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Abstract Many important transitions in phytoplankton
composition of lakes and oceans are related to shifts in
nutrient supply ratios. Some phytoplankton transitions,
such as cyanobacteria blooms in freshwater supplies and
red tides in coastal oceans, are important for aquatic
resource management. Therefore, it would be useful to
have leading indicators which precede phytoplankton shifts
and could be readily monitored in the field. We investigated
potential indicators using a well-understood model of
phytoplankton dynamics parameterized to mimic the
transition toward cyanobacteria blooms in freshwater lakes.
In stationary distributions, performance of the indicators
depends on whether the species are capable of stable
coexistence over a certain range of nutrient inputs. In
transient simulations, however, indicators show consistent
responses regardless of the possibility of stable coexistence.
Leading indicators occurring 10 to 40 days prior to species
shift include shift of lag-1 autoregression coefficient toward
0, low standard deviation, fluctuating skewness, and high
kurtosis. These responses are different from those reported
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for critical transitions such as fold bifurcations. Thus, the
indicators reveal clues to the mechanisms of important
ecosystem transitions. In practice, indicators should be
measured for multiple ecosystem variables, and interpretation of the indicators should be guided by experiments and
mechanistic site-specific models to help resolve potential
ambiguities.
Keywords Algae bloom . Automated sensors .
Competition . Ecological sensors . Ecosystem monitoring .
Indicators . Phytoplankton . Nutrients . Regime shift

Introduction
Hutchinson (1961) was among the first to envision how
intense competitive interactions among phytoplankton
could be blunted by non-equilibrium conditions. Hence,
shifts in environmental conditions along with competition,
predation, and other ecological factors explain seasonal
successions of phytoplankton communities (Sommer 1990;
Kalff 2002). For example, in temperate lakes, a spring
bloom is often generated by increased light, stabilized water
column, and inputs of nutrients. The spring bloom
eventually fades with a transition to a clear-water phase of
grazer control with the phytoplankton shifting to small
algae capable of withstanding high mortality through rapid
growth. The clear-water community is later displaced by
species with protective structures (e.g., colonies, chains,
spines) that are resistant to grazing and adapted to the
warmer, low-nutrient conditions that prevail in summer.
The summer community is in turn replaced when autumn
mixing provides new nutrient inputs that support another
set of species. Similarly, patterns of bloom formation and
phytoplankton succession are well known in the ocean,
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reflecting seasonal variation in light, temperature, mixing,
and grazers (Valiela 1995).
In contrast with predictable patterns of seasonal succession, the high intrinsic growth rates of phytoplankton provide
the potential for rapid transitions. Eruptive blooms of
phytoplankton are well known. These blooms lead to
massive accumulations of algal biomass, degradation of
water quality, and, in some cases, toxic effects on other
organisms including humans (Sellner et al. 2003). In
freshwater, toxic blooms of cyanobacteria are most notable
(Paerl 1988; Hudnell 2008). In marine systems, numerous
species of dinoflagellates as well as other taxa form so-called
red tides and are prominent examples of harmful algal
blooms (Hallaegraf 1993; Anderson et al. 2002; Sellner et al.
2003; Graneli and Turner 2006). These types of blooms in
both inland and marine waters are far less predictable and
extremely important for management of aquatic resources.
While the drivers of nuisance blooms are often understood,
their timing and magnitude can be highly variable and
prediction remains elusive (Schofield et al. 1999).
Various models have been used for the dramatic shifts in
species dominance seen in phytoplankton communities, and
all of these models have some consistencies with field
observations. One of the earliest examples is the paradox of
enrichment whereby gradual nutrient additions lead to a
bifurcation from a stable point to a stable cycle (Rosenzweig
1971). A model for cyanobacterial blooms based on nutrient
and light competition produces a different kind of critical
transition leading to alternative states through a fold
bifurcation (Scheffer et al. 1997). Models of three trophic
levels can easily lead to very complex attractors (Hastings
and Powell 1991). Other models and data for phytoplankton
suggest chaotic dynamics (Beninca et al. 2008; Huisman and
Weissing 1999; Scheffer et al. 2003). All of these shifts are
examples of critical transitions where gradual change in a
parameter or a slow variable leads to a change from one kind
of attractor to a different one (Scheffer 2008). Yet, perhaps,
the simplest model of sharp transitions in phytoplankton
communities is simple nutrient competition where one
species gives way to another as the ratio of nutrient supply
changes (Tilman 1978).
Studies of critical transitions in ecology have shown that
certain statistical properties of observable time series
change before the bifurcation as the key parameter moves
gradually toward a critical value (Horsthemke and Lefever
1984; Berglund and Gentz 2005; Kleinen et al. 2003;
Carpenter and Brock 2006; van Nes and Scheffer 2007).
For example, in the one-dimensional case, the lag-1
autocorrelation and lag-1 autoregression coefficients move
close to 1 (critical slowing down), variance spectra shift to
lower frequencies (red shift), and variance, skewness and
kurtosis increase. Therefore, these statistics are leading
indicators of the impending change. In many ecological

examples that have been studied, the real part of the
largest eigenvalue of the system passes through zero at the
time of the critical transition (Kleinen et al. 2003;
Carpenter and Brock 2006; van Nes and Scheffer 2007;
Carpenter et al. 2008). As this eigenvalue approaches 0,
variance and skewness increase and the lag-1 autocorrelation and autoregression coefficients approach 1 (Carpenter and Brock 2006; Guttal and Jayaprakash 2008; van
Nes and Scheffer 2007). In the usual model of resourcebased competition among two groups of phytoplankton, it
is not clear whether this will happen (Huisman and
Weissing 2001). For example, in some cases, the dominant
eigenvalue remains negative as the transition occurs
(Huisman and Weissing 2001), suggesting that the
behavior of the statistical indicators will be different from
what has been seen in fold bifurcations. Yet species shifts
due to resource competition are thought to be common in
ecosystems and are arguably the simplest case of alternate
stable states. Therefore, it is interesting to examine the
behavior of indicators near a transition between two
species competing for resources.
The purpose of this paper was to investigate the time
series indicators of rapid phytoplankton transitions across
nutrient gradients. We evaluate potential leading indicators
using a well-understood model of phytoplankton dynamics
parameterized to mimic the transition toward cyanobacteria
blooms in freshwater lakes. We consider both stationary
and transient conditions and present evidence for leading
indicators that differ from those previously observed for
fold bifurcations.

Model
The model is a particular case of resource competition
models studied by Tilman (1982, 1988) and applied
specifically to phytoplankton by Follows et al. (2007).
The model studied here represents dynamics of two
phytoplankton taxa and two nutrients, nitrogen and phosphorus, in a well-mixed volume of water. The dynamics
follow
P
P
dW
dN
mj g j Aj Rj  s j g j Aj Rj d t j
d t ¼ SN  mN 
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d Wj
dt

State variables are inorganic nitrogen and phosphorus (N
and P, respectively) and two phytoplankton species, Aj,
where j can be 1 or 2. S is the input rate of nutrients, m is
the outflow rate, μj is the growth parameter of species j, and
γj is the nutrient effect on growth of species j. Rj is the ratio
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of N to P in phytoplankton species j. Phytoplankton
biomass is measured in phosphorus units.
The stochasticity is added to the realized growth rate of
each species μR,j =μj +σj. Wj is a Wiener process for species
j. The shocks are independent for the two phytoplankton
species. When solving the equations numerically, each
individual shock to phytoplankton appears with the opposite
sign in the nutrient equations to ensure conservation of mass.
The nutrient effect is


N
P
g j ¼ min
;
ð2Þ
N þ kN ; j P þ kP; j
where kN,j and kP,j are half-saturation coefficients of N and
P, respectively, for species j.
Tilman’s 1982 and 1988 books make extensive use of a
graphical technique for interpreting the two-species, twonutrient case. Here, we summarize the computation of the
key features of this graphical analysis. These computations
apply to the deterministic version of the model. The
stochastic terms are set to 0.
Step 1 is to compute the zero-net-growth isoclines, or
ZNGIs. These are defined as the lines where a species’ net
growth is 0 when limited by one of the nutrients. In the case
of our model, N and P are not substitutable, so the ZNGIs
for each species define a rectangle in N,P space. To find
these lines, set the algae rate equation from expression 1
equal to 0 for a single species limited by a single nutrient:
mj Aj X
d Aj
¼ 0 ¼ mj Aj þ
dt
kX þ X

ð3Þ

where X is the nutrient. Solve for X to find the ZNGI line:
X ¼

m j kX
:
mj  mj

ð4Þ

By computing all four ZNGI lines (for N and P for each
species), the two ZNGI boxes (one for each species) can be
drawn (Fig. 1).
Step 2 is to imagine the lines where N and P are colimiting for one species. These lines are often called
“consumption vectors,” but we will call them “co-limitation
lines” because along these lines, both nutrients are equally
limiting to a species. To find the co-limitation lines, set both
nutrient rate equations from expression 1 equal to 0 for a
single species. The result is:
P¼

SP N
SN
þ 
:
mj Rj mRj

Fig. 1 Zero net growth isoclines (ZNGIs, black) and co-limitation
lines (gray) for species 1 (Sp. 1, solid) and species 2 (Sp. 2, dashed)
for a case of stable coexistence (a) and unstable transition between
species (b). Black dot is an example of N*, P* values that lie between
the co-limitation lines and above the ZNGIs

ð5Þ

Note that P is a linear function of N. This line gives the
combination of N and P values that are co-limiting for a
species at a given combination of input rates.
Step 3 is to set the coexistence lines for the two species
to a point on the ZNGIs. The most interesting point for our

purposes is the crossover point where the two ZNGIs
intersect. Here, both species are at equilibrium, though the
equilibrium may be stable or unstable. Call the coordinates
of this crossover point N* and P*. To find the nutrient
supply rates at this crossover point, substitute P* and N*
for P and N in Eq. 5. Note there are two equations, one for
each species. Solve this pair of equations for SP and SN. In
our case, the algebra is simplified because we assume
identical loss rates, m, for all nutrients and algae. The result
is:
SN;min ¼ mN 
SP;min ¼ mP

:

ð6Þ

We use the subscript “min” for minimum because SN and
SP must exceed these values for algae to grow.
Step 4 is to solve for the equilibrium values of both
species at the point where the two ZNGIs cross. Set the
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nutrient dynamics in Eq. 1 equal to zero, and solve
simultaneously for the equilibrium values A1* and A2*.
The result is:
A1 * ¼

ðSP  mP*  m2 g 2 A2 *Þ
m1 g 1

ðSN  R1 SP  mN * þ mR1 P*Þ
:
A2 * ¼
½m2 g 2 ðR1  R2 Þ

ð7Þ

Note that if Eq. 6 is inserted in Eq. 7, the numerators are 0.
For positive equilibrium values of algae, SN and SP must be
chosen to be larger than the values defined by Eq. 6. If SN
and SP are chosen so that SN >SN,min and SP >SP,min, and the
resulting N* and P* lie the wedge between the co-limitation
lines and above all ZNGIs, the system can be stable or
unstable (Fig. 1). Otherwise, the outcome is dominance by
one species or disappearance of both species.
Step 5 is to evaluate the stability of the equilibrium. Stable
coexistence requires that each species be more limited by a
different nutrient (Tilman 1982, 1988). If one species has a
higher uptake rate (μj γj Aj* Rj) for both nutrients, then that
species is dominant and the equilibrium is unstable.
Conversely, if each species has a higher uptake rate for the
nutrient that most limits its growth, then the equilibrium is
stable. This pattern is demonstrated by the analysis of
Huisman and Weissing (2001, Appendix B). In their
framework (with nitrogen as resource 2 and phosphorus as
resource 1) and our notation, write the Jacobian in the case of
Fig. 1a where species 1 is P-limited and species 2 is Nlimited:
"
#
* dg P1
P1
A1* dg
A
1
dP
dP
J¼
:
ð8Þ
N2
N2
R1 A*2 dg
R2 A*2 dg
dN
dN
The eigenvalues of J are the solutions of
0 ¼ l2  Trð J Þl þ detð J Þ:

ð9Þ

Both eigenvalues have negative real parts if −Tr(J)>0 and
det(J)>0. The trace is obviously negative so the first
condition holds. The determinant of J is
d g P1 * d g N 2
A
detðJ Þ ¼ A*1
ðR2  R1 Þ:
dP 2 dN

ð10Þ

The determinant is positive and the system is stable if R2 >
R1, consistent with the outcomes in Fig. 1.

in lakes where gradual P enrichment drives a transition
from eukaryotic phytoplankton to blooms of nitrogen-fixing
cyanobacteria. In the model, parameters were chosen so
that species 2 is dominant at low P input rates and species 1
is dominant at high P input rates. Parameter values for the
simulations are presented in Table 1.
We compare two scenarios. In one scenario, the species
coexist stably for P input rates that place the system
between the co-limitation lines (Fig. 1a). In the other
scenario, there is no stable coexistence and the dominant
species changes sharply when P input rates move the
system through the co-limitation lines (Fig. 1b).
For each scenario, we compare indicators for stationary distributions and transient simulations. Stationary
distributions sample time series under fixed rates of
nutrient input near stochastic equilibrium, so the
outcome should be unaffected by starting values
(Horsthemke and Lefever 1984). Thus, the stationary
distributions reveal the behavior of the indicators without
the complications of changing inputs or transient dynamics. To simulate the stationary distributions, P input was
held constant at a given value. Simulations were initiated
at the deterministic equilibrium point and run for 5,000
time steps. The first 4,000 time steps were discarded and
the last 1,000 time steps were used to compute the
indicators. Transient simulations attempt to represent a
field situation in which gradual changes in nutrient supply
cause a shift in phytoplankton dominance. Thus, transient
Table 1 Parameter values used in simulations
Symbol

Definition

Units

Value

SN
SP
m
R1

N input rate
P input rate
Outflow rate
N/P ratio of species 1

m v−1 t−1
m v−1 t−1
t−1
m/m

R2

N/P ratio of species 2

m/m

μ1
μ2
σ1

Growth rate of species 1
Growth rate of species 2
Standard deviation of
shocks to species 1
Standard deviation of
shocks to species 2
P half-saturation for
species 1
P half-saturation for
species 2
N half-saturation for
species 1
N half-saturation for
species 2

t−1
t−1
t−1

4
Varied
0.2
14 (stable case)
18 (unstable case)
18 (stable case)
14 (unstable case)
2
1.8
0.01

t−1

0.01

m

0.03

m

0.01

m

0.25

m

0.8

σ2
kP,1

Simulation methods

kP,2

The general strategy of the simulations is to compute
indicator statistics across a gradient of P input rates while
the N input rate is held constant. We expect to see shifts in
indicators in the range of P input rates corresponding to the
switch. The gradient of P input rate represents the situation

kN,1
kN,2

Units: m mass, v volume, t time
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simulations reveal the behavior of indicators in a simplified representation of a field application, and outcomes
depend on starting conditions and the rate of change in
nutrient supply. For transient simulations, P input rate was
gradually increased from 0.2 to 0.3 over 300 days (50 time
steps per day). The indicators were computed from the 50
time steps sampled in each day.
All computations were performed in R (http://www.rproject.org/). Trajectories of the stochastic differential
equations were computed by the Euler method using Ito
stochastic calculus. We set σ=0.01 (Table 1) so that shocks
were not likely to be large enough to overshadow effects of
nutrient gradients, yet variability would be sufficient to
compute statistics. Experiments with smaller and larger
values of σ yielded patterns similar to those presented here.
For both stationary and transient simulations, we computed
standard deviation, coefficients of skewness and kurtosis,
and lag-1 autoregression coefficient of total phytoplankton
biomass. We also computed the correlation coefficient of
the two species. For stationary simulations only, we
computed the variance spectrum from the autocorrelation
function. For the stationary distributions, all statistics were
computed for the raw time series. For the transient
simulations, statistics were computed for detrended (firstdifference) time series to remove effects of non-stationarity.

Simulation results
We first present the scenario where the species coexist
stably at intermediate levels of P input. We start with the
stationary distributions and then consider the transient
simulations. Then, we turn to the second scenario where
there is no stable coexistence, again starting with the
stationary distributions and then the transient simulations.
Stable coexistence, stationary distributions
As the P input rate rises from about 0.22 to 0.28 (Fig. 2a),
there is a gradual transition from dominance by species 2
(the superior competitor at high N/P ratio of inputs) to
dominance by species 1 (the superior competitor at low N/P
ratio of inputs). This range of P input rates corresponds to
the zone between the co-limitation lines of Fig. 1a.
In the transitional range of P input rates, the standard
deviation of total phytoplankton biomass (both species
combined) decreases notably (Fig. 2b) and the correlation
of the two species becomes more negative (Fig. 2c). The
decrease in standard deviation may be explained, at least in
part, by a statistical averaging effect (Doak et al. 1998).
Specifically, the variance of the sum of random variables is
equal to the sum of the variances plus twice the covariance
which, in turn, is bounded above by the sum of the

Fig. 2 Characteristics of the stationary distribution across a gradient
of P input rate in a scenario where the species coexist stably at
intermediate levels of P input rate. a Mean biomass of each species. b
Standard deviation of total algae biomass (sum of both species). c
Correlation coefficient of biomass of the two species

variances plus twice the product of the standard deviations.
If the random variables are perfectly negatively correlated,
then the variance of the sum is 0.
When one species of phytoplankton is dominant, the lag-1
autoregression coefficient of total phytoplankton biomass is
slightly larger than −1 (Fig. 3a). When almost all the biomass
is one species, a shock to growth of algae causes the opposite
shock to nutrients, with an opposite effect on growth in the
next time step. In the transitional range of P input rates,
where the two species coexist, the lag-1 autoregression
coefficient ranges from about −0.6 to +0.3 (Fig. 3a)
Skewness decreases as the system crosses the colimitation lines (dips near 0.22 and 0.28; Fig. 3b). Kurtosis
rises to high values while the system is between the colimitation lines (Fig. 3c). In the same range of P input rates,
variance spectra shift toward higher frequencies (Fig. 4).
Stable coexistence, transient simulations
In transient simulations, there is a gradual transition of
species dominance between time steps (days) of about 75
and 160 (Fig. 5a). Starting about 10 to 15 time steps before
the shift in dominance, there are several changes in time
series statistics. The lag-1 autoregression coefficient moves
from near −1 toward 0 (Fig. 5b), and the standard deviation
is notably low (Fig. 5c). Skewness, which is near zero
before and after the species transition becomes variable,
either positive or negative (Fig. 6a). There is a notable
increase in kurtosis (Fig. 6b).
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Fig. 3 Characteristics of the stationary distribution across a gradient
of P input rate in a scenario where the species coexist stably at
intermediate levels of P input rate. a Autoregression coefficient (lag 1)
for biomass of total algae (both species combined). b Skewness of
total algae. c Kurtosis of total algae

Fig. 5 Time series from a dynamic simulation in which P input rate is
raised slowly from 0.2 to 0.3 for a scenario where the species coexist
stably at intermediate levels of P input rate. a Mean biomass of each
species. b Autoregression coefficient for total algae. c Standard
deviation for total algae

Unstable transition, stationary distribution

(Fig. 7b). Standard deviation rises after the transition point
(Fig. 7c), principally due to the higher growth rate of
species 1. There is no discernible change in skewness at the
transition point (Fig. 8a). Kurtosis has slightly different
values on either side of the transition point (Fig. 8b).
Spectra shift at the transition point (Fig. 9), with a greater
proportion of variance at high frequencies when P input
rates are larger than the transition point. This shift seems
related to the higher growth rate of species 1.

In the unstable case, species dominance between the colimitation lines depends on initial conditions as well as the
magnitudes of P and N inputs. For the stationary simulations, there is a sharp shift in dominance near P input rate
of 0.26 (Fig. 7a).
The behavior of the statistical indicators is strikingly
different from the stable case. There is no discernible shift
in the lag-1 autoregression coefficient near the transition

Fig. 4 Spectra of the stationary distribution of total algae across a
gradient of P input rate, SP, in a scenario where the species coexist
stably at intermediate levels of P input rate. X-axis is frequency, Y-axis
is P input rate SP, and contours are spectral density. Spectral density is
higher for lighter shades

Fig. 6 Time series from a dynamic simulation in which P input rate is
raised slowly from 0.2 to 0.3 for a scenario where the species coexist
stably at intermediate levels of P input rate. a Skewness for total algae.
b Kurtosis for total algae
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Fig. 7 Characteristics of the stationary distribution across a gradient
of P input rate in a scenario where there is an unstable switch of
dominance at an intermediate P input rate. a Mean biomass of each
species. b Autoregression coefficient for total algae (lag 1). c Standard
deviation of total algae

Unstable transition, transient simulation
In transient simulations of the unstable system, the shift of
dominance occurs between time steps (days) about 180 and
220 (Fig. 10a). Even though the stationary distributions
show minimal signals near the transition, there are notable
changes in time series statistics well before the transition
occurs. The lag-1 autoregression coefficient shifts from
values near −1 toward 0, starting about day 140 (Fig. 10b).

Fig. 8 Characteristics of the stationary distribution across a gradient
of P input rate in a scenario where there is an unstable switch of
dominance at an intermediate P input rate. a Skewness for total algae.
b Kurtosis of total algae

Fig. 9 Spectra of the stationary distribution of total algae across a
gradient of P input rate, SP, in a scenario where there is an unstable
switch of dominance at an intermediate P input rate. X-axis is
frequency, Y-axis is P input rate SP, and contours are spectral density.
Spectral density is higher for lighter shades

The standard deviation decreases sharply about day 140
and remains low until about day 200 (Fig. 10c). Skewness
is highly variable between about days 140 and 200 and
otherwise is near zero (Fig. 11a). Kurtosis starts to increase
about day 130 and is notably elevated between about
days 150 and 200 (Fig. 11b).

Fig. 10 Time series from a dynamic simulation in which P input rate
is raised slowly from 0.2 to 0.3 for a scenario where there is an
unstable switch of dominance at an intermediate P input rate. a Mean
biomass of each species. b Autoregression coefficient for total algae. c
Standard deviation for total algae
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Discussion
Evaluation of model
In the stationary simulations, the performance of the
indicators depends on whether the species can coexist
stably. If stable coexistence can occur, then stationary
distributions show different characteristics for the twospecies case versus the one-species case. In the range of P
inputs where the two species coexist, the standard deviation
and skewness coefficient are relatively low, the kurtosis
coefficient is relatively high, the lag-1 autoregression
coefficient ranges from about −0.6 to +0.3, and variance
spectra shift toward higher frequencies. The low standard
deviation and interspecific correlation seem related to the
limitation of the species by different nutrients. For example,
a positive shock to the P-limited species also results in
more uptake of N by that species, leading to an opposite
shift in the N-limited species. The inverse correlations of
the species in the zone of stable coexistence resembles the
compensatory interactions among species that can stabilize
production or other aggregate variables in some ecosystems
(Ives et al. 2000). In contrast, when the species cannot
coexist stably, then stationary distributions show little
change at the transition point. There are small shifts in
standard deviation, kurtosis, and spectra at the transition
point, but these would be difficult to discern in field
situations.
The changes in stationary distributions seen in transitions caused by resource competition are strikingly different
from the behaviors seen in regime shifts caused by critical
transitions such as fold bifurcations. Most previous studies
of these indicators have examined regime shifts caused by
fold bifurcations. Ecosystems undergoing fold bifurcations
exhibit critical slowing down in which the dominant

Fig. 11 Time series from a dynamic simulation in which P input rate
is raised slowly from 0.2 to 0.3 for a scenario where there is an
unstable switch of dominance at an intermediate P input rate. a
Skewness for total algae. b Kurtosis for total algae

eigenvalue of the system passes through zero (van Nes
and Scheffer 2007). In observed time series, fold bifurcations shift lag-1 autoregression coefficients very close to 1
(van Nes and Scheffer 2007; Carpenter et al. 2008). In
phytoplankton competition, the lag-1 autoregression coefficient does not approach 1 during the transition.
Other indicators perform differently as well. Fold bifurcations produce notable increases in variance (Carpenter and
Brock 2006; Carpenter et al. 2008) and skewness (Guttal and
Jayaprakash 2008) and shift spectra toward low frequencies
(Kleinen et al. 2003; Carpenter et al. 2008). Resource
competition produces opposite shifts when the species are
capable of stable coexistence. For unstable competitive
transitions, some indicators show no change and others can
change in either direction, depending on the relative growth
rates of the competing species. These differences suggest that
the evolution of the eigenvalues during interspecific nutrient
competition is different from that during fold transitions.
Work on stability characteristics of multi-species resource
competition systems suggests possibilities for great complexity, especially as more species and resources are
considered (Beninca et al. 2008; Huisman and Weissing
1999, 2001; Scheffer et al. 2003). Further work is needed to
understand changes in stability characteristics in relation to
statistical indicators of impending transition in resource
competition systems.
In transient simulations, for both the stable coexistence
scenario and the unstable transition, the indicators signal
the impending transition 10 to 40 days in advance. Prior to
the transition, the lag-1 autoregression coefficient moves
toward 0, standard deviation decreases, skewness becomes
variable, and kurtosis increases. Thus, these statistics are
leading indicators of dominance transition in phytoplankton
communities. These warnings come early enough to be
potentially useful in management. For example, warnings
of a toxic algae bloom could be issued many days in
advance of the bloom.
In transient simulations, the response of the indicators
is similar to the stationary distributions for the stable
coexistence case even if stable coexistence is not
possible. Even in the case of unstable species replacement, the indicators’ response is similar to the stable
coexistence case. As the nutrient supply ratio changes
very gradually near the transition point, shocks can cause
switches between limitation by one nutrient or the other,
and therefore dominance by one species or the other, for
brief periods of time. Total phytoplankton has low
standard deviation even though the species are switching
dominance because the changes in the two species are
inversely correlated. As a consequence, low standard
deviations of total biomass occur before the transition
point in transient simulations for both the stable and
unstable cases. It is interesting that the indicators offer
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the possibility of discriminating transitions due to
resource competition from critical transitions associated
with fold bifurcations. Resource competition transitions
and critical transitions produce opposite shifts in standard
deviations and spectra and different shifts in the lag-one
autoregression coefficient.
Leading indicators in the field?
Our results suggest that some inferences about possible
impending regime shift can be made from highfrequency time series of data on phytoplankton biomass
alone. Consistent, sustained, in situ automated highfrequency measurement of key algal pigments has
become routine in recent years. Automated, in situ,
optical and fluorescent sensors that detect chlorophyll-a
(a pigment common to all phytoplankton) are relatively
inexpensive and reliable enough that they are deployed
in many non-turbid environments in both lakes and the
ocean (Johnsen and Sakshaug 2000; Chan and Un 2001).
In some regions, networks of automated “smart-buoys”
relay real-time pigment data to researchers on shore
(Ciavatta et al. 2008; Porter et al. 2005). In addition to
monitoring total algal pigments, both spectral filtering
approaches and specific pigment sensors allow for realtime measurement of key algal groups (Aberle et al.
2006). Remote sensing approaches can provide data on
pigments and, in some cases, specific algal groups at high
frequency and large spatial scales (Lavender and Groom
1999; Hu et al. 2005; Kutser et al. 2006). At the cutting
edge of this technology are sensors that provide genetic
identification using real-time polymerase chain reaction
(John et al. 2007; Oberholster and Botha 2007).
Although forecasting harmful algal blooms has been
a goal for some time (Schofield et al. 1999), the
technology for obtaining high-frequency observations has
advanced farther and faster than the models needed to
forecast blooms from leading indicators. Our approach is a
first step. Data from the monitoring networks at times
when known blooms occurred could be used to further test
and refine the models. The leading indicator models may
be expanded to capture information not only on total algal
biomass but also variations in specific subgroups of
phytoplankton within the community.
Next steps
We analyzed the specific case of P enrichment leading to
a bloom of phytoplankton, such as cyanobacteria, that
compete well under nitrogen limitation. However, patterns
seen here should apply to resource-driven transitions
between a pair of competing species that conforms to the
assumptions of the model of resource competition which

is widely used in the literature. In systems with three or
more species and resources, dynamical outcomes can be
more complicated (Beninca et al. 2008; Huisman and
Weissing 1999, 2001; Scheffer et al. 2003). These more
complex outcomes are likely to be more representative of
field situations and therefore are worthy of ongoing study.
In complex field situations, responses of the indicators
could be ambiguous. For example, a decline in standard
deviation could signal a forthcoming competitive shift in
dominance or movement of the ecosystem away from a
threshold of critical transition. In order to interpret changes
in the indicators for a given situation, it would be important
to analyze and compare responses of time series for many
ecosystem components at different levels of the food web
and to couple time series analyses with experimental probes
(when possible) and mechanistic models of ecosystem
performance. Thus, inferences about ecosystem changes
and early warnings may depend on site-specific information
about the likely mechanisms of transitions.
Despite these complications, these indicators offer
new tools for investigating mechanisms of transitions in
ecosystems and perhaps providing early warnings of
transitions that affect human use of ecosystems. These
findings suggest that further investigation is warranted.
We believe that theory must advance in close association with field studies to assess leading indicators of
phytoplankton transitions. Situation-specific mechanistic
models should be combined with field studies of
important transitions (such as the well-known seasonal
transitions or major blooms). On the basis of such
studies, it should be possible to develop guidelines for
measuring and interpreting indicators of incipient ecological transitions.
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