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Abstract

Carbon dioxide (CO2) emissions from human activities are driving climate

change, but the pending crisis could be mitigated by a circular carbon 

economy where released CO2 is recycled into commodity chemicals. 

Autotrophic microbes can make a contribution by producing chemicals, 

such as biofuels, from CO2 and renewable energy. The primary natural 

CO2 fixation pathway is the Calvin cycle, in which the enzyme Rubisco 

carboxylates ribulose-1,5-bisphosphate. The present investigation used 

computational systems biology methods to map adaptations and 

constraints in autotrophic microbial metabolism based on the Calvin 

cycle. First, the metabolic network of the Calvin cycle-capable 

photoautotrophic cyanobacterium Synechocystis was contrasted with 

that of heterotrophic E. coli. Intracellular metabolite concentration 

ranges differed, leading to different capacity to provide thermodynamic 

driving forces to chemical production pathways. Second, the Calvin cycle 

in Synechocystis was modeled kinetically, showing that certain enzyme 

saturation and metabolite levels, for example high ribulose-1,5-

bisphosphate concentration, were detrimental to stability. Control over 

reaction rates was distributed, but making certain enzymes faster, for 

example fructose-1,6-bisphosphatase, could increase overall carbon 

fixation rate. Third, Synechocystis was starved of CO2 and ribosome 

profiling was used to track the effect on translation. Stress response and 

CO2 uptake were upregulated, but constant Rubisco expression and 

ribosome pausing in 5' untranslated regions indicated readiness for 

reappearance of CO2. Finally, microbial genomes with and without the 

Calvin cycle were contrasted, revealing metabolic, energetic, and 

regulatory adaptations that describe the properties of a functional 

autotroph. These findings provide a background for future study and 

engineering of autotrophs for direct conversion of CO2 into commodity 

chemicals.
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Sammanfattning

Utsläpp av koldioxid (CO2) från mänskliga aktiviteter driver 

klimatförändringarna, men den stundande krisen skulle kunna mildras av

en cirkulär kolekonomi där CO2 som släpps ut återvinns till 

råvarukemikalier. Autotrofa mikrober kan bidra genom att producera 

kemikalier, såsom biobränslen, från CO2 och förnybar energi. Den 

primära naturliga syntesvägen för CO2-fixering är calvincykeln, i vilken 

enzymet Rubisco karboxylerar ribulos-1,5-bisfosfat. Undersökningen som

ligger till grund för denna avhandling använde systembiologiska 

beräkningsmetoder för att kartlägga anpassningar och begränsningar i 

autotrof mikrobiell metabolism baserad på calvincykeln. För det första 

kontrasterades det metaboliska nätverket hos den calvincykelkapabla 

fotoautotrofa cyanobakterien Synechocystis med det hos heterotrofen 

E. coli. De intracellulära metabolitkoncentrationerna var olika, vilket 

ledde till olika kapacitet att bistå med termodynamisk drivkraft till 

kemiska syntesvägar. För det andra modellerades calvincykeln i 

Synechocystis kinetiskt, vilket visade att vissa enzymsatureringsnivåer 

och metabolitkoncentrationer, bland annat hög ribulos-1,5-

bisfosfatkoncentration, motverkade stabiliteten. Kontroll över 

reaktionshastigheter var distribuerad, men ökning av hastigheten hos 

vissa enzymer, till exempel fruktos-1,6-bisfosfatas, skulle kunna öka den 

generalla kolfixeringshastigheten. För det tredje svältes Synechocystis på 

CO2 och ribosomprofilering användes för att följa effekten på 

translationen. Stressrespons och CO2-upptag uppreglerades, men 

konstant uttryck av Rubisco och pausning av ribosomer i de 

icketranslaterade 5'-regionerna indikerade beredskap för ett 

återuppträdande av CO2. Slutligen jämfördes mikrobiella genom med och 

utan kalvincykeln, vilket avslöjade metaboliska, energetiska, och 

regulatoriska anpassningar som beskriver egenskaperna hos en 

funktionell autotrof. Dessa upptäckter ger en bakgrund för framtida 

studier och ingenjörsmässig design av autotrofer för direkt omvandling av

CO2 till råvarukemikalier.
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Learning from organisms that consume CO2

Recent decades have provided astonishing biotechnological developments

such as massive parallel sequencing of genomes [1] and transcriptomes 

[2], CRISPR-based gene editing [3], and modern machine learning 

“artificial intelligence” (AI) algorithms [4]. These technologies allow us to 

analyze and design organisms with higher precision and more creativity 

than ever before. Hopefully this is the start of a biotechnological 

revolution. Such an era would be welcome, because our societies 

currently face food [5], ecology [6], and climate crises [7], challenges that 

may be solved partly through biological approaches. Some options are 

robust genetically modified crops for sustainable food production [8], 

knowledge-based management and preservation that maintain ecosystem

stability and diversity [9], and introduction of sustainable bio-based 

alternatives to fossil carbon in order to mitigate climate change [10].

Metabolic engineering is a subfield of biotechnology that aims to 

modify the metabolic machinery of cells to make them better at producing

chemicals that are useful to us [11]. It often involves introducing new 

biosynthesis pathways to produce completely foreign compounds. 

Thereby, metabolic engineering enables biomanufacturing and a bio-

based economy. In order to carry out metabolic engineering, it is 

necessary to have knowledge of metabolism, especially regarding the 

responses of metabolism to genetic and environmental changes. It is also 

necessary to have tools to select and carry out optimal metabolic designs. 

The aim of the research underlying this thesis was to provide such 

knowledge and design tools. Specifically, the studies and tools were aimed

at autotrophic microbes, which by definition grow and accumulate 

biomass carbon by consuming inorganic carbon, particularly carbon 

dioxide (CO2).

In an academic metabolic engineering context, autotrophs are 

interesting because of how their metabolic networks are different from 

heterotrophs, which are fed with sugar or other reduced carbon 

compounds. The most important and industrially relevant heterotroph is 

yeast (Saccharomyces cerevisiae), best known for its ability to ferment 

sugar to ethanol [12]. My research is primarily based on the 
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photosynthesizing cyanobacterium Synechocystis sp. PCC 6803 (referred 

to as Synechocystis from here on), and other bacteria. By studying the 

differences between heterotrophic and autotrophic metabolism, we may 

learn what is required to switch between these two modes of life, thereby 

opening new routes to modification and design. More importantly, in an 

applied metabolic engineering context, autotrophs are the basis for direct 

conversion of CO2 to target compounds, powered by inorganic energy 

sources such as sunlight [10]. The “middleman” of plant biomass can 

thereby be bypassed to create more flexible and efficient sustainable 

biomanufacturing.

This thesis consists of four papers that explore autotrophic metabolism

from several angles. The analytical methods were mostly computational, 

meaning that existing datasets were reanalyzed to answer new questions. 

In the spirit of big data analysis, I made a visualization of the thesis work 

timeline. Figure 1 shows the daily activity in each project, based on the 

number of characters saved in my digital project logbooks. Starting in 

2016 and achieving a publication in late 2017, Paper I [13] compared the

metabolite concentrations of Synechocystis and E. coli, and also the 

capacity of their native metabolism to support computationally generated

biosynthesis pathways to different commercially important compounds. 

Paper II [14], published in late 2018, used a kinetic model of 

Synechocystis autotrophic metabolism, i.e. its Calvin cycle pathway of 

carbon fixation, to reveal metabolite concentrations that are critical for 

stability and to identify reactions that could be made faster to increase the

rate of CO2 fixation. Paper III [15], also published in late 2018, used 

ribosome profiling, i.e. sequencing of mRNA fragments actively 

translated by ribosomes, to track the response of Synechocystis gene 

expression to CO2 starvation. Paper IV [16], published in early 2021, 

broadened the view to all prokaryotic microbes that use the Calvin cycle 

pathway of carbon fixation by comparing their genomes to the closest 

relatives without the Calvin cycle. The comparison identified genetic 

adaptations critical for Calvin cycle function, which may help in 

optimizing natural or engineered autotrophic microbes.
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Figure 1: Timeline of projects discussed in this thesis based on entries in logbooks. 

Logbooks were updated with daily entries for each project (indicated by text 

labels). General notes and minor side-projects were recorded in the main 

logbook. The y-axis uses a square root scale and shows the number of 

characters of text recorded on each date. The highest number of characters, i.e. 

41,165 in “Paper I (Pathways)” on 2 August 2016, was removed in order to 

display other values better. The data were collected on 13 January 2021.

In the following chapters, I will first establish background knowledge 

about autotrophic metabolism by examining how nature and humans 

exploit autotrophy, and how autotrophy evolved during Earth’s history. I 

will then show how autotrophic metabolism may be analyzed using 

computers. My present investigation then describes a “digital map” of 

autotrophic metabolism, focusing on differences between autotrophs and 

heterotrophs as laid out in the research that this thesis is based upon. 

Finally, I will discuss how the findings from the digital map may guide 

metabolic engineering of autotrophic organisms in the future.
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Exploiting autotrophic metabolism

Life has always depended on autotrophic metabolism, either directly or 

indirectly. For example, our societies rely on autotrophic plants to supply 

food, directly or by feeding livestock, which makes us one example of how

life exploits autotrophic metabolism. This chapter explains why 

autotrophy is important, and how humans can make even better use of 

autotrophic metabolism in the future.

Autotrophs make living matter from carbon dioxide

Autotrophy forms the basis of all ecosystems by binding CO2 and 

inorganic energy into reduced carbon molecules like sugar. The reduced 

carbon is refined by additional, biochemical reactions into amino acids, 

nucleic acids, fatty acids, and more specialized molecules such as 

vitamins. These products of anabolic networks eventually allow cells to 

divide, and organisms to accumulate biomass. For all this to pass, 

however, the initial step of carbon fixation must occur, and it is not 

trivial.

Binding CO2 into organic carbon is energy intensive

CO2 is a highly oxidized form of carbon, which is clear from its two oxygen

atoms. The standard Gibbs free energy of formation is -394.38 kJ mol-1 

[17], meaning that a large amount of energy is typically released from 

reactions that generate CO2. One example of such a reaction is burning 

gasoline in oxygen, which can accelerate a vehicle weighing several tons 

to high speeds using a combustion engine. Conversely, the reaction of 

fixing CO2 into a reduced molecule is necessarily energy intensive [18]. 

Gasoline is composed of reduced carbon molecules that took millions of 

years to form in sediments under high pressure, but originate from sugar-

derived products of prehistoric, ocean-living, photosynthesizing algae 

[19]. Photosynthesis is one solution to the energy intensive carbon 

fixation process, but there are other options as well.

Photosynthesis is achieved by harvesting sunlight photons in 

membrane-integral photosystems, eventually powering pumps that 

translocate protons from one side of the membrane to the other [20]. The
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proton gradient is then used by ATP synthase to generate the cellular 

energy currency ATP. Cyanobacteria, and their chloroplast descendants 

in plants [21], use the water-splitting capability of photosystem II to strip 

electrons from water (H2O), generating protons (H+) and oxygen (O2) in 

the process. The electrons are then passed on to NADPH or other cellular 

reductant currency molecules. Anoxygenic photosynthetic microbes 

obtain electrons from organic molecules, sulfide, or hydrogen [22], while 

non-photosynthetic autotrophs obtain both energy and electrons from 

inorganic molecules such as hydrogen sulfide (H2S) [23], metal sulfides 

[24], iron (Fe2+) [25], or molecular hydrogen (H2) [26]. Certain 

autotrophs have the ability to extract enough energy for carbon fixation 

from carbon monoxide (CO) [27] or ammonia oxidation [28,29]. Growth 

on CO or ammonia requires special adaptations, such as electron 

bifurcation [30,31], and generally results in very slow growth (0.023 to 

0.14 h-1) [32,33], e.g. compared to fast-growing photoautotrophs (0.33 

h-1) [34]. The biological energy and reducing equivalent carriers, i.e. ATP 

and e.g. NADPH, are eventually used to power any of the seven carbon 

fixation pathways that are discussed in the next chapter.

Heterotrophs live off of the products of autotrophs

It is generally accepted that autotrophy was the first mode of growth on 

our planet, and that heterotrophy evolved later [35]. This makes sense, 

because heterotrophy is based on the consumption of reduced organic 

carbon molecules to fuel growth, accompanied by a net release of CO2. 

Heterotrophy is not viable unless there are autotrophs present to produce

the reduced carbon.

Heterotrophy is a mode of growth that may be available also to 

organisms that are classified as autotrophs. For example, autotrophs 

must store fixed carbon for periods when their primary, inorganic energy 

source is scarce. One example of this is night-time, when there is no light 

available to sustain photosynthesis in phototrophic organisms [36]. 

However, there is no growth occurring at that stage, only maintenance 

metabolism. On the other hand, there are photoautotrophic strains that 

can use glucose to maintain growth in darkness, for example a strain of 

Synechocystis [37]. Furthermore, there are organisms that are 

facultatively autotrophic. For example, Ralstonia eutropha H16 is 
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capable of growing heterotrophically on e.g. fructose, pyruvate, and 

succinate, while it can also grow autotrophically on a mixture of 

hydrogen, carbon dioxide, and oxygen [38,39]. The contrasts in metabolic

pathways and general lifestyle between autotrophy and heterotrophy is a 

recurring theme in this thesis, and some differences will be discussed in 

detail in later chapters.

Humans and other animals are heterotrophs, but there are also 

microbial heterotrophs, such as yeast. We have long used yeast 

fermentation as a biomanufacturing method for ethanol, but that is only 

an indirect use of autotroph biomass, i.e. sugar from plants. The next 

section introduces direct conversion from CO2 to target molecules as a 

biomanufacturing approach.

Biomanufacturing from CO2 mitigates climate change

Carbon dioxide is a greenhouse gas that traps thermal energy from 

sunlight in the atmosphere, thereby elevating the temperature on Earth. 

Our burning of fossil fuels, i.e. oil and coal, has released so much CO2 into

the atmosphere since the start of the industrial revolution that we are 

now facing a major climate crisis that may lead to up to four degrees 

higher global average temperature by the end of this century [7]. Instead 

of using fixed carbon from millions of years old algae (oil) and plants 

(coal) [19], it is necessary to shift to a circular carbon economy based on 

renewable resources (Figure 2) [10,40]. In a circular carbon economy, 

each molecule of CO2 that is released is countered by the re-fixation of 

one molecule through biological or electrochemical means. Thereby 

atmospheric CO2 levels are kept constant and climate change may be 

mitigated by solutions that permanently remove CO2 from the 

atmosphere, i.e. carbon capture and storage techniques [41].
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Figure 2: A circular carbon economy based on engineered microbes. In order to avoid 

increasing atmospheric CO2 concentration and escalating climate change, it is 

necessary to establish a circular carbon economy in which emitted CO2 is 

returned to a bound form. One way to do this is via engineered microbes. First 

generation biomanufacturing relies on sugar sources that are also suitable for 

food production. Second generation biomanufacturing utilizes lignocellulosic 

biomass, e.g. from forestry and agriculture waste. Third generation 

biomanufacturing uses engineered autotrophic microbes to perform direct 

conversion from CO2 to target product chemicals. Sunlight may be used directly 

by photoautotrophs to fix CO2, or indirectly via conversion to electricity followed 

by electrolytic hydrogen (H2) production or electrosynthetic formate (HCOOH) 

production from water, or water and CO2, respectively. A chemoautotroph then 

uses hydrogen and CO2, or formate to produce chemicals.

Increasingly sustainable production of chemicals

Sustainable biomanufacturing of chemicals that replace fossil alternatives

is commonly divided into three generations (Figure 2) [42]. First 

generation biomanufacturing is carried out by heterotrophic microbes 

that consume hexose sugars from starch and sucrose in agricultural crops 

such as wheat, corn, and sugarcane. For example, yeast (Saccharomyces 

cerevisiae) produced 110 billion liters of ethanol biofuel from crops in 

2019 [43]. Criticisms of first generation biomanufacturing include the 

occupation of arable land that could be used for food production, and 

environmental degradation from deforestation [44] and monoculture 

practices [45]. Second generation biomanufacturing attempts to become 

more sustainable by feeding microbes with waste products from 

agriculture and forestry, i.e. lignocellulosic biomass. The diverse mixture 

of sugars available in waste biomass requires specialized microbes and 
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extreme temperature conditions, prompting the employment of 

heterotrophic thermophiles such as Clostridium thermocellum [46]. 

Research into second generation biomanufacturing is an ongoing effort. 

Likewise, third generation biomanufacturing is also under development, 

and this thesis is a contribution to that field of research. Third generation 

biomanufacturing refers to the processing of algal biomass, but also more 

generally to the use of genetically engineered autotrophs to perform 

direct conversion of CO2 to product chemicals [42]. A range of different 

organisms are used to this end. Note that direct conversion of CO2 may 

also be termed the “fourth” generation of biomanufacturing [47], but I 

will refer to it as the third generation here.

The host bacteria that promise a sustainable future

In metabolic engineering, an organism hosting genes encoding a 

biochemical production pathway is termed a host organism. If it is a 

standard reference organism that shows promise of supporting a diverse 

range of production pathways and conditions, it may be termed a 

platform organism. Two promising host organisms for third generation 

biomanufacturing are Synechocystis sp. PCC 6803 (“Synechocystis”), a 

photoautotrophic cyanobacterium [48], and Ralstonia eutropha H16 

(“Ralstonia”), a facultative chemoautotrophic betaproteobacterium [39] 

(Figure 2).

Synechocystis has been developed to produce e.g. ethanol, isobutanol, 

and lactate from CO2 and sunlight [49–51]. The cultures are most 

efficiently suspended in plastic bags, where they carry out their growth 

and target chemical production [52]. One challenge with Synechocystis is 

its slow growth compared to other bacteria, as well as the issues of cells 

shading each other from sunlight in a culture [48]. In this thesis, 

cyanobacteria, and Synechocystis in particular, constitute a reference 

autotrophic metabolic engineering platform. For example, in Paper I, 

Synechocystis metabolism was compared to that of the heterotrophic 

gammaproteobacterium Escherichia coli. In Paper II, Synechocystis 

metabolism was modeled using enzyme kinetics. In Paper III, 

Synechocystis was subjected to CO2 starvation. However, Paper IV was 



26 | EXPLOITING AUTOTROPHIC METABOLISM

dedicated to genetic adaptations in more than 1,000 non-cyanobacterial 

autotrophs, highlighting a vast microbial diversity that remains untapped 

in third generation biomanufacturing.

Ralstonia is one example of a novel biomanufacturing autotroph. 

Ralstonia has primarily been studied for the production of the bioplastic 

polyhydroxybutyrate (PHB), which the cells accumulate during nitrogen 

starvation [53–55]. However, ongoing research aims to establish 

Ralstonia as a platform organism with more general production 

capability [56]. In contrast to cyanobacteria, Ralstonia is capable of 

growing heterotrophically on several substrates, e.g. succinate and 

fructose. More importantly, it is capable of chemoautotrophic growth, 

meaning it obtains energy and reducing power from inorganic hydrogen 

gas that can be mixed into its growth medium. It also tolerates carbon 

monoxide (CO) in moderate amounts [57], meaning it can be grown in 

industrial biomass-derived “syngas,” which is a mixture of CO, CO2, and 

H2 [58]. Ralstonia has another ace up its sleeve, which is growth on 

formate [59]. When growing formatotrophically, Ralstonia strips 

electrons from formate (HCOOH), releasing CO2 that is then fixed in its 

carbon fixation pathway. Formate has better solubility in water than 

hydrogen and carbon monoxide gas, suggesting that formate is a more 

feasible energy delivery molecule [60]. The ability to grow on formate or 

hydrogen gas means that Ralstonia could essentially be solar powered, 

since those molecules may be formed through electrosynthesis from CO2 

and water, or from electrolysis of water, respectively (Figure 2) [10,40]. 

Another alternative is a recently developed formatotrophic E. coli strain 

[61].
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The evolution of autotrophy

In the previous chapter it was established that autotrophic metabolism 

supports all life on planet Earth by creating organic carbon from CO2. The

process of carbon fixation is also of great importance for the 

establishment of a circular carbon economy. This chapter introduces the 

seven known carbon fixation pathways that have evolved during the 

history of life and remain responsible for CO2 fixation in nature to this 

day. Knowledge of these pathways is critical for selecting appropriate 

industrial production strains and for optimizing their growth and product

formation.

Three pathways at the origin of life

The first living cells appeared about four billion years ago [62] in an 

oxygen-free environment [63]. It has been established that the last 

universal common ancestor (LUCA), i.e. the microbe that gave rise to the 

archaeal and bacterial clades about 3.5 billion years ago, was autotrophic 

[64]. The CO2 fixation machinery in the LUCA autotroph was either the 

Wood-Ljungdahl pathway [64], or a combination of the Wood-Ljungdahl 

pathway, the reductive tricarboxylic acid cycle, and the reductive glycine 

pathway [65]. The following sections describe each of these three 

pathways.

Wood-Ljungdahl pathway

The Wood-Ljungdahl pathway has two branches that reduce CO2 to 

methyl-tetrahydrofolate, via formate, and to CO, which are then 

combined into the central carbon metabolism molecule acetyl-CoA as the 

final product [66]. The reduction can be powered by hydrogen, formate or

carbon monoxide. The Wood-Ljungdahl pathway is considered the most 

energy efficient CO2 fixation pathway, using only one ATP per pyruvate 

generated, compared to between two and seven ATP per pyruvate for 

other carbon fixation pathways [67]. Energy preservation using the 

Wood-Ljungdahl pathway can be even more extreme in hydrogenotrophic

acetogens. These acetogens regenerate some of the ATP expended in the 
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methyl-tetrahydrofolate branch by transferring the acetyl-CoA bond 

energy to acetyl-phosphate, which is then dephosphorylated to form one 

ATP [31].

Reductive tricarboxylic acid cycle

The reductive tricarboxylic acid (TCA) cycle can operate using the classic 

TCA cycle enzymes if there are reverse thermodynamic driving forces for 

each reaction [68]. However, a signature enzyme of the reductive TCA 

cycle is the oxygen-sensitive ATP citrate lyase, which specifically catalyzes

the reaction from citrate to oxaloacetate and acetyl-CoA [69]. While the 

classic TCA cycle degrades carbon entering as acetyl-CoA, releasing two 

molecules of CO2 and preserving energy and electrons in ATP and NADH,

the reductive TCA cycle does the opposite, resulting in carbon fixation.

Reductive glycine pathway

The reductive glycine pathway has similarities with the methyl branch of 

the Wood-Ljungdahl pathway, but instead of producing methyl-

tetrahydrofolate, the first CO2 molecule is reduced to 5,10-methylene-

tetrahydrofolate, via formate, directly followed by incorporation of the 

second CO2 molecule by a glycine cleavage/synthase enzyme [70]. Glycine

is then deaminated to acetyl-CoA to support autotrophic growth, or 

hydroxymethylated to serine to support amino acid production.

Three contending pathways arose

As life went on, evolution came up with three similar pathways involving 

three- and four-carbon organic acid intermediates, and can be grouped 

together with the reductive TCA cycle by the common metabolites acetyl-

CoA and succinyl-CoA [67]. The three new pathways are known today as 

the dicarboxylate/4-hydroxybutyrate cycle, the 3-hydroxypropionate/4-

hydroxybutyrate cycle, and the 3-hydroxypropionate bicycle.

Dicarboxylate/4-hydroxybutyrate cycle

The dicarboxylate/4-hydroxybutyrate cycle operates in anaerobic 

hyperthermophilic archaea [71]. The carboxylating enzymes are pyruvate 

synthase and phosphoenolpyruvate carboxylase, which turn CO2 and 
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acetyl-CoA into oxaloacetate. The oxaloacetate is then processed into two 

molecules of acetyl-CoA again via the intermediates succinyl-CoA, 4-

hydroxybutyryl-CoA, and crotonyl-CoA.

3-hydroxypropionate/4-hydroxybutyrate cycle

The 3-hydroxypropionate/4-hydroxybutyrate cycle is another archaeal 

invention [72]. The main carboxylating enzymes are acetyl-CoA 

carboxylase, which generates malonyl-CoA, and propionyl-CoA 

carboxylase, which generates methylmalonyl-CoA. Malonyl-CoA from the 

first carboxylation step is transformed into propionyl-CoA via five 

reactions constituting the first half of the cycle, where one intermediate is

the eponymous 3-hydroxypropionate. Similarly to the previously 

described dicarboxylate/4-hydroxybutyrate cycle, methylmalonyl-CoA is 

processed into two molecules of acetyl-CoA via succinyl-CoA, 4-

hydroxybutyryl-CoA, and crotonyl-CoA.

3-hydroxypropionate bicycle

The 3-hydroxypropionate bicycle is possibly the rarest known carbon 

fixation pathway. It is restricted to anoxygenic phototrophs in the phylum

Chloroflexi [73,74]. As in the 3-hydroxypropionate/4-hydroxybutyrate 

cycle, the 3-hydroxypropionate bicycle begins with the carboxylation of 

acetyl-CoA to malonyl-CoA by acetyl-CoA carboxylase. The pathway is a 

bicycle in that it can be seen as two separate cycles operating in parallel, 

albeit sharing a few enzymes. The two cycles split at the intermediate 

propionyl-CoA, which in the first cycle is transformed to acetyl-CoA and 

glyoxylate via carboxylation to methylmalonyl-CoA and finally splitting of

malyl-CoA. The second cycle then combines glyoxylate and propionyl-

CoA into methylmalyl-CoA, which is transformed to citramalyl-CoA and 

finally split into acetyl-CoA and pyruvate.

While the 3-hydroxypropionate bicycle is a rare oddity among carbon 

fixation pathways, the seventh and final pathway is nothing of the sort. In

the next section, the topic is the dominant so called Calvin cycle.
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The Calvin cycle - A seventh pathway to rule them all?

The Calvin cycle is the most abundant carbon fixation pathway among 

living organisms [67,75], due to its wide distribution through plants and 

algae [76], but also due to a presence in 6-8% of bacterial and archaeal 

genomes [16]. The dominance of the Calvin cycle is affirmed by searching 

the Kyoto Encyclopedia of Genes and Genomes (KEGG; 

https://www.kegg.jp/) for six of the carbon fixation pathways (modules 

M00165, M00173, M00374, M00375, M00376, and M00377; there is no 

module for the reductive glycine pathway). Counting bacterial and 

archaeal genomes with complete carbon fixation pathways in KEGG 

indicates that the Calvin cycle is at least ten times more prevalent than 

any of the other pathways. Consequently, the carboxylating enzyme, 

ribulose-1,5-bisphosphate carboxylase/oxygenase (Rubisco), is the most 

abundant protein on Earth [76]. This section describes the properties and

function of Rubisco, the function of the Calvin cycle, and what aspects of 

it were studied in the papers appended to this thesis.

A triumph of Rubisco and Phosphoribulokinase

The Calvin cycle was the first carbon fixation pathway to be described, 

presented in a publication in 1950 by Bassham, Benson, and Calvin [77]. 

The Calvin cycle is distinguished by the enzymes ribulose-1,5-

bisphosphate carboxylase/oxygenase (Rubisco) and phosphoribulokinase 

(Prk). Ribulose-5-phosphate is phosphorylated with ATP by Prk, 

generating the Rubisco substrate ribulose-1,5-bisphosphate. Rubisco then

carboxylates ribulose-1,5-bisphosphate, yielding two molecules of 3-

phosphoglycerate. The Rubisco and Prk reactions integrate with the 

ubiquitous pentose phosphate pathway and glycolysis through the shared 

metabolites ribulose-5-phosphate, and 3-phosphoglycerate, respectively 

[78]. Thereby the Calvin cycle occupies a prominent position in central 

carbon metabolism.

The Calvin cycle is completed by enzymes that regenerate the Prk 

substrate ribulose-5-phosphate (Figure 3). If the Rubisco pool is 

presented with three ribulose-1,5-bisphosphate molecules, it will fix three

CO2, generating six 3-phosphoglycerate molecules [79]. One 3-

phosphoglycerate molecule may then be funneled towards the TCA cycle, 

https://www.kegg.jp/
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e.g. ending up as the two-carbon building block acetyl-CoA. The extra 3-

phosphoglycerate may also be used to generate an excess of other Calvin 

cycle intermediates, which are used for carbohydrate storage, amino acid 

synthesis, or nucleotide synthesis. The remaining five 3-phosphoglycerate

molecules, each containing three carbon atoms (total of 15 C), are 

transformed and recombined in a complex network of reactions so that 

the end result is three five-carbon molecules (total of 15 C). That is, three 

ribulose-5-phosphate molecules are regenerated, which may then be 

phosphorylated by Prk for another round of carbon fixation by Rubisco. 

As illustrated in Figure 3, the regeneration of ribulose-5-phosphate 

occurs primarily by the action of aldolase, fructose-1,6-bisphosphatase 

(FBPase), sedoheptulose-1,7-bisphosphatase (SBPase), and transketolase.

Note that F/SBPase is bifunctional in some organisms [80], and 

separated into individual enzymes in others [81]. Energy and electrons 

are supplied by ATP and NADPH, in the phosphorylation steps catalyzed 

by Prk and phosphoglycerate kinase, and the reduction step catalyzed by 

glyceraldehyde-3-phosphate dehydrogenase, respectively.

Rubisco may oxygenate ribulose-1,5-bisphosphate, leading to the 

formation of 3-phosphoglycerate and 2-phosphoglycolate. 2-

phosphoglycolate is toxic and must be recycled through the special 

photorespiration pathway, which leads to the release of CO2 and lower 

carbon yield [82]. Mechanisms to avoid oxygenation of the Rubisco 

substrate have evolved to avoid the wasteful photorespiration process. 

For example, carboxysomes are protein compartments that raise CO2 

concentration around Rubisco, thereby favoring the carboxylation 

reaction over oxygenation [83]. CO2 is able to diffuse through plasma 

membranes freely, while bicarbonate (HCO3
-) is not. Therefore, another 

adaptation is carbon concentrating mechanisms that actively pump HCO3
-

into the cell, and carbonic anhydrase that accelerates the conversion from

bicarbonate to CO2 inside the cell [84,85].
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Figure 3: The Calvin cycle yields several central carbon metabolites as it restores 

ribulose-1,5-bisphosphate for another round of Rubisco CO2 fixation. The 

Calvin cycle uses Rubisco to fix nominally three CO2 molecules into three 

ribulose-1,5-bisphosphate molecules, yielding six 3-phosphoglycerate (3PG) 

molecules. One 3PG, equivalent to the three fixed CO2 molecules, is removed 

and funneled towards phosphoenolpyruvate, pyruvate, acetyl-CoA, and 

eventually into the tricarboxylic acid (TCA) cycle. Note that the 3PG molecule 

corresponding to three fixed CO2 may also be used to generate intermediates of 

the Calvin cycle. The remaining five three-carbon sugars are rearranged into 

three five-carbon sugars, i.e. ribulose-5-phosphate, which are phosphorylated 

with ATP by phosphoribulokinase (Prk), and the cycle begins anew. Intermediates

may also be funneled to other biosynthetic pathways. Transaldolase (*) is 

generally of marginal importance [86], but is central to Calvin cycle function in 

some organisms [87]. Abbreviations: 3PG, 3-phosphoglycerate; BPG, 1,3-

bisphosphoglycerate; DHAP, dihydroxyacetone phosphate; E4P, erythrose-4-

phosphate; F6P, fructose-6-phosphate; FBP, fructose-1,6-bisphosphate; FBPase, 

fructose-1,6-bisphosphatase; GAP, glyceraldehyde-3-phosphate; Gapd, 

glyceraldehyde-3-phosphate dehydrogenase; Pgk, phosphoglycerate kinase; 

R5P, ribose-5-phosphate; Rpe, ribulose-phosphate epimerase; Rpi, ribose-5-

phosphate isomerase; Ru5P, ribulose-5-phosphate; RuBP, ribulose-1,5-

bisphosphate; S7P, sedoheptulose-7-phosphate; SBP, sedoheptulose-1,7-

bisphosphate; SBPase, sedoheptulose-1,7-bisphosphatase; TCA, tri-carboxylic 

acid; Tpi, triosephosphate isomerase; Xu5P, xylulose-5-phosphate.
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Rubisco itself has an ancient history, albeit not as ancient as the LUCA.

Rubisco appeared about 2.9 billion years ago [88], before the great 

oxygenation event set in motion by oxygenic photoautotrophic 

cyanobacteria [89]. Before the appearance of modern Rubisco, the 

ancestral Rubisco-like enzymes were involved in recycling methionine 

breakdown products [90]. The methionine salvage function remains to 

this day in the so-called Rubisco-like proteins, also known as form IV 

[91,92]. Rubisco-like proteins lack a critical active site lysine residue and 

are therefore incapable of CO2 fixation [93]. The other Rubisco forms are 

however capable of CO2 fixation [92,94,95]: The “green type” form IA and

IB Rubiscos are found in cyanobacteria and other bacteria, and in 

cyanobacteria, eukaryotic algae, and higher plants, respectively. The “red 

type” form IC and ID Rubiscos are associated with Proteobacteria and 

non-green algae, respectively. Form II is associated with Proteobacteria, 

archaea, and dinoflagellates. While forms I and II operate in Calvin cycle 

carbon fixation, form III is instead involved in archaeal nucleoside 

metabolism.

It is interesting that the Calvin cycle is the most successful carbon 

fixation pathway, yet it is also the stoichiometrically least energy efficient,

requiring 7 ATP to produce one molecule of pyruvate [67]. Furthermore, 

it utilizes a generally slow carbon fixation enzyme that has been the 

subject of many enzyme engineering attempts yielding little improvement

[96]. One merit is that all the Calvin cycle enzymes tolerate oxygen, in 

contrast with e.g. the Wood-Ljungdahl pathway enzymes [66], and ATP 

citrate lyase from the reductive TCA cycle [69]. Another merit is that a 

subset of the reactions can be reversed to act as an oxidative pentose 

phosphate pathway. Conversely, the pentose phosphate pathway, present 

in most microbes for nucleotide synthesis and breakdown, may offer 

drop-in compatibility with Prk and Rubisco. This compatibility with Prk 

and Rubisco was shown in engineered E. coli that obtains all biomass 

carbon from CO2 by gaining Calvin cycle functionality [61,97,98]. 

Similarly, the methanol assimilation xylulose-monophosphate pathway 

was recently converted into a functional Calvin cycle in the yeast Pichia 

pastoris [99]. Another benefit is that substrates for the TCA cycle, 
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carbohydrate storage (sucrose, starch, and glycogen), aromatic amino 

acid synthesis, and nucleotide synthesis can all be tapped from 

intermediates of the Calvin cycle (Figure 3).

As described above, the Calvin cycle is a complex reaction network. 

This network needs to run smoothly to enable continuous carbon fixation 

by Rubisco. In other words, the Calvin cycle enables steady state growth. 

At the same time, the Calvin cycle must adapt to changes in metabolite 

concentrations that arise from removing intermediates towards various 

anabolic processes, e.g. nucleotide and amino acid synthesis. The Calvin 

cycle must also adapt to changes in energy and CO2 availability brought 

on by changes in the extracellular environment. Finally, the metabolic 

network and energy metabolism of the entire organism must work in 

unison with the Calvin cycle. It is clear that understanding how the Calvin

cycle works inside microbial cells is not trivial, and therefore requires 

extensive research. The constraints and adaptations associated with 

autotrophic metabolism based on the Calvin cycle is the main topic of this

thesis. In the next section, I will introduce the Calvin cycle investigations 

described by the four papers underlying this thesis.

Exploring adaptations, control, halting, and expansion

The research presented in this thesis explored the biology of organisms 

utilizing the Calvin cycle for an autotrophic lifestyle. Specifically, this 

exploration focused on genetic adaptations associated with the Calvin 

cycle, how its operation is controlled, what happens when CO2 is removed

and the Calvin cycle stops working, and how foreign biosynthetic 

pathways fit a metabolic network based on the Calvin cycle. The following

paragraphs describes these aspects and why they are interesting.

The Calvin cycle was at some point acquired into the genomes of the 

ancestors of most autotrophs found in nature today, most likely through 

horizontal gene transfer events [100–103]. It follows that those ancestral 

genomes had to adapt to the presence of the novel metabolic pathway. It 

may also have been necessary for those genomes to contain a certain 

genetic repertoire that made it possible to integrate the Calvin cycle into 

their metabolism. The research in Paper IV explored what organisms 

contain the Calvin cycle, and then established what genes were selected 
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for to enable successful integration of the Calvin cycle. The discovery of 

these adaptations relied on comparison to closely related genomes 

without the Calvin cycle. The findings shed light on the evolution of the 

Calvin cycle, but may also inspire metabolic engineers aiming to improve 

Calvin cycle carbon fixation rates to try new routes already explored by 

nature.

A Calvin cycle that is established in an autotrophic organism is a finely 

tuned machine, for example through balanced reaction rates and 

regulatory mechanisms [79,98]. The properties of a metabolic network 

are determined by enzyme kinetic parameters and substrate affinities, as 

well as allosteric regulation by key metabolites on key enzymes. In order 

to understand these aspects of the Calvin cycle, the research in Paper II 

carried out kinetic modeling of the Calvin cycle in Synechocystis, with 

randomly sampled enzyme parameters and metabolite concentrations. 

Thereby controlling steps and stable metabolomes were identified, which 

may help guide future engineering projects focusing on improving Calvin 

cycle carbon fixation rates and autotrophic growth.

Industrial settings often involve supplying highly concentrated CO2 to 

improve carbon fixation [48,52,104]. If this supply is intermittent, or if 

natural CO2 concentrations drop locally due to high biological carbon 

fixation activity, the organism operating the Calvin cycle will be starved of

CO2. Thereby the Calvin cycle grinds to a halt, prompting the organism to 

conserve carbon and enter a dormant state, or switch to a different mode 

of growth if other substrates are available. The research in Paper III 

investigated how gene expression and translation changes when the 

Calvin cycle autotroph Synechocystis is starved of CO2.

An efficient biomanufacturing platform strain needs to be paired with 

efficient production pathways that perform the biosynthesis of the 

desired target chemicals. The research in Paper I created thousands of 

possible biosynthesis pathways to dozens of economically relevant target 

chemicals, and then integrated these pathways with the platform 

metabolism. In this case, the photoautotroph Synechocystis was 

contrasted with the heterotroph E. coli, and a thermodynamic analysis 

algorithm was used to determine whether the novel pathways would be 
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compatible with growth of the platform organism. Benefits and 

drawbacks of introducing novel pathways to expand a metabolism 

centered on the Calvin cycle were thereby identified.

The four papers all relied heavily on computational analyses of large 

datasets and models. The next chapter goes into detail of how autotrophic

metabolism in general, and the Calvin cycle in particular, may be 

analyzed using the computer.
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Computer analysis of autotrophic metabolism

Modern high throughput DNA sequencing and mass spectrometry 

technology has enabled detailed analysis of genes, gene expression, and 

intracellular metabolite concentrations at gigabyte and terabyte scales 

[105]. These massive datasets require extensive computational power and

efficient algorithms to draw biological conclusions. Computational 

biology and bioinformatics represent the development and 

implementation of such algorithms. The accumulation of biological data 

in public databases also presents the opportunity to perform fully 

computational studies. Research on autotrophic metabolism is no 

exception, with much effort being put into modeling and analysis of gene 

expression patterns. This chapter introduces the basic methodological 

principles underlying the computational analyses that are presented in 

this thesis. Furthermore, this chapter describes the software tools that 

were developed in each project.

Basic principles

There are several basic methodological principles that support 

computational analysis of autotrophic metabolism systems biology data. 

This section introduces the most relevant principles.

Thermodynamics

Thermodynamics is the most fundamental constraint for living 

organisms. Every action in the universe must increase disorder, i.e. 

entropy. When organisms assemble cellular structure, the local order is 

increased. Since the total order must decrease, living organisms have to 

release energy and drive the universe a tiny amount towards entropy 

[106]. Most importantly to metabolic modeling, thermodynamics dictate 

that every chemical reaction must release energy in order to proceed in 

the forward direction.
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The energy released as heat in a biochemical reaction is given by the 

Gibbs free energy change equation adjusted for the intracellular ionic 

strength (Equation 1) [107]:

(1)

where ΔrG' is the Gibbs free energy change for the reaction, ΔrG°' is the 

sum of the standard Gibbs free energy change ΔfG°' at the intracellular 

ionic strength for each product metabolite minus that of the reactants, R 

is the universal gas constant (8.31·10-3 kJ mol-1 K-1), T is the absolute 

temperature, and Qr is the concentration quotient of products and 

reactants, which approximates the ratio of activities. Thereby the amount 

of free energy released by a reaction is dependent of the chemical bond 

energy of reactants and products [108], as well as their relative 

concentrations. A negative change in free energy means that the reaction 

proceeds in the forward direction. If it is zero, the reaction is at 

equilibrium, and there is no net reaction direction, as both forward and 

reverse directions are balanced. If it is positive, the reaction proceeds in 

the reverse direction. In some contexts, the term “thermodynamic driving

force” is used, which is the negative of the Gibbs free energy change, to 

emphasize the importance of the forward direction.

The Gibbs free energy change of a reaction is related to the ratio of 

forward rate, also called flux, to backward flux, i.e. the more negative the 

ΔrG' is, the higher the ratio becomes. This ratio was used by Noor and 

colleagues to define the “flux-force efficacy,” which measures the net 

forward flux in relation to the total flux [109]. This is important, because 

a high thermodynamic driving force, i.e. a highly negative ΔrG', ensures 

that the enzyme units that catalyze a certain reaction are not wasted on 

catalyzing reverse flux. Thereby there is a trade-off between energy lost to

enzyme (protein) synthesis and to heat in high driving force reactions. 

Furthermore, if the enzyme is present in low concentration, post-

translational regulation becomes much more efficient and such reactions 

may be control points in metabolism. The flux-force efficacy reaches 

99.9% at ΔrG' = -13.1 kJ mol-1 [13], which may be used as a rule-of-thumb 

for the point at which a reaction becomes practically entirely forward 

acting. A reaction is irreversible if the ΔrG' is always negative for all 

biologically observed metabolite concentrations.

ΔrG ' = ΔrG° ' + RT ⋅ lnQr
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Thermodynamics of biochemical reactions has been used to determine 

feasible metabolite concentration and ΔrG' ranges in cells [110], the 

maximum-minimum driving force for sequences of metabolic reactions 

(pathways) [109], and to constrain flux analyses to the forward direction 

of reactions [111], through clever linear programming optimization 

techniques. The next section explains different techniques used to model 

and calculate metabolite fluxes inside cells.

Flux analyses

Metabolism is often modeled as a stoichiometric matrix, with reactions 

embodied as columns and metabolites as rows [112]. Each cell in the 

matrix states how many of each metabolite is produced or consumed by 

each reaction. The stoichiometric matrix is suitable for various 

optimization problems. If using every possible reaction based on 

annotated enzymes encoded by a genome, the model is considered to be 

genome scale. These models typically contain a few hundred to a few 

thousand reactions and metabolites [113].

The flux of every reaction of metabolism is collectively termed the flux 

distribution. In vivo flux distributions are obtained through isotope 

labeling, mass spectrometry, and metabolic flux analysis (MFA), in which 

measurements of isotope labeling ratios in different amino acids are used 

to calculate and map fluxes to the entire metabolic network [114,115]. 

Purely computational, or in silico, flux analyses may be constrained by 

the real flux values obtained through MFA experiments.

Flux balance analysis (FBA) is the most common in silico method for 

calculation of flux distributions [116]. It assumes that steady state growth 

of an organism results in a sum of fluxes that is equal to zero, i.e. all that 

goes in must come out. An objective function is specified, which might be 

accumulation of biomass, production of a target chemical, or rate of ATP 

production. The objective function is then optimized through linear 

programming. Another assumption of FBA is that fluxes have been 

optimized analogously through evolution in nature [117]. Therefore FBA 

provides a relevant model of metabolism. However, a limitation is that 

only a single solution is obtained, although many other solutions might 
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exist that lead to the same optimum. Flux variability analysis (FVA) 

attempts to overcome the limitation by estimating flux ranges that lead to

the same optimum [118].

Although FVA provides some information about the possible fluxes at 

optimal operation of metabolism, it does not attempt to enumerate all 

possibilities. Elementary flux mode (EFM) analysis does enumerate all 

unique ways that fluxes may cooperate to enable growth [119]. EFM 

analysis is less popular than FBA because of the massive amounts of data 

generated (millions of EFMs) and the time it takes to compute the EFMs 

(hours) compared to a single FBA solution (seconds).

Pathway enumeration

A biochemical pathway is a series of reactions that transform substrate 

molecules to an end product. When modeling metabolism, it is necessary 

to include pathways towards all necessary components of a living cell. It 

is also often necessary to include a pathway to a target compound. 

Pathway enumeration is a technique that suggests such pathways based 

on known or plausible biochemical reactions [120,121]. These 

biochemical reactions may be generated through a reaction rule 

algorithm [122], or may be already described in biological databases such 

as Biocyc (https://biocyc.org/) or KEGG (https://www.kegg.jp/). A 

simple example is a database consisting of the four reactions A  B, B  ⇌ ⇌

C, B  D, and C  D. If the pathway enumeration algorithm is tasked ⇌ ⇌

with finding all pathways from A to D, it will find the pathways A  B  D→ →

and A  B  C  D. The number of possible pathways increases → → →

uncontrollably with the number of reactions in the database. Therefore it 

is necessary to limit the number of origin compounds, which are typically 

part of metabolism, and also to limit the number of reaction steps.

Kinetic modeling

Kinetic modeling is the most accurate form of metabolic modeling 

currently available [123,124]. The model calculates the rates of each 

reaction depending on metabolite concentrations and enzyme kinetic 

parameters (Vmax and Km). However, the model is demanding to set up, 

because each reaction has its own kinetic rate equation, the form of which

https://www.kegg.jp/
https://biocyc.org/
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may vary depending on each enzyme and variations in allosteric 

regulation. Furthermore, kinetic modeling is limited by low availability of 

kinetic parameters and metabolite concentration measurements. 

Therefore it is necessary to apply computationally intensive sampling 

techniques to estimate kinetic parameters and metabolite concentrations 

[125].

Sequencing

Nucleotide sequencing is the most popular and straightforward way to 

count genes or measure gene expression (mRNA) with full coverage in 

biological samples from a very wide range of experiments. The data ends 

up in massive text files with reads and quality information (FASTQ files). 

These data must be filtered and analyzed using command line tools, 

prompting the development of a plethora of pipelines for different 

analyses such as RNA sequencing [2], random barcoded transposon 

insertion sequencing [126], and random barcoded overexpression 

libraries [127]. Sequencing and the associated computational analysis is 

an integral part of systems biology for metabolic engineering.

Annotation

Nucleotide sequences may not indicate the required type of information 

by themselves. Therefore it is necessary to apply annotation techniques 

that label genetic material and associates it with function and meaning. 

For example, barcodes in a random barcoded transposon insertion 

experiment must be mapped to the insertion sites in a genome by 

analyzing the associated genomic DNA sequence [126]. Another example 

is the designation of Pfam protein domains by hidden markov model 

(HMM) searches [128], and the designation of enzyme commission (EC) 

numbers through a deep learning neural network model [129]. These 

labels are then used in statistical analyses that compare groups of genes 

or samples from different environmental conditions.

Statistical analyses

Statistical analyses are employed to determine what patterns in data can 

be attributed to true differences or trends rather than random differences 

originating in measurement errors and natural biological variation 
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between equivalent samples. Statistical analyses typically provide p-

values, correlation r values, or predictions. For example, one might want 

to determine what genes are up- or down-regulated in a specific 

condition, for which a differential expression analysis such as DESeq2 

[130], based on the negative binomial distribution, can be used. Principal 

component analysis (PCA) can be used to expose the most prominent 

patterns in data by placing the majority of the information in a few, most 

important dimensions. Machine learning represents a growing aspect of 

computational biology, where predictions are made after training on 

known data examples [4].

A range of statistical analyses for different purposes are available in the

R and Python programming environments. These enabled the research 

presented in this thesis. The reader is referred to the method sections of 

Papers I-IV for detailed information on some statistical methods that 

can be used in metabolic engineering and systems biology.

Software tools

Software tools and code developed for a project should be shared as open 

source repositories on websites such as Github (https://github.com/) or 

Gitlab (https://about.gitlab.com/). The purpose of code sharing is that 

the computational research becomes more transparent, reproducible, and

expandable by other researchers, in line with the open science trend [131].

Additionally, the version control system, i.e. Git, stores a history of edits 

to the code so that previous versions can be accessed if necessary.

This section describes four pieces of software that were developed to 

perform the analyses in the projects presented in this thesis.

POPPY: Pathway enumeration

POPPY is short for Prospecting Optimal Pathways with PYthon and is 

available at https://github.com/Asplund-Samuelsson/POPPY. POPPY is 

a pathway enumeration algorithm that combines biochemical reactions 

from the KEGG and MINE [132] databases in order to suggest pathways 

from endogenous host organism metabolites to a target compound of 

interest. I developed POPPY to determine the expansion potential of 

autotrophic genomes compared to heterotrophic genomes in Paper I. 

https://github.com/Asplund-Samuelsson/POPPY
https://about.gitlab.com/
https://github.com/
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Special features includes the combination of known (KEGG) reactions 

and plausible but unconfirmed (MINE) biochemical reactions, the 

guaranteed ability of host metabolism to supply all reactants (based on a 

list of host metabolites), and the ability to enumerate pathways that are 

branched. Most importantly, the pathways are ensured to be 

thermodynamically feasible, i.e. have a positive thermodynamic driving 

force, under conditions in which all host metabolism reactions are also 

feasible in the directions that support growth. The thermodynamic 

analysis is a modification of maximum-minimum driving force (MDF) 

analysis [109], which took inspiration from network embedded 

thermodynamic (NET) analysis [110].

K1: Kinetic model of the Calvin cycle

“K1” is short for Kinetic model version 1 and is available at 

https://github.com/MJanasch/CBB_Kinetics. This repository contains 

the kinetic model of the Synechocystis Calvin cycle and associated code to

analyze it, representing the basis for Paper II. Unlike the other 

repositories, which were written in Python, R, and Bash, K1 was mostly 

written in Matlab, because that is the preferred language of Markus 

Janasch, the main developer. Interesting features of K1 include random 

sampling of enzyme kinetic parameters as well as thermodynamically 

feasible metabolite concentrations. Thermodynamically feasible means 

that the ΔrG' is always negative in the reaction directions determined by 

FBA. Metabolite concentration sampling allowed the comparison of 

metabolite ranges under stable steady state growth versus unstable 

situations, where one or more metabolites tended to accumulate or 

become depleted according to the model.

RiboPipe: Ribosome profiling and RNA-seq analysis

RiboPipe is short for Ribosome profiling Pipeline and is available at 

https://github.com/Asplund-Samuelsson/ribopipe. Ribosome profiling is

an experimental technique that measures translation activity through 

isolation and sequencing of mRNA fragments attached to actively 

translating ribosomes [133]. This particular pipeline for analysis of 

ribosome profiling and RNA sequencing (RNA-seq) data is based on 

Python scripts developed by Becker and colleagues [134]. The basic 

https://github.com/Asplund-Samuelsson/ribopipe
https://github.com/MJanasch/CBB_Kinetics
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function is to map the reads to the genome and establish abundance 

(“counts”) for each gene that is being translated. RiboPipe improves and 

automates the workflow, e.g. by gathering all steps into one script and 

adding quality-of-life features such as PCA and proper treatment of genes

crossing the origin of replication in circular DNA molecules. I developed 

RiboPipe for Paper III in collaboration with Jan Karlsen, and it includes 

scripts for generating most figures for that paper, but has found use for 

analysis of RNA-seq data also in other projects [135].

RedMAGPIE: Adaptations to the Calvin cycle

RedMAGPIE is short for Reductive pentose phosphate pathway Machine-

Assisted Genomic Pattern Identification and Evaluation and is available 

at https://github.com/Asplund-Samuelsson/redmagpie. The purpose of 

RedMAGPIE was to contrast microbial genomes with the Calvin cycle 

(also known as the reductive pentose phosphate pathway) to their closest 

relatives without the Calvin cycle. This was accomplished by 

identification of genomes containing Rubisco and Prk, classified as Calvin

cycle-positive, identification of closest relatives through phylogenetic 

distance, annotation of genes with Pfam and EC numbers, and statistical 

analyses contrasting the gene copy numbers between the two groups. 

First, an enrichment analysis based on the Wilcoxon rank sum test found 

genes that were enriched or depleted in genomes with the Calvin cycle. 

Second, an ancestral character estimation analysis determined gene copy 

numbers in ancestral genomes, allowing correlation between the 

emergence of the Calvin cycle and increase or decrease in abundance of 

other genes. Third, a random forest machine learning algorithm ranked 

genes according to importance in the task of classifying genomes as 

Calvin cycle-positive. Finally, gene rankings were weighed together to 

provide a final ranking of the most important genetic adaptations to the 

Calvin cycle in microbial genomes. RedMAGPIE generated all data and 

most figures presented in Paper IV. However, RedMAGPIE is not a 

standalone software suite since it is fully tailored to the specific task of 

finding adaptations to the Calvin cycle. Nevertheless, a few modifications 

would enable RedMAGPIE to become a general purpose algorithm for 

finding differences between two groups of genomes.

https://github.com/Asplund-Samuelsson/redmagpie
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Present investigation: Mapping autotroph potential

The aim of the present investigation was to identify adaptations and 

constraints associated with autotrophic metabolism. Computational 

methods were used to probe a wide range of metabolic and genetic 

properties. The findings make up a metaphorical digital map of 

autotrophic metabolism and its potential for industrial utilization and 

optimization (Figure 4).

This chapter describes how the mapping of autotroph potential was 

performed in five conceptual stages. First, metabolomics and 

thermodynamics data were investigated to determine metabolite 

concentration ranges, which underpin subsequent analyses, but also 

highlight constrained metabolic states that may interfere with production 

pathway implementation. Second, kinetic modeling was used to identify 

stable steady state metabolomes and flux control coefficients, leading to 

the identification of potential targets for improving Calvin cycle carbon 

fixation rates. Third, translation activity was measured with ribosome 

profiling to determine gene expression response to CO2 starvation over a 

24 hour time period. Fourth, comparative genomics identified genetic 

adaptations gained over millions of years in response to acquisition of 

CO2 consumption capacity enabled by Rubisco and Prk. By examining 

adaptations to the acquisition of Rubisco and Prk, it was possible to 

outline features typical of a Calvin cycle capable organism. Finally, 

autotrophic metabolism was contrasted with heterotrophic metabolism 

through differences in capacity for supporting engineered novel 

biosynthetic pathways.

As discussed in the previous chapter, biochemical reaction 

thermodynamics fundamentally constrain metabolism, and 

thermodynamic driving forces are determined by chemical bonds and 

metabolite concentrations. In the next section, the mapping of autotroph 

potential begins by contrasting metabolite concentrations in the Calvin 

cycle autotroph Synechocystis and the heterotroph E. coli.
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Figure 4: A digital map of autotrophy highlights constraints and opportunities in 

promising metabolic engineering host organisms. The four papers in this 

thesis describe a metaphorical map of the biotechnological potential of 

autotrophs. The map is composed of computed metabolite concentration ranges 

(Paper I), flux control coefficients and stability of metabolomes as calculated by 

kinetic modeling (Paper II), change in translation during CO2 starvation (Paper III),

ranking of genetic adaptations evolved in response to acquisition of the Calvin 

cycle constituting an autotroph “recipe” (Paper IV), and feasibility of novel artificial

pathways that produce interesting target compounds (Paper I). Note that the data 

depicted in this figure are only for illustration purposes.
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Metabolite levels differ between autotrophs and heterotrophs

Part one of Paper I compared metabolite concentration ranges in the 

biomanufacturing host organisms Synechocystis, a photoautotroph, and 

E. coli, a heterotroph. This section explains how those metabolite levels 

were obtained and what their implications are.

Collection of metabolomics data

In order to perform thermodynamics-based analyses on metabolism, one 

must obtain concentrations for a wide range of intracellular metabolites. 

Metabolism-wide calculation of Gibbs free energy changes and reaction 

feasibility requires absolute metabolite concentrations (Equation 1), but

metabolomics studies often report only relative abundances, since it is 

cheaper and easier to produce those data. Collection of published 

absolute metabolite concentrations to enable the modeling efforts in this 

thesis was therefore a significant effort.

The model bacterium E. coli is well studied both genetically and 

metabolically. Conveniently, absolute metabolite concentrations are 

readily available from the database ECMDB (https://ecmdb.ca/) 

[136,137]. The model cyanobacterium Synechocystis is less studied than 

E. coli, and thereby only a handful of metabolomics studies existed at the 

time these analyses were conducted [138–141]. Nevertheless, the 

supplementary data of a few studies were consulted, resulting in coverage

of central carbon metabolism also in Synechocystis.

In order to determine thermodynamically sound concentration ranges, 

even for unmeasured metabolites, concentrations for all metabolites with 

at least three observations were used to calculate means and standard 

deviations. The upper and lower bound for concentrations were then set 

to the mean plus/minus two standard deviations. Equilibrator 

(http://equilibrator.weizmann.ac.il/) was used to obtain standard Gibbs 

free energy changes for metabolites [142]. These metabolite 

concentration bounds and ΔfG°' values were fed into the anNET Matlab 

program [143]. The anNET tool uses a linear programming optimization 

problem solver to calculate the maximum and minimum concentration of 

each metabolite as well as the maximum and minimum Gibbs free energy 

http://equilibrator.weizmann.ac.il/
https://ecmdb.ca/
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change of each reaction, while keeping the thermodynamic driving force 

above zero for all other reactions in the network. A pre-determined set of 

directions for each reaction were taken from MFA of Synechocystis and 

E. coli [115,144,145]. The maxima and minima define ranges for 

metabolite concentrations and thermodynamic driving forces. Note that a

recent re-analysis of fluxomics data in Synechocystis [146] implied 

differences compared to the earlier data that was used in Paper I, e.g. 

flux through transaldolase rather than FBPase. These differences in flux 

directions could have an effect on the metabolite concentration ranges if 

the anNET analysis would be performed again.

Implications of metabolite concentration ranges

The concentration ranges were different between Synechocystis and 

E. coli for several central carbon metabolism metabolites (Figure 5). The

most prominent differences were in Calvin cycle-related metabolites, in 

the TCA cycle, and in lysine biosynthesis.

The Calvin cycle requires fluxes that are reversed relative to many 

reactions in glycolysis and the oxidative pentose phosphate pathway, 

which are active in heterotrophic growth on e.g. glucose. Glyceraldehyde-

3-phosphate, fructose-6-phosphate, and erythrose-4-phosphate were 

determined to occupy a higher concentration range in Synechocystis than

in E. coli. Ribulose-5-phosphate instead displayed lower concentrations 

in Synechocystis. The photorespiratory intermediates glycolate, 

glyoxylate, and tartronate semialdehyde were all constrained in 

Synechocystis, but not in E. coli. These constraints may affect the 

thermodynamic driving forces of pathways that require any of the 

aforementioned metabolites as intermediates.
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Figure 5: Metabolite concentrations are constrained differently in the photoautotroph 

Synechocystis and in the heterotroph E. coli. Lighter shading indicates initial 

ranges from literature, while the darker shading indicates the concentration 

ranges from NET analysis. Arrowheads point to fixed concentrations. 

Abbreviations: 2,3,4,5-THDP, 2,3,4,5−Tetrahydrodipicolinate; LL-2,6-DAHD, 

LL−2,6−Diaminoheptanedioate; TARS, tartronate semialdehyde. 

The TCA “cycle” in cyanobacteria such as Synechocystis is different 

from the canonical variant [147] and appears “forked” in fluxomics data 

[144,145]. This means that flux proceeds towards 2-oxoglutarate via 

aconitase and isocitrate dehydrogenase at the same time as flux proceeds 

towards malate via malate dehydrogenase, with little flux between 2-

oxoglutarate and fumarate. A result of this difference from E. coli, which 

carries out oxidative phosphorylation fueled by a fully operational TCA 

cycle, was that TCA cycle intermediates were less constrained in 

Synechocystis. Succinyl-CoA, succinate, fumarate, malate, and 

oxaloacetate may all occupy a wider range of concentration without 

upsetting the thermodynamic balance in Synechocystis compared to 

E. coli. This implies that Synechocystis can supply higher thermodynamic

driving forces to engineered pathways using TCA cycle intermediates as 
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the carbon source. On the other hand, metabolites of the aconitase 

reaction, i.e. citrate, cis-aconitate, and isocitrate, displayed fixed 

concentrations in Synechocystis. These fixed concentrations were 

attributed to too narrow ranges obtained from literature, which could 

indicate measurement errors in the original studies.

One intriguing finding was the constraints imposed on metabolism by 

the unique lysine biosynthesis pathway in Synechocystis. It differs from 

E. coli in that it skips two reaction steps by using the enzyme LL-

diaminopimelate aminotransferase [148,149]. The thermodynamics of 

that reaction constrained the 2-oxoglutarate concentration to below 

3.3 µM in Synechocystis, and also imposed strict constraints on other 

metabolites involved in the reaction (Figure 5). It has been shown that 

Synechocystis uses a low 2-oxoglutarate concentration to be able to sense 

nitrogen starvation, which is indicated by elevated 2-oxoglutarate levels 

[150,151]. Furthermore, supplying artificially high 2-oxoglutarate 

concentration hampers growth in Synechococcus [152], while a non-

metabolizable analogue induced nitrogen starvation response in 

Anabaena, but no growth deficiency [153]. Neither is E. coli growth 

affected by high 2-oxoglutarate levels (20 mM) if the cells have a glucose 

uptake transporter that is not allosterically regulated by 2-oxoglutarate 

[154]. The relatively high lysine uptake rate in Synechococystis [155] may 

indicate a preference to obtain this amino acid from the environment 

rather than relying too heavily on the potentially sensitive endogenous 

pathway. Another observation supporting the hypothesis of low 2-

oxoglutarate concentration in Synechocystis is the glutamate synthase 

reaction, which uses reduced ferredoxin instead of NAD(P)H, presumably

meeting the increased driving force demand. The low 2-oxoglutarate 

concentration in Synechocystis may affect engineered biosynthetic 

pathways if they involve this metabolite or other metabolites taking part 

in related reactions.

In addition to determining metabolite concentration ranges, the NET 

analysis also provided driving force ranges. The original NET analysis 

hypothesized that reactions operating far from equilibrium, i.e. with a 

high thermodynamic driving force, indicate a low enzymatic activity, 

through low enzyme abundance or subdued kinetics. Such reactions are 

therefore better targets for genetic and post-translational regulation 
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[110]. Furthermore, since there is not much backward flux to occupy 

enzyme units, a high thermodynamic driving force is compatible with a 

low enzyme concentration [109], which presumably would allow quicker 

modification of the entire enzyme pool. By considering an absolute 

driving force that never falls below 13.1 kJ mol-1 to be far from 

equilibrium, it appeared that twenty reactions were different between 

Synechocystis and E. coli. One such difference was isocitrate 

dehydrogenase, which operated down to just above zero driving force in 

E. coli, while releasing >13.1 kJ mol-1 in Synechocystis. Another 

difference was NAD kinase, which phosphorylates NAD to NADP and 

may therefore be used to balance the two reduction currencies. This 

enzyme may, in contrast to E. coli, operate in both directions in 

Synechocystis, which may have an impact on engineering strategies 

aiming to use NAD kinase.

The NET analysis could have been further constrained by more 

detailed metabolomics data. Another limitation is that upper and lower 

concentration bounds may be very rare, considering that all other 

concentrations need to facilitate those extremes. More realistically, the 

range can be represented by a probability distribution shaped by the 

interplay between possible concentrations and thermodynamic 

constraints arising from reaction directions and ΔrG°' values. These ideas 

paved the ground for the metabolite concentration sampling in the kinetic

modeling project (Paper II), which will be discussed in the next section.
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Kinetic analysis of the Calvin cycle to reveal constraints

Kinetic models predict fluxes based on rate equations for each enzyme in 

the metabolic network, and are the most powerful metabolic prediction 

tools available [123]. In Paper II, Markus Janasch made a kinetic model 

for Synechocystis carbon fixation using the Calvin cycle, and I assisted 

with the data analysis. The model consisted of 29 reactions, 36 

metabolites, and 149 kinetic parameters. It was classified as an ensemble 

model [156], having multiple fitted parameter sets derived from random 

sampling of enzyme kinetic parameters (Vmax, Km, Ki, and Ka) and 

metabolite concentrations. First, 3,135 thermodynamically feasible 

metabolite concentration sets were obtained from within the ranges 

determined in Paper I (see previous section). Then 1,000 kinetic 

parameter sets were obtained for each metabolite concentration set. This 

enabled a probabilistic analysis of Calvin cycle stability, meaning its 

ability to return to a steady state following an infinitesimal perturbation 

of the metabolite concentrations. Unstable parameter sets are infeasible 

in nature, because the system would then accumulate or deplete essential 

metabolites [157].

Metabolomes that allow stable growth

The metabolite sampling resulted in distributions of concentrations. 

While these distributions occupied the entire thermodynamically feasible 

range (Figure 5), the shape of the distribution was rarely even (Figure 

6A). For example, ribulose-5-phosphate had a peak in the lower end of its

8 to 70 µM range. This illustrates how random sampling of metabolite 

concentrations gives a more detailed picture compared to ranges from 

NET analysis.

The data supported that the Calvin cycle is intrinsically stable. Within 

each metabolite concentration set, the median fraction stable parameter 

sets was 66.8%, ranging from 24.6% to 92.9%. This confirmed previous 

results from chloroplasts [158].

Some metabolite concentration sets were more likely to allow stable 

Calvin cycle operation (Figure 6A). For example, comparably lower 

concentration of fructose-6-phosphate, sedoheptulose-7-phosphate, and 
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ribulose-1,5-bisphosphate promoted stability. The most striking result 

was that a high ribulose-1,5-bisphosphate concentration (>1 mM) was 

clearly associated with an unstable Calvin cycle. There are some reports of

ribulose-1,5-bisphosphate toxicity, e.g. causing an imbalance between Prk

and Rubisco in Rhodospirillum rubrum [159], or a potential cause for 

failure to overexpress Prk in cyanobacteria [160]. The potential for 

instability suggests that metabolic engineering efforts that may cause 

high ribulose-1,5-bisphosphate concentration, e.g. Prk overexpression, 

have to be considered carefully.

Further, the dataset allowed for investigation of connections between 

saturation states and stability. Saturation is the substrate concentration 

divided by Km for forward and reverse directions. The Michaelis-Menten 

rate law dictates that low saturation, i.e. a point far from Vmax on the 

saturation curve, where the slope is steeper, implies a high sensitivity of 

the reaction rate to changes in substrate concentration. Vice versa, high 

saturation, i.e. a point close to Vmax on the saturation curve, where the 

slope is shallower, implies a low sensitivity to substrate concentration. It 

was apparent from the data that central reactions in the Calvin cycle 

promote stability when their substrate saturation is low and product 

saturation is high (Figure 6B). For example, concentrations of fructose-

6-phosphate and sedoheptulose-7-phosphate below the Km (saturation < 

1) of transketolase were more likely to be stable. The same pattern was 

observed for aldolase, fructose-bisphosphate aldolase, Rubisco, and 

F/SBPase. The conclusion from these observations is that the Calvin cycle

contains a buffering system similar to that observed in E. coli metabolism

[161]. The high sensitivity to substrate concentrations and low sensitivity 

to product concentrations means that accumulation of substrate can be 

countered by increased reaction rates, while accumulation of product 

from the increased reaction rates causes negligible increase in 

detrimental backwards flux.



54 | PRESENT INVESTIGATION: MAPPING AUTOTROPH POTENTIAL

Figure 6: Kinetic modeling reveals stable metabolite concentrations and enzyme 

saturation levels, and quantifies Calvin cycle flux control. Different 

metabolite concentration distributions are associated with stable or unstable 

operation of the Calvin cycle (A). In (A), “Stable” and “Unstable” (*) refer to the top

and bottom decile of sampled metabolite concentration sets ranked by their 

fraction stable sampled kinetic parameter sets. Pink triangles indicate values from

literature. Concentration densities are displayed on an arbitrary y-axis scale. 

Enzyme saturation level was also associated with stable and unstable operation 

of the Calvin cycle (B). In (B), “Stable” and “Unstable” (*) refer to saturation 

values from kinetic parameter sets determined to allow or not allow a stable 

steady state. F/SBPase is one enzyme catalyzing two reactions, and the same is 

true for Ald/Fba. The saturation level is plotted for the metabolite in bold, but it is 

representative for the other metabolites (†), which show nearly identical shapes. 

Saturation densities are displayed on an arbitrary y-axis scale. Finally, “Effector” 

reactions exercise flux control on “Target” reactions (C). Flux control coefficients 

(FCC) are displayed on a color scale, with median absolute deviation (MAD) 

displayed as transparency, revealing a cross under each heatmap tile. 

Transketolase (Tkt) catalyzes two reactions (see Figure 3): Tkt 1 yields E4P and 

Xu5P, while Tkt 2 yields R5P and Xu5P. Abbreviations: 3PG, 3-phosphoglycerate;
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Ald, aldolase; ATPSyn, ATP synthase; DHAP, dihydroxyacetone phosphate; E4P, 

erythrose-4-phosphate; F6P, fructose-6-phosphate; Fba, fructose-1,6-

bisphosphate aldolase; FBP, fructose-1,6-bisphosphate; FBPase, fructose-1,6-

bisphosphatase; GAP, glyceraldehyde-3-phosphate; Gapd, glyceraldehyde-3-

phosphate dehydrogenase; Pgk, phosphoglycerate kinase; Pgm, 

phosphoglycerate mutase; Prk, phosphoribulokinase; R5P, ribose-5-phosphate; 

Rpe, ribulose-phosphate epimerase; Rpi, ribose-5-phosphate isomerase; Ru5P, 

ribulose-5-phosphate; RuBP, ribulose-1,5-bisphosphate; S7P, sedoheptulose-7-

phosphate; SBP, sedoheptulose-1,7-bisphosphate; SBPase, sedoheptulose-1,7-

bisphosphatase; Tkt, transketolase; Tpi, triosephosphate isomerase; Xu5P, 

xylulose-5-phosphate.

Interestingly, phosphoglycerate mutase should have a low 3-

phosphoglycerate saturation to optimize stability (Figure 6B). 

Phosphoglycerate mutase is responsible for funneling Calvin cycle flux 

away from ribulose-1,5-bisphosphate recycling, towards pyruvate and 

acetyl-CoA (pink arrow in Figure 3). This is in line with the theory that 

autocatalytic cycle branch points, where one reaction retains flux in the 

cycle, and another siphons flux off to some other process, requires lower 

saturation for the non-cycle reaction [162].

Reactions that control the flux

A reaction exerts flux control when a change in its own reaction rate 

changes the rate of other reactions. This effect is quantified by flux 

control coefficients (FCCs), which are calculated by probing each reaction

rate with an infinitesimal change [163,164].

The FCCs in the Synechocystis Calvin cycle were distributed across 

most reactions (Figure 6C), meaning that no single reaction was close to

a FCC of one, and consequently there was no “bottleneck” reaction. 

Distributed flux control is an expected property of highly interconnected 

metabolic networks [165]. Furthermore, control appeared to be coupled, 

since several reactions followed similar patterns of being controlled 

(Figure 6C), an observation that was confirmed by clustering. These 

observations imply that there are many viable options to improving flux 

and carbon fixation rates of the Calvin cycle, and while several 

interventions will have similar effects, the effect is limited.
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Phosphoketolase is responsible for producing acetyl-CoA from 

fructose-6-phosphate and xylulose-5-phosphate without CO2 loss in the 

pyruvate dehydrogenase reaction. Interestingly, phosphoketolase exerted 

no control on other reactions, indicating that it may operate largely in 

parallel with the Calvin cycle, making it ideal for metabolic engineering 

pathway optimization endeavors [166].

 Interestingly, Rubisco did not appear to have the most control over 

Calvin cycle flux. Instead, positive flux control was observed primarily for 

the energy supply (ATP synthase), Prk, F/SBPase, triose phosphate 

isomerase, glyceraldehyde-3-phosphate dehydrogenase, and 

phosphoglycerate kinase. The positive control of ATP synthase, and the 

energy-infusing reactions glyceraldehyde dehydrogenase (via NADPH) 

and phosphoglycerate kinase (via ATP), indicates that energy demand is a

critical limitation of the Calvin cycle. The positive control of F/SBPase on 

Calvin cycle flux was expected, since overexpression of F/SBPase has 

previously been shown to enhance growth in cyanobacteria [167,168]. 

Combined with the observation that low F/SBPase saturation benefits 

Calvin cycle stability (Figure 6B), F/SBPase is a good engineering target 

for enhancing carbon fixation in Synechocystis. While increased Prk 

activity also seems to provide enhanced Calvin cycle flux, it would be 

problematic to increase the Prk reaction rate due to the potentially low 

stability if ribulose-1,5-phosphate is allowed to accumulate.

Phosphoglycerate mutase showed negative flux control over all Calvin 

cycle reactions (Figure 6C), suggesting that knockdown or engineered 

rate reduction of this enzyme may increase the rate of the Calvin cycle. 

This matches the stability impact of phosphoglycerate mutase discussed 

in the previous section, and is explained by the responsibility of 

phosphoglycerate mutase in draining intermediates from the Calvin cycle.
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The switch between autotrophy and heterotrophy

How does an autotrophic organism react to deprivation of its carbon 

source? We sought to answer this question in Paper III, where I 

collaborated with Jan Karlsen on the analysis of translatome data 

obtained through ribosome profiling.

Ribosome profiling

Ribosome profiling is an experimental technique where ribosomes are 

isolated together with the mRNA fragments that they are translating 

[133]. Computational mapping of the fragments back to the genome is 

similar to that in RNA-seq, but offers codon resolution based on the 

slightly longer dwelling time associated with the incorporation of the next

amino acid in a growing protein (Figure 7A). It was apparent that some 

genes had an elevated 5' untranslated region (UTR) ribosome density, 

which was termed above “average intergenic ribosome density” (AIRD). 

This suggested that ribosomes were stalling in the 5' UTR. Assembled 

ribosomes may also have been exhibiting a scanning behavior where they 

traveled along the mRNA in order to find the ribosome binding site for 

starting translation. Ribosome scanning has been reported in E. coli 

[169]. A peak was especially prominent at around the -10 nucleotide 

mark, which coincided with a strong Shine-Dalgarno site specifically in 

the above AIRD 5' UTRs (Figure 7B). These above AIRD 5' UTR genes 

were enriched in the functions photosynthesis, respiration, transcription, 

and translation, and depleted in transport, regulation, and cofactor 

synthesis (Figure 7C). The low carbon condition was particularly prone 

to 5' and 3' UTR ribosome pausing (Figure 7A).

Effects of shutting down autotrophy over 24 hours

The aim of the ribosome profiling project was to examine the translation 

response to CO2 starvation. The experiment used five samples, four at 

high carbon (HC) and one a low carbon (LC), sampled over a 24 hour 

time period, where time zero was marked by the shutoff of the 3% CO2 

supply to Synechocystis cells grown in a bioreactor.
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Overall translation was reduced by 80% in the LC condition, due to the 

carbon source being depleted. The types of genes still being translated 

changed, i.e. photosynthesis, respiration, and translation were reduced, 

while regulatory functions, cellular processes, and hypothetical proteins 

were occupying a greater fraction of the translation capacity (Figure 

7D). The hypothetical protein encoded by slr0376 was responsible for the

increase in the hypothetical category, which is in line with previous 

carbon starvation studies [170,171]. Within the top 20 upregulated genes 

(>16 fold change), there were six bicarbonate and CO2 uptake proteins, 

illustrating how the cells scrambled for carbon. Interestingly, Rubisco 

translation remained constant. This indicated that the cells were poised to

resume CO2 fixation once its availability returned to normal. Indeed, the 

culture started growing when the CO2 supply was turned on again after 

four days of carbon starvation.

One benefit of ribosome profiling is that it is possible to detect 

translation-level regulation by comparing mRNA abundance and 

translation activity, yielding a translation efficiency (TE) value. Genes 

that were specifically amplified at the translational level in LC were for 

example stress-related genes such as putative endonuclease, thioredoxin 

M, protease HtrA, and heat shock protein HspA. However, in general 

ribosome profiling and mRNA data correlated very well (r = 0.82), and 

TE was highly similar between HC and LC (r = 0.90).

In conclusion, LC is stressful, but cells remain active and ready to 

return to CO2 fixation and growth. This was confirmed when CO2 was 

turned on again after four days. The readiness might be facilitated by 

ribosomes occupying intergenic mRNA regions during the LC condition.
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Figure 7: Carbon starvation pauses and reconfigures translation. Ribosome profiling 

(RPF) was used to track translation of genes in Synechocystis as the culture 

transitioned from high carbon (3% CO2; HC) to low carbon (no CO2; LC) over the 

course of 24 hours. Mean pause score (reads per nucleotide / reads per 

nucleotide in the ORF; PS) for each nucleotide position at the 5' and 3' ends of 

ORFs shows individual codon steps, and 5' untranslated region (UTR) and 

intergenic ribosome pausing at LC (A). Above average intergenic ribosome 

density (AIRD) was observed in the 5' UTR of genes with a more distinct Shine-

Dalgarno site (B), and above AIRD 5' UTR genes were enriched or depleted in 

specific functions (C). Certain gene function categories showed different 

translation activity (sum of gene reads per kilobase and million mapped reads; 

RPKM) at LC (D). Only functions with differences between above AIRD and other 

5' UTRs (C), or between LC and HC (D), are shown.
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Learning from nature to create better autotrophs

While the previous section considered the response of an autotrophic 

organism to losing access to its carbon source, Paper IV investigated the 

genomic adaptations associated with gaining autotrophic capability 

through the Calvin cycle. By ranking genetic adaptations to the Calvin 

cycle, it was possible to assemble a “recipe” of an autotrophic organism.

Probing millions of years of autotrophy evolution

Inspired by horizontal gene transfer of Rubisco and associated genes 

[100–103], plasmid-borne Calvin cycle genes in Ralstonia and 

Oligotropha [172,173], and recent successful artificial evolution of E. coli 

Calvin cycle autotrophy [61,97,98], I wanted to investigate the evolution 

of autotrophy in natural microbial genomes. Knowledge of natural 

adaptations to the Calvin cycle could give guidance towards improved and

novel autotrophs in biotechnological applications.

Genome integration of the Calvin cycle was assessed by comparing 

Calvin cycle-positive genomes to their closest Calvin cycle-negative 

relatives using the RedMAGPIE framework (Figure 8A). The analysis 

was based on gene copy numbers annotated by enzyme commission (EC) 

numbers and Pfam families. Gene copy numbers were compared between 

Calvin cycle-positive and -negative genomes using enrichment analysis, 

ancestral character estimation (ACE), and random forest machine 

learning, followed by a consensus rank calculation. Cyanobacteria were 

excluded from this comparison, because it was determined that compared

to other microbial groups, cyanobacteria were 5.4 times more distant to 

their closest Calvin cycle-negative relatives (Firmicutes). The inclusion of 

cyanobacteria would therefore bias the analysis. Consequently, 

photosynthesis was not determined to be a Calvin cycle-specific trait, but 

there were plenty of other adaptations, which are discussed below.

The Calvin cycle was determined to be present in 6.0-8.4% of all 

microbial genomes, and was particularly prevalent in the bacterial groups

Burkholderiales, Rhizobiales, other Alpha- and Gammaproteobacteria, 

Actinobacteriota, and Firmicutes. There were also 75 Calvin-cycle positive

genomes from archaea, although those could be encoding the reductive 

hexulose-phosphate pathway [174].
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Figure 8: Analysis of genomes with and without the Calvin cycle yielded a ranking of 

Calvin cycle-associated genes. One thousand and twenty genome taxonomy 

database (GTDB) microbial genomes with the Calvin cycle, distinguished by 

Rubisco and Prk, were contrasted with their closest relatives through gene 

enrichment, ancestral character estimation (ACE), and random forest machine 

learning, to identify enzyme (enzyme commission numbers; EC) and Pfam family 

genes that constitute adaptations to the Calvin cycle (A). The analysis resulted in 

a consensus ranking of genes associated with the Calvin cycle, which can be 

considered a recipe for an autotrophic microbe (B). Median distance between a 

gene and Rubisco in number of genes in CBB-positive genomes is shown by the 

orange square root color scale, unless detected 200 times or fewer on the same 

DNA strand as Rubisco, which is indicated by light purple. Abbreviations: Ald, 

fructose-bisphosphate aldolase; ATPsyn, ATP synthase; CbbQ, Rubisco activase 

CbbQ; CbbX, Rubisco activase CbbX; Fbp, fructose-1,6-bisphosphatase; GP, 

glycogen phosphorylase; Mdh, malate dehydrogenase; Rpe, ribulose-phosphate 

3-epimerase; Tkt, transketolase.
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A natural recipe for a Calvin cycle-capable organism

F/SBPase, aldolase, and transketolase are responsible for the part of the 

Calvin cycle that recycles the three five-carbon sugars that eventually end 

up as the Rubisco substrate ribulose-1,5-bisphosphate (Figure 3). These 

three genes were among the best ranking adaptations to the Calvin cycle 

(Figure 8B), indicating that it is necessary to have these genes adapt 

specifically for this purpose. Accordingly, they were frequently closely 

situated to Rubisco in the genome, forming a previously characterized 

operon [175], which may facilitate complex regulation [176].

Other central Calvin-cycle genes also ranked highly, for example 

phosphoglycerate kinase, which catalyzes the second ATP-driven 

phosphorylation alongside Prk. Phosphoglycerate kinase is competing 

with the phosphoglycerate mutase enzyme, which drains metabolites 

from the Calvin cycle towards the TCA cycle and biomass production 

(pink arrow in Figure 3). Several microbes had multiple 

phosphoglycerate mutase isozymes, which may help regulation of this 

critical branch point [162] similarly to the system documented in 

cyanobacteria [177].

The Calvin cycle was accompanied by increased carbohydrate storage 

capacity, such as glycogen and starch formation, but not 

polyhydroxybutyrate bioplastic accumulation, as is seen in Ralstonia 

[54]. Autotrophs benefit from storing carbon during CO2 and energy 

abundance, which can act as overflow protection [178] or be used later for

glycolysis-based maintenance metabolism. Stored carbon in the form of 

starch or glycogen can also restart the Calvin cycle via the oxidative 

pentose phosphate shunt [179], which was another adaptation confirmed 

to show wide adoption according to the gene ranking.

Calvin cycle function was also boosted by Rubisco chaperones CbbQ 

and CbbX (Figure 8B), as well as carbon concentrating mechanisms, 

such as carbonic anhydrase and carboxysomes. Carbon concentrating 

mechanisms improve Rubisco function because higher CO2 concentration

around Rubisco reduces the oxygenase activity. However, there were no 

clear photorespiration pathway adaptations other than an increased copy 

number of the first step enzyme phosphoglycolate phosphatase. An 
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alternative photorespiration pathway was the glyoxylate shunt, judging 

from the depletion of aconitase and enrichment of isocitrate 

dehydrogenase, which could funnel glycolate and glyoxylate carbon 

towards 2-oxoglutarate.

Energy acquisition and electron transport genes ranked highly in the 

analysis, in particular hydrogenase for H2 consumption, and ATP 

synthase (Figure 8B). This indicated a specific energy management in 

Calvin cycle autotrophs. Note that photosynthesis was not a Calvin cycle-

specific adaptation, as it was equally likely to be present in Calvin cycle-

negative organisms.

Enrichment and depletion of specific transcription factor and 

metabolic regulator genes indicated adaptations of a metabolome-wide 

character. Mirroring nature, the artificial evolution of E. coli to utilize the

Calvin cycle also found that metabolic regulators had to be mutated in 

order to allow Calvin cycle operation [98]. In particular, the present 

investigation found that arabinose-related regulation and enzymes were 

depleted in Calvin cycle-positive genomes. The depletion was attributed 

to the possibility that synthesis of arabinose-5-phosphate drains the 

ribulose-5-phosphate pool, as well as to potential inhibitory action of 

arabinose-5-phosphate on the Calvin cycle enzymes transaldolase [180] 

and ribose-5-phosphate isomerase [181]. Calvin cycle-positive organisms 

thereby have incentive to avoid arabinose metabolism.

Finally, several domains of unknown function were identified to be 

associated with Calvin cycle-positive or -negative genomes. Genes 

encoding these protein domains are of special interest as novel Calvin 

cycle-enabling mutations. Making use of these mutations and the other 

adaptations identified in Paper IV may facilitate the engineering of 

novel autotrophs.
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Expanding the repertoire of autotrophs with new reactions

Simply having an autotroph with stable Calvin cycle operation and high 

biomass production rate is not enough to achieve a circular carbon 

economy based on third generation biomanufacturing. The engineered 

autotroph must also be capable of producing the desired chemicals by 

directly transforming metabolites in its own metabolic network, which is 

filled with carbon from CO2. The final concept in the map of autotrophic 

opportunities is expanding metabolism with novel biosynthetic pathways.

To this end, I developed the POPPY tool to enumerate pathways and test 

their thermodynamic feasibility in Synechocystis and E. coli, thereby 

evaluating the biomanufacturing potential of autotrophic metabolism 

(second part of Paper I).

Enumerating pathways in E. coli and Synechocystis

The POPPY pathway enumeration tool (Figure 9A) combines natural 

KEGG reactions and computationally predicted MINE [132] reactions 

based on BNICE operators [122] into novel, sometimes branched 

pathways. Finding enzyme sequences to realize the predicted reactions 

experimentally may be facilitated by tools such as BridgIT [182] and 

DeepEC [129]. POPPY ensures that all intermediate metabolites are 

either present in the host organism, or produced by the pathway 

reactions. Therefore, the primary host-specific input to POPPY are lists of

host-endogenous metabolites. Here, the host-endogenous metabolites 

were extracted from the Synechocystis genome-scale model by Knoop 

and colleagues [149], and from the E. coli genome-scale model iJR904 

[183].

Pathways were enumerated towards 37 commercially interesting target

compounds, out of which eight were discussed in detail in Paper I, i.e. 3-

hydroxypropanoate, 4-coumarate, acrylic acid, ethanol, ethylene, 

propane-1,2-diol, propane-1,3-diol, succinate, and xylitol. The number of 

pathways were typically similar between the two host organisms and were

counted in the thousands or tens of thousands. The number of pathways 

towards xylitol was an order of magnitude higher in E. coli, which was 

likely an effect of a more extensive metabolite list in E. coli (601 

metabolites compared to 473).
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Figure 9: Thermodynamic evaluation of enumerated pathways within Synechocystis 

and E. coli metabolic networks revealed contrasting expansion potential. 

POPPY (Prospecting Optimal Pathways with PYthon) is a tool for enumerating 

biosynthetic pathways by combining known KEGG reactions and hitherto 

unknown-to-nature but possible MINE [132] reactions, followed by 

thermodynamic analysis for feasibility determination and driving force ranking (A).

Expansion potential was controlled by endogenous metabolism, such as the low 

2-oxoglutarate concentration in Synechocystis with computational origin in the 

highly constrained thermodynamic driving force of lysine biosynthesis (B). 

Enumerated pathways to propane-1,2-diol (C) may display different driving forces

in Synechocystis and E. coli, e.g. because the concentrations of metabolites 

consumed by reactions I and II are different (D). Each point in (D) is one pathway,

and color indicates the relative level of constraint imposed on the pathway by the 

endogenous reaction network based on comparison of the ratio of network-

embedded max-min driving force (NEM) over independent max-min driving force 

(MDF) in each organism. Abbreviations: 2OG, 2-oxoglutarate; DXP, 1-deoxy-D-

xylulose 5-phosphate; E4P, erythrose-4-phosphate; GAP, glyceraldehyde-3-

phosphate; GLU, glutamate; GLY, glycine; SUCC, succinate; SUCCOA, succinyl-

CoA.
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Evaluation of pathway support potential with NEM analysis

The enumerated pathways were integrated with the metabolic networks 

for a thermodynamic analysis that would indicate if both the endogenous,

growth-driving reactions, and the biomanufacturing pathway reactions 

could maintain positive driving forces simultaneously. The 

thermodynamic analysis entailed max-min driving force (MDF) analysis, 

which ensures that all reactions in a single pathway have a driving force 

equal to or greater than an optimally high minimum, but also included a 

network-embedded version of MDF (NEM). Thereby it was possible to 

identify limitations and opportunities distinguishing the two contending 

host organisms from each other. Furthermore, it was possible to 

determine whether the differences were explained by metabolite 

concentration ranges alone, or also by the flux directions from MFA 

literature [115,144,145].

The previously discussed lysine biosynthesis and accompanying low 2-

oxoglutarate concentration in Synechocystis (Figure 9B) was 

responsible for constraints on propane-1,2-diol driving forces (Figures 

9C and 9D). On the other hand, as the generation of 2-oxoglutarate was 

the thermodynamically limiting step in ethylene synthesis, certain 

pathways appeared to benefit from the environment in Synechocystis. 

These pathways used a hypothetical MINE reaction that combined the 

less constrained oxaloacetate with glutamate, producing 2-oxoglutarate 

and aspartate.

Overall, the pathways formed a “landscape” of driving forces regardless

of target compound, similar to what is shown in Figure 9D. There were 

pathways better suited to either organism, depending on what reactions 

and metabolites they utilized, and a large body of pathways were equally 

well suited to both organisms. This indicates that there are ample 

opportunities to tailor pathway-host pairings to achieve optimal driving 

forces. If certain enzymes are hard to engineer or to come by in the first 

place, one may switch to other pathway alternatives.
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Outlook: Selecting routes to improved autotrophs

The previous chapter exposed the complex and multifaceted nature of 

autotrophic metabolism based on the Calvin cycle. Among the points of 

data, there are plentiful opportunities for further investigation, 

improvement, and implementation. This chapter identifies some routes to

take on the bumpy ride towards a carbon neutral economy that makes use

of the opportunities provided by nature.

Viable biomanufacturing in the future

Future biomanufacturing needs to be sustainable, in both climatological 

and ecological senses, but also economically viable. How can we hope to 

reach these goals in a reasonable time?

Novel host organisms

Earth is home to millions of microbial species [184]. A significant portion 

of these microbes are likely to be autotrophic, as indicated by the survey 

in Paper IV. Even if they are not autotrophic, they represent exciting 

new possibilities for implementation as biomanufacturing host 

organisms. Amassing large datasets of genomic and metabolomic data 

will enable computational assessment of their suitability as hosts for 

different target compound production, using gene comparisons, pathway 

enumeration, and metabolic modeling, for example with kinetic models. 

Biotechnology already relies on a plethora of microbes, for example lactic 

acid bacteria in the food industry [185], corynebacteria for amino acid 

production [186], clostridia for acetone-butanol-ethanol fermentation 

[187], Streptomyces for antibiotics production [188], resistant bacteria 

for heavy metal bioremediation [189], and nitrifying and denitrifying 

bacteria for wastewater treatment [190]. Nevertheless, there is still 

untapped microbial diversity, revealed by metagenomics, that may be 

suitable for biotechnological applications [191]. Untested, novel host 

microbes may be optimal for producing certain compounds, or suitable 

for specific underutilized growth conditions, e.g. dry, cold, or salty 

environments.
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A recent study explored the genomic diversity in nature and found, 

astonishingly, that there are many fast Rubisco variants [192]. It would be

beneficial to explore the metabolic adaptations in these organisms, to 

determine how they differ from other microbes that use slower Rubiscos. 

The faster Rubisco variants may further be introduced into other 

organisms, keeping in mind that the endogenous Calvin cycle must be 

kept stable. A faster Rubisco would, hypothetically, drain ribulose-1,5-

bisphosphate quicker and keep its concentration in the stable zone 

identified in Paper II. That could in turn allow overexpression or 

engineering of faster Prk to increase Calvin cycle flux.

Extended and automated genetic tools

Although novel host organisms may have their benefits, the well studied 

microbes, such as yeast and E. coli, are typically more amenable to 

engineering thanks to an established array of genetic tools. However, 

engineering of novel host organisms may be facilitated by new and widely

applicable techniques such as CRISPR-Cas9 gene deletion [3] and 

CRISPR-dCas9 expression interference [193], as well as transposon 

mutant tracking in multiple organisms [194] and adaptive laboratory 

evolution to achieve desirable traits [195]. Furthermore, automation may 

facilitate faster development cycles on larger scales. Using “robotic 

scientists” [196] or AI tailored to carry out the full cycle of scientific 

research and aiming to win a Nobel prize [197] are promising goals. We 

may also enhance the capacity of scientists by using automated 

bioengineering platforms [198] or genetic circuit programming 

frameworks [199]. It is expected that whole-cell molecular kinetic models 

of bacteria will be possible some time in the next 50 years [200], which 

might open completely new opportunities in systems biology and 

metabolic engineering.

Applying the autotrophic recipe

The novel autotrophic biomanufacturing host organisms do not have to 

exist in nature. Instead, we may perform genetic and metabolic 

engineering to create optimal autotrophs from promising natural 

autotrophs or even heterotrophs. The organisms should display the best 



OUTLOOK: SELECTING ROUTES TO IMPROVED AUTOTROPHS | 69

potential for autotrophy, but also other desirable traits, e.g. high growth 

rates or environmental tolerances. The autotroph “recipe” established in 

Paper IV may be consulted for these tasks.

Improving existing autotrophs and designing new ones

Existing Calvin cycle-utilizing autotrophs may be improved by making 

edits to replace missing high-ranking adaptations to the Calvin cycle. This

means that genes that were depleted in Calvin cycle genomes or 

negatively correlated with the Calvin cycle should be deleted if present in 

the genome to be improved. Conversely, the genome may initially lack 

certain genes, such as carbon concentration mechanisms, Rubisco 

activases, or specific carbon storage pathways. Such missing genes should

then be inserted into the genome that is being edited. It may be 

particularly informative to look at the adaptations to the Calvin cycle 

made by close relatives. Once one or a few edits have been made, adaptive

evolution can be used to optimize the regulatory and metabolic networks. 

Implementation of Calvin cycle carbon fixation in E. coli has shown that 

the transformation and artificial evolution approach is viable [61,97]. 

Note that in the case of E. coli carbon fixation, a Rubisco activase was not 

necessary. Furthermore, the closest Calvin cycle-positive relative of 

E. coli, i.e. the fellow Enterobacterales member Enterovibrio coralii, is 

more distant (0.23) than the median distance between Calvin cycle-

positive and -negative genomes (0.14) according to the data and results in

Paper IV. These observations suggest that the Calvin cycle is remarkably

flexible in melding with different genetic backgrounds, but also that 

nature holds many microbes that might be even more amenable than 

E. coli to accepting the Calvin cycle.

Understanding the recipe

Using the natural Calvin cycle adaptations without deeper knowledge 

about their functions may prove unsuccessful. To counter potential 

hurdles, it is necessary to explore the biological implications of the 

adaptations in more detail, i.e. what explicit effects the adaptations have 

on metabolism. This can be done for example through computational 

modeling, such as FBA and kinetic modeling, or through molecular 

genetics experiments, such as knockout or overexpression experiments. It
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is of particular interest to explore the effects of the regulatory and 

unknown function adaptations, as these might harbor novel insight 

regarding the Calvin cycle. The natural Calvin cycle adaptation ranks may

also be correlated to other systems biology datasets, such as gene 

expression during various conditions, or genome-wide knockout mutant 

data. Making such comparisons could shed further light on the meaning 

of the various adaptations in this “recipe.”

Precision engineering of the Calvin cycle

Genome- and metabolism-wide adaptations to the Calvin cycle could 

prove valuable, but the findings in Paper IV, and especially the findings 

from the kinetic modeling in Paper II, may be used to guide precision 

engineering of the Calvin cycle itself.

Making the right enzymes faster

The principal route to a faster and more stable Calvin cycle is 

improvement of specific enzymes or adjustment of their regulation. The 

kinetic model identified reactions that if running faster, could speed up 

the entire carbon fixation process. Enzymes catalyzing reactions with 

positive flux control coefficients are promising targets for enzyme 

engineering. Enzyme engineering may be performed through directed 

evolution guided by machine learning models [201]. As mentioned in the 

previous chapter, FBPase is one interesting target due to its flux control, 

previous reports on improved growth in overexpression strains [167,168],

and especially its enrichment in Calvin cycle-positive organisms. Faster 

Rubisco variants discovered in nature [192] could also play a role by 

draining ribulose-1,5-phosphate to avoid instability (Figure 6A). In 

addition to improving catalytic rate, the Km of FBPase and other enzymes 

could be optimized so that substrate levels are kept low in order to reduce

the risk of entering the unstable high saturation states observed in Paper

II.

Recent re-analysis of MFA data using updated genome-scale models of 

Synechocystis [146] and Synechococcus elongatus UTEX 2973 [202] 

showed that transaldolase may be responsible for production of fructose-

6-phosphate and sedoheptulose-7-phosphate, respectively, rather than F/
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SBPase, in the cyanobacterial Calvin cycle. This is however contradicted 

by the observation that transaldolase is non-essential in S. elongatus PCC

7942 [203], which is genetically almost identical to the UTEX 2973 strain 

[34]. The metabolite concentration boundaries calculated with NET 

analysis and the NEM analysis of production pathways both relied on 

MFA flux maps. The uncertainty in the flux maps indicates that slightly 

different results may be possible for the analyses in Papers I and II. 

This casts doubt on the hypothesis that FBPase is an important rate-

determining step in the Calvin cycle. Nevertheless, the genome analysis in

Paper IV indicates that FBPase is vastly more important than 

transaldolase in Calvin cycle-utilizing organisms.

Rather than creating new mutants with desired phenotypes, one could 

also develop a RedMAGPIE-like analysis to find natural mutations in 

central carbon metabolism enzymes. This search for mutation “hot spots” 

would use enzyme sequences as input to the statistical analyses described 

in Paper IV instead of gene copy numbers. There could be mutations to 

central carbon metabolism enzymes arising from adaptation to the Calvin

cycle. Such mutations could impart beneficial phenotypes also in other 

Calvin cycle organisms that might be lacking those specific mutations.

Finally, the RedMAGPIE results could be used to suggest small 

regulatory proteins of the Calvin cycle, which could have roles similar to 

the cyanobacterial phosphoglycerate mutase inhibitor PirC. PirC 

regulation diverts carbon flux either towards carbohydrate storage or 

lower glycolysis through interaction with the nitrogen starvation-related 

2-oxoglutarate sensor PII in cyanobacteria [204]. Ribosome profiling data,

such as that presented in Paper III, could be used to pick up small 

translated proteins not detected by liquid chromatography mass 

spectrometry proteomics. Protein-metabolite interactions that regulate 

the Calvin cycle could further be suggested by the recently developed 

interaction-proteomics techniques [205,206]. Subsequent engineering of 

these regulatory interactions add another layer to Calvin cycle 

optimization.
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Adapting production pathways to keep the stability intact

There are many ways to compare and rank computationally generated 

biosynthetic production pathways like those in Paper I. For example, in 

addition to thermodynamic evaluation, researchers have considered 

optimal target production and biomass accumulation calculated by FBA 

[207], pathway length, and toxicity of intermediates [208]. However, 

perhaps the most powerful alternative would be integration of the 

pathway into a kinetic model. Production pathways that drain or 

accumulate metabolites such that stability is disturbed would be 

undesirable. Kinetic modeling is still computationally costly, but some 

improvements may facilitate a wider usage, perhaps focusing on the best 

candidate pathways according to the other criteria. For example, I and 

Markus Janasch have discussed and tested a new approach where a 

random walk [209] is performed throughout the metabolite 

concentration solution space. To make the random walk efficient, we 

started from the MDF value. Developments such as the random walk 

sampling may contribute to kinetic modeling in general, and would be 

particularly useful for the testing of specific production pathways.

Moving beyond the constraints of autotrophy

This thesis has highlighted constraints as well as opportunities in 

autotrophic metabolism for improved CO2 fixation rates and optimal 

biomanufacturing pathway selection. Instead of dwelling on such matters,

we could perhaps make attempts at circumventing autotrophic 

metabolism, while keeping the sustainability benefits of 

biomanufacturing based on direct CO2 conversion.

Transcending cellular metabolism

Cellular metabolism is perhaps not the best vessel for a biomanufacturing

process. Instead, in vitro carbon fixation cycles could feed target 

production pathways, in an unbroken chain of purified enzymes. There 

has been intense effort to devise and implement new carbon fixation 

pathways that would replace autotrophic microbes. For example, the 

crotonyl-CoA/ethylmalonyl-CoA/hydroxybutyryl-CoA (CETCH) cycle is 

an in vitro carbon fixation cycle based on 17 enzymes [210]. The cycle was
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developed through retrobiosynthesis, i.e. the same principle of pathway 

enumeration as in POPPY (Paper I) and other tools [120–122,208,211]. 

To achieve light-powered CO2 fixation, the CETCH cycle was recently 

paired with isolated plant chloroplast thylakoid membranes [212]. These 

in vitro setups promise high efficiency paired with less of the chaotic 

microbe cultivation fuss, such as mutation of engineered pathways [213], 

toxicity of intermediates and products [214], and the requirement to 

integrate with a complex endogenous metabolism. However, while there 

are no reports of an in vitro Calvin cycle, it seems that the in vivo Calvin 

cycle is hard to beat in practice. The CETCH cycle operates at a CO2 

fixation rate of 5 nmol min-1 mg protein-1 [210]. The CO2 fixation rate of 

Synechococcus elongatus UTEX 2973 is 18 mmol h-1 g dry cell weight-1 

[215], and carbon fixation proteins make up about 15% of the 

cyanobacterial proteome [216]. Dry cell weight is roughly 55% protein 

[217]. Thereby the CO2 fixation rate of the Calvin cycle in cyanobacteria 

growing under optimal conditions can be estimated as 18 · 106 · 0.15-1 · 

0.55-1 · 60-1 · 10-3 nmol min-1 mg protein-1 ≈ 3600 nmol min-1 mg protein-1. 

This indicates that carbon fixation rates remain much higher inside a 

living organism. Additionally, in vitro systems cannot heal stress damage 

like a living organism, and pure enzymes and cofactors are expensive. 

Will in vitro fully replace in vivo carbon fixation in the future? Probably 

not. Since each approach has its pros and cons, both in vitro and in vivo 

pathways should continue to be explored, and may fit specific use cases.

Retrobiosynthetic pathways such as the CETCH cycle are often ranked 

on the basis of their energetic requirements [218]. However, energetic 

costs in carbon fixation may be misleading. For example, a new-to-nature

carbon fixation pathway based on glycolyl-CoA carboxylase, named the 

tartronyl-CoA, or TaCo, pathway, was recently presented as a drop-in 

module for dealing with glycolate formed by e.g. Rubisco 

photorespiration or by the CETCH pathway [219]. Stoichiometrically, the 

TaCo pathway uses a single ATP for each fixed HCO3
-, but in practice the 

ATP usage is about five ATP due to “futile ATP hydrolysis.” The reason for

this ATP hydrolysis could be that the glycolyl-CoA enzyme must go 

through ATP-driven conformational changes to allow carboxylation. This 

shows that the energetic costs are complex and not only determined by 
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reaction stoichiometry. Therefore the Calvin cycle, which has been 

regarded as one of the most energy intensive CO2 fixation pathways [67], 

should not be counted out just yet.

Joining the forces of autotrophy and heterotrophy

Rather than abandoning cellular metabolism to get around its limitations,

microbial communities represent an attractive system that can 

incorporate autotrophs and heterotrophs. This allows each organism to 

do what they do best, and each organism may be engineered with 

different aims. That is, the autotroph will be optimized for stable and fast 

carbon fixation, while the heterotroph will be optimized for target 

compound production using a substrate produced by the autotroph.

Metabolically engineered microbial consortia have been established 

and evaluated positively on several occasions in recent years. In one 

example, the anaerobic acetogen Moorella thermoacetica used the Wood-

Ljungdahl pathway to fix CO2 using CO or H2 as the energy source. 

M. thermoacetica thereby secreted large amounts of acetate. The acetate 

was transferred to a second aerobic bioreactor where the engineered yeast

Yarrowia lipolytica converted the acetate into lipids [220]. Artificial 

consortia based on cyanobacteria have also been demonstrated. In this 

system, Synechococcus strains PCC 7942 and UTEX 2973 were used to fix

CO2 into sucrose, which was secreted and subsequently converted into the

bioplastic PHB by Halomonas boliviensis [221], or into 3-

hydroxypropionate by E. coli [222], respectively.

The interest in microbial consortia for biomanufacturing prompts the 

development of tools similar to POPPY that may find the optimal 

autotroph-heterotroph division of labor, linking metabolites, and 

production pathways. These consortia could also be modeled 

computationally to evaluate their potential for stable product formation. 

Modeling of bacterial communities in nature and industrial settings is a 

developing field [223].
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Coda

The Calvin cycle has been around for billions of years. Paired with 

oxygenic photosynthesis [224], it took over the world, and rules supreme 

to this day. Knowledge accumulated through systems biology efforts, as 

shown in this thesis, help us in taming the Calvin cycle to generate 

chemicals that we need. New efficient genetic engineering techniques and

an ever-growing body of knowledge ensures that we may also continue to 

develop autotrophic organisms and metabolism for our needs, providing 

realistic hope of achieving a carbon neutral economy in a not too distant 

future.



76 | 



ACKNOWLEDGMENTS | 77

Acknowledgments

First and foremost, thank you to my supervisor Paul for giving me the 

opportunity to pursue my computational systems biology dream job. 

Thank you for giving me the autonomy to freely explore exciting methods 

and datasets, and of course, thank you for the guidance and all the 

interesting discussions. I am very grateful for this experience.

Furthermore, thank you to Markus for the rewarding collaboration on 

Papers I and II, as well as other projects.

Thank you to Jan for the rewarding collaboration on Paper III, as well 

as other projects.

Thank you to Michael for all the interesting coffee/tea room 

conversations.

Thank you also to everyone I’ve met and worked with at Gamma 5 

during my years at SciLifeLab. It has been inspiring.

Finally, thank you to my incredible middle and high school teachers 

Mia and Pelle for inspiring me to become a scientist.



78 | ACKNOWLEDGMENTS



BIBLIOGRAPHY | 79

Bibliography

1. Tucker T, Marra M, Friedman JM. Massively Parallel Sequencing: The Next Big Thing 
in Genetic Medicine. Am J Hum Genet. 2009;85: 142–154. 
doi:10.1016/j.ajhg.2009.06.022

2. Wang Z, Gerstein M, Snyder M. RNA-Seq: a revolutionary tool for transcriptomics. Nat
Rev Genet. 2009;10: 57–63. doi:10.1038/nrg2484

3. Doudna JA, Charpentier E. The new frontier of genome engineering with CRISPR-
Cas9. Science. 2014;346. doi:10.1126/science.1258096

4. Webb S. Deep learning for biology. Nature. 2018;554: 555–557. doi:10.1038/d41586-
018-02174-z

5. Golay C. The Food Crisis and Food Security: Towards a New World Food Order? Int 
Dev Policy Rev Int Polit Dév. 2010; 215–232. doi:10.4000/poldev.145

6. Kolbert E. The sixth extinction: an unnatural history. Henry Holt; 2015. 

7. Core Writing Team, Pachauri RK, Meyer LA. IPCC, 2014: Climate Change 2014: 
Synthesis Report. Contribution of Working Groups I, II and III to the Fifth Assessment
Report of the Intergovernmental Panel on Climate Change. Geneva, Switzerland: 
IPCC; p. 151 pp. 

8. Anderson JA, Ellsworth PC, Faria JC, Head GP, Owen MDK, Pilcher CD, et al. 
Genetically Engineered Crops: Importance of Diversified Integrated Pest Management 
for Agricultural Sustainability. Front Bioeng Biotechnol. 2019;7. 
doi:10.3389/fbioe.2019.00024

9. Díaz S, Settele J, Brondízio ES, Ngo HT, Agard J, Arneth A, et al. Pervasive human-
driven decline of life on Earth points to the need for transformative change. Science. 
2019;366. doi:10.1126/science.aax3100

10. Gleizer S, Bar-On YM, Ben-Nissan R, Milo R. Engineering Microbes to Produce Fuel, 
Commodities, and Food from CO2. Cell Rep Phys Sci. 2020;1: 100223. 
doi:10.1016/j.xcrp.2020.100223

11. García-Granados R, Lerma-Escalera JA, Morones-Ramírez JR. Metabolic Engineering 
and Synthetic Biology: Synergies, Future, and Challenges. Front Bioeng Biotechnol. 
2019;7. doi:10.3389/fbioe.2019.00036

12. Mohd Azhar SH, Abdulla R, Jambo SA, Marbawi H, Gansau JA, Mohd Faik AA, et al. 
Yeasts in sustainable bioethanol production: A review. Biochem Biophys Rep. 2017;10:
52–61. doi:10.1016/j.bbrep.2017.03.003

13. Asplund-Samuelsson J, Janasch M, Hudson EP. Thermodynamic analysis of computed
pathways integrated into the metabolic networks of E. coli and Synechocystis reveals 
contrasting expansion potential. Metab Eng. 2018;45: 223–236. 
doi:10.1016/j.ymben.2017.12.011



80 | BIBLIOGRAPHY

14. Janasch M, Asplund-Samuelsson J, Steuer R, Hudson EP. Kinetic modeling of the 
Calvin cycle identifies flux control and stable metabolomes in Synechocystis carbon 
fixation. J Exp Bot. 2019;70: 973–983. doi:10.1093/jxb/ery382

15. Karlsen J, Asplund-Samuelsson J, Thomas Q, Jahn M, Hudson EP. Ribosome Profiling
of Synechocystis Reveals Altered Ribosome Allocation at Carbon Starvation. 
mSystems. 2018;3. doi:10.1128/mSystems.00126-18

16. Asplund-Samuelsson J, Hudson EP. Wide range of metabolic adaptations to the 
acquisition of the Calvin cycle revealed by comparison of microbial genomes. PLOS 
Comput Biol. 2021;17: e1008742. doi:10.1371/journal.pcbi.1008742

17. Yao B, Ma W, Gonzalez Cortes S, Xiao T, Edwards PP. Thermodynamic study of ‐

hydrocarbon synthesis from carbon dioxide and hydrogen. Greenh Gases Sci Technol. 
2017;7: 942–957. doi:https://doi.org/10.1002/ghg.1694

18. Bar-Even A, Flamholz A, Noor E, Milo R. Thermodynamic constraints shape the 
structure of carbon fixation pathways. Biochim Biophys Acta BBA - Bioenerg. 
2012;1817: 1646–1659. doi:10.1016/j.bbabio.2012.05.002

19. Schobert H. 8. Formation of Fossil Fuels. Chemistry of Fossil Fuels and Biofuels. 
Cambridge University Press; Available: 
https://app.knovel.com/hotlink/pdf/id:kt00C83XN7/chemistry-fossil-fuels/
formation-fossil-fuels

20. Shevela D, Björn LO, Govindjee. Photosynthesis. WORLD SCIENTIFIC; 2017. 
doi:10.1142/10522

21. Raven JA, Allen JF. Genomics and chloroplast evolution: what did cyanobacteria do 
for plants? Genome Biol. 2003;4: 209. 

22. Hanada S. Anoxygenic Photosynthesis —A Photochemical Reaction That Does Not 
Contribute to Oxygen Reproduction—. Microbes Environ. 2016;31: 1–3. 
doi:10.1264/jsme2.ME3101rh

23. Wirsen CO, Sievert SM, Cavanaugh CM, Molyneaux SJ, Ahmad A, Taylor LT, et al. 
Characterization of an Autotrophic Sulfide-Oxidizing Marine Arcobacter sp. That 
Produces Filamentous Sulfur. Appl Environ Microbiol. 2002;68: 316–325. 
doi:10.1128/AEM.68.1.316-325.2002

24. Ihara H, Hori T, Aoyagi T, Takasaki M, Katayama Y. Sulfur-Oxidizing Bacteria Mediate
Microbial Community Succession and Element Cycling in Launched Marine Sediment. 
Front Microbiol. 2017;8. doi:10.3389/fmicb.2017.00152

25. Ishii T, Kawaichi S, Nakagawa H, Hashimoto K, Nakamura R. From 
chemolithoautotrophs to electrolithoautotrophs: CO2 fixation by Fe(II)-oxidizing 
bacteria coupled with direct uptake of electrons from solid electron sources. Front 
Microbiol. 2015;6. doi:10.3389/fmicb.2015.00994

26. Lepidi AA, Casella S, Toffanin A, Petrassi S, Nuti MP. Hydrogen-oxidizing bacteria for 
biomass production. Int J Hydrog Energy. 1990;15: 485–489. doi:10.1016/0360-



BIBLIOGRAPHY | 81

3199(90)90107-A

27. Leung PM, Bay SK, Meier DV, Chiri E, Cowan DA, Gillor O, et al. Energetic Basis of 
Microbial Growth and Persistence in Desert Ecosystems. mSystems. 2020;5. 
doi:10.1128/mSystems.00495-19

28. Pratscher J, Dumont MG, Conrad R. Ammonia oxidation coupled to CO2 fixation by 
archaea and bacteria in an agricultural soil. Proc Natl Acad Sci U S A. 2011;108: 4170–
4175. doi:10.1073/pnas.1010981108

29. Alfreider A, Grimus V, Luger M, Ekblad A, Salcher MM, Summerer M. Autotrophic 
carbon fixation strategies used by nitrifying prokaryotes in freshwater lakes. FEMS 
Microbiol Ecol. 2018;94. doi:10.1093/femsec/fiy163

30. Nagarajan H, Sahin M, Nogales J, Latif H, Lovley DR, Ebrahim A, et al. Characterizing 
acetogenic metabolism using a genome-scale metabolic reconstruction of Clostridium 
ljungdahlii. Microb Cell Factories. 2013;12: 118. doi:10.1186/1475-2859-12-118

31. Schuchmann K, Müller V. Autotrophy at the thermodynamic limit of life: a model for 
energy conservation in acetogenic bacteria. Nat Rev Microbiol. 2014;12: 809–821. 
doi:10.1038/nrmicro3365

32. Bollmann A, Bär-Gilissen M-J, Laanbroek HJ. Growth at Low Ammonium 
Concentrations and Starvation Response as Potential Factors Involved in Niche 
Differentiation among Ammonia-Oxidizing Bacteria. Appl Environ Microbiol. 
2002;68: 4751–4757. doi:10.1128/AEM.68.10.4751-4757.2002

33. Bertsch J, Müller V. CO Metabolism in the Acetogen Acetobacterium woodii. Appl 
Environ Microbiol. 2015;81: 5949–5956. doi:10.1128/AEM.01772-15

34. Yu J, Liberton M, Cliften PF, Head RD, Jacobs JM, Smith RD, et al. Synechococcus 
elongatus UTEX 2973, a fast growing cyanobacterial chassis for biosynthesis using 
light and CO 2. Sci Rep. 2015;5: 8132. doi:10.1038/srep08132

35. Schönheit P, Buckel W, Martin WF. On the Origin of Heterotrophy. Trends Microbiol. 
2016;24: 12–25. doi:10.1016/j.tim.2015.10.003

36. Welkie DG, Rubin BE, Diamond S, Hood RD, Savage DF, Golden SS. A Hard Day’s 
Night: Cyanobacteria in Diel Cycles. Trends Microbiol. 2019;27: 231–242. doi:10.1016/
j.tim.2018.11.002

37. Anderson SL, McIntosh L. Light-activated heterotrophic growth of the cyanobacterium
Synechocystis sp. strain PCC 6803: a blue-light-requiring process. J Bacteriol. 
1991;173: 2761–2767. doi:10.1128/jb.173.9.2761-2767.1991

38. Kusian B, Sültemeyer D, Bowien B. Carbonic Anhydrase Is Essential for Growth of 
Ralstonia eutropha at Ambient CO2 Concentrations. J Bacteriol. 2002;184: 5018–
5026. doi:10.1128/JB.184.18.5018-5026.2002

39. Pohlmann A, Fricke WF, Reinecke F, Kusian B, Liesegang H, Cramm R, et al. Genome 
sequence of the bioplastic-producing “Knallgas” bacterium Ralstonia eutropha H16. 



82 | BIBLIOGRAPHY

Nat Biotechnol. 2006;24: 1257–1262. doi:10.1038/nbt1244

40. Claassens NJ, Sousa DZ, dos Santos VAPM, de Vos WM, van der Oost J. Harnessing 
the power of microbial autotrophy. Nat Rev Microbiol. 2016;14: 692–706. 
doi:10.1038/nrmicro.2016.130

41. Raza A, Gholami R, Rezaee R, Rasouli V, Rabiei M. Significant aspects of carbon 
capture and storage – A review. Petroleum. 2019;5: 335–340. 
doi:10.1016/j.petlm.2018.12.007

42. Lee RA, Lavoie J-M. From first- to third-generation biofuels: Challenges of producing 
a commodity from a biomass of increasing complexity. Anim Front. 2013;3: 6–11. 
doi:10.2527/af.2013-0010

43. Annual U.S. & World Fuel Ethanol Production. In: Renewable Fuels Association 
[Internet]. [cited 18 Feb 2021]. Available: https://ethanolrfa.org/statistics/annual-
ethanol-production/

44. Havlík P, Schneider UA, Schmid E, Böttcher H, Fritz S, Skalský R, et al. Global land-
use implications of first and second generation biofuel targets. Energy Policy. 2011;39: 
5690–5702. doi:10.1016/j.enpol.2010.03.030

45. Tilman D. Global environmental impacts of agricultural expansion: The need for 
sustainable and efficient practices. Proc Natl Acad Sci. 1999;96: 5995–6000. 
doi:10.1073/pnas.96.11.5995

46. Akinosho H, Yee K, Close D, Ragauskas A. The emergence of Clostridium 
thermocellum as a high utility candidate for consolidated bioprocessing applications. 
Front Chem. 2014;2. doi:10.3389/fchem.2014.00066

47. Alalwan HA, Alminshid AH, Aljaafari HAS. Promising evolution of biofuel generations.
Subject review. Renew Energy Focus. 2019;28: 127–139. doi:10.1016/j.ref.2018.12.006

48. Yu Y, You L, Liu D, Hollinshead W, Tang YJ, Zhang F. Development of synechocystis 
sp. PCC 6803 as a phototrophic cell factory. Mar Drugs. 2013;11: 2894–2916. 
doi:10.3390/md11082894

49. Dexter J, Fu P. Metabolic engineering of cyanobacteria for ethanol production. Energy 
Environ Sci. 2009;2: 857–864. doi:10.1039/B811937F

50. Varman AM, Xiao Y, Pakrasi HB, Tang YJ. Metabolic engineering of Synechocystis sp. 
strain PCC 6803 for isobutanol production. Appl Environ Microbiol. 2013;79: 908–
914. doi:10.1128/AEM.02827-12

51. Joseph A, Aikawa S, Sasaki K, Tsuge Y, Matsuda F, Tanaka T, et al. Utilization of lactic 
acid bacterial genes in Synechocystis sp. PCC 6803 in the production of lactic acid. 
Biosci Biotechnol Biochem. 2013;77: 966–970. doi:10.1271/bbb.120921

52. Nilsson A, Shabestary K, Brandão M, Hudson EP. Environmental impacts and 
limitations of third-generation biobutanol: Life cycle assessment of n-butanol 
produced by genetically engineered cyanobacteria. J Ind Ecol. 2020;24: 205–216. 



BIBLIOGRAPHY | 83

doi:https://doi.org/10.1111/jiec.12843

53. Chen G-Q. A microbial polyhydroxyalkanoates ( PHA ) based bio- and materials 
industry. Chem Soc Rev. 2009;38: 2434–2446. doi:10.1039/B812677C

54. Tian J, Sinskey AJ, Stubbe J. Kinetic Studies of Polyhydroxybutyrate Granule 
Formation in Wautersia eutropha H16 by Transmission Electron Microscopy. J 
Bacteriol. 2005;187: 3814–3824. doi:10.1128/JB.187.11.3814-3824.2005

55. Khanna S, Srivastava AK. Statistical media optimization studies for growth and PHB 
production by Ralstonia eutropha. Process Biochem. 2005;40: 2173–2182. 
doi:10.1016/j.procbio.2004.08.011

56. Raberg M, Volodina E, Lin K, Steinbüchel A. Ralstonia eutropha H16 in progress: 
Applications beside PHAs and establishment as production platform by advanced 
genetic tools. Crit Rev Biotechnol. 2018;38: 494–510. 
doi:10.1080/07388551.2017.1369933

57. Heinrich D, Raberg M, Steinbüchel A. Studies on the aerobic utilization of synthesis 
gas (syngas) by wild type and recombinant strains of Ralstonia eutropha H16. Microb 
Biotechnol. 2017;11: 647–656. doi:10.1111/1751-7915.12873

58. Lan W, Chen G, Zhu X, Wang X, Xu B. Progress in techniques of biomass conversion 
into syngas. J Energy Inst. 2015;88: 151–156. doi:10.1016/j.joei.2014.05.003

59. Grunwald S, Mottet A, Grousseau E, Plassmeier JK, Popović MK, Uribelarrea J-L, et al.
Kinetic and stoichiometric characterization of organoautotrophic growth of Ralstonia 
eutropha on formic acid in fed-batch and continuous cultures. Microb Biotechnol. 
2015;8: 155–163. doi:10.1111/1751-7915.12149

60. Yishai O, Lindner SN, Gonzalez de la Cruz J, Tenenboim H, Bar-Even A. The formate 
bio-economy. Curr Opin Chem Biol. 2016;35: 1–9. doi:10.1016/j.cbpa.2016.07.005

61. Gleizer S, Ben-Nissan R, Bar-On YM, Antonovsky N, Noor E, Zohar Y, et al. 
Conversion of Escherichia coli to Generate All Biomass Carbon from CO2. Cell. 
2019;179: 1255-1263.e12. doi:10.1016/j.cell.2019.11.009

62. Dodd MS, Papineau D, Grenne T, Slack JF, Rittner M, Pirajno F, et al. Evidence for 
early life in Earth’s oldest hydrothermal vent precipitates. Nature. 2017;543: 60–64. 
doi:10.1038/nature21377

63. Canfield DE, Rosing MT, Bjerrum C. Early anaerobic metabolisms. Philos Trans R Soc 
B Biol Sci. 2006;361: 1819–1836. doi:10.1098/rstb.2006.1906

64. Weiss MC, Sousa FL, Mrnjavac N, Neukirchen S, Roettger M, Nelson-Sathi S, et al. The
physiology and habitat of the last universal common ancestor. Nat Microbiol. 2016;1: 
1–8. doi:10.1038/nmicrobiol.2016.116

65. Braakman R, Smith E. The Emergence and Early Evolution of Biological Carbon-
Fixation. PLOS Comput Biol. 2012;8: e1002455. doi:10.1371/journal.pcbi.1002455



84 | BIBLIOGRAPHY

66. Ragsdale SW, Pierce E. Acetogenesis and the Wood-Ljungdahl Pathway of CO2 
Fixation. Biochim Biophys Acta. 2008;1784: 1873–1898. 
doi:10.1016/j.bbapap.2008.08.012

67. Bar-Even A, Noor E, Milo R. A survey of carbon fixation pathways through a 
quantitative lens. J Exp Bot. 2012;63: 2325–2342. doi:10.1093/jxb/err417

68. Mall A, Sobotta J, Huber C, Tschirner C, Kowarschik S, Bačnik K, et al. Reversibility of 
citrate synthase allows autotrophic growth of a thermophilic bacterium. Science. 
2018;359: 563–567. doi:10.1126/science.aao2410

69. Verschueren KHG, Blanchet C, Felix J, Dansercoer A, De Vos D, Bloch Y, et al. 
Structure of ATP citrate lyase and the origin of citrate synthase in the Krebs cycle. 
Nature. 2019;568: 571–575. doi:10.1038/s41586-019-1095-5

70. Sánchez-Andrea I, Guedes IA, Hornung B, Boeren S, Lawson CE, Sousa DZ, et al. The 
reductive glycine pathway allows autotrophic growth of Desulfovibrio desulfuricans. 
Nat Commun. 2020;11: 5090. doi:10.1038/s41467-020-18906-7

71. Huber H, Gallenberger M, Jahn U, Eylert E, Berg IA, Kockelkorn D, et al. A 
dicarboxylate/4-hydroxybutyrate autotrophic carbon assimilation cycle in the 
hyperthermophilic Archaeum Ignicoccus hospitalis. Proc Natl Acad Sci U S A. 
2008;105: 7851–7856. doi:10.1073/pnas.0801043105

72. Berg IA, Kockelkorn D, Buckel W, Fuchs G. A 3-Hydroxypropionate/4-
Hydroxybutyrate Autotrophic Carbon Dioxide Assimilation Pathway in Archaea. 
Science. 2007;318: 1782–1786. doi:10.1126/science.1149976

73. Holo H. Chloroflexus aurantiacus secretes 3-hydroxypropionate, a possible 
intermediate in the assimilation of CO2 and acetate. Arch Microbiol. 1989;151: 252–
256. doi:10.1007/BF00413138

74. Zarzycki J, Brecht V, Müller M, Fuchs G. Identifying the missing steps of the 
autotrophic 3-hydroxypropionate CO2 fixation cycle in Chloroflexus aurantiacus. Proc 
Natl Acad Sci U S A. 2009;106: 21317–21322. doi:10.1073/pnas.0908356106

75. Bar-On YM, Milo R. The global mass and average rate of rubisco. Proc Natl Acad Sci. 
2019;116: 4738–4743. doi:10.1073/pnas.1816654116

76. Raven JA. Rubisco: still the most abundant protein of Earth? New Phytol. 2013;198: 
1–3. doi:10.1111/nph.12197

77. Bassham JA, Benson AA, Calvin M. The path of carbon in photosynthesis. J Biol Chem.
1950;185: 781–787. 

78. Stincone A, Prigione A, Cramer T, Wamelink MMC, Campbell K, Cheung E, et al. The 
return of metabolism: biochemistry and physiology of the pentose phosphate pathway.
Biol Rev. 2015;90: 927–963. doi:10.1111/brv.12140

79. Michelet L, Zaffagnini M, Morisse S, Sparla F, Pérez-Pérez ME, Francia F, et al. Redox 
regulation of the Calvin–Benson cycle: something old, something new. Front Plant Sci.



BIBLIOGRAPHY | 85

2013;4. doi:10.3389/fpls.2013.00470

80. Yan C, Xu X. Bifunctional enzyme FBPase/SBPase is essential for photoautotrophic 
growth in cyanobacterium Synechocystis sp. PCC 6803. Prog Nat Sci. 2008;18: 149–
153. doi:10.1016/j.pnsc.2007.09.003

81. Gütle DD, Roret T, Müller SJ, Couturier J, Lemaire SD, Hecker A, et al. Chloroplast 
FBPase and SBPase are thioredoxin-linked enzymes with similar architecture but 
different evolutionary histories. Proc Natl Acad Sci U S A. 2016;113: 6779–6784. 
doi:10.1073/pnas.1606241113

82. Bauwe H, Hagemann M, Fernie AR. Photorespiration: players, partners and origin. 
Trends Plant Sci. 2010;15: 330–336. doi:10.1016/j.tplants.2010.03.006

83. Rae BD, Long BM, Badger MR, Price GD. Functions, Compositions, and Evolution of 
the Two Types of Carboxysomes: Polyhedral Microcompartments That Facilitate CO2 
Fixation in Cyanobacteria and Some Proteobacteria. Microbiol Mol Biol Rev. 2013;77: 
357–379. doi:10.1128/MMBR.00061-12

84. Gai CS, Lu J, Brigham CJ, Bernardi AC, Sinskey AJ. Insights into bacterial CO2 
metabolism revealed by the characterization of four carbonic anhydrases in Ralstonia 
eutropha H16. AMB Express. 2014;4: 2. doi:10.1186/2191-0855-4-2

85. Mangan NM, Flamholz A, Hood RD, Milo R, Savage DF. pH determines the energetic 
efficiency of the cyanobacterial CO2 concentrating mechanism. Proc Natl Acad Sci. 
2016;113: 5354–5362. doi:10.1073/pnas.1525145113

86. Cheung CYM, Ratcliffe RG, Sweetlove LJ. A Method of Accounting for Enzyme Costs in
Flux Balance Analysis Reveals Alternative Pathways and Metabolite Stores in an 
Illuminated Arabidopsis Leaf. Plant Physiol. 2015;169: 1671–1682. 
doi:10.1104/pp.15.00880

87. Frolov EN, Kublanov IV, Toshchakov SV, Lunev EA, Pimenov NV, Bonch-
Osmolovskaya EA, et al. Form III RubisCO-mediated transaldolase variant of the 
Calvin cycle in a chemolithoautotrophic bacterium. Proc Natl Acad Sci. 2019;116: 
18638–18646. doi:10.1073/pnas.1904225116

88. Nisbet EG, Grassineau NV, Howe CJ, Abell PI, Regelous M, Nisbet RER. The age of 
Rubisco: the evolution of oxygenic photosynthesis. Geobiology. 2007;5: 311–335. 
doi:10.1111/j.1472-4669.2007.00127.x

89. Warke MR, Di Rocco T, Zerkle AL, Lepland A, Prave AR, Martin AP, et al. The Great 
Oxidation Event preceded a Paleoproterozoic “snowball Earth.” Proc Natl Acad Sci U S 
A. 2020;117: 13314–13320. doi:10.1073/pnas.2003090117

90. Ashida H, Saito Y, Nakano T, Tandeau de Marsac N, Sekowska A, Danchin A, et al. 
RuBisCO-like proteins as the enolase enzyme in the methionine salvage pathway: 
functional and evolutionary relationships between RuBisCO-like proteins and 
photosynthetic RuBisCO. J Exp Bot. 2008;59: 1543–1554. doi:10.1093/jxb/ern104

91. Ashida H, Saito Y, Kojima C, Kobayashi K, Ogasawara N, Yokota A. A Functional Link 



86 | BIBLIOGRAPHY

Between RuBisCO-like Protein of Bacillus and Photosynthetic RuBisCO. Science. 
2003;302: 286–290. doi:10.1126/science.1086997

92. Badger MR, Bek EJ. Multiple Rubisco forms in proteobacteria: their functional 
significance in relation to CO2 acquisition by the CBB cycle. J Exp Bot. 2008;59: 1525–
1541. doi:10.1093/jxb/erm297

93. Hanson TE, Tabita FR. A ribulose-1,5-bisphosphate carboxylase/oxygenase 
(RubisCO)-like protein from Chlorobium tepidum that is involved with sulfur 
metabolism and the response to oxidative stress. Proc Natl Acad Sci U S A. 2001;98: 
4397–4402. doi:10.1073/pnas.081610398

94. Kacar B, Hanson Smith V, Adam ZR, Boekelheide N. Constraining the timing of the ‐

Great Oxidation Event within the Rubisco phylogenetic tree. Geobiology. 2017;15: 
628–640. doi:10.1111/gbi.12243

95. Erb TJ, Zarzycki J. A short history of RubisCO: the rise and fall (?) of Nature’s 
predominant CO2 fixing enzyme. Curr Opin Biotechnol. 2018;49: 100–107. 
doi:10.1016/j.copbio.2017.07.017

96. Whitney SM, Houtz RL, Alonso H. Advancing Our Understanding and Capacity to 
Engineer Nature’s CO2-Sequestering Enzyme, Rubisco. Plant Physiol. 2011;155: 27–
35. doi:10.1104/pp.110.164814

97. Antonovsky N, Gleizer S, Noor E, Zohar Y, Herz E, Barenholz U, et al. Sugar Synthesis 
from CO2 in Escherichia coli. Cell. 2016;166: 115–125. doi:10.1016/j.cell.2016.05.064

98. Herz E, Antonovsky N, Bar-On Y, Davidi D, Gleizer S, Prywes N, et al. The genetic 
basis for the adaptation of E. coli to sugar synthesis from CO 2. Nat Commun. 2017;8: 
1705. doi:10.1038/s41467-017-01835-3

99. Gassler T, Sauer M, Gasser B, Egermeier M, Troyer C, Causon T, et al. The industrial 
yeast Pichia pastoris is converted from a heterotroph into an autotroph capable of 
growth on CO2. Nat Biotechnol. 2020;38: 210–216. doi:10.1038/s41587-019-0363-0

100. Delwiche CF, Palmer JD. Rampant horizontal transfer and duplication of rubisco 
genes in eubacteria and plastids. Mol Biol Evol. 1996;13: 873–882. 
doi:10.1093/oxfordjournals.molbev.a025647

101. Paoli GC, Soyer F, Shively J, Tabita FR. Rhodobacter capsulatus genes encoding form I
ribulose-1,5-bisphosphate carboxylase/oxygenase (cbbLS) and neighbouring genes 
were acquired by a horizontal gene transfer. Microbiology,. 1998;144: 219–227. 
doi:10.1099/00221287-144-1-219

102. Guo X, Yin H, Cong J, Dai Z, Liang Y, Liu X. RubisCO Gene Clusters Found in a 
Metagenome Microarray from Acid Mine Drainage. Appl Environ Microbiol. 2013;79: 
2019–2026. doi:10.1128/AEM.03400-12

103. Jaffe AL, Castelle CJ, Dupont CL, Banfield JF. Lateral Gene Transfer Shapes the 
Distribution of RuBisCO among Candidate Phyla Radiation Bacteria and DPANN 
Archaea. Mol Biol Evol. 2019;36: 435–446. doi:10.1093/molbev/msy234



BIBLIOGRAPHY | 87

104. Chen P-H, Liu H-L, Chen Y-J, Cheng Y-H, Lin W-L, Yeh C-H, et al. Enhancing CO2 
bio-mitigation by genetic engineering of cyanobacteria. Energy Environ Sci. 2012;5: 
8318–8327. doi:10.1039/C2EE21124F

105. Marx V. The big challenges of big data. Nature. 2013;498: 255–260. 
doi:10.1038/498255a

106. Schneider ED, Kay JJ. Life as a manifestation of the second law of thermodynamics. 
Math Comput Model. 1994;19: 25–48. doi:10.1016/0895-7177(94)90188-0

107. Alberty RA. Biochemical thermodynamics: Applications of mathematica. Biochem 
Thermodyn. 2006; 1–464. doi:10.1002/047003646X

108. Noor E, Haraldsdóttir HS, Milo R, Fleming RMT. Consistent Estimation of Gibbs 
Energy Using Component Contributions. PLoS Comput Biol. 2013;9. 
doi:10.1371/journal.pcbi.1003098

109. Noor E, Bar-Even A, Flamholz A, Reznik E, Liebermeister W, Milo R. Pathway 
Thermodynamics Highlights Kinetic Obstacles in Central Metabolism. PLoS Comput 
Biol. 2014;10: 1–11. doi:10.1371/journal.pcbi.1003483

110. Kümmel A, Panke S, Heinemann M. Putative regulatory sites unraveled by network-
embedded thermodynamic analysis of metabolome data. Mol Syst Biol. 2006;2: 
2006.0034. doi:10.1038/msb4100074

111. Henry CS, Broadbelt LJ, Hatzimanikatis V. Thermodynamics-based metabolic flux 
analysis. Biophys J. 2007;92: 1792–1805. doi:10.1529/biophysj.106.093138

112. Maarleveld TR, Khandelwal RA, Olivier BG, Teusink B, Bruggeman FJ. Basic concepts 
and principles of stoichiometric modeling of metabolic networks. Biotechnol J. 2013;8:
997–1008. doi:10.1002/biot.201200291

113. King ZA, Lu J, Dräger A, Miller P, Federowicz S, Lerman JA, et al. BiGG Models: A 
platform for integrating, standardizing and sharing genome-scale models. Nucleic 
Acids Res. 2016;44: D515–D522. doi:10.1093/nar/gkv1049

114. Dai Z, Locasale JW. Understanding metabolism with flux analysis: from theory to 
application. Metab Eng. 2017;43: 94–102. doi:10.1016/j.ymben.2016.09.005

115. Fu Y, Yoon JM, Jarboe L, Shanks JV. Metabolic flux analysis of Escherichia coli 
MG1655 under octanoic acid (C8) stress. Appl Microbiol Biotechnol. 2015;99: 4397–
4408. doi:10.1007/s00253-015-6387-6

116. Orth JD, Thiele I, Palsson BO. What is flux balance analysis? Nat Publ Group. 
2010;28: 245–248. doi:10.1038/nbt.1614

117. Harcombe WR, Delaney NF, Leiby N, Klitgord N, Marx CJ. The Ability of Flux Balance 
Analysis to Predict Evolution of Central Metabolism Scales with the Initial Distance to 
the Optimum. PLOS Comput Biol. 2013;9: e1003091. 
doi:10.1371/journal.pcbi.1003091



88 | BIBLIOGRAPHY

118. Müller AC, Bockmayr A. Fast thermodynamically constrained flux variability analysis. 
Bioinformatics. 2013;29: 903–909. doi:10.1093/bioinformatics/btt059

119. Klamt S, Stelling JO. Two approaches for metabolic pathway analysis? Trends 
Biotechnol. 2003;21: 64–69. doi:10.1016/S0167-7799(02)00034-3

120. Li C, Henry CS, Jankowski MD, Ionita JA, Hatzimanikatis V, Broadbelt LJ. 
Computational discovery of biochemical routes to specialty chemicals. Chem Eng Sci. 
2004;59: 5051–5060. doi:10.1016/j.ces.2004.09.021

121. Carbonell P, Fichera D, Pandit SB, Faulon J-L. Enumerating metabolic pathways for 
the production of heterologous target chemicals in chassis organisms. BMC Syst Biol. 
2012;6: 10. doi:10.1186/1752-0509-6-10

122. Hatzimanikatis V, Li C, Ionita JA, Henry CS, Jankowski MD, Broadbelt LJ. Exploring 
the diversity of complex metabolic networks. Bioinformatics. 2005;21: 1603–1609. 
doi:10.1093/bioinformatics/bti213

123. Khodayari A, Maranas CD. A genome-scale Escherichia coli kinetic metabolic model k-
ecoli457 satisfying flux data for multiple mutant strains. Nat Commun. 2016;7: 13806. 
doi:10.1038/ncomms13806

124. Saa PA, Nielsen LK. Formulation, construction and analysis of kinetic models of 
metabolism: A review of modelling frameworks. Biotechnol Adv. 2017;35: 981–1003. 
doi:10.1016/j.biotechadv.2017.09.005

125. Mišković L, Hatzimanikatis V. Modeling of uncertainties in biochemical reactions. 
Biotechnol Bioeng. 2011;108: 413–423. doi:10.1002/bit.22932

126. Wetmore KM, Price MN, Waters RJ, Lamson JS, He J, Hoover CA, et al. Rapid 
Quantification of Mutant Fitness in Diverse Bacteria by Sequencing Randomly Bar-
Coded Transposons. mBio. 2015;6. doi:10.1128/mBio.00306-15

127. Mutalik VK, Novichkov PS, Price MN, Owens TK, Callaghan M, Carim S, et al. Dual-
barcoded shotgun expression library sequencing for high-throughput characterization 
of functional traits in bacteria. Nat Commun. 2019;10: 308. doi:10.1038/s41467-018-
08177-8

128. Finn RD, Bateman A, Clements J, Coggill P, Eberhardt RY, Eddy SR, et al. Pfam: the 
protein families database. Nucleic Acids Res. 2014;42: D222–D230. 
doi:10.1093/nar/gkt1223

129. Ryu JY, Kim HU, Lee SY. Deep learning enables high-quality and high-throughput 
prediction of enzyme commission numbers. Proc Natl Acad Sci U S A. 2019;116: 
13996–14001. doi:10.1073/pnas.1821905116

130. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for 
RNA-seq data with DESeq2. Genome Biol. 2014;15: 550. doi:10.1186/s13059-014-
0550-8

131. Vicente-Saez R, Martinez-Fuentes C. Open Science now: A systematic literature review



BIBLIOGRAPHY | 89

for an integrated definition. J Bus Res. 2018;88: 428–436. 
doi:10.1016/j.jbusres.2017.12.043

132. Jeffryes JG, Colastani RL, Elbadawi-Sidhu M, Kind T, Niehaus TD, Broadbelt LJ, et al. 
MINEs: open access databases of computationally predicted enzyme promiscuity 
products for untargeted metabolomics. J Cheminformatics. 2015;7: 44. 
doi:10.1186/s13321-015-0087-1

133. Brar GA, Weissman JS. Ribosome profiling reveals the what, when, where and how of 
protein synthesis. Nat Rev Mol Cell Biol. 2015;16: 651–664. doi:10.1038/nrm4069

134. Becker AH, Oh E, Weissman JS, Kramer G, Bukau B. Selective ribosome profiling as a 
tool for studying the interaction of chaperones and targeting factors with nascent 
polypeptide chains and ribosomes. Nat Protoc. 2013;8: 2212–2239. 
doi:10.1038/nprot.2013.133

135. Yao L, Shabestary K, Björk SM, Asplund-Samuelsson J, Joensson HN, Jahn M, et al. 
Pooled CRISPRi screening of the cyanobacterium Synechocystis sp PCC 6803 for 
enhanced industrial phenotypes. Nat Commun. 2020;11: 1666. doi:10.1038/s41467-
020-15491-7

136. Guo AC, Jewison T, Wilson M, Liu Y, Knox C, Djoumbou Y, et al. ECMDB: The E. coli 
Metabolome Database. Nucleic Acids Res. 2013;41: D625–D630. 
doi:10.1093/nar/gks992

137. Sajed T, Marcu A, Ramirez M, Pon A, Guo AC, Knox C, et al. ECMDB 2.0: A richer 
resource for understanding the biochemistry of E. coli. Nucleic Acids Res. 2016;44: 
D495–501. doi:10.1093/nar/gkv1060

138. Dempo Y, Ohta E, Nakayama Y, Bamba T, Fukusaki E. Molar-based targeted metabolic
profiling of cyanobacterial strains with potential for biological production. 
Metabolites. 2014;4: 499–516. doi:10.3390/metabo4020499

139. Hasunuma T, Kikuyama F, Matsuda M, Aikawa S, Izumi Y, Kondo A. Dynamic 
metabolic profiling of cyanobacterial glycogen biosynthesis under conditions of nitrate 
depletion. J Exp Bot. 2013;64: 2943–2954. doi:10.1093/jxb/ert134

140. Shastri AA, Morgan JA. A transient isotopic labeling methodology for 13C metabolic 
flux analysis of photoautotrophic microorganisms. Phytochemistry. 2007;68: 2302–
2312. doi:10.1016/j.phytochem.2007.03.042

141. Yoshikawa K, Hirasawa T, Ogawa K, Hidaka Y, Nakajima T, Furusawa C, et al. 
Integrated transcriptomic and metabolomic analysis of the central metabolism of 
Synechocystis sp. PCC 6803 under different trophic conditions. Biotechnol J. 2013;8: 
571–580. doi:10.1002/biot.201200235

142. Flamholz A, Noor E, Bar-Even A, Milo R. eQuilibrator—the biochemical 
thermodynamics calculator. Nucleic Acids Res. 2012;40: D770–D775. 
doi:10.1093/nar/gkr874

143. Zamboni N, Kümmel A, Heinemann M. anNET: a tool for network-embedded 



90 | BIBLIOGRAPHY

thermodynamic analysis of quantitative metabolome data. BMC Bioinformatics. 
2008;9: 199. doi:10.1186/1471-2105-9-199

144. Young JD, Shastri AA, Stephanopoulos G, Morgan JA. Mapping photoautotrophic 
metabolism with isotopically nonstationary 13C flux analysis. Metab Eng. 2011;13: 
656–665. doi:10.1016/j.ymben.2011.08.002

145. You L, Berla B, He L, Pakrasi HB, Tang YJ. 13C-MFA delineates the photomixotrophic 
metabolism of Synechocystis sp. PCC 6803 under light- and carbon-sufficient 
conditions. Biotechnol J. 2014;9: 684–692. doi:10.1002/biot.201300477

146. Gopalakrishnan S, Pakrasi HB, Maranas CD. Elucidation of photoautotrophic carbon 
flux topology in Synechocystis PCC 6803 using genome-scale carbon mapping models. 
Metab Eng. 2018;47: 190–199. doi:10.1016/j.ymben.2018.03.008

147. Steinhauser D, Fernie AR, Araújo WL. Unusual cyanobacterial TCA cycles: not broken 
just different. Trends Plant Sci. 2012;17: 503–509. doi:10.1016/j.tplants.2012.05.005

148. Hudson AO, Singh BK, Leustek T, Gilvarg C. An LL-diaminopimelate 
aminotransferase defines a novel variant of the lysine biosynthesis pathway in plants. 
Plant Physiol. 2006;140: 292–301. doi:10.1104/pp.105.072629

149. Knoop H, Gründel M, Zilliges Y, Lehmann R, Hoffmann S, Lockau W, et al. Flux 
Balance Analysis of Cyanobacterial Metabolism: The Metabolic Network of 
Synechocystis sp. PCC 6803. PLoS Comput Biol. 2013;9. 
doi:10.1371/journal.pcbi.1003081

150. Muro-Pastor MI, Reyes JC, Florencio FJ. Cyanobacteria Perceive Nitrogen Status by 
Sensing Intracellular 2-Oxoglutarate Levels. J Biol Chem. 2001;276: 38320–38328. 
doi:10.1074/jbc.M105297200

151. Schwarz D, Orf I, Kopka J, Hagemann M. Effects of Inorganic Carbon Limitation on 
the Metabolome of the Synechocystis sp. PCC 6803 Mutant Defective in glnB Encoding
the Central Regulator PII of Cyanobacterial C/N Acclimation. Metabolites. 2014;4: 
232–47. doi:10.3390/metabo4020232

152. Vázquez-Bermúdez MF, Herrero A, Flores E. Uptake of 2-Oxoglutarate 
inSynechococcus Strains Transformed with the Escherichia coli kgtP Gene. J Bacteriol.
2000;182: 211–215. doi:10.1128/JB.182.1.211-215.2000

153. Laurent S, Chen H, Bédu S, Ziarelli F, Peng L, Zhang C-C. Nonmetabolizable analogue 
of 2-oxoglutarate elicits heterocyst differentiation under repressive conditions in 
Anabaena sp. PCC 7120. Proc Natl Acad Sci U S A. 2005;102: 9907–9912. doi:10.1073/
pnas.0502337102

154. Doucette CD, Schwab DJ, Wingreen NS, Rabinowitz JD. α-ketoglutarate coordinates 
carbon and nitrogen utilization via enzyme I inhibition. Nat Chem Biol. 2011;7: 894–
901. doi:10.1038/nchembio.685

155. Montesinos ML, Herrero A, Flores E. Amino acid transport in taxonomically diverse 
cyanobacteria and identification of two genes encoding elements of a neutral amino 



BIBLIOGRAPHY | 91

acid permease putatively involved in recapture of leaked hydrophobic amino acids. J 
Bacteriol. 1997;179: 853–62. 

156. Tran LM, Rizk ML, Liao JC. Ensemble Modeling of Metabolic Networks. Biophys J. 
2008;95: 5606–5617. doi:10.1529/biophysj.108.135442

157. Theisen MK, Rivera JGL, Liao JC. Stability of Ensemble Models Predicts Productivity 
of Enzymatic Systems. PLOS Comput Biol. 2016;12: e1004800. 
doi:10.1371/journal.pcbi.1004800

158. Girbig D, Grimbs S, Selbig J. Systematic Analysis of Stability Patterns in Plant Primary
Metabolism. PLOS ONE. 2012;7: e34686. doi:10.1371/journal.pone.0034686

159. Wang D, Zhang Y, Pohlmann EL, Li J, Roberts GP. The Poor Growth of 
Rhodospirillum rubrum Mutants Lacking RubisCO Is Due to the Accumulation of 
Ribulose-1,5-Bisphosphate. J Bacteriol. 2011;193: 3293–3303. doi:10.1128/JB.00265-
11

160. Kanno M, Carroll AL, Atsumi S. Global metabolic rewiring for improved CO2 fixation 
and chemical production in cyanobacteria. Nat Commun. 2017;8: 14724. doi:10.1038/
ncomms14724

161. Donati S, Kuntz M, Pahl V, Farke N, Beuter D, Glatter T, et al. Multi-omics Analysis of 
CRISPRi-Knockdowns Identifies Mechanisms that Buffer Decreases of Enzymes in 
E. coli Metabolism. Cell Syst. 2021;12: 56-67.e6. doi:10.1016/j.cels.2020.10.011

162. Barenholz U, Davidi D, Reznik E, Bar-On Y, Antonovsky N, Noor E, et al. Design 
principles of autocatalytic cycles constrain enzyme kinetics and force low substrate 
saturation at flux branch points. Segre D, editor. eLife. 2017;6: e20667. 
doi:10.7554/eLife.20667

163. Reder C. Metabolic control theory: a structural approach. J Theor Biol. 1988;135: 175–
201. doi:10.1016/s0022-5193(88)80073-0

164. Murabito E, Verma M, Bekker M, Bellomo D, Westerhoff HV, Teusink B, et al. Monte-
Carlo Modeling of the Central Carbon Metabolism of Lactococcus lactis: Insights into 
Metabolic Regulation. PLOS ONE. 2014;9: e106453. 
doi:10.1371/journal.pone.0106453

165. Stephanopoulos G, Aristidou A, Nielsen J. Metabolic control analysis. Metabolic 
engineering: principles and methodologies. New York: Academic Press; pp. 461–533. 

166. Anfelt J, Kaczmarzyk D, Shabestary K, Renberg B, Rockberg J, Nielsen J, et al. Genetic
and nutrient modulation of acetyl-CoA levels in Synechocystis for n-butanol 
production. Microb Cell Factories. 2015;14: 167. doi:10.1186/s12934-015-0355-9

167. Liang F, Lindblad P. Effects of overexpressing photosynthetic carbon flux control 
enzymes in the cyanobacterium Synechocystis PCC 6803. Metab Eng. 2016;38: 56–64.
doi:10.1016/j.ymben.2016.06.005

168. De Porcellinis AJ, Nørgaard H, Brey LMF, Erstad SM, Jones PR, Heazlewood JL, et al. 



92 | BIBLIOGRAPHY

Overexpression of bifunctional fructose-1,6-bisphosphatase/sedoheptulose-1,7-
bisphosphatase leads to enhanced photosynthesis and global reprogramming of 
carbon metabolism in Synechococcus sp. PCC 7002. Metab Eng. 2018;47: 170–183. 
doi:10.1016/j.ymben.2018.03.001

169. Yamamoto H, Wittek D, Gupta R, Qin B, Ueda T, Krause R, et al. 70S-scanning 
initiation is a novel and frequent initiation mode of ribosomal translation in bacteria. 
Proc Natl Acad Sci. 2016;113: E1180–E1189. doi:10.1073/pnas.1524554113

170. Singh AK, Sherman LA. Characterization of a stress-responsive operon in the 
cyanobacterium Synechocystis sp. strain PCC 6803. Gene. 2002;297: 11–19. 
doi:10.1016/S0378-1119(02)00888-0

171. Jiang H-B, Song W-Y, Cheng H-M, Qiu B-S. The hypothetical protein Ycf46 is involved
in regulation of CO 2 utilization in the cyanobacterium Synechocystis sp. PCC 6803. 
Planta. 2015;241: 145–155. doi:10.1007/s00425-014-2169-0

172. Schwartz E, Henne A, Cramm R, Eitinger T, Friedrich B, Gottschalk G. Complete 
nucleotide sequence of pHG1: a Ralstonia eutropha H16 megaplasmid encoding key 
enzymes of H(2)-based ithoautotrophy and anaerobiosis. J Mol Biol. 2003;332: 369–
383. doi:10.1016/s0022-2836(03)00894-5

173. Fuhrmann S, Ferner M, Jeffke T, Henne A, Gottschalk G, Meyer O. Complete 
nucleotide sequence of the circular megaplasmid pHCG3 of Oligotropha 
carboxidovorans: function in the chemolithoautotrophic utilization of CO, H(2) and 
CO(2). Gene. 2003;322: 67–75. doi:10.1016/j.gene.2003.08.027

174. Kono T, Mehrotra S, Endo C, Kizu N, Matusda M, Kimura H, et al. A RuBisCO-
mediated carbon metabolic pathway in methanogenic archaea. Nat Commun. 2017;8: 
14007. doi:10.1038/ncomms14007

175. Kusian B, Bowien B. Organization and regulation of cbb CO2 assimilation genes in 
autotrophic bacteria. FEMS Microbiol Rev. 1997;21: 135–155. doi:10.1111/j.1574-
6976.1997.tb00348.x

176. Price MN, Huang KH, Arkin AP, Alm EJ. Operon formation is driven by co-regulation 
and not by horizontal gene transfer. Genome Res. 2005;15: 809–819. 
doi:10.1101/gr.3368805

177. Jablonsky J, Hagemann M, Schwarz D, Wolkenhauer O. Phosphoglycerate Mutases 
Function as Reverse Regulated Isoenzymes in Synechococcus elongatus PCC 7942. 
PLOS ONE. 2013;8: e58281. doi:10.1371/journal.pone.0058281

178. Cano M, Holland SC, Artier J, Burnap RL, Ghirardi M, Morgan JA, et al. Glycogen 
Synthesis and Metabolite Overflow Contribute to Energy Balancing in Cyanobacteria. 
Cell Rep. 2018;23: 667–672. doi:10.1016/j.celrep.2018.03.083

179. Makowka A, Nichelmann L, Schulze D, Spengler K, Wittmann C, Forchhammer K, et 
al. Glycolytic Shunts Replenish the Calvin–Benson–Bassham Cycle as Anaplerotic 
Reactions in Cyanobacteria. Mol Plant. 2020;13: 471–482. 
doi:10.1016/j.molp.2020.02.002



BIBLIOGRAPHY | 93

180. Light SH, Anderson WF. Arabinose 5-phosphate covalently inhibits transaldolase. J 
Struct Funct Genomics. 2014;15: 41–44. doi:10.1007/s10969-014-9174-1

181. Zhang R, Andersson CE, Savchenko A, Skarina T, Evdokimova E, Beasley S, et al. 
Structure of Escherichia coli Ribose-5-Phosphate Isomerase: A Ubiquitous Enzyme of 
the Pentose Phosphate Pathway and the Calvin Cycle. Structure. 2003;11: 31–42. 
doi:10.1016/S0969-2126(02)00933-4

182. Hadadi N, MohammadiPeyhani H, Miskovic L, Seijo M, Hatzimanikatis V. Enzyme 
annotation for orphan and novel reactions using knowledge of substrate reactive sites. 
Proc Natl Acad Sci. 2019;116: 7298–7307. doi:10.1073/pnas.1818877116

183. Reed JL, Vo TD, Schilling CH, Palsson BO. An expanded genome-scale model of 
Escherichia coli K-12 (iJR904 GSM/GPR). Genome Biol. 2003;4: R54. doi:10.1186/gb-
2003-4-9-r54

184. Amann R, Rosselló-Móra R. After All, Only Millions? mBio. 2016;7. 
doi:10.1128/mBio.00999-16

185. Leroy F, De Vuyst L. Lactic acid bacteria as functional starter cultures for the food 
fermentation industry. Trends Food Sci Technol. 2004;15: 67–78. 
doi:10.1016/j.tifs.2003.09.004

186. Hermann T. Industrial production of amino acids by coryneform bacteria. J 
Biotechnol. 2003;104: 155–172. doi:10.1016/S0168-1656(03)00149-4

187. Ezeji TC, Qureshi N, Blaschek HP. Bioproduction of butanol from biomass: from genes
to bioreactors. Curr Opin Biotechnol. 2007;18: 220–227. 
doi:10.1016/j.copbio.2007.04.002

188. de Lima Procópio RE, da Silva IR, Martins MK, de Azevedo JL, de Araújo JM. 
Antibiotics produced by Streptomyces. Braz J Infect Dis. 2012;16: 466–471. 
doi:10.1016/j.bjid.2012.08.014

189. Ayangbenro AS, Babalola OO. A New Strategy for Heavy Metal Polluted Environments:
A Review of Microbial Biosorbents. Int J Environ Res Public Health. 2017;14: 94. 
doi:10.3390/ijerph14010094

190. Schmidt I, Sliekers O, Schmid M, Bock E, Fuerst J, Kuenen JG, et al. New concepts of 
microbial treatment processes for the nitrogen removal in wastewater. FEMS 
Microbiol Rev. 2003;27: 481–492. doi:10.1016/S0168-6445(03)00039-1

191. Singh BK. Exploring microbial diversity for biotechnology: the way forward. Trends 
Biotechnol. 2010;28: 111–116. doi:10.1016/j.tibtech.2009.11.006

192. Davidi D, Shamshoum M, Guo Z, Bar-On YM, Prywes N, Oz A, et al. Highly active 
rubiscos discovered by systematic interrogation of natural sequence diversity. EMBO 
J. 2020;39: e104081. doi:10.15252/embj.2019104081

193. Larson MH, Gilbert LA, Wang X, Lim WA, Weissman JS, Qi LS. CRISPR interference 
(CRISPRi) for sequence-specific control of gene expression. Nat Protoc. 2013;8: 2180–



94 | BIBLIOGRAPHY

2196. doi:10.1038/nprot.2013.132

194. Price MN, Wetmore KM, Waters RJ, Callaghan M, Ray J, Liu H, et al. Mutant 
phenotypes for thousands of bacterial genes of unknown function. Nature. 2018;557: 
503. doi:10.1038/s41586-018-0124-0

195. Dragosits M, Mattanovich D. Adaptive laboratory evolution – principles and 
applications for biotechnology. Microb Cell Factories. 2013;12: 64. doi:10.1186/1475-
2859-12-64

196. King RD, Liakata M, Lu C, Oliver SG, Soldatova LN. On the formalization and reuse of 
scientific research. J R Soc Interface. 2011;8: 1440–1448. doi:10.1098/rsif.2011.0029

197. Kitano H. Artificial Intelligence to Win the Nobel Prize and Beyond: Creating the 
Engine for Scientific Discovery. AI Mag. 2016;37: 39–49. 
doi:10.1609/aimag.v37i1.2642

198. Holowko MB, Frow EK, Reid JC, Rourke M, Vickers CE. Building A Biofoundry. Synth 
Biol. [cited 12 Feb 2021]. doi:10.1093/synbio/ysaa026

199. Nielsen AAK, Der BS, Shin J, Vaidyanathan P, Paralanov V, Strychalski EA, et al. 
Genetic circuit design automation. Science. 2016;352. doi:10.1126/science.aac7341

200. Netz RR, Eaton WA. Estimating computational limits on theoretical descriptions of 
biological cells. Proc Natl Acad Sci. 2021;118. doi:10.1073/pnas.2022753118

201. Yang KK, Wu Z, Arnold FH. Machine-learning-guided directed evolution for protein 
engineering. Nat Methods. 2019;16: 687–694. doi:10.1038/s41592-019-0496-6

202. Hendry JI, Gopalakrishnan S, Ungerer J, Pakrasi HB, Tang YJ, Maranas CD. Genome-
Scale Fluxome of Synechococcus elongatus UTEX 2973 Using Transient 13C-Labeling 
Data. Plant Physiol. 2019;179: 761–769. doi:10.1104/pp.18.01357

203. Rubin BE, Wetmore KM, Price MN, Diamond S, Shultzaberger RK, Lowe LC, et al. The
essential gene set of a photosynthetic organism. Proc Natl Acad Sci U S A. 2015;112: 
E6634–E6643. doi:10.1073/pnas.1519220112

204. Orthwein T, Scholl J, Spät P, Lucius S, Koch M, Macek B, et al. The novel PII-
interactor PirC identifies phosphoglycerate mutase as key control point of carbon 
storage metabolism in cyanobacteria. Proc Natl Acad Sci. 2021;118. 
doi:10.1073/pnas.2019988118

205. Piazza I, Kochanowski K, Cappelletti V, Fuhrer T, Noor E, Sauer U, et al. A Map of 
Protein-Metabolite Interactions Reveals Principles of Chemical Communication. Cell. 
2018;172: 358-372.e23. doi:10.1016/j.cell.2017.12.006

206. Lim YT, Prabhu N, Dai L, Go KD, Chen D, Sreekumar L, et al. An efficient proteome-
wide strategy for discovery and characterization of cellular nucleotide-protein 
interactions. PLOS ONE. 2018;13: e0208273. doi:10.1371/journal.pone.0208273

207. Liu F, Vilaça P, Rocha I, Rocha M. Development and application of efficient pathway 



BIBLIOGRAPHY | 95

enumeration algorithms for metabolic engineering applications. Comput Methods 
Programs Biomed. 2015;118: 134–146. doi:10.1016/j.cmpb.2014.11.010

208. Carbonell P, Parutto P, Herisson J, Pandit SB, Faulon JL. XTMS: Pathway design in an
eXTended metabolic space. Nucleic Acids Res. 2014;42: 389–394. 
doi:10.1093/nar/gku362

209. Megchelenbrink W, Huynen M, Marchiori E. optGpSampler: An Improved Tool for 
Uniformly Sampling the Solution-Space of Genome-Scale Metabolic Networks. PLOS 
ONE. 2014;9: e86587. doi:10.1371/journal.pone.0086587

210. Schwander T, Schada von Borzyskowski L, Burgener S, Cortina NS, Erb TJ. A synthetic
pathway for the fixation of carbon dioxide in vitro. Science. 2016;354: 900–904. 
doi:10.1126/science.aah5237

211. Hadadi N, Hatzimanikatis V. Design of computational retrobiosynthesis tools for the 
design of de novo synthetic pathways. Curr Opin Chem Biol. 2015;28: 99–104. 
doi:10.1016/j.cbpa.2015.06.025

212. Miller TE, Beneyton T, Schwander T, Diehl C, Girault M, McLean R, et al. Light-
powered CO2 fixation in a chloroplast mimic with natural and synthetic parts. Science.
2020;368: 649–654. doi:10.1126/science.aaz6802

213. Jones PR. Genetic Instability in Cyanobacteria – An Elephant in the Room? Front 
Bioeng Biotechnol. 2014;2. doi:10.3389/fbioe.2014.00012

214. Mukhopadhyay A. Tolerance engineering in bacteria for the production of advanced 
biofuels and chemicals. Trends Microbiol. 2015;23: 498–508. 
doi:10.1016/j.tim.2015.04.008

215. Mueller TJ, Ungerer JL, Pakrasi HB, Maranas CD. Identifying the Metabolic 
Differences of a Fast-Growth Phenotype in Synechococcus UTEX 2973. Sci Rep. 
2017;7: 41569. doi:10.1038/srep41569

216. Jahn M, Vialas V, Karlsen J, Maddalo G, Edfors F, Forsström B, et al. Growth of 
Cyanobacteria Is Constrained by the Abundance of Light and Carbon Assimilation 
Proteins. Cell Rep. 2018;25: 478-486.e8. doi:10.1016/j.celrep.2018.09.040

217. Phillips R, Milo R. » What is the macromolecular composition of the cell? [cited 16 Feb
2021]. Available: http://book.bionumbers.org/what-is-the-macromolecular-
composition-of-the-cell/

218. Bar-Even A, Noor E, Lewis NE, Milo R. Design and analysis of synthetic carbon 
fixation pathways. Proc Natl Acad Sci. 2010;107: 8889–8894. 
doi:10.1073/pnas.0907176107

219. Scheffen M, Marchal DG, Beneyton T, Schuller SK, Klose M, Diehl C, et al. A new-to-
nature carboxylation module to improve natural and synthetic CO 2 fixation. Nat 
Catal. 2021;4: 105–115. doi:10.1038/s41929-020-00557-y

220. Hu P, Chakraborty S, Kumar A, Woolston B, Liu H, Emerson D, et al. Integrated 



96 | BIBLIOGRAPHY

bioprocess for conversion of gaseous substrates to liquids. Proc Natl Acad Sci. 
2016;113: 3773–3778. doi:10.1073/pnas.1516867113

221. Weiss TL, Young EJ, Ducat DC. A synthetic, light-driven consortium of cyanobacteria 
and heterotrophic bacteria enables stable polyhydroxybutyrate production. Metab Eng.
2017;44: 236–245. doi:10.1016/j.ymben.2017.10.009

222. Zhang L, Chen L, Diao J, Song X, Shi M, Zhang W. Construction and analysis of an 
artificial consortium based on the fast-growing cyanobacterium Synechococcus 
elongatus UTEX 2973 to produce the platform chemical 3-hydroxypropionic acid from 
CO2. Biotechnol Biofuels. 2020;13: 82. doi:10.1186/s13068-020-01720-0

223. Perez-Garcia O, Lear G, Singhal N. Metabolic Network Modeling of Microbial 
Interactions in Natural and Engineered Environmental Systems. Front Microbiol. 
2016;7. doi:10.3389/fmicb.2016.00673

224. Schirrmeister BE, Gugger M, Donoghue PCJ. Cyanobacteria and the Great Oxidation 
Event: evidence from genes and fossils. Palaeontology. 2015;58: 769–785. doi:10.1111/
pala.12178




