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Abstract
To investigate photoacclimation of phytoplankton adapted to different aquatic light regimes, a physiologically
explicit phytoplankton optimality model was applied in two contrasting environments: constant irradiance vs.
dynamic irradiance associated with oceanic mixed layers. Nitrogen was assumed to be partitioned between cellular
components associated with light harvesting, carbon fixation, biosynthesis, and photoprotection. The model was
used to predict how resources are (re)distributed to optimize growth in the different environments. Optimal
intracellular nitrogen allocation in dynamic environments was associated with constitutive investment in Calvin cycle
enzymes; in contrast, in the static environment Calvin cycle allocation was reduced at low light. Furthermore,
reduced allocation to components associated with photoprotection in static environments led to heavily inhibited
photosynthesis–irradiance response consistent with that of Prochlorococcus adapted to relatively stable oligotrophic
gyres. In contrast, photosynthetic response in the diatom Skeletonema costatum was better explained by maintenance
of photoprotection components across a range of integrated light doses. Limited range of chlorophyll : C in
Thalassiosira pseudonana was consistent with optimization of resource allocation to light-harvesting components in
dynamic environments, in contrast to the relatively wide range in allocation to light harvesting predicted by the
model in static environments and chlorophyll cell21 observed in high-light–adapted Prochlorococcus. The model was
used to explain variability of the photosynthesis–irradiance response of samples from the Celtic and Irish Seas.
Photoacclimation state is a consequence of optimization of resource allocation to the set of environmental
parameters (e.g., surface irradiance, depth of mixing, and light attenuation) that influence light variability.

Carbon fixation by photoautotrophs is a fundamental
component of marine ecosystem models and remote sensing
algorithms of primary productivity (PP). Observations of
the photosynthesis–irradiance (P–I) response, as well as the
balance of chemical elements and pigments within photoautotrophic cells, are highly variable (Cullen 1990). One
source of variability in photosynthetic response is photoacclimation, the process by which cell morphology, pigment
concentration, and enzymatic processes associated with
photosynthesis and respiration change in response to
ambient irradiance (Falkowski and La Roche 1991). The
term refers to a suite of processes associated with a hierarchy
of timescales that all take place within the generation time of
the cell (Macintyre et al. 2002).
Photoadaptation can be considered to be ‘‘an outcome of
evolution as recorded in the gene pool of a species’’ to
differentiate it from acclimation, which refers to ‘‘changes of
the macromolecular composition of an organism that occurs
in response to variation of environmental condition’’ (Raven
and Geider 2003). Thus, the term photoadaptation should be
applied to interspecific differences in photophysiology that
have arisen because of evolution (Falkowski and La Roche
1991). Photoacclimation can be thought of as a consequence
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of physiological processes operating within constraints set
by evolutionary adaptation.
Models of photoacclimation have been used to estimate
PP in ecosystem models (Blackford et al. 2004) and PP
algorithms (Westberry et al. 2008). Yet, many empirical
and theoretical models of phytoplankton photoacclimation are based on predictions of growth and photosynthesis developed in steady-state conditions (Cloern et al. 1995;
Behrenfeld et al. 2002; Armstrong 2006); they do not
account for the effects of dynamic light environments
associated with well-mixed conditions on photoacclimation processes. Light is a highly variable limiting resource
for many phytoplankton. As such, optimal exploitation of
the light environment requires a balanced metabolic
strategy that includes allocation of resources to lightharvesting components, storage of energy and carbon, and
their subsequent utilization. Despite the global distribution of phytoplankton (Falkowski et al. 2004), which
account for about 50% of global primary production
(Field et al. 1998), and general recognition that environmental variability is likely to have a profound influence on
their activity (Lewis et al. 1984b), surprisingly few studies
have obtained clear insight into the mechanisms that allow
optimal exploitation of dynamic irradiance regimes. The
ambiguity has practical implications for PP modelers. For
example, Behrenfeld et al. (2002) modeled maximum rates
of photosynthesis by assuming mixed-layer phytoplankton
photoacclimate to the irradiance at the base of the surface
mixed layer. However, Moore et al. (2006) suggested
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phytoplankton in well-mixed water are likely to photoacclimate to high light.
To what irradiance do phytoplankton in well-mixed water
photoacclimate? One method for theoretically addressing this
problem is via optimality models. Optimality models that
examine how organisms allocate intracellular resources to
optimize growth have helped to explain observed changes in
cellular stoichiometry and physiology that occur because of
changes in the environment (Shuter 1979; Klausmeier et al.
2004; Pahlow 2005). Yet, some aspects of photoacclimation
cannot be explained by simple optimality arguments. For
example, many organisms maintain surprisingly high concentrations of Rubisco, the enzyme involved in carbon fixation,
even in chronically low-light conditions where it is largely
redundant because light is the limiting factor. Studies on the
chlorophytes Dunaliella tertiolecta (Sukenik et al. 1987),
Tetraedon minimum (Fischer et al. 1989), and the prymnesiophyte Emiliania huxleyi (Lefebvre et al. 2010) found Rubisco
content was largely independent of growth irradiance.
Furthermore, Macintyre et al. (2002) reported carbonnormalized maximum rates of photosynthesis were largely
independent of growth irradiance for a range of organisms
including diatoms, prymnesiophytes, cyanobacteria, and
dinoflagellates (limited variability in maximum rates of
photosynthesis is likely to indicate small change in Rubisco
activity as a function of growth irradiance; Rivkin 1990).
Through their role in carbon fixation, Calvin cycle enzymes
are required for storage of energy and carbon in stable organic
compounds (e.g., sugars and ultimately starch and lipids)
when cells are transiently subjected to optimal and supraoptimal irradiances (Ross and Geider 2009). Solutions to optimal
resource allocation models under conditions of constant
irradiance do not account for the need to store energy in
dynamic light environments. Maintenance of Rubisco, even in
steady-state laboratory conditions, could be a result of
evolutionary adaptation to variable light environments.
Cells must protect against damage inflicted by high
irradiance, while simultaneously optimizing resource allocation
to glean energy under light limitation (Lavaud et al. 2007).
Reducing cellular chlorophyll (Chl) content at high irradiance
while maintaining the capacity for carbon-specific lightsaturated photosynthesis reduces ‘‘excitation pressure’’ and
thus susceptibility to photoinhibitory damage (Geider et al.
1997). Diatoms, a group of organisms adapted to relatively
dynamic environments, show enhanced photoprotective capacity (Wagner et al. 2005; Lavaud et al. 2007). In contrast,
Prochlorococcus ecotypes adapted to relatively stable light
environments, such as those found in the stratified oligotrophic
gyres, are heavily photoinhibited at high irradiance (Moore
and Chisholm 1999). The manner in which resources are
distributed among components associated with light harvesting
and photoprotection may therefore be a consequence of
adaptation to different modes of variability in irradiance.
Here, we use an optimality model of resource allocation
to investigate how cells in contrasting aquatic light regimes
optimize growth and photosynthesis. We test the following
hypotheses: (1) Adaptation to well-mixed environments is
associated with constitutive resource allocation to Calvin
cycle enzymes, even in chronically low-light environments
where it would not be thought optimal. (2) The range of
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observed cellular Chl content is limited by the threat of
photodamage in dynamic environments. (3) Allocation of
resources to photoprotection can be higher in dynamic light
environments.
We start with a general overview of the model framework.
We then present the approach used to generate descriptions of
contrasting light environments and outline equations that
constrain the balance between chemical elements included in
the model. We describe the assumptions regarding physiological processes that were used to determine growth rate and
stoichiometry as a function of ambient irradiance and
intracellular resource allocation. We then present results of
simulations that predict the manner in which cells optimally
(re)distribute resources in a range of light environments. With
comparison to published data, we show that optimization of
resource allocation in dynamic light conditions can explain
changes in stoichiometry and photosynthetic response in several
species of diatom, whereas P–I response and the range of Chl
cell21 in Prochlorococcus is associated with optimization to
more stable light conditions. Furthermore, we present parameters associated with P–I response curves of in situ field samples
collected in different light environments, and discuss the ability
of the model to explain contrasting photoacclimation strategies.

Methods
Model overview—We implemented a model that allows
hypothetical cells to freely partition resources between a set
of components that regulate growth (Fig. 1). We determined
optimal resource allocation for hypothetical cell populations
grown on a square-wave light : dark (LD) cycle and rapidly
mixed hypothetical cell populations (hereafter, the contrasting scenarios are referred to as ‘‘static’’ and ‘‘dynamic,’’
respectively). A genetic algorithm (Yang et al. 2005) was
used to determine optimal resource allocation in both cases.
Each aspect of the model is described in detail below.
Treatment of the light environment—Phenomena such as
internal waves, tides, and wind-driven mixing mean the
oceans are complex and often highly stochastic environments. Thus, obtaining ‘‘realistic’’ mathematical descriptions
of dynamic ocean environments that are sufficiently tractable
in this context is a challenge. We have used idealized
descriptions of the physical environment that are complex
enough to contrast static and dynamic scenarios, but not so
complex that they become conceptually intractable.
Consider a water column with irradiance attenuated
exponentially with increasing depth. A cell population that
maintains a fixed position in the water sees a constant
proportion of the incident irradiance. On the other hand, if
vertical mixing is high enough to rapidly move a cell
population in stochastic motion throughout a surface layer
that is actively mixed, then that cell population will be
exposed to a range of irradiances from the surface
irradiance right down to that at the bottom of the mixed
layer. Our treatment of the light environment is designed to
represent these two contrasting settings (Fig. 2).
Case 1: static environment: Theoretical cell populations
were assumed to reside at a single, fixed irradiance during
the photophase of an LD cycle. This is the environment
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Fig. 1. Fluxes of energy and nutrients (solid arrows) through synthetic pathways modulated
by cellular components (white boxes). Resource allocation to functional components determines
biosynthetic and photosynthetic rate (dashed arrows).

typically imposed on phytoplankton populations in laboratory experiments, and approximates that of cells residing
at a fixed point in the water column.
Case 2: dynamic environment: Light exposure for
individual algal cells is determined by their trajectory

through a vertical irradiance profile. When many cells are
exposed to naı̈ve diffusion in a well-mixed layer with
sufficiently rapid mixing, homogeneous depth profiles
emerge (Fig. 2b). The associated exposure to irradiance
can be represented with a probability mass function (PMF;

Fig. 2. Light exposure for cell populations in rapidly mixed layers can be described by a PMF. In all cases, vertical position is given
by optical depth t, which is a dimensionless measure of depth such that t 5 kz, where k is the light attenuation coefficient with units m21
and z is depth with units m. (a) Single cell undergoing a random walk with diffusivity constant over the mixed layer (Kt 5 0.00006, where
Kt is turbulent diffusivity with units s21; i.e., in optical depth space). (b) Depth profile for 10,000 cells all subjected to homogeneous
diffusivity as depicted in (a). (c) Light exposure for cell populations depicted in (b). There is greater likelihood of exposure to low
irradiance because of the exponential attenuation of light with depth.
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Fig. 3. Sample PMFs of light exposure for cell populations in mixed layers of different optical depth. (a) Cell populations
homogeneously distributed in mixed layers of different optical depth t (i.e., tm 5 1, 2, 4 for I, I, II, respectively). (b) Relative irradiance
attenuated exponentially throughout the water column. (c) PMFs corresponding to the populations in (a) that predict exposure to
different irradiances. There is an increased probability of exposure to low irradiance for cell populations mixed to greater optical depth
(e.g., population III). All cell populations have a nonzero concentration at the surface, and therefore experience a nonzero probability of
exposure to high light. ILDs displayed next to profiles in panel (a) and PMFs in panel (b) are in mol photons m22 d21.

Fig. 2c). Thus, when mixing is sufficiently rapid, PMFs of
light exposure can be calculated directly without specific
knowledge of individual cell trajectories.
By assuming rapid mixing, simplified representations of
light exposure were derived by calculating irradiance
profiles for homogeneously distributed populations without explicitly modeling the trajectories of individual cells.
Consider a discrete set of irradiance bins defined by the
following limits:
Eiz1 {Ei ~h~

Emax {Emin
n

i~0, . . . ,n  1

ð1Þ

where Emax and Emin are the maximum and minimum
irradiance in the water column, and n is an integer that can
be altered to change the size of each bin. By calculating the
cell population within the discrete set of limits defined by
the position in the water column at each Ei, a PMF Hi(Ei)
can be derived such that
n{1
X

Hi ðEi Þ~1

ð2Þ

i~0

In Eq. 2, each Hi(Ei) gives the proportion of the water
column that is illuminated by irradiance within the limits
[Ei, Ei+1] (Fig. 3).
In nature, water columns are likely to be found on a
continuum of mixing between the static and dynamic end
members outlined above. Yet, if we consider the light
environment of a cell population (as opposed to that of
individual cells) in regimes with mixing times on the order
of hours (Lewis et al. 1984a), the description of a dynamic

environment is likely to be more realistic than purely static
representations of light variability.
The resource allocation framework—The following is a
generalization of the framework laid out by Shuter (1979).
The notation we use denotes nitrogen as the main cellular
currency that determines resource allocation. We include
nitrogen because it is the element required for the synthesis
of proteins and nucleic acids, the fundamental constituents
of most functional components (Geider and La Roche
2002). The approach can equally be applied to other
elements such as phosphorus or iron (Smith et al. 2011).
Let total cellular nitrogen (N) equal the sum of n distinct
components:
N~N1 z . . . zNn

ð3Þ

Furthermore, let the fraction of functional cellular
nitrogen associated with component i be denoted Fi, such
that
Ni ~Fi N

ð4Þ

The fractions Fi can then be used directly to specify
metabolic rates by taking the product of each Fi and an
associated catalytic constant or efficiency (see below).
The physiological model—Pigment–protein complexes
present in algal chloroplasts harvest light energy to fuel
biochemical reactions within the cell. Through a series of
photochemical reactions, the energy harvested by pigments
is used to generate chemical energy in the form of
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Table 1. Parameters and variables with associated units. Where appropriate values were found in the literature, the source is
indicated. Several parameters were manually tuned to yield agreement with the raw data corresponding to those depicted in Figs. 6, 7.
The numerical values chosen do not change the manner in which resource allocation strategies contrast between static and dynamic
environments (e.g., see Fig. 5). Nonetheless, identification of missing parameters would enable more robust comparisons with
observations.
Symbol and typical unit

Description

Value

C (g C)
N (g N)
E (mmol photons m22 s21)
aph (m2 [g N]21)
wm (g C [mol photons]21)
Pa (g C [g N]21 s21)
PB (g C [g Chl]21 h21)
k1 (g C [g N]21 s21)
k2 (g C [g N]21 s21)
k (g C [g N]21 m22
[mol photons]21)
k3 (s21)
f (g C [g N]21)
QF (g N [g C]21)
R0 (g C [g N]21 s21)

Cell carbon
Cell nitrogen
Irradiance
Light absorption
Maximum quantum efficiency
Gross photosynthesis rate
Chl-specific gross photosynthesis rate
Carbon fixation rate constant
Maximum rate of electron transfer
Photodamage coefficient
Nitrogen assimilation rate
Cost of biosynthesis
N : C of functional components
Maintenance respiration

nicotinamide adenine dinucleotide phosphate (NADPH) and
adenosine-59-triphosphate (ATP). Chemical energy is then
used to fuel carbon fixation and biosynthesis (e.g., protein or
pigment synthesis), which in turn enhances the capacity of the
cell to harvest resources to fuel growth. Cells must therefore
balance resource allocation among components associated
with light harvesting, CO2 fixation, and biosynthesis to attain
optimal growth. If a cell invests only in light-harvesting
complexes, it will lack the requisite apparatus to perform
carbon fixation and nitrogen assimilation. Conversely, if a cell
invests all of its resources in protein synthesis, it will soon run
out of energy. The appropriate balance will vary in response
to changes in the abiotic environment. For example, it is likely
that the optimal investment in light-harvesting apparatus will
increase as irradiance diminishes.
Despite its role in providing energy to fuel growth and
photosynthesis, light can also present a serious threat
(Long et al. 1994), generating harmful reactive oxygen
species (Ohad et al. 1994; Lesser 2006), which can cause
oxidative damage and in extreme cases cell death. Thus, the
trade-off between utilizing light energy to fuel growth and
protecting against its potentially damaging effects is likely
to have shaped phytoplankton adaptation to light.
In order to reflect the requirements outlined above, we
assumed nitrogen is partitioned between four cellular
components. F1 is the fraction of cellular N allocated to
Calvin cycle proteins (carbon fixation); F2 relates to the
fraction allocated to pigment–protein complexes (light
harvesting); F3 to the fraction allocated to biosynthesis
(e.g., ribosomes); and F4 to the fraction allocated to
photoprotective and/or repair mechanisms, including pigments involved in screening (Demmig-Adams and Adams
1996), antioxidant systems (Sunda et al. 2002; Logan et al.
2006), and repair of the reaction center protein D1
(Vasilikiotis and Melis 1994; Fig. 1). Thus, for the specific
case that we are considering here, Eq. 3 is

Source

variable
variable
variable
11.6
1.0
variable
variable
6.131024
1.431023

—
—
—
Tuned
Falkowski and Raven 1997
—
—
Tuned
Tuned

0.1
6.131025
3.0
0.17
1.73631026

Tuned
Tuned
Pahlow 2005
Geider and La Roche 2002
Geider et al. 1997

N~N1 zN2 zN3 zN4

ð5Þ

The following equations were used to describe growth in
terms of the above-mentioned resource pools:
1 dC
~mC ~Pa {fV {Rdam {R0
N dt

ð6Þ

1 dN
~mN ~V ~k3 F3
N dt

ð7Þ




aph wm F2 E
Pa ~Pm 1{exp {
Pm

ð8Þ

Pm ~minfk1 F1 ,k2 F2 g

ð9Þ



kF2 E
Pa
Rdam ~
1{
F4
aph wm F2 E

ð10Þ

where

Equations 6 and 7 are mass balances for C and N, and
Eqs. 8–10 describe the parameterization of the rates of
photosynthesis and photodamage. The parameters in Eqs.
6–10 are explained in Table 1. mC (g C g N21 s21) is
nitrogen-specific carbon fixation and mN (g N g N21 s21) is
the rate of nitrogen assimilation. For a graphical illustration of our treatment of the cost–benefit of allocation to
light harvesting and photoprotection, see Fig. 4. The
rationale behind Eqs. 6–10 may be understood through
the following assumptions:
1.

Cellular biomass and metabolic energy are interconvertible, and thus metabolic energy can be accounted
for as carbon (or biomass) equivalents (Pahlow 2005).
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3.

4.

5.

6.

7.

8.
Fig. 4. Cost–benefit of allocation to light harvesting (F2) and
photoprotection (F4). (a) Greater allocation to light harvesting
(F2) leads to an increase in the initial slope of the gross
photosynthetic response curve (Eq. 8). (b) Greater investment in
light harvesting (F2) without sufficient investment in photoprotection (F4) leads to a loss of carbon commensurate with increasing
irradiance (Eq. 10). (c) The difference between the benefit of
investment in light harvesting and the cost associated with
photodamage modulates the overall propensity of the cell to fix
carbon (Eq. 6). The resource allocations listed in (a) apply to all
three panels. Insufficient investment in photoprotection leads to
severe photodamage at high light.

2.

At low light, cells are limited by the capacity for light
harvesting (Falkowski and Raven 1997), which equals
the product of the maximum quantum efficiency (wm),
light absorption per unit N (aph), the proportion of

9.
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cellular N allocated to light harvesting (F2), and the
ambient irradiance (E; Eq. 8).
At high light, photosynthesis can be limited either by
the rate of carbon fixation (k1) or by the maximum rate
of electron transfer by photosystem II (k2; Sukenik et al.
1987). Realized control of carbon fixation and electron
transfer on the maximum rate of photosynthesis is
determined by the proportion of cellular nitrogen
allocated to the Calvin cycle (F1) and light harvesting
(F2), which includes the photosynthetic reaction centers
and electron transfer chain (Eq. 9).
Biosynthesis is equal to the product of a rate constant
(k3) and the nitrogen allocation to ribosomes used for
protein synthesis and enzymes involved in other
biosynthetic pathways (F3; Eq. 7).
The cost associated with biosynthesis is assumed to be
proportional to the rate of biosynthesis and is denoted
f. We also include a maintenance respiration rate,
which is independent of the rate of biosynthesis and
which we denote R0 (Geider and Osborne 1989; Eq. 1).
There is an additional energetic cost associated with each
unit of nitrogen allocated to the light-harvesting component (F2), which we denote kdam, that can be offset at a
rate krepair by nitrogen allocation to photoprotective and
repair systems (F4; Fig. 4b). We follow Geider et al.
(2009) by treating the cost associated with inadequate
photoprotection as a diversion of photosynthate from
carbon fixation and growth-related processes to, for
example, resynthesis of damaged photosynthetic machinery (Raven 2011; Eq. 10 with k 5 kdam/krepair; see Fig. 4).
When the rate at which electrons are supplied to
reaction centers is less than the rate at which they can
be passed through the electron transport chain
(aphwmF2E , k2F2) and photosynthesis is close to the
maximum quantum yield (Pa , aphwmF2E), the cost
associated with photodamage is negligible (Eq. 10).
The cost of photodamage includes the overhead costs
associated with repair of the D1 protein (Vasilikiotis and
Melis 1994) and scavenging of reactive oxygen species
(Logan et al. 2006). It may also include implicitly the
influence of damaged photosystems on the ability to acquire
chemical energy at low irradiance (Baklouti et al. 2006).
The parameters relating to each functional process
(e.g., k1, k2, etc.) are assumed constant, which implies
there is a linear return for each unit of nitrogen
allocated to a given functional pool.

Our treatment of photodamage is novel in that it
attempts to encapsulate the deleterious effects of saturating
light, while simultaneously allowing investment in the suite
of processes that screen and ameliorate damage (Geider
et al. 2009). Mechanisms associated with protection and
repair of photodamage such as scavenging of reactive
oxygen species (Logan et al. 2006) and repair of the
reaction center protein D1 (Vasilikiotis and Melis 1994) are
complex. To explicitly parameterize each of these would go
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beyond the scope of this work. As such, we have avoided
explicit parameterization of photoprotective processes in
favor of a more general approach to facilitate the analysis
(i.e., Eq. 10; Fig. 4; assumptions 6 and 7).
Constraining stoichiometry—Modeling the balance of
chemical elements in ecosystems is a powerful tool in
ecology (Sterner and Elser 2002). Although phosphorus-tonitrogen-to-carbon stoichiometry is often assumed constant
after the work of Redfield (1958), numerous studies have
shown significant deviation from the value first established
of 1 : 16 : 106 (Sterner et al. 2008). Indeed, it is well known
that phytoplankton N : C ratios change in response to light
and nutrient limitation (Laws and Bannister 1980). However, this variability is largely due to changes in the amount of
protein, inorganic nitrogen, carbohydrate and lipid. The
stoichiometry of the functional cellular material is relatively
constant (Geider and La Roche 2002).
The elemental stoichiometry of phytoplankton can be
explained as a function of the biochemical and kinetic
parameters that constrain biosynthesis (Klausmeier et al.
2004; Loladze and Elser 2011). We have taken a lateral view
of cellular stoichiometry. Rather than seeking to understand
Redfield N : C ratios from first principles, we assumed that
on sufficiently long timescales cells balance the requirement
set by a homogeneous N : C ratio found in all functional
material. This was done by imposing the following condition:
SRz86400
ð

SRz86400
ð

mC dt~
SR

mN
dt
QF

ð11Þ

SR

where SR denotes sunrise (dawn) and time is given in
seconds (86,400 s 5 1 d), mC and mN are as in Eqs. 6 and 7,
and QF (g N g C21) is the nitrogen : carbon ratio of the
functional cellular material, which includes not only proteins
and RNA, but also membrane lipids and structural
carbohydrates. Equation 11 allows variability in cellular
N : C within the limits of integration. However, Eq. 11 forces
cellular N : C to equal QF at dawn (t 5 SR). Thus, Eq. 11
allows storage and mobilization of nitrogen and carbon
within the day, but forces the cell to maintain the N : C of the
main functional material at dawn.
In nutrient replete conditions, there is evidence that
cellular QF at dawn should equal that of the functional
material (QF) irrespective of the irradiance under lightlimiting and light-saturating conditions (Anning et al. 2000).
However, under nutrient limitation, complete mobilization
of carbon reserves does not occur at night and as a
consequence cellular N : C at dawn can be less than that of
the functional material (Laws and Caperon 1976) because of
the accumulation of significant amounts of energy stored as
carbohydrates and lipids. Thus, Eq. 11 applies to nutrientreplete cells and our analysis was limited to this condition.
In the static scenario, Eq. 11 reduces to

C~

1
N
QF

ð12Þ

It follows from Eq. 12 that
mC ~

1
m
QF N

(for all tw0)

ð13Þ

Equation 13 denotes balanced growth with respect to
carbon and nitrogen. Balanced growth is a highly idealized
condition that is rarely if ever achieved in nature (BermanFrank and Dubinsky 1999). Our constraint on cellular N : C
(Eq. 11) is designed to test for different optimal resource
allocation strategies in dynamic and static environments
when unbalanced growth is allowed within each day.
Experimental setup—We ran a series of simulations
corresponding to contrasting static and dynamic environments in which it was assumed that rates of nutrient
assimilation and protein synthesis were limited only by the
supply of chemical energy generated by the light reactions
of photosynthesis, not by the supply of nutrients. In all
cases, cell populations were exposed to a 12-h photoperiod
followed by 12 h of complete darkness. Within each 24-h
period, a genetic algorithm was used to determine the
nitrogen allocation that maximized growth, subject to the
constraint provided by Eq. 11. For static environments, cell
populations were exposed to a range of fixed irradiances
during the photophase. For dynamic environments, duration of exposure to different irradiances ranging from
surface noon irradiance to the light at the base of the mixed
layer was determined using the weights of the PMF (Eq. 2;
Fig. 3c). In dynamic environments, the surface irradiance
followed a sinusoidal pattern and the total light dose was
altered by adjusting the optical depth at the base of the
actively mixed layer (Fig. 2). The parameter values listed in
Table 1 were used in all simulations.
Comparison with data—Predictions of optimal resource
allocation could not be compared directly with observations because of lack of fully appropriate data on
intracellular allocation of nitrogen among functional
components. Thus, comparisons with P–I response curves,
Chl : C ratios, and Chl cell21 were the main forms of model
validation. Interspecific differences arise, for example, in
the relationship between light absorption and Chl : C
measurements because of package effects associated with
cell size (Fujiki and Taguchi 2002). These differences were
not accounted for in our model. Thus, the comparison was
designed to identify consistent patterns between model
results and measurements with regard to the plasticity in
response to integrated light dose (ILD), and model results
and measurements were normalized by appropriate values.
To determine the ability of the model to predict variability
in the P–I relationship, Chl : C ratio and Chl cell21 for
phytoplankton populations adapted to contrasting physical
environments, the residual sum of squares (RSS) was
computed between several observation datasets and model
predictions for hypothetical cells optimized to a range of
light conditions. Data used for the comparison include
laboratory observations of Chl : C of Thalassiosira pseudonana (Geider et al. 1997), Chl cell21 of Prochlorococcus
(MED4; Moore et al. 1995), P–I response of Skeletonema
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Fig. 5. Optimal nitrogen allocation to four cellular components as a function of ILD for
cells exposed to static and dynamic light. (a, b) Resource allocation to all four cellular
components. (c–f) Resource allocation to each cellular component individually. Allocations to
different cellular components converge at high ILD, but are very different at low ILD.
Specifically, investment in carbon fixation and photoprotection is maintained at low ILD in
dynamic scenarios. Conversely, in comparison to the static case, dynamic environments lead to a
reduced investment in light harvesting and biosynthesis at low ILD. For static simulations, cells
were exposed to a fixed irradiance throughout the photoperiod. In the dynamic case, ILD was
altered by changing the optical depth at the base of the actively mixed surface layer (Fig. 3).
Noon surface irradiance in dynamic environments was 1400 mmol photons m22 s21.

costatum (Anning et al. 2000), and P–I response of several
Prochlorococcus ecotypes isolated from the Sargasso Sea
(Moore and Chisholm 1999). In addition, model predictions
were qualitatively compared with in situ measurements of
the saturation irradiance of photosynthesis (Ek ~PBm =a)
from the stratified Celtic Sea and a mixed site within the
Irish Sea (Moore et al. 2006).

Results
Resource allocations—To enable direct comparison
between static and dynamic environments, all results are
presented in terms of the ILD, which is the total light
exposure within each 24-h period. Low ILDs in dynamic
environments are characterized by prolonged exposure to
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Fig. 6. Comparison of modeled allocation to light-harvesting (solid gray-scale lines) and
measured proxies of allocation to light harvesting (symbols). Model predictions and data are
normalized to unity in each case (dashed lines). Modeled curves are for three values of k, the
parameter that determines the severity of photodamage (see Eq. 10). (a) Comparison of model
predictions with observations of Prochlorococcus marinus (Moore et al. 1995). Original data were
in Chl per cell (fg cell21). (b) Comparison of model predictions with observations of Thalassiosira
pseudonana (Geider et al. 1997). Original data were in Chl : C (g g21). The range of allocation to
light harvesting is more consistent with P. marinus in the static scenario and T. pseudonana in the
dynamic scenario. See Table 2 for error statistics.

extremely low light, combined with acute exposure to
saturating irradiance (Fig. 3). Dynamic light exposure is
therefore markedly different from static light exposure,
where cells see a single, fixed irradiance for the duration of
the photoperiod.
There are several aspects of optimal resource allocation
common to both static and dynamic scenarios that can be
observed when the results are presented in terms of daily
ILD (Fig. 5). In general, investment in light harvesting is
highest at low light and decreases as light becomes less
limiting. Conversely, investment in biosynthesis increases
as a function of ILD, as more energy is available to fuel
growth at high light. In both static and dynamic
environments, cells must invest sufficient resources in
photoprotection at high light in order to survive the
damaging influence of saturating irradiance. Furthermore,
high investment in carbon fixation is optimal for high light
doses in both scenarios (Fig. 5).
Optimal allocation for cells exposed to relatively low
ILD is very different in static and dynamic environments
(Fig. 5). In static environments, investment in photoprotection decreases at low light. On the other hand, cells

optimized to dynamic environments maintain significant
photoprotective investment, even at low ILD (Fig. 5e).
Furthermore, investment in carbon-fixing enzymes is
maintained in dynamic simulations, whereas it is reduced
in the static case (Fig. 5c).
We now compare results with observations to determine
when static and dynamic optimization can predict phytoplankton photosynthesis rates and Chl content.
Chl synthesis—Variability in Chl cell21 as a function of
growth irradiance in Prochlorococcus (MED4) is consistent with optimality model predictions of allocation to
light harvesting in a static environment (Fig. 6a). In
contrast, variability in Chl : C as a function of growth
irradiance in T. pseudonana is consistent with optimality
model predictions of resource allocation to light harvesting in a dynamic environment (Fig. 6b). Thus, although
Prochlorococcus (MED4) appears to optimize resource
allocation to suit a static light environment, T. pseudonana
does not. RSS between model predictions and measurements indicates that optimization of resource allocation in
a static environment is the best predictor of Chl variability

Table 2. RSS for the data-model comparison depicted in Fig. 6. Statistics are reported for each photodamage parameter tested.
Minimal RSS values are highlighted in bold for each species. In general, optimization in a dynamic environment is a better predictor of
the plasticity in Chl content of Thalassiosira pseudonana, and static optimization is a better predictor of plasticity in Chl content of
Prochlorococcus marinus (MED4).
Static

P. marinus (MED4)
T. pseudonana

Dynamic

k50.0

k50.1

k50.5

k50.0

k50.1

k50.5

3.1
32.4

2.7
28.3

2.4
27.7

6.8
17.5

34.8
0.6

47.8
2.1
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Fig. 7. Predictions of short-term photosynthesis response for resource allocations associated
with optimization in (a) static and (b) dynamic scenarios. Observations are of Skeletonema
costatum acclimated to 50 mmol photons m22 s21 (filled circles) and 1200 mmol photons m22 s21
(open circles; Anning et al. 2000). Resource allocations used to generate the modeled response
curves correspond to the case where the ILD for static and dynamic simulations matched the
experimental conditions. Model results and data are normalized by the maximum high-light–
acclimated rate in each case. Thus, PB (relative) is a dimensionless measure of variation in
photosynthetic rate measured by 14C assimilation experiments. Resource allocations optimal in
dynamic regimes give a better prediction of the shape of the P–I response of S. costatum.

in Prochlorococcus, whereas optimization of resource
allocation in a dynamic environment is the best predictor
of Chl variability in T. pseudonana (Table 2).
There are differences in the optimal allocation to light
harvesting between static and dynamic environments,
irrespective of whether photodamage is or is not included
in the model (i.e., k 5 0 and k . 0). Therefore, adaptation to
dynamic environments affects resource allocation even when
photoprotection is not considered. Sensitivity analysis on the
parameter that determines the severity of photodamage (i.e.,
k 5 kdam/krepair; see assumption 5 in Methods) reveals that
Chl synthesis in cells optimized to dynamic environments is
highly dependent on the balance between photodamage and
repair rate constants across all ILDs (Fig. 6b).
Photoprotection—Differing investment in photoprotection predicted by the model for static and dynamic
environments leads to differences in the P–I relationship
for cells optimized to low ILDs (Fig. 7a,b). In particular,
cells that optimize resource allocation to a single, fixed
irradiance (static case) have a lower investment in photoprotective machinery, leading to strong photoinhibition at
high irradiance (Fig. 7a). Objective comparison between
observed P–I relationships and model predictions indicates
static optimization is a better indicator of the shape of the
P–I response for Prochlorococcus ecotypes (Fig. 8), which
are likely to be evolutionarily adapted to relatively stable
water columns, and thus relatively stable light environments, of the oligotrophic gyres. In contrast, cultures of S.
costatum adapted to dynamic light environments in coastal
regimes (Lavaud et al. 2007) maintain investment in
photoprotective apparatus and are less affected by photodamage (Fig. 7b). Indeed, the photosynthesis–light response of S. costatum grown on a square-wave LD cycle

is more consistent with model predictions for cells
optimized to dynamic irradiance than to model predictions
for cells optimized to fixed irradiance (Fig. 7).
Constitutive expression of Calvin cycle enzymes—The
above-mentioned differences in Calvin cycle investment
between static and dynamic environments (Fig. 5) lead to
marked differences in the shape of the P–I curve
(Fig. 7a,b), because the maximum light-saturated rate of
photosynthesis depends on the proportion of cellular
nitrogen invested in carbon fixation (Eq. 8). Although
photosynthesis response in high-light–acclimated S. costatum can be predicted by both static and dynamic
simulations, low-light optimization in static environments
predicts a decrease in the maximum rate of photosynthesis
that is much greater than what is observed (Fig. 7a). In
contrast, optimization to a dynamic environment leads to
maintenance of carbon-fixing enzymes under light limitation (Fig. 5c), and a higher maximum rate of photosynthesis (Fig. 7b). Thus, photosynthesis response in S.
costatum, even when grown under a square-wave LD cycle
in the laboratory, is better explained by optimization to
dynamic environments associated with the natural variability that these organisms may encounter in nature than
by the static conditions imposed in the laboratory (Fig. 7).
The contrasting investment in Calvin cycle enzymes in
static and dynamic environments leads to differences in Ek,
the irradiance at which photosynthesis is saturated. When
photosynthesis is optimized in stable environments, Ek is
expected to equal the average growth irradiance (Moore et
al. 2006). In contrast, when cells maintain Calvin cycle
enzymes at low ILD in dynamic environments, Ek,modeled is
above that associated with static environments (Fig. 9a).
Furthermore, Ek,in situ measured in the stratified Celtic Sea
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Fig. 8. Modeled and measured P–I relationships normalized to lie within the range (0, 1) and RSS between model and data for
optimization to a range of ILDs. (a, b) P–I response for hypothetical cells optimized in static and dynamic environments, respectively. In
both cases, cells are optimized to ,5 mol photons m22 d21. The dashed lines show photosynthesis without any loss due to photodamage;
the solid lines show the rate of photosynthesis after reductions in carbon equivalents associated with photodamage have been accounted
for. (c) Prochlorococcus MIT9302 and Prochlorococcus SS120 isolated from the Sargasso Sea, grown under low (9 mmol photons m22 s21,
triangles and circles) and high (70 mmol photons m22 s21, diamonds and squares) light (Moore and Chisholm 1999). (d) RSS between
modeled and measured P–I response. Optimization to static irradiance is a better predictor of P–I response for both Prochlorococcus
ecotypes for both growth irradiances.

was close to the average growth irradiance, in contrast to
Ek,in situ measured at a mixed site in the Irish Sea that
exceeded the average growth irradiance (Fig. 9b). Thus, the
differences in Ek,modeled between static and dynamic environments are consistent with differences between Ek,in situ
observed in the stratified Celtic Sea and a mixed site within
the Irish Sea (Fig. 9; Moore et al. 2006).

Discussion
We used a model to gain insight into how environmental
variability associated with different aquatic light regimes
may have influenced phytoplankton photoadaptation. The model was used to predict variable physiological
response within and between taxa without overly complex
mechanistic descriptions or explicitly considering evolutionary processes or timescales for adaptation. All traits
were assumed to be optimal on timescales comparable to
organism generation times. In general, optimization in
dynamic environments was associated with high photoprotective capacity, constitutive expression of enzymes
associated with carbon dioxide fixation, and limited

variability in Chl : C. In contrast, optimization across a
range of static environments was associated with limited
photoprotective capacity (at low ILD), changes in
resource allocation to the enzymes associated with carbon
dioxide fixation, and a wider range of Chl : C (Figs. 5, 6).
Model predictions of differences in the optimal allocation to photoprotective machinery in static and dynamic
environments led to quantitatively distinct P–I response
curves. Objective comparison with observations revealed
static optimization is the best predictor of the P–I
relationship for populations that occupy very stable
environments (i.e., the Sargasso Sea ecotypes, Fig. 8). In
contrast, laboratory cultures of S. costatum acclimated to
50 mmol photons m22 s21 maintain relatively high
photoprotective capacity that is well described by P–I
responses of hypothetical cells optimized to dynamic light.
Differences between Prochlorococcus and diatom P–I
responses persist even when the two groups are grown in
comparable, stable environments. Thus, cultures of
S. costatum appear to maintain photoprotective machinery,
even in stable laboratory environments where that variability is suppressed artificially (Fig. 7a,b). Indeed, by
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Fig. 9. Qualitative comparison of the relationship between modeled (Ek,modeled 5 Pm/(aphwmF2)) and measured (Ek,insitu ~PBm =a;
Moore et al. 2006) saturation irradiance and average growth irradiance. Both Ek,modeled and Ek,in situ are above the average growth
irradiance in dynamic environments. (a) In the static case, Ek,modeled approximately equals the growth irradiance (solid line). In the
dynamic case, the saturation irradiance exceeds average growth irradiance (dashed line). (b) Figure adapted from Moore et al. (2006). At
low irradiance, Ek,in situ are scattered relatively close to the average growth irradiance for samples collected in stratified water columns. In
contrast, samples collected in well-mixed water have Ek,in situ greater than the average growth irradiance.

comparison to many other organisms, diatoms tend to
show limited differences in growth rate in response to
fluctuations in irradiance at a given ILD, due, in part, to
enhanced dissipation of energy through non-photochemical
quenching and alternative electron sinks (Wagner et al.
2005). Nonetheless, even within the diatoms, taxa isolated
from estuarine, coastal, or open ocean regimes display
differences in the extent of photoprotection (Lavaud et al.
2007), which may be imposed in part by other evolutionary
pressures such as adaptation to Fe limitation (Strzepek and
Harrison 2004).
An additional trait that can be influenced by spatiotemporal variability in resource supply is the abundance of the
enzymes involved in CO2 fixation. Resources allocated to
carbon fixation influence the capacity of the cell to
accumulate energy and carbon reserves in the form of lipid
and carbohydrate (Ross and Geider 2009). Energy fixed in
reserve polymers can be used to fuel growth in low light or
darkness. Our results indicate that the physiologically
optimal strategy in dynamic environments is to allocate
nitrogen to enzymes involved in carbon fixation in order to
exploit transient exposure to high light by fixing carbon
into energy reserve polymers for later use in low light. This
is in contrast to static environments, where limited
variability in irradiance pushes the physiologically optimal
resource-partitioning strategy towards higher investment in
light harvesting and reduction of carbon-fixing enzymes
under light limiting conditions (Fig. 5).
The difference in allocation to carbon fixation between
static and dynamic light environments led to differences in
our predictions of the shape of the P–I response curve.
Specifically, high allocation to enzymes involved in CO2
fixation led to a greater maximum rate of photosynthesis

and higher Ek, the irradiance at which photosynthesis is
saturated (Fig. 8). Moore et al. (2006) suggested high Ek
indicates acclimation to irradiance above the average
growth irradiance, but there has been some debate
regarding the depth to which cells in well-mixed regimes
are acclimated (Behrenfeld et al. 1998; Moore et al. 2006;
Ross et al. 2011). Our results indicate that in dynamic
environments, optimal resource allocation to light harvesting and corresponding Chl : C both decrease with increasing ILD (Figs. 5d, 6b). Thus, considering only variability in
Chl : C as a function of growth irradiance, low ILD in
dynamic environments leads to low-light acclimation. Yet,
our model indicates these differences would not be
accompanied by decreases in Ek. Thus, acclimation should
be thought of in terms of the parameters that influence the
variability of light (e.g., surface irradiance, mixed-layer
depth, and light attenuation) and not a single, average
irradiance.
The model suggests that the limited range of Chl : C
predicted for dynamic environments arises in part because of
the ‘‘threat’’ associated with enhanced allocation to light
harvesting due to photodamage that could be encountered in
dynamic light environments (Fig. 6a,b). Thus, photoacclimation in T. pseudonana is not well described as a
physiological optimum to a single irradiance (Fig. 6b). In
contrast, optimal allocation in static environments leads to
the prediction of a larger range of cellular Chl content as a
function of ILD, consistent with observations of Prochlorococcus marinus (MED4) adapted to relatively stable environments (Figs. 5d, 6a). One might question the use of a
square-wave LD cycle to simulate a stable natural light
environment where irradiance will be sinusoidal under clear
skies. However, we found very good quantitative agreement
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Fig. 10. Model predictions of resource allocation to light harvesting bracket observations of
plasticity of Chl investment. The black line shows optimal N allocation to light harvesting in a
static environment with no photodamage (k 5 0.0); the grey line shows optimal N allocation to
light harvesting in a mixed environment (k 5 0.5). Data are from various sources: Phaeodactylum
tricornutum (Geider et al. 1985); Gonyaulax tamarensis and Skeletonema costatum (Langdon
1987); Ostreococcus tauri (Six et al. 2008); Isochrysis galbana, Pleurochrysis carterae, Chaetoceros
gracilis, Dunaliella tertiolecta, Thalassiosira weissflogii, and Coscinodiscus sp. (Fujiki and Taguchi
2002); Prochlorococcus marinus (MED4; Moore et al. 1995); and Thalassiosira pseudonana
(Geider et al. 1997). Data are normalized by the minimum value of the raw data in each case.
High-light–adapted Ostreococcus (black triangles) and Prochlorococcus (black squares) have the
highest predicted relative allocation to light harvesting at low ILD.

between modeled and measured Chl and P–I response in P.
marinus whether we employed square-wave (as employed in
the laboratory experiments) or sinusoidal irradiance regimes
of the same ILD. Thus, it is the acute exposure to saturating
irradiance combined with prolonged light limitation associated with deep mixing (Fig. 3c) that leads to the marked
contrast between static and dynamic scenarios, and these
differences persist when a static environment is simulated
with both sinusoidal and square-wave daytime irradiance.
The optimal resource allocations depicted in Fig. 5 are
associated with either completely static or extremely
dynamic ocean settings. A compilation of published
measurements suggests there is a range of strategies that
lie on the continuum between the end members considered
in this work (Fig. 10). Notably, high-light–adapted ecotypes of Ostreococcus tauri and P. marinus (MED4) have
the greatest plasticity in Chl concentration, consistent with
adaptation to relatively stable environments. Organisms
with photoacclimation responses closer to that predicted by

optimization in a dynamic environment include D. tertiolecta and Thalassiosira weissflogii (Fig. 10). Interspecific
differences in k (the parameter that constrains the energy
and carbon costs of photodamage; see Eq. 10), and
adaptation to intermediate mixing conditions may combine
to cause variation in photoacclimation response along the
continuum between the end members depicted in Fig. 10.
In highly productive regions, individual organisms often
sample a wide range of irradiances due, for example, to windinduced mixing of the surface layer and temperature-induced
changes in mixed-layer depth. In contrast, organisms that
occupy very stable environments sample a narrow range of
light conditions, and in stably stratified water columns
different ecotypes are thought to partition the water column
with respect to depth (Campbell and Vaulot 1993; Moore et
al. 1998). Some organisms adapted to very stable environments have relatively limited variability in light-harvesting
allocation. For example, low-light–adapted P. marinus
(SS120) and Ostreococcus (RCC809) have a limited range
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Fig. 11. Contrasting photoacclimation responses in low- and high-light–adapted Ostreococcus and Prochlorococcus. Note the
change of scale on the abscissa between panels. (a) In general, low-light ecotypes have a relatively narrow range of cellular Chl
concentrations. (b) In contrast, high-light–adapted organisms have a wider range of Chl concentrations, consistent with model
predictions of allocation to light harvesting in static environments (Fig. 5).

of Chl cell21 as a function of growth irradiance, in contrast
to their high-light–adapted counterparts (Fig. 11). This
could be because these organisms are adapted to a relatively
narrow range of light intensities at the base of the euphotic
zone, or because they employ photoacclimation strategies
that have a relatively ‘‘cheap’’ nutrient cost (Six et al. 2008).
Diatom Chl : C and P–I response used for the comparison (Figs. 6, 7) correspond to cultures grown in the
laboratory under fixed light. Why do observations made of
cultures grown in relatively static conditions correspond to
predictions of optimal resource allocation in dynamic
environments? It would appear subcellular and physiological traits selected for by real-world environmental variability continue to be expressed in cultures grown in the
laboratory, where that variability is artificially suppressed.
In other words, evolutionary photoadaptation to dynamic
environments cannot be overridden when cells are acclimated to stable laboratory conditions for weeks or months.
Thus, we hypothesize that for these diatoms, evolution
constrains the degree that photoacclimation alters Chl : C
and the shape of the P–I curve.
The model presented here assumes that resource
allocation is determined by maximization of growth rate
on the order of organism generation times. The assumption
was used because we were concerned with the plastic
response of traits associated with resource acquisition; in
this case, with harvesting and utilizing light. Interspecific
differences in traits that are optimized by evolution no
doubt emerge, for example, when resource acquisition is
traded off with persistence (Geider et al. 2009). When
avoidance of predation is important to survival, minimization of loss terms may be a better predictor of observed
traits than growth maximization. Furthermore, the model
presented here does not include feedbacks associated with
resource consumption (Tilman 1982), nor does it account
for nonlinearity of kinetic parameters. Indeed, data scarcity

means many of the parameter values had to be chosen to
facilitate the comparison between dynamic and static
optimization (Table 1). It was implicitly assumed that
component stoichiometry (Fig. 1) is invariant. Differences,
for example, in the pigment : protein ratio in the lightharvesting component could lead to differences in Chl : C
and Chl : N. Limiting nutrients such as phosphorus and
iron whose supply is likely to vary in time and space were
not considered, and there are additional constraints
associated with organism size and shape that are likely to
influence some of the parameters included in the model
(Litchman and Klausmeier 2008). None of the abovementioned caveats are likely to influence our conclusion
that resource allocation in phytoplankton can be influenced
by variability in light supply.
The data used for comparison of P–I response were of 14C
experiments. The debate concerning whether short-term 14C
relates to net or gross photosynthesis continues (Beardall et
al. 2009). Halsey et al. (2010) showed that at low growth
rates, newly fixed 14C is mostly respired, which implies 14C
assimilation measures net photosynthesis, whereas at high
growth rates, newly fixed 14C enters biosynthetic pools,
implying 14C assimilation relates to gross photosynthesis.
We have assumed measurements of 14C uptake equate to
gross photosynthesis. Nonetheless, we also subtracted the
photodamage term in Eq. 10, because it is assumed that
carbon and energy loss associated with photodamage and
repair takes place on short timescales (, 20 min).
We acknowledge that damage to reaction centers may
directly influence the gross rate of carbon fixation by
inactivation of the reaction center protein D1 (Marshall et
al. 2001; Han 2002; Baklouti et al. 2006), but we have
chosen to not explicitly account for this process. Damage
due to oxidative stress is likely to influence whole cell
function, but the costs are poorly understood (Raven
2011). We have represented the reduction in carbon
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equivalents that arises because of oxidative stress and other
causes of photodamage with Eq. 10. Thus, although the
decline in carbon fixation observed in Prochlorococcus
(Fig. 8) may in part be due to D1 damage not explicitly
accounted for in our model, we have accepted this caveat in
order to reach more general conclusions regarding wholecell resource allocation (Fig. 5).
Our results are encouraging for biological oceanographers wishing to move toward prognostic understanding
of phytoplankton photosynthesis and stoichiometry using
physiologically robust models. Indeed, large-scale models
of biogeochemistry have begun to incorporate trait-based
approaches (Bruggeman and Kooijman 2007; Follows et
al. 2007), but it has been argued that better understanding
of subcellular trade-offs may be necessary for tenable
models of ocean ecology and biogeochemistry (Follows
and Dutkiewicz 2011). We conclude with the following
simple recommendations for both theoretical and experimental studies of phytoplankton ecophysiology that may
also be relevant to other organisms: first, simple representations of mechanistic limitations on resource acquisition
can be used to guide investigations of how traits are
expressed subject to changes in the environment; second,
environmental variability, not just periodic averages, is
likely to drive adaptations and should therefore be
accounted for.
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BEHRENFELD, M. J., E. MARAÑÓN, D. A. SIEGEL, AND S. B.
HOOKER. 2002. Photoacclimation and nutrient-based model of
light-saturated photosynthesis for quantifying oceanic
primary production. Mar. Ecol. Prog. Ser. 228: 103–117,
doi:10.3354/meps228103
———, O. PRASIL, Z. S. KOLBER, M. BABIN, AND P. G. FALKOWSKI.
1998. Compensatory changes in photosystem II electron
turnover rates protect photosynthesis from photoinhibition.
Photosynth. Res. 58: 259–268, doi:10.1023/A:1006138630573

BERMAN-FRANK, I., AND Z. DUBINSKY. 1999. Balanced growth in
aquatic plants: Myth or reality? Bioscience 49: 29–37,
doi:10.2307/1313491
BLACKFORD, J. C., J. I. ALLEN, AND F. J. GILBERT. 2004. Ecosystem
dynamics at six contrasting sites: A generic modelling study.
J. Mar. Syst. 52: 191–215, doi:10.1016/j.jmarsys.2004.02.004
BRUGGEMAN, J., AND S. KOOIJMAN. 2007. A biodiversity-inspired
approach to aquatic ecosystem modeling. Limnol. Oceanogr.
52: 1533–1544, doi:10.4319/lo.2007.52.4.1533
CAMPBELL, L., AND D. VAULOT. 1993. Photosynthetic picoplankton
community structure in the subtropical North Pacific Ocean
near Hawaii (station ALOHA). Deep Sea Res. I 40: 2043–2060,
doi:10.1016/0967-0637(93)90044-4
CLOERN, J. E., C. GRENZ, AND L. VIDERGAR-LUCAS. 1995. An
empirical model of the phytoplankton chlorophyll : carbon
ratio—the conversion factor between productivity and growth
rate. Limnol. Oceanogr. 40: 1313–1321, doi:10.4319/
lo.1995.40.7.1313
CULLEN, J. J. 1990. On models of growth and photosynthesis in
phytoplankton. Deep Sea Res. I 37: 667–683, doi:10.1016/
0198-0149(90)90097-F
DEMMIG-ADAMS, B., AND W. W. ADAMS. 1996. The role of
xanthophyll cycle carotenoids in the protection of photosynthesis.
Trends Plant Sci. 1: 21–26, doi:10.1016/S1360-1385(96)80019-7
FALKOWSKI, P. G., M. E. KATZ, A. H. KNOLL, A. QUIGG, J. A.
RAVEN, O. SCHOFIELD, AND F. J. R. TAYLOR. 2004. The
evolution of modern eukaryotic phytoplankton. Science 305:
354–360, doi:10.1126/science.1095964
———, AND J. LA ROCHE. 1991. Acclimation to spectral irradiance
in algae. J. Phycol. 27: 8–14, doi:10.1111/j.0022-3646.
1991.00008.x
———, AND J. A. RAVEN. 1997. Aquatic photosynthesis. Blackwell Science Malden.
FIELD, C. B., M. J. BEHRENFELD, J. T. RANDERSON, AND P.
FALKOWSKI. 1998. Primary production of the biosphere:
Integrating terrestrial and oceanic components. Science 281:
237–240, doi:10.1126/science.281.5374.237
FISCHER, T., R. SHURTZ SWIRSKI, S. GEPSTEIN, AND Z. DUBINSKY.
1989. Changes in the levels of ribulose 1,5 bisphosphate
carboxylase/oxygenase (Rubisco) in Tetraedon minimum
(chlorophyta) during light and shade adaptation. Plant Cell
Physiol. 30: 221–288.
FOLLOWS, M. J., AND S. DUTKIEWICZ. 2011. Modeling diverse
communities of marine microbes. Annu. Rev. Mar. Sci. 3:
427–451, doi:10.1146/annurev-marine-120709-142848
———, ———, S. GRANT, AND S. W. CHISHOLM. 2007. Emergent
biogeography of microbial communities in a model ocean.
Science 315: 1843–1846, doi:10.1126/science.1138544
FUJIKI, T., AND S. TAGUCHI. 2002. Variability in chlorophyll-a
specific absorption coefficient in marine phytoplankton as a
function of cell size and irradiance. J. Plankton Res. 24:
859–874, doi:10.1093/plankt/24.9.859
GEIDER, R. J., AND J. LA ROCHE. 2002. Redfield revisited:
Variability of C : N : P in marine microalgae and its biochemical basis. Eur. J. Phycol. 37: 1–17, doi:10.1017/
S0967026201003456
———, H. L. MACINTYRE, AND T. M. KANA. 1997. Dynamic
model of phytoplankton growth and acclimation: responses of
the balanced growth rate and the chlorophyll-a : carbon ratio
to light, nutrient-limitation and temperature. Mar. Ecol.
Prog. Ser. 148: 187–200, doi:10.3354/meps148187
———, C. M. MOORE, AND O. N. ROSS. 2009. The role of cost–
benefit analysis in models of phytoplankton growth and
acclimation. Plant Ecol. Divers. 2: 165–178, doi:10.1080/
17550870903300949

Photoadaptation in contrasting environments
———, AND B. A. OSBORNE. 1989. Respiration and microalgal
growth: A review of the quantitative relationship between
dark respiration and growth. New Phytol. 112: 327–341,
doi:10.1111/j.1469-8137.1989.tb00321.x
———, ———, AND J. A. RAVEN. 1985. Light dependence of
growth and photosynthesis in Phaeodactylum tricornutum
(Bacillariophyceae). J. Phycol. 21: 609–619, doi:10.1111/
j.0022-3646.1985.00609.x
HALSEY, K. H., A. J. MILLIGAN, AND M. J. BEHRENFELD. 2010.
Physiological optimization underlies growth rate-independent
chlorophyll-specific gross and net primary production. Photosynth. Res. 103: 125–137, doi:10.1007/s11120-009-9526-z
HAN, B. P. 2002. A mechanistic model of algal photoinhibition
induced by photodamage to photosystem-II. J. Theor. Biol.
214: 519–527, doi:10.1006/jtbi.2001.2468
KLAUSMEIER, C. A., E. LITCHMAN, T. DAUFRESNE, AND S. A. LEVIN.
2004. Optimal nitrogen-to-phosphorus stoichiometry of phytoplankton. Nature 429: 171–174, doi:10.1038/nature02454
LANGDON, C. 1987. On the causes of interspecific differences in the
growth-irradiance relationship for phytoplankton. Part I. A
comparative study of the growth-irradiance relationship of
three marine phytoplankton species: Skeletonema costatum,
Olisthodiscus luteus and Gonyaulax tamarensis. J. Plankton
Res. 9: 459–482, doi:10.1093/plankt/9.3.459
LAVAUD, J., R. F. STRZEPEK, AND P. G. KROTH. 2007. Photoprotection capacity differs among diatoms: Possible consequences on the spatial distribution of diatoms related to
fluctuations in the underwater light climate. Limnol. Oceanogr. 52: 1188–1194, doi:10.4319/lo.2007.52.3.1188
LAWS, E., AND J. CAPERON. 1976. Carbon and nitrogen metabolism
by Monochrysis lutheri: Measurement of growth-rate-dependent
respiration rates. Mar. Biol. 36: 85–97, doi:10.1007/BF00388431
LAWS, E. A., AND T. BANNISTER. 1980. Nutrient-and light-limited
growth of Thalassiosira fluviatilis in continuous culture, with
implications for phytoplankton growth in the ocean. Limnol.
Oceanogr. 25: 457–473, doi:10.4319/lo.1980.25.3.0457
LEFEBVRE, S. C., AND OTHERS. 2010. Characterisation and
expression analysis of the LHCF gene family in Emiliania
huxleyi (haptophyta) reveals differential responses to light
and CO2. J. Phycol. 46: 123–134, doi:10.1111/j.1529-8817.
2009.00793.x
LESSER, M. P. 2006. Oxidative stress in marine environments:
biochemistry and physiological ecology. Annu. Rev. Physiol.
68: 253–278, doi:10.1146/annurev.physiol.68.040104.110001
LEWIS, M. R., J. J. CULLEN, AND T. PLATT. 1984a. Relationships
between vertical mixing and photoadaptation of phytoplankton: Similarity criteria. Mar. Ecol. Prog. Ser. 15: 141–149,
doi:10.3354/meps015141
———, E. P. W. HORNE, J. J. CULLEN, N. S. OAKEY, AND T. PLATT.
1984b. Turbulent motions may control phytoplankton photosynthesis in the upper ocean. Nature 311: 49–50,
doi:10.1038/311049a0
LITCHMAN, E., AND C. A. KLAUSMEIER. 2008. Trait-based community ecology of phytoplankton. Annu. Rev. Ecol. Evol. Syst. 39:
615–639, doi:10.1146/annurev.ecolsys.39.110707.173549
LOGAN, B. A., D. KORNYEYEV, J. HARDISON, AND A. S. HOLADAY.
2006. The role of antioxidant enzymes in photoprotection.
Photosynth. Res. 88: 119–132, doi:10.1007/s11120-006-9043-2
LOLADZE, I., AND J. J. ELSER. 2011. The origins of the Redfield
nitrogen-to-phosphorus ratio are in a homoeostatic protein-torRNA ratio. Ecol. Lett. 14: 244–250, doi:10.1111/j.1461-0248.
2010.01577.x
LONG, S. P., S. HUMPHRIES, AND P. G. FALKOWSKI. 1994.
Photoinhibition of photosynthesis in nature. Annu. Rev. Plant
Biol. 45: 633–662, doi:10.1146/annurev.pp.45.060194.003221

1817

MACINTYRE, H. L., T. M. KANA, T. ANNING, AND R. J. GEIDER. 2002.
Photoacclimation of photosynthesis irradiance response curves
and photosynthetic pigments in microalgae and cyanobacteria.
J. Phycol. 38: 17–38, doi:10.1046/j.1529-8817.2002.00094.x
MARSHALL, H. L., R. J. GEIDER, AND K. J. FLYNN. 2001. A mechanistic
model of photoinhibition. New Phytol. 145: 347–359, doi:10.1046/
j.1469-8137.2000.00575.x
MOORE, C. M., AND OTHERS. 2006. Phytoplankton photoacclimation and photoadaptation in response to environmental
gradients in a shelf sea. Limnol. Oceanogr. 51: 936–949,
doi:10.4319/lo.2006.51.2.0936
MOORE, L. R., AND S. W. CHISHOLM. 1999. Photophysiology of the
marine cyanobacterium Prochlorococcus: Ecotypic differences
among cultured isolates. Limnol. Oceanogr. 44: 628–638,
doi:10.4319/lo.1999.44.3.0628
———, R. GOERICKE, AND S. W. CHISHOLM. 1995. Comparative
physiology of Synechococcus and Prochlorococcus: Influence of
light and temperature on growth, pigments, fluorescence and
absorptive properties. Mar. Ecol. Prog. Ser. 116: 259–275,
doi:10.3354/meps116259
———, G. ROCAP, AND S. W. CHISHOLM. 1998. Physiology and
molecular phylogeny of coexisting Prochlorococcus ecotypes.
Nature 393: 464–467, doi:10.1038/30965
OHAD, I., AND OTHERS. 1994. Light-induced degradation of the
photosystem II reaction centre D1 protein in vivo: An
integrative approach, p. 161–177. In N. Baker and J. R.
Bowyer [eds.], Photoinhibition of photosynthesis: From the
molecular mechanism to the field. Bios.
PAHLOW, M. 2005. Linking chlorophyll-nutrient dynamics to the
Redfield N : C ratio with a model of optimal phytoplankton
growth. Mar. Ecol. Prog. Ser. 287: 33–43, doi:10.3354/meps287033
RAVEN, J. A. 2011. The cost of photoinhibition. Physiol. Plant.
142: 87–104, doi:10.1111/j.1399-3054.2011.01465.x
———, AND R. J. GEIDER. 2003. Adaptation, acclimation and
regulation in algal photosynthesis, p. 385–412. In A. W. D.
Larkum, S. Douglas, and J. A. Raven [eds.], Photosynthesis in
algae. Kluwer.
REDFIELD, A. C. 1958. The biological control of chemical factors
in the environment. Am. Sci. 46: 205–221.
RIVKIN, R. B. 1990. Photoadaptation in marine phytoplankton:
Variations in ribulose 1,5-bisphosphate activity. Mar. Ecol.
Prog. Ser. 62: 61–72, doi:10.3354/meps062061
ROSS, O. N., AND R. J. GEIDER. 2009. New cell-based model of
photosynthesis and photo-acclimation: accumulation and
mobilisation of energy reserves in phytoplankton. Mar. Ecol.
Prog. Ser. 383: 53–71, doi:10.3354/meps07961
———, ———, AND J. PIERA. 2011. Modelling the effect of
vertical mixing on bottle incubations for determining in situ
phytoplankton dynamics. II. Primary production. Mar. Ecol.
Prog. Ser. 435: 33–45, doi:10.3354/meps09194
SHUTER, B. 1979. A model of physiological adaptation in
unicellular algae. J. Theor. Biol. 78: 519–552, doi:10.1016/
0022-5193(79)90189-9
SIX, C., Z. V. FINKEL, F. RODRIGUEZ, D. MARIE, F. PARTENSKY,
AND D. A. CAMPBELL. 2008. Contrasting photoacclimation
costs in ecotypes of the marine eukaryotic picoplankter
Ostreococcus. Limnol. Oceanogr. 53: 255–265, doi:10.4319/
lo.2008.53.1.0255
SMITH, S. L., M. PAHLOW, A. MERICO, AND K. W. WIRTZ. 2011.
Optimality-based modeling of planktonic organisms. Limnol.
Oceanogr. 56: 2080–2094, doi:10.4319/lo.2011.56.6.2080
STERNER, R. W., T. ANDERSEN, J. J. ELSER, D. O. HESSEN, J. M.
HOOD, E. MCCAULEY, AND J. URABE. 2008. Scale-dependent
carbon : nitrogen : phosphorus seston stoichiometry in marine
and freshwaters. Limnol. Oceanogr. 53: 1169–1180,
doi:10.4319/lo.2008.53.3.1169

1818

Talmy et al.

———, AND J. J. ELSER. 2002. Ecological stoichiometry: The biology
of elements from molecules to the biosphere. Princeton Univ. Press.
STRZEPEK, R. F., AND P. J. HARRISON. 2004. Photosynthetic
architecture differs in coastal and oceanic diatoms. Nature
431: 689–692, doi:10.1038/nature02954
SUKENIK, A., J. BENNETT, AND P. FALKOWSKI. 1987. Lightsaturated photosynthesis—limitation by electron transport
or carbon fixation? Biochim. Biophys. Acta, Bioenerg. 891:
205–215, doi:10.1016/0005-2728(87)90216-7
SUNDA, W., D. J. KIEBER, R. P. KIENE, AND S. HUNTSMAN. 2002.
An antioxidant function for DMSP and DMS in marine
algae. Nature 418: 317–320, doi:10.1038/nature00851
TILMAN, D. 1982. Resource competition and community structure.
Princeton Univ. Press.
VASILIKIOTIS, C., AND A. MELIS. 1994. Photosystem II reaction
centre damage and repair cycle: Chloroplast acclimation
strategy to irradiance stress. Proc. Natl. Acad. Sci. USA 91:
7222–7226, doi:10.1073/pnas.91.15.7222

WAGNER, H., T. JAKOB, AND C. WILHELM. 2005. Balancing the energy
flow from captured light to biomass under fluctuating light
conditions. New Phytol. 169: 95–108, doi:10.1111/j.1469-8137.
2005.01550.x
WESTBERRY, T., M. J. BEHRENFELD, D. A. SIEGEL, AND E. BOSS.
2008. Carbon-based primary productivity modeling with
vertically resolved photoacclimation. Global Biogeochem.
Cycles 22: GB2024, doi:10.1029/2007GB003078
YANG, W. W., W. CAO, T. S. CHUNG, AND J. MORRIS. 2005. Applied
numerical methods using MATLAB. Wiley-Blackwell.

Associate editor: Heidi M. Sosik
Received: 18 January 2013
Amended: 14 June 2013
Accepted: 19 June 2013

