as a 2D diffusion while BacArena models

individual cell behavior and replication which causes the population to grow slower in the

initial phase to reach a certain number of individuals. In BacArena populations consist of

heterogeneous individuals (bottom-up) which have their own characteristics, e.g. movement

and metabolic phenotypes. COMETS, on the other hand, is a top-down approach describing

colonies on the population level (Figure 3.3). Both approaches differ concerning the repre-

sentation of the spatial scale. In BacArena one individual is represented per grid position,

whereas COMETS represents a population of multiple cells per position. Both, BacArena

and COMETS, can predict heterogeneous growth rates according to spatial concentration

gradients. By focusing on individuals, BacArena can be used to model additional hetero-

geneity of cells by accounting for their history and by integration of further rules such as

cellular lysis. The explicit consideration of heterogeneous individuals has been regarded as

especially helpful for addressing the complexity of biological systems, because local species

interactions can represent biological systems more realistically [98, 68, 174]. In particular,

the heterogenic movement in BacArena can be relevant when modeling an aqueous or viscose

environment, such as the human gut, in which the movement is accelerated. Furthermore, by

combining individual-based modeling with FBA, BacArena can model the metabolic state

of each individual cell to investigate metabolic heterogeneity within a population of cells.

This metabolic heterogeneity is captured by our definition of metabolic phenotypes, whose

applicability and biological relevance we show in the next section on the basis of a biofilm

model of Pseudomonas aeruginosa.

3.3.2 P. aeruginosa single-species biofilm model

To demonstrate the applicability of BacArena to biofilm formation, we constructed a single

species biofilm model of P. aeruginosa. We used a glucose-minimal medium with oxygen
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Figure 3.3: Comparison between COMETS and BacArena based on a simple two-species
syntrophic community. The community is based on the published metabolic model for
the hydrogen producing Clostridium beijerinckii [107] and the methanogen Methanosarcina
barkeri [67]. Both simulations were carried out on a 100 times 100 grid environment. As
initial concentrations, 1 mmol of glucose, carbon dioxide, and several co-factors were added
per grid position. Grey cells in the phenotype plot of BacArena (lower half of the population
plot) represent metabolically inactive cells.

as electron acceptor to investigate the metabolic behavior of individual cells of the biofilm

community. We found spatial and temporal differences within the community which could

be attributed to distinct emergent metabolic phenotypes. The observed phenotypes (P1-P9)

were classified according to the usage or production of glucose, oxygen, acetate, succinate,

and CO2 (Figure 3.4C). The phenotypes occurred in all replicate simulations (n = 10) with

similar temporal dynamics (S2 Fig). Additionally, the phenotype appearance was stable with

respect to variations in initial glucose and oxygen levels (S3 Text). Finally, we validated the

growth model with experimental data [104] and correctly predicted a higher population size

under rich conditions compared to a minimal medium (Figure 3.4E).

In the beginning of the simulation, we observed only a glucose oxidation phenotype

(P3) that constituted the whole population (Figure 3.4A). After two hours the individuals
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Figure 3.4: Single species biofilm model of P. aeruginosa. A Spatial distribution of indi-
viduals and key metabolites at different time points (2 h, 10 h, 15.5 h, 16.5 h). Different
metabolic phenotypes are colored and represent community members with distinct produc-
tion and consumption of metabolites. A metabolic inactive core was formed after 16 h and
several fermentative phenotypes occurred in the outer layer of the biofilm (see subfigure
C for description of phenotypes). Glucose and oxygen were consumed and CO2, acetate,
succinate were produced. B Time curve of key Metabolites. Metabolites are given in mmol.
Oxygen was consumed in total and some glucose remained in the end. Acetate and succinate
levels increased after 15h. C Characterization of eight metabolic phenotypes (P1,P3-P9).
Only phenotypes which occurred consistently in all replicates were considered. Therefore,
P2 (growth with CO2 and acetate) and P10 (acetate and succinate production, glucose and
oxygen consumption without CO2 release) were not considered. In the table, a plus sign
‘+’ indicates production and a minus sign ‘-’ indicates consumption of metabolites. D The
growth curve of P. aeruginosa colored in black. Additionally, for all phenotypes (P1, P3-P9)
the growth curve is shown. To distinguish the different times when a certain phenotype did
occur, an integrated boxplot is given below. E Comparison of predicted doubling times with
experimental findings. Minimal medium and rich medium doubling times were shown.

got more metabolically diverse and a division of metabolic tasks and cooperation between

phenotypes occurred. Coupled with decreased oxygen levels in the center, a fermenting



62 CHAPTER 3. CHAPTER 3

phenotype (P4) appeared and the produced acetate was consumed by phenotype P5, which

appeared subsequently (Figure 3.4D). The core of the mature biofilm consisted mainly of

acetate producers (P4) and metabolically inactive cells that had zero flux through the biomass

reaction (P1). The next phase of biofilm formation was characterized by a highly dynamic

cooperation and competition between phenotypes. Succinate was released, in addition to

acetate, by a new phenotype P6. Fermenting phenotypes, P4 and P6, were most abundant

and therefore quantities of acetate and succinate began to rise (Figure 3.4A and 3.4D). The

newly available succinate was used again by the emerging phenotypes P7 and P8. The

production and consumption of different amounts of acetate and succinate under varying

oxygen conditions are due to difference in nutrient availability, as shown by independent

FBA simulations (see S3 Text). Experimentally it has been shown that P. aeruginosa cultures

are able to produce acetate, and succinate as fermentation products which also contribute

to biofilm survival [50]. Additionally, it has been reported that P. aeruginosa is able to use

succinate as a carbon source and that the addition of acetate or succinate increased the growth

rate [161, 178]. In addition to experimental findings, our simulation identifies fermenting (P4,

P6, P7) and absorbing phenotypes (P5, P7, P8) whose interactions contributes to community

stability. After about 16.5 hours of simulation, only very small concentrations of oxygen

remained and the mature biofilm could be divided into three layers: a metabolic inactive core

and two fermenting outer layers (Figure 3.4A and 4B). Both fermenting layers consisted of

acetate and succinate producers (P6, P9). First the outer fermenting layer was formed out

of phenotype P6 which grew towards the edges in which the glucose concentration was still

high. Afterwards the inner fermenting layer with phenotype P9 showed an additional fixation

of CO2 by the anaplerotic pyruvate carboxylase reaction. In this context it is known that

CO2 can exert both a positive or negative effect on growth of Pseudomonas [100, 65] and

thus carbon fixation could be possible (more detailed discussion in S3 Text). Our simulation

further suggests that CO2 fixation can have a positive effect on late phase biofilm survival.

Finally the inactive core increased in size and dominated the population after 20 hours

with cell death and population decrease. We found oxygen to be the limiting factor (Figure

3.4B and 3.4D). Concerning anaerobic physiology, it has been reported that P. aeruginosa can

grow in microaerobic and anoxic environments [169]. Anoxic growth has been shown either

with nitrate or nitrite as alternative electron acceptors [24], or via arginine [206] and pyruvate
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[50] fermentation by which the former allowed only minor growth and the latter supported

survival only [169]. We tested the influence of nitrate as alternative electron acceptor in an

additional simulation. When the population consisted mostly of metabolic inactive cells after

20 hours, 0.1mM nitrate was added. Shortly afterwards a new nitrate respiring phenotype

P11 replaced the former dominant, metabolic inactive phenotype P1. Therefore, the almost

dissolving biofilm culture could be reactivated by adding another terminal electron acceptor

instead of oxygen (S3 Fig, [18]).

BacArena demonstrates how emergent metabolic phenotypes could contribute to commu-

nity formation. We were able to make novel predictions on how these different phenotypes

could contribute to biofilm integrity within a spatio-temporal context. Recently, a role

of metabolic co-dependence between interior and peripheral cells for community stability,

resilience, and antibiotic resistance has been described forB. subtilis biofilms [116]. Our sim-

ulation shows that a similar metabolic cooperation could be possible in P. aeruginosa biofilms

between micro-aerobically fermenting and aerobic phenotypes. Novel treatments could try

to first eliminate the protective outer layer and then target the metabolic cross-feeding of the

inner layer to disrupt the overall biofilm structure, by targeting specific metabolic pathways

particular to the corresponding phenotypes.

3.3.3 Integrated multi-species model of a human gut community

We used BacArena to model the multi-species community of the human gut (Figure 3.5).

Since the human gut microbiota typically comprises 500-1000 species [47], we implemented

a simplified human intestinal microbiota (SIHUMI) of seven species that has previously been

characterized experimentally [11]. In a first condition (Figure 3.5A), we added all metabolites

which can be consumed by at least one species to the environment except mucus glycans.

E. coli dominated the community after the population reached a stable state at 16h (Figure

3.5B). This condition could correspond to a dysbiotic gut environmentwith intestinal bacterial

overgrowth, in which E. coli dominates the human gut flora [19]. Interestingly, by adding

a more realistic mucus glycan gradient to our model, we could revert the E. coli dominance

(Figure 3.5D) and a spatial differentiation of the community between gut lumen and mucus

layer emerged. The mucus layer was mostly dominated by B. thetaiotaomicron, which is
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well known to degrade glycans [102]. This result is in accordance with experimental data,

which showed the same niche separation between mucus degrading bacteria close to the gut

epithelial layer and other microbes in the lumen [46]. Moreover, this spatial differentiation is

indicative for a healthy gut microbiota since mucus degrading bacteria can occupy and defend

the space close to the epithelium and consequently out-compete intruding pathogens [32].

An impaired mucus secretion can lead to inflammatory bowel disease, where the epithelial

barrier is infiltrated by bacteria [189] which cause an inflammation of the gut wall. In this

context, our results support recent evidence suggesting that metabolite secretion by the host

may play a more important role in shaping the gut microbiome than the immune system itself

[168]. Our model therefore predicts that metabolic gradients are relevant in shaping the gut

community structure and ecology. This has some important implications in understanding

the mucus barrier and indicates that dietary or metabolic treatments might be more relevant

than immunosupressors in case of a disrupted mucosal microbiota.

Figure 3.5: Multi-species community of a minimal human intestinal microbiota (SIHUMI) in
rich medium. A Spatial population structure in the exponential phase after simulating 8 hours
under a uniformly distributed rich medium (all possible metabolites that can be taken up are
added to the environment), with B the growth curves of each species. C Spatial population
structure in the exponential phase after 8 hours simulation time under a uniformly distributed
rich medium with a spatial gradient of mucus glycans, with D the growth curves of each
species. The curve range shows the standard deviation of 10 replicate simulations.
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Next, we focused on the underlying metabolic mechanisms influencing the overall eco-

logical structure of our setup which includes the mucus glycans (Figure 3.5C). As expected

from human gut studies [56], we found the fermentation products succinate, acetate, lactate,

propionate, and butyrate (Figure 3.6B) to be produced and, in some cases, exchanged be-

tween the microbes (Figure 3.6C). As for propionate, butyrate, and acetate, we could compare

our predictions (Figure 3.6A) to the initial experimental study which describes the SIHUMI

microbiota and in vitro co-culture experiments [11]. We found that the metabolite concen-

tration ratios are comparable to experimental values with minimal higher butyrate and lower

propionate concentrations (Figure 3.6A). Since BacArena allows to assess the metabolic

phenotype of individual cells, we are able to derive hypotheses concerning cross-feeding

of fermentation products. In particular, succinate was the metabolite with the most diverse

metabolic exchange among the present metabolites (Figure 3.6C). This observation is in

concordance with experimental findings suggesting an importance of succinate cross-feeding

between human gut microbes [53]. In addition to succinate, acetate was also a key compo-

nent to cross-feeding interactions between the microbes of our simplified community (Figure

3.6C). Acetate was produced by all species, except B. longum (Figure 3.6B). This might

explain the experimentally observed high levels of acetate concentrations in the human large

intestine [35], likely resulting from an over-production of acetate compared to its consump-

tion. Furthermore, the relatively high concentration of acetate is also in concordance with

experimental studies on the SIHUMI model microbiota (Figure 3.6A). As expected, lactate

was mainly produced by the lactic acid bacteria B. longum and L. plantarum, and consumed

by B. producta, C. ramosum, and E.coli (Figure 3.6B). Butyrate was released by A. caccae

and E.coli and was not part of any cross-feeding interactions (Figure 3.6C). The remaining

butyrate could therefore be potentially absorbed by the host epithelium as a main metabolite

for energy conversion [12].
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Figure 3.6: Influence of mucus glycan gradients on community dynamics. A Comparison
of simulated metabolite concentrations with experimental values based on in vitro SIHUMI
co-cultures [11]. B Metabolite secretion rates of different microbes in our SIHUMI model,
determined by the overall metabolic secretion flux of the populations comprising all indi-
viduals. C Emerging metabolic interaction network of different fermentation products that
can be exchanged between the microbe population in our SIHUMI model. Nodes represent
species and edges represent exchanged metabolites, which are directed from the secreting
species to the consuming species. The secretion and uptake was determined by the overall
metabolic flux of the populations comprising all individuals.
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To investigate the impact of alternative optimal FBA solutions on the reproducibility of

our results, we randomized the selection of alternative optimal solutions and checked the

simulations against each other (S4 Fig). We found that growth curves did not change with

differing methods, which we expected since our simulated alternative optimal solutions have

the same objective value (in our case the growth rate). Despite somemetabolite concentrations

variations (S4 Fig), the general trend was consistent and thus we concluded our results to be

stable.

The predicted metabolite concentrations and cross-feeding interactions of our model

(Figure 3.6C) give novel insights into how the simultaneous exchange ofmultiple fermentation

products is relevant in shaping the human gut microbiota.

3.3.4 Conclusion

Following the systems biology paradigm, we presented a novel approach to study cellular

communities. BacArena enables the analysis of interaction dynamics on the level of indi-

viduals and can therefore contribute to current efforts to move from correlative to functional

explanations.

In context of a single-species biofilm of P. aeruginosa, we could show how a dynamic

series of locally interacting metabolic phenotypes contributed to the emergence of an overall

biofilm structure. We found that within species metabolic heterogeneity is an important

contributor to community dynamics. The spatial differentiation in biofilms has been shown

to have important implication in biofilm stability and integrity since the outer layer can act as

protective barrier and the inner core can serve as a seed to initiate a new biofilm by supplying

metabolites after antibiotic treatment [116, 185].

Additionally, we used BacArena to study the dynamics of gut microbes interacting within

the epithelial mucus layer, which has important implications in inflammatory bowel dis-

ease [189]. As multi-scale modeling approaches become more relevant in studying the gut

microbiome [90], BacArena provides an important contribution since it allows explore the

relevance of metabolic interactions in the dynamics of such communities.
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Chapter 4

From metagenomic data to personalized

in silico microbiotas: Predicting dietary

supplements for Crohn’s disease

Manuscript in prepartion

Abstract

Crohn’s disease (CD) is associated with an ecological imbalance of the intestinal microbiota,

consisting of hundreds of species. The underlying complexity aswell as individual differences

between patients contributes to the difficulty to define a standardized treatment. Computa-

tional modeling can systematically investigate metabolic interactions between gut microbes

to unravel novel mechanistic insights. In this study, we integrated metagenomic data of CD

patients and healthy controls with genome-scale metabolic models into personalized in silico

microbiotas. We predicted short chain fatty acid (SFCA) levels for patients and controls,

which were overall congruent with experimental findings. As an emergent property, low

concentrations of SCFAwere predicted for CD patients and the SCFA signatures were unique

to each patient. Consequently, we suggest personalized dietary treatments that could improve

each patient’s SCFA levels. The underlying modeling approach could aid clinical practice to

find novel dietary treatment and guide recovery by rationally proposing food aliments.

69
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4.1 Introduction

The human gut microbiota is composed of thousand different bacterial species with a large

functional diversity that surpasses the human genome in terms of the collective gene pool

[158]. Health promoting functions of the gut microbiota include the breakdown of otherwise

indigestible dietary fibers and production of short chain fatty acids (SCFA) utilized by the

human host [39].

Various human diseases, including inflammatory bowel disease (IBD), are associated

with a loss of functional and taxonomic diversity of the gut microbiota [158]. The main

symptom of IBD is inflammation of the gut epithelium [99]. Depending on the site of

inflammation, IBD is distinguished in ulcerative colitis, which primarily affects the colon,

andCrohn’s disease (CD), inwhich different sites can be affected. Non-invasive treatments for

CD include the intake of antibiotics [155] and steroid therapies, which suppress the immune

system [203]. In addition, dietary change with a defined formula is used to ease the symptoms

of the disease [210]. However, the success of these diet formulas varies between patients [73].

Additionally, after remission, patients have difficulties in finding an appropriate diet and often

experience relapse. Considering the metabolic relevance of the human gut microbiota, it has

been suggested that the dietary formula effects and reshapes the microbiota [93]. Overall,

the microbial diversity is decreased in CD patients. A shortage of SCFAs [87] coincides

with a decreased abundance of fermenting Firmicutes bacteria [124]. Microbial SCFAs have

been recognized as important modulators of the immune system and as a nutrition source

[75]. Butyrate, for example, is taken up as an additional energy source by the host [42],

contributes to epithelial barrier integrity [152], and stimulates the immune system [59]. CD

patients suffer from a low butyrate concentration [37], but its dietary supplementation can

revert many of the IBD symptoms [164], highlighting the relevance of this particular SCFA

in CD.

Given that the human gut microbiota is a complex microbial community with many dif-

ferent microbes that have varying metabolic potentials and substrate affinities [9], it becomes

difficult to track the manifold ecological interactions that differ between CD patients and

healthy individuals. Meta-omics approaches are generally used to characterize the micro-

biota and its metabolic potential [222]. However, these top-down approaches do not provide
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mechanistic insights on the resilience of themicrobiota and how perturbations, such as dietary

treatments, may affect the system as a whole.

Bottom-up systems biology approaches can mechanistically describe biological systems

and make biologically relevant predictions. In particular, constraint-based reconstruction and

analysis (COBRA) has been successfully applied to model the metabolism of different species

and make predictions on how perturbations affect the metabolic phenotype [145]. Briefly,

genome-scale metabolic reconstructions are represented by the complete set of biochemical

reactions derived from a genome annotation and organism-specific literature in a stoichiomet-

ric accurate manner [192]. Such high-quality manually-curated metabolic reconstructions are

available for organisms from all three domains of life, such as E. coli [143], yeast [140], and

human (e.g., [193]). Through the application of specific constraints (e.g., nutrient availabil-

ity), the metabolic reconstructions can be converted into condition-specific models, which

predict the reaction flux rates and growth yield under a given objective that is optimized

using flux balance analysis (FBA) [145]. In a recent publication [10], we combined FBA

with agent based modeling to simulate the ecology of microbial communities through the

BacArena framework. Based on dietary metabolites in the environment, the metabolic mod-

els are constrained to simulate the metabolic states of each species, optimizing their growth

yield. Metabolic interactions emerge from the exchange of metabolites between species and

the environment. These interactions can influence the metabolite concentration and the mi-

crobial community by inducing cross-feeding or resource competition. Such COBRA-based

approaches provide a powerful mean to investigate mechanistic links in complex biological

systems, such as the human gut microbiota.

A recent study on pediatric CD sequenced the metagenomes of a North American cohort

consisting of 26 healthy controls and 85 patients newly diagnosed with CD [110]. In their

study, the authors could distinguish two clusters of patients: A cluster of 57 patients, which

had a microbiota composition similar to the healthy controls, and a cluster of 28 patients that

had a distinguished dysbiotic microbiota. Compared to controls, these dysbiotic patients had

a strongly differing functional and microbial abundance profile.

Here, we retrieved the original metagenomic data of the 26 healthy controls and 28

dysbiotic patients [110] to simulate personalized in silico microbiotas with BacArena. We

demonstrate that the simulated metabolic differences between patients and controls are con-
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gruent with experimental findings. We further show that predicted individual specific SCFA

signatures are unique to each patient. Based on these results, we then predict personalized di-

etary treatments that would improve the SCFA concentrations of each patient. With this work,

we demonstrate the added value of performing computational modeling in conjunction with

high-throughput data of individual microbiotas to predict mechanism-based personalized

dietary intervention strategies for CD patients.

4.2 Methods

4.2.1 Retrieval of metagenomic data and pre-processing

Paired-end Illumina raw reads of a study on early onset Crohn’s disease (CD) patients and

healthy controls of a North American cohort [110] were retrieved from NCBI SRA under the

accession: SRP057027. Based on the studies’ definition of healthy and dysbiotic individual

microbiotas [110], the samples were selected to a smaller subset of 26 healthy controls

and 28 CD patients to capture the most pronounced differences in the individual microbial

communities. The selected patients showed pronounced differences in their functional and

microbial profile in the original study [110]. Furthermore, only the first measured time point

was selected to represent newly diagnosed and yet untreated microbiotas. The reads were

quality trimmed using Trimmomatic [17] with default parameters for paired-end Illumina

sequences. To remove human contaminant sequences, the reads which were still paired after

the quality control were mapped with default parameters using the software BWA [113]

to the human genome version 38 (http://www.ncbi.nlm.nih.gov/projects/genome/

assembly/grc/).

4.2.2 Metagenomic mapping and abundance estimation

Using BWA [113], the pre-processed reads were mapped with default parameters onto a

reference set of 773 genomes, which were selected according to a previous study [183] (see

also below). Before mapping, the reference genomes of these organisms were combined into

one file where each genome is represented as a chromosome. To filter out cross-mapped

reads (reads mapped to multiple positions), samtools [114] was used to discard mapped reads

http://www.ncbi.nlm.nih.gov/projects/genome/assembly/grc/
http://www.ncbi.nlm.nih.gov/projects/genome/assembly/grc/
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with a low-quality score. The coverage per genome (number of mapped reads normalized

by genome size) was calculated using samtools. To reduce the number of false positives, we

set a threshold of at least 1% genome coverage for each microbe in each human individual.

In accordance to another pipeline [96], the resulting coverages were normalized for each

individual to obtain the relative microbe abundances.

4.2.3 Microbial metabolic reconstructions

We retrieved published gut microbial metabolic reconstruction [183] from http://vmh.

life. These microbes have been chosen according to their prevalence in the human gut

and the availability of a genome sequences, and they have been extensively curated based on

available physiological and biochemical data [183]. In average, a microbial reconstruction

consisted of 933 +/- 139 metabolites, 1,198 +/- 241 reactions, and 771 +/- 262 genes.

4.2.4 Analysis of mapped abundance and reaction differences

Themappedmicrobial abundances for each individual were compared by computing theBray-

Curtis similarity and subsequent visualization with principal coordinate analysis (PCoA)

using the R package vegan [41]. The unique reaction set of personalized in silico microbiota

was determined by taking the union of all present microbe reactions. These reactions were

retrieved from the corresponding metabolic models [183] of each microbe. PCoA was

performed on the metabolic distance between each individual’s reaction set similar to [183].

4.2.5 Setup, integration, and simulation of the personalized microbiota

models

In the previous steps, the microbial abundance information for each individual was deter-

mined. The next step is to integrate this information into a personalized in silico microbiota

for each person. Therefore, we used a previously established R package for community mod-

eling [10], which represents bacteria as individuals in a grid environment that can exchange

metabolites by secretion and uptake. Multiple species can be integrated into the environment

with varying number of individuals per species. The dimensions of the two-dimensional

http://vmh.life
http://vmh.life
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quadratic environment was set 0.025cm2 with 100 grid cells per side length. This resulted

in 10,000 grid cells that could be potentially occupied by the microbes. To allow space for

the in silico microbial community to grow, only 500 microbes were initially added to the

grid environment. The relative microbial abundances were used to determine the number

of microbes to be added per species (e.g., if one species has a relative abundance of 0.01, 5

microbes were added for this species on the entire grid). In case the calculated number of

microbes resulted in decimal places, we rounded the final number to the next highest integer.

All possible metabolites (union of metabolites that can be taken up by each microbe) were

added to the environment with a minimal concentration of 0.2µM to provide a rich medium

that is consistent between individuals. Therefore, metabolite concentrations that emerge from

the simulations can be specifically attributed to the microbiota of each individual.

Once the in silico microbiota for each CD patient and healthy control have been setup in

BacArena, the growth of each microbial model in the microbiota was sequentially for each

time step. A total of 24 time steps were simulated, one per hour, corresponding to an overall

simulation time of 24 hours. At each time step, the medium composition of each grid cell

was updated as a function of the metabolites that were taken up or secreted by the occupying

microbes. When a certain growth rate of a microbe occupying a grid cell was reached, a

neighboring free grid cell could be occupied by the microbe. If no neighboring grid cell was

available, then cells do not duplicate. To reduce the complexity of the model, we simulated

a well-mixed environment in which metabolite concentrations are uniformly distributed and

microbes move randomly.

The R package sybil [62] was used for constraint based modeling. ILOG CPLEX was

used as a linear programming solver. The computations were carried out on high performance

computer clusters.

4.2.6 Analysis of simulation results

After the simulation, each personalized in silico microbiota was primarily analyzed in terms

of the microbe abundance and metabolite concentrations. Since the simulations include

temporal dynamics with different time points, we chose the last time point (24h) for our anal-

ysis and comparison between individuals. This allowed the in silico microbial communities
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enough time to consume and produce metabolites, and to reach a steady state. The microbial

abundances were determined by assessing the number of microbes in each personalized in

silico microbiota. The vector of microbial abundances was then compared by computing

the Bray-Curtis similarity and subsequently visualized with PCoA. Abundances of specific

taxa were calculated by summing up the relative abundances of each corresponding repre-

sentative. The abundances of the most differing taxa were tested for significant differences

between healthy controls and CD patients with the Wilcoxon rank-sum test [208].

Metabolite concentrations were determined by their molar concentration in the environ-

ment at the end of the simulation (t=24h). The concentration of the most relevant metabolites,

butyrate, propionate, isobutyrate, L-lactate, and acetate, were assessed and tested for signifi-

cant differences between the personalized in silico microbiotas of healthy controls and of CD

patients using theWilcoxon rank-sum test. To investigate the influence of each microbial taxa

on the metabolite concentrations, we further evaluated the metabolic fluxes of each microbe

in the personalized in silico microbiota. For each taxa, the reaction fluxes in all corresponding

microbes were summed up.

4.2.7 Definition of personalized dietary treatments

After identifying the metabolic signatures influencing CD and the corresponding microbes

causing these differences between healthy controls and CD patients, we predicted metabolites

that could revert these differences. Therefore, we analyzed each genome-scale microbial

metabolic model separately.

According to their presence in each personalized in silico microbiota, the set of microbes

was selectively analyzed for every individual. Each personalized in silicomicrobiota was then

simulated in a rich medium containing all possible metabolite with flux uptake constraints of

1mmolgDW−1h−1 and the biomass as well as the production of SCFAs (butyrate, propionate,

isobutyrate, L-lactate, acetate) were optimized for separately. To enhance the growth of bene-

ficial bacteria, we selected metabolites based on the ability of the CD low abundant microbes

(e.g., Clostridia, Bacteroides) to uptake these nutrients over the CD high abundant microbes

(e.g., Gammaproteobacteria, Bacilli). We then added the selected metabolites iteratively

to the in silico medium with a maximal flux uptake constraint of 1000mmolgDW−1h−1 to
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investigate whether the fermentation products increased or decreased. Based on these simu-

lations, the added metabolites which had a positive effect (recovering metabolite production

to healthy levels) were then collected and used as the personalized dietary treatment for each

individual.

We tested the effect of the treatment on the personalized in silico microbiota of CD

patients by adding a 100 times higher concentration of the predicted treatment metabolites

to the in silico rich diet containing 0.2µM for each metabolite. The personalized in silico

microbiota simulations and analyses were then carried out as described above.

4.2.8 Quantification and statistical analysis

Differences between healthy controls and CD patients were assessed with the Wilcoxon rank-

sum test implemented in R. For the healthy controls our group size was 26 individuals and

for the CD group 28 individuals.

4.2.9 Data and software availability

The scripts to construct and simulate the individual specific microbiota models as well as the

analysis scripts are available on GitHub: https://github.com/euba/CodeBase.

4.3 Results

The aim of the present study was to predict in silico novel personalized dietary treatments for

CD and investigate individual differences. We simulated personalized in silico microbiotas

consisting of hundreds microbial metabolic models as defined by published metagenomic

data of healthy controls and CD patients [110] using a novel computational modeling ap-

proach [10] in which we combined FBA with agent based modeling to simulate the ecology

of microbial communities through the BacArena framework. Based on dietary metabolites

in the environment, the metabolic models are constrained to simulate the metabolic states

of each species, optimizing their growth yield. Metabolic interactions emerge from the ex-

change of metabolites between species and the environment. These interactions can be used

to gain further insight into metabolic differences that may contribute to CD and to propose

https://github.com/euba/CodeBase


4.3. RESULTS 77

modeling-assisted dietary intervention strategies for CD patients (Figure 4.1). We describe

differences between healthy controls and CD patients based on SCFAs as well as microbial

abundances, which we validated with existing experimental knowledge. Individual differ-

ences within patients and controls were assessed to find the SCFA signature specific to each

individual microbiota. Based on the individual microbiotas, personalized dietary treatments,

such as supplementation of pectin and different glycans, were predicted to equilibrate the

SCFA concentrations and promote healthier SCFA concentrations. Taken together, our work

demonstrates the use of computational modeling to integrate existing high-throughput data

of individual microbiotas and mechanistically predict novel personalized dietary treatments

for CD.

Figure 4.1: Computational framework used to create personalized metabolic models of
gut microbial communities. Published metagenomic data were integrated into an in silico
microbiota model for each CD patient and healthy control to simulate emergent metabolite
concentrations.
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4.3.1 Microbial differences between healthy controls and CD patients

We ensured that our computational workflow (Figure 4.1) would not alter the reported

microbial differences between healthy controls and of dysbiotic CD patients [110]. The

workflow mapped the published metagenomic data of healthy controls and CD patients onto

the genome sequences of the 773 gut microbial strains, for which metabolic reconstructions

were available [183]. In average, 283 +/- 240 of the 773 microbial strains were covered in the

personalized in silico microbiota (Supplementary Figure C.1). Notably, the smallest in silico

microbiota contained only eight microbes, while the biggest had 713 of the 773 microbial

strains. There were seven out of 54 in silico microbiotas that had less than 40 of the 773

microbes. While CD patients had generally less microbes, there were also some healthy

controls with less than 40 microbes and some CD patients with more than 600 microbes

(Supplementary Figure C.1). Overall, the personalized in silico microbiota captured 73.5

+/- 16% of the relative microbial abundance from the original metagenomic reads. We

could observe a clear separation of the healthy controls and CD patients when assessing the

microbial differences based on microbial abundances captured by the in silico microbiota

(Figure 4.2A), which was independent on the used similarity metrics (Supplementary Figure

C.2). The most pronounced differences between the healthy and the CD individuals were due

to significantly higher abundance of Bacilli and Gammaproteobacteria (p<0.05, Wilcoxon

rank-sum test) and significantly lower abundance of Bacteroidia and Clostridia (p<0.001,

Wilcoxon rank-sum test) in CD patients (Figure 4.2D).

We then simulated the personalized in silico microbiota, which were inoculated with 500

microbes on a grid with 10,000 cells for 24 hours in the BacArena framework and analyzed

whether the microbial abundances changed compared to the initial (metagenomic data driven)

abundances. At the end of the simulation, the grid was populated by an average of 5902

+/- 1743 microbes corresponding to an average grid occupation of 59 +/- 17%. Overall,

the simulated abundances recapitulate the initial microbial differences, demonstrating that

the in silico microbiotas were stable over time in BacArena (Figure 4.2B). However, the

abundance ratios of four out of 28 genera were consistently higher in CD patients based on

the simulated abundance, but lower based on the mapped data (Figure 4.3A). In contrast, the

mapped abundance data showed good agreement with the abundances reported in the original



4.3. RESULTS 79

Figure 4.2: Metabolic and microbial group variability between healthy controls and Crohn’s
disease patients. Similarities were assessed based on a principle coordinate analysis (PCoA)
of the reaction content with Jaccard distance (A), mapped abundance with Bray Curtis
dissimilarity (B), and simulated abundances with Bray Curtis dissimilarity (C). Based on the
simulation, relative abundances (D) and metabolite concentrations of fermentation products
(E) were compared (p-value determined by Wilcoxon rank-sum test). Microbial metabolic
activities were displayed as the total population flux (F).

study (Figure 4.3A, Supplementary Figure C.3). This discrepancy can be explained by the

CD patients having a lower diversity of microbes, which led to a higher predicted abundance

for the present genera.

Taken together, our workflow recapitulates the reported microbial differences between

controls and CD patients [110]. Furthermore, the simulation results of the personalized in

silico microbiota in BacArena illustrate that these microbes can also co-exist, in a similar

relative abundance, as stable microbial communities in silico.
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4.3.2 Emergent metabolic differences between healthy controls and CD

patients

We investigated whether the difference in microbial abundance in the personalized in silico

microbiota also corresponded to differences in metabolic repertoires. That is: Are there

microbes in some of the personalized in silico microbiota that are unique and may help to

distinguish healthy and CD microbiota? In average, each personalized in silico microbiota

consisted of 3,332,957 +/- 285,848 metabolic reactions belonging to 3,036 +/- 424 unique

metabolic reactions. The presence and absence pattern of the unique reactions in the in silico

microbiota varied between individuals as well as between the two groups (Figure 4.2C).

Interestingly, based on the reaction content, the first two principal components explained

almost 80% of the variation in the data (Figure 4.2C), and were mainly driven by the presence

of transport reactions for fibers (Supplementary Table C.1). The observed reaction based

separation is consistent with the aforementioned differences in microbial classes (Figure

4.2D) and the distinct fiber metabolizing properties of Bacteroides.

SCFAs are important energy precursors and interact with the human immune system [59].

We analyzed the secretion of SCFAs after 24 hours by each personalized in silico microbiota,

consisting of a myriad microbial models that can individually consume and secrete the

SCFAs, to establish whether known microbiota-level differences in SCFA production could

be reproduced by our computational modeling approach. The SCFAs butyrate, propionate,

isobutyrate, and acetate were significantly lower in CD patients (p<0.05, Wilcoxon rank-sum

test, Figure 4.2E). Only L-lactate levels were slightly higher in CD patients. To check for

the validity of the simulated metabolite concentrations, we compared our results with an

independent experimental study [86]. The qualitative difference between CD patients and

healthy controls were consistent with our simulations (Figure 4.3B). However, the predicted

concentrations of butyrate and propionate were three times higher in controls than in CD

patients (Figure 4.3B), which is much higher than the reported difference, probably due to

the absence of the host cells in our model setup that can take up butyrate and propionate

produced by the microbiota [38]. Overall, our results confirm that the personalized in silico

microbiotas also recapitulate known differences in SCFA production levels in healthy and CD

individuals. An advantage of using computational modeling is that we can determine which
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microbes, or microbial classes, in the in silico microbiota caused the predicted differences

in SCFA production. Therefore, we analyzed the summed uptake and secretion fluxes of

each microbial class in the personalized in silico microbiota. We found that Clostridia were

responsible for the production of 50% of the total butyrate, Bacteroidia produced almost

100% of the total propionate and about 10% of the total isobutyrate, Bacilli produced small

quantities (<5% of the total concentration) of L-lactate, and Gammaproteobacteria produced

almost 50% of the total acetate (Figure 4.2F). Notably, in healthy controls, acetate was taken

up by Clostridia illustrating a cross-feeding mechanism between Gammaproteobacteria and

Clostridia. These results demonstrated how changes in representatives of the main microbial

classes can result in differences in SCFA production capabilities that differ significantly

between healthy controls and CD patients.

Figure 4.3: Qualitative comparison of simulation results with experimental values. Exper-
imental relative abundances of microbial genera (A) were retrieved from the original study
[110] and compared with the abundances based on the mapped reads and simulations (t=24h).
(B) Metabolite concentrations were retrieved from an independent experimental study [86]
and compared with the simulations (t=24h) based on the mean concentration ratios of healthy
controls and CD patients.
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4.3.3 SCFA production profiles are patient-specific

The original metagenomic study [110] reported the most distinct microbial differences be-

tween the healthy controls and the CD patients but also variability within the groups. Accord-

ingly, the simulated relative microbial abundance also varied between the individuals (Figure

4.4, left). We next investigated how much the predicted SFCA production capability varied

between CD patients. Two (CD10, CD11) out of 28 CD patients had butyrate levels that

were comparable to the mean of healthy controls (mean concentration of 7.5 and 25.8mM for

CD and controls respectively). This could be explained by the higher metabolic activity of

Clostridia species in these patients (Figure 4.4, right). In three cases (CD2, CD4, CD22), the

concentration of isobutyrate was higher in CD patients (Figure 4.4) compared to the mean

concentration in healthy controls (mean concentration of 4.9 and 7.1mM for CD and controls

respectively). Two of these patients (CD2, CD22) also had propionate levels comparable

to the mean of healthy controls (mean concentration of 25 and 87.9mM for CD and con-

trols respectively), which is congruent with the high metabolic activity of isobutyrate and

propionate producing Bacteroides species (Figure 4.4, right). Twelve out of the 28 patients

showed increased L-lactate concentrations (mean concentration of 0.7 and 0.3mM for CD

and controls respectively), which can be attributed to the metabolic activity of Bacilli and

other taxa (Figure 4.4). This is also congruent with the observation, that CD patients had

an overall higher L-lactate concentration (Figure 4.2E). Five patients (CD11, CD16, CD17,

CD19, and CD25) showed acetate levels that were comparable to the mean of healthy controls

(mean concentration of 21.1 and 32.2mM for CD and controls respectively). This can be

mostly attributed to the metabolic activity of Bacilli and Gammaproteobacteria (Figure 4.4,

right). Overall, these results indicated that every patient has a specific signature of SCFAs,

in which some metabolites have levels comparable to healthy controls. This observation can

be explained by the metabolic activity of the present microbiota, indicating that metabolic

stimulation of the native CDmicrobiota may be able to revert some of the differences between

CD and healthy controls.
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Figure 4.4: Individual variability between CD patients and healthy controls. The presence of
different microbes is indicated by a gray color and the relative abundance by a blue color scale.
Microbial taxa are based on the class level. Predicted metabolite concentrations are based on
simulations. The microbial contribution to the concentrations are based on metabolic fluxes.

4.3.4 Personalized dietary intervention strategies to normalize SCFA

production capabilities of the personalized in silico microbiota

Defined dietary regimes are one possible treatment strategy for CD patients [210]. However,

the success of this treatment varies between CD patients [38]. As butyrate is often low

in CD patients and its dietary supplementation has been reported to ease gastrointestinal

symptoms of CD patients [164], we investigated whether we could design personalized

dietary interventions that would restore the SCFA production to levels commonly reported in

healthy individuals. We approached this problem by predicting first whether increasing each

dietary compound, present in the in silico rich diet, could individually lead to a more healthy

level of each of the five SCFAs in any microbial model present in a given CD patient in silico

microbiota (Figure 4.5A). Interestingly, the number of the predicted dietary metabolites to be

supplemented was highly specific for each patient and ranged between 1 and 55 metabolites

(median of 19 metabolites) (Figure 4.5B). For four out of the 28 CD patients, our described

prediction approach did not identify any metabolites that could normalize the production of
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any SCFA. These four patients had a higher abundance of Gammaproteobacteria and Bacilli,

while major SCFA producers, belonging mostly to Bacteroidetes and Clostridia were largely

absent. For the remaining 24 CD patients, the most prominent category of the predicted

metabolites were mucus glycans and glycosaminoglycans (Figure 4.5B). In particular, pectin

supplementation was predicted to be a good dietary metabolite for 17 out of 24 CD patients

(Supplementary Figure C.4). Other prevalent metabolites included various specific human

produced mucus glycans and hepan/hyaluronan proteoglycan degradation products as well as

plant-derived larch arabinogalactan, lavanbiose, and amylose.

We then added all of these identified metabolites to each of the personalized in silico

microbiota to ensure that the community could also produce healthier SCFA levels. Each

personalized in silicomicrobiota was simulated for 24 hours in the personalized supplemented

diets. The success of the in silico dietary interventions varied between the patients (Figure

4.5C). Overall, the most successful individual metabolite level restoration was obtained

for butyrate, propionate, and acetate, whereas the in silico treatment was less successful for

isobutyrate and L-lactate (Figure 4.5C). Overall, the SCFA concentration differences between

CD patients and healthy controls (Figure 4.5D) were also improved with respect to butyrate,

propionate, and acetate, whereas isobutyrate and L-lactate did not show improved levels

compared to the untreated concentrations (Figure 4.5D). The in silico treatments had only

small effects on the relative species abundances in the personalized in silico microbiotas as

they were not able to restore a more healthy ratio of microbial species (Figure 4.5E) due to

the dysbiotic patients lacking the relevant microbes found in healthy individuals. Therefore,

our results showed quantitatively improved levels of SCFAs on the individual patient level as

well as on the differences between patients and healthy controls. To re-establish a healthier

microbiota composition, we would need to account for food-borne microbes or probiotics in

addition to the dietary treatment.

4.4 Discussion

We created personalized in silico microbiota of healthy controls and CD patients by inte-

grating metagenomic data into a bottom-up systems biology framework (Figure 4.1). Recent

approaches have successfully integrated metagenomic data to model the ecological dynamics
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Figure 4.5: Individual treatment prediction for each CD patient. For the prediction of treat-
ment metabolites (A), single metabolic models of microbes for each patient were optimized
for the production of the target metabolites with iterative dietary additions. Panel (B) shows
broader categories of the predicted metabolites and (C) shows the response (metabolite in-
crease of 25%) of each patient in purple. Panel (D) and (E) show the relative abundance and
metabolite concentrations.

of the human gut microbiota [8] but lack the metabolic aspect, which plays an important role

for human health and disease [197]. Therefore, the added benefit of our modeling approach is

that we combine metabolism and ecology to investigate the metabolic activity of the human

gut microbiota.

To find strong differences between CD patients and healthy controls, we selected data

of dysbiotic patients that were defined by their microbial distance to healthy controls [110].
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Expectedly, we could reproduce the microbial differences originally reported in the study

(Figure 4.2A). Moreover, our reference based assessment was consistent with the reference

independent analysis in the original study (Figure 4.3A), which further demonstrates that the

set of 773 AGORA microbes capture the most common human gut microbes [183]. When

comparing the abundance of specific genera (Figure 4.3A), the community simulations pre-

dict differing ratios for four out of 28 genera, which indicates a minor variability in the

simulations that did not affect the overall differences (Figure 4.2B). The main microbial dif-

ferences between CD patients and healthy controls can be attributed to a decreased abundance

of Bacteroidia and Clostridia as well as an increased abundance of Bacilli and Gammapro-

teobacteria in CD patients (Figure 4.2D), which was in accordance with an independent

experimental study [92] and characteristic for a dysbiotic microbiota. Our results therefore

capture strongly dysbiotic CD microbiotas, which is, however, only one specific case of CD

[110]. This approach allows us to address fundamental questions in CD dysbiosis and to

mechanistically describe how the microbiota can shape metabolite concentrations, which is

less understood so far.

The simulated SCFA concentrations represent emergent properties of our models that

could not be achieved by the metagenomic data alone. Therefore, we could simulate clinical

relevant metabolite concentrations, known to be differentially regulated in CD [86]. Inter-

estingly, we could see differences in SCFA levels between healthy controls and CD patients

(Figure 4.2E). In particular, higher concentrations of acetate, propionate, butyrate, and isobu-

tyrate as well as a lower concentration of L-Lactate in controls (Figure 4.2E). We could also

validate these qualitative differences with experimental literature [86] (Figure 4.3B). Based

on the quantitative ratios between controls and patients, butyrate and propionate were higher

in our simulations than in experiments (Figure 4.3B). This apparent discrepancy could be

explained by the uptake of butyrate and propionate by the host [38], which we did not in-

clude and is therefore a limitation of our current modeling set up. SCFAs, in general, have

been associated with healthy gut functions, such as energy conversion of the host as well

as immune stimulation [75]. Butyrate, in particular, mediates the immune system [59] and

influences the tight junctions between epithelial cells [152]. Moreover, butyrate, as well as

propionate, are carbon sources for colonocytes [162, 29]. Taken together, the added value of

our modeling approach is that we can predict these qualitative changes in SCFA levels, which
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we can attribute to specific microbial metabolic activity.

We identified which microbes are responsible for the production of the SCFA (Figure

4.2F). Clostridia produced mainly butyrate, explaining its lower concentration in CD patients

(Figure 4.2E), who had generally lower Clostridia abundances (Figure 4.2D). The Clostridia

Faecalibacterium and Roseburia are known to be the main butyrate producers [120]. In-

terestingly, these two Clostridia were decreased in abundance in CD patients (Figure 4.3B).

We identified novel metabolic interaction patterns, such as the consumption of acetate by

Clostridia (Figure 4.2F). In vitro experiments have demonstrated cross-feeding interactions

between Clostridia and Bifidobacterium species [12]. Based on our simulation, we suggest

that these interactions take also place in an ecologically complex microbiota and that they

are of high relevance in the human gut. These metabolic interactions link microbes with

metabolites and demonstrate that we capture in silico the gut microbiota as a whole.

Our personalized in silico microbiota modeling approach permitted the investigation of

individual differences between CD patients and healthy controls (Figure 4.4). Overall, we

found that healthy controls have a higher diversity of microbes than CD patients, which is also

confirmed by experimental knowledge [124]. Consequently, controls have more comparable

SCFA levels (Figure 4.4), indicating metabolic consistency through functional redundancy

of microbes [88]. Interestingly, some patients had some SCFA but not all levels comparable

with the controls, which could be attributed to a higher metabolic activity of health relevant

microbes in those patients (Figure 4.4). One could speculate that the microbiota of CD

patients can compensate some metabolic differences but lacked functional redundancy and

diversity to consistently establish a healthy SCFA signature (Figure 4.4). This observation

further underlines the importance of a diverse microbiota, which can complement potential

metabolic shortcomings between microbes and consistently produce SCFAs. Further studies

could investigate the importance of keystone species in this context, which have a low

abundance but high metabolic activity and thus ecological relevance [198].

In our in silico treatment predictions, we take the individual factors into account by

designing dietary supplements that would compensate the individual differences (Figure

4.5A). Most of the predicted treatment metabolites were mucus glycans, glycosaminoglycans,

and plant polysaccharides (Figure 4.5B), further indicating that fibers are relevant in shaping

the gut microbiota metabolism [127, 102]. Particularly, pectin was predicted as a potential
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treatment for the majority of patients, which further points towards the dietary relevance

of this compound [127]. Plant fibers and host glycans can influence the gut microbiota by

stimulating Clostridia and Bacteroidia species [55], which produce butyrate and propionate,

respectively (Figure 4.2F). Interestingly, the predicted metabolite cocktails were different

for each patient (Figure 4.5B, Supplementary Figure C.4). In clinical practice, a standard

dietary formula in form of exclusive enteral nutrition is used to treat patients with CD [210].

However, not every patient responds equally well to different diet formulations, which vary

in their fiber content [115]. Current knowledge is limited when defining personalized diets

because of the complexity of the human gut microbiota and its intricate response to different

diets. Some patients suffer from relapse when switching to a normal diet after successful

remission [13]. In such cases, our modeling-based predictions could give novel directions on

aliments based on a patient’s microbiota. Finally, a dietary treatment strategy for an individual

is not likely to be static. Using computational modeling in conjunction with metagenomic

data, the dietary treatment could be readily redefined and adjusted to match the patient’s need.

To our knowledge, such modeling-guided dietary treatment approach is not available yet for

Crohn’s disease patients. As a next step, our predictions need to be validated in a nutritional

trial. Then, our systematic approach to defining personalized nutrition therapies could guide

clinicians and nutritionists in designing new, personalized diet-based treatments.

Testing our in silico dietary treatments on each patient’s microbiota, we found an im-

provement in SCFA levels. Butyrate, propionate, and acetate showed an overall success

in shifting levels, while isobutyrate and L-lactate were less successful (Figure 4.5C, 4.5E),

since those SCFAs only had a minor difference between controls and patients (Figure 4.2E).

The overall microbe abundance did also not shift significantly in the treatment condition

(Figure 4.5D), because patients had a lower diversity from the start (Figure 4.4) and could

not acquire the necessary microbes to compensate their abundance profile. Further studies

could simulate the effect of adding specific microbe models as a treatment, which could be

integrated in our framework. Furthermore, human metabolism could be integrated with the

in silico microbiota to investigate the reciprocal effect on the host, and, for instance, the effect

of colorectal cancer cells that might be affected by butyrate concentrations [172].

Several studies emphasize the need for computational models to discover novel hypothesis

and mechanisms for microbiota associated diseases [14, 191, 90]. Our approach introduces
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metabolism as an additional emergent property of the microbiota yielding into novel mech-

anistic insight of SCFA production by microbial communities. So far, our approach ignores

for simplicity the spatial component, which could have important implications in shaping the

ecology and possible metabolic interactions. An extension for possible treatment strategies

includes the simulation of probiotics and fecal transplantation. In fact, our model could

be used as an additional workflow for donor optimization of fecal transplantation [148] by

finding the most appropriate microbiota. Most importantly, the computational modeling

approach that we presented here is not limited to the application of CD but can be applied to

any metagenomic data set and disease with microbial dysbiosis. Taken together, we present

a powerful, expandable, versatile computational modeling approach that permits to yield

novel insight into metabolic interactions emerging from personalized metagenomic data and

to predict personalized dietary intervention strategies.
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Chapter 5

Concluding remarks

The data avalanche of high throughput technologies guided the discovery of an incredibly

complex microbial ecosystem within the human body, the gut microbiota. These analyses

characterized thousands of different microbial species that have a high functional potential,

which collectively surpasses the genetic component of the human host [158]. However,

several challenges came with the analysis of high throughput technologies, which need to

be addressed with novel methodologies and concepts. One of the biggest challenges is the

question of correlation and causality: While multiple diseases such as inflammatory bowel

disease and obesity have been associated with an altered or dysbiotic gut microbiota [30], it

is not clear if this is merely a consequence or the direct cause of the disease. Systems biology

approaches can contribute to the field of human gut microbiota research by providing these

mechanistic insights in form of hypothesis and predictions that can drive further experimental

and clinical research.

Methods in systems biology are usually based on networks that can be topologically

analyzed. In constraint based reconstruction and analysis (COBRA), such networks are

based on the metabolism (reactions that are connected by their transformed metabolites) of

an organisms that is deduced from the corresponding genome annotations of enzymes with

databases containing previous biochemical knowledge. Simulations can be performed on

these networks to find fluxes in metabolic pathways under different environmental conditions.

This can aid in the understanding of the functional potential of the human gut microbiota and

how different conditions affect this complex microbial community.

The work of this thesis describes the use and development of COBRA approaches to un-

91
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derstand the human gut microbiota. First, metabolic differences between human gut microbes

were assessed in terms of automatically derived metabolic reconstructions. This analysis re-

vealed that the metabolism can be more variable between species than their phylogenetic

relationships, which underlines the relevance of functional and microbial diversity in the

human gut microbiota. In the second study, a modeling approach, BacArena, was developed,

which simulates the metabolic interactions between microbes in a community. This novel

approach was applied to a single species biofilm model and a simplified seven species com-

munity representative of the human gut. In the third study, the modeling approach was used

to simulate more realistic human gut microbiotas consisting of up to hundreds of microbes

by integrating metagenomic data of Crohn’s disease patients as well as healthy controls. In

this applied analysis, experimentally known metabolite concentrations were recapitulated,

as well as species abundances, and novel personalized treatments could be predicted that

shift the key metabolite concentrations of the CD patients to values that are more similar

to healthy controls. Taken together, the work of this thesis demonstrates the relevance of

systems biology approaches to analyze the human gut microbiota ecology and associated

diseases.

5.1 Investigating topological similarities of metabolic net-

works from human gut microbes

The human gut microbiota is a complex ecological network of thousands of different mi-

crobes with varying functions. Studies based on high throughput data driven analyses have

characterized the metabolic potential of the human gut microbiota [158] and also attributed

these functions to different microbial groups [222]. However, reference based assessments

are scarce and often investigate only a specific group of functions.

To investigate the functions of a representative set of human gut microbes, genome scale

metabolic reconstructions were automatically reconstructed based on the available genome

sequence of each microbe (Chapter 2). In this analysis, metabolic reactions involved in

lipid and short chain fatty acid pathways were found to be most distinguishing between

microbes, which is consistent with traditional taxonomic methods that classify microbes
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[70]. Interestingly, the metabolic variability between microbes is more sensitive towards

strain specific differences than the phylogenetic relationships. Conversely, phylogenetic

differences when comparing higher taxonomic degrees are more sensitive than metabolic

differences. This indicates that there is a functional redundancy in the higher taxonomic

levels and a relatively high functional diversity in the lower taxonomic degrees such as

strains. This is thus consistent with human gut studies that show functional redundancy [88]

as well as studies that show strain specific metabolic differences [135]. Furthermore, this

might explain why the human gut microbiota consists of so many different species that are

able to coexist with each other by occupying specific niches in which only specific tasks are

required, e.g., the utilization of specific carbohydrates. In addition, this also highlights the

need to take multiple microbes into account to capture the metabolic capacity of each strain

and ultimately the ecological complexity of the human gut microbiota.

5.2 Modeling the metabolic ecology of intestinal microbial

communities

Since the human gut microbiota is an ecosystem of different microbes interacting with each

other, it is important that modeling approaches take this complexity into consideration. As

discussed in Chapter 1 such methods need to be scalable to represent as many microbes as

possible. Recent developments in constraint based reconstruction and analysis (COBRA) have

established a variety of community modeling paradigms that aim to simulate the metabolic

interactions between microbes (Chapter 1).

Chapter 3 describes an approach, BacArena, in which the interactions between microbes

is modelled by combining COBRA with individual based modeling, a method classically

used for ecological studies [91]. In BacArena, microbes of different species are represented

as individuals in a discrete spatial environment, in which they can secrete and uptake metabo-

lites in distinct time steps. The metabolites can diffuse through this environment, so that the

products of one microbe can reach the neighbouring fellow microbes. Therefore, complex

metabolic interactions can emerge, in which individuals of the same or different species can

engage in metabolic cross-feeding. Intra-species cross-feeding can induce metabolic differ-
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entiation of a single species population in which resources can be utilized more efficiently.

In Chapter 3, this has been applied and discussed in the context of pathogens to establish and

maintain a resilient biofilm structure.

Further in Chapter 3, BacArena was then applied to model inter-species cross-feeding

interactions of intestinal bacteria. In a simplified community model of seven gut associated

bacteria, concentration gradients of mucus glycans have been identified as important in

shaping the spatial community structure and formation of niches in which microbes can co-

exist. This is also in congruence with experimental studies, which show a differential microbe

distribution in the mucus layer compared to the lumen. Furthermore, this further strengthens

the hypothesis that metabolic resources are important for shaping the intestinal microbial

community [168]. With the investigation of cross-feeding interactions, novel hypothesis

were created with respect to the exchange of fermentation products. While these analyses

were focussed and calibrated on a simplified community of seven species, BacArena was

designed to scale up to efficiently model more realistic gut microbiotas consisting of several

hundred species.

5.3 Personalized patient simulations and guiding potential

treatments

Recent efforts in gut microbiota research have tried to model the ecological dynamics of

different human individuals to understand the underlyingmechanisms that shape this complex

ecosystem [8]. However, no study has yet taken up the challenge to model patient specific

ecological dynamics of the microbiota metabolism. Chapter 4 applied a simplified version of

BacArena (Chapter 3) to simulate the dynamics and differences of Crohn’s disease patients

compared to healthy controls. Crohn’s disease is an inflammatory bowel disease that is

characterized by a lower diversity of gut microbes [158].

The patient specific models were simulated based on a well mixed environment in which

individuals move randomly and metabolites are uniformly distributed. This therefore repre-

sents a condition that is likely to be present in the gut lumen. For estimating patient specific

abundances or population sizes of different species, we mapped the metagenomic reads of
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each patient to the genomes of a representative set of 773 human gut microbes. The mapped

reads were then normalized between patients to get the relative abundances of microbes which

could then be integrated in our community model by scaling the number of individuals per

species to represent the abundance proportions. A standard rich diet was then applied for

each patient and simulated the metabolic potential of the personalized microbiotas.

The simulations reproduced experimentally knownmetabolic differences betweenCrohn’s

disease patients and healthy controls. Furthermore, themechanism bywhich these differences

occur was predicted in terms of production and uptake by specific microbes. This knowledge

was then used to design personalized diets for each patient to achievemetabolite levels that are

more similar to healthy controls. Such predictions could guide potential clinical treatments

to have a rational designed diet that could lead to a better patient recovery.

5.4 Current challenges and future perspectives

Personalized human gut microbiota models of the metabolism can be used to generate novel

mechanistic insights into metabolic interactions within this complex ecosystem. Predictions

can be helpful for microbiota associated diseases of which the mechanism of current treat-

ments such as fecal microbiota transplantation, standardized diets, or probiotics is poorly

understood. Further experimental validation is required to demonstrate the usefulness of

the predictions made in this thesis. Moreover, future studies can take this work as a basis

to design experiments in a systematic manner. It would be also interesting to integrate the

human metabolism into the microbiota models to account for host-symbiont relationships

and metabolic exchange.

When choosing the appropriate modeling paradigm for a specific scientific question, it is

important to consider all assumptions and limitations of the underlying method to interpret

the simulation correctly. Depending on the question, preference should be taken to the most

simple and predictive model to reduce the simulation complexity. Simplified representations

of the human gut consisting of <10 species, such as the one discussed in Chapter 3, can be

modeled with more complicated set-ups including temporal and spatial dynamics, whereas

comprehensive simulations with more microbes benefit from further abstraction. Moreover,

to ultimately answer ecological questions related to the human gut microbiota it is important
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to take as much microbes into account as possible. Such questions include: Why is the

microbiota so diverse? Why are some diseases associated with a less diverse microbiota?

Can diseases be treated by increasing the metabolic and microbial diversity?

To study host-microbe interactions, it would be interesting to study other systems that are

easier tomanipulate, such as insect symbioses. In this context, modeling studieswith COBRA

have been conducted based on the pea aphid symbiont Buchnera aphidicola [195, 214].

Mostly, these studies focussed on the metabolic reduction and adaptation of the symbiont to

its host. However, no metabolic modeling has been performed yet on more complex intestinal

communities of insect hosts, which could prove useful for gnotobiotic insect models that can

experimentally manipulated to carry a defined set of microbes as their gut microbiota [190].

Further studies need to develop more thorough data mining approaches to analyze the

results of complex microbiota models. In addition, community models need to be scalable

and therefore need more efficient algorithms. Given the large amount of high-throughput

sequencing patient data it would be preferential to use a method that is suitable for data

integration to create personalized models. By integrating these top-down and buttom-up

approaches, predictive models can be designed that give novel mechanistic insights and new

directions in the field of gut microbiota research.
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Appendix A

Supplementary material for Chapter 2

A.1 Supplementary tables
The following tables are too large to be displayed in text and are available via the publisher’s
website.

Table A.1: Table of the gap-filled reactions used to ensure anaerobic growth.
Direct download: https://static-content.springer.com/esm/art%3A10.1186%
2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM1_ESM.xlsx

Columns Description
SEED.ID Model ID automatically assigned by the SEED database.
Reaction Added IDs of reactions that were added to the respective model.
Reaction Descriptions IDs of reactions that were added to the respective model.
Formula Reaction formula of the gapfilled reactions with the respective

metabolites.
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Table A.2: List of genome and model statistics of the microbe selection.
Direct download: https://static-content.springer.com/esm/art%3A10.1186%
2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM3_ESM.xlsx

Columns Description
SEED.ID Model ID automatically assigned by the SEED database.
IMG.Genome.ID Model ID automatically assigned by the IMG database.
NCBI.Taxon.ID Model ID automatically assigned by the NCBI taxonomy

database.
taxon oid Taxon ID assigned by SEED.
Status Genome sequencing status.
Study.Name Name of the study under IMG database.
Organism Organism name based on the IMG database.
Domain Taxonomic domain of organisms.
Phylum Taxonomic phylum of organisms.
Class Taxonomic class of organisms.
Order Taxonomic order of organisms.
Family Taxonomic family of organisms.
Genus Taxonomic genus of organisms.
Species Taxonomic species of organisms.
Strain Taxonomic strain of organisms.
Genome.Size Genome size of organisms.

https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM3_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM3_ESM.xlsx


A.1. SUPPLEMENTARY TABLES 119

Table A.3: List of all reactions sorted according to their contribution to the point sepa-
ration. Direct download: https://static-content.springer.com/esm/art%3A10.
1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM4_ESM.xlsx

Columns Description
SEED ID Reaction ID automatically assigned by the SEED database.
BiGG ID IDs of reactions based on BiGG nomenclature.
Reaction formula Reaction formula of the reactions with the respective metabo-

lites.
Correlation Sorted absolute value of eigenvalues for each reaction.

https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM4_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM4_ESM.xlsx
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Table A.4: List of genera members belonging to the different clusters presented.
Direct download: https://static-content.springer.com/esm/art%3A10.1186%
2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM9_ESM.xlsx

Columns Description
Organism Name of the strains.
Cluster Cluster name to which each organism belongs.

https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM9_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM9_ESM.xlsx


A.1. SUPPLEMENTARY TABLES 121

Table A.5: Table with reaction differences within the clusters found for Bifidobac-
terium. Direct download: https://static-content.springer.com/esm/art%3A10.
1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM11_ESM.xlsx

Columns Description
SEED ID Reaction ID automatically assigned by the SEED database.
BiGG ID IDs of reactions based on BiGG nomenclature.
Reaction formula Reaction formula of the reactions with the respective metabo-

lites.
Description IDs of reactions that were added to the respective model.
Reaction formula Reaction formula of the gapfilled reactions with the respective

metabolites.
Cluster 1Number of Or-
ganisms

Number of organism in cluster 1 that have the corresponding
reaction.

Cluster 2Number of Or-
ganisms

Number of organism in cluster 2 that have the corresponding
reaction.

https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM11_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM11_ESM.xlsx


122 APPENDIX A. SUPPLEMENTARY MATERIAL FOR CHAPTER 2

Table A.6: Table with reaction differences within the clusters found for Bacteroides.
Direct download: https://static-content.springer.com/esm/art%3A10.1186%
2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM12_ESM.xlsx

Columns Description
SEED ID Reaction ID automatically assigned by the SEED database.
BiGG ID IDs of reactions based on BiGG nomenclature.
Reaction formula Reaction formula of the reactions with the respective metabo-

lites.
Description IDs of reactions that were added to the respective model.
Reaction formula Reaction formula of the gapfilled reactions with the respective

metabolites.
Cluster 1Number of Or-
ganisms

Number of organism in cluster 1 that have the corresponding
reaction.

Cluster 2Number of Or-
ganisms

Number of organism in cluster 2 that have the corresponding
reaction.

https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM12_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1186%2Fs40168-015-0121-6/MediaObjects/40168_2015_121_MOESM12_ESM.xlsx
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Table A.7: The fitted parameters of the exponential models

Figure alpha beta
Figure 4 A -0.027 1.967
Figure 4 B 0.002 0.145
Figure 4 C -0.052 1.824
Figure 4 D -0.144 1.95



124 APPENDIX A. SUPPLEMENTARY MATERIAL FOR CHAPTER 2

A.2 Supplementary figures

Figure A.1: Comparison between a set of our draft reconstructions and a set of published
manually curated reconstructions.
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Figure A.2: Phylogenetic maximum likelihood tree (rooted with two methanogenic archaea)
calculated from the sequence similarity of 400 selected essential genes.
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Figure A.3: The exponential relationship between the phylogeny and reaction content using
the 16S rRNA sequence similarity as a measure for genetic distance.
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Figure A.4: The correlation between MetaCyc and EC functionalities with the phylogenetic
distance.
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Figure A.5: The same t-SNE-based, two-dimensional coordinates as in Figure 5 with addi-
tional point labels for the different organisms.
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Supplementary material for Chapter 3

B.1 Supplementary tables

Table B.1: Table of all exchange reactions with their respective concentrations that were
added to the environment.

Substance Reaction.ID Concentration diffusion.constant
Orthophosphate EX_EC0009 0.10 0.00
Cobalt EX_EC0144 0.10 0.00
H2O EX_EC0001 0.10 0.00
Magnesium EX_EC0248 0.10 0.00
Nitrogen EX_EC0518 0.10 0.00
Zinc EX_EC0034 0.10 0.00
Sodium EX_EC0954 0.10 0.00
Cadmium EX_EC0994 0.10 0.00
Copper EX_EC0056 0.10 0.00
NH4+ EX_EC0957 0.10 0.00
CO2 EX_EC0011 0.10 0.00
D-Glucose EX_EC0027 0.05 0.00
Sulfate EX_EC0048 0.10 0.00
Manganese EX_EC0030 0.10 0.00
Iron EX_EC0021 0.10 0.00
H+ EX_EC0065 0.10 0.00
Potassium EX_EC0197 0.10 0.00
Oxygen EX_EC0007 0.10 0.00
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Table B.2: Table of all exchange reactions of the defined essential metabolites, mucus
glycans, and remaining metabolites with their respective concentrations. Direct download:
https://doi.org/10.1371/journal.pcbi.1005544.s009

Columns Description
Exchange Identifier of exchange reaction in the model.
diffconstant Diffusion constant for each metabolite of the corresponding

exchange reaction.
concentration im mM Concentration for each metabolite of the corresponding ex-

change reaction.
category Category for each metabolite of the corresponding exchange

reaction.

https://doi.org/10.1371/journal.pcbi.1005544.s009
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B.2 Supplementary figures

Figure B.1: Simplified class diagram displaying the inheritance hierarchy.
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Figure B.2: For each phenotype (P2,P3,. . . ,P9) of the P. aeruginosa biofilm simulation
the time curves for all replicates are shown. While the overall dynamics were stable, the
occurrences of P3, P7 and P8 showed some minor variance.
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Figure B.3: Alternative scenario of P. aeruginosa biofilm simulation with 0.1 mM nitrate
added after 20 hours simulation time. A Spatial distribution of phenotypes and nitrate. The
presence of nitrate after 20 hours was accomplished by a new nitrate consuming phenotype
P11. B Comparison of phenotypes. C Time curve of core metabolites. The addition of nitrate
after 20 hours lead to further glucose usage andCO2 production. The former produced acetate
and succinate were used again. D Phenotypes growth curve. After the addition of nitrate,
the metabolic inactive phenotype P1 vanished and the new nitrate consuming phenotype P11
emerged.
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Figure B.4: The first row represents the species growth and the second row the concentration
change of the 25 most variable metabolites. The first columns shows a default flux balance
analysis and the second column the optimization of a random exchange reaction as a secondary
objective. The curve range shows a standard deviation of 10 replicate simulations each
simulating 16 hours.
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B.3 Supplementary notes
The following notes are too large to be displayed in text and are available via the publisher’s
website.

B.3.1 Tutorial for BacArena
This tutorial includes a basic hands-on description of all main classes and functions of
BacArena. Direct download: https://doi.org/10.1371/journal.pcbi.1005544.
s001

B.3.2 Reference manual of BacArena.
All methods and parameters are explained with words and example codes in the documenta-
tion. Direct download: https://doi.org/10.1371/journal.pcbi.1005544.s002

B.3.3 P. aeruginosa single-species biofilm.
Documentation of changes in metabolic model of P. aeruginosa and additional figures from
replicates. Direct download: https://doi.org/10.1371/journal.pcbi.1005544.
s003

https://doi.org/10.1371/journal.pcbi.1005544.s001
https://doi.org/10.1371/journal.pcbi.1005544.s001
https://doi.org/10.1371/journal.pcbi.1005544.s002
https://doi.org/10.1371/journal.pcbi.1005544.s003
https://doi.org/10.1371/journal.pcbi.1005544.s003
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B.4 Supplementary files
The following files are too large to be displayed in text and are available via the publisher’s
website.

B.4.1 R Data file of modified P. aeruginosa model.
Metabolic model of P. aeruginosa used in simulation. Direct download: https://doi.
org/10.1371/journal.pcbi.1005544.s004

B.4.2 R script to reproduce P. aeruginosa simulation.
This R script reproduces the biofilm simulation of P. aeruginosa simulation. Direct download:
https://doi.org/10.1371/journal.pcbi.1005544.s005

B.4.3 R Data file with all 7 species used for the gut simulation.
Metabolic models of A. caccae, B. thetaiotaomicron, B. producta, E. coli, C. ramosum, L.
plantarum, B. longum, and A. muciniphila used for the simulation of a simplified human gut
model. Direct download: https://doi.org/10.1371/journal.pcbi.1005544.s006

B.4.4 R script to reproduce gut simulation.
The R script can be used to reproduce the gut-community simulation. Direct download:
https://doi.org/10.1371/journal.pcbi.1005544.s007

https://doi.org/10.1371/journal.pcbi.1005544.s004
https://doi.org/10.1371/journal.pcbi.1005544.s004
https://doi.org/10.1371/journal.pcbi.1005544.s005
https://doi.org/10.1371/journal.pcbi.1005544.s006
https://doi.org/10.1371/journal.pcbi.1005544.s007
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Supplementary material for Chapter 4

C.1 Supplementary tables

Table C.1: List of 20 reactions most contributing to the point separation of the reaction
differences between patients.

Reaction ID MDS1 MDS2 Subsystem
MPPP9MT 0.08 0.01 Vitamin B12 metabolism
r0556c 0.08 0.02 Citric acid cycle
CELLUL_DEGe 0.08 0.02 Plant polysaccharide degradation
EX_cellul(e) 0.08 0.02 Exchange/demand reaction
EX_pppi(e) 0.08 0.02 Exchange/demand reaction
SO3rDmq 0.08 0.02 Sulfur metabolism
HXANt2r 0.08 0.02 Transport, extracellular
SO3rDdmq 0.08 0.02 Sulfur metabolism
FDX_NAD_NADP_OXi 0.08 0.01 Sulfur metabolism
SO3R 0.08 0.01 Sulfur metabolism
ADXFTDA 0.08 0.02 Ubiquinone and other terpenoid-

quinone biosynthesis
CHDHR 0.08 0.02 Ubiquinone and other terpenoid-

quinone biosynthesis
FTHD 0.08 0.02 Ubiquinone and other terpenoid-

quinone biosynthesis
SACALDACT 0.08 0.02 Sulfur metabolism
TAURPYRAT 0.08 0.02 Sulfur metabolism
H2O2syn 0.08 0.01 Tyrosine metabolism
NOX1 0.08 0.01 Energy metabolism
2MBUTt2r 0.08 0.02 Transport, extracellular
5APTNt2r 0.08 0.02 Transport, extracellular
ALAD_L 0.08 0.02 Alanine and aspartate

metabolism
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Table C.2: Patient metagenomic data accession numbers with the respective categories.

ReadAccession ExperimentAccession Disease ID
SRR2145575 SRX1133436 Crohn’s disease CD1
SRR2145587 SRX1133448 Crohn’s disease CD2
SRR2145609 SRX1133468 Crohn’s disease CD3
SRR2145607 SRX1133472 Crohn’s disease CD4
SRR2145623 SRX1133484 Crohn’s disease CD5
SRR2145635 SRX1133496 Crohn’s disease CD6
SRR2145508 SRX1133511 Crohn’s disease CD7
SRR2145524 SRX1133527 Crohn’s disease CD8
SRR2145528 SRX1133531 Crohn’s disease CD9
SRR2145544 SRX1133551 Crohn’s disease CD10
SRR2145392 SRX1133583 Crohn’s disease CD11
SRR2145400 SRX1133591 Crohn’s disease CD12
SRR2145412 SRX1133603 Crohn’s disease CD13
SRR2145416 SRX1133607 Crohn’s disease CD14
SRR2145420 SRX1133611 Crohn’s disease CD15
SRR2145428 SRX1133619 Crohn’s disease CD16
SRR2145436 SRX1133627 Crohn’s disease CD17
SRR2145440 SRX1133631 Crohn’s disease CD18
SRR2145448 SRX1133639 Crohn’s disease CD19
SRR2145548 SRX1133651 Crohn’s disease CD20
SRR2145552 SRX1133655 Crohn’s disease CD21
SRR2145315 SRX1133666 Crohn’s disease CD22
SRR2145323 SRX1133674 Crohn’s disease CD23
SRR2145331 SRX1133685 Crohn’s disease CD24
SRR2145335 SRX1133689 Crohn’s disease CD25
SRR2145467 SRX1133697 Crohn’s disease CD26
SRR2145471 SRX1133701 Crohn’s disease CD27
SRR2145483 SRX1133713 Crohn’s disease CD28
SRR2145359 SRX1133410 Control HC1
SRR2145360 SRX1133411 Control HC2
SRR2145361 SRX1133412 Control HC3
SRR2145362 SRX1133413 Control HC4
SRR2145363 SRX1133414 Control HC5
SRR2145364 SRX1133415 Control HC6
SRR2145365 SRX1133416 Control HC7
SRR2145366 SRX1133417 Control HC8
SRR2145367 SRX1133418 Control HC9
SRR2145368 SRX1133419 Control HC10
SRR2145369 SRX1133420 Control HC11
SRR2145370 SRX1133421 Control HC12
SRR2145371 SRX1133422 Control HC13
SRR2145372 SRX1133423 Control HC14
SRR2145373 SRX1133424 Control HC15
SRR2145374 SRX1133425 Control HC16
SRR2145375 SRX1133426 Control HC17
SRR2145376 SRX1133427 Control HC18
SRR2145377 SRX1133428 Control HC19
SRR2145378 SRX1133429 Control HC20
SRR2145379 SRX1133430 Control HC21
SRR2145380 SRX1133431 Control HC22
SRR2145381 SRX1133432 Control HC23
SRR2145382 SRX1133433 Control HC24
SRR2145383 SRX1133434 Control HC25
SRR2145384 SRX1133435 Control HC26
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C.2 Supplementary figures

Figure C.1: Number of microbes that were detected to be present for each Crohn’s disease
patient and healthy control.
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Figure C.2: Similarities between healthy controls and Crohn’s disease patients assessed based
on a principle coordinate analysis (PCoA) of the mapped abundance with Manhattan (A) and
Euclidean distance (B).
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Figure C.3: Quantitative comparison of mapped microbe abundance values compared to the
relative abundance of genera retrieved from the original study.
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Figure C.4: Predicted metabolites used for in silico treatment of each patient. The number
of patients is given in which the metabolite addition had a beneficial effect.
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