
A biodiversity-inspired approach to aquatic ecosystem modeling

Jorn Bruggeman1 and Sebastiaan A. L. M. Kooijman
Vrije Universiteit, Faculty of Earth & Life Sciences, Department of Theoretical Biology, de Boelelaan 1085,
1081 HV Amsterdam, The Netherlands

Abstract

Current aquatic ecosystem models accommodate increasing amounts of physiological detail, but marginalize
the role of biodiversity by aggregating multitudes of different species. We propose that at present, understanding
of aquatic ecosystems is likely to benefit more from improved descriptions of biodiversity and succession than
from incorporation of more realistic physiology. To illustrate how biodiversity can be accounted for, we define
the system of infinite diversity (SID), which characterizes ecosystems in the spirit of complex adaptive systems
theory as single units adapting to environmental pressure. The SID describes an ecosystem with one generic
population model and continuity in species-characterizing parameters, and acquires rich dynamics by modeling
succession as evolution of the parameter value distribution. This is illustrated by a four-parameter phytoplankton
model that minimizes physiological detail, but includes a sophisticated representation of community diversity
and interspecific differences. This model captures several well-known aquatic ecosystem features, including
formation of a deep chlorophyll maximum and nutrient-driven seasonal succession. As such, it integrates
theories on changes in species composition in both time and space. We argue that despite a lack of physiological
detail, SIDs may ultimately prove a valuable tool for further qualitative and quantitative understanding of
ecosystems.

Biodiversity poses a perennial problem for ecosystem
modelers. Confronted with a reality fraught with species,
dependencies, and physiological detail, one cannot help but
think that simple models cannot do it justice (Anderson
2005). Simple models aggregate large numbers of species
into single state variables, and by doing so they lose the
ability to reproduce ranges of behavior shown by detailed
species-explicit models (Raick et al. 2006). Also, the use of
aggregation puts models at a greater distance from
empirical results, first because assimilation of empirically
determined, species-specific parameter values to parameters
of virtual aggregates of species is a difficult and largely
subjective process; second because aggregate models pro-
vide only indirect information about individual species
observed in the field. Not surprisingly, large ecosystem
models that describe many classes of species explicitly have
recently gained in popularity (Baretta et al. 1995; Quéré et
al. 2005). However, continued diversification of functional
groups may create more problems than it solves. Increasing
the number of groups within ecosystem models dilutes the
available empirical information per model unit, and
therefore increases the uncertainty per parameter. Consid-
ering the substantial uncertainty already associated with
parameters of moderate-size ecosystem models, this route
seems unappealing. Also, it is easy to overlook that as the
number of variables within an ecosystem model increases,
so does the amount of information needed to initialize the
model. A utopian species-complete model would require
initial abundances of every single ecosystem species (and

their substrates) to arrive at accurate predictions. Even if it
were possible, complete retrieval of this information is
certain to prove so costly in practice that the actual value of
such detailed models for most applications is debatable.

The merits of incorporating more species in ecosystem
models are well recognized, but perpetually adding more
explicitly modeled species primarily brings uncertainty and
complexity. Instead, we propose a hybrid approach that
builds on simple aggregate models, and bridges voids (in
quantitative knowledge) between species classes according
to unifying biological principles, e.g., thermodynamic
constraints and body size scaling relations. The use of
a limited number of functional groups, in combination with
interpolation on the basis of unifying principles, replaces
the unfeasible amount of species-specific information
otherwise needed to model realistic diversity. To allow for
interpolation between species, all species are modeled with
the same, omnipotent population model; interspecific differ-
ences are captured by differences in values of key
parameters—traits—rather than differences in model struc-
ture. Application of unified models to several similar
species is not rare (Ebenhöh et al. 1997), but to our
knowledge, such unification has not been applied consis-
tently across ecosystems. Indeed, because of the large
diversity within such systems, this is not a trivial affair. It
places serious demands on the modularity and consistency
of the model, and necessitates a modeling approach that
spans species and functional groups. Such an approach is
the dynamic energy budget (DEB) theory (Kooijman 2000),
which has been successful at describing a wide variety of
species, and is demonstrably capable of combining tradi-
tionally distinct strategies as autotrophy and heterotrophy
(Kooijman et al. 2002; Troost et al. 2005).

As a next step toward simple biodiversity-based models,
we assume continuity in trait values. Traits can take any
value, and any combination of different trait values is
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possible in multitrait models. In a sense, we allow for every
conceivable hybrid between species. This concept offers
a powerful means of system simplification, as illustrated by
its application in earlier aquatic ecosystem models (Wirtz
and Eckhardt 1996). Continuity in trait space implies that
in a model that distinguishes n traits, the state of the system
is described by an n-variable probability distribution, its
value at any trait coordinate indicating the probability of
finding a species with that specific trait value combination.
Changes in ecosystem and community structure are
captured by the dynamics of the trait value distribution.
We distinguish three mechanisms through which these
dynamics arise: (1) succession, i.e., differential growth and
decay of populations of the various species; (2) physiolog-
ical adaptation, i.e., changes in the trait value of individuals
(e.g., photoacclimation in the classic sense); and (3) genetic
evolution, i.e., mutation and selection causing changes in
the phenotype (trait values). Succession manifests as the
rise of parts of the trait distribution at the expense of other
parts, whereas physiological adaptation and evolution
cause shifts in the distribution toward (local) fitness
optima, on short and long timescales respectively. Each
mechanism can be incorporated in trait distribution
dynamics (Abrams et al. 1993; Dieckmann and Law 1996;
Jiang et al. 2005); in this study we focus exclusively on
succession. The resulting approach bears strong resem-
blance to complex adaptive systems theory (Levin 1998;
Leibold and Norberg 2004; Norberg 2004), which aspires to
understand (eco)system dynamics in terms of diversity and
selection. Independent of the underlying mechanism, the
direction and the rate of changes in the trait value
distribution are in part governed by trade-offs associated
with changes in trait value (Norberg 2004): The combina-
tion of (environment-dependent) costs and benefits of traits
directs and bounds the evolution of the trait value
distribution. Examples of trade-offs in aquatic systems
abound. For phytoplankton, increased resource harvesting
or defense against predation comes at the expense of
growth (Wirtz and Eckhardt 1996), and harvesting of one
nutrient comes at the expense of harvesting another
(Tilman et al. 1982; Huisman and Weissing 2001).

Where the behavior of traditional ecosystem models is
for a significant part determined by parameter values,
evolution of the trait value distribution depends on the
shape of the initial distribution. If the system is opened to
migration, this dependency is reduced as control shifts to
the trait distribution of immigrating species. There are
sound indications that in aquatic ecosystems migration can
play a major role: ‘‘[we conceive] the pelagic as an open
system where communities are continually reshaped by
species immigration’’ (Cloern and Dufford 2005). With this
in mind, we propose to model the ecosystem as a system
that continuously experiences immigration of trace quan-
tities of every possible species. Sources of immigrating
individuals are not resolved explicitly, but may be found in
(1) spatial subsidies (Polis et al. 1997), i.e., immigration
from neighboring environments as featured in metapopu-
lation theory (Hanski 1999; Leibold and Norberg 2004); or
(2) permanent background concentrations of dormant life
stages (e.g., spores, eggs) capable of waking in viable

environments (Anderson and Rengefors 2006). The rate of
immigration may vary in time and place, and could—in
particular when linked to spatial heterogeneity—correlate
with water transports or (turbulent) diffusion, or both. The
fate of immigrating species is uncertain. The majority will
perish (local extinction), but small subsets of species will at
times find a niche, outcompete existing species, and cause
the trait distribution to change. The net result is
reminiscent of a century-old concept from microbiology:
‘‘Everything is everywhere; the environment selects.’’
(Beijerinck 1913; Baas-Becking 1934).

Summarizing, our approach encompasses three compo-
nents: (1) an omnipotent population model, (2) trait
distributions that capture biodiversity, and (3) continuous
immigration of trace quantities of all species. We will refer
to systems that incorporate these components as systems of
infinite diversity (SIDs). In this study, we demonstrate that
a minimal, four-parameter SID for phytoplankton, placed
in a detailed one-dimensional setting, reproduces a number
of well-known aquatic ecosystem features, including (1)
seasonal development of a subsurface chlorophyll maxi-
mum independent of a biomass maximum (Fennel and
Boss 2003) due to the emergence of a ‘‘shade flora’’
(Sournia 1982b; Venrick 1982); (2) seasonal succession
linked to variation in nutrient affinity, as proposed by
Margalef’s Mandala (Margalef 1978); and (3) the sugges-
tion of trade-offs between harvesting capacities for
different resources in random samples of phytoplankton
species (Huisman and Weissing 2001). The present in-
carnation of SIDs proves computationally expensive; in
conclusion, however, we discuss recent techniques (Wirtz
and Eckhardt 1996; Norberg et al. 2001) that are capable of
rendering reasonably accurate, highly efficient parameter-
izations of SIDs.

Methods

In aquatic ecosystems, biodiversity has historically been
extensively studied in terms of phytoplankton competition
and succession (Margalef 1978; Tilman 1982; Sommer
1985); to this day, many ecosystem models still aim
primarily to resolve and explain the rise and fall of
phytoplankton species (Merico et al. 2004; Lancelot et al.
2005). Because of the substantial amount of data and
theory available on phytoplankton succession, it presents
an ideal test case for the SID approach. We therefore
construct a simple model system that is limited to
a phytoplankton community and one type of nutrient.
The plankton model is loosely based on concepts from
DEB theory (Kooijman 2000) and qualitatively resembles
previous approaches (Huisman and Weissing 1995;
Diehl 2002). Species interaction is implemented as
competition for a shared external nutrient pool. The
behavior of the model is first evaluated in a nonspatial
setting subject to a realistically fluctuating light intensity.
Subsequently, we partially resolve the spatial structure of
the environment with a water column model; this model
incorporates a realistic time- and depth-varying mixing
intensity, and resolves the decrease in light intensity with
depth.

1534 Bruggeman and Kooijman



A model of the phytoplankton community—Phytoplank-
ton species differ quantitatively in numerous features,
among which are cell size, resource harvesting ability, and
edibility. In environments that are not predation-dominat-
ed (e.g., oligotrophic open ocean sites), a good predictor of
the competitive ability of individual species is their affinity
for nutrients and light (Tilman 1982; Passarge et al. 2006).
To account for interspecific differences in nutrient and light
affinity, we propose to partition the total biomass of
a phytoplankton population into three types: (1) biomass
dedicated to light harvesting, (2) biomass dedicated to
nutrient harvesting, and (3) structural biomass responsible
for growth (cf. Shuter 1979; Geider et al. 1996; Klausmeier
et al. 2004). Light-harvesting biomass represents chloro-
phyll as well as closely associated cellular machinery.
Similar to the work of Geider et al. (1996, 1998), we assume
a fixed fraction of light-harvesting biomass to consist of
chlorophyll, implying that this type of biomass can serve as
chlorophyll proxy. Nutrient-harvesting biomass includes
compounds directly affecting nutrient consumption (e.g.,
membrane-bound transporters), as well as any co-occurring
machinery. If one accepts that the capacity for nutrient
uptake is determined by the surface area of the cell (Munk
and Riley 1952; Sournia 1982a), nutrient-harvesting bio-
mass must comprise the ‘‘shell’’ of the cell, i.e., the cell wall
and membrane as well as transporters. Then the ratio of
nutrient-harvesting biomass to structural biomass can serve
as proxy for the surface-to-volume ratio, and for iso-
morphic species its reciprocal can be a proxy for cell size
(Kooijman 2000). However, this relation is obfuscated if
diffusion limits nutrient availability (Chisholm 1992), as
may occur in oligotrophic environments; we therefore do
not explore the link between nutrient-harvesting biomass
and size further in this study. Structural biomass represents
all biomass that does not contribute to assimilation, but is
required to build a living alga; it can be regarded as
a measure of population size. In the model we quantify the
species-specific distribution of biomass over the three pools
by two partition coefficients: mL represents the quantity of
light-harvesting biomass per unit of structural biomass, and
mN represents the quantity of nutrient harvesting biomass
per unit of structural biomass. One can interpret these
coefficients as harvesting investments: They quantify
a species’ investment in resource harvesting, relative to its
investment in pure growth. The combination of the
partition coefficients and the amount of structural biomass,
denoted by V, specifies the amount of light- and nutrient-
harvesting biomass: mLV and mNV, respectively.

A phytoplankton population is assumed to require light
and some nutrient (e.g., nitrate) to produce new biomass.
The rate of biomass production is governed by the
synthesizing unit (SU) expression for colimitation, which
offers a flux-based description of classic multisubstrate
enzyme kinetics under the assumption of negligible substrate
dissociation (Kooijman 1998, 2000; Kuijper et al. 2004). The
SU-governed rate at which new biomass is produced equals

JA ~
1
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in which JAm denotes the maximum rate of biomass
production, JL and JN the rates at which light and nutrient
become available to growth machinery, and yL and yN the
amounts of light and nutrient needed to produce one unit of
biomass. The maximum rate of biomass production is taken
proportional to the population size, quantified by the
amount of structural biomass: JAm 5 rmaxV in which rmax

denotes the maximum structure-specific rate of biomass
production. The internal availabilities of light and nutrient
are taken proportional to the external light intensity XL and
nutrient concentration XN, respectively, and to the amounts
of corresponding harvesting biomasses, i.e., JL 3 mLVXL and
JN 3 mNVXN. The rate at which new biomass is produced
can now be written as
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in which KL denotes the half-saturation light intensity at mL

5 1 and KN denotes the nutrient half-saturation concentra-
tion at mN 5 1. The half-saturation coefficients are
compound parameters that contain yields yL and yN as well
as the maximum growth rate rmax. Newly produced biomass
is distributed over the three biomass pools as specified by the
partition coefficients mL and mN; thus, structural biomass is
formed at rate

JVA ~
JA

1 z mL z mN
ð2Þ

We assume that all biomass requires maintenance, i.e.,
a certain amount of energy per unit time necessary to
maintain the cell (Kooijman 2000). Energy for maintenance
is obtained through breakdown of organic compounds;
mass remineralized in this process re-enters the external
nutrient pool. As initial approximation, we will assume that
all three biomass types are subject to equal maintenance
requirements. Additionally, we assume that only structural
biomass can serve as energy source for maintenance; energy
stored in harvesting biomasses (e.g., chlorophyll) cannot be
regained. Harvesting biomasses simply decay passively
along with structural biomass. The rate of structural
biomass turnover related to maintenance is now given by

JVM ~ (1 z mL z mN)Vk ð3Þ

in which k denotes the amount of structural biomass
required to maintain one unit of (structural or harvesting)
biomass per unit time.

The net growth of structural biomass equals the
difference between assimilation and maintenance, i.e.

dV

dt
~ JVA { JVM ð4Þ

Since the partition coefficients are constant for a given
species, this immediately specifies the change in harvesting
biomass. The dynamics of light-harvesting and nutrient-
harvesting biomass equal mL dV / dt and mN dV / dt,
respectively. We choose to measure phytoplankton biomass
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in nutrient units (i.e., mmol nutrient L21), which implies
that dynamics of the external nutrient pool mirror the
dynamics of the total biomass: For a given change in
structural biomass dV / dt, the corresponding change in
nutrient equals 2(1 + mL + mN)dV / dt.

The phytoplankton population model serves as basis of
a SID in which all differences between phytoplankton
species are quantified by differences in harvesting invest-
ments mL and mN. These traits affect all parts of the
metabolism. They enhance resource availability (Eq. 1), but
increase the cost for growth (Eq. 2) and maintenance (Eq.
3). This creates a trade-off between harvesting and net
growth: If harvesting investments tend to zero, biomass
growth stops while (structure-specific) turnover continues,
resulting in extinction of the population. If harvesting
investments become very high, assimilation saturates,
whereas (harvesting-specific) turnover increases linearly,
also resulting in extinction. The trait values are thus
restricted to a viable region, its environment-dependent
contour defined by the trait value combinations for which
dV / dt 5 0. The largest viable region is obtained if light
and nutrient availability are infinite; then we obtain the
boundary

mL z mN v{1 z

ffiffiffiffiffiffiffiffiffi
rmax

k

r

which in combination with the obvious boundaries mL .
0 and mN . 0 renders a triangular viable region. Species
outside this region can never achieve a positive growth rate.
Initial simulations show that of all species within the viable
region, only a small fraction (,20 %) with low trait values
attains nonnegligible biomass levels in practice. For all
subsequent simulations, we therefore discretize the trait
distribution for this smaller region only on a square 25 3
25 trait value grid; this renders a system composed of 625
virtual phytoplankton species. The dynamics of individual
species are governed by Eq. 4, different for each species
through the dependency on (species-specific) mL and mN.
All species share the external nutrient pool, the dynamics of
which can therefore be written as sum of contributions of
all species i, i.e.,

dXN

dt
~ {

X
i

1 z mL,i z mN,ið Þ dV

dt
V ~ Vi
mL ~ mL,i
mN ~ mN,i

������ ð5Þ

Environmental conditions—The structure of phytoplank-
ton communities is often strongly time and space de-
pendent. Seasonal fluctuations in solar radiation and
mixing intensity drive succession, most prominently
through the initialization of phytoplankton growth in
spring (following stratification and increased solar radia-
tion) and its termination in the fall (following increased
mixing and decreased radiation). Resource gradients in
space—notably the decrease of light intensity with depth—
cause the community structure to be strongly space
dependent. Generally, one cannot separate the structure
and diversity of communities from the heterogeneity of
their environment. Biodiversity in nature is sustained at

least partially because of spatiotemporal heterogeneity
(Tilman 1982; Tilman et al. 1982; Tilman and Kareiva
1997). Therefore, we study the behavior of the phytoplank-
ton SID in a setting that includes variation in time and
space. First, we simulate the phytoplankton community at
an open ocean site over 3 yr with a realistic time-varying
light intensity, averaged over the top 150 m that constitutes
the euphotic zone. Second, we explicitly resolve the vertical
structure of the top 400 m of the site with a 100-layer model
of the turbulent water column (Burchard et al. 1999;
Burchard et al. 2006); this model incorporates an expo-
nential decay of light with depth, and calculates a time- and
depth-varying mixing intensity (turbulent diffusivity) from
observed weather conditions. The mixing regime controls
the distribution of plankton and nutrient over the water
column, and thus indirectly affects light and nutrient
availability. The physical model used to calculate the
surface light intensity and the turbulent diffusivity is
described in more detail in Web Appendix 1 (http://
www.aslo.org/lo/toc/vol_52/issue_4/1533a1.pdf).

Table 1 lists parameter values and the initial state used
for the biological model. The water column is initialized
with a nutrient concentration of 4 mmol L21, which is the
average nitrate concentration across the top 400 m of the
simulated open ocean site (Steinberg et al. 2001). An initial
structural biomass concentration of 0.5 mmol L21 is
distributed uniformly over the trait distribution grid,
resulting in trace concentrations (0.8 nmol L21) of each
of the 625 possible species. In both setups we open the
simulated nutrient–phytoplankton system by imposing
a flow through the system. The flow introduces new
nutrient and species at concentrations that are taken equal
to the above initial levels, and simultaneously exports
a fraction of the existing system. In the depth-averaged
setup, the flow rate is constant (0.16 d21), whereas in the
spatial setup this rate scales with the turbulent diffusivity,
and therefore is time and depth dependent (typical flow rate
0.00045 d21 in summer to 2.6 d21 in winter). Mathemat-
ically, the imposed flow is identical to dilution in
a chemostat, diffusion between the modeled compartment
and an outside source, or relaxation toward a reference
state. Effectively, the flow reintroduces extinct species, and
thus provides the permanent background diversity pro-
posed for SIDs. Given its coupling with diffusivity, it is best
thought of as a parameterization of horizontal transport
and diffusion in a horizontally heterogeneous environment;
its effect on diversity is similar to assumptions of a minimal
population density (Burchard et al. 2006) or a constant
diversity (Wirtz and Eckhardt 1996).

Results

Figure 2 shows the light forcing and the response of
biota and nutrient levels at the depth-averaged open ocean
site. The light intensity (Fig. 2a) is visibly governed by
a sinusoidal seasonal cycle on which noise due to rapid,
erratic variation in cloud cover is imposed. Following the
gradual increase in light intensity, a phytoplankton bloom
develops in spring (Fig. 2b). In early summer most nutrient
has been fixed in phytoplankton biomass. In the absence of
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grazers, this low-nutrient, high-biomass situation persists
all over summer, to be finally terminated in autumn by the
gradual reduction in light intensity. Figure 2c,d shows the
response of the phytoplankton community to changes in
light and nutrient, visualized as the marginals (i.e., the
individual distributions of light- and nutrient-harvesting
investments), means, and 10th and 90th percentiles of the
bivariate trait distribution over time. Foremost, one can
observe that during the bloom, the typical light-harvesting
investment (e.g., its mean or modus) decreases slightly,

whereas the nutrient-harvesting investment increases. As
species-specific harvesting investments are fixed, this
indicates a change in community structure. Second, one
can observe that the highest community diversity—
quantified by the distance between the percentiles—occurs
in winter; during the development of the bloom diversity
steadily decreases. Figure 3 shows the full bivariate trait
distribution at the beginning (Fig. 3a) and at the peak of
the bloom (Fig. 3b); again, the shift in investments and the
decrease in diversity can be seen. We may note that

Table 1. Symbols used in the phytoplankton SID. Shown respectively, state and forcing variables (the latter supplied by the physical
model), traits, parameters, reference concentrations used for initialization and immigration, and intermediate variables used in the model
description only. Note that saturation coefficients KL and KN are references applicable when trait values mL and mN equal one,
respectively; the effective half saturation coefficients equal KL / mL and KN / mN.

Symbol Interpretation Unit Value

V Structural biomass mmol L21

XN Nutrient mmol L21

XL Light intensity W m22

D Turbulent diffusivity m2 d21

mL Light-harvesting investment —
mN Nutrient-harvesting investment —
rmax Maximum specific growth rate d21 1.5
KL Reference light half-saturation coefficient W m22 2
KN Reference nutrient half-saturation coefficient mmol L21 0.25
k Rate of biomass turnover d21 0.05
k Immigration rate relative to turbulent diffusivity m22 0.0001
XN,ref Reference nutrient concentration mmol L21 4
Vi,ref Reference structural biomass concentration for species i mmol L21 0.0008
JL Light availability for biomass production J L21 d21

JN Nutrient availability for biomass production mmol L21 d21

yL Light needed per unit of produced biomass J mmol21

yN Nutrient needed per unit of produced biomass —
JAm Maximum rate of biomass production mmol L21 d21

JA Rate of biomass production mmol L21 d21

JVA Rate of structural biomass production mmol L21 d21

JVM Structural biomass turnover due to maintenance mmol L21 d21

Fig. 1. Two-trait model of a phytoplankton population. Solid lines denote mass or energy
fluxes or both, from left to right. (1) Light and nutrient are combined by the two-substrate
synthesizing unit (ellipse, contained circles symbolize substrate binding sites) to produce new
biomass. (2) Newly produced biomass is partitioned over the light-harvesting, nutrient-
harvesting, and structure pools (can symbols) according to partition coefficients mL and mN. (3)
The biomass pools are subject to turnover because of maintenance; biomass that is broken down
returns to the environment as inorganic nutrient. Dashed lines signify (positive) feedbacks
between harvesting biomass and metabolic rates at the location of the hourglass symbols:
Harvesting biomasses enhance substrate availability (left), but also increase maintenance
costs (right).
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Fig. 2c,d are related to Fig. 3: The former each shows
a marginal of the latter bivariate distribution—i.e., that
distribution integrated over one trait axis—in time.

Resolution of the vertical structure of the site introduces
several new phenomena. Light attenuation with depth
produces a vertical gradient of light availability (Fig. 4a),
and a time- and depth-dependent mixing intensity (Fig. 4b)
controls distribution of nutrient and biomass over depth, as
well as the rate of immigration. Despite these differences,
the trends in nutrient (Fig. 4c) and structural biomass
(Fig. 4d) in the upper layers resemble those seen for the
depth-averaged setup: A phytoplankton bloom starts in
spring, shortly after which the surface is depleted of
nutrient; in autumn the community collapses and nearly
all biomass is remineralized. Only beyond 100-m depth
a different trend is seen. There, lack of light limits
phytoplankton growth throughout the year and nutrient
levels remain high. Similarly, the phytoplankton commu-
nity structure in surface waters behaves qualitatively as
in the depth-averaged setup. The mean nutrient-harvesting
investment increases while the bloom persists, at the
expense of the mean light-harvesting investment (Fig. 4e,f ).

In deeper water (.65 m), however, the mean light-
harvesting investment increases sharply at the onset of
the bloom and remains relatively high throughout its
life span, whereas the mean nutrient-harvesting in-
vestment initially decreases to minimum levels and
remains low. This switch between the nutrient- and light-
harvesting regimes occurs around 65 m, and could there-
fore not be reproduced with the depth-averaged setup,
which described the top 150 m. Because of resolution
of these two distinct regimes, the spatially explicit setup
also permits more extreme trait value means: effective
ranges of mean light-harvesting investments (0.17–0.62,
Fig. 4e) and nutrient-harvesting investments (0.25–0.63,
Fig. 4f ) are substantially larger than with the depth-
averaged setup (respectively 0.39–0.56 and 0.47–0.53,
Figs. 2c,d).

Discussion

Phytoplankton community structure—The behavior of
the phytoplankton community can be viewed as a direct
result of a time- and depth-varying environmental selection

Fig. 2. Simulated light forcing (a), nutrient and structural biomass (b), light-harvesting
investment (c), and nutrient-harvesting investment (d) at the depth-averaged open ocean site. The
light intensity is shown as the daily averaged signal (thin line) and its 90-d running mean (thick
line). Structural biomass is integrated over the whole trait distribution, i.e., it equals the lump sum
of all virtual species. Harvesting investments are shown as the nonnormalized marginal densities
of the bivariate trait distribution in time (gray scale), calculated by summing the discretized
distribution (see also Fig. 3) over one trait dimension and dividing by the grid step of the other
trait. In addition, it shows the means (solid line) and 10th and 90th percentiles (dashed lines) of
the marginal densities.
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pressure. During the first few months phytoplankton
experience low light levels, due to low solar radiation as
well as strong mixing (the latter in the vertically structured
setup only). In this period light limits phytoplankton
growth to such extent that biota levels are nearly negligible
and the nutrient concentration remains high. The few
individuals that do persist are selected for light affinity
rather than nutrient affinity; consequently, the column at
the onset of the bloom is dominated by species with high
investment in light harvesting (high mL) and low investment
in nutrient harvesting (low mN). Shortly after the onset of
the bloom, nutrient is depleted near the surface while light
is amply available. This new situation favors species with
high nutrient affinity, which can be seen to become more

abundant as depletion persists. A different trend is seen in
deeper waters (.65 m) in the vertically structured setup.
There, nutrient is more readily available as it diffuses
upward from nutrient-rich deep waters, whereas light
intensity has dropped to such an extent that it limits
growth. This dark environment favors investment in light
harvesting over nutrient harvesting, causing species with
a high investment in light harvesting (high mL) to become
more abundant. Species with high light affinity—out-
competed by nutrient-harvesting species near the surface
after the initial bloom phase—thus manage to find a niche
in deeper water layers. This summer situation is reminiscent
of the classic two-layer model with nutrient-limited
dynamics near the surface and light-limited dynamics near
the deep (Dugdale 1967).

The product of the mean harvesting investment
(Fig. 4e,f ) and the structural biomass (Fig. 4d) describes
the biomass allocated to resource harvesting, shown for
light harvesting in Fig. 5. Light-harvesting biomass is high
at the onset of the bloom, and in deeper waters (85 m,
where 1.4% of the surface radiation remains) afterward. It
is common practice to assume that light-harvesting biomass
consists in part of chlorophyll (Geider et al. 1996;
Klausmeier et al. 2004). Under this assumption the model
predicts formation of a maximum chlorophyll concentra-
tion near the base of the euphotic zone, which persists
independent of any maximum in total biomass (which
here—with neutrally buoyant biota—is simply highest near
the surface; Fig. 4d). This subsurface chlorophyll maxi-
mum is a well-known, ubiquitous feature of aquatic
ecosystems (Fennel and Boss 2003). Its persistence in-
dependent of (structural) biomass has to our knowledge
exclusively been demonstrated in models that accommo-
date photoacclimation, i.e., regulation of chlorophyll
contents on the physiological level (Fennel and Boss
2003); this applies for instance to the models of Geider et
al. (1996, 1998). The present biodiversity-inspired model
demonstrates an alternative: A subsurface chlorophyll
maximum can arise through species-sorting processes that
favor high-chlorophyll ‘‘shade’’ species in the high-nutrient,
low-light deep, as opposed to low-chlorophyll species with
high nutrient affinity near the surface. This matches the
concept of a ‘‘shade flora,’’ i.e., the idea that some species
are preferentially located in deep levels of the euphotic
zone, which was put forward already at the end of the 19th
century (Sournia 1982b). Variation in species assemblages
with depth has been found at numerous locations including
the simulated site (Bidigare et al. 1990; Kemp et al. 2000).
Although the depth-specific assemblages of phytoplankton
species are known to show great taxonomic variety
(Sournia 1982b; Venrick 1982), they are commonly thought
to show homogeneity in physiological features; early
studies already suggested a link between preferential depth
of species and their light affinity (Ryther 1956). It has been
demonstrated that some deep-dwelling species are indeed
capable of growing under very-low-light conditions (Gold-
man 1993), indicating that these species indeed possess
a higher light affinity. If we assume that light affinity
correlates with chlorophyll content, these observations
indicate that the subsurface chlorophyll maximum may

Fig. 3. The discretized trait distribution at the start (a) and
peak (b) of the bloom, at the depth-averaged open ocean site.
Every bar represents a simulated virtual phytoplankton species;
the height of the bar denotes the amount of structural biomass in
that species.
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indeed at least in part arise through local concentration of
species with high light affinity and chlorophyll content, as
suggested by our results.

In Margalef ’s Mandala (Margalef 1978), phytoplankton
succession is viewed as traversing a phase plane defined by
nutrient concentration on the one hand and turbulence on
the other. The initial high-turbulence, high-nutrient envi-
ronment is replaced by a stratified depleted environment as
the year progresses, with distinct niches for different groups
of species (respectively: diatoms, coccolithophorids, dino-
flagellates) along this trajectory. Margalef explained this
succession in terms of differential species-specific affinities
for limiting nutrients, which in turn have been linked to
morphology and cell size (Sournia 1982a; Aksnes and Egge
1991; Chisholm 1992). The concept of affinity-driven
succession applies seamlessly to (near-surface) seasonal
succession as observable in our results: As the bloom
persists, colonizing species with low nutrient affinities are
replaced by species with higher nutrient affinity. Thus, our
result corroborates that nutrient availability and differ-
ences in nutrient affinity may control succession; this is also
tentatively indicated by in-situ microcosm experiments
demonstrating that nitrate addition in oligotrophic envir-
onments greatly changes the phytoplankton community
structure (Carter et al. 2005).

Several studies have suggested that the capacities for
light and nutrient harvesting in phytoplankton might be
negatively correlated (Huisman and Weissing 1995; Leibold
1997). In the present model such a correlation is not

Fig. 4. Simulated forcing, nutrient, biomass, and trait means as a function of time (horizontal) and depth (vertical) for the vertically
structured setup. Shown respectively, daily mean of the light intensity (a), turbulent diffusivity (b), nutrient concentration (c), structural
biomass concentration (d), the mean light-harvesting investment (e), and the mean nutrient-harvesting investment (f). Structural biomass
is integrated over the whole trait distribution, i.e., it represents the lump sum of all virtual species. Mean investments are masked where
the total structural biomass does not exceed the immigrating background level of 0.5 mmol L21; this is the case in deep water, typically
below 100 m. Gray scales correspond to the value of the plotted variables, with white denoting complete absence, as indicated by the scale
on the right. Only the top 200 m of the water column is shown; beyond this level, plotted variables do not change with increasing depth.

Fig. 5. Light-harvesting biomass as a function of time
(horizontal) and depth (vertical) for the vertically structured
setup. This quantity equals the product of structural biomass (Fig.
4d) and the mean light-harvesting investment (Fig. 4e), and can
serve as chlorophyll proxy.
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imposed. The individual capacities for light and nutrient
harvesting are each independently governed by a harvest-
ing–growth trade-off, but the model does not incorporate
an explicit negative feedback between light and nutrient
harvesting. Yet in Fig. 4e,f a negative correlation between
the two harvesting investments emerges. The environment
appears to advocate either investment in light harvesting (in
the dark) or investment in nutrient harvesting (in periods of
depletion), but not both. Figure 6 illustrates that a slight
negative correlation (20.05) persists when integrating the
trait distribution over time and space. As a result, random
sampling of phytoplankton species could indicate a trade-
off between light and nutrient affinity. However, the
indirect light–nutrient trade-off that emerges from our
results is therefore not nearly as strong (in terms of
correlation) as other phytoplankton trade-offs that have
been suggested to govern phytoplankton strategies (Wirtz
and Eckhardt 1996; Huisman and Weissing 2001). If the
mechanisms underlying our trade-off are real, its subtlety
could explain why the existence of a trade-off between light
and nutrient harvesting has as yet not been convincingly
demonstrated (Huisman and Weissing 2001; Passarge et al.
2006).

Not all differences in competitive ability between
phytoplankton species relate to differences in light and
nutrient affinity. Some studies have argued against a de-
termining role of nutrient affinity in seasonal succession
(Smayda 1997; Smayda and Reynolds 2001), pointing out
that nutrient affinity often is a poor predictor of the order
of species appearance. For instance, diatoms commonly
dominate the first, nutrient-rich stages of the spring bloom,
but are known to possess high nutrient affinities. Smayda
(1997) presented four alternative determinants of species

appearance in the successional sequence: (1) nutrient
retrieval mechanisms, (2) mixotrophic nutritional tendency,
(3) allelochemically enhanced interspecific competition, and
(4) allelopathic antipredation defense mechanisms. Of these
mechanisms, the first can be accounted for in the present
model. Nutrient-harvesting biomass comprises all mass
that directly or indirectly contributes to nutrient retrieval,
and could therefore include structures that allow local
motility, causing cells to shed stagnant water mantles that
limit diffusion-mediated nutrient arrival. However, the
other three mechanisms cannot directly be linked to
nutrient-harvesting biomass, and would therefore require
qualitatively different models. Additionally, the current
approach neglects direct selection by predators. If losses
due to predation are substantial, differences in phytoplank-
ton fitness might better relate to the species’ susceptibility
to predators than to differences in affinity (Carpenter and
Kitchell 1996). The present study focuses primarily on
succession in oligotrophic open ocean sites, where pre-
dation often plays only a minor role (Steinberg et al. 2001);
extension of the approach to aquatic environments where
mortality due to predation is high could necessitate the
introduction of defense or edibility traits (Wirtz and
Eckhardt 1996). Although beyond the scope of this study,
we intend to investigate the role of other phytoplankton
traits in the future. In particular, mixotrophy is a suitable
test case as it can be incorporated in SID-type models
through allocation rules (distinguishing autotrophic and
heterotrophic harvesting biomass), and would simulta-
neously allow the SID approach to span more functional
groups (e.g., heterotrophic bacteria) (Troost et al. 2005);
preliminary results indicate that differences in mixotrophic
tendency can explain shifts in species composition and the
ratio algae : bacteria in time and depth (in preparation).

Biodiversity—Changes in community structure are the
result of selection pressure applied to assemblages of
different species (Levin 1998; Leibold and Norberg 2004).
The amount of diversity controls the rate at which the
community responds to selection pressure (Wirtz and
Eckhardt 1996; Norberg et al. 2001); diversity thus plays
a major role in SID-type models that describe the adaptive
behavior of communities. The presence and persistence of
biodiversity is often linked to spatiotemporal heterogeneity
(Tilman et al. 1982; Tilman and Kareiva 1997; Chesson
2000). In the present study, temporal heterogeneity is
established through a noisy seasonally fluctuating light
intensity, which proves capable of inducing seasonal
changes in community structure, independent of the
presence of an explicit spatial structure (Fig. 2c,d).
However, the time-varying light intensity cannot sustain
diversity. Similar to other studies (Norberg et al. 2001),
most diversity is lost within a year if we do not impose
continuous species immigration (not shown). For the
vertically explicit setup, one might expect spatial heteroge-
neity to sustain biodiversity. However, we find that the
vertical light gradient combined with diffusion-mediated
dispersal is insufficient for maintenance of a realistic
biodiversity. In the absence of immigration from outside
sources most diversity is again lost over time, though,

Fig. 6. Depth- and time-integrated species abundance as
function of light- and nutrient-harvesting investment. The
distribution is normalized so its integral equals one, and can
consequently be interpreted as a probability distribution of
combinations of harvesting investments. Note that harvesting
investments mL and mN are inversely proportional to the effective
half-saturation coefficients, which equal KL / mL and KN /
mN, respectively.
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similar to other studies (Troost et al. 2005), a low number
of species appears able to coexist. Not surprisingly, the rate
of immigration is a key parameter in both setups. A weak
input cannot sustain substantial variance and causes the
system to lose adaptive ability, whereas a strong input
keeps the community close to its reference state and
prevents it from adapting. In this respect, immigration as
implemented in the vertically structured setup arguably
strikes an ideal balance. With immigration proportional to
the turbulent mixing intensity, it nearly subsides in summer,
allowing for significant specialization (i.e., changes in the
mean trait value, Fig. 4e,f), while in winter it greatly
increases and resets the system to a state of high diversity.
Consequently the system at times displays strong special-
ization without permanently surrendering a realistic level of
diversity.

Systems of infinite diversity—A SID acquires rich
dynamics through incorporation of competition and
succession, and as such can display a wealth of realistic
behaviors despite a lack of physiological detail and
parameters. However, in their present form SIDs require
considerable computational effort. Discretization of the
trait distribution requires many state variables to represent
the different (virtual) species, which makes simulation
expensive. This would discard the SID approach for many
practical purposes, in particular for application in detailed
spatially explicit models such as general circulation models.
This problem can be avoided by abandoning discretization
of trait distributions. Recent studies have shown that trait
distributions are often well captured by the first distribu-
tional moments, i.e., mean, variance, skewness, and
kurtosis (Wirtz and Eckhardt 1996; Norberg et al. 2001).
Rather than discretizing the distribution, one may obtain
an accurate approximation of its dynamics by modeling the
dynamics of the first few moments. Wirtz and Eckhardt
(1996) proposed the effective variable approach, which
assumes the trait distribution can be approximated by
a normal distribution; they subsequently take its variance
constant and evolve the mean. Similarly, Norberg et al.
(2001) evolve the mean and variance of an arbitrary
univariate trait distribution using simulation-based para-
meterizations of its skewness and kurtosis. For the present
phytoplankton SID, we have obtained good results by
assuming a (bivariate) lognormal trait distribution and
evolving its mean and covariances. Depth- and time-
averaged deviations from the present results equaled 1.2%
for structural biomass, 6.6% for the mean, and 10.3% for
the covariances, measured relative to the respective
maximum ranges (in preparation). Although reduction of
the trait distribution to the first few moments can in theory
eliminate interesting dynamics (in particular multimodal-
ity), we deem it a promising direction for further expansion
of the SID concept. Given that the number of state
variables necessary for discretized trait distributions
increases exponentially with the number of traits, it will
certainly prove indispensable for modeling systems with
more than two traits.

The phytoplankton SID integrates separate theories
dealing with species diversity and succession. It demon-

strates changes in species composition with depth as
proposed by the concept of a shade flora, as well as
seasonal succession in time, in line with Margalef (1978). It
does so with a minimum of parameters (four), and as such
might be said to successfully illustrate the potential of
biodiversity-based approaches to aquatic ecosystem mod-
eling. Obviously, the present model lacks a wealth of
physiological detail (Geider et al. 1998; Flynn 2001; Pahlow
2005), and will not reproduce some features that emerge
from detailed laboratory studies (e.g., photoinhibition,
nutrient buffering). However, for understanding of aquatic
ecosystems as a whole, we believe models will benefit more
from improved representations of biodiversity and succes-
sion than from more accurate representations of (partially
species-specific) physiological processes. The SID approach
could be a starting point for a next generation of ecosystem
models.
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