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Abstract 

Biotechnological exploitation of fast-growing cyanobacterial species is hindered by 

unavailable mechanistic interpretations for the differing bioconversion rates when exploring 

strains with similar metabolic pathways and transport systems. This study investigated two 

strains: Synechococcus sp. PCC 11901, the fastest growing cyanobacterium identified to date, 

and Synechocystis sp. PCC 6803, under a range of operational light intensities from 300 - 900 

µmol photons m-2 s-1, and presents three original contributions. Firstly, strain specific dynamic 

biomass and optical density (OD750nm) models were constructed incorporating sophisticated 

photo-mechanistic influences, previously unachieved in OD750nm. Secondly, bootstrapping 

parameter estimation with 3-fold cross validations was exploited to simultaneously identify the 

model parameters and confidence intervals, thus enabling probabilistic simulations and 

thorough validation against experimental data sets. Thirdly, presented mechanistic 

interpretations for the over two-fold faster growth of PCC 11901 versus PCC 6803 despite PCC 

6803’s high light utilisation efficiency. These findings will benefit upscaling of future 

cyanobacterial biotechnology applications and exploitation of Synechococcus sp. PCC 11901 

for production of biomass and chemicals of industrial, nutritional and medical importance.  

 

Keywords: Cyanobacterial biotechnology; Synechococcus sp. PCC 11901; Synechocystis sp. 

PCC 6803; Light attenuation; Biomass and OD dynamic modelling.  
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1. Introduction  

Cyanobacteria are potential chassis for converting inorganic carbon into biomass and 

biomolecules for industrial (e.g., isoprene [1]), nutritional (e.g., glucose/fructose mixture [2]), 

medical (e.g., mycosporine and mycosporine-like amino acids [3]), and herbicidal (e.g., 

antimetabolite 7-deoxy-sedoheptulose [4]) applications. Utilising light, minimal nutrients and 

potentially low-cost waste streams like flue gases (e.g., 4-14 vol% CO2 from power plants [5–

7]), with facilities not requiring arable land, cyanobacterial production of biomolecules could 

be industrially attractive for carbon capture and the sustainable production of biorenewable 

compounds. However, to improve commerciality, overall cyanobacterial productivity (i.e., 

amount of product per time) and product titer (i.e., amount of product per volume) needs to be 

comparable to alternative industrially viable heterotrophic microorganisms like Escherichia 

coli and Saccharomyces cerevisiae with doubling times of 20 and 90 minutes, respectively [8].  

For this reason, significant research efforts has been invested in isolating cyanobacterial species 

that grow faster than the most commonly studied and genetically tractable model organisms 

such as Synechocystis sp. PCC 6803 (PCC 6803) [8–10] and Synechococcus elongatus PCC 

7942 (PCC 7942) [9,10] with doubling times of 6.6 and 4.1 hours, respectively [8]. 

Synechococcus sp. PCC 7002 (PCC 7002) [9–11] and more recently, Synechococcus elongatus 

UTEX 2973 (UTEX 2973) [9–12], and Synechococcus sp. PCC 11901 (PCC 11901) [8,10] 

with respective doubling times of 4.0 hours [8,9], 2.1 hours [9] and 2.0 hours [10], have been 

partially characterised. A comparison of these species showed that PCC 11901 demonstrated 

the fastest growth and highest biomass accumulation (up to 33 g DCW L-1 [10]), suggesting it 

is the most promising species for future biotechnology applications. Faster growth may be due 

to a range of factors but could be linked to lower photoinhibition, higher photosynthetic rates, 

and higher light utilisation efficiency in PCC 11901 than other model species [8]. Surprisingly, 

PCC 11901 and PCC 6803 were shown to have very similar metabolic pathways and transport 
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systems [8]. Despite these similarities, in-depth mechanistic analysis via estimated biokinetic 

model parameters, which could provide additional physical, chemical, biological and 

interacting explanations for the observed growth capabilities, have not been conducted. 

Previous studies either (i) directly compared the obtained final biomass concentrations and/or 

optical densities [10,13], and/or (ii) experimentally measured the oxygen evolution and 

photoinhibition rates [8], and/or (iii) curve fit for the maximum specific growth rate with the 

experimentally generated data of biomass concentrations and/or optical densities [10,12]. As a 

result, doubling times are grossly estimated without accounting for the impact of process 

equipment (e.g., photobioreactor path length), operation (e.g., light intensity and light 

attenuation), and growth dynamics (e.g., photolimitation, photosaturation and photoinhibition). 

This makes it challenging to compare PCC 11901 to industrially viable heterotrophic 

microorganisms with reported doubling times from scalable bioreactor layouts (i.e., lab to the 

industrial scale).  For example, investigations of PCC 11901 have been so far limited to <100 

mL PBRs [8] but directly compared to Saccharomyces cerevisiae investigations from a 1 L 

fermenter [14].    

Combining experimental observations with dynamic mechanistic approaches has been 

exploited in previous studies. For example, Clark et al., [11] exploited dynamic models to 

compare light-limited cyanobacterial growth of PCC 7002 and UTEX 2973 in differing 

experimental systems by comparing their photosynthetic efficiencies. Unlike Clark et al., [11] 

whereby the growth dynamics were limited to the stationary growth phase, all other 

cyanobacterial growth phases (i.e., primary, secondary, and stationary) except the lag phase 

were comprehensively described mechanistically by Zhang et al., [15] and Del Rio-Chanona, 

et al., [16] for Cyanothece sp. ATCC 51142. Dechatiwongse et al., [17] implemented two 

dynamic models: a logistic model for optical density and an inverse logistic model for nutrient 

uptake, in describing the effects of light intensity and photoinhibition on Cyanothece sp. ATCC 
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51142. Although they investigated a wide range of light intensities (i.e., 23 to 320 μmol photons 

m-2 s-1) in a 3L tubular Photobioreactor (PBR), the influence of light attenuation was not 

accounted for within their dynamic models. 

Accounting for light attenuation is of utmost importance when analysing fast growing strains. 

In dense cultures, cells in the front-facing PBR section will harvest the majority of light, leading 

to higher levels of photoinhibition [18,19]. Cells in the interior will receive less light and may 

become photolimited, consequentially affecting the overall reported growth rate of the culture. 

These growth dynamics have been successfully modelled using the Beer-Lambert Law and 

Aiba model for light attenuation and photomechanisms (i.e., photolimitation, photosaturation 

and photoinhibition), respectively, in the literature [20–23]. However, these studies were 

mainly focused on the construction of dynamic biomass production models and the 

incorporation of light attenuation and photomechanisms into dynamic optical density models 

has not been performed.   

To address these limitations we aim to embed the impact of light intensity, light attenuation, 

photolimitation, photosaturation and photoinhibition photomechanisms in assessment of 

growth via biomass accumulation and OD750nm measurements, and scalability potential of two 

cyanobacterial species: PCC 11901 and PCC 6803. Specifically, we will: (i) analyse 

differences in biomass accumulation and growth via optical density measurements within a 

wide range of environmentally relevant light intensities from 300 to 900 µmol photons m-2 s-1, 

(ii) construct dynamic predictive models for biomass production and optical density 

measurements, unifying the complicated influences of incident light intensity, light attenuation 

and photomechanisms to support the explanations of experimental results via comparison of 

the estimated biokinetic model parameters, and (iii) provide in-depth mechanistic discussion 

and identification of the optimal light intensities for cultivation and biotechnological 

scalabilities of the strains.  
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2. Materials and modelling methods  

2.1 Bacterial species, media, and starter culture growth conditions  

Two cyanobacterial species, PCC 11901 (a kind gift from Peter Nixon, Imperial College 

London) and PCC 6803 [24] were maintained on AD7 and BG11 agar plates, respectively, as 

previously described in [13] and [10]. Cells scraped off plates were used to seed starter cultures 

grown in their corresponding liquid medium of 50 mL in 100 mL conical flasks. Conical flasks 

were shaken at 120 rpm while being maintained at a temperature of 30 °C and under a light 

intensity of 40 µmol photons m-2 s-1 as provided by a warm white LED light in an Algaetron 

230 growth chamber (Photon Systems Instruments, Czech Republic).  

2.2 Photobioreactor setup and operation 

Strains were cultured in 100 mL cultivation tubes in a MC-1000 multicultivator bioreactor 

equipped with a warm white LED light source having a radiating capacity up to 1000 µmol 

photons m-2 s-1 (Photon Systems Instruments, Czech Republic) (see Fig. 1). Each cultivation 

tube had an external and internal diameter of 30 mm and 27 mm, respectively. Cells were 

sparged with air/5% CO2 to supplement the supply of inorganic carbon and mix the cells; this 

was maintained at a temperature of 38 °C. Optical density was quantified using a Jenway 6305 

Genova UV/VIS (Genova, United Kingdom) spectrophotometer set at a wavelength of 750 nm. 

Initially, the PBR was illuminated at 150 µmol photons m-2 s-1 and 80 mL of its volume was 

inoculated with a starter culture of OD750nm = ~0.1, before being incubated for 24 hours. 

Afterwards, the growing culture was diluted down to OD750nm = ~0.1 and re-inoculated into 

the PBR for a stepped-up illuminating light intensity (Table 1) for another 24 hour period. 

Thereafter, the illuminating light intensity was further increased to the final target light 

intensity (Table 1) and the growing cultures were incubated overnight to adapt to the new PBR 

conditions. From this culture, samples were removed and diluted to OD750nm = 0.25,  before 
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starting the growth experiments at the various investigated light intensities (300, 450, 600, 750 

and 900 µmol photons m-2 s-1). Growth experiments lasted for 120 hours and 1 mL samples 

were removed for analysis from the PBR at 12 hours interval during this cultivation time.   

2.3 Analytical methods  

The state variables of interest herein were the (i) optical density measured at a wavelength of 

750 nm (OD750nm) and (ii) cell dry weight, 𝑋 (g L-1) (referred to as biomass concentration 

thereafter). Biomass concentration was determined from established standard curves between 

𝑋 and OD750nm as reported in Eq. (1) and (2) for PCC 11901 and PCC 6803 respectively. These 

standard curves were achieved by harvesting densely grown cultures from the PBR after 120 

hours. Cells were centrifuged at 5,000 x g with a Centrifuge 5804 R (Eppendorf, Germany) 

and washed twice with sterile deionised water. The samples were diluted to 10%, 20%, 40%, 

60%, 80% and 100%, recorded for OD750nm at each serial dilution, with 5 mL of the serial 

dilution aliquoted on a pre-weighed filter paper of 70 mm diameter (i.e., Whatman GF/B Glass 

Microfibre Filters, USA). Prior to this, the filter paper had been dried for 48 hours at 70°C in 

an oven (Binder BD-S 056, Germany) and then weighed with a microbalance (Kern ABT 220-

SDNM, Germany). Cells on the dried filter paper were left at 24 hours at 70°C, then weighed 

in triplicate.   

𝑋PCC_11901(g L
−1) = 0.222 ∙ 𝑂𝐷750𝑛𝑚_PCC_11901 ,      R

2 = 0.998 (1) 

𝑋PCC_6803(g L
−1) = 0.2406 ∙ 𝑂𝐷750𝑛𝑚_PCC_6803 ,      R

2 = 0.996 

 

(2) 

 

2.4 Mathematical model construction  

The constructed dynamic models were used to simulate state variables under the sophisticated 

influences of (i) incident light intensity, (ii) light attenuation, and (iii) photomechanisms. 

Commented [AB2]: This addresses the comment of 
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However, the differing magnitude of light related influences among the two investigated 

cyanobacterial strains implied their experimental data sets would first need to be subjected to 

statistical student t- test(s) to inform the incorporation of either all (i.e., (i), (ii) and (iii)) or a 

selective combination (e.g., (i) and (iii) only) of these light related influences.  

2.4.1 Modelling of biomass concentrations 

The two cyanobacterial species were expected to exhibit the four different growth phases 

(namely the (i) lag phase, (ii) primary growth phase (iii) secondary growth phase, and (iv) 

stationary phase), as reported in other studies [15–17]. Herein, the lag phase was not 

pronounced due to the starter cultures being adapted to the operational light intensity of the 

PBR by using the light stepping up strategy as reported in Table 1. Therefore, the dynamic 

model structure in Eq. (3) was constructed to capture the three remaining phases. This model 

structure permits the incorporation of the strain dependent biological knowledge influencing 

the trajectories of the state variables. For instance, the light related influences of differing 

magnitude among the cyanobacterial strains are linked to the growth associated terms (i.e., first 

term on right hand side of Eq. (3)). Meanwhile, the decay associated terms (i.e., second term 

on right hand side of Eq. (3)) are often controlled by endogenous cellular respiration activities, 

thus taking place under dark circumstances, and can be modelled as independent of light.  

𝑑𝑋

𝑑𝑡
= 𝑢 (𝐼) ∙ 𝑋 − 𝜇𝑑 ∙ 𝑋

2 
(3) 

Where 𝑋 is the biomass concentration (g L-1), 𝑢 (𝐼) represents the effects of the PBR’s light 

intensities on the biomass growth (h-1) and 𝜇𝑑(𝐼) denotes the specific cell decay rate (L g-1 h-

1). 

2.4.2 Modelling of optical densities 
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Although often disputed as to whether there exist a linear or a non-linear correlation between 

the biomass concentration and optical density, the optical density profiles of Synechococcus 

and Synechocystis strains has been shown [8,10,17] to have sigmoidal shapes. This sigmoidal 

shape is typical of bioprocesses experiencing the three remainder phases as highlighted in 

Section 2.4.1. Thus, the model structure of the optical density and biomass concentration (i.e., 

Eq. (3)) were assumed to be similar. Hence, Eq. (4) was constructed to simulate the optical 

density profiles of the two cyanobacterial species.  

𝑑 OD750
𝑑𝑡

= 𝑢 (𝐼) ∙  OD750 − 𝜇𝑑 ∙  OD750
2
 

(4) 

Where OD750 is the optical density at a wavelength of 750 nm (dimensionless), 𝑢 (𝐼) represents 

the effects of the PBR’s light intensities on the optical density build up (h-1) and 𝜇𝑑  denotes the 

specific rate of vanishing optical density (h-1).  

2.4.3 Modelling of light intensity, light attenuation, and photomechanisms 

Generally, in the literature [15,19,20,23], the effect of light on growth rates are often 

characterised mechanistically by three distinguishable photomechanisms, namely (i) 

photolimitation, (ii) photosaturation and (iii) photoinhibition, via the Aiba model structure (Eq. 

(5)). The former, second and latter occur under low, optimal, and high light intensities, 

respectively. Under low light intensities, the growth rate increases linearly with increasing light 

intensity till saturation at the optimal light intensity. Beyond this, the growth rate decreases 

with further increase in the light intensity. Considering, and with the wide range of investigated 

light intensities (300 – 900 µmol photons m-2 s-1), it was necessary to implement a model that 

captures all three photomechanisms on the growth associated terms (i.e., first term on right 

hand side) of Eq. (3) and Eq. (4).  However, student t- test(s) were first performed on the 

experimental data sets for statistical significance to confirm the validity of the light influences 

on the two cyanobacterial strains.      

Commented [AB3]: This addresses the comments of 
reviewer 2 regarding additional details of the Aiba model. 
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𝑢 (𝐼) = 𝑢𝑚 ∙
𝐼(𝑧)

𝐼(𝑧) + 𝑘𝑠 +
𝐼(𝑧)2

𝑘𝑖

 
(5) 

Where 𝑢𝑚 is the maximum specific growth rate (h-1), 𝐼(𝑧) denotes the light attenuation model 

(see Eqs. (6) and (7) below), 𝑘𝑠 and 𝑘𝑖  are the light saturation (µmol photons m-2 s-1) and light 

inhibition (µmol photons m-2 s-1) coefficients respectively. 

2.4.3.1 Modelling PCC 11901 growth associated terms  

From the student’s t-test performed over the wide operational light intensity range (300 to 900 

µmol photons m-2 s-1), statistical significance (P<0.05 being statistically significant) of light 

intensity influences were observed in the data sets of PCC 11901 as further discussed in Section 

3.1. Hence, Eq. (5) was employed to encompass all the above mentioned photomechanisms on 

the associated growth terms (i.e., first term on right hand side of Eq. (3) and Eq. (4)). Eq. (5)’s 

light attenuation model, based on the unidirectional illumination of the PBR in Fig. 1, was 

defined by Eq. (6) for the biomass production model (Eq. (3)), and Eq. (7) for the optical 

density model ((Eq. (4)). Light scattering phenomena is often reported to be significant in the 

presence of dense cell mass [25,26]. To overcome this, the embedded light attenuation model 

within the biomass model (Eq. (3)) included both the light absorption and light scattering terms. 

Only pigment dominated light absorption influences were therefore accounted for within the 

optical density model. These assumptions were concluded to be rational for a PBR of this size 

with a short light path length and low aeration rate (no visible gas bubbles during cultivation 

experiments). We therefore assumed light scattering induced by insignificant gas bubbles to be 

negligible in the models, especially for the optical density model.  

𝐼(𝑧) = 𝐼0 ∙ exp[−(𝜏 ∙ 𝑋 + 𝛽 ) ∙ 𝑧] (6) 

𝐼(𝑧) = 𝐼0 ∙ exp[−(𝜏 ∙ OD750) ∙ 𝑧] (7) 
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Where 𝐼0 is the operational incident light intensity (µmol photons m-2 s-1), 𝑧 is the light path 

length (mm) and 𝛽 is the light scattering coefficient (mm-1). 𝜏 is the light attenuation coefficient 

with units of (mm2 g-1) and (mm-1) for Eq. (6) and Eq. (7) respectively. 

The simplified light attenuation model structures (i.e., Eq. (6) and Eq. (7)) have been reported 

by Anye Cho et al., [27] to be numerically stable for dynamic parameter estimation solvers 

without compromising the high solution accuracy, as compared to other literature complex 

light transmission models such as the two-flux approximation of the full radiation transfer 

equation [25,26]. However, incorporation of the PBR’s cylindrical curvature effects in Eq. (6) 

and Eq. (7) will further increase the model complexity and computational burden for the 

dynamic parameter estimation solver. Therefore, further simplifications by approximating the 

observed circular cross-section with a rectangular cross-sectional area as reported in [27,28], 

and altering the light path length to 23.9 mm, was implemented.  

When embedding Eq. (5), Eq. (6), Eq. (7) into Eq. (3) and Eq. (4), the overall predictive model 

is now a partial differential equation (PDE) due to the presence of both temporal and spatial 

dimensions, thus challenging to resolve both dimensions for the non-linear optimisation solver. 

To utilise a less complex ordinary differential equation (ODE) solver, a 20-step trapezoidal 

rule, as shown in Eq. (8), was employed to eliminate the spatial dimensions [15,19] in the 

model. Opposed to the commonly utilised 10-step trapezoidal rule in the literature [15,16,19], 

the extra number of trapezoidal steps were motivated by the observed higher magnitudes of 

biomass concentration (~ 5.3 g L-1 herein) and optical density (~ 24 herein) in PCC 11901 over 

that in the literature (< 3 g L-1) [15,16] for slower growing cyanobacterial species. Therefore, 

the predictive models of PCC 11901 required more integration steps to better approximate its 

spatial dimension related parameters (i.e., 𝑢𝑚, 𝑘𝑠 and 𝑘𝑖) during the parameter estimation 

process. Hence, Eqs. (6), (7), and (8) were then substituted into Eqs. (3) and (4) for the 

remainder of this study. 
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𝑢 (𝐼) =
𝑢𝑚
40
∙ ∑

(

  
 𝐼0

𝐼0 + 𝑘𝑠 +
𝐼0
2

𝑘𝑖

+

2 ∙ 𝐼𝑛∙𝐿
20

𝐼𝑛∙𝐿
20
+ 𝑘𝑠 +

𝐼𝑛∙𝐿
20

2

𝑘𝑖

+
𝐼𝐿

𝐼𝐿 + 𝑘𝑠 +
𝐼𝐿
2

𝑘𝑖
)

  
 19

𝑛=1

 

 

(8) 

2.4.3.2 Modelling PCC 6803 growth associated terms  

Contrary to the statistically significant difference in PCC 11901, the final biomass and optical 

density datasets of PCC 6083 showed statistical insignificance (P>0.05) over the light intensity 

range (300 - 900 µmol photons m-2 s-1) and was therefore not experiencing the above mentioned 

photomechanisms. However, upon performing dynamic student’s t-test(s) over each state 

trajectory as discussed in Section 3.1, two to three discrete time points on each growth 

trajectory did show some level of statistical significance as seen in Fig. 2D, thereby implying 

a partial presence of these photomechanisms. Since these points were observed mostly around 

the exponential growth phase (i.e., between 20 and 60 hours), light saturation to a smaller extent 

was assumed present. Meanwhile, photoinhibition was completely ruled out (i.e., [
𝐼(𝑧)2

𝑘𝑖
] ~0 in 

Eq. (5)) as growth of PCC 6083 was not observed to decline over time and operational light 

intensities. However, the very small extent of light saturation implied that the influence of light 

attenuation on growth of PCC 6083 was also negligible (i.e., 𝜏 = 𝛽 = 0 in Eqs. (6) and (7)), 

thereby leading to Eq. (9). This resulting Monod-like model structure theoretically implies that 

the growth of PCC 6083 will increase linearly at lower operational light intensity until a 

saturation threshold is attained whereby the growth becomes maximal and independent of the 

operational light intensity. Herein, the former linear increase was assumed to only occur below 

300 µmol photons m-2 s-1, and the proposed model was therefore valid to simulate the saturating 

threshold (300 - 900 µmol photons m-2 s-1) when embedding Eq. (9) into Eq. (3) and (4).  
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𝑢 (𝐼) = 𝑢𝑚 ∙
𝐼0

𝐼0 + 𝐾𝑠
 

(9) 

Where 𝐾𝑠 represent the light saturation (µmol photons m-2 s-1).  

2.5 Model parameter estimation methodology 

To estimate the model parameters, a weighted non-linear least-square regression problem (see 

Eqs. (10a) to (10e)) was formulated. Due to the stiffness and high non-linearity of the proposed 

biomass and optical density models, orthogonal collocation over finite elements in time was 

utilised to numerically discretise the differential equations, thus transforming them into a series 

of non-linear algebraic equations. Thereafter, the resulting non-linear optimisation problem 

was solved with an interior point-based solver (i.e., IPOPT [29] version 3.11.1) through an 

open-source interface Pyomo [30,31] within the Python version 3.9 programming environment. 

𝑚𝑖𝑛
𝑃
𝛷(𝒑) = ∑ ∑∑(

𝑦̂𝑖,𝑗,𝑘 − 𝑦𝑗,𝑘(𝑡𝑖 , 𝒑)

𝑦̂𝑖,𝑗,𝑘
)

𝟐

∙ 𝑤𝑖,𝑗,𝑘

𝑁𝑃

𝑖=1

𝑁𝑉

𝑗=1

𝑁𝑠𝑝𝑝

𝑘=1

 

(10a) 

             Subject to: 

                                                  
𝑑𝒚

𝑑𝑡
= 𝑓(𝒚(𝑡), 𝑝) ,                          𝑡 ∈ [𝑡0, 𝑡𝑓]    

(10b) 

𝒚𝒍𝒃 ≤ 𝒚 ≤ 𝒚𝒖𝒃 (10c) 

𝒑𝒍𝒃 ≤ 𝒑 ≤ 𝒑𝒖𝒃 (10d) 

𝒚(𝑡0) = 𝒚𝟎 (10e) 

whereby 𝒑 denotes a vector of parameters, 𝑁𝑠𝑝𝑝, 𝑁𝑉 and 𝑁𝑃 are the number of species (i.e., 

PCC 11901 and PCC 6803), number of state variables (i.e. biomass concentration and optical 

density) and number of experimental data points, respectively, 𝒚 denotes dynamic model 

output, 𝑦̂𝑖,𝑗,𝑘 represents the experimental data point of species 𝑘 with state variable 𝑗 at time 

instant 𝑡𝑖, 𝑤𝑖 is a weighting factor of species 𝑘 for the data point of state variable 𝑗 at time 

instant 𝑡𝑖, 𝒚𝒍𝒃, 𝒚𝒍𝒃, 𝒑𝒍𝒃 and 𝒑𝒖𝒃 denotes the lower and upper bounds of the state variables and 
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parameters, respectively, 𝑡0 and 𝑡𝑓 represents the initial and final cultivation times, 𝒚𝟎 denotes 

the initial concentration of the state variables.  

To simultaneously identify all model parameters as well as their confidence intervals, a 

bootstrapping technique was applied. This has increasingly been used in the machine learning 

community [32–34] for quantification of uncertainties. By implementing the bootstrapping 

methodology, the entire experimental dataset (i.e., 300 - 900 µmol photons m-2 s-1) were 

repartitioned into PE1, PE2 and PE3 as illustrated in Table 2. Eqs. (10a) to (10e) were solved 

on every partition for dynamic model parameter estimation. The obtained parameter estimates 

were statistically aggregated by averaging for the mean and standard deviation. As a caveat, 

the upper and lower bounds of the experimental data sets (i.e., 300 and 900 µmol photons m-2 

s-1) were included in all three data partitions (Table 2). This was to guarantee the models high-

fidelity extrapolations within the investigated range. This was later confirmed with a separate 

cross validation data set which was not utilised during parameter estimation (Table 2).  

To evaluate the impact of the parameter confidence intervals on the various model prediction 

uncertainties, a Latin Hypercube Sampling methodology was used to draw 100 probabilistic 

samples from the confidence intervals. For each probabilistic sample, a dynamic model 

simulation was performed thereby amounting to a total of 100 Monte Carlo simulations 

whereby the mean prediction was computed and compared against the unseen experimental 

data sets. This implementation was carried out in Python version 3.9 using the SMT 1.0.0 and 

Numpy libraries.  

3. Results and discussion 

3.1 Evaluating the influence of light intensity on cyanobacterial growth  

Cultures of PCC 11901 and PCC 6803 were grown at five different light intensities (300, 450, 

600, 750 and 900 µmol photons m-2 s-1), in order to investigate their growth dynamics over a 

wide range covering the low, medium, and high light intensities responsible for 
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photolimitation, photosaturation and photoinhibition respectively. Since the initial biomass 

concentrations and optical densities upon inoculation of the PBR were the same for all five 

investigated incident light intensities, the obtained final biomass concentrations and OD750nm 

after 120 hrs of photoautotrophic growth were firstly analysed with student’s t-test (P<0.05 

being statistically significant) to identify the experimental light intensity (i.e., 𝐼0_𝑜𝑝𝑡) that 

resulted in the highest biomass and OD750nm. Thereafter, the entire biomass and OD750nm time 

evolution profiles corresponding to 𝐼0_𝑜𝑝𝑡 were analysed with the remaining four data sets via 

a student’s t-test (P<0.05 being statistically significant) for the effects of incident light intensity 

on the individual cyanobacterial strains.  

The highest accumulation of biomass concentration and OD750nm in PCC 11901 was observed 

at 750 µmol photons m-2 s-1 with corresponding values of 5.33 g DCW L-1 and OD750nm = 24 

(Fig. 2; Table 4). Biomass accumulation was similar between 300 to 600 µmol photons m-2 s-

1. From 750 to 900 µmol photons m-2 s-1, biomass accumulation decreased by 24.6 % to 4.02 g 

DCW L-1. A similar trend was observed in the OD750nm measurements. The increase from 

300/450/600 to 750 µmol photons m-2 s-1 suggests that cultivation of PCC 11901 below 750 

µmol photons m-2 s-1 is suboptimal, possibly resulting in lower photosynthetic electron 

transport rates not sufficient for optimal carbon fixation [35].  

Conversely, the decrease from 750 to 900 µmol photons m-2 s-1 could be due to photoinhibition 

[35], thus reducing the electron transport rate. It therefore confirms the use of Eq. (5) in Section 

2.4.3 to mechanistically describe the three distinguishable photomechanisms, namely (i) 

photolimitation, (ii) photosaturation and (iii) photoinhibition. This further validates the 

implementation of the dynamic modelling approach to account for the dynamic light intensity 

effects on growth of PCC 11901. Fig. 2C shows the existence of statistical significance 

(P<0.05) over the entire trajectory and not just the final biomass concentration and OD750nm in 

Fig. 2A.   
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The final biomass concentration and OD750nm of PCC 6803 showed no statistically significant 

difference (P > 0.05) over the 300 to 900 µmol photons m-2 s-1 range (Fig. 2B). This was 

unexpected and could be due to the light intensity saturation threshold of PCC 6803 being 

lower than 300 µmol photons m-2 s-1, which is when cultivation of PCC 6803 is typically 

performed [9]. However, the lack of declining growth due to photoinhibition within this 300 to 

900 µmol photons m-2 s-1 range could be due to the light adaptation strategy outlined in Table 

2. This may allow cells to acclimate to constant quantum yields, thus engendering similar rates 

of electron transport, even at the higher light intensities, and thus already at the theoretical 

maximum production rates of biomass and OD750nm (Fig. 2B). However, it should be noted that 

this has not been observed in other studies [8–10], thus further experiments (e.g., fluorometry 

measurements [35,36]) to quantify electron transport should be conducted. This data could also 

be used to perform a Dynamic Flux Balance Analysis (DFBA) [37] which could lead to 

strategies for engineering the light absorption and light utilisation mechanisms of PCC 6803 in 

order to optimise this species for higher light intensities (i.e., >300 µmol photons m-2 s-1) to 

achieve maximum titer and yields. 

3.2 Results of Mmathematical model-based analysis  

3.2.1 Parameter estimation results 

For the constructed dynamic models to yield reliable predictions of the observed biomass and 

optical density state variables, all model parameters must first be identified in a precise and 

accurate manner. Second, the estimated model parameters have associated uncertainties which, 

if known, can aid the model’s predictions, allowing fidelities to be assessed and enabling the 

implementation for bioprocess control and optimisation. The bootstrapping technique is often 

utilised for this uncertainty quantification in machine learning models [32,33,38] and was 

herein adapted for this analysis, as discussed in Section 2.5. Table 3 lists the identified mean 

Commented [AB4]: This addresses the comments of 
reviewer 2 regarding rephrasing the title. 



17 
 

parameter values for n=3 bootstrapping partitions and their standard deviations for both the 

optical density and biomass models respectively. These parameter results were compared 

against those available from previous studies as seen in the last column of Table 3, showing 

that they were well within the range from previous studies [10,16,17,22,23,39]. The sole 

exception was for the OD light absorption coefficient which was previously unavailable and 

therefore compared against those from previous literature biomass models [22,23], which 

generally agreed with our outcomes and thereby validated the reliability of the presented 

results.   

Figure 3 and 4 show the predicted biomass model fit against the experimental data points from 

which the optimal parameter results in Table 3 were obtained via the bootstrapping technique. 

The fittings of the biomass and OD750nm models were similar as justified by their equally 

obtained percentage relative errors (%RE) (i.e., circa 13.8 % and 18.0 % for PCC 11901 and 

PCC 6803). Therefore, only the biomass model fittings were shown herein while the OD750nm 

model fittings were presented in Figs. S1 and S2. An in depth analysis of the model fitting 

results were carried out by computing the overall average percentage relative errors (%RE), 

which showed the model predictions of PCC 11901 (i.e., 13.8 %) to follow the experimental 

datasets better than the one of PCC 6803 (i.e., 18.0 %), with similar observations for the cross 

validation runs (i.e., 9.3% and 18.8 % respectively). Whilst this was expected due to the larger 

standard deviation between the experimental datasets observed in PCC 6803 (Fig. 4 and Fig. 

S2), it was deemed acceptable when considering that typical light driven bioprocesses are often 

associated with larger uncertainties [27,40]. Nonetheless, all the model trajectories were seen 

to represent the experimental data points, thereby capturing the underlying complex behaviours 

with a small subset of biokinetic parameters. This confirms that the postulated mechanistic 

hypothesis during the model construction and implemented model structural simplifications for 

the dynamic parameter estimation solver were all valid. 
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3.2.2 Probabilistic model predictive validations 

To utilise the constructed dynamic models for estimating the optimal operating conditions for 

industrial use of strains, as well as for model implementation during long-term bioprocess 

simulation, optimisation and control, it was necessary to evaluate the model performances for 

predicting unseen experimental data sets. Since the experimental data sets at 450, 600 and 750 

μmol photons m-2 s-1 represented the cross validation runs in Table 2 and without embedded 

uncertainties, the same conditions were simulated upon embedding the aggregated 

bootstrapping uncertainties. For this, 100 Monte Carlo simulations were performed by 

sampling the model parameter confidence intervals in Table 3 and propagating their influences 

on the dynamic model’s output. Fig. 5 shows the biomass model predictions under uncertainty 

for the two cyanobacterial strains. The mean prediction from the uncertainty bands (in grey) 

were computed to compare against the experimental data points. Whilst the uncertainty bands 

reflect the degree of variability imposed by the parameter confidence intervals, those for the 

biomass and optical density models were similar. Thus, only those for the biomass model were 

shown in Fig. 5 while those of the optical density models are presented in Fig. S3. These 

uncertainty bands are observed to grow (i.e., increase of bandwidth size) with time, indicating 

the models to be responsive to changes of these parameters. Generally, as the parameter 

changes did not induce large uncertainty bands, they are therefore safe for re-estimation during 

online dynamic bioprocess control. To evaluate the model’s prediction under uncertainty 

versus the pure model outputs, the overall %RE in Fig. 5 were computed (i.e., 8.9 % and 19.4 

% for PCC 11901 and PCC 6803 respectively) and compared to that of the bootstrapping cross 

validation runs (i.e., 9.3 % and 18.8 % for PCC 11901 and PCC 6803 respectively). From this 

analysis, a 4.5 % prediction improvement in PCC 11901 and 3.1 % prediction deterioration in 

PCC 6803, respectively, were observed under uncertainty. The former percentage 

improvement was expected for the two models (i.e., PCC 11901 and PCC 6803) as mildly 
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perturbing responsive model parameters have been shown by Anye Cho et al., [27] to improve 

prediction accuracy. However, the unexpected prediction deterioration in PCC 6803 can be 

attributed to its noisy experimental data sets. Hence, the small 3.1 % prediction deterioration 

is expected to be reversed if presented with a less noisy experimental data sets since the 

simulation performance will be relatively high. 

3.2.3 Overall comparison of the two cyanobacterial strains  

As the prediction performance of the dynamic models for both the seen and the cross validated 

experimental datasets were within the wide operating range from 300 to 900 μmol photons m-

2 s-1 , its full potential was then explored to address pertinent questions about the bioprocess 

dynamics, in particular: (i) which of the two cyanobacterial strains is fastest growing across a 

range of light intensities, (ii) what are their respective optimal light intensities, and (iii) does 

light intensity impact their upscaling potentials?   

From the growth characteristics of the two strains outlined in Table 3, it was observed that the 

maximum specific growth rate of PCC 91101 was over two fold higher than that of PCC 6803. 

Whilst this increase was consistent with the experimental data sets, the order of magnitude was 

however about four-fold higher when comparing the final biomass concentration and optical 

densities as illustrated in Table 4. These disparities indicate that the results outlined in Table 4 

are insufficient for characterising the strain specific growth properties as the dynamic model 

and estimated parameters can predict these results, but the reverse is not possible. Nonetheless, 

the faster growth of PCC 11901 agrees with previous studies [8,10], which demonstrated that 

it was superior to other ‘fast’ growing cyanobacterial strains like UTEX 2973 and PCC 7002. 

The light saturation coefficient of PCC 6803 was about two-fold lower than that of PCC 11901, 

indicating superior light affinity and utilisation efficiency. This implies PCC 6803 should be 

the faster growing strain which contradicts previous literature findings [8,10]. Explaining this 



20 
 

inconsistency is far beyond the capabilities of the linearised curve fitting literature methods for 

estimating and comparing maximum specific growth rate. This was addressed with the dynamic 

mechanistic modelling approach by analysing the maximum specific growth and decay rates 

in Table 3. Those of PCC 6803 were seen to be of similar order of magnitudes while the decay 

rate of PCC 11901 was about 67-fold lower than its maximum specific growth rate. This 

implies that for the portion of absorbed and utilised light intensities within the 300 to 900 μmol 

photons m-2 s-1 range, PCC 11901 was experiencing unbalanced growth dominating Eqs. (3) 

and (4), whereas that of PCC 6803 was balanced. Hence, the higher light affinity and utilisation 

efficiency of PCC 6803 compared to PCC 11901 was not directed towards growth promoting 

activities and was herein interpreted to be either for (i) cell maintenance, and/or (ii) 

fluorescence heat generation. Cell maintenance encompasses non-growth related metabolic 

activities performed by the cells to stay alive which usually consume energy in the form of 

adenosine triphosphate (ATP). Since ATP and nicotinamide adenine dinucleotide phosphate 

(NADPH) are the products of light dependent reactions [41], it was reasonable to assume that 

ATP and NADPH generation in PCC 6803 was mostly directed towards cell maintenance and 

not for carbon fixation via Calvin-Benson-Basshan cycle. This assumption was reasonably 

valid as the final biomass concentration ultimately derived from carbon fixation did not change 

within the investigated 300 to 900 μmol photons m-2 s-1 range. This also suggests that extra 

absorbed light above 300 μmol photons m-2 s-1 was mostly wasted as heat and not utilised for 

growth of PCC 6803 since Eqs. (3) and (4) were balanced. 

The remaining two questions were only valid for PCC 11901 since the 300 to 900 μmol photons 

m-2 s-1 range were observed to be above the light intensity saturation threshold for PCC 6803, 

suggesting growth is light independent. As per the optimal light intensity of PCC 11901, the 

model derivative with respective to the light intensity was taken and equated to zero (i.e., 

𝑑𝜇(𝐼)

𝑑𝐼
= 0), thereby resulting in optimal light intensities, 𝐼𝑜𝑝𝑡 = √𝑘𝑠 ∙ 𝑘𝐼   of 727.0 μmol photons 
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m-2 s-1 and 742.9 μmol photons m-2 s-1 for the respective biomass and optical density models, 

respectively, and averaging 735.0 μmol photons m-2 s-1 to encompass both aspects. The similar 

𝐼𝑜𝑝𝑡 values between both models (i.e., biomass and OD750nm) suggest that they can be used 

interchangeably for (i) optimal design of experiments, and (ii) online bioprocess control since 

OD750nm measurements with a UV/VIS spectrophotometer are more easily obtained over 

quantifying biomass. Second, these predicted optimal values are within the range of several 

other cyanobacterial species [8,10,42], supporting their validity. Although 𝐼𝑜𝑝𝑡 was slightly 

lower than the optimal 750.0 μmol photons m-2 s-1 reported highest biomass and OD750nm from 

experimental data (i.e., 𝐼0_𝑜𝑝𝑡), the 15 μmol photons m-2 s-1 difference was negligibly small 

(circa 2 %) and indicates the accurate dynamic estimation of 𝑘𝑠 and 𝑘𝐼 under the PBR light 

path length with 20-step trapezoidal approximations.  

Next, we considered whether the upscaling potential of PCC 11901 will be severely impacted 

by light intensity. The light absorption coefficient was identified as the main parameter to be 

compared against values from photobioreactors of different scales and configurations. This was 

motivated by the intrinsic nature of the light absorption coefficient to cyanobacteria and the 

light attenuation challenges being the primary limitation for upscaling photobiological 

processes, as was investigated by Anye Cho et al., [19]. Therefore, a high light absorption 

coefficient would indicate rapid diminishing local light transmissions within the PBR as its 

diameter was increased for upscaling, and vice-versa. The PCC 11901 light absorption 

coefficient compared well to that observed in previous studies [22,23] (i.e., 67 ≤ 𝜏 ≤ 225 mm2 

g-1) outlined in Table 3. This suggests that upscaling of PCC 11901 cultivation will not be 

severely impacted by light intensity since previous studies used PBRs ranging from 0.5 L 

cylindrical PBRs [43,44], 1.0 L flat-plate [21,23] and tubular [45] PBRs, to as large as 120.0 L 

flat-plate PBRs [46,47]. 
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4. Conclusions 

In this investigation, experimental observation of biomass concentrations and optical densities, 

and statistical analysis with student’s t-test were jointly exploited to support the incorporation 

of various photomechanisms within the dynamic mechanistic models of two cyanobacterial 

strains: PCC 11901 and PCC 6803. Whilst such models for OD750nm were previously 

unavailable, the similarities of their growth profile to biomass models justified the existence of 

similar model structures and was herein implemented for the first time. Even so, the model for 

PCC 11901 embedded the complicated influences of incident light intensity, light attenuation 

and photomechanisms, whereas the one for PCC 6803 was only limited by the incident light 

intensity and photosaturation mechanisms. To simultaneously estimate the model parameter 

values and their associated confidence intervals, bootstrapping techniques with 3-fold cross 

validations was implemented. Thereafter, the models’ predictions under uncertainties were 

thoroughly validated against unseen experimental data sets with small simulation errors 

averaging less than 19 %. Of the two species, PCC 11901 showed superior prediction fidelities 

and faster growth. Whilst fluorometry measurements are recommended in future for 

confirming the light-stressed photosynthetic activities of PCC 6803 within the 300 to 900 μmol 

photons m-2 s-1 range, further model-based analysis was carried out on the PCC 11901 model 

parameters. As a result, 735.0 μmol photons m-2 s-1 was identified as the optimal cultivation 

light intensity, and without severe light limitations during bioprocess upscaling. Therefore, 

these presented findings will benefit future biotechnological upscaling, online bioprocess 

control and exploitation of these strains. 
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 Dynamic photo-mechanistic interpretations of cyanobacterial bioconversion rates. 

 Experimental and statistical analysis to inform photo-mechanistic influences.  

 Similar model structures for biomass growth and optical density accumulation.  

 735.0 μmol photons m-2 s-1 optimal light intensity for Synechococcus sp. PCC 11901. 

 Over two-fold faster growth for PCC 11901 versus PCC 6803 at all light intensities. 
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Figure 1: MC-1000 multicultivator bioreactor setup (Photon Systems Instruments, Czech 

Republic). 
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Figure 2: Light intensity influences on biomass production and optical density accumulation in 

the two cyanobacteria strains. A) final biomass concentration and B) final optical density 

(OD750nm). Profiles of optical density (OD750nm) for C) PCC 11901 and D) PCC 6803. Purple 

asterisks indicate significant statistical differences (P<0.05) at the various light intensities and 

time instances: (i) between PCC 11901 and PCC 6803 as presented in A) and B), and (ii) 

individual growth profiles of PCC 11901 and PCC 6803 as presented in C) and D) respectively. 

Error bars on plotted data points represent mean of n = 4 biological repeats ± standard 

deviation.  

 



 

 

Figure 3: Bootstrapping biomass model fitting results for PCC 11901 at: (A) 300 𝜇mol photons 

m-2 s-1, (B) 450 𝜇mol photons m-2 s-1, (C) 600 𝜇mol photons m-2 s-1, (D) 750 𝜇mol photons m-

2 s-1, (E) 900 𝜇mol photons m-2 s-1. The percentage relative error (%RE) of each fitting is as 

indicated.  

 

 

 



 

 

Figure 4: Bootstrapping biomass model fitting results for PCC 6803 at: (A) 300 𝜇mol photons 

m-2 s-1, (B) 450 𝜇mol photons m-2 s-1, (C) 600 𝜇mol photons m-2 s-1, (D) 750 𝜇mol photons m-

2 s-1, (E) 900 𝜇mol photons m-2 s-1. The percentage relative error (%RE) of each fitting is as 

indicated.  

 

 



 

 

Figure 5: Prediction of biomass models under uncertainty: (A), (C) and (E) for PCC 11901, 

and (B), (D) and (F) for PCC 6803, at 450, 600 and 750 𝜇mol photons m-2 s-1, which were 

unseen experimental data sets during the bootstrapping parameter estimation. The percentage 

relative error (%RE) of each fitting is as indicated in grey. 

 



List of Tables   

Table 1: Summary of stepping up light intensities used prior to final target light intensity. 

Initial PBR light intensity 

(µmol photons m-2 s-1) 

PBR step-up light intensity 

(µmol photons m-2 s-1) 

Final PBR light intensity 

(µmol photons m-2 s-1) 

150 n/a 300 

150 300 450 

150 300 600 

150 450 750 

150 500 900 

n/a: not stepped up  

 

Table 2: Bootstrapping design of experiments for model parameter estimation. 

Label  Training data sets 

(µmol photons m-2 s-1) 

Cross validation data sets 

(µmol photons m-2 s-1) 

Parameter estimation 1 (PE 1) 300, 900, 600, 750 450 

Parameter estimation 2 (PE 2) 300, 900, 450, 750 600 

Parameter estimation 3 (PE 3) 300, 900, 450, 600 750 
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Table 3: Bootstrapping dynamic parameter estimation results for the optical density (OD750nm) 

and biomass models of the two cyanobacterial strains. Parameter estimates represent the mean 

of n=3 bootstrapping partitions ±standard deviations as the confidence intervals. 

Model parameter OD750 model  Biomass model  Literature range  

PCC 11901 

𝑢𝑚 (h-1) 1.99× 10-1 

± 2.86×10-3 

 1.99× 10-1 

± 5.39×10-4 

(0.004, 0.28)[1–3] 

𝜇𝑑  (h-1)   6.15× 10-4 

± 8.94×10-6 

 2.96× 10-3 

± 2.64×10-4 

(8.559×10-3, 0.005) 

[3–5] 

𝑘𝑠 (μmol photons m-2 s-1) 150.0 ± 4.08 156.67 ± 6.24 (70.0, 347.0)[1,3,6] 

𝑘𝑖  (μmol photons m-2 s-1) 3523.33 

±  24.94 

3522.33 

± 23.61 

(457.0, 53370)[5,6] 

𝜏 (mm2 g-1) 48.57 ± 1.03 208.14 ± 6.62 (67, 225)[3,6] 

β (mm-1) na  3.16× 10-7 

± 3.07×10-8 

0.0[7] 

PCC 6803 

𝑢𝑚 (h-1)  7.9× 10-2 

± 2.65×10-3 

 7.9× 10-2 

± 2.65×10-3 

(0.004, 0.28)[1–3] 

𝜇𝑑  (h-1)  1.57× 10-2 

± 3.52×10-4 

6.54× 10-2 

± 1.46×10-3 

(8.559×10-3, 0.005) 

[3–5] 

𝐾𝑠 (μmol photons m-2 s-1) 72.84 ± 12.74  72.84 ± 12.74 (70.0, 347.0)[1,3,6] 

na: not included in model structure 

 

 



Table 4: Analysis of the experimental data sets to determine the magnitude of difference in 

biomass and optical density accumulation among the two cyanobacterial strains at various 

light intensities. The scale of ratio corresponds to PCC 11901: PCC 6803.  

 

Species 

Highest observed value at different light intensities  

(µmol photons m-2 s-1) 

300 750 900 

Biomass concentration (g L-1) 

PCC 11901 3.91 5.33 4.02 

PCC 6803 1.24 1.37 1.07 

Scale of ratio 3.15 3.89 3.76 

OD750 

PCC 11901 17.61 24 18.13 

PCC 6803 5.40 5.20 4.46 

Scale of ratio 3.26 4.62 4.07 
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Abstract 

Biotechnological exploitation of fast-growing cyanobacterial species is hindered by 

unavailable mechanistic interpretations for the differing bioconversion rates when exploring 

strains with similar metabolic pathways and transport systems. This study investigated two 

strains: Synechococcus sp. PCC 11901, the fastest growing cyanobacterium identified to date, 

and Synechocystis sp. PCC 6803, under a range of operational light intensities from 300 - 900 

µmol photons m-2 s-1, and presents three original contributions. Firstly, strain specific dynamic 

biomass and optical density (OD750nm) models were constructed incorporating sophisticated 

photo-mechanistic influences, previously unachieved in OD750nm. Secondly, bootstrapping 

parameter estimation with 3-fold cross validations was exploited to simultaneously identify the 

model parameters and confidence intervals, thus enabling probabilistic simulations and 

thorough validation against experimental data sets. Thirdly, presented mechanistic 

interpretations for the over two-fold faster growth of PCC 11901 versus PCC 6803 despite PCC 

6803’s high light utilisation efficiency. These findings will benefit upscaling of future 

cyanobacterial biotechnology applications and exploitation of Synechococcus sp. PCC 11901 

for production of biomass and chemicals of industrial, nutritional and medical importance.  

 

Keywords: Cyanobacterial biotechnology; Synechococcus sp. PCC 11901; Synechocystis sp. 

PCC 6803; Light attenuation; Biomass and OD dynamic modelling.  
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1. Introduction  

Cyanobacteria are potential chassis for converting inorganic carbon into biomass and 

biomolecules for industrial (e.g., isoprene [1]), nutritional (e.g., glucose/fructose mixture [2]), 

medical (e.g., mycosporine and mycosporine-like amino acids [3]), and herbicidal (e.g., 

antimetabolite 7-deoxy-sedoheptulose [4]) applications. Utilising light, minimal nutrients and 

potentially low-cost waste streams like flue gases (e.g., 4-14 vol% CO2 from power plants [5–

7]), with facilities not requiring arable land, cyanobacterial production of biomolecules could 

be industrially attractive for carbon capture and the sustainable production of biorenewable 

compounds. However, to improve commerciality, overall cyanobacterial productivity (i.e., 

amount of product per time) and product titer (i.e., amount of product per volume) needs to be 

comparable to alternative industrially viable heterotrophic microorganisms like Escherichia 

coli and Saccharomyces cerevisiae with doubling times of 20 and 90 minutes, respectively [8].  

For this reason, significant research efforts has been invested in isolating cyanobacterial species 

that grow faster than the most commonly studied and genetically tractable model organisms 

such as Synechocystis sp. PCC 6803 (PCC 6803) [8–10] and Synechococcus elongatus PCC 

7942 (PCC 7942) [9,10] with doubling times of 6.6 and 4.1 hours, respectively [8]. 

Synechococcus sp. PCC 7002 (PCC 7002) [9–11] and more recently, Synechococcus elongatus 

UTEX 2973 (UTEX 2973) [9–12], and Synechococcus sp. PCC 11901 (PCC 11901) [8,10] 

with respective doubling times of 4.0 hours [8,9], 2.1 hours [9] and 2.0 hours [10], have been 

partially characterised. A comparison of these species showed that PCC 11901 demonstrated 

the fastest growth and highest biomass accumulation (up to 33 g DCW L-1 [10]), suggesting it 

is the most promising species for future biotechnology applications. Faster growth may be due 

to a range of factors but could be linked to lower photoinhibition, higher photosynthetic rates, 

and higher light utilisation efficiency in PCC 11901 than other model species [8]. Surprisingly, 

PCC 11901 and PCC 6803 were shown to have very similar metabolic pathways and transport 
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systems [8]. Despite these similarities, in-depth mechanistic analysis via estimated biokinetic 

model parameters, which could provide additional physical, chemical, biological and 

interacting explanations for the observed growth capabilities, have not been conducted. 

Previous studies either (i) directly compared the obtained final biomass concentrations and/or 

optical densities [10,13], and/or (ii) experimentally measured the oxygen evolution and 

photoinhibition rates [8], and/or (iii) curve fit for the maximum specific growth rate with the 

experimentally generated data of biomass concentrations and/or optical densities [10,12]. As a 

result, doubling times are grossly estimated without accounting for the impact of process 

equipment (e.g., photobioreactor path length), operation (e.g., light intensity and light 

attenuation), and growth dynamics (e.g., photolimitation, photosaturation and photoinhibition). 

This makes it challenging to compare PCC 11901 to industrially viable heterotrophic 

microorganisms with reported doubling times from scalable bioreactor layouts (i.e., lab to the 

industrial scale).  For example, investigations of PCC 11901 have been so far limited to <100 

mL PBRs [8] but directly compared to Saccharomyces cerevisiae investigations from a 1 L 

fermenter [14].    

Combining experimental observations with dynamic mechanistic approaches has been 

exploited in previous studies. For example, Clark et al., [11] exploited dynamic models to 

compare light-limited cyanobacterial growth of PCC 7002 and UTEX 2973 in differing 

experimental systems by comparing their photosynthetic efficiencies. Unlike Clark et al., [11] 

whereby the growth dynamics were limited to the stationary growth phase, all other 

cyanobacterial growth phases (i.e., primary, secondary, and stationary) except the lag phase 

were comprehensively described mechanistically by Zhang et al., [15] and Del Rio-Chanona, 

et al., [16] for Cyanothece sp. ATCC 51142. Dechatiwongse et al., [17] implemented two 

dynamic models: a logistic model for optical density and an inverse logistic model for nutrient 

uptake, in describing the effects of light intensity and photoinhibition on Cyanothece sp. ATCC 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



5 
 

51142. Although they investigated a wide range of light intensities (i.e., 23 to 320 μmol photons 

m-2 s-1) in a 3L tubular Photobioreactor (PBR), the influence of light attenuation was not 

accounted for within their dynamic models. 

Accounting for light attenuation is of utmost importance when analysing fast growing strains. 

In dense cultures, cells in the front-facing PBR section will harvest the majority of light, leading 

to higher levels of photoinhibition [18,19]. Cells in the interior will receive less light and may 

become photolimited, consequentially affecting the overall reported growth rate of the culture. 

These growth dynamics have been successfully modelled using the Beer-Lambert Law and 

Aiba model for light attenuation and photomechanisms (i.e., photolimitation, photosaturation 

and photoinhibition), respectively, in the literature [20–23]. However, these studies were 

mainly focused on the construction of dynamic biomass production models and the 

incorporation of light attenuation and photomechanisms into dynamic optical density models 

has not been performed.   

To address these limitations we aim to embed the impact of light intensity, light attenuation, 

photolimitation, photosaturation and photoinhibition photomechanisms in assessment of 

growth via biomass accumulation and OD750nm measurements, and scalability potential of two 

cyanobacterial species: PCC 11901 and PCC 6803. Specifically, we will: (i) analyse 

differences in biomass accumulation and growth via optical density measurements within a 

wide range of environmentally relevant light intensities from 300 to 900 µmol photons m-2 s-1, 

(ii) construct dynamic predictive models for biomass production and optical density 

measurements, unifying the complicated influences of incident light intensity, light attenuation 

and photomechanisms to support the explanations of experimental results via comparison of 

the estimated biokinetic model parameters, and (iii) provide in-depth mechanistic discussion 

and identification of the optimal light intensities for cultivation and biotechnological 

scalabilities of the strains.  
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2. Materials and modelling methods  

2.1 Bacterial species, media, and starter culture growth conditions  

Two cyanobacterial species, PCC 11901 (a kind gift from Peter Nixon, Imperial College 

London) and PCC 6803 [24] were maintained on AD7 and BG11 agar plates, respectively, as 

previously described in [13] and [10]. Cells scraped off plates were used to seed starter cultures 

grown in their corresponding liquid medium of 50 mL in 100 mL conical flasks. Conical flasks 

were shaken at 120 rpm while being maintained at a temperature of 30 °C and under a light 

intensity of 40 µmol photons m-2 s-1 as provided by a warm white LED light in an Algaetron 

230 growth chamber (Photon Systems Instruments, Czech Republic).  

2.2 Photobioreactor setup and operation 

Strains were cultured in 100 mL cultivation tubes in a MC-1000 multicultivator bioreactor 

equipped with a warm white LED light source having a radiating capacity up to 1000 µmol 

photons m-2 s-1 (Photon Systems Instruments, Czech Republic) (see Fig. 1). Each cultivation 

tube had an external and internal diameter of 30 mm and 27 mm, respectively. Cells were 

sparged with air/5% CO2 to supplement the supply of inorganic carbon and mix the cells; this 

was maintained at a temperature of 38 °C. Optical density was quantified using a Jenway 6305 

Genova UV/VIS (Genova, United Kingdom) spectrophotometer set at a wavelength of 750 nm. 

Initially, the PBR was illuminated at 150 µmol photons m-2 s-1 and 80 mL of its volume was 

inoculated with a starter culture of OD750nm = ~0.1, before being incubated for 24 hours. 

Afterwards, the growing culture was diluted down to OD750nm = ~0.1 and re-inoculated into 

the PBR for a stepped-up illuminating light intensity (Table 1) for another 24 hour period. 

Thereafter, the illuminating light intensity was further increased to the final target light 

intensity (Table 1) and the growing cultures were incubated overnight to adapt to the new PBR 

conditions. From this culture, samples were removed and diluted to OD750nm = 0.25,  before 
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starting the growth experiments at the various investigated light intensities (300, 450, 600, 750 

and 900 µmol photons m-2 s-1). Growth experiments lasted for 120 hours and 1 mL samples 

were removed for analysis from the PBR at 12 hours interval during this cultivation time.   

2.3 Analytical methods  

The state variables of interest herein were the (i) optical density measured at a wavelength of 

750 nm (OD750nm) and (ii) cell dry weight, 𝑋 (g L-1) (referred to as biomass concentration 

thereafter). Biomass concentration was determined from established standard curves between 

𝑋 and OD750nm as reported in Eq. (1) and (2) for PCC 11901 and PCC 6803 respectively. These 

standard curves were achieved by harvesting densely grown cultures from the PBR after 120 

hours. Cells were centrifuged at 5,000 x g with a Centrifuge 5804 R (Eppendorf, Germany) 

and washed twice with sterile deionised water. The samples were diluted to 10%, 20%, 40%, 

60%, 80% and 100%, recorded for OD750nm at each serial dilution, with 5 mL of the serial 

dilution aliquoted on a pre-weighed filter paper of 70 mm diameter (i.e., Whatman GF/B Glass 

Microfibre Filters, USA). Prior to this, the filter paper had been dried for 48 hours at 70°C in 

an oven (Binder BD-S 056, Germany) and then weighed with a microbalance (Kern ABT 220-

SDNM, Germany). Cells on the dried filter paper were left at 24 hours at 70°C, then weighed 

in triplicate.   

𝑋PCC_11901(g L
−1) = 0.222 ∙ 𝑂𝐷750𝑛𝑚_PCC_11901 ,      R

2 = 0.998 (1) 

𝑋PCC_6803(g L
−1) = 0.2406 ∙ 𝑂𝐷750𝑛𝑚_PCC_6803 ,      R

2 = 0.996 

 

(2) 

 

2.4 Mathematical model construction  

The constructed dynamic models were used to simulate state variables under the sophisticated 

influences of (i) incident light intensity, (ii) light attenuation, and (iii) photomechanisms. 

Commented [AB2]: This addresses the comment of 
reviewer 2 regarding typo. 
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However, the differing magnitude of light related influences among the two investigated 

cyanobacterial strains implied their experimental data sets would first need to be subjected to 

statistical student t- test(s) to inform the incorporation of either all (i.e., (i), (ii) and (iii)) or a 

selective combination (e.g., (i) and (iii) only) of these light related influences.  

2.4.1 Modelling of biomass concentrations 

The two cyanobacterial species were expected to exhibit the four different growth phases 

(namely the (i) lag phase, (ii) primary growth phase (iii) secondary growth phase, and (iv) 

stationary phase), as reported in other studies [15–17]. Herein, the lag phase was not 

pronounced due to the starter cultures being adapted to the operational light intensity of the 

PBR by using the light stepping up strategy as reported in Table 1. Therefore, the dynamic 

model structure in Eq. (3) was constructed to capture the three remaining phases. This model 

structure permits the incorporation of the strain dependent biological knowledge influencing 

the trajectories of the state variables. For instance, the light related influences of differing 

magnitude among the cyanobacterial strains are linked to the growth associated terms (i.e., first 

term on right hand side of Eq. (3)). Meanwhile, the decay associated terms (i.e., second term 

on right hand side of Eq. (3)) are often controlled by endogenous cellular respiration activities, 

thus taking place under dark circumstances, and can be modelled as independent of light.  

𝑑𝑋

𝑑𝑡
= 𝑢 (𝐼) ∙ 𝑋 − 𝜇𝑑 ∙ 𝑋

2 
(3) 

Where 𝑋 is the biomass concentration (g L-1), 𝑢 (𝐼) represents the effects of the PBR’s light 

intensities on the biomass growth (h-1) and 𝜇𝑑(𝐼) denotes the specific cell decay rate (L g-1 h-

1). 

2.4.2 Modelling of optical densities 
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Although often disputed as to whether there exist a linear or a non-linear correlation between 

the biomass concentration and optical density, the optical density profiles of Synechococcus 

and Synechocystis strains has been shown [8,10,17] to have sigmoidal shapes. This sigmoidal 

shape is typical of bioprocesses experiencing the three remainder phases as highlighted in 

Section 2.4.1. Thus, the model structure of the optical density and biomass concentration (i.e., 

Eq. (3)) were assumed to be similar. Hence, Eq. (4) was constructed to simulate the optical 

density profiles of the two cyanobacterial species.  

𝑑 OD750
𝑑𝑡

= 𝑢 (𝐼) ∙  OD750 − 𝜇𝑑 ∙  OD750
2
 

(4) 

Where OD750 is the optical density at a wavelength of 750 nm (dimensionless), 𝑢 (𝐼) represents 

the effects of the PBR’s light intensities on the optical density build up (h-1) and 𝜇𝑑  denotes the 

specific rate of vanishing optical density (h-1).  

2.4.3 Modelling of light intensity, light attenuation, and photomechanisms 

Generally, in the literature [15,19,20,23], the effect of light on growth rates are often 

characterised mechanistically by three distinguishable photomechanisms, namely (i) 

photolimitation, (ii) photosaturation and (iii) photoinhibition, via the Aiba model structure (Eq. 

(5)). The former, second and latter occur under low, optimal, and high light intensities, 

respectively. Under low light intensities, the growth rate increases linearly with increasing light 

intensity till saturation at the optimal light intensity. Beyond this, the growth rate decreases 

with further increase in the light intensity. Considering the wide range of investigated light 

intensities (300 – 900 µmol photons m-2 s-1), it was necessary to implement a model that 

captures all three photomechanisms on the growth associated terms (i.e., first term on right 

hand side) of Eq. (3) and Eq. (4).  However, student t- test(s) were first performed on the 

experimental data sets for statistical significance to confirm the validity of the light influences 

on the two cyanobacterial strains.      

Commented [AB3]: This addresses the comments of 
reviewer 2 regarding additional details of the Aiba model. 
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𝑢 (𝐼) = 𝑢𝑚 ∙
𝐼(𝑧)

𝐼(𝑧) + 𝑘𝑠 +
𝐼(𝑧)2

𝑘𝑖

 
(5) 

Where 𝑢𝑚 is the maximum specific growth rate (h-1), 𝐼(𝑧) denotes the light attenuation model 

(see Eqs. (6) and (7) below), 𝑘𝑠 and 𝑘𝑖  are the light saturation (µmol photons m-2 s-1) and light 

inhibition (µmol photons m-2 s-1) coefficients respectively. 

2.4.3.1 Modelling PCC 11901 growth associated terms  

From the student’s t-test performed over the wide operational light intensity range (300 to 900 

µmol photons m-2 s-1), statistical significance (P<0.05 being statistically significant) of light 

intensity influences were observed in the data sets of PCC 11901 as further discussed in Section 

3.1. Hence, Eq. (5) was employed to encompass all the above mentioned photomechanisms on 

the associated growth terms (i.e., first term on right hand side of Eq. (3) and Eq. (4)). Eq. (5)’s 

light attenuation model, based on the unidirectional illumination of the PBR in Fig. 1, was 

defined by Eq. (6) for the biomass production model (Eq. (3)), and Eq. (7) for the optical 

density model ((Eq. (4)). Light scattering phenomena is often reported to be significant in the 

presence of dense cell mass [25,26]. To overcome this, the embedded light attenuation model 

within the biomass model (Eq. (3)) included both the light absorption and light scattering terms. 

Only pigment dominated light absorption influences were therefore accounted for within the 

optical density model. These assumptions were concluded to be rational for a PBR of this size 

with a short light path length and low aeration rate (no visible gas bubbles during cultivation 

experiments). We therefore assumed light scattering induced by insignificant gas bubbles to be 

negligible in the models, especially for the optical density model.  

𝐼(𝑧) = 𝐼0 ∙ exp[−(𝜏 ∙ 𝑋 + 𝛽 ) ∙ 𝑧] (6) 

𝐼(𝑧) = 𝐼0 ∙ exp[−(𝜏 ∙ OD750) ∙ 𝑧] (7) 
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Where 𝐼0 is the operational incident light intensity (µmol photons m-2 s-1), 𝑧 is the light path 

length (mm) and 𝛽 is the light scattering coefficient (mm-1). 𝜏 is the light attenuation coefficient 

with units of (mm2 g-1) and (mm-1) for Eq. (6) and Eq. (7) respectively. 

The simplified light attenuation model structures (i.e., Eq. (6) and Eq. (7)) have been reported 

by Anye Cho et al., [27] to be numerically stable for dynamic parameter estimation solvers 

without compromising the high solution accuracy, as compared to other literature complex 

light transmission models such as the two-flux approximation of the full radiation transfer 

equation [25,26]. However, incorporation of the PBR’s cylindrical curvature effects in Eq. (6) 

and Eq. (7) will further increase the model complexity and computational burden for the 

dynamic parameter estimation solver. Therefore, further simplifications by approximating the 

observed circular cross-section with a rectangular cross-sectional area as reported in [27,28], 

and altering the light path length to 23.9 mm, was implemented.  

When embedding Eq. (5), Eq. (6), Eq. (7) into Eq. (3) and Eq. (4), the overall predictive model 

is now a partial differential equation (PDE) due to the presence of both temporal and spatial 

dimensions, thus challenging to resolve both dimensions for the non-linear optimisation solver. 

To utilise a less complex ordinary differential equation (ODE) solver, a 20-step trapezoidal 

rule, as shown in Eq. (8), was employed to eliminate the spatial dimensions [15,19] in the 

model. Opposed to the commonly utilised 10-step trapezoidal rule in the literature [15,16,19], 

the extra number of trapezoidal steps were motivated by the observed higher magnitudes of 

biomass concentration (~ 5.3 g L-1 herein) and optical density (~ 24 herein) in PCC 11901 over 

that in the literature (< 3 g L-1) [15,16] for slower growing cyanobacterial species. Therefore, 

the predictive models of PCC 11901 required more integration steps to better approximate its 

spatial dimension related parameters (i.e., 𝑢𝑚, 𝑘𝑠 and 𝑘𝑖) during the parameter estimation 

process. Hence, Eqs. (6), (7), and (8) were then substituted into Eqs. (3) and (4) for the 

remainder of this study. 
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𝑢 (𝐼) =
𝑢𝑚
40
∙ ∑

(

  
 𝐼0

𝐼0 + 𝑘𝑠 +
𝐼0
2

𝑘𝑖

+

2 ∙ 𝐼𝑛∙𝐿
20

𝐼𝑛∙𝐿
20
+ 𝑘𝑠 +

𝐼𝑛∙𝐿
20

2

𝑘𝑖

+
𝐼𝐿

𝐼𝐿 + 𝑘𝑠 +
𝐼𝐿
2

𝑘𝑖
)

  
 19

𝑛=1

 

 

(8) 

2.4.3.2 Modelling PCC 6803 growth associated terms  

Contrary to the statistically significant difference in PCC 11901, the final biomass and optical 

density datasets of PCC 6083 showed statistical insignificance (P>0.05) over the light intensity 

range (300 - 900 µmol photons m-2 s-1) and was therefore not experiencing the above mentioned 

photomechanisms. However, upon performing dynamic student’s t-test(s) over each state 

trajectory as discussed in Section 3.1, two to three discrete time points on each growth 

trajectory did show some level of statistical significance as seen in Fig. 2D, thereby implying 

a partial presence of these photomechanisms. Since these points were observed mostly around 

the exponential growth phase (i.e., between 20 and 60 hours), light saturation to a smaller extent 

was assumed present. Meanwhile, photoinhibition was completely ruled out (i.e., [
𝐼(𝑧)2

𝑘𝑖
] ~0 in 

Eq. (5)) as growth of PCC 6083 was not observed to decline over time and operational light 

intensities. However, the very small extent of light saturation implied that the influence of light 

attenuation on growth of PCC 6083 was also negligible (i.e., 𝜏 = 𝛽 = 0 in Eqs. (6) and (7)), 

thereby leading to Eq. (9). This resulting Monod-like model structure theoretically implies that 

the growth of PCC 6083 will increase linearly at lower operational light intensity until a 

saturation threshold is attained whereby the growth becomes maximal and independent of the 

operational light intensity. Herein, the former linear increase was assumed to only occur below 

300 µmol photons m-2 s-1, and the proposed model was therefore valid to simulate the saturating 

threshold (300 - 900 µmol photons m-2 s-1) when embedding Eq. (9) into Eq. (3) and (4).  
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𝑢 (𝐼) = 𝑢𝑚 ∙
𝐼0

𝐼0 + 𝐾𝑠
 

(9) 

Where 𝐾𝑠 represent the light saturation (µmol photons m-2 s-1).  

2.5 Model parameter estimation methodology 

To estimate the model parameters, a weighted non-linear least-square regression problem (see 

Eqs. (10a) to (10e)) was formulated. Due to the stiffness and high non-linearity of the proposed 

biomass and optical density models, orthogonal collocation over finite elements in time was 

utilised to numerically discretise the differential equations, thus transforming them into a series 

of non-linear algebraic equations. Thereafter, the resulting non-linear optimisation problem 

was solved with an interior point-based solver (i.e., IPOPT [29] version 3.11.1) through an 

open-source interface Pyomo [30,31] within the Python version 3.9 programming environment. 

𝑚𝑖𝑛
𝑃
𝛷(𝒑) = ∑ ∑∑(

𝑦̂𝑖,𝑗,𝑘 − 𝑦𝑗,𝑘(𝑡𝑖 , 𝒑)

𝑦̂𝑖,𝑗,𝑘
)

𝟐

∙ 𝑤𝑖,𝑗,𝑘

𝑁𝑃

𝑖=1

𝑁𝑉

𝑗=1

𝑁𝑠𝑝𝑝

𝑘=1

 

(10a) 

             Subject to: 

                                                  
𝑑𝒚

𝑑𝑡
= 𝑓(𝒚(𝑡), 𝑝) ,                          𝑡 ∈ [𝑡0, 𝑡𝑓]    

(10b) 

𝒚𝒍𝒃 ≤ 𝒚 ≤ 𝒚𝒖𝒃 (10c) 

𝒑𝒍𝒃 ≤ 𝒑 ≤ 𝒑𝒖𝒃 (10d) 

𝒚(𝑡0) = 𝒚𝟎 (10e) 

whereby 𝒑 denotes a vector of parameters, 𝑁𝑠𝑝𝑝, 𝑁𝑉 and 𝑁𝑃 are the number of species (i.e., 

PCC 11901 and PCC 6803), number of state variables (i.e. biomass concentration and optical 

density) and number of experimental data points, respectively, 𝒚 denotes dynamic model 

output, 𝑦̂𝑖,𝑗,𝑘 represents the experimental data point of species 𝑘 with state variable 𝑗 at time 

instant 𝑡𝑖, 𝑤𝑖 is a weighting factor of species 𝑘 for the data point of state variable 𝑗 at time 

instant 𝑡𝑖, 𝒚𝒍𝒃, 𝒚𝒍𝒃, 𝒑𝒍𝒃 and 𝒑𝒖𝒃 denotes the lower and upper bounds of the state variables and 
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parameters, respectively, 𝑡0 and 𝑡𝑓 represents the initial and final cultivation times, 𝒚𝟎 denotes 

the initial concentration of the state variables.  

To simultaneously identify all model parameters as well as their confidence intervals, a 

bootstrapping technique was applied. This has increasingly been used in the machine learning 

community [32–34] for quantification of uncertainties. By implementing the bootstrapping 

methodology, the entire experimental dataset (i.e., 300 - 900 µmol photons m-2 s-1) were 

repartitioned into PE1, PE2 and PE3 as illustrated in Table 2. Eqs. (10a) to (10e) were solved 

on every partition for dynamic model parameter estimation. The obtained parameter estimates 

were statistically aggregated by averaging for the mean and standard deviation. As a caveat, 

the upper and lower bounds of the experimental data sets (i.e., 300 and 900 µmol photons m-2 

s-1) were included in all three data partitions (Table 2). This was to guarantee the models high-

fidelity extrapolations within the investigated range. This was later confirmed with a separate 

cross validation data set which was not utilised during parameter estimation (Table 2).  

To evaluate the impact of the parameter confidence intervals on the various model prediction 

uncertainties, a Latin Hypercube Sampling methodology was used to draw 100 probabilistic 

samples from the confidence intervals. For each probabilistic sample, a dynamic model 

simulation was performed thereby amounting to a total of 100 Monte Carlo simulations 

whereby the mean prediction was computed and compared against the unseen experimental 

data sets. This implementation was carried out in Python version 3.9 using the SMT 1.0.0 and 

Numpy libraries.  

3. Results and discussion 

3.1 Evaluating the influence of light intensity on cyanobacterial growth  

Cultures of PCC 11901 and PCC 6803 were grown at five different light intensities (300, 450, 

600, 750 and 900 µmol photons m-2 s-1), in order to investigate their growth dynamics over a 

wide range covering the low, medium, and high light intensities responsible for 
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photolimitation, photosaturation and photoinhibition respectively. Since the initial biomass 

concentrations and optical densities upon inoculation of the PBR were the same for all five 

investigated incident light intensities, the obtained final biomass concentrations and OD750nm 

after 120 hrs of photoautotrophic growth were firstly analysed with student’s t-test (P<0.05 

being statistically significant) to identify the experimental light intensity (i.e., 𝐼0_𝑜𝑝𝑡) that 

resulted in the highest biomass and OD750nm. Thereafter, the entire biomass and OD750nm time 

evolution profiles corresponding to 𝐼0_𝑜𝑝𝑡 were analysed with the remaining four data sets via 

a student’s t-test (P<0.05 being statistically significant) for the effects of incident light intensity 

on the individual cyanobacterial strains.  

The highest accumulation of biomass concentration and OD750nm in PCC 11901 was observed 

at 750 µmol photons m-2 s-1 with corresponding values of 5.33 g DCW L-1 and OD750nm = 24 

(Fig. 2; Table 4). Biomass accumulation was similar between 300 to 600 µmol photons m-2 s-

1. From 750 to 900 µmol photons m-2 s-1, biomass accumulation decreased by 24.6 % to 4.02 g 

DCW L-1. A similar trend was observed in the OD750nm measurements. The increase from 

300/450/600 to 750 µmol photons m-2 s-1 suggests that cultivation of PCC 11901 below 750 

µmol photons m-2 s-1 is suboptimal, possibly resulting in lower photosynthetic electron 

transport rates not sufficient for optimal carbon fixation [35].  

Conversely, the decrease from 750 to 900 µmol photons m-2 s-1 could be due to photoinhibition 

[35], thus reducing the electron transport rate. It therefore confirms the use of Eq. (5) in Section 

2.4.3 to mechanistically describe the three distinguishable photomechanisms, namely (i) 

photolimitation, (ii) photosaturation and (iii) photoinhibition. This further validates the 

implementation of the dynamic modelling approach to account for the dynamic light intensity 

effects on growth of PCC 11901. Fig. 2C shows the existence of statistical significance 

(P<0.05) over the entire trajectory and not just the final biomass concentration and OD750nm in 

Fig. 2A.   
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The final biomass concentration and OD750nm of PCC 6803 showed no statistically significant 

difference (P > 0.05) over the 300 to 900 µmol photons m-2 s-1 range (Fig. 2B). This was 

unexpected and could be due to the light intensity saturation threshold of PCC 6803 being 

lower than 300 µmol photons m-2 s-1, which is when cultivation of PCC 6803 is typically 

performed [9]. However, the lack of declining growth due to photoinhibition within this 300 to 

900 µmol photons m-2 s-1 range could be due to the light adaptation strategy outlined in Table 

2. This may allow cells to acclimate to constant quantum yields, thus engendering similar rates 

of electron transport, even at the higher light intensities, and thus already at the theoretical 

maximum production rates of biomass and OD750nm (Fig. 2B). However, it should be noted that 

this has not been observed in other studies [8–10], thus further experiments (e.g., fluorometry 

measurements [35,36]) to quantify electron transport should be conducted. This data could also 

be used to perform a Dynamic Flux Balance Analysis (DFBA) [37] which could lead to 

strategies for engineering the light absorption and light utilisation mechanisms of PCC 6803 in 

order to optimise this species for higher light intensities (i.e., >300 µmol photons m-2 s-1) to 

achieve maximum titer and yields. 

3.2 Mathematical model-based analysis  

3.2.1 Parameter estimation results 

For the constructed dynamic models to yield reliable predictions of the observed biomass and 

optical density state variables, all model parameters must first be identified in a precise and 

accurate manner. Second, the estimated model parameters have associated uncertainties which, 

if known, can aid the model’s predictions, allowing fidelities to be assessed and enabling the 

implementation for bioprocess control and optimisation. The bootstrapping technique is often 

utilised for this uncertainty quantification in machine learning models [32,33,38] and was 

herein adapted for this analysis, as discussed in Section 2.5. Table 3 lists the identified mean 

Commented [AB4]: This addresses the comments of 
reviewer 2 regarding rephrasing the title. 
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parameter values for n=3 bootstrapping partitions and their standard deviations for both the 

optical density and biomass models respectively. These parameter results were compared 

against those available from previous studies as seen in the last column of Table 3, showing 

that they were well within the range from previous studies [10,16,17,22,23,39]. The sole 

exception was for the OD light absorption coefficient which was previously unavailable and 

therefore compared against those from previous literature biomass models [22,23], which 

generally agreed with our outcomes and thereby validated the reliability of the presented 

results.   

Figure 3 and 4 show the predicted biomass model fit against the experimental data points from 

which the optimal parameter results in Table 3 were obtained via the bootstrapping technique. 

The fittings of the biomass and OD750nm models were similar as justified by their equally 

obtained percentage relative errors (%RE) (i.e., circa 13.8 % and 18.0 % for PCC 11901 and 

PCC 6803). Therefore, only the biomass model fittings were shown herein while the OD750nm 

model fittings were presented in Figs. S1 and S2. An in depth analysis of the model fitting 

results were carried out by computing the overall average percentage relative errors (%RE), 

which showed the model predictions of PCC 11901 (i.e., 13.8 %) to follow the experimental 

datasets better than the one of PCC 6803 (i.e., 18.0 %), with similar observations for the cross 

validation runs (i.e., 9.3% and 18.8 % respectively). Whilst this was expected due to the larger 

standard deviation between the experimental datasets observed in PCC 6803 (Fig. 4 and Fig. 

S2), it was deemed acceptable when considering that typical light driven bioprocesses are often 

associated with larger uncertainties [27,40]. Nonetheless, all the model trajectories were seen 

to represent the experimental data points, thereby capturing the underlying complex behaviours 

with a small subset of biokinetic parameters. This confirms that the postulated mechanistic 

hypothesis during the model construction and implemented model structural simplifications for 

the dynamic parameter estimation solver were all valid. 
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3.2.2 Probabilistic model predictive validations 

To utilise the constructed dynamic models for estimating the optimal operating conditions for 

industrial use of strains, as well as for model implementation during long-term bioprocess 

simulation, optimisation and control, it was necessary to evaluate the model performances for 

predicting unseen experimental data sets. Since the experimental data sets at 450, 600 and 750 

μmol photons m-2 s-1 represented the cross validation runs in Table 2 and without embedded 

uncertainties, the same conditions were simulated upon embedding the aggregated 

bootstrapping uncertainties. For this, 100 Monte Carlo simulations were performed by 

sampling the model parameter confidence intervals in Table 3 and propagating their influences 

on the dynamic model’s output. Fig. 5 shows the biomass model predictions under uncertainty 

for the two cyanobacterial strains. The mean prediction from the uncertainty bands (in grey) 

were computed to compare against the experimental data points. Whilst the uncertainty bands 

reflect the degree of variability imposed by the parameter confidence intervals, those for the 

biomass and optical density models were similar. Thus, only those for the biomass model were 

shown in Fig. 5 while those of the optical density models are presented in Fig. S3. These 

uncertainty bands are observed to grow (i.e., increase of bandwidth size) with time, indicating 

the models to be responsive to changes of these parameters. Generally, as the parameter 

changes did not induce large uncertainty bands, they are therefore safe for re-estimation during 

online dynamic bioprocess control. To evaluate the model’s prediction under uncertainty 

versus the pure model outputs, the overall %RE in Fig. 5 were computed (i.e., 8.9 % and 19.4 

% for PCC 11901 and PCC 6803 respectively) and compared to that of the bootstrapping cross 

validation runs (i.e., 9.3 % and 18.8 % for PCC 11901 and PCC 6803 respectively). From this 

analysis, a 4.5 % prediction improvement in PCC 11901 and 3.1 % prediction deterioration in 

PCC 6803, respectively, were observed under uncertainty. The former percentage 

improvement was expected for the two models (i.e., PCC 11901 and PCC 6803) as mildly 
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perturbing responsive model parameters have been shown by Anye Cho et al., [27] to improve 

prediction accuracy. However, the unexpected prediction deterioration in PCC 6803 can be 

attributed to its noisy experimental data sets. Hence, the small 3.1 % prediction deterioration 

is expected to be reversed if presented with a less noisy experimental data sets since the 

simulation performance will be relatively high. 

3.2.3 Overall comparison of the two cyanobacterial strains  

As the prediction performance of the dynamic models for both the seen and the cross validated 

experimental datasets were within the wide operating range from 300 to 900 μmol photons m-

2 s-1 , its full potential was then explored to address pertinent questions about the bioprocess 

dynamics, in particular: (i) which of the two cyanobacterial strains is fastest growing across a 

range of light intensities, (ii) what are their respective optimal light intensities, and (iii) does 

light intensity impact their upscaling potentials?   

From the growth characteristics of the two strains outlined in Table 3, it was observed that the 

maximum specific growth rate of PCC 91101 was over two fold higher than that of PCC 6803. 

Whilst this increase was consistent with the experimental data sets, the order of magnitude was 

however about four-fold higher when comparing the final biomass concentration and optical 

densities as illustrated in Table 4. These disparities indicate that the results outlined in Table 4 

are insufficient for characterising the strain specific growth properties as the dynamic model 

and estimated parameters can predict these results, but the reverse is not possible. Nonetheless, 

the faster growth of PCC 11901 agrees with previous studies [8,10], which demonstrated that 

it was superior to other ‘fast’ growing cyanobacterial strains like UTEX 2973 and PCC 7002. 

The light saturation coefficient of PCC 6803 was about two-fold lower than that of PCC 11901, 

indicating superior light affinity and utilisation efficiency. This implies PCC 6803 should be 

the faster growing strain which contradicts previous literature findings [8,10]. Explaining this 
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inconsistency is far beyond the capabilities of the linearised curve fitting literature methods for 

estimating and comparing maximum specific growth rate. This was addressed with the dynamic 

mechanistic modelling approach by analysing the maximum specific growth and decay rates 

in Table 3. Those of PCC 6803 were seen to be of similar order of magnitudes while the decay 

rate of PCC 11901 was about 67-fold lower than its maximum specific growth rate. This 

implies that for the portion of absorbed and utilised light intensities within the 300 to 900 μmol 

photons m-2 s-1 range, PCC 11901 was experiencing unbalanced growth dominating Eqs. (3) 

and (4), whereas that of PCC 6803 was balanced. Hence, the higher light affinity and utilisation 

efficiency of PCC 6803 compared to PCC 11901 was not directed towards growth promoting 

activities and was herein interpreted to be either for (i) cell maintenance, and/or (ii) 

fluorescence heat generation. Cell maintenance encompasses non-growth related metabolic 

activities performed by the cells to stay alive which usually consume energy in the form of 

adenosine triphosphate (ATP). Since ATP and nicotinamide adenine dinucleotide phosphate 

(NADPH) are the products of light dependent reactions [41], it was reasonable to assume that 

ATP and NADPH generation in PCC 6803 was mostly directed towards cell maintenance and 

not for carbon fixation via Calvin-Benson-Basshan cycle. This assumption was reasonably 

valid as the final biomass concentration ultimately derived from carbon fixation did not change 

within the investigated 300 to 900 μmol photons m-2 s-1 range. This also suggests that extra 

absorbed light above 300 μmol photons m-2 s-1 was mostly wasted as heat and not utilised for 

growth of PCC 6803 since Eqs. (3) and (4) were balanced. 

The remaining two questions were only valid for PCC 11901 since the 300 to 900 μmol photons 

m-2 s-1 range were observed to be above the light intensity saturation threshold for PCC 6803, 

suggesting growth is light independent. As per the optimal light intensity of PCC 11901, the 

model derivative with respective to the light intensity was taken and equated to zero (i.e., 

𝑑𝜇(𝐼)

𝑑𝐼
= 0), thereby resulting in optimal light intensities, 𝐼𝑜𝑝𝑡 = √𝑘𝑠 ∙ 𝑘𝐼   of 727.0 μmol photons 
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m-2 s-1 and 742.9 μmol photons m-2 s-1 for the respective biomass and optical density models, 

respectively, and averaging 735.0 μmol photons m-2 s-1 to encompass both aspects. The similar 

𝐼𝑜𝑝𝑡 values between both models (i.e., biomass and OD750nm) suggest that they can be used 

interchangeably for (i) optimal design of experiments, and (ii) online bioprocess control since 

OD750nm measurements with a UV/VIS spectrophotometer are more easily obtained over 

quantifying biomass. Second, these predicted optimal values are within the range of several 

other cyanobacterial species [8,10,42], supporting their validity. Although 𝐼𝑜𝑝𝑡 was slightly 

lower than the optimal 750.0 μmol photons m-2 s-1 reported highest biomass and OD750nm from 

experimental data (i.e., 𝐼0_𝑜𝑝𝑡), the 15 μmol photons m-2 s-1 difference was negligibly small 

(circa 2 %) and indicates the accurate dynamic estimation of 𝑘𝑠 and 𝑘𝐼 under the PBR light 

path length with 20-step trapezoidal approximations.  

Next, we considered whether the upscaling potential of PCC 11901 will be severely impacted 

by light intensity. The light absorption coefficient was identified as the main parameter to be 

compared against values from photobioreactors of different scales and configurations. This was 

motivated by the intrinsic nature of the light absorption coefficient to cyanobacteria and the 

light attenuation challenges being the primary limitation for upscaling photobiological 

processes, as was investigated by Anye Cho et al., [19]. Therefore, a high light absorption 

coefficient would indicate rapid diminishing local light transmissions within the PBR as its 

diameter was increased for upscaling, and vice-versa. The PCC 11901 light absorption 

coefficient compared well to that observed in previous studies [22,23] (i.e., 67 ≤ 𝜏 ≤ 225 mm2 

g-1) outlined in Table 3. This suggests that upscaling of PCC 11901 cultivation will not be 

severely impacted by light intensity since previous studies used PBRs ranging from 0.5 L 

cylindrical PBRs [43,44], 1.0 L flat-plate [21,23] and tubular [45] PBRs, to as large as 120.0 L 

flat-plate PBRs [46,47]. 
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4. Conclusions 

In this investigation, experimental observation of biomass concentrations and optical densities, 

and statistical analysis with student’s t-test were jointly exploited to support the incorporation 

of various photomechanisms within the dynamic mechanistic models of two cyanobacterial 

strains: PCC 11901 and PCC 6803. Whilst such models for OD750nm were previously 

unavailable, the similarities of their growth profile to biomass models justified the existence of 

similar model structures and was herein implemented for the first time. Even so, the model for 

PCC 11901 embedded the complicated influences of incident light intensity, light attenuation 

and photomechanisms, whereas the one for PCC 6803 was only limited by the incident light 

intensity and photosaturation mechanisms. To simultaneously estimate the model parameter 

values and their associated confidence intervals, bootstrapping techniques with 3-fold cross 

validations was implemented. Thereafter, the models’ predictions under uncertainties were 

thoroughly validated against unseen experimental data sets with small simulation errors 

averaging less than 19 %. Of the two species, PCC 11901 showed superior prediction fidelities 

and faster growth. Whilst fluorometry measurements are recommended in future for 

confirming the light-stressed photosynthetic activities of PCC 6803 within the 300 to 900 μmol 

photons m-2 s-1 range, further model-based analysis was carried out on the PCC 11901 model 

parameters. As a result, 735.0 μmol photons m-2 s-1 was identified as the optimal cultivation 

light intensity, and without severe light limitations during bioprocess upscaling. Therefore, 

these presented findings will benefit future biotechnological upscaling, online bioprocess 

control and exploitation of these strains. 
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