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Saturating growth rate against phosphorus concentration
explained by macromolecular allocation

Gabrielle Armin,’ Jongsun Kim,? Keisuke Inomura’
AUTHOR AFFILIATIONS See affiliation list on p. 9.

ABSTRACT The saturating relationship between phytoplankton growth rate and
environmental nutrient concentration has been widely observed, yet the mechanisms
behind the relationship remain elusive. Here, we use a mechanistic model of phyto-
plankton and show that the saturating relationship between growth rate and phospho-
rous concentration can be interpreted by intracellular macromolecular allocation. At
low nutrient levels, the diffusive nutrient transport linearly increases with the phospho-
rous concentration, while the internal phosphorous requirement increases with the
growth rate, leading to a non-linear increase in the growth rate with phosphorous. This
increased phosphorous requirement is due to the increased allocation to biosynthetic
and photosynthetic molecules. The allocation to these molecules reaches a maximum
at high-phosphorous concentration, and the growth rate no longer increases despite
the rise in phosphorous concentration. The produced growth rate and phosphorous
relationships are consistent with the data of phytoplankton across taxa. Our study
suggests that the key control of phytoplankton growth is internal, and nutrient uptake is
only a single step in the overall process.

IMPORTANCE The Monod equation has been used to represent the relationship
between growth rate and the environmental nutrient concentration under the limitation
of this respective nutrient. This model often serves as a means to connect microorgan-
isms to their environment, specifically in ecosystem and global models. Here, we use a
simple model of a marine microorganism cell to illustrate the model’s ability to capture
the same relationship as Monod, while highlighting the additional physiological details
our model provides. In this study, we focus on the relationship between growth rate
and phosphorus concentration and find that RNA allocation largely contributes to the
commonly observed trend. This work emphasizes the potential role our model could
play in connecting microorganisms to the surrounding environment while using realistic
physiological representations. Editor Xiao-Hua Zhang, Ocean University of China,
Qingdao, Shandong Province, China
KEYWORDS Monod kinetics, phytoplankton, macromolecular allocation, nutrient, Address correspondence to Jongsun Kir,

growth, protein, carbohydrate, lipid, DNA, RNA, nutrient storage jongsun kim@utrgveedu.
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hytoplankton are responsible for most primary production and photosynthesis in T N A
the ocean (1, 2). They are also at the core of global biogeochemical cycles and the alphabetically and by increasing seniority.

oceanic, biological carbon pump (3, 4), the magnitude of which is strongly influenced

by the phytoplankton growth rate (5, 6). Nutrient fluxes of nitrogen (N) and phosphorus

(P) are often the major limiting factor in phytoplankton growth (7-9). Due to the altered

nutrient supply, environmental changes, including eutrophication and climate change, Received 15 June 2023

have had a significant effect on the growth rate and size of phytoplankton (7, 10—  Accepted 25 June 2023

. . . Published 29 August 2023
12). Understanding the growth rate of phytoplankton and their response to respective
nutrient concentrations provides insights into physiological responses at the cellular Copyright © 2023 Armin et al. This is an open-access

level (13). Therefore, the relationship between phytoplankton growth rate and nutrient amded'smbm_ed 9nderthe terms.Ofth? creative
Commons Attribution 4.0 International license.
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concentration in the ocean is critical to understand their role in marine ecosystems.
One such model that quantifies this relationship is the Monod kinetic model which
describes the growth rate of phytoplankton (u) as a function of nutrient concentration
following (Eq. 1) (14).

_ S
K= Fmog g (Eq. 1)

Here, tyqy is the maximum specific growth rate (day™') of microorganisms at substrate
saturation, S is the substrate concentration (uM), and K is the half-saturation constant
(uM) as a value of substrate concentration corresponding to half of umgy. The equation
suggests that extracellular nutrient concentration is the limiting factor of phytoplankton
growth rates. Subsequent studies illustrated these nutrient dependencies on growth
rates by applying Monod’s theory to various marine plankton and substrates (15-17).
Select studies demonstrated that the growth rate was affected by different phosphorous
concentrations and uptake rates when testing the Monod kinetic model with various
phytoplankton (18-20).

Still, the Monod equation is widely applied to predict the relationship of growth
rate and nutrient concentrations, specifically phosphorous. Although the Monod model
derives the maximum growth rate, it conveys limited physiological information. For
example, it is still unclear what controls the maximum growth rate and the reason
behind the saturating relationship between nutrient concentrations and the growth rate.
Previous studies (21, 22) pointed to internal effects within phytoplankton as the cause of
growth rate limitation, but a mechanistic model of cellular processes would offer further
physiological-based predictions (23).

The Cell Flux Model of Phytoplankton (i.e., CFM-Phyto) was recently developed to
explore the relationship between growth rate, elemental stoichiometry, and macromo-
lecular allocation (e.g., proteins, DNAs, RNAs, carbohydrate, and chlorophyll) in phyto-
plankton (24) (Fig. 1). Subsequent studies demonstrated that CFM-Phyto provides key
insights of cellular physiology in the various environments. For example, CFM-Phyto was
applied to predict C:P ratios in the ocean with the satellite remote sensing data (25)

Biosynthesis Photosynthesis
RNA Thylakoid Lipids

Essential
DNA
Other P
Other Carbon

FIG 1 The Cell Flux Model of Phytoplankton (CFM-Phyto) under P limitation. The model allocates carbon (maroon) and phosphorus (olive) to four intracellular
macromolecular pools: biosynthesis (teal), photosynthesis (pink), essential (purple), and storage (yellow). Each macromolecule requires varying levels of C and
P (24), indicated by the bar below the macromolecule. When C is limited, there is no allocation of C to storage. The essential pool represents macromolecules
needed for basic cell survival and structure and is assumed to remain constant with growth rate.
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and explore the temperature dependency of nutrient ratios in phytoplankton (26). A
recent study also used the CFM-Phyto to understand the saturating relationship between
phytoplankton growth rate and nitrogen concentration and provided macromolecular-
based interpretations (27). However, there is a lack of understanding of the relationship
between growth rate and phosphorous concentrations in phytoplankton from a cellular
perspective, although phosphorous is one of the key elements in aquatic ecosystems (28,
29).

In this study, we focus on CFM-Phyto’s ability to provide physiological context and
use it to interpret the saturating relationship between the growth rate and phosphorus
concentration. We developed the model to address the following questions: (1) Can
CFM-Phyto capture the saturating relationship between PO4*~ concentration and growth
rate often modeled by Monod kinetics? (2) What leads to the saturating relationship
between the growth rate and phosphorus concentration? (3) How does this relationship
differ from that between growth rate and nitrogen concentration? Here, we focus
on the relationship between the growth rate and the concentration of one of the
major nutrients, PO4>, using data of phytoplankton across taxa. The model provides
a macromolecular-based interpretation of the widely observed saturating relationship.

RESULTS AND DISCUSSION

We compared both the Monod mathematical model and the CFM-Phyto output to
experimental data of the measured growth rates with increasing PO4>~ concentrations
for 15 organisms (Fig. 2; Fig. S1). Here, we define two major phases from the model
output: a rapidly increasing growth rate followed by a constant growth rate. During the
sharp increase, P availability limits growth, while C availability limits growth during the
second phase. Similar to an N-limited environment (27), the addition of C limitation to
the model forces the growth rate to reach a saturation point rather than continuously
increasing as illustrated in the Monod mathematical model, as shown in most data (Fig.
2; Fig. S2). By imposing a maximum growth rate, and in turn, a maximum amount of
cellular phosphorus, CFM-Phyto realistically represents nutrient dynamics within a cell.
One mechanism that neither Monod nor CFM-Phyto captures is the growth inhibition
at high concentrations of phosphorus observed in Sphaerocystis schroeteri (Fig. 2F) and
Synedra radians (Fig. STE). The mechanism behind the growth inhibition is unknown. A
possible mechanism may include negative feedback. Also, the data are not based on the
axenic culture, and the high phosphorus concentration might have induced the growth
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FIG 2 Measured (maroon points) and predicted growth rates with increasing PO4*~ using the Cell Flux Model of Phytoplankton (CFM-Phyto; black line) and

the Monod formulation (dotted teal line) for various organisms (A) Microcystis (18), (B) Chorella sp. (20), (C) Nitzschia palea (20), (D) Oocystis pusilla (20), (E)

Scenedesmus quadricauda (20), (F) Sphaerocystis schroeteri (20), (G) Synechocystis sp. PCC6803 (19), and (H) Pelagomonas capsulatus (17).
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of other organisms harmful to the measured organisms. Further studies need to be done
to clarify the common mechanisms of such growth inhibition, which may eventually
be incorporated into the modeling. In this study, the macromolecular allocation largely
explains the saturating growth curve, as observed in most phytoplankton taxa.

Under P limitation, the cell prioritizes P use in biosynthesis, photosynthesis, and
building essential biomolecules (Fig. 3) without accumulating any P in storage. Therefore,
macromolecular allocation to RNA largely contributes to the observed increasing growth
rate at low P concentrations. RNA ultimately controls protein synthesis which is necessary
to create proteins that enhance key cellular reactions within photosynthesis and
biosynthesis that produce energy for the cell, allowing it to grow. The initial investment
in P uptake allows the cell to make these key biomolecules which contribute to high
growth rates. As the growth rates increase, C storage depletes and eventually C limitation
occurs which causes the increasing growth rate to slow to a constant value of 1.16
d™". When P is the most limiting factor, the cell uses available C in storage to create
photosynthetic machinery and RNA, both integral to the central metabolism of the
phytoplankton cell. Once the C stores are exhausted, the cell may not grow faster with
additional PO4>" availability.

Generally, phytoplankton follows these patterns of P allocation, but there are some
variations species-to-species (Fig. 4; Fig. S2). Specifically, the higher maximum growth
rates may require more P to build RNA and photosynthetic molecules and contribute to
the variation in P dedication to these macromolecules among the different phytoplank-
ton species. Here, Synechocystis sp. PCC6803 (19) had the highest maximum growth rate,
and accordingly, the model predicts the highest P:C value and fraction of RNA (Fig. 4G).
Whereas we did not include P storage in this particular study, it is likely that such luxury
uptake of P happens in many cases, when C becomes limited and thus P may no longer
be limited. Data compilations so far suggest that eukaryotic cells tend to store more
P for specific biomass (30-32). At the species level, however, the magnitude of the P
storage varies, and additional measurements would be needed to constrain the P storing
capacity of the individual species.

The framework of the CFM-Phyto allows for a strong connection between the
phytoplankton cell and the environment by predicting maximum growth rates and
macromolecular allocation of P in various environmental conditions, such as nitrogen
limitation or changing light availability (Fig. 5). In reality, there are many factors that
govern phytoplankton growth in the surrounding environment, and by limiting the
external factors to a single stressor, the Monod model excludes other key influences.
Using the CFM-Phyto illustrates that light intensity has impacts on maximum cellular
growth in addition to nutrient limitations. With increasing light intensity, the maximum
growth rate increases and requires a higher concentration of P to reach this maximum
(Fig. 5A). Increasing light intensity, before the point of photoinhibition, allows for
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FIG 3 An example of simulated growth rate and macromolecular allocation produced by the cell flux model of phytoplankton (CFM-Phyto). (A) Growth rate. (B)
Macromolecular allocation based on P (per cellular C). (C) C-based macromolecular allocation. The overall patterns of the relationships are conserved across the

simulations.
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FIG 4 Species-specific predictions of macromolecular allocation of P to three cellular pools: RNA (green), photosynthetic molecules (orange), and other (blue).

Other molecules include DNA and remaining P. (A) Microcystis (18), (B) Chorella sp. (20), (C) Nitzschia palea (20), (D) Oocystis pusilla (20), (E) Scenedesmus

quadricauda (20), (F) Sphaerocystis schroeteri (20), (G) Synechocystis sp. PCC6803 (19), and (H) Pelagomonas capsulatus (17).

efficient photosynthetic activity (33-35), supporting fast growth in the cell, but increases
the P requirement to build macromolecules such as RNA to maintain these higher
growth rates. In addition to these external factors, the CFM-Phyto simulates macromolec-
ular allocation of P under P and N limitation (Fig. 4; Fig. 5B). Higher N availability (here
NO3™") leads to higher photosynthetic and biosynthetic molecules (e.g., RNA), leading
to higher allocation of P to these molecules, until the N switches to C limitation where
N availability may no longer have an impact. Under both N and C limited cases, luxury
uptake of P may occur, and the magnitude of the P storage would depend on multiple
factors, including the availability of P, growth rate, and the individual capacity of P
storage (32).

Macromolecular allocation explains the cellular dynamics of nutrient uptake and
highlights the differences between N and P. Previously, we captured a similar saturating
growth curve using CFM-Phyto for increasing N concentrations (27). In both nutrient
limitations (N and P), there is an increasing phase of growth, followed by a constant
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FIG5 The Cell Flux Model of Phytoplankton (CFM-Phyto) predicts growth rate (u) with increasing phosphate concentration (PO4>) for various environmental

conditions including light intensity. (A) Darker colors represent higher light intensity or temperature. CFM-Phyto also predicts macromolecular allocation of

phosphorus under nitrogen limitation (B).
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growth rate. Similarly, the first part is characterized by P or N limitation, where the
growth rate increases with the addition of each nutrient, and the stable part is due to C
limitation. The subtle, yet noteworthy, difference between the two nutrients is the rate
and nature of the increase during the N or P limitation. To compare the two nutrients
(Fig. 6A), we normalized the N value to P by dividing N by 15, a commonly observed
N:P value in oceanic organic matter and water (30). For each nutrient, we have a unique
set of equations that highlight these differences and offer a physiological explanation
for the discrepancies. On the macromolecular level, P allocation is dominated by RNA,
whereas N is predominantly allocated to proteins. Proteins are mainly used as enzymes
that catalyze biosynthetic reactions, whereas RNA is mainly involved in protein synthesis.
This difference in biochemical roles leads to the difference in the relationship between
these molecules and growth rate, leading to a linear relationship between growth rate
and protein and a quadratic relationship between growth rate and RNA, respectively (24,
36-38). Because the growth rate and the cellular content of limiting nutrient are inversely
related, a quadratic relationship between the growth rate and P rich RNA leads to a more
gradual change in growth rate toward C limitation relative to the initial slope under P
limitation (Fig. 3B). This trend may contribute to more data points where growth rate
increases with nutrient concentration under P limitation than N limitation (compare this
study and reference 27).

Conclusion

Previously, the widely used Monod mathematical formulation modeled the saturating
growth rate with increasing phosphorus concentration. Here, we illustrate the strength
of using CFM-Phyto to capture this trend due to its predictions of macromolecular
allocation, specifically for phosphorus and carbon allocation within the cell. Physiolog-
ically, the saturating relationship between P and growth rate can be attributed to a
dedication to RNA molecules and a depletion of C storage, and thus, C allocation to
growth-related and essential molecules. Moreover, the allocation to RNA, rather than
to proteins, explains the subtle difference between P- and N-based growth. Due to the
ease the Monod model provides of relating nutrient uptake and growth, it is often
used in ecosystem models to connect nutrient consumption to lower trophic organisms.
However, CFM-Phyto captures the trend as well as Monod and provides additional
information about cellular physiology like macromolecular allocation and may be altered
to simulate other environmental conditions such as light intensity. CFM-Phyto remains
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FIG 6 Comparison of growth with increasing nutrient concentrations (A) of PO4> (solid, teal line) and NO3™ (dashed, maroon line) for the respective nutrient

limitation (i.e,, P and N limitation) normalized to the cellular ratios of phosphorus using a typical nutrient ratio (30) (i.e., dividing N by 15). (B) Comparisons of

intracellular P:C (teal) (Mol P mol C™") and N:C (maroon) (Mol N mol C™') for increasing growth rate.

Month XXXX Volume 0 Issue 0

10.1128/msystems.00611-23 6


https://doi.org/10.1128/msystems.00611-23

Research Article

a simplistic representation of phytoplankton and thus can be used in larger ecosystem
models while providing more cellular predictions based on the ever-changing, surround-
ing environment.

MATERIALS AND METHODS

The following details outline our use of both the Monod mathematical kinetics model
and the CFM-Phyto to capture the trend between phosphorus concentration and growth
rate. Not only this, but we also provide equations and assumptions that led to the
physiological interpretation of this commonly observed trend. We used published data
that spanned phytoplankton taxa to illustrate the versatility of the CFM-Phyto. Please
see the supplemental material for a list of the data sets we used and notes about the
experiments (Table S1).

Monod kinetics

To optimize the Monod kinetics mathematical model (Eq. 1), we used the Metropolis-
Hastings algorithm (39-41), a Markov Chain Monte Carlo (MCMC) method that intro-
duces perturbations to our initial estimates and eventually converges to parameter
values that best fit the data. We gave initial estimates for the maximum growth rate
(Mmax) @and the half-saturation constant (Kp), converging on the best solution with visual
trial-and-error. We recorded the resultant values of the maximum growth rate and the
half-saturation constant for each data set (Table S2).

CFM Representation

The CFM-Phyto is a coarse-grained model that predicts nutrient allocation to
four categories of macromolecules including molecules involved in photosynthesis,
biosynthesis, essential cellular structure and survival, and storage of nutrients (Fig. 1).
Additionally, it calculates the resulting elemental stoichiometry (C:N:P). A variety of
environmental conditions can be simulated using this model. CFM-Phyto is based on
key assumptions that include linear relationships between the RNA, protein, and growth
rate (36, 37, 42, 43), a constant macromolecular composition of the photosynthetic
machinery (44-47), and a saturating function between irradiance and photosynthesis
(48, 49). These assumptions, in addition to the following macromolecular allocation
equations, comprise the model.

Again, we grouped biomolecules into four categories: photosynthesis, biosynthesis,
essential, and storage (Fig. 1). Phosphorus is primarily dedicated to RNA in biosynthesis,
the thylakoid membrane lipids in photosynthesis, DNA, and structural lipids in essential
biomolecules, and storage. Storage of either phosphorus or carbon only occurs when
that nutrient is in excess. Here, we ran the model in phosphorus limitation and carbon
limitation. Therefore, carbon is only stored during phosphorus limitation, and phospho-
rus is only stored during carbon limitation.

For an extensive list of all equations, parameters, their respective definitions, and
derivations please refer to Tables S3 and S4 in the supplemental material. Here, we
highlight some key equations that informed the model output. First, we describe the
equations that quantify macromolecular allocation for carbon (Eq. 2), phosphorus uptake
(Eg. 3-5), and phosphorus allocation (Eq. 6). We simplified these equations, along with
those listed in the supplemental material, into two equations (Eq. 7-8) and solved them
for the growth rate:

Chl ip—
1= Qgro + QIéNA + QgNA + QC + lelp Thy + Qgsto + Qgther (Eq. 2)

The categories we used include proteins (QX°), RNA molecules (QXN4), DNA

molecules (Q2N4), chlorophyll (Qghl), phospholipids in the thylakoid membranes
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(Q?”’_ Thy) phosphorus carbon storage (Qg“”), and all remaining carbon labeled as other
(Q9™). We describe the change of cellular phosphorus concentration over time (%) by
subtracting the phosphorus dedicated to new cell growth (4Qp) from the rate of nitrogen
uptake (V5p).

d
vy (g 3)

We assumed there is no change in the cellular phosphorus concentration over time

—dthP = 0), or steady-state conditions, and (Eq. 3) becomes

Vp = puQp (Eq. 4)

where the cellular phosphorus is defined by the macromolecular allocation of
phosphorus (Eq. 6). This equation assumes the rate of diffusion limits the cellular
concentration of phosphate; thus the uptake is linearly related to the phosphate

concentration [POZ B ] with an affinity constant Ap (50):

Vp = Ap[PO; | (Eq.5)

We calculated phosphorus allocation using a stoichiometric ratio (24, 51) between
phosphorus and carbon to convert the above carbon calculations to a value representa-
tive of phosphorus (Eq. 6).

h
Qp = QN + Q84 + QRN 4 Q" + @ (Eq. 6)

The model allocates phosphorus to lipids in the thylakoid membranes (Q;hy), RNA

molecules (Q¥V4), DNA molecules (Q5M*), and the remaining phosphorus (Qg”'). To
obtain the growth rate, we solve the relationship for both C limitation under the steady
state, (Eq. 7) and (Eq. 8), respectively:

0 = acu® + beu + cc (Eq.7)
0 = apu® + bpu® + cppt + dp (Eq. 8)

Terms a, b, ¢, and d are defined by a suite of parameters from previously described
biomolecule definitions. For an extensive description of terms a, b, and ¢, derivations,
and parameter definitions, please refer to the supplementary material (Table S3 and S4).
Here, the major difference between the two equations is that solving for phosphorus
requires a cubic, rather than a quadratic, function. This occurs due to the additional
growth rate factor (Eq. 4) necessary to quantify the uptake rate of phosphorus into the
cell.

Similar to the Monod optimization, we used the Metropolis-Hastings algorithm with
CFM-Phyto to converge to the best representation of the data, predicting the best values
for the affinity to phosphorus (Ap) and the stoichiometric ratio for the cellular photosyn-
thetic enzyme nitrogen to chlorophyll ratio (Appo; Table S5). We also included the values
for Ap (or Ay, affinity to nitrogen (27), for a specific case) and App, for the example cases
in Table S5. Phosphorus concentration does not directly influence this parameter, Appo,
rather it indirectly affects the enzyme due to the changes in RNA concentration, which
comprises a large fraction of intracellular phosphorus. Additionally, we defined a set light
intensity (I) for the model runs which was equal to the respective light intensity used in
each experiment.

Month XXXX Volume 0 Issue 0

mSystems

10.1128/msystems.00611-23 8


https://doi.org/10.1128/msystems.00611-23

Research Article

ACKNOWLEDGMENTS

This research was supported by the U.S. National Science Foundation under EPSCoR
(Established Program to Stimulate Competitive Research) in Rhode Island Cooperative
Agreement (OlA-1655221 to K.l), the U.S. National Science Foundation (OCE-2048373,
subaward SUB0000525 from Princeton University to K.I.), and the Rhode Island Science
and Technology Advisory Council (STAC) (to K.I.) a part of the U.S. National Science
Foundation under EPSCoR in Rhode Island Cooperative Agreement (OIA-1655221).

The authors declare that they have no known competing financial interests or
personal relationships that could have appeared to influence the work reported in this

paper.

AUTHOR AFFILIATIONS

'Graduate School of Oceanography, University of Rhode Island, Narragansett, Rhode
Island, USA

2School of Earth, Environmental, and Marine Sciences, University of Texas Rio Grande
Valley, Brownsville, Texas, USA

AUTHOR ORCIDs

Jongsun Kim & http://orcid.org/0000-0001-7697-7940
Keisuke Inomura @ http://orcid.org/0000-0001-9232-7032

FUNDING
Funder Grant(s) Author(s)
National Science Foundation (NSF) OIA-1655221 Keisuke Inomura
National Science Foundation (NSF) OCE-2048373, subaward Keisuke Inomura
SUB0000525 from Princeton
University
Rhode Island Science and Technology Keisuke Inomura

Advisory Council (STAC)

AUTHOR CONTRIBUTIONS

Gabrielle Armin, Formal analysis, Funding acquisition, Investigation, Methodology,
Visualization, Writing — original draft, Writing — review and editing | Jongsun Kim,
Formal analysis, Funding acquisition, Investigation, Methodology, Visualization, Writing
— original draft, Writing — review and editing | Keisuke Inomura, Conceptualization,
Funding acquisition, Methodology, Project administration, Resources, Supervision,
Writing — review and editing

DATA AVAILABILITY

The model code for this study can be found here: https://zenodo.org/badge/latestdoi/
606055092

ADDITIONAL FILES

The following material is available online.

Supplemental Material

Supplemental material (mSystems00611-23-S0001.docx). Supplemental figures and
tables.

Month XXXX Volume 0 Issue 0

mSystems

10.1128/msystems.00611-23 9


https://zenodo.org/badge/latestdoi/606055092
https://doi.org/10.1128/msystems.00611-23
https://doi.org/10.1128/msystems.00611-23

Research Article

REFERENCES

1.

Month XXXX Volume 0

Field CB, Behrenfeld MJ, Randerson JT, Falkowski P. 1998. Primary
production of the biosphere: integrating terrestrial and oceanic
components. Science 281:237-240. https://doi.org/10.1126/science.281.
5374.237

Sharoni S, Halevy . 2022. Geologic controls on phytoplankton elemental
composition. Proc Natl Acad Sci U S A 119:e2113263118. https://doi.org/
10.1073/pnas.2113263118

Falkowski PG, Barber RT, Smetacek V. 1998. Biogeochemical controls and
feedbacks on ocean primary production. Science 281:200-207. https://
doi.org/10.1126/science.281.5374.200

Falkowski P. 2012. Ocean science: the power of plankton. Nature
483:517-20. https://doi.org/10.1038/483517a

Hulse D, Arndt S, Wilson JD, Munhoven G, Ridgwell A. 2017. Understand-
ing the causes and consequences of past marine carbon cycling
variability through models. Earth Sci Rev 171:349-382. https://doi.org/
10.1016/j.earscirev.2017.06.004

Smith WO, Nelson DM, Mathot S. 1999. Phytoplankton growth rates in
the Ross sea, Antarctica, determined by independent methods: temporal
variations. J Plankton Res 21:1519-1536. https://doi.org/10.1093/plankt/
21.8.1519

Huang Y, Li Y, Ji D, Nwankwegu AS, Lai Q, Yang Z, Wang K, Wei J, Norgbey
E. 2020. Study on nutrient limitation of phytoplankton growth in Xiangxi
Bay of the three gorges reservoir, China. Sci Total Environ 723:138062.
https://doi.org/10.1016/j.scitotenv.2020.138062

Rhee G-Y. 1978. Effects of N:P atomic ratios and nitrate limitation on algal
growth, cell composition, and nitrate uptake. Limnol Oceanogr 23:10-
25. https://doi.org/10.4319/10.1978.23.1.0010

Ward BA, Maraién E, Sauterey B, Rault J, Claessen D. 2017. The size
dependence of phytoplankton growth rates: a trade-off between
nutrient uptake and metabolism. Am Nat 189:170-177. https://doi.org/
10.1086/689992

Branco P, Egas M, Elser JJ, Huisman J. 2018. Eco-evolutionary dynamics of
ecological stoichiometry in plankton communities. Am Nat 192:E1-E20.
https://doi.org/10.1086/697472

Schulhof MA, Shurin JB, Declerck SAJ, Van de Waal DB. 2019. Phytoplank-
ton growth and stoichiometric responses to warming, nutrient addition
and grazing depend on lake productivity and cell size. Glob Chang Biol
25:2751-2762. https://doi.org/10.1111/gcb.14660

Petrou K, Kranz SA, Trimborn S, Hassler CS, Ameijeiras SB, Sackett O,
Ralph PJ, Davidson AT. 2016. Southern ocean phytoplankton physiology
in a changing climate. J Plant Physiol 203:135-150. https://doi.org/10.
1016/j.jplph.2016.05.004

Ornolfsdottir EB, Lumsden SE, Pinckney JL. 2004. Phytoplankton
community growth-rate response to nutrient pulses in a shallow turbid
estuary, Galveston Bay, Texas. J Plankton Res 26:325-339. https://doi.
org/10.1093/plankt/fbh035

Monod J. 1949. The growth of bacterial cultures. Annu Rev Microbiol
3:371-394. https://doi.org/10.1146/annurev.mi.03.100149.002103

Lee KH, Jeong HJ, Kang HC, Ok JH, You JH, Park SA. 2019. Growth rates
and nitrate uptake of co-occurring red-tide dinoflagellates Alexandrium
affine and A. fraterculus as a function of nitrate concentration under
light-dark and continuous light conditions. ALGAE 34:237-251. https://
doi.org/10.4490/algae.2019.34.8.28

Michel TJ, Saros JE, Interlandi SJ, Wolfe AP. 2006. Resource requirements
of four freshwater diatom taxa determined by in situ growth bioassays
using natural populations from alpine lakes. Hydrobiologia 568:235-243.
https://doi.org/10.1007/510750-006-0109-0

Timmermans KR, van der Wagt B, Veldhuis MJW, Maatman A, de Baar
HJW. 2005. Physiological responses of three species of marine pico-
phytoplankton to ammonium, phosphate, iron and light limitation. J Sea
Res 53:109-120. https://doi.org/10.1016/j.seares.2004.05.003

Ghaffar S, Stevenson RJ, Khan Z. 2017. Effect of phosphorus stress on
Microcystis aeruginosa growth and phosphorus uptake. PLoS One
12:0174349. https://doi.org/10.1371/journal.pone.0174349

Kim H-W, Park S, Rittmann BE. 2015. Multi-component kinetics for the
growth of the cyanobacterium Synechocystis sp. Environ Eng Res
20:347-355. https://doi.org/10.4491/eer.2015.033

Issue 0

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32

33.

34.

35.

36.

37.

38.

39.

mSystems

Grover JP. 1989. Phosphorus-dependent growth kinetics of 11 speciesof
freshwater algae. Limnol Oceanogr 34:341-348.
https://doi.org/10.4319/10.1989.34.2.0341

King AL, Jenkins BD, Wallace JR, Liu Y, Wikfors GH, Milke LM, Meseck SL.
2015. Effects of CO2 on growth rate, C:N:P, and fatty acid composition of
seven marine phytoplankton species. Mar Ecol Prog Ser 537:59-69.
https://doi.org/10.3354/meps11458

Jackson T, Sathyendranath S, Platt T. 2017. An exact solution for
modeling photoacclimation of the carbon-to-chlorophyll ratio in
phytoplankton. Front Mar Sci 4:283. https://doi.org/10.3389/fmars.2017.
00283

Follows MJ, Dutkiewicz S. 2011. Modeling diverse communities of
marine microbes. Ann Rev Mar Sci 3:427-451. https://doi.org/10.1146/
annurev-marine-120709-142848

Inomura K, Omta AW, Talmy D, Bragg J, Deutsch C, Follows MJ. 2020. A
mechanistic model of macromolecular allocation, elemental stoichiome-
try, and growth rate in phytoplankton. Front Microbiol 11:86. https://doi.
org/10.3389/fmicb.2020.00086

Tanioka T, Fichot CG, Matsumoto K. 2020. Toward determining the
spatio-temporal variability of upper-ocean ecosystem stoichiometry
from satellite remote sensing. Front Mar Sci 7:1-16. https://doi.org/10.
3389/fmars.2020.604893

Armin G, Inomura K. 2021. Modeled temperature dependencies of
macromolecular allocation and elemental stoichiometry in phytoplank-
ton. Comput Struct Biotechnol J 19:5421-5427. https://doi.org/10.1016/
j.€sbj.2021.09.028

Kim JS, Armin G, Inomura K. 2022. Saturating relationship between
phytoplankton growth rate and nutrient concentration explained by
macromolecular allocation. Curr Res Microb Sci 3:100167. https://doi.
org/10.1016/j.crmicr.2022.100167

McMahon KD, Read EK. 2013. Microbial contributions to phosphorus
cycling in eutrophic lakes and wastewater. Annu Rev Microbiol 67:199-
219. https://doi.org/10.1146/annurev-micro-092412-155713

Paytan A, McLaughlin K. 2007. The oceanic phosphorus cycle. Chem Rev
107:563-576. https://doi.org/10.1021/cr0503613

Deutsch C, Weber T. 2012. Nutrient ratios as a tracer and driver of ocean
biogeochemistry. Ann Rev Mar Sci 4:113-141. https://doi.org/10.1146/
annurev-marine-120709-142821

Sharoni S, Halevy I. 2020. Nutrient ratios in marine particulate organic
matter. Sci Adv 6. https://doi.org/10.1126/sciadv.aaw9371

Inomura K, Deutsch C, Jahn O, Dutkiewicz S, Follows MJ. 2022. Global
patterns in marine organic matter stoichiometry driven by phytoplank-
ton ecophysiology. Nat Geosci 15:1034-1040. https://doi.org/10.1038/
s41561-022-01066-2

Chapman SR, CarterLP. 1976. Crop production: principles and practices.
Freeman and Co, San Francisco, CA, USA.

Taiz L, Zeiger E. 2002. Plant physiology. 3rd ed. Sinauer Associates,
Sunderland, MA, USA. https://doi.org/10.1104/pp.010519

Wimalasekera R. 2019. Chapter 4. effect of light intensity on photosyn-
thesis, p 65-73. In Ahmad P, MA Ahanger, MA Alyemeni, P Alam (ed),
Photosynthesis, productivity, and environmental stress. John Wiley &
Sons. Ltd.

Scott M, Gunderson CW, Mateescu EM, Zhang Z, Hwa T. 2010. Interde-
pendence of cell growth and gene expression: origins and consequen-
ces. Science 330:1099-1102. https://doi.org/10.1126/science.1192588
Nicklisch A, Steinberg CEW. 2009. RNA/protein and RNA/DNA ratios
determined by flow cytometry and their relationship to growth
limitation of selected planktonic algae in culture. Eur J Phycol 44:297-
308. https://doi.org/10.1080/09670260802578518

Felcmanova K, Luke$ M, Kotabova E, Lawrenz E, Halsey KH, Prasil O. 2017.
Carbon use efficiencies and allocation strategies in Prochlorococcus
marinus strain PCC 9511 during nitrogen-limited growth. Photosynth
Res 134:71-82. https://doi.org/10.1007/511120-017-0418-3

Metropolis N, Rosenbluth AW, Rosenbluth MN, Teller AH, Teller E. 1953.
Equation of state calculations by fast computing machines. J Chem Phys
21:1087-1092. https://doi.org/10.1063/1.1699114

10.1128/msystems.00611-23 10


https://doi.org/10.1126/science.281.5374.237
https://doi.org/10.1073/pnas.2113263118
https://doi.org/10.1126/science.281.5374.200
https://doi.org/10.1038/483S17a
https://doi.org/10.1016/j.earscirev.2017.06.004
https://doi.org/10.1093/plankt/21.8.1519
https://doi.org/10.1016/j.scitotenv.2020.138062
https://doi.org/10.4319/lo.1978.23.1.0010
https://doi.org/10.1086/689992
https://doi.org/10.1086/697472
https://doi.org/10.1111/gcb.14660
https://doi.org/10.1016/j.jplph.2016.05.004
https://doi.org/10.1093/plankt/fbh035
https://doi.org/10.1146/annurev.mi.03.100149.002103
https://doi.org/10.4490/algae.2019.34.8.28
https://doi.org/10.1007/s10750-006-0109-0
https://doi.org/10.1016/j.seares.2004.05.003
https://doi.org/10.1371/journal.pone.0174349
https://doi.org/10.4491/eer.2015.033
https://doi.org/10.4319/lo.1989.34.2.0341
https://doi.org/10.3354/meps11458
https://doi.org/10.3389/fmars.2017.00283
https://doi.org/10.1146/annurev-marine-120709-142848
https://doi.org/10.3389/fmicb.2020.00086
https://doi.org/10.3389/fmars.2020.604893
https://doi.org/10.1016/j.csbj.2021.09.028
https://doi.org/10.1016/j.crmicr.2022.100167
https://doi.org/10.1146/annurev-micro-092412-155713
https://doi.org/10.1021/cr0503613
https://doi.org/10.1146/annurev-marine-120709-142821
https://doi.org/10.1126/sciadv.aaw9371
https://doi.org/10.1038/s41561-022-01066-2
https://doi.org/10.1104/pp.010519
https://doi.org/10.1126/science.1192588
https://doi.org/10.1080/09670260802578518
https://doi.org/10.1007/s11120-017-0418-3
https://doi.org/10.1063/1.1699114
https://doi.org/10.1128/msystems.00611-23

Research Article

40.

41.

42,

43.

44,

45,

Month XXXX Volume 0

Hastings WK. 1970. Monte carlo sampling methods using markov chains
and their applications. Biometrika 57:97-109. https://doi.org/10.1093/
biomet/57.1.97

Omta AW, Talmy D, Sher D, Finkel ZV, Irwin AJ, Follows MJ. 2017.
Extracting phytoplankton physiological traits from batch and chemostat
culture data. Limnol Oceanogr Methods 15:453-466. https://doi.org/10.
1002/lom3.10172

Jahn M, Vialas V, Karlsen J, Maddalo G, Edfors F, Forsstrom B, Uhlén M,
Kall L, Hudson EP. 2018. Growth of cyanobacteria is constrained by the
abundance of light and carbon assimilation proteins. Cell Rep 25:478-
486. https://doi.org/10.1016/j.celrep.2018.09.040

Zavrel T, Faizi M, Loureiro C, Poschmann G, Stihler K, Sinetova M, Zorina
A, Steuer R, Cerveny J. 2019. Quantitative insights into the cyanobacte-
rial cell economy. Elife 8:242508. https://doi.org/10.7554/eLife.42508
Folea IM, Zhang P, Nowaczyk MM, Ogawa T, Aro E-M, Boekema EJ. 2008.
Single particle analysis of thylakoid proteins from Thermosynechococcus
elongatus and Synechocystis 6803: localization of the CupA subunit of
NDH-1. FEBS Lett 582:249-254. https://doi.org/10.1016/j.febslet.2007.12.
012

Geider RJ, Maclntyre HL, Kana TM. 1996. A dynamic model of photoa-
daptation in phytoplankton. Limnol Oceanogr 41:1-15. https://doi.org/
10.4319/10.1996.41.1.0001

Issue 0

46.

47.

48.

49.

50.

mSystems

Kirchhoff H. 2014. Diffusion of molecules and macromolecules in
thylakoid membranes. Biochim Biophys Acta 1837:495-502. https://doi.
org/10.1016/j.bbabio.2013.11.003

Kirchhoff H, Haferkamp S, Allen JF, Epstein DBA, Mullineaux CW. 2008.
Protein diffusion and macromolecular crowding in thylakoid mem-
branes. Plant Physiol 146:1571-1578. https://doi.org/10.1104/pp.107.
115170

Cullen JJ. 1990. On models of growth and photosynthesis in phytoplank-
ton. Deep Sea Res 37:667-683. https://doi.org/10.1016/0198-
0149(90)90097-F

Geider RJ, MacIntyre HL, Kana TM. 1998. A dynamic regulatory model of
phytoplanktonic acclimation to light, nutrients, and temperature. Limnol
Oceanogr 43:679-694. https://doi.org/10.4319/10.1998.43.4.0679

Casey JR, Follows MJ, Cannon W. 2020. A steady-state model of microbial
acclimation to substrate limitation. PLoS Comput Biol 16:21008140.
https://doi.org/10.1371/journal.pcbi.1008140

Liefer JD, Garg A, Fyfe MH, Irwin AJ, Benner |, Brown CM, Follows MJ,
Omta AW, Finkel ZV. 2019. The macromolecular basis of phytoplankton
C:N:P under nitrogen starvation. Front Microbiol 10:763. https://doi.org/
10.3389/fmicb.2019.00763

10.1128/msystems.00611-23 11


https://doi.org/10.1093/biomet/57.1.97
https://doi.org/10.1002/lom3.10172
https://doi.org/10.1016/j.celrep.2018.09.040
https://doi.org/10.7554/eLife.42508
https://doi.org/10.1016/j.febslet.2007.12.012
https://doi.org/10.4319/lo.1996.41.1.0001
https://doi.org/10.1016/j.bbabio.2013.11.003
https://doi.org/10.1104/pp.107.115170
https://doi.org/10.1016/0198-0149(90)90097-F
https://doi.org/10.4319/lo.1998.43.4.0679
https://doi.org/10.1371/journal.pcbi.1008140
https://doi.org/10.3389/fmicb.2019.00763
https://doi.org/10.1128/msystems.00611-23

	Saturating growth rate against phosphorus concentration explained by macromolecular allocation
	Recommended Citation

	Saturating growth rate against phosphorus concentration explained by macromolecular allocation
	RESULTS AND DISCUSSION
	Conclusion



