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ABSTRACT 

Algae are responsible for 50% of global oxygen production and sequestration of CO2 from 

the atmosphere. Algal photosynthesis plays a critical role in all aquatic ecosystems converting 

sunlight and CO2 into usable biomass. Algal growth and biomass production can be coopted to 

produce industrially relevant bioproducts like triacylglycerol (TAGs) that can be converted into 

biodiesel and provide a sustainable carbon-neutral alternative to fossil fuels. In high-stress 

environments, algae produce high levels of TAGs. Multiple stresses including nitrogen limitation 

and high pH impact algae physiology, but little is known about how algae shift their metabolism 

to produce TAGs in response to these stresses. This topic remains relatively unexplored due to the 

limited availability of complete algae genomes. Here we sequence and annotate the complete 

telomere-to-telomere genome of an alkali-tolerant green algae Chlorella sp. SLA-04. Genomic 

analysis supports a reclassification of Chlorophyta green algae and illuminates how SLA-04 adapts 

to diverse environmental conditions. Additionally, transcriptomic analysis revealed how Chlorella 

sp. SLA-04 rewires carbon metabolism in high alkaline and nutrient-deplete conditions to produce 

TAGs while minimizing photosynthetic oxidative stress. Together, we double the amount of 

publicly available telomere-to-telomere green algal genomes and use this resource to explore how 

algae respond to diverse environmental conditions in their native and industrial settings.       
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CHAPTER ONE 

PREFACE AND OUTLINE 

 Chapter two introduces algal biofuels and cultivation methods used to optimize algal 

biomass composition. This chapter gives background information on photosynthesis, the diversity 

of algal metabolism, and how environmental stresses can be utilized to trigger lipid production in 

algae. Here we focus on high-alkalinity cultivation systems that improve algal growth by 

increasing CO2 availability and reducing culture contamination in outdoor cultivation systems. 

This chapter summarizes our poor understanding of algal metabolism in high-alkalinity systems 

and addresses the need for high-quality genomic and transcriptomic data to identify the metabolic 

foundation of how algae adapt and produce lipids in extreme environments. This gap in our 

knowledge is explored in chapters two and three. 

Chapter three introduces the first complete genome sequence and annotation of an alkali-

tolerant green alga and explores genotypes that may contribute to adaptation during environmental 

variability. Chlorella sp. SLA-04 is a green alga that grows to high cell density in a wide variety 

of environments ï high and neutral pH, high and low alkalinity, and high and low salinity. SLA-

04ôs ability to grow in high pH and high alkalinity media without external CO2 supply is favorable 

for large-scale algal biomass production. Genomic analysis of SLA-04 identifies the genes capable 

of utilizing TCA cycle intermediates to replenish cytosolic acetyl-CoA pools for lipid production. 

We also identify a complete metabolic pathway for sphingolipid anabolism that may allow SLA-

04 to readily adapt to changing environmental conditions. Together this analysis provides the 

genomic resources necessary to explore algal metabolism in alkaline systems and identifies 

genotypes that facilitate robust cultivation in mass-production systems. 
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Chapter four  expands this analysis to identify genotypes that contribute to growth in 

alkaline conditions and explore how carbon is reallocated after nitrogen depletion in Chlorella sp. 

SLA-04. A combined approach tracking changes in physiological composition and transcriptomic 

expression identifies that SLA-04 rewires carbon metabolism to rapidly produce carbohydrates 

and triacylglycerols in nutrient deplete environments. Additionally, SLA-04 appears to cycle 

carbon between TAG storage and the TCA cycle to consume excess photosynthetic reducing 

power through a proposed futile cycle. In extreme alkaline conditions, SLA-04 maintains high 

cellular concentrations of carbohydrates, unsaturated lipids, and upregulated ion transporters that 

likely function to maintain intracellular homeostasis when experiencing alkaline-induced osmotic 

stress. These combined analyses provide an in-depth understanding of the adaptations during 

growth in alkaline conditions and how SLA-04 reallocates carbon in stressful conditions.  

Chapter five summarizes the contributions made throughout this dissertation and their 

impact on algal biofuel production. This chapter also proposes future work to expand our 

understanding of carbon flow in extreme alkaline conditions.  

Appendix A contains pedagogical research performed at MSU investigating how different 

teaching styles impact the motivation and engagement of non-major students.  

Appendix B contains a first-author publication summarizing the sequencing and 

annotation of phage using nanopore sequencing.  

Appendix C contains co-author publications that address the detection and genetic 

variation of SARS-CoV2 in Gallatin Valley and repurposing CRISPR systems for rapid SARS-

CoV2 diagnostics
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CHAPTER TWO 

INTRODUCTION AND LITERATURE REVIEW 

Classification and Evolution of Algae 

Algae are a large group of photosynthetic eukaryotes that contains an estimated 800,000 

species (Guiry, 2012). Algae are incredibly diverse ranging from unicellular microorganisms to 

macroalgae spanning 60 meters in length. Algal diversity stems from primary and secondary 

endosymbiotic events approximately 1.6 billion years ago when an ancient cyanobacterium was 

retained within the cytoplasm of ancestral algal species leading to the chloroplast (Yoon et al., 

2004). These endosymbiotic events occurred across the eukaryotic tree of life leading to a 

paraphyletic clade of algae with immense nuclear genetic diversity. The wide range of algal 

genotypes and phenotypes has resulted in algae being a ubiquitous and necessary component of all 

aquatic and many terrestrial ecosystems today.  

Across these ecosystems, algae play fundamental roles in nutrient processing and carbon 

fixation. Algae take up nutrients such as nitrogen and phosphorus from the water, incorporating 

these nutrients into their biomass. Without these photoautotrophs, nutrients would not be recycled 

and heterotrophic growth across the planet would be unsustainable. Algae are the primary source 

of nitrogen for marine ecosystems assimilating six times more inorganic nitrogen into organic 

biomolecules compared to terrestrial plants (Kuypers et al., 2018). When algae die or are consumed 

by other organisms, these nutrients are released back into the water, contributing to the nutrient 

cycling process. While algae play critical roles in nutrient cycling, their photosynthetic capabilities 

and resulting carbon sequestration are also central to the survival of aquatic ecosystems.  
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       Figure 1: The light-dependent reaction of photosynthesis in algae 

Algae are primary producers and produce organic matter through photosynthesis. This 

photosynthetic capability provides the biomolecules that most organisms use to generate energy 

and survive. During the light-dependent reactions of photosynthesis algae strip electrons away 

from H2O and generate O2 (Fig. 1). These electrons are transferred to the light-harvesting center 

of photosystem II within the chloroplast (Hall & Rao, 1999). Light from the photosynthetically 

active radiation spectrum (400-700 nm) is absorbed by photosynthetic pigments and used to excite 

these electrons to a higher energy state (McCree, 1981). High-energy electrons subsequently pass 

through the photosynthetic electron transport chain generating energy-rich molecules like ATP 

(adenosine triphosphate) and NADPH (nicotinamide adenine dinucleotide phosphate) that are used 

as reducing power to generate biomass in the cell. Oxygen is a byproduct of photosynthesis and is 
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released into the atmosphere where it can be utilized by heterotrophic organisms to generate energy 

through oxidative phosphorylation. Algal photosynthesis contributes to about 50% of global 

oxygen generation and is a necessary step in maintaining an oxygen-rich atmosphere (Chapman, 

2013; Walker, 1980).  

 

 
Figure 2: The light-independent reaction of photosynthesis and carbon fixation in algae. 

The reducing power generated through the light-dependent reaction of photosynthesis is 

then used to sequester carbon and produce biomass in the light-independent reaction of 

photosynthesis (Fig. 2). Algae perform 50% of global biological carbon sequestration, generating 

most of the biologically available carbon in aquatic ecosystems (Behrenfeld, 2001; Cai et al., 

2019). CO2 is an inorganic carbon source that is highly abundant, but biologically unavailable for 

many cells. During carbon fixation, CO2 naturally diffuses or is converted to bicarbonate       

(HCO3
-) by carbonic anhydrases (CAH) and actively transported into the chloroplast of the cell 

(Fig. 2) (Supuran, 2008). Here ribulose-1,5-bisphosphate carboxylase/oxygenase (RUBisCO) 

Adapted from

Algal Research  Vadlamani et al. 2019
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converts concentrated CO2 into biologically available 3-phosphoglyceraldehyde (3PGA) using the 

reducing power of the NADPH and ATP produced from photosynthesis (Hall & Rao, 1999). 3PGA 

is then converted to glucose through the Calvin cycle and enters central carbon metabolism to 

synthesize all the necessary organic compounds such as carbohydrates, nucleic acids, lipids, and 

proteins needed for cell growth and division. Sequestered carbon can then be used by heterotrophic 

organisms when consumed or stored in sediment when algae sink to the bottom of the ocean or 

lake, helping to regulate the global climate (Tsai et al., 2015).  

Repurposing Algal Metabolism to Make Useful Bioproducts 

The genomic diversity of algae contains a wide variety of metabolic pathways that produce 

many different carbon compounds from photosynthesis. Algae can produce antioxidants, proteins, 

and fats like triacylglycerols (TAGs) from CO2 and sunlight. While this biomass serves as the 

foundation of all life across the planet, algae have also recently been pursued as a potential biomass 

feedstock for industrially relevant products. Algal metabolism can be used to produce a range of 

useful bioproducts, including biofuels, food additives, pharmaceuticals, bioplastics, fertilizers, and 

animal feed. Producing TAGs from algae has been a major focus due to their chemical and physical 

similarities to diesel. TAGs can be extracted from algae, transesterified, and the resulting products, 

fatty acid methyl esters (FAMEs), can be utilized as biodiesel (Fig. 3) (Yodsuwan et al., 2017).  

Sourcing biodiesel from TAGs instead of fossil fuels has the potential to reduce global 

carbon emissions significantly. Fossil fuel utilization releases 7.8 billion tons of carbon per year 

into the atmosphere which is not offset by biological carbon fixation processes (Ciais & Jones, 

2013). Human-produced carbon emissions have had measurable and visible effects on the earth's 

ecosystems, increasing CO2 concentration from 278 ppm in 1960 to 415 ppm in 2020 (Mehta et 



7 

 

al., 2023). Additionally, current rates of fossil fuel consumption and increasing world populations 

are expected to exhaust the fossil fuel supply by 2085 (Stephens et al., 2010). TAG-derived 

biodiesel can directly supplement petroleum-derived diesel, be used in existing engines, contains 

fewer contaminants than existing fuel sources, and provides a carbon-neutral renewable fuel source 

that could provide continuous energy for future generations (Song et al., 2022).  

 

 
Figure 3: Transesterification of triacylglycerols (TAGs) to produce fatty acid methyl esters 

(FAMEs). FAMEs have similar structures to petroleum diesel and can be burned in existing 

diesel engines. 

Current ñbiofuel cropsò such as corn and oil palms can only produce a fraction of the 

biodiesel necessary to replace fossil fuels (Chisti, 2007). Further, the growth of these crops directly 

competes with cropland availability for food (Chisti, 2007). Algae can grow much faster with a 

doubling time of about 10-24 hours (Hoek et al., 1995). Additionally, algae produce up to 70% of 

their biomass as useable oil which results in 10-23 times more TAGs produced per hectare than 

alternative biofuel crops (Sharma et al., 2018). Algae can also grow in arid and nonarable 

landscapes to further limit competition with food crops. As such, algae are a highly productive 

biofuel crop and would only require 5.0% of existing US cropland to provide 100% of all 

transportation fuel needed for the United States (Chisti, 2007).  
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Impacts of Stress on Algal Growth and Biomass Production 

While algae can grow in a wide range of conditions (e.g., temperatures 0-56 oC, pH 0-11.5, 

and salt concentrations 0.02-3 M, (Evans, 1958; Varshney et al., 2015) most algal species grow 

best at circum-neutral pH (pH 7), and between 20 and 30 oC (Pawlita-Posmyk et al., 2018). In ideal 

conditions where nutrients are in excess, algae can grow exponentially, replicating about 1-3 times 

every 24 hours (Hoek et al., 1995). While log phase growth produces high levels of biomass, algal 

cells typically have low levels of highly reduced storage compounds like TAGs. In these 

conditions, photosynthesis produces high levels of energy and needs to be tightly regulated to 

prevent cellular damage. Low levels of photosynthesis cause cells to be energy limited, while too 

much photosynthesis results in oxidative stress. In ideal conditions, algae can maintain this 

homeostasis by rapidly consuming excess photosynthetic energy through cell growth and division. 

Constant cell growth utilizes the NADPH created during photosynthesis and replenishes NADP+ 

pools that serve as an electron sink in the light-dependent reaction of photosynthesis (Sharma et 

al., 2012). If these pools are not regenerated, electrons from the light-dependent cycle build up and 

create oxidative radicals that would destroy photosynthetic machinery, proteins, and cell 

membranes (Pérez-Pérez et al., 2012). Therefore, algal photosynthesis, carbon fixation, and cell 

growth are tightly regulated and coupled to minimize the stresses associated with converting light 

to chemical energy. 

However, when algae run out of nutrients and environmental conditions become 

unfavorable/stressful, algae stop growing and enter stationary phase (Luo & Liu, 2011; Song et 

al., 2022). Stationary phase cells cannot maintain photosynthetic homeostasis through cell growth, 

and excess reducing power can create oxidative radicals. In stressful conditions, algae must rewire 
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carbon metabolism to consume NADPH and replenish NADP+ pools through mechanisms other 

than cellular division (Shi et al., 2020). Multiple studies reviewed below have explored how algal 

physiology changes in response to different stresses including high pH, nutrient depletion, extreme 

temperatures, and hypersalinity to identify how algae minimize photooxidation in stressful 

conditions.  

Salinity Stress 

Salinity stress has been shown to affect the growth and biomass composition of algae. 

When exposed to hypersaline conditions, green algae Ulva prolifera shows a significant decrease 

in growth rate and high levels of oxidative damage (Luo & Liu, 2011). In response to high salinity, 

U. prolifera accumulated high levels of antioxidants like glutathione and increased the activities 

of reactive oxygen-scavenging enzymes. Exposure to saline conditions can also alter the carbon 

allocation and synthesis of storage molecules in algae. Salinity stress increased the accumulation 

of triacylglycerols (TAGs) and antioxidant pigments including astaxanthin in green algae 

Chromochloris zofingiensis (Kou et al., 2020). Additionally, Chlorella sorokiniana SDEC-18, a 

freshwater green alga, produced 2.16 times more lipids when cultivated in saline conditions 

compared to a mesosaline control (Zhang et al., 2018). These findings provide evidence that 

salinity stress triggers the accumulation of carbon storage compounds in algae. 

Temperature Stress 

Temperature is a crucial factor influencing algal productivity, particularly during mass 

cultivation in open ponds. Temperature fluctuations can also stress metabolic processes, resulting 

in altered growth, productivity, and biomass composition (Calhoun et al., 2021; Nalley et al., 2018; 

Raven & Geider, 1988; Singh & Singh, 2015). Cold stress has been found to reduce growth and 
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productivity in various algal taxa, but enhances lipid production within algal cells (Sushchik et al., 

2003; Wang et al., 2016). Cold stress can also lead to an increase in unsaturated fatty acids that 

play a crucial role in maintaining membrane fluidity and permeability (Ma et al., 2017). In contrast, 

high temperatures enhance lipid production but increase the saturation of fatty acids (Renaud et 

al., 2002; Sharma et al., 2012). 

pH Stress 

Several studies have been conducted to understand the influence of different pH levels on 

algal growth and lipid production. Mixed algal cultures grown with varying pH levels had 

significantly higher lipid productivities (26.93%) at pH 8 compared to 14% lipid in lower pH 

systems (Alkhamis et al., 2022). Similarly, the eukaryotic alga Rhodomonas salina had lower 

productivity in high pH conditions but produced higher protein and total fatty acid content 

compared to neutral conditions (Latsos et al., 2022).  

Nutrient Depletion 

The most common environmental stress that impacts algal growth is the limitation of 

nutrients. When nutrients become depleted in the environment, algal growth can become severely 

limited. Algae are commonly nitrogen or phosphorous-limited within their native ecosystems 

which can lead to a decrease in biomass production and a transition to stationary phase (Sharma et 

al., 2018). Due to the prevalence of nutrient limitation and the resulting impacts on algal growth, 

this is one of the most well-studied algal stressors. Lipid accumulation is observed in select diatoms 

and green algae during phosphorous starvation. Scenedesmus sp. grown in phosphorous deplete 

conditions increases TAG accumulation by 53% (Xin et al., 2010). Phosphorous limitation in 

Chlorella kessleri also triggers TAG production of up to 39.3% of biomass (El-Sheekh & Rady, 
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1995). Interestingly, phosphorus limitation shows the opposite effect for other green algae 

imposing lower TAG accumulation in Nannochloris atomus and Tetraselimis sp. (Reitan et al., 

1994). In contrast, all reported studies of nitrogen limitation show increased lipid production in 

algae (Arisz et al., 2000; Widjaja et al., 2009). Chlorella vulgaris increases lipid content by 40% 

in low nitrogen conditions (Illman et al., 2000). Lipid accumulation is also observed when coupling 

nitrogen depletion and the addition of inorganic carbon in Scenedesmus sp., Chlamydomonas 

rheinhardtii, and Phaeodactylum tricornutum (Gardner et al., 2012; Gardner et al., 2013). This 

trend of increased TAG accumulation triggered by nitrogen deficiency is seen across a wide 

diversity of algae including diatoms, red algae, and green algae (Hsieh & Wu, 2009; Praveenkumar 

et al., 2012; Yeh & Chang, 2011).  

Stress-Induced Lipid Accumulation Strategies 

Stresses can have significant impacts on algal growth and biomass production. While these 

studies focused on a wide variety of algae and stress conditions one common similarity is that 

stressful conditions appear to shift carbon metabolism to producing highly reduced storage 

compounds like TAGs, starch, and pigments. This shift to synthesizing high-energy storage 

compounds helps to recycle NADP+ electron acceptor pools for photosynthesis and minimize 

oxidative stress even when cells are not growing (Sharma et al., 2012).  

Intentionally inducing stressful conditions to remodel algal metabolism is an effective 

method to maximize the production of desired bioproducts like TAGs in algae (Shi et al., 2020). 

Researchers have implemented a two-stage growth system to first maximize biomass production, 

then impose a stressor to increase lipid composition (Sharma et al., 2018). By optimizing the 

amount of algal biomass through initial growth in optimal conditions followed by optimizing 
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biomass composition through stress induction researchers have been able to significantly improve 

the productivity and economic viability of algal biofuels.  

Nitrogen starvation is the most used and extensively researched nutrient starvation method 

to maximize biofuel production in algae. Nitrogen is the primary limiting factor for the growth of 

eukaryotic microalgae and is one of the first nutrients to be exhausted during algae cultivation. 

Therefore, nitrogen stress is naturally applied to cultivation systems through algal growth. 

Additionally, TAG accumulation appears to increase in all studies testing nitrogen depletion to 

date, making it the most effective technique for inducing lipid production (Hsieh & Wu, 2009; 

Praveenkumar et al., 2012; Yeh & Chang, 2011). However, achieving high lipid production after 

nitrogen stress can take between 2-5 days and is often accompanied by minimal growth rates and 

low cell counts, which ultimately impact the overall biomass and lipid productivity (Widjaja et al., 

2009). Although algae are currently the best potential source of renewable biofuel, their desired 

growth and lipid phenotypes seen at smaller scales do not always translate when scaled up (Teresa 

Lopes da Silva, 2015). As a result, large-scale biofuel production with existing algae strains is not 

economically feasible due to low biomass and oil productivity leading to high costs. 

Current Limits of Algal Cultivation and Lipid Production 

Algal cultivation for lipid production has many potential advantages, such as high biomass 

productivity, low land requirements, and the ability to utilize non-arable land and waste streams. 

However, there are also several limitations and hurdles that need to be overcome to make algal 

biofuels and other lipid-derived products economically and environmentally sustainable. While 

culturing experiments have provided proof of concept that algae can serve as a sustainable platform 

for producing biodiesel, cultivation costs are still too expensive (J. Chen, Li J., Dong, W., Zhang, 
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X., et al., 2018; Delrue et al., 2012). Large-scale algae cultivation can occur in either open raceway 

ponds or enclosed photobioreactors (Chisti, 2007). Photobioreactors have significant overhead and 

operating costs making them economically viable only when growing algae for high-value 

products like astaxanthin pigment (Kothari et al., 2017). Outdoor ponds provided much cheaper 

scale-up and are currently the only potentially economic choice for large-scale algae growth for 

biofuel production. The Department of Energy (DOE) has invested millions of dollars to reduce 

the cultivation costs of outdoor raceway systems to $3 per gallon gasoline equivalent (Xin et al., 

2016; Yousuf, 2020). However, when using raceway ponds the current algal biodiesel production 

costs are currently estimated to range from $6.27 -$14.43 per gallon (Energy, 2012; Hoffman et 

al., 2017; Prieto et al., 2017; Quinn & Davis, 2015; Rafa et al., 2021; Yousuf, 2020).  

Many factors that contribute to high costs are non-biological and include purchasing 

materials and media nutrients, operating expenses, supplying water, and harvesting biomass. High 

costs are also due to the underperformance of algal growth in raceway ponds (Quinn & Davis, 

2015). The underperformance of algal growth and lipid production in outdoor raceway ponds is 

mostly due to two major factors, low CO2 transfer from the atmosphere into solution, and 

biological contamination (Wilson et al., 2009). CO2 is the primary source of carbon for 

photosynthetic organisms and is required for algal growth. Algae cultures are traditionally grown 

at near neutral pH where total dissolved inorganic carbon concentration is low (0.07 mM) and 

dissolution rates struggle to replenish used CO2 (Vadlamani et al., 2019; Yuvraj & Padmanabhan, 

2017). As such CO2 is often the limiting resource for algae in a raceway pond, and biomass 

production is lower than expected.  
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Open raceway ponds at neutral pH are also easily subject to contamination of unwanted 

algae, bacteria, protozoa, and viruses via airborne transmission which can reduce lipid productivity 

and quality (McBride et al., 2014). Contamination of competing microorganisms and parasites 

results in annual yield losses of ~30% in outdoor algae cultures (Newby et al., 2016; Rowe et al., 

2013). Contamination of predators such as Daphnia (water fleas) can lead to a crash of an entire 

pond or facility leading to devastating economic losses (Vadlamani et al., 2017). Improving carbon 

transfer and minimizing contamination is necessary to make algal biofuels economically feasible. 

To overcome CO2 limitation, algal cultures are often sparged with external concentrated 

CO2. This process improves inorganic carbon availability and restores carbon fixation and biomass 

production in raceway systems. However, purchasing and delivering external CO2 sources 

significantly increases costs, contributing to 25-65% of cultivation-related operating costs (Energy 

et al., 2017; Eustance et al., 2020; Ryan Davis, 2016; Vadlamani et al., 2017). Cheaper sources of 

CO2 such as flue gas from factories and refineries can be used, but flue gas contains toxins such 

as nitrogen and sulfur oxides that build up over time and slow algal biomass production (Doucha 

et al., 2005; Lara-Gil et al., 2014; Quinn & Davis, 2015; Ryan Davis, 2016). Further, this method 

does not address culture contamination. New algal strains are being identified with higher 

tolerance to toxin build-up, but even if biomass loss to toxin build-up can be overcome the required 

co-location of algae farms next to viable flue gas sources limits production area and this process 

could only displace 5% of total US petroleum imports (M. H. Langholtz, 2016; Michael 

Huesemann, 2017). An alternative growth method is required to improve carbon transfer and 

reduce contamination that does not rely on factory flue gas. 
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High Alkaline Cultivation Strategies 

One potential solution to improve cultivation costs is growing algae in high alkaline, high 

pH conditions. Extreme cultivation conditions (> pH 10) have been shown to impose stress to 

trigger lipid production, but more importantly, they significantly improve atmospheric CO2 

dissolution into an algal culture via increased hydroxyl ion [OH-] concentrations (Vadlamani et 

al., 2017). CO2 is an ideal gas and the maximum concentration of dissolved CO2 can be calculated 

using Henryôs Law (Fig. 4). Henryôs law states that the concentration of dissolved CO2 is 

dependent on the atmospheric partial pressure of CO2 and temperature. Therefore, the 

concentration of CO2 is constant across all pH ranges if  the temperature and partial pressure remain 

unchanged. The maximum concentration of dissolved CO2 at standard temperature and pressure is 

incredibly low at 0.013 mM. Once CO2 reaches this very low concentration, dissolution from the 

atmosphere stops causing CO2 to be a limiting growth factor for algae in neutral pH conditions. 

 

ὅ ὑ ὖz 
Figure 4: Henryôs Law, C = concentration of dissolved gas, KH = Henryôs Law constant, P = 

partial pressure of gas 

When CO2 dissolves into solution it can become deprotonated forming bicarbonate (HCO3
-

, pKa=6.3) or carbonate (CO3-2, pKa=10.3 Fig. 4a). The ratio of inorganic carbon speciation is 

dependent on pH. Below pH 6.3 the major inorganic carbon species is CO2, between pH 6.3 and 

10.3 the major species is bicarbonate, and above 10.3 the major species is carbonate (Fig. 5b,c). 

Bicarbonate and carbonate are non-gaseous and can reach much higher maximum concentrations 

within solution compared to CO2. At lower pH where CO2 is the major inorganic carbon species, 

CO2 dissolves and quickly reaches its maximum but very low concentration of 0.013 mM. This 
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causes CO2 dissolution from the atmosphere to stop and limits algal growth. However, at higher 

pH where HCO3- and CO3
-2 are the major inorganic carbon species, when CO2 dissolves it is 

converted to these other forms of inorganic carbon whose maximum concentrations are much 

greater. At a pH greater than nine, CO2 is instantly converted into bicarbonate and carbonate, and 

high levels of CO2 can dissolve before reaching the maximum concentration of 0.013 mM. As a 

result, atmospheric dissolution continues at high levels resulting in up to 10,000 times greater 

dissolved inorganic carbon (Fig. 5d). Inorganic carbon concentrations in high pH conditions can 

naturally reach 6 mM to 100 mM and eliminate the need for an external CO2 supply. 

 

 
Figure 5: Dissolution of inorganic carbon across pH. (A) Schematic of inorganic carbon 

dissolution in algal cultivation systems. (B,C) Speciation of  CO2, bicarbonate (HCO3-), and 

carbonate (CO3-2) across pH. Increasing hydroxyl (OH-) concentrations increase carbon 

conversion to bicarbonate and carbonate. (D)  Quantification of total dissolved inorganic carbon 

across different pH. 
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High pH systems have also been shown to effectively prevent culture contamination and 

culture crashes caused by competing microorganisms and predators like Daphnia (Gimmler, 2001; 

Vadlamani et al., 2017). Most microorganisms that contaminate algal cultivation systems grow 

rapidly at neutral pH but die in high pH environments. While most contaminating microorganisms 

cannot grow in extreme alkaline conditions, industrial algal strains have been isolated for natural 

alkaliphilic environments like Soap Lake, WA (100 mM inorganic carbon, pH 10) and Mono Lake, 

CA (pH 10) (Canon-Rubio et al., 2016; Gimmler, 2001). Chlorella sp. SLA-04 is an alkali-tolerant 

green alga isolated from Soap Lake, WA that can grow up to pH 11 while producing TAGs 

(Goemann et al., 2023; Vadlamani et al., 2017). SLA-04 is one of a select few alkali-tolerant model 

green algae that are being used to optimize alkaline cultivation systems. These alkali-tolerant 

organisms have comparable growth rates when grown in high alkaline conditions with natural CO2 

transfer compared to neutral conditions with supplemented CO2 sparging (Canon-Rubio et al., 

2016; Vadlamani et al., 2017). Currently, high alkaline systems are one of the best solution to 

naturally overcome CO2 limitation without sparging and improve culture stability by limiting 

culture crashes.  

Gaps in our Knowledge 

Despite the potential benefits of high alkalinity cultivation conditions for algal growth and 

lipid production, there are still many unknowns and challenges that need to be addressed. While it 

is well established that some alkali-tolerant algae can thrive in extreme alkaline conditions, most 

research has focused on algal physiological composition and isolating novel algal strains with 

desired phenotypes of high alkaline growth and lipid production. Although high alkalinity 

conditions can induce a stress response in algae, it is not yet clear how this response is regulated 
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or how high alkalinity affects algal metabolism and lipid biosynthesis (Gimmler, 2001). Further 

research is needed to identify the key genes and metabolic pathways involved in the alkalinity-

induced stress response. Understanding the mechanisms of growth, and how algal lipids are 

produced and stored within this extreme environment will help lower cultivation costs, reduce 

culture crashes, and provide targets for genome engineering and biomass optimization. 

Hypothesis 

I hypothesize that Chlorella sp. SLA-04 remodels its carbon metabolism to respond and 

adapt to changing environmental conditions and subsequent stresses. To test this hypothesis, I first 

sequenced and annotated the genome of Chlorella sp. SLA-04 to identify the genes and metabolic 

potential of this organism. This analysis is described in Chapter Three of this thesis. Using this 

genome, I next performed differential gene expression to identify how carbon is reallocated when 

SLA-04 is grown in high alkalinity conditions and encounters nutrient depletion. This 

transcriptomic analysis is described in Chapter Four of this thesis. Together this analysis provides 

evidence of genotypes that may contribute to environmental adaptation and global remodeling of 

lipid synthesis to combat photosynthetic stress and maintain viable cells throughout nutrient 

depletion and growth in extreme alkaline conditions.  
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Abstract 

Algae are a broad class of photosynthetic eukaryotes that are phylogenetically and 

physiologically diverse. Most of the phylogenetic diversity has been inferred from 18S rDNA 

sequencing since there are only a few complete genomes available in public databases. Here we 

use ultra-long-read Nanopore sequencing to determine a gapless, telomere-to-telomere complete 

genome sequence of Chlorella sp. SLA-04, previously described as Chlorella sorokiniana SLA-

04. Chlorella sp. SLA-04 is a green alga that grows to high cell density in a wide variety of 

environments ï high and neutral pH, high and low alkalinity, and high and low salinity. SLA-04ôs 

ability to grow in high pH and high alkalinity media without external CO2 supply is favorable for 

large-scale algal biomass production. Phylogenetic analysis performed using ribosomal DNA and 

conserved protein sequences consistently reveal that Chlorella sp. SLA-04 forms a distinct lineage 

from other strains of Chlorella sorokiniana. We complement traditional genome annotation 

methods with high throughput structural predictions and demonstrate that this approach expands 

functional prediction of the SLA-04 proteome. Genomic analysis of the SLA-04 genome identifies 

the genes capable of utilizing TCA cycle intermediates to replenish cytosolic acetyl-CoA pools for 

lipid production. We also identify a complete metabolic pathway for sphingolipid anabolism that 

may allow SLA-04 to readily adapt to changing environmental conditions and facilitate robust 

cultivation in mass production systems. Collectively, this work clarifies the phylogeny of 

Chlorella sp. SLA-04 within Trebouxiophyceae and demonstrates how structural predictions can 

be used to improve annotation beyond sequence-based methods. 
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Introduction 

Algae are diverse photosynthetic eukaryotes that assimilate six times more nitrogen than 

terrestrial plants, perform 45% of global oxygenic photosynthesis, and 50% of total CO2 fixation 

(Behrenfeld, 2001; Field, 1998; Kuypers et al., 2018; Walker, 1980). The phylogenetic and 

physiological diversity of algae is mirrored by the diversity of aquatic ecosystems where algae are 

found (e.g., temperatures 0-56oC, pH 0-11.5, and salt concentrations 0.02-3M) (Evans, 1958; 

Varshney et al., 2015). However, it is currently unclear how selective pressures from disparate 

aquatic environments shape algal genotypes and corresponding phenotypes.  

Genomic analysis of algae across different environments is essential to understand how 

algae survive and adapt to changing conditions. As of September 2022, there are 170 green algae 

genomes in the National Center for Biotechnology Information (NCBI) database. Most of these 

genomes are highly fragmented and only 16 contain defined chromosome sequences. This resource 

limitation restricts efforts to confidently identify genotypes that drive functional diversity. 

Understanding the phylogenetic and functional diversity of algae will benefit from a broader 

collection of complete algal genomes that can be used for comparative analyses.  

To date, most algal genomes have been sequenced using short-read sequencing platforms 

(Blanc-Mathieu et al., 2014; Merchant et al., 2007). While these platforms are accurate, PCR bias 

and short read lengths frequently result in incomplete assemblies and omission of repetitive 

regions, such as retroelements that can represent up to 90% of a eukaryotic genome (Amarasinghe 

et al., 2020; Kingsford et al., 2010; Koren et al., 2012; Mehrotra & Goyal, 2014). In contrast, ultra-

long-read sequencing platforms generate megabase-length reads that span repetitive regions, and 

these methods do not rely on PCR (Deamer et al., 2016; Payne et al., 2018). While the error rates 
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for long-read technologies are higher, consensus correction software significantly increases 

accuracy as a function of read depth (Dohm et al., 2020; Wang et al., 2021). Long-read sequence 

data with >100x coverage often results in highly accurate chromosome level assemblies (Sutton et 

al., 2021).  

Here we determine a complete genome sequence of Chlorella. sp. SLA-04, previously 

described as Chlorella sorokiniana SLA-04, using ultra-long-read Nanopore sequencing. 

Chlorella sp. SLA-04 is an oleaginous green alga that was isolated from a brackish, alkaline lake 

(100mM HCO3
-, pH 10) in eastern Washington (USA) (Vadlamani et al., 2017). SLA-04 has 

growth and composition characteristics that are attractive for biofuel production. Phylogenetic 

analysis performed using either ribosomal DNA or conserved protein sequences reveal that SLA-

04 forms a distinct lineage from other strains of the same species. While sequenced-based 

annotation methods confidently assign putative function to a majority of the SLA-04 genes, 44.2% 

of the genes were classified as ñhypotheticalò. Using a high-throughput structure prediction 

software (i.e., Alphafold) we predict the 3D protein structures encoded by the ñhypotheticalò 

proteome. Structural predictions are queried against the protein data bank (PDB) to identify 

functional homologs and expand functional predictions for 677 SLA-04 genes that are widely 

conserved in algae and a subset of genes that are unique to Chlorella sp. SLA-04. Collectively, 

this work expands our phylogenetic and functional understanding of algae. 

 

 

 

 



34 

 

Methods 

2.1 Strain Information 

2.1.1 Strain Cultivation Conditions.Chlorella sp. SLA-04 cultures were grown in Modified 

Boldôs Basal Medium pH 8.7 (Bolds) containing NaNO3 (2.94 mM), K2HPO4 (1.43 mM), KH2PO4 

(1.43 mM), MgSO4·7H2O (0.30 mM), CaCl2·2H2O (0.17 mM), NaCl (0.42 mM), 1 mL/L of EDTA 

solution, 1 mL/L iron solution, and 2 mL/L trace metal solution. The EDTA solution contained 50 

g/L Na2EDTA and 31 g/L KOH. The iron solution contained 4.98 g/L FeSO4·7H2O and 1 mL/L 

concentrated H2SO4. The trace metal solution contained H3BO3 (9.7 mM), MnCl2·4H2O (1.26 

mM), ZnCl2 (0.15 mM), CuCl2·2H2O (0.11 mM), Na2MoO4·2H2O (0.07 mM), CoCl2·6H2O (0.06 

mM), NiCl2·6H2O (0.04 mM), V2O5 (0.01 mM) and KBr (0.08 mM) (Bold, 1949). Media was 

titrated to pH 8.7 with NaOH. Cultures were grown at 23oC with 400 µmol·m-2·s-1 light intensity 

cycling with a 14:10 hour light/dark cycle using T5 fluorescent tubes. 

2.1.2 Axenic Isolation.An axenic culture of Chlorella sp. SLA-04 was generated through 

antibiotic treatment modified from Mustapa et al. (Mustapa et al., 2016). Briefly, clonal isolates 

of SLA-04 were streaked onto plates containing Bolds agar with 700 µg/mL ampicillin and 200 

µg/mL cefotaxime. Individual colonies were picked and grown in liquid Bolds. Plate antibiotic 

treatment and isolation was repeated a second time and algal colonies were picked and grown in 

liquid Bolds with 10 µg/mL tetracycline. Axenic cultures were confirmed using amplicon 

sequencing of the V4 region of the 16S rRNA on an Illumina MiSeq platform (Sup. Fig. 1) 

(Goemann et al., 2021). A small percentage of 16S rRNA reads within the axenic culture mapped 

to Ralstonia species, but Ralstonia sequences are common contaminants of DNA purification 
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columns (Weyrich et al., 2019). Axenic stock cultures of SLA-04 were maintained on agar slants 

and in liquid culture of Bolds with 10 µg/mL tetracycline. 

2.2 Genome Sequencing and Assembly 

2.2.1 High Molecular Weight DNA Extraction.Chlorella sp. SLA-04 was grown in Bolds 

to log phase. Cells from 100 mL of culture were spun down at 3,000 x g for 10 minutes and 

transferred to a liquid N2 chilled mortar. The pellet was ground for 30 minutes with liquid N2 added 

as needed. Ground algal biomass was transferred to 15 mL of lysis buffer (20 mM EDTA pH 8.25, 

10 mM Tris, 500 mM guanidine HCl, 200 mM NaCl, 1% w/w Triton X-100, and 9 mg 

hemicellulase) and incubated at 37oC for 1 hour. To remove RNA, RNase A was added to a final 

concentration of 20 µg/mL and the mixture was incubated for an additional 30 minutes at 37°C. 

To remove proteins, Proteinase K (12 µg) was added and the mixture was incubated at 50°C for 2 

hours. Samples were pelleted at 15,000 x g at 4°C for 20 minutes and the supernatant was added 

to an equilibrated Qiagen Genomic-tip 100/G gravity column (Cat. No.10243). DNA was washed 

and eluted per the manufacturerôs instructions. DNA was precipitated with 3.5 mL molecular grade 

isopropyl alcohol (IPA). The DNA pellet was collected by centrifugation (5850 x g) at 4°C for 30 

minutes and resuspended in molecular grade water. 

2.2.2 RNA Extraction.Chlorella sp. SLA-04 RNA was extracted using the Qiagen RNeasy 

powerplant RNA isolation kit (Cat. No.13500-50) with modifications. SLA-04 culture was grown 

to log phase (2x107 cells/mL) in Bolds. Cells from 200 mL of culture were pelleted at 3,000 x g 

for 5 minutes at 4°C and the pellet was ground for 10 minutes in a liquid N2 chilled mortar using 

a pestle before being transferred to 1 mL Trizol in a PowerBead tube provided in the Qiagen 

RNeasy powerplant kit. Potassium acetate (1 M) was added to a final concentration of 0.2 M to 
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improve polysaccharide precipitation. Phenolic separation solution (50 µL) from the Qiagen 

powerplant kit was added. The sample was shaken at 6.5 meters per second for 60 seconds using 

a MP Biomedicals FastPrep-24 Classic bead beater, incubated at room temp for 20 minutes, and 

centrifuged at 13,000 x g for 10 minutes at 4°C. Protein and cell debris was removed by adding 

200 µL chloroform, shaking for 30 seconds, centrifuging at 13,000 x g for 10 minutes at 4°C and 

transferring the aqueous phase to a new tube. RNA was extracted and purified from the aqueous 

phase using the RNeasy powerplant RNA isolation kit per manufacturerôs instructions starting at 

the inhibitor removal step (step 6). All glassware was washed with 2% diethylpyrocarbonate 

(DEPC) in water (v/v) and autoclaved before use. 

2.2.3 DNA and RNA Sequencing.The Chlorella sp. SLA-04 genome was sequenced using 

Nanopore sequencing. High molecular weight DNA was sequenced using a MinION sequencer 

and the ligation sequencing kit (SQK-LSK109 by Oxford Nanopore) per manufacturerôs 

instructions. Briefly, 1 µg of genomic DNA was used for library preparation that included end 

preparation and ligation to Nanopore adapters. 350 ng of the DNA library was used and sequenced 

on the MinION sequencer. Sequencing generated 1.97 M reads totaling 5.64 gigabases (Gb) of 

data.  

Chlorella sp. SLA-04 mRNA sequencing was performed using a MinION sequencer and 

the direct RNA sequencing kit (SQK-RNA002 by Oxford Nanopore) per manufacturerôs 

instructions. mRNA was isolated and purified from total RNA using magnetic Dynabeads coated 

with Oligo(dT)25 adapters. Purification using magnetic beads yielded 338 ng of mRNA from 22 

µg of total RNA. 338 ng of mRNA was used for Nanopore library preparation that included reverse 

transcription of cDNA scaffold and ligation of Nanopore adapters. 168 ng of mRNA library was 
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used and sequenced on the MinION Nanopore sequencer. Sequencing generated 1.12 M reads 

totaling 1.35 Gb of data. 

2.2.4 Genome Assembly and Annotation.Nanopore raw DNA reads (5.64 GB) were 

basecalled and analyzed for quality using MinKNOW 4.1.22 software in fast basecalling mode. 

Quality reads were submitted to CANU v1.9, FLYE v2.5-g0c3de5b, and Miniasm v0.3-r179 

programs for long-read genome assembly (Kolmogorov et al., 2019; Koren et al., 2017; Li, 2016). 

CANU, FLYE, and Miniasm assembly pipelines each generated contig level assemblies with 

minor gaps. Manual curation of assemblies was performed by aligning contigs from the three 

assembly pipelines using minimap2 v2.17-r954-dirty (Li, 2018a). Each gap within the individual 

assemblies was completely bridged by contigs from at least one other genome assembly. 

Assemblies were merged to form a chromosome level genome with no gaps. Chromosomes were 

considered complete if they had flanking telomeric repeats (CCCTAAA)n on both termini with no 

gaps. Coverage depth of DNA reads was calculated using samtools v1.13 (Danecek et al., 2021). 

RepeatMasker v4.0.9 was used to identify repetitive elements in the Chlorella sp. SLA-04 

genome using Repbase and Dfam as reference databases (Bao et al., 2015; Smit et al., 1996; Storer 

et al., 2021). LTRharvest v1.5.10 was used to identify and fetch the sequences of long-terminal 

repeats in the SLA-04 genome by performing a six open reading frame (ORF) translation of the 

genome and scanning each ORF longer than 75 amino acids for homology to LTR retrotransposon 

protein domains from Pfam (El-Gebali et al., 2019; Ellinghaus et al., 2008; Rice et al., 2000). To 

identify active retrotransposons, we extracted 13 sequences that contained gag and pol domains 

flanked by long-terminal repeats and aligned them in MAFFT v7.429 (Rozewicki et al., 2019). To 

verify LTR retrotransposon families, we aligned the capsid domains of diverse families of LTR 
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retrotransposons from Repbase and those identified in SLA-04. SLA-04 retrotransposons clustered 

with retrotransposons from Copia retrotransposons found in plants. 

Raw mRNA Nanopore reads were mapped to the SLA-04 genome using minimap2 and a 

consensus sequence and transcript counts were generated using Stringtie v2.0 and Gffread v0.11.6 

(Pertea & Pertea, 2020; Pertea et al., 2015). The mRNA consensus data was used to aid the de 

novo annotation prediction software MAKER v3.01.03 to generate a transcriptome of SLA-04 

(Campbell et al., 2014; Cantarel et al., 2007). Gene functions were assigned by submitting protein 

sequence to the Kyoto Encyclopedia for Genes and Genomes (KEGG) Automatic Annotation 

Server (KAAS) and Eggnog mapper webservers with default settings (Cantalapiedra et al., 2021; 

Moriya et al., 2007). Genome completeness was assessed by BUSCO v5.4.2 using 1519 single 

copy orthologs found in the Chlorophyta clade (Manni et al., 2021; Simão et al., 2015). A 

schematic of the SLA-04 genome (Fig. 1) was generated using the ggplot2 v3.3.3 package within 

RStudio v1.3.959 (Hadley, 2016). GC content was determined using the RStudio seqinr package 

v4.2-5 (Charif & Lobry, 2007). 

Structural-based protein annotation was performed following the ColabFold-FoldSeek-

EggNOG (CoFFE) pipeline (Ruperti et al., 2022). Briefly, amino acid sequences were submitted 

to the ColabFold Alphafold2-batch notebook through google colab with default settings (Evans et 

al., 2021; Jumper et al., 2021; Mirdita et al., 2022). The highest-ranking predicted protein data 

base (pdb) structure with predicted local distance difference test on the Ca atoms (pLDDT) > 70 

was selected for each analyzed protein. PDB structures were submitted to Foldseek v3.915ef7d for 

structural comparison against the AlphaFold database of protein structures. For each SLA-04 

protein we kept the AlphaFold database hit with the greatest bit score. We enforced a e-value cutoff 
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of 1xe-05. Sequences of AlphaFold database best hits of each SLA-04 protein were annotated 

using EggNOG mapper webserver with default settings.  

2.3 Comparative Analyses 

2.3.1 Phylogenetic Analysis.Phylogenetic analysis was performed on all chromosome level 

green algal genomes (n=10) (Sup Fig. 3) and all Trebouxiophyceae genomes (n=25) (Fig. 2) 

within the NCBI database. 18S rDNA sequences were identified and extracted from chromosome 

level algal genomes (n=10) using SSU-align v0.1.1 (Cannone et al., 2002; Eddy & Nawrocki, 

2009). Ribosomal sequences were trimmed with trimal v1.4.rev22 with the ïnogap flag, aligned 

with MAFFT with the ïauto flag, and a maximum likelihood phylogenetic tree of the 18S multiple 

sequence alignment was generated using IQtree v1.6.1 using default settings (Katoh & Standley, 

2013; Nguyen et al., 2015). Phylogeny based on orthologous proteins was performed on all 

Trebouxiophyceae genomes (n=25) using OrthologR v0.4.0 in RStudio (Drost et al., 2015). 

Briefly, OrthologR performed a reciprocal best hit blast for orthology inference between algal 

species. Orthologous sequences were aligned based on amino acid sequence using the Needleman-

Wunsch method and codons were aligned using pal2nal (Suyama et al., 2006). The Comeronôs 

method was used to predict dN/dS estimations. Orthologous protein sequences were aligned with 

MAFFT and a maximum likelihood phylogenetic tree was generated using IQtree (Katoh & 

Standley, 2013; Nguyen et al., 2015). Trees were rendered using the RStudio ggtree v2.0.4 package 

(Yu et al., 2017).  
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Results 

3.1 General Genome Characteristics 

3.1.1 Chlorella sp. SLA-04 Genome Assembly Statistics.To determine a telomere-to-

telomere genome of Chlorella sp. SLA-04, high molecular weight DNA was extracted from SLA-

04 cultures for long-read sequencing using a MinION sequencer from Oxford Nanopore (Sup. Fig 

1). Nanopore sequencing resulted in 5.64 Gb of sequence data in a total of 1.97 M reads (Sup. 

Table 1). Sequencing reads were assembled using a combination of FLYE, Miniasm, and CANU 

(Kolmogorov et al., 2019; Koren et al., 2017; Li, 2016), resulting in a 38.8 Mb complete genome 

with an average of 117x coverage. The SLA-04 genome consists of 13 linear chromosomes, 

ranging from 1.20 to 5.25 Mbp in length with an average GC content of 65.87%, and circular 

mitochondrion and chloroplast sequences (Fig. 1, Sup. Table 1). This chromosomal architecture 

is consistent with previously published Chlorella genomes, which contain 12-16 nuclear 

chromosomes (Arriola et al., 2018; Higashiyama et al., 1995; Hovde et al., 2018).  

 

 
Figure 1. Complete genome of Chlorella sp. SLA-04. (A) Chromosome level assembly of 

Chlorella sp. SLA-04 reveals thirteen nuclear chromosomes, and circular chloroplast and 

mitochondrial genomes. Genes were annotated with KEGG automatic annotation server (KAAS) 

and color coded according to six different functional categories. 
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3.1.2 Genome Completeness Analysis.Genome completeness was evaluated using several 

distinct but complementary metrics. First, BUSCO was used to calculate the percentage of 

orthologous Chlorophyta genes within the Chlorella sp. SLA-04 genome (Manni et al., 2021). The 

SLA-04 genome contains 93.4% of Chlorophyta orthologs (n=1418) which surpasses the 90% 

BUSCO cutoff considered to represent ñgoodò genome assemblies (Sup. Table 1) (Hanschen et 

al., 2020). Second, repetitive elements were identified and mapped to unique chromosomal 

locations, indicating that this assembly provides sufficient coverage to unambiguously assign 

chromosomal location to repetitive elements that have historically frustrated complete genome 

assemblies (Fig. 1, Sup. Fig 2, Sup. Table 2) (Smit et al., 1996; Tarailo-Graovac & Chen, 2009). 

Finally, each nuclear chromosome is composed of a single contiguous well-supported sequence 

flanked by telomeric repeats (CCCTAAA)n (Fulneļkov§ et al., 2012) (Fig. 1). Collectively, these 

metrics suggest that the SLA-04 genome constitutes a complete telomere-to-telomere algal 

genome. 

3.1.3 Annotation of Chlorella sp. SLA-04.Chlorella sp. SLA-04 mRNA was extracted, and 

directly sequenced using a MinION sequencer. Sequences were submitted to MAKER v3.01.02 

and aligned to the SLA-04 genome to predict protein coding sequences (CDSs) and splice sites 

(Campbell et al., 2014; Holt & Yandell, 2011). The SLA-04 genome contains 10,310 CDSs that 

span 45.73% of the genome with an average gene length of 3,475 bp (Sup. Table 1). EggNOG 

mapper was used to assign gene function resulting in 5,757 (55.8%) CDSs with predicted function 

(Fig. 2A) (Cantalapiedra et al., 2021). Annotated gene functions appear evenly distributed across 

the nuclear and plastid chromosomes with little functional clustering (Fig. 1). Genes coding for 
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proteins that participate in protein synthesis, amino acid metabolism and chaperones are the most 

abundant gene categories in the SLA-04 genome (Fig. 2). 

 

 
Figure 2. Annotation using protein structural similarity improves functional understanding of 

SLA-04 proteome. A) 10,310 protein sequences from SLA-04 were submitted to Eggnog mapper 

for annotation using sequence-based methods resulting in 5,757 sequences (55.8%) with 

predicted function. Remaining sequences (2,226 conserved hypothetical and 2,327 hypothetical 

proteins) were submitted to Colabfold structural prediction and resulting structures were 

compared to the Alphafold and Uniprot structural databases using Foldseek to identify structural 

homologs of hypothetical SLA-04 proteins. Sequences of structural homologs were submitted to 

Eggnog Mapper resulting in the annotation of an additional 6.6% of the SLA-04 proteome. B) 

The percent increase in annotation after structural similarity analysis was calculated by dividing 

the number of proteins annotated using structural prediction methods by the number of original 

annotated proteins from sequence-based methods. Proteins were grouped based on their Clusters 

of Orthologous Genes (COG) functionality. 

3.1.4 Annotation using Protein 3D Structural Homology.The 4,553 (44.2%) CDSs that 

could not be assigned putative functions using sequence-based annotation, consisted of 

ñhypotheticalò and ñconserved hypotheticalò proteins with unknown functions. Hypothetical 

proteins are CDSs with no predicted function and no homology to sequences in the EggNOG 

database, whereas conserved hypothetical proteins are annotated CDSs that have homology to 

sequences within the EggNOG database, but the function of these homologous sequences remains 

unknown. To further improve annotation of the SLA-04 genome, we used the ColabFold-
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FoldSeek-EggNOG (CoFFE) pipeline to predict the 3D structures of hypothetical and conserved 

hypothetical proteins to query the protein databank for structural homologs (Ruperti et al., 2022). 

Consistent with functional importance, 3D structures of proteins are more conserved during 

evolution than primary amino-acid sequences (Illergård et al., 2009). Thus, we hypothesized that 

the integration of structure prediction into genome annotation would improve our functional 

understanding of the SLA-04 genome. In fact, structure-based annotation resulted in high-

confidence functional annotations for 677 of the CDSs that were previously assigned to the 

hypothetical and conserved hypothetical categories using Eggnog mapper (Cantalapiedra et al., 

2021) (Fig. 2A). Structure-based annotation identifies proteins primarily associated with formation 

of the cytoskeleton and cell wall, transcription, and signal transduction (Fig. 2B).  

3.1.5 Phylogenetic Analysis of Chlorella sp. SLA-04.Initial taxonomic classification of 

Chlorella sp. SLA-04 was based on 5.8S and internal transcribed spacer (ITS) regions of the 

ribosomal small subunit (Vadlamani et al., 2017). ITS regions contain highly variable sequences 

and can be used to distinguish genera; however, phylogenetic analysis performed using a single 

gene can limit species level classification and lack statistical support for certain phylogenetic nodes 

(Álvarez & Wendel, 2003; Delsuc et al., 2005; Evans et al., 2007). Phylogenomic analysis 

performed using orthologous proteins or 18S rDNA sequences, reveal that SLA-04 shares a closest 

common ancestor with Chlorella vulgaris UTEX 395 (Fig. 3, Sup. Fig. 3). Further, the Chlorella 

genus (n=8) forms a paraphyletic clade interspersed with Micractinium conductrix SAG 241.80 

(Fig. 3). These data suggest that the current taxonomy of Trebouxiophyceae may not capture the 

true phylogenetic history of these algae and we anticipate that the addition of more complete algal 

genome sequences will provide new taxonomic perspectives.  



44 

 

Figure 3. Phylogenomic analysis of green algae performed using orthologous genes indicates that 

SLA-04 is distinct from other Chlorella sorokiniana species. Maximum likelihood phylogenetic 

analysis based on a concatenation of 215 orthologous proteins sequences of available 

Trebouxiophyceae genomes from NCBI and PhycoCosm (JGI) databases. Chlamydomonas 

reinhardtii was used as an outgroup. Tree scale indicates the number of amino acid substitutions 

per site between samples. Bootstrap values of 100 are represented by black dots on nodes. 

Bootstrap values less than 100 are provided. Classes of algae are denoted via color on tree 

branches. Red text denotes Chlorella sorokiniana species. Orange text represents remaining 

algae classified within the Chlorella genus. 

3.2 Genomic Analysis of Metabolic Pathways in Chlorella sp. SLA-04 

To evaluate the metabolic capability encoded within the Chlorella sp. SLA-04 genome, we 

submitted the complete chromosome level genome to the Kegg Automatic Annotation Server 

(KAAS) and KofamKOALA for metabolic mapping (Aramaki et al., 2020; Moriya et al., 2007). 

These programs annotate and map proteins to established metabolic pathways. According to this 

analysis, the SLA-04 genome contains all genes necessary for core metabolic pathways including 

photosynthesis, fatty acid synthesis, carbohydrate synthesis, and the citric acid cycle.  
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Genes involved in lipid synthesis are critical for biofuel production and stress response to 

environmental changes (De Bigault Du Granrut & Cacas, 2016; Li et al., 2017; Resemann et al., 

2021). The SLA-04 genome encodes ATP citrate lyase EC 2.3.3.8 (ACLY), involved in 

replenishing cytosolic acetyl-CoA pools from citrate (Fig. 4). This enzyme is present in some, but 

not all green algal genomes (Sup. Fig. 4). Cytosolic acetyl-CoA pools are necessary for fatty acid 

synthesis within the endoplasmic reticulum. The presence and transcription of ATP citrate lyase 

ACLY within the SLA-04 genome suggests that this organism can utilize TCA cycle intermediates 

for fatty acid synthesis in addition to using photosynthate directly (Sup. Table 3).  

Metabolic network analysis of SLA-04 genes involved in lipid synthesis also reveals the 

presence and transcription of genes coding for the proteins necessary for sphingolipid biosynthesis 

(Fig. 4, Sup. Table 3). Similar to ACLY, enzymes involved in sphingolipid synthesis are only 

present in a subset of green algal genomes (Sup. Fig. 4). Phytoceramide and phytosphingosine are 

two sphingolipids synthesized within the endoplasmic reticulum (ER) of land plants and algae that 

remodel the cell membranes to maintain fluidity in response to temperature and osmotic stress (De 

Bigault Du Granrut & Cacas, 2016; Kong et al., 2015; Li et al., 2017). The ability to synthesize 

phytoceramide and phytosphingosine suggest that SLA-04 maintains the ability to synthesize and 

remodel cell membrane lipids in response to changes in temperature and osmotic stress. 
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Figure 4. Flow of carbon from fixation to lipid synthesis in Chlorella sp. SLA-04. Schematic of 

carbon flow from fatty acid biosynthesis and TCA cycle to triacylglycerol and sphingolipid 

biosynthesis in algae. Green arrows represent the flow of carbon from photosynthesis directly to 

fatty acids within the chloroplast. Purple arrows represent the flow of carbon from 

photosynthesis to fatty acids through starch synthesis and the TCA cycle. Black arrows represent 

additional pathways involved in central carbon metabolism. Blue boxes show enzymes of 

interest. Enzymes are labeled using KEGG and International Union of Biochemistry and 

Molecular Biology (IUBMB) nomenclature. 

Discussion 

Algae thrive in diverse aquatic ecosystems and identifying the genotypes responsible for 

growth across diverse environments requires a comprehensive understanding of genomic and 

metabolic variation across habitats. Using ultra-long-read Nanopore sequencing, we determined a 



47 

 

complete chromosome level assembly of the Chlorella sp. SLA-04 genome (Fig. 1). Annotation 

of the SLA-04 genome using sequence-based methods resulted in an incomplete representation of 

SLA-04 metabolism with just over half of the proteins having assigned functions. While traditional 

sequence-based annotation methods identified core metabolic pathways within SLA-04, a large 

portion of the proteome remained hypothetical with unknown function (Fig. 2A). 

The structure of a protein dictates its function (Kendrew et al., 1958). By predicting the 

structure of hypothetical proteins and comparing them to a structural database we were able to 

predict the function of proteins that were unrecognizable at the sequence level. While structural 

annotation identified additional proteins within all functional categories, some categories such as 

cytoskeleton and cell wall proteins were overrepresented in this analysis (Fig. 2). The 

overrepresentation of cytoskeleton and cell wall proteins could be a consequence of functional 

diversification or an underrepresentation of cytoskeleton and cell wall protein sequences within 

databases used for sequence-based annotation (NCBI or EggNOG). Regardless, we found that 

using structure-based annotation methods aid in generating a more complete representation of algal 

metabolism. Interestingly, 37.6% of SLA-04 proteins continue to escape functional predictions 

following structural annotation, and 20.5% of these sequences are conservation within other algae 

and plants. Evolutionary conservation and retention of proteins across algae and plants suggests 

these proteins are functionally important, and this analysis helps focus future efforts on conserved 

aspect of the proteome that remain functionally uncharacterized. 

While annotating the SLA-04 proteome, we identified lipid synthesis pathways that may 

allow SLA-04 to respond to changing environmental conditions. ATP citrate lyase (ACLY) 

generates cytosolic acetyl-CoA from citrate and is a critical enzyme for fatty acid (FA) 
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biosynthesis and modification (Bauer et al., 2005; Hynes & Murray, 2010; Liang & Jiang, 2016). 

Algal fatty acids are initially synthesized in the chloroplast and exported into the cytosol where 

they are modified into triacylglycerols (TAG) or sphingolipids within the ER (Avidan & Pick, 

2015; Bellou & Aggelis, 2013; De Bigault Du Granrut & Cacas, 2016; Fan et al., 2015; Goncalves 

et al., 2016; Tan & Lee, 2016) (Fig. 4). Modification and synthesis of additional fatty acids within 

the cytosol and ER requires cytosolic acetyl-CoA. The presence and transcription of genes 

encoding ACLY suggests that SLA-04 can utilize starch-derived TCA intermediates as a precursor 

for lipid synthesis. The ability to interconvert between storage molecules enables the metabolic 

flexibility to synthesize desired biomolecules regardless of the molecular resources available 

within a cell. Since starches and lipids are important precursors for bioproducts like biodiesel and 

ethanol, this work demonstrates how genome sequences may improve our ability to link bioproduct 

production to specific organisms and environmental conditions.  

Acetyl-CoA has many cytosolic functions, but we hypothesize that SLA-04 may generate 

additional cytosolic acetyl-CoA in part to synthesize long term storage lipids and sphingolipids. 

Sphingolipids are membrane lipids synthesized within the ER that contain long chain FAs. 

Sphingolipids modify the algal cell membrane to maintain membrane fluidity in response to 

temperature and osmotic stress (De Bigault Du Granrut & Cacas, 2016; Li et al., 2017; Resemann 

et al., 2021). The synthesis of sphingolipids such as phytoceramide and phytosphingosine requires 

cytosolic acetyl-CoA to modify and elongate free FAs that originated from the chloroplast (Aid, 

2020) (Fig. 4). Similar to ACLY, genes encoding enzymes responsible for phytoceramide and 

phytosphingosine biosynthesis are present and being transcribed in the SLA-04 genome (Fig. 4, 

Sup. Table 3). Together, the capacity for sphingolipid biosynthesis and cytosolic acetyl-CoA 
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generation by ACLY suggests that SLA-04 may have the metabolic capacity to modulate cell 

membrane fluidity to rapidly adapt to diurnal and seasonal temperature and osmotic changes (e.g., 

alkalinity and/or salinity) within the environment (Cael et al., 2017; Eakins, 2010).  

Conclusion 

Chlorella sp. SLA-04 grows well in a wide range of media conditions such as (i) high 

(>100 mM) (Vadlamani et al., 2019) and low (<5 mM) (Vadlamani et al., 2017) alkalinities, (ii) 

circumneutral pH (Hanifzadeh et al., 2018) and high (>10.2) pH (Vadlamani et al., 2019), and (iii) 

in media containing 0 to 35,000 ppm salt (Hanifzadeh, 2018). The genome analysis presented here, 

together with prior experimental results indicate that SLA-04 has robust and adaptable growth 

characteristics, with potential for use in diverse engineered growth systems for biofuel and 

bioproduct applications. More broadly, this comprehensive view of metabolism within SLA-04 

has demonstrated how complete algal genomes can be leveraged to discover new genotypes and 

identify algal strains most suitable for production of desired bioproducts. 
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Supplementary Data 

 
Supplementary Figure 1: DNA isolation and sequencing parameters for Chlorella sp. SLA-04. 

(A) An axenic culture of SLA-04 was confirmed by sequencing the V4 region of the 16S rRNA 

gene on an Illumina MiSeq platform [21]. Pie charts indicate raw read numbers from an 

untreated (left) and antibiotic treated culture (right). The antibiotic-treated culture was used for 

DNA extraction and genomic analysis. Ralstonia sequences are common contaminants of DNA 

purification columns [22]. (B) Gel of high molecular weight DNA from Chlorella sp. SLA-04 

using liquid N2 grinding and gravity column purification. (C) Nanopore output of sequence 

lengths from SLA-04 sequencing run. 



53 

 

 
Supplementary Table 1: Genome statistics of Chlorella sp. SLA-04 genome. 
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Supplementary Figure 2: Phylogenetic tree of LTR retrotransposon capsid domains places SLA-

04 retrotransposons among Copia/Pseudoviridae LTR retrotransposons. Hidden Markov Models 

for LTR retroelement capsid domains were downloaded from Pfam. 752,604 ORFs from NCBI 

Virus and Repbase were queried to identify LTR retroelements capsid genes in the SLA-04 

genome. Redundant sequences were removed with CD-Hit. Sequences were aligned in MAFFT 

and trimmed using Trimal and manual curation. Final alignment of 75 AA core capsid domain 

residues from 5520 sequences were used to build a maximum likelihood phylogenetic tree in 

Fasttree2. Tree was annotated in ggtree. 
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Supplementary Table 2: Summary of repetitive elements identified by RepeatMasker using Dfam 

and Repbase as a combined reference database.  
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Supplementary Figure 3: Phylogenomic analysis of green algae performed using 18S rDNA. 18S 

rDNA gene sequences of Chlorella sp. SLA-04 and complete algae genomes from NCBI were 

used to make a phylogenetic tree using maximum likelihood. Branch lengths represent the 

number of nucleotide substitutions per site. Arabidopsis thaliana was used as an outgroup. 

Bootstrap values are labeled next to each node. Classes of algae are denoted via color on tree 

branches. 
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Supplementary Figure 4: Presence of ATP citrate lyase and sphingolipid enzymes across algal 

genomes. Algal protein coding sequences from all chromosome level algal genomes (n=10) 

within the NCBI database were submitted to KofamKOALA to predict function. KofamKOALA 

assigned KEGG Orthologs (KOs) to protein sequences by homology search against a database of 

profile hidden Markov models (KOfam) with pre-computed adaptive score thresholds. Each 

datapoint represents the likelihood of a functional protein being present within a single algal 

genome. Genes are considered functional if the bitscore is above the adaptive threshold (dotted 

line). Genes of interest involved in fatty acid and sphingolipid synthesis are reported. 

 
Supplementary Table 3: Active Transcription of lipid synthesis genes within the Chlorella sp. 

SLA-04 genome. mRNA transcript counts were determined by mapping the mRNA reads to the 

SLA-04 genome using Integrated Genome Viewer (IGV). Coverage represents the total number 

of mRNA reads mapped back to each gene. Fragments Per Kilobase Million (FPKM) and 

Transcripts Per Million (TPM) adjusted coverage values are also reported for each gene.  
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SLA-04_00282-RA ATP citrate (pro-S)-lyase [EC:2.3.3.8] K01648 97.7 136.7 171.5

SLA-04_07917-RA ATP citrate (pro-S)-lyase [EC:2.3.3.8] K01648 82.4 115.3 144.6

SLA-04_04864-RA ser ine palmitoyltransferase [EC:2.3.1.50] K00654 11.2 15.6 19.6

SLA-04_04303-RA ser ine palmitoyltransferase [EC:2.3.1.50] K00654 22.9 32.0 40.2

SLA-04_04491-RA 3-dehydrosphinganine reductase [EC:1.1.1.102] K04708 16.4 22.9 28.7

SLA-04_04653-RA sphingoid base N-palmitoyltransferase [EC:2.3.1.291] K23727 8.3 11.6 14.5

SLA-04_00395-RA sphingoid base N-palmitoyltransferase [EC:2.3.1.291] K23727 38.2 53.5 67.1

SLA-04_04461-RA sphingolipid C4-monooxygenase [EC:1.14.18.5] K04713 32.9 46.0 57.7
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Highlights 

¶ In response to nitrogen depletion SLA-04 rapidly produces high levels of carbohydrates 

within 24 hours followed by a slow accumulation of triacylglycerols for the remainder of 

batch cultivation. 

¶ SLA-04 appears to cycle carbon between TAG storage and the TCA cycle to consume 

excess photosynthetic reducing power through a proposed futile cycle. 

¶ SLA-04 appears to maintain high cellular concentrations of carbohydrates, unsaturated 

lipids, and upregulated ion transporters to maintain intracellular homeostasis when 

experiencing alkaline-induced osmotic stress. 

¶ Nitrogen limitation triggers global repression of cellular division while alkaline growth 

triggers upregulation of retroelements and antiviral immune systems. 
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Abstract 

During stress induced by nutrient limitation, algae rewire metabolism and begin to 

accumulate carbon storage compounds like triacylglycerols (TAGs). TAGs can be converted into 

biodiesel and are a sustainable alternative to petroleum-based fuels. Intentionally inducing stress 

in algal cultivation systems is a way to maximize TAG accumulation and biofuel yields. High-

alkaline cultivation is emerging as an effective strategy for growing algae because high alkaline 

stress triggers lipid production while also minimizing culture contamination and eliminating the 

need for external CO2 supply. Chlorella sp. SLA-04 is one of a handful of algae that can grow in 

extreme alkaline conditions but it is unclear what genotypes promote survival in extreme alkalinity 

and how SLA-04 remodels metabolism after stress to produce lipids. Here we grow SLA-04 in 

neutral and high alkalinity conditions sampling both physiological composition and mRNA 

expression. This analysis reveals how SLA-04 reallocates carbon to accumulate both 

carbohydrates and lipids after nitrogen depletion. We also identify a proposed futile cycle through 

which SLA-04 recycles TAGs to mitigate photooxidative stress. Further, SLA-04 appears to 

respond to alkaline conditions by synthesizing high levels of intracellular carbohydrates and 

unsaturated lipids while rewiring the expression of ion transporters and immune system genes. 

Together, this analysis identifies genotypes that algae may use to survive extreme alkalinity and 

provides a foundation to optimize biomass production through high alkalinity cultivation and 

genome editing. 
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Introduction 

Photosynthesis is an essential process in algae, generating most of the reducing power 

(NADPH) and ATP needed to synthesize biomass (Hohmann-Marriott & Blankenship, 2011; 

Losada, 1976). This process is tightly regulated due to the high potential of photobleaching and 

the production of oxidative radicals that can damage the cell (Paul & Foyer, 2001). Algae growing 

in exponential phase sink photosynthetic electrons through cell division and the consumption of 

reducing power through central carbon metabolism (Aro & Andersson, 2006). Utiliz ing 

photosynthetic energy to power cellular growth and division minimizes the buildup of excess 

electrons that can result in reactive oxygen species. However, when algae encounter stressful 

conditions where cell growth is limited, photosynthetic energy production is no longer balanced 

with cellular division (Sharma et al., 2012). Algal cells in stressful conditions must maintain 

photosynthetic activity while minimizing the oxidative damage associated with imbalanced 

photosynthesis.  

During stress induced by nutrient limitation, cells must respond through means other than 

cellular division to mitigate excess photosynthetic reducing power. One mechanism that algae 

utilize to consume photosynthetic energy during stationary phase is the synthesis of reduced carbon 

storage compounds like starches, pigments, and triacylglycerols (TAGs). In stressful conditions 

including nutrient depletion, or extreme temperature, light, salinity, or pH, algae can accumulate 

up to 80% of their biomass as TAGs to deal with the excess photosynthetic energy burden (Chisti, 

2007).  

TAGs are industrially relevant molecules that can be converted into biodiesel and 

supplement petroleum-based fuels. Algal TAG production provides a carbon-neutral fuel source 
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that can help power a growing human population without negatively affecting global climate 

(Dragone et al., 2010; Perera & Nadeau, 2022). Stressful conditions have been coopted to 

maximize the TAG accumulation in industrial algae strains (Alkhamis et al., 2022; Calhoun et al., 

2021; Luo & Liu, 2011). Researchers implement a two-stage growth system to first optimize 

biomass production by growing algae in stress-free conditions and then imposing stress such as 

nutrient depletion to convert cellular biomass to biomolecules of interest like TAGs (Sharma et 

al., 2018). Cultivation strategies often use nitrogen depletion as a stress, causing algal cells to enter 

stationary phase and begin to synthesize carbon storage molecules like TAGs to mitigate excess 

photosynthetic energy. 

While stress-induced growth has improved TAG production, algal biofuel is still too 

expensive to feasibly compete with fossil fuels (J. Chen, Li J., Dong, W., Zhang, X., et al., 2018; 

Delrue et al., 2012). Current cultivation strategies are costly in part due to the external delivery of 

CO2, and culture contamination (Wilson et al., 2009). Algae are typically grown at circum-neutral 

pH where natural atmospheric CO2 dissolution is poor. These conditions rely on external CO2 

delivery, contributing up to 65% of operating expenses (Vadlamani et al., 2019). Further, in 

outdoor raceway cultivation systems at circum-neutral pH, 30% of cultures are lost due to the 

growth of unwanted bacteria, predatory protozoa, or viruses (Newby et al., 2016; Rowe et al., 

2013). To minimize costs associated with CO2 and contamination researchers have proposed 

growing algae in high pH and high alkalinity growth conditions (Vadlamani et al., 2017). High-

alkalinity systems not only provide the stress triggers to improve lipid production, but these 

conditions also eliminate the need for external CO2 and the growth of unwanted microbial 

contamination (Gimmler, 2001; Vadlamani et al., 2017).  
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Chlorella sp. SLA-04 is an alkali-tolerant green alga that grows up to pH 11 while 

producing high levels of biomass and lipid content (Goemann et al., 2023). Chlorella sp. SLA-04 

is one of a handful of algae that can grow in extreme alkaline conditions and serves as a model 

organism to understand adaptations to this environment. While SLA-04 shows desirable 

phenotypes in alkaline conditions it is unclear what genotypes promote survival in extreme 

alkalinity and how SLA-04 remodels metabolism after stress to produce lipids and mitigate 

photosynthetic oxidation. To test this, we grew SLA-04 in neutral and high alkaline conditions 

sampling both physiological composition and mRNA expression. Transcriptomic data were 

combined with biomass composition to identify genotypes that promote lipid accumulation and 

growth in high-alkaline environments. This analysis reveals how SLA-04 reallocates carbon to 

carbohydrates and lipids after nitrogen depletion. We also identify a proposed futile cycle where 

SLA-04 recycles TAGs to consume excess photosynthetic reducing power. Further, SLA-04 

appears to respond to alkaline conditions by synthesizing high levels of intracellular carbohydrates, 

and unsaturated lipids while rewiring the expression of ion transporters, mobile genetic elements, 

and antiviral immunity.  

Results 

Physiological Data 

Cell Growth.Chlorella sp. SLA-04 was grown in Boldôs Basal Media at pH 7 without 

added inorganic carbon (neutral condition) and pH 10 with 100 mM inorganic carbon (alkaline 

condition) (Fig 1 A, B). SLA-04 grew faster in neutral conditions producing more cells and 

biomass. Log phase doubling time in neutral conditions was 10.52 hours and alkaline cultures 

doubled every 16.45 hours (Fig 1 E, F). Neutral cultures consumed all nitrate triggering stationary 
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phase within 3 days while alkaline cultures took 6 days to reach nitrate depletion (Fig. 1 C). While 

neutral conditions produced more cells and biomass, individual cells in alkaline conditions were 

larger and weighed on average 1.89 times more than cells grown in neutral conditions. Total 

chlorophyll concentrations increased significantly faster and to higher levels in neutral conditions 

reaching a maximum total chlorophyll concentration on day four before reducing to similar 

concentrations as the alkaline condition on day six (Fig 1 D). While total chlorophyll 

concentrations were higher in the neutral condition, normalized chlorophyll concentration per cell 

was on average 2.67 times greater in the alkaline. 

 

 
Figure 1: Experimental conditions and biomass production of SLA-04. SLA-04 was grown in 

neutral (pH 7, 0 mM added inorganic carbon) and alkaline (pH 10, 100 mM added inorganic 

carbon) conditions. (A) pH, (B) inorganic carbon concentration, (C) nitrate concentration, (D) 

chlorophyll content, (E) cell count, (F) and total suspended solids were monitored and quantified 

for both conditions.  

Lipid and Carbohydrate Composition.Higher Nile red fluorescence is observed in 

Chlorella sp. SLA-04 cultures grown in alkaline conditions (Fig 2 A). Nile red fluorescence is 

only observed in non-polar environments like lipid bodies and has shown a strong correlation to 
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lipid concentration in algal cultures (Cooksey et al., 1987). While Nile red cannot be used to 

quantify lipid concentrations, it provides a quick low-cost way to compare lipid accumulation 

between algal strains and cultivation conditions. In contradiction to increased Nile red 

fluorescence, increased lipid accumulation is not observed when quantifying lipid content with 

GCMS. After centering lipid accumulation around nitrogen depletion (Neutral = Day 3, Alkaline 

= Day 6), cells from both cultures had near identical lipid accumulation after nitrogen depletion 

only showing significantly lower lipid content for the alkaline conditions four days after nitrogen 

depletion (Fig 2 B). In these conditions, Nile red fluorescence appears not correlated to lipid 

content as seen previously. We hypothesize that differential Nile red fluorescence may be due to 

the increase of other non-polar storage molecules in alkaline conditions.  

To test this hypothesis, we measured the total carbohydrate content of SLA-04 across 

neutral and alkaline conditions. Prior to nitrogen depletion SLA-04 biomass grown in alkaline 

conditions contains approximately three times more carbohydrates (21.4%) than SLA-04 grown 

in neutral conditions (7.0%). After nitrogen depletion, both conditions show a significant increase 

in total carbohydrate concentration reaching similar maximum concentrations of 30.5% for neutral 

conditions and 29.1% for alkaline conditions (Fig 2C). Carbohydrate content does not appear to 

be what is impacting Nile red fluorescence in alkaline conditions. 

SLA-04 has five major fatty acid species in both neutral and alkaline conditions. Fatty acids 

range from C16-C18 in length and contain 0-3 degrees of unsaturation (Fig 2D). The overall fatty 

acid length within SLA-04 appears to be impacted by nitrogen availability. Prior to nitrogen 

depletion, fatty acids within the neutral and alkaline conditions are composed of 54.66% and 

57.73% C18 fatty acids respectively with the remaining fatty acids being C16. After nitrogen 
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depletion, both cultures increase in C18 fatty acid composition to 66.28% and 66.93% of total fatty 

acids. In addition to increasing length after nitrogen depletion, fatty acids in both conditions 

become more saturated. After nitrogen depletion, both cultures show a decrease in C18:3 and 

C16:3 fatty acids and an increase in C18:1 compared to log phase cultures.  

 

 
Figure 2: Biomass composition of SLA-04 in neutral versus alkaline conditions. Biomass 

composition was centered on nitrogen depletion (nitrogen depletion = day 3 for neutral and day 6 

for alkaline conditions. N+ represent nutrient replete conditions. N- represent nutrient deplete 

conditions. X axis denote hours before or after nitrogen depletion. (A) Nile Red fluorescence was 

used as proxy to compare the amount of lipids within SLA-04 grown in neutral and alkaline 

conditions. Lyophilized SLA-04 biomass was used to calculate (B) Fatty acid methyl ester 

(FAME) content and (C) total carbohydrate content of SLA-04. Fatty acids were extracted 

through transesterification and quantified using a GCMS. (D) fatty acid composition was 

quantified and mapped throughout the experiment for SLA-04 in neutral and alkaline conditions. 
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While SLA-04 grown in neutral and alkaline conditions show similar trends of increased 

saturation and length after nitrogen depletion, fatty acid composition between conditions is 

different. During log phase growth, SLA-04 grown in neutral conditions contains significantly 

more unsaturated fatty acids, with statistically more C18:3 and C16:3 (Supp Table 1). After 

nitrogen depletion, this trend flips and fatty acids from SLA-04 grown in alkaline conditions are 

significantly more unsaturated. Post-nitrogen depletion, both conditions have identical C16/C16:3 

fatty acid profiles but SLA-04 grown in alkaline conditions has significantly more C18:3 and 

C18:2 while neutral conditions select C18:1 as the major C18 fatty acid.  

Transcriptome Analysis of Carbon Metabolism 

Photosynthesis.mRNA was extracted from Chlorella sp. SLA-04 before and after nitrogen 

depletion from both neutral and alkaline conditions to identify differential expression (Supp. 

Figure 1). Principal component analysis of samples showed that biological replicates of each 

condition formed distinct clusters (Supp. Figure 2). Sequenced reads were mapped to 

corresponding genes within the SLA-04 genome and expression changes were calculated using the 

log2 fold change of normalized read counts between conditions (Goemann et al., 2023). 

Differential expression was compared between neutral and alkaline cultures while also comparing 

nitrogen-replete versus nitrogen-deplete. To explain the mechanism of fatty acid and carbohydrate 

content increases after nitrogen depletion we explored how central carbon metabolism is 

differentially expressed between conditions (Fig. 3). The highest levels of differential expression 

within carbon metabolism were observed between pre- and post-nitrogen depletion for both neutral 

and alkaline cultures (Supp. Fig. 3). 
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Most photosynthetic genes decrease in expression once both neutral and alkaline conditions 

enter nitrogen limitation (Fig. 3). Downregulation was observed in genes coding for PSII, PSI, and 

ATP synthase proteins (Supp. Fig. 3). Select photosynthetic genes involved in photooxidation 

repair showed opposite expression changes having the highest upregulation of all genes involved 

in carbon assimilation after nitrogen depletion. Carbon fixation genes show similar trends with a 

down-regulation of most genes after nitrogen depletion. Terpenoid biosynthesis is downregulated 

in nitrogen limited conditions suggesting that photosynthetic accessory pigment production is also 

reduced. In contrast, tetrapyrrole genes involved in synthesizing chlorophyll appear to be 

upregulated after nitrogen depletion. 

Starch and Sugar Metabolism.The expression of genes involved in starch production in 

SLA-04 is also altered between conditions. Starch synthesis shows a slight upregulation of genes 

involved in starch elongation in nutrient deplete conditions. However, ADP-glucose 

pyrophosphatase which produces ADP-glucose, the first committed step of starch synthesis, is 

downregulated (Supp. Fig. 3). A clearer trend of upregulation is observed in starch degradation 

genes (Fig. 3). Genes involved in starch degradation have their lowest levels of expression in 

neutral nitrogen replete conditions with upregulation in both alkaline conditions and nitrogen 

deplete environments. Three genes involved in starch degradation, two coding for amylase and 

one for alpha-galactosidase, show strong upregulation in only alkaline conditions and are 

expressed at low levels even in neutral post-nitrogen deplete conditions.  
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Figure 3: Differential expression of carbon flow before and after nitrogen depletion. Blue arrows 

indicate upregulated pathways in nutrient-deplete conditions, Red arrows indicate downregulated 

pathways. Black arrows indicate pathways with no differential expression. 

Genes related to sugar degradation are also upregulated in nitrogen-depleted conditions. 

All irreversible steps of glycolysis are significantly upregulated in neutral and alkaline conditions 

after nitrogen depletion (Fig. 3, Supp. Fig. 3). Upregulation is also observed in the oxidation of 

pyruvate to acetyl-CoA. While catabolic reactions are upregulated, gluconeogenesis is 

downregulated after nitrogen depletion. Together, the upregulation of starch degradation, 

glycolysis, and pyruvate oxidation in addition to lower gluconeogenesis expression suggests that 
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SLA-04 may be breaking down starches to produce other macromolecules in the cell after nitrogen 

depletion.  

Fatty Acid Synthesis.Chloroplast fatty acid synthesis appears to be down-regulated in 

stress-inducing environments (Fig. 3, Supp. Fig. 3). Almost all fatty acid synthesis genes have the 

highest levels of expression in neutral pre-nitrogen depletion conditions. Levels of expression are 

slightly lower in alkaline pre-nitrogen depletion conditions, but the most significant 

downregulation is seen once both neutral and alkaline cultures transition to nitrogen deplete 

environments. While fatty acid synthesis is downregulated after nitrogen depletion it appears that 

the production of fatty acid precursors has different expression trends. Fatty acid synthesis requires 

acetyl-CoA and malonyl-CoA to elongate fatty acids. Genes involved in the production of acetyl-

CoA from pyruvate and the conversion of acetyl-CoA to malonyl-CoA within the chloroplast are 

slightly upregulated in both alkaline conditions and downregulation in both neutral conditions. 

Lipid Synthesis.While it appears that carbon flow in the chloroplast is downregulated after 

nutrient depletion, carbon flow in other cellular compartments is significantly upregulated. The 

synthesis, elongation, and degradation of triacylglycerol (TAG) storage lipids are upregulated in 

nutrient deplete conditions (Fig. 3, Supp. Fig. 3). TAG biosynthesis and degradation are also 

upregulated in nitrogen-replete alkaline conditions suggesting that both nitrogen availability and 

alkalinity impact fatty acid expression (Supp. Fig. 3). In contrast to fatty acid synthesis, 

elongation, and degradation, genes related to the conversion of phospholipids to TAGs is 

downregulated in nitrogen-depleted conditions.  
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Mitochondrial Carbon Metabolism.TAGs can be stored in lipid bodies or catabolized into 

fatty acids. Fatty acids produced by TAG degradation are further degraded to acetyl-CoA via beta-

oxidation within the mitochondria. In SLA-04 we see an upregulation of beta-oxidation genes after 

nitrogen depletion (Fig. 3, Supp. Fig. 3). Acetyl-CoA generated from beta-oxidation can either 

enter the tricarboxylic acid (TCA) cycle to generate energy or enter the glyoxylate shunt to 

replenish TCA intermediate biomolecules.  In addition to upregulated beta-oxidation, there is a 

significant increase in the number of transcripts related to the glyoxylate shunt in SLA-04 in 

nitrogen-deplete conditions.  

Genes related to the TCA cycle are upregulated after nitrogen depletion in both neutral and 

alkaline SLA-04 cultures (Fig. 3). Expression of TCA cycle genes is lowest in neutral pre-nitrogen 

deplete conditions (Supp. Fig. 3). Intermediate levels of expression are observed for TCA genes 

in nitrogen-replete alkaline conditions. The highest levels of expression are present in neutral 

nitrogen deplete conditions followed closely by SLA-04 harvested from alkaline nitrogen deplete 

conditions. In addition to the upregulation of central TCA genes, we also see an upregulation of 

genes capable of converting TCA cycle intermediates to cytosolic acetyl-CoA. ATP citrate lyase 

(ACLY) is upregulated in alkaline nutrient-replete and both nutrient-deplete conditions compared 

to SLA-04 from nitrogen-replete neutral conditions. ACLY is an essential gene for replenishing 

cytosolic acetyl-CoA for TAG synthesis and elongation.  

Overall, the strongest trends of differential expression in SLA-04 carbon flow are observed 

in pre- versus post-nitrogen conditions. Only a select few genes show differential expression trends 

that correlate with neutral versus alkaline conditions (Supp. Fig. 3). When comparing pre- versus 

post-nitrogen depletion photosynthesis, carbon fixation, and chloroplast fatty acid synthesis are 
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strongly downregulated after nitrogen depletion (Fig. 3). In the endoplasmic reticulum TAG 

synthesis and elongation are upregulated after nitrogen depletion. Up-regulation is also observed 

in the mitochondria with increased TCA cycle and glyoxylate shunt gene expression. Lastly, 

increased TAG degradation, beta-oxidation, and ACLY expression in nutrient deplete conditions 

suggest that SLA-04 increases the cycling of carbon between lipids and the TCA cycle in stressful 

conditions. 

Genes Involved in Adaptation to Nitrogen Depletion 

Genes with the greatest differential expression were identified between neutral versus 

alkaline conditions and pre- versus post-nitrogen depletion. To select for gene expression that 

correlates with nutrient availability we analyzed the neutral and alkaline conditions separately and 

identified the most significant differentially expressed genes after nutrient depletion. After nutrient 

depletion in the neutral condition, 644 genes are significantly downregulated while 969 are 

upregulated compared to the nutrient-rich condition (Fig. 4, Supp. Fig. 4a). In the alkaline 

condition after nutrient depletion, 214 genes are downregulated while 270 are upregulated (Fig. 4, 

Supp. Fig. 4b).  169 downregulated and 176 upregulated genes were shared between neutral and 

alkaline conditions after nitrogen depletion. Of the shared genes, 126 downregulated genes and 97 

upregulated genes have predicted functions. We hypothesize that shared genes play critical roles 

in adaptation to nutrient deplete conditions. 
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Figure 4:  Genes with the greatest differential expression between conditions. (A) genes with 

greatest up or downregulation in post-nitrogen depletion conditions compared to pre-nitrogen 

depletion. Red is down regulated and blue is upregulated. Total differential genes are noted in 

left table. (B) Genes with greatest up or downregulation in alkaline conditions compared to 

neutral conditions. Total differential genes are noted in  right table. 

Shared genes that were differentially expressed after nutrient depletion in neutral and 

alkaline conditions clustered into multiple metabolic pathways.  Most strikingly, of the 126 

functionally annotated down-regulated genes 89 were involved in photosynthesis (Fig. 4a, Supp. 

Table 3). The downregulation of photosynthetic genes is complemented by significant 

upregulation of oxidative stress and photosynthetic repair genes. The synthesis of antioxidants 

including carotenoids and serotonin is upregulated (Supp. Table 3).  Additionally, superoxide 
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dismutase is highly upregulated in nutrient deplete conditions. This suggests a strong global 

downregulation of photosynthesis and increased photo-repair in nutrient deplete conditions.  

The second highest downregulation was observed in genes involved in amino acid 

synthesis and translation. In nutrient-deplete conditions algae likely do not have the necessary 

nitrogen for high levels of protein synthesis. SLA-04 appears to upregulate genes related to 

nitrogen scavenging in nutrient-deplete conditions. Significant upregulation was also seen in genes 

involved in the transport of nitrogen-rich compounds including amino acids, uric acid, and 

nucleotides (Fig 4a, Supp. Table 3). Additionally, catabolic ammonium generation through 

deaminase activity is significantly upregulated. Transporting nitrogen-rich molecules and 

recycling amines may be used to supplement the low nitrogen availability in stationary phase 

(Dündar & Bush, 2009).  

Nitrogen depletion also impacts global regulatory systems in SLA-04. The most significant 

upregulation after nitrogen depletion was seen in cell cycle regulatory genes. Genes critical for 

inhibiting G2/M transition during mitosis (WEE1 kinase) and condensing chromosomal DNA 

(chromosome structural maintenance protein SMC2-1) are significantly upregulated (Supp. Table 

3). Global transcription is also impacted by nutrient availability. Multiple transcription factors are 

upregulated in nutrient deplete conditions (Supp. Table 3). These genes may serve as the driving 

factors for expression changes. In addition to regulation at the transcriptional level, nutrient 

depletion also causes upregulation in histone modifications that may alter gene expression and 

chromosomal condensation through structural genomic rearrangements. 

This analysis also identified genes involved in fatty acid biosynthesis and TAG 

accumulation. While we see a downregulation in plastid fatty acid synthesis, genes involved in 
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TAG accumulation are significantly upregulated. Diacylglycerol acetyl transferase (DGAT) is 

highly upregulated in nutrient deplete conditions (Supp. Table 3). This gene has previously been 

described to be involved in nutrient-deplete lipid accumulation and serves as a benchmark that our 

analysis is identifying genes critical for lipid acclimation to low-nutrient conditions. In addition to 

DGAT, we also see up-regulation of a caleosin-type peroxygenase. Caleosin-type peroxygenase 

enzymes have appreciated roles in abiotic stress response and lipid droplet storage in plants 

(Rahman et al., 2018). The increased expression may suggest that peroxygenase activity plays a 

critical role in TAG accumulation or processing in SLA-04 after nitrogen depletion. 

Genes Involved in Adaptation to Alkaline Conditions 

To identify genes that are associated with adaptation to alkaline growth, we analyzed 

differential gene expression between neutral and alkaline conditions. Cultures growing in log 

phase Pre-ND conditions and stationary Post-ND conditions were compared independently to 

minimize the effects of nitrogen depletion on gene expression (neutral Pre-ND vs alkaline Pre-ND 

and neutral Post-ND vs alkaline Post-ND). Shared up- or down-regulated genes between these two 

comparisons should play a role in adaptation to alkaline growth. When comparing the neutral 

versus alkaline conditions prior to nitrogen depletion, 234 genes are significantly downregulated 

while 760 are upregulated (Fig. 4, Supp. Fig. 5a). Comparing the alkaline versus neutral condition 

after nutrient depletion showed 283 genes are significantly downregulated and 546 are upregulated 

(Fig. 4, Supp. Fig. 5b). 111 downregulated and 303 upregulated genes were shared and may be 

involved in adaptation to growth in alkaline conditions. Of the shared genes, 47 downregulated 

genes and 149 upregulated genes have predicted functions. 
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 Interestingly, retroelements are significantly upregulated in alkaline conditions. The SLA-

04 genome contains 26 Copia-like retrotransposons integrated throughout the 13 nuclear 

chromosomes (Goemann et al., 2023). Of the 26 retrotransposons, 21 are highly upregulated in 

alkaline conditions (Fig. 4b, Supp. Table 4). Retroelements are commonly activated in stressful 

conditions. Alkaline-induced stress is supported by the upregulation of superoxide dismutase and 

desiccation response proteins (Supp. Table 4). In addition to retroelements, we also see an 

upregulation in RNA processing and biosynthesis. Specifically, we see an upregulation in RNase 

activity including dicer and two T2 Rases. Dicer generates small interfering siRNAs involved in 

antiviral RNA interference (RNAi) which function to suppress target viral or transposon genes 

within algae (Rowe et al., 2013). The upregulation of pathogenic and antiviral genes may suggest 

that alkaline conditions impose stresses that trigger immune responses in algae.  

Solute transport appears to be rewired in SLA-04 during alkaline growth. Multiple 

potassium, sodium, sulfate, calcium, and phosphate transporters are highly upregulated in alkaline 

conditions (Fig. 4b, Supp. Table 4). In contrast, iron accumulation and oxidation genes are 

downregulated. SLA-04 may be adapting to the higher osmotic stresses of alkaline conditions by 

utilizing alternative transport mechanisms to acquire necessary nutrients and maintain intracellular 

homeostasis. We also see that a strong up-regulation of a member two ammonium transporter and 

a down-regulation of a member one ammonium transporter (Yuan et al., 2007). Transcriptional 

profiles of ammonium transporters are highly diverse; however, some have shown strong 

differential expression in response to nutrient and light stress in plants (Gazzarrini et al., 1999; 

Yan et al., 2013). In high pH conditions above 9.25, the major nitrogen species shift from 
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ammonium to ammonia. Differential expression of ammonium transport may be triggered by 

alkaline stress and the resulting shift in nitrogen speciation. 

Alkaline conditions also seem to trigger the degradation and modification of 

macromolecules. Genes involved in sugar degradation and the expression of proteases and 

thioesterases involved in protein degradation are upregulated in alkaline conditions (Supp. Table 

4). We also see the select degradation of nitrogen rich metabolites to produce ammonium in 

alkaline conditions. This may suggest that in alkaline conditions algae are rewiring carbon 

metabolism and recycling limiting nutrients. While sugars and proteins show increased 

degradation, alkaline conditions appear to alter the saturation of lipids. In alkaline conditions, there 

is a significant upregulation of desaturase genes. These genes correlate with the increased levels 

of unsaturation seen in alkaline conditions after nitrogen depletion (Fig. 2).  

Discussion 

Our analysis suggests that SLA-04 responds to nitrogen depletion by synthesizing both 

carbohydrates and lipids. In nutrient deplete conditions SLA-04 has an excess of photosynthetic 

energy due to the inability to consume NADPH through growth and cell division (Sharma et al., 

2018). Synthesis of carbohydrates and lipids likely serves as an electron sink to mitigate 

photooxidative stress associated with excess photosynthesis (McKie-Krisberg et al., 2018). SLA-

04 responds quickly to nutrient depletion by synthesizing high levels of carbohydrates (Fig. 2). 

However, once carbohydrate concentration reaches about 30%, cells transition to producing lipids. 

Carbohydrates are moderately reduced biomolecules while lipids are highly reduced biomolecules 

that require 50% more reducing power to synthesize. In excess energy states, lipids serve as an 

ideal molecule to maximize the consumption of NADPH per carbon molecule in the cell. Here it 
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appears that in initial nutrient depletion, SLA-04 opts to synthesize high levels of moderately 

reduced carbohydrates. As nitrogen depletion continues for extended periods of time SLA-04 then 

transitions to maximize carbon reduction and starts accumulating highly reduced lipids.  

We hypothesize that during early nutrient depletion algal cells still have most of the 

enzymes needed for carbon metabolism. In these conditions, algae have enough enzymatic 

turnover to synthesize high volumes of carbohydrates. After extended periods of nitrogen 

depletion, the cell is unable to replenish all enzymes and needs to maximize the utilization of 

photosynthetic reducing power with limited enzymatic activity. By prioritizing TAG synthesis 

cells can maintain lower levels of biosynthesis while maintaining higher levels of NADPH 

consumption to minimize oxidative stress in the cell. This transition is supported by our 

transcriptomic analysis showing the upregulation of TAG biosynthesis with minor expression 

changes in starch synthesis 24 hours after nitrogen depletion in both alkaline and neutral 

conditions. Starch synthesis was likely significantly upregulated directly following nitrogen 

depletion; however, our sampling regiment did not capture these immediate metabolic shifts. Our 

transcriptome also suggests that carbon for TAG synthesis is coming in part from starch 

degradation and less from de novo fatty acid synthesis (Fig. 3). 

In addition to the upregulation of TAG synthesis, we also see an upregulation in TAG 

degradation, beta-oxidation, the glyoxylate shunt, the TCA cycle, and cytosolic acetyl-CoA 

generation. Together these metabolisms form a cyclical pathway between storage lipids and the 

TCA cycle (Fig. 3). In nutrient-deplete conditions cell growth slows and de novo synthesis of 

carbon is reduced. This limits carbon availability for synthesizing lipids and consuming excess 

photosynthetic NADPH. We hypothesize that upregulated carbon cycling between the TCA cycle 
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and TAG storage may allude to a recycling pathway that SLA-04 uses to replenish precursors for 

TAG synthesis from carbon already stored in the cell. This proposed mechanism of breaking apart 

TAGs just to passage carbon through the TCA cycle back to TAG synthesis is a major waste of 

energy and reducing power in a cell. Cells growing in nutrient-rich conditions would have no 

reason to use this strategy and waste photosynthetic energy. However, in nutrient-limited 

conditions, SLA-04 has excess photosynthetic energy that is harmful to the cell. The use of futile 

cycles to mitigate excess energy in a cell is common in other over-encumbered microbes (Boer et 

al., 2010; Ren et al., 2009). This pathway may be an effective futile cycle within algae to consume 

excess reducing power in the cell while maintaining a store of carbon in TAGs and starch.  

Genes involved in photosynthesis, translation, amino acid synthesis, and cell cycle 

regulation were the most abundant gene categories with differential expression in nutrient deplete 

conditions. In nitrogen-limited environments SLA-04 cannot produce the necessary enzyme to 

grow and divide rapidly. SLA-04 responds to limited nutrients through the global downregulation 

of protein synthesis and termination of cellular division. In addition, SLA-04 appears to recycle 

and scavenge for nitrogen via upregulated transport of nitrogen-rich molecules including amino 

acids, uric acid, and nucleotides. The downregulation of photosynthesis is likely due to limited 

nitrogen availability, but also to minimize oxidative stress in the cell. We hypothesize that in 

nutrient deplete conditions SLA-04 is maintaining a minimal amount of photosynthesis to provide 

enough energy to survive without over-oxidizing the stationary algal cell.  

Interestingly, while most differentially expressed genes in nitrogen deplete conditions are 

directly related to nitrogen availability, scavenging, and the cell cycle, alkaline conditions induce 

other expression trends in SLA-04. Alkaline conditions appear to impose stresses that activate 
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mobile genetic elements and associated antiviral genes. In alkaline conditions, we see almost all 

retroelements in the SLA-04 genome transition from no expression to high levels of expression. 

Active retroelements can insert throughout the genome causing genome rearrangement and 

modification. SLA-04 was isolated from alkaline conditions and likely experienced constant 

activation of retroelements. While retroelements provide a mechanism for SLA-04 to adapt to 

extreme environments through genome rearrangement, highly active mobile genetic elements can 

be detrimental to the cell. Steps must be taken to minimize the parasitic burden of retroelements. 

In alkaline conditions, we see high levels of RNAi antiviral genes including dicer. Other than 

RNAi very few other algal immune systems have been identified (Rowe et al., 2013). If high 

alkalinity activates mobile genetic elements, then this condition may be used to screen for 

unknown antiviral systems in algae. 

Other upregulated genes may play unappreciated roles in the algal immune defense. T2 

Rnases are predicted to respond to pathogens in plants but have not been appreciated to provide 

protection against pathogens in green algae (Deshpande & Shankar, 2002; Singh et al., 2020). In 

addition to RNase activity, we also see an upregulation of aldehyde oxidase, an enzyme that 

oxidizes aldehydes to produce H2O2 (Supp. Table 4). This gene combats viral infection in plants 

through the production of H2O2 and could be used by algae to combat pathogens (Yergaliyev et 

al., 2016).  T2 Rnase, aldehyde oxidase, and other upregulated genes with unknown functions may 

be candidates for immune defense in algae and expand our understanding of how algae evade the 

constant barrage of viruses and mobile genetic elements (Deshpande & Shankar, 2002; Singh et 

al., 2020). 



91 

 

Alkaline growth also impacted the physiological characteristics of SLA-04 causing high 

levels of carbohydrate accumulation prior to nitrogen depletion. We hypothesize that increased 

carbohydrates play an important role in osmoregulation in alkaline conditions. Extreme alkaline 

conditions have over 100 times more inorganic carbon ions than neutral conditions. This 

dramatically increases the osmotic pressure experienced by cells in alkaline conditions. While 

carbohydrates serve as an electron sink after nitrogen depletion, non-structural sugars can also act 

in osmoregulation to maintain intracellular homeostasis (Chen et al., 2011; Hartmann & Trumbore, 

2016). Increased carbohydrates in alkaline conditions prior to nitrogen depletion may help combat 

the osmotic pressure of growing in alkaline conditions. Additionally, SLA-04 in alkaline 

conditions post-nitrogen depletion has a more unsaturated fatty acid profile compared to neutral 

conditions. Unsaturated acids are more susceptible to oxidative damage and are reduced in 

stressful conditions. Maintaining higher levels of unsaturation suggests that unsaturation and 

membrane fluidity may be necessary to maintain homeostasis in alkaline conditions. To further 

support that osmotic stress is a problem for algae growing in alkaline conditions we see an 

upregulation of ionic transport in alkaline conditions. Due to the increased ionic load of alkaline 

conditions, SLA-04 appears to increase ion transport to maintain homeostasis. While alkaline 

conditions impose stress on algae, transcriptional changes are distinct from those of nutrient 

depletion and tend to focus on the activation of mobile genetic elements, antiviral systems, and 

maintenance of intracellular homeostasis. 

Conclusion 

 Chlorella sp. SLA-04 is a productive green alga that grows well in neutral and alkaline 

conditions. Here we show how SLA-04 rearranges central carbon metabolism to produce 
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carbohydrates and TAGs in nutrient deplete conditions. Additionally, SLA-04 appears to recycle 

fatty acids through a futile cycle to consume excess photosynthetic energy while maintaining stores 

of highly reduced TAGs. This analysis further highlights how SLA-04 adapts to the different 

stresses imposed by nitrogen limitation and extreme alkalinity. SLA-04 survives nutrient depletion 

by increasing nutrient scavenging and lowering photosynthetic activity while extreme alkaline 

stresses are overcome through antiviral activity and osmoregulation. Together, this analysis 

identifies genotypes that algae may use to survive in extreme alkaline and provides a foundation 

to optimize alkaline biomass production through condition optimization and genome editing. 

Methods 

Strain Cultivation Conditions 

Chlorella sp. SLA-04 was grown in 1.25 L tube photobioreactors with 400 umol/m2s light 

using T5 fluorescent bulbs with a 14:10 light dark cycle. Cultures received 0.4 L/min of air and 

temperature was maintained at 23oC. Alkaline cultures were grown in Boldôs Basal media with 

100 mM added inorganic carbon in the form of bicarbonate. Sodium hydroxide was added to titrate 

cultures to a pH of 10.3. neutral cultures were grown in bolds basal media titrated to pH 7. 5% 

CO2 was mixed inline with the air supply as necessary to buffer the neutral condition if pH rose 

above 7.2 and would stop once pH returned to 7.0.  

Quantifying Media Composition 

Dissolved Inorganic Carbon.10 mL of culture was harvested and filter sterilized. 

Supernatant of alkaline conditions was diluted 10 times to bring the inorganic carbon concentration 

below 100 mg carbon/L. Neutral sample did not need to be diluted. Samples were run on a 
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SKALAR formacs HT high-temperature instrument to quantify media inorganic carbon 

concentration. Instrument oxygen flow was set to 200 and fresh 4% phosphoric acid (H3PO4) was 

supplied every 60 samples. Samples were compared to a standard dilution series containing 0 - 

1000 mg carbon/L composed of molar equivalents of sodium carbonate and sodium bicarbonate.  

Media Nitrate Concentration.Szechrome NAS reagent from Polysciences, Inc. (Cat# 

08762) was prepared by dissolving 0.5 g of NAS in 100 mL of equal parts concentrated phosphoric 

H3PO4 and sulfuric H2SO4 acid. Acid mixture was prepared 1 week before adding NAS to 

minimize background NO3 concentrations in the acid. One mL of culture was harvested and filter 

sterilized with a 0.22 um filter.  Samples were diluted as necessary to be lower than 3 mmol or 42 

mg/L NO3
-. 20 uL of sample was transferred to a 96 well plate along with nitrate standards 

containing 0 ï 50 mg/L NO3
-. 200 uL of NAS acidified NAS reagent was added to each sample 

starting with the most concentrated standard. Samples were mixed with a pipet >20 times and let 

stand for 30 min. After 30 minutes sample absorbance was measured at 507nm, and the 

concentration was determined using a calibration curve of known standards. 

Cell Growth 

Cell Count.One mL of culture was taken and diluted to approximately 1E6 cells/mL. 12 

uL of diluted sample was added to a hemocytometer with a 10-4 mL counting volume and samples 

were counted in triplicate. Data were converted to cells/mL by multiplying the calculated average 

cell count by 104. 

Total Suspended Solids.A 0.2 um filter disk with 25 mm diameter was pre-weighed. Ten 

mL of culture sample was collected and filtered through pre-weighed filter using a vacuum 
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filtration setup followed by washing the filter 3 times with 5 mL diH2O pH 6. Filters containing 

algal biomass were dried at 80oC for 24 hours and weighed.Total suspended solid values (mg/L) 

was calculated by subtracting the weight of clean filter from the weight of dried filter with algal 

biomass and adjusted for the volume of filtrate used.  

Biomass Composition 

Chlorophyll Concentration.One mL of algae culture was pelleted in a 15 mL falcon tube 

@ 500 x G for 10 minutes. The supernatant was discarded and the pellet was resuspended in 5 mL 

of 100% methanol. Sample was heated 5 minutes at 70 oC followed by centrifugation for 10 

minutes at 500 x G. Supernatant was removed and saved. Five mL of methanol was again added 

to the pellet and the extraction was repeated. One mL of combined methanol (10 mL total) was 

added to a cuvette with a one cm path length and absorbance values were collected at 470, 653, 

and 666 nm using a spectrophotometer. One hundred percent methanol was used as a blank. 

Chlorophyll A, B, and carotenoid concentrations were calculated using the following equations.  

¶ Chl a (mg/L) = 17.12*A666 ï 8.86*A653 

¶ Chl b (mg/L) = 32.23*A653 ï 14.55*A666 

¶ Chl a+b (mg/L) = 2.57*A666 +23.6*A653 

¶ Car (mg/L) = (1000*A470 -2.86*(15.65*A666 ï 7.34*A653)-129.2*(27.05*A653 ï 

11.21*A666))/221 

Nile Red Fluorescence.40 uL of Nile Red (25 ng/uL) dissolved in acetone was added to 1 

mL of algae culture. Nile red samples were mixed by vortex and 200 uL was transferred to a 96 

well dark walled plate and incubated in the dark for exactly 10 minutes. Microplate was 

immediately transferred to a Citation5 microplate reader with Gen5 software to record 
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fluorescence using an excitation of 480 nm, emission of 580 nm, gain of 75, and read height of 7.0 

mm. Relative absorbance units were recorded and used to compare lipid content between samples. 

Lyophilization of Algal Biomass for FAME and Carbohydrate Analysis.50 mL samples 

were collected from cultures for biomass composition analysis. Samples were pelleted at 3000 x 

G for 10 minutes and the supernatant was removed. Pellets were frozen to -80 oC and stored for 

lyophilization. Caps were removed and tubes with frozen pellets were transferred to a pre-chilled 

Millrock Technologies freeze dryer set at -40 oC. Samples were lyophilized for 72 hours at -40 oC 

and 100 mTorr. Freeze-dried samples were stored at -20 oC and used for FAME and carbohydrate 

analysis. 

FAME Analysis.5-15 mg of dried algal biomass was transferred to pre-weighed glass vials 

with Teflon caps. 0.5 mL of toluene and 1 mL of sodium methoxide was added to each sample. 

Closed vials were incubated for 30 min at 90oC vortexing every 10 minutes. 1 mL of boron 

trifluoride (14% BF3 in methanol) was added and incubation step was repeated. Tubes were cooled 

to room temperature before adding 0.4 mL of hexanes and 0.4 mL of concentrated salt solution 

(15% NaCl w/w). tubes were incubated for 10 minutes at 90oC and organic layer was separated 

via centrifugation of 500 g for 2 minutes. Organic layer was transferred to capped GC vials and 

used for GCMS analysis of fatty acid methyl ester (FAME) content. 

Carbohydrate Analysis.Total carbohydrate content was calculated using a colorimetric 

anthrone assay (Beck et al., 2018). Anthrone reagent was prepared by mixing 10 mg of anthrone 

and 250 uL of fresh absolute ethanol per reaction. 75% sulfuric acid was added to a final volume 

of 5 mL and stirred until anthrone was dissolved. 0.5-1.0 mg of dried algal biomass was transferred 
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to pre-weighed glass vials with Teflon caps. Samples were re-suspended in 1 mL of water and 

placed on ice. Glucose standards were prepared from a 1 mg/mL stock. Standards ranged from 10-

600 ug/mL with a total volume of 1 mL. 5 mL of ice-cold anthrone reagent was added to each 

sample and standard. Samples and standards were chilled on ice for 5 minutes, vortexed, and 

incubated in boiling water for 10 minutes. Tubes were placed back on ice for 10 minutes to cool 

and vortexed. 200 uL of each sample and standard were transferred to a 96-well plate and 

absorbance was measured at 625 nm. Standards were used to make a calibration curve to calculate 

the total carbohydrate content of samples. 

Transcriptome Analysis 

RNA Extraction and Quantification.Biomass samples were collected for RNA sequencing. 

50 mL samples were spun down (4k rfc @ 4oC for 5 min) and flash frozen in liquid nitrogen to 

limit RNA degradation. Samples flanking the time of nitrogen depletion were taken on days 2 and 

4 for the neutral sample and on days 5 and 7 for the highly alkaline condition to identify gene 

expression changes associated with nitrogen depletion and alkalinity changes under these two 

conditions. Total RNA extraction was performed by grinding algal biomass with a mortar and 

pestle in liquid nitrogen. Frozen, ground biomass was transferred to Trizol extraction buffer and 

total RNA was purified using the Zymo research direct-zol RNA miniprep per manufacturerôs 

instructions. Purification yielded 7.9-45.5 mg of total RNA per extraction for all 18 samples with 

a 260nm/280nm ratio ranging from 2-2.3 and a 260nm/230nm ratio ranging from 2.1-2.5. RNA 

integrity was also confirmed using a 2100 Bioanalyzer (Agilent). Samples had distinct 25s and 18s 

rRNA bands with RNA integrity numbers (RIN) of 7.8-9.5.  
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RNA Sequencing and Processing.Stranded RNASeq library(s) were created and quantified 

by qPCR. Sequencing was performed using an Illumina instrument at the Joint Genome Institute 

(JGI). Raw fastq file reads were filtered and trimmed using the JGI QC pipeline (Vasanth Singan). 

Using BBDuk, raw reads were evaluated for artifact sequence by kmer matching (kmer=25), 

allowing 1 mismatch and detected artifact was trimmed from the 3' end of the reads (BBDuk).  

RNA spike-in reads, PhiX reads and reads containing any Ns were removed. Quality trimming 

was performed using the phred trimming method set at Q6.  Finally, following trimming, reads 

under the length threshold were removed (minimum length 25 bases or 1/3 of the original read 

length - whichever was longer). 

Filtered reads from each library were aligned to the reference genome using HISAT2 

version 2.2.0 (Kim et al., 2015). 98.8% of reads mapped back to the SLA-04 genome. Strand-

specific coverage bigWig files (fwd and rev) were generated using deepTools v3.1 (Ramírez et al., 

2014). featureCounts was used to generate the raw gene counts file using gff3 annotations (Liao 

et al., 2014). Only primary hits assigned to the reverse strand were included in the raw gene counts 

(-s 2 -p --primary options). Raw gene counts were used to evaluate the level of correlation between 

biological replicates using Pearson's correlation and determine which replicates would be used in 

the DGE analysis. FPKM and TPM normalized gene counts are also provided. 

Differential Gene Expression.DESeq2 (version 1.30.0) was subsequently used to determine 

which genes were differentially expressed between pairs of conditions (Love et al., 2014). The 

parameters used to call a gene DE between conditions were p-value < 0.05 and log2 fold change 

< 2. SLA-04 genes were annotated using Mercator 4.5 and mapped to metabolic pathways using 
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KofamKOALA and KEGG mapper (Aramaki et al., 2020; Lohse et al., 2014; Moriya et al., 2007). 

Volcano plots were generated in RStudio using ggplot2 (Hadley, 2016). 

Protein Structural Prediction.Structural-based protein annotation was performed following 

the ColabFold-FoldSeek-EggNOG (CoFFE) pipeline (Ruperti et al., 2022). Briefly, amino acid 

sequences were submitted to the ColabFold Alphafold2-mmseqs2 notebook through google colab 

with default settings (Evans et al., 2021; Jumper et al., 2021; Mirdita et al., 2022). The highest-

ranking predicted protein data base (pdb) structure with predicted local distance difference test on 

the Ca atoms (pLDDT) > 70 was selected for each analyzed protein. PDB structures were 

submitted to Foldseek webserver for structural comparison against the AlphaFold database of 

protein structures (van Kempen et al., 2022).  
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Supplementary data 

Percent Biomass as Fatty acids (w/w)  Percent Fatty Acid as 18:3 (w/w) 

Time Neutral 
Neutral 
stdev Alkaline 

Alk 
stdev Pvalue  Time Neutral 

Neutral 
stdev Alkaline 

Alk 
stdev Pvalue 

ND-2 NA NA 4.95% 0.29% NA  ND-2 NA NA 35.31% 1.40% NA 

ND-1 5.74% 0.88% 5.47% 0.29% 0.6613  ND-1 39.66% 0.21% 34.52% 0.73% 0.0039 

ND 6.32% 0.63% 6.73% 0.27% 0.3765  ND 44.59% 0.78% 32.49% 0.36% 0.0004 

ND+
1 8.75% 0.41% 7.81% 0.81% 0.1726  ND+1 27.22% 0.42% 27.72% 1.64% 0.6568 

ND+
2 12.42% 0.97% 11.23% 1.15% 0.2429  ND+2 18.27% 0.64% 22.24% 2.07% 0.0687 

ND+
4 20.81% 1.13% 16.00% 1.82% 0.0358  ND+4 10.92% 0.36% 15.31% 1.28% 0.0190 

             

Percent Fatty Acid as 16:3 (w/w)  Percent Fatty Acid as 18:2 (w/w) 

Time Neutral 
Neutral 
stdev Alkaline 

Alk 
stdev Pvalue  Time Neutral 

Neutral 
stdev Alkaline 

Alk 
stdev Pvalue 

ND-2 NA NA 15.32% 0.70% NA  ND-2 NA NA 17.61% 0.31% NA 

ND-1 22.08% 0.45% 14.97% 0.17% 0.0003  ND-1 12.00% 0.36% 18.68% 0.39% 
2.89E-

05 

ND 24.58% 0.07% 14.31% 0.47% 0.0004  ND 9.67% 0.12% 20.50% 0.38% 0.0004 

ND+
1 14.13% 0.32% 12.32% 1.06% 0.0017  ND+1 16.94% 0.34% 22.59% 0.44% 0.0001 

ND+
2 8.91% 0.77% 9.40% 0.76% 0.4720  ND+2 21.08% 0.19% 24.38% 0.50% 0.0034 

ND+
4 5.26% 0.48% 5.99% 0.43% 0.2225  ND+4 20.54% 0.20% 26.44% 0.21% 0.0003 

             

Percent Fatty Acid as 16:0 (w/w)  Percent Fatty Acid as 18:1 (w/w) 

Time Neutral 
Neutral 
stdev Alkaline 

Alk 
stdev Pvalue  Time Neutral 

Neutral 
stdev Alkaline 

Alk 
stdev Pvalue 

ND-2 NA NA 26.78% 1.58% NA  ND-2 NA NA 4.98% 0.68% NA 

ND-1 23.25% 0.87% 27.30% 0.26% 0.0100  ND-1 3.00% 0.33% 4.53% 0.43% 0.00962 

ND 19.93% 0.63% 28.14% 0.30% 0.0004  ND 1.23% 0.13% 4.56% 0.18% 
2.96E-

05 

ND+
1 30.05% 0.62% 30.36% 0.69% 0.6051  ND+1 11.65% 0.39% 7.02% 1.60% 0.0317 

ND+
2 30.33% 0.34% 31.30% 0.96% 0.2164  ND+2 21.41% 1.26% 12.67% 3.31% 0.0320 

ND+
4 28.46% 0.26% 27.08% 1.21% 0.1806  ND+4 34.82% 0.38% 25.18% 3.02% 0.0288 

Supplementary Table 1: Fatty acid composition and statistics 
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Supplementary Figure 1: Sampling timepoints and sequencing coverage 

 
Supplementary Figure 2: PCA analysis of sequencing 
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Supplementary Figure 3: Schematic of differential carbon flow genes involved in growth in 

alkaline conditions. Between neutral and alkaline condition data. 
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Supplementary Figure 4: Volcano plots showing differential expression of pre vs post nitrogen 

depletion 

 
Supplementary Figure 5: Volcano plots showing differential expression of neutral vs alkaline  
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Supplementary Table 2: Table of all differential genes between pre- versus post-nitrogen 

depletion 

Gene ID 
Average 

DGE Annotation Functional Category 

SLA-04_03519-RA -8.35 
NDPK2 Nucleoside diphosphate kinase 2, chloroplastic (Nicotiana 
tabacum OX=4097) Nucleotide metabolism 

SLA-04_02222-RA -6.45 
OEP24A Outer envelope pore protein 24A, chloroplastic (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_05548-RA -6.15 CAH1 Carbonic anhydrase 1 (Chlamydomonas reinhardtii OX=3055) Photosynthesis 

SLA-04_04827-RA -6 
efeO Iron uptake system component EfeO (Shigella boydii serotype 4 
(strain Sb227) OX=300268) not assigned 

SLA-04_05897-RA -5.65 
CYP38 Peptidyl-prolyl cis-trans isomerase CYP38, chloroplastic 
(Arabidopsis thaliana OX=3702) Protein modification 

SLA-04_00630-RA -5.55 
MAN1 Mannan endo-1,4-beta-mannosidase 1 (Oryza sativa subsp. 

japonica OX=39947) Cell wall organisation 

SLA-04_06397-RA -5.55 

metE 5-methyltetrahydropteroyltriglutamate--homocysteine 
methyltransferase (Synechococcus sp. (strain JA-2-3B'a(2-13)) 
OX=321332) not assigned 

SLA-04_05896-RA -5.55 
TLP40 Peptidyl-prolyl cis-trans isomerase, chloroplastic (Spinacia 
oleracea OX=3562) not assigned 

SLA-04_06398-RA -5.4 
5-methyltetrahydropteroyltriglutamate--homocysteine 
methyltransferase (Chlamydomonas reinhardtii OX=3055) not assigned 

SLA-04_04008-RA -4.95 unknown function Photosynthesis 

SLA-04_06418-RA -4.95 
FKBP16-3 Peptidyl-prolyl cis-trans isomerase FKBP16-3, chloroplastic 
(Arabidopsis thaliana OX=3702) Protein modification 

SLA-04_05086-RA -4.85 
SAMC2 Probable S-adenosylmethionine carrier 2, chloroplastic 
(Arabidopsis thaliana OX=3702) Solute transport 

SLA-04_02428-RA -4.75 
ASP1 Aspartate aminotransferase, mitochondrial (Arabidopsis thaliana 
OX=3702) Nutrient uptake 

SLA-04_02292-RA -4.7 
RPI3 Probable ribose-5-phosphate isomerase 3, chloroplastic 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_02300-RA -4.7 
ISPD 2-C-methyl-D-erythritol 4-phosphate cytidylyltransferase, 
chloroplastic (Arabidopsis thaliana OX=3702) Secondary metabolism 

SLA-04_03993-RA -4.65 
Ppif Peptidyl-prolyl cis-trans isomerase F, mitochondrial (Mus 
musculus OX=10090) Enzyme classification 

SLA-04_01094-RA -4.65 Sc5d Lathosterol oxidase (Rattus norvegicus OX=10116) not assigned 

SLA-04_07250-RA -4.6 
CIN2 Beta-fructofuranosidase, insoluble isoenzyme 2 (Oryza sativa 
subsp. indica OX=39946) Enzyme classification 

SLA-04_03682-RA -4.6 
GC1 Epimerase family protein SDR39U1 homolog, chloroplastic 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01455-RB -4.4 NEK8 Serine/threonine-protein kinase Nek8 (Homo sapiens OX=9606) not assigned 

SLA-04_08304-RA -4.35 unknown function Coenzyme metabolism 

SLA-04_01464-RA -4.25 

CSR1 Phosphatidylinositol transfer protein CSR1 (Ashbya gossypii 
(strain ATCC 10895 / CBS 109.51 / FGSC 9923 / NRRL Y-1056) 
OX=284811) not assigned 

SLA-04_01585-RA -4.25 Cyp4x1 Cytochrome P450 4X1 (Rattus norvegicus OX=10116) Enzyme classification 

SLA-04_02716-RA -4.25 
fabD Malonyl CoA-acyl carrier protein transacylase (Bacillus subtilis 
(strain 168) OX=224308) Lipid metabolism 

SLA-04_00555-RA -4.25 
fabZ 3-hydroxyacyl-[acyl-carrier-protein] dehydratase FabZ (Bacillus 
velezensis (strain DSM 23117 / BGSC 10A6 / FZB42) OX=326423) Lipid metabolism 

SLA-04_05179-RA -4.25 
PSB27-1 Photosystem II repair protein PSB27-H1, chloroplastic 
(Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_07251-RA -4.2 

CIN6 Beta-fructofuranosidase, insoluble isoenzyme 6 (Oryza sativa 

subsp. japonica OX=39947) not assigned 

SLA-04_05771-RA -4.15 
At3g63540 Thylakoid lumenal 19 kDa protein, chloroplastic 
(Arabidopsis thaliana OX=3702) not assigned 
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SLA-04_05353-RA -4.15 PETF Ferredoxin, chloroplastic (Chlamydomonas reinhardtii OX=3055) Photosynthesis 

SLA-04_01549-RA -4.15 
PPD5 PsbP domain-containing protein 5, chloroplastic (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_01061-RA -4.1 
fdhC Probable formate transporter (Methanothermobacter 

thermautotrophicus OX=145262) not assigned 

SLA-04_04639-RA -4.1 
OsI_00941 GDT1-like protein 1, chloroplastic (Oryza sativa subsp. 
indica OX=39946) Solute transport 

SLA-04_06791-RA -4.1 Triosephosphate isomerase, chloroplastic (Secale cereale OX=4550) Enzyme classification 

SLA-04_07203-RA -4.05 
MGD A Probable monogalactosyldiacylglycerol synthase, chloroplastic 
(Glycine max OX=3847) Lipid metabolism 

SLA-04_05593-RA -4.05 TIC62 Protein TIC 62, chloroplastic (Pisum sativum OX=3888) Photosynthesis 

SLA-04_01928-RA -4 
SECY Preprotein translocase subunit SECY, chloroplastic (Pisum 
sativum OX=3888) Protein translocation 

SLA-04_07391-RA -3.95 
HEME2 Uroporphyrinogen decarboxylase 2, chloroplastic (Arabidopsis 
thaliana OX=3702) Coenzyme metabolism 

SLA-04_06507-RA -3.95 
rplF 50S ribosomal protein L6 (Gloeothece citriformis (strain PCC 7424) 
OX=65393) Protein biosynthesis 

SLA-04_02363-RA -3.9 Setd4 SET domain-containing protein 4 (Mus musculus OX=10090) not assigned 

SLA-04_03544-RA -3.85 PGK Phosphoglycerate kinase, chloroplastic (Volvox carteri OX=3067) not assigned 

SLA-04_01355-RA -3.8 
sll0418 2-methyl-6-phytyl-1,4-hydroquinone methyltransferase 
(Synechocystis sp. (strain PCC 6803 / Kazusa) OX=1111708) not assigned 

SLA-04_02273-RA -3.75 
PPD1 PsbP domain-containing protein 1, chloroplastic (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_04404-RA -3.75 PPL1 PsbP-like protein 1, chloroplastic (Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_06422-RA -3.6 
ppa1 Soluble inorganic pyrophosphatase 1, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Multi-process regulation 

SLA-04_00455-RA -3.6 
CPX Oxygen-dependent coproporphyrinogen-III oxidase, chloroplastic 

(Glycine max OX=3847) Coenzyme metabolism 

SLA-04_01971-RA -3.6 
DVR Divinyl chlorophyllide a 8-vinyl-reductase, chloroplastic (Cucumis 
sativus OX=3659) Coenzyme metabolism 

SLA-04_08354-RA -3.55 
HEMC Porphobilinogen deaminase, chloroplastic (Oryza sativa subsp. 
japonica OX=39947) Coenzyme metabolism 

SLA-04_00646-RA -3.55 
Os09g0505700 Ribulose-phosphate 3-epimerase, cytoplasmic isoform 

(Oryza sativa subsp. japonica OX=39947) Carbohydrate metabolism 

SLA-04_05938-RA -3.5 

FRAAL3718 Putative S-adenosyl-L-methionine-dependent 
methyltransferase FRAAL3718 (Frankia alni (strain ACN14a) 
OX=326424) not assigned 

SLA-04_01993-RA -3.5 
IMPL1 Phosphatase IMPL1, chloroplastic (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_06896-RA -3.5 
TATA Sec-independent protein translocase protein TATA, chloroplastic 
(Arabidopsis thaliana OX=3702) Protein translocation 

SLA-04_01799-RA -3.45 
FFC Signal recognition particle 54 kDa protein, chloroplastic 
(Arabidopsis thaliana OX=3702) Protein translocation 

SLA-04_06400-RA -3.45 
GDCST Aminomethyltransferase, mitochondrial (Mesembryanthemum 
crystallinum OX=3544) Photosynthesis 

SLA-04_06077-RA -3.4 
CHLM Magnesium protoporphyrin IX methyltransferase, chloroplastic 
(Arabidopsis thaliana OX=3702) Coenzyme metabolism 

SLA-04_06097-RC -3.4 
PORA Protochlorophyllide reductase, chloroplastic (Cucumis sativus 
OX=3659) Coenzyme metabolism 

SLA-04_03264-RA -3.4 
CPX Oxygen-dependent coproporphyrinogen-III oxidase, chloroplastic 
(Oryza sativa subsp. japonica OX=39947) Enzyme classification 

SLA-04_07504-RA -3.35 
CRTISO1 Prolycopene isomerase 1, chloroplastic (Oncidium hybrid 
cultivar OX=141207) not assigned 

SLA-04_00946-RA -3.35 
AKR2A Ankyrin repeat domain-containing protein 2A (Arabidopsis 
thaliana OX=3702) Protein translocation 

SLA-04_06404-RA -3.3 
ctpA C-terminal processing peptidase, chloroplastic (Tetradesmus 
obliquus OX=3088) not assigned 
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SLA-04_01860-RA -3.25 
CLEB3J9 Thylakoid lumenal 29 kDa protein, chloroplastic (Solanum 
lycopersicum OX=4081) not assigned 

SLA-04_01463-RA -3.25 
PAT1 Anthranilate phosphoribosyltransferase, chloroplastic 
(Arabidopsis thaliana OX=3702) Amino acid metabolism 

SLA-04_02504-RA -3.25 
sll1737 Tic20 family protein (Synechocystis sp. (strain PCC 6803 / 
Kazusa) OX=1111708) Protein translocation 

SLA-04_08090-RA -3.2 
Fructose-bisphosphate aldolase, cytoplasmic isozyme (Spinacia 
oleracea OX=3562) not assigned 

SLA-04_07769-RA -3.2 
GAPA Glyceraldehyde-3-phosphate dehydrogenase A, chloroplastic 
(Spinacia oleracea OX=3562) Photosynthesis 

SLA-04_02169-RA -3.2 
TRPA1 Tryptophan synthase alpha chain (Arabidopsis thaliana 
OX=3702) Amino acid metabolism 

SLA-04_00800-RA -3.15 
LHCB5 Chlorophyll a-b binding protein CP26, chloroplastic 

(Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_07646-RA -3.15 
PETE Plastocyanin, chloroplastic (Chlamydomonas reinhardtii 
OX=3055) Photosynthesis 

SLA-04_06521-RA -3.15 
asd Aspartate-semialdehyde dehydrogenase (Aquifex aeolicus (strain 
VF5) OX=224324) Amino acid metabolism 

SLA-04_06522-RA -3.15 
asd Aspartate-semialdehyde dehydrogenase (Synechocystis sp. (strain 
PCC 6803 / Kazusa) OX=1111708) Amino acid metabolism 

SLA-04_01182-RA -3.15 
DIT2-1 Dicarboxylate transporter 2.1, chloroplastic (Arabidopsis 

thaliana OX=3702) Solute transport 

SLA-04_01067-RA -3.15 
HST Homogentisate solanesyltransferase, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) not assigned 

SLA-04_01679-RA -3.1 VTE5 Phytol kinase 1, chloroplastic (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01990-RA -3.05 
At2g44920 Thylakoid lumenal 15 kDa protein 1, chloroplastic 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01680-RA -3.05 
VPS4 Vacuolar protein sorting-associated protein 4 (Saccharomyces 
cerevisiae (strain ATCC 204508 / S288c) OX=559292) not assigned 

SLA-04_01227-RA -3 
ABA4 Protein ABA DEFICIENT 4, chloroplastic (Arabidopsis 

thaliana OX=3702) Secondary metabolism 

SLA-04_06151-RA -3 
ALDCHL Fructose-bisphosphate aldolase 1, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) not assigned 

SLA-04_01589-RA -3 
Caur_2266 Succinyl-CoA--D-citramalate CoA-transferase (Chloroflexus 
aurantiacus (strain ATCC 29366 / DSM 635 / J-10-fl) OX=324602) not assigned 

SLA-04_05621-RA -3 
CEST Protein CHLOROPLAST ENHANCING STRESS TOLERANCE, 
chloroplastic (Oryza sativa subsp. indica OX=39946) Photosynthesis 

SLA-04_01502-RA -3 
efp Elongation factor P (Synechococcus sp. (strain JA-2-3B'a(2-13)) 
OX=321332) Protein biosynthesis 

SLA-04_03443-RA -2.95 
alkJ Alcohol dehydrogenase [acceptor] (Pseudomonas oleovorans 
OX=301) not assigned 

SLA-04_03827-RA -2.95 PRXIIE Peroxiredoxin-2E, chloroplastic (Arabidopsis thaliana OX=3702) Redox homeostasis 

SLA-04_01497-RA -2.95 
PSBP Oxygen-evolving enhancer protein 2, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Photosynthesis 

SLA-04_06003-RA -2.9 
CYP26-2 Peptidyl-prolyl cis-trans isomerase CYP26-2, chloroplastic 
(Arabidopsis thaliana OX=3702) Secondary metabolism 

SLA-04_00224-RA -2.85 
CHLD Magnesium-chelatase subunit ChlD, chloroplastic (Pisum 

sativum OX=3888) Coenzyme metabolism 

SLA-04_07137-RA -2.8 
CRTZ Beta-carotene 3-hydroxylase, chloroplastic (Fragment) 
(Haematococcus lacustris OX=44745) Secondary metabolism 

SLA-04_01528-RA -2.8 PSAO Photosystem I subunit O (Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_01551-RA -2.75 
At2g31400 Pentatricopeptide repeat-containing protein At2g31400, 
chloroplastic (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_04973-RA -2.75 
PSAN Photosystem I reaction center subunit N, chloroplastic (Volvox 
carteri OX=3067) Photosynthesis 

SLA-04_08148-RA -2.75 
UROS Uroporphyrinogen-III synthase, chloroplastic (Arabidopsis 
thaliana OX=3702) Coenzyme metabolism 

SLA-04_06154-RA -2.65 
LIL3.1 Light-harvesting complex-like protein 3 isotype 1, chloroplastic 
(Arabidopsis thaliana OX=3702) Photosynthesis 
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SLA-04_00647-RA -2.65 
PNSL5 Photosynthetic NDH subunit of lumenal location 5, 

chloroplastic (Arabidopsis thaliana OX=3702) Enzyme classification 

SLA-04_08213-RA -2.65 
CPX Oxygen-dependent coproporphyrinogen-III oxidase, chloroplastic 
(Glycine max OX=3847) Coenzyme metabolism 

SLA-04_03847-RA -2.6 
DDB_G0271742 UPF0548 protein (Dictyostelium discoideum 
OX=44689) Solute transport 

SLA-04_02007-RA -2.55 
bioC Malonyl-[acyl-carrier protein] O-methyltransferase (Paenibacillus 
sp. (strain JDR-2) OX=324057) not assigned 

SLA-04_06175-RA -2.55 
GSA Glutamate-1-semialdehyde 2,1-aminomutase, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Coenzyme metabolism 

SLA-04_00452-RA -2.55 
YLMG2 YlmG homolog protein 2, chloroplastic (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_04611-RA -2.5 
CAS Calcium sensing receptor, chloroplastic (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_02904-RA -2.5 
Chlorophyll a-b binding protein of LHCII type I, chloroplastic (Lemna 
gibba OX=4470) Photosynthesis 

SLA-04_04193-RA -2.45 
CTH1 Magnesium-protoporphyrin IX monomethyl ester [oxidative] 
cyclase 2, chloroplastic (Chlamydomonas reinhardtii OX=3055) Coenzyme metabolism 

SLA-04_00828-RA -2.45 
LHCA1 Chlorophyll a-b binding protein 6, chloroplastic (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_06070-RA -2.45 UPP Uracil phosphoribosyltransferase (Nicotiana tabacum OX=4097) Nucleotide metabolism 

SLA-04_06540-RA -2.4 
ALB3.1 Inner membrane ALBINO3-like protein 1, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Protein translocation 

SLA-04_04590-RA -2.4 Dclre1a DNA cross-link repair 1A protein (Mus musculus OX=10090) not assigned 

SLA-04_00454-RB -2.4 
LTD Protein LHCP TRANSLOCATION DEFECT (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_01567-RA -2.4 
(S)-coclaurine N-methyltransferase (Thalictrum flavum subsp. glaucum 
OX=150095) not assigned 

SLA-04_06267-RA -2.4 
chlI Magnesium-chelatase subunit ChlI (Cyanophora paradoxa 
OX=2762) Coenzyme metabolism 

SLA-04_03645-RA -2.4 
CHLP Geranylgeranyl diphosphate reductase, chloroplastic 
(Arabidopsis thaliana OX=3702) Coenzyme metabolism 

SLA-04_07705-RA -2.4 
Lhcb4 Chlorophyll a-b binding protein CP29 (Chlamydomonas 
reinhardtii OX=3055) Photosynthesis 

SLA-04_07643-RA -2.35 
CYN Cyanate hydratase (Phaeodactylum tricornutum (strain CCAP 
1055/1) OX=556484) Amino acid metabolism 

SLA-04_01335-RA -2.35 
RCABP89 Chlorophyll a-b binding protein, chloroplastic (Oryza sativa 
subsp. japonica OX=39947) Photosynthesis 

SLA-04_02486-RA -2.35 
Chlorophyll a-b binding protein, chloroplastic (Petunia hybrida 
OX=4102) not assigned 

SLA-04_02410-RA -2.35 
PSAH Photosystem I reaction center subunit VI, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Photosynthesis 

SLA-04_03243-RA -2.3 
HEMB Delta-aminolevulinic acid dehydratase, chloroplastic 
(Chlamydomonas reinhardtii OX=3055) Enzyme classification 

SLA-04_01343-RA -2.3 
LHCA4 Chlorophyll a-b binding protein 4, chloroplastic (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_02485-RA -2.3 
LHCA4 Chlorophyll a-b binding protein 4, chloroplastic (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_02422-RA -2.3 
LUT2 Lycopene epsilon cyclase, chloroplastic (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_07400-RA -2.25 
CAB8 Chlorophyll a-b binding protein 8, chloroplastic (Solanum 
lycopersicum OX=4081) Photosynthesis 

SLA-04_01827-RA -2.25 
PSBY Photosystem II core complex proteins psbY, chloroplastic 
(Spinacia oleracea OX=3562) Photosynthesis 

SLA-04_02375-RA -2.2 
ageIM Modification methylase AgeI (Thalassobius gelatinovorus 
OX=53501) not assigned 

SLA-04_06216-RA -2.2 
CHLH Magnesium-chelatase subunit ChlH, chloroplastic (Oryza sativa 
subsp. indica OX=39946) Coenzyme metabolism 

SLA-04_01075-RA -2.15 
CSP4 Cold shock domain-containing protein 4 (Arabidopsis thaliana 
OX=3702) External stimuli response 
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SLA-04_00400-RA -2.15 
LHCA5 Photosystem I chlorophyll a/b-binding protein 5, chloroplastic 

(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01786-RA -2.15 
PPOX1 Protoporphyrinogen oxidase, chloroplastic (Oryza sativa subsp. 
japonica OX=39947) Coenzyme metabolism 

SLA-04_02757-RA -2.15 
hemE Uroporphyrinogen decarboxylase (Synechococcus sp. (strain 
ATCC 27264 / PCC 7002 / PR-6) OX=32049) Coenzyme metabolism 

SLA-04_06403-RA -2.15 
STR11 Rhodanese-like domain-containing protein 11, chloroplastic 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_02993-RA -2.1 
PSAG Photosystem I reaction center subunit V, chloroplastic 
(Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_01097-RA 2.1 
ASZ1 Ankyrin repeat, SAM and basic leucine zipper domain-

containing protein 1 (Neofelis nebulosa OX=61452) not assigned 

SLA-04_03102-RA 2.35 
DGAT2A Diacylglycerol O-acyltransferase 2A (Umbelopsis ramanniana 
OX=41833) not assigned 

SLA-04_05737-RA 2.4 
exo1 Exodeoxyribonuclease 1 (Schizosaccharomyces pombe (strain 
972 / ATCC 24843) OX=284812) not assigned 

SLA-04_00425-RA 2.4 ZEU1 Thymidylate kinase (Arabidopsis thaliana OX=3702) Nucleotide metabolism 

SLA-04_02881-RA 2.4 
erkB Extracellular signal-regulated kinase 2 (Dictyostelium discoideum 
OX=44689) Multi-process regulation 

SLA-04_07489-RA 2.45 
At1g16220 Probable protein phosphatase 2C 6 (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_02555-RA 2.5 
HLJ1 Protein HLJ1 (Saccharomyces cerevisiae (strain ATCC 204508 / 
S288c) OX=559292) not assigned 

SLA-04_03372-RA 2.5 
ODA7 Leucine-rich repeat-containing protein ODA7 (Chlamydomonas 
reinhardtii OX=3055) not assigned 

SLA-04_05523-RA 2.5 
RCL1 RNA 3'-terminal phosphate cyclase-like protein (Bos taurus 
OX=9913) not assigned 

SLA-04_00908-RA 2.55 AURKA Aurora kinase A (Bos taurus OX=9913) Enzyme classification 

SLA-04_06780-RA 2.55 
RAD54 DNA repair and recombination protein RAD54 (Oryza sativa 
subsp. japonica OX=39947) not assigned 

SLA-04_02323-RA 2.55 

SPBC1711.16 Uncharacterized WD repeat-containing protein 
C17D11.16 (Schizosaccharomyces pombe (strain 972 / ATCC 24843) 
OX=284812) not assigned 

SLA-04_02512-RA 2.65 
SPAC3F10.06c Uncharacterized protein C3F10.06c 
(Schizosaccharomyces pombe (strain 972 / ATCC 24843) OX=284812) not assigned 

SLA-04_00412-RA 2.65 
RH20 DEAD-box ATP-dependent RNA helicase 20 (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_05674-RA 2.65 
SAT17 Taurine hydroxylase-like protein SAT17 (Stachybotrys 
chartarum (strain CBS 109288 / IBT 7711) OX=1280523) not assigned 

SLA-04_07089-RA 2.75 
obr1 P25 protein (Schizosaccharomyces pombe (strain 972 / ATCC 
24843) OX=284812) not assigned 

SLA-04_02691-RA 2.75 
RFS2 Probable galactinol--sucrose galactosyltransferase 2 (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_04752-RA 2.8 
Os03g0728800 DEAD-box ATP-dependent RNA helicase 16 (Oryza 
sativa subsp. japonica OX=39947) not assigned 

SLA-04_06935-RA 2.8 
pus10 Putative tRNA pseudouridine synthase Pus10 (Xenopus laevis 
OX=8355) RNA processing 

SLA-04_05716-RA 2.85 
rumi O-glucosyltransferase rumi (Drosophila pseudoobscura 
pseudoobscura OX=46245) not assigned 

SLA-04_06254-RA 2.9 

atg26 Sterol 3-beta-glucosyltransferase (Aspergillus clavatus (strain 
ATCC 1007 / CBS 513.65 / DSM 816 / NCTC 3887 / NRRL 1) 
OX=344612) not assigned 

SLA-04_03497-RA 2.9 
EMB2001 GTP-binding protein At2g22870 (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_02094-RA 2.9 Tbc1d2 TBC1 domain family member 2A (Mus musculus OX=10090) not assigned 

SLA-04_01706-RA 2.95 
SGT1 Peptidyl serine alpha-galactosyltransferase (Chlamydomonas 
reinhardtii OX=3055) Cell wall organisation 

SLA-04_03447-RA 3 
LDL1 Lysine-specific histone demethylase 1 homolog 1 (Arabidopsis 
thaliana OX=3702) not assigned 
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SLA-04_05807-RA 3 
RAD51D DNA repair protein RAD51 homolog 4 (Arabidopsis thaliana 
OX=3702) DNA damage response 

SLA-04_02624-RA 3 
TRANK1 TPR and ankyrin repeat-containing protein 1 (Homo sapiens 
OX=9606) not assigned 

SLA-04_04262-RA 3.1 
Wdr78 WD repeat-containing protein 78 (Rattus norvegicus 
OX=10116) not assigned 

SLA-04_05965-RA 3.15 ackA Acetate kinase (Desulfovibrio alaskensis (strain G20) OX=207559) not assigned 

SLA-04_03340-RA 3.15 
DDB_G0277071 Probable serine/threonine-protein kinase 
DDB_G0277071 (Dictyostelium discoideum OX=44689) Enzyme classification 

SLA-04_05290-RA 3.15 Fam221b Protein FAM221B (Rattus norvegicus OX=10116) not assigned 

SLA-04_05719-RA 3.2 AVT6E Amino acid transporter AVT6E (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_02226-RA 3.2 
FSM Chromatin assembly factor 1 subunit FSM (Oryza sativa subsp. 
japonica OX=39947) Chromatin organisation 

SLA-04_06790-RA 3.2 
ORC4 Origin of replication complex subunit 4 (Arabidopsis thaliana 
OX=3702) Cell division 

SLA-04_05195-RA 3.2 POLE2 DNA polymerase epsilon subunit 2 (Gallus gallus OX=9031) not assigned 

SLA-04_00948-RA 3.25 
At1g60750 Probable aldo-keto reductase 6 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_08285-RA 3.25 
FAP3 Fatty-acid-binding protein 3, chloroplastic (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_04267-RA 3.25 pfl Formate acetyltransferase (Clostridium pasteurianum OX=1501) not assigned 

SLA-04_05194-RA 3.3 
DPB2 DNA polymerase epsilon subunit B (Arabidopsis thaliana 
OX=3702) Cell division 

SLA-04_01577-RA 3.3 
HAC1 Protein HIGH ARSENIC CONTENT 1, mitochondrial (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_04954-RA 3.3 
TOUSLED Serine/threonine-protein kinase TOUSLED (Arabidopsis 
thaliana OX=3702) Protein modification 

SLA-04_07685-RA 3.35 
ANP2 Mitogen-activated protein kinase kinase kinase 2 (Arabidopsis 
thaliana OX=3702) Enzyme classification 

SLA-04_08008-RA 3.35 
ROA2 DNA replication licensing factor MCM3 homolog 2 (Zea mays 
OX=4577) Cell division 

SLA-04_01411-RA 3.35 
mad2l1-1 Mitotic spindle assembly checkpoint protein MAD2A 
(Dictyostelium discoideum OX=44689) not assigned 

SLA-04_00799-RA 3.45 
hndD NADP-reducing hydrogenase subunit HndD (Desulfovibrio 

fructosivorans OX=878) not assigned 

SLA-04_01333-RA 3.5 BTR1 Protein BTR1 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_00747-RA 3.5 
HSP17.6-L 17.6 kDa class I heat shock protein (Glycine max 

OX=3847) not assigned 

SLA-04_06343-RA 3.5 
ODA9 Dynein, 78 kDa intermediate chain, flagellar outer arm 
(Chlamydomonas reinhardtii OX=3055) Cytoskeleton organisation 

SLA-04_07765-RA 3.55 GLX1 Lactoylglutathione lyase GLX1 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01515-RA 3.55 NDC80 Kinetochore protein NDC80 homolog (Gallus gallus OX=9031) Cell division 

SLA-04_02206-RA 3.55 
GDHA Glutamate dehydrogenase A (Nicotiana plumbaginifolia 
OX=4092) Nutrient uptake 

SLA-04_04090-RA 3.6 
DFR Bifunctional dihydroflavonol 4-reductase/flavanone 4-reductase 
(Pyrus communis OX=23211) not assigned 

SLA-04_06383-RA 3.6 
KIN12F Kinesin-like protein KIN-12F (Oryza sativa subsp. japonica 
OX=39947) not assigned 

SLA-04_01460-RA 3.6 
OsI_36121 DNA replication licensing factor MCM2 (Oryza sativa subsp. 
indica OX=39946) Cell division 

SLA-04_00840-RA 3.65 
MCM7 DNA replication licensing factor MCM7 (Oryza sativa subsp. 

japonica OX=39947) not assigned 

SLA-04_05798-RA 3.7 NHX6 Sodium/hydrogen exchanger 6 (Arabidopsis thaliana OX=3702) Solute transport 

SLA-04_01940-RA 3.75 
DDB_G0291133 Probable protein kinase DDB_G0291133 
(Dictyostelium discoideum OX=44689) Enzyme classification 
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SLA-04_02556-RA 3.8 GOLS2 Galactinol synthase 2 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_05191-RA 3.85 
Os05g0235800 DNA replication licensing factor MCM6 (Oryza sativa 
subsp. japonica OX=39947) not assigned 

SLA-04_05975-RA 3.85 rnaseh2b Ribonuclease H2 subunit B (Xenopus laevis OX=8355) Cell division 

SLA-04_01393-RA 3.9 
Os01g0868300 DNA polymerase alpha catalytic subunit (Oryza sativa 
subsp. japonica OX=39947) Cell division 

SLA-04_02148-RA 3.9 
SUVH4 Histone-lysine N-methyltransferase, H3 lysine-9 specific SUVH4 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_03446-RA 3.95 NIC2 Nicotinamidase 2 (Arabidopsis thaliana OX=3702) Coenzyme metabolism 

SLA-04_05190-RA 3.95 
MCM6 DNA replication licensing factor MCM6 (Arabidopsis thaliana 
OX=3702) not assigned 

SLA-04_08326-RA 3.95 
SMC2-1 Structural maintenance of chromosomes protein 2-1 
(Arabidopsis thaliana OX=3702) Cell division 

SLA-04_07143-RA 4 
At4g14490 FHA domain-containing protein At4g14490 (Arabidopsis 
thaliana OX=3702) Cell division 

SLA-04_07796-RA 4.05 MYB3R5 Transcription factor MYB3R-5 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_03318-RA 4.05 
SQD2 Sulfoquinovosyl transferase SQD2 (Arabidopsis thaliana 
OX=3702) Lipid metabolism 

SLA-04_05478-RA 4.05 
CBSX3 CBS domain-containing protein CBSX3, mitochondrial 
(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_02134-RA 4.15 
CPK1 Calcium-dependent protein kinase 1 (Arabidopsis thaliana 
OX=3702) Enzyme classification 

SLA-04_00798-RA 4.15 
NAD11 NADH-ubiquinone oxidoreductase 75 kDa subunit 

(Reclinomonas americana OX=48483) not assigned 

SLA-04_02009-RA 4.25 
AZG1 Adenine/guanine permease AZG1 (Arabidopsis thaliana 
OX=3702) Nucleotide metabolism 

SLA-04_00766-RA 4.25 
CHTF8 Chromosome transmission fidelity protein 8 homolog (Homo 

sapiens OX=9606) not assigned 

SLA-04_07342-RA 4.25 PXG1 Peroxygenase 1 (Arabidopsis thaliana OX=3702) Lipid metabolism 

SLA-04_02503-RA 4.3 
MCM5 DNA replication licensing factor MCM5 (Oryza sativa subsp. 
japonica OX=39947) not assigned 

SLA-04_05159-RA 4.35 ARC5 Dynamin-like protein ARC5 (Arabidopsis thaliana OX=3702) Cell division 

SLA-04_01293-RA 4.4 
CDCA7L Cell division cycle-associated 7-like protein (Homo sapiens 

OX=9606) not assigned 

SLA-04_03371-RA 4.4 
ODA7 Leucine-rich repeat-containing protein ODA7 (Chlamydomonas 
reinhardtii OX=3055) not assigned 

SLA-04_04145-RA 4.4 unknown function RNA processing 

SLA-04_05443-RA 4.45 
POL2A DNA polymerase epsilon catalytic subunit A (Arabidopsis 
thaliana OX=3702) Cell division 

SLA-04_03860-RA 4.5 incenp-b Inner centromere protein B (Xenopus laevis OX=8355) not assigned 

SLA-04_01459-RA 4.5 
WEE1 Wee1-like protein kinase (Oryza sativa subsp. japonica 
OX=39947) Cell division 

SLA-04_07760-RA 4.55 
NAT2 Nucleobase-ascorbate transporter 2 (Arabidopsis thaliana 
OX=3702) Solute transport 

SLA-04_01727-RA 4.6 NEK3 Serine/threonine-protein kinase Nek3 (Homo sapiens OX=9606) Enzyme classification 

SLA-04_00142-RA 4.8 

alxA Alternative oxidase, mitochondrial (Emericella nidulans (strain 

FGSC A4 / ATCC 38163 / CBS 112.46 / NRRL 194 / M139) 
OX=227321) not assigned 

SLA-04_03910-RA 4.9 
MFSD6 Major facilitator superfamily domain-containing protein 6 (Sus 
scrofa OX=9823) not assigned 

SLA-04_02667-RA 4.95 
CDC45 Cell division control protein 45 homolog (Homo sapiens 
OX=9606) Cell division 

SLA-04_07268-RA 5.15 AAO2 Indole-3-acetaldehyde oxidase (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_02138-RA 5.3 
MSD1 Superoxide dismutase [Mn] 1, mitochondrial (Arabidopsis 
thaliana OX=3702) Redox homeostasis 
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SLA-04_08060-RA 5.35 
CURT1C Protein CURVATURE THYLAKOID 1C, chloroplastic 
(Arabidopsis thaliana OX=3702) Photosynthesis 

SLA-04_02943-RA 5.55 TPH1 Tryptophan 5-hydroxylase 1 (Oryctolagus cuniculus OX=9986) Amino acid metabolism 

SLA-04_06583-RA 5.65 

BT_0258 Putative glucosamine-6-phosphate deaminase-like protein 
BT_0258 (Bacteroides thetaiotaomicron (strain ATCC 29148 / DSM 
2079 / NCTC 10582 not assigned 

SLA-04_01056-RA 5.7 
uapA Uric acid-xanthine permease (Emericella nidulans (strain FGSC 
A4 / ATCC 38163 / CBS 112.46 / NRRL 194 / M139) OX=227321) not assigned 

SLA-04_00479-RA 5.8 
CCD8 Carotenoid cleavage dioxygenase 8, chloroplastic (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_03252-RA 5.85 SKOR Potassium channel SKOR (Arabidopsis thaliana OX=3702) Solute transport 

SLA-04_08414-RA 5.95 
ODA2 Dynein gamma chain, flagellar outer arm (Chlamydomonas 
reinhardtii OX=3055) Cytoskeleton organisation 

SLA-04_01975-RA 7.65 BAT1 Amino-acid permease BAT1 (Arabidopsis thaliana OX=3702) Solute transport 
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Supplementary Table 3: Table of all differential genes between neutral versus alkaline 

Gene ID 
Average 

DGE Annotation Functional Category 

SLA-04_05062-RA -12 
GINT1 Glucosamine inositolphosphorylceramide transferase 1 (Oryza 
sativa subsp. japonica OX=39947) Lipid metabolism 

SLA-04_02510-RA -10.55 FRAS1 Extracellular matrix protein FRAS1 (Homo sapiens OX=9606) not assigned 

SLA-04_03426-RA -10.5 
SULTR2 Proton/sulfate cotransporter 2 (Chlamydomonas reinhardtii 

OX=3055) Solute transport 

SLA-04_07142-RA -10.35 
NRAMP2 Metal transporter Nramp2 (Oryza sativa subsp. japonica 
OX=39947) not assigned 

SLA-04_03075-RA -9.55 
CID11 Polyadenylate-binding protein-interacting protein 11 (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_01350-RA -9 
ftr1 High affinity iron permease 1 (Rhizopus delemar (strain RA 99-880 / 

ATCC MYA-4621 / FGSC 9543 / NRRL 43880) OX=246409) Nutrient uptake 

SLA-04_06838-RA -8.6 Hephaestin-like protein (Acropora millepora OX=45264) Nutrient uptake 

SLA-04_04453-RA -7.7 
PTPRJ Receptor-type tyrosine-protein phosphatase eta (Gallus gallus 

OX=9031) not assigned 

SLA-04_00948-RA -7.4 
At1g60750 Probable aldo-keto reductase 6 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_07701-RA -7 
rtn4ip1 Reticulon-4-interacting protein 1 homolog, mitochondrial (Danio 
rerio OX=7955) not assigned 

SLA-04_08285-RA -6.95 
FAP3 Fatty-acid-binding protein 3, chloroplastic (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_07612-RA -6.65 
mtcA1 Beta-carbonic anhydrase 1 (Mycobacterium tuberculosis (strain 

ATCC 25618 / H37Rv) OX=83332) Photosynthesis 

SLA-04_00007-RA -6.5 APK3 Adenylyl-sulfate kinase 3 (Arabidopsis thaliana OX=3702) Coenzyme metabolism 

SLA-04_02085-RA -6.45 
BASS4 Probable sodium/metabolite cotransporter BASS4, chloroplastic 

(Oryza sativa subsp. japonica OX=39947) Solute transport 

SLA-04_03940-RA -6.25 
Wnk4 Serine/threonine-protein kinase WNK4 (Mus musculus 

OX=10090) Enzyme classification 

SLA-04_07913-RA -6.15 lsd18 Putative epoxidase LasC (Streptomyces lasaliensis OX=324833) not assigned 

SLA-04_03422-RA -5.9 
CLIPB4 CLIP domain-containing serine protease 14D (Anopheles 
gambiae OX=7165) not assigned 

SLA-04_02308-RA -5.2 
GIT1 Glycerophosphoinositol permease 1 (Candida albicans (strain 

SC5314 / ATCC MYA-2876) OX=237561) Solute transport 

SLA-04_01551-RA -5.1 
At2g31400 Pentatricopeptide repeat-containing protein At2g31400, 

chloroplastic (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01782-RA -5.05 
DMBT1 Deleted in malignant brain tumors 1 protein (Homo sapiens 

OX=9606) Enzyme classification 

SLA-04_03452-RA -5.05 

pho-4 Phosphate-repressible phosphate permease pho-4 (Neurospora 

crassa (strain ATCC 24698 / 74-OR23-1A / CBS 708.71 / DSM 1257 / 

FGSC 987) OX=36 Solute transport 

SLA-04_06237-RA -4.55 
BC10 Glycosyltransferase BC10 (Oryza sativa subsp. japonica 

OX=39947) not assigned 

SLA-04_08428-RA -4.35 ZIP3 Zinc transporter 3 (Oryza sativa subsp. japonica OX=39947) Solute transport 

SLA-04_02956-RA -4.25 
AMT1-1 Ammonium transporter 1 member 1 (Arabidopsis thaliana 

OX=3702) Solute transport 

SLA-04_00872-RA -4.25 BZ1 Anthocyanidin 3-O-glucosyltransferase (Zea mays OX=4577) Enzyme classification 

SLA-04_01056-RA -3.95 
uapA Uric acid-xanthine permease (Emericella nidulans (strain FGSC A4 
/ ATCC 38163 / CBS 112.46 / NRRL 194 / M139) OX=227321) not assigned 

SLA-04_02185-RA -3.9 
FMO1 Probable flavin-containing monooxygenase 1 (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_07121-RA -3.9 
NUP58 Nuclear pore complex protein NUP58 (Arabidopsis thaliana 

OX=3702) Protein homeostasis 

SLA-04_03834-RA -3.65 
hcp Hydroxylamine reductase (Burkholderia vietnamiensis (strain G4 / 

LMG 22486) OX=269482) not assigned 

SLA-04_01728-RA -3.65 Nek1 Serine/threonine-protein kinase Nek1 (Mus musculus OX=10090) Enzyme classification 

SLA-04_03444-RB -3.6 p80 Protein P80 (Dictyostelium discoideum OX=44689) not assigned 
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SLA-04_03833-RA -3.2 
hcp Hydroxylamine reductase (Shewanella amazonensis (strain ATCC 

BAA-1098 / SB2B) OX=326297) not assigned 

SLA-04_02218-RA -3.2 P4H7 Probable prolyl 4-hydroxylase 7 (Arabidopsis thaliana OX=3702) Protein modification 

SLA-04_00199-RA -3.05 
AIL5 AP2-like ethylene-responsive transcription factor AIL5 

(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_06909-RA -3.05 
drkA Probable serine/threonine-protein kinase drkA (Dictyostelium 

discoideum OX=44689) 

Multi-process 
regulation 

SLA-04_01080-RA -2.95 
slc38a7 Putative sodium-coupled neutral amino acid transporter 7 
(Xenopus laevis OX=8355) not assigned 

SLA-04_00254-RA -2.8 ANK1 Ankyrin-1 (Homo sapiens OX=9606) not assigned 

SLA-04_05996-RA -2.8 
PGDH1 D-3-phosphoglycerate dehydrogenase 1, chloroplastic 
(Arabidopsis thaliana OX=3702) 

Amino acid 
metabolism 

SLA-04_07568-RA -2.75 
MAP3K11 Mitogen-activated protein kinase kinase kinase 11 (Homo 

sapiens OX=9606) Enzyme classification 

SLA-04_05716-RA -2.7 
rumi O-glucosyltransferase rumi (Drosophila pseudoobscura 

pseudoobscura OX=46245) not assigned 

SLA-04_02849-RA -2.65 
BOU Mitochondrial carnitine/acylcarnitine carrier-like protein 

(Arabidopsis thaliana OX=3702) Solute transport 

SLA-04_03703-RA -2.55 
SYD Chromatin structure-remodeling complex protein SYD (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_07566-RA -2.5 
aq_1088 Uncharacterized protein aq_1088 (Aquifex aeolicus (strain VF5) 
OX=224324) not assigned 

SLA-04_07963-RA -2.4 
Slc8b1 Mitochondrial sodium/calcium exchanger protein (Mus musculus 

OX=10090) Solute transport 

SLA-04_04137-RA -2.35 
PTAC14 Protein PLASTID TRANSCRIPTIONALLY ACTIVE 14 

(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_05677-RA -2.25 
Rad54l DNA repair and recombination protein RAD54-like (Mus 

musculus OX=10090) not assigned 

SLA-04_04397-RB -2.05 AP17 AP-2 complex subunit sigma (Arabidopsis thaliana OX=3702) Protein modification 

SLA-04_07786-RA 2.1 APUM3 Pumilio homolog 3 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_07002-RA 2.15 
BUB1 Mitotic checkpoint serine/threonine-protein kinase BUB1 

(Arabidopsis thaliana OX=3702) Enzyme classification 

SLA-04_06950-RA 2.15 
SETH3 Probable arabinose 5-phosphate isomerase (Arabidopsis thaliana 
OX=3702) Cell wall organisation 

SLA-04_04766-RA 2.2 
DDB_G0281745 Probable serine/threonine-protein kinase 

DDB_G0281745 (Dictyostelium discoideum OX=44689) Enzyme classification 

SLA-04_01383-RA 2.2 
PROC1 Pyrroline-5-carboxylate reductase (Arabidopsis thaliana 

OX=3702) 

Amino acid 
metabolism 

SLA-04_03964-RA 2.25 
PRY1 Protein PRY1 (Saccharomyces cerevisiae (strain ATCC 204508 / 

S288c) OX=559292) Phytohormone action 

SLA-04_03922-RA 2.25 unknown function Solute transport 

SLA-04_03802-RA 2.3 
At3g26670 Probable magnesium transporter NIPA8 (Arabidopsis thaliana 

OX=3702) Solute transport 

SLA-04_06811-RA 2.3 ddiA Ribonuclease DdI (Dictyostelium discoideum OX=44689) RNA processing 

SLA-04_04636-RB 2.3 SPC25 Kinetochore protein Spc25 (Bos taurus OX=9913) Cell division 

SLA-04_01043-RA 2.35 
gap3 Glyceraldehyde-3-phosphate dehydrogenase 3 (Nostoc sp. (strain 

PCC 7120 / SAG 25.82 / UTEX 2576) OX=103690) Enzyme classification 

SLA-04_07031-RA 2.35 
PGPS2 CDP-diacylglycerol--glycerol-3-phosphate 3-
phosphatidyltransferase 2 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_01097-RA 2.4 
ASZ1 Ankyrin repeat, SAM and basic leucine zipper domain-containing 

protein 1 (Neofelis nebulosa OX=61452) not assigned 

SLA-04_04347-RA 2.4 Epn2 Epsin-2 (Rattus norvegicus OX=10116) not assigned 

SLA-04_05060-RA 2.45 
CAO Chlorophyllide a oxygenase, chloroplastic (Chlamydomonas 

reinhardtii OX=3055) Coenzyme metabolism 

SLA-04_04596-RA 2.45 
KIN7D Kinesin-like protein KIN-7D, mitochondrial (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_06554-RA 2.5 hh Protein hedgehog (Drosophila virilis OX=7244) not assigned 
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SLA-04_06641-RA 2.5 
SBP2 Squamosa promoter-binding protein 2 (Antirrhinum majus 

OX=4151) RNA biosynthesis 

SLA-04_01558-RA 2.5 
speA Biosynthetic arginine decarboxylase (Nostoc sp. (strain PCC 7120 / 

SAG 25.82 / UTEX 2576) OX=103690) Polyamine metabolism 

SLA-04_07382-RA 2.55 
PDPK1 3-phosphoinositide-dependent protein kinase 1 (Arabidopsis 

thaliana OX=3702) Protein modification 

SLA-04_07755-RA 2.65 
ODA1 Outer dynein arm protein 1 (Chlamydomonas reinhardtii 

OX=3055) not assigned 

SLA-04_06178-RA 2.7 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_06929-RA 2.8 
At5g53320 Probable inactive receptor kinase At5g53320 (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_02074-RA 2.85 
BC10 Glycosyltransferase BC10 (Oryza sativa subsp. japonica 

OX=39947) not assigned 

SLA-04_04963-RA 2.85 
bp26 26 kDa periplasmic immunogenic protein (Brucella suis biovar 1 

(strain 1330) OX=204722) not assigned 

SLA-04_07120-RA 2.85 SERPINA3-1 Serpin A3-1 (Bos taurus OX=9913) Protein homeostasis 

SLA-04_01685-RA 2.85 
TPPP2 Tubulin polymerization-promoting protein family member 2 

(Homo sapiens OX=9606) not assigned 

SLA-04_00896-RA 2.9 
GALT5 Hydroxyproline O-galactosyltransferase GALT5 (Arabidopsis 
thaliana OX=3702) not assigned 

SLA-04_05404-RA 2.9 
At5g01750 Protein LURP-one-related 15 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_01240-RA 3 
SPL4 Squamosa promoter-binding-like protein 4 (Arabidopsis thaliana 

OX=3702) RNA biosynthesis 

SLA-04_02442-RA 3 ugt3a1 UDP-glucuronosyltransferase 3A1 (Xenopus laevis OX=8355) Enzyme classification 

SLA-04_07489-RA 3.05 
At1g16220 Probable protein phosphatase 2C 6 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_01243-RA 3.05 
tagA Serine protease/ABC transporter B family protein tagA 

(Dictyostelium discoideum OX=44689) not assigned 

SLA-04_02721-RA 3.1 
ecaA Carbonic anhydrase (Nostoc sp. (strain PCC 7120 / SAG 25.82 / 
UTEX 2576) OX=103690) Photosynthesis 

SLA-04_01931-RA 3.1 
RECQL5 ATP-dependent DNA helicase Q-like 5 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_06499-RA 3.15 
KIN7I Kinesin-like protein KIN-7I (Oryza sativa subsp. japonica 

OX=39947) 

Cytoskeleton 
organisation 

SLA-04_02581-RA 3.15 unknown function Vesicle trafficking 

SLA-04_08002-RA 3.2 Histone H4 (Chelidonium majus OX=71251) 

Chromatin 
organisation 

SLA-04_04070-RA 3.25 

fabG 3-oxoacyl-[acyl-carrier-protein] reductase FabG (Thermotoga 

maritima (strain ATCC 43589 / MSB8 / DSM 3109 / JCM 10099) 

OX=243274) not assigned 

SLA-04_07524-RA 3.25 GGP1 Gamma-glutamyl peptidase 1 (Arabidopsis thaliana OX=3702) Protein homeostasis 

SLA-04_04410-RA 3.25 
SPATA20 Spermatogenesis-associated protein 20 (Homo sapiens 

OX=9606) not assigned 

SLA-04_02471-RA 3.3 CNR11 Cell number regulator 11 (Zea mays OX=4577) not assigned 

SLA-04_07102-RA 3.3 
MRS2-7 Magnesium transporter MRS2-7 (Arabidopsis thaliana 

OX=3702) Solute transport 

SLA-04_04687-RA 3.3 ODC Ornithine decarboxylase (Capsicum annuum OX=4072) Polyamine metabolism 

SLA-04_05571-RA 3.35 
SIS8 Probable serine/threonine-protein kinase SIS8 (Arabidopsis thaliana 
OX=3702) Enzyme classification 

SLA-04_07041-RA 3.35 ANK1 Ankyrin-1 (Homo sapiens OX=9606) not assigned 

SLA-04_07228-RA 3.35 
omh1 O-glycoside alpha-1,2-mannosyltransferase omh1 

(Schizosaccharomyces pombe (strain 972 / ATCC 24843) OX=284812) not assigned 

SLA-04_05947-RA 3.35 
PHT4;4 Ascorbate transporter, chloroplastic (Arabidopsis thaliana 

OX=3702) Solute transport 

SLA-04_02239-RA 3.35 PRSS12 Neurotrypsin (Pongo pygmaeus OX=9600) not assigned 

SLA-04_07012-RA 3.35 
SKN1 Beta-glucan synthesis-associated protein SKN1 (Candida albicans 

OX=5476) not assigned 



114 

 

SLA-04_08345-RA 3.4 TUB Tubby protein homolog (Homo sapiens OX=9606) RNA biosynthesis 

SLA-04_03261-RA 3.45 GATA12 GATA transcription factor 12 (Arabidopsis thaliana OX=3702) RNA biosynthesis 

SLA-04_03294-RA 3.5 
PIN1A Auxin efflux carrier component 1a (Oryza sativa subsp. japonica 

OX=39947) not assigned 

SLA-04_03506-RA 3.55 
FAD4L1 Fatty acid desaturase 4-like 1, chloroplastic (Arabidopsis 

thaliana OX=3702) Lipid metabolism 

SLA-04_02334-RA 3.55 MYB44 Transcription factor MYB44 (Arabidopsis thaliana OX=3702) RNA biosynthesis 

SLA-04_02077-RA 3.55 
proB Glutamate 5-kinase (Acaryochloris marina (strain MBIC 11017) 

OX=329726) not assigned 

SLA-04_00858-RB 3.55 
SEC Probable UDP-N-acetylglucosamine--peptide N-

acetylglucosaminyltransferase SEC (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_07931-RA 3.65 
lrrc40 Leucine-rich repeat-containing protein 40 (Xenopus tropicalis 
OX=8364) not assigned 

SLA-04_03770-RA 3.65 
SYNPCC7002_A0175 Uncharacterized protein SYNPCC7002_A0175 

(Synechococcus sp. (strain ATCC 27264 / PCC 7002 / PR-6) OX=32049) not assigned 

SLA-04_06256-RA 3.85 FAM210B Protein FAM210B, mitochondrial (Homo sapiens OX=9606) not assigned 

SLA-04_08149-RA 3.9 
Bckdk [3-methyl-2-oxobutanoate dehydrogenase [lipoamide]] kinase, 

mitochondrial (Mus musculus OX=10090) Cellular respiration 

SLA-04_06486-RA 3.9 
At3g61320 UPF0187 protein At3g61320, chloroplastic (Arabidopsis 

thaliana OX=3702) Solute transport 

SLA-04_00152-RA 3.9 
CAS Calcium sensing receptor, chloroplastic (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_01995-RA 3.95 D-galactoside-specific lectin (Heliocidaris crassispina OX=1043166) not assigned 

SLA-04_02671-RA 3.95 
PSBS2 Photosystem II protein PSBS2 (Chlamydomonas reinhardtii 
OX=3055) not assigned 

SLA-04_01706-RA 3.95 
SGT1 Peptidyl serine alpha-galactosyltransferase (Chlamydomonas 

reinhardtii OX=3055) Protein modification 

SLA-04_07847-RA 4.05 
At3g61320 UPF0187 protein At3g61320, chloroplastic (Arabidopsis 

thaliana OX=3702) Solute transport 

SLA-04_01065-RA 4.05 MLO11 MLO-like protein 11 (Arabidopsis thaliana OX=3702) not assigned 

SLA-04_05419-RA 4.05 
PF13_0198 Reticulocyte-binding protein 2 homolog a (Plasmodium 

falciparum (isolate 3D7) OX=36329) not assigned 

SLA-04_07424-RA 4.05 
PSR2 Probable phosphatase PSR2 (Saccharomyces cerevisiae (strain 

ATCC 204508 / S288c) OX=559292) Lipid metabolism 

SLA-04_00319-RA 4.1 
CG15309 Protein yippee-like CG15309 (Drosophila melanogaster 
OX=7227) not assigned 

SLA-04_01154-RB 4.15 
ELI3 Probable mannitol dehydrogenase (Mesembryanthemum 

crystallinum OX=3544) Enzyme classification 

SLA-04_07047-RA 4.2 RPS20 40S ribosomal protein S20 (Macaca fascicularis OX=9541) Protein biosynthesis 

SLA-04_01692-RA 4.2 
CBR Carotene biosynthesis-related protein CBR, chloroplastic 
(Dunaliella salina OX=3046) Photosynthesis 

SLA-04_01238-RA 4.2 Extracellular ribonuclease LE (Solanum lycopersicum OX=4081) RNA processing 

SLA-04_03923-RA 4.25 
Os01g0917400 Zinc finger CCCH domain-containing protein 12 (Oryza 

sativa subsp. japonica OX=39947) RNA processing 

SLA-04_07960-RB 4.25 PDC2 Pyruvate decarboxylase 2 (Nicotiana tabacum OX=4097) Enzyme classification 

SLA-04_00807-RA 4.3 
At3g06270 Probable protein phosphatase 2C 35 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_03192-RA 4.4 SERINC1 Serine incorporator 1 (Bos taurus OX=9913) sphingolipid 

SLA-04_07960-RA 4.5 PDC2 Pyruvate decarboxylase 2 (Fragment) (Pisum sativum OX=3888) not assigned 

SLA-04_05494-RA 4.55 
COL5 Zinc finger protein CONSTANS-LIKE 5 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_04861-RA 4.55 
ORLIKE Protein ORANGE-LIKE, chloroplastic (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_02291-RA 4.6 
Desiccation-related protein PCC13-62 (Craterostigma plantagineum 
OX=4153) not assigned 

SLA-04_00955-RA 4.65 BOR2 Probable boron transporter 2 (Arabidopsis thaliana OX=3702) Solute transport 



115 

 

SLA-04_05164-RA 4.7 glcA Glucan endo-1,3-beta-glucosidase A1 (Bacillus circulans OX=1397) not assigned 

SLA-04_01626-RA 4.75 
At2g45870 UPF0187 protein At2g45870, chloroplastic (Arabidopsis 

thaliana OX=3702) Solute transport 

SLA-04_00878-RB 4.8 
PD_1893 UPF0394 membrane protein PD_1893 (Xylella fastidiosa 

(strain Temecula1 / ATCC 700964) OX=183190) not assigned 

SLA-04_00220-RA 4.85 
DCL1 Endoribonuclease Dicer homolog 1 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_06355-RA 4.9 Barwin (Hordeum vulgare OX=4513) not assigned 

SLA-04_01309-RA 4.95 bgaB Beta-galactosidase bgaB (Geobacillus kaustophilus OX=1462) not assigned 

SLA-04_08116-RA 5 
Ankrd6 Ankyrin repeat domain-containing protein 6 (Mus musculus 

OX=10090) not assigned 

SLA-04_05329-RA 5 
Os09g0459600 Probable protein phosphatase 2C 69 (Oryza sativa subsp. 
japonica OX=39947) not assigned 

SLA-04_01632-RA 5.15 
At3g61320 UPF0187 protein At3g61320, chloroplastic (Arabidopsis 

thaliana OX=3702) Solute transport 

SLA-04_08082-RA 5.25 
At4g11730 Putative ATPase, plasma membrane-like (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_00008-RA 5.35 
APK1 Adenylyl-sulfate kinase 1, chloroplastic (Arabidopsis thaliana 

OX=3702) Coenzyme metabolism 

SLA-04_01455-RB 5.35 NEK8 Serine/threonine-protein kinase Nek8 (Homo sapiens OX=9606) not assigned 

SLA-04_01139-RA 5.35 Thermitase (Thermoactinomyces vulgaris OX=2026) protein degradation 

SLA-04_06004-RA 5.4 
CBR Carotene biosynthesis-related protein CBR, chloroplastic 

(Dunaliella salina OX=3046) Photosynthesis 

SLA-04_06618-RA 5.45 unknown function Phytohormone action 

SLA-04_07383-RA 5.55 
FPV245 Putative ankyrin repeat protein FPV245 (Fowlpox virus (strain 
NVSL) OX=928301) not assigned 

SLA-04_03359-RA 5.55 LYPLA2 Acyl-protein thioesterase 2 (Homo sapiens OX=9606) not assigned 

SLA-04_02472-RA 5.55 
PGL3 6-phosphogluconolactonase 3, chloroplastic (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_01126-RA 5.8 
ACOT9 Acyl-coenzyme A thioesterase 9, mitochondrial (Homo sapiens 

OX=9606) not assigned 

SLA-04_07341-RA 5.85 AQP5 Aquaporin-5 (Milnesium tardigradum OX=46460) not assigned 

SLA-04_01081-RA 5.85 
ARB_07867 WSC domain-containing protein ARB_07867 (Arthroderma 

benhamiae (strain ATCC MYA-4681 / CBS 112371) OX=663331) not assigned 

SLA-04_03630-RA 5.85 
Desiccation-related protein PCC13-62 (Craterostigma plantagineum 

OX=4153) not assigned 

SLA-04_02883-RA 5.85 ISA1 Isoamylase 1, chloroplastic (Arabidopsis thaliana OX=3702) starch degradation 

SLA-04_02661-RA 5.9 
ABCG22 ABC transporter G family member 22 (Arabidopsis thaliana 
OX=3702) Solute transport 

SLA-04_04052-RA 5.9 p80 Protein P80 (Dictyostelium discoideum OX=44689) not assigned 

SLA-04_05575-RA 6 Histamine oxidase (Arthrobacter globiformis OX=1665) Enzyme classification 

SLA-04_05576-RA 6.05 AMO Peroxisomal primary amine oxidase (Pichia angusta OX=870730) not assigned 

SLA-04_08124-RA 6.1 
CYP55A1 NADP nitrous oxide-forming nitric oxide reductase (Fusarium 

oxysporum OX=5507) not assigned 

SLA-04_05529-RA 6.1 H3b Histone H3.3 type b (Dictyostelium discoideum OX=44689) not assigned 

SLA-04_04001-RA 6.15 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_03817-RA 6.2 
cdc14ab Dual specificity protein phosphatase CDC14AB (Danio rerio 

OX=7955) DNA repair 

SLA-04_08183-RA 6.2 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_05507-RA 6.25 
sodA Superoxide dismutase [Mn] (Geobacillus stearothermophilus 

OX=1422) not assigned 

SLA-04_02931-RA 6.35 
NADP-specific glutamate dehydrogenase (Fragment) (Chlorella 

sorokiniana OX=3076) glutamate to ammonium and Aketoglutarate Nutrient uptake 
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SLA-04_07123-RA 6.35 Tpsab1 Tryptase (Rattus norvegicus OX=10116) protease 

SLA-04_05615-RA 6.4 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04390-RA 6.5 
At2g45870 UPF0187 protein At2g45870, chloroplastic (Arabidopsis 

thaliana OX=3702) not assigned 

SLA-04_02153-RA 6.6 
AKR4C10 Aldo-keto reductase family 4 member C10 (Arabidopsis 

thaliana OX=3702) Enzyme classification 

SLA-04_04006-RA 6.65 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04524-RA 6.7 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_05461-RA 6.7 
PEPR1 Leucine-rich repeat receptor-like protein kinase PEPR1 

(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_07724-RB 7.05 CHS2 Chitin synthase 2 (Rhizopus oligosporus OX=4847) not assigned 

SLA-04_02821-RA 7.1 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_01933-RA 7.15 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04004-RA 7.25 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04003-RA 7.3 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_06686-RA 7.35 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_08297-RA 7.55 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04002-RA 7.65 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_01934-RA 7.75 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_03998-RA 7.8 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_05614-RA 8.1 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_08182-RA 8.2 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_05613-RA 8.3 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_01152-RA 8.35 
MRS2-7 Magnesium transporter MRS2-7 (Arabidopsis thaliana 

OX=3702) Solute transport 

SLA-04_08298-RA 8.35 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_04005-RA 8.45 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 

tabacum OX=4097) not assigned 

SLA-04_02822-RA 8.8 
Retrovirus-related Pol polyprotein from transposon TNT 1-94 (Nicotiana 
tabacum OX=4097) not assigned 

SLA-04_06502-RA 8.9 
sll1483 Uncharacterized protein sll1483 (Synechocystis sp. (strain PCC 

6803 / Kazusa) OX=1111708) Cell wall modification 

SLA-04_03453-RA 9 

pho-4 Phosphate-repressible phosphate permease pho-4 (Neurospora 

crassa (strain ATCC 24698 / 74-OR23-1A / CBS 708.71 / DSM 1257 / 
FGSC 987) OX=36 Solute transport 

SLA-04_00239-RA 9.4 
ACA11 Putative calcium-transporting ATPase 11, plasma membrane-type 

(Arabidopsis thaliana OX=3702) not assigned 

SLA-04_05577-RA 9.45 
AMT1-2 Ammonium transporter 1 member 2 (Arabidopsis thaliana 

OX=3702) not assigned 

SLA-04_08127-RA 9.45 GLOX Aldehyde oxidase GLOX (Vitis pseudoreticulata OX=231512) not assigned 

SLA-04_03639-RA 9.95 
SLT1 Sodium/sulfate cotransporter 1 (Chlamydomonas reinhardtii 

OX=3055) not assigned 

SLA-04_03358-RA 13 
sll1483 Uncharacterized protein sll1483 (Synechocystis sp. (strain PCC 

6803 / Kazusa) OX=1111708) Cell wall modification 
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CHAPTER FIVE 

CONCLUSIONS AND FUTURE STUDIES  

Algal biofuels provide a sustainable carbon-neutral alternative to fossil fuels. Optimizing 

the production and lowering costs of algal biofuels requires a combined understanding of 

cultivation conditions and algal metabolism. Cultivating algae in high alkalinity conditions is a 

productive and cost-effective method due to the naturally high levels of CO2 dissolution and low 

levels of contamination in outdoor raceway systems. However, prior to the analyses in this 

dissertation, it was unclear how algae adapt to high alkaline conditions and reshape carbon 

metabolism to regulate alkalinity-induced stresses. This research provides a foundation for how 

carbon flows from photosynthesis to lipids in high alkalinity conditions and will be transformative 

in optimizing algal biomass composition through media optimization, precision stress induction, 

and genome editing. 

 Chapter three of this dissertation describes the complete telomere-to-telomere genome 

sequence of the alkali-tolerant green algae Chlorella sp. SLA-04. Annotation was performed using 

both sequence-based and structural-based protein pipelines, providing a comprehensive 

representation of SLA-04 metabolism. This genome represents the first complete genome of an 

alkali-tolerant green algae and can be used to identify adaptations that algae use to survive in 

alkaline conditions. Genomic analysis of the complete SLA-04 genome identified genes capable 

of utilizing TCA cycle intermediates to replenish cytosolic acetyl-CoA pools for lipid production. 

SLA-04 also contains a complete metabolic pathway for sphingolipid anabolism that may allow 

SLA-04 to readily adapt to changing environmental conditions and facilitate robust cultivation in 

mass production systems. Overall, this analysis demonstrates the impact that complete algal 
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genomes can have in improving the accuracy of algal phylogeny and connecting algal genotypes 

to extreme environmental conditions. 

 Chapter four  of this dissertation explores the gene expression and physiology of Chlorella 

sp. SLA-04 across neutral and alkaline conditions. This analysis identified how carbon metabolism 

is rewired after nutrient depletion and identifies specific genes within SLA-04 that are likely 

involved in adaptation to alkaline conditions and mitigating oxidative damage. In response to 

nitrogen depletion SLA-04 rapidly produces high levels of carbohydrates within 24 hours followed 

by a slow accumulation of triacylglycerol for the remainder of nitrogen depletion. We propose that 

SLA-04 utilizes carbon storage compounds as electron sinks to minimize oxidative damage in the 

cell. Additionally, SLA-04 appears to cycle carbon between TAG storage and the TCA cycle to 

consume excess photosynthetic reducing power through a proposed futile cycle. Nitrogen 

limitation also triggers global repression of cellular division suggesting that nitrogen limitation 

effectively terminates cell growth and forces cells to produce highly reduced carbon storage 

compounds to balance photosynthetic energy production during stationary phase. In alkaline 

conditions, SLA-04 appears to maintain high cellular concentrations of carbohydrates, unsaturated 

lipids, and upregulated ion transporters. We hypothesize that these physiological and metabolic 

changes are to maintain intracellular homeostasis and mitigate alkaline-induced osmotic stress. 

We also see an unexpected upregulation of mobile genetic elements and immune genes in alkaline 

conditions. Together, this analysis confirms that both nitrogen limitation and alkaline growth 

impact algal metabolism but elicit different stress responses.  

 These combined analyses provide an in-depth understanding of algal genotypes and 

potential adaptations required for growth in alkaline conditions. This research has identified 
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metabolic trends that illuminate resource reallocation in SLA-04 and significantly advance high-

alkaline algal cultivation. This analysis provides the foundation for understanding carbon flow in 

SLA-04, but additional research is necessary to confirm the metabolic trends we see in our 

transcriptomic data and use this information to streamline lipid metabolism through genome 

editing. Below are a few additional experiments I propose to explore discrepancies in lipid 

quantification methods, confirm futile carbon cycles in SLA-04, and expand our analysis beyond 

transcriptomic expression. 

Future Studies 

Nile Red Optimization 

Quantifying lipid content using GCMS allows researchers to identify the concentration and 

types of lipids present in a sample with high accuracy, but this protocol requires resources, time, 

and expensive equipment. Nile red has historically been used as a cheap and immediate way to 

predict relative lipid content in algae (Cooksey et al., 1987). Using Nile red, researchers can 

estimate the level of algal lipid production between conditions and time points within a single 

experiment. While Nile red fluorescence has shown a consistent correlation to lipid content in the 

past, our experimental results show a discrepancy between fluorescence and lipid content in 

alkaline conditions. Nile red fluorescence increases significantly after nitrogen depletion within 

alkaline conditions; however, neither lipid nor carbohydrate concentration increase at a rate that 

correlates with Nile red fluorescence.  

 Currently, it is unclear why the predicted levels of lipid from Nile red are so different from 

the quantified GCMS data within alkaline conditions. Understanding this discrepancy is essential 

to identify in under what conditions we can confidently use Nile red to predict lipids and what 
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limitations we need to impose on this fluorescent dye. We hypothesize that increased Nile red 

fluorescence could be caused either by the synthesis of other non-polar compounds or increased 

permeability of the cell wall after nitrogen depletion. While lipids are the major non-polar 

molecule in a cell our GCMS pipeline only quantifies C8 lipids or larger, algae may be 

synthesizing smaller lipids or other non-polar small molecules that are not detected. Expanding 

our GCMS pipeline to include smaller molecules or running samples through reverse-phase liquid 

chromatography would identify if SLA-04 is producing significant amounts of non-polar small 

molecules in alkaline conditions.  

Cell wall permeability could also affect Nile red fluorescence. Decreased cell wall integrity 

would allow more Nile red to permeate the cell. However, this would only impact fluorescence if 

Nile red is not fully saturating lipid bodies in samples with lower fluorescence. To test this 

hypothesis, I propose to do a time-course experiment with increasing concentrations of Nile red. 

This experiment will identify what incubation times and concentrations of Nile red are needed to 

fully saturate lipid bodies within SLA-04 in neutral and alkaline conditions. In addition, SLA-04 

samples can be thin-sectioned and viewed under the transmission electron microscope to measure 

cell wall size and integrity between neutral and alkaline conditions. Together, these experiments 

will identify if cell wall permeability is impacting Nile red fluorescence.  

Other lipid dyes including BODIPY 505/515 and DiO-C18 could also be used to observe 

lipid accumulation in alkaline conditions (Cirulis et al., 2012). BODIPY is a boron-dipyrromethene 

dye that is insensitive to media pH or polarity and has higher sensitivity and a narrower emission 

spectrum compared to Nile red (Kacmar et al., 2006; Loudet & Burgess, 2007). DiO-C18 is an 

amphiphilic and lipophilic dye commonly used to stain membranes (Bradley et al., 2009; Sengupta 
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et al., 2007). Using these dyes will confirm whether the increased fluorescence in alkaline 

conditions post-nitrogen depletion is an artifact of Nile red dye or growth in alkaline conditions. 

Tracking Carbon Partitioning with 13C Experiment 

Physiological data suggests that SLA-04 accumulates significant amounts of TAGs after 

nitrogen depletion in both neutral and alkaline conditions. Traditionally, carbon flows from 

photosynthesis to TAGs through chloroplast fatty acid synthesis. In our transcriptomic study, we 

see a significant downregulation of gene expression within photosynthesis and chloroplast fatty 

acid synthesis suggesting that these pathways are less functional in nutrient deplete conditions. In 

contrast, we see an upregulation of genes involved in starch degradation and conversion of TCA 

intermediated into TAG precursors. TAGs are 50% more reduced than starches and the conversion 

of starches to TAGs would be an effective way for algae to consume excess photosynthetic energy 

while also producing high-energy storage molecules. However, while gene expression supports a 

shift in metabolism, differential regulation of specific pathways does not always directly correlate 

with levels of metabolism in a cell.  

We hypothesize that in nutrient deplete conditions algal metabolism shifts from 

synthesizing TAG directly from photosynthate to utilizing carbon from starch to synthesize TAGs. 

To test this hypothesis, I propose to measure carbon flow in SLA-04 after nitrogen depletion to 

track whether TAG synthesis is using recycled carbon from starch or carbon directly from carbon 

fixation and plastid fatty acid biosynthesis. Carbon flow can be measured using 13C labeling. 

Briefly, 24 hours after nitrogen depletion, SLA-04 cultures will be resuspended in media with 13C 

inorganic carbon. During this time cells will have already accumulated high levels of starch using 

unlabeled 12C and are in the process of accumulating lipids. Tracking the isotope composition of 
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lipids using mass spectrometry will identify the ratio of lipids synthesized using carbon from starch 

(12C) and the ratio of de novo lipid synthesis from photosynthesis (13C). Additional experiments 

where 13C is added directly after nitrogen depletion can also be performed to identify if the rapid 

accumulation of starch is coming from photosynthesis or recycled cellular intracellular carbon. 

Together these experiments will identify if the increase in starch comes directly from 

photosynthate and whether the slow accumulation of TAGs is coming from TCA intermediates or 

de novo plastid fatty acid synthesis. Tracking carbon flow will allow us to better understand how 

SLA-04 deals with excess photosynthetic energy in stressful conditions and learn what pathways 

to optimize to maximize TAG accumulation in algae.  

Identifying Antiviral Genes in Green Algae 

Alkaline conditions select for a significant up-regulation of mobile genetic elements within 

SLA-04. Upregulation of retroelements in SLA-04 cause a genetic burden as they utilize cell 

resources to replicate and rearrange throughout the genome. In these stressful conditions, we also 

see an upregulation of dicer, a known immune protein involved in antiviral RNA interference 

(RNAi) within algae. We hypothesize that the upregulation of retroelements in alkaline conditions 

causes an upregulation of antiviral genes. In addition to dicer, other upregulated genes in alkaline 

conditions may play important and previously unappreciated roles in algal antiviral defense. To 

test this hypothesis, I propose to use protein structural homology to predict the function of 

upregulated genes with unknown functions. This will give us a better understanding of what these 

unknown genes may be doing in the cell, and potentially reveal antiviral activity previously 

unappreciated in green algae. Additionally, genes of interest can be transformed into related 

species Chlorella variabilis NC64A which has a known lytic virus. After transformation, levels of 



129 

 

infection can be measured using plaque assays to determine if genes provide any antiviral 

immunity in this virus/host interaction.   

Characterizing Transcription Factors in SLA-04 

In our transcriptomic study, we have found multiple transcription factors that are 

differentially expressed in SLA-04 grown in either nutrient deplete or alkaline conditions. We 

hypothesize that these transcription factors function to globally rewire algal metabolism in 

response to different stresses. To test this hypothesis, I propose to transform constitutively 

expressed transcription factors in the related algal strain Chlorella vulgaris 395 to observe how 

growth and carbon metabolism are changed. Transcriptional changes can be tracked globally using 

mRNA sequencing and for specific metabolic pathways using qPCR. Understanding how these 

transcription factors remodel metabolism and what pathways they regulated will reveal how algae 

can quickly respond to environmental stresses and maintain cellular homeostasis in stressful 

conditions. Additionally, these genes can be coopted to develop genetically engineered algal 

strains with controllable metabolism and optimized biomass composition. 

Concluding Remarks 

 The United Nations has set a science-based goal to limit global warming to 1.5 degrees 

Celsius by 2030. This will require countries to reduce greenhouse gas emissions by greater than 

45% compared to 2010 levels. Failure to meet this goal will have catastrophic and compounding 

effects on human health, agriculture, and water availability. This task seems daunting and out of 

reach but I believe that continuous and rigorous scientific advancements can contribute to 

achieving this goal. If we are to meet this goal, algal biofuels will no doubt play a key role in 
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replacing petroleum-based fuels with carbon-neutral alternatives. Algal biofuels are still expensive 

but have dramatically reduced in price from $19.3 per gallon in 2011 to $9.84 in 2021 (Energy, 

2012; Hoffman et al., 2017; Prieto et al., 2017; Quinn & Davis, 2015; Rafa et al., 2021; Yousuf, 

2020). This progress is a visual representation of how science can impact and even save the world. 

Continued scientific advancements including the research performed in this dissertation will 

contribute to further decreasing cultivation costs and one-day help make algal biofuels a common 

feature in day-to-day living. I choose to remain hopeful and trust that all the small contributions 

of scientists around the world will build a foundation for a sustainable, renewable, and GREEN 

future. 
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QUANTIFYING MOTIVATION OF MICROBIOLOGY STUDENTS 

Introduction 

Proper learning requires student motivation to engage with the material (Freeman et al., 

2014; Olson, 1997). Without proper student motivation and engagement, students will struggle to 

develop long-term retention of information (Kaylene C. Williams, 2011; Lieberman & Remedios, 

2007). Identifying the motivations of students and shaping a class to foster motivation is a critical 

component of positive student outcomes. Students from different backgrounds, including major, 

age, race, and gender approach class material with different experiences and different goals 

(Ambrose, 2010). This impacts their motivation and willingness to engage with material (Judith 

M. Harackiewicz, 2002; Trujillo & Tanner, 2014). As a result, a universal teaching style will likely 

fail as all students and classes are different. It is imperative to identify the specific student 

characteristics that motivate students within individual classes to provide the best learning 

environment.   

Students taking classes that align with their interests will likely engage deeper with the 

material while those that are less interested, or only taking the class for credit, will struggle to 

show similar engagement (Shell & Soh, 2013). This suggests that professors need to modify their 

teaching styles while instructing major versus non-major students and that the curriculum should 

be shaped by the individual student characteristics of each class. If professors can make lasting 

associations of the material with student goals and interests, they can influence student motivation 

to engage (Svinicki, 2011). Further, teaching methods that cater to underperforming and 

unengaged students can improve student outcomes, retention, and graduation rates (Judith M. 

Harackiewicz, 2002; Wallerstedt & Pramling, 2012). Exploring the impacts of application on the 
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engagement of non-major students is necessary to identify efficient teaching methods for specific 

classroom settings and will improve student learning, knowledge dissemination throughout a 

larger community, and faculty teaching skills (Freeman et al., 2014). 

Background and Literature Review 

 Recent trends in higher education have emphasized the importance of student-focused 

education. Education was previously viewed as providing information to students through 

traditional lecture-based classes, but now stresses the importance of student learning (Barr & 

Tagg, 1995). To maximize student learning, students must engage with the material and be 

willing to critically think about how the new material can be applied to real world applications 

(Svinicki, 2011). Active learning has been shown to increase student participation and 

engagement leading to improved student outcomes (Ambrose, 2010). While active learning has 

provided a platform and environment to encourage student engagement, it is harder to 

implement these practices in the classroom compared to traditional teaching methods. This is 

because students need to transition from being passive learners to an active voice within the 

classroom (Svinicki, 2011). This transition requires students to be motivated and see the value 

of engaging deeply with the material. 

Student motivation is a key component that impacts high level cognition and student 

engagement (Lumsden, 1994; Nayir, 2017). ñMotivation is probably the most important factor 

that educators can target in order to improve learningò (Olson, 1997). Motivation can be 

intrinsic where students are driven by their own goals and values, or extrinsic where students 

are motivated by grades or external rewards (Ambrose, 2010). If students are motivated, they 

are more likely to see the value of the material and engage in deeper cognition (Lieberman & 
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Remedios, 2007). Student motivation can be impacted by the teacher, studentsô mindset, course 

content, methods, and environment of a class (Kaylene C. Williams, 2011). Certain classroom 

settings will encourage passive student engagement while others will  promote active 

engagement and motivation. As such, professors must intentionally take extra time to design 

and establish a classroom environment that in conducive to motivation. 

Previous research has identified that students from different backgrounds have different 

motivational profiles that influence their engagement across different classes (Shell et al., 2005; 

Shell & Husman, 2008). Further, an individual studentsô motivational profiles can change 

depending on what class they are taking (Shell & Soh, 2013). These data stress the importance of 

identifying the characteristics of students and material within individual classes when designing a 

curriculum that best promotes student success. Of particular interest, motivational differences were 

identified between students when taking required classes for their major versus non-major 

electives. STEM students within classes that aligned with their major were more likely to engage 

with the material while STEM majors taking classes not aligned with their majors had decreased 

motivation (Shell & Soh, 2013). This analysis was done by surveying a computer science class 

containing computer science and engineering students and grouping these students into 

motivational categories using the Students Perception Of Classroom Knowledge building 

(SPOCK) assessment.  

Motivational profiling using SPOCK has identified five different classifications of student 

motivation (Shell et al., 2005; Shell & Husman, 2008; Shell & Soh, 2013). The two classifications 

that represent highly motivated students include the strategic profile that represents students that 

are highly motivated to succeed ñby-any-meansò and the knowledge-building profile that 
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represents mastery-oriented students that are goal driven and intrinsically motivated. Other profiles 

that represent less motivated students include the surface learning profile of students that are 

uninterested in the material but interested in utility and application, the apathetic profile of a 

disengaged non-motivated student, and the learned helpless profile of a motivated student that does 

not have the skills or experience to self-regulate (Shell & Soh, 2013). 

Literature has shown that at least for STEM students, students taking classes that are not 

directly involved within their major tend to fall into the later three profiles of low motivation while 

students in classes that align with their majors tend to fall into the first two highly motivated 

categories (Shell & Husman, 2001; Shell & Soh, 2013). Student that are self-motivated and 

intrinsically driven are more likely to develop a deeper understanding of material and master 

how to apply new material to real world applications (Judith M. Harackiewicz, 2002). This 

suggests that students will be more productive in classes within their department, while students 

will struggle more within non-major classes. 

While this analysis has identified differential motivational profiles between different 

students and classes, its scope is limited to STEM students. Further, this analysis has not 

investigated any teaching methods that seek to improve the learning outcomes of non-motivated 

students within non-major classes. I seek to expand upon this literature to identify if similar 

motivational trends are found within non-STEM students and observe how and if implementing 

a utility and applications-focused curriculum increases the motivation and engagement of 

different students. Current literature has identified deficiencies in the curriculum and teaching 

styles of faculty dealing with students in non-major classes but has provided few methods to 

overcome these deficiencies. This proposed study will identify if a utility-focused curriculum is 
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an effective method to improve the engagement and outcomes of students with different 

motivational profiles. 

Statement of Problem, Purpose, and Study Question 

The purpose of this study is to identify the motivations and goals of non-major students 

within an introductory biology course. This study also seeks to identify how focusing on the 

applications and utility of class information impacts student engagement and motivation. This 

research aims to identify if non-major and major students have different motivational profiles, and 

if exploring the application of biology increases non-major interest in the class. 

Research questions 

1. What are the motivational profiles of non-major students in BIOM103?  

2. How does the motivation of students change after experiencing a utility-focused 

curriculum? 

I hypothesize that non-STEM students within an introductory STEM course will tend to 

classify within lower motivational categories and that a utility-focused curriculum can improve 

outcomes within these students. 

Introduction to Methods 

To test my hypothesis, I aim to use a mixed methods approach to measure student 

motivation. Quantitative based research methods will be used to classify the students within my 

class into the different motivational groups and then assess through surveys how utility-focused 

teaching impacts the motivation and goals of students within different motivational profiles. 
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Qualitative methods will be used to generate personalized feedback from students after the utility-

focused intervention. 

Positionality and Context 

This study will focus on students within an introductory biology course. Most students are 

non-major freshmen that are taking this course as an elective. This course is designed to focus on 

fundamental science for the first half of the semester, then transition to focusing on the applications 

and utility of the covered topics during the second half of the semester. Attention will be paid to 

presenting the applications that directly apply to the studentsô interests. This will be determined 

by observing the students' majors and surveying student interest via muddy questions. This setting 

was selected based on convenience, and as it fits the criteria to study how application and utility 

affect non-major student motivation.  

Method 

Student motivational profiles were assessed using the Student Perceptions of Classroom 

Knowledge building (SPOCK) assessment distributed at the midpoint of the semester (Figure 1) 

(Shell et al., 2005; Shell & Husman, 2008). SPOCK assessment is a quantitative method that can 

be used to classify student motivation by asking questions focused on quantifying student self-

regulation, knowledge building, question asking, and lack of regulation. These questions were 

assessed using a Likert scale. In addition to the SPOCK assessment, student motivation, future 

perspectives, and course affect were measured with similar Likert scales as described by Shell et 

al 2013 (Shell & Soh, 2013). Numeric data of individual students were submitted to SPSS 

statistical software where two-way cluster analysis classified students into different motivational 
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categories based on their responses. This analysis and questionnaire have already been applied to 

multiple published scientific studies where the reliability and validity have been confirmed. All 

individual components of this survey have had high coefficient alpha reliability estimates. 

 

 
Figure 1: Course schedule. The first half of the semester focused on the fundamentals of 

microbiology. The second half of the semester transitioned to a utility-focused curriculum that 

explores the applications of microbiology. SPOCK surveys were distributed at the midpoint of 

the semester and were used to cluster students into different motivational profiles. IMI and 

MSLQ pre-surveys were also distributed to students at the semester midpoint. After the utility-

focused curriculum IMI and MSLQ post-surveys were given to students. Motivational change 

was measured by comparing responses to the pre- and post-surveys. 

To measure change in motivation students were given a pre- and post-surveys before and 

after the applications and utility-focused portion of the class (Figure 1). This survey was a 

combination of the Intrinsic Motivation Inventory (IMI) and Motivated Strategies for Learning 

Questionnaire (MSLQ) (Gibbens, 2019). These surveys focus to assess student intrinsic 

motivation, self-efficacy, self-value, class-value, and anxiety. The IMI and MSLQ pipelines have 

been assessed for reliability and shown high reliability coefficients within multiple studies 

(Gibbens, 2019). Survey questions were gathered using Likert scales and numerical averages were 

be assessed for the entire class population as well as for individual SPOCK motivational 

categories. Qualitative data was also gathered from these surveys asking students ñWhat would 
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they like the professor to change to increase their motivationò. This analysis was used to identify 

how utility-focused teaching impacts the motivation of non-major students and how change in 

motivation differs between students in different SPOCK categories. 

SPOCK and pre-IMI/MSLQ surveys were distributed to students before the midpoint of 

the semester and prior to transitioning to utility-focused teaching (Figure 1). The post-survey was 

distributed after students have been exposed to utility-focused intervention.  

Instrumentation and Data Collection Procedure 

An online questionnaire was used to gather quantitative data from students for both the 

pre- and post- application-focused stages of the course. BIOM103 is split into two sections, the 

first half of the semester is focused on the fundamentals of biology while the second section after 

spring break is focused on the applications. A single survey that combines the peer reviewed 

reliable questions from the SPOCK, IMI, and MSLQ questionnaires will be given to students 

during their lab recitation class periods right after spring break prior to beginning the application 

portion of the course, and after students have engaged in the applications portion of the course for 

4 weeks. Data from the SPOCK portion of the questionnaire will be used to group students into 

different motivational profiles, while the IMI and MLSQ portions will be used to quantify student 

motivation. 

Data Analysis Strategies 

The quantitative data from the SPOCK portion of the survey was analyzed for individual 

students. Individual student data was submitted for two-way cluster analysis using IBM SSPS 

statistical modeling software. Cluster analysis was used to group student into five motivational 
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profiles as described in previous literature (Shell & Soh, 2013). Anova statistical analysis was 

performed to identify significant motivational differences between student groups. 

IMI and MSLQ questions are broken down into four groups (intrinsic motivation, self-

efficacy, value, anxiety) designed to quantify different aspects of student motivation. IMI and 

MSLQ data were analyzed by quantifying the mean data of these four question groups for the 

overall student population, and for students within specific SPOCK motivational profiles. Standard 

deviation and paired t-tests were used to calculate the significance of motivational changes from 

pre- and post- questionnaires.   

Validity and Reliability 

Cronbachôs alpha statistics were calculated for these established questionnaires in previous 

literature (Gibbens, 2019; Shell & Soh, 2013). Alpha coefficients were calculated for each 

individual question group for the IMI and MSLQ surveys. IMI intrinsic motivation, self-efficacy, 

value, and anxiety questions has coefficients of 0.918, 0.883, 0.885, 0.843 respectively. MSLQ 

intrinsic motivation, self-efficacy, value, and anxiety questions has coefficients of 0.8.03, 0.903, 

0.885, 0.717 respectively. All values are withing the range of acceptable (0.7-0.8) to excellent 

(>0.9). 

The individual components of the SPOCK questionnaire were assessed for reliability in 

previous studies (Shell & Soh, 2013). Alpha coefficients for student self-regulation, knowledge 

building, question asking, lack of regulation, student motivations, future perspectives, and course 

affect ranged from 0.78-0.91 and are within the range of acceptable to excellent. 

Validity of all three questionnaires (SPOCK, IMI, and MSLQ) have been quantified and 

established in previous literature (Demirhan, 2014; Lin et al., 2014; Markland & Hardy, 1997). 
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The use of peer reviewed questionnaires increases the confidence that the survey used in this study 

is reliable and valid. 

Findings and Conclusions 

 

Figure 2: Student clusters based on SPOCK survey. Individual student SPOCK survey results 

were submitted to SPSS for two-way cluster analysis with a cluster grouping of five.  

Total student responses to both SPOCK, Pre-IMI/MSLQ, and Post-IMI/MSLQ was 53. 

This was 51% of the total class population. SPOCK responses form the individual students (n=53) 

grouped into 5 clusters (Figure 2). The number of students within each cluster ranged from 7-14. 

Groups one and five had a comparatively low number of students (7 and 8 respectively), compared 

to groups two, three, and four (13, 11, and 14 respectively). 
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Figure 3: Student clusters based on SPOCK survey. Relative distribution of student responses 

separated by student clusters (Y-axis) and separated into individual SPOCK categories (X-axis). 

Red area plot represents student responses for different SPOCK categories. Distributions that 

trend to the right of the individual area plots represent higher student responses. Distributions 

that tend to the left of the individual plots represent lower responses. Individual SPOCK 

categories are ordered from highest (left) to lowest (right) contribution to cluster prediction.  

Clusters were ordered from high to low motivation based on the average responses to 

individual SPOCK categories (Figure 3). Student clusters were labeled as highly motivated 

students (Group 1) to very amotivated students (Group 5). Group one students had the highest 

average responses to SPOCK categories that reflect positive aspects of motivation (High level 

question asking, Performance approach etc.), and the lowest scores in SPOCK categories that 

reflect negative aspects of motivation (learning avoidance, performance avoidance, and task 

avoidance). Group five had the lowest average responses to categories reflecting positive aspects 

of motivation and the highest responses to questions reflecting negative aspects of motivation. The 

SPOCK categories that contributed greatest to predicting student clusters include high level 

question asking, endogenous future time perspective, performance approach, and knowledge 

building. Categories that contributed least to cluster prediction were lack of regulation and affect 

negative. This suggests that highly motivated students tend to ask more questions, have a better 

appreciation of how their education will contribute to their future, they are motivated by 

outperforming other students, and have strong knowledge building skills. These data also suggest 

that lower motivated students lack these skills. 
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Figure 4: Motivational difference between student clusters. Motivation of student was measured 

using the IMI and MSLQ surveys. Motivation was broken down into eight sub-categories based 

on these surveys. Motivational levels of individual student clusters were quantified and 

compared. A value of zero represents the average motivational level of all analyzed students 

(n=53). Error bars represent 95% confidence interval. Statistical significance is denoted by letters 

(a, b, or c). Shared letters denote no statistical difference between groups. Clusters without 

shared letters are statistically significant. Pressure/Tension and Test Anxiety had no statistically 

significant differences between student clusters. 

While SPOCK analysis identified motivational trends of different student clusters, 

motivation of student clusters was quantified using IMI and MSLQ survey responses (Figure 4). 

These surveys are designed to quantify student confidence, intrinsic goal orientation, intrinsic 

motivation, pressure, Self-efficacy, task value, test anxiety, and value. Likert responses for 

students within each motivational cluster were quantified. Anova statistical analysis was 

performed to identify significant differences in motivation between student clusters. Statistical 

differences between student clusters were present in all aspects of motivation excluding 

pressure/tension and test anxiety. Results suggest that highly motivated students (group 1) have 

significantly higher levels within all types of motivation compared to amotivated and very 

amotivated students (groups 4 and 5) excluding pressure/tension and test anxiety (Figure 4). 

Further, motivated students (group 2) have higher intrinsic motivation, and value compared to 

amotivated and very amotivated students (groups 4 and 5). Lastly, when comparing intrinsic goal 

orientation and task value all levels of motivated students (Groups 1, 2, and 3) had significantly 
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higher levels of motivation compared to amotivated and very amotivated students (groups 4 and 

5). This data confirms that student clusters have different levels of motivation.  

 To observe how a utility-focused curriculum impacts the motivation of student within 

different motivational groups Pre- and Post-IMI/MSLQ survey responses were compared (Figure 

5). Motivational change was calculated for the total student population (n=53) and for each student 

cluster. This data showed a significant increase in 5 out of 6 positive indicators of motivation 

(confidence, intrinsic goal orientation, intrinsic motivation, self-efficacy, and value) within the 

total student population. Confidence and intrinsic goal orientation showed the greatest increase 

after utility-focused intervention. Negative indicators of motivation including pressure/tension and 

test anxiety showed no significant change within the total student population.  

 

 

Figure 5: Motivational change of students after utility-focused intervention. Motivational change 

was calculated by subtracting the pre-survey IMI and MSLQ response values of individual 

students from their post-survey IMI and MSLQ response values. Data is shown for total student 

population, and five student clusters determined by SPOCK assessment. A positive increase 

suggests an increase in the sub-category of motivation. A negative value suggests a decrease in 

the sub-category of motivation. Error bars represent 95% confidence intervals. Statistically 

significant values are denoted by an *. Significancy suggests that students either increased or 

decreased in motivation after utility-focused intervention. 

Statistical changes in motivation were also observed within individual student clusters. 

Highly motivated students (n=7) showed the most change with 4 out of 8 motivational categories 

having significant change. Interestingly, this group showed both positive and negative changes to 
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motivation after intervention. Confidence increased and test anxiety decreased for this group while 

task value and value decreased. This may suggest that highly motivated students have low 

perception of the value of utility-focused application, but benefit from the application, 

nevertheless. 

All other changes in motivation were positive. Motivated and somewhat motivated student 

clusters showed significant increases in confidence and intrinsic goal orientation. Self-efficacy 

was increased in motivated student clusters. Finally, amotivated clusters showed an increase in 

task value and value. This data suggests that a utility-focused curriculum has overwhelmingly 

positive outcomes in increasing total student motivation and only works to decrease negative 

predictors of motivation including test anxiety. I hypothesize that increasing the power of this 

analysis by increasing the sample size of students will identify positive trends in motivational 

change of all students after utility-focused intervention. 

Positive impacts of utility-focused intervention were supported by student feedback and 

qualitative results (Table 1). Prior to the intervention, student reported a desire for ñreal-life 

applicationsò and topics that ñapplied to life as a non-science majorò. Student further reported and 

believed that a professor ñkeeping a positive attitudeò and ñworking with our peersò would increase 

their motivation. Active learning and real-life applications are at the core of utility-focused 

applications. After intervention, students reported feeling ñmore motivatedò and suggested that the 

utility -focused curriculum improved their motivation by using ñactivities during lectureò and 

ñcovering topics that apply to life in Montanaò. These student goal appear to be in line with utility-

focused teaching and may explain why positive changes to student motivation were seen after 

exploring the application of microbiology.  
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Table 1: Qualitative student feedback  

Discussion-Recommendations 

In this study we explored how a utility-focused curriculum can impact the motivation of non-

major students. The goal of this experiment was to identify 1. What are the motivational profiles 

of non-major students in BIOM103? 2. How does the motivation of students change after 

experiencing a utility-focused curriculum? 

Our initial hypothesis was that non-major students would cluster into lower motivational 

profiles. However, it appears that students in BIOM103 clustered relatively evenly into all 

motivational clusters with lower levels of student within highly motivated and highly amotivated 

groups. Using a mixed methods approach we identified that students desire that the curriculum 

relates to their interests and report positive motivational outcomes in utility-focused classes. This 

is further supported by quantitative data that shows utility-focused environments produce an 

overall increase in most motivational characteristics for all students. While lower motivational 

profiles (amotivated and very amotivated) did not show a statistically significant positive or 

negative change in motivation I hypothesize that this is a result of samples size and low power 

Pre-intervention Post-intervention 
Students were asked ñWhat would you like the course instructors to do to motivate you this semester?ò 

ñIt motivates me when class topics are 

related and linked into real lifeéò 

ñIôm feeling more motivated during the lecture due to the fact 

that the topics are more applicable to my life.ò 

ñKeep a positive attitude and encourage us.ò ñI have greatly appreciated our in-class activities that help us 

retain more of the information.ò 

ñProvide plenty of real-life applications of 

the material covered in lecture and lab.ò 

ñI feel like Iôm being motivated by the instructors!ò 

ñI like when the topics we cover can be 

applied to life as a non-science major. That 

is what I find most interestingéò 

ñWeôve been covering topics that apply to life in Montana like 

the microbiology of agriculture and food systemsékeep teaching 

topics that are applicable to most majors at MSUéò 

ñI think the dynamic of sitting down and 

watching PowerPoints gets exhausting. I 

would hope that switching it up and working 

with our peers could be incorporated.ò 

ñContinue to do activities during lecture. This keeps me 

engagedéò 
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once students are grouped into individual clusters. Repeating this experiment with a larger samples 

size would help increase power and identify further trends in motivational change after utility-

focused intervention. With an increased samples size, we could also explore how demographics, 

background, culture, and other aspects impact student motivation.  

Literature supports that students need to be motivated to produce long term learning and 

engage with material. In this study, we show that a utility-focused intervention that explores the 

applications of microbiology is an effective way to increase the motivation of non-major students. 

Students come from many different backgrounds and are motivated by different factors. If students 

goals and motivations do not align with the class material, which is likely with non-major students, 

faculty need to be aware are ready to shift their curriculum to align with the studentôs needs. When 

teaching non-major students, I propose that focusing heavily on the applications of material over 

the fundamentals will drive students to engage deeper with the material, become active participant 

in the course, and increase student outcomes. 
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Abstract 

SARS-CoV-2 has recently been detected in feces, which indicates that wastewater may 

be used to monitor viral prevalence in the community. Here, we use RT-qPCR to monitor 

wastewater for SARS-CoV-2 RNA over a 74-day time course. We show that changes in SARS-

CoV-2 RNA concentrations follow symptom onset gathered by retrospective interview of 

patients but precedes clinical test results. In addition, we determine a nearly complete (98.5%) 

SARS-CoV-2 genome sequence from wastewater and use phylogenetic analysis to infer viral 

ancestry. Collectively, this work demonstrates how wastewater can be used as a proxy to monitor 

viral prevalence in the community and how genome sequencing can be used for genotyping viral 

strains circulating in a community.  
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Introduction 

In late December 2019, authorities from the Peopleôs Republic of China (PRC) 

announced an epidemic of pneumonia.(Organization, 2020) A novel coronavirus (severe acute 

respiratory syndrome-coronavirus-2 [SARS-CoV-2]) was identified as the etiologic agent and the 

disease was named coronavirus disease 2019 (COVID-19). The virus spread rapidly, first to 

Thailand, Japan, Korea, and Europe, and now to >188 countries across all of the continents 

except Antarctica. The global total of infected individuals now exceeds 20 million 

(https://coronavirus.jhu.edu/).  

Public health professionals around the world are working to limit the spread of SARS-CoV-2, 

and óóflatten the curve,ôô which requires a reduction in cases from one day to the next. However, 

SARS-CoV-2 containment has been outpaced by viral spread and limited resources for testing. 

Moreover, mounting evidence suggests that the virus is not only spread by aerosols but may also 

be transmitted via feces. Both viral RNA and infectious virus have been detected in the stool of 

COVID-19 patients.(Hindson, 2020; Lodder & de Roda Husman, 2020; Tang et al., 2020; W. 

Wang et al., 2020; Y. Wu et al., 2020; Xiao et al., 2020; Xu et al., 2020) This has important 

implications for the spread of the virus and suggests that wastewater may be used to monitor 

progression or abatement of viral spread at the community level(Ahmed et al., 2020; La Rosa et 

al., 2020; Mallapaty, 2020; Medema et al., 2020; Peccia et al., 2020; Randazzo et al., 2020; 

Rimoldi et al., 2020; F. Wu et al., 2020; Wurtzer et al., 2020)  
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Results  

To test whether wastewater could be used for SARS-CoV-2 surveillance, we collected 

samples from the municipal wastewater treatment plant in Bozeman, Montana (USA). Untreated 

wastewater samples were collected on 17 different days over the course of a 74-day period using 

an autosampler that collects a volume proportional to flow for 24 h (Table S6.1). This composite 

sample reflects the average characteristics of wastewater over the previous day. The samples 

were filtered and concentrated before RNA extraction. To concentrate SARS-CoV-2, we used 

ultrafiltration with spin concentrators that efficiently recover viruses from wastewater.(Medema 

et al., 2020; Ye et al., 2016) Extracted RNA was used as a template for one-step quantitative 

reverse-transcriptase-polymerase chain reaction (qRT-PCR), performed according to Centers for 

Disease Control and Prevention (CDC) guidelines (https://www.fda.gov/media/134922/ 

download). Each qRT-PCR reaction was performed using 2 primer pairs (N1 and N2), which 

target distinct regions of the nucleocapsid (N) gene from SARS-CoV-2 (Figures 6.1A and S6.1). 

Composite samples collected in late March and early April 2020 tested positive for SARS-CoV-

2, although concentrations of viral RNA steadily declined and then dropped below the limit of 

detection. After 1 month of undetectable levels of SARS-CoV-2, the wastewater began testing 

positive again in late May, which coincided with an increase in COVID-19 cases in the 

community (Figure 6.1A).  

The current methods for tracking the COVID-19 pandemic primarily rely on clinical test 

results, but this process involves intrinsic delays that preclude real-time tracking of the outbreak. 

On average, a person develops symptoms 4ï5 days after initial exposure, and it is predicted that 

only 32% of symptomatic individuals are tested.(Lauer et al., 2020; Li et al., 2020) Test results 
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are typically available 3ï9 days after illness onset.(Ahmed et al., 2020; Garg et al., 2020) We 

hypothesized that wastewater levels of SARS-CoV-2 RNA correlate with COVID-19 incidence 

rates and that these data could be used as an epidemiological indicator to track the outbreak in 

real time. To test this hypothesis, we compared our wastewater surveillance data to the 

frequencies of reported lab-confirmed cases and symptom onset dates that were collected by 

retrospective interviews. In the initial outbreak (mid-March 2020), the SARS-CoV-2 RNA 

concentration in the wastewater lagged behind symptom onset data by 8  

 
Figure 6.1. Detection and Quantification of SARS-CoV-2 in Wastewater and in the Community 

(A) Temporal dynamics of SARS-CoV-2 RNA in the municipal wastewater is superimposed on 

the epidemiological data. Symptom onset data (teal bars) were collected by retrospective 

interviews of COVID-19 patients who previously tested positive for SARS-CoV-2 (coral bars). 
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The red circles and blue triangles show SARS-CoV-2 RNA concentration in municipal 

wastewater (means ± SDs) measured with qRT-PCR using the N1 and N2 primer pairs, 

respectively (see Method Details). The lines show curves fitted to qRT-PCR and epidemiological 

data using local polynomial regression (LOESS, locally estimated scatterplot smoothing). (B and 

C) Linear regions of the epidemiological and wastewater curves. Curves were displaced relative 

to each other and Pearson correlation coefficients (r) were calculated. The 95% confidence 

intervals for the highest Pearsonôs r values and respective offsets are shown. Data for initial 

surge (MarchïApril) and resurgence (May) were analyzed separately. Surge boundaries were 

defined as the earliest reported symptom onset (left boundary) and date with last reported 

positive test (right boundary). The interval between surges with zero reported cases/symptoms 

(mid-Aprilïmid-May) was dropped from the analysis. (D) Timeline of the indicators used in the 

study. Symptom onset is the earliest available estimate of the viral spread. However, these data 

are collected retrospectively, which preclude its use for real-time tracking of the outbreak. 

Wastewater correlates with symptom onset and could be used to track progressing outbreak. 

days (Pearsonôs r = 0.989; Figure 6.1B), and preceded laboratory test results for individuals by 2 

days (r = 0.969; Figure 6.1B). When cases resurged in May, wastewater detection trailed 

symptom onset by 5 days (r = 0.92) and foreshadowed the increase in positive tests by 4 days (r 

= 0.953; Figure 6.1C).While wastewater detection trailed symptom onset by 5 days, it is 

important to note that the retrospective interviews used to collect symptom onset information are 

available only ~10 days after exposure. Our analysis demonstrates that wastewater surveillance 

is the earliest real-time measure of SARS-CoV-2 prevalence (Figure 6.1D). 

To verify that the qRT-PCR results reflect bona fide detection of SARS-CoV-2 rather 

than priming from an unintended template, we repeated the PCR using 10 primer pairs that tile 

across the SARS-CoV-2 genome.(Quick, 2020) These primers were designed to target conserved 

regions of the genome that flank polymorphic sites that have been used to trace viral ancestry 

and geographic origins (Figure S6.2A).(Bedford et al., 2020; Quick, 2020) RNA isolated from 

the Bozeman waste stream on March 27, 2020 was used as a template for these RT-PCR 

reactions, and all 10 primer pairs produced PCR products of the expected sizes (Figure S6.2B; 

Table S6.2). PCR products were sequenced using the Sanger method and the reads were aligned 



169 

 

to the reference genome using MUSCLE.(Edgar; Fan Wu et al., 2020) We observed no sequence 

heterogeneity in redundant reads derived from each location of the genome (Figure S6.2C). The 

same RNA sample was further used to determine a nearly complete (98.5%) SARS-CoV-2 

genome sequence using a long-read sequencing platform.(Quick, 2020; Quick et al., 2017)  

Mutations that do not confer a fitness defect are preserved in viral progeny, and thus 

serve as genetic landmarks that can be used to trace viral ancestry. Efforts to understand the 

origins and evolution of SARS-CoV-2 have resulted in ~82,000 genome sequences from 91 

countries as of August 13, 2020 (https:// www.gisaid.org/). Phylogenetic analyses of these 

sequences have enabled molecular tracking of viral spread.(Castillo et al., 2020; Fauver et al., 

2020; Gonzalez-Reiche et al., 2020; Stefanelli et al., 2020; van Dorp et al., 2020; Zehender et al., 

2020) To determine the ancestry of SARS-CoV-2 strains circulating in Bozemanôs wastewater 

on March 27, we determined the genome sequence using Oxford Nanopore. Approximately 

2,000 copies of the viral RNA (estimated with qPCR) were used to generate an amplicon 

library.(Nathan D. Grubaugh et al., 2019; Quick et al., 2017) Nanopore sequencing on the 

MinION platform resulted in ~700,000 reads. Quality control and base calling were performed 

with MinKNOW version 19.06.8 in High Accuracy mode (Oxford Nanopore Technologies), and 

the sequences were assembled using the bioinformatic pipeline from ARTIC Network 

(https://artic.network/ncov-2019). This approach resulted in a single viral contig with an average 

sequencing depth of 6,875x that covered 98.5% of the SARS-CoV-2 reference genome 

(GenBank: MN908947.3). Unsequenced regions of the genome include the 5ô and 3ô ends and a 

stretch of 170 bases (22,346ï22,515 in the Wuhan-Hu-1 reference genome), which likely had too 

few reads for basecalling due to PCR bias.(Itokawa et al., 2020)  
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In total, we found 11 single-nucleotide variants (SNVs) in the assembled genome that 

distinguish the Bozeman wastewater SARS-CoV-2 sequence from the Wuhan-Hu-1/2019 

reference sequence (Figure S6.2D). To verify the authenticity of these SNVs, we examined raw 

sequencing data, which is available on Mendeley (Mendeley Data: https://dx.doi.org/10.17632/ 

nfsfvy6xkf.1). During this analysis, we noticed that one of the variants (A23122T) was 

introduced by incomplete trimming of a sequencing adaptor (5ô-CGTATTGCT) that is partially 

homologous (underlined) to the reference genome (5ô-TACATGCA). This variant has been 

reported in other genomes sequenced using this protocol,(Lopez-Alvarez et al., 2020) and similar 

issues have been identified in other regions of the SARS-CoV-2 genome.(Korber et al., 2020) In 

contrast to A23122T, we found no other evidence for trimming artifacts for the 10 remaining 

SNVs. It is possible that the consensus genome presented here is derived from a chimeric 

assembly of distinct genotypes, but >90% of the reads contain the same variant at each of these 

10 positions.  

The genome was aligned to 14,970 SARS-CoV-2 genomes from 74 different countries 

(Global Initiative on Sharing All Influenza Data, https://www.gisaid.org/). The resulting 

alignment was used to build a phylogenetic tree (Figure 6.2A), which indicates that the SARS-

CoV-2 genome in Bozemanôs wastewater is most closely related to genomes from California and 
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Figure 6.2. Phylogenetic Analysis of SARS-CoV-2 Sequence Isolated from Wastewater. (A) 

Maximum-likelihood phylogeny of the SARS-CoV-2-related lineage (n = 14,971 sequences). 

The phylogenetic history of SARS-CoV-2 strain sequenced from Bozemanôs wastewater (WW) 

is shown in crimson. The outer ring is colored according to regions of the world where the 

samples were isolated. The tree is rooted relative to the RaTG13 genome (a bat coronavirus with 

96% sequence similarity to SARS-CoV-2; GenBank: MN996532.1). Mutations that occurred 

over space and time are shown in red. (B) Sequences isolated from Bozeman WW clade with 

sequences of US and Australian origin (left). The sequences are named according to the 

geographic origin and the viral isolation date. A comparison of mutations in sequences is shown 

in the inset (right). The Wuhan reference sequence for each of the positions where mutations 

occur is shown across the top. The mutated positions and bases present in Bozeman WW 

sequence are shown in red, the bases matching Wuhan reference sequence are shown in white, 

and the mutations not present in the Bozeman WW sequence are shown in blue.  

Victoria, Australia). The three mutations that define the Wuhan WA1 linage (C8782T, C18060T, 

T28144C) are not present in the Bozeman wastewater (WW) genome, while all 10 mutations in  

the Bozeman wastewater SARS-CoV-2 sequence co-occur in sequences from California; 9 of 

these 10 mutations are also present in an isolate from Victoria, Australia (Figures 6.2B, S6.2C, 

and S6.2D).(Bedford et al., 2020; Deng et al., 2020; Holshue et al., 2020) To determine how 

these sequence variations may have accumulated over space and time, we mapped each mutation 

onto the phylogenetic tree of SARS-CoV-2 sequences (Figures 6.2A and S6.2E). This analysis 

shows that the A28851T mutation has been acquired most recently and confirms that the 
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assembled genome from the Bozeman wastewater is most closely related to a strain circulating in 

California. While this sequencing approach reveals the genetic history, it does not measure the 

fitness of this or any of the mutations associated with distinct geographic locations. We 

anticipate that temporal genome sequencing from the wastewater will help identify viral strains 

circulating in a specific community over time.  

Discussion 

The results presented here demonstrate that wastewater monitoring for SARS-CoV-2 

RNA by qRT-PCR provides a real-time measure of viral prevalence in the community (Figure 

6.1). Clinical testing for COVID-19 typically occurs 3ï9 days after symptom onset and may 

vary, depending on the availability of tests, care-seeking behavior, workloads in testing facilities, 

and current testing strategy.(Biggerstaff et al., 2014; Garg et al., 2020; Silverman et al., 2020) In 

our study, wastewater surveillance for SARS-CoV-2 foreshadowed new case reports by 2ï4 

days.  

The statistics of lab-confirmed COVID-19 cases not only lag behind viral spread but they 

also underestimate the true scale of the pandemic. A recent analysis of outpatient surveillance 

data estimates that only 32% of SARS-CoV-2-infected individuals in the United States have 

sought medical care.(Silverman et al., 2020) These challenges are overcome with wastewater 

testing, which captures input from all of the individuals in the local community and thus has the 

potential for estimating the true prevalence of COVID-19 using computational models that 

account for the median viral load in stool, virus degradation rates, travel time to the treatment 

facility, and water use per capita.(Ahmed et al., 2020; Hart & Halden, 2020) Furthermore, 
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wastewater may capture mild and asymptomatic infections that may be used to alert public health 

officials about emerging undetected transmission events.(Tang et al., 2020)  

Monitoring wastewater for SARS-CoV-2 provides a useful epidemiological metric that could 

help track the outbreak and inform policy. The study presented here complements the rapidly 

emerging body of work by providing an important link between wastewater surveillance, 

COVID-19 epidemiology, and tracing SARS-CoV-2 spread patterns with genome sequencing.  

Limitations of Study 

Nanopore sequencing has an error rate of ~10%ï15%, which precludes the reliable 

detection of rare genotypes.(Nathan D. Grubaugh et al., 2019; Jain et al., 2018) Therefore, the 

protocol used here is limited to the detection of genotypes with >10%ï15% representation. Due 

to this limitation of the sequencing approach, we cannot exclude the possibility of chimeric 

genome assembly. Additional sequencing efforts are required to correlate results from 

wastewater to clinical isolates and determine how ratios of SARS-CoV-2 variants in wastewater 

translate to ratios in the population.  

An additional limitation of this study is the use of a single method for the concentration 

of SARS-CoV-2 from wastewater. While others have shown that centrifugal ultrafiltration is 

effective, comparative analyses of alternative concentration protocols, RNA extraction methods, 

and diagnostic primer sets are required to correlate results from different groups and build a 

standard approach for wastewater-based SARS-CoV-2 surveillance(Ahmed et al., 2020; La Rosa 

et al., 2020; Mallapaty, 2020; Medema et al., 2020; Peccia et al., 2020; Randazzo et al., 2020; 

Rimoldi et al., 2020; F. Wu et al., 2020; Wurtzer et al., 2020; Ye et al., 2016).  
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Supplemental Figures 

 

Supplemental Figure S6.1, related to Figure 6.1. Standard curves for absolute quantification of 

SARS-CoV-2 titers. Standard curves were generated for each RT-qPCR run. A 10-fold dilution 

series of positive control plasmid (IDT#10006625) encoding for SARS-CoV-2 N gene were 

used, three technical replicates at each dilution (green circles). Data was plotted as Cycle 

Threshold (Ct) on y-axis versus log10(copy number) on x-axis. Trend lines were fitted to the 

data by linear regression analysis in RStudio v1.2.1335, Linear equations and R2 values are 

shown for each standard curve. Red dots show mean Ct values for wastewater samples. Error 

bars represent standard deviation of Ct values. 
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Supplemental Figure S6.2, related to Figure 6.2. Sequencing and phylogenetics of SARS-CoV-2 

in wastewater. (A) Map of the SARS-CoV-2 genome. The solid black lines indicate the 

approximate location of 10 amplicons spanning phylogenetically informative regions of the 

genome. (B) Agarose gel of the corresponding PCR products. (C) Ten PCR products shown in B 

were gel-purified and used to sequence 13 polymorphic sites in SARS-CoV-2 genome 44. Sanger 

traces (9-bp windows) are shown for each polymorphic site (dotted boxes). Nucleotide 

numbering is based on the reference genome Wuhan-Hu-1/2019 25. Highlighted in red are 

nucleotide substitutions relative to the reference. (D) Genetic map of SARS-CoV-2 with 

mutations present in Bozeman wastewater sequence highlighted. *Variant A23122T was further 

filtered out as an artifact of sequencing library preparation (see explanation in the main text). (E) 

Phylogenetic tree with each mutation present in Bozeman wastewater mapped in red. The SARS-

CoV-2 sequence from Bozeman wastewater is indicated by black arrow. 
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Supplemental Tables 

 
Supplemental Table S6.1, related to Fig 6.1. Total wastewater flow volumes and SARS-CoV-2 

RNA concentration in composite samples. 
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Supplemental Table S6.2, related to Methods. Primer design used for RT-PCR (Supplemental 

Figure S6.2A and B) 

 

  


