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ABSTRACT

Cellulosic biomass is one of the most abundant materials on earth, making it an attractive prospect
for bioprocessing to produce fuels and chemicals as an alternative to fossil fuels. Traditional processes
that convert cellulose to products do so via an inefficient multistep process, involving sequential
reactors that first hydrolyse the cellulose through the addition of exogenous enzymes and then pass
the hydrolysate to the next reactor for the liberated sugars to be fermented. Consolidated
bioprocessing (CBP) combines this two-step process into one, offering improvements in costing, by
removing the need for extra reactors, and efficiency, by having organisms utilise sugars as they are
produced reducing end product inhibition of the cellulases. This thesis is aims to model the CBP
process by developing separate hydrolysis and fermentation models and then integrating them
together. Then by using the model the optimal conditions for ethanol production will be found and

the limiting steps of the process identified.

A model depicting the breakdown of cellulose by cellulases and a dynamic metabolic flux analysis
(DMFA) model describing the fermentation of glucose and cellobiose by the thermophilic organism G.
thermoglucosidasius was developed. These models were fitted to experimental data of the cells
growing on cellobiose and literature data of cellulose hydrolysis. The effects of the timing of the
anaerobic switch, adding either glucose or cellobiose to the system and enzyme composition were
analysed. It was found that by adding 5 mmol/L of cellobiose at the start of the reaction, the ethanol
production increased by 35% (mol/mol). The timing of the switch from aerobic to anaerobic conditions
was found to be an important factor. The later the switch occurred, the less ethanol was produced.
The longer the cells lived in aerobic conditions the more of the glucose and cellobiose was used for
cell growth, leaving less for ethanol production once the switch was made. The ratio of

endo/exoglucanses to B-glucosidase affected the rate at which cellulose was broken down. This effect
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then passed on to the cell growth curves and ethanol production. A ratio of 0.95 exo/endoglucanases
to 0.05 B-glucosidases was found to produce the most ethanol. A combination of 1-hour anaerobic
switch time, 0.95/0.05 enzyme split and 5 mmol/L initial cellobiose were found to be optimal,
producing 115 mmol/L of ethanol. Global sensitivity analysis (GSA) was carried out on each of the

models, with the key parameters affecting the outputs identified.

There was a lack of detailed CBP for these cells growing on cellulose to assess the accuracy and validate
the model. Therefore, there are areas of the model that require further investigation, in particular
how the model predicts cell growth. Despite this the model does show that the ability to test changes
to the process through simulations can be very powerful. Modelling the CBP process opens areas for
more research in the future, such as online optimisation and control. Accurate control of co-cultures
of microorganisms will be key in the future to produce exact levels of enzyme production and cell

growth that maximise the production of products.
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NOMENCLATURE

Abbreviation Name

2PG 2-Phospoglycerate

6PG 6-Phosphogluconate

ACE Acetate

AFEX Ammonia Fibre Explosion

CAC Cis-Aconitate

CBP Consolidated Bioprocessing

DHAP Dihydroxyacetone Phosphate

DP Degree of polymerisation

DPy Degree of polymerisation inferred from viscosity

E4P Erythrose-4-Phosphate

EtOH Ethanol
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F6P Fructose 6-Phosphate

FPU Filter Paper Unit

G3P Glyceraldehyde 3-Phosphate

GLC Glucose

LAC Lactate

MFA Metabolic Flux Analysis

PEP Phosphoenolpyruvate

R5P Ribose-5-Phosphate

RL5P Ribulose-5-Phosphate

SHCF Separate Hydrolysis & Co-Fermentation

SSCF Simultaneous Saccharification & Co-Fermentation

SuUC Succinate
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TM242 Engineered ethanol producing strain of Geobacillus thermoglucosidasius
X5P Xylulose-5-Phosphate

aKG a-Ketoglutarate
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1 INTRODUCTION

1.1 Thesis Rationale

The world energy demands are ever increasing. Projections state that global demand will increase by
30% between 2017 and 2040. This is the equivalent of adding another China and India to the current
global demand (IEA, 2017b). Currently over 80% of that demand is met by fossil fuels alone (IEA,
2017a). Long term sustainability of fossil fuels has been an issue for quite some time, as well as the
environmental impact caused by their use. One of the potential solutions to these problems is to use
of biofuels. Biofuels offer a renewable alternative with potential environmental benefits (Demirbas,
2009). Biofuels can already offer reduced CO, production and provide more stability to the energy

market.

1.1.1 Lignocellulosic Biomass

First generation biofuels are derived from starchy sources. These are mostly food crops such as sugar
cane, corn and wheat. This has led to worries about competition affecting prices as demand for both
fuel and food increases — the so called “food vs fuel” debate. To overcome this problem, research has
turned towards alternative biomass sources. Lignocellulosic biomass is one of the most abundant
renewable organic resources available, with approximately 200 billion tons produced annually
(Chandel and Singh, 2011). There are numerous sources of lignocellulosic biomass, from agricultural
residues such as corn stover, woody biomass such as birch or spruce and even dedicated energy crops

such as switch grass and Miscanthus x giganteus.

Lignocellulosic biomass contains 3 major components; cellulose, hemicellulose and lignin. Cellulose is
the most abundant organic polymer on earth, hemicellulose is a heteropolymer consisting of xylose-

linking compounds and lignin is a large cross-linked heterogeneous mixture of polymers (Chandel and
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Singh, 2011). The lignin acts as a seal around the hemicellulose and cellulose, as shown in Error!

Reference source not found., giving structural integrity and strength to the plant cell wall.

1.1.1.1 Cellulose
Cellulose is the main component of the plant cell wall. It consists of D-glucose molecules joined
together by glycosidic bonds, forming a crystalline structure. The cellulose in plants forms cellulose

fibrils that are weakly held together by hydrogen bonding (Laureano-Perez et al., 2005).

1.1.1.2 Hemicellulose

Hemicellulose exists in a variety of forms depending on the composition and arrangement of the
monomers. The most common forms are xylan, mannan and arabinofuranosyl, which mainly consist
of glucose, xylose and arabinose units. Hemicellulose has a lower molecular weight than cellulose. It
also contains short branching lateral chains that are more readily hydrolysable (Hendriks and Zeeman,
2009). Hemicellulose serves as a link between the lignin and the cellulose fibrils, giving the cellulose-

hemicellulose-lignin network more rigidity (Laureano-Perez et al., 2005).

1.1.1.3 Lignin

Lignin is the component of lignocellulose materials that most restricts access to the cellulose. It is a
complex heterogeneous polymer connecting cellulose and hemicellulose. Lignin is present in the plant
cell wall to reinforce the structure. It mainly consists of 3 p-hydroxycinnamyl precursors, p-coumaryl
alcohol, coniferyl alcohol and sinapyl alcohol. The main purpose of lignin in plants is to give the plant
structural support, permeability and resistance against microbial attack and oxidative stress (Hendriks
and Zeeman, 2009). It is a complex heterogenous polymer that tis non-water soluble and optically

inactive, all of which make it a very difficult component to breakdown to degrade.
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Lignin
Cellulose

Figure 1-1: Overview of lignocellulose structure, adapted from (Mosier et al., 2005)

1.1.2 Bioprocessing methodologies

To deal with the recalcitrance of the biomass it is necessary to have a pretreatment step to remove
the lignin and open the cellulose structure to be broken down by cellulolytic enzymes. The resulting
hexose and pentose sugars are then fermented by an appropriate microorganism for the desired
product. Whilst the general structure of the process is the same, there are various ways of configuring

the processes as outlined in Figure 1-2.

™ s ™

Enzyme Enzyme Hexose Pentose SHF
Production Hydrolysis Fermentation Fermentation ) L )
™ « ™

Enzym_e Enzyme_ Pentose & Hexose Fermentation SHCF
Production Hydrolysis ) L )
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7
™ e ™

[ Enzyme Production + Enzymatic Hydrolysis + Hexose & Pentose Fermentation CBP
J " /

Figure 1-2: Summary of overall process schemes. SHF=Separate Hydrolysis & Fermentation, SHCF=Separate hydrolysis and
Co-Fermentation, SSF= Simultaneous Saccharification and Fermentation, SSCF= Simultaneous Saccharification and Co-
Fermentation, CBP = Consolidated Bioprocessing. Adapted from (Salehi Jouzani and Taherzadeh, 2015)
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In conventional bioprocessing, the hydrolysis and fermentation steps are carried out separately. These
are often costly and time consuming but each stage can be performed at optimal conditions. A
disadvantage of separate hydrolysis and fermentation process units is that cellulases often suffer from
product inhibition, so as the sugars are released the hydrolysis becomes less efficient, limiting overall
yield and production rates (Andri¢ et al., 2010a, Andric¢ et al., 2010b). Attempts have been made with
SSF and SSCF to combine the fermentation and hydrolysis steps to reduce this problem. However, the
cost of adding exogenous enzymes, either by producing them separately or by purchasing them, is
high (Olson et al., 2012). CBP aims to solve this problem by having organisms produce the enzymes
needed for the hydrolysis and then, in the same reactor, carry out the fermentation simultaneously.
This has the potential for large cost savings making the production of fuels and chemicals from

biomass more financially competitive (Lynd et al., 2005a, Olson et al., 2012).

1.2 Thesis Objectives and Strategies

The aim of the thesis is to create a multiscale, multiphysics model of the CBP process for pretreated
lignocellulosic biomass using the microorganism Geobacillus thermoglucosidasius. It is assumed the
pretreatment step will remove and separate the lignin and hemicellulose from the cellulose. The
model will be used to determine the rate limiting step of the process, aiding in focusing research
towards the area that needs improved most. The product to be considered will be ethanol, and the
optimal conditions to maximise its production will be determined through model simulations. Global
sensitivity analysis will be carried out to identify key model parameters and determine their effect on
the model output. This will identify the areas of the model that may need to be improved or

experimentally validated in future work. To summarise the objectives of the thesis are as follows:

1. Carry out a detailed review of the literature on the stages of CBP, the development of
microorganisms and previous models of cellulose hydrolysis and sugar fermentation
2. Develop a model describing the breakdown of cellulose to cellobiose and glucose

3. Develop a model describing the cellular metabolism of the sugars to ethanol
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4. Integrate the two separate models so that combined they describe the conversion of cellulose
to ethanol via CBP

5. Through simulations identify the rate limiting steps of process

6. Optimise the CBP conditions to maximise ethanol production

7. Carry out global sensitivity analysis to identify the key parameters of the model

By carrying out these objectives the thesis will form an initial modelling attempt of the CBP process
which is not currently available in literature. The model can then be used to identify areas where the
largest improvement in the process can be found to direct research more efficiently. Long term the
model can be expanded to include economic considerations and allow for comparisons between the
various bioprocessing configurations and allow for benchmarking against the oil derived fuels that will

drive the economic viability of the process.

1.3 Thesis Structure

The thesis is laid out in a logical structure. First, a review of the literature is presented, covering
biomass pretreatment options, developments in microorganism development and finally details on
previous models of cellulose hydrolysis and metabolic modelling. Next the experimental work carried
out over the duration of the project is discussed. This describes the experiments with the G.
thermoglucosidasius strains to analyse how they perform the stages of CBP. The next section carries
on from what was learnt from the experiments to discuss the development of the cellulose hydrolysis
and cellular metabolism that when integrated together allow for the simulation of a CBP process.
Following on from the model development the next chapter showcases the results of the model,
including global sensitivity analysis, and finally the penultimate final section summarises the
conclusions drawn for the work and suggestions for future work. The final section in the thesis is the
appendix that contains the Matlab code used to solve the model equations, extra data from the

bioreactor experiments and constituent composition data taken from literature.
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2 LITERATURE REVIEW

2.1 Biomass

Currently, biofuels are mainly produced from sugar or starch rich biomass. Brazil and the USA, the two
largest producers of biofuel in the world use sugarcane and corn respectively. However, these first-
generation biofuels have inherent problems in that they are also a food source. Therefore, the use of

abundant lignocellulosic biomass has been suggested.

2.1.1 Lignocellulosic Biomass Sources

2.1.1.1 Agricultural Residues

These are leftover biomass from agricultural activities, such as corn stover and sugarcane bagasse.
Corn stover for example refers to all of the above ground parts of the corn plant except the grain, and
approximately equal amounts of grain and stover are produced annually (Kim et al., 2009). Currently
the grain is used as biomass source for biofuels and biochemicals as well as for food. This obviously
limits supply and a similar situation exists in Brazil with sugarcane bagasse. There are some concerns
about removing agricultural residues from fields as this could lead to soil erosion and reduce soil
organic carbon levels (Mann et al., 2002). Research has begun on estimating the amount of agricultural
residues that can be removed whilst maintaining soil quality at acceptable levels (Nelson, 2002). It has
been found that when 30-40% of the crop residues are removed soil erosion is exacerbated, the soil
organic carbon pool is depleted and the emission of CO, and other greenhouse gases from the soil to

the atmosphere is increased (Lal, 2005).
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2.1.1.2 Dedicated Energy Crops

These are fast growing crops that use the C4 photosynthetic pathway and do not have uses in other
industries currently. The main examples are Miscanthus x giganteus and Switchgrass. These are
perennial crops that can grow to 12ft and 6ft respectively allowing them to produce large quantities
of biomass per unit area of land needed for their growth. For example Miscanthus can produce 12.8
tonnes halyr! dry matter and remain productive for over 14 years (Christian et al., 2008). Both plants
are resistant to many diseases and pests, and do not require very good soil or high quantities of
fertilizer to grow well. Miscanthus however is currently sterile and therefor requires vegetative

propagation which can be expensive.

2.1.1.3 Softwoods

Softwoods are the dominant lignocellulosic material in the Northern Hemisphere (Galbe and Zacchi,
2002) and include spruce, pine and hemlocks. They typically contain around 45% (w/w) cellulose, 20-
23% (w/w) hemicellulose and 28% (w/w) lignin. The hemicellulose fraction consists mainly of the

hexose mannose, with pentoses only comprising of about 6-7% (w/w) of the total biomass.

2.1.1.4 Hardwoods

Birch, willow and aspen are examples of hardwoods. They generally have a lower recalcitrance to
enzymes and microbial processing than their softwood counterparts, and are capable of being
cultured to improve productivity (Zhu et al., 2010). Hardwoods have higher xylan content and lower
mannan content than softwoods, which is not as preferable due to fermentation of pentoses being

more difficult than hexoses.

2.2 Pretreatment Options

Due to the presence of lignin around the cellulose and hemicellulose, cellulases are not able to fully
access the substrate therefore pretreatment is required to improved hydrolysis rates and yields. The

nature of cellulose means that it tends to be in the form of very tightly packed polymer chains, in a
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crystalline structure making it insoluble and resistant to depolymerisation. To overcome this, effective
pretreatment needs to be able to disrupt the crystalline structure of the cellulose, whilst not removing
or damaging the hemicellulose component or forming degradation products (Figure 2-1). The ideal

pretreatment would:

Work on a variety of feedstocks

e Produce easily digestible solids that give high sugar yields from hydrolysis

e Have minimal sugar degradation and produce no toxic and inhibitive compounds
e Reduce the crystallinity of the cellulose

e Remove or recover the lignin

e Be cost effective

e
Hemicellulose: ) \'
3
Lignin ot
Cellulose Lighin Cellulose

Figure 2-1: Schematic of the goal of pretreatment (Mosier et al., 2005)

2.2.1 Acid Pretreatment

Dilute acid is added to the lignocellulosic biomass to dissolve hemicellulose, allowing increased
digestibility of cellulose in the residual solids (Brownell and Saddler, 1984, Converse and Grethlein,
1985, Grous et al., 1986, Knappert et al., 1981). The most commonly used methods are based around
dilute sulphuric acid, however, nitric acid (Brink, 1993, Brink, 1994), hydrochloric acid (Goldstein and
Easter, 1992, Goldstein et al., 1983, Israilides et al., 1978) and phosphoric acid (Israilides et al., 1978)
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have been experimented with. The mixing of the acid and biomass can be carried out various ways,
such as through a bed, sprayed onto the residue or agitation. The mixture is then heated to around
160 °C and left for a set time, usually between seconds to minutes, but can be up to hours in some
cases. A more severe form of this process is used for the production of furfural from cellulose (Zeitsch,

2000).

There has been research done on various substrates and dilute acid pretreatment with sulphuric acid
over the years. Rice straw treated with 1% (w/w) sulphuric acid for 1-5 minutes at either 160 °C or 180
°C gave a maximum sugar yield of 83% of the maximum theoretical weight of sugar available from the
rice straw (Hsu et al., 2010). Similar results have been shown when rapeseed straw was treated with
1% (w/v) sulphuric acid for 10 minutes at 180 °C, with 75.12% of the total xylan and 63.17% of the
total glucans being converted to glucose to xylose respectively (Lu et al., 2009). At a slightly lower
temperature of 140 °C, corn stover treated with 0.98% (w/w) sulphuric acid for 40 minutes gave a
recovery of 92.5% of the total sugars available in the biomass (Lloyd and Wyman, 2005). It should be
noted that a more severe pretreatment will lead to more impurities and loss of sugar due to
degradation of hemicellulose whilst generally improving the digestibility of the remaining cellulose.

Obviously striking the correct balance for the end goals is key in optimising this process.

Dilute acid pretreatment does suffer from several limitations. Expensive corrosive resistant materials
are required for the reactors, making the process quite expensive. The formation of unwanted
degradation products (such as furfural) and the release of natural biomass fermentation inhibitors are
also problematic. The acid needs to be either neutralised or recovered before the sugars are passed

downstream to fermenters adding more process complexity and cost.

2.2.2 Steam Explosion
Biomass is rapidly heated by high pressure steam; the mixture is then held at these conditions for a
set amount of time (usually several minutes) before the reaction is terminated by explosive

decompression. By holding the mixture at elevated temperatures and pressures, the hydrolysis of
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hemicellulose is promoted, the removal of which increases the accessibility of the cellulose.
Hemicellulose is hydrolysed by the release of acetic and other acids during the steam explosion. The
rapid pressure change reduces the temperature and quenches the reaction at the end of the
pretreatment. The cellulose structure is opened by this rapid thermal expansion, increasing access of
cellulases. However, this is thought to be only weakly correlated with improved digestibility of the
cellulose (Brownell et al., 1986). Often the addition of sulphuric acid or CO, can be used in order to
decrease the reaction time and temperature, as well as increase the hydrolysis of hemicellulose and
decrease the production of inhibitory products (Ballesteros et al., 2006). Steam explosion is already
used industrially for the production of fibreboard by the hydrolysis of hemicellulose via the Masonite

process (De Long, 1981, Mason, 1926).

Steam explosion has been shown to increase the glucose yield from Populus tremulodes (Poplar)
hydrolysis from 15% to 90% of the total theoretical glucose yield (Grous et al., 1986). Sunflower stalks
treated at 220 °C achieved a yield 72% of the total sugars available during enzymatic hydrolysis from
the insoluble fibre produced by the pretreatment (Ruiz et al., 2008), whilst wheat straw treated at 200
°Cfor 10 minutes saw a 91.7% yield of the theoretical total sugar available during enzymatic hydrolysis
(Alvira et al., 2016). However, in both cases whilst these temperatures represented the highest yields,
they also produced more toxic compounds which would be a problem for a CBP based approach. It
has been noted that as the severity of the process increases, the glucose yield increases and the xylose

yield decreases, as more of the hemicellulose is degraded further, similar to the dilute acid process.

The size of the particles used for steam pretreatment has been shown to influence the efficiency of
the process. It was found that larger particle sizes can be beneficial to steam explosion. If small
particles are used, even when combined with increased incubation tine and lower steam temperature,
the biomass particles exterior can become overcooked causing degradation. Condensate can also form
at the bottom of the reactor before depressurisation. With small chips, a larger volume of chips will

be submerged resulting in poor efficiency from the depressurisation step, leading to larger particles
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actually obtaining a higher specific surface area and lower crystallinity in some cases (Ballesteros et

al., 2000, Liu et al., 2013).

Steam explosion’s low capital cost makes it a very attractive proposition. However, the production of
degradation products which are inhibitory to microbial growth and so need to be removed by washing
before the biomass can be passed downstream is a disadvantage. By doing this the soluble sugars that

were produced, mostly from hemicellulose breakdown, are lost lowering the potential sugar recovery.

2.2.3 Liquid Hot Water

Water is kept in a liquid state at high temperatures using elevated pressures. The hot compressed
water is then mixed with the biomass for up to 15 minutes at temperatures of 200-230 °C. The
pretreatment can be run in three different ways, co-current, counter-current and flow-through. This
results in between 40% and 60% of the total biomass being dissolved, with 4-22% of the cellulose, 35-
60% of the lignin and all of the hemicellulose being removed (Mosier et al., 2005). The hemicellulose
can then be recovered by treating the liquor with acid producing monomeric acids. It was found that
this type of pretreatment is mainly dependent on biomass type and not temperature or duration, with
high lignin solubilisation impeding recovery of hemicellulose (Mok and Antal Jr, 1993, Mok and Antal,

1992).

Liquid hot water pretreatment has shown some promising results, with up to 92% xylose and 88%
glucose being recovered by enzymatic hydrolysis on wet disk milled eucalyptus (Weiqi et al., 2013). It
has been shown to produce similar results to acid and alkali pretreatments on sugarcane bagasse, with
71.6% total sugar recovery after 72 hours of enzymatic hydrolysis (compared with 76.6% for HCL and
77.3% of NaOH pretreatments) (Yu et al., 2013). Work by Perez et al has shown that there is a trade-
off between the hemicellulose derived sugars and the sugars from the enzymatic hydrolysis using
liguid hot water on wheat straw, with optimal hemicellulose derived sugars being recovered by less
severe process conditions of 184 °C for 24 minutes leading to 71.2% total sugar recovery, whereas the

highest total sugar yield of 90.6% was gained after 214 °C for 2.7 minutes (Pérez et al., 2008).
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One of the advantages of this method is that it removes the need for neutralisation and conditioning
chemicals in the downstream, as well as producing few degradation products. However, there is the
downside of large energy requirements to maintain the temperature and pressure of the water, as

well as the sheer volume of water that needs to be heated and pumped around.

2.2.4 Alkali/Lime Pretreatment

The process of pretreatment using lime involves slurrying the lime with water, spraying it onto a pile
of biomass and storing the material in a pile for a period of hours to weeks to remove the lignin. By
increasing the temperature, the residence time needed for the reaction to complete will decrease. It
also removes acetyl and the various uronic substitutions on hemicellulose that lower the accessibility
of the enzyme to the hemicellulose and cellulose surface (Chang and Holtzapple, 2000). Other alkalis

such as sodium hydroxide have been shown to be effective as well.

Lime pretreatment of corn stover at 55 °C for 4 weeks allowed for 93.2% and 79.5% of glucose and
xylan respectively to be recovered after enzymatic hydrolysis at 15 FPU/g cellulose (Kim and
Holtzapple, 2005). Lime has been tested on numerous other biomass stocks including poplar wood
(Chang et al., 2001), Switchgrass (Chang et al., 1997), and sugarcane bagasse (Chang et al., 1998,
Playne, 1984). Wan et al used 0.75% sodium hydroxide at 121 °C for 15 minutes on coastal Bermuda
grass. They were able to achieve overall conversions of glucan and xylan of 90.43% and 65.11%

respectively (Wang et al., 2010).

Due to their relatively benign operating conditions alkali pretreatments are quite an attractive
method. Lime in particular, for its additional benefits of low cost and safety relative to other options
such as sodium hydroxide (Chang et al., 1997). Lime can also be recovered from water easily by
reaction with carbon dioxide to produce the insoluble calcium carbonate. The carbonate can then be
converted back to lime via the established lime kiln technology. Alkali pretreatment does suffer from
some of the alkali being converted to irrecoverable salts or converted into salts that are incorporated

into the biomass during the pretreatment, reducing the possible recovery and recycle.
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2.2.5 Ammonia Fibre Explosion (AFEX)

Ammonia fibre explosion (also called ammonia freeze explosion) is a pretreatment method that
simultaneously reduces lignin content and removes some hemicellulose while decrystallising
cellulose. The liquid ammonia causes the cellulose to swell and the crystal structure to undergo a
phase change from cellulose | to cellulose Il (Mosier et al., 2005). This allows for near complete
enzymatic conversion of cellulose and hemicellulose to fermentable sugars on different agricultural
residues (Sulbaran-de-Ferrer et al., 2003, Teymouri et al., 2005) . Typically, the process is carried out
at around 60-100 °C and at high pressures, before rapid pressure release at the end that causes the
ammonia gas to cause swelling to the biomass fibres. Only a pretreated solid stream is produced,

preventing the need for further separation.

AFEX has been shown as an effective pretreatment on Miscanthus with 96% glucan and 81% xylan
conversions achieved after 168hrs of enzymatic hydrolysis (Murnen et al., 2007). Empty Palm Fruit
Bunch Fibre was tested with AFEX at 135 °C for 45 minutes before hydrolysis. It was found that 90%
of the total maximum yield was achieved within 72 hours of enzymatic hydrolysis (Lau et al., 2010).
The glucan conversion of AFEX pretreated and untreated switchgrass was tested by Alizadeh et al.
AFEX was carried out at 100 °C for 5 minutes, and the glucan conversion was increased to 93%,

compared to 16% for the untreated sample (Alizadeh et al., 2005).

These moderate conditions coupled with no need for a wash stream, neutralisation and minor
production of degradation products makes this a very attractive pretreatment method. It does suffer
however from high costs of ammonia and its recovery for recycling and reuse. Although this method
is very effective on agricultural residues and herbaceous biomass, it appears not to work effectively
on woody materials with high lignin content. Hydrolysis of AFEX treated newspaper and aspen chips
for example, which are about 25% lignin, have reported yields of 40% and 50% of the total theoretical

sugar yield respectively (McMillan, 1994).
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2.2.6 lonic Liquids

lonic liquids are a group of liquid salts at ambient temperatures that cover a wide range of compounds
(Rogers and Seddon, 2003, Wasserscheid and Keim, 2000). To be able to dissolve cellulose, the ionic
liguids must have anions with a high hydrogen bond basicity, such as chlorides or phosphates. The
cellulose can then be precipitated back out of the mixture by using a protic antisolvent. Upon doing
so the crystallinity of the cellulose becomes reduced and the surface area increases. The result of this

pretreatment is therefore easily digested cellulose free of lignin.

Wheat straw treated with 1-ethyl-3methylimidazolium diethyl phosphate at 130 °C for 30 minutes
gave a reducing sugar vyield of 54.8% (Li et al., 2009). Wood flour treated with 1-ethyl-
3methylimidazolium acetate removed over 40% of the lignin resulting in greater than 90% cellulose
being hydrolysed (Lee et al., 2009). The ionic liquid used on energy cane bagasse at 120 °C for 30
minutes gave a similar result with 32% of lignin being removed, and enzymatic hydrolysis yields for
cellulose and hemicellulose increasing to 87% and 64.3% of the theoretical respectively (compared

with 5.5% and 2.8% for untreated) (Qiu et al., 2012).

lonic liquids show a promising potential for pretreatment of lignocellulosic biomass. Application at an
industrial scale does suffer from some major challenges, namely the cost. lonic liquids themselves
tend to be expensive and large amounts are currently required (George et al., 2015). This means
recycle of pure ionic liquids is necessary, which is energy intensive adding more cost to an already

expensive process.

2.2.7 Organosolv Process

Organosolv is a pretreatment process that uses an organic solvent combined with inorganic acids to
break lignin and hemicellulose bonds. Typically, the process is carried out at 180-195 °C for 30-90
minutes. The lignin breaks down into lower weight fragments that dissolve in the organic liquor, whilst
the hemicellulose is broken down by the acid into water soluble components that can be separated

out by washing with water. Therefore, essentially 3 streams are produced at the end of the process; a
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cellulose rich solids stream, an ethanol organosolvation lignin stream, and a water-soluble pentose
sugar stream. Due to the nature of acidic breakdown of hemicellulose there will also be some

impurities such as furfural in the aqueous stream.

The organosolv process has shown great potential for biomass pretreatment. As high as 99.5%
theoretical ethanol yield from Organosolv pretreated Pinus radiata D. Don has been reported (Araque
et al., 2008). Greater than 75% enzymatic hydrolysis yields of wheat straw have been achieved using

the Organosolv process (Sun and Chen, 2008).

Organosolv has the advantage of recovering almost pure lignin as a by-product (Zhao et al., 2009)
which with recent efforts into valorising lignin could be a key property. Organosolv suffers similarly to
ionic liquids in that cost of the process is a major drawback. Solvents are expensive and need to be
separated out and recycled. This leads to cheaper low molecular weight solvents such as ethanol being
preferred which have a flammability risk at the high temperature and pressure reaction conditions

(Sun and Chen, 2008).

2.3 Microorganism Development for CBP

A future aim of biomass to biofuel conversion is to be able to integrate as many processes as possible
into one reactor. This will reduce costs and help deal with issues such as glucose inhibition at high
cellulose conversions. Unfortunately, there is no ideal organism that can currently do this, making
strain development one of the hurdles for consolidated bioprocessing (Bothast et al., 1999, Alfenore
et al.,, 2002). Generally, organisms that have broad substrate ranges with cellulolytic and/or
hemicellulolytic capabilities suffer from poor growth and product producing characteristics.
Conversely, those with desirable product formation abilities tend to have limited substrate ranges,
lack cellulolytic enzymes, have poor fermentation quality or be sensitive to inhibitors (van Zyl et al.,

2011). The ideal organism would be resistant to inhibition, capable of degrading lignocellulosic
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biomass and then use both the hexose and pentose sugars to create a valuable product at high

efficiency. To develop such an organism various approaches have been tried:

a) Engineering superior cellulolytic microbes to produce desired products
b) Engineering cellulolytic activity into superior product forming organisms

c) Co-cultures of organisms with different specialities

2.3.1 Native Strategy
This strategy focuses on starting from microbes that have cellulolytic capacity and engineering the
product formation capabilities. There has been substantial progress in this area in recent years, with

various organisms, particularly with thermophiles.

2.3.1.1 Clostridium celluloyticum

Clostridium cellulolyticum degrades cellulose in an anaerobic environment and often plays a key role
in production of low weight carbon compounds from plant biomass and waste matter. It is one of the
best understood mesophilic clostridial bacteria. It uses cellulosomes to degrade crystalline cellulose
and hemicellulose. Due to its high carbon flux through glycolysis, a build-up of pyruvate and early
growth cessation can occur. To combat this, Guedon et al expressed pyruvate decarboxylase and
alcohol dehydrogenase from Z. mobilis in a recombinant strain. This change to the fermentation profile
lead to an increased in ethanol and acetate by 93% and 53% respectively, with lactate decreasing by
48% due to increase of cellulose consumption (Guedon et al., 2002). Li et al used a similar method to
increase ethanol yield. They disrupted the paralogous lactate and malate pathways. This lead to a
400% increase in ethanol yields for growth on acid-pretreated switchgrass compared to the wild type
(Li et al., 2012). It has been shown that other alcohols can be created by the organism with a

recombinant strain producing isobutanol from pyruvate (Higashide et al., 2011).
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2.3.1.2  Clostridium thermocellum

C. thermocellum is a gram positive anaerobic thermophilic bacterium that can hydrolyse cellulose at
rates of almost 2 g/L.hr due to its highly efficient cellulosome expression (Argyros et al., 2011). It is
capable of producing ethanol like C. celluloyticum, however yields are quite low. Due to this, genetic
engineering has focused on improving the yields of high value compounds. Unfortunately, there is a
lack of effective genetic tools for this organism, leading to slow progress. However, increased ethanol
yields have been reported (Argyros et al., 2011, Tripathi et al., 2010). The low ethanol tolerance will
also be an issue for process economics unless it can be improved as well. Shao et al have reported a
strain developed by evolutionary approaches to achieve a strain that can withstand 50 g/L (Shao et

al., 2011).

2.3.1.3 Clostridium phytofermentans

This is another Clostridium family bacterium that has the highest number of genes linked with the
degradation of lignocellulose among the family (Weber et al., 2010). It can use most sugars within
lignocellulose, producing lactate and ethanol as the major products. Jin et al, have tested it with a 10-
day fermentation with AFEX treated corn stover and 0.5% glucan. It hydrolysed 76% of the stover and
88.6% of the glucan and xylan respectively. The ethanol yield by this CBP process equated to 71.8% of
those achieved by SSCF using commercial enzymes and S. cervisiae as the fermenting organism (Jin et

al., 2011).

2.3.1.4 Trichoderma reesei

T. reesei is able to degrade cellulose at rates required for industrial applications, and can also utilize
all the sugars from lignocelluloses (Xu et al., 2009). Huang et al worked on a strain of T. reesei to
improve its ethanol producing qualities through the process of genome shuffling, achieving a fivefold
increase in ethanol production over the wild type. When grown on sugarcane bagasse a maximum

ethanol concentration of 3.1 g/L was reached after 210 hours fermentation (Huang et al., 2014).
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2.3.1.5 Caldicellulosiruptor bescii

C. bescii, is a thermophilic anerobic, gram-positive bacteria which can grow on cellulose at
temperatures exceeding 75 °C. It can naturally ferment crystalline cellulose, hemicellulosic sugars and
even un-treated biomass such as switchgrass producing lactate, acetate and hydrogen as fermentation
products (Blumer-Schuette et al., 2008). Chung et al have genetically modified C. bescii by introducing
a heterologous ethanol pathway from C. thermocellum resulting in the production of ethanol from
switchgrass and model substrates (Chung et al., 2014, Chung et al., 2015). They achieved decreased
acetate production as the carbon flux was redirected towards ethanol, giving 14.8 mM, 14.0 mM, 12.8
mM when grown on cellobiose, Avicel and switchgrass respectively. The idea behind such a
thermophilic organism is that high temperatures facilitate biomass deconstruction, may reduce
contaminations and with the temperatures (>75 °C) being close to the boiling point of ethanol provides

an opportunity for process optimizations such as in situ ethanol removal.

2.3.2 Recombinant Strategy
The recombinant strategy engineers the heterologous expression of cellulases and hemicellulases into
cells already capable of producing desired products. Yeasts are one of the most commonly used

organisms for this strategy.

2.3.2.1 Saccharomyces cerevisiae
Commonly used industrially for production of ethanol from simple sugars, S. cerevisiae does not have
any naturally occurring cellulolytic capabilities, but there has been research into engineering cellulase

production and excretion to the organism.

A report from IImén et al has shown a significant increase in the maximum titre for two cellulases,
Cel6A (CBH1) and Cel7A (CBH2). In their study cellulase expression levels of 4-5% of the total cell
protein were achieved (llmén et al., 2011) meeting levels expected to be required for growth on
cellulose at industrial scale (Lynd et al., 2005a). However, it should be noted that these experiments

were carried out under aerobic conditions with cell densities between 5-50 g/L whereas an industrial
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process for CBP would be anaerobic. Genes from Thermomyces lanuginosus and Saccharmoycopsis
fibulgera have been incorporated and S. cerevisiae was able to achieve 55%, 62 and 73% theoretical
yields when grown on corn starch, sweet sorghum respectively and triticale substrates respectively
(Favaro et al., 2015). Another group used Trichoderma viride as their cellulase gene source. When
grown on carboxymethyl cellulose substrate 4.63 g/L of ethanol was produced in 24hrs, 64.2% of the
theoretical yield. As these studies show, cellulose chains can be hydrolysed by recombinant enzymes
produced in S. cervisiae. Pentose fermentation is advanced in yeast. Research has looked at co-
fermenting xyloses and cellobiose to help relieve the inhibition of xylose utilization by glucose. An
important advantage of this is that cellobiose can be a potent inhibitor of cellulases, so rapid co-

fermentation would greatly improve results (Olson et al., 2012).

2.3.2.2  Escherichia coli

E. coli is a gram-negative bacterium that naturally ferments hexoses. Several xylan fermenting strains
have also been developed (Hasunuma et al., 2013). It has been shown that a binary culture of strains
that can produce xylanases was able to convert 63% of birchwood xylan present without the addition
of enzymes (Shin et al., 2010). There has been a lot of work with E. coli with a focus on fatty acid ethyl
esters (FAEE). To produce this, the organism is modified to produce endoxylanase Xyn10B and the
xylanases Xsa. The expression of just these 2 enzymes was enough to allow for growth on xylan (Steen
et al., 2010). Strain Z6373 was able to produce 0.37g/g succinate from xylan anaerobically. This is
equivalent to 76% of that produced from xylan acid hydrolysates. There has been some work with E.
coli with Luo et al integrating pyruvate decarboxylase and alcohol dehydrogenase from Z. mobilis to
create a strain capable of ethanol formation. They also added the genes for B-glucosidase from Bacillus
polymyxa which was secretively expressed from the cell. A theoretical yield of 34% was achieved

growing the cells on cellobiose (Luo et al., 2014).
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2.3.2.3  Bacillus subtilis

In 2011, Zhang et al created a strain that could grow on cellulose as the sole carbon source. This was
done by the over expression of the endoglucanase BsCel5. They carried out gene knockouts to increase
lactate yields and to improve the specific activity of BsCel5 they carried out a two round directed
evolution on regenerated amorphous cellulose (RAC). The result was that 74% of the RAC being
utilized, producing 3.1 g/L lactate, equating to a 60% theoretical yield. The addition of a 0.1% (w/v)
yeast extract improved these to 92% RAC utilization and a 63% theoretical yield of lactate (Zhang et

al., 2011).

2.3.2.4 Bacillus coagulans

B. coagulans is a thermophilic bacteria capable of fermenting both hexoses and pentoses to lactic acid
(lmén et al., 2011). It has a unique pentose phosphate pathway that efficiently functions in the 50-55
°C range and around pH 5.0, which are optimal conditions for fungal cellulases. Maas et al have
produced lactic acid from lime pretreated wheat straw with the addition of commercial enzymes
(Maas et al., 2008). Until recently there was no strain that produced the D(-) isomer of lactic acid.
However, Wang et al developed the strain P4-102B strain by mutagenesis and adaptive evolution,

which produced the D(-) isomer due to a mutated form of glycerol dehydrogenase (Wang et al., 2011).

2.3.2.5 Corynebacterium glutamicum

C. glutamicum is a non-pathogenic, non-motile gram-positive soil bacterium. It is widely used the
medicinal and food industries for the production of amino acids. The current genetically engineered
strains are better at producing ethanol, cadaverine and succinic acid than most other organisms
(Vertes et al., 2012). However, the wild type does not have the ability to ferment pentoses or the
cellulases needed to hydrolyse cellulose. The strain X5CL, created by Sasaki et al was able to consume
a mixture of glucose, xylose and cellobiose in 12 hours to produce lactic and succinic acid in anaerobic
growth conditions (Sasaki et al., 2008). Another group was able to produce cadaverine from the
hydrolystates derived from oat spelt via the expression of enzymes from E. coli (Buschke et al., 2011).
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There have also been strains created that can grow on arabinose making lactic acid and succinic acid,
and a different strain that creates glutamine and lycine (Kawaguchi et al., 2008, Schneider et al., 2011).
Despite the success in creating strains that can ferment pentoses and the various products shown,
there has not been as much success with cellulase production with this organism. Tsuchidate et a/
have had successful detection of cellulase activity and been able to grow a strain on barley B-glucan,
a cellulosic material, as the sole carbon source producing glutamate. However, A. aculeatus enzymes,
BGL1 were also present (Tsuchidate et al., 2011). Further progress on cellulase production is the key

for this organism’s success in CBP.

2.3.2.6 Geobacillus thermoglucosidasius

G. thermoglucosidasius is a thermophilic bacterium capable of fermenting both hexoses and
pentoses, to form lactate, formate, acetate and ethanol. As the wild type does not produce ethanol
as the main product, Cripps et al modified the organism to improve the ethanol yields, by directing
the carbon flux from a mixed acid pathway to an ethanol producing one. They eliminated lactate
dehydrogenase and pyruvate formate lyase pathways by disrupting the /dh and pfIB genes, and then
up-regulated the expression of pyruvate dehydrogenase through the addition of anaerobically
inducible promoters(Cripps et al., 2009). This was because pyruvate dehydrogenase is expressed sub
optimally in thermophilic bacteria for a role as a primary fermentation pathway. The 3 strains they
created were each able to ferment ethanol rapidly at temperatures greater than 60 °C and at greater
than 90% yields. The TM242 strain was also shown to ferment cellobiose and a mixed

hexose/pentose feed (Cripps et al., 2009).

2.3.3 Co-Cultures

The use of co-cultures of organisms allows for more specialised organisms focusing on one aspect of
CBP, such as the production of cellulolytic enzymes or product yield has also been investigated. In
recent years research has started to focus more on using co-cultures as the metabolic burden on one

cell to carry out the entire CBP process seems too high.
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2.3.3.1 Clostridium acetobutylicum and Clostridium cellulolyticum

One of the most commonly used co-cultures is a combination of Clostridium strains. A co-culture of C.
acetobutylicum and C. cellulolyticum showed improved cellulolytic ability compared to a mono strain
culture. C. cellulolyticum adheres to the cellulose fibres using cellulosomes, hydrolysing the cellulose
into cellobiose and glucose which both strains can metabolise. Cellulosomes are cell bound multi-
enzyme complexes that degrade cellulose and hemicellulose (Fontes and Gilbert, 2010). The excess
pyruvate produced by C. cellulolyticum can be used by C. aceteobutylicum as a carbon source. They
report that there was 3 times more cellulose degradation versus a mono culture, which is believed to
be due to the rapid metabolism of the hydrolysis products, removing the detrimental effects their
presence has on the cellulases. However, despite this, cellulolytic activity was still deemed the limiting

factor in the process (Salimi et al., 2010). An outline of the process is shown in Figure 2-2.
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Figure 2-2: Summary of Clostridium co-culture, adapated from (Salimi et al., 2010). PYR=Pyruvate, GLC=Glucose, CELLB=
Cellobiose
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2.3.3.2 C. debilis and C.thermocellum

Usually CBP reactions take place in aerobic conditions to allow for the fermentation of sugars to the
desirable products. However, Wuske et al have worked on creating a co-culture that can work
aerobically. They isolated a strain of C. debilis from an aerobic cellulolytic consortium of
microorganisms, namely a mixture with C. thermocellum. This isolated strain showed some
physiological differences as compared to the standard strain of C. debilis, namely, the absence of
anaerobic metabolism and different end product synthesis profiles. They were able to show that a co-
culture of C. debilis and C.thermocellum was able to utilise cellulose under aerobic conditions. They
hypothesised that this is due to C. debilis creating micro anaerobic environments to allow

C.thermocellum to ferment the sugars despite the macro aerobic environment (Wushke et al., 2015).

2.3.3.3 T. reeseiand S.cervisiae

Due to the nature of co-cultures having a variety of organisms, each often carrying out different tasks,
it is often impossible to run the reactor at a set of conditions that are optimal for all of the organisms.
In an attempt to circumvent this, Brethauer and Studer developed a biofilm membrane reactor that
allowed for both aerobic and anaerobic conditions to be present at the same time. This allowed
Trichoderma reesei to live aerobically and produce the enzymes, whilst the fermentation organism,
Saccharomyces cervisiae lived anaerobically fermenting the products of the hydrolysis (Brethauer and

Studer, 2014).

2.3.4 Clostridium phytofermentans and Yeast Consortium

A co-culture of C. phytofermentans with the yeast cells S.cervisiae and Candida molischiana was used
to produce ethanol from a-cellulose. The yeast cells would protect C. phytofermentans from oxygen
which was controlled by diffusion through neoprene tubing, establishing a symbiotic relationship. The
addition of endoglucanases resulted in an improved ethanol yield showing that there is still a limiting

factor in the hydrolysis rate of the cellulose. The co-culture, with the endoglucanases added, produced
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22 g/L ethanol from 100 g/L a-cellulose as compared to 6 and 9g/L for C. phytofermentans and S.

cervisiae mono cultures respectively.

2.4 Hydrolysis Modelling Background

Cellulose is not actually degraded by one enzyme, but via the synergistic work of 3 types of enzyme:

endoglucanases, exoglucanases and 3-glucosidases.

Figure 2-3: The action of the enzymes on cellulose chains. CBH=Cellobiohydrolase, EG=Endoglucanse, BG=8-glucosidase,

2.4.1 Endoglucanase
Randomly cleave the B-1,4-glycosidic bonds on the cellulose chain in areas of low crystallinity, creating

new free chain ends.

2.4.2 Exoglucanase

Exoglucanases remove cellobiose units from the free chain ends of the cellulose chains and polymers.

2.4.3 B-Glucosidase
Whilst not a cellulase itself, B-glucosidase is quite important as it converts cellobiose to glucose,

removing end product inhibition effects.

2.4.4 Hydrolysis Process
There are several steps in the hydrolysis of cellulose, which is made more complicated by its

heterogeneous structure. The main steps are as follows: (Bansal et al., 2009)
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1. Adsorption of cellulases onto the substrate via the binding domain (Stahlberg et al., 1991)
2. Location of a bond susceptible to hydrolysis on the substrate surface (Jervis et al., 1997)
e Formation of the enzyme-substrate complex. For exoglucanases this is by threading
of the chain end into the catalytic domain to initiate hydrolysis. (Divne et al., 1998,
Mulakala and Reilly, 2005)
3. Hydrolysis of the B-glycosidic bond
e For endoglucanases, this is combined with simultaneous forward sliding of the
enzyme along the cellulose chain (Divne et al., 1998, Mulakala and Reilly, 2005)
4. Desorption of the cellulases from the substrate or repetition of step or step 2/3 if only the
catalytic domain detaches from chain

5. Hydrolysis of cellobiose to glucose by B-glucosidase

2.4.5 Cellulase Adsorption

Cellulase adsorbs onto the surface of cellulose in order to catalyse the breakdown. In order for
cellulase to be effective against the crystalline nature of cellulose, they have a modular structure, with
a catalytic domain and a carbohydrate binding module that are connected by a glycosylated peptide
linkage (Linder and Teeri, 1997, Zhang and Lynd, 2004). The cellulases that do not have these cellulase
binding domains have very poor adsorption qualities (Gusakov et al., 2001). In cellobiohydrolases
(CBH1 and CBH2) the catalytic domain features a tunnel shaped structure formed by disulphuric
bridges. The catalytic sites in cellobiohydrolases are within the tunnel, near the outlet so that the B-
glycosidic bonds are cleaved by retaining (CBH1) or inverting (CBH2) from the reducing or non-
reducing ends respectively. Exoglucanases can cleave several bonds following a single adsorption

event before dissociation of the enzyme from the enzyme substrate complex.

Adsorption of cellulase is rapid in comparison to hydrolysis time. Lynd and Zhang reported that steady
state was reached within half an hour (Lynd and Zhang, 2002) . When the hydrolysis is carried out in

an agitated batch reactor the rate of agitation had little effect on the rate of hydrolysis, as long as the
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cellulose particles were suspended (Huang, 1975). It is generally accepted that the external diffusion
of cellulase is not the rate limiting step of the whole reaction (Fan 1981, 1983) but it should be noted
that when the internal surface area is much larger than the external surface it is possible that cellulase

gets trapped in the pores, lowering the hydrolysis rates.

2.4.6 Particle Size/Accessible Surface Area

For cellulases to act on the cellulose they must bind to the surface of the substrate. Therefore, the
shape and size of the substrate particles will determine the number of glycosidic bonds available for
the enzymes to attack. The cellulose particles will have both an internal and an external surface area,
with the internal surface area usually being 1-2 orders higher (Chang et al., 1981). The internal surface
area will depend on the capillary structure, including intraparticulate pores and interparticulate voids
(Marshall and Sixsmith, 1974). A linear correlation between the initial hydrolysis rate and the pore size

has been reported (Grethlein, 1985).

The external surface area is directly related to the size and shape of the particles. Decreasing particle
sizes has been shown to increase cellulase adsorption and cellulose reactivity (Kim et al., 1992).
However, it is possible that this is not due to increasing external surface area, but other effects of

decreasing particle size such as lower mass transfer resistance.

2.4.7 Degree of Polymerisation
The degree of polymerisation (DP) of cellulose is a measure of the relative amounts of terminal and
interior B-glycosidic bonds. DP can be expressed in various forms, such as the number average (DPy),

weight average (DPw) or inferred from viscosity (DPy).

y 2 NM;

N LN;

DpPy = MN = MWL Equation 2-1
glu glu
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DPy = v _ LN,
N7 MNy, — MWy, Equation 2-3

Ni=number of moles of a given fraction i having molar mass M;, My is the number average molecular
weight, My is the weight average molecular weight, MWy, is the molecular weight of
anhydroglucose (162 g/mol) and n is the viscosity.

To measure DP the cellulose needs to be dissolved without affecting the chain length, after which, the
methods for determining depends on which form of DP is wanted. DPy can be found using membrane
or vapour pressure osmometry, cryoscopy and electron microscopy amongst others. DPyw can be found
using light scattering, sedimentation equilibrium and X-ray small angle scattering, whilst DPy is simply

based on viscosity.

The solubility of cellulose is strongly related to the DP, with decreasing solubility as DP increases. This
is due to the formation of intermolecular hydrogen bonds. DP of 2-6 is soluble in water, 7-13+ are
somewhat soluble in hot water, whilst a glucan with DP=30 already represents the polymer cellulose
in its structure and properties (Zhang and Lynd, 2003). As exoglucanases act on chain ends, they will
only cause an incremental decrease in DP as the reaction proceeds. Endoglucanases on the other hand
act on bonds away from the ends, and cause much more rapid decreases in DP. Exoglucanases have

shown a preference for substrates with a lower DP as there are more free-end chains available.

2.4.8 Crystallinity Index

Crystallinity index gives an indication of the reactivity of the substrate. It can be determined by wide
range X-ray diffraction pattern (Krassig, 1993). In the case of cellulose-I the index can be calculated
using Equation 2-4, where hay is the height of amorphous cellulose and h¢ is the height of the

crystalline cellulose in the 002 reflection at 26=22.5°.
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ham — 1 ham

Cri=1- E EE———
hcr htot - ham Equation 2-4

It has been noted that amorphous cellulose is more rapidly broken down (3-30 times) than crystalline
cellulose (Lynd et al., 2002). The crystallinity index of cellulose can be increased by using water to swell
it, causing recrystallization (Lee and Fan, 1983). It has been suggested that cellulose contains
amorphous and crystalline fractions, which would lead to the amorphous portion being preferentially
hydrolysed over the crystalline fraction (Lee and Fan, 1982, Lee and Fan, 1983), however there have
been studies suggesting that does not occur and crystallinity does not change over the course of
enzymatic hydrolysis (Ohmine et al., 1983, Puls and Wood, 1991). It is not entirely clear if crystallinity

if a key factor in the determining the rate of enzymatic hydrolysis.

2.4.9 Synergism
Synergism is when the activity of a mixture of enzymes is greater than the sum of their individual

activities. This is often expressed quantitatively as “degree of synergism” (DS).

Activity of mixture
DS y of

Y Separate individual activities Equation 2-5

There are numerous forms of synergism proposed for cellulose hydrolysis. Not all synergisms are

present in any situation.

e Endoglucanase & Exoglucanase

e Exoglucanase and Exoglucanase

e Endoglucanase and Endoglucanase

e Exoglucanase, Endoglucanase and B-Glucosidase

e Intramolecular synergy between catalytic domain and CBM (carbohydrate bonding module)
e Cellulose-Enzyme-Microbe

o  Proximity synergism
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Synergism between endoglucanase and exoglucanase is the most extensively studied form of synergy
for enzymatic hydrolysis, with values as high as 10 reported for bacterial cellulose (Samejima et al.,
1997). The DS for endo/exo synergy appears to be related to the DP of the substrate, with increasing

DS with increasing DP.

2.4.10 Previous Enzymatic Hydrolysis Models

2.4.10.1 Michaelis-Menten Models

Michaelis-Menten models are based upon mass action laws, which make them inherently incorrect,
as mass action laws in Michaelis-Menten means that there is an underlying assumption that the
reaction is homogeneous, whilst the reaction is heterogeneous. On top of this the excess substrate
concentration assumption often employed for quasi steady state assumption does not hold up.
According to Hong et al the fraction of the B-glucosidic bond accessible for cellulase adsorption is of
the range of 0.002 to 0.04. Even if the excess substrate condition could be met it would not hold at
higher conversions (Hong et al., 2007). Despite all this, Michaelis-Menten models are quite accurate
and fit experimental data well for the conditions they were developed. It has been found that a model
with competitive inhibition by cellobiose fits the data best (Bezerra and Dias, 2004). The conversion
of cellobiose to glucose is a homogeneous reaction, and therefore can be modelled accurately by

Michaelis-Menten kinetics.

2.4.10.2 Models accounting for adsorption

Adsorption is usually accounted for either using isotherms, like the Langmuir adsorption isotherm or
using kinetic equations. There is quite a bit of variation in the models in literature and how they deal
with adsorption. Some assume that after adsorption occurs the formation of an enzyme-substrate
complex is instantaneous whereas other includes an extra step for the formation. The use of Langmuir
equations for calculating the adsorbed amount of enzyme during hydrolysis brings in the assumption

that the rate of adsorption is much faster than the rate of hydrolysis. It must also be noted that the

51| Page



maximum amount of enzyme that can be adsorbed onto the cellulose surface decreases with
conversion (Hong et al., 2007). Lignocellulosic material has much more pronounced changes in the

adsorption characteristics than pure cellulose.

2.4.10.3 Fractal Kinetics

Fractal kinetics were developed to help describe mathematical problems whose irregularity and
complexity could not be accounted for by classical methods. In the case of cellulase action, restricted
enzyme movement and heterogeneity cause such complications. Cellulose adsorption confines the
enzyme in a 2-dimensional space, which is then further constricted as the enzyme proceeds along the
cellulose chain to 1 dimension. A fractal kinetic model was developed by Xu and Ding which also
considered the effects of overcrowding of enzyme/substrate in confined space that leads to
“jamming” of the reaction (Xu and Ding, 2007). The model was able to replicate the trends of the
hydr9olysis profile but was unfortunately prone to deriving parameters with a relatively large error

range. In addition the model scheme mechanistic insight and quantitative prediction capabilities.

2.5 Cell Metabolism Modelling

2.5.1 Flux Balance Analysis (FBA)

FBA is a constraint based modelling technique for calculating the intracellular flux distribution of a cell
at steady state. A stoichiometric matrix of all the intracellular reactions being considered must first be
reconstructed. In large scale models, the stoichiometric matrix will usually describe an
underdetermined system (more reactions than metabolites) which means there is no unique solution
to the problem. FBA gets around this by using constraints combined with an objective function. The

constraints are those such as upper and lower bounds on reaction fluxes and the pseudo steady state
L d . . . .
assumption, i.e., that d—’; = 0 for all the intracellular metabolites. The constraints therefore limit the

solution space, giving a range of possible outcomes. The objective function then narrows this down to

a single point within that space (summarised in Figure 2-4). The objective function can be any linear
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combination of fluxes, with most common choices being to growth rate, or production of a desired
compound. FBA will then seek to either minimise or maximise the objective function through the use
of linear programming (Orth et al., 2010). In practice FBA can often still return a solution space
consisting of multiple combinations that satisfy all the constraints and the objective function

(Antoniewicz, 2015).

Vq L] Va

Constraints Optimization
1)Sv=0 maximize
2} E.i{ Vr' < bJ'

—

vy v ¥y
Unconstrained Allowable ] )
solution space solution space Optimal solution
Vo Vo Vo
Figure 2-4: Visualisation of FBA Solution space (Orth et al., 2010)
Mathematically FBA can be described as:
Equation 2-6

max(min) Z = Z Ty,

suchthat § xv =0, lb; <v; <ub;

The FBA procedure can be summarised as follows.

1. Reconstruction of the desired metabolic reactions

2. Represent the reconstructed metabolic network as a stoichiometric matrix, along with the
constraints

3. Use the pseudo steady state assumption to use mass balances to define the system as a series

of linear equations
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4. Define an objective function as a linear combination of fluxes

Calculate the fluxes that minimise or maximise the objective function

2.5.2 Metabolic Flux Analysis (MFA)
MFA is similar to FBA in many aspects. The initial steps of reconstructing the cellular metabolism and
creating a stoichiometric matrix stay the same, as well as assuming pseudo steady state for

intracellular metabolites. This constrains the metabolic fluxes to the stoichiometric matrix by:

SV =0 Equation 2-7

In order to estimate the constraints a set of measured extracellular fluxes (r) are needed, usually these

are measured external metabolite rates such as growth rate, substrate usage and product production.

RXv=r Equation 2-8

These equations can then be solved by least square regression

_ (r— rm)2 Equation 2-9
minSSR = E —
o

sS.t.RXv=r

Sxv=0

Where R is the extracellular metabolite matrix, rm is the measured flux rates and o is the variance
(Antoniewicz, 2015). This approach only works for systems that are determined (in which case there
is a unique solution) and overdetermined systems, in comparison to FBA which works on
underdetermined systems. As most biological systems are underdetermined extra assumptions are
needed to meet this requirement. Often certain pathways are left out by assuming they carry little or

no flux, or use of cofactor balances (NADH, ATP etc.) as extra constraints.
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2.5.3 Dynamic Metabolic Flux Analysis (DMFA)

Both FBA and MFA assume metabolic steady state, and therefore cannot see time variant changes in
metabolic fluxes. DMFA has recently been developed to try and overcome this issue. There are many
different forms of DMFA in its implementation. However, the goal remains the same, to determine
shifts in cell metabolism from a time-series of extracellular concentration and rate measurements.
DMFA will assume that flux transients in the cell culture are slow in comparison to the time it takes
for intracellular metabolism to reach pseudo steady state. With these underlying assumptions DMFA

can be done by

1. Splitting the experimental data into discrete time intervals

2. Calculate average external rates for each time interval by taking derivatives of external
concentration measurements

3. Use classical MFA for each time interval to calculate the average flux for that interval.

4. Combine these steady state models to obtain a time profile for fluxes

There are a few alternative ways to doing this, such as to use data smoothing on the extracellular
measurements and then take the derivatives of the smoothed data in order to give more time points,
or to use kinetic equations to describe these uptake/growth reactions and calculate rates from that.
The best option generally depends on the application and desired use of the model (Antoniewicz,

2015). Overviews of the various DMFA methods are shown in Figure 2-5.
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Figure 2-5: Overview of various DMFA methods (Antoniewicz, 2015)

2.6 Conclusions

From this literature review it has become apparent that there is not yet a preferred process for CBP.
There has been a lot of research looking at genetic engineering of organisms to improve their
characteristics for CBP. However, there has not been much use of mathematical models to aid the
genetic engineering. By using mathematical models to predict the outcome from changes, either to
the organism or to the process environment variables, experimental work can target the areas where
the greatest improvement can potentially be found. There is a lack of models on CBP, but there are
numerous models on cellulose hydrolysis. In terms of cellular metabolism there are established

modelling methodologies that can be applied to whatever organism or combination of organisms is

chosen.
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3 EXPERIMENTAL WORK

3.1 Materials and Methods

All experimental work was carried out at the University of Bath.

3.1.1 Solutions, media, buffers and gels

Table 3-1: Summary of reagents used in the experiments
Preparation Components

ASM Media" 20 mM NaH;P04.2H,0, 10 mM K>SO, 8 mM citric acid, 5

mM MgS04.7H;0, 80 uM CaCl, 1.65 uM NaMoOs, 25 mM

(NH4)SO4, 5 ml/L Trace Element solution, 12 uM biotin, 12

KM thiamine

2SPY Media® 1.6% (w/v) Soy peptone, 1% (w/v) yeast extract, 0.5% (w/v)
NaCl

3,5-Dinitrosaliclyic Acid 10.6g DNS, 19.8g NaOH, 306 g Rochelle salts, 8.3 g Na,S;0s,

1416 mL water, 7.6 mL phenol

Water Purified using twin-bed deioniser (Purite, UK)

Buffers MOPS (Sigma-Aldrich, Dorset, U.K.), HEPES (Sigma-Aldrich,

Dorset, U.K.), Tris (Sigma-Aldrich, Dorset, U.K.)

Sulphate Trace Element Solution 5 mL conc. HyS0q4, 1.44 g/L ZnSO4.7H,0, 5.56 g/L FeS04.7H,0,
1.69 g/L MnS04.H,0, 0.25 g/L CuS04.5H,0, 0.562 g/L

C0S04.7H,0, 0.886 g/L NiSO4.6H,0, 0.08 g/L H3BO3

Tryptone Soya Agar (TSA) 15 g/L casein peptone (Sigma-Aldrich, Dorset, U.K.), 5 g/L
soy peptone (Sigma-Aldrich, Dorset, U.K.), 5 g/L NaCl, 15 g/L

agar (Sigma-Aldrich, Dorset, U.K.)
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Antibiotics Kanamycin

* Carbon sources of glucose, cellobiose or glycerol were added to these as required for each

experiment.

3.1.2 Bacterial Strains

Geobacillus thermoglucosidasius TM242: Genotype: IdhA-pfl-P_Idh/pdh“" (Cripps et al., 2009)

This strain was originally supplied by TMO Renewables Ltd and is a high yield ethanol producing
mutant of the wild type. Genetically engineered versions of TM242 that produced endoglucanases
and exoglucanses were used when cellulolytic strains were needed. These cellulolytic strains were
created by the group at Bath University and the details of what the genetic engineering steps carried

out can be found in the literature (Cripps et al., 2009, Hussein, 2015).

For this work the microbial strains that were used were produced by the team at Bath University
during their research into metabolic engineering of G. thermoglucosidasius for CBP purposes. The 4
strains used were those recommended by their team from their experience of working with them. The
properties of the enzymes produced by the strains and their specific activities when produced from

their natural organism are listed in Table 3-2.

Table 3-2: Properties and specific activities of the characterised enzymes

Organism/Identifier Topt pHopt CMC  Avicel PASC BBG Reference
(°c) (U/mg) (U/mg) (U/mg) (U/mg)
T. fusca XY/Tfcel6B 60 |7.0 |0.17 0.25 - 15.8 (Calza et al., 1985)
T. maritima/Tmcel12B 80 (6.0 |890 0 - 2905 |(Bronnenmeier et al., 1995)
C. thermocellum/Ctcel48S 65 (7.0 |0.0017 |0.0025 |0.30 0.158 |(Kruus et al., 1995)

C. saccharolyticus/Cscel5SLH 75 |5.0 |8.9 0.011 |2.43 28.2 (Ozdemir et al., 2012)

As shown in Table 3-2, the enzymes are stable at temperatures of 60°C upwards, two of them having

optimal operating temperatures at 75-80°C. This is a good for the thermophilic conditions that G.
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thermoglucosidasius grows in. From unpublished stability data generated for the enzyme producing
genetically engineered strains of G. thermoglucosidasius by the team at Bath University, it has been
shown that they are stable at 60°C and pH 7. The media should be buffered to maintain the pH or the

activity of the enzymes is reduced.

3.1.3 Bacterial Cell Density Quantification

Samples were diluted with water (x10 or x50) so that the absorbance fell within a 0-1 range. 1 ml
samples of appropriate dilution were added to cuvettes, then the absorbance was measured at 600
nm using a spectrometer. A standard curve was used to relate the OD600 readings with the
concentration (g/L). The standard curve used was calculated from experimental data already carried
out by the group at Bath and gave a relationship between the concentration (g/L) and OD600 outlined

in Equation 3-1.

conc = 0D600 x 0.36 Equation 3-1

3.1.4 Inoculum Development

To express the cellulolytic enzymes 200 or 300 pL of thawed strain stock was added to TSA agar plates
with kanamycin (1uL kanamycin/mL of media). These were incubated at 60 °C overnight in an oven.
Approximately half a plate was then scraped into 50 mL of 2SPY media in a baffled conical flask. These
were shaken at 200 RPM at 60 °C for up to 4 hours. Once the OD600 was approximately 8, or, 4 hours

had passed (whichever was sooner) the inoculum was deemed ready.

3.1.5 Inoculum Equalisation

To ensure that in the volume of inoculum that was added for each set of equivalent experiments was
the same the OD between each strain flask was normalised to the same value using distilled water.
This removes differences between initial biomass concentrations as a potential cause of differences

between flasks. This was done using Equation 3-2.
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miv; = myv, Equation 3-2

3.1.6 Heterologous protein expression in Geobacillus thermoglucosidasius strains

5 mL of inoculum was added to another baffled conical flask filled with 50 mL of buffered 2SPY media.
These were grown at 60 °C using an Innova44 shaking incubator (New Brunswick Scientific) and 1.5 mL
samples taken after 2 hrs, 5 hrs, 10hrs and 24hrs. The samples had their OD600 measured and then
were centrifuged at 4000 rpm and 4 °C for 10 minutes and the supernatant collected. This supernatant

was then used in the enzyme assays described in Section 3.1.7.

3.1.7 3,5-Dinotrosaliclyic acid (DNS) Enzyme Assays

0.6 mL of enzyme solution (supernatant from section 3.1.6) was diluted with 0.6 mL of distilled water
to make a total volume of 1.2 mL diluted enzyme solution. A 0.25 mL substrate solution (either 1%
Avicel or CMC solution) was added to 15 mL test tubes and 0.25 mL of the diluted enzyme was added
to all the tubes except the controls. A blank was also prepared in a separate test tube by using the
buffer solution (0.5 mL) in place of the substrate. The test tubes were covered using aluminium foil
and incubated for either 30 minutes (CMC) or 60 minutes (Avicel) in a water bath at 60 °C. Once the
incubation period was over, 1.5 mL of DNS solution was added to all tubes to terminate the reactions
and 0.25 mL of the diluted enzyme solution was added to the controls. The tubes were placed in a
water bath of boiling water for 5 minutes, before being moved to an ice-cold water bath to cool for 5
minutes. 5 mL of distilled water was added to each tube, and the samples were mixed using a vortex.
There was a noticeable colour difference between the CMC and the Avicel assays due to an increased
number of reducing ends available with Avicel, which can be seen in Figure 3-1. 1 mL of the samples
were then added to a cuvette and the absorbance read at 575 nm after using the blank to zero the
machine. Test results were then calculated from a standard curve prepared with glucose after
subtracting the control from the test results. Enzyme activities are reported as pumoles of glucose

produced per minute per ml of the enzyme solution at the assay conditions above (Mandels, 1976).
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3.1.8 Regenerated Amorphous Cellulose (RAC) Preparation

The RAC was made using the methodology outlined by Zhan et al (Zhang et al., 2006), which is
summarised here.. A slurry was made by dissolving 20 g of Avicel in 60 ml of distilled water. 1 L of ice
cold phosphoric acid was added slowly with vigorous mixing between additions. Before the final 200
ml was added it was important to ensure the slurry is well mixed. The mixture was left on ice for 1
hour with occasional stirring. Next, 4 L of water was added in 1 L intervals with vigorous stirring
between additions. This resulted in a cloudy white precipitate as shown in Figure 3-2. This was then
centrifuged for 20 minutes at 5000 g, 4 °C and washed 4 more times with water. 50 mL of 2 M sodium
carbonate was then added to neutralise the acid. Another 4.5 L of water was then added to wash the

RAC and then it was centrifuged off. The washing was repeated until the pH was roughly 7.
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Figure 3-2: RAC after the 4 L of water is added and the cloudy white precipitate has formed

3.1.9 Bioreactor Set Up
Disclaimer: The cellobiose bioraector experiments were carried out by Agnés Oromi Borsh, Erasmus

research student, Imperial College London.

The bioreactors (1.5 L, Biostat, Sartorius) were run in batch at pH 7 and 60 °C. 1.6 L of 1% (w/v) RAC
was added to one, and 1.6 L of 1% (w/v) CMC to another. Samples were taken hourly for the first 10
hours and then periodically afterwards. A redox probe was used to determine if the bioreactor had
moved to anaerobic state. This cross over point was defined as once the redox was less than -200 mV.
Samples were centrifuged to isolate the supernatant. 1.5 mL was then filtered using 0.22 um syringe
filter unit with a hydrophilic polyether sulfone membrane (Millipore) and stored at 4 °C for HPLC

analysis. Some unfiltered samples were also kept for total sugar analysis. To prevent loss of ethanol in
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the off gas a cold trap was set up to condense any ethanol present back into liquid. This was kept and
added to the ethanol in the bioreactor at the end of the experiment to determine the total ethanol
produced. The same set up was run for the cellobiose reactors but with 1.86 % (w/v) cellobiose used

in place of the 1% (w/v) RAC.

3.1.10 Acid hydrolysis sugar analysis

Samples (unfiltered) from the bioreactor were hydrolysed using acid to analyse the sugar breakdown
during the fermentation using the methods in Raita et al 2016 (Raita et al., 2016). 0.035 ml of 72%
(w/w) H,SO4 was added to 1.0 mL of sample in capped bottles and then autoclaved at 121 °C for 60
minutes. The samples were cooled slowly to room temperature before adding calcium carbonate
powder to neutralise the samples to between pH 6.0-7.0. The samples were then filtered through 0.22

um nylon membrane filters.

3.1.11 HPLC Analysis

Disclaimer: HPLC analysis were carried out by Christopher Ibenegbu, University of Bath.

HPLC was used to analyse the supernatant from the bioreactors for glucose, ethanol and metabolic
products such as pyruvate and acetate. To do this, an Agilent HPLC system (Agilent Technologies, Santa
Clara, CA) equipped with a refractive index and UV detector was used. Separation was performed on
a Phenomenex Rezex RHM Monosaccharide H column (300 m x 7.8 mm, Phenomenex Inc, Torrance,

CA) at 65 °C for 30 min with a flow rate of 0.6 mL/min and 5 mM H,SO, as the mobile phase.

3.2 Experimental Results

3.2.1 Substrate Preference

Disclaimer: Substrate preference experiments were carried out by Agnes Oromi Borsh, Erasmus

research student, Imperial College London.
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During CBP the enzymes break down cellulose into cellobiose and glucose. The TM242 strain of G.
thermoglucosidasius was grown in conical flasks on 1% (w/v) glucose, 1% (w/v) cellobiose and 0.5%
(w/v) of each to assess whether there is preferential uptake of either glucose or cellobiose. Each
experiment was carried out in an incubator to maintain the temperature at 60°C and shaken to ensure
they were well mixed. The experiments were carried out as duplicates, and the results are shown in

Figure 3-3, Figure 3-4 and Figure 3-5.
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Figure 3-3: OD600 and substrate concentration profiles for TM242 grown on 1% (w/v) glucose
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Figure 3-4: OD600 and substrate concentration profi/es for TM242 grown on 1% (w/v) cellobiose
64| Page



+6
= +5
Y
£ NS X 43
83+ \ /Ngee-o----=0 z
= + 30
ot
§ + 2
+ 1
+ — vas 0
15 20 25 30
Time (hrs)
—>— Glucose - A Cellobiose - A —>é— Growth curve - A
= » =Glucose - B Cellobiose - B = » = Growth Curve-B

Figure 3-5: OD600 and substrate concentration profiles for TM242 grown on 0.5% (w/v) glucose + 0.5% (w/v) cellobiose

From Figure 3-3, Figure 3-4 and Figure 3-5 it can be seen that the cells grow until approximately 10
hours on all combinations of substrates, however the maximum OD achieved growing on cellobiose
was 33% greater than that achieved by the cells growing on glucose alone, with the combination of
substrates ending up in between. This is not surprising due to the fact that cellobiose contains twice
the carbon of glucose and therefore once it has been taken up by the cell it will provide more carbon
for growth. When both glucose and cellobiose were present the cells preferentially took up the
glucose first, then once that was used up, the cellobiose was consumed. At one point a small amount
of glucose was detected in the ‘A’ flask of the cellobiose only experiments, however there was no
noticeable change in the cellobiose uptake rate or the growth of the cells due to its prescence. The
other interesting observation is the increase in cellobiose concentration in the first few hours in the
mixed substrate, and to a lesser extent the cellobiose only flasks. The exact cause of this observation
is unknown, but it was hypothesised that this small amount came from innoculum cells that had died
before consuming all the sugars they had taken up. These cells then lysed releasing the sugar back

into the media.
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The concentrations used were chosen with the goal of preventing any difference in uptake coming
from the external concentration of the substrate. The downside of carrying it out this way however,
is that the carbon available in each case is not the same, with cellobiose containing twice as much
carbon as glucose. This limits conclusions that can be drawn from their growth rates, however some
general observations can be made such as a 100% increase in carbon when comparing the glucose and
cellobiose only experiments, only lead to a 33% increase in growth. This implies that there is a larger
burden on the cells to uptake or digest cellobiose. However, more experiments would need to be

carried to investigate this further.

3.2.2 Strain Evaluation

Disclaimer: The characterisation of TM242 and cellulolytic strains on cellobiose experiments were

carried out by Agnés Oromi Borsh, Erasmus research student, Imperial College London.

3221 TM242

To assess ethanol production in the TM242 strain and gain insight to how the cells handle growing in
a bioreactor versus a flask the cells were grown in 1 L of cellobiose ASM media for 35 hours, with the
conditions switched from aerobic to anaerobic after 5 hours. The results of this can be seen in Figure

3-6 and Figure 3-7.

The growth rate of the cells in the bioreactor was faster than that of the flasks during the aerobic
phase. As shown in Figure 3-6 when the bioreactor switched to an anaerobic environment there was
a distinct drop in the OD, indicating that the cells are lysing. After a brief lag period cell growth began
again and reached similar OD levels to that seen before the switch. It is noticeable that the cellobiose
concentration does not change much for the first few hours, indeed until after the anaerobic switch.
Although minimal additives (e.g. 0.1% (w/v) yeast extract) were incorporated into the media there
was still some present, so it is likely that the cells grew mostly on that initially. Once the cellobiose did
start getting used, it appears to be linear uptake although a lack of data points overnight leaves some

uncertainty.
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Figure 3-6: Cellobiose concentration profile and OD600 for TM242 grown on cellobiose in a bioreactor

The main products produced during the fermentation was ethanol and acetate. It can be seen from
Figure 3-7 that before the anaerobic switch no ethanol or acetate was produced, and indeed it wasn’t
until a few hours after the switch that the production became significant, likely due to the lysis
experienced by the cells after the switch. The production of these products aligns closely with the
beginning of the disappearance of cellobiose. Acetate production had a significant spike in production
rate around 25 hours into the fermentation. The reason for this spike is unknown but based on the
timing of the increase it is likely related to cells struggling to keep living as the cellobiose runs out,
activating alternative metabolic pathways. As expected there was no lactate produced during the

fermentation, confirming the removal of the lactate dehydrogenase gene from the strain.

In Figure 3-8 it can be observed that there was some formate produced at the very end of the
fermentation indicating that the pathway or an alternative is at least available to the cells. This is just
a singular data point, so it could potentially be an error in the reading. Pyruvate in the media seems
to track the aerobic growth phase well during the rapid growth phase, and then dropping as the switch

was made. In the anaerobic phase we can see it steadily being consumed by the cells as they grow.
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Figure 3-8: Formate and pyruvate concentration profile and OD600 for TM242 grown on cellobiose in a bioreactor
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3.2.2.2 Anaerobic Switch Time

To investigate the effect of the timing of the anaerobic switch, the previous experiment was repeated
but the switch was made later, after almost 8 hrs. As expected the OD reached was much higher in
this case, with the OD600 peaking at more than double what was achieved in the earlier switch (5 hrs)
and holding steady at the higher value as shown in Figure 3-9. The drop off in the cell OD after the
switch was also not as severe, indicating that the slower environmental change had stressed the cells
less and allowed them to adapt. However, as can be seen in Figure 3-10 ethanol production was
markedly less, peaking at 2.8 g/L in comparison to 6.1 g/L in the previous reactor. The peak also came
much earlier in the fermentation. This is because cells had more time to grow on the cellobiose in the
aerobic conditions and consumed much more of it, converting the carbon to cell mass and then not
having that carbon available during the anaerobic phase so the there was less time for the desired
products to be produced. There was up to 2.8 g/L acetate produced at one point during the
fermentation, compared with 1.2 g/L with the earlier switch. The bioreactor was left to run much
longer this time, however was seen that after about 35 hours very little happened, and the decreasing
concentration of products is probably mostly due to cumulative losses to the off-gas stream. The

results of this experiment are shown in Figure 3-9.
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Figure 3-9: Cellobiose concentration profile and OD600 for TM242 grown on cellobiose in a bioreactor with a 8hrs anaerobic
switch
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Figure 3-10: Ethanol and acetate concentration profile with OD600 for TM242 grown on cellobiose in a bioreactor with a
8hrs anaerobic switch

The pyruvate did not follow the same trend as the OD this time. With a rapid drop off after the switch,
followed by a steady period before it tails off to zero at approximately 50 hours. The pyruvate peak
concentration in this later switch was almost double what it was in the 5 hour switch from before. This

backs up the implication that the excess pyruvate production is related the rapid aerobic growth.
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Figure 3-11: Formate and pyruvate concentration profile and OD600 for TM242 grown on cellobiose in a bioreactor with a
8hrs anaerobic switch
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3.2.2.3 Cellulolytic Strains

The same conditions (5 hrs anaerobic switch) were used for a fermentation carried out with the
enzymatic strains to see if there were any significant differences between the non-enzyme producing
TM242 strain and the enzymatic strains. An equal proportion of all strains was used. As the enzyme
producing strains are engineered to constantly produce a basal amount of enzyme, whether cellulose
is present or not, the metabolic burden on producing them may impact growth or product production.
However, the results of the fermentation were almost identical, with 6.1 g/L ethanol produced, an OD
peak of around 2 as shown in Figure 3-13 and Figure 3-12 respectively. This indicates that either very
little enzyme is being produced by the cells or that the burden of doing so is extremely small. One
small difference is that less acetate was produced with the concentration peaking at 0.03 g/L, instead
of the 1.2 g/L that was achieved in TM242. And yet again we see that the pyruvate mirrors the growth

curve until about 8 hours into the fermentation, as seen in Figure 3-14.

20 2.5

18

16 2
=
5 14
S 12 1.5 8
g 10 é
S 8 1
c
8 6

4 0.5

2

0 0

0 5 10 15 20 25 30 35
Time (hrs)

Cellobiose === 0D600

Figure 3-12: Concentration profiles and OD600 for cellulolytic strain mixture grown on cellobiose in a bioreactor with a co-
culture of the cellulolytic strains
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Figure 3-13: Product concentration profile and OD600 for cellulolytic strains grown on cellobiose in a bioreactor with a co-
culture of the cellulolytic strains
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Figure 3-14: Minor products concentration profile and OD600 for cellulolytic strains grown on cellobiose in a bioreactor with
a co-culture of the cellulolytic strains

3.2.3 Enzyme Activity Assays

To evaluate the enzyme production of the cells DNS enzyme assays were used. The cells were grown
in flasks with 2% (w/v) glycerol medium and samples taken at regular intervals and the DNS assay

procedure outlined in Section 3.1.7 used to find the activity. It was found that whilst the cells grew
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well on the medium, with OD600 reaching as high as 25, enzyme activity was relatively low and did
not vary much with time. Enzymatic activity appears to peak quite early on, possibly being produced
rapidly in the initial exponential growth phase but then is steady and decreases over time. The
endoglucanase (CMC) activity was consistently higher than exoglucanase (Avicel) for all the strains.
Whilst the activities were consistent across these experiments the group have Bath have unpublished
data with the cells that had activities up to 10 times higher have been observed. The reason for this

variation was unknown.
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Figure 3-15: Profiles of enzymatic activity and OD600 of 4 different enzyme producing G. Thermoglucosidasius strains
grown on 2% (w/v) glycerol media. Experiments were done in duplicates and error bars are the standard deviation.

3.2.4 CBP Replication

To analyse how the cells was cope in a CBP environment a fermentation as carried out on RAC in the
bioreactors. The RAC was made as outlined in section 3.1.8 and a 1% (w/v) solution was used. A “rich”

I”

and a “minimal” media was made, with different amounts of yeast extract and tryptone added. The
minimal media contained 0.1% (w/v) yeast extract and tryptone. Whilst the rich contained 0.5% and
0.8% (w/v) yeast extract and tryptone respectively. The “minimal” media was to try and have as little

unspecified factors as possible to aid in understanding carbon flux through the cells, whilst the “rich”

media would give the cells the best initial growth to see if it aided the process.

The RAC solution was a milky white precipitate in solution which influenced the OD600 readings,
therefore the exact value is not entirely informative. However, the change in OD over the course of
the reaction can be attributed to cell growth and therefore gives some insight in the cell growth
patterns. It was seen that both rich and minimal additives RAC had good initial growth during the

aerobic phase, with the richer media experiencing less of a drop off after the switch.

12 +

B,
Ji

QA :

o
3
a 6
(@]
4 3
2 4
0 | | | | | |
0 10 20 30 40 50 60
——Minimal Time (hrs) Rich

Figure 3-16: OD readings for minimal and rich RAC media during fermentation in a bioreactor
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Unfortunately, the minimal media produced almost no products as it appeared that the shock of the
anaerobic switch was too great for them and caused them to die. The rich media displayed even
stranger results, with ethanol being produced mostly during the initial few hours when the process
was supposed to be running in aerobic conditions which can be seen in Figure 3-17. There are some
fluctuations in the values after the anaerobic switch, but this could just be variation from the sampling,
readings or that the cells also died off during the switch - though the redox and pO, value suggested
that the cells were at least alive. There was also an unexpectedly high level of lactate produced. It
appears as if one of the strains was contaminated with a strain that had not had the lactate producing

gene removed, leading to this lactate being produced alongside ethanol.

Production of ethanol at the start of the fermentation process in the rich RAC media can be explained
by the formation of localised anaerobic pockets in the viscous RAC media, despite the macro aerobic
environment. There was also some lactate produced suggesting that at least some of the cells had a
wild type base and not TM242, so the potential ethanol production would have been slightly higher if

that carbon was redirected to ethanol.
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Figure 3-17: Concentration profiles for the products of rich RAC media during fermentation in a bioreactor
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3.3 Conclusions

From the experimental results it was concluded mixture of enzyme producing G. thermoglucosidasius
strains can produce ethanol from cellulosic substrates such as RAC. It was found that the strains will
preferentially absorb glucose when both cellobiose and glucose are present in relatively large
amounts, however if there is only a small amount of glucose present then cellobiose uptake does not
appear to be affected. The anaerobic switch time was shown to have a large effect on the growth
profile of the cells and reducing the amount of ethanol produced by more than 50%. There was no
noticeable difference between the cellulolytic strains and the non-enzyme producing TM242 strain,

indicating that the enzyme production does not produce a substantial metabolic burden on the cells.
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4 MODEL DEVELOPMENT

The following abbreviations are used in the following section.

Table 4-1: Nomenclature for following section

Abbreviation Name Abbreviation Name

GLC Glucose ACE Acetate

G6P Glucose 6-Phosphate LAC Lactate

F6P Fructose 6-Phosphate CIT Citrate

F1,6BP Fructose 1,6-bisphosphate aKG o-Ketoglutarate

G3P Glyceraldehyde 3-Phosphate | SUC Succinate

DHAP Dihydroxyacetone Phosphate | FUM Fumarate

1,3BPG 1,3-bisphosphateglycerate MAL Malate

3PG 3-Phosphoglycerate OXA Oxaloacetate

2PG 2-Phospoglycerate 6PGA 6-Phosphogluconolacetone
PEP Phosphoenolpyruvate 6PG 6-Phosphogluconate
PYR Pyruvate RL5P Ribulose-5-Phosphate
ACOA Acetyl CoA R5P Ribose-5-Phosphate
EtOH Ethanol X5P Xylulose-5-Phosphate
S7P Sedoheptulose 7-Phosphate | E4P Erythrose-4-Phosphate
CAC Cis-Aconitate ISOCIT Isocitrate

SUC-CoA Succinyl-CoA ENZ Enzymes

BIOM Cell biomass o Dimensionless constant

4.1 Methodology

The goal is to develop models of the enzymatic hydrolysis of cellulose and cellular metabolism of the

resulting sugars into ethanol. These models will then be combined to simulate the overall CBP process.

77| Page



As the models are separate it gives scope for changes and improvements to each model independently
of the others. It will also allow comparison between a sequential SSF process and the combined CBP
process. The cellular metabolism model will consist of two parts, a MFA model simulating the
intracellular reactions, that is constrained by reaction stoichiometry, and a kinetic model that

describes the uptake and output of substrates and products from the cell.

4.2 Cellulose Enzymatic Hydrolysis Model

Hydrolysis of cellulose by cellulases is done by a mixture of enzymes, forming glucose, cellobiose and
oligomers in the process. Endoglucanases randomly cleave B-glycosidic bonds forming more free chain
ends, exoglucanases cleave off cellobiose molecules from the longer cellulose chains and B-
glucosidases break cellobiose into 2 molecules of glucose. The action of endoglucanases and
exoglucanases is heterogenous since long chain oligomers are not soluble in water, whereas B-
glucosidase action on the soluble cellobiose is homogeneous. The hydrolysis model developed here is

based on the model by Kadam et al (Kadam et al., 2004).

The inhibition caused by the sugar products was assumed to be competitive type inhibition. This
assumes that the inhibitor sugars are substrate analogues and bind competitively to the active site.
The xylose component of the Kadam model was removed as pentose sugars were not considered at
this stage. A term (Equation 4-6) for enzyme deactivation was added as it is expected for the enzyme

activity to decrease over time.

4,2.1 Cellulose to cellobiose

This equation describes the breakdown of cellulose to cellobiose. It was assumed that there was
competitive inhibition from the glucose and cellobiose concentrations. This breakdown is done by a
combination of endoglucanases and exoglucanases.

Eig*kiy, *R*S Equation 4-1

G2 G
T4 () + |+
(k) (&5

T1=
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4.2.2 Cellulose to glucose

This reaction described the breakdown of cellulose to glucose reaction assuming there is competitive
glucose and cellobiose inhibition. A combination of endoglucanases, exoglucanases and -
glucosidases.

kyr % (E1p + E;p) xR+ S Equation 4-2

G2 G
1T+ — |+ (+—
<k2i92> (kzig>

rz =

4.2.3 Cellobiose to glucose

The final enzymatic reaction is the breakdown of cellobiose to glucose reaction assuming competitive
glucose inhibition. This is carried out by B-glucosidases. This reaction was assumed to be homogenous
and occur in solution, removing the need for enzymes to be bound, hence free enzyme concentration
was used.

ks * Eyp x G2 Equation 4-3

k3m * (1 + (kf )) + G2
ig

T3=

4.2.4 Enzyme Adsorption

It was assumed that enzyme adsorption onto the cellulose followed a Langmuir type isotherm, with
the first order reactions occurring on the cellulose surface (Kadam et al., 2004).

Eimax * Rigg * EiF * S Equation 4-4

Ep =
' 1+ Kiga * Eip

4.2.5 Substrate Reactivity

The cellulose was assumed to be equally susceptible to attack. This means that there was no provision
for assuming that there are separate recalcitrant crystalline and reactive amorphous regions. Equation

4-5 describes the change in substrate reactivity over time.

S Equation 4-5
«(5)

79| Page



4.2.6 Enzyme deactivation

The enzymes were assumed to deactivate in a first order reaction based on the enzyme concentration.

Tgip = kd,i- Ei,T Equation 4-6

4.2.7 Mass Balances

The mass balances for glucose, cellobiose, cellulose and enzymes are based on the principle of mass
conservation and do not change if modifications are made in the kinetic rate expressions (Kadam et

al., 2004).

4.2.7.1 Glucose Mass Balance

dGLC Equation 4-7
T = 1111T2 + 1053T3

4.2.7.2 Cellobiose Mass Balance

aGg2 Equation 4-8
7 == 10567‘1 - T3

4.2.7.3 Cellulose Mass Balance

dCellulose Equation 4-9
& T

4.2.7.4 Enzyme Mass Balance

Er; = Ep; + Eg; Equation 4-10

4.2.8 Hydrolysis Model Parameter Estimation
The model was fitted to experimental data published in the literature (Peri et al., 2007b) and the
results of the parameter estimation can be seen in Table 4-2. The model was able to replicate the

experimental results with a high degree of accuracy, indicating that the assumptions and
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simplifications of the model are valid, at least for the data set used for the parameter optimisation.
The enzyme loading was 1FPU/g of glucan and 1 FPU was approximated to 2mg of protein (Kumar and

Wyman, 2008, Kumar and Wyman, 2009).
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Figure 4-1: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation for a 1FPU/g of glucan enzyme loading
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Figure 4-2: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production from cellulose degradation for a 1FPU/g of glucan enzyme loading
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Figure 4-3: Comparison of the simulated concentration profile and experimental(Peri et al., 2007a) data points of cellobiose
production from cellulose degradation for a 1FPU/g of glucan enzyme loading

Table 4-2: Summary of optimised parameters for hydrolysis model

Parameter Value
ki, (g/g.h) 64.8
k1,g2 (8/L) 14.5
kq,ig (/L) 1.8
k> (g/g.h) 16.4
k2,ig2 (8/L) 11370
k., (g/V) 9.6
k3, (h™) 313
k3m (g/L) 2.2
k3g (8/L) 19.7
ka1 (h™) 0.08
kgz () 0.09
Parameters from Literature (Kadam et al., 2004)
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K 1,4 (g protein/ g substrate) 0.4

K44 (g protein/ g substrate) 0.1
E {max (g protein/ g substrate) 0.06
Eomax (8 protein/ g substrate) 0.01

4.2.8.1 Model Testing

The model was then tested against data sets that were not used for the parameter estimation to
analyse if it can accurately replicate the results. The first test was on a system with a higher enzyme
loading — 3FPU/g of glucan. It can be seen in Figure 4-4 that cellulose breakdown is still well captured.
Figure 4-5 and Figure 4-6 show that glucose and cellobiose profiles are not as accurate as before, but
still capture the trends well. Glucose production is underestimated, and cellobiose production is
overestimated, indicating that the issue is potentially with the model underestimating the breakdown

of cellobiose into glucose in Equation 4-3.
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Figure 4-4: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation for an enzyme loading of 3 FPU/g of glucan
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Figure 4-5: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production from cellulose degradation for an enzyme loading of 3 FPU/g of glucan
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Figure 4-6: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellobiose
production from cellulose degradation for an enzyme loading of 3 FPU/qg of glucan

Next the model was tested to see how it dealt with systems that had glucose already present in the
system at the start. This time cellulose degradation was underestimated, but the trend was well
captured as shown in Figure 4-7. The glucose concentration profile shown in Figure 4-8 was accurately

recreated by the model, and then the cellobiose shown in Figure 4-9 was underestimated. This
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indicates that the model is potentially overestimating the effect of glucose inhibition on the

breakdown of cellulose.
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Figure 4-7: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation for an enzyme loading of 1 FPU/g of glucan and 0.67 g/L of glucose present at the start

5.0
4.5
4.0 o
3.5
3.0
25
2.0
15
1.0
0.5
0.0

Concentration (g/L)

0 10 20 30 40 50

. Time (hrs) .
—Simulated O Experimental

Figure 4-8: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production from cellulose degradation for an enzyme loading of 1 FPU/g of glucan and 0.67 g/L of glucose present at the
start
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Figure 4-9: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellobiose
production from cellulose degradation for an enzyme loading of 1 FPU/g of glucan and 0.67 g/L of glucose present at the
start

Finally, the model was tested against a scenario of there being cellobiose present at the start of the
reaction. This gave similar results to glucose being present at the start. Figure 4-10 shows that
cellulose breakdown was underestimated, although the difference between the model and the
experimental was not as great as in the case as the glucose. The model recreated the glucose
concentration accurately again and this can be seen in Figure 4-11. Figure 4-12 shows that the
cellobiose concentration was generally slightly underestimated, but again less so than in the case of
glucose. The inhibition from cellobiose appears to be overestimated as well, but the difference in this

case is small so more investigation is needed to confirm this.
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Figure 4-10: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation for an enzyme loading of 1 FPU/g of glucan and 1.2 g/L cellobiose present at the start
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Figure 4-11: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production from cellulose degradation for an enzyme loading of 1 FPU/g of glucan and 1.2 g/L cellobiose present at the
start
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Figure 4-12: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of
cellobiose production from cellulose degradation for an enzyme loading of 1 FPU/g of glucan and 1.2 g/L cellobiose present
at the start

4.3 Cellular Metabolism Model

4.3.1 Geobacillus thermoglucosidasius

The organism used as the base for the CBP model was Geobacillus thermoglucosidasius. This
thermophilic bacterium can grow at temperatures of up to 70 °C and can ferment hexose, pentose
and oligomers to form lactate, formate, acetate and ethanol via a mixed acid pathway (Cripps et al.,

2009, Thompson et al., 2008). They do not naturally produce any cellulases.

4.3.1.1 Enhancing Ethanol Production

Work has been done by a group at Bath University to both enhance the ethanol production and to
engineer cellulase production into the organism. By disrupting the /dh and pfIB genes they removed
the lactate dehydrogenase and pyruvate formate lyase pathways. Then they upregulated pyruvate
dehydrogenase, diverting the carbon flux from the mixed acid pathway to ethanol production. The
developed strain, TM242, was reported to convert glucose to ethanol at yields greater than 90% of

the theoretical maximum and had ethanol production rates of 2.9 g/L.hr and 3.2 g/L.hr from glucose
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and cellobiose respectively (Cripps et al.,, 2009). Details of the metabolic engineering of G.
thermoglucosidasius can be found in the thesis by Ali Hussein who developed the strains used in this

thesis (Hussein, 2015).

4.3.2 Metabolism Reconstruction

To carry out metabolic flux analysis (MFA a stoichiometric matrix was created by reconstructing the
metabolic pathways of G. thermoglucosidasius. The glycolysis, pentose phosphate pathway and citric
acid cycle pathways were considered. The initial network of reactions for the reconstruction was

collected from the KEGG database (KEGG, 2017).

4.3.2.1 Glycolysis & Product Formation

Glycolysis converts glucose into pyruvate releasing energy in the form of ATP and NADH. The first
changes made to the starting network was the removal of the lactate producing reaction catalysed by
lactate dehydrogenase which was no longer present in this strain. The pyruvate formate lyase pathway
was left as it could be seen from the experimental results that small amounts of formate was still
formed. The intermediates; F1,6BP, DHAP, 1,3BPG and 2PG were removed by collapsing the linear,
irrevesible reactions that they were involved in. Care was taken to ensure that stoichiometry was
preserved when doing so. This is done to reduce the number of metabolites (variables) that are
accounted for it the model, while keeping the carbon flow intact. Whilst not a major consideration for
this study, reducing these reactions reduces the number of equations dealt with by the model,
reducing computation time and power required. This may become important in the future as the
model is integrated with, for example, a Computational Fluid Dynamics (CFD) simulation of the

bioreactor. The original and reduced glycolysis pathways are shown in Figure 4-13.
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Figure 4-13: Glycolysis pathway before and after linear pathway collapsing

4.3.2.2 The Citric Acid Cycle

The citric acid cycle releases energy through the oxidation of acetyl-CoA, produces NADH and provides
amino acid precursors. Similar to the glycolysis pathway, intermediates that were not involved in key
reactions and were part of linear, irreversible pathways were collapsed. In this case CAC, ISOCIT, SUC-

CoA and FUM were removed, as outlined in Figure 4-14.

ISOCIT

SUC-CoA

Figure 4-14 Citric acid cycle before and after linear pathway collapsing
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4.3.2.3 Pentose Phosphate Pathway
The pentose phosphate pathway generates NADPH and ribose 5-phosphate which is a precursor for
nucleotides which will be needed for cell growth and enzyme production. The first three reactions

were collapsed, removing the intermediates 6PGA and 6PG, whilst the rest of the pathway was left

intact.

(Cacap )+( s7P )
( FoP )i( E4P )

(Cc3p )+( s7P )

( FepP )i( E4P ) (FeP )+(G3P)

('FeP )+(G3P)

Figure 4-15: Finalised pentose phosphate pathway

4.3.2.4 Cell biomass and Enzyme Formation

To determine the appropriate biomass and enzyme stoichiometric equations used in Reaction 25 and
26 the constituent information (proteinogenic amino acid composition) of G. thermoglucosidasius and
cellulases produced by C. thermocellum were used (Tang et al., 2009). The amino acids in the
composition analysis were converted to intermediates present in previously described pathways. For

example, Alanine was converted to its precursor pyruvate. These compositions and can be found in

the Section 7.3.
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4.3.2.5 Metabolic Reconstruction - Summary

The final reduced system consisted of 26 reactions and 26 metabolites, 17 of which were considered
intracellular only and 9 of which had corresponding exchange equations with the extracellular
environment. Currency metabolites such as ATP, NADH, FADH,, etc. were removed as they offer little
insight and are often unreliable due to isoenzymes with alternative cofactor specificities and
uncertainties regarding transhydrogenase activity (Antoniewicz, 2015). An overview of the cell

metabolism model is shown in Figure 4-16.

(aelc) (ceLo)

[P
GLC
CO2
BIOM
ENZ
(Cace) (EtoH)
Figure 4-16: Overview of final cell metabolism model
Table 4-3: Stoichiometric Equations used in the MFA
Reaction Reaction No.
G2 - (2)GLC Reaction 1
Glycolysis
GLC - G6P Reaction 2
G6P — F6P Reaction 3
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G3P - 3PG Reaction 5

PEP - PYR Reaction 7

PYR —» ACoA + FOM Reaction 8

ACoA - EtOH Reaction 10

Citric Acid Cycle

ACoA - CIT Reaction 13

aKG - SUC + CO, Reaction 15

MAL - OXA Reaction 17

Pentose Phosphate Pathway

RL5P — R5P Reaction 20

R5P + X5P - G3P + S7P Reaction 22
X5P + E4P - G3P + F6P Reaction 24
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(0.09)R5P + (0.16)E4P + +(0.7)3PG + (0.85)aKG Reaction 25
+ (1.59)AC0A + (1.13)0XA + (0.16)PEP
+ (1.45)PYR - Cells(biomass)
Enzyme Formation
(0.01)R5P + (0.06)E4P + +(0.15)3PG + (0.17)aKG Reaction 26
+(0.28)0XA + (0.06)PEP + (0.27)PYR
- Enzymes
Exchange Reactions
0;[c] - 0;]e] Reaction 27
G2[c] - G2[e] Reaction 28
Cells[c] - Cells|e] Reaction 29
Ethanol|c] —» Ethanol|e] Reaction 30
Acetate[c] — Acetate|e] Reaction 31
Formate|[c] » Formate|e] Reaction 32
Pyruvate[c] » Pyruvate|e] Reaction 33
CO,[c] - €O, €] Reaction 34
Enzyme|c] » Enzyme|e] Reaction 35
GLC|[c] - GLC[e] Reaction 36

4.4 Kinetic Model

The basis of the kinetic model was Monod kinetics (Monod, 1949). In the case of the standard Monod
kinetic model not adequately describing the biological process taking place, additional terms were

added.

4.4.1 Specific Growth Rate

The limiting substrate for growth in most CBP scenarios for G. thermoglucosidasius will be cellobiose,

as any glucose produced will be almost instantly be taken up by the cells. Therefore, the sequential
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growth pattern that can be seen when both glucose and cellobiose are present in large quantities does
not get a chance to occur. To account for this, the specific growth rates from cellobiose and glucose
are added together. The growth rate from cellobiose and glucose was seen to very similar, so the same

constants are used in each equation.

0 [G2] Equation 4-11
U= tmax e T T62]
[GLC] Equation 4-12
ul = Upgr->———
K, + [GLC]
u=u0+ul Equation 4-13

4.4.2 Cell Growth

Cell growth was split into 3 phases: exponential aerobic phase, stressed phase post anaerobic switch

and anaerobic phase. The aerobic phase is modelled by a standard Monod model.

d[X] Equation 4-14

As it could be seen from the experimental data that the cells were stressed for a period after the

aerobic-anaerobic switch, a first order death rate was used to capture the reduction in growth rate.

d[X] Equation 4-15
— = u. [X] — Kstress- [X]

As ethanol is produced during the anaerobic phase, ethanol inhibition was considered during the
anaerobic phase, and a new first order death constant was estimated for general cell death over the

course of the reaction in the reactor.

d[X] u. [X] Equation 4-16

= — K, [X
dt ~ 1+[Ethl.K,, ° [X]
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4.4.3 Yield Coefficient

The yield coefficient used in the upcoming equations is the ratio of the mass of the microorganism to

mass of substrate/product utilised/produced. It acts as a measure of efficiency for that component.

mass of microrganism Equation 4-17

Yx = —
5 mass of substrate utilised

4.4.4 Glucose Uptake
From the experiments carried out in Chapter 3 glucose uptake was seen to be linear and consistent
until all the glucose is used up. Therefore, glucose uptake was modelled via a standard Monod

equation, using a yield coefficient.

d[GLC] —u.[X] Equation 4-18

445 Cellobiose Uptake

Cellobiose uptake was seen to follow a similar trend to glucose in being linear and consistent until the
cellobiose was all used. Therefore, cellobiose uptake was modelled via a standard Monod equation,

using a yield coefficient.

—u. [X] Equation 4-19

4.4.6 Ethanol Production

Ethanol production was modelled via a standard Monod equation, using a yield coefficient. Ethanol

concentration in the medium inhibits ethanol production and so an inhibition term was included.

d[Eth] u. [X] Equation 4-20

dt [Eth] * Ygen
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4,47 Acetate Production

Acetate production was modelled via a standard Monod equation, using a yield coefficient. Acetate

concentration in the medium inhibits acetate production and so an inhibition term was included.

d[Ace] u. [X] Equation 4-21

dt [Ace] * Y e

4.4.8 Formate Production

Formate production was modelled via a standard Monod equation, using a yield coefficient. Formate

concentration in the medium inhibits formate production and so an inhibition term was included.

d[Fom] u. [X] Equation 4-22

dt [Fom] * Yeom

4.49 Pyruvate Production/Uptake

Pyruvate could both be produced and taken up by the cells, so Monod kinetics was used for the

production and the uptake modelled with a first order equation based on the pyruvate concentration.

d[Pyr] u.[X] Equation 4-23

i = Ypyr — Kup—pyr- [Pyr]

4.4.10 CO;Evolution

CO; evolution was modelled using via a standard Monod equation, using a yield coefficient.

d[C02] _uX Equation 4-24
dt Yo,

4.4.11 Enzyme Production

Enzyme production was engineered into the cells to be produced and expressed at a constant rate
instead of being induced. To model this, a first order equation based on the current cell concentration

was used.
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d[Enz] Equation 4-25
r = Kopy - X

4.4.12 Kinetic Model Parameter Estimation

The kinetic parameters were fitted to the experimental data using the “Isqcurvefit” function in Matlab
that minimises the square error between the experimental data and the model estimates. As there
were some large gaps in the experimental data when the bioreactor was running overnight the curve
fitting toolbox in Matlab was used to create smoothing splines to replicate the experimental results,
increasing the temporal resolution of the data and reducing noise. This smoothed data was used in
place of the experimental data in the parameter fitting function. The kinetic model was solved using

“oded5” and using the initial conditions of the experiments. The fitted parameters are listed in .

Table 4-4: Summary of parameters and their optimised fitted values

Parameter Fitted Parameter Value

Umax (hr?) 1.03
Ya2 (mmol/mmol) 1.86
Ks (mmol/L) 9.89

Yetn (mmol/mmol) 0.0089
Yace (mmol/mmol) 837
Yrom (Mmol/mmol) 9.03
Ypyr (Mmol/mmol) 8.56
Kup-pyr (1Y) 4.55
Yco2 (mmol/mmol) 1.23
Kstress (hr?) 1.19

Km (hr?) 0.0004
Umax,anaerobic (hr™) 1.11
Ks,anaerobic 18.8
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Ka (hr?) 0.51

Kenz (hr?) 2x10%

The model struggled to fit the cell concentration profile over the entire time course of the
fermentation. The initial growth during the aerobic phase was modelled to be lower than what was
observed experimentally, and then the drop off after the phase changed was exaggerated. However,
the biggest problem was the model struggling to simulate the cells in the aerobic phase, with it greatly
overestimating anaerobic cell growth, and then predict very rapid cell death as shown in Figure 4-17.
The suspected reason for this behaviour in the anaerobic phase is that the model is predicting that
ethanol production during this phase is also increasing therefore it is predicting that more cells are
needed to satisfy the increased ethanol production. Then towards the end of the fermentation ethanol
product falls to near zero and the model accounts for this by predicting that there must have been a
large amount of cell death. However, part of the reason for this poor fit lies with the experimental
data as well. The model is being fitted to concentrations derived from OD600 readings. These readings
do not distinguish between alive and dead cells, therefore at the end of the fermentation it is quite
likely that the number of alive cells is indeed near zero as predicted by the model, but the OD reading
is higher due the dead cells present. It was considered to split the model into live and dead biomass
variables to try and account for this and fit the sum of these to the OD600 readings. However, this
creates more unknowns in the system. If the dead cells lyse then they will no longer have the same
effect on the OD600 measurements. Therefore, cell lysing would need to be modelled as well. As we
have no experimental data for the rate at which the cells lyse, or data on the number of cells in the
0D600 measurements that were alive or dead, it was decided that the current model, whilst not

entirely satisfactory was the best current option.
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Figure 4-17: Comparison of the experimental data (orange circles), the splines fitted data (green dotted line) and the kinetic
model with optimised parameters (blue solid line) for the cell concentration

The fit on the cellobiose uptake into the cell was well captured by the model and fit the experimental

data well. Figure 4-18 shows that the model does not quite predict that cellobiose will reach zero has
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happened in the experimental data. This shows that the model is predicting all the cells are dead

before this has happened experimentally.
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Figure 4-18: Comparison of the experimental data (orange circles), the splines fitted data (green dotted line) and the kinetic
model with optimised parameters (blue solid line) for cellobiose concentration

Ethanol production is a key process the model is trying to capture. As shown in Figure 4-19 it does this
well. The linear increase in ethanol concentration and the eventual levelling off due to a combination
of cell death and ethanol product inhibition is well captured. As mentioned earlier cell death appears
to be overestimated, meaning that in this simulation the ethanol inhibitory effect is being

underestiamted to compensate.
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Figure 4-19: Comparison of the experimental data (orange circles), the splines fitted data (green dotted line) and the kinetic
model with optimised parameters (blue solid line) for ethanol concentration

The side products of formate and acetate production are reasonably replicated and are shown in
Figure 4-20 along with pyruvate and CO,. The model does predict that formate production occurs
earlier than happens experimentally. It seems the lag period for formate is longer than acetate and
ethanol and this is not incorporated in the equations. The decrease in formate concentration in the
experimental data is assumed to be loses from evaporation and not formate used by the cell. Acetate
production starts at the correct time, though the rate is slightly higher than that seen experimentally
and then levels off much earlier. This is again linked to the model simulating the cells as dying earlier
than seen in the bioreactor experiments. CO, production is estimated well with again the only issue
being the early levelling off. Pyruvate production on the other hand was modelled poorly, with the

amount of pyruvate in the medium underestimated throughout the simulation.
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Figure 4-20: Comparison of the experimental data (orange circles), the splines fitted data (green dotted line) and the kinetic
model with optimised parameters (blue solid line) for acetate, formate, pyruvate and CO,

4.5 Dynamic Metabolic Flux Analysis

With the kinetic model simulating the uptake of substrates and excretion of products and enzymes
from the cells, combined with the stoichiometric model of the reconstructed intracellular metabolism
a dynamic metabolic flux analysis was achieved. The “fmincon” function in Matlab was used to carry

out the error minimisation outlined in Section 2.5. The stoichiometric matrix used for the simulation
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is shown in Figure 4-22 and with the pseudo steady state assumption constrains the intracellular

metabolite concentrations.

The dynamic simulation was carried out according to the steps outlined below. The logic is

summarised in Figure 4-21.

Step 1: The ‘measured’ reaction rates were calculated by solving the equations of the kinetic model
described in Section 4.4, using the extracellular concentrations. This gives several input/output fluxes

to the cells.

Step 2: The rates calculated in step 1 are used as input to the MFA cellular metabolism model
described in Section 4.3. This gives us the flux distribution throughout the network, including the

III

“real” input/output fluxes that satisfy the model.

Step 3: The extracellular concentrations are updated from the fluxes calculated in step 2 and the time

step.

Step 4: The current time is increased by the time step, and the model loops back to step 1.

Kinetic model solved,
uptake & production
fluxes estimated

Estimated rates used as
Time inputs to the MFA. Flux
increased distribution calculated

until tang Min - y (,,cazc,vmm)z

pmeas

Extracellular
concentrations updated
from fluxes calculated
by MFA

Figure 4-21: Flow diagram outlining the DMFA model logic
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Figure 4-22: Stoichiometric matrix with labels for MFA
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45.1 DMFA Results

The goal of the DMFA is to find a set of intracellular fluxes that satisfy the stoichiometric constraints
and minimises the difference between the concentration predicted by the kinetic model and that
returned by the MFA. The results were very similar to that of the kinetic modelling indicating that the
model was able to find a set fluxes that satisfied all the constraints. The results are shown in Figure

4-23. The issues identified with the kinetic model apply here as well.
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Figure 4-23: Comparison of experimental data and DMFA output
4.6 CBP Model

To model the CBP process the hydrolysis and DMFA model developed need to be combined. The
hydrolysis model will predict the breakdown of cellulose into cellobiose and glucose and the DMFA
model will simulate the conversion of those sugars into more enzymes for cellulose hydrolysis, cell

growth and ethanol production. The model logic is outlined below and summarised in Figure 4-24.

Step 1: Break up the simulation into small distinct timesteps.
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Step 2a: The ‘measured’ reaction rates were calculated by solving the equations of the kinetic model
described in Section 4.4, using the extracellular concentrations. This gives several input/output fluxes

to the cells.

Step 2b: Simultaneously solve the hydrolysis model from Section 4.2 to calculate the rate at which the

cellulose is being broken down into glucose and cellobiose.

Step 3: The rates calculated in step 2a are used as input to the MFA cellular metabolism model
described in Section 4.3. This gives us the flux distribution throughout the network, including the

“real” input/output fluxes that satisfy the model.

Step 4: The extracellular concentrations are updated using the rates calculated from the hydrolysis

model (step 2b) and the fluxes in and out of the cell (step 3).

Step 5: The current time is increased, and the model loops back to step 1 to repeat for the next time

step interval.
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5 CBP SIMULATION AND OPTIMISATION

5.1 Strain Composition

The breakdown of cellulose is a vital step in the CBP process, with the sugar products needed for
fermentation whilst also causing hydrolysis inhibition. The composition of the strains, and by direct
relation, the enzyme composition will be an important factor in CBP. In the hydrolysis model (Section
4.2) the enzymes are split into two categories, the combination of endoglucanases and exoglucanases
were grouped together and B-glucosidases were separate. The ratios mentioned in this chapter are of
the form (exoglucanase + endoglucanase):B-glucosidase. Simulations were run at varying initial
enzyme compositions and the results compared. The key metric for CBP is ethanol production,

however other variables are discussed as well due to the interconnectivity of the process.

5.1.1 Ethanol Production

Figure 5-1 shows that there was a 20% increase from the worst performing composition to the best.
The largest amount of ethanol produced was done by the 0.95/0.05 composition, whilst both the 20%
and 0% B-glucosidase simulations produced the least. The 0.99/0.01 and 0.90/0.10 compositions also
finished with very similar total ethanol concentrations. Whilst the final ethanol concentration was
similar at the end of simulation, the concentration profiles were markedly different. The ethanol
concentrations peaked at different times, and the initial ethanol production rates varied. These results
show that having a small amount of B-glucosidase is beneficial to the process but adding too much is

detrimental.
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Figure 5-1: Simulated ethanol production for 5 different enzyme compositions

5.1.2 Cellulose Degradation

Ethanol is the main consideration for determining which composition is the best for the CBP process.
However, it is important to look at the other variables that will also be affected to understand why
the effect on ethanol production rates was seen. One of these is the degradation of cellulose. It is
expected that the compositions with larger proportions of endoglucanases and exoglucanases will be
more proficient breaking down cellulose as this is what those enzymes directly do. Figure 5-2 shows
that this is indeed the case, although the difference is not that great. There does not appear to be a
correlation between the ethanol production changes and the change in cellulose degradation caused

by the different enzyme compositions.
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Figure 5-2: Simulated cellulose concentration during the fermentation of 5 different enzyme compositions

5.1.3 Extracellular Cellobiose Concentration

Examining the breakdown of cellulose further the extracellular cellobiose concentration for each
composition was plotted on Figure 5-3. It is important to remember that the extracellular cellobiose
concentration (and later glucose) is also affected by uptake into the cells. As the enzyme ratio moves
towards B-glucosidase, the extracellular cellobiose concentration decreases. This is in line with
expectations as B-glucosidase breaks down the cellobiose into glucose. The cellobiose concentration
increased rapidly during the aerobic phase in all cases, then levels off before decreasing. The higher
the proportion of B-glucosidase the earlier the cellobiose concentration peaks, and in all cases the
concentration levels off and becomes steady soon after 40 hrs, indicating the cells have all died out.
The 0.95/0.05 ratio that produced the most ethanol produced a cellobiose profile that produced the
highest peak of cellobiose concentration that was still almost completely used up by the end of

simulation time.
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Figure 5-3: Simulation of the cellobiose concentration in the external media for 5 different enzyme compositions

5.1.4 Extracellular Glucose Concentration

As expected extracellular glucose concentration follows the reverse trend of the cellobiose. The lower

the proportion of B-glucosidase the less glucose that is present in the media throughout as shown in

Figure 5-4.
Glucose
25
= 20
=
o
€
£ 15
C
R
=
(]
5 10
[
[0}
(8]
[
0
0 10 20 30 40 50 60 70
Time (hrs)
0.99/0.01 ——1.0-00 ——0.95-005 ——0.90-0.10 ——0.80-0.20

Figure 5-4: Simulation of the glucose concentration in the external media for 5 different enzyme compositions
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5.1.5 Cell Growth

The cell concentration curves for the 5 enzyme composition comparisons are shown in Figure 5-5. The
0.99/0.01 ratio was optimal for cell growth with the cell concentration peaking at 2.6 mmol/L, whereas
the 0.95/0.05 ratio that was optimal for ethanol production peaked at 2.3 mmol/L. The timing of the
peak cell concentration shifts for each of the enzyme compositions, as does the time it takes for all
the cells to all die off. An interesting comparison is the 0.99/0.01 composition versus the 0.90/0.10
composition. These two compositions end up with almost the same total ethanol produced. The
0.90/0.10 ethanol production rate is lower, however it was sustained for longer. The reason for this
can be seen in Figure 5-5. The 0.90/0.10 cells lived for longer during the anaerobic phase. This gave

the cells more time to ferment the sugars present and produce ethanol.
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Figure 5-5: Simulated cell concentration for 5 different enzyme compositions

5.1.6 Conclusions

From these simulations it was concluded that a small amount of B-glucosidase is beneficial to ethanol
production. However, there was a not a clear trend to follow, with too much B-glucosidase being

detrimental. The time spent by the living cells in the anaerobic phase was seen to play an important
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role in ethanol production, with more time potentially being more valuable than number of cells. This
aligns with what was seen experimentally in Section 3.2.2.2. The lack of a hard-fast clear trend shows
the need for mathematical models such as this the model can be used to predict optimal ratios of
enzymes. The model does not account for differences in enzyme production over time. The ratio is
assumed to hold constant throughout. In practice this would not be the case and controlling the ratio
will be very difficult as you would need to be able control cell growth of each individual strain, as well

as predict the enzyme production from each strain accurately.

5.2 Anaerobic Switch Time

To analyse the effect of the anaerobic switch time simulations with different timing of the anaerobic
switch were carried out. From the experiments carried out on cellobiose the timing of the switch can
affect production of ethanol by limiting the amount of carbon available during the anaerobic phase.
However, in the case of CBP a longer aerobic phase with better growth may allow for better enzyme

production and help break down more cellulose extracting more sugar for the ethanol production.

5.2.1 Ethanol Concentration

As mentioned before the main metric to determine the success of the switch timing is maximising the
total ethanol produced. Figure 5-6 shows that ethanol production decreases the later the anaerobic
switch occurred. The best performing simulations produced 82 mmol/L, more than double what the
worst performing switch time did. The 1hr, 3hr and 5hr switches all produced similar amounts of
ethanol with there being a 4 mmol/L spread over them. From there the ethanol production drops off
rapidly with the 7hr switch and 9hrs switch only producing 65 mmol/L and 40 mmol/L of ethanol
respectively. The 1 hr and 3 hr switch showed more sustained, slower ethanol production over time.
Whilst they did end up generating 4 mmol/L more ethanol, the 5 hr switch time did so 10 hrs faster.
Depending on the costs of running the bioreactor it could therefore be cheaper to carry out a 5 hr

switch and end the reaction earlier, saving on running costs.
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Figure 5-6: Simulated ethanol production for 5 different anaerobic switch times

5.2.2 Cellulose Degradation

As the enzyme production is not induced but is passively produced by the cells it would be expected
that the more cells that are present the more enzyme would be produced, leading to more cellulose
degradation. Figure 5-7 does indeed show that to be the case. The later the anaerobic switch occurred
the more cellulose was degraded. This is the reverse of the trend for ethanol production. This
demonstrates how much the balance between breaking down the cellulose and promoting cell growth

versus having enough sugars and time for ethanol fermentation is an important factor in CBP.

116 |Page



Cellulose

70

60
=
=

o50
€
E

C40
2
]

©30
]
o

820
o
(@)

10

0

0 10 20 30 40 50 60 70
Time (hrs)
1hr Anaerobic Switch == 3hrs Anaerobic Switch == 5hrs Anaerobic Switch
7hrs Anaerobic Switch e 9hrs Anaerobic Switch

Figure 5-7: Simulation of cellulose degradation in a CBP process for 5 different anaerobic switch times

5.2.3 Cell Growth and Extracellular Enzyme Concentration

To ascertain if the increased cellulose degradation was caused by increased cell growth and enzyme
production comparisons were made between each simulation, the results of which are shown in and
Figure 5-9. As expected the longer the aerobic phase was the greater the cell concentration reached
was. The 9 hr switch peaked at 24 mmol/L, an 8x increase on the 1-hour switch time. The enzyme
production mirrors the cell concentration due to the model assumption that the enzyme production
is something the cells constantly do. It is noticeable that despite the much larger initial cell growth

that later aerobic switches also have a steeper drop off due to cell death.
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Figure 5-8: Simulated cell growth for 5 different anaerobic switch times
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Figure 5-9: Simulation of the total enzyme concentration in the extracellular media for 5 different anaerobic switch times
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5.2.4 Extracellular Sugars Concentration

Graphs comparing the extracellular sugars were produced to investigate potential reasons why the
later anaerobic switches lead to more rapid cell death, the results of which are shown in Figure 5-10
and Figure 5-11. The 7 hr and 9 hr switch were the only simulations were the sugar concentrations
noticeably dipped around the 10 hour mark. This could be the cause of the rapid dips in cell
concentration, if there was not enough sugar available to sustain cell growth then cell death in
response it not unexpected. In the 9 hr simulation, glucose increases after 10 hours because there are
not enough cells left alive to utilise it as the remaining enzymes breakdown the cellobiose into glucose.
It is interesting that the model is predicting this rapid cell death because intuitively it would be
expected that by having the cells grow and produce more enzymes they would be able to sustain for
longer as the enzymes produced a steady supply of sugar to be used. It could be that that the anaerobic
conditions make it difficult for the larger amounts of cells to survive. Further investigation into how
well the model simulates this phenomenon should be carried out to better understand if the cells die

off in this way and why.
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Figure 5-10: Simulated glucose concentrations for 5 different anaerobic switch times

119 |Page



Cellobiose

Concentration (mmol/L)
N

0
0 10 20 30 40 50 60 70
Time (hrs)
1hr Anaerobic Switch e 3hrs Anaerobic Switch Shrs Anaerobic Switch
7hrs Anaerobic Switch == Ohrs Anaerobic Switch

Figure 5-11: Simulated cellobiose concentrations for 5 different anaerobic switch times

5.3 Initial Sugar Concentrations

To try and investigate further the effect of improved cell growth simulations 0, 1, 5 and 10 mmol/L of
either glucose or cellobiose was carried out. Both sugars were done to simulataneously get a better

view of their inhibitory effects on cellulose degradation.

5.3.1 Ethanol Production

Adding extra sugar to the bioreactor should increase ethanol production as extra sugar is available to
promote cell growth in the aerobic phase without utilising the sugar produced from the hydrolysis.
Figure 5-12 shows that the ethanol concentration increased quite drastically with the 5 and 10 mmol/
cellobiose concentrations producing 35% more ethanol than the 0 and 1 mmol/L simulations. A similar
trend was seen for glucose, though the increase was less substantial. This is in line with expectations
as cellobiose provides more glucose than carbon. The difference between the 5 and 10 mmol/L
cellobiose was very small implying that additional sugars has diminishing returns. It seems like the
best course of action is the small amount of cellobiose to help the cells in the early stages and the
increase in ethanol produced could potentially outweigh extra cost.
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Figure 5-12: Comparison of ethanol production for different initial sugar concentrations

5.3.2 Cellulose Degradation

The breakdown of cellulose is quite important in this scenario as it gives us an indicator to how the
cells made use of that initial sugar boost. If less or similar cellulose was broken down it might indicate
that any increase in the ethanol production was simply the addition of extra sugars and not any
improvement in the process efficiency. As indicated by the cell growth curves shown in Figure 5-13,
cellulose degradation increased when 5 and 10 mmol/L of cellobiose was added. In all other
simulations there was very little difference between the standard case of no sugar and ethanol
produced by the simulations with added sugar. This tells us that the increase in ethanol production in
those simulations was caused by the extra sugar added and not process improvements. 5 mmol/L of
cellobiose resulted in 32% more cellulose degradation compared to the 10 mmol/L. This shows that
the inhibition effect from cellobiose reduced the breakdown of cellulose, making it less efficient. These
results suggest that by adding small amounts of cellobiose the efficiency of the cellulose degradation
can be improved. Therefore, for an optimal process it would be necessary to have some cellobiose
present with care taken not to pass the point where it becomes inhibitory. This is an area the model

can aid in by predicting the optimal amount when designing and optimising the process.
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Figure 5-13: Comparison of cellulose concentration for different initial sugar concentrations

5.3.3 Cell Growth

As expected generally the cell growth improved the more initial sugar was provided as shown in Figure
5-14. The exception was that the 10 mmol/L cellobiose did not improve on the growth profile achieved
by 5 mmol/L. This is likely due to the extra sugars produced by the cellulose hydrolysis as discussed in
Section 5.3.2. The peak cell concentration also shifted earlier as the amount of sugar present
increased, and the more rapid cell death predicted from this peak. This highlights that this high cell
concentration prediction of the model need to be experimentally tested to verify if the model is
accurately predicting the outcome. From discussions with the team at Bath and observing the
experimental results that are described in this thesis it is possible that this behaviour would be
replicated in practice. G. thermoglucosidasius is prone to dying and lysing when there is a detrimental
change in conditions. With the large number of cells there may not be enough glucose or cellobiose

available to them leading to this rapid cell death.
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Figure 5-14: Comparison of cell growth for different initial sugar concentrations

5.4 Optimal Conditions

To predict the maximum ethanol that can be produced the model was run through many combinations
of strain composition, anaerobic switch time and initial sugar concentrations using the fmincon matlab
function. A combination of 1 hour anaerobic switch time, 0.95/0.05 enzyme split and 5 mmol/L initial

cellobiose were found to be optimal, producing 115 mmol/L of ethanol.

One interesting aspect of these results is seeing how varying the initial conditions can change the
fermentation profile enough that the peak ethanol production can happen up to 10 hrs earlier. This
gives an interesting process option of running what may be a slightly sub optimal process condition
that produces a few percent less ethanol but does so 20% faster. The cost savings made from not
running the bioreactor for that extra time can potentially be greater than the value of the extra

ethanol that could be made.
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5.5 Rate Limiting Step

One of the key questions this thesis looked to answer was what was the rate limiting step of CBP? The

4 main steps are:

1. The breakdown of cellulose into cellobiose and glucose by the cellulolytic enzymes
2. The uptake of cellobiose and glucose into the cells.
3. The metabolism of the sugars into ethanol.

4. The production of enzymes by the cells.

For each of these stages there will be a corresponding effect if that is limiting the process. If the
breakdown of cellulose into sugars does not happen at a sufficient rate, then little sugar will be seen
in the media as it will be taken up by the cell more quickly than it is being produced. Conversely, if the
uptake of cellobiose and glucose does not happen fast enough sugars will accumulate in the media. If
the production of ethanol is not efficient enough the sugars will be converted into excel cell growth,
enzyme production or side products such as acetate. Finally, if the production of enzymes is poor, then
the enzyme concentration in the media will stay low, leading to poor hydrolysis rates and sugar
accumulation in the media. The goal of CBP is ethanol production. To improve the process the limiting
step at the determined optimal conditions needs to be found. The model was simulated at the optimal
conditions outlined in Section 5.4 and the ethanol concentration in the media is shown in Figure 5-15.
Figure 5-15 shows that ethanol production 5 hours into the reaction and ends at approximately 40

hours. When ethanol is being produced it is being done so linearly.

The first question to answer is why does ethanol production cease after 40 hours. The cell
concentration graph shown in Figure 5-16 shows that after 40 hours the cells had mostly died off,
which explains the ethanol production ending. Therefore, to produce more ethanol the cells need to

live for longer or ethanol needs to be produced at a more rapid rate.
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Figure 5-15: Simulation of ethanol production at optimal conditions of 1 hr anaerobic switch, 0.95/0.05 enzyme ratio and 5
mmol/L cellobiose present at the start of the reaction
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Figure 5-16:Simulation of cell concentration at optimal conditions of 1 hr anaerobic switch, 0.95/0.05 enzyme ratio and 5
mmol/L cellobiose present at the start of the reaction

Figure 5-17 shows that just over 50% of the cellulose was degraded into sugars and in Figure 5-19 0.6
mmol/L cellobiose and 7.3 mmol/L of glucose was leftover. The cellulose breakdown is almost over

after 30 hours which lines up with the drop in the total active enzyme concentration in Figure 5-18.
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The cellobiose concentration drops from 3 hours onwards and the glucose concentration peaks at 17
hours into the process. Thisis 10 hours before the peak in cell concentration. Based on this information
it appears not enough sugars are being produced from cellulose hydrolysis to sustain the cell growth.
To solve this problem, one of two methods can be taken. Either the enzymes need to be much more
efficient, or enzyme production by the cells improved. Figure 5-18 shows that the cells generally
struggle to produce a lot of enzyme indicating that improving the enzyme production of the cells

would potentially see the largest increase in the process efficiency.
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Figure 5-17: Simulation of cellulose concentration at optimal conditions of 1 hr anaerobic switch, 0.95/0.05 enzyme ratio
and 5 mmol/L cellobiose present at the start of the reaction
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Figure 5-18: Simulation of the total enzyme concentration at optimal conditions of 1 hr anaerobic switch, 0.95/0.05 enzyme
ratio and 5 mmol/L cellobiose present at the start of the reaction
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Figure 5-19: Simulation of cellobiose and glucose concentration at optimal conditions of 1 hr anaerobic switch, 0.95/0.05
enzyme ratio and 5 mmol/L cellobiose present at the start of the reaction

5.6 SSFvs CBP

By having the models as separate modules it was possible to compare the case of SSF with CBP. The
optimal conditions for CBP was used the results of which are shown in Figure 5-15, Figure 5-16, Figure
5-17, Figure 5-18 and Figure 5-19. This produced 115 mmol/L of ethanol in 40 hours. For the cellulose
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hydrolysis it was assumed that the cellulose concentration was the same as that used in the CBP
model, and that no glucose or cellobiose was present at the start. An enzyme loading of 10 FPU/g
glucan was used. The cellulose breakdown was much faster than the CBP equivalent as shown in Figure
5-20. This is expected because it is possible to use a much larger enzyme loading than will be achieved
in the CBP process. Figure 5-21 shows the glucose production of the course of the hydrolysis. 94% of
the glucose was produced after 10hours of hydrolysis. The cellobiose produced was converted to

glucose, so by the end of the hydrolysis there was a small amount of cellobiose in the media.
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Figure 5-20: Simulation of cellulose breakdown with an enzyme loading of 10 FPU/glucan
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Figure 5-21: Simulation of glucose production with an enzyme loading of 10 FPU/glucan
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Figure 5-22: Simulation of cellobiose production with an enzyme loading of 10 FPU/glucan

The output of the hydrolysis model was then passed to the DMFA model as the inputs for the
fermentation. 139 mmol/L of ethanol was produced in 30 hours as shown in Figure 5-23. This is 25
mmol/L more than what was achieved in the CBP model and if the hydrolysis was ended after 10 hours
the total time of 40 hours is approximately the same as well. Whilst this shows that the CBP process

has not yet reached the level of efficiency needed, the improve in the SSF process mainly comes from
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the improved hydrolysis rates due to higher enzyme loading. If the enzyme loading is reduced to 2
FPU/ g glucan then the only 107 mmol/L of ethanol is produced, a decrease on the CBP process. The
advantage of CBP is the there is no need to purchase the enzymes separately for the hydrolysis saving
in costs. A detailed technoeconomic analysis would need to be carried out to identify if the increased

ethanol production from the SFF process was worth the extra cost in enzymes.
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Figure 5-23: Simulation of ethanol production with a 1 hr anaerobic switch

5.7 Global Sensitivity Analysis

Global sensitivity analysis (GSA) was carried out to identify which parameters of the model had the
greatest effects on the outputs. The SobolGSA software developed by S. Kucherenko and O. Zaccheus
was used to carry out the analysis (S. Kucherenko). GSA evaluates the effects of a parameter whilst
the other parameters are also varied. Therefore, the interactions between them are accounted for
and do not depend on the choice of a nominal point. The Sobol method was used which is a variance-
based sensitivity model. The GSA model used 4095 samples. The sobol indices output by the model
sum to 1. The larger the value of the indices the larger the effect that parameter has on the model.
The model parameters were varied over a 0.1-10x scale and the outputs from that used in SobolGSA

software to determine the effect coefficients.
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5.7.1 Hydrolysis Model

The hydrolysis model consisted of 11 parameters, and these parameters affected 5 outputs. The
reaction rate parameter ki was found to be the most impactful parameter in the hydrolysis model,
having a large effect on cellulose, cellobiose and glucose predictions. The parameter, kir had quite a
large effect on glucose outputs, although this diminished over time. As would be expected the

degradation constants of the enzymes are the almost solo contributor to their outputs.
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Figure 5-24: Sensitivities of hydrolysis model outputs to parameters with colour axis scaling on each subplot.

5.7.2 DMFA Model

The DMFA model consists of 15 parameters that affected 9 outputs. On the key outputs of cellobiose,
ethanol and cells, Umax-aerobic Parameter has a very large impact, so its accuracy will be very important
to the overall accuracy of the model. With the anaerobic switch, we can see the change in which
parameters affect the output at each time, which allows us to see how the aerobic parameters affect
outputs even after they have stopped being used. Cell growth is affected more by the aerobic Umax
parameter than the anaerobic for the initial anaerobic phase, with that eventually reversing. Ethanol
production is affected mostly by Umax-aerobic €vEn in the later stages of the fermentation. This is down
to the effects of initial growth rate and how vital that is to the whole process. Interestingly the yield
coefficients seem to have little effect on their respective products. Enzyme production is influenced
by most parameters to some extent, with the growth rate parameters umax and K for aerobic and
anaerobic phases still holding the largest proportion. This intuitively makes sense as enzyme
production can be thought of as something the cells does when there are excess nutrients available

after it has gone through the necessary reactions for living.
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Figure 5-25: Sensitivities of DMFA model outputs to parameters with colour axis scaling on each subplot
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5.7.3 CBP Model

The CBP model is the combination of the hydrolysis and DMFA models and consists of 26 parameters
and 9 outputs. By comparing the GSA sensitivity indexes of the individual models and the combined
version an indicator of how the models interact with each other can be obtained. The first obvious
difference is that the parameters that were very impactful in the individual models, ki, kar, Ks and Umax
are much less impactful. The dynamic between having sugar available for growth and not having too
much sugar to inhibit cellulose breakdown plays an important role in CBP that is not present in the
individual models. We can see this play out in the GSA with ksr becoming an important parameter in
cellobiose concentration, in contrast to its small contribution during hydrolysis alone. For cell growth,
the parameters are much more balanced outside of a few key moments, the aerobic phase, and the
stressed phase after the switch, when Umax-aerobic and Kstress become very important in each phase
respectively. Ethanol production is greatly influenced by the death rate of the cells, K4, with similar
effects seen for acetate formate. This is not surprising as was discovered during the simulations
described earlier in this section, the time spent in the anaerobic phase is a very key to ethanol
production. If the cells were able to be made more resistant and capable of sustaining growth for

longer ethanol yields could be increased.
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Figure 5-26: Sensitivities of CBP model outputs to parameters with colour axis scaling on each subplot
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6 CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

The goal of this thesis was to develop models of key processes in CBP, specifically the breakdown of
cellulose into sugars, and fermentation of these sugars to desirable products. From a literature review
of CBP research it became clear that a single microorganism with all the qualities necessary for CBP is
an unrealistic goal. The burden on an organism to produce the various enzymes needed for hydrolysis
of cellulose and be able to ferment a wide range of sugars, including pentoses, is high. To do that at
industrially relevant rates and yields is not a realistic goal. A more likely solution is the use of a co-
culture of various microorganisms, either different species or different strains of the same species,
with different specialised roles working together to efficiently ferment cellulose(Lynd et al., 2005a,

Lynd et al., 2002, Lynd et al., 2005b, van Zyl, 2013, van Zyl et al., 2011).

G. thermoglucosidasius as a CBP microorganism has shown some promise in research by Cripps et al.
The engineered strain TM242 was shown to produce ethanol at industrial rates from cellobiose (Cripps
et al., 2009). Further work by the group at Bath University has engineered cellulolytic capabilities into
the TM242 strain. During this project attempts to grow a mixture of these strains on RAC, an
amorphous cellulose substrate, showed that they are capable of growth and producing ethanol in a
CBP environment. However, yields of ethanol were very low and it appeared that the cells were not

able to produce enough enzyme to survive a switch to anaerobic conditions.

The hydrolysis model developed here was based on the work in the literature (Kadam et al., 2004),
with a deactivation term for the enzymes added. It has been shown to be accurate at predicting the
breakdown of cellulose, with parameters estimated by fitting to experimental data from the literature.
GSA of the model identified the reaction rate constants for the breakdown of cellulose to cellobiose

and cellobiose to glucose as the having the greatest influence on the outputs. To develop a DMFA
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model of the process, the cellular metabolism of G.thermoglucosidasius was reconstructed from the
pathways available on the KEGG database (KEGG, 2017). The glycolysis, pentose phosphate and citric
acid cycle pathways were used, along with the relevant product producing reactions. In accordance
with the changes to the cellular pathways described by Cripps et al, the lactate producing pathway
was removed. The formate producing pathway was left intact after seeing small amounts of formate
produced in the experimental results. A kinetic model describing the uptake and production rates of
the cell was derived, based on Monod kinetics and fitted to experimental data. GSA on the model
identified the maximum specific growth rate during the aerobic phase as the key parameter, with its

effects even being seen long after the aerobic phase ended.

The two separate models were combined and used to simulate CBP process, varying controllable initial
variables and understanding the impact on the process. Due to the models being linked together,
cascading effects of seemingly small changes could be tracked through the system. The timing of the
anaerobic switch could lead to 100% ethanol production increases between the best and worst
timings, whilst adding 5 mmol/L of cellobiose to the system resulted in a 34.5% increase in ethanol at
the end of the fermentation. The balance of the strains in the co-culture is important because it will
directly affect the concentrations of the initial sugars greatly. Having small amounts of B-glucosidases
lead to 20% increases in ethanol production, whilst having too much was detrimental. GSA of the
model identified the death rate of the cells as the key parameter for ethanol production. The longer

the cells could last in the anaerobic conditions the better the ethanol yield would be.

CBP did not perform as well as SSF in terms of ethanol production. The CBP process would be more
competitive with SSF in terms of profit, due to the cost of adding the enzymes for cellulose hydrolysis
in SSF. However, the CBP process had more potential in it. Only half of the cellulose was hydrolysed
during the reaction. If the enzymatic hydrolysis rates achieved during SSF hydrolysis could be

replicated in CBP then it would become a much more competitive process.
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6.2 Model Limitations

Detailed experimental results of the cells growing on cellulose were not available so it was not possible
to validate the CBP model against experimental data. The hydrolysis model does not consider cellulose
properties, which when it comes to a full CBP process model would be an important aspect to add.
The combined model is also very sensitive to parameters, with changes in the key parameters
identified by GSA especially important. Therefore, any inaccuracy in their values can have large
impacts in the accuracy and usefulness of the model. In the experiments 4 different strains of G.
thermoglucosidasius, whereas the model treats them as one lumped species when considering
growth. Whilst experimental data did indicate that the growth rates all the strains is quite similar,
considering them as separate species with separate growth models would be important for analysing
culture control as the strains produce different enzymes. The model struggled to describe cell growth.
This is an area that will need to be improved and validated. Changes in the cell growth profiles had

large effects on the rest of the process so errors need to be minimised for overall model accuracy.

6.3 Future Work

The results obtained in this thesis need to be experimentally validated. As mentioned there was no
experimental data for the strains growing on cellulose, so obtaining this and comparing the model
output with the results should be a priority. Without such validation it is not possible to draw firm
conclusions about CBP. The difficulty in the model of differentiating between alive and dead cells
needs to be addressed, and a better understanding of cell death and lysis in G. thermoglucosidasius
developed. It would be beneficial if the co-culture of microorganisms was not treated one entity. This
would allow for better tracking of the enzyme production in the bioreactor, and potentially in the

future more options for process control.

The cellulose hydrolysis model presented in this thesis simplifies the process. The effects of

endoglucanases and exoglucanases could be separated, allowing for greater resolution of the effect
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of enzyme ratios on the process. The possibility of creating a third model, to simulate the pre-
treatment process of CBP could be investigated. This would allow for end to end technoeconomic
analysis and process optimisation. If such a model was implemented it would be recommended to
alter the hydrolysis model so it no longer treats cellulose as a uniform substrate. This will enable the
effects of the different pre-treatment methods and their effect on the cellulose structure to be

accounted for and quantified.

By having a mathematical model of the process, it becomes possible to use it for online inference,
control and optimisation. In CBP accurate control over the biological culture is vital. Small changes in
strain composition, can affect the enzyme mixture. This will then trickle through the process affecting
every step, potentially lowering the product yields. By using the model with online measurements

problems can be predicted in advance and steps taken to solve any issues that arise.
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7 APPENDIX

7.1 Matlab Codes

7.1.1 Hydrolysis Model

function [GlucPlot]=Plot_Hydro_run(k,time_data,cellulose_data,glucose_data,cellobiose_data)
%#ok<STOUT>
% Plot Results Function
klr=k(1); k1_ig2=k(2); kl_ig=k(3);k2r=k(4); k2_ig2=k(5); k2_ig=k(6);
k3r=k(7); k3m=k(8); k3_ig=k(9); k_d1=k(10); k_d2=k(11);
S0=11.51; alpha=1; %Initial cellulose concentration
E1F=0.054;E2F=0.002; %Initial enzyme concentrations
[T,Y] = ode45(@hydro2,[0 50], [glucose_data(l), cellobiose_data(l), cellulose_data(l), 0.022,
0.0011);
assignin('base','yp',Y); assignin('base','Tp',T);
GlucPlot=plot(T,Y(:,1), k", T,Y(:,2),'g",T,Y(:,3),'r");
xlabel('timeChrs)'); ylabel('Concentration (g/L)"')
Tegend('Glucose', 'Cellobiose’, 'Cellulose")
hold on
plot(time_data,glucose_data, 'ko',time_data,cellobiose_data, 'go’,...
time_data,cellulose_data, 'ro');
figure
subplot(211)
plot(T,Y(:,4),'r-")
subplot(212)
plot(T,Y(:,5),"'b-")
% Hydrolysis Model
function dy = hydro2(t,y)
% Initial values/Concentrations
dy=zeros(5,1);
% Define Constant Parameters
klad=0.4; k2ad=0.1; %g protein/g substrate
Elmax=0.06; E2max=0.01; %g protein/g substrate
% Equations
if t==0
E1B=0;
else
E1B = Elmax*klad*E1F*y(3)/(1+klad*ELF);
end
if t==0
E2B=0;
else
E2B = E2max*k2ad*E2F*y(3)/(1+k2ad*E2F);
end
E1F=y(4)-E1B;
E2F=y(5)-E2B;
R=alpha*(y(3)/s0);
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rl=(e1B*k1lr*R*y(3))/(1+(y(2)/k1_ig2)+(y(1)/k1_ig));
r2=(k2r*(E1B+E2B) *R*y(3))/(1+(y(2) /k2_i1g2)+(y (1) /k2_i9));
r3=Ck3r*e2F*y(2) /(k3m* (1+(y (1) /k3_1g))+y(2)));

dy(1)= 1.111*%r2+1.053*r3; %Glucose
dy(2)= 1.056*rl-r3; %CelTlobiose
dy(3)= -rl-r2; %Substrate cellulose
dy(4)= -k_d1*y(4); %Enzyme 1 deactivation
dy(5)= -k_d2*y(5); %Enzyme 2 deactivation
end
end

Published with MATLAB® R2018a

7.1.1.1  Hydrolysis Model Parameter Estimation

% Load Experimental Data

clc;clear;close all

tictocstart=tic;

hydro_data=x1sread('Exp_bata_Hydro', "hydrolysis');

t_data = hydro_data(:,1);

celu_data = hydro_data(:,2);

glu_data=hydro_data(:,3);

celo_data=hydro_data(:,6);

% Estimate the Parameters
params=HParamest(t_data,celu_data,glu_data,celo_data);

% Plot experimental and model output
graphs=Plot_Hydro2(params,t_data,celu_data,glu_data,celo_data);
tictocend = toc(tictocstart);

fprintf('Parameter estimation complete in %d minutes and %f
seconds\n', floor(tictocend/60),rem(tictocend,60));

function [params]=HParamest(time_data,cellulose_data,glucose_data,cellobiose_data)
% Set Tsgnonlin parameters
% Set Tower bounds and initial guesses of parameters
Tb=zeros(1,11); ko0=[45,20,2,5,300,30,350,2,10,0.05,0.001];
% Set options for 1sgnonlin
opt=optimoptions(@lsqgnonlin, 'TolX',le-
6,'display', 'iter', "MaxFunctionEvaluations',1le6, 'MaxIterations',1le6);
% Parameter Estimation
% 1sgnonlin to estimate parameters
[k, resnorm,residual]=1sgnonlin(@hydro_run,k0,1b,[],opt); %#ok<ASGLU>
params=Kk;
% Difference between Model + Data Function
function diff=hydro_run(k)
klr=k(1); kl_ig2=k(2); kl_ig=k(3);k2r=k(4); k2_ig2=k(5); k2_ig=k(6);
k3r=k(7); k3m=k(8); k3_ig=k(9); k_d1=k(10); k_d2=k(11);
S0=11.51; alpha=1; %Initial cellulose concentration
E1F=0.022;E2F=0.001;
[T,Y] = ode45(@hydrolysis,time_data, [0, O, 11.51, 0.022, 0.001]1);
meas=[glucose_data, cellobiose_data, cellulose_data];
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est=[Y(:,1) Y(:,2) Y(:,3)];
diff=est-meas;
% Hydrolysis Model Function
function dy = hydrolysis(t,y)
% Initial values/Concentrations
dy=zeros(5,1);
% Define Constant Parameters
klad=0.4; k2ad=0.1; %g protein/g substrate
Elmax=0.06; E2max=0.01; %g protein/g substrate
% Equations
if t==0
E1B=0;
else
E1B
end
if t==0
E2B=0;
else
E2B

Elmax*klad*EL1F*y(3)/(1+klad*E1F);

E2max*k2ad*E2F*y(3)/(1+k2ad*E2F) ;

end

E1F=y(4)-E1B;

E2F=y(5)-E2B;

R=alpha*(y(3)/s0);
rl=(E1B*k1r*R*y(3))/(1+(y(2)/k1_ig2)+(y(1)/k1_ig));
r2=(k2r*(E1B+E2B) *R*y(3))/(1+(y(2)/k2_ig2)+(y (1) /k2_ig));
r3=(k3r*e2F*y(2)/(k3m*(1+(y (1) /k3_19))+y(2)));

dy(1)= 1.111*%r2+1.053*r3; %Glucose
dy(2)= 1.056*rl-r3; %Cellobiose
dy(3)= -rl-r2; %Substrate cellulose
dy(4)= -k_dl*y(4); %Enzyme 1 deactivation
dy(5)= -k_d2*y(5); %Enzyme 2 deactivation
end
end
end

function [GlucPlot]=Plot_Hydro2(k,time_data,cellulose_data,glucose_data,cellobiose_data)

%#ok<STOUT>

% Plot Results Function

klr=k(1); kl_ig2=k(2); kl_ig=k(3);k2r=k(4); k2_ig2=k(5); k2_ig=k(6);

k3r=k(7); k3m=k(8); k3_ig=k(9); k_d1=k(10); k_d2=k(11);

S0=11.51; alpha=1; %Initial cellulose concentration

E1F=0.022;E2F=0.001;

[T,Y] = ode45(@hydro2,[0 50], [glucose_data(l), cellobiose_data(l), cellulose_data(l), 0.022,

0.001]);

assignin('base','yp',Y); assignin('base','Tp',T);

GlucPlot=plot(T,Y(:,1), 'k',T,Y(:,2),'9",T,Y(:,3),'r");

x1abel ('timeChrs)'); ylabel('Concentration (g/L)"')

Tegend('Glucose', 'Cellobiose', 'Cellulose")

hold on

plot(time_data,glucose_data, 'ko',time_data,cellobiose_data, 'go’,...
time_data,cellulose_data, 'ro');

figure

subplot(211)
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plot(T,Y(:,4),'r-")
subplot(212)
plot(T,Y(:,5),"'b-")

function dy = hydro2(t,y,k)

end
end

% Initial values/Concentrations
dy=zeros(5,1);
% Define Constant Parameters
klad=0.4; k2ad=0.1; %g protein/g substrate
Elmax=0.06; E2max=0.01; %g protein/g substrate
% Equations
if t==0
E1B=0;
else
E1B = Elmax*klad*E1F*y(3)/(1+klad*E1F);
end
if t==0
E2B=0;
else
E2B = E2max*k2ad*E2F*y(3)/(1+k2ad*E2F);
end
E1F=y(4)-E1B;
E2F=y(5)-E2B;
R=alpha*(y(3)/s0);
r1=(E1B*k1r*R*y(3))/(1+(y(2)/k1_1g2)+(y(1)/k1_ig));
r2=Ck2r*(E1B+E2B) *R*y(3)) /(1+(y(2) /k2_ig2)+(y (1) /k2_ig));
r3=(k3r*e2r*y(2)/(k3m*(1+(y (1) /k3_19))+y(2)));

dy(1)= 1.111*%r2+1.053*r3; %Glucose

dy(2)= 1.056*rl-r3; %Cellobiose

dy(3)= -rl-r2; %Substrate cellulose
dy(4)= -k_d1*y(4); %Enzyme 1 deactivation
dy(5)= -k_d2*y(5); %Enzyme 2 deactivation

7.1.2 Dynamic Metabolic Flux Analysis

% Close

any open figures and clear any stored data

clc;clear;close all
tictocstart=tic;
% Load stoichiometric matrices and experimental data

Smatrix_

aerobic=x1Isread('smatrix.xIsx', "Aerobic'); %Full

stoichiometric matrix
virrev=xlsread('smatrix.xIsx','Virrev');

ferm_data=x1sread('Exp_Data', 'fermentation'); %Fermentation
Experimental Data
offgas_data=x1sread('Exp_Data','Cc02'); %C02

Fermentation Experimental Data

% Split

experimental data up for each compound of interest

time_data=ferm_data(:,1);G2_data=ferm_data(:,2);etoh_data=ferm_data(:,3);
ace_data=ferm_data(:,4);fom_data=ferm_data(:,5);pyr_data=ferm_data(:,6);
cell_data=ferm_data(:,7);co2time=offgas_data(:,1);co2_data=offgas_data(:,9);
% Set the necessary initial conditions
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times=1inspace(0,35,35); %Set start
time, end time and number of points

G2=50.152;Cel11s=0.3691;etoh=1.773;ace=0.001;fom=0.010;pyr=0.026; %Initial
Concentrations

co2=4.55;enz=0;celTulose=0;g1c=0; %Initial
Concentrations

% Empty arrays for storing data for graphs/tables

timeplot=[];timefluxplot=[]; %Arrays for
relevant time for the concentration and flux plots
G2plot=[];cCellplot=[];etohplot=[];aceplot=[];celluloseplot=[]; %Arrays for
storing concentrations at each time step
fomplot=[];pyrplot=[];co2plot=[];glcplot=[];enzplot=[]; %Arrays for
storing concentrations at each time step
G2fluxplot=[];Cel1fTuxplot=[];etohfluxplot=[];acefluxplot=[]; %Arrays for
storing fluxes affecting external concs at each time step
fomfluxplot=[];pyrfluxplot=[];C02fTuxplot=[];enzfluxplot=[]; %Arrays for
storing fluxes affecting external concs at each time step
Vctable=[];vmtable=[];carbonplot=[]; %Arrays for

storing all the cellular fluxes at each time step
% Constraints, initial guesses and options for MFA solver
A=[];b=[];Aeq=Smatrix_aerobic;Beq=zeros(l,size(Smatrix_aerobic,1));
Tb=Virrev(l, :);ub=Vvirrev(2,:);
options=optimoptions('fmincon', 'Display’, 'final-
detailed', "Algorithm', 'sgp', 'ConstraintTolerance',le-6); %fmincon solver options
vcalcO=ones(1l,size(Smatrix_aerobic,2)); %Initial MFA
flux estimates
% Model Equations/Simulation
for j=2:1ength(times)

% Time intervals for ODEs to be integrated between

tO0=times(j-1);

tl=times(j);

timestep=t1l-t0;

% Solves the kinetic model for current time intervals extracellular concentrations

[T,Y]=0de45(@MFA_Monod, [t0,t1], [G2,Cells,etoh,ace, fom,pyr,co2,enz,glcl);

% Creates an empty array of fluxes estimated by the kinetic model for the current time
interval

flux=zeros(size(Y,2),1);

% Assigns fluxes to the created empty array

for z=1:size(Y,2)

flux(z)=(v(end,z)-Y(1,2))/(timestep*Cells);

end

% Measured fluxes estimated by the kinetic model

vm=fTux;

vcalcO=ones(1,size(Smatrix_aerobic,2));

func=@(vcalc_est)MFA_Fun(vcalc_est,vm);

% MFA solver

[vc, feval]=fmincon(func,vcalcO,[], [],Aeq,Beq,1b,ub,[],options);

% Update Extracellular concentrations

G2=G2+(Vvc(28)*timestep*Cells);

etoh=etoh+(vc(30)*timestep*Cells);

ace=ace+(vc(31l)*timestep*Cells);

fom=fom+(vc(32)*timestep*Cells);

pyr=pyr+(vc(33)*timestep*Cells);

co2=co2+(vc(34)*timestep*Cells);

enz=enz+(VvVc(35)*timestep*Cells);

glc=glc+(vc(36)*timestep*Cells);

Cells=Cells+(vc(29)*timestep*Cells);
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% Add concentrations to arrays for storage/plotting
timeplot=[timeplot,tl];timefluxplot=[timefluxplot,t0];

G2plot=[G2plot,G2];Cellplot=[Cellplot,Cells];etohplot=[etohplot,etoh];aceplot=[aceplot,ace];f

ompTlot=[fomplot, fom];
pyrplot=[pyrplot,pyr];co2plot=[co2plot,co2];enzplot=[enzplot,enz];glcplot=[gicplot,glc];
% Add fluxes to arrays for storage/plotting

G2fluxplot=[G2fTuxplot,vc(28)];cCellfluxplot=[Cellfluxplot,vc(29)];etohfluxplot=[etohfluxplot,
vc(30)];acefluxplot=[acefluxplot,vc(31)]; fomfluxplot=[fomfluxplot,vc(32)];

pyrfluxplot=[pyrfluxplot,vc(33)];c02fluxplot=[CcO2fTuxplot,vc(34)];enzfluxplot=[enzfluxplot;Vvc

(35)1;
% Tables of fluxes at eeach time point
Vctable=[Vvctable;vc];vmtable=[vmtable;vm'];
Current_time=tl

end

Vctable=[timefluxplot',vctable];

%carbonplot;

% script for plotting desired fluxes/concentrations

MFA_Plots

% Displays time taken to carry out script

tictocend = toc(tictocstart);

fprintf('Full model simulation complete in %d minutes and %f

seconds\n', floor(tictocend/60),rem(tictocend,60));

function dS=MFA_Monod(t,y)

% k(1)=umax, k(2)=Yg2, k(3)=Ks, k(4)=Yeth, k(5)=Kacce, k(6)=Kfom,

% k(7)=Ypyr, k(8)=Ku_pyr, k(9)=Yco2, k(1l0)=KIeth, k(11l)=Ku_co2, k(12)=Kdc
k=[1.02896707913500,1.86805130336355,9.89044139785302,0.00886116913936643,837.150316152974,9.
02603621186298, ...

8.56139646515090,4.55193834395318,1.23341745546988,1.18971840750034,0.000386167131503417,1.10
700069516250,18.8470946635548,0.512005402058469,2e-4];

ctime=7; %Aerobic switch time
ydot=zeros(9,1); %Array zeros for ode45 output
if t<6

u=(k (D *y(1))/(k3)+y(1));
ul=(k(D*y(9))/(k(3)+y(9));

else
u=(k (12)*y (1)) /(k(13)+y(1))-k(11);
ul=(k(12)*y(9))/(k(13)+y(9))-k(11);

end
ydot (1) =-u*y(2)/k(2); %Cellobiose
if t<=3

ydot(2)= (u+ul)*y(2); %Cells - aerobic
elseif t>3 && t<=6

ydot (2)=Cu+ul-k(10))*y(2); %Cells - stressed post switch
else

ydot (2)=Cu+ul-k(14))*y(2); %Cells - anaerobic
end
ydot(3)= (u+ul)*y(2)/(y(3)*k(4))*heaviside(t-ctime); %Ethanol
ydot(4)= (u+ul)*y(2)/(y(4)*k(5))*heaviside(t-ctime); %Acetate
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ydot(5)= (u+ul)*y(2)/(y(3)*k(6))*heaviside(t-ctime); %Formate

ydot(6)= (u+ul)*y(2)/k(7)-(k(8)*y(6)); %Pyruvate
ydot(7)= (u+ul)*y(2)/k(9); %C02
ydot(8)= k(15)*ydot(2); %ENnzyme
ydot(9)= -ul*y(2)/(k(2)); %Glucose
ds=ydot;

end

% Graphs/Formatting Output

subplot 341

plot(timeplot,G2plot,time_data,G2_data, 'ro');title('Cellobiose');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)"');

subplot 342

plot(timeplot,Cellplot,time_data,cell_data, 'ro');title('Cells');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 343

plot(timeplot,etohplot,time_data,etoh_data, 'ro');title('Ethanol"');xTlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 344

plot(timeplot,aceplot,time_data,ace_data, 'ro');title('Acetate');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 345

plot(timeplot, fompTlot,time_data,fom_data, 'ro');title('Formate');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 346

plot(timeplot,pyrplot,time_data,pyr_data, 'ro');title('Pyruvate');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 347

plot(timeplot,co2plot,co2time,co2_data, 'ro');title('co2"');xlabel('Time

Chrs) ") ;ylabel ('Concentration (mmol/L)");

subplot 348

plot(timeplot,enzplot);title('Enzyme');xlabel('Time Chrs)');ylabel('Concentration (mmol/L)")
subplot(3,4,9)

plot(timeplot,glcplot);title('Glucose’) ;xTabel('Time Chrs)');ylabel('Concentration (mmol/L)"')
% Flux Graphs

figure

subplot 331

plot(timefluxplot,G2fluxplot);title('Cellobiose’);xTabel('Time Chrs)"');ylabel('Flux
(mmo1/h)");

subplot 332

plot(timefluxplot,Cellfluxplot);title('Cells");x1abel('Time Chrs)');ylabel('Flux (mmol/h)");
subplot 333

plot(timefluxplot,etohfluxplot);title('Ethanol’);xTabel('Time Chrs)');ylabel('Flux
(mmo1/h)");

subplot 334

plot(timefluxplot,acefluxplot);title('Acetate');xlabel('Time (hrs)');ylabel('Flux (mmol/h)");
subplot 335

plot(timefluxplot, fomfluxplot);title('Formate');xlabel('Time (hrs)');ylabel('Flux (mmol/h)");
subplot 336

plot(timefluxplot,pyrfluxplot);title('Pyruvate');xlabel('Time (hrs)');ylabel('Flux
(mmol1/h)"');

subplot 337

plot(timefluxplot,Co2fluxplot);title('co2');xlabel('Time (hrs)');ylabel('Flux (mmol/h)"');
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subplot 338
plot(timefluxplot,enzfluxplot);title('Enzyme');xlabel('Time Chrs)');ylabel('Concentration
(mmo1/L) ")

7.1.3 CBP Model

% Close any open figures and clear any stored data

tictocstart=tic;

% Load stoichiometric matrices and experimental data
Smatrix_aerobic=xIsread('smatrix.xIsx"', 'Aerobic');

%Full stoichiometric matrix

Virrev=xlsread('smatrix.x1Isx', 'Virrev');

ferm_data=xTsread('Exp_Data', 'fermentation');

%Fermentation Experimental Data

offgas_data=x1sread('Exp_Data','Cc02');

%C02 Fermentation Experimental Data

% Split experimental data up for each compound of interest
time_data=ferm_data(:,1);G2_data=ferm_data(:,2);etoh_data=ferm_data(:,3);
ace_data=ferm_data(:,4);fom_data=ferm_data(:,5);pyr_data=ferm_data(:,6);
cell_data=ferm_data(:,7);co2time=offgas_data(:,1);co2_data=offgas_data(:,9);

% Molecular weights

MW_G2=342;MW_GLC=180;MwW_celTulose=162;MW_enz=52000;

%mg/mmo1 (g/mo1)

% Set the necessary initial conditions

times=1linspace(0,72,72);

%Set start time, end time and number of points
G2=0;Cel1s=0.3691;etoh=0.0001;ace=0.001;fom=0.010;pyr=0;enz=1e-3;enzlsplit=0.80;enz2split=1-
enzlsplit; %Initial Concentrations (mmol/L)
co2=4.55;enzl=enzlsplit*enz;enz2=enz2split*enz;cellulose=61.7;g1c=0;

%Initial Concentrations (mmol/L)

global s0;sO=cellulose;global E1F; global E2F; %#ok<NUSED>

global switchtime; switchtime=3;

global Tagtime; lagtime=switchtime+4;

% Empty arrays for storing data for graphs/tables

timeplot=[0];timefluxplot=[0];

%Arrays for relevant time for the concentration and flux plots
G2plot=[G2];Ccellplot=[Cells];etohplot=[etoh];aceplot=[ace];celluloseplot=[cellulose];
%Arrays for storing concentrations at each time step
fomplot=[fom];pyrplot=[pyr];co2plot=[co2];glcplot=[glc];enzplot=[enz];enzlplot=[enzl];enz2plo
t=[enz2]; %Arrays for storing concentrations at each time step
G2fluxplot=[];CelT1fluxplot=[];etohfluxplot=[];acefluxplot=[];

%Arrays for storing fluxes affecting external concs at each time step
fomfluxplot=[];pyrfluxplot=[];Co2fluxplot=[];enzfluxplot=[];glcfluxplot=[];

%Arrays for storing fluxes affecting external concs at each time step
vctable=[];vmtable=[];carbonplot=[];

%Arrays for storing all the cellular fluxes at each time step

% constraints, initial guesses and options for MFA solver
A=[];b=[];Aeq=Smatrix_aerobic;Beq=zeros(l,size(Smatrix_aerobic,1));
Tb=Virrev(l,:);ub=Vvirrev(2,:);

options=optimoptions('fmincon', 'Display’', 'final-

detailed', 'Algorithm', 'sqp', 'ConstraintTolerance',le-6); %fmincon solver options
vcalcO=ones(1l,size(Smatrix_aerobic,2));
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%Initial MFA flux estimates
% Model Equations/Simulation
for j=2:1ength(times)
% Time intervals for ODEs to be integrated between
t0=times(j-1);
tl=times(j);
timestep=t1l-t0;
% Solve hydrolysis of cellulose over the time interval
% Convert mmol/L to g/L
glc_gr=glc*MwW_GLC/1000;
G2_gr=G2*Mw_G2/1000;
cellulose_gr=cellulose*Mw_cellulose/1000;
% Splits enzyme 90%E1l, 10%E2
enzl_gr=enzl1l*Mw_enz/1000;
enz2_gr=enz2*Mw_enz/1000;
[T1,Y1l]=0de45(@(t,y)simHydro2(t,y),[t0,t1l],[glc_gr,G2_gr,cellulose_gr,enzl_gr,enz2_grl);
hydro=zeros(size(Y1l,2),1);
for z=1:size(Yl,2)
hydro(z)=(Y1l(end,z)-Y1(1l,z))/timestep;
end
%Convert changes from g/L to mmol/L
hydro(1)=hydro(1)*1000/MW_GLC;
hydro(2)=hydro(2)*1000/MW_G2;
hydro(3)=hydro(3)*1000/MwW_cellulose;
hydro(4)=hydro(4)*1000/MW_enz;
hydro(5)=hydro(5)*1000/MW_enz;
% Solves the kinetic model for current time intervals extracellular concentrations
[T,Y]=ode45(@Full_Monod, [t0,t1], [G2,Cells,etoh,ace, fom,pyr,co2,enz,glc]l);
% Creates an empty array of fluxes estimated by the kinetic model for the current time
interval
flux=zeros(size(Y,2),1);
% Assigns fluxes to the created empty array
for z=1:size(Y,2)
flux(z)=(v(end,z)-Y(1,2))/(timestep*Cells);
end
% Measured fluxes estimated by the kinetic model
vm=FfTux;
vcalcO=ones(1l,size(Smatrix_aerobic,2));
% MFA solver
func=@(vcalc_est)Ful1_MFA_Fun(vcalc_est,vm);
[vc, feval]l=fmincon(func,vcalc0,[],[],Aeq,Beq,1b,ub,[],options);
% Update Extracellular concentrations
G2=G2+(Vvc(28)*timestep*Cells)+(hydro(2)*timestep);
etoh=etoh+(vc(30)*timestep*Cells);
ace=ace+(vc(31l)*timestep*Cells);
fom=fom+(vc(32)*timestep*Cells);
pyr=pyr+(vc(33)*timestep*Cells);
co2=co2+(vc(34)*timestep*Cells);
enzl=enzl+(Vc(35)*timestep*Cells*enzlsplit)+(hydro(4)*timestep);
enz2=enz2+(Vc(35)*timestep*Cells*enz2split)+Chydro(5)*timestep);
enz=enzl+enz2;
glc=glc+(vc(36)*timestep*Cells)+(hydro(l) *timestep);
cellulose=cellulose+(hydro(3)*timestep);
Cells=Cells+(vc(29)*timestep*Cells);
% Tables of fluxes at each time point
Vctable=[Vctable;vc];vmtable=[Vvmtable;vm'];
Current_time=tl
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end

% script for plotting desired fluxes/concentrations
% Displays time taken to carry out script

tictocend = toc(tictocstart);

fprintf('Full model simulation complete in %d minutes and %f

seconds\n', floor(tictocend/60),rem(tictocend,60));

function ds=Full_Monod(t,y)
global Tagtime;global switchtime;

% k(1)=umax, k(2)=Yg2, k(3)=Ks, k(4)=Yeth, k(5)=Kacce, k(6)=Kfom,
% k(7)=Ypyr, k(8)=Ku_pyr, k(9)=Yco2, k(1l0)=KIeth, k(1l)=Ku_co2, k(12)=Kdc
k=[1.02896707913500,1.86805130336355,9.89044139785302,0.00886116913936643,837.150316152974,9.

02603621186298, ...

8.56139646515090,4.55193834395318,1.23341745546988,1.18971840750034,0.000386167131503417,1.10

700069516250,18.8470946635548,0.512005402058469,2e-4];
ydot=zeros(9,1);
if t<switchtime+3
u=(k (D *y(1))/k(3)+y(1));
ul=(k(D*y(9))/(k(3)+y(9));
else
u=(k(12)*y (1)) /(k(13)+y(1))-k(11);
ul=Ck(12)*y(9))/(k(13)+y(9))-k(11);
end
ydot(1)=-u*y(2)/k(2);
if t<=switchtime
ydot(2)= (u+ul)*y(2);
elseif t>switchtime && t<=switchtime+3
ydot (2)=Cu+ul-k(10))*y(2);
else
ydot (2)=Cu+ul-k(14))*y(2);
end
ydot(3)= (u+ul)*y(2)/(y(3)*k(4))*heaviside(t-Tagtime);
ydot(4)= (u+ul)*y(2)/(y(4)*k(5))*heaviside(t-Tagtime);
ydot(5)= (u+ul)*y(2)/(y(3)*k(6))*heaviside(t-Tagtime);
ydot(6)= (u+ul)*y(2)/k(7)-(k(8)*y(6));
ydot(7)= (u+ul)*y(2)/k(9);
ydot(8)= k(15)*ydot(2);
ydot(9)= -ul*y(2)/(k(2));
ds=ydot;
end

function dy = simHydro2(t,y)
global s0; global E1F; global E2F;
% Initial values/Concentrations
dy=zeros(5,1);

% Parameters

%Array zeros for ode45 output

%Cells - aerobic

%Cells - stressed post switch

%Cells - anaerobic

%Ethanol

%Acetate

%Formate
%Pyruvate
%C02
%Enzyme
%Glucose

k=[64.8168964018732,14.5485280330268,1.82286877505319,16.3800218133864,11370.2319089967, ...

149 |Page



9.56106441435977,313.422327326733,2.22208725417115,19.7384259395461,0.0806920243393789,0.0936

3740691033677 ;

klr=k(1); k1l_ig2=k(2); kl_ig=k(3);k2r=k(4); k2_ig2=k(5); k2_ig=k(6);

k3r=k(7); k3m=k(8); k3_ig=k(9); k_d1l=k(10); k_d2=k(11);

% Constant Parameters

klad=0.4; k2ad=0.1; %g protein/g substrate
%g protein/g substrate

Elmax=0.06; E2max=0.01;
alpha=1;

% REMEMBER TO UPDATE

% Equations

if t==0
ElF=y(4);
E1B=0;
else
E1F=E1F;
ElB=Elmax*klad*E1F*y(3)/(1+klad*E1F);
end
if t==0
E2F=y(5);
E2B=0;
else
E2F=E2F;
E2B=E2max*k2ad*E2F*y(3)/(1+k2ad*E2F) ;
end

E1F=y(4)-E1B;
E2F=y(5)-E2B;
R=alpha*(y(3)/s0);

r1=(E1B*k1lr*R*y(3))/(1+(y(2)/k1_ig2)+(y(1)/k1_ig));
r2=(k2r*(E1B+E2B) *R*y(3))/(1+(y(2)/k2_ig2)+(y (1) /k2_ig));
r3=(k3r*e2r*y(2)/(k3m*(1+(y (1) /k3_1g))+y(2)));

dy(1)= 1.111*%r2+1.053*r3;
dy(2)= 1.056*rl-r3;
dy(3)= -rl-r2;

dy(4)= -k_dl*y(4);

dy(5)= -k_d2*y(5);

end

function diff=Full1_MFA_Fun(vcalc_est,vm)
Vextcalc=Vcalc_est(28:36)"';
diff_i=[];

for i=1:length(vextcalc)

diff_i=[diff_i,sum(((vextcalc-vm)).A2)];

diff=sum(diff_i);
end
end

%Glucose

%Cellobiose

%Substrate cellulose
%Enzyme 1 deactivation
%Enzyme 2 deactivation
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% Graphs/Formatting Output

subplot 341

plot(timeplot,G2plot);title('Cellobiose');xlabel('Time Chrs)');ylabel('Concentration
(mmo1/L)");

subplot 342

plot(timeplot,Cellplot);title('Cells');xlabel('Time Chrs)');ylabel('Concentration (mmol/L)");
subplot 343

plot(timeplot,etohplot);title('Ethanol"');xTabel('Time Chrs)');ylabel('Concentration
(mmo1/L)");

subplot 344

plot(timeplot,aceplot);title('Acetate’) ;xTabel('Time Chrs)');ylabel('Concentration
(mmo1/L)");

subplot 345

plot(timeplot, fompTlot);title('Formate') ;xTabel('Time Chrs)');ylabel('Concentration
(mmo1/L)");

subplot 346

plot(timeplot,pyrplot);title('Pyruvate');xlabel('Time Chrs)');ylabel('Concentration
(mmo1/L)");

subplot 347

plot(timeplot,co2plot);title('co2');xlabel('Time Chrs)');ylabel('Concentration (mmol/L)"');
subplot 348

plot(timeplot,enzplot);title('Enzyme');xlabel('Time Chrs)');ylabel('Concentration (mmol/L)")
subplot 349

plot(timeplot,celluloseplot);title('Cellulose’);xTabel('Time Chrs)');ylabel('Concentration
(mmol1/L) ")

subplot(3,4,10)

plot(timeplot,glcplot);title('Glucose') ;xTabel('Time Chrs)');ylabel('Concentration (mmol/L)"')
% Flux Graphs

figure

subplot 331

plot(timefluxplot(l:end-1),G2fluxplot);title('Cellobiose"');xlabel('Time Chrs)"');ylabel('Flux
(mmo1/h) ")

subplot 332

plot(timefluxplot(l:end-1),CellfTuxplot);title('Cells"');xTabel('Time Chrs)');ylabel('Flux
(mmo1/h) ")

subplot 333

plot(timefluxplot(l:end-1),etohfluxplot);title('Ethanol');xTabel('Time Chrs)');ylabel('Flux
(mmo1/h) ")

subplot 334

plot(timefluxplot(l:end-1),acefluxplot);title('Acetate');xTabel('Time Chrs)');ylabel('Flux
(mmo1/h) ")

subplot 335

plot(timefluxplot(l:end-1),fomfluxplot);title('Formate');xTabel('Time Chrs)');ylabel('Flux
(mmo1/h)');

subplot 336

plot(timefluxplot(l:end-1),pyrfluxplot);title('Pyruvate');xlabel('Time Chrs)');ylabel('Flux
(mmo1/h)');

subplot 337

plot(timefluxplot(l:end-1),co2fluxplot);title('co2');xlabel('Time Chrs)');ylabel('Flux
(mmo1/h)');

subplot 338

plot(timefluxplot(l:end-1),glcfluxplot);title('Glucose');xlabel('Time

Chrs) ') ;ylabel ('Concentration (mmol/L)")

subplot 339

plot(timefluxplot(l:end-1),enzfluxplot);title('Enzyme"') ;xTabel (' Time

Chrs) ') ;ylabel ('Concentration (mmol/L)")
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7.2 Experimental Data

7.2.1 3FPU/g of glucan and 1.6 g/L cellobiose

Cellobiose - 3FPU+G2
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Figure 7-1Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellobiose
production
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Figure 7-2Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production
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10.0 Cellulose - 3FPU+G2
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Figure 7-3: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation

7.2.2 3FPU/g of glucan and 1 g/L glucose
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Figure 7-4Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of glucose
production
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4.0 Cellobiose - 3FPU+GLC
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Figure 7-5: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellobiose

production
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Figure 7-6: Comparison of the simulated concentration profile and experimental (Peri et al., 2007a) data points of cellulose
degradation
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7.2.3 PASC Bioreactor Experiment
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Figure 7-7: Temperature in the bioreactor
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Figure 7-8: pH in the bioreactor
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Figure 7-9: Redox in the bioreactor

7.2.4 Cellulolytic Strains in Cellobiose Bioreactor Experiment

6.86

6.84

682 |5

30
Time (hrs)

Figure 7-10: pH in cellulolytic strain bioreactor
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Figure 7-11: Temperature in cellulolytic strain bioreactor
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Figure 7-12: Redox in cellulolytic strain bioreactor
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7.2.5 TM242 in Cellobiose
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Figure 7-13: pH in cellobiose bioreactor

60.10
@) @)
60.05 ©

O (e)
60.00 | Commmmms? CRUYy cmms O QY Ay Q) QR R RIA)
e o} o O oo
59.95
O (e} O O
59.90
59.85

59.80

Temperature(°C)

59.75
59.70 ©

59.65

0 10 20 30 40 50 60
Time (hrs)

Figure 7-14: Temperature in cellobiose bioreactor
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Figure 7-15: Redox in cellobiose bioreactor

7.2.6 TM242 with Cellobiose, alternate protocol
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Figure 7-16: pH in the alternate protocol bioreactor
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Figure 7-18: Redox in the alternative protocol bioreactor

7.3 Constituent Composition

Table 7-1: Table of the constituent composition of G. thermoglucosidasius

Stoichiometric Coefficient Amino Acid Precursor

0.513 ala pyruvate
0.171 arg 20G
0.214 asn oxa
0.214 asp oxa
0.087 cys 3pg
0.256 gln 20G
0.256 glu 20G
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0.342 gly 3pg
0.09 his rSp
0.256 lle pyruvate
0.342 leu pyruvate
0.299 lys oxa
0.146 met oxa
0.171 phe PEP/E4P
0.171 pro 20G
0.271 ser 3pg
0.256 thr oxa
0.054 trp PEP/E4P
0.086 tyr PEP/E4P
0.342 val pyruvate
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