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ABSTRACT 

Bacteria are living in symbiosis in the human gut. Here bacteria can have positive effects on the 

host immune system, central nervous system and digestive tract. A dysbiosis in the human gut 

may result in serious diseases, such as inflammatory bowel disease and major depressive 

disorder. However the onset of the disease and the mechanism of action of possible treatments is 

not well understood. Systems biology can discover emergent properties of a network via 

mathematical modeling, thus systems biology can help unraveling both problems. Systems 

biology approaches can be divided into top-down and bottom-up approaches. The top-down 

approach uses –omics approaches to construct a network based on quantitative, experimental 

data. Keystone species can be identified with this approach, which leads to a better 

understanding of the microbiota structure. The bottom-up approach uses mathematical models 

to look for novel interactions in a network. The bottom-up approach mainly uses different types 

of flux balance analysis. Via the addition of a probiotic or prebiotic to a model the mechanism of 

action can be determined. This study gives an overview of different systems biology approaches 

in microbial research and shows the possibilities of these approaches. 

 

The gut microbiota 

 

There are approximately 10
13 

bacterial cells in our body, which is roughly the same number of cells in 

a human body, most of these bacteria are found in the colon
1
. In the gut, bacteria play a vital role in 

several physiological processes of the host. Members of the genera Bacteroides, Roseburia, 

Bifidobacterium and Faecalibacterium are able to produce short-chain fatty acids (SCFA), such as 

acetate, butyrate and propionate, from non-digestible carbohydrates
2
. These SCFA are taken up by the 

gut and are used as an energy source, regulators of gene expression and signaling molecules by the 

host
3
. In addition, members of the microbiota can affect both the innate and adaptive immune 

response. For example, IgA expressing cells found in Peyer’s patches are greatly reduced in germ-free 

(GF) mice. In turn microbial colonization of GF-mice activates the production of IgA. Furthermore, 

Treg cells are also induced when the microbiota is present
4
. A healthy microbiota also prevents the 

onset of infectious diseases via direct and indirect colonization resistance. Direct colonization 

resistance is achieved by commensal bacteria that can utilize a carbon source faster than a pathogenic 

bacteria or by secreting an inhibitory factor that targets a pathogenic bacteria. Indirect colonization 

resistance is achieved by inducing the immune system of the host in such a way that it targets the 
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pathogenic bacteria
5
. For example, colonization of GF-mice with the symbiotic bacteria Bacteroides 

thetaiotaomicron enhances the production of antimicrobial lectins REGIIIγ and REGIIIβ
6
. Finally, the 

microbiota plays a role in brain development and brain function. SCFA produced by bacteria account 

for a  less permeable blood-brain barrier, both during fetal development and in adults. Additionally, 

the microbiota is able to alter neurotransmitter levels in the host, such as serotonin, dopamine and 

GABA
7,8

.  

 In a healthy gut situation bacterial species are balanced and in symbiosis with the host. 

However, when the balance is disrupted a dysbiosis can occur. A dysbiosis in the gut may cause 

several diseases, since the gut microbiota plays a key role in the previous mentioned processes in the 

host. Fecal samples from patients with inflammatory bowel disease (IBD) show a reduction in 

bacteria from the phylum Firmicutes
9
 and an increase in bacteria from the phylum Proteobacteria

10
. 

Fecal samples from patients with type 2 diabetes mellitus show a decrease in butyrate-producing 

bacteria such as, Faecalibacterium prausnitzii and Roseburia intestinalis
11, 12

. Fecal samples from 

patients with Parkinson’s disease show a decrease in bacteria from the genera Blautia, Coprococcus, 

and Roseburia. Additionally, bacteria from the genus Ralstonia were more abundant in patients with 

Parkinson’s disease
13

. Fecal samples from patients with major depressive disorder (MDD) showed a 

reduction in Bacteroidetes and an increase in Actinobacteria
14

. 

 Therapeutic strategies currently used to treat microbiota related diseases include pro- and 

prebiotics. Probiotics are living microorganisms that when consumed have a positive effect on 

human health. Prebiotics are dietary supplements that when consumed stimulate the growth and/or 

activity of beneficial bacteria within the human gut, thus having beneficial consequences for the 

host. Both pro- and prebiotics help push the gut microbiota out of the dysbiosis and into a healthy, 

balanced situation
15

. Studies show that administering probiotics can have a positive effect on 

health
16-18

. Additionally, administering a prebiotic such as fructo-oligosaccharides to patients with 

Crohn’s disease decreased the symptoms
19, 20

. However, the effects of both pro- and prebiotics is 

still debated and both can have negative effects
21-23

. Therefore a better understanding of the 

working mechanisms and interactions with the gut microbiota is needed to develop new and better 

pro- and prebiotics. 

 The previously mentioned examples of a dysbiosis within the gut gives an indication that 

the microbiota might play a key role in diseases. However, these studies do not show a causal 

correlation between the disease state and dysbiosis. Is the dysbiosis a result of the onset of the 

disease or is the dysbiosis the cause of the disease? The investigation of this causal relationship is 

important for the development of novel therapeutic strategies. Currently, strategies to unravel the 

correlation between host health and the microbiota rely mostly on animal models. Studies using 

this approach colonized GF-mice with the microbiota from patients with MDD and monitored the 

physical and behavioral changes over time
14, 24

. However, GF models pose several limitations when 
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investigating causality within humans. The immune responses differ between mice and humans, 

lab-mice do not have the genetic and environmental diversity of humans and mouse experiments do 

not take the variability of the human diet and factors such as smoking into account
25

. Furthermore, 

studies in humans show not always the same pattern. For example, a study done in patients with 

IBD showed no significant differences in diversity between patients and healthy controls and 

another study showed an increase in F. prausnitzii
26, 27

. These studies are in contrast with the 

studies mentioned in the previous paragraph
9, 10, 28

. This might be due to the different experimental 

methods or due to the variability in humans.  

To provide novel insights into causality in the relationship between the microbiota and 

disease and understand the mechanism of actions of pro- and prebiotics, a new approach can be 

useful. 

  

Systems biology 

 

Wolkenhauer defines system biology as follows: “Systems biology is the science that studies how 

biological function emerges from the interactions between the components of living systems and how 

these emergent properties enable and constrain the behavior of those components.”
29

 In systems 

biology mathematical tools are utilized to construct a model of biological components. With this 

constructed model, emergent properties can be studied
30

. An example of such an emergent property 

based on a mathematical model is that microbial diversity may arise due to cross-feeding, but only at a 

certain pace
31

, which means that with a higher gut motility, the microbial diversity is decreasing. This 

was confirmed in patients with diarrhea associated irritable bowel syndrome (D-IBS)
32

. This example 

shows the potential for the use of systems biology in gut microbiota related research.  

To discover emergent properties, first a network needs to be constructed. A network typically 

consist of nodes connected by edges. Nodes represent components of a system and edges are 

interactions between nodes. In the case of the gut-microbiota, a node can be a bacteria, metabolite or 

intestinal cell, an edge can be a conversion, uptake or secretion reaction
33, 34

. Figure 1 depicts a 

simplified example of such a network
35

. To get a system level understanding of a biological system the 

identity of all the components, the dynamic behavior and the interactions of the components need to be 

known
36

. In the example depicted in figure 1 only the uptake, conversion and secretion are presented. 

However, when modeling this system to look for emergent properties, more information needs to be 

added. In the model the glucose distribution i.e. how much of the glucose available is taken up by 

Bifidobacterium adolescentis and how much by F. prausnitzii, uptake rates, conversion rates, secretion 

rates, cell growth, bacterial ratio etc. need to be included in the system. Additionally, this system only 

looks at 3 metabolites and 2 bacteria. In the gut there are many more metabolites and bacteria present. 

Thus to construct a sufficient model a lot more information is needed. This information can be 
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gathered from experimental data, but can also be gathered from genomics, transcriptomics, proteomics 

and metabolomics databases. The type of data included in the model depends on the research question 

and the approach. 

 

 

 

Figure 1: Simplified example of a microbial network. The blue circles are bacteria. The nodes in this example are both bacteria and the 

metabolites. The edges in this example represent uptake and secretion of metabolites
35

.  

 

Systems biology uses mainly two approaches: the top-down approach and the bottom-up 

approach. Each approach has its own applications and limitations. In the next paragraphs both 

approaches are discussed and examples of their use in microbiota research are given. 

 

Top-down approach 

 

The top-down approach is a data driven approach. This approach starts with gathering of high-

throughput data from, for example RNA-seq data from stool samples. Next, the genes or bacterial 

species are annotated using a database and the abundances of the genes or bacteria in the sample are 

determined. Thereafter, a mathematical correlation tool is used to link the abundance of a gene or 

bacteria to an interaction between bacteria
37

.  

This approach is widely used to correlate co-occurrence of bacteria within the gut. With co-

occurrence, interaction networks can be made. These interaction networks give information on how 

bacteria affect other bacteria within an environment. These interactions can be mutualistic, 

commensal, parasitic or ammensal
38

. Simple interaction networks can be made via similarity- and 

regression based network inference. Making such a network starts with the abundance information. A 

score is given for each bacteria pair with a similarity or distance measure such as, Pearson correlation, 

Euclidean distance measure or Spearman correlation. Next, the scoring procedure is repeated a number 

of times to generate a random score distribution. Bacterial pairs with a P-value below a certain 
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threshold are visualized in a network. However, only positive and negative relationships can be 

determined. This means that it is not clear if a bacterial pair with a positive correlation has a 

mutualistic or commensal relationship
39

. Nonetheless, these interaction networks are useful, because 

network properties can give a lot of information about the bacterial community. For example, keystone 

species in bacterial communities can be identified. The keystone species have a lot of interactions with 

other species, whereas non keystone species have a low number of interactions
40

. Additionally niches 

and separate communities can be visualized. Figure 2 shows an example of an interaction network 

where keystone species, niches and separate communities are highlighted. 

 

Figure 2: Example of an interaction network. Bacterial species are represented by a colored circles, an interaction is represented by an edge. 

Keystone species are depicted in red. Within a bacterial community, separate niches can be present. Both niches in this example are depicted 

with blue and green nodes. The purple nodes represent a separate community. 

 

Fisher et al. used a regression based network to identify Bacteroides fragilis and Bacteroides 

stercosis as possible keystone species in the human gut
41

. B. fragilis is a bacteria that is known to 

cause colon cancer
42

. Thus B. fragilis might shape the microbial community in a way that it promotes 

colon cancer in the host. In other words: B. fragilis might be a keystone pathogen
43

. By identifying the 

keystone species in both health and disease, dietary or therapeutically interventions can be designed 

targeting the keystone species. In this way growth of keystone species associated with health can be 

stimulated and keystone species associated with disease may be eradicated
44

. However, a study 

showed that B. fragilis improved intestinal health in mice and possibly in humans
45

. Thus showing that 

both overgrowth and complete eradication of a single bacteria have consequences. Highlighting the 

importance of a balanced microbiota and showing that designing interventions is not straightforward.     

When interpreting an interaction network based on abundances caution is needed. In the ideal 

situation each sample is taken and prepared in the exact same manner. However, this is never 

completely true and differences in abundances can arise due to different sample preparations, which 

will influence the network. Next to this a different network will be constructed when using different 
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correlation tools
46

. Furthermore, constructing a network in this way gives no information about 

dynamics, but only gives the interactions between the bacteria at one point in time.    

 

Bottom-up approach 

 

The bottom up approach is a hypothesis driven approach. This approach uses biochemical and 

microbial knowledge to construct a network of mathematical equations that can be simulated under 

different physiological conditions. Information about conversion, uptake and secretion reactions is 

needed to construct such a network. This information can be extracted from databases such as, Kyoto 

encyclopedia of genes and genomes (KEGG) and Metacyc. These reactions need to be converted into 

a mathematical language to perform simulations. This can be done using software such as, 

constrained-based reconstruction and analysis (COBRA), which uses flux balance analysis (FBA) to 

investigate metabolic fluxes in an organism or between a set of organisms
37, 47

.  

A flux is the rate of turnover of a metabolite through a metabolic pathway. FBA calculates the 

distribution of metabolic fluxes in a metabolic network which optimizes a given objective function 

(e.g. growth rate). Additionally, FBA uses constraints to calculate this optimal distribution of fluxes. 

To perform FBA all the metabolic reactions in the network need to be represented by a set of linear 

equations. FBA works at steady-state i.e. the amount of metabolite produced is equal to the amount of 

metabolite consumed. The set of linear equations can be formulated as:  

     S * v = 0                 (Eq. 1) 

 

S represents a stoichiometric matrix as seen in figure 3 and v represents the flux distribution. 

 

Figure 3: Stoichiometric matrix of the metabolic reactions depicted in the metabolic network of figure 1. 

 

Upper- and lower bounds can be imposed to limit the maximum and minimum values that 

each flux can take. Additionally, an objective function needs to be formulated. This, the biomass 

function, contains all the metabolites in the system that are needed to make a new cell. Since Eq. 1 

depicts a set of linear equations and there are typically more reactions than compounds, there is more 

than a single flux distribution possible. By optimizing the objective function in order to achieve a 
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certain goal, such as maximal growth or maximal production of a certain metabolite, an optimal flux 

distribution can thus be calculated
48

. 

 FBA is an easy tool to use for many purposes. By adjusting the upper- and lower bounds of 

metabolites growth on different media can be simulated. By setting the flux of a certain metabolite to 

zero, a gene knock-out can be simulated. With these examples an indication of the viability of an 

organism under different conditions can be estimated. Furthermore, by deleting a gene or altering the 

media composition in silico, the production of a desirable product can be maximized
47, 48

. To predict 

the behavior of a cell using a FBA model, the model should have a high quality i.e. the model that has 

the highest number of reactions and constraints based on experimental data, has the highest quality. 

The quality of a FBA model is mainly dependent on the biomass composition, the protein interaction 

rules, the objective function, the exchange rates and the available nutrients
49

. Figure 4 shows an 

example of a model used for FBA. 

 

 

Figure 4: A simple model used for FBA. The cell is depicted with the dashed line. The environment is everything outside the dashed line. 

Substrates A and B are taken up by the cell and converted into product C and D respectively, represented by the blue arrows. Product C and 

D are secreted by the cell. The exchange reactions Ex1, Ex2, Ex3 and Ex4 are depicted as green arrows. All the metabolites present in this 

figure are part of the biomass reaction depicted by the red arrows. 

 

At first glance it seems straightforward to apply classical FBA to a bacterial community. 

Simply think of the enzymes performing the conversion reactions shown in figure 3 as bacteria and 

nothing will change. However, since classical FBA depicts metabolic fluxes and takes place within a 

single cell, a biomass function is needed to account for growth. When modeling a community of 

different organisms a single biomass function is not sufficient anymore, because all the members of 

the community have different growth rates and biomass compositions. Furthermore, defining a 

suitable objective function can be difficult
49, 50

. FBA relies heavily on experimental data to construct a 

working model. Correct exchange rates determine the fluxes largely. When modeling a metabolic 
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network of a single cell, exchange rates are usually determined using 
13

C-labeling experiments
51

. 

However, determining the contribution of each member of the community to the sum of the fluxes of 

the extracellular metabolites is not possible with 
13

C-labeling experiments. To overcome the problems 

when applying classic FBA to bacterial communities, such as the human gut, new models are being 

developed all with their own advantages and disadvantages.  

 

Modeling a bacterial community using FBA 

 

Constructing a mathematical community model starts with gathering the metabolic properties of each 

bacteria in the model. Genomic-scale metabolic reconstructions (GENREs) also called genomic-scale 

metabolic models (GEMs) represent the complete set of metabolic properties of an organism based on 

genomic and experimental data
52

. GENREs can be automatically generated from the annotated 

genome sequence. The set of metabolic enzymes gives all the metabolic properties of the organism. 

These GENREs can be used to make a community model and perform simulations
53

. However, not all 

metabolic properties of an organism will be active in each environment. Therefore the GENRE need to 

be further refined. This has to be done manually and is therefore labor intensive. Currently, a number 

of algorithms are developed to speed up this process. However, the evaluation of the GENRE has still 

to be done manually
52

. Thiele et al. published a step-by-step overview on how to generate a high 

quality GENRE
54

. 

 Compartmentalized community models put two GENREs of bacteria together in the same 

environment, which can represent growth media or the lumen of the gut, as shown in figure 5. In this 

model, two organisms are separated from each other by being in different compartments. Both 

compartments are combined in a larger compartment, which represents the environment. In this model 

different organisms can compete for a substrate as shown with metabolite B in figure 5 or may benefit 

from each other as shown with metabolite C in figure 5. Thus competitive and commensal 

relationships can be integrated in this model
47, 49, 55

. With a compartmentalized community model 

consisting of B. adolescentis and F. prausnitzii El-semman and coworkers showed that the growth of 

F. prausnitzii and butyrate production is limited with a low acetate supply
35

. Figure 1 shows the 

network used in this model. Compartmentalized models can also be used when modeling more 

complex communities, by adding more bacterial compartments in the model
56

. Additionally, the 

interaction between the gut of the host and the bacterial community can be investigated, by adding a 

compartment depicting the gut within the environment
57

.  

 As mentioned before, the objective function of classic FBA is usually to optimize for biomass 

formation. However, with multiple organisms in the system that all have their own biomass function 

with different growth rates and composition, the objective function cannot be the optimization of a 

single biomass function. The OptCom framework gives a solution for this problem. With the OptCom 
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method a multilevel objective function is introduced. This objective function consists of a community 

level objective function, which maximizes the total community biomass. Furthermore this objective 

function consists of biomass optimization function for the growth of each individual member of the 

community. Thus incorporating both the egoistic growth of each individual, while still keeping a 

healthy community
35, 58

. 

 

Figure 5: A simple model representing a compartmentalized community model. The bacterial cells have both an intracellular (blue dashed 

lines) and extracellular space (dashed green lines). The shared environment is everything between the red and green  dashed lines. In the 

shared environment substrate A, B, C and D are present. Substrate A and B are taken up by cell 1. Substrate C and D are taken up by cell 2. 

The blue arrows depict conversion of a substrate into a product. The green arrows depict exchange of a metabolite. With this model cell 1 is 

producing C and releasing it in the shared environment. Cell 2 can take up this metabolite and converting it to product D. 

 

During the day the metabolite availability within the gut changes due to different nutrient 

intake. Thus the metabolite availability is dynamic. Compartmentalized community models are 

working under steady-state conditions. Thus dynamic changes in the environment and dynamic 

interactions between microbial species cannot be modelled
49, 55

. With another type of model these 

dynamic interactions can be investigated. These models are called population-based models. A 

population-based model combines compartmentalized community models with the static optimization 

approach (SOA) from dynamic flux balance analysis (dFBA)
47

. The SOA-dFBA essentially makes a 

series of snapshots using FBA. The starting conditions of each individual snapshot are based on the 

optimal solution of the previous snapshot
59

. By making a series of snapshots from a 

compartmentalized community model, such as shown in figure 5, metabolite concentrations and the 

dynamic relationship between organisms can be studied. For this dynamic approach a multi-level 

OptCom framework was also developed
60

. With a population based model a recent study showed that 

metabolic reactions are dynamic over time in a multi-species interaction network
61

. Furthermore, a 
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study conducted with a community of nine gut species was able to predict the abundances under 

different nutrient compositions
62

. 

Both compartmentalized community models and population-based models can only be applied 

when the individual cells are all exposed to the same environment. Thus each cell can only use the 

metabolites that are present in the shared environment. However, this does not represent the human 

gut. Figure 6 shows a schematic overview of the human gut. Different parts of the gut have different 

numbers of bacteria and a different species distribution, both due to different conditions in each part
63

. 

For example, the stomach has a high acidity, there is an oxygen gradient along the human gut and 

metabolites produced by bacteria can only be utilized by bacteria further down the gut.  

 

Figure 6: Overview of the human gut with the amount and distribution of bacteria colonizing the different parts
63

. 

 

Population based models do not take the spatial differences of the human gut into account. To 

model these spatial differences, individual-based community models can be made. This approach 

combines spatial-FBA with dFBA. Essentially this method places several compartmentalized models 

next to each other. Differential equations are being used to create a concentration gradient for each 

metabolite. In this way each compartment has its own concentration of metabolites based on the 

metabolite concentration in the compartment next to it. Furthermore, dFBA as previously described 

can be used to mimic the dynamic interactions of the different compartments
31, 47, 64

. Therefore 
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complex dynamic behavior arises as emergent properties. Figure 7 shows a simplified version of an 

individual-based community model.  

With an individual-based community model van Hoek et al. showed that a bacterial 

community rearranges itself along metabolite gradients, whereby each bacteria makes optimal use of 

its metabolic capabilities
31

.  Bauer et al. constructed an indiviual-based community model that consists 

of seven gut microbes and investigated the community structure in the presence and absence of a 

mucus glycan gradient. The site of the model with highest concentration of mucus glycan represents 

the gut epithelia since that is the place with the mucus layer. With a mucus glycan gradient, the 

bacterial community shaped itself whereby a mucus degrading organism (B. thetaiomicron) was 

closest to the mucus layer. In the absence of the gradient no community shape was present, but there 

was an overgrowth of E. coli
64

. This is in accordance with experimental studies showing the spatial 

organisation of mucus degrading organisms in the gut
65

. A healthy mucus layer is important since a 

defect in the mucus layer may cause diseases
66

. Therefore a mucus gradient may shape the spatial 

organisation of the gut bacteria and thus protect against disease
64

. 

 

 

Figure 7: A simplified individual-based community model. Each cell depicts a different bacterial species (blue dashed lines) and sits within 

its own environment (green dashed lines). The orange arrows depicts the exchange reactions between different compartments. With this 

model each cell can have different concentrations of metabolite in its own compartment, which will affect the fluxes of each bacteria.  Empty 

cells can be used to simulate moving cells or dividing cells. 
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Challenges and limitations of community modeling 

 

Currently, a lot of research is done to improve the modeling of the gut microbiota. Different software 

is being developed that utilize the previously mentioned FBA methods. For example, OptCom
58

 and 

classical FBA
35

 use compartmentalized community models. D-OptCom
60

, SteadyCom
62

 and 

COMETS
67

 use population based models. BacArena
64

 and MatNet
68

 use individual-based community 

models. Choosing the best modeling technique and software tool depends entirely on the research 

question. When interested in the interaction between two bacteria, compartmentalized community 

models are sufficient. However, when interested in the relationship between the gut bacteria and a 

disease state, population-based or individual-based community models are the best option. 

A limitation in choosing the sufficient model is the model complexity. By adding dynamic and 

spatial properties, the model complexity increases. Furthermore, by increasing the number of bacteria 

in a community the complexity increases too. For population based models the increase in complexity 

scales linear with the number of species
47

 and individual-based models scale linear with the number of 

individual bacteria
64

. The increasing complexity accounts for an increase in simulation time. 

Furthermore, increasing complexity leads to an increase in data. In turn, data analysis and data 

visualization will be more difficult. Therefore choosing the right modeling approach is always a 

compromise. 

A further limitation of modeling the microbiota is the limited amount of information that 

describes the metabolic properties of the individual species present in the human gut. Recently 

Magnusdottir et al. published a list of 773 reconstructed metabolic models of bacterial species from 

the human gut
33

. However this is far from the total number of bacterial species found in the human 

gut
69

. Furthermore, the abundances of each bacterial species need to be determined, together with the 

presence of other organisms such as viruses and fungi. Especially since viruses and fungi might play a 

role in diseases such as IBD
25

. Furthermore, a single bacterial species can play a role the onset of 

disease, but can also play a role in keeping a healthy gut as shown with B. fragilis
41, 45

. These different 

roles may arise due to a different intestinal environment. Therefore models for each intestinal 

environment need to be made.  

To prove that modeling the gut microbiota gives emergent properties and is able to come up 

with viable hypotheses, models need to be experimentally validated. However, designing experiments 

that take spatial distribution and dynamic interaction of several species at the same time into account is 

almost impossible. Furthermore, bacterial isolation is sometimes not possible or extremely difficult
70

. 

Thus making experimental validation of a model difficult too. Fortunately, new techniques come 

available in time. For example, with the rise of culturomics a lot of new bacteria can be cultured in the 

lab
71

. 
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Perspectives of systems biology in microbiota research 

 

Modeling and simulating metabolic interactions of the gut microbiota is a relatively novel way of 

studying emergent properties of the microbiota. However, with a FBA approach the effects of the 

addition or removal of a single or combination of multiple bacterial species can be studied. Therefore, 

the introduction of a probiotic to a complex bacterial community can be studied. In this manner the 

mechanism of action of the probiotic can be made clear, thus giving scientific evidence for the 

beneficial effects of the probiotic. Furthermore, adding novel bacteria to an in silico community might 

reveal possible targets for the development of novel probiotics. The same accounts for prebiotics. By 

adding the prebiotic to a human gut model, the abundances of bacterial community members can shift 

towards a higher abundance of beneficial bacteria. Therefore giving a mechanistic explanation of the 

workings of the probiotic. The effects of antibiotics or medicine can be studied in a similar way. 

Antibiotics such as vancomycin specifically target gram-positive bacteria, thus giving gram-negative 

bacteria a chance to dominate the human gut. This dysbiosis may lead to less diversity, thereby 

possibly causing diseases
72

.  

 The top-down approach gives insight into the structure of the interactions between bacteria in 

the human gut. It can identify important bacteria as keystone species. By comparing healthy 

individuals with disease individuals, species that play a pivotal role in disease can be identified. Thus 

giving evidence to the cause of the disease. However, the identification of the microbiota as the cause 

of disease can only be identified if a keystone species can be identified
42

. By developing bottom-up 

networks that include intestinal cells, the cause of disease onset might be studied, by manually altering 

the abundances of community members and look at the effects on the intestinal cells. Additionally, the 

output of the intestinal cells can be altered and the effects on the microbiota can be studied. 

 To accurately determine the effect of pro- and prebiotics and determining the cause of 

microbial related disease further developments in both the bottom-up and top-down approach are 

needed. Models should include intestinal cells of the host. Currently, only a small number of models 

include intestinal cells of the host
57, 73

. Although recently 773 metabolic models were constructed
33

, 

more metabolic models of gut bacteria need to be constructed and validated. Furthermore, differences 

in microbial composition between individuals with a disease and healthy individuals need to be 

elucidated for the accurate identification of keystone species. 
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