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Abstract   

Picocyanobacteria are small cyanoprokaryotes (0.2-3 μm) that play a large role in global primary 

production. Given the effects of climate change, picocyanobacterial distribution and localized 

growth rates may produce overgrowth that can cause negative effects on global biogeochemical 

cycles and food webs. In this study, we developed a matrix of three light conditions and four 

ecologically relevant temperature conditions to test the growth rates of six diverse strains of 

picocyanobacteria in order to predict how picocyanobacteria will grow as global water 

temperatures increase. Using modified Gompertz models and generalized additive modelling 

approaches, I uncovered a diverse range of growth optima for both cell count growth rates and 

chlorophyll growth rates that reveal a general preference for warmer temperatures. Given 

localized climate trends, we can predict that picocyanobacterial growth rates will increase as 

much as 40% within the coming century.  
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Introduction 

Picocyanobacteria are a group of cyanoprokaryotes ranging from 0.2-3 μm in diameter 

(Jasser and Callieri 2016). This group of cyanobacteria are nearly geographically ubiquitous as 

they are found in both marine and freshwater environments (Scanlan et al. 2009) . Furthermore, 

picocyanobacteria play a large role in global primary production, as they are estimated to 

constitute roughly 25% of global primary production (Flombaum et al. 2013), and contribute 

nearly 80-90% of carbon production in oligotrophic lakes (Stockner 1988). This group of 

organisms includes genera Synechococcus, Prochlorococcus, Cyanobium, and Synechocystis 

(Komárek et al. 2020) (Lopes et al. 2012). Phylogenetic relationships among the Synechococcus, 

Cyanobium, and Synechocystis genera can be seen in figure 1. Prochlorococcus can be found in 

oligotrophic marine environments (Thompson et al. 2018), whereas Synechococcus is distributed 

across marine and freshwater systems (Kim et al. 2018). Cyanobium is found along similar 

distributions but has particularly been linked to brackish (Larsson et al. 2014) and freshwater 

systems (Cabello-Yeves et al. 2018). Synechocystis, in contrast, is found in freshwater systems 

(Jasser and Callieri 2016).   
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Figure 1: Maximum likelihood phylogenetic tree constructed with MegaX software and 16s 

ribosomal RNA sequences of a variety of algal strains obtained from NCBI 
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Recent climate reports suggest that global and oceanic temperatures will continue to 

increase in response to fossil fuel emissions (Zandalinas, Fritschi, and Mittler 2021). Along with 

changes in nutrient availability, particularly nitrogen and phosphorus (Berthold and Campbell 

2021), increasing temperatures will affect the growth dynamics of picocyanobacterial strains 

found in marine and freshwater environments as warmer temperatures have been shown to select 

for smaller organisms both within and among populations across taxa (Zohary, Flaim, and 

Sommer 2021). This response was first noted by Bergmann in 1847, as he demonstrated that a 

lower surface area to volume ratio in biological organisms better facilitates thermoregulation 

(Salewski and Watt 2017). This general trend of smaller sizes being associated with warmer 

temperatures does not only apply to endotherms but can also be seen to manifest in 

phytoplankton (Sommer et al. 2017). Thus, following Bergmann’s general rule, a rise in global 

temperatures due to climate change may cause a substantial organism size decrease across taxa 

(Gardner et al. 2011). This principle has been substantiated for phytoplankton across three 

levels: evolutionary evidence, field evidence, and experimental evidence (Zohary, Flaim, and 

Sommer 2021). Evolutionarily phytoplankton taxa have been shown to decrease in size in 

response to temperature. Mousing et al. (2017) showed that dinoflagellate cyst micro-fossils 

found in the West Greenland shelf were significantly smaller through time periods with 

increased temperatures. Phytoplankton size has also been shown to decrease with temperature in 

field studies, as Winder, Reuter, and Schladow (2009) found that over a 24-year period smaller 

diatoms came to dominate lake Tahoe, which was correlated to increasing temperatures in the 

region. Furthermore, a similar study performed by Abonyi et al. (2020) showed that 

phytoplankton cell size decreased over a 34-year period in the river Danube, which was again 

linked to global climate change. Specific experimental evidence showcasing this effect of 

decreasing sizes with increasing temperatures was shown by Pulina et al. (2016) as 

phytoplankton sizes decreased in response to warmer temperatures in artificial indoor incubated 

units. Outdoor mesocosm experiments also show that phytoplankton shift towards smaller sizes 

in increased temperatures in freshwater conditions (Yvon-Durocher et al. 2011). Given these 

findings, and the fact that smaller marine protists (Atkinson, Ciotti, and Montagnes 2003) and 

phytoplankton cells (Banse 1976) grow faster with decreasing cell size, I hypothesize that under 



 8 

rising temperature conditions picocyanobacterial strains will increase their growth rates within 

an environmentally plausible range.  

The dominance of small phytoplankton in these conditions must be understood in the 

context of a variety of factors, including physiological changes and environmental effects, and 

the interactions therein. Physiologically, phytoplankton responses to increasing temperatures 

tend to follow the Q10 model, which describes the positive relationship between temperature and 

metabolic activity over a 10 ℃ range (Mundim et al. 2020). This has been postulated to be the 

result of an increase in kinetic energy within cells due to the increase in temperature (Clarke and 

Fraser 2004), which as a result increases rates of photosynthesis, respiration, and cell growth, 

among other processes (Zohary, Flaim, and Sommer 2021). Warming waters also have effects on 

the stratification of lakes (Boehrer and Schultze 2008) and oceanic water bodies (G. Li et al. 

2020) which can directly affect phytoplankton populations. Increased temperatures affect water 

bodies by inducing stratification and by consequence reducing turbulence and mixing which 

causes the segregation of nutrient availability (Naselli-Flores, Zohary, and Padisák 2021). This 

decrease in nutrient availability favors the growth of smaller phytoplankton, as having a lower 

surface area to volume ratio facilitates more efficient nutrient uptake (Van de Waal and 

Litchman 2020). This difference in surface area to volume ratios can be substantial, as the range 

of phytoplankton sizes is very broad (Figure 2). Furthermore, the stratification of water bodies 

benefits smaller phytoplankton due to the principles of Stoke’s equation and its interaction with 

cell sinking rates (Zohary, Flaim, and Sommer 2021). As described by Stoke’s equation, low cell 

sinking rates are dependent on high water viscosity and density, both of which decrease in 

response to increasing temperatures (Rosas-Navarro, Langer, and Ziveri 2018). Therefore, 

increasing temperatures are associated with higher sinking velocities for phytoplankton (Zohary 

et al. 2017). Furthermore, according to Stoke’s equation, smaller phytoplankton sink slower than 

larger competitors based on their size, and thus remain higher in the euphotic zone which gives 

them an advantage in terms of light availability (Sciascia, De Monte, and Provenzale 2013). 

Furthermore, population loss rate as a result of cell sinking (losing cells due to sinking past the 

euphotic zone) is amplified through water body stratification for larger cells, meaning 

picophytoplankton again may have an advantage over larger competitors in warmer temperatures 

(Zohary, Flaim, and Sommer 2021). 
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Figure 2: Graphic developed by Finkel et al. 2010 outlining the extremely broad difference 

between the largest and smallest phytoplankton through evolutionary time. 

 

To understand the possible increase in picocyanobacterial growth rates with rising 

temperatures, the effect of light on cell physiology must also be taken into account. As 

photosynthetic organisms, picocyanobacteria are dependent on light for energy. This dependence 

is subject to some variability between and within types of picocyanobacteria (Six et al. 2007). 

Within genera, variability in light dependence can manifest in multiple ways. Prochlorococcus 

ecotypes tend to vary in terms of the levels within the euphotic zone that they inhabit (Bibby et 

al. 2003). Synechococcus, in contrast, occupy specialized niche spaces based on differences in 

pigment content, which provides differential light absorption (Stomp et al. 2004). The process of 

photosynthesis is dependent on highly conserved mechanisms and structures (Mulo, Sicora, and 

Aro 2009) found across picocyanobacteria genera. In turbulent conditions picocyanobacteria 

must cope with a range of extreme light conditions, including photoinactivation due to up 

welling (Six et al. 2007). The process of photoinactivation is a result of damage procured by the 

D1 protein in the PSII structure in high light conditions (Komenda et al. 2007). This protein is 

coded by the psbA gene family in picocyanobacteria (Murphy et al. 2017), although 

Prochlorococcus only has one form of this gene (Murphy et al. 2017; Partensky, Hess, and 

Vaulot 1999). Within strain variation and between strain variation in regard to photoinactivation 

responses are notable. Due to this high degree of variability in picocyanobacterial light 



 10 

responses, it is hard to predict how novel strains will grow in different light levels, particularly 

with varying thermal environments. 

As described, the effects of temperature and light have major implications for 

picocyanobacterial populations. Despite the significance of these factors, it is as yet unknown 

how the interacting effects of temperature and light levels will influence picophytoplankton 

growth rates. Establishing these niche spaces is becoming more urgent as the increase in 

temperature of global water bodies may increase the prevalence of nuisance algal blooms. Such 

excessive growth, or imbalances of phytoplankton taxa can damage local ecosystems and food-

webs (Berthold and Campbell 2021). Analyzing picophytoplankton physiological responses to 

environmental changes can thus help predict changes in local and global bio-geochemical cycles 

and food webs as algal overgrowth has been shown to negatively affect both of these 

environmental parameters (Berthold and Campbell 2021). Furthermore, focusing on responses of 

only one species/strain will not explain the diversity found in highly dynamic coastal water 

bodies. In these systems, nutrients, salinity, light, and temperature interactively create a large 

combination of possible niches. Thus, this study will focus on how light and temperature 

treatments affect the growth rate and photo-physiological performance of six strains of 

picophytoplankton with distinct salinity growth optima. I hypothesize that picocyanobacterial 

growth rates will increase with temperature, with a variable effect of light either independently 

or interacting with temperature.  

Methods 

Culturing protocols  

Synechococcus sp. CCMP836, Synechococcus bacillaris CCMP1333, Cyanobium sp. 

CZS48M, Cyanobium sp. NIES981, Cyanobium sp. CZS25K, and Synechocystis sp. PCC6803 

were all grown in BG11 (Stanier et al. 1979) derived mineral nutrient media. Strains CCMP836, 

NIES981, CCMP1333, CZS25K, and CZS48M are all coastal marine/brackish phytoplankton, 

whereas the strain PCC6803 is primarily freshwater. Artificial sea water (ASW) was prepared 

following protocols described by Harrison, Waters, and Taylor (1980) and Berges, Franklin, and 

Harrison (2001). This ASW was used with ultrapure MilliQ to make BG11 derived mineral 
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nutrient media at differing salinities, which represent optimal saline growth environments for the 

strains used, of 1 ppt (freshwater), 11 ppt, 25 ppt, and 32 ppt (seawater) with nutrient stocks 

being added after autoclaving. Media was then pH adjusted through titration from 8.0-8.5 to 7.5 

with 1 M hydrochloric acid (HCL). Mother cultures were grown on a horizontal shaker by 

Maximilian Berthold in a 12:12 light:dark diurnal cycle at 22°C and at a light level of 100 μE. 

Subcultures were performed by Maximilian Berthold every 7 days. 
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Table 1: BG11 derived mineral nutrient media was composed of the following components and 

concentrations. Artificial sea water and ultra-pure MilliQ were combined to achieve target 

salinities, with the resultant solution being autoclaved. Stocks added to media 

Component Stock solution Quantity per L 

ddH20 

Molar concentration 

in final medium 

Fe Citrate solution  NA 1 mL  NA 

Citric acid 6.0 g L-1 dH2O ------ 3.12 x 10-5 M 

Ferric ammonium 

citrate 

6.0 g L-1 dH2O ------ 3 x 10-5 M 

NaNO3 149.6 g L-1 dH2O 10 mL 1.76 x 10-2 M 

K2HPO4 39.0 g L-1 dH2O 1 mL 2.24 x 10-4 M 

MgSO4 • 7H2O 75.0 g L-1 dH2O 1 mL 3.04 x 10-4 M 

CaCl2 • 2H2O 27.0 g L-1 dH2O 1 mL 1.84 x 10-4 M 

Na2CO3 20.0 g L-1 dH2O 1 mL 1.89 x 10-4 M 

Na2EDTA• 2H2O* 0.8413 g L-1 dH2O 1 mL 2.26 x 10-6 M 

Trace metal solution See Table 2 1 mL  NA 
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Table 2: Components used to create trace metal solution used for the creation of BG11 derived 

mineral nutrient media. These components were filter sterilized by Alyson MacCormack and 

subsequently stored at 4 °C. 

Component Stock solution Quantity per L 

ddH20 

Molar concentration 

in final medium 

H3BO3 ------ 2.860 g 4.63 x 10-5 M 

MnCl2 • 4H2O ------ 1.810 g 9.15 x 10-6 M 

ZnSO4 • 7H2O ------ 0.220 g 7.65 x 10-7 M 

CuSO4 • 5H2O 79.0 g L-1 ddH2O 1 ml 3.16 x 10-7 M 

Na2MoO4 • 2H2O ------ 0.391 g 1.61 x 10-6 M 

Co(NO3)2 • 6H2O 49.4 g L-1 ddH2O 1 ml 1.70 x 10-7 M 
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Experimental protocol 

Well plate preparation  

A well plate approach was used for this study. Sterile Falcon non-tissue culture treated 

4X6 24 well plates were used to create four technical replicates of each of the six strains tested. 

Magnetized metal stir bars were sterilized with 70% ethanol and placed into each well after 

drying. Each of these strains has an optimal salinity, so 2 mL of media of the optimal salinity 

was added into the corresponding wells using an Opentron Robot Pipettor (Model: OT2, 

Opentrons, Brooklyn, NY). Plates loaded with media were then read with the ClarioStar micro-

plate reader to obtain blank values over wavelength ranges 370-750 nm. Mother cultures were 

then obtained from Maximilian Berthold, with 0.5 mL of culture being added to each well with 

absorbance (370-750 nm) and fluorescence (400-750 nm) measurements being taken on the 

ClarioStar Micro-plate reader following inoculation to measure chlorophyll content proxy values 

at OD 680-750 nm, otherwise known as deltaOD, which subtracts a turbidity proxy of 750 nm 

from a chlorophyll proxy of 680 nm to gain a turbidity corrected chlorophyll absorbance value. 

Furthermore, OD750 nm measurements were also taken to estimate cell count proxies from 

turbidity measurements. 

Culture Measurements  

Three prepared plates were placed in a growth chamber set at one temperature with 30, 

100 or 300 µE light levels within this chamber (one plate for each light level). We tested 17, 22, 

27 and 32℃, separately three times each (apart from 22 ℃) leading to three biological replicates 

for each light and temperature level, with four technical replicates being present for each strain 

per light level within each temperature replicate. Every day well plate cultures were re-

suspended using magnetized metal stir bars at 100-250 rpm on the V&P Scientific Inc. Magnetic 

Tumble Stirrer. Following re-suspension absorbance (370-750 nm) measurements were 

performed on all wells of each plate using a ClarioStar micro-plate reader. To track the growth of 

the cultures absorbance/optical density (OD) measurements were subtracted from the blank OD 

values to indicate true culture growth, as the absorbance value of the media would obscure the 

actual absorbance of the culture. When the cultures had undergone a doubling at a blank 

corrected optical density at deltaOD a series of physiological measurements were performed (See 
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appendix). Culture from one well plate row per light level was sacrificed to perform cell counts 

and measure chlorophyll content using established protocols in the lab (Anderson, 2005). 

Chlorophyll content was analyzed by adding 20 μL of extracted culture in 2 mL of chlorophyll 

extraction solvent (3:2 Acetone:DMSO) in borosillicate glass cuvettes. The resultant solution 

was then left in the dark for approximately 25 minutes and subsequently analyzed on a Turner 

fluorometer (non-acid program) to obtain RFU values. Cell counts were performed by using 50 

μL of extracted samples which were diluted in 200 μL of appropriate media in a 96 well plate. 

The resultant solution was then loaded into a hemocytometer (10 μL) and left for 10 minutes to 

stabilize cells. ToupView software was used to take pictures using the Leica microscope at 40X 

magnification. All data gained through these analyses is stored on the Campbell Lab dropbox: 

(https://www.dropbox.com/work/Phylis%20Campbell/MURIS/Light_Temp). The preparation of 3 

well plates per temperature condition and light level, and the resultant physiological 

measurements was repeated a total of 3 times at 17, 27, and 32℃, but only once for 22℃. The 

missing 22 ℃ data was obtained and incorporated into my dataset from previous experiments 

run by Maximillian Berthold, however this supplementary data did not include data for 

PCC6803.   

Data analysis  

The data obtained from this study was analyzed using RStudio (RStudio Team, 2021). 

Existing R notebooks developed by Maximilian Berthold and Douglas A. Campbell were used 

and adapted by me for the data gained in this study. Data pipelines and manipulations were made 

with the tools provided by the R TidyVerse (Wickham et al. 2019). The script repository used in 

this study is available on GitHub: 

(https://github.com/GitHubDoug/FundyPhytoPhysCodeChunks). 

Data import 

Scripts developed by Maximilian Berthold and Douglas A. Campbell were used to import 

and analyze the deltaOD and OD 750 nm data obtained from the ClarioStar micro-plate reader. 

Scripts developed by the same authors were used to import chlorophyll content RFU data. 

https://www.dropbox.com/work/Phylis%20Campbell/MURIS/Light_Temp
https://github.com/GitHubDoug/FundyPhytoPhysCodeChunks
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Regression fit 

Strains with larger cell sizes may report the same absorbance values relative to smaller 

strains despite having fewer total cells present in culture. To correct this disparity in absorbance 

reporting and to establish a strain specific and light specific relationship between cell counts and 

absorbance cell count proxy measurements a regression was performed between measured cell 

counts and OD750 nm absorbance readings, which is a proxy for cell count / turbidity (See 

appendix). The resultant slope was used to interpolate cell count estimates for OD750 nm 

readings across strains and light levels. Similarly, reporting of cell chlorophyll content using 

deltaOD may be inaccurate as chlorophyll content relative to cell size may differ between strains 

and light levels. To help establish the strain specific and light specific relationship between 

chlorophyll content and deltaOD a regression was constructed between chlorophyll extraction 

data and deltaOD absorbance values (See appendix). These regressions allowed us to calculate 

cell counts (cells/mL-1) chlorophyll content (µg L-1) based on our absorbance measurements.  

Data fitting 

Growth rates of the regression corrected deltaOD data gained across light levels, 

temperatures, and strains were extracted to fit modified Gompertz (Zwietering et al. 1992) and 

Logistic (Peleg and Corradini 2011) growth models using scripts developed by Douglas A. 

Campbell and Maximilian Berthold. R scripts employed the use of “nlsMicrobio,” (Baty et al. 

2014) “nlstools,” (Baty et al. 2015) and “minpack.lm” (Elzhov et al. 2016) packages to fit the 

data to the relevant models. The logistic model equation (Equation 1) employed both our 

corrected optical density measurements (regression corrected deltaOD and OD 750 nm) as 

representative of population (𝑁(𝑡)) as a function of time. 

Equation 1: 

𝑁(𝑡) =
𝑁𝑎𝑠𝑦𝑚𝑝𝑁𝑜𝑒𝑥𝑝(𝜇𝑡)

[𝑁𝑎𝑠𝑦𝑚𝑝 + (𝑁𝑜𝑒𝑥𝑝(𝜇𝑡) − 1)]
 

Variable 𝑁𝑎𝑠𝑦𝑚𝑝 represents the population number reaching stationary phase (maximum). 

𝜇 represents the specific exponential growth rate and 𝑁𝑜 represents the initial size of the 

population. A modified Gompertz equation (Equation 2) was also employed to fit culture growth. 



 17 

Equation 2: 

𝑙𝑜𝑔(
𝑁(𝑡)

𝑁𝑚𝑖𝑛
) = 𝐴𝑒𝑥𝑝[−𝑒𝑥𝑝[

𝜇𝑚𝑒𝑥𝑝(1)

𝐴
(𝜆 − 𝑡) + 1]] 

As previously defined, 𝑁(𝑡) is the population as a function of time. The 𝑁𝑚𝑖𝑛 term is the 

minimum size achieved by the population, the A term is the asymptote towards the maximal 

population value achieved, 𝜇𝑚 is the maximum specific growth rate, and λ is the lag time. 

Statistical Analysis 

ART ANOVA Approach 

The aligned rank transform ANOVA was employed in this study to establish light and 

temperature effects on each strain individually. Light and temperature were taken to be the 

independent variables and modified Gompertz growth rate estimates were taken to be the 

dependent variable. The null hypothesis was that no significant difference in means would be 

detected across light levels or temperature levels, and that there will be no interaction between 

factors. Both chlorophyll (deltaOD) and cell count (OD 750 nm) growth rates were tested 

individually per strain, resulting in two ART ANOVA’s being performed for all six strains 

tested. Post-hoc testing to establish factor level differences was conducted using the “art.con” 

function from the “ARTool” package. If an interaction term was significant, the data were split 

by light level, and a Kruskal-Wallace test was performed to establish the effect of temperature 

per light level.  

PERMANOVA Approach  

A PERMANOVA approach was used to establish the effect of temperature and light 

across the six strains of picocyanobacteria in regard to their modified Gompertz growth rate 

estimates. Light and temperature were treated as the independent variables and the six strains as 

the dependent variables. The null hypothesis for this test was that no significant difference will 

be found across light levels, that no significant difference will be found in means between 

temperature levels, and that there will be no significant interaction between light and 

temperature. This test was performed on both the cell count growth rate data, and the chlorophyll 

growth rate data. Post-hoc testing was done using the “pairwise.adonis” function from the 
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“vegan” package (Oksanen et al. 2013). Furthermore, bray-curtis distances were calculated to 

test for the significance of dispersion to ensure PERMANOVA results are interpretable, and to 

create NMDS plots of both light and temperature groups for both cell count and chlorophyll 

growth rate data. If dispersion was significant, an NMDS plot was consulted to check for 

centroid clustering. 

Generalized Additive Modelling  

Generalized additive modelling was used to characterize strain specific growth optima 

across light (30-300 μE) and temperature conditions (17-32 ℃). This quadratically penalized 

likelihood approach was conducted with the following formula:  

𝜇 ~ s(PAR, k = 3) + s(Temperature (C), k = 4) + ti(Temperature (C), PAR, k = 3). 

Smoothing terms (s) for growth rate estimates were light and temperature, with the knot 

parameter (k) being set to three for light and four in regard to temperature. A tensor product (ti) 

to account for light and temperature interaction was also added with the knot parameter being set 

to 3. Furthermore, each model value greater than a 10% standard error was filtered out of this 

analysis. This approach was used to model growth of each strain for both cell count growth rate 

data and chlorophyll growth rate data. Visualizations of general growth rate trends across matrix 

conditions were performed alongside growth optima visualization which represent only the top 

10 % of growth rates.  

Biovolume measurement  

Biovolume was calculated through measuring the length and width of cell count pictures 

using the ImageJ software. Ten measurements were made for each interacting light and 

temperature level which were then plotted to visualize biovolume trends across light and 

temperature conditions. 
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Results 

Strain Specific Growth Preference Assessment 

PCC6803 

An aligned rank transformed ANOVA (ART ANOVA) was performed on cell count 

growth rate data (figure 3A) and chlorophyll growth rate data (figure 3B) for PCC6803. Due to 

missing replicates for the 22 °C temperature level, this analysis was performed only considering 

the 17, 27, and 32 °C temperature levels. Generalized additive modelling (GAM) was also 

performed to visualize preferred growth spaces for this strain within a matrix of light and 

temperature conditions based on cell count growth rate estimates (Figure 3C) and growth rate 

estimates derived from relative increases in chlorophyll content (figure 3D).  
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Figure 3: Modified Gompertz growth rate estimates of PCC6803 within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light and temperature conditions, as derived from the slope 

equation of a regression of OD750 nm absorbance culture growth data against cell counts. B: 

Modified Gompertz growth rate estimates derived from chlorophyll increases over a range of 

three light and temperature conditions, as derived from the slope equation of a regression of 

OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll extraction data. C: 

Predicted growth rates provided by a generalized additive model based on PCC6803 cell count 

growth rates over four temperature conditions and three light levels. D: Predicted growth rates 

provided by a generalized additive model based on PCC6803 chlorophyll content growth rates 

over four temperature conditions and three light levels. Generalized additive models used light 

and temperature as smoothing functions.  

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be highly significant (Fdf=2 =79.29, p<0.0001) and light to be significant (Fdf=2 

=5.55, p=0.0069), with no significant interaction term (Fdf=4 =0.85, p=0.50). A post-hoc analysis 

was conducted using the “art.con” function which found significant differences between all 
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temperature levels (p<0.05) and significant differences between the 30-300 µE light levels 

(p<0.05).  

The ART ANOVA analysis on chlorophyll growth rate data detected a highly significant 

difference in temperature level means (Fdf=2 =183.61, p<0.0001) and a significant effect of light 

(Fdf=2 =4.15, p=0.022), with no significant interaction term (Fdf=4 =0.90, p=0.47). A post-hoc 

analysis was conducted using the “art.con” function which found significant differences between 

all temperature levels (p<0.05) and significant differences between the 30 and 100 µE light 

levels and the 100 and 300 µE light levels (p<0.05).   

A generalized additive model based on cell count growth rate data found that PCC6803 

cell growth preference is found at high temperatures and a broad range of light levels, with a 

slight preference for higher light levels (figure 3C), which corresponds to our statistical testing. 

Models based on chlorophyll increases (Figure 3D) found that the highest increases in 

chlorophyll content occur at higher temperatures, generally at medium light levels ranging from 

50 to 200 µE, which also corresponds to our statistical tests. 

CZS25K 

The same ART ANOVA analysis was performed on cell count growth rate data (figure 

4A) and chlorophyll growth rate data (figure 4B) for CZS25K. Generalized additive modelling 

(GAM) was also performed to visualize preferred growth spaces for this strain within a matrix of 

light and temperature conditions based on cell count growth rate estimates (figure 4C) and 

growth rate estimates derived from relative increases in chlorophyll content (figure 4D).  
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Figure 4: Modified Gompertz growth rate estimates of CZS25K within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light conditions and four temperature conditions, as derived from 

the slope equation of a regression of OD750 nm absorbance culture growth data against cell 

counts. B: Modified Gompertz growth rate estimates derived from chlorophyll increases over a 

range of three light and four temperature conditions, as derived from the slope equation of a 

regression of OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll 

extraction data. C: Predicted growth rates provided by a generalized additive model based on 

CZS25K cell count growth rates over four temperature conditions and three light levels. D: 

Predicted growth rates provided by a generalized additive model based on CZS25K chlorophyll 

content growth rates over four temperature conditions and three light levels. Generalized additive 

models used light and temperature as smoothing functions.  

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be highly significant (Fdf=3 =36.67, p<0.0001) and light to be non-significant 

(Fdf=2 =2.87, p=0.066), with no significant interaction term (Fdf=6 =1.04, p=0.41). A post-hoc 
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analysis was conducted using the “art.con” function which found significant differences between 

all temperature levels (p<0.05) apart from the 17-22 °C and 27-32 °C levels.  

The result of the ART ANOVA on chlorophyll growth rate estimates indicated a 

significant difference across temperature levels (Fdf=3 =35.49, p<0.0001) and light levels (Fdf=2 

=7.11, p=0.0019), with no significant interaction effect being found (Fdf=6 =0.33, p=0.92). A 

post-hoc comparison was conducted to establish factor level differences using the “art.con” 

function which indicated significant differences in all temperature levels (p<0.05) except for the 

17-22 °C and 27-32 °C level comparisons. Furthermore, only the 30-300 µE and 100-300 µE 

light level comparisons were significant (p<0.05). 

A generalized additive model based on cell count growth rates found that CZS25K cell 

growth preference is found at high temperatures and high light levels (figure 4C). This 

temperature preference is supported by the statistical tests performed; however, the light 

preference was not found to be significant. Models based on chlorophyll growth rates (Figure 

4D) found that the highest increases in chlorophyll content occur at higher temperatures, and at 

lower light levels, with both results being confirmed by the ART ANOVA results.  

CCMP1333  

An ART ANOVA analysis was done on cell count growth rate data (figure 5A) and 

chlorophyll growth rate data (figure 5B) for CCMP1333. Generalized additive modelling (GAM) 

was also performed to visualize preferred growth spaces for this strain within a matrix of light 

and temperature conditions based on cell count growth rate estimates (figure 5C) and chlorophyll 

growth rates (figure 5D). 
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Figure 5: Modified Gompertz growth rate estimates of CCMP1333 within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light conditions and four temperature conditions, as provided by 

the slope equation of a regression of OD750 nm absorbance culture growth data against cell 

counts. B: Modified Gompertz growth rate estimates derived from chlorophyll increases over a 

range of three light and four temperature conditions, as provided by the slope equation of a 

regression of OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll 

extraction data. C: Predicted growth rates provided by a generalized additive model based on 

CCMP1333 cell count growth rates over four temperature conditions and three light levels. D: 

Predicted growth rates provided by a generalized additive model based on CCMP1333 

chlorophyll content growth rates over four temperature conditions and three light levels. 

Generalized additive models used light and temperature as smoothing functions  

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be highly significant (Fdf=3 =30.75, p<0.0001) with no significant effect of light 

(Fdf=2 =1.57, p=0.22), and no significant interaction term (Fdf=6 =0.58, p=0.74). A post-hoc 
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analysis was conducted using the “art.con” function which found significant differences between 

all temperature levels (p<0.05) apart from the 17-22 °C and 27-32 °C levels. 

The chlorophyll growth rate estimate ART ANOVA analysis displayed a highly 

significant effect of temperature (Fdf=3 =34.34, p<0.0001) and no significant effect for light levels 

(Fdf=2 =0.68, p=0.51) and no interaction (Fdf=6 =0.73, p=0.62). A post-hoc comparison was 

conducted to establish temperature level differences using the “art.con” function which indicated 

significant differences in all temperature levels (p<0.05) except for the 17-22 °C and 27-32 °C 

level comparisons. 

A generalized additive model based on cell count growth rates found that CCMP1333 

cell growth preference is found at high temperatures (particularly 27-30 °C) across all light levels 

(figure 5C), which reflects our statistical analysis. Models based on chlorophyll growth rates 

(Figure 5D) found that the highest increases in chlorophyll content occur at higher temperatures, 

and at lower light levels, particularly around 100 µE. This temperature preference is reflected in 

our statistical tests, but the light preference is not. 

NIES981 

The same ART ANOVA analysis was performed on cell count growth rate data (figure 

6A) and chlorophyll growth rate data (figure 6B) for NIES981. Generalized additive modelling 

(GAM) was also performed to visualize preferred growth spaces for this strain within a matrix of 

light and temperature conditions based on cell count growth rate estimates (figure 6C) and 
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chlorophyll growth rates (figure 6D)

 

Figure 6: Modified Gompertz growth rate estimates of NIES981 within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light conditions and four temperature conditions, as provided by 

the slope equation of a regression of OD750 nm absorbance culture growth data against cell 

counts. B: Modified Gompertz growth rate estimates derived from chlorophyll increases over a 

range of three light and four temperature conditions, as provided by the slope equation of a 

regression of OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll 

extraction data. C: Predicted growth rates provided by a generalized additive model based on 

NIES981 cell count growth rates over four temperature conditions and three light levels. D: 

Predicted growth rates provided by a generalized additive model based on NIES981 chlorophyll 

content growth rates over four temperature conditions and three light levels. Generalized additive 

models used light and temperature as smoothing functions   

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be highly significant (Fdf=3 =7.24, p=0.00039), with light being non-significant 

(Fdf=2 =0.65, p=0.53), with no significance for the interaction term (Fdf=6 =2.20, p=0.058). A post-
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hoc analysis was conducted using the “art.con” function which found significant differences 

between the 17-22 °C, 22-27 °C, and 22-32 °C temperature levels (p<0.05).  

The chlorophyll growth rate estimate ART ANOVA analysis showed a significant 

difference between temperature level means (Fdf=3 =20.49, p<0.0001) and light levels means 

(Fdf=2 =13.69, p<0.0001), with no significant interaction term (Fdf=6 =1.71, p=0.14). A post-hoc 

analysis was conducted using the “art.con” function which found significant differences between 

all temperature levels (p<0.05) apart from the 27-32 °C comparison (p>0.05) and significant 

differences between all light levels (p<0.05).  

A generalized additive model based on cell count growth rates found that NIES981 cell 

growth optima is found at high temperatures and high (300 µE) and low (30 µE) light levels. 

Furthermore, high growth rates were also found at low temperatures between 100 and 200 µE 

(figure 6C). Models based on chlorophyll growth rates (Figure 6D) found that the highest 

increases in chlorophyll content occur at high temperatures, and at lower light levels, particularly 

around 30 to 100 µE. The statistical tests performed reflect both the cell count growth rate and 

chlorophyll growth rate preferences, however it is important to note that the growth response for 

this strain is slightly unusual due to its preference for high and low temperatures, and aversion to 

average temperatures. 

CCMP836 

An ART ANOVA was performed on cell count growth rate data (figure 7A) and 

chlorophyll growth rate data (figure 7B) for CCMP836. Generalized additive modelling (GAM) 

was also performed to visualize preferred growth spaces for this strain within a matrix of light 

and temperature conditions based on cell count growth rate estimates (figure 7C) and growth 

rates (figure 7D).   
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Figure 7: Modified Gompertz growth rate estimates of CCMP836 within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light conditions and four temperature conditions, as provided by 

the slope equation of a regression of OD750 nm absorbance culture growth data against cell 

counts. B: Modified Gompertz growth rate estimates derived from chlorophyll increases over a 

range of three light and four temperature conditions, as provided by the slope equation of a 

regression of OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll 

extraction data. C: Predicted growth rates provided by a generalized additive model based on 

CCMP836 cell count growth rates over four temperature conditions and three light levels. D: 

Predicted growth rates provided by a generalized additive model based on CCMP836 chlorophyll 

content growth rates over four temperature conditions and three light levels. Generalized additive 

models used light and temperature as smoothing functions.  

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be significant (Fdf=3 =4.88, p=0.0046) and light to be non-significant (Fdf=2 =2.87, 

p=0.066), with no significance for the interaction term (Fdf=6 =1.04, p=0.41). A post-hoc analysis 
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was conducted using the “art.con” function which found significant differences between the 17-

27 °C and 17-32 °C temperature levels (p<0.05).  

For the ART ANOVA performed on the chlorophyll growth rate estimates both light and 

temperature were found to be significant in this analysis, however the main effects could not be 

interpreted due to a significant interaction term (Fdf=6=3.39, p=0.0069). To understand the effect 

of temperature, we split our data set by light level and conducted three Kruskal-Wallis tests to 

test for differences between temperature levels. For the 30 µE light level a significant effect was 

found for temperature (p=0.0020). Post-hoc testing was conducted using the 

“pairwise.wilcox.test” function from the “stats” R package, which showed significant differences 

between the 17-27 °C and 17-32 °C levels. The 100 µE light level showed a significant effect of 

temperature (p=0.0025), with post-hoc testing again revealing significant differences between the 

17-27 °C and 17-32 °C groups. The 300 µE light level also revealed a significant effect of 

temperature (p=0.0035), with post-hoc testing revealing significant differences between 17-27 

°C and 27-32 °C levels. 

A generalized additive model based on cell count growth rates found that CCMP836 cell 

growth preference is found at high temperatures and low light levels (figure 7C), with both of 

these preferences not clearly being reflected in the statistical analysis above. Models based on 

chlorophyll growth rates (Figure 7D) found that the highest increases in chlorophyll content 

occur at high temperatures (27-30 °C), and at lower light levels, particularly around 30 to 100 

µE. Due to the interaction, only the temperature preference could be assessed statistically, with 

the result of this assessment supporting the GAM visualization as it suggests a preference for 27 

°C.  

CZS48M  

An ART ANOVA was performed on cell count growth rate data (figure 8A) and 

chlorophyll growth rate data (figure 8B) for CZS48M. Generalized additive modelling (GAM) 

was also performed to visualize preferred growth spaces for this strain within a matrix of light 

and temperature conditions based on cell count growth rate estimates (figure 7C) and chlorophyll 

growth rate estimates (figure 7D). 
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Figure 8: Modified Gompertz growth rate estimates of CZS48M within combinations of 

light and temperature conditions, and GAM visualizations showing preferred growth 

environments. A: Modified Gompertz growth rate estimates are derived from cell count 

increases over a range of three light conditions and four temperature conditions, as provided by 

the slope equation of a regression of OD750 nm absorbance culture growth data against cell 

counts. B: Modified Gompertz growth rate estimates derived from chlorophyll increases over a 

range of 3 light and four temperature conditions, as provided by the slope equation of a 

regression of OD680-750 nm (deltaOD) absorbance culture growth data against chlorophyll 

extraction data. C: Predicted growth rates provided by a generalized additive model based on 

CZS48M cell count growth rates over four temperature conditions and three light levels. D: 

Predicted growth rates provided by a generalized additive model based on CZS48M chlorophyll 

content growth rates over four temperature conditions and three light levels. Generalized additive 

models used light and temperature as smoothing functions.  

The ART ANOVA analysis performed on the cell count growth rate estimates found 

temperature to be highly significant (Fdf=3 =31.19, p<0.0001), with no significance being found 

for light (Fdf=2 =0.29, p=0.74) or the interaction term (Fdf=6 =1.65, p=0.15). A post-hoc analysis 
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was conducted using the “art.con” function which found significant differences between the 17-

27 °C, 22-27 °C, 22-32 °C, and 27-32 °C temperature levels (p<0.05). 

For the chlorophyll growth rate estimate ART ANOVA, the main effects for this analysis 

could not be interpreted because the interaction term was significant (Fdf=6 =4.32, p=0.0013). To 

understand the effect of temperature, we then split our data set by light level and conducted three 

Kruskal-Wallis tests to test for differences between temperature levels. for the 30 µE light level a 

significant effect was found for temperature (p=0.00081). Post hoc testing was conducted using 

the “pairwise.wilcox.test” function from the “stats” R package, which showed significant 

differences between all temperature levels apart from the 17-22 °C comparison. The 100 µE light 

level showed a significant effect of temperature (p=0.0023), with post-hoc testing revealing 

significant differences between the 17-32 °C and 27-32 °C groups. The 300 µE light level also 

revealed a significant effect of temperature (p=0.0041), with post-hoc testing revealing 

significant differences between 17-32 °C and 27-32 °C levels. 

A generalized additive model based on cell count growth rates found that CZS48M cell 

growth preference is found at temperatures ranging from 25-28 °C and at all light levels, with a 

slight preference for light level between 150 and 300 µE (figure 8C). This temperature 

preference is reflected in the statistical analysis above; however, the light preference is not 

statistically significant. Models based on chlorophyll growth rates (Figure 8D) found that the 

highest increases in chlorophyll content again occur at temperatures ranging from 25 to 28 °C, 

with a slight preference for lower light levels. Due to the interaction, only the temperature 

preference could be assessed statistically, with the result of this assessment confirming the GAM 

visualization.  

PERMANOVA Approach and Picocyanobacterial Growth Optima Visualization 

PERMANOVA  

In order to assess the general trend of picocyanobacterial growth responses to varying 

environmental conditions a two-way PERMANOVA analysis was performed on both cell count 

growth rate estimates and chlorophyll growth rate estimates. Due to a lack of replicates for the 

22 °C temperature level, PCC6803 was excluded from these analyses. Cell count growth rates 

and chlorophyll growth rates in each strain were taken to be the dependent variables and light 
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and temperature were the independent variables for both of these analyses. The chlorophyll 

growth rate estimate analysis found no significant interaction between light and temperature (p= 

0.26) and a significant effect of light (Fdf=2 =3.02, p=0.023) and of temperature (Fdf=3 =18.9897, 

p=0.0001). A multivariate homogeneity of variance test was run using the “betadisper” function 

from the “vegan” package to assess whether the significant PERMANOVA results were due to 

high variation in dispersion for both light and temperature levels. This analysis yielded a non-

significant p-value for both light (p=0.065) and temperature (p=0.12) which indicates the 

PERMANOVA results are interpretable. Post-hoc testing was performed using the 

“pairwiseAdonis” package which found significant differences between all temperature groups 

and no significant differences between light levels. This finding of no significance for light 

levels in post-hoc testing, along with a marginal dispersion test p-value (p=0.065) and high 

clustering in the NMDS visualization (Figure 9B), indicate that light is probably statistically 

significant, but not biologically significant. Indicator values were also calculated using the 

“IndVal” function to represent strain fidelity and relative abundance among the environmental 

variables tested. Temperature indicator values were tested for significance using the “multiplatt” 

package and found significant associations between CCMP1333 (p=1e-04), NIES981 (p=6e-04) 

and CZS25K (p=1e-04) in the 27 °C and 32 °C temperature groups, CZS48M (p=1e-04) was 

significantly associated with 17 °C, 22 °C, 27 °C groups, and CCMP836 (p=6e-04) was 

significantly associated with 22 °C, 27 °C, and 32 °C groups. Furthermore, a NMDS plot was 

made for both light and temperature levels to visualize centroid differences (Figure 9). 
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Figure 9: Non-metric multidimensional scaling (NMDS) plot showing temperature (A) and 

light (B) level Bray-Curtis distance visualizations for growth rate estimates of relative 

chlorophyll increases in six strains of picocyanobacteria. Light and temperature names 

indicate group centroids and dotted lines provide an estimate of group dispersion.  

A two-way PERMANOVA was performed on the cell count growth rate estimate data as 

well, with a significant effect of temperature being detected (Fdf=3 =6.76, p=0.0001), no 

significance of light (Fdf=2 =0.58, p=0.76) and no significant interaction (Fdf=6 =0.65, p=0.84). 

However, when we ran a multivariate homogeneity of variance test using the “betadisper” 

function from the “vegan” package to assess whether the significant PERMANOVA results were 

due to high variation in dispersion for both light and temperature levels, a significant result 

emerged (p=0.0020) for temperature, indicating that significance was likely due to high 

dispersion and not due to significant differences between centroids. This result is confirmed 

visually using an NMDS visualization of both light and temperature groups (Figure 10). 
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Figure 10: Non-metric multidimensional scaling (NMDS) plot showing temperature (A) 

and light (B) level Bray-Curtis distance visualizations for cell count growth rate estimates 

of six strains of picocyanobacteria. Light and temperature names indicate group centroids and 

dotted lines provide an estimate of group dispersion. 

Due to the high degree of overlap on the temperature centroid distributions in the 

visualization in figure 10A we can suggest that no significant effect of temperature was found for 

this PERMANOVA analysis.  

Strain Growth Optima Determination  

To assess picocyanobacterial strain growth dynamics generalized additive modeling 

(GAM) was used. GAM models were constructed predicting growth rates for CCMP836, 

CCMP1333, CZS48M, NIES981, CZS25K, and PCC6803 across light and temperature levels 

(smoothing terms) using the “mgcv” package in RStudio. GAM values beyond >10% standard 

error were filtered out from the analysis. Furthermore, GAM results display top 10% percentile 

of growth rates per strain (Figure 11 & 12).  

GAM modelling of chlorophyll content growth rates across environmental variables 

shows a diversity of strain responses (figure 11). PCC6803 shows a clear preference for high 

temperature conditions (>30 °C) and a wide tolerance for light levels. CCMP836 has a broad 

temperature distribution showing a preference for higher temperatures (>25 °C) and an aptitude 

for low light conditions. CZS25K also prefers high temperature conditions with a wide tolerance 

of light levels. CZS48M shows a preference at values around a 25 °C temperature level, and a 
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relatively broad light level tolerance. NIES981 has a preference for low light conditions with the 

fastest chlorophyll increases being found at temperatures above 25 °C. CCMP1333 has a 

preference for mid-range light levels and a higher chlorophyll increases at high temperatures.  

 

Figure 11: Visualization of the top 10% highest chlorophyll growth rates across a matrix of 

light and temperature conditions as predicted by generalized additive models for six strains 

of picocyanobacteria. Daily OD680-750 nm absorbance measurements (chlorophyll proxy) 

were made for each strain in all combinations of four temperature levels and three light levels, 

with these data being run in a regression against chlorophyll extractions at each condition tested. 

The resultant slope equation was used to calculate chlorophyll estimates which were then run 

through a modified Gompertz model which provided chlorophyll growth rates which were used 

for creating generalized additive models outlining optimal growth conditions.  
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Cell count growth rates were also used in GAM analysis to understand strain cell growth 

across environmental conditions (figure 12). PCC6803 can be seen to have a broad light aptitude 

and a preference for high temperature conditions. CCMP836 can be seen to grow fastest at lower 

light levels and at higher temperatures. CZS25K has a high temperature aptitude and grows 

fastest at all light levels above 100 µE. CZS48M grows fastest above 25 °C and at light levels 

above 100 µE. NIES981 can be seen to have its optimum temperature level just below 20 °C and 

its light preference is approximately 100-220 µE. CCMP 1333 also has a preference for light 

levels above and slightly below 100 µE and a preference for higher temperatures.  
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Figure 12: Visualization of the top 10% highest cell growth rates across a matrix of light 

and temperature conditions as predicted by generalized additive models for six strains of 

picocyanobacteria. Daily OD750 nm absorbance measurements (cell count proxy) were made 

for each strain in all combinations of four temperature levels and three light levels, with these 

data being run in a regression against cell counts at each condition tested. The resultant slope 

equation was used to calculate cell counts estimates which were then run through a modified 

Gompertz model which provided growth rates which were used for creating generalized additive 

models outlining optimal growth conditions. 
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Biovolume trends 

Biovolume was measured for six strains of picocyanobacteria across three temperature 

levels and three light levels (Figure 13). 

 

Figure 13: Biovolume measurements for six strains of picocyanobacteria across three light 

levels (µE) and three temperature levels. Biovolume measurements were performed ten times 

for each combination of light and temperature level by measuring length and width of cells. 

Resultant biovolume data were log transformed to keep strains comparable in their cell volume 

trends. No cell volume data is available for 22 °C data as culture pictures were not performed 

during trials at this temperature level  

CCMP1333 displayed little difference in biovolume across temperature levels at 100 and 

300 µE but experienced a decline in biovolume at 30 µE from 17 to 27 °C, with a brief increase 

in biovolume at 32 °C. CCMP836 experienced a gradual increase in biovolume with temperature 

at 30 µE with a brief dip at 27 °C, a relatively stable biovolume at 100 µE, and a gradual increase 

in biovolume with temperature at 300 µE. CZS25K experienced a stable biovolume across 

temperatures at 30 µE, a steady increase of biovolume with temperature at 100 µE, and a slight 
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increase in biovolume at 300 µE. CZS48M can be seen to decrease slightly as temperatures rise 

at 30 µE, remain stable at 100 µE, and increase in biovolume as temperatures rise at 300 µE. 

NIES981 seems to be relatively stable in its biovolume across temperature levels at 30 and 100 

µE, with a gradual decrease in biovolume at 300 µE. PCC6803 was shown to consistently 

decrease in its biovolume as temperature increased for all light levels. 

Discussion 

Potential mechanisms of temperature acclimation 

Both marine and non-marine picocyanobacteria are a highly diverse group of organisms 

(Farrant et al. 2016, Callieri et al. 2013). This genetic diversity has allowed these organisms to 

succeed in a wide variety of temperature niches. As Farrant et al. (2016) demonstrated, distinct 

clades of picocyanobacteria that inhabit the same oceanic regions are genetically suited to their 

particular thermal environment, which suggests that broad picocyanobacterial distribution is in 

part generated by distinct genetic profiles which succeed in specialized thermal niche spaces. An 

example of this can be seen in the genera Synechococcus, as specific clades have been shown to 

be suited to specific thermal profiles which map on to their bio-geographical and latitudinal 

distributions (Zwirglmaier et al. 2008). A study performed by Pittera et al. (2014) found that 

distinct latitudinal thermal niches in Synechococcus could be linked to photosystem II (PSII) 

resilience to temperature gradients. This role of PSII resilience in picocyanobacterial thermotype 

distribution was further investigated by Pittera, Partensky, and Six (2017), who found that PSII 

resilience to temperature is dictated primarily through the temperature resilience of the 

phycocyanin rod component of the phycobilisome. This finding led Pittera, Partensky, and Six 

(2017) to hypothesize that during the colonization of colder climates phycobiliprotein molecular 

flexibility was selected over the thermal stability of the light harvesting complex. This finding 

suggests that one determinant factor in the latitudinal mobility of picocyanobacterial strains is 

the resilience of their light harvesting complexes to changes in temperature. Membrane 

thermostability has also been hypothesized to be an integral part of picocyanobacterial 

thermophysiology, as the regulation of membrane fluidity in response to changing temperature 

conditions is needed to maintain metabolic function (Mikami and Murata 2003). Pittera et al. 

(2018) found that specific thermotypes of picocyanobacteria expressed distinct desaturase 
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enzymes, indicating that membrane regulation is an important factor in temperature niche 

adaptation. Given this information, we can hypothesize that differences in temperature growth 

optima may be due to variable thermostability of phycobilisome proteins and membrane fluidity 

regulation across picocyanobacterial strains. This would suggest that the strains used in this 

study all possess competent thermal membrane regulation and have been selected for PSII 

thermostability as opposed to membrane flexibility. To confirm this finding future studies may 

employ an analysis of phycobiliprotein denaturation curves and two-dimensional thin layer 

chromatography of picocyanobacterial lipid membranes.  

Biovolume 

Changes in temperature conditions have also been noted to induce physiological changes 

in cyanobacteria. Within this study, one notable physiological parameter that was observed to 

vary in response to temperature and light levels was biovolume (average cell dimensions). 

Broadly speaking, protists and bacteria tend to obey the “temperature-size rule” along thermal 

gradients, where average cell size decreases in increased temperature environments (Atkinson, 

Ciotti, and Montagnes 2003). While this trend has been observed in picocyanobacteria (Morán et 

al. 2010), it is not a consistent response across strains (Fu et al. 2007). Atkinson, Ciotti, and 

Montagnes (2003) hypothesized that the negative relationship between cell size and temperature 

could be a form of phenotypic plasticity which aims to slow sinking rates (as per Stokes 

equation), or to increase nutrient uptake efficiency due to smaller surface area to volume ratios. 

Another explanation provided by Atkinson, Ciotti, and Montagnes (2003) suggests that in an 

evolutionary context early reproduction is advantageous when population growth rates increase, 

as being able to exploit resources before the next generation of progeny would increase fitness. 

To facilitate early reproduction, cells would need to divide earlier, which would contribute to a 

lower average cell size in high temperature environments. Explanations for increases in cell sizes 

with increased temperatures are not well characterized in the literature, however one potential 

hypothesis lays in elemental quotas and resource availability. Fu et al. (2007) found that 

elemental quotas for Prochlorococcus strains doubled with increasing temperature, with Martiny 

et al. (2016) noting that increases in elemental quotas are associated with increases in cell size. 

These findings, along with the hypothesis proposed by Atkinson, Ciotti, and Montagnes (2003) 

stating that a positive temperature-cell size relationships may be found in increased temperature 
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environments with no resource limitation, suggests that strains increasing in biovolume with 

temperature may do so as they require higher elemental quotas, and that their culture 

environments are not resource limited. Therefore, variable responses in biovolume with increases 

in temperature may indicate a diversity in nutrient requirements and growth optimization 

strategies across picocyanobacterial strains. This may suggest that strains NIES981, CCMP1333, 

and PCC6803 follow a phenotypic response to increasing temperature which aims to slow 

sinking and allow for more efficient nutrient uptake and reproduction, whereas strains CZS25K, 

CCMP836, and CZS48M follow a response which allows them to fulfill increasing nutrient 

quotas. 

Light  

Our statistical analyses on chlorophyll growth rates found a significant effect of light and 

temperature for all strains except for CCMP1333, with both CZS48M and CCMP836 exhibiting 

an interactive effect of these factors. The significance of light on pigment content in algal cells is 

well documented in the literature, as increased pigment expression at lower light levels and 

decreased pigment content at higher light levels is an established effect (Seyfabadi, 

Ramezanpour, and Amini Khoeyi 2011). Given that chlorophyll a is involved in light capture, it 

makes sense theoretically that it would be up-regulated in light limiting environments. This can 

be seen as a general explanation for why, across picophytoplankton, higher light levels yielded 

lower chlorophyll growth rates. This trend can be seen in figure 12, however certain strains do 

not follow this pattern such as PCC6803 whose chlorophyll growth rates were consistent for all 

light levels. We also found that temperature had a significant effect on chlorophyll growth rates 

both strain specifically and when picocyanobacterial strains as a whole were compared across 

temperature levels (figure 9). Lower chlorophyll a growth rates at lower temperatures could be 

attributed to a metabolic trade off, as polar cyanobacteria have been postulated to reduce 

chlorophyll a expression in sub-optimal temperature environments in order to increase rubisco 

production, which is limited in non-ideal thermal environments (Tang and Vincent 1999). 

Increased pigment contents have been noted at higher temperatures with some algal strains, as 

noted by Davison (1991), as perhaps the increased metabolic rate associated with higher 

temperatures (Dell, Pawar, and Savage 2011) necessitates more efficient light absorption. 

Interactive effects of temperature and light have also been noted in algal strains (Nicklisch, 
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Shatwell, and Köhler 2008, X. Li et al. 2021). X. Li et al. (2021) found that temperature interacts 

with light to cause differences in photoinhibition, where increases in temperature were found to 

prevent photoinhibition. Although the opposite effect is detected for CSZ48M and CCMP836, a 

similar mechanistic relationship could be occurring. Furthermore, it was found that light, broadly 

speaking, had little effect of cell count growth rates. This finding would suggest a strong photo-

acclimation capacity within picocyanobacterial strains within nutrient replete conditions. 

Ecological Significance  

We have detected that strain specific cell count growth rates are highly affected by 

temperature, with GAM modelling revealing that most strains find their cell count and 

chlorophyll growth rate optima at temperatures greater than 25 °C. Thus, given increases in 

water temperatures as a result of global warming, population scale changes may occur in the 

latitudinal distribution of picocyanobacteria. This conjecture is corroborated by Flombaum et al. 

(2013), who found that picocyanobacterial distribution was predominantly indicated by 

temperature. Furthermore, Flombaum et al. (2013) have predicted a 14% increase in 

Synechococcus abundance due to rising sea surface temperatures, and that this increase in 

abundance was associated with marginal latitudinal distribution expansions of tropical 

Synechococcus. The picocyanobacterial strains used in this study originate from a diverse 

phylogenetic and geographic distribution, with all strains originating from the same subclade, 

apart from PCC6803 which is an established model organism. Therefore, I performed an origin 

specific temperature trend investigation to predict the future growth trends of these strains in 

their respective habitats.  

NIES981 is a picocyanobacterial strain isolated from coastal Okinawa (Yamaguchi et al., 

2016). Average water temperatures in this region rise to 29 °C in the summer, with a mean 

annual temperature of 26.41 °C (Japan Meteorological Agency, 2022). Since 1930 water 

temperatures near Okinawa have increased by 1.4 °C, with a 0.23 °C increase in temperature 

being predicted per decade (Hoegh-Guldberg, 2000). Cell count growth rates indicate that 17, 27, 

and 32 °C are the temperature growth optima for this strain. Given that there was no significant 

difference between the 27 and 32 °C temperature levels, we can predict that no significant shift 

in NIES981 cell count growth rates will occur with rising temperatures in the coming century. It 

is important to note, however, that the specific growth preferences for this strain are highly 
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unusual as it does not show a typical growth response, as it shows high growth in high and low 

temperature environments, with low growth occurring in average temperatures. This bizarre 

response may be explained by culture contamination. CCMP836 was isolated from the coast of 

Tabasco in the Gulf of Mexico (Pichard and Campbell, 1997), which has a mean annual 

temperature of approximately 26-27 °C (NCEI, 2020), and can be estimated to increase by 0.20 

°C per decade (Kibler et al. 2015), which would put the average temperature at approximately 

28.1 °C by the end of the century. As seen in figure 7, as temperatures increase CCMP836 cell 

count growth preference shifts to lower light conditions. This may indicate that as temperatures 

rise this strain will occupy a niche space lower in the euphotic zone. CCMP1333 was isolated 

from the Long Island Sound (Taylor, Gobler, and Sañudo-Wilhelmy 2006) which experiences 

temperatures near 25 °C in the summer (US Department of Commerce, 2022). CCMP1333 

showed growth optima at 27 °C for cell count growth rates. The Long Island Sound has been 

found to be warming 4 times faster than the global ocean estimates, with an estimated increase of 

0.45 °C per decade (Snyder et al. 2019), which would put summer water temperatures peaking 

around 28.6 °C by the end of the century. This would place CCMP1333 within its optimal 

growth conditions, which would produce a ≈20% increase in growth based on the increase of cell 

count growth rates with temperature seen in figure 5. Both CZS48M and CZS25K were isolated 

from the Zingster Strom, where peak temperatures range from 20-22 °C (COPERNICUS-EU, 

2022). Reports indicate a roughly 0.5 °C increase in temperature per decade across the entire 

Baltic sea (Stramska and Białogrodzka 2015). This would suggest a maximum temperature of 

approximately 25-26 °C at the end of this century. Cell count growth rates for CZS25K indicate 

a growth optima of 27-32 °C. Thus, based on cell count growth rate data seen in figure 4, we can 

expect a ≈18% increase in growth of CZS25K in the next 80 years. CZS48M displayed a similar 

cell count growth rate optima as CZS25K, as optimal growth was seen at 27 °C. This optimum, 

as seen in figure 8, would suggest a 44% increase in cell growth by the year 2100. PCC6803 was 

isolated from a freshwater lake in California (Ikeuchi and Tabata 2001). Peak temperatures found 

at lake Tahoe, the largest freshwater lake in California, were seen to be around 24 °C (U.S. 

Climate Data, 2022). A study performed by Schneider et al. (2009) found that on average, lakes 

found in the California and Nevada region are increasing in temperature by 1.1 °C per decade. 

This would indicate that by the year 2100 average peak lake water temperatures would be 
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approximately 32 °C. Given that PCC6803 cell count growth optima is found at 32 °C (figure 3), 

this increase in temperature would result in a 40% increase in cell growth.  

This predicted increase in picocyanobacterial growth over the next century may cause 

significant damage to global biogeochemical cycles and food webs. Algal overgrowth, in the 

form of algal blooms, can block access of sunlight to photosynthetic organisms at the bottom of 

water systems (Okey et al. 2004). As a result, hypoxic conditions can emerge and macrobenthos 

can perish which can lead to shifts in the nutrient cycling of water systems (Berthold and 

Campbell 2021). These shifts in nutrient cycling can take years to recover (Chorus et al. 2020), 

and consist of the release of phosphorous and iron from sediments and a corresponding decrease 

in nitrogen, both of which help create a positive feedback loop of phytoplankton growth. In 

addition to causing long lasting damage to biogeochemical cycles, excessive picocyanobacterial 

growth can cause significant damage to food webs. This is due to the fact that as 

picocyanobacteria outperform their competitors in warmer conditions (such as dinoflagellates 

and diatoms) the overall quality of the trophic system declines (Schmidt et al. 2020). This is 

because picocyanobacteria lack the nutritional benefits, such as their lack of omega-3 fatty acids 

(Jónasdóttir 2019), that are needed to contribute to healthy fish and copepod growth, 

development, and reproduction (Schmidt et al. 2020). If picocyanobacteria come to dominate 

water systems due to increasing temperatures, this can lead to food webs lacking their required 

nutritional content, which may negatively effect local and global food webs. 

Conclusion 

In conclusion, we have found that a general increase of the growth rates of 

picocyanobacterial communities can be anticipated within the next century. This increase in cell 

count growth rates, along with a strong aptitude for photo-acclimation, would suggest that 

massive overgrowth could occur in the coming years. This overgrowth could have devastating 

impacts on biogeochemical cycles and food webs. Therefore, more analysis should be taken to 

build better models that incorporate nutrient, photoperiod, and allelopathic data to help assess the 

threat of picocyanobacterial overgrowth in order for preventative and restorative measures to be 

taken.  
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Appendix   

 
Figure 1: Schematic diagram outlining experimental protocol. Six strains of 

picocyanobacteria were grown in a matrix of conditions consisting of four temperature levels and 

three light levels using a well plate approach, where each strain was grown in its optimal salinity 

condition and was replicated four times within each plate. When cultures grown in these 

interacting conditions had undergone a doubling in their absorbance (deltaOD) as measured by 

the ClarioStar, chlorophyll extractions and cell counts were performed, using the Turner 

fluorometer and ToupView software respectively.   
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Figure 2: Regression performed between cell count data and OD750 nm absorbance 

measurements for PCC6803. Cell counts were performed whenever cultures had undergone a 

doubling in their optical density (deltaOD). The OD750 nm absorbance data provides a proxy for 

cell counts. This relationship between cell counts and OD750 nm was corrected using a 

regression between the absorbance measurements and their corresponding cell counts, which 

provides a slope equation which gives a mathematical relationship between OD750 nm values 

and cells per mL.  
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Figure 3: Regression performed between chlorophyll extraction data and deltaOD 

absorbance measurements for PCC6803. Chlorophyll extractions were performed whenever 

cultures had undergone a doubling in their optical density (deltaOD). The deltaOD absorbance 

data provides a proxy for chlorophyll content. This relationship between chlorophyll and 

deltaOD was corrected using a regression between the absorbance measurements and their 

corresponding chlorophyll extractions, which provides a slope equation which gives a 

mathematical relationship between deltaOD values and chlorophyll content in µg/L.  
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