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Abstract

Regime shifts ate large, long-lasting changes in ecosystems. They are often hard to
predict but may have leading indicators which are detectable in advance. Potential
leading indicators include wider swings in dynamics of key ecosystem variables, slower
return rates after perturbation and shift of variance towards lower frequencies. We
evaluated these indicators using a food web model calibrated to long-term whole-lake
experiments. We investigated whether impending regime shifts driven by gradual
increase in exploitation of the top predator can create signals that cascade through food
webs and be discerned in phytoplankton. Substantial changes in standard deviations,
return rates and spectra occurred near the switch point, even two trophic levels removed
from the regime shift in fishes. Signals of regime shift can be detected well in advance, if
the driver of the regime shift changes much more slowly than the dynamics of key
ecosystem variables which can be sampled frequently enough to measure the indicators.
However, the regime shift may occur long after the driver has passed the critical point,
because of very slow transient dynamics near the critical point. Thus, the ecosystem can
be poised for regime shift by the time the signal is discernible. Field tests are needed to
evaluate these indicators.
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INTRODUCTION

Most ecological change is gradual and incremental, but
sometimes extensive changes occur in ecosystems over
short periods of time (Holling 1973; Scheffer es o/ 2001,
Carpenter 2003; Walker & Meyers 2004). Massive changes
may involve nonlinear dynamics, thresholds and cross-scale
interactions. The genetic term ‘regime shift’ represents this
diverse class of big changes (Carpenter 2003; Scheffer &
Carpenter 2003; Scheffer & Jeppesen 2007). Regime shifts
are known for a wide variety of ecological systems including
marine ecosystems (Simenstad ef al 1978; Steele 1998;
Walters & Kitchell 2001), spatial dynamics of vegetation
(Peters e al. 2004; Rietkerk ez al. 2004), drylands (Reynolds
& Stafford-Smith 2002; Foley ez a/. 2003), managed range-
lands (Anderies e a/ 2002), succession and restoration in
terrestrial plant communities (Suding e a/. 2004; Schmitz
et al. 2006) and lakes (Scheffer 1997; Jeppesen ef al. 1998,;
Carpenter 2003). Mechanisms of regime shifts are also
diverse, involving, for example, feedbacks between vegeta-
tion and the atmosphere (Foley e o/ 2003; Narisma ef al.
2007), soil (Rietkerk ez al. 2004) or fire (Peters e al. 2004);

© 2007 Blackwell Publishing Ltd/CNRS

biogeochemical feedbacks (Carpenter 2003) or complex
interactions in food webs (Scheffer 1997; Jeppesen ef al.
1998; Schmitz ¢z al. 2006; Persson ez al. 2007).

An important class of regime shifts involves transitions
among alternate states in food webs (Ives & Carpenter
2007). The transitions can be driven by gradual change in
exploitation of a top predator or prey species, reintroduction
of a predator or modification of habitat (Walters & Kitchell
2001; Schmitz e al. 2006; Persson ef al. 2007). In these
regime shifts, gradual change of a driver (such as predator
removal or habitat modification) leads to abrupt reorgani-
zation of the ecosystem. Analogous situations exist in
atmosphere—land or atmosphere—ocean interactions where
gradual climate warming can lead to abrupt changes in
weather or ocean currents (Berglund & Gentz 2002; Foley
et al. 2003; Kleinen ez /. 2003). In this paper, we focus on
ecological regime shifts driven by gradual changes in harvest
of a predator, a phenomenon known from field studies of
both aquatic and terrestrial ecosystems (Schmitz ez al. 2006;
Persson ez al. 2007).

Regime shifts are difficult to predict or anticipate (Clark
et al. 2001). Routine, incremental change is a poor baseline



Letter

Leading indicators of trophic cascades 129

for forecasting unusual changes that extend beyond the
range of historical experience (Carpenter 2002, 2003).
Thresholds are rarely known before they are crossed
(Groffman et al. 2006). The limited capacity to anticipate
regime shifts is a significant problem for ecosystem
management, especially because reversals may be difficult,
expensive or in some cases, impossible (Folke e# a/. 2005).
However, the capacity to anticipate or forecast regime shift
would be extremely valuable because dramatic changes can
often lead to large losses of ecosystem services with severe
consequences for human well-being (MA (Millennium
Ecosystem Assessment) 2005).

Theory suggests that some variables within ecosystems do
change before regime shifts in ways that may serve as
leading indicators of change. Specifically for time series
observations of ecosystem state vatiables such as biomasses
or chemical concentrations, standard deviations may
increase (Carpenter & Brock 20006), variance may shift to
lower frequencies in the variance spectrum (Kleinen ez /.
2003) and return rates in response to disturbance may
decrease (van Nes & Scheffer 2007) prior to a change.

To illustrate these ideas more precisely, consider the
simple case of a one-dimensional system x with rate of
change dx/d7 shown as the solid line in Fig. 1. Dynamics of
x depend on a driver variable which changes gradually from
panels A through D of Fig. 1, moving the solid curved line
downward from panel to panel. In Fig. 1a, there are three
equilibria where dx/ds = 0 (circles). The black and grey
equilibria are stable because small perturbations of x to the
left or right lead to positive or negative rates, respectively,
moving x back towards the equilibrium. The white circle is
an unstable equilibrium because small perturbations of x to
the left or right lead to negative or positive rates,

respectively, moving x away from the white equilibrium.
As the driver variable moves the solid curve downward, the
grey stable point becomes less resilient (closer to the
unstable point) in Fig. 1b, coalesces with the unstable point
in Fig. 1c and disappears altogether in Fig. 1d.

To this familiar graphical analysis of stability we now add
the idea of small random shocks to the rate, dx/dz Consider
dynamics near the grey stable point. In Fig. 1a, perturba-
tions are damped rather rapidly due to the steep slope of the
solid line near the grey equilibrium. The return rate is
relatively fast, the variance of x is relatively small and the
variance specttum is relatively ‘white’ (i.e. variance is
distributed rather evenly across the range of frequencies).
A variance spectrum breaks the total variance of x into
components of different frequencies, summarized as a plot
of variance vs. frequency (Fortin & Dale 2005). In Fig. 1b,
the slope of the solid line near the grey equilibrium is flatter.
Return rate is slower, variance of x is higher, and the
vatiance spectrum becomes more pink (i.e. lower frequen-
cies become more important). In Fig. 1c, the grey and white
equilibria coalesce and the slope of the solid line is zero at
the equilibrium which is white to denote its lack of stability.
The return rate from small perturbations is near zero, the
vatiance of x is large, and the variance spectrum becomes
even redder as lower frequencies become even more
important. To complete the regime shift, in Fig. 1d only
the black equilibrium remains. Return rate is again rather
fast, variance of x is rather low, and the spectrum is rather
white. For a mathematical explanation of these changes see
Kleinen ez al. (2003), Carpenter & Brock (2006) and van Nes
& Scheffer (2007).

While regime shift indicators are promising tools for
understanding and management, these indicators are known

dx/dt dx/dt dx/dt dx/dt

(b) At gray point:
Return rate
1 C 1
Var(x) Var(x)
e ———
Spectrum Spectrum

(a) At gray point:
Return rate
L

Log variance
Log variance

Log frequency Log frequency

(c) At white point:

(d) At black point:
Return rate

- ——————

Var(x) Var(x)

Return rate

 —

Spectrum Spectrum

Log variance
Log variance

Log frequency Log frequency

Figure 1 Changes in stability at different levels of a driving vatiable. Each panel shows the rate of change in x, dx/d#, vs. x. From panels (a—
d) a driving variable is changed causing one stable equilibrium of x to disappeat. Labels under each panel explain the qualitative changes in
return rate, variance of x and variance power spectrum of x. (a) Two stable equilibria (black and grey) and an unstable equilibrium (white). (b)
Two stable equilibria but the grey stable point is closer to the unstable white point. (c) Gray stable equilibrium has disappeared. (d) White
unstable equilibrium has disappeared.
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primarily from theory, physical systems and a few models
for ecosystems. Exploring these indicators under realistic
ecological conditions where regime shifts are known to
occur provides a means to further evaluate the potential of
this approach. Alternate states in fish communities are well
known (e.g. Walters & Kitchell 2001; Carpenter 2003;
Persson ez al. 2007) and provide a test case. Regime shifts in
lake food webs are particularly interesting, in part, because
there are instruments that can make high frequency
measurements of aquatic biota and chemistry providing
the time series needed to test for indicators. However,
variance effects of a regime shift might not be detectable
when mixed with other sources of variance that impact
populations within complex food webs. For example,
variance because of an impending regime shift could be
attenuated as it passes through a food web or drowned out
by other sources of variance.

The arguments above suggest that it is not clear whether
regime shift indicators will be detectable in multiple
components of a food web subject to multiple sources of
noise. To investigate this possibility, we conducted a model
analysis of regime shift indicators using a food web model
based on whole lake manipulations of nutrients and top
predators. In the model we manipulated harvest of the top
predator until a regime shift occurred, driven by cascading
trophic interactions. The bifurcation that creates the regime
shift results from changes in predation by piscivores and
refuge use by planktivores. This shift cascades to the
zooplankton and phytoplankton. We use the model to
calculate the three indicators — time series standard
deviations, return rates from disturbance and wvariance
spectra — for planktivores, zooplankton and phytoplankton
before, during and after the regime shift. We also used a
multivariate index of variability for the food web. In our
simulations, we added independent noise to planktivores,
herbivores and phytoplankton to test whether regime shifts
could be discerned in the presence of variability that was
unrelated to the regime shift. We were particularly interested
in responses of the phytoplankton because they can be
observed at high frequency using modern sensors and could
be useful indicators of regime shifts under field conditions.
Thus, the model analysis provides a test of the efficacy of
regime shift indicators under realistic conditions drawn from
prior field experiments.

METHODS

To evaluate the indicators in a food web context with
multiple soutrces of variance, we used a model for the
food web in the epilimnion of a lake (Fig. 2). We have
determined the responses of such food webs to nutrient
and predator manipulations in a series of whole-lake
experiments from 1984 to 1997 (Carpenter & Kitchell
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Figure 2 Compartments and feedbacks for the food web model
explained in the text. Producers are phytoplankton, which are
affected by phosphorus input. Herbivores are zooplankton, which
consume phytoplankton, are consumed by planktivores, and can
migrate in or out of a refuge. Planktivores are fishes which
consume herbivores and juvenile piscivores, are preyed upon by
adult piscivores, and have access to a refuge. Juvenile piscivores are
produced by adult piscivores, are consumed by planktivores and
adult piscivores, and have access to a refuge. Adult piscivores
consume both planktivores and juvenile piscivores, and are subject
to both stocking and harvest mortality.

1993; Carpenter e al. 2001). The food web involves a
trophic triangle of two size classes of piscivorous fish
(adult and juvenile) and a planktivorous fish which preys
on juvenile piscivores as well as herbivorous zooplankton
(Ursin 1982; Walters & Kitchell 2001). The herbivores, in
turn, feed on phytoplankton. Phytoplankton growth
depends on irradiance and phosphorus input rate.
Planktivores and juvenile piscivores move between the
open water habitat and refuges such as littoral habitat.
Herbivores can migrate between the epilimnion and a
deep-water refuge. Thus, our model combines predator—
prey interactions and movement between refugia and
foraging arenas (Walters & Martell 2004).

Model Description

Fish components of the model are solved on two time
scales, the time interval for juvenile piscivores to mature to
adults (referred to as the maturation interval) and the much
shorter time step between instantaneous random shocks to
the state variables.

Within one maturation interval, dynamics of the fishes
are:

—— = —qkA (1)
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dr dWr The planktivore /" and the inputs of the limiting nutrient
dr Dr(Fx = 1) = opal A + or dr (2) control the plankton. The zooplankton dynamics are

dH dW;
)2 e L () ar = DelHR—H)+sentP = HE S o= ()
dz s h+v+grb

A is adult bass, [ is the planktivore, / is juvenile bass.
Parameters are: catchability (g), effort (F), exchange rate of
F between the foraging arena and a refuge (Dp), refuge
reservoir of I (Fg), consumption rate of F' by A (cxy),
additive noise (0;), Wiener stochastic process (dIW/di),
control of /by A (¢.4), consumption rate of / by F (¢/5), rate
at which / enter the foraging arena (»), rate at which / seek
refuge (5). The harvest rate referred to in the main text is the
product ¢£. Symbols, units and parameter values are shown
in Table S1.

Prey fishes are assumed to move between refugia and a
foraging arena (Walters & Martell 2004). Planktivores move
between the pelagic zone (‘inside’ the model) and a refuge
which is not explicitly modelled and is assumed to sustain a
population of planktivores. In reality, the refuge could
represent an area inaccessible to piscivores, or another
aquatic system connected to the lake in the model. Similarly,
juvenile piscivores move between an open-water foraging
arena and a refuge that is inaccessible to planktivores
(Walters & Martell 2004).

Equations 1-3 address population dynamics not somatic
growth, so predation counts as a loss to the victim
population but not as an increment to the predator
population.

At the beginning of each maturation interval, a cohort of
J is spawned. Then numbers decline due to predation, and
survivors recruit to the .4 pool the following maturation
intetval. The pseudocode is:

(1) obtain initial values: A,, I, /,;

(2) integrate eqns 1-3 over one maturation interval to
compute Auj, Fp; Jas where the subscript 7+ 7
means ‘integrated from 7 to the end of one maturation
interval’;

(3) compute the initial conditions for maturation interval
¢t + 1. Survivorship from the end of maturation interval
¢t to the beginning of maturation interval #+ 1 is s
Juveniles that survive become adults. Production of
juveniles per adult is f at the beginning of maturation
interval # + 1 and

A1 = J(Al+i +]l+z') (4)
Fo =y (5)
S = fidpp (6)

(4) then repeat steps 1-3 for successive maturation
intervals.

Dy; is exchange rate of herbivores from a refuge (e.g. the
hypolimnion) which supports density /7. The zooplankti-
vory rate coefficient is ¢z~ Noise is added by a Weiner
stochastic process with standard deviation G,.

The phytoplankton dynamics are

dr dWp

—-_— = VpL’y([(), P)P — mP — t‘pHHP + Op——, (8)
dr dr

where 7p is a growth parameter for phytoplankton, 7. is
phosphorus loading rate, 7 is a non-predatory mortality
(sinking) rate and ¢py, is the grazing rate coefficient. Noise is
added by a Weiner stochastic process with standard devia-
tion Gp The light function vy is based on the model of
Dutkiewicz ¢# al. (2005) and Follows e al. (2007):

Zmix ]
y([o,P):/O ¥ [(1 = exp(—kyow!(Z, P)))

CXp(—/émhib](Z, P))]LZZ
](Z, P) = 1y exp[—Z(,éo =+ /éD()CDOC + /épp)}
F

_ Kgrow T Rinhib ( Finhib < inhib >)
max — exXp| — In
’égrow /égrow ’égrow + ’éinhib

)

The mixed layer depth is g Irradiance has a positive

effect on growth through the parameter Agow, and an
inverse effect at high irradiance levels through the parameter
Aianib- Light is attenuated by absorption by water (4,), dis-
solved organic carbon (kpoc) and phytoplankton biomass
(Bp). Fmax 1s a normalization constant that causes the max-
imum value of y(/),P) to be 1.

Simulations

Model parameters (Table S1) were taken from the literature
or adjusted to match summer average biomasses observed
during whole-lake experiments that manipulated the dom-
inant fishes (piscivores or planktivores) or nutrient loading
(Carpenter & Kitchell 1993; Carpenter ez /. 2001). We did
not formally fit the model using statistical procedures. We
adjusted parameter values until steady-state biomasses of all
state variables were similar to summer average biomasses for
each food web configuration and nutrient input rate studied
in the experiments. Although the historical data are adequate
for calibrating the model, they lack the temporal resolution
needed to evaluate the regime-shift indicators. Our goal here
was to evaluate the indicators in a model context, as a first
step towards designing experiments to evaluate the indica-
tors in the field.

© 2007 Blackwell Publishing Ltd/CNRS
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The goal of this paper was to investigate the transmission
of random disturbances through the food web, and whether
variance related to a regime shift can be discerned against a
background of other variance unrelated to the regime shift.
The regime shift is created by gradually increasing harvest
rate of adult piscivores, the parameter ¢Z in the model
which stands for the product of catchability and effort
(Table S1). Eventually, a critical harvest rate is reached
where piscivory on planktivores is no longer able to control
predation by the planktivores on the juvenile piscivores
(Walters & Kitchell 2001; Carpenter & Brock 2004).
Piscivore recruitment is thereby shut off, and the ecosystem
shifts from piscivore dominance to planktivore dominance.
The herbivores and phytoplankton change because of a
trophic cascade which is triggered by the nonlinear dynamics
of the fishes.

As harvest of the top predator increases, can variability
measured in lower trophic levels signal an impending regime
shift in the fishes, despite multiple sources of noise in the
ecosystem? To address this question, we added random
disturbances to the dynamics of the planktivore, which is a
key species in the regime shift, as well as to the dynamics of
the herbivore and the phytoplankton. The herbivore and the
phytoplankton are not involved directly in the regime shift,
but are indirectly affected by the resulting trophic cascade.
Thus, we could investigate whether the signal of the regime
shift could be discerned in the herbivore and phytoplankton
dynamics despite the addition of untelated noise to the
system.

We measured stationary distributions of the ecosystem
components at different levels of harvest rate. We also
examined transient simulations in which harvest rate was
slowly increased over a long period of time.

Stationary distributions wete studied by a three-stage
process for each level of harvest rate. (i) Steady states of the
deterministic skeleton of the model were estimated by
numerical optimization (Appendix S1). (ii) Stochastic
simulations were initiated near the steady state of the
deterministic skeleton and run for 5120 time steps. Time
series were inspected graphically to ensure that they
appeared stationary. (i) Samples from the stationary
distribution were collected for an additional 2048 time steps.

Transient time series were studied by slowly and gradually
increasing the harvest rate during simulations. The goal was
to increase the harvest rate slowly relative to the time scale
of the random disturbances and the dynamics of the food
web. Simulations were initiated near the steady state of the
deterministic skeleton of the model. The harvest rate was
increased from 1.5 to 2.0 linearly across 96 000 time steps.
This length of simulation changes the harvest rate slowly
enough, and is a convenient multiple of the maturation
interval. In the deterministic skeleton of the model, the
high-biomass steady state of the piscivore disappears when
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the harvest rate is . 1.716 (Appendix S1). Thus, the harvest
rate crossed this critical value during the simulation.

Four potential indicators of regime shift were calculated
for the simulation results: (i) the standard deviation of
the state variables, (i) a multivariate index of variability
of the food web as a whole, (iii) an estimate of return rate
for the state variables and (iv) spectra of the state variables.
The multivariate index is the square root of the dominant
eigenvalue of the covariance matrix of the state variables
(Brock & Carpenter 20006). The return rate was estimated by
fitting the univariate autoregression model x4q = by + b
x; + €, where x is the time series of the state variable, &,
and by are parameters estimated by least squares and €, is a
time series of errors. Then 1// is an estimator of return rate
(Ives et al. 2003). Spectral analyses were computed by
Fourier analysis of the time seties using the ‘spectrum’
command in R.

The system of equations was solved by the Euler method
using Ito calculus (Horsthemke & Lefever 1984). For results
shown in this paper, we used 32 small time increments per
maturation time. We experimented with 64 and 128
increments per maturation time and obtained neatly
identical results. All computations were performed in R

(http://www.t-project.org/).

RESULTS

Statistics for the stationary distributions of the stochastic
state vatiables (planktivore, herbivore and phytoplankton
biomass) are presented across a gradient of the harvest rate,
g2 (Fig. 3). Steep changes in the means of the stationary
distributions occur for values of ¢& between ¢. 1.70 and 1.72
(Fig. 3a,d,g). For the deterministic skeleton of the model
(i.e. the model with all stochastic disturbances set to zero),
the switch point whete the piscivores’ high-biomass stable
equilibrium vanishes is near ¢/ZZ = 1.716 (Appendix S1).
The stochastic version of the model appears to shift regimes
near the same value of ¢£ as the deterministic skeleton.
The standard deviations of all stochastic state variables
increase substantially near the switch point near ¢&Z = 1.716
(Fig. 3b,e,h). Note the logarithmic y-axis. The increase in
standard deviation is . 20-fold for the planktivore (Fig. 3b),
threefold for the herbivore (Fig. 3e) and 10-fold for the
phytoplankton (Fig. 3h). Initially, the rise in standard
deviation is related to declining stability of the state
variables as ¢/ rises. Eventually ¢/ is large enough that
some data points jump towards the alternative attractor. As
gI rises still farther, there are some data points in each of
the stable states. Eventually, the data points are mostly near
the new attractor, and then at high ¢Z the data points are all
near the new attractor. This sequence is reflected in
flattening of the stationary distributions and separation into
bimodal distributions near the switch point (Figs S1-S4).
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Return rate, estimated from time series output using the
method of Ives ef al. (2003), decreases substantially near the
switch point near ¢/~ = 1.716 (Fig. 3c,f,i). A return rate of
1.0 indicates that the system does not return from a small
perturbation. Return rates > 1.0 indicate that the system
returns exponentially to equilibrium after a small perturba-
tion, while return rates < 1.0 indicate that the system
diverges after a small perturbation. The planktivore return
rate is ¢. 1.0 near the switch point, indicating lack of recovery
from a small perturbation, and > 1.0 for ¢£ values away
from the switch point, indicating exponential return to
equilibrium following small perturbations (Fig. 3c). The
herbivore return rate is slightly above 1.0 at ¢/~ values below
and above the switch point, indicating exponential return to
equilibrium after perturbation (Fig. 3f). Near the switch
point, herbivore return rates are slightly below 1.0,
indicating a tendency to diverge from equilibrium after
small perturbations. Divergence is reflected in the bimodal
stationary distributions of the herbivore at some values of
g near the switch point (Fig. S3). The phytoplankton, like
the herbivore, has return rates slightly above 1.0 except near
the switch point when phytoplankton return rates are
slightly < 1.0 (Fig. 3i). The divergence suggested by these
return rates is consistent with the bimodal stationary
distributions seen for phytoplankton at some values of ¢Z
near the switch point (Fig. S4).
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The multivariate index rises sharply near the switch point
near ¢/Z = 1.716, but is relatively flat otherwise (Fig. 4). The
increase near the switch point is ¢ 50-fold.

Variance spectra of phytoplankton wete computed for
the same values of ¢/Z used in Figs 3 and 4. At a fixed value
of ¢F, spectral analysis yields a plot of variance (or spectral
density) vs. frequency (cycles per unit time). Both the
variance and frequency axes are log-transformed to envision
their relationship more cleatly. We combined the spectra
from all the values of ¢ in a contour plot (Fig. 5). The
contours are log-transformed variance, or spectral density.
The x-axis is log frequency in cycles per sample interval; one
maturation interval = —3.47 [there were 32 samples per
maturation interval, and log (1/32) = —3.47]. The y-axis is
qE.

Near the switch point at ¢/~ = 1.716, variance at low
frequency rises sharply to a plateau (Fig. 5). The plateau
appears as the white area between ¢g/Z of . 1.7 and 1.72, and
frequency lower than « —5.5. At high frequencies (above
about —5) variance sometimes declines, suggesting a flow of
variance from high frequencies to low frequencies. Each
black contour line in Fig. 5 represents a change in variance
of two natural logs. The variance plateau is about four
contours (eight natural logs), or « 3000-fold, above the
surrounding terrain. Similar variance plateaus appear in the
spectra for the herbivore (Fig. S5) and planktivore (Fig. S06).

© 2007 Blackwell Publishing Ltd/CNRS
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Figure 4 Multivariate index (maximum eigenvalue of the covari-

ance mattix of state variable biomasses) vs. harvest rate ¢/ in the
stationary simulations.

Phytoplankton spectra

vV

qE
1.68 1.70 1.72 1.74

1.66

Log frequency

Figure 5 Log spectral density (contours) vs. log frequency
[horizontal axis; log(one maturation interval) = —3.47] and ¢F
(vertical axis) for planktivore biomass. Colours correspond with a
topographic map; starting with the lowest spectral density in blue,
log spectral density rises from —11 to +11 through green, yellow,
dark tan and light tan as the highest spectral density.

In field studies, it is usually impossible to observe

stationary distributions so indicators of ecosystem dynamics
must be derived from observations of non-stationary time
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S 4 & Multivariate
@ Planktivore SD
-O- Phytoplankton SD
0
x
)
o
£
o o |
e -
8
S
©
>
0 |
IS
Q |
o

-1000 -800 —-600 -400 -200 0
Steps before shift

Figure 6 Indicators vs. time steps ptior to regime shift: multivar-
iate index (open triangles, solid line), standard deviation of the
planktivore (dark circles, dotted line) and standard deviation of the
phytoplankton (open citcles, dashed line).

series. Results from a transient simulation are illustrated in
Fig. 6. Statistical indicators were computed for each
maturation interval (32 samples) prior to the shift between
piscivore dominance and planktivore dominance. Numeri-
cally, we defined the regime shift as the time step with most
rapid change in the planktivore biomass. The standard
deviation of the planktivore and the phytoplankton, and the
multivariate index, rise steeply prior to the shift in fish
dominance, and the rise starts ¢ 200 time steps (six or seven
maturation intervals) before the shift in fish dominance.
However, the standard deviation of the juvenile planktivore
decreases prior to the shift, while the standard deviation of
the herbivore is noisy and hard to interpret (Fig. S7; note
log y axes).

Changes in return rate in the transient simulations were
also complex (Fig. S8). The planktivore return rate declined
from ¢ 500-200 samples before the shift, and then rose
sharply. The juvenile piscivore return rate rose steadily up to
the switch. The herbivore return rate was noisy and hard to
interpret. The same was true of the phytoplankton return
rate until « 300 time steps before the shift. Then, the
phytoplankton return trates clustered near 1.0.

It is important to note that in the transient simulations ¢/~
passed the switch point for the deterministic skeleton of the
model (near ¢/~ = 1.716) long before the shift in fish
dominance. In the simulation illustrated in Fig. 6, ¢/
reached the switch point for the deterministic skeleton 9247
time steps (¢ 290 maturation times) before the shift in fish
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populations, far earlier than results shown in the graph.
There were no discernible changes in the time series when
gE passed the switch point. The big changes in the time
series occurred in the last 200 or so time steps before the
shift in fish dominance.

DISCUSSION

Regime shifts are large and often important changes in
ecosystems, with long-lasting consequences. Examples
include rangeland degradation (Anderies et al 2002),
replacement of coral reefs by attached algae (Hughes ez 4/.
2005), multiple trajectories of secondary succession (Sch-
mitz e/ al. 2006), abrupt shifts in fish communities (Persson
et al. 2007), clear-water and turbid phases in shallow lakes
(Scheffer & Jeppesen 2007) and many others (Walker &
Meyers 2004). Yet regime shifts ate often hard to predict,
and often come as surprises (MA (Millennium Ecosystem
Assessment) 2005). For regime shifts associated with certain
kinds of nonlinear changes in ecosystems, observed time
series should change in discernible ways before the regime
shift occurs. These changes include increases in variance of
species abundances or biomasses of entire trophic levels
(and multivariate combinations of these vatiances), slower
return rates from small perturbations and a shift of variance
spectra towards lower frequencies (Kleinen e a/ 2003;
Brock & Carpenter 2006; Carpenter & Brock 2006; van Nes
& Scheffer 2007). These changes occur as the original
ecosystem state becomes less stable. Therefore, they are
leading indicators of impending regime shift. The changes
intensify as the ecosystem transitions between the alternate
states, and then drop to lower values if the new state
becomes more stable.

We evaluated these potential indicators using a simulation
model of lakes subject to alternate states and trophic
cascades, and calibrated to data from long-term whole-lake
experiments. In the simulated stationary distributions, the
indicators respond as expected from existing theory for
ecosystem regime shifts near the critical harvest rate of the
piscivore population. We observed increases in standard
deviation, low return rates and steeper variance spectra with
high plateaus of variance at lower frequencies. The increases
in standard deviation and spectral shifts were especially
pronounced. Thus, in stationary simulations, the variance
signal of the fish regime shift was transmitted through the
food web and detected in lower trophic levels. The signal
was easily detectable in lower trophic levels despite the
addition of noise unrelated to the regime shift.

In the stationary distributions, the sharpest response of
the indicators is close to the switch point. These are ‘leading
indicators’ in the sense that they change before hatvest rate
reaches the switch point. For example, there is an
exponential increase in standard deviations of planktivore

and phytoplankton as harvest rate rises towards the switch
point, even rather far from the switch point. Much closer to
the switch point, the exponential rise in standard deviation
becomes sharply steeper. Though these changes are easily
seen in stationary distributions, in practice an ecosystem
manager must deal with non-stationary time seties.

In transient simulations with slowly rising harvest rate, we
observed large and consistent changes in some but not all of
the indicators prior to the regime shift. Standard deviations
of planktivores and phytoplankton were consistent with
expectations, while the standard deviation of the juvenile
piscivores declined as they became rare and the standard
deviation of the zooplankton was noisy. The multivariate
index seemed to overcome these inconsistencies. It was
sensitive to the regime shift and was not confounded by
unrelated noise, consistent with the findings of Brock &
Catpenter (2006) in the context of a spatial model of
ecosystem services. Return rates were more difficult to
interpret in the transient simulations. In models, return rates
can be estimated using the eigenvalues of linearized
dynamics near equilibrium (van Nes & Scheffer 2007).
Because our goal was to mimic observation of an ecosystem,
we used a statistical estimator of return time appropriate for
field data (Ives efal 2003). Although both ways of
estimating return time are based on similar ideas, they are
not likely to give identical answers. In field data, the time
interval used to estimate return rate (Ives e a/ 2003) may
affect the behaviour of the estimated return rate as the
ecosystem move towards a regime shift. Through further
research, it may be possible to choose time intervals that
optimize the behaviour of return rate estimates in the
context of leading indicators of regime shifts.

Fishing has been shown to increase variability in
exploited fish stocks (Carpenter & Kitchell 1993; Mullon
et al. 2005; Hsieh ez al. 20006), and the greater variability in
fish abundance cascades to lower trophic levels (Kitchell &
Carpenter 1993). These phenomena have been explained by
mechanisms different from the one explored in this paper.
Nonetheless, the field observations are consistent with
behaviour of the indicators investigated here and suggest
that mechanisms should be investigated further.

The clear responses of the phytoplankton indicators are
particularly interesting. Technology exists to make high-
frequency measurements of phytoplankton production and
pigment concentrations, ecosystem respiration and some
chemical variables in pelagic systems (Porter ef al. 2005).
Our results indicate that changes in phytoplankton time
series can signal regime shifts in fish populations long
before they occur, even in transient simulations with added
noise.

Changes seen in manipulations of piscivore populations
in whole lakes suggest testable ecological mechanisms for
the indicators seen in the model. As piscivore populations
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decline, the risks and benefits to planktivorous fishes of
foraging in refuge vs. offshore habitats should change.
Thus, habitat use and diets of planktivorous fishes should
become more variable as a wider range of habitats is
exploited. Fish predation on larger-bodied zooplankton
should gradually increase, leading to an increase in diel
vertical migration and changes in community structure as
smaller-bodied zooplankton become more abundant. Thus,
zooplankton abundance in pelagic waters should become
more variable because of migratory behaviour and changing
composition. The shifts in zooplankton body size distribu-
tion, species composition and behaviour should lead to
variability in grazing and nutrient recycling that affect the
phytoplankton. These general patterns, known from many
whole-lake piscivore manipulations, suggest that interesting
changes in variance, return times and spectra may occur,
and therefore that the idea merits further study in field
experiments.

On the other hand, there are important reasons for
caution. We have evaluated the indicators for the case of a
regime shift in which one of the attractors disappears.
This type of model has been applied to many ecological
regime shifts (Holling 1973; Scheffer 1997; Scheffer ez al.
2001; Carpenter 2003), but many other kinds of regime
shifts may occur in ecosystems (Solé ez al. 1996; Foley
et al. 2003; Kleinen ef al. 2003; Rietkerk e al. 2004; Walker
& Meyers 2004; Groffman e al. 2006; Schmitz ez al. 2000;
Ives & Carpenter 2007; Narisma ef a/. 2007; van Nes &
Scheffer 2007; Petsson et a/. 2007). The indicators may
work in many of these cases but with only a few
exceptions the necessary studies have not yet been
conducted (Berglund & Gentz 2002; Kleinen ez al. 2003;
Brock & Carpenter 2006; Carpenter & Brock 20006; van
Nes & Scheffer 2007). Thus, the indicators need to be
evaluated in a wider variety of ecological settings. Also,
additional kinds of indicators, such as spatial variance or
covariance of ecological patterns, should be investigated.
Finally, it is important to note that the sensitivity of the
indicators depends on the time scales of change (in
drivers, ecosystem components and frequency of random
shocks) and the magnitude of disturbance. The particular
ranges of conditions that make it possible to detect leading
indicators may depend on the type of ecosystem and type
of regime shift under study.

The indicators provide an advance warning only if the
harvest rate is rising slowly in comparison with the
dynamics of the ecosystem components and the random
shocks. The studies performed so far indicate that warning
signals can be discerned if the change in drivers is slow
enough, but the specific value of ‘slow enough’ depends
on the details of each specific case (Berglund & Gentz
2002; Kleinen ef al. 2003; Brock & Carpenter 2006;
Carpenter & Brock 2006; van Nes & Scheffer 2007). In

© 2007 Blackwell Publishing Ltd/CNRS

the model presented here, if harvest rate increases too fast
then the ecosystem will move across the switch point
before the warning can be detected. In practice, these
indicators are useful only where the rate of change in
human action is slow enough to detect incipient regime
shifts before they occur. But what rates of change in the
drivers are slow enough? Further research is needed to
determine how rates of change in drivers, in concert with
rates of change in ecosystem components and natural
disturbance frequencies, affect our ability to detect
impending regime shifts.

Even if harvest rate rises slowly, by the time the signals
are detectable the harvest rate has been above the critical
value of the deterministic skeleton for a long time. This time
delay is different from the usual kind of steady-state
hysteresis considered in models of alternate stable states.
The ecosystem is already poised for catastrophic change.
This unstable situation can last a long time because the
dynamics are very slow mnear the switch point. Are
ecosystems near stable equilibria, or are they on long slow
transients near unstable attractors (Hastings 2004; Van
Geest ef al. 2007)? Empirically, it is not easy to tell unless
one has data from ecosystems in both conditions (Ives ¢# al.
2003). Return rates should be high for ecosystems near
stable attractors, and low for ecosystems on long unstable
transients. Long-term field data are needed to compare these
alternatives.

Our findings suggest that high-frequency monitoring of
ecological variables may provide leading indicators of
important regime shifts in ecosystems. The indicators are
discernible through trophic cascades in food web compart-
ments that are not directly involved in the regime shift. In
particular, standard deviations and the multivariate index
are sensitive and easy to measure and compute for many
ecosystem variables. These indicators can provide advance
warnings when the driver of the regime shift is changing
relatively slowly. Climate change, harvest of living
resources, nuttient mobilization and changes in land use
and hydrology are examples of human-driven changes that
are increasing and cause regime shifts for which leading
indicators could potentially be devised (MA (Millennium
Ecosystem Assessment) 2005). Despite these encouraging
modelling results, field tests are needed to evaluate the
potential use of these indicators for understanding or
managing ecosystems.
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Appendix S1 Estimating the critical point of the determin-
istic skeleton.

Figure S1 Histograms from samples of the planktivore
stationary distribution at 8 values of ¢£ near the transition
point.
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Figure S2 Histograms from samples of the juvenile pisci-
votre stationary distribution at 8 values of ¢/ near the
transition point.

Figure S3 Histograms from samples of the herbivore
stationary distribution at 8 values of ¢/ near the transition
point.

Figure S4 Histograms from samples of the phytoplankton
stationary distribution at 8 values of ¢/ near the transition
point.

Figure S5 Variance spectra for herbivore biomass.

Figure S6 Variance spectra for planktivore biomass.

Figure S7 Standard deviations of the state variables prior to
the shift in transient simulations.

Figure S8 Return rates of the state variables prior to the
shift in transient simulations.
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