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Abstract
Energy and environment are inseparable, since the production and use of energy always
affects the environment. Current energy production relies on nonrenewable energy sources
such as oil, coal and natural gas. However, the continuous production of energy from
limited resources is not sustainable. This creates an urgent need to develop new methods
for the production of energy from renewable sources. One possible solution is fermentative
hydrogen (H2) production. H2 is seen as a future energy carrier. Fermentative H2

production has many environmental advantages such as ability to use wastes as the source
of energy and possibility to apply ambient temperature and pressure. Drawbacks are rather
low yields and slow H2 production rates. In order to overcome these issues vast amount of
research has been conducted.

Under anaerobic conditions, various anaerobic and facultatively anaerobic bacteria utilize
organic compounds by fermentation and excrete H2 as a byproduct. In the nature, bacteria
exist as mixed cultures. With appropriate pretreatments and culture conditions, H2

producing bacteria can be enriched. Microscopy can be used for visual examination of
bacterial communities, which can reveal their diversity and dominant bacterial species.
Additionally wide range of fluorescent staining methods can be employed in the
microscopic analysis of bacterial groups. The manual analysis of the microscopy images is
user dependent and laborious. Moreover, the visual quantification of fluorescence
intensities and morphological features is impossible. Therefore, automated image analysis
methods were developed, e.g., for monitoring culture compositions in the H2 producing
bioreactors.

The highest H2 production rates have been achieved with undefined mixed cultures, where
the role of each bacterium to H2 production is not exactly known. In this work, the
properties of Escherichia coli and Clostridium butyricum that often coexists in mixed
bacterial cultures are described. Additionally the effect of coculture of E. coli and C.
butyricum was investigated and found to enhance the utilization of the given substrate.
Moreover, the effects of growth conditions and possibilities of genetic modification to H2

production by E. coli and C. butyricum are presented.

The biological approach to the design of experiments often relies on intuition. However,
with computational methods higher understanding over fermentative H2 production can be
achieved. Computational methods in this work mostly focus on the modeling of bacterial
metabolism and some emphasis is also given to the systematic design of experiments.
Metabolic models are interaction based presentations of reactions occurring within
metabolic pathways, in which the knowledge of molecules and enzymes taking part to
reactions is combined. The largest metabolic models are based on the complete genome of
bacteria. Metabolic models can be used to help in designing mutations and cultivation
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conditions to enhance bioprocesses. Various approaches, such as flux balance analysis, can
be used to simulate and analyze metabolic models. Here, the existing genome-scale
metabolic model is utilized with flux balance analysis for analysis and enhancement of
fermentative H2 production.

Increasing amount of knowledge and the need to make the processes as efficient as
possible has made the utilization of computational tools inevitable. Therefore, cooperation
between experts with biological and computational skills is encouraged. Commonly, the
aid of a computational expert is requested when data mining from an overwhelming
amount of existing measurements is needed. Actually, the cooperation should start from
experimental design to gain most information over the system by applying statistical
design-of-experiment methods. This thesis gives an overview of computational methods
applied to fermentative H2 production and describes the use of genome-scale metabolic
models to experimental design, analysis and modeling.
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Abbreviations
13CMFA Carbon-13 metabolic flux analysis
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hyd hydrogenase
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1 Introduction

1.1 Background and motivation
Since the ancient times, fermentation has been used for food preservation. In the process
microbes use the food to be preserved as a substrate for growth and change its
composition. For example, milk can be fermented to yogurt. Nowadays, microorganisms
are utilized for various tasks, such as bioleaching (Kaksonen et al. 2011), bioremediation
(Singh et al. 2008) and as cell factories to manufacture desired products (Porro et al. 2010).
Possibilities to use microbes for the production of energy carriers are widely studied
(Peralta-Yahya et al. 2012, Quintana et al. 2011). Current energy production mostly relies
on nonrenewable energy sources such as oil, coal and natural gas. The continuous
production of energy from limited sources is not sustainable. This creates an urgent need to
find means for the sustainable production of energy from renewable sources. One possible
solution is fermentative hydrogen (H2) production (Chong, et al. 2009b, Das et al. 2008).

Under anaerobic conditions, various anaerobic and facultatively anaerobic bacteria ferment
organic compounds and excrete H2 as a byproduct. In the nature, bacteria exist as mixed
cultures. With appropriate pretreatments and culture conditions, H2 producing bacterial
species can be enriched. Microscopy can be used for visual examination of bacterial
communities, which can reveal their diversity and dominant bacterial species.
Computational tools can be used for the automatic analysis of experimental results, since
the manual analysis of bacterial samples is laborious and user dependent. Therefore, an
easy to use image analysis software is developed for analysis of the bright field and
fluorescent microscopy images of bacteria (Publication I). In addition, an algorithm to
analyze bacterial community composition is formulated (Publication II). These automatic
image analysis methods can be used, e.g., for monitoring culture composition in H2

producing bioreactors.

To enhance H2 production, various environmental factors and process conditions can be
optimized. Those factors include, e.g., the temperature, pH, microorganism, media
composition and the reactor set-up (Wang and Wan, 2009). In Publication III, the effect of
coculture on the production of H2 is studied. Along with the increased knowledge of
bacterial genome, also tools for altering the bacterial metabolism have evolved. This has
created new means to approach the utilization of bacteria. With the aid of metabolic
engineering, the native biochemical pathways of bacteria can be altered. This enables the
optimization of bacterial metabolism to gain better yields and production rates of the
desired compounds, such as H2.
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Metabolic engineering provides various approaches to improve the production of desired
goods. The metabolic flow can be directed to desired compounds by removing or adding
genes. The gene deletions can be used to remove unwanted pathways and to prevent
enzymatic inhibition. On the other hand, by the gene additions the enzymes catalyzing the
desired reactions can be overexpressed and new metabolic pathways can be created. The
design of bacterial mutations requires in-depth knowledge of biochemistry. Even though
bacteria are relatively simple organisms, the functions of all genes are not known to any
species (Orth et al. 2011). To better understand the bacterial metabolism, genome-scale
reconstructions of metabolic networks of bacteria have been created (McCloskey et al.
2013, Durot et al. 2009). Most extensive genome-scale models have been created of
Escherichia coli (Orth et al. 2011).

Genome-scale models can be used to simulate the capabilities of an organism and to
predict the most probable phenotypic states. As an example in the case of H2 production by
E. coli, these models can be used to estimate the most probable composition of the
excreted fermentation products and to show the realms of possibilities with various
substrates. Additionally, the models can be applied to find answers to biological questions,
such as which genes should be removed to increase H2 production and how the bacterial
phenotype changes after the deletion, as described in Publication IV. Moreover, new
metabolic pathways can be added to the model to simulate the effect of gene insertions.
This enables the systematic design of experiments and means of making new, model driven
discoveries towards the increased production of H2.

The availability of genome-scale models for experimental design has given the possibility
to complete the systems biology workflow (Figure 1.1). Here, we have applied the
workflow to fermentative H2 production. Altogether, Publications III-V include
experimental design based on the metabolic model, comparison of the experimental results
to model prediction and developing the model based on experimental results.
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1.3 Outline of the thesis

This thesis is organized as follows. In Chapter 2, the extracellular factors affecting to
fermentative H2 production, such as microbial population, reactor type and cultivation
conditions, are described and the basic theories behind the fermentative H2 production are
presented. Additionally, Chapter 2 introduces application of image processing and
statistical methods to process analysis and design.

Chapter 3 concentrates on analysis of intracellular properties of bacteria. First, metabolic
pathways of H2 production by E. coli and C. butyricum are described and the possibilities
of genetic engineering are presented. Second, theoretical metabolic modeling approaches
to analyze bacterial metabolism are introduced. That includes utilization of genome-scale
metabolic networks with various methods. The main emphasis is on flux balance analysis.
Additionally, challenges and future goals of metabolic modeling are presented. The content
of the publications related to the thesis and the methods applied are briefly summarized in
Chapter 4. Chapter 5 includes summary over the topics covered within the thesis.
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2 Process design and analysis of
fermentative hydrogen production

Two main approaches to improve fermentative H2 production are: 1) the optimization of
the extracellular factors (e.g., temperature and media composition) and 2) engineering the
intracellular properties of a cell (genetic modification). In this chapter, the extracellular
properties are considered as process parameters. Modification and analysis of intracellular
properties is discussed in Chapter 3. The key factor affecting to the fermentation process is
the microbial population that converts the substrates to H2. Here, the sources, staining
methods and automatic analysis of bacteria are presented. Additionally, cultivation
methods and conditions can be varied to enhance the H2 production. Statistical methods
can be used to optimize experimental design and cultivation parameters. Thus, the main
design-of-experiment methods applied for fermentative H2 production are presented.

2.1 Fermentative H2 production
Under anaerobic conditions, anaerobic and facultatively anaerobic bacteria utilize organic
compounds by fermentation. Generalized principle of fermentation is presented in Figure
2.1. During the fermentation, most of the carbon gained from the organic substrate is
excreted as fermentation products and some is used for biosynthesis (Figure 2.1.A). For
comparison, in aerobic metabolism up to half of the glucose carbon is used for the
biosynthesis and the rest is oxidized by the tricarboxylic acid cycle to CO2 (Causey et al.
2004). The fermentation is anaerobic redox process without an external electron acceptor,
such as oxygen. Oxidation is coupled to the reduction of a compound generated from the
initial substrate. It provides energy for the adenosine triphosphate (ATP) synthesis by
substrate level phosphorylation. The amount of electron carrier nicotinamide adenine
dinucleotide (NAD+) in the cell is limited, thus its generation directs the distribution of end
products. Various routes for the reduction of pyruvate exist, but the aim is the same; the
reduced nicotinamide adenine dinucleotide hydride (NADH) has to be returned to the
oxidized form (NAD+) to allow the energy yielding reactions of fermentation to continue.
The end products of fermentation are excreted (Figure 2.1.B). Fermentation can be applied
for the production of biohydrogen. In the contexts of fermentative conversion of organic
substrate to H2, term dark fermentation is used (Figure 2.1.C) (Müller, 2001).
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2.2 Hydrogen producing bacteria
Various facultatively aerobic and strictly anaerobic bacteria produce H2 by fermentation
(Hu et al. 2013, Song, et al. 2012). The experimental design begins from the selection of
microorganisms for the fermentative H2 production. The hydrogen producing bacteria exist
widely in the nature, thus there are many sources for the inoculum, such as soil (Selembo
et al. 2009), municipal digester sludge (Koskinen et al. 2007), compost (Nissilä et al.
2011a), digested dairy manure (Wo et al. 2013) and hot springs (Koskinen, 2008). Often
the microbial culture is pretreated prior the usage for H2 production, e.g., to inhibit the
growth of methanogens (Koskinen et al. 2007). Numerous studies of the H2 fermentation
with mixed cultures exist (Dong et al. 2009, Koskinen et al. 2007, Karadag and Puhakka,
2010, Nissilä, 2013).

Mixed cultures have various positive qualities such as no need for sterilization or use of
aseptic techniques, capability to utilize wider range of substrates and better tolerance for
oxygen. The better tolerance is due to facultative anaerobes, which utilize oxygen from the
media and thus enable the growth of strict anaerobes. Even though the high yields of H2

can be achieved by utilizing mixed cultures, maintaining the stability of the community
composition, and thus the H2 production, is challenging (Koskinen et al. 2007). Koskinen
et al. (2008) achieved better stability of continuous H2 production using completely stirred
tank reactor system (CSTR) with thermophilic bacterial cultures compared to fluidized-bed
bioreactor (FBR) with mesophilic cultures (Koskinen et al. 2007). That was due to less
diverse bacterial culture in the thermophilic CSTR system. Additionally, the microbial
composition of seed can vary and, since mixed cultures are used in open system, new H2

consuming species may become enriched. Therefore, repetition of the experiments with
mixed cultures is difficult.

Mixed cultures can be used as source of isolates for pure cultures to gain more
understanding over the roles of each bacterial species in the system. In Publication III, C.
butyricum was isolated from H2 producing fluidized-bed reactor, where it and E. coli was
present throughout the reactor operation (Koskinen et al. 2007). Therefore, H2 production
by C. butyricum and E. coli was examined separately and in cocultures to study their roles
in the reactor (Publicaton III). The experiments revealed that the coculture utilized glucose
more efficiently than the pure cultures alone (i.e. less residual glucose existed at the end of
the experiment). Since E. coli is facultative anaerobic, it can consume the possible traces of
O2 from system, thus enabling the growth and H2 production of strict anaerobe C.
butyricum. Similar approach has been presented by Chang et al. (2008) with cocultures of
aerobic Bacillus thermoamylovorans and Clostridium beijerinckii L9. Following, the
basics of the H2 production by of two vastly studied bacteria, E. coli (Ordal and Halvorson,
1939, Rosales-Colunga et al. 2012, Publication III-V) and Clostridium butyricum (Karube
et al. 1976, Yokoi et al. 1997, Chen et al. 2005, Publication III) are presented.
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observed that the instability of H2 production in the FBR was due to rapid changes in the
microbial community structure. The fastest method to monitor such changes is the bright
field microscopy. Even though it is impossible to identify bacterial species, one can make
observations over morphological groups within the system and about possible aggregation.
Demirel and Yenigün (2006) studied the behavior of microbial population in an anaerobic
reactor based on features such as autofluorescence and cell morphology.

In addition to morphological observations of the culture, it is possible to use, e.g.,
epifluorescent microscopy with fluorescent markers to enable more detailed analysis of
bacterial samples. In Publications I and II, 4’,6’-diamidino-2-phenylindole (DAPI) -
staining is used for visualization and enumeration of bacterial cells. The DAPI staining is
based on its attachment to bacterial DNA, but since the bacterial chromosome is freely
distributed within the cytosol it can also be used for approximation of cell morphologies.
In Publication I, dual stained bacteria are analyzed, where DAPI staining (blue light) is
applied for detecting all cells within the system and fluorescent in situ hybridization
(FISH) (e.g. red or green fluorescent label) is used to detect certain group of bacteria based
on 16S rRNA. The specificity of the FISH is dependent on probe design. Some
applications of fluorescent stains are based on cell wall structure, e.g., live versus dead
cells can be detected using DAPI, which penetrated all cells, together with propidium iode
(PI), which penetrate only damaged cell walls of dead bacteria. The fluorescent Gram-
staining is also based on the penetration differences of two dyes through the cell wall
(Mason et al. 1998). In the additional analysis for Publication III (not published),
fluorescent Gram-staining was used to enumerate the ratios of E. coli and C. butyricum
within the coculture batch experiments.

Nowadays, microbial cells can be visualized with single-molecule sensitivity. For example,
Taniguichi et al. (2010) have constructed yellow fluorescent protein (YFP) fusion library
for E. coli. There, each of the library strain has YFP translationally fused to the C terminus
of a protein in its native chromosomal position, enabling visualization of abundance and
cellular localization of the studied protein. An application of similar construction is
labeling of nucleoid-associated proteins to detect chromosome organization in live bacteria
(Wang et al. 2011).

2.2.3 Automatic analysis of microscopy images
Despite of the application of microscopy, manual analysis of the microscopy images is user
dependent and laborious and moreover the visual quantification of fluorescence intensities
is impossible. Possibility to take digital images over bright field or fluorescence
microscopy views enables the usage of automatic image analysis for these purposes. The
basic flow of automated image analysis is presented in Figure 2.6.
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bacteria are cultivated in lower layer and upper layer, having membrane bottom, includes
color indicator and catalyst. The evolved H2 diffuses up to second layer and causes visually
detectable permanent color change that can be analyzed with plate reader. That enables
quantitative comparison of the cumulative H2 production within the sample set.

Despite the existing methods for semi-quantitative analysis for measuring the H2

production, traditional random mutagenesis is not generally used to create mutants with
enhanced properties for H2 production. That is due to the challenges created by anaerobic
conditions and difficulties in the true quantitative screening of H2 production.

Quantitative screening of samples can be done using small batch experiments with only
endpoint measurements, e.g., with anaerobic Hungate tubes (Publication IV). It enables the
quantification of the total gas production, measurements of culture density and analysis of
metabolites and residual substrates from the liquid at the end of experiment. This method
can reveal good candidates for H2 production, but without additional sampling, can not be
used for the analysis of the growth or production rate. With manual sampling the amount
of simultaneous experiments is restricted. Additionally, especially in small batch reactors,
high partial pressure of H2 (pH2) inhibits the H2 production. Prominent candidates should
be subjected to further study in a larger scale reactors to gain more knowledge of the
dynamics of growth and gas production.

Larger scale batch experiment system enables more frequent sampling and larger head
space for the gas production. E.g., in Publication III, 2.1 liter vessels were used. In this
manner, the inhibition of H2 production by high partial pressure of hydrogen can be
decreased. Larger systems can be connected, e.g., to automatic detection of pressure which
enables constant monitoring of gas production. Additionally, more frequent manual
sampling of gases and liquids can be done. The gas samples and the OD600 had to be
measured immediately after sampling; therefore, frequent sampling restrict the amount of
reactors run simultaneously. From constantly monitored batch system, it is possible to gain
data over growth, H2 and metabolite production and substrate consumption rates. Since
large vessels enable larger sample volume without disturbing the growth, also many other
parameters, such as hydrogenase activities could be measured. Since the length of the
batch experiment is considerably short, it enables repetitions in order to gain more reliable
data analysis. Batch experiments are often done under controlled pH, which enables the
total utilization of substrates and function of the hydrogenase throughout the experiment.
Also semi-batch mode can be used, where media or substrates can be added to the system
in the middle of the experiment allowing the continuation of the growth.

In Publication III, batch reactor was used to study the behavior of coculture of E. coli and
C. butyricum. With batch system, information can be gained over what occurs when the
both species are in the exponential growth phase. Anyhow, it would be interesting to
follow the population dynamics in continuous reactor system. That would enable more
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detailed analyses of the effects of growth conditions to the ratio of the species and to H2

production. Additionally, information over how or does cultures reach stable mixture after
certain time could be gained. Nevertheless, setting up and maintaining such a system and
keeping it free from contamination would be challenging and time consuming.

2.4 Medium composition, pH and temperature
One aim of fermentative H2 production is the efficient utilization of waste materials. Large
quantities of renewable materials are produces as residues of industrial processes, e.g.,
cellulosic residues from agricultural, forestry and food processing industry. Cellulose is
composed of thousands of linked glucose units and those molecules are bound together by
hemicellulose. The hemicellulose is composed of randomly ordered molecules such as
glucose, xylose, mannose, galactose, rhamnose and arabinose which can be used as a
carbon sources for fermentation (Gírio et al. 2010). Nissilä et al. (2011b) used bacterial
culture isolated from cow rumen for production of H2 from cellulose. Additionally, the H2

production has been studied with number of other waste materials such as sewage sludge
(Chen et al. 2005), cheese whey (Rosales-Colunga et al. 2010) and palm oil mill effluent
(Chong et al. 2009a). From modeling point of view, all components of growth media
should be known to gain systematic information of the process. Thus, media should be
composed on defined substances and pH and temperature should be controlled. On the
other hand, better production and growth rates are achieved when complex sources of
amino acid and nutrients are added (Mathews et al. 2010). While optimizing the
parameters, the goal to apply complex waste materials as a source of H2 should be kept in
mind.

Various bacterial species produce hydrogen and each of those has distinct optimal growth
conditions and capabilities to utilize substrates. Here, the main focus is on E. coli and C.
butyricum and their optimal H2 production conditions. E. coli is capable of degrading
various sugars, such as fructose, sorbitol, galactose, xylose and glucose, which increases its
applicability for degradation of various carbohydrates present in industrial wastes (Ghosh
and Hallenbeck 2009). For example, Publication IV presents that wild-type E. coli can
reach nearly the same yield of H2 from closely related substrates, galactose and glucose.
Anyhow, the growth on galactose is slower and lag time is longer than on glucose, which
was also reported in the experiments with cheese whey (Rosales-Colunga et al. 2010).
Additionally, the metabolic fluxes of E. coli are differently distributed (van Rijsewijk et al.
2011) and responses to gene deletion vary based on which substrate, glucose or galactose,
is used (Publication IV). Different substrates have distinct pathways to enter the central
metabolism. For example, xylose enters it through pentose phosphate pathway. Therefore,
metabolic engineering and experimental design should be done based on the utilized
substrates. Moreover, the design of mutants and optimization of experimental conditions
should always be started from the beginning when the substrate is changed.
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Even though the ultimate goal of fermentative H2 production is to utilize waste materials,
most of the research with E. coli has been conducted and highest yields of H2 are reported
using glucose as substrate. High concentrations of glucose can inhibit the bacterial growth
and H2 production (Penfold et al. 2003). The highest H2 production yields and rates with E.
coli are achieved using moderate glucose concentrations (~10-18 g/l) (Penfold et al. 2003,
Ghosh and Hallenbeck 2010, Yoshida et al. 2006). Similarly, H2 yield of C. butyricum is
inhibited by high substrate concentrations and the optimal initial glucose concentration has
been reported to be around 5 g/l glucose (Cai et al. 2010, Yokoi et al. 1997). Some of the
reported optimal conditions for H2 production are listed in Table 2.1.

Table 2.1. Reported optimal condition for H2 production by Escherichia coli and Clostridium butyricum. The
range tested is given in the parenthesis.

Optimized environmental conditions for H2 production by E. coli
Strain DJT135 W3110 (W3110) SR15

H2 yield (mol/mol
glucose) 1.69 1.08 1.82

Glucose (g/l) 13.5 (4.5-22.5) 10.8 10.8
pH (controlled batch) 6.5 (4.5-8.5) 6 (5-7.5) 6
Temperature (°C) 35 (25-45) 37 37

Reference Ghosh and Hallenbeck,
2010 and 2009 Yoshida et al. 2006 Yoshida et al. 2006

Optimized environmental conditions for H2 production by C. butyricum
Strain CWBI1009  W5 CGS5
H2 yield (mol/mol
glucose or sucrose) 1.7 1.375 2.78

Glucose (g/l) 5 4 (4-10) -
Sucrose (g/l) 17.8 (4.3-26.4)
pH (controlled batch) 5.2 (4.7-7.3) 6.5 (6.0-7.0) 5.5 (5-6.5)
Temperature (ºC) 30 39 37
Reference Masset et al. 2010 Cai et al. 2010 Chen et al. 2005

In addition to the carbon source also other factors of the culture media, such as nitrogen,
sulfate, phosphate and trace metal concentrations, affect to the H2 yields. With E. coli
limitations on glucose increases the H2 yield, whereas limitations on phosphate, sulfate and
nitrogen decreases the H2 yields (Turcot et al. 2008). Addition of yeast extract increased
the total H2 production by C. butyricum and shortened the lag time after incubation with an
active culture (Chong et al. 2009b). In the pretests related to Publication III, various yeast
extract concentrations were tested and the smallest concentration (0.3 g/l) allowing the
growth of C. butyricum was used. Utilization of complex media (e.g., with yeast extract)
causes problems with reproducibility and difficulties to determine the medium
composition. Thus, especially for modeling purposes, rich defined media can be used in
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laboratory-scale experimentation (Mathews et al. 2010). With E. coli, usage of rich defined
media, including amino acids, has been found to increase the growth rate, hydrogen
production rate and acetate accumulation in comparison to minimal media. Additionally,
with rich media, there was no lag time after the incubation from active E. coli culture
(Mathews et al. 2010).

Mixed acid fermentation is a type of metabolism, which facultative anaerobes use to
survive under various environmental conditions. For example, based on pH and available
substrates, E. coli can redirect the metabolite production to maintain the growth conditions
favorable. With Enterobacter aerogenes, which uses mixed acid fermentation, the increase
of pH in chemostat culture from 5.0 to 7.5 increased the ethanol and acetate production and
decreased the lactate production. For E. aerogenes, the optimum pHs for H2 production
and growth were 5.8 and 7.0 respectively (Nakashimada et al. 2002). In addition to end
product composition, also enzyme functions are affected by pH. For example, the
degradation of formate is regulated by pH and hydrogenase 3 is most active at low pH
(below pH 7) (Bagramyan et al. 2002). Yoshida et al. (2006) showed that between pH 5.5
and 6.0 the H2 production yields of E. coli were highest. Anyhow, some H2 was also
produced at as low as pH 5.0 and at as high as pH 7.5 (Yoshida, et al. 2006).

Cultivation of C. butyricum in pH controlled batch at various pH levels indicated that the
maximum H2 production yields are achieved at pH 5.2-6 and the production rates are
highest in slightly higher pH values (6-6.5) (Chen et al. 2005, Cai et al. 2010, Masset et al.
2010). Also with C. butyricum, the distribution of metabolites varies based on pH. When
the pH is decrease from 7.0 to 6.0, more butyrate and less lactate and ethanol is produced
(Cai et al. 2010). Additionally, the lag phase of the culture have been shown to be shorter
at pH 6.5 than at pH 6 (Cai et al. 2010).

Box-Behnken experimental design coupled to response surface methodology has been used
to optimize fermentation conditions (Ghosh and Hallenbeck, 2010 Rosales-Colunga et al.
2010). Ghosh and Hallenbeck (2010) applied it to find optimal combination of glucose, pH
and temperature for H2 production by metabolically engineered E. coli (DJT135) and
found them to be 75 mM of glucose, 35ºC and pH 6.5. This experimentation was
conducted at controlled pH. Anyhow, batch experimentations are often done in
uncontrolled pH, thus pH decreases during the fermentation. An example of this is shown
in Publication III, where the fermentation of glucose ended when the pH decreased to 4.4.
The response surface methodology has also been applied for E. coli cultured on cheese
whey (byproduct of cheese production) in batch reactor without pH control. There, the
optimal initial conditions for H2 production were pH 7.5, 37 ºC and 20 g/L cheese whey. In
these conditions, yield of 1.37 mol of H2/mol of hexose was reached (Rosales-Colunga et
al. 2010). Thus, the higher initial pH increased the H2 yield when the pH was not
controlled. Additionally, the optimization methods have been used to find best H2

production conditions from palm oil mill effluent for C. butyricum. Optimized conditions
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Table 2.2. Examples of design-of-experiment methods used for experimental design with the given objective
(Nist/Sematech, 2013).
Number of

Factors
1) Comparative

objective
2) Screening

Objective
3) Response surface

objective
4) Mixture design

objective
1 1-factor completely

randomized design
- - -

2-4 Randomized block
design

Full or fractional
factorial

Central composite or
Box-Behnken

Simplex-Lattice or
Simplex-Centroid design

5 or more Randomized block
design

Fractional factorial
or Plackett-Burman

Screen first to reduce
the number of factors

Experimental design methods
The most important objectives applied in H2 production experiments are screening and
response surface objective. The experimental design methods used to achieve those
objectives are presented here (Figure 2.11). The number of levels within each method
refers to how many different values of each factorial need to be tested. The proper range is
selected by the user, thus vast understanding of the system is needed to make the solution
space such that the optimal conditions will be within the reasonably selected range. The
selected experimental values are usually given as coded within the experimental design.
Coded value  of the ith independent variable is calculated as following:

= ,                                                                                                       (2.1)

where  is the uncoded value of the ith independent variable;  is the uncoded value of
the ith independent variable at the center point and  is the step change value (Jo et al.
2008). As an example, if temperatures 20, 30 and 40 would be tested and  is 10, the
corresponding coded values are -1, 0 and 1.

In full factorial design, every combination of each factor level is experimentally tested.
With this method, mostly two level designs are applied, i.e. all input factors are set at two
levels, low and high. Experiments are done such that all possible high/low combinations of
all the input factors are tested. E.g., if the effect of k factors is studied for each at two
levels, a full factorial design has 2k separate experiments. When the number of factors (k)
increases, number of experiments becomes excessive and only fraction of the experimental
setting specified by the full factorial can be tested. In that case, the method is called
fractional factorial design (Nist/Sematech, 2013).

Center point experiments (all factors have coded value 0) provide a method to analyze
both, process stability and possible curvature of the factors. Thus, 3-5 center points should
be added to a full or fractional factorial design (Box and Bhenken, 1960). The center point
experiments are not randomized since those are used as controls against process instability,
which is more likely detected when the operation is examined regularly (Nist/Sematech,
2013).
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Central composite designs (CCD) (also called Box-Wilson designs) (Box and Wilson,
1951) are based on a full or fractional factorial designs with additional center points and
two axial points on the axis of each design variable at the distance  from the center
(Figure 2.11 B). Based on how axial points are selected, CCD can be divided to
circumscribed (CCC), inscribed (CCI) and face centered (CCF) design. The CCC design
provides good predictions over the entire design space, but require factor values outside the
range of the selected high/low values, thus coded values are higher/smaller than ±1. The
CCI design uses only values within the originally specified levels, resulting in lower
quality of prediction than CCC. CCF designs provide relatively good predictions and no
values outside the original factor range are used. However, with CCF the estimation of
pure quadratic coefficients is not as precise (Nist/Sematech, 2013).

Plackett-Burman design (Plackett and Burman, 1946) is approach that only offers
information of the effect of single factors, but not on interactions between factors (Figure
2.11 D). It is efficient for screening when only the main effects are of interest. It is mostly
applied to detect the most important factors early in the experimentation phase when
complete knowledge about the system is usually unavailable and large set of factors are to
be screened. All Plackett-Burman designs include 4n experiments and with each design the
maximum amount of factors within an experiment is 4n-1. Thus, if one wants to study
effect of five factors, minimum n to be selected is 2, the number of experiments will be 8
and number of factors included is 7. The extra two factors can be used as dummy factors to
estimate the random measurement errors. In this design, predefined matrices are used to
select the experimental combinations (Analytical methods committee, 2013).

In the Box-Behnken design (Box and Behnken, 1960), the factor combinations are at the
midpoints of the edges and at the center of the process space (Figure 2.11 C). This design
requires 3 levels of each factor. The absence of corner values is useful when combined
factor extremes should be avoided. Box-Behnken designs require fewer experimental
combinations than CCD in the cases involving 3 or 4 factors.
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the case of CCD, orthogonal blocking can stand for the division of the design to two sub-
designs such that other includes the points of full factorial design with additional center
points the other the points form axial levels from central composite design and center
points (squares in Figure 2.11 B). Since for proper fitting the use of only 3 levels is not
adequate, utilization of CCF design is not advisable. Examples of how the presented
methods have been applied for H2 production and media optimization are presented in
Table 2.3.

Various things need to be taken into consideration while planning and proceeding with the
optimization experiments. Experimental design should be kept plain with no unnecessary
extra variables. Possibilities of growth in the test conditions should be verified (literature,
short pretests) and all the measurement equipment should be calibrated prior the
experiments. The experimental conditions (continuous inputs) should be kept the same,
e.g., avoid removing bottles from the warm cabin during the experiment, and all the events
during the experiment should be recorded (who, when, how, the original results and all the
unexpected events). Systematic experimentation and complete notes of experiment allow
more reliable statistical analysis. Additionally, the possibility to compare the data with
other studies increases.

Another method to computationally analyze fermentative H2 production is to use metabolic
models. Those can be applied to describe microbial metabolism, e.g., by analyzing the
metabolic models with flux balance analysis. That is discussed in detail in the following
chapter. Metabolic modeling creates additional challenges to the experimental design.
Often, when the metabolism of microbial cell is modeled, stabile conditions are assumed.
The stable conditions consist of constant supply of consumed substances, stable growth
rate and constant removal of excreted metabolites from the system. Therefore, the flow
rates and composition of growth media should be precisely optimized. In practice,
exponential phases of batch fermentations are often used to describe stable conditions since
a lot of data is needed to estimate and improve the accuracy of metabolic models.
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3 Metabolic engineering and modeling of
fermentative H2 production

The environmental need for sustainable manufacturing methods has driven research
towards optimization of metabolic capabilities of bacteria. Mostly, high yields and
production rates of desired end products are aspired. By genetic engineering, the
metabolism of bacteria can be directed towards higher production of the desired
compounds. For example, with gene deletions, unwanted pathways and regulators can be
removed and with gene additions, the enzymes catalyzing the desired product can be
overexpressed and new metabolic pathways can be created. Traditional approach for the
metabolic engineering is to manually analyze metabolic pathways and regulatory systems
and based on that, design the mutants. This requires in-depth knowledge of biochemistry.

The basic mathematical approach of microbiologist is to analyze microbial processes with
kinetic models. Application of kinetic models for microbial growth, substrate utilization
and product formation in the case of H2 production was recently reviewed by Nath and Das
(2011) and will not be discussed here. Another approach is to apply metabolic models to
theoretically estimate the metabolic capabilities of an organism. As an example, in the case
of H2 production by E. coli, metabolic models can be used to estimate the most probable
composition of the excreted fermentation products and to show the realms of possibilities
with various different substrates. Additionally, metabolic models can be applied to study
biological questions, such as which genes should be removed to result in increased H2

production and how the bacterial phenotype changes after the deletion (Publication IV).
Moreover, new metabolic pathways can be added to the model to simulate the effect of
gene insertions. This enables the systematic design of experiments and means of making
new, model driven discoveries, towards increased production of H2.

Small metabolic models have been created to various different microbial species. However
larger genome-scale reconstructions of metabolic networks of bacteria have been generated
to create better understanding of the bacterial metabolism (McCloskey et al. 2013, Durot et
al. 2009). Nowadays, sequencing of bacterial genome is considerably cheap, thus more
annotated genomes has become available. This has increased the construction of new
genome-scale metabolic models. Updated list of currently available predictive genome-
scale metabolic network reconstructions can be found from Supplement 1 of Feist et al.
(2009) (http://gcrg.ucsd.edu/InSilicoOrganisms/ OtherOrganisms#bacteria). At the time of
writing, the list contained genome-scale network reconstructions for 42 different bacteria
and 5 archaea. Most extensive genome-scale models have been created for E. coli (Orth et
al. 2011).
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Following, the genetic regulation and engineering of H2 production by E. coli and C.
butyricum is discussed in detail. Subsequently, the use of metabolic models for the analysis
of bacterial metabolism is introduced.

3.1 Genetic regulation and engineering of H2 production
by E. coli

Vast amount of research has been carried out over the metabolism of E. coli and means for
its genetic modification are well known. Publications over the mechanism of H2 production
in bacterial cells have appeared since the beginning of the twentieth century, e.g., the
comparison of the H2 production by evolutionary variant strains of E. coli was published at
1939 (Ordal and Halvorson, 1939). Since the end of the twentieth century, genetic
engineering methods to improve fermentative H2 production has been widely reported
(e.g., Sode et al. 1999, Penfold et al. 2003, Penfold et al. 2006, Redwood et al. 2008,
Maeda et al. 2007, Maeda et al. 2008, Kim et al. 2009, Fan et al. 2009). In Figure 3.1,
genes related to the fermentation pathways of E. coli are presented. In the current
metabolic models only the enzymes catalyzing certain reactions in the metabolic pathways
are included. In reality, also the environmental and enzymatic regulation of transcription,
protein maturation and activation and inhibition of the existing enzymes has an effect to
the H2 production rates.
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hydrogen. Single deletion of hybC (subunit of hyd-2), causes slight increase in H2 yield
(Publication IV) and simultaneous removal of both of the enzymes can increase H2

production by 32% on glucose (Maeda et al. 2007, Fan et al. 2009). Hyd-4 is thought to be
silent (Self et al. 2004, Maeda et al. 2007). Hyd-3 catalyzes reversible reaction of H2

production, but the rate of synthesis is greater than uptake rate. Thus based on current
knowledge of hydrogenases, mainly hyd-3 is responsible for production of H2 in E. coli
(Maeda et al. 2007).

Formate hydrogen lyase (FHL) consists of formate dehydrogenase-H (FDHH) (encoded by
fdhF) and hyd-3 (encoded by hycBCDEFG). It is the main enzyme complex related to H2

production by E. coli. In anaerobic conditions, it catalyzes the oxidation of formate to H2

and CO2 (Sawers, 2005). Expression of FHL is inhibited, e.g., by electron acceptors such
as oxygen or nitrate, and its synthesis is controlled by the formate concentration and pH
(Wang and Gunsalus, 2003, Bagramyan and Trchounian, 2003). Additionally, the
expression of FHL is under genetic control of FhlA and HycA. FhlA promotes the
transcription of FHL complex enhancing the H2 production. HycA may interact directly
with the FhlA protein or prevent the binding of FhlA to activator sequences and thus to
repress the transcription of FHL (the mechanism is not yet known). Single deletion of hycA
does not increase the H2 yield (Kim et al. 2009, Publication IV), but simultaneous deletion
of hycA and genes of hyd-1 and hyd-2 increases the H2 yield from glucose (Kim et al.
2009, Maeda et al. 2007). Volumetric production rate from formate was increased two
orders of magnitude and the specific hydrogen production rate by 2.8 folds by
simultaneous disruption of hycA and overexpression of fhlA (Yoshida, et al. 2005).
However, when the same double mutant utilized glucose instead of formate as substrate,
the mutation had no effect on H2 production (Yoshida, et al. 2006). It indicated that activity
of FHL complex is not a limiting factor for hydrogen production from glucose (Yoshida, et
al. 2006).

In addition to FDHH, two other formate dehydrogenases, formate dehydrogenase-N (FDHN:
fdnG) and formate dehydrogenase-O (FDHO: fdoG) are synthetized in E. coli.  Both can
metabolize formate to CO2 connected with reduction of nitrate to nitrite by nitrate
reductase A (Wang and Gunsalus, 2003).  Removal of fdoG with the simultaneous
deletions of hyaB, hybC and hycA at the background, increased H2 production 1.7-fold
compared to wild-type (Maeda et al. 2007). With the same background, deletion of either
fdnG or focA was not effective for increasing the H2 production (Maeda et al. 2007).

FocA is a formate transporter and in some experimental setting its inactivation can increase
H2 production (Fan et al. 2009), even though the positive effect of single deletion was not
observed in Publication IV. Simultaneous inactivation of hyd-1, hyd-2, FDHO and FDON

can be achieved by inactivation of twin-arginine translocation (Tat) protein translocation
system, that is responsible in transporting theses enzymes (among others) from periplasm
to cytoplasm (Berks et al. 2003). FHLH and hyd-3 are located to cytoplasm, thus the
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Even though the metabolism of E. coli is vastly studied, there are still many unexplored
metabolic interactions. Related to E. coli hydrogen production, this issue has been tackled
by utilizing the Keio collection, which is a complete set of single-gene deletions of all non-
essential genes of E. coli K-12 (Baba et al. 2006). The effects of all single deletions on H2

production have been screened by chemochromic membranes (Mohd Yusoff et al. 2012).
In Publication IV, the effects of 81 separate gene deletions on E. coli mutants (gained from
the Keio collection) are studied by batch experiments. These methods were discussed
under Section 2.3.

In addition to applying the possibilities of increasing H2 production by modification of
intrinsic characteristics of E. coli by under and overexpression, its proteins can be altered
to increase their activity. For example, the H2 yield from formate has been increased 9-fold
by random protein engineering of HycE or FhlA (Maeda et al. 2008, Sanchez-Torres et al.
2009). Moreover, a lot of research has been conducted to create oxygen tolerant
hydrogenases (Liebgott et al. 2011, Hamdan et al. 2012).

E. coli is often used as host to genes gained from other organisms. Recombinant strains of
E. coli have been created, e.g., by transferring foreign [FeFe]-hydrogenase genes from
other bacteria. For example, transferring [FeFe]-hydrogenase of Enterobacter cloacae
(Mishra et al. 2002, Chittibabu et al. 2006) or Clostridium butyricum (Subudhi and Lal
2011) into E. coli has enabled production of more than 3 mol of H2 per mol of glucose.
Additionally, cyanobacterial [NiFe]-hydrogenase has been successfully expressed in E.
coli (Wells et al. 2011).

In addition to the insertions of single enzymes, completely new synthetic pathways can
also be created. As previously presented (Fig 2.2), E. coli can produce H2 only through
formate, whereas clostridial species can use ferredoxin for H2 production. [FeFe]-
hydrogenase encoding gene (hydA) and maturation genes of Clostridium acetobutylicum
(hydF-hydE-hydG) and [4Fe-4S]-ferredoxin encoding gene from Clostridium pasterianum
were converged onto a single plasmid and expressed in E. coli lacking the native H2

production pathway (Akhtar and Jones, 2008b). The expression of this synthetic pathway
with simultaneous expression of E. coli ydbK (predicted pyruvate:flavodoxin
oxidoreductase and/or pyruvate synthase (Serres et al. 2001) ) and deletion of iscR
(negative transcriptional regulator of isc,“iron-sulfur cluster” operon) increased the H2

yield from 0.01 to 1.46 moles of H2 per mole of glucose, demonstrating the possibilities of
the synthetic pathways (Akhtar and Jones, 2008a, 2008b, 2009, Veit et al. 2008). The
function of synthetic H2 production pathways can be improved by insulating the electron
transfer circuit from existing cellular metabolism. This can be done, e.g., by deletion of
competing reactions, optimization of binding surfaces, direct protein-protein fusion and
localization to a synthetic protein scaffold (Agapakis et al. 2010).
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Genetic modification has also been used to enable the use of alternative substrates, e.g.,
addition of AmyE of Bacillus subtilis to E. coli enabled starch-dependent H2 synthesis in
minimal media (Akhtar and Jones, 2009). Another example is the addition of genes
necessary for sucrose transport into E. coli, thus enabling the sucrose utilization from
nougat waste water (Penfold and Macaskie, 2004). Summary of the methods used for
genetic manipulation are shown in Table 3.1.

Table 3.1. Methods of genetic engineering to enhance H2 production

Technique Target Notes References

Gene deletion Disturbing competing pathways and
enzymes repressing the H2
production

E.g. directing of pyruvate
towards formate in E. coli and
prevention of consumption of
NADH for other purposes than
H2 production.
Removal of enzymes inhibiting
the H2 production.

Yoshida et
al. (2006)

Overexpression of
native genes

Enhancing the activity of native
genes.

E. g., overexpression of
hydrogenases or activators of
desired reactions.

Yoshida et
al. (2005)

Modification of the
native proteins

Enhancing the function of a protein. E.g., improving the O2 tolerance
of hydrogenases.

Liebgott et
al. (2011)

Construction of
synthetic pathways

Addition of foreign genes, restricted
from better H2 producers which
genetic manipulation is more
challenging. Construction of new
pathways for H2 production.

E.g., insertion of ferredoxin
related hydrogen production
pathway to E. coli.

Akhtar and
Jones
(2008a)

3.2 Genetic regulation and engineering of H2 production
by Clostridium butyricum

Method for genetic modification of Clostridium butyricum was recently discovered (Cai et
al. 2011). Until then the main hypotheses of how to increase the H2 production of C.
butyricum was the removal of the pathways producing butyrate or ethanol, thus possibly
increasing the metabolite flow towards acetate production. However, separate deletions of
the pathways revealed that the H2 production was not increased without additional changes
in the cultivation conditions. Instead, after the blockage of the ethanol pathway the flow of
metabolites was directed to butyrate production. Moreover, the blockage of ethanol
pathway increased the metabolite flow towards lactate production (Cai et al. 2011, Cai et
al. 2013). These issues might be solved by multiple deletions. Metabolic pathway map of
C. butyricum is shown in Figure 3.4.
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3.3 Metabolic models
Metabolic models are topological (interaction based) presentations of reactions occurring
within metabolic pathways. Creation of even small, realistic kinetic model of microbial
metabolism requires vast knowledge of, e.g., enzymes, reaction rates, cofactors and
inhibitors related to the system. The type of data added to the model is dependent on what
kind of analyzes it will be subjected to. Even with the most studied microorganism, E. coli,
majority of the reactions in the metabolic network lack the detailed knowledge of reaction
kinetics. Therefore, constraint based metabolic models are often used to gain more
understanding of bacterial metabolism. In current metabolic models, the emphasis is on
combining genetic information with reactions behind the growth and metabolite
production, rather than on exact knowledge of the regulation within each reaction. By this
means, alternatively one optimal solution for flux distribution or a set of possible solutions
that satisfy the terms given in the metabolic model can be simulated. Metabolic models can
be used, e.g., to estimate the bacterial phenotype based on the given substrate and
nutrients. As an example, the possible end product distributions of mixed acid fermentation
can be simulated or effect of gene deletions on the whole metabolic system can be
estimated (Publication IV and V). Here, we focus on metabolite level models. Following,
the metabolic reconstruction required for the constraint-based analyses is described.
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The solution to Equation 3.2 is most often underdetermined, i.e. amount of metabolites is
less than amount of reactions to be solved. The previously mentioned division of constraint
based methods to metabolic flux balance analysis, flux analysis and metabolic pathway
analysis is made based on means to solve the Eq. 3.2.

3.4.1 Flux balance analysis
Flux balance analysis (FBA) has been developed to increase quantitative understanding of
metabolism in order to design and optimize bioprocesses (Varma and Palsson, 1994). It is
widely used approach for analyzing biochemical networks, especially in analysis of GEM
(Orth et al. 2010). FBA can be used to calculate the flow of metabolites through network,
without need of experimental data. The method is based on knowledge of 1) stoichiometric
matrix , 2) constraints and 3) objective function (Fig. 3.10). Since Eq. 3.2 can have infinite
number of solutions, constraints need to be given. The most important constraints are
thermodynamic constraints that state whether the reaction is reversible or irreversible (Eq.
3.3). Moreover, the constraints are used to define the growth media, i.e. uptake reactions
from the group of the exchange reactions (Figure 3.1). Additional constraints can be given
based on the application of the FBA. Based on the constraints, the amount of possible
solutions can be limited giving the allowable solution space. To gain only one optimal
solution for flux distribution, an objective function is defined. The most used objective
function is maximization of biomass, even though also other objectives, such as
minimization of nutrient utilization or maximization of desired product, can be utilized
(Raman and Chandra 2009). Simulation results have been noted to be most consistent with
experimental data when combination of maximization of ATP and biomass yield together
with minimization of sum of absolute fluxes achieved is used as an objective. In other
words, flux states evolve under the trade-off between optimality under given condition and
minimal adjustment between conditions (Schuetz et al. 2012). The outline of FBA is
shown in Figure 3.10.
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changes on glucose concentration and pH to internal fluxes. They experimentally measured
the concentrations of excreted metabolites at different conditions and used those as
constrains for FBA analysis. They found that the change of pH had a greater effect on
internal fluxes than the glucose concentration. Even though these studies are made with the
focus of H2 production, the main outcome is not merely higher yield of H2 but increased
understanding over the microbial metabolism. Above mentioned, Manish et al. 2007, Kim
et al. 2009 and Cai et al.  2010 said that they applied metabolic flux analysis (MFA) for in
silico analysis. Since they used linear optimization with objective function, they actually
applied FBA.

An interesting application of FBA is metabolic modeling of microbial communities.
Chaganti et al. (2011) created a small scale model of mixed microbial community by
reconstructing metabolic model of universal organism that produces all the metabolites
which are observed during anaerobic fermentation. Since some bacterial species, such as
methanogens, consume H2 during fermentation, they studied the effect of linoleic acid and
pH on fermentative H2 production by mixed microbial culture. Linoleic acid is known to
act as inhibitor towards many H2 consuming species, but its addition or pH variation solely
was not found to be applicable method to increase H2 production in mixed bacterial
communities. Stolyar et al. (2007) had more accurate approach for analyzing a mutualistic
microbial coculture of two bacterial species with sequenced genome. Their approach was
based on two separate models of central metabolism, which were treated as separate
compartments that were connected by transfer reactions. They demonstrated that this
method can be applied for modeling even more complex microbial communities.
Zomorrodi and Maranas (2012) presented a multi-level optimization framework based on
FBA for the metabolic modeling and analysis of microbial communities to describe trade-
offs between individual vs. community level viability of bacteria.

Small scale models can offer detailed information over the studied subsystem. Application
of genome scale models, however, can further increase the understanding of the metabolic
system of a microorganism and to help to find new approaches for genetic engineering.
The GEM of E. coli has been used and under active development over a decade and it has
attained good predictions at aerobic conditions (Orth et al. 2011). In aerobic conditions,
comparison between experimental and simulated result has been conducted, but less
emphasis has been given to anaerobic conditions (Edwards et al. 2001). Therefore, its
applicability to fermentative H2 production was studied in Publication IV and V.

In Publication IV, genome-scale model of E. coli (Feist et al. 2007) was applied to predict
which single gene deletions could be useful for enhancing the fermentative H2 production.
Alternatively, glucose or galactose was used as substrate. Biomass production was selected
as an objective function. FBA was done separately to wild-type and all possible one gene
deletions. Rates of H2 production by mutants were compared to wild-type E. coli and based
on the results, mutants to be tested in wet-lab were selected. According to FBA, the
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utilization pathway of glucose and galactose differs only in the point of uptake and it is
then degraded through same glycolytic routes. Therefore, based on the model, both have
similar distribution of metabolites and growth rate. Anyhow, in in vivo studies the growth
on galactose was much slower than growth on glucose and the response to gene deletion
was different (Publication IV). Additionally, lactate production with galactose was notably
lower than with glucose, even though acetate and ethanol production remained at the same
level (unpublished data related to Publication IV). This has been observed earlier based on
large-scale 13C-flux analysis over aerobic culture of E. coli. It employs substantially
different distribution of metabolites with glucose than galactose. Additionally, E. coli
actively represses the uptake of galactose causing slower growth on galactose than on
glucose (van Rijsewijk et al. 2011). This presents one issue of topological network models;
they do not take into account the effect of internal regulation. For example, model applied
in Publication IV does not contain information of genes that code regulatory enzymes.
Therefore, those effects are not taken into account while simulating the H2 production.
Experimentally deletion of regulatory enzymes has been shown to increase the H2

production (e.g., Fan et al. 2009). This and other issues of topological models are discussed
in Section 3.5.

External fluxes (excreted products) can be given as constrains to FBA, enabling the
estimation of internal fluxes based on measured data. Additionally, in order to unify the
results of FBA and laboratory experiments, original constrains can be changed or new
constraints can be added. E.g., McAnulty et al. (2012) analyzed GEM of C. acetobutylicum
by FBA and used additional flux ratio constraints to increase the correlation of simulation
to experimental data. In Publication V, in vivo and in silico data of mixed acid
fermentation with glucose as substrate was critically compared and changes to GEM of E.
coli were made to improve the simulated results. The main factor to be compared while
analyzing the capabilities of the model is the biomass formation: If the model does not
produce biomass with the given gene deletion, the deletion is considered to be lethal.
Sometimes mutant is predicted to grow (i.e. mutation is non-lethal), but no growth is
observed in laboratory experiments. That is often due to fact that based on model, several
gene products can catalyze the same reaction. In reality, the activity of the enzymes is
related to environmental conditions and all genes affecting to a reaction are not active
simultaneously (i.e. aerobic vs. anaerobic conditions). Since in Publication V, anaerobic
conditions were applied, changes to reaction directionalities and removal of genes mainly
functioning in aerobic conditions were done based on literature survey and experimental
data. Additionally, lower limit to lactate production was set to force its production during
maximum growth. The modified model presented in Publication V was better suited for
simulating the mixed acid fermentation in the conditions applied during the experiments in
Publications III and IV than the original model. To demonstrate the improvement, both
models, iAF1260 (Feist et al. 2007) and the modification of iAF1260 presented in
Publication V, were used to simulate H2 production using experimental results of acetate,
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conditions, such as pH, are varied. In that case, the fluxes are re-measured and -calculated
(Fischer and Sauer, 2003, Cai et al. 2010).

3.4.3 Metabolic pathway analysis
Metabolic pathway analysis can identify all metabolic flux vectors, i.e. sub networks, that
exist in a metabolic network. No knowledge of flux rates or objective functions is needed.
The group of possible sub networks form an admissible solution space (Trinh et al. 2009).
Since the number of solutions by this method is infinite, constraints can be added to
decrease the level of complexity. Here two related methods of metabolic pathway analysis
with additional constraints are presented: elementary mode analysis (EMA) and extreme
pathways (EP).

Elementary mode analysis is based on an idea that theoretical investigation should be
started from studying structural properties of network, since kinetic properties, such as
reaction rates, are subject to frequent changes (Chuster and Hilgetag, 1994). In the
elementary mode analysis, the solutions are found from the admissible solution base
defined by Eq. 3.2 by additional constrains of thermodynamics (Eq. 3.3) and non-
decomposability constrain. In practice, this means that elementary mode (EM) includes all
flux vectors (em1, em2…) that can be formed from the given network such that all the
reactions within the sub-network are essential for it to be functional. Exact formulation of
the EMA is reported by Chuster and Hilgetag (1994). An example of EMA is shown in
Figure 3.14. In EMA, it is especially defined that if the sum of flux vectors, where the
fluxes have opposite signs for same reactions, forms another flux vector, that is not
excluded (Chuster and Hilgetag, 1994). In practice, this means that EMA counts
bidirectional pathways as two separate pathways.  On the contrary, extreme pathways have
an additional condition, that none of the extreme pathways can be expressed as a sum of
two or more other extreme pathways, thus such pathways are removed. Therefore, EPs are
a subset of EM (Figure 3.9) (Klamt and Stelling, 2003).
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The applications of EMA and EP are related to fundamental understanding of network
(such as network structure, robustness, regulation and fragility (Trinh et al. 2009)) and
discovery of meaningful routes within metabolic networks (Stelling, et al. 2002). EMA has
been applied, e.g., to find the most efficient pathways of E. coli for biomass and energy
production (Carlson and Srienc, 2004). In addition to the exploring the capacities of
existing pathways, it can be used for design and analysis of genetic engineering. Unrean et
al. (2010) analyzed the carotenoid production network of recombinant E. coli. With the
added carotenoid pathway, the simplified metabolic network resulted in 29532 different
elementary modes. When those were divided to subsets based on utilization of O2, the
number of anaerobic subsets was 5377. This number was further decreased by restricting
selected fluxed to zero, thus presenting a gene deletion. Similar approach has been applied
for engineering E. coli to produce isobutanol (Trinh et al. 2011). The same could be
applied to H2 production for example, for designing mutants and understanding the
changes caused to metabolic system by genetic engineering and environmental variations
(e.g. aerobic/anaerobic, glucose/galactose as substrate).

Schilling et al. (2001) presented a combinatory use of EMA (or EP) and FBA. The
simplified idea was that each possible elementary mode is subjected to FBA with same
constrained input and objective function such as biomass. Then the maximum amounts of
desired products from each EM can be compared, thus narrowing down the set of
applicable EMs for further analysis. All applications of EMA presented in this section were
conducted with small metabolic networks, and even then the number of possible solutions
was high. The number of elementary modes grows in combinatorial fashion as the size of
metabolic network increases, thus approaches to deal with this issue need to be developed
(Rezola et al. 2011).

3.5 Future developments of metabolic modeling
Current metabolic models create rather straight forward presentations of the microbial
metabolism and various approaches to apply those models exist. Applications of GEMs has
been recently reviewed and divided to six groups: 1) metabolic engineering, 2) model-
driven discovery, 3) prediction of cellular phenotypes, 4) analysis of biological network
properties, 5) studies of evolutionary processes and 6) models of interspecies interactions
(McCloskey et al, 2013). The currently used models are suitable for many applications.
However, issues that restrain the accuracy of the modeling results remain. The correctness
of analysis is greatly affected by the underlying metabolic model (Carlson and Srienc,
2004).  Current models have issues such as the enzyme catalyzing the reaction is unknown
or vice versa, or enzymes has unknown functions (Zamboni and Sauer, 2009). Presentation
of the metabolism merely based on metabolite interactions, provides only a static
description of potentially occurring interactions. In reality, activity of many pathways is
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genome consisting of 525 genes. The goal of the model is to predict phenotype from
genotype. In their approach, cellular functions are divided to 27 submodels. For example,
metabolism is a submodel that is described by FBA. All submodels have a specific
computational approach. The submodels are integrated to become a whole-cell model.  The
created model is described as a first draft that could be extended for more complex
organisms which would allow experimental verification of the results (Karr et al. 2012).
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4 Summary of publications and methods

Following the Publications included to the thesis and the method used are briefly
summarized. Publications I and II, “Software for quantification of labeled bacteria from
digital microscope images by automated image analysis” and “Efficient automated method
for image-based classification of microbial cells” present approaches for automated
analysis of digital microscopy images from bacterial cultures. Manual enumeration and
morphological analysis of bacteria with microscope is laborious and depends on the
experience of the examiner. Therefore, in Publication I, an easy to use automatic image
analysis application, CellC, was developed for quantification of bacterial cells from digital
microscope images. The user interface was designed such that the usage of software does
not require vast knowledge of image processing. The software can analyze single images
or compare two differently labeled images taken from the same position. If two images are
used, the first image should include all the cells (e.g., DAPI stained) and the second a
subgroup of cells in the first image (e.g., FISH stained cells). This improves the accuracy
of enumeration of bacteria in the second image, since the location of bacteria is determined
by the first image. The enumeration results of CellC were validated by comparing those to
the results acquired by manual analysis. After the objects are segmented and enumerated
from the original image, the software gives numerical estimates (such as cell width, length)
over cell morphology and intensity of the light. CellC is currently available at
https://sites.google.com/site/cellcsoftware/ and it has been applied to various purposes
(Elazhairi-Ali et al. 2013, Gray et al. 2009, Harrold et al. 2011).

Publication II presents a framework that can be applied for division of bacteria to groups
based on their morphological features. For the training and validation of the results, DAPI
stained bacteria were viewed under microscope and digital images of cell groups with
different sizes and shapes were taken. Separate images of pure cultures of C. butyricum, E.
coli and Staphylococcus were used for training and testing the classifier. Purpose of
staining was to achieve high threshold between the cells and background. Additionally,
simulated images of bacteria were used for result validation. The presented framework
could be used, e.g., for continuous monitoring of H2 producing bioreactor with mixed
culture. Changes in the community structure can be fast and cause drastic effects on the
reactor operation (as seen in Koskinen et al. 2007). The automatic analysis of the
population structure from microscopy images is a rapid method to observe upcoming
changes and could be used to monitor the reactor system and allow quickly response by
operator if needed. Additionally, the automatic classification can be used to analyze
dynamic changes and interspecies interactions in mixed bacterial cultures or in artificial
cocultures to gain more understanding over bacterial behavior.
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Publication III was purely biological study of fermentative hydrogen production and is
titled “Fermentative hydrogen production by Clostridium butyricum and Escherichia coli
in pure and cocultures”. The study was motivated by the research of Koskinen et al. (2007)
where the predominant bacterial species detected in H2 producing enrichments cultures
were closely related to strictly anaerobic C. butyricum and facultative anaerobic E. coli. It
is known that C. butyricum is a good H2 producer but the role of E. coli related to H2

production in mixed culture was unclear. The uncertainty was due to the fact that wild-type
C. butyricum can produce 4 mole of H2 per mole of glucose whereas E. coli is capable of
producing only 2 mole of H2 per mole of glucose, thus it could have negative impact on the
H2 production capabilities of mixed culture.

The experimentation was done with medium scale batch experiments. That allowed the
media volume to be large enough for frequent sampling and comparably large gas phase
for maintaining the low partial pressure of hydrogen (pH2) without gas extraction. The
experimental set-up included six batch bottles with attached pH, pressure and temperature
sensors that collected the data in one minute interval. The experimentation included
parallel experiments with the pure culture of E. coli and C. butyricum and their coculture.
The online monitoring of pressure enabled the observation of the exact moment for the
initialization and end of the gas production. Frequent measurement of the gas composition
combined with gas pressure data was used to calculate the H2 production rates.
Simultaneously with gas samples, also liquid samples were taken. Those were analyzed for
production of biomass (OD600), volatile fatty acids (VFA), ethanol and degradation of
glucose.

Hydrogen production of C. butyricum was strongly associated with the growth, whereas E.
coli produced H2 long after the maximum biomass was reached. Additionally, E. coli
continued the consumption of glucose after the end of exponential growth. The coculture
was found to have lower yield of H2 from glucose than the pure culture of C. butyricum.
Nevertheless, the coculture was able to utilize the glucose better, i.e. there was less residual
glucose in the media at the end of the experiment than in the pure culture experiments,
resulting to higher total amount of H2 produced. The research did not give clear answer to
the initial question about the usefulness of the E. coli in the coculture. Anyhow, it showed
that coculture of the species and competition over substrate can improve the efficiency of
substrate utilization. The coculture of facultative anaerobic and strict anaerobic bacteria is
useful in applications, were the creation of strictly anaerobic conditions is challenging;
facultative anaerobes could be used to consume the remaining O2 from the cultivation
system allowing the growth of strictly anaerobic bacteria.

Publication IV was a combination of computational and biological methods, concentrated
on studying the metabolism of E. coli under title, “Prospecting hydrogen production of
Escherichia coli by metabolic network modeling”. The objective of this study was to apply
genome scale metabolic model of E. coli (iAF1260) to predict, which single gene deletions
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could be useful for enhancing the H2 production with glucose or galactose as substrate.
Simulated results were compared against wet lab experiments. Two different substrates
were used in order to study the effect of mutations with alternative substrates.
Additionally, the applicability of batch experimentation for screening large amount of
samples and for validation of simulated results was evaluated.

The metabolic model was used with two approaches, both based on flux balance analysis.
Biomass production was used as an objective function and either glucose or galactose as
substrate. In the first selection method, gene deletions were simulated one by one, followed
by comparison of the values of H2 production to the ones of the wild-type. Those mutants
that had higher H2 production than wild-type were selected. The second approach was
semiautomatic and based on knowledge of metabolic pathways, i.e. the pathways that
utilized formate or pyruvate for other purposes that H2 production were manually defined.
Then, the analysis was done to find the single gene deletions that could block the usage of
the defined pathways. The method was named ABCP (algorithm for blocking competing
pathways). In addition, manual selection based on pathways maps and databases was done
to choose mutants for batch experiments study. Almost all selected mutations were
available in KEIO collection and altogether, 81 mutants and a wild-type of E. coli were
cultivated. In order to evaluate the H2 production capacity of the mutants, cultivations were
done as parallel small scale batch experiments in sealed test tubes (10 ml liquid and total
volume 27.5 ml). The cultivations were done in minimal M9 media with added casamino
acids and glucose or galactose as substrate. Endpoint measurements of gas production
volume, gas composition and biomass (OD600) were done after two days of cultivation.
Long cultivation time was due to the slow growth of E. coli on galactose.

Two factors were used to compare the model and experimental results: 1) higher or lower
production of H2 compared to the wild-type and 2) the essentiality of a gene (growth or no
growth). Several gene deletions increasing the total H2 production were found, but none of
the selection methods was superior to other. Thus, based on the existing knowledge, the
use of metabolic models is complementary approach used for planning of experiments and
can not replace the traditional experimental design. Batch cultivation is a simple and
straightforward experimental method to screen improvements in H2 production. However,
the ability of FBA to predict the H2 production rates can not be evaluated by batch
experiments with a single measurement point at the end of the experiment. Correctness of
the gene essentiality predictions by FBA was rather good. Use of metabolic network
models was found to be a good method for gaining broader understanding over the
complicated metabolic system, and to be useful in prospecting suitable gene deletions for
enhancing H2 production. Many mutants were found that experimentally produced more H2

compared to wild-type. More detailed experimentations should be done in order to verify
the results. Differences between the effects of mutation, when either glucose or galactose
was used as substrate, were found in wet lab experiments even though the FBA simulation
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suggest that all mutants (expect with deletions in the glucose/galactose uptake reactions)
have similar response to the mutation. This is due to the fact that the current metabolic
models do not include translational regulation, detailed enzyme kinetics or metabolic
feedback regulation.

Since in Publication IV, some inconsistent results between the estimation of the
essentiality of genes were found, the data related to genes affecting in the main degradation
pathways of glucose was used to modify the existing model to better describe the observed
data. The work is presented in Publication V: “Modification of the Escherichia coli
metabolic model iAF1260 based on anaerobic experiments”. Since, the same model can be
used in aerobic and anaerobic conditions by constraining intake of O2 to zero, it is expected
that some reactions that occur in aerobic conditions should not take place in the absence of
oxygen. Therefore, most of the changes made were based on the removal of inactive genes
or changing the reaction directionalities.  All the changes were done after thorough study
over those effects on the function of the model and based on knowledge gained from
experimentation, literature and databases. The model results were compared to the
metabolite data produced in Publications III and to essentiality and H2 production data
produced in publication IV. As a result, a model that better described the given conditions
was achieved. The main materials and methods used in the Publications I-V are
summarized in Table 4.1.

Table 4.1. Summary of materials and methods
Method /materials Analysis / source Publication
Bacterial cultures C. butyricum (Isolated from Koskinen et al. (2007) by plating) II, III

E. coli K-12 MG1655 II, III, V
E. coli K-12 BW25113 IV, V
81 E. coli one gene deletion mutants (KEIO-collection) IV, V

Substrates Glucose III, V
Glucose and galactose IV

Cultivation
methods

Plating and incubation in anaerobic glove chamber III
Batch cultivations in 2100 ml anaerobic jars in 250 ml liquid media.
Ports for manual sampling of gas and liquid and automatic sampling of
pressure, temperature and pH.

III, IV

Batch cultivations in 27.5 ml modified Hungate tubes having  butyl
rubber stopper and an aluminum seal finish in 10 ml liquid media. IV, V

Cell staining DAPI and FISH-staining I, II
Cell morphology Phase-contrast and epi-fluorescence microscopy with digital image

acquisition.
I, II, III

Image analysis MATLAB® I, II
Gas composition Gas chromatography (H2, CO2) IV, V
Liquid compounds High-performance liquid chromatography (VFA, ethanol, glucose and

galactose)
III, IV, V

Biomass Spectrophotometer (600 nm) III, IV, V
Metabolic model iAF1260 (Feist et al. 2007) IV, V
Flux balance
analysis

MATLAB® IV

MATLAB® , COBRA toolbox 2.0.5 V
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5 Summary and conclusions

Microorganisms are optimal objects for systems biology studies, since they are easy to
manipulate and have wide-ranging influence on many aspects of life. Rational engineering
of microorganisms requires the ability to predict how the behavior of the studied organism
originates from individual molecules and their interactions. Additionally, methods to
implement the predicted mutations by bioengineering to achieve desired phenotypes are
needed. Thus experts, who have both, computational and biological background, are
needed.

Undefined mixed microbial cultures are commonly used for fermentative H2 production.
Microscopy can be used to visually examine the bacterial cultures and to reveal diversity
and dominant bacterial species in the system. Manual analysis of the microscopy images is
user dependent and laborious. Therefore, in Publications I and II, automatic image analysis
methods were developed for monitoring changes in the culture compositions during
fermentative H2 production. In Publication I, an easy to used image analysis application,
CellC, was introduced and its analysis results were validated. CellC can be applied to
enumerate bacteria and measure cell length, width and intensity from digital images. It has
already been applied by numerous users in experimental biology (Elazhairi-Ali et al. 2013,
Gray et al. 2009, Harrold et al. 2011). In Publication II, a framework was presented for
automated classification of microbial cells based on morphological features. These
methods aids in the laborious analysis of microbial samples and creates opportunities for
process control.

Roles of each bacterial species in mixed microbial cultures are not exactly known.
Therefore, in Publication III, artificial bacterial coculture was composed and differences
between coculture and pure culture were presented. Even though a pure culture of C.
butyricum has higher yields of H2 from glucose than the coculture of E. coli and C.
butyricum, the total production of H2 was higher with the coculture. Thus, when the goal is
to efficiently degrade waste material and to minimize the residual substrate, cocultures
should be applied. Additionally, facultative aerobic bacteria consume oxygen from the
system, enabling the growth of strict anaerobic bacteria. On the other hand, if the goal is
optimal yield of H2 from a specific substrate, use of pure cultures is recommended.

Optimization of the environmental conditions for H2 production is important. Anyhow,
bacteria have intrinsic metabolic limitations of how much H2 can be produced. To
overcome these limitations, metabolic engineering has to be used to direct the flow of
metabolites towards higher H2 production. In Publication IV, the applicability of genome-
scale metabolic model for simulating fermentative H2 production of E. coli was verified.
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Based on model prediction, various single gene deletions were found that experimentally
increased fermentative H2 production. Nevertheless, it is not possible to exceed the
theoretical limits of fermentative H2 production merely by gene deletions. Limit is for
facultative anaerobic bacteria 2 and strictly anaerobic bacteria 4 mol of H2 / mol of glucose
(Nath and Das, 2004). Therefore new metabolic pathways need to be added to exceed these
values. Those can be designed with the help of metabolic models and databases. The model
used in Publication IV gave good description of the mixed acid fermentation of E. coli.
Anyhow, the gene essentiality estimations had some inaccuracy. Therefore, in Publication
V, the underlying metabolic model was modified to improve the simulation accuracy.
Modifications were made based on data collected in Publications III and IV. The modified
metabolic model was demonstrated to simulate the behavior of cells in the anaerobic
conditions better than the original model.

Co-operation between experts of microbiology and computational sciences is crucial.
When the co-operation is done from the point of planning of experiments, it can save time
and money, and ease the combination of the biological data to the metabolic models. A
microbiologist is able to describe what kind of possibilities there exist to produce the data,
and computational experts can advise, how many samplings and which kind of samples
should be taken to enable the comparison to existing models. Compromises from the both
sides should be made. For example, the basic idea behind FBA is the assumption that there
is no accumulation of intra cellular metabolites, the flow of nutrients is constant, pH is
stable and the reactor is in steady state. Anyhow, this kind of experimentation demands the
use of continuous reactors and can take days. For comparison, several parallel batch
experiments can be done in a day. Therefore, the use of batch experiment and observing
the rate data during the exponential growth phase is often applied to describe the steady
state conditions and can be justified. If something interesting is found based on the
compromised experimentation, more detailed experiments can be done later on.

A question that was often presented during the work was about the generalization of the
results. An optimization of cultivation media is an example: if one have optimized growth
conditions for wild-type bacteria, should the optimization be done again after one
mutation?  Another point of view is related to metabolic models: if one has made
predictions over the metabolic fluxes within the cell in certain conditions and the pH of
culture media is changed, should all the fluxes be recalculated. The correct answer to these
questions is yes. But, these questions are always related to the level of accuracy of which
one wants to study the given subject, and as already mentioned, compromises need to be
made.

Metabolic models are generalizations over the metabolic system of studied bacteria. For
example, genome-scale models include all the possible reactions that can take place within
the studied microorganism based on knowledge of genome. In reality, only small portion
of reactions are active at any conditions (Schuetz et al. 2012) A good example is the
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difference between aerobic and anaerobic metabolism, where transition from one
metabolism to other involves up and down regulation of large set of genes (Unrean et al.
2010). Additionally, the results of analysis that are not based on measured fluxes are
always the same. Thus, the model has been created to reflect certain environmental
conditions (e.g. pH and temperature), and those should be applied when the model is used
without measured values as constrains.

Since the measurement methods are improving and the amount of data gained by single
experimentation can be overwhelming, the significance of the co-operation will increase.
The field of systems biology aims at integrating basic microbiological information with
genomics, transcriptomics, metabolomics, proteomics and other data types, to create an
integrated model of how a microbial cell or community functions. The aim is ambitious
and current state of such models is still far from it. The currently used metabolic models
contain information over the genome and the effect of the genes to the reactions within the
metabolic network. Some advances in integration of, e.g., transcriptional regulation and
signal transduction have been achieved (Thiele et al. 2012). Even though great progress
has been made in the biochemical characterization of bacteria due to the development of
high-throughput measurement technologies, much work still remains to be done.
Computational methods, combining the biological data and mathematics, are needed to
understand the complexity of biological systems.

This thesis presented both, biological and computational approach for the study of
fermentative H2 production. The work can be seen as a small step towards higher
understanding of the complicated biological phenomena and as attempt to integrate the
fields of biotechnology and computational systems biology towards the goal of enhanced
hydrogen production.
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