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Abstract Phytoplankton populations often exhibit cycles associated with nuisance blooms of cyanobacteria and other
algae that cause toxicity, odor problems, oxygen depletion,
and fish kills. Models of phytoplankton blooms used for
management and basic research often contain critical transitions from stable points to cycles, or vice-versa. It would be
useful to know whether aquatic systems, especially water
supplies, are close to a critical threshold for cycling blooms.
Recent studies of resilience indicators have focused on alternate stable points, although theory suggests that indicators
such as variance and autocorrelation should also rise prior to
a transition from stable point to stable cycle. We investigated
changes in variance and autocorrelation associated with transitions involving cycles using two models. Variance rose prior

to the transition from a small-radius cycle (or point) to a larger
radius cycle in all cases. In many but not all cases, autocorrelation increased prior to the transition. However, the transition
from large-radius to small-radius cycles was not associated
with discernible increases in variance or autocorrelation.
Thus, indicators of changing resilience can be measured prior
to the transition from stable to cyclic plankton dynamics. Such
indicators are potentially useful in management. However,
these same indicators do not provide useful signals of the
reverse transition, which is often a goal of aquatic ecosystem
restoration. Thus, the availability of resilience indicators for
phytoplankton cycles is asymmetric: the indicators are seen
for the transition to bloom–bust cycles but not for the reverse
transition to a phytoplankton stable point.

Ryan D. Batt, William A. Brock, Stephen R. Carpenter, Jonathan J.
Cole, Michael L. Pace, and David A. Seekell made equivalent
contributions to this work
Electronic supplementary material The online version of this article
(doi:10.1007/s12080-013-0190-8) contains supplementary material,
which is available to authorized users.
R. D. Batt (*)
Center for Limnology, University of Wisconsin,
Madison, WI 53706, USA
e-mail: rbatt@wisc.edu
W. A. Brock
Department of Economics, University of Wisconsin,
Madison, WI 53706, USA
W. A. Brock
Department of Economics, University of Missouri,
Columbia, MO 65211, USA
S. R. Carpenter
Center for Limnology, University of Wisconsin,
Madison, WI 53706, USA

J. J. Cole
Cary Institute of Ecosystem Studies, Millbrook,
NY 12545, USA

M. L. Pace
Department of Environmental Sciences,
University of Virginia, Charlottesville, VA 22904, USA

D. A. Seekell
Department of Environmental Sciences,
University of Virginia, Charlottesville, VA 22904, USA

286

Keywords Phytoplankton . Threshold . Early warning .
Algae bloom . Hopf bifurcation

Introduction
Phytoplankton populations often exhibit cyclical dynamics
especially under enrichment and in response to grazers
(McCauley et al. 1999). In many eutrophic inland waters,
cyanobacteria dominate phytoplankton and undergo blooms,
which are periods of rapid growth and biomass accrual
followed by busts (Watson et al. 1997). These dynamics are
repeated during the warmer periods of the year creating cycles. Hence, nutrient enrichment leads to transitions from
stable dynamics of mixed phytoplankton to cyclical dynamics
dominated by cyanobacteria. Cyanobacteria may cause toxicity and odor problems in water supplies and form surface
scums that physically impede uses of fresh water. When the
scums die and decay, oxygen depletion can cause massive
mortality of fish or benthic animals. Thus, the management of
cyanobacterial blooms is a global concern (Smith et al. 2006).
Cycles in phytoplankton dynamics raise many research
questions (Scheffer 1991). It is not clear whether field
observations represent random pseudo-cyclic fluctuations
or true cycles in the underlying dynamics. Laboratory and
mesocosm studies reveal deterministic cycles in plankton
dynamics (Fussman et al. 2000; Benincà et al. 2009), but
under field conditions, it is more difficult to evaluate mechanisms because time series are noisy and only a few iterations of a cycle may be seen in a given season. Indicators of
transitions from stable points to cycles, or between different
kinds of cycles, could help interpret time series measured in
the field.
Such indicators may also have applications in the
management of lakes and reservoirs. Usually, the thresholds are not known, so indicators of declining resilience
may allow managers to avoid unwanted transitions. For
example, it would be useful to foresee approaching thresholds for algal and toxic cyanobacterial blooms in municipal
water supplies so that actions to prevent blooms could be
taken or so that a switch could be made to an alternative water
source.
Recent literature has shown that certain kinds of ecosystem
transitions are preceded by rising variance or autocorrelations
approaching unity (Scheffer et al. 2009). A change in variance
or autocorrelation provides an index of resilience of the system as it moves toward or away from the threshold of transition. Models of the transition from a stable point to cycles in
plankton often display Hopf bifurcations (Rosenzweig 1971).
Changes in variance and autocorrelation are known to occur
prior to the Hopf transition from stable point to stable cycle
(Chisholm and Filotas 2009; Biggs et al. 2009; Kéfi et al.
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2012; Kuehn 2013). In observed phytoplankton time
series, variance increases with nutrient enrichment but
these changes are not necessarily associated with transitions in dynamics to or from cycles (Cottingham et al.
2000; Wang et al. 2012). Moreover, in field data variance is reported much more than autocorrelation. There
is, therefore, limited knowledge about the performance of
resilience indicators as aquatic ecosystems are enriched toward nutrient levels that trigger bloom–bust cycles of phytoplankton. Furthermore, the transition away from bloom–bust
cycles is equally interesting for lake restoration, and leading
indicators from cycles to stable points have not been investigated in the field or in models.
This paper investigates the use of rising variance and
autocorrelation as indicators of resilience in phytoplankton
communities subject to three transitions—from a stable point
to a cycle, from cycle to cycle, and from a cycle to a stable
point. We approach the problem in two parts. First, we construct a simple model for the radius of a cycle wherein the r
undergoes a fold bifurcation between two stable states. The
radius in polar coordinates can be transformed to x–y values in
Cartesian coordinates, where a cycle is evident. Thus, we have
a “fold of cycles” with critical transitions between small- and
large-radius cycles (Kuznetsov 2004). Although this model is
simple, it allows us to compare the behavior of variance and
autocorrelation in terms of the radius, which undergoes a
transition between stable states, to their behavior in terms of
the x–y coordinates, which undergo a transition between cycles. Second, we study critical transitions in a more detailed
model of cyanobacterial blooms. Under certain conditions, the
model exhibits transitions from stable points to stable cycles
and from stable cycles to stable points. For both the simple
and detailed model, we find that variance rises before stable
points give way to stable cycles but not before stable cycles
collapse to stable points. These findings suggest that in field
studies of phytoplankton, it may be possible to measure resilience of stable points with respect to the threshold for transition
from stable point to cycle, but it may be difficult to measure
resilience of cycles with respect to thresholds for transition
from a particular cycle to a cycle of different amplitude or to
stable points.

Models
We employ two models in our analysis. The first model is
highly artificial but enables us to study transitions among
cycles by focusing on changes in the radius due to a fold
bifurcation, for which the early warnings are well known.
The second model is a more complex and realistic representation of cyanobacterial blooms that is used for lake and
reservoir management as well as in the theoretical literature.
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Transitions in the radius of a cycle

dy ¼

To investigate indicators of the resilience of a cycle, we start
with a model for the cycle radius (r). Let

 

r
r
hðrÞ ¼ r P 1−
−
ð1Þ
Q
1 þ r2

The deterministic model dr dt ¼ hðrÞ was studied by
Ludwig et al. (1978) and we refer the reader to that work for
a thorough analysis. In the present context, the parameter P is
the growth rate of r and the parameter Q is the carrying
capacity of r. The deterministic model has an unstable equilibrium at r=0 and three positive equilibria that depend on
values of the parameters P and Q. The largest and smallest of
these positive equilibria are stable, and the middle one is
unstable. For constant Q, there are two critical values of P
that correspond to bifurcation points. These are found by
solving for the P values where h(r)=0 and dh(r)/dr=0. For
Q=20, for example, when P passes the critical value 0.527
from below the lower equilibrium disappears and r moves to
the higher equilibrium. When P passes the critical value 0.198
from above, the higher equilibrium disappears and r moves
toward the lower equilibrium. Thus, there are two possible
critical transitions in the radius of the cycle: from small r to
large, and from large r to small.
In order to study changes in variance and autocorrelation of the cycle radius as the value of P approaches a
critical transition, to the deterministic dynamics h(r) we
add Wiener noise with standard deviation σ (i.e., σdW/dt)
to obtain a stochastic differential equation for the dynamics of the radius
dr
dW
¼ hð r Þ þ σ
dt
dt

ð2Þ

As the value of P approaches a critical transition, r shows
well-known changes in resilience indicators. The variance
of r increases toward infinity and the autocorrelation of r
increases toward 1 (Carpenter and Brock 2006; Biggs et al.
2009; Kuehn 2013).
Observed ecological variables cannot be expected to match
the phase and radius of limit cycle dynamics. Although time
series of r of the cycle should display resilience indicators, it
is not obvious whether these indicators will be discernible in
x–y coordinates. Therefore, we consider the transformation of
the radius dynamics to dynamics in x–y coordinates. To propel

the cycle through time, we set dθ dt ¼ 1 or θ=t. Using the
definitions x=rcos(θ),y=rsin(θ), by Itō stochastic calculus
dx ¼

  
  
1 ∂2 x .  2
∂x
∂x
dr
þ
dθ
þ
dr
∂r
∂θ
∂r2
2

ð3Þ

  
  
1 ∂2 y .  2
∂y
∂y
dr
þ
dθ
þ
dr
∂r
∂θ
∂r2
2

ð4Þ

Using dr=h(r)dt+σdW (from Eq. 2) and θ=t, Eqs. 3 and
4 simplify to
dx ¼ ðhðrÞcosðt Þ−rsinðt ÞÞdt þ σcosðt ÞdW

ð5Þ

dy ¼ sinðt Þdr þ rcosðt Þdt

ð6Þ

Equation 5 is a stochastic differential equation for the
dynamics of x. Trajectories of Eqs. 2 and 5 were analyzed to
compare the behavior of resilience indicators for the radius
of the cycle and the x variable which would be the observable metric in ecological field studies. Because of the cyclic
terms in Eq. 5, it is reasonable to suspect that increases in
variance or autocorrelation of r could be distorted in observations of x.
For simulations, we used the same sequence of independent identically distributed shocks {dW(t)}∼N(0,1) in numerical solutions of Eqs. 2 and 5. Stationary time series
were computed starting at the deterministic equilibrium
point for a gradient of 100 values of P that encompassed
the critical transitions. At each value of P, we first simulated
100 values of r or x, which were discarded, and then simulated 4,096 additional values of r or x that were used to
compute variance and lag-1 autocorrelation. Simulations
used a time step of 0.04 and σ=0.01. All computations were
performed in R (R Development Core Team 2012).
Grazing of unicells and colonial phytoplankton
Serizawa et al. (2008) present a model of phytoplankton
colony formation and grazing. This model is more explicit
biologically that the simple model for the cycle radius
presented above. The more explicit model, introduced below, has been employed as a component of large simulation
models used for lake and reservoir management (Serizawa
et al. 2009). Zooplankton (Z) consume both unicellular (G)
and colonial (C) phytoplankton, and grazing induces the
formation of colonies from unicells. The parameterization
follows a case of Serizawa et al. (2008) where the herbivore
search rate (v) and handling time (h) of algae are constant
and equivalent for both unicellular and colonial algae. The
parameters are presented in Table 1. The dynamics are


dG
GþC
vGZ
¼ rG 1−
−ma G
−cG f 1 þ cC f 2 −
dt
K
f3
þ σG

dW G
dt

ð7Þ
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Table 1 Parameter values and their units used in simulations of
plankton
Definition

Parameter Value

Units

Carrying capacity
Maximum growth
rate of algae
Scaling for inducible
effect
Half-saturation constant
for inducible effect
Search rate on algae
Handling time on algae
Mortality rate of algae
Assimilation rate of algae
Mortality rate of zooplankton

K
r

Various g C m−3
1.00
day−1

c

1.00

day−1

g

0.10

day−1

v
h
ma
η
mZ

0.50
0.50
0.20
0.40
0.20

m3 g C−1 day−1
day−1
day−1
Dimensionless
day−1

The value of K is adjusted to change the dynamics between a stable
point and a stable cycle. Parameter values and definitions follow
Serizawa et al. (2008)



dC
GþC
vCZ
¼ rC 1−
−ma C
−cG f 1 þ cC f 2 −
dt
K
f3
dW c
þ σc
dt
dZ
vG þ vC
dW z
¼ ηZ
−mZ Z þ σZ
dt
f3
dt

Results

ð8Þ

ð9Þ

f1 ¼

Z2
Z 2 þ g2

ð10Þ

f2 ¼

g2
Z þ g2

ð11Þ

2

f 3 ¼ 1 þ vhG þ vhC

analysis of this model system was presented by Serizawa et al.
(2008). At K<8.33, the biomasses follow a single stable equilibrium, at K=8.33=KHopf, there is a Hopf bifurcation, and at
K>8.33, the biomasses exhibit limit cycle oscillations. Our
goal was to study patterns in the variance and autocorrelation
of the state variables as K approached KHopf.
We computed phytoplankton and zooplankton biomass
over a gradient of 500 K values ranging between 7.33 and
9.33. Two simulations were conducted, one for increasing K,
and the other for decreasing K. In both cases, we simulated
2,000 days of dynamics at each K value. The first 1,500 days
of biomass dynamics were treated as a burn-in period, and the
last 500 days were saved for analysis. Variance and autocorrelation were computed for each state variable in nonoverlapping windows of width equal to 500 days. The state
variables were not transformed prior to computing variance,
but a linear trend over the window period was removed prior
to computing autocorrelation (Dakos et al. 2012).

ð12Þ

Dynamics of each phytoplankton component involve terms
for logistic growth, conversion between unicells and colonies
(terms involving the conversion coefficient (c)), grazing, and
mortality. Dynamics of zooplankton include growth due to
assimilation of consumed algae and mortality. The units of
the state variables are given in mass of the limiting nutrient per
unit volume of the mixed layer. Nutrients are added by increasing the carrying capacity K. Stochastic perturbations were
introduced to the model in the form of a Wiener noise term
to Eqs. 7, 8, and 9. The noise terms (which included the Wiener
processes WG, WC, and WZ) were i.i.d. N(0,1) and uncorrelated
with each other. The standard deviations were scaled by σG
(5×10−6), σC (1.28×10−4), and σZ (9.5×10−5) for unicellular
algae, colonial algae, and zooplankton, respectively. A stability

Comparison of the radius of a cycle with Cartesian
coordinates
The model of radius dynamics (Eq. 2) has alternate stable
states for r. Transformed to x–y coordinates (Eq. 5), the
model exhibits alternate stable cycles with different radii
(Fig. 1). Comparing the outcome for the radius (Eq. 2) and
the x value of the cycle (Eq. 5) space, we find that variance
rises in both coordinate systems as the system passes from
the small-radius to the large-radius attractor, i.e., low to high
value of P (Fig. 2a, c). Autocorrelation rises for r (Fig. 1b),
but there is no clear pattern for autocorrelation of x (Fig. 2d).
When the system passes from the large-radius attractor to
the small-radius attractor (high to low P values, Fig. 2), the
rising variance is seen for r (Fig. 3a) but not for x (Fig. 3c).
Similarly, autocorrelation rises prior to the transition for r
(Fig. 3b) but not for x (Fig. 3d).
Dynamics of Unicells, Colonial Algae, and Zooplankton
The simulated biomasses of unicellular algae (G), colonial
algae (C), and zooplankton (Z) each remained near a single
equilibrium value or oscillated, depending on the value for
carrying capacity (K) (Fig. 4). Patterns in biomasses at a
given K were similar for increasing and decreasing K. At
low values of K, biomasses approached a single equilibrium
value. The Hopf bifurcation point is at K=8.33, and biomasses oscillated when K≥8.33. However, oscillations were
also observed in the region 8.2<K<8.33. We performed two
additional simulations, one deterministic and one stochastic,
where state variables were observed for longer at each value
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0

0.0 0.3

0.99870

0.46 0.50
P

Fig. 2 Variance of radius (a), autocorrelation of radius (b), variance of
x (c) and autocorrelation of x (d) across a gradient of P values as P
increases toward the critical transition from the low to high equilibrium
values of the radius. The dashed vertical line indicates the location of
the critical transition. Each data point is computed from a simulation of
4,096 time steps initialized at the deterministic equilibrium for the
value of P on the abscissa

8000 10000

0.986 0.992 0.998

−2.5

Autocorrelation

b

c
0.23

0.21
P

0.99855

−2

0.99870

−1

a

−3

of K (Electronic supplementary material). The deterministic
simulation showed that biomasses oscillated toward equilibrium whenever K was changed, that equilibrium was
approached more slowly as K rose closer to 8.33, but that
oscillations only persisted when K was ≥8.33. Oscillations
with a period between 20 and 21 days were present for all
values of K in the stochastic simulation. These oscillations
had amplitudes that did not approach zero when K was
below 8.33, increased drastically when K rose to 8.2, and
were far more irregular when K was below 8.33. Therefore,
there was a range of K for which the stochastic system showed
sustained oscillations despite the existence of a single stable
equilibrium and K<8.33. Over this range, the system appeared
to behave as though it had entered a stable limit cycle, even
though it had not yet crossed the bifurcation point.
As K increased and approached the bifurcation point, the
variances and autocorrelations (AR(1)) of G, C, and Z
increased (Fig. 5). The variance pattern was similar for the

log10(Variance)

−4

Fig. 1 Time series of the radius (top) and of x (bottom) from the model
in Eqs. 1–6. The insets on the left side of each panel zoom in on
dynamics for the first 1,000 time steps. The insets on the right side of
each panel also show 1,000 time steps and end at the time at which P
reaches its critical value (0.527)

Radius
−3.5

4000 6000
Time

d

0.42

0.46 0.50
P

X

5

0.0

X

0.6

10

0.42

2000

b

0.985
0.99880

−4.0
−3.5

15

X
−3.2

0

c

0

Autocorrelation
0.995

a

Radius
−3.4

0.78

0.50

5

0.56

0.88

Radius
10

15

−2.8

log10(Variance)

d
0.23

0.21
P

Fig. 3 Variance of radius (a), autocorrelation of radius (b), variance of x
(c) and autocorrelation of x (d) across a gradient of P values as P decreases
toward the critical transition from the high to low equilibrium of r. The
dashed vertical line indicates the location of the critical transition. Each
data point is computed from a simulation of 4,096 time steps initialized at
the deterministic equilibrium for the value of P on the abscissa
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0.80
0.935

0.945

Colonial
−6 −4 −2
three state variables. Variance increased slowly at first, but
when K was approximately 8.2, the variance rose sharply.
This sharp increase in variance was coincident with the
onset of large-amplitude oscillations that occurred before
the transition. The AR(1) of all three variables approached
1 from below as K increased. This increase in AR(1) was
larger for G (AR(1) ranged from approximately 0.75 to 1),
than for C or Z, which had small increases (from approximately 0.93 to 1).
As K decreased and approached the bifurcation point, the
variances of G, C, and Z decreased, but the pattern in AR(1)
was not consistent among the three variables (Fig. 6). Variance
decreased linearly as the bifurcation was approached, but the
magnitude of change (0.8 to 1.2 log units) was smaller than
for the case where K was increasing toward the bifurcation

7.73
K

8.13

0.930

0.945

Zooplankton
−7 −5 −3 −1
7.33

Fig. 4 Stochastically simulated biomasses (in grams C per cubic
meter) of unicellular algae, colonial algae, and zooplankton across a
range of 500 carrying capacities (K; in grams C per cubic meter). For
each value of K, 500 days of the simulation were saved after a 1,500day burn-in period. Left, biomasses from the simulation in which K
increased over time. Right, biomasses from the simulation in which K
decreased over time. The dashed gray line is at K=8.33, the Hopf
bifurcation point

Autocorrelation
0.90

Unicell
−10 −8
−6

log10(Variance)

7.33

7.73
K

8.13

Fig. 5 Statistics computed from the biomasses (in grams C cubic
meter) of unicellular algae, colonial algae, and zooplankton as carrying
capacity (K; in grams C per cubic meter) increased over time. Statistics
were computed in non-overlapping 500-day rolling windows, such that
each point represents the value of a statistic over a period of time when
K was held constant. The left panels show log10(variance), and the
right panels show the first order autocorrelation coefficient. The x-axis
ends just before the bifurcation point at K=8.33

(4 to 5 log units). The AR(1) increased for G, fluctuated
around a constant value for C, and decreased for Z. Changes
in AR(1) for all components were small and the ranges of
AR(1) values were smaller when K was decreasing than when
K was increasing.

Discussion
A threshold for plankton cycles can be approached from
below (from stable point to cycle) or from above (from cycle
to stable point). We found contrasting results when the critical
transition point in the models was crossed from below
(increasing P or K) versus when it was crossed from above
(decreasing P or K). When the threshold was crossed from
below (small cycle to large cycle in the radius model, or stable
point to stable cycle in the phytoplankton model), variance
and autocorrelation increased for r in the first model and for all
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log10(Variance)
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Autocorrelation

0.9530
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−1.2
−0.8
−0.4

0.9550 0.9516

Colonial
−0.6 −0.2

0.9524

−5.2

0.940

Unicell
−4.6

−4.0
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9.33

8.94
K

8.54

9.33

8.94
K

8.54

Fig. 6 Statistics computed from the biomasses (in grams C cubic
meter) of unicellular algae, colonial algae, and zooplankton as carrying
capacity (K; in grams C per cubic meter) decreased over time. Statistics
were computed in non-overlapping 500-day rolling windows, such that
each point represents the value of a statistic over a period of time when
K was held constant. Left, log10(variance); right, the first-order autocorrelation coefficient. The x-axis ends just before the bifurcation point
at K=8.33

three state variables of the plankton model. Changes in autocorrelation were not discernible for the Cartesian transformation (x variate) of the radius model. Variance and autocorrelation increased when the transition point was crossed from
above for r in the first model. Early warning signals (i.e.,
variance and autocorrelation increases) were not detected
when K was decreased in the phytoplankton model nor in
the x variate of the first model when P was decreased.
However, variance decreased prior to the transition—the opposite of the usual early warning signal—in both models. The
decrease in variance was especially clear in the plankton
model. Thus, the direction from which the transition was
approached affected our ability to detect changes in resilience,
and the performance of variance and autocorrelation depended
on this directionality as well as the model being analyzed.
The trends in autocorrelation were more difficult to interpret than the trends in variance. In the case of decreasing
K in the phytoplankton model, the three state variables had

different trends in autocorrelation that tracked the trends in
biomasses. Linear detrending is commonly applied when
the data-generating model is unknown (Dakos et al. 2012),
but in the case of cycling data, detrending will not help. In
the other cases where autocorrelation increased before a
bifurcation, the increase in autocorrelation was more subtle
than that in variance. Our models contained small amounts of
process error, but no observation error. Observation error can
decrease the detectability of trends in summary statistics,
especially for autocorrelation (Brock and Carpenter 2012).
Time series of field data are typically much noisier than those
in this study, particularly for organisms like zooplankton that
are associated with considerable measurement errors (Pace et
al. 1991; Kamarainen et al. 2008). Higher levels of noise
might mask subtle trends in autocorrelation, whereas large
changes in variance might remain detectable.
In the first model, resilience indicators were evident in the
radius dynamics. In the Cartesian coordinate frame only variance increased, and this occurred only in the case of the
transition from a small-radius cycle of x to a large-radius cycle
of x. Of course, data from field studies generally arrive as
univariate time series. If both phase and radius were known,
one could interchange coordinate frames and obtain a variable
(the radius) that provided resilience indicators. However, information needed for this transformation will rarely if ever be
available from field observations of ecological time series at a
single point in space, such as the center of a lake. Cases where
dynamics can be observed in space may allow such transformations, and this is a topic for further research.
A key challenge to the application of resilience indicators
in real systems is a lack of undisturbed control systems
(Seekell et al. 2011). One way to address this issue is through
the use of indicators that have built-in thresholds for significance (Seekell et al. 2011; Seekell et al. 2012; Dakos et al.
2012). Alternatively, models with and without critical transitions can be fitted and compared (Ives and Dakos 2012;
Boettiger and Hastings 2012). It is likely that these modelfitting methods require large datasets, although further research
is needed. A different approach is to declare that changes in
resilience have been detected only when simultaneous changes
in summary statistics (like variance and autocorrelation) have
been observed (Guttal and Jayaprakash 2009; Ditlevsen and
Johnsen 2010). However, the present study contains examples
where a critical transition is preceded by a subtle change or no
change in autocorrelation but a large change in variance.
Hence, the dual criteria of increasing autocorrelation and increasing variance may not be suitable for this class of model. A
solution may be to track changes in variance and conditional
heteroskedasticity (Seekell et al. 2011), or to develop alternative criteria for substantiating a meaningful change in a single
summary statistic.
Early warning indicators can signal a system shifting to an
undesirable state, or they can anticipate the reverse process of
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recovery from an undesirable state (Suding et al. 2004). Our
analysis suggests that transitions involving cycles will be
announced by increases in variance when transitioning toward
the undesirable state of phytoplankton blooms but will not be
detectable for the reverse transition from blooms to clear
water. Hence, early warning indicators may not be effective
indices for resilience of cyanobacterial or other undesirable
algal blooms once they are underway.
Nonetheless, the ecologically important transition
from stable algae concentrations to bloom–bust cycles
is preceded by increasing variance and autocorrelation.
Therefore, as carrying capacity rises due to nutrient
enrichment, it may be possible to detect a forthcoming
transition to blooms. Managers may be able to switch to
a different water supply, or reduce nutrient input rates,
before a bloom occurs. The reverse situation, the transition from bloom–bust cycles to stable algal concentrations as carrying capacity declines due to decreasing
nutrient input rates, does not display the usual resilience
indicators. Variance decreases before the transition from
cycle to point, and this trend could provide information
about the magnitude of nutrient reduction needed to end
the cycles. In practice, rapid reductions of nutrient inputs
are possible only when nutrients come from a point source
such as a sewage treatment plant or industrial discharge. In
most cases, however, eutrophication is caused by agricultural
runoff that can be mitigated only slowly (Hamilton 2012).
Therefore the transition from stable cycles to stable point is
likely to occur slowly when it occurs at all. Thus a decline in
variance may be evident for lakes that are recovering from
agricultural runoff pollution.
In conclusion, under transitions to cycling, ecosystems
may produce early warning indicators, but in some cases
these indicators may be difficult or impossible to detect with
the coordinate system implicit to field data. Variance was a
robust indicator and rising variance may precede transitions
to cycling cyanobacteria blooms. Such blooms are a major
and increasingly frequent management concern (Johnk et al.
2008; Paerl and Huisman 2009; Orihel et al. 2012; Posch et
al. 2012). Automated in situ sensors capable of measuring
algal fluorescence are widely available and provide a means
for collecting high-frequency data for precise variance measurements (Porter et al. 2005). Field tests will be critical for
determining the most likely mechanisms for algal blooms
(hence the most likely indicators) and for determining if
variance-based indicators are detectable in time for management action to potentially avert unwanted shifts to bloom
conditions.
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