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The human colon is an anaerobic environment densely populated with bacterial species, creating
what is known as the human intestinal microbiome; an ecosystem imperative to physiological function with regards to metabolism of non-digestible residues, growth of cells and immune protection
from invading organisms. As such, quantifying, and subsequently developing an understanding of the
behaviour of this microbial population can be of great value. Unfortunately, because of the physical
inaccessibility of many parts of the gastro-intestinal (GI) tract, routine experimentation with this environment is not practical. However, theoretical modelling techniques including in vitro and in silico
simulation/experimental platforms provide a means by which further studying of intestinal microflora
can be approached. Perfecting these theoretical models is an important step in further understanding
colon microbiota.
An existing in silico model of carbohydrate digestion in the colon, developed by Muñoz-Tamayo et al.
(2010) has been used as a platform for experimentation with the intention of of discovering features
which may be removed and/or added to improve the performance and reliability of the design. The
model is an adaptation of the waste-water engineering based mathematical model ADM1 (Anaerobic
Digestion Model 1), developed to incorporate biochemical and environmental specifications as well
as physical structures particular to the human colon. The model is then a system of 102-ordinary
differential equation with 66 parameters.
Simulations with the default model configuration as well as variations of input variables, namely dietary fiber consumption and system flow rate, were completed to study the effect on average biomass
concentration, demonstrating significant sensitivity to input variables and an unexpected linearity
based on the non-linearity of the original complex system. Simulations and further study suggest
that advancements in in silico modelling of the colon rely on the development of a metric or scheme
that can effectively compare mathematically generated data with that collected through traditional experimentation. Also, experimenting with various reactor configurations as a basis for mathematical
modelling may prove simpler configurations capable of generating comparable data to more complicated designs which may then also be applicable to existing in vitro representations of the colon.
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Chapter 1

Introduction
When considering solely genetic material from the human genome, it shows humans only to contain
20,000 protein coding genes, a number similar to that found in fruit flies (Turnbaugh et al., 2007).
However, the microorganisms inside and on the surface of humans are estimated to out number human somatic and germ cells by a factor of ten (Turnbaugh et al., 2007). Thus, humans can be thought
of a supra organism, with their genetics defined by their genomes and microbiomes, and metabolic
features a combination of human and microbial traits (Turnbaugh et al., 2007). The Human Microbiome Project (HMP) was developed, similar to the Human Genome Project prior, to systematically
gain insight into the features of the microbiome (Turnbaugh et al., 2007). Topics to be considered
included the stability and resiliency of the microbiome, similarities between the microbiomes of people within families/communities, the existence of an identifiable core biome, and the effects of the
genetic diversity of the biome (Turnbaugh et al., 2007). Understanding these features would allow for
a deeper understanding of a larger question, how does the microbiome, specifically, the concentrated
amount of flora centralized in the colon, affect the overall health and well-being of the host; more
importantly, how can this be used to better improve the health and well-being of the host.
The intestinal habitat of an individual could be host to a culture of 300-500 different species of bacteria
(Borriello, 1986). However, the upper gastrointestinal (GI) tract is sparsely colonized by bacteria due
to the composition of the luminal medium (acidic bile, pancreatic secretions) killing most ingested
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microbes as well as the propulsive activity forcing movement towards the ileal end, making it difficult
for colonization (Guarner and Malagelada, 2003). This causes an increased concentration in the large
intestine, where ecological makeup is well suited for high density bacterial colonization (Alander
et al., 1999).
This colonization begins immediately after birth and occurs within the first few days (Guarner and
Malagelada, 2003). Depending on the mode of delivery and feed type (Heavey and Rowland, 1999),
colonization patterns may vary (Long and Swenson, 1977; Penders et al., 2006). It is shown that
the initial microbes that colonize the large intestine can modulate gene expression in host epithelial
cells as to create habitats that are favourable for themselves and less favourable for other bacteria,
thus being extremely important to the final composition of the gut microbiota (Hooper et al., 2001;
Macfarlane and Macfarlane, 2004).
The gut flora is majorly composed of anaerobic bacteria, out-numbering aerobic bacteria by a factor
of 100-1000 (Salminen et al., 1998). There are three major physiological functions of gut microbiota
(Falk et al., 1998);

1. Metabolic Function: The fermentation of non-digestible dietary residue and dislodged mucus
produced by the epithelia (Roberfroid et al., 1995). The outcome of this process is the recovery
of metabolic energy and absorbable substrates for the host, and energy and nutritive products for
bacterial growth (Guarner and Malagelada, 2003). The metabolic endpoint of the fermentation
of these non-digestible carbohydrates is the generation of short-chain fatty acids (Cummings
et al., 1996). Colonic microflora also plays a part in the metabolism of peptides and proteins, as
well as vitamin synthesis and absorption (Hill, 1997; Miyazawa et al., 1996). The short-chain
fatty acids produced, especially acetate, proprionate and butyrate are highly important in many
host functions (Cummings et al., 1987).
2. Trophic Function: Differentiation of epithelial cells is greatly dependent on the interaction between host and resident microorganisms (Hooper et al., 2001). All major short chain fatty acids
(SCFAs) stimulate epithelial cell proliferation in the large and small bowel in vivo, however,
2
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butyrate inhibits cell proliferation in epithelial cells in vitro (Frankel et al., 1994; Siavoshian
et al., 2000).
3. Protective Function: The main interface between the immune system and the external environment is the intestinal mucosa. The relationship between host and bacteria at the mucosal
interface is an important part in the development of a competent immune system (Guarner and
Malagelada, 2003). Animals bred in germ-free environments are known to have low concentrations of immunoglobins circulation within their blood streams (Butler et al., 2000; Tannock,
2001). Also, resident bacteria provide an important line of physical defence to pathogenic
invasion in what is called the barrier effect. Possible mechanisms leading to the barrier effect include (a) attachment prevention, where non-pathogenic bacteria reduce the space readily
available for the attachment of pathogenic structures (Bernet et al., 1994), (b) nutrient competition, where non-pathogenic bacteria consume all possible nutrients ingested or produced by
the host (Hooper et al., 1999) and finally (c) antimicrobial substance production, where nonpathogenic bacteria produce bacteriocins (Lievin et al., 2000).

With this general understanding of the flora, it is obvious that the physiological role of intestinal bacteria is essential in host health and is an interesting area where further understanding can be beneficial.
Unfortunately, what would be routine experimenting with various factors, such as flora composition,
colon ecological conditions, and dietary changes, is not practical with the lack of accessibility to all
parts of the large intestine. However, using this understanding as a basis to create theoretical models,
further experimentation can be done, allowing for subsequent development of ways to optimize the
function of the microbiota.
In order to overcome the accessibility issue of experimenting with the microbiome, many theoretical
models were created, providing observable results allowing for reasonable conclusions (Macfarlane
and Macfarlane, 2007). A major breakthrough was with the development of an in vitro system, as
a 5-step multi-chamber reactor to simulate the human gastro-intestinal tract, regarded as the Simulated Human Intestinal Microbial System (SHIME) Reactor (Molly et al. 1993). They were able to
3
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simulate the small-intestine as a two step fill and draw system and the large intestine by a three-step
reactor (Molly et al., 1993). The microbial community was represented by an externally created supply, developed to resemble aggregates of the human gastro-intestinal tract (Molly et al., 1993). The
reactor vessels in the five-stage system were continuously stirred by means of a magnetic stirrer, and
the retention time in each simulator vessel was determined by in vivo transit times in the the different
parts of the gastro-intestinal tract (Molly et al., 1993). Reactor vessels were fitted with eight ports: for
input and output of medium, sampling of liquid phase and headspace gases, pH electrode, pH control
(NaOH/HCL addition) and for flushing of the headspace (Molly et al., 1993). This model was then
tested against in vivo data to determine the optimal nutrient medium providing the most reproducible
results (Molly et al., 1993). Enumeration of total anaerobes, total aerobes, faecal streptococci, enterobacteriaceae and Lactobacillus spp. were considered in 4 different media types, and were compared
to in vivo results (Molly et al., 1993). Similarly, short-chain fatty acids: acetic acid, propionic acid,
and butyric acid were compared (Molly et al., 1993). Finally, headspace gases, ammonium concentration and enzyme concentrations were measured and compared (Molly et al., 1993). Based on the
findings, Molly et al. (1993) were able to conclude their simulator would be capable of running further experiments to analyze the principle influences of a variety of easily administerable additives on
the ecology of human gut bacteria (Molly et al., 1993).
Accordingly, Alandar et al. (1999) used the SHIME reactor to study the effect of various probiotic strains on the reactor microbiota. They studied five potential probiotic strains (Lactobacillus
plantarum, two strains of L. paracasei subsp. paracasei, L. rhamnosus and Bifidobacterium sp.) comparatively, observing the impact of the strains on the composition of microbiota and its metabolic
activities. The SHIME reactor was set up and inoculated as in the original description by Molly et
al (1993). The five probiotic strains were administered separately to the SHIME reactor in individual
and separate trials. The experiment showed that with the administration of probiotics, the microbiota
composition demonstrated an increase in lactic acid bacteria and an increase in metabolic function
based on the total short-chain fatty acid production. However, the results failed to show any definitive differences between the effects of varying strains of probiotics, which was one of the desired
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outcomes of the experiment.
In 2005, an in vitro model was designed by Mainville et al. (2005) as an attempt to better simulate
the upper gastro-intestinal tract for a study of probiotics. It was to be a better simulation based on
its ability to simulate conditions of ingestion and digestion by including a food matrix as part of the
model design, with the idea that the in vitro models till then had been oversimplified and as such
did not accurately depict in vivo conditions. The model as designed would allow for experimentation
using a probiotic bacterium before, after, or with meals, giving more realistic results, also allowing for
studies of the organisms sensitivity to the gastro-intestinal transit conditions. Results from this model
indicated a better representation of how the probiotics would be transported within the upper gastrointestinal tract based on the ability of the food matrix to buffer gastric acidity and match conditions
closer to those found in situ. However, the experiment was strictly modelling the stomach and small
intestine, thus no results regarding, or conclusions can be applied, to the effect of probiotics on the
microbiome.
Noting the importance of the mucin-epithelial interface and the associated biome, Van den Abbeele
et al. (2009) used methodological modifications to the in vitro SHIME reactor system to study the
modulation of the mucin-adhered bacterial community. They were looking to develop an assay to
study the mucin colonization of the bacteria from the communities of the SHIME reactor. Their
adhesion assay showed substantial differences between bacterial species with respect to their mucin
adhesion capacity, with the amount decreasing from lactobacilli to fecal coliforms, bifidobacteria,
clostridia and total anaerobes. They also observed intestinal water lowered adhesion compared to
phosphate-buffered saline. Using their results, they concluded that this assay, in conjunction with the
SHIME reactor system, could prove useful in characterizing mucin-associated bacterial communities
in health and disease.
Summarizing the work done a priori, Macfarlane et al. (2007) reviewed a modified SHIME system
that only modelled the lower gastro-intestinal tract (See Figure 1.1), namely the large intestine, with
respect to the breakdown of complex carbohydrates. In their review, they found that the robustness of
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Figure 1.1: Schematic representation of a typical three-stage continuous culture in vitro system used to simulate human
large intestinal behaviour, with a detailed schematic of each individual vessel. Adapted from image in Macfarlane and
Macfarlane (2007).
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the human colonic microbiota allowed it to be studied in great depth and with significant relevance
using in vitro models, listing the following as key positive characteristics of this modelling technique:
• Generally inexpensive to operate
• Easy to set-up
• Rapid turnaround and throughput of samples
• Continuous culture systems allow precise manipulation of environmental variables
• Useful for mechanistic studies
• Facilitates use of radioactive, toxic, and genotoxic substances
• No ethical considerations

However, the same review of in vitro systems suggested the following as potential limitations to an in
vitro design:
• No host immune or neuroendocrine system functionality
• Other biotic factors usually not incorporated into the models (e.g. gut absorptive processes,
digestive tract secretions or defensive systems)
• Epithelial and other colonic biofilms not usually reproduced
• Difficult to control changes in microbiota community structure in the models following inoculation, particularly in closed systems

One approach used as an alternative or in conjunction with in vitro modelling in many fields of ecological experimentation is the development of mathematical models (Banadda et al., 2011; Grimm, 1994;
Othmer et al., 1997). A mathematical model uses mathematical language to describe a process/system
through the hypothesis of relationships between input data, output data and the parameters describing
said process/system (Eberl, 2011). Mechanistic-modelling in ecology involves describing a system
based on mathematical interpretations of the ecological processes (mechanisms) involved in the system (Soetaert and Herman, 2009). The general steps involved in mechanistic modelling are as follows
(Soetaert and Herman, 2009):
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1. Problem definition
2. Developing a conceptual model
3. Formulating a mathematical interpretation
4. Parameterization of the mathematical model
5. Finding mathematical solutions
6. Calibrating and validating
7. Using the model for predictions and analysis

To illustrate the development of a simple mathematical model, let us consider a model for the mass
of a fictional bacterial species E.xample. If our intention is to measure the mass of bacterial species
E.xample, we must conceptually model the factors that are theorized to have an effect as seen in
Equation (1.1).

change of E.xample = growth of E.xample − death of E.xample

(1.1)

If we then represent the mass of E.xample with a variable, X, we can interpret the conceptual model
of Equation (1.1) as a differential equation where we describe more specifically the rate with which
the mass of bacterial species E.xample changes by Equation (1.2), where µg is the rate of growth and
kd is the rate of death of bacterial species E.xample.

dX
= µg X − kd X
dt

(1.2)

The model suggested in Equation (1.2) can then itself be fit with parameters for growth and death
rates, however, further studies into growth and death mechanisms indicates that these parameters
themselves may be represented as variables with regards to biomass. Accordingly, Equation (1.3)
demonstrates a system where the growth term is described by a logistic function, a function commonly used in food and microbiological modelling (Baranyi et al., 1993; France and Thornley, 1984;
Zwietering et al., 1990).
8
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growth

z
}|  {
X
dX
= µ̂ 1 −
X − kd X
|{z}
dt
Xmax

(1.3)

death

Similar to the biomass model developed above, mathematical models of mass/concentration in reactors can be designed. The starting point for any reactor design considerations is the material balance
of all reactants and products (Levenspiel, 1999). This is illustrated conceptually in Equation 1.4

net accumulation = input − output + generation − disappearance

(1.4)

There are many types of ideal reactors (See Figure 1.2), all of which can be designed based on modifications to the conceptual Equation 1.4. The human colon, with its microbial community and functional fermentation, has properties that would lead it to be readily compared to a system of anaerobic
continuous-stirred tank bioreactors(CSTR) connected in series, with slight variations in operating
conditions with each reactor. The conceptual model of Equation (1.4) can be formalized mathematically for growing biomass with concentration X in a CSTR with Monod growth kinetics as in Equation
1.5.

generation
input

z

}| {
S
dX z }| {
= qin Xin − qout X + µ̂
− kd X
{z
}
|
dt
KS + S |{z}
output

(1.5)

decay

In 2010, Muñoz-Tamayo et al. sought to develop a mathematical model representative of the lower
gastro-intestinal tract using a similar physical representation to the system as that of the in vitro
systems. In order to develop a conceptual model of the biological processes taking place within the
modelled colon environment, Muñoz-Tamayo et al (2010) looked to the Anaerobic Digestion Model
developed by the International Water Association (2002).
The International Water Association (IWA) created the IWA Anaerobic Digestion Modelling Task
Group in 1997 at the 8th World Congress on Anaerobic Digestion with the aim of developing a gen9
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(a) Batch Reactor

(b) PFR

(c) CSTR

Figure 1.2: Schematic representations of three types of reactors. (a) Batch Reactor: Reactants are placed in the reactor
and allowed to react for a specified time. Product is then removed upon completion. This system may or may not include
agitation/mixing of the reactants. (b) Plug Flow Reactor(PFR): Reactants and system inputs are forced through in one
direction with products being the output at the distal end of the reactor. Plug flow systems are designed such that there
is no chance of back flow. However, this limits reactants to lateral mixing of fluids; no mixing along the flow path.
(c) Continuous Stirred Tank Reactor (CSTR): Reactants and products are continuously added and removed through out
operation. CSTRs are always well mixed and so uniform distribution upon output is assumed.

eralized anaerobic digestion model as to ensure a common-basis for further model development and
validation studies to make outcomes more comparable and compatible (Batstone et al., 2002b). The
final generic Anaerobic Digestion Model No.1 (ADM1) includes multiple steps describing biochemical and physico-chemical processes involved in anaerobic digestion (Batstone et al., 2002a).
The biochemical steps of anaerobic digestion considered include:
• disintegration from homogenous particulates to carbohydrates, proteins and lipids
• hydrolysis of carbohydrates, proteins and lipids to sugars, amino acids, and long chain fatty
acids (LCFA), respectively
• acidogenesis from sugars and amino acids to volatile fatty acids (VFAs) and hydrogen
• acetogenesis of LCFA and VFAs to acetate
• methanogenesis from acetate and hydrogen/CO2

The physico-chemical steps of anaerobic digestion considered include:

• ion association and dissociation
10
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• gas-liquid transfer

Modelling all reactants and products involved in the aforementioned biochemical and physico-chemical
steps results in a system of 32 dynamic concentration state variables (Batstone et al., 2002b).
Muñoz-Tamayo and his colleagues used the biochemical and physico-chemical processes developed
in the ADM1 that were relevant to his research interest with regards to carbohydrate degradation
(disregarding proteins, lipids, and their subsequent developments) to reduce the number of state variables to 17. However, by describing the colon similar to the in vitro systems, the state variables are
considered in 6 compartments (proximal, transverse, distal colons with mucus and lumen microhabitats). The resulting model was a system of 102 first-order ordinary differential equations (ODEs)
with 333 parameters (Munoz-Tamayo et al., 2010). With assumptions and reductions, the model was
brought down to 60 parameters (Munoz-Tamayo et al., 2010). The model was implemented in silico
using matlab/simulink and the ODE15s solver for stiff models (Munoz-Tamayo et al., 2010). Using
the model, nutritional strategies were evaluated by altering dietary fibre content and observing the
resulting concentrations of various bacterial groups and substrates (Munoz-Tamayo et al., 2010). The
development of this mathematical model has allowed for another source of experimenting with human gastro-intestinal conditions. However, there are some known limitations (Munoz-Tamayo et al.,
2010); namely certain physiological mechanisms such as colonic transit time, water-holding capacity of fibre are poorly described, and also some ecological concerns regarding the specificity of the
microbiome needing better representation (Munoz-Tamayo et al., 2010). There are also concerns regarding the comparability of intestinal microbiota composition results with those of in vivo and in
vitro models based on varying units of measure (Munoz-Tamayo et al., 2010).
Based on the development of the SHIME reactor model, from the original design by Molly et al.
(1993) to the simulations run by Van den Abbeele et al. (2009), one can see that process improvement for more relevant and applicable results can be made. Using these similar principles, such as
incorporating a food matrix to better represent ingestion, and considering bacterial adhesion in greater
depth, are relevant ways in which the current in silica model can be improved. With further devel-
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opment, mathematical models may be able to provide a deeper insight into the gut microbiome, as
they will be able to consider the conditions that can be experimented in vivo and in vitro as well as
conditions that are not easily tested in experiment, such as mucin adhesion, substrate absorption etc.
Further development of mathematical and in silico models should be a key footing in taking the next
step to understanding the human microbiome. And once a deeper knowledge is acquired, in silico
models should prove beneficial in optimizing the microbiome composition and function; promoting
better health and well-being for the host.
This thesis will explore the existing mathematical model of Muñoz-Tamayo et al. (2010) as a tool for
studying bacterial growth behaviour in the colon by using the model as an experimental platform and
completing a series of simulation-based studies to test various hypotheses regarding bacterial system
behaviour to input variable change with the intent of discovering strengths and weaknesses of the
design, thus developing ideas for improvements in future in silico models.
Model improvement is defined to include both modifications that improve biological accuracy and
reproducibility with respect to data generated from in vivo and in vitro experimentation, as well as
modifications that can simplify the model mathematically/computationally while not negatively affecting biological accuracy and reproducibility.
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Model Description
The model used for experimentation was developed by Muñoz-Tamayo et al. (2010) to mathematically describe carbohydrate degradation in the colon. It is organized in a manner analogous to a
system of complex anaerobic bioreactors (See Figure 2.1) that integrates the hydraulic representation
of the physical description (size, direction of flow etc.), description of transport processes (absorption,
adherance, shear removal) and a description of reaction mechanisms (biochemical/metabolic activity),
summarized in a set of differential equations per colon compartment (proximal lumen/mucus, transverse lumen/mucus, distal lumen/mucus, visually depicted in Figure 2.2) described by the state vector
defined by ζ = (sT , z, xT , sTg ) where s = (ssu , sla , sH2 , sac , spro , sbu , sCH4 , sCO2 , sH2 O )T is the vector of the concentrations of the soluble components (glucose, lactate, hydrogen, acetate, propionate,
butyrate, methane, carbon dioxide and water), z is the concentration of complex polysaccharides,
x = (xsu , xla , xH2 a , xH2 m )T is the vector of microbial functional population concentrations, indexed
by the substrate that they utilize (glucose, lactate, acetogenic hydrogen, methanogenic hydrogen),
and sg = (sg,H2 , sg,CH4 , sg,CO2 )T is the vector of concentrations in the gas phase. This results in a
system of 102-ODEs (17 state variables × 2 micro-environments × 3 physiological regions) with 333
parameters.
Hydraulically, the 3 physiologic regions (proximal, transverse and distal) of the colon are each represented by a pair of Continuous-Stirred Tank Reactors (CSTRs) where the lumen reactors are con-
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Figure 2.1: Virtual representation of the reactor set-up basis used to develop the mathematical model of Muñoz-Tamayo
et al. (2010). Mucus compartments as well as proximal and transverse lumen components are modelled as ContinuousStired Tank Reactors, where as the distal lumen is designed as a Semi-Batch Reactor. Lumen components are connected
in series as to illustrate the movement of chyme through the GI-tract.
Table 2.1: Approximate Dimensions of the Human Colon as used in the Model (Values from De Jong et al. (2007))

Anatomical
Region
Proximal
Colon
Transverse
Colon
Distal
Colon
Total

Length
(cm)

Volume of Lumen
microhabitat (L)

Volume of Mucus
microhabitat (L)

21

0.41

0.017

50

0.98

0.042

83

1.63

0.070

154

3.02

0.129

nected in series configuration. This is justified by the presence of significant mixing forces, such as
peristaltic movement and gas production, delivering complete mixing capabilities. Cylindrical geometry of reactors does not favour microbial growth (Liu et al., 2003). To overcome this, colonic bacteria
form dense aggregates, in a process known as self immobilization, to resist hydrodynamic forces and
prevent bacterial washout (Liu et al., 2003). To account for this, the system was modelled for microorganisms to have a higher residence time than hydraulic residence time. The reactor dimensions
are described in Table 2.1.
Transport phenomena considered include diffusion of sugars between lumen and mucus microhabitats, short-chain fatty acid (SCFA), lactate and water absorption in the lumen and mucus, liquid-gas
14
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(a) Segments of the Large Intestine

(b) Colon Cross-sectional

Figure 2.2: Schematic Representations of the Human Colon

transfer and shear loss phenomenon for mucus associated microbiota.
Colonic microbiota catalyze a complex metabolic network to degrade available carbon sources. The
network of conversions are described by aggregated pathways where the microbiota are represented
by their associated microhabitat (lumen or mucus) and functionality within the trophic chain. Functional representation of the microbiota enables one to conciliate the paradox of host specificity of the
colon microbiome with the functional homogeneity amoung individuals (Munoz-Tamayo, 2010). To
integrate reaction mechanisms, the model takes advantage of the extensive research carried out with
regard to anaerobic reactors. The Anaerobic Digestion Model Number 1 (ADM1) developed in 2002
by the International Water Association (IWA) Task force (Batstone et al., 2002a) was used as a basis,
modified to account for the specific characteristics of colon environment. Reductive acidogenesis is
included in the model to describe the contribution of lactate to butyrate production. However oxidative acetogenesis has been removed because of the speed with which SCFAs are absorbed by hosts.
As in ADM1, glucose is considered to be the monomer from polysaccharide hydrolysis. The model
does not include acid-base reactions, pH calculations and inhibition terms for kinetic rates. The model
is derived from mass balances of metabolites and microbial groups that participate in the conversion
processes.
The proximal and transverse lumen share similar functional structures and so are described the same
mathematically. Soluble substrates are described by Equation (2.1), carbohydrates by Equation (2.2),
15
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biomass concentration behaviour by Equation (2.3) and gaseous substrates by Equation (2.4).

input

lost
z }| {
5
qin l
qout l z l l}| {l X l l
l
ṡi = l si,in − l si − γi si − Qi +
Yi,j ρj
V
|V{z }
j=1
| {z }
output

(2.1)

generated

For clarity, Equation (2.1) has been labelled with under/over-braces to help illustrate the physical
meaning of each term enclosed; that is, the soluble-substrate concentration (s) in the lumen environment (indicated by superscript l) of a defined species (indicated by the subscript i) changes with time
according to the concentration of substrate coming into the compartment (where q is flow rate and
V is the volume of the compartment), the concentration of substrate leaving the compartment, the
concentration lost to absorption (γ) and/or as gas (Q), and the concentration generated by metabolic
reactions. The metabolic reactions associated with the generation of substrates, as well as carbohydrate polysaccharide and biomass concentration, can be seen summarized as a Peterson Matrix (Table
2.2), a common tool used in engineering systems with a high quantity of descriptive terms to be
modelled.

ż l =

m
qout
qout
qin l
z
+
z m − l z l − ρl1
in
l
l
V
V
V

(2.2)

Polysaccharide concentration in the proximal and transverse lumen is dependent on the amount of
polysaccharide input into the compartment by both inflow to the lumen and shear of mucins from
the mucus environment, and the concentration lost due to both the outflow and hydrolysis to smaller
sugars.
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j=2

(2.3)

As previously mentioned, the cylindrical shape of a colon, based on the understanding of reactors, is
not conducive to bacterial aggregation, yet this is a prominent feature in the colon. To account for
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this mathematically, an additional residence time, τ is incorporated in the removal term of bacterial
behaviour, Equation (2.3). Also considered in the biomass behaviour are the bacteria gained through
shear from the mucus, b, and lost through attachment to the mucus, a.

ṡg,i =

qg,out
V
qg,in
sg,i,in −
sg,i + Qi
Vg
Vg
Vg

(2.4)

Gaseous substrate behaviour is dependent on the concentration of substrate entering and exiting the
compartment, as well as what has been gained as a result of conversion of soluble substrates.
The distal lumen is represented as a Semi-Batch Reactor rather than a CSTR like the up-stream
lumen environments as a means to incorporate the physiological behaviour of defecation, a periodic
removal of colon contents. As such, its soluble substrate, carbohydrate, biomass and gaseous substrate
concentration behaviours are described differentially by Equations (2.5) through (2.8) respectively.
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(2.8)

Equations (2.5) through (2.8) share the common trait of having a variable output flowrate represented
by qn , as to allow for a period removal of lumen contents upon reaching a critical volume of 300mL,
dropping contents volume to a baseline of 100mL.
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Mucus compartment (proximal, transverse and distal) behaviours are also described by CSTRs, however, they are not connected in series from proximal to distal ends as are the lumen descriptions.
Also, gaseous species behaviour in the mucus environment are considered to be modelled the same
as in the proximal/transverse lumen (Equation (2.4)). Soluble substrate, carbohydrate and biomass
concentration behaviours are described differentially by Equations (2.9) through (2.11) respectively.
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(2.9)

The concentration of soluble substrate in the mucus is a result of the substrate absorbed from the
lumen, substrate lost to absorption by the host and transfer to gas, and substrate generated through
metabolic reactions.

ż m =
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Γ
−
z m − ρm
1
Vm Vm

(2.10)

Polysaccharide carbohydrate in the mucus is a result of the endogenous production of mucins by host
goblet cells, Γ, and losses to transfer of mucins into the lumen and by hydrolysis.
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Biomass concentration behaviour is achieved by considering the amount of biomass attached to the
mucus from the lumen compartments and generated through metabolic reactions and bacterial growth,
as well as loss to shear forces removing bacteria from mucus into the lumen.
As mentioned, the resulting system is then a set of 102 ODEs with 333 parameters before simplification. The biochemical reaction kinetics described in these equations are summarized in the Peterson
Matrix (Table 2.2) and list of parameters (Table 2.3). Default parameters listed in Appendix A.
The model is implemented in silico using matlab/simulink and the ODE15s equation solver adapted
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to stiff models. The model as well as its implementation are developed in detail in the following
works (Munoz-Tamayo, 2010; Munoz-Tamayo et al., 2010).
Table 2.2: Peterson Matrix including biochemical/metabolic reaction terms for soluble substrates, polysaccharide carbohydrates and biomass concentrations
For soluble components
j

Component i

1

2

3

4

5

6

7

8

9

Process

ssu

sla

sH2

sac

spro

sbu

sCH4

sCO2

sH2 O

1 Hydrolysis
Glucose
2
utilization
Lactate
3
utilization

Ysu,z
-1

Kinetic Rate
ρ1 (ξ)

Yla,su YH2 ,su Yac,su Ypro,su Ybu,su
-1

YH2 ,la Yac,la

4 Hyomoacetogenesis

-1

5 Methanogenesis

-1

Ypro,la Ybu,la

Yac,H2 a
YCH4 ,H2 m

YCO2 ,su

YH2 O,su

ρ2 (ξ)

YCO2 ,la

YH2 O,la

ρ3 (ξ)

YCO2 ,H2 a

YH2 O,H2 a

ρ4 (ξ)

YCO2 ,H2 m

YH2 O,H2 m

ρ5 (ξ)

For particulate componenets
Component i

10

11

12

13

14

Process

z

xsu

xla

xH2 a

xH2 m

1 Hydrolysis

-1

j

2 Glucose utilization

ρ1 (ξ) = khyd,z Kx,zzxxsu
su +z
ssu xsu
ρ2 (ξ) = km,su Ks,su
+ssu

Ysu

sla xla
ρ3 (ξ) = km,la Ks,la
+sla

Yla

3 Lactate utilization

8 Decay of xH2 a
9 Decay of xH2 m

x

2
2a
sH2 mxH2 m

YH2 m ρ5 (ξ) = km,H2 m Ks,H m +sH m IpH

2
2
exp(−3( pH−pHU )2 ) if pH < pH ,
U
pHU −pHL
with IpH =
1
if pH ≥ pHU

5 Methanogenesis

7 Decay of xla

s

H2 a H2 a
ρ4 (ξ) = km,H2 a Ks,H
a +sH

YH2 a

4 Homoacetogenesis

6 Decay of xsu

Kinetic Rate

ρ6 (ξ) = kd xsu

-1

ρ7 (ξ) = kd xLA

-1

ρ8 (ξ) = kd xH2 a

-1
-1
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Table 2.3: Number of model Parameters

Parameters
Reactions
Hydrolysis
Contois Parameters
Yield coefficients
Glucose Utilization
Monod Parameters
Yield Coefficients
Lactate Utilization
Monod Parameters
Yield Coefficents
Hydrogen Utilization
Homoacetogenesis
Monod Parameters
Yield Coefficients
Methanogenesis
Monon Parameters
Yield Coefficients
Sub-Total
Transport
Glucose
Lactate
Acetate
Proprionate
Butyrate
Water
Microbial Phenomenon
Shear Constants
Adherence Constants
Additional Residence Time
Liquid-Gas Transfer
H2
CH4
CO2
Sub-Total
Total

Lumen
Subsystem

Mucus
Subsystem

Per Physiologic
Region

Whole System

2
1

2
1

4
2

12
6

2
8

2
8

4
16

12
48

2
7

2
7

4
14

12
42

2
4

2
4

4
8

12
24

2
4
38

2
4
38

4
8
76

12
24
228

1
1
1
1
1

1
2
2
2
2
2

3
6
6
6
6
6

4

4
4
4

12
12
12

2
2
2
15
53

4
4
4
35
111

12
12
12
105
333

1
1
1
1
1
1

4
4
2
2
2
20
58
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Chapter 3

Experimental Design and Methods
To better understand the functionality of the existing mathematical model, a series of simulationbased studies were undertaken with modifications of the source code provided by Muñoz-Tamayo
et al. (2010). Using these studies, further understanding of where simplifications or complexities
can/must be added will be developed; attaining knowledge regarding the value and limitations of the
model.

Initial Simulation
The initial simulation was a means of qualitatively analyzing the behaviour of all simulated variables
using the default parameters recommended by Muñoz-Tamayo et al.(2010) with a dietary fiber consumption of 25 g/day (the median value of fiber intake conditions allowable by the software). A
complete list of these default parameter values can be found in Appendix A. Outputs were computed
for a simulation time of 50 days.

Analysis of Mucus Results
The study was divided into two major components; Analyzing the role of the mucus environment
as a host for microbial inhabitation and mucus gel as a polysaccharide substrate for fermentation by
intestinal bacteria.
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The equation set (3.1) indicates how the model predicts the growth of bacterial species xi differentially
in the lumen environment of the colon, where V is volume, q is the flow rate at the input (in) and output
(out), and τ being additional residence time, a way in which the aggregation of microbial groups can
be represented. The coefficients a and b refer to the adherence and shear phenomena. The kinetic
rate of transformation processes is represented as ρ with the process being represented as j, and Y
indicating the yield of component i. The proximal and transverse lumens are described similar to
continuous-stirred tank reactors (CSTRs) as Equation (3.1a), and the distal lumen, as a semi-batch
reactor by Equation (3.1b).
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Similarly, Equation 3.2 describes how the model predicts the growth of bacterial species i in the
mucus environments of the colon.
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V
j=2

(3.2)

In order to quantify the role of the mucus as a microenvironment, these equations will be solved,
in tandem with the system of equations described in Chapter 2, to determine the concentration of
microbial species in each compartment of the colon.
Similarly to the first set of equations, the model equations seen in Equation 3.3 and 3.4 will be used to
study the role of mucus as a polysaccharide source in the colon. Equation 3.3a describes a CSTR type
system which is representative of the proximal and transverse lumen, and Equation 3.3b describes the

22

CHAPTER 3. EXPERIMENTAL DESIGN AND METHODS

semi-batch reactor growth of the distal lumen.
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ż l =

m
qout
qout
qin l
z
−
z m − l z l − ρl1
in
l
l
V
V
V

(3.3a)

m
qin l
qout
qn
z
−
z m − l z l − ρl1
in
l
l
V
V
V

(3.3b)

The endogenous production of mucins, the polysaccharide basis of mucus gel, is represented by Γ,
and is a constant 5 g/d divided by the three anatomical regions of the colon, thus approx. 1.67 g/d in
calculation.

ż m =

m
qout
Γ
−
− ρm
1
Vm
zm

(3.4)

The solution to these sets of equations will be analyzed to quantify the role of mucus.

Simulation Studies
For the first study, experimental conditions were set to vary fiber concentrations between 10 and 40
g/day using increments of 5 g/day. In order to accomplish this, a simple for-loop was added to the
original source code, automating the generation of data sets. The system flow rate was left at the value
originally prescribed in the source code by Munoz et al, 1.5 L/day, based on the work of (Cummings
and Macfarlane, 1991), and conditions were simulated for a functional time of 30 days (time units
of evaluating the system of equations) to ensure results were not affected by transient effects of the
initial conditions. A total of 7 data sets was generated, each data set providing final values of substrate
and microbial concentrations in each physiological compartment of the colon (proximal, transverse,
distal) and the 2 environmental conditions (mucus, lumen).
The second study was similarly implemented, with variations of system flow rate between 1.4 and
1.6 L/day using increments of 0.01 L/day. A simple for-loop was again used, and an intake of 25
23

CHAPTER 3. EXPERIMENTAL DESIGN AND METHODS

g/day of fiber was set as to represent a regular dietary regime (Munoz-Tamayo, 2010). Experimental
conditions were simulated for 30 days and a total of 21 data sets were generated.
The final study required the implementation of two for-loops varying the fiber concentration between
10 and 40 g/day but with a single increment of 15 g/day, creating the simulation of a low (10 g/day),
regular (25 g/day) and high (40 g/day) dietary fiber intake regiment, and the system flow rate between
1.4 and 1.6 L/day with increments of 0.01 L/day. Again, simulations were run for 30 days and a total
of 63 data sets was generated.
All simulations were run using the original Matlab/Simulink environment on a Dell Precision T3500
Workstation with 2 Xeon Quad-cores and 12gB of DDR3 SDRAM. A summary of experimental
conditions can be found in Table 3.1.
Table 3.1: Summary Of Experimental Conditions

Fiber Intake (g/day)
Flow Rate (l/day)
Simulation Time (days)
Total Data Sets Generated

Study1
10:5:40
1.5
30
7

Study2
25
1.4:0.01:1.6
30
21

Study3
10:15:40
1.4:0.01:1.6
30
63

Data-mining and Analysis
Simulations provided data for the concentration of each of the in silico models 17 defined variables
in 6 compartments at every time step used in the ODE15s solver algorithm. For 30 day simulations,
this resulted in approximately 3x107 points per data set generated.
In order to accurately compare different data sets, standard measures from each group were taken.
Average function values were calculated for each biomass concentration and carbohydrate behaviour
using the the standard equation for average value of a function over the final 5 days worth of observations with the definite integral solved numerically using a non-uniform grid trapezoidal approach
(Weideman, 2002). The final 5 days were chosen as a basis for analysis as to ensure simulation
of a quasi-steady state result after initial transient effects. This can be seen formalized in Equation
24

CHAPTER 3. EXPERIMENTAL DESIGN AND METHODS

3.5, where X is the average biomass concentration, during times a=25 and b=30, with the values
k through N representing every time step between the lower and upper bounds of 25 and 30 days
respectively.

N

1
1X
X=
·
(tk − tk−1 )(X(tk ) + X(tk−1 ))
b − a 2 k=1

(3.5)

Because of the relevance to the study, observations outside of the biomass concentrations and/or
carbohydrate polysaccharide concentration in the prescribed time sets were used only for the error
checking of developed data-mining source codes and not considered in analytical results.

Model Sensitivity to System Flow Rate
In order to study model sensitivity to system flow rate fluctuations, simulations of the in silico model
were run at a constant flow rate (1.5L/day) for 50 days as to achieve some equilibria/dynamic steady
state value in biomass concentration, perturbed to a variant flow rate (±0.1 L/day) for a defined
period of a time (2, 4, 6 or 8 days), and then returned to the original flow rate and allowed to reachieve/recover to stable bacterial densities. For simplicity, the behaviour of only one bacterial type
was followed through simulation, sugar degrading bacteria, based on its prominence as determined
in previous simulations. Simulations were done to include all 6 modelled compartments (proximal,
transverse, distal colon with lumen and mucus gel microenvironments), resulting in 48 behavioural
plots (4 perturbation periods x 2 perturbed states x 6 colon environments).
Analytical Methods
To compute the effect of flow rate fluctuation beyond the qualitative result seen in the biomass
behavioural plots, a quantitative measure called recovery time was found; the amount of time after the perturbation period required for the biomass concentration to re-achieve its original steadystate/equilibrium value. In order to accomplish this, a steady state value was found for the nonperturbed data, using a moving average approach, assessing the average over one hundred-data points
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through out the entire set of data, with steady state being the average value of the hundred point subset
with lowest variance(always the last subset). A similar moving average was calculated for data after
the perturbation period, assessing hundred point data sets. Recovery time was determined as the first
instance where which the moving average of the post-perturbation data set was within ±0.02% of the
average computed as steady state in the pre-perturbed data set.
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Results and Discussion
Results were obtained using the simulation and analysis methods described for the various experimental study conditions stated a priori. The in silico model used considers the following functional
groups of bacteria: (1) sugar consuming bacteria, (2) lactate consuming bacteria and hydrogen consuming bacteria in the form of (3) methanogens and (4) acetogens. To increase the clarity of results, a
standard legend was used to represent the groups in all resultant graphics presented unless explicitly
stated otherwise. This index can be seen as Figure 4.1.

Figure 4.1: Graphical representations used for each of the functional microbial concentrations figures generated unless
explicitly stated otherwise.

Initial Simulation
The simulation was executed using the parameters prescribed by Muñoz-Tamayo et al. (2010) with
a fiber intake of 25g/day (the median value of the allowable fiber intake conditions), generating data
for the 102-state variables defined. These solutions were plotted as concentration versus time graphs,
examples of which can be seen in Figures 4.2 and 4.3, depicting the soluble butyrate concentration
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and sugar degrading bacteria concentration respectively in all compartments of the colon.
It is notable that there is some transient effect within the first few days of simulation. This is attributable to the choice of initial conditions. A complete viewing of all 102 behavioural plots can be
found in Appendix B.

Mucus Analysis
The in silico model used considers the following functional groups of bacteria: (1) sugar consuming bacteria, (2) lactate consuming bacteria, and hydrogen consuming bacteria in the form of (3)
methanogens and (4) acetogens.
Model outputs indicate that sugar degrading, lactate degrading, and acetogenic bacteria densely populate the mucus compartments of the proximal colon. Sugar and lactate degrading bacteria have
population densities in the mucus gel layer that are greater than 12 times that of the lumen environment; acetogens greater than 13 times. Methanogens were greater than 150 times more densely
populated in the lumen environment than the mucus gel, however the concentrations obtained were in
the magnitude of 10-3 , making the microbe very sparse in both environments of the proximal lumen
(Figure 4.4(a)).
In the transverse colon, the density of sugar and lactate degrading bacteria were almost even between
the lumen and mucus compartments. A major shift occurs in acetogen distribution as the lumen is
greater than 104 times more densely populated than the mucus. The community of methanogens is
significantly more dense in the mucus of the transverse colon, being more than 17 times more densely
populated than the lumen (Figure 4.4(b)).
By the distal colon, both sugar degrading and lactate degrading bacteria have become more densely
populated in the lumen than the mucus by close to double. Acetogens are almost exclusively concentrated in the lumen, achieving approximately 106 the population density of the mucus environment.
And methanogens remain most concentrated in the mucus layer, showing approximately 7 times the
microbial density of the lumen environment (Figure 4.4(c)).
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure 4.2: Behavioural Plots for Butyrate Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure 4.3: Behavioural Plots for Sugar Degrading Bacteria Concentration in the Colon
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(a) Proximal Colon

(b) Transverse Colon

(c) Distal Colon

Figure 4.4: Biomass densities in the colon, distribution in the lumen and mucus environments. The densities go from
higher in the mucus to higher in the lumen going across the colon from proximal to distal ends. The exception being
methanogens, which remain highly dense in the mucus gel throughout the colon.

(a) Proximal Colon

(b) Transverse Colon

(c) Distal Colon

Figure 4.5: Total bacterial counts in the colon, distributed across both the lumen and mucus environments. Because of the
significant volumetric size differences in the lumen and mucus environments, the total amount of bacteria are significantly
higher in the lumen than the mucus gel layer.

Even though some bacterial groups were able to achieve densities in the mucus layer upwards of 106
that of the lumen environment, because of the shear difference in volume, shown in Table 4.1, the
total amount of microbial species is still very unevenly distributed (See Figures 4.5(a)-4.5(c)). In the
proximal colon, we see the closest distribution of bacteria, as there are approximately only twice the
amount of lumen based sugar degrading, lactate degrading and acetogenic bacteria. In the transverse
lumen, there are approximately 25 times the amount of sugar and lactate degrading bacteria than the
mucus layer. By the distal colon, there are about 35 times the bacteria in the lumen than the mucus
environment. Methanogens did show more in the lumen than mucus gel, however, their distribution
was much closer, being only twice as populated in the lumen than the mucus.
The concentration of polysaccharides in the lumen environment is approximately 3 times that in the
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Table 4.1: Summary Of volume specifications used in in silico model

Proximal Colon
Transverse Colon
Distal Colon
Total

Lumen Volume (L)
0.41
0.98
1.63
3.02

Mucus Volume (L)
0.017
0.042
0.070
0.129

mucus gel in the proximal colon. However, the concentration is 8 and 50 times larger in the mucus
gel than the lumen environment of the transverse and distal colon respectively.

(a) Concentration of Polysaccharide

(b) Total Amount of Polysaccharide

Figure 4.6: Polysaccharide behaviour in the colon, as a measure of (a) concentration and (b) totals. The concentration
of polysaccharides goes from higher in the lumen environment to higher in the mucus environment moving across the
colon from proximal to distal ends. The total polysaccharide amount is significantly greater in the lumen environment
than in the mucus gel of both the proximal and transverse lumen. This value is fairly similar in both the lumen and mucus
environments of the distal colon.

As expected, because of the difference in volume, the total amount of polysaccharides in the proximal
and transverse colon is much greater in the lumen environment than the mucus gel. In the distal colon,
the total polysaccharide is almost even between both environments.
The mucus environment being more densely populated than the luminal environment of the proximal
colon is expected. From Table 4.1, it is clear that the volume difference of both compartments would
lend towards a higher density in the mucus environment. However, the magnitude with which the
densities vary is quite notable. Turbulent flow is most likely to occur where luminal contents are
fluid, usually the small intestine and proximal colon, and in the case of diarrheal states, the distal
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colon (Barrett et al., 2006). This would be of benefit to bacterial communities inhabiting the mucus
environment as mucus gel shows classic viscoelastic behaviour (Allen, 1981), properties that allow
biofilms of similar viscoelasticity, the ability to withstand transient periods of rapidly changing shear
stress (Hall-Stoodley et al., 2004), such as that described in the proximal colon.
Methanogens prove to be the most interesting of the four bacterial groups defined in the model.
Mathematically, the bacterial growth of Methanogens is modelled the same as the other functional
groups in the proximal lumen and mucus environments (Eq. 3.1a and Eq. 3.2 respectively), however,
the kinetic rate for methanogenesis, the fermentation process for the use of hydrogen and production
of gaseous methane and growth of methanogens, has a pH associated inhibition factor (Batstone et al.,
2002a) as seen in Equation 4.1.

IpH =




exp(−3(

pH−pHU 2
))
pHU −pHL



1

if pH < pHU ,
(4.1)
if pH ≥ pHU

Unlike the lumen environment, the model shows limited sensitivity to pH changes in the mucus gel
environment. This provides a better environment for the growth of methanogenic bacteria. Looking
at the total bacterial amounts of all bacteria in both the lumen and mucus environments, the total
effect of the mucus environment on the amount of biomass in the colon is quite limited. This would
go to suggest that, though the mucus gel layer provides a protective layer that allows for growth of
methanogens, whose product, methane, is only produced in detectable quantities in about one-third
of the adult population (Bond et al., 1971), it has a fairly limited role as a host to bacterial biomass,
especially moving down stream towards the distal end of the colon, where digesta has increased
viscosity and more solid-like behaviour (Lentle and Janssen, 2008).
When considering mucosa produced mucins as a source of polysaccharide, the results suggest it plays
a significant role, especially moving through the colon towards the distal end. This can be explained
by the use of dietary fiber as a fermentation product during the earlier stages of digestion and the
necessity for mucins as a polysaccharide substrate in the later stages. This is interesting because the
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model outputs also indicate the increase of bacterial contents moving downstream, and thus a need
for substrates for sustained viability (See Figure 4.5).
Knowing that mucins are the major substrate available for fermentation moving towards the distal end
of the colon, the question arises as to what this means for the bacterial community. It has been shown
in vitro, that intestinal bacterial populations growing on mucin surfaces are phylogenetically and
metabolically distinct from their planktonic counterparts (Macfarlane et al., 2005), however, this does
not appear to be the case in the model outputs, showing similar proportions of functional bacterial
groups through all three portions of the colon, not trending with the substrate availability. This may
be attributed to the limitation of four measured functional groups, but could be further explored with
expanded phylogenetic considerations.

Simulation Studies
Study I: Influence of Fiber Consumption on Model Outputs
Microbial concentrations in the lumen environment showed notable sensitivity to changes in fiber
consumption. Such sensitivity was also noted in the mucus compartment of the proximal colon,
however the environments of the distal and transverse sections remained robust. Sugar degrading
bacteria showed apparent linear growth in relation to fiber consumption, highest seen in the transverse
lumen and proximal colon. Similar patterns can be observed with lactate degrading bacteria average
concentration as well as acetogenic biomass.
Methanogenic bacteria concentration showed little sensitivity to fiber consumption in all compartments (proximal, transverse and distal) in both environments (mucus, lumen). It also does not have
much of a presence in the overall biome of the colon, only showing notable existence in the mucus
environment of the transverse colon, where acetogenic bacteria showed little presence.
As expected, the amount of dietary fiber consumed has a significant effect on the average biomass
concentration in the lumen environment tabulated for the majority of bacterial phenotypes considered
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(a) Proximal Lumen

(b) Transverse Lumen

(c) Distal Lumen
Figure 4.7: Effect of varying dietary fiber consumption on the concentration of biomass in lumen compartments of the
colon model. Linear growth of sugar degrading, lactate degrading and acetogenic bacteria can be seen in all 3 lumen
compartments. Methanogenic bacteria show little presence in the microbial composition in all three compartments, as
well as little change in response to variation in fiber consumption.
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(a) Proximal Mucus

(b) Transverse Mucus

(c) Distal Mucus
Figure 4.8: Effect of varying fiber consumption on the microbial concentration in the mucosal environments of the
colon model. Sugar degrading, lactate degrading and acetogenic bacteria showed some sensitivity to consumed fiber
in the proximal colon. All four bacterial phenotypes showed limited sensitivity to variations in consumed fiber in the
transverse and distal colon. Acetogenic bacteria showed very little presence in the transverse compartment. Conversely,
methanogenic bacteria only showed notable existence in the mucus environment of the transverse colon model.
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by the model.
The model represents bacterial concentration in the lumen differentially as described by Equation 4.2
where x is biomass concentration, q is flow rate, V is volume, a and b are coefficients representing
the adherance and shear phenomena of lumen and mucousal environment interactions, ρ is the kinetic
rates of transformation processes indicated by j (ie. glucose utilization, lactate utilization, decay of
biomass etc) and Y is the yield component of that process. The superscript l is to indicate lumen environment and the subscript i indicates the component being considered (ie. sugar degrading bacteria,
lactate degrading bacteria, etc).
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The kinetic rate of hydrolysis, the degradation of polysaccharides into monosaccharide sugars, as
expected, is highly depended on the availability of substrate fiber. The subsequent monosaccharide
sugar concentration is then used in determining the kinetic rate of the other soluble substrates (ie.
lactate, hydrogen). Based on this immediate and/or subsequent effect on so many of the kinetic
processes, the influence of fiber consumption in lumen bacterial concentrations comes as no surprise.
In the mucus, the model represents bacterial concentration as described by Equation 4.3.

9

ẋm
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However, unlike the lumen environment, the polysaccharide substrate used to determine the kinetic
rate of hydrolysis was not dietary fiber consumption, rather, endogenous mucin; those created by
the host. Being that this was not varied, it is clear as to why dietary fiber had no effect on bacterial
concentration in the transverse and distal compartments of the mucus environment in this model. The
proximal mucus did show some sensitivity to dietary fiber consumption even though it is not directly
involved in solving. This is due to the high absorption rates (diffusion coefficients) by the mucus
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environments of soluble substrates developed in the proximal lumen.
Study II: Influence of System Flow Rate on Model Outputs
The range for which system flow rates was altered was very small, varying by only 0.2L/day. However, average biomass concentrations proved to be very sensitive to this parameter. Similar to fiber
effects, most sensitivity was observed in the lumen environment of all three physiological regions
and the mucus environment of the proximal colon. The transverse and distal mucus environment was
very robust to variations in system flow rate. Sugar degrading, lactate degrading and acetogenic bacteria concentrations in the lumen environments decreased with an increase in flow rate, with the most
sensitive region being the distal colon. In the proximal mucus, the average biomass concentrations
increased with system flow rate.
Methanogenic bacteria again showed limited sensitivity and presence in all regions and compartments
of the colon except the distal lumen, where the average biomass concentration decreased with an
increase in flow.
Intuitively, decreasing the system flow rate, thus increasing the time for interaction between bacterial
species and substrate, would increase the potential for growth of said bacterial species. Conversely,
increasing the system flow rate would decrease time for interaction of bacteria and substrates and
increase chances of wash-out, thus decreasing the potential for growth of bacterial species.
This is the behaviour as modelled and observed in the results of the lumen environment for most
bacterial species. Because of the lack of movement between mucus environments, system flow-rate
is not a variable considered in bacterial growth model of the colon mucus (See Equation 4.3). Noting
this, it is quite clear as to why flow rate has limited effect on the average biomass concentration in the
mucus environments of the transverse and distal colon models.
Similar to the effects seen with fiber consumption, flow rate had a significant effect on the average
growth rate in the mucus environment of the proximal colon, where increases in flow rate promoted
an increase in average biomass concentration. This is because of the increase in substrate availability
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that is a result of the increased flow rate and high absorption rates observed between the lumen and
mucus environments of the proximal colon.
Study III: Influence of Fiber Consumption and System Flow Rate on Model Outputs
High activity in the distal lumen and proximal mucus as seen in Study II made these prime locations
for studying the effect and interaction between system flow rate and fiber consumption in determining
average bacterial concentration. Also, because of the prominence and physiological importance of
hydrolysis in the fermentation of carbohydrates (Sears, 2005), this study was kept to the analysis
of the average biomass concentration of sugar degrading bacteria in the distal lumen and proximal
mucus.
The results of the 2-factor simulation where both fiber consumption and system flow rate were varied
suggested that the effect of fiber consumption is substantially less notable then that of the system flow
rate with regards to predicting average biomass concentration behaviour. This is an interesting development as fiber consumption is a highly involved variable in the model, having been used directly or
indirectly in most rate kinetic parameters of the system, as described, having a significant impact on
the substrate availability to bacterial species inhabiting the colon.
Traditionally, bacterial growth rate is defined as being a function of population density (P) as well as
the concentration of the limiting nutrient (S) (Contois, 1959) as in Equation 4.4, where um and B are
growth parameters that are constant under defined conditions.

R=

um S
BP + S

(4.4)

As such, the expectation once again would be that fiber consumption, or substrate availability, would
play a major role in the behaviour of the average biomass concentration. However, in continuous
culture systems, once an equilibrium is reached, the growth rate of bacteria can also be described as
equal to the dilution rate, or rate of flow of medium through the culture vessel per unit volume of
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culture (Herbert et al., 1956). In a continuous system where bacteria is grown in optimal media and
growth conditions, the growth rate is proportional to the medium flow rate (Gilber et al., 1989). Since
the ecological composition of the human colon creates optimal conditions for growth (Turnbaugh
et al., 2007), fiber consumption has much less of an effect than the flow of material on the average
bacterial concentration in the colon.
Relationships and Linearity
Visually, the results of Studies I-III show significant apparent linearity. This linearity was confirmed with regards to the behaviour of sugar degrading bacteria, where determination coefficients
(R2 -values) were very close to 1 in all compartments and all studies, the only exception being the
behaviour of average biomass concentration with respect to dietary fiber consumption in the distal
mucus. The observed linear relationships and calculated determination coefficients are shown in Tables C.8–C.3, where n represents dietary fiber consumption, q is system flow rate and X is the average
biomass concentration of sugar degrading bacteria.
Table 4.2: Linear relationship between sugar degrading bacterial density and fiber consumption in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = 1.63n + 32.07
X = 4.19n + 75.48
X = 4.06n + 94.91
X = 4.93n + 768.97
X = 0.02n + 167.40
X = −0.01n + 94.50

Adjusted R2
0.9985
0.9994
0.9947
0.9797
0.9970
0.4074

As discussed, the relationships between dietary fiber consumption, system flow rate and average
biomass density followed as expected based both on intuition and model definition. That is; dietary
fiber consumption has a positive effect on average biomass concentration, system flow rate has a
negative effect on average biomass concentration, and system flow rate has a more significant role
in determining average biomass concentration than dietary fiber consumption. However, the level of
linearity with which these relationships exist is not nearly as intuitive.
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Table 4.3: Linear relationship between sugar degrading bacterial density and system flow rate in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = −42.93q + 138.05
X = −28.99q + 225.25
X = −270.348q + 660.91
X = 219.03q + 660.91
X = 1.47q + 168.59
X = 2.47q + 90.57

Adjusted R2
0.9947
0.9649
0.9786
0.9984
0.9814
0.9997

Table 4.4: Linear relationship between sugar degrading bacterial density and system flow rate and dietary fiber consumption in various compartments of the colon model.

Environment
Distal Lumen
Proximal Mucus

Linear Relationship
X = 4.05n − 255.81q + 479.89
X = 4.98n + 217.80q + 436.53

Adjusted R2
0.9877
0.9832

As seen in Equations 4.2 and 4.3, as well as in the works of Munoz-Tamayo (2010), the model used
is a system of non-linear ordinary differential equations with a high level of complexity; including
102-state variables and 333 parameters. When the plotting resolution is adjusted to a tighter range, as
to include only a single species of bacteria, some of the complexity of the original system becomes
more evident. In the case of sugar degrading biomass concentration changes with respect to flow rate
in the proximal lumen compartment, a linear regression with quadratic fit shows superior fit to the
linear model. However, in the domain of measured flow rates, the determination coefficient is only
0.45% better in a quadratic-fit model than a linear model. The domain of measured flows is up to
±6.7% of the normal value and such a range of fluctuations is unlikely in a system moderated by
homeostatic responses. Additionally, other polynomial models did not show improved fit over linear
models in any of the other compartments with results from any other study. Such results suggest that
even though the underlying mechanisms being described in the model show such high dimensionality,
a linear model can provide a fairly accurate estimation of the values achieved by model simulation,
especially within a domain of physiologically relevant values.
The determination coefficient of the linear model relating average biomass concentration to dietary
fiber consumption in the distal mucus was not supportive of linear predictions. Looking at the results
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of this experiment with different resolutions, it becomes quite clear that bacterial concentration is
limited to a very small range of values. As such, even though a precise prediction based on a linear
model cannot be made, a fairly reasonable approximation can be made within the limited range.

Model Sensitivity
Behavioural plots were obtained using the methods previously described, showing how the concentration of sugar degrading bacteria in the model behaves with a sudden fluctuation in system flow rate
over a period of time. A sample set of behavioural plots, with a system flow change of -0.1L/day over
a period of 8 days, are shown in Figure 4.14. A full package of behavioural plots can be found in
Appendix D.
Recovery time was computed as previously described, representing the amount of time necessary
for a system to regain its steady-state/equilibrium value after being subject to a perturbation. These
values, and their relationship to perturbation length can be seen represented graphically for all parts
of the colon in Figure 4.15.
The behavioural plots obtained (as seen in Figure 4.14 and Appendix D) were as expected. After
an initial transient period, bacterial concentrations reached an equilibrium/steady value. The period
of perturbation shows concentrations changing erratically. Upon return to the original flow rate, the
system experiences another transient phase, and finally a return to an equilibria/steady value.
The recovery time plots seen in Figure 4.15 indicate that recovery from a system perturbation to a
higher flow rate is more easily achieved than that of a system perturbed to a lower flow rate. Also, the
perturbation period has a very limited effect on the recovery time, as computed recovery times appear
fairly constant within each colon compartment.
The recovery time plots confirm an observation noted in the previously described experiment (See:
Simulation Studies), that is, the bacterial concentration in the transverse and distal mucus gel environments is very robust to changes in flow rate, showing notably quicker recovery times than that seen
in the proximal and transverse lumen, and the proximal mucus environment. Qualitatively, it would
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appear as though the recovery time for the distal lumen would be similar to that of the proximal and
transverse lumen. However, the recovery time computed is in fact the lowest in the distal lumen environment, being very close to instant even with the tight recovery specification of within ±0.02%.
Such a result is also contrary to that expected based on previous experimentation. This would indicate
there is likely a flaw within the current Recovery Time computation method, likely due to the cyclic
resetting nature of the distal lumen model.
The Recovery Time computation model is based on the average biomass concentration over a set
of a hundred collected data points, selecting the subset with lowest variance as representative of
equilibrium/steady state. In the case of the distal lumen, the lowest variance is still significantly higher
than the variances achieve in other colon compartments. This can be attributed to the behaviour of the
concentration being modelled with a semi-batch reactor nature, with its contents being reset upon the
achievement of a pre-defined critical volume. A better model of recovery time in this section of the
colon may then include the use of the maximum achieved biomass concentration as a representation
of a equilibria/steady-value to which the bacteria is expected to recover.

43

CHAPTER 4. RESULTS AND DISCUSSION

(a) Proximal Lumen

(b) Transverse Lumen

(c) Distal Lumen
Figure 4.9: Effect of varying system flow rate on the microbial concentration in the lumen compartments of the colon
model. Linear decline of sugar degrading, lactate degrading and acetogenic bacteria can be seen in all 3 lumen compartments. Methanogenic bacteria shows little response to flow rate variation.
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(a) Proximal Mucus

(b) Transverse Mucus

(c) Distal Lumen
Figure 4.10: Effect of varying system flow rate on the microbial concentration in the mucosal environments of the colon
model. Both transverse and distal compartments showed little sensitivity to variation in flow rate. However, bacterial
concentrations in the proximal section showed sensitivity, growing linearly with changes in system flow values.
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(a) Distal Lumen

(b) Proximal Mucus

Figure 4.11: Effect of both system flow rate and fiber consumption on the average concentration of sugar degrading
bacteria in the (a) distal lumen and (b) proximal mucus compartments of the colon model.

Figure 4.12: Multiple regression fits on data set of sugar degrading bacteria in the proximal lumen. Large black dots
indicate the experimental value, the dotted line is values predicted by a linear model, and the solid black line indicates
values predicted by a quadratic fit. Linear determination coefficient was 0.9947.
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(a) Zoom 1: Range 94.2–94.7

(b) Zoom 2: Range 90–100

Figure 4.13: Plots of experimental results (solid line) and regression coefficient predicted results (dotted line) of average
sugar degrading bacteria concentration with respect to dietary fiber consumption in the mucus environment of the distal
colon at different resolutions of plotting. R2 = 0.40

(a) Proximal Lumen

(b) Transverse Lumen

(c) Distal Lumen

(d) Proximal Mucus

(e) Transverse Mucus

(f) Distal Mucus

Figure 4.14: Sample set of behavioural plots for flow rate perturbations in the colon. The system was simulated at a
constant flow rate of 1.5L/day for 50 days, changed to a flow rate of 1.4L/day for 8 days, and returned to the original flow
rate, 1.5L/day, for an additional 50 days.
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure 4.15: Plots showing the recovery time of sugar degrading bacteria density and its relation to perturbation time in
all parts of the colon with (∗) representing a perturbation of -0.1 L/day and (◦) representing a perturbation of +0.1 L/day.
The time to recovery in the proximal mucus with perturbation value of -0.1L/day for a period of 8 days was not obtained
to the strictness defined (±0.002%) within the 50 days of simulation.
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Conclusions and Further Recommendations

5.1

Simulation/Experimentation

The human intestinal microbiota is a symbiotic ecosystem inhabiting the colon, functioning in many
ways necessary to maintain human physiology. A handful of knowledge sets must be acquired in order
to develop a comprehensive understanding of the inner mechanisms of colon microbiota function,
including obvious fields; human anatomy and physiology, microbiology and ecology, biochemistry
and metabolism; as well as less obvious but theoretically applicable fields; polymer chemistry, fluid
dynamics, reactor design, and computation.
Much effort has been put into studying and understanding the human gut microbiota both in vivo
and in vitro, showing a continuous improvement in knowledge gains and experimental technique.
However, there are limitations to the extent with which both in vivo and in vitro studies can be taken,
based on factors including but not limited to: physical inaccessibility to various colon locations, lack
of variable control in experimental design, and time/cost required for study completion. As such, an
alternate study technique used in place of or in conjunction with standard in vivo and in vitro work is
in silico development; the use of mathematical/computational models. This technique was applied to
colon microbiota study in this thesis.
An initial study was performed using a single simulation to quantitatively measure the effects of the
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mucus in the colon, and subsequently assess its importance in theoretical modelling. The model results demonstrate a significant importance of the mucus environment in the proximal colon, providing
a stable environment where incoming flow of digesta can create a large turbulent zone (Barrett et al.,
2006). It also proved an important environment for the growth of methanogens, a highly sensitive bacterial group, experiencing varying inhibition with acidity changes, in all three physiological regions
of the colon.
The results also demonstrated the importance of mucus related, endogenous polysaccharides, in
downstream sections of the colon, where dietary fiber is not as readily available for fermentation.
However, these results don’t effectively illustrate changes within the functional groups of measured
bacteria, a result expected from literature (Macfarlane et al., 2005). This is of great importance in
truly assessing the importance of endogenous mucins as a substrate source in theoretical models.
Further comparisons with results from in vitro models would be a next step in truly understanding the
role of the mucus gel layer. Based on the in silico results, the development of a novel mathematical
model in which the turbulent nature of the proximal lumen digesta and mucus environments remain
modelled as continuous stirred tank reactors, and transverse and distal lumens are void of mucus
environments, however incorporating a plug flow design where concentration changes are modelled
longitudinally rather than as compartmentally to better model the physical nature of the digesta as
it flows through the luminar passage from transverse colon to defecation. The physical characteristics of digesta, most notably viscosity, may influence mixing, efficiency of digestion and absorption
within the lumen of the intestine (Lentle and Janssen, 2008). Incorporating a wider range of digesta
properties may improve the exploration capabilities of an in silico model, and subsequently provide a
more telling conclusion on the role of the mucus gel in the human colon.
Following the mucus analysis, a simulation study of the effects of select input variables was completed. This study sought out to measure how well dietary fiber consumption moderates the effects
of changes in system flow rate to the bacterial composition in the human large intestine using an in
silico model of the colon to perform experimentation. To formulate results, the study was broken into
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three components, separately studying the effects of fiber (Study I) and flow rate (Study II), and then
studying both factors to see how either affects the other (Study III).
As predicted mathematically, and confirmed through experimentation, bacterial concentrations in the
lumen components of the colon model were sensitive to changes in dietary fiber consumption. Other
than the proximal compartment, the mucus environments showed little sensitivity. Similarly, bacterial
concentrations in the lumen components of the colon model were sensitive to changes in system flow
rate, and robust in mucus environments other than the proximal colon.
When studying the effects of dietary fiber consumption and flow rate in tandem, it is apparent that
flow rate has a significantly stronger effect on the behaviour of bacterial concentrations than fiber
consumption. This is because of the optimal growing conditions and continuous-culture behaviour of
the human colon model.
The linearity with which the factors studied were related was unexpected based on the complexity
of the underlying system. The average biomass concentration of sugar degrading bacteria can be
predicted with a high level of accuracy using a linear model including dietary fiber consumption,
system flow rate, or a combination there of.
The ability to simplify a high-dimensional, non-linear system using linear relationships within a domain of reasonably expected values, can greatly open up options with modelling and implementation,
the development of experimental platforms and to generate behavioural predictions. Based on the
stability and linearity with which average biomass concentration and system flow rate are related,
further development of a novel computational model, where bacterial concentrations behaviour in the
colon can be predicted based on the behaviour of system flow rate, including behaviour that may be
pathogenically or dietarily induced, will be considered. However, such a simplified system will be
unable to predict and theorize mechanistic intricacies of processes, thus limiting its use to an absolute
abstraction of the process.
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Mathematical Model of Intestinal Microflora

The deterministic model of Muñoz-Tamayo et al. (2010) provided a means to experiment and explore
the human intestinal microbiota, providing data with a level of precision not achievable in standard
experimentation. The mathematical model was able to hypothesize state-variable interactions and
mechanisms there of. However, based on the research completed in this work, it is clear there are
many ways in which the model may be improved upon.
The biggest challenge working with the existing in silico model of the colon is the inability to effectively compare the generated output results to existing data from either in vivo or in vitro experiments.
The four measured biomass concentrations are of bacterial species representing different trophic levels in the metabolism of carbohydrates. The data generated from in vitro experimentation often features a specific set of bacterial groups, namely: Bacteroides, Clostridia, Lactobacilli, Bifidobacteria,
and faculatative aerobic bacteria such as Enterobacteria and Gram Positive Cocci. If a system can be
devised to classify the anaerobic bacterial species from in vivo and in vitro results within the groups
modelled in the in silico model, the results of mathematical model simulation will become more
readily validated, thus providing more than a hypothesis of mechanism; the model results will be
clinically/experimentally applicable.
Another improvement of the existing mathematical model may include simplification with respect to
the configuration of the analogous reactor design used as a basis to model development. The current
mathematical system involves compartmentalizing mathematics of physiological regions in the form
of virtual reactors. The system considers 5 CSTRs representing the proximal lumen, transverse lumen, proximal mucus, transverse mucus and distal mucus, and an SBR representing the distal lumen.
Results from experimentation confirm a common notion, that the majority of digestion occurs in the
densely populated and turbulent flow environment of the proximal colon, with the distal portions of
the colon mainly performing as a system for water absorption from fecal matter. Experimenting with
varying configurations of the same adapted ADM-based mathematics, such as a system involving a
single-cstr representing the proximal lumen and a single batch reactor representing the transverse and
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Figure 5.1: Possible reactor configuration used as basis in future mathematical and in vitro model developments

distal lumens (See Figure 5.1), to see if generated output results are comparable to a significantly
more complicated original configuration, would simplify computing, and may even be applicable in
the configuration of in vitro experiments. The obvious issue with experimentating with configuration
is the retrieval of initial data. Currently, fecal samples are commonly used to represent the intestinal
microbiota, a very fair representation of the flora found in the distal colon. However, to suggest that
this flora can also fairly represent the proximal lumen may be inappropriate based on the significant
environmental differences between the proximal and distal colons, as well as the effects of the time
elapsed in transit of chyme.
Incorporating the aforementioned ideas, that is altering the analogous reactor representation of the
existing model (See Figure 5.1) to reproduce the digestion patterns longitudinally through the GItract, and implementing a system to convert/compare mathematically simulated data with the data
generated through in vivo and in vitro experimentation, are next steps in the pursuit of an optimal
mathematical description and in silico representation of colonic microbiota. With improved designs
of mathematical models, it can be expected that an in silico model will provide deeper insights into the
behaviour of specific sub-groups of core colonic bacteria, and that the experimental results generated
will better represent the intestinal microflora and have a more immediate clinical application.
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Appendix A

Default Simulation Parameters
The following are tables containing the default parameter values of the mathematical model used for
experimentation.
Table A.1: Default Physiological Parameters - as set by Muñoz-Tamayo et al. (2010)

Physiological Parameters
Patm
ρH2 O
R
T
qin
Vg
Γ

Value
1.013 bar
0.08274 bar
0.08314 bar/(MK)
310.15 K
1.5l/d
10% of environments contents
5 g/d

Table A.2: Default Kinetic Parameters - as set by Muñoz-Tamayo et al. (2010)

Parameter
khyd,z
km,su
Yla,su
Ypro,su
YH2 O,su
Yla
Ypro,la
YH2 O,la
YH 2 a
YH2 O,H2 a
YH 2 m
YH2 O,H2 m

Value
1.2e3
7.92
0.499
0.240
1.440
0.120
0.267
0.493
0.043
0.629
0.062
0.686

Parameter
KX,Z
Ks,su
YH2 ,su
Ybu,su
km,la
YH2 ,la
Ybu,la
km,H2 a
Yac,H2 a
km,H2 m
YCH4 ,H2 m
kd

Value
29.99
0.0026
1.44
0.270
103
0.400
0.200
108.837
0.143
22.581
0.095
0.01
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Parameter
Ysu,z
Ysu
Yac,su
YCO2 ,su
Ks,la
Yac,la
YCO2 ,la
Ks,H2 a
YCO2 ,H2 a
Ks,H2 m
YCO2 ,H2 m

Value
0.005
0.120
0.567
1.100
6.626e-3
0.133
0.533
0.0017
-0.5
1.563e-6
-0.450
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Table A.3: Paramters associated with mass-transfer phenomena

Parameter
kL a

Value
200 d−1
7.29e-4
M/bar
0.0255
M/bar
0.0011
M/bar

KH,H2
KH,CO2
KH,CH4

Table A.4: Paramters associated with mass-transfer phenomena (continued)

Parameter

l
γsu
l
γla
l
γac
l
γpro
l
γbu
l
γH
2O
m
γla
m
γac
m
γpro
m
γbu
m
γH
2O

Value
Transverse
Colon
3.90 l/d
0.43 1/d
0.64 1/d
0.62 1/d
0.57 1/d
0.77 1/d
12.60 1/d
18.90 1/d
15.32 1/d
12.88 1/d
0.01 1/d

Proximal
Colon
1.60 l/d
0.88 1/d
1.32 1/d
1.07 1/d
0.90 1/d
1.60 1/d
12.60 1/d
18.90 1/d
15.32 1/d
12.88 1/d
0.01 1/d

Distal
Colon
6.3 l/d
2.03 1/d
3.05 1/d
2.47 1/d
2.49 1/d
3.66 1/d
12.60 1/d
18.90 1/d
15.32 1/d
12.88 1/d
0.01 1/d

Table A.5: Paramters associated with microbial phenomena

Paramater
ai
bi
τi

Value
0
0.08 1/d
1.0 1/d
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APPENDIX B: Default Simulation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.1: Behavioural Plots for Monosaccharide Sugar Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.2: Behavioural Plots for Lactate Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.3: Behavioural Plots for Acetate Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.4: Behavioural Plots for Butyrate Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.5: Behavioural Plots for Proprionate Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.6: Behavioural Plots for Hydrogen in Liquid Phase Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.7: Behavioural Plots for Methane in Liquid Phase Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.8: Behavioural Plots for CO2 in Liquid Phase Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.9: Behavioural Plots for Sugar Degrading Biomass Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.10: Behavioural Plots for Lactate Degrading Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.11: Behavioural Plots for Acetogen Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.12: Behavioural Plots for Methanogen Concentration in the Colon
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(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.13: Behavioural Plots for Gaseous Hydrogen Concentration in the Colon
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APPENDIX B: Default Simulation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.14: Behavioural Plots for Gaseous Methane Concentration in the Colon
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APPENDIX B: Default Simulation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.15: Behavioural Plots for Gaseous Carbon Dioxide Concentration in the Colon
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APPENDIX B: Default Simulation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.16: Behavioural Plots for Water Concentration in the Colon
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APPENDIX B: Default Simulation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure B.17: Behavioural Plots for Resistant Starch Concentration in the Colon
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Appendix C

Complete List of Linear Relationships and Deterimination Coefficients
Table C.1: Linear relationship between sugar degrading bacterial density and fiber consumption in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = 1.63n + 32.07
X = 4.19n + 75.48
X = 4.06n + 94.91
X = 4.93n + 768.97
X = 0.02n + 167.40
X = −0.01n + 94.50

Adjusted R2
0.9985
0.9994
0.9947
0.9797
0.9970
0.4074

Table C.2: Linear relationship between sugar degrading bacterial density and system flow rate in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = −42.93q + 138.05
X = −28.99q + 225.25
X = −270.35q + 660.91
X = 219.03q + 660.91
X = 1.47q + 168.59
X = 2.47q + 90.57

Adjusted R2
0.9947
0.9649
0.9786
0.9984
0.9814
0.9997

Table C.3: Linear relationship between sugar degrading bacterial density and system flow rate and dietary fiber consumption in various compartments of the colon model.

Environment
Distal Lumen
Proximal Mucus

Linear Relationship
X = 4.05n − 255.81q + 479.89
X = 4.98n + 217.80q + 436.53
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Adjusted R2
0.9877
0.9832

APPENDIX C: Linear Coefficients
Table C.4: Linear relationship between lactate degrading bacterial density and fiber consumption in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = 0.73n + 13.89
X = 1.88n + 32.78
X = 1.83n + 41.35
X = 2.24n + 350.39
X = 0.06n + 74.46
X = (−3.2e − 3)n + 41.71

Adjusted R2
0.9985
0.9994
0.9948
0.9795
0.9970
0.4076

Table C.5: Linear relationship between lactate degrading bacterial density and system flow rate in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = − − 19.89q + 61.95
X = −14.21q + 101.84
X = −121.27q + 271.15
X = 99.40q + 260.20
X = 0.69q + 75.00
X = 1.14q + 39.88

Adjusted R2
0.9948
0.9709
0.9790
0.9984
0.9817
0.9997

Figure C.1: Multiple regression fits on the lactate degrading bacteria versus flow rate in the proximal lumen data set.
Large black dots indicate the experimental value, the dotted line is values predicted by a linear model, and the solid black
line indicates values predicted by a quadratic model. Linear determination coefficient was 0.9948.
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APPENDIX C: Linear Coefficients
Table C.6: Linear relationship between acetogeic bacterial density and fiber consumption in various compartments of the
colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = 0.91n + 16.06
X = 2.21n + 37.07
X = 2.15n + 46.01
X = 2.86n + 444.25
X = (8.0e − 8)n + 8.7e − 3
X = (4.3e − 9)n + 2.3e − 4

Adjusted R2
0.9989
0.9992
0.9932
0.9797
0.5491
-0.04238

Table C.7: Linear relationship between acetogenic bacterial density and system flow rate in various compartments of the
colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = −24.84q + 76.62
X = −17.54q + 119.53
X = −139.49q + 311.53
X = 126.82q + 329.26
X = (−5.3e − 7)q + 8.7e − 3
X = (5.8e − 7)q + 5.7e − 7

Adjusted R2
0.9948
0.9705
0.9733
0.9984
-0.04927
0.0015

Figure C.2: Multiple regression fits on the acetogenic bacteria versus flow in the proximal lumen data set. Large black
dots indicate the experimental value, the dotted line is values predicted by linear coefficients, and the solid black line
indicates values predicted by a quadratic model. Linear determination coefficient was 0.9948.
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APPENDIX C: Linear Coefficients
Table C.8: Linear relationship between methanogenic bacterial density and fiber consumption in various compartments
of the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = (−5.4e − 5)n + 0.54
X = 0.21n + 3.39
X = 0.22n + 5.77
X = (1.1e − 7)n + 3.5e − 3
X = 0.12n + 139.76
X = (−5.8e − 3)n + 78.85

Adjusted R2
0.9951
0.9933
0.9451
0.7117
0.9970
0.4074

Table C.9: Linear relationship between methanogenic bacterial density and system flow rate in various compartments of
the colon model.

Environment
Proximal Lumen
Transverse Lumen
Distal Lumen
Proximal Mucus
Transverse Mucus
Distal Mucus

Linear Relationship
X = 0.21q + 0.22
X = −3.03q + 13.12
X = −18.01q + 38.18
X = (6.8e − 6)q + 3.5e − 3
X = 1.237q + 140.74
X = 2.07q + 75.53

Adjusted R2
0.9998
0.9972
0.8250
0.5018
0.9814
0.9997

Figure C.3: Multiple regression fits on the methanogenic bacteria versus flow rate in the proximal lumen data set. Large
black dots indicate the experimental value, the dotted line is values predicted by linear coefficients, and the solid black
line indicates values predicted by a quadratic model. Linear determination coefficient was 0.9998.
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Appendix D

Perturbation Behavioural Plots
The following section comprises of all behavioural plots generated when simulating conditions including perturbation of flow as described in Section 3.4:Analyzing Model Sensitivity to System Flow
Rate Fluctuations Using an in silico Model of the Colon.
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.1: Behavioural Plots for Perturbation of -0.1L/day over 2 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.2: Behavioural Plots for Perturbation of -0.1L/day over 4 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.3: Behavioural Plots for Perturbation of -0.1L/day over 6 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.4: Behavioural Plots for Perturbation of -0.1L/day over 8 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.5: Behavioural Plots for Perturbation of 0.1L/day over 2 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.6: Behavioural Plots for Perturbation of 0.1L/day over 4 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.7: Behavioural Plots for Perturbation of 0.1L/day over 6 days
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APPENDIX D: Perturbation Behavioural Plots

(a) Proximal Lumen

(b) Proximal Mucus

(c) Transverse Lumen

(d) Transverse Mucus

(e) Distal Lumen

(f) Distal Mucus

Figure D.8: Behavioural Plots for Perturbation of 0.1L/day over 8 days
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